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Abstract
Project Code: RSA/08/2544

Project Title: Thai Web Mining using Machine Learning and Inductive Logic Programming
Investigator: Boonserm Kijsirikul
E-mail Address: boonserm.k@chula.ac.th

Project Period: December 1, 2000 — November 30, 2003

With the explosive growth of the Internet, today there are billions Web page accessible
on the Internet with several million pages being added daily. The user must spend a
great deal of time and effort looking for document he needs. Web search engines
available today cover only some fraction of all documents in the Internet, and because
of the use of keyword search, they also return documents not related to the real user-
interest. Net directory systems, such as Yahoo!, organize their Web resources in
category-specific style and thus can provide documents better matching the user needs.
However, these systems have the limitations that the number of Web pages covered by
the systems is even small as they need a lot of human effort to categorize the
documents.

In this research, we propose an approach to solving this problem by automatically
classifying Web pages into categories. The proposed approach employs the techniques
of machine learning and inductive logic programming. Two main 1ssues are studied mn
this research; (1) a basic research for improving technmiques of inductive logic
programming,and (2) machine learning techniques that can make use of unlabeled data.

Inductive Logic Programming (ILP) can be applied to automatic classification of
Web pages. It has advantage that the user can provide background knowledge in the
form of first-order logic programs. This makes more efficient classification of data.
Given training examples and background knowledge as the input, ILP outputs a set of
rules that is consistent with training examples. However, ILP has disadvantage that the
obtained rules may not be exactly match with test data, especially noisy data, and thus
the data cannot be correctly classified. In such a case, we need a method that finds the
best matching rule. In this work, we employ first-order feature extraction and
backpropagation neural networks to find the best matching rule. THe experimental
results show that feature extraction and the neural network improve the performance of
ILP alone.

In the research, we also propose a new learning method, called Iterative Cross-
Traﬁling (ICT) which can make use of unlabeled data. The methed has advantage over
traditional supervised learning which needs all labeled data and requires a lot of human
effort to label the data. The idea of ICT is to combine two sub-classifiers which
iteratively train each other for improving the performance of the whole system. Given
two sets of unlabeled data, each of which is for each classifier, the classifier labels data
for the other. With good interaction between two classifiers, the performance of the
whole system is increasingly improved. The experimental results show that the
proposed method can effectively use unlabeled data. We then further improve the
performance of ICT by employing an ILP system as a sub-classifier. The results show
that ICT with ILP gives significant improvement over the original ICT, and performs
better than other methods tested in our experiment including the supervised leaming
method which uses all labeled data.

Keywords: Web Mining, Inductive Logic Programming, Machine Learning
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mesh({A,1l) :- short{A), neighbour_vwz_1(B,A}, usual(B).
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mesh(a,2) :- short{A), neighbour_xy 1(B,A), neighbour_zx_ 1{(C,B).
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neighbour _xy 1{(B,A}, neighbour zx_1(C,B).

IIN@IBENTANIT aauls A %aazﬁimﬂluﬁmﬁ"maong yawifsiesuutlmi B funslu
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neighbour_zx_1(C,B) aztiulditaywan neighbour _xy_1(B,A) Al dadosiuls B
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p(A,B) - ql(A}, g2(A,C}, q3(C), g4(C,D), g5(D), g6{A,E,F), q7(E,G),
g8 (E,H), g9(E), glO(F,I), gll(I,B}
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1) q2(A,C),q3(C)
2) 92(A,C),q4(C,D),q5(D)
3) g2(A,C),g3(C),qg4(C,D),g5(D}
¥) g6(a,E,F),q9(E),ql0(F,T),qll(L,B)
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1) g6(A,E,F},g7(E,G)
2) g6(a,E,F),qg8(E, H)
3) aé(a.E,F),q7(E,G),q8(E,H)
4) q6(A,E,F),q7(E,G),q9(E)
5) g6(A,E,F),g8(E, H),q2(E}
6) a6(A.E,F),q7(E,G),g8(E,H),gd(E)
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p(A,B) : - gl(A}, g2(A,C), g3(C), g4(C,D), g5(D), g6(A,E,F), g7(E,G),

q8(E,H), g9(E), g10(F,I), gll(I,B).
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q3(C}
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p(A,B) :~ gl(a), g2{A,C), g3(C), g4iC,D}, g5(D}, gb6(A,E,F), q7{E,G),
qg8{E,H), qQ9(E)}, glO(F,I), gll{(I,bB)}.

v oo a a . ve I 4
ngTHdumuIaasansusaanldadati

1y gl(a)

Sui 2

2) g2(A,C),q3{C)

3}y g2(A,C),qg4{C,D),g5(D}

4) g2{a,C}),qg3(C),qd(C,D),g5(D}

5) gb(A,E,F),g2(E),ql0{F,I),gll{I,B)
Tui 3

6} gb6(A,E,F).g7(E,G)

7) g6 (A,E,F),q8(E,H)

8) g6{(A,E,F),q%(E),q7(E,G)

9) g6(A,E,F),qg9{E),g8(E,H)

Bud 4

10) a&6(A,E,F),qg7(E,G),qgB8(E,H}

11} g6(A,E,F),qg7(E,G),qg8(E,H),q9%{(E)}
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p(A, B} :- gl(a),
g2{A.C),g3(C),
q2(A,C),qe{C,D),q5(D),
g2 (A,C),q3(C},q4(C,D),g5{D},
aé(A,E,F),q9(E),ql0(F,I),qll(L,B),
q6(A,E,F),q7(E,G}),
g6 (A, E,F),g8(E,H),
a6{(A,E,F},q9(E),q7(E,G).
g6 (A,E,F),q9(E),g8 (E,H),
g6{A,E,F) ,q7(E,G),q8(E, H),

q6(A,B,F),g7{E,G),q8(E,H) ,g9(E}.
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ﬁumm'lut‘nmaangﬂs:naumsmg 499 fa {CI, C2, C3, C4} wazenaduvaaniiy 3 YERY
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g A4 ' . v I o g b . ] A g ' &
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Cl: mesh{A,1}) :- not important (A), not_loaded(A).

C2: mesh(A,2} :- short(A), opposite 1(B,A).

(3 mesh(A,2) :- usual{A), neighbour yz r(A,B), cont_loaded(B).
C4: mesh(A,3) :- short(A), neighbour zx r(A,B), oppcsite r(A,C),

short (C) .
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FICl: not_important(A)
F2CI: not_loaded(a)

FIC2: short({A)
F2C2: opposite_ 1(B,A)

FIC3: usual (A)
F2C3: neighbour_yz r(A,B), cont_loaded({B)

FlC4: short(A)
F2C4: opposite r(A,C), short(C)
F3C4: neighbour_zx_r(a,B)

o . [ LY v o,
lagh Figj unuanvuzdrangh i lungdath j

Tusadaduunil nwzdw FICI, F2C1, FIC2, FIC3 uss FIC4 dindnpmeiduidion
F2C3 uaz F2C4 duanedgwalle wruedl £202, F3¢4 JDumpdgwaiiile snsacdadyidsaniu
niTaTisFaynurutavatatetilaslfifssdywalidos viu ludnsuzdndy F201
‘not_loaded(A)” illunisaniasauit a1atd A Hanwustiiu not_loaded () wiali dreting
vadmpanwaiile 1w anwadny F2C4 “‘opposite r(A,C), short (C)" lumsasiasay
anruAvadaI8t 1 A iﬁﬁqmauﬁ"ﬁmamué‘m_,waiﬁv’aﬁam'%a‘hi fa A usrc  dANuUFUNUT
opposite_r(a,C) nuusz ¢ Hulinuauidaids shore (C) Bndan a:tﬁuluawﬂﬁmuwaﬁmﬁin a7
wls ¢ gnaiisdusingaus a ldywal opposite_r (A, ©) lidywal short () limunsold
dludnseadgleslifidywnifanaintumn fe opposite r(a,c) Usznavageiy dudiadn
sssmedgnniflalunsdiiiae snsaeady £202 Fsuindadthiffudnsusidndanitadmiasan
opposite_1(8,a) Hunsavmauguauiaineiaie A dgaauld opposite_1 (B, A) nIa i

fagsihiumsiuuneatinisandy 3 ndu Usznaudiy mesh (A, 1), mesh(a,2) uaz
mesh (A, 3) AINEOU ﬁafuTﬂiam"miaaﬁa‘:aatﬁm"’ﬁmuﬂumugﬂﬁ 3 wuda Wadindsznans
3 5% ’Bv’uﬁum Hugau LLR:‘?uLﬁ’]ﬁV!GI 'Bv'u‘ﬁmgﬂﬂs:nauﬁm 9 fsau WaaslITaUUNUAT B EIATYUE
avla (FIC!, F2CI, FIC2, F2C2, FIC3, F2C3, FIC4, F2C4 uaz F3C4) fwﬁauﬂ;:nauﬁ'w 4 #138U
uaasihsauunungudazta (Cl, €2, C3 uax C4) ETnEm:ﬁﬂﬁ'rgﬁmmnnqumﬁmﬁm:gm%amﬁa‘lﬂﬁa
ﬁ?‘saw‘ﬁetmungimfuq 1 seuTaunudnunidey FICI uss F2C! a:gnrﬁauda‘[ﬂﬂ'\uﬁﬁawﬁq
unmng €/ fhvaudaunudnsaeadny FIC2 o F202 ﬁ):gm‘fmmia'l,ﬂé'aﬁ'z‘iauf“numung C2 iy
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FlCl

F2cl
F1C2 meshi{a,l)
F2C2
F1C3

mesh(A,2)
F2C3
P1C4

mesh (A, 3)

F2C4 O

F3C4

3N 3 6n s lanrisesisoasiaiin
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dannualaseriisrasiitseaiiniinloud tuasusatufa nnsraniiasaaiiaddn Buna
naas input vector) naraulviufiasesliadsnldmmnmatidednfildaenunfinudusneme
ey amdauinivasdnsmzidgudezda Toomluddamurimesdnsuridgamuand
Témanuuuuiuiunisunuiandsdsaind lunriTsaiilaidannisunufifnri s windnwus
ﬁ"uﬁ'ty‘ﬁﬁmmwﬁuﬂuﬁamnﬁqﬂ Taprimualidizasduneiiraudmivansusddyfiidinng
Bafluatodn 1 wszdnwnedidgitdnnusdaiuisdiudu -1 dmiudnaadninanness
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nmuﬂ'lvsLmﬁﬂﬂmiauﬂLmunqu'uaumamauuwmm’mu 1 wanannuuliddnyvinny 0
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not_important (al}. not_loaded{az) .
hort (al}. not_loaded{a3l).
short (a2} . cont_loaded({a2) .
neighbour yz r{al,a2}. cont_loaded(a3) .
neighbour zx r(al,a2). opposite r(al,a2).
usual (a2} . ‘ opposite r{al,a3}.

- ' an o & ar ' . ~ 9 . [V o
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C1: megh(A,1) :-

FI1C1: {not_important (&)},
Fz2C1: (not_loaded{d)) .
c2: mesh{a,2) :-

Flcz: (short ()},

F2c2z: (opposite 1(B,A)) .

L0



C3: mesh (A, 2} :-

F1C3: (usual(p)},

F2C3: (neighbour yz r{A,B), cont_loaded(B}) .
c4: mesh(A,3) :-

F1lc4: {(short (a)),

F2C4: (neighbour zx r{A,B)},

F3C4: {opposite r(Aa,C), short(C}).

= b o - [} - e Il d‘ =1 L A o B r o bt 1 A
suNdAlFa18 mesh (a1, 3) udradaflditeud Wa lifisuivdnsucdAguaszdas:

- Br ;

ueadt
C1: mesh{al,1} :-
F1C1: (not_important {al)), TRUE
F2C1: (not loaded{al)). FALSE
cz: mesh(al,2) :-
FlC2: (short (al}), TRUE
F2C2: {opposite 1{(a2,al)}. FALSE
C3: mesh(al,2) :-
Fi1C3: (usual (al)), FALSE
F2C3: (neighbour vz r(al,a2), cont_loaded(aZ2)). TRUE
C4: mesh{al, 3} :-
Fi1c4: (short(al}), TRUE
F2C4: (neighbour zx x (al,a2)), TRUE
F3C4: {opposite r{al,a2), short(az)). TRUE

Li’jaﬁ’r‘lﬂé’@LﬂuﬁuﬂmnmﬂaﬂﬁﬁuﬁﬁaaLﬁﬂL“‘n'nLﬁaﬁ"umﬂ%uuf arldbunaimaaiii
<1,-1,1,-1,-1, 11,1, 1> a"mmaas.é'ﬁﬁvgﬂrmmafazl.ﬂu <0, 0, 1> asanareieiliuimattias
ngu 3 ffmmuﬁaUté'ﬂﬁvgﬂﬁﬂauﬁuqmﬁw @i’aful.é”nﬁvgﬂﬁaiauﬁ1§mﬁna$aﬁd1tﬂu1 wanvInuen
o szdunaaindadilei lusnsasdnsazidynnngda o4 szswnsaldnisunud tdanuuy

4 46w, o oA oA
Vlu\]‘ﬁ\'llﬂﬂ'lﬂ']']“'ﬂi-ﬂ‘lul“”aunu 18

c4: mesh{al,3) :- e

F1C4: (short (al)}, TRUE
F2C4: (neighbour zx_r(al,a2}), TRUE
F3C4: (opposite r{al,a3), short(al3)). FALSE

)

ar o

FNHUCEAY F3C4 mansnltaned a3 unudtnds ¢ 1eludywal opposite r(a,c) &y
Idaauls ¢ Tuduwad short (€) @i’aagmmuﬁm‘wdnmﬁl a3 mplgunu Mmnansusdiy F3c4
'ﬁQmmuﬁ@hummﬁuﬁ’nﬂﬁnmﬂu (opposite_r{al,a3), short(a3)) Sbidmarusdaiu
e lafisuiunisunuitlaslsiinif a2 unusuds ¢ ludraduneuniidlddinnuaias
snwuzdanlungeiiimdmonae anulusainiiiadenldmuniidanls ¢ Fodesi a2
GT’;azhaﬁlﬂum:mun’m‘%‘uujl.ﬁaai"mngmns:uu‘lauaaﬁ i puALdnsMEaAY e
ainBunaineeiuazidinalinieaidiiatninadu usluszuylawaa®lasalungfignairadina:
"I,;jmauaqucﬁ'ﬁan"mﬁ'l.-ﬁf%nuﬁunﬁa sriidragiiundfliasmednungtolaan dedulunisien
MadilfiFeufimiuiseatiaiin idewlydsetul
1) éw%’uﬂmumﬁﬁé’numuﬂuwmumju am."aamo.ww:é"aaﬂna’ﬁgnmaunguﬁmng nis

aratafiatswadnunguuatagrdmsuiasasdaiin



2) luﬂngm'ﬁ'ﬁé‘nﬁmnﬂuaamju shatnailfimiuainiseadindsnindudratuanfiasined
nunuazniumatieay
n‘s:mun’m"’muj’mmﬁ'rsamﬁﬂL"’Jfna:t‘%'m'lv'w&iﬁwnﬁafmfmﬁn (weight)  Tandwdon uasd
luues (bias) wolue mnﬁ#nﬁwm-:ﬁuuﬂﬂuﬁ'm'nﬂ%'mfmﬂfmmmﬁu%u (incremental)  lapi3u
shwinuiiallaudretnefiazer drotussusituinwsawnniu [Rumelhart, et al., 1986} LRZNANAUNITE
v Tcﬂnﬁuai’uu'ms'n"lazhaﬁgn5’1mﬁuﬁ"anuﬂlﬁmnn'hﬂ'ﬂ‘r’iﬁmuﬂ'l'i’l.umam‘%'nﬁ'mﬁﬂﬂaaa #708-

Lﬁmﬁ{nﬁai"na'lﬁa:gnmvlﬂ'lﬁj’iwﬁ’: agade

1.4 HAaNTINARDY

. P S a2 o v P ot a
Tugrmiindandeszuvlavsafiimhamasay q@maganlﬂumsnﬂaaa nantTImaaandSouioy
' el » = = "o = o & . . .
szwhaitmsdznangasitmsudinwsaninsuihsaaliadsn (Backpropagation Artificial Neural
o - w a
Network for Approximating Rules: BANNAR) AUATm3a19 audaliil

1.4.4 szuylauaafnlsiummaass
% o = r w & o ol -
I lenaaaalIauifoussuy BANNAR Sﬂamwmmmuﬂm:nu‘lauaawauq fa PROGOL,
A P2y ' o X
GOLEM, TILDE, 1BC, LINUS uaz FOSSIL 9iTyaslagazalassssuuiat

1. PROGOL

TUL PROGOL [Muggleton, 1995] iiuszutauaafifiddssansnwszuunilad liiuagtounsuany
Suunaiilwoarasiationan erad1sn weznduenuindnds Jliszdastlszmasnsuenniem
1asdywatl (mode declaration) (Ral¥zzuuiiudacanifinumavassywniedinsaunivegsls Tag
m{ﬁ'sLum{maaé’rgwaﬁmmimfju“lﬁﬁgaﬁmﬂiauwm MudsdEmine LA uansnuinves
SNV UAEN G waR n'mh:mﬁé’num:msﬁ"mmaqé'zywaﬁi{shemJﬁmzq‘lﬁﬁsﬁwmun?aﬁﬁ’aanﬁi
Tﬁﬁm_,mﬁi{ﬂi’mg'lungﬁai"’ia'lﬁmm:uuﬁnﬁm NIRRT YUY PROGOL %:L‘%u;\‘imﬁjuﬁ’mﬂ’w
aﬁaat&ﬂﬁ:‘[uﬂﬁ‘Lamztmzmﬁ;qm (most-spegcific) Fmiusatnaiu ufimssumde3Emsuuy A*
(A*-like search) [Nilsson, 1980] Tmuﬁ'gﬂ;jmmmﬁalw“lﬁmsﬁué’m (compression) glzgqﬂlumsﬁ'ummfu
vilvszuy PROGOL  lfuimuanilafimiasnrusnnnlumssfongdiadisunuszuuiug fldlums
naasansail

Lfiaamn'i:uu PROGOL Lﬂuﬁ:uu‘lauaaﬁﬁﬁ’muﬁuﬂmmﬁﬁé‘nﬁmuﬂuaaaneju fia naudnLn
WIN uaznAudIag A é‘amfulumms”wnQﬁ'mi"uﬂmvmﬁ'i’ia”mmmﬂwmunq’n Seaunglagainnds
azngu ﬁmumlﬁﬁqazhamn'l.un"m“s'uujﬁaﬁqan'wluneju'tfu Uazalad1Iaufe @’n’aashwaans‘iuguq

v
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drauasuynnay sldngdmitmng ngy

2. GOLEM

3:UY GOLEM [Muggleton & Feng, 1990} Lﬂmzuu'lauaaﬁﬁ'ﬁwa’mﬁ'nﬂrymﬁﬁﬁnumﬂuﬁame‘m
LTWENIAUSIUL PROGOL  uduandamiuiimsdumionszlon lauszuy GOLEM  Sudwwaiiu
918079090 §1881981 RAZNFUANVFNINET s:um‘i'um"waq.ﬂs:'[ua@hamsajm'e’aaﬂﬁaazm%uu"n.ﬂu
fi maﬁuaa%’%maaﬁ’mmeﬁﬁvﬁ L?zarmamu#ﬁwm‘?uaa%‘%ﬁmauaquﬁﬁaaiw\ruanmnﬁqﬂ INuuIIe
ﬁﬂﬁ"ﬂﬂTﬂuﬁ'aaigﬂ*s:TUﬂﬁ‘l@Tmﬁ"naﬁuaaﬁﬁn"ué”zazhamnéh'l.mi%aa:uLﬁanu’m'\msﬁmaaﬁmrjwmn

o . o ar N g &
aun's:m'l.;m'uwmmagﬂsﬂummaungmm atalaunau



3rUL GOLEM aq.tym'lﬁg]ﬂ"ﬁ?:qiﬂmuﬂm assraiehzguutiatiuaaidiian agﬂiz'[aﬂy)!

B ' d. e A I3 U : o 3 A o ed 0 ‘!‘ 3
asouaguaratanfigald Fabhuomginuuimwualife 8 § Hrimuabilidwnnau lamefiszuus
o o ' + & Y E L4 ‘hL v el s

wusyilszluafiataunguearatnildinnazgaiuawlldn Hlunmesssnraildlidfnuuimual /
. o 2 o ) o & . i

1 éa 8 glumisadong usziiiassinazuy GOLEM  wssuudignaindunlinulywiiiiluaas 3 o 2
¢ w & . o o . aa . ' & g — i w o ' '

ngn sanulumisaiingdmivnguley azld@adrmenguumiudmatroninuazlidadrsvangy

auq mnadaluaaiway u@EsInuIRRaUNIIINBBITE N PROGOL

3. TILDE
2 v oA -~ [ v o .. =
3tUU TILDE ([Blockeel & Raedt, 1997] azmmﬂ?uuglﬁaaﬂmﬂumaﬂa (decision tree) #
[l e 3 J [ 9 o a - s L - - s [V VI Y
ausounungiauiinitale nanminuaissuuazadanudanadfunmsaitduldaaiulauuy
& o] e v s = - & o < = . m oa o
mlaltAudrasmasailszwad lagiFusmnaiuluaduunaravifanisufsudrd3adn
' dat s & ma a _dad E) . & =
(heuristic)  vausazlua zuvaziRaninanaseufifiimddsdnafigalusasnuanaiuiulnadolu
L L z o e . & © B J d 1] B [ » E i -
sl mdmazihdsirmamseurimmesaunuluaitfeutisdradeaaniluseands fa nduiily
» - Id £ L) - [ J ] e L a > J [
draratuiluriustidamusiawiadafisuiuluaiaiu Mintuiseinluenaasuguaning
fminaasunudiadnisaIndudihmmarenitiies 9 sunssnalidairafoandumds i
. & g ' = v
a39nuluats 72Uy TILDE  #4s@1997nTsuy PROGOL War GOLEM @asafiszun TILDE TN
= . pr g = . oA o w v o - v &
maduidanvundunaiongyle asniilualy (eaf node) vavdulidadulanaitativazunu

- ' ' ' - e ' = . = a | S -1
PCLRIEEEYEY Lz.lamamavlﬂmnagwngu‘lﬂ fezgninuwnilunguun

4. 1BC

1BC [Flach & Lachiche, 1999] Lﬂm'l"JLmﬂLLﬂ:LLUULULT(Bayesian Classifier) aunTnliuaTIn:
seuinidle muuilduufeniniimssaausiuessnamaaitszwal fildamniadfvadnatnn
Fuunaqatralm Lfiau‘numﬁﬂ'ﬂaaLuu'm‘l.-ﬁﬁuﬂﬁnzé'lﬁuﬁmﬁﬁaﬁ’mﬁmsﬂ%’uLﬂ?iuuf‘:%msjﬁ'] sTUy
1BC wisanwmrtasdywaraaniilusaingudranudia najnﬁﬂué’rywaﬂmaﬁw Lm:nsguﬁl.ﬂué'q;waﬁ
fuandnums %\1é’n.;wmfﬁv'qaaqnq‘ni{;j'l-ﬁﬁaaLﬂugﬁmuﬂlﬁ’lumaufém?nuf FINUUTTUD AR NS
E-'t":ﬁ’ngmné'rgwmfﬁmmn&ju uaaGuiadsdrnainuiudainadiy (naive Bayes algorithm) uanan
ﬁ‘numwaaé’rymﬁﬁr;J:‘l‘ELﬂu;jﬁ'mumLsh 3TUY 1BC &'aat{-mpmlﬁ'&ﬂ‘iﬁ’mu@ﬁnumaoﬁnumﬁﬁﬁtyﬁ
shaduld IﬂUi:l{ﬁi"ltt“:t&é’tgﬂaﬁun:ﬁ’lmus'hmhﬁmminﬂﬂng"lﬂ“lué'nwméﬂﬁzyﬁ’auﬁq q Fylums
ﬂﬂaaan?amﬁﬁwﬂnamEm':uuﬁaaqumlﬁﬂémmﬁ@waﬁua:ﬁhmuﬁ':uﬂﬂﬁﬁﬁu 3 varen wilu
nmesasiulywinidiered W ludisiuudialgwimbaauiiline digsrniiFywalRsidma
savilu 3 adilluiwauunn Sarmualieniresiidnilu 2

5. LINUS |

YUY LINUS [Lavrac & Dzeroski, 1994] iiuszuulavasiifimunsaldiuiymiiddnsusfiunae
nguuasiifiuassnzdraufiniald Iﬂm:uua:tﬂﬁuugﬂuuumaaﬂrymmnm‘m:éwé’uﬁnﬁﬂﬁﬂum
AMENIR (attribute value) myaueazuueziula pMIEINAN AR IINSIataussANuind-
%ﬁﬁaaglugﬂﬂﬁn:ﬁwﬁuﬁmﬁc I'Eé'msm:fi']ﬁ'nujmsi'nfmﬂumqmauﬁm asmaatudazas Anuudale
5:uuﬁmmm§a‘hﬁaaﬂ'wmnms}mauﬁa‘lﬁ 114 ASSISTANT, CN2, NEWGEM Ua: C4.5 484 lumsi
vaaaamniounfiillaafadnemsddnlaoszny LNUS LLé";ﬂ,'lé’nﬂm:ﬁwﬁtﬁoa@ugﬂmqmau%
'lﬂﬁ"umﬁj'iwﬁdmzuu C4.5 [Quinlan, 1993] lila99InTzUu C4.5 sunInduunerattadadidnwasiiin

wanpnRgu e



1.4.2 ¥adauail 15 wn1maaas
- A s o ¥ Xa - [V o o
gadoyanianguuaslywinldlummaaninnafili 4 ga o migmmwmwuwanm‘lm I
Siaseh W ludlafiund NITIATIERANAFNTAABNAIWART UATMTIATIEREIWMINGIRNNTD

o , & P ¢
TgandsavaIngulymnmuaiuaii

1. mafinmarRuwanwslng (Thai Optical Character Recognition: TCR)

nsiué"ladﬁaluﬁ'agaqmﬁﬂsznauﬁm WU 52 'Jﬁmqn@T wazanaving Tunmuaiiu
FRurienuslng 77 @adnus 1a28nes 2 wwy 7 2we Tudngadiagnefildidouinedu 1,078 &
mMwaaiIgnaLnNueILALazIEEe 300 qﬂ@iaf:'l (dpi) mn*i'umm:hun-::mun"wﬁ’r{fa&'ryrg’lm
sunan nsswaumatnmlinadamanise ftugmdalsrnauiuiunmdrdnssuu dianiass
fugm vinamduaaiunadu winniiiwsasndniunassaondnas JonflusdradoflfiFong ndu
mmj’qﬁné’aﬁl‘ﬂunﬁwmaaﬂnnaud”mng"ﬁmg1u3ﬂngéaﬁuﬁuﬁaﬁaﬁuﬂ 55 18 nyudazdatiu
anurranduAlSuusn&28nET 191U headzone (3, B) fia S2dnwsfifinmefiugu A Sawm
8L B %30 headprim(A,B) wiNydd dwimainmimdnuiiuneeifugu A Sneed
Augu B iflusruminaisians say f’fm'ﬂua:L'é'ﬂmlaam"’:aai'wﬁl'ﬁl%uufua:mquﬁuﬁaﬂﬁnga%ﬂu
{Kijsirikul & Sinthupinyo, 1999] n'njuG'ﬁaahaﬁlfﬂ@aauLﬂumwé”zé'nmneimﬁmﬁ'uﬁdan'nf’il’h%nuj 33
lafunnvdggrasunulanirlddsenmsuumduiasuunae niuiahlddmunssauns
LEULE mﬁuﬁjaﬂ'wm'ﬁlf"muj wana a‘?ﬁug‘lu Ui mﬁﬂuqahwﬂauﬁu vinmiilusasndniuua:

o o m e ' oA 8w
TAURINSI WvaLluaagan Bl’ﬁﬂ@lﬁa‘u

2. miinTsi W ludiaftuue (Finite Element Mesh Design: FEM)

Ieanuinrasilywn FEM [Dolsak & Muggleton, 1992] fia misfngiadiarstiwludofiuue
lulassain lasandsnduanuinindniuansuzarag salaseain dsznaudd panvurvanFudan
\1% long, short WAz usual 484 awlrrauiee 19U free uax one_side_fixed 484 laa 11u
cont_loadedlldaz one sideloaded 4aY naiuﬁ’san'wﬂs:nauﬁaﬂmmfn 5 UL LUIG1aN
paniilu 13 naw ussznaufa uasdliznay (element) Fumnzauroddassadonu laodatudas
d1a6199n3n0gluzluuy mesh (Edge, Number) \iio Edge #a Talaniai1agar Number #a

Fmnasrtsznaumelulassaiaiu i uiudlatiianimus 278 daadnd

3. MILATERANEIINTanaNat WL (Mutagenesis: MUTA)

Youiawarmvastiynr MUTA [Srinivasan, et al.1996] fia m':ai"‘mngtﬁa"‘:Lmﬁ:ﬁm‘mmmmﬁa
naneiutzasluans laserdonduenuinindniuanymzdnig n1uTquLaqa1fu sznaufmsansms
radazaavuardnymslasigianaslalana 13U benzene, carbon_6_ring,
carbon 5 arcomatic_ring, hetero_‘aromatic_G_ring, hetero_aromatic 5 ring,
ring size_6, ring_size 5, nitro, methyl, anthracene, phenanthrene #ar balli3
SER naguéhamaﬂiznamﬁﬂﬁ'zarhaﬁLﬂuﬁagamaﬂmaqaﬁwm 188 Lutana wiailu 125 luanaad

lungu@atiiuan uss 63 Twaqaa%ﬂunﬁnﬁ’:aﬂuau

4. MR RGMLITIRIINENG (King-Rook-King Chess Endgame: KRK)

ludayara KRK [Muggleton, et al., 1989] {HUmMTIATIZAAIUNUIUBIIMAIMUUNTEMUANINGN
oW, a & - = = v oo = a , A .
mnaﬂ‘lnmmmLnﬂ’uu"l@ﬂuﬁm:ﬂd'lua‘trmﬂugl.ﬂuu.a:uﬁu'lnmaaaQuum:mu 3 @7 Aa ?;I'H.Fahﬂ’ﬂ'l'l

edheay waz yudhue @T’Jaamﬁ'l'&a%ﬂugﬂ illegal (WKf, WKr, WRf, WRr, BKf, BKr)



\ila WKE, WKr, WRE, WRr, BKE Waz BKr fia un (flle) 283U 87 wan (rank) 189Ul Lo
180139419917 wanzadIadhor unrrasyudind uaznanvadgudodr nguauiniindifa
AMUFUNUTVBIE T LEUILRNTZAU lu'qﬂfagafﬁfmwﬁ'uﬁufz WuU fia adj (X, ¥) Was lt(X,Y)
Fauaaataiunie X uaz ¥ ﬁagamﬁu wasdumlaf detaunintiu audrau uwudradnlutaya

J 4 e v I‘; L bl ) 5 st r R Lt ¥ el
‘gﬂuﬂﬁﬂﬂUﬂ’Jﬂﬂ'}ﬂﬂﬁdﬂdﬁNG‘l 10,000 @388 wiianilueatitauan 3,361 a2 Uata98HI8U 6,639 @9

1.4.3 waminaaasiile

msnasadnugadays FEM, MUTA waz KRK Ienrmessalasutiiarasnsasniiu 3 wadasuuy
gl uirmmesaslaglfizadeswilasmiugadiageilinaseuus 1 fiaasiatrofiwdainaangs
Lﬂutmﬁaasjwﬁlﬁﬁuuf mnmfu’:uﬁﬁ'ﬁ'ﬂﬂﬂlﬁwﬁmﬁ'zaﬂ’mqm‘nmﬂuﬁaazi'nnﬂaaunﬁaﬂ% UAIUY
Anadgrainadle (3-fold cross-validation: 3CV) fmiugadeys TCR limmaraulassinuwadatin
i’i‘l‘ﬁ’nﬂaaumnmﬂﬁaadnqﬁl’&'ﬁuuf wiiRuFyanasunmulasiunsdiganaTLUUSNLas LI
n'ﬁmaau‘énshum’mmgmnG'l":azhaﬁ'l'ﬁl‘%uufﬁwtzuu PROGOL win GOLEM auiadaatiafld
Foud lavlugadays FEM usx KRK 14500 GOLEM lumiaivng dulugadays TCR us: MUTA
l3szuu PROGOL  tunsadieng mniwiingd ldanmdnsasddyiieinlfisuiudadnadmsy
Souilacnagan LLs'u"Jm*‘mu‘Ju‘a"uw‘mnmﬂaﬁmué’ﬂﬁﬁm’mma*f ﬁﬂﬁuqﬂnmms‘ua:té’wﬁﬂmnmma{

ml.'%‘ﬁujua:maau NaNTNeRaSHURL T WIITUY BANNAR fussupauliuasanman 1

A9 1 HansnasaiaufisuTzning BANNAR nunzuulausaiiduyg

o0 FIuU UM $mIungu BANNAR PROGOL TILDE 1BC LINUS
SauE st #aatha w3a
it Ay GOLEM
ﬁ'uu{ aFasl
TCR 1,074 2,143 77 94,40 72.00° 88.57° | 7723 | 66.54°
FEM 278 cv 13 64.45 57.80° | 58.027 | 46.73% | 60.45'
MUTA | 188 3CV 2 83.58 82.01° | 6894 | 77.72° | 74.41
KRK 10,000 cv 2 99.93 99 89° 69.80° | 87.12° | 99.89°

w ' . . o - A A4 L

NN linsnassuAuLUNLADT (one-tailed paired ttest) AIBVUNULAAITEALAULITNU
@ - a A4 &4 :

{(confidence level) @382 1, 2 U8t 3 UFSIDITAUATLTaNUNINN 90.0%, 99.0% uat 99.5%

. o ' ~ o o A & o d, ,
FRANAL FIUAAY 0 ULFGIDITEALUANUL TN UNG M 90%
k]

\ila99nTzUL PROGOL Uaz GOLEM L?Jui:uuiau.aaﬁﬁl’ﬁ'ﬁuﬂmumﬁﬁé'numnﬂuﬁamju FInu
davn W EAuilgmiiinsusdunansnga wazdaguiilinasayliassiungdalalueaasng
PROGOL waz GOLEM Limaninvinsisiindmadnainld Sadasandedinisinanlsmunaratne
OTRHN ’I,umimaam%ﬂ@aﬁan‘lﬁ%msa‘imunﬂwmﬁwé’nm'l.‘ﬁ'l.un‘:‘rﬁé’qnéin HANITNAABIT
Uingluansafi 1 ludrures PROGOL uaz GOLEM tﬂuwamsﬂﬂaaaﬁiﬁ“ﬁ'mﬂmmnmunajma“nm
19 laglunsdlvasilgmifiduseingy fia MUTA uaz KRK matsfldasaiungdalaias wgndiuun
dinguan setwiiassriungmudnitedaduty argnduundiiluaiagisuin uslunsdidgmiiiu
wanunay andanndulasldiFhuwnaungunan nanda \lamatnaftldnaseuliasiungdelaly

LTAVBING a:ﬁ'm"mhLLunLﬂunginﬁﬁﬁm’mu'mﬁqmlunéué’aaﬂwﬁ‘lfﬁuuﬁ lusunasszuy LINUS



finanldnaaanBoufisulumsmesssniail sy LINUS FIRANEUEAAYIaIARI8EN NUU
ihansusidilateglunlernmanidswatllGoufuamnaseudnszuy c4.5
HansnaaaluaTaf 1 uaaslilAwindesidudenugndesvazul PROGOL w3a GOLEM
ijaﬂ’n'lﬂ'l'ﬁ’ﬁ'uﬂm_,mﬁﬁé’numztﬂuﬁaonejn 8 MUTA uaz KRK ¥kan1sfinganit TILDE Twansfidla
il lgAvilyminddnsaaiunaengy e TCR uaz FEM  TILDE aalapUndissldruruilygwiii
anwaziilunargnguagud Twnansfingenit PROGOL wia GOLEM Lﬂatﬁsuuam‘sﬁwaa
PROGOL W38 GOLEM fiu 1BC wui1 PROGOL w3a GOLEM lWnanisiinanin 1BC lugadays
FEM, MUTA ua: KRK 1ﬁ'uams§ﬁw‘i"|n’h 1BC lugadaya TCR 1finunansiinzes PROGOL wia
GOLEM fiuszuy LINUS Using3n PROGOL w3a GOLEM Minamsiigsnin LINUS lugadays TCR
waz MUTA Wdamsiniiuluzadaua KRK uazganinlugadoya TCR
mnnamsmaaatﬂmﬁuuu.ﬂaﬁ'ﬁuﬁﬂ’nugﬂﬁawm PROGOL %3a GOLEM fiuszunau3 ssuu
(TILDE, 1BG uar LINUS) 1u 4 gadaya 1unlisuifioy 12 mamaass wuin 'lunsiuﬁtymﬁﬁé’nvm
vunasngu (TCR uaz FEM) PROGOL Wia GOLEM lﬁnamiﬁwgan’iﬁ:nuﬁu 2 MINARBININ 6
MINAABY § M1 4 NINAIBIN 6 MINAARS Lm:LfEaLﬂ%'ﬁmﬁnuluﬂsg;uﬂ:ymﬁﬁé’num&.ﬂuaaaneﬂu
(MUTA uaz KRK) PROGOL w3a GOLEM Hnam'sjﬁ"lganiwzuuﬁu 5 NTIN@aINN 6 AITNARDY
waslians§rinie 1 n1sneassnin 6 mmasas sxiuldin ngfldainsun PROGOL  wie
GOLEM szawnsalfldilunguilymifidnsmdusangy uasldldlidlunduiigmifdinsuadu
YCRLLEHY datwdnsuiinwraninduiizraslialisnanltluszuy BANNAR  vinldidafidudaay
gnﬁaago-ﬁu LLa:Lﬂatﬁamﬂaﬂ-ﬁuﬁmmgnﬁawaa BANNAR fiszUuEw wud1 BANNAR lidafifud
mwQnﬁaag\m’h‘i:uU'é:uvlni:uulunn'gﬂﬁaga uazbildefifudanugndasgsniuuuibind iy
rifaisuiuTuL PROGOL wia GOLEM 1u 2 gadaya (TCR waz FEM) ldladifudainunndas
ganduuihibadgrsiadafioudiy TOE  lunngateys Wusfifudnnugnaasganiuuud
wndadynwaifidadfiouiy 18 n 3 gadoya (TCR, FEM uax KRK) wazliiafidudanugnaasgs
niuuuiisadmnisiflafiouiy Lnus Tu 3 1aiays (TCR, FEM uaz MUTA)

1.5 a‘gﬂnamﬁi‘fﬂf‘irug’lmi";atﬁuﬂs:ﬁnﬁmwﬂaamsfﬂmnwmm:tﬁaqﬂﬁ'ﬂ -

nan 397 IduansliFuinmahitmssesnrasddganisiuduuinwsawinduiiisaa-
Lﬁﬂﬁ{nﬁﬂﬁﬂi:“aﬂ‘ﬁmwmaamﬂﬂﬂl.n‘mm‘m:L%aqﬂﬁ’yﬁi'Jru swTadiuundaegef hinvawadty
ngomduldiiueinad Lm:uamimaaoﬁ'l@ﬁmm'lﬁtﬁuﬁmﬂasﬁ%uﬁm’mgnﬁaaﬁvﬁu%wﬂan‘:uu
BANNAR (Haifisuiungiandsldrinizuy PROGOL wia GOLEM wsziilaifiuiuszunaudn 4 szuu
Tu 4 gadaya MuFouiivy 16 53 #aumng1 3:0U PROGOL  ¥3a GOLEM  Wiaidudaay
gndBIiniNszuy TILDE ua: LINUS quviﬁa;;}aﬁﬂuuuumawmju wazbillafidudaugndssga
n313EuY TILDE uas LINUS 'luqmi’a;ﬂ;aﬁﬁﬁnvm:ﬁuaaana;u wamInaassinaasliifuiing i ldan
3:UU PROGOL  Uar GOLEM mmm‘l‘ﬁ'lﬁiiuazinﬁ'luﬂrymﬁﬁé’nvm:tﬂuaamzg'u ualditlasifusd
augndadliddaldiulymadsnsundunaongy Weldnszumnsiadnvucidguasfines-
viadsnluszuu BANNAR ﬂﬂﬁtﬂaﬁ%uﬁmwQn@Taaga'i'fmm:gan’hnuuﬁu’lmgn’gmiaga Topls
Argndasgniadwilduingmuaidgini 90.0% dwau 12 afs nmInEswiioy 16 e39 was
'I,vTLﬂas’v’ﬁu@fﬂﬂ:JQncsTaagan’hadwaﬁﬁuﬁﬁrgmmﬁaﬁﬂniﬂ 90.0% 31w 4 a31 nmsioudisy
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3“ﬁ'ﬁﬁau1'ﬁ1umsﬁmunﬂ'a§aﬁaQuuﬁumaﬁﬁa‘lvﬁﬂuwumm&ﬁu AnldiEnmsEeuilasnisaau
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(supervised learning) Tasansaldlasmideasmmiiavanwinandlinuudaniuime wasiuivms
0 g’r W S L = = - L") =l ) ; '] L a = i
wannullzaulinudanainuluntsSoud Wi ATnsruits s W Idsz vudruuniuiwantnang
QNI Le A3 NI U 2991 BLTITIRARITUIMLINIRaGaaa N BN LLILING  Llasanisadlabs
- -~ - o d. H = :: = 3 A ﬂl J v = =
HumwavudwaafiladnndiswulssnsiasinnnsluEidSutaicintunatniziasa waslutga
& Ao [ - . a g w - N s v 4 a & o
Lu.am'n:um*:l.l.tﬂmﬂsﬂﬂ;anuagtaua '11m_lu.mqhn’w‘l-mma'nuﬂu‘lummmm‘lmammﬂi:fmsmw
o A 5 0 - < N = LY - e :
lumsidpindasmsildsuudumaansausnninanyzaaivmaldadridaludd lash
w Fa - ) ot -~ - F 4 N v o ad -
wormulfdsslssdandayalifiaainlduiniige thesaussuuyed (3asuiuniazniini
AUTDIUNUTILANTARTUINIB LIS H LD G
aa X, - ' 2 = a Xad w 4 .
swdspiiauamaialnllumisiuunising 33nsid%ain mssanlatiuuiudn (terative
r-r-| d’ J & = h 1 L § - -
Cross-Training - ICT) Ftmafiuauaitannsalfuszlominndeysilifiaanldadifitezaminm

[ L") L L7 = .3 A S = i 1) [
R YV aaty] mﬂmmnm}agauuaum aﬁu@munmwamuﬁamnagmmumn
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2.1 aanasfinmsganlziuuuIwen

/ Training v Training
Datal / DataZ
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i classify \\\, /'/\\ classify

/ .
Consistency
Checking

ures
uiel)

Classifier2

Classifier!

3171 4 mssaulyiuyuaudn

%ﬂﬁ 4 uasalumasasnmsseulyfuunindr  Sedsznaudpdiusnues (dassifier) 2 fafe
Classifier] waz Classifier2 LLﬁ:‘gﬂél"zaE_i’N 2 ’gﬂﬁa TrainingDatal wiaz TrainingData?2 Fuiu
fetnailufiasn Imﬂn’ﬁlﬁmnug?!.ﬁraaﬁugﬁmﬁu‘[mnuﬁmﬁuuﬁm“&a’lﬁﬁ'}azhaﬁamm‘?wﬁm"mm
Lo GT'JuzmLtu:ﬁv'oaan:ﬂi:mmﬁwaamﬂi}ma‘?ﬁﬁau‘%‘uumn’gaﬁ’:an”m Tagandunislaaauuas
NIFARITHIINULED @T’Ja[iﬁwaammjﬁaeﬁuﬁasj’m'ﬂ'v. rY’wTaqn'rslﬁﬁuuj’i’lﬁutwﬂ@uﬂumm'l‘nU
walaidunisdu L‘nﬁa:'l.ﬁmmjtﬁaaGTu'lugiJ-uaammqnmmm'lﬂﬂ Tuniﬂﬁtﬁ"l;jﬁm-m;i
Lﬁraaﬁmﬁ'mﬁ'nTm:Juﬁa:L'%ﬂué’ ialddedeiiasniusuituutas 9 tkalluesSunszuu
Foud dmivraaiat TrainingDatal usz TrainingData2 ifu1ﬁl.l'1‘-il’1ﬂﬂﬂiﬁﬂﬁ’lt%’]iﬂ%ﬁﬁ;ﬁ’ﬂﬁuﬂ
b 0, \ugewrniiiead (parameter set) way Classifier! usr 6; \lugaw nilwaives Classifier2
votaus TrainingDatal \Wéwiumeu Classifier]  WGauiwiniiead & TrainingData2 15

o o . ar a [y by - , P
fmsumau Classifier?  sanadfiuvamizenlafuuvinduaasluanai 2 datilis



a1791 2 dananumssantaduvuiud

Euv!w

®  TrainingDatal waz TrainingData?2 Lﬂwgﬂmaaé’uazm‘lﬂﬁamn

(1 n"muﬂfi']L"“:mTumm’gmMﬂﬁma?ﬁ'mi’u Classifier] \iw 6,9

91 L o 910
(2) ﬁwu@mL"’imTwaaqmwmﬁma{ﬁw%'u Classifier2 1w 0,

92 <« 920
(3) uFrauntzna 6, WuasuwilamiesimusamAuninddauia

~1¥ Classifier]  uazgawiniiaef 6, tﬁaﬁmamnlﬁ'ﬁuﬁagaqné’ﬂu TrainingData2 Wil
Fat1IUINLAEMBEIAY wiaunuaTILEnn I NRaanAIIAINSUanUEEAY Classifier? 7
aniu

—apw Classifier? lavlddradrafiaanlu TrainingData2 W allsznudasyawiniiaei 0,
283 Classifier?

—% Classifier?  wazgawiniliaat 8, Radaaanbinuteyanndalu TrainingDatal Tiilu
aatuINkard1atiIay wiannuasiasanussandastasnsuenueznu Classifier]  th
FnTln

—wou Classifier] lavldenagnafinanlu TrainingDatal Wavszunainuasgawisiiiaad 0,

Y831 Classifier]

and

LUIfAeT0IaaNaINNATULUAE vnnLi"nmminﬁoLawﬁagamqan@ﬂﬂu%a'ﬁaaanmmn Train-
ingData2 \dfiraz sz lymlluntsdnuun TrainingDatal drwindrgawiniitmaiizaduag
Classifier1(0,o) ﬁqmﬂuﬁﬁﬁ'a:ﬁmamn'ﬁaga"l.@'fgﬂG'faamnrn'ﬁGmmnﬁﬂwawﬁw{u TrainingData2
ICF! Li’]ﬁ'tiﬂ:"l@?ﬂfaa“mﬂ'maﬁaﬁLLduagﬂmﬁadwﬁﬁ’lmngn %aﬂ'a;ﬂammﬁai{maﬁa:mﬂlﬁ
Classifier2 aansndeaanidedwgndssbirivinadnilu TrainingDatal ﬁﬁqmﬁgﬁmzﬂﬁwﬁ’u TeY
a1 TrainingDatal Ainmyiwuessnlminmunsalw 8, fianin 8, udia mﬁﬁm:‘lﬁ"gﬂmﬁﬁma{ﬁ
mL-TiaﬁamﬂEim Fudarimlnudazseuvasnisaen ludunouusnvasdanssiuiu indasimnuas
L%m'iu"z.ﬁﬁﬂ'gmﬂﬂﬁma{ﬂaa Classifier] uaz Classifier?  Fanldlagnisaaudiuanuazdistays
Fwaunilefidiasn (rT‘ran-nﬁﬂTagammrfu) u%aﬁﬁm'l;iﬁﬁagaﬁﬁamnagmu nanarmualitiiuen
laq ﬁi'jmiﬁwu@"h"smﬂﬁm?amaﬁwuﬂdﬂﬂﬂmﬁinﬁ'}.ﬁ

lwrafidnonuasAimainmg (active classifier) azfienanliniudaya FuBNULEUE NS0T A
m;JLﬁaﬁuﬂ"ua'mﬁ'nmnLm:'é'néh'lﬁ'hé"msmﬁau'laa%ixfuﬂﬂﬁ'maglunaju (class) 1o dminen
memzﬁtagjtﬁuﬁaoﬁ'u ﬁvaa’wfuﬁa:gnﬁmummn wa'rTwrm'hGT:\u.ﬂnLm:ﬁaﬂﬁumnwﬁaﬁ‘uua:ﬁ’;
usnuszfifameuiiaiaaiule (confident value) annnda é’iaahufuﬁa:gnﬁmuﬂamnmuéf’z
uunupsfimamihnu rT'l"l;JL'ﬁmfuuﬁaéi'aaﬂ'nmfuﬁa:'laignﬁ'mumo.mn eanunpreInIaTIie
anusaaadasiuitiilaWmsiiwueasnuasdatiniianuindedoniniy aglsfignisasaiail
ey imMsvinewradszuusIas

m‘l@Tﬁﬁ”ﬁ'msaau'l.m'hmmm%ﬂi:qnﬂﬁﬁ‘uﬂtymmsimunL'“mt,wa 2 igwida (1) Myituun

usnnnduwaiuiluwanmmngwislils ue: (2 msiwundsaondmwisandunaeny #u
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ludywisasmriuundeziniduwsnim inouar lWlinminsfiazndnluwindeil faamans
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Aaundaanirindszinnvadiuiweaaniiuzaindy de ndwidhuiviwemes inouazngualils
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musmitlillszonalslumseihsiusud i ldmunmduniamsdnwandunsing - @erily
v - s - v . a & o v - . [ a
afeszupdumidmindumalngld awmduilymidduanuazdasdiusnfe Classifierr azlaiuanug
X L + o [l - -3 r =) =1 ]
Wasdulusvamaniunsuing wazldwawgnsuiietiolunmsduuniiumwainiunmingwiali

.- o 4 5 B . a a . ' o ' ar ol .
sanaifufilfludnenuazdasiifaasnaifiuaasnmeing smdIusnuactanaafisas Classifier2 9z

- e d  u e a . . - L ow
LildTuenufidasduuazaslfdanaifinudainig (Naive Bayes) dasznandatlil

a a I3 A
2.2.1 @uaniLly :1%?1’11?]’1ll%ﬂﬂ‘i:lﬂﬂl']UlW‘aﬂ'lﬂ"ﬂﬂEllla:ﬂ"l Hiaun

(1) daugnupzaad s ng

P - = .= = = A P s = 3

TinhsRgaiazarreuinIumaiiuiuiwameinawiala vnldlasasassudluiuwain
dudrlngwiald  drddrdmauzindmingluwauiynse Auaasinduiwanuiiazniunising
aglrfidimamanislilaindmniluiuwanudaninnglunsuunsunmaa dassndtluiy
walnonudnasidilunimdu wu nsdanne Uztuatidng uaninduudninasliduan: 1gu 1o

i o . \ 4 . X v o & s = w
Au Taanuid g Unngadain duawizmaridnazlifieflunswiunsy danuisduiuda
s w . - o . ' o [ & P .
fmualildinazidngUnnguimisoitls Ssszdaindwivmwalne dywiitiiaadasnan
& g . = . - e " : w o . P . P
zulasawizlumming feddoudailonulaslifiiniasmusiTieaauau  dusralleSusitng
[P o a s o
aadrnen nenldlunwdsoi

Awualitanans d Gdanws n @3 (¢, ¢ ....c) MUBNREEARIIVOATIEFTUMTARA ML
= . P o o ot ] o PV ' & a -
dulyldusziiennmsdadnfngadbisaidusuasiiianiige

m
argmin X cost(w;) (1)
=1

- . P |

lagfi cost(w) =y &1 w; ludifidsingluwsuunsu
= 1, 41 w; \lume é’nm‘s:ﬁ"uiﬁﬂn;]luwammgnm

é"mium'smaaﬂuﬁﬁaﬁ 2.2.3 W (T mualy ny uaz mp IAurnn 1 ues 2 enudiay

winflamidadindfigauds wnasezlsznaudan (1) dAdnngluwaviunsy uaz (2) @
snascilddsingluwaniunss  Gumalnemmndwwaidainedwunnuazasdnes:ilidan
a LY =2 o - L ] o
dwudan 19Rsiiona WordRatio Wl wvianu

Jnnuianmsnagludmanue (2)

Pruawdidnymmuafiagluanans

Waliimauaddna 1 IUINLALA188198Y SRRENRBEARAITRIAaLLIY8I WordRatio v lv
@ ' " [ . n o e o . Vo o .
MIAININUREAUTIONIATTHINALNIANADILITUWILFIFR lanmsiahil WordRatio snnnindndisiia
arpnaaiwanbilfludiegiuan (uwalny) usiienashll WordRatio  dasnindndsuiseziilu

eateay (lalsiuwalng) wazislddrioutias WordRatio \Huwrmiiwainasdinanuozaadn



winmTldandautisnes WordRatio vizsandsniiumisiiass seansam 8, $ideaain
Witudhadalagndasnnnid@efienaald  Guwalnaadsiisn WordRatio qoua:ﬁmwaﬁ‘lﬂl"ﬁ
mulnenaslidd  ddmwTumeineuasLildnslwoaesdramefidmamrinnu iazldimn
dasdninniy WordRatio a:ihu.unéharha'l.e'fgnﬁaamnn’hﬁmunﬁﬂwmﬂ (oniIu B,, = 0.0 uax
0,,= 1.0 %alﬁﬁhmu@i‘aau"mﬁ'-imungmm:ﬁmmﬁ’u) Tunsdnduwalnsiisuautasniniunwaf
Vilgawilneu 8, Afléan (Wn 0.7, 0.8 wia 0.9) ariunmaitligndaaninnirduun
Aewara 0, ANdtagezminstuns@fdiuwa nefiiwanunniwwaitlilslng

ensadiue 8, Inalldwdsaind Classifier2 daaanliiudoyslu TrainingDatal &ait

¥ sp Lﬂud’m"wqﬂmaa WordRatio #lsannsiagnaunmanie uas LN Husdrgsganas
WordRatio #ldansregnaunanue unsdii SP> LN aansodiudnuas 0, lelesldaums
dudnait

0, = SP+LN @

2

RPN SP<IN 1% V=SP, V,=LN uaz V..V, \dudfaguwiv ¥, fu ¥,
Bt I 1 L J
(Vi<Va< - <V, ,<V,) waunsadfudn 0, Tnadldaait

Vit Vs
2
Vi« = argmin (no. of ¥; +no. of V)

0, = ()

lagf Vi fludn WordRatio vassnadwiigniaamibuuin uaz ¥ ludrwasdiadfhionéa
asnitusy waz V, <V, <V, Vi, <V, <V,
t SP v nnhmIaianu LN, 6, ‘n:mmmuunﬁqamamnaanmnﬁ‘mﬂ'wau‘lﬂ"[mﬂaugmi uet

. ' v ar P a v :
SP daanin LN, 6, a:lmmmumamamwnwmwmmuaaﬁqw

(2) ALDNULDZILBLLLE

fAmiunituenuezdaanuiu  @ausnussiugadianmiduwisnminlasuanTiouuanduisang
a = = oo o . oad = . . - -
UszEnbnwuiniigaiswits  [Mitchell, 1997] FihaslT avF1 (bag-of-words)” \NaUNutanIY u
q . w o e 4
Tywimsusniivwsaanidunmm Inouazlildwu tazld “DNaI8NWT (bag-of-characters)’ unu a3
oy o o g 4 .~ P " o v . o a a ,
nsetanwrzinansnuilgwiil Lwa'tnquuumL'Jumminﬂumnmwﬂnu‘lﬂamwﬂs:ﬁﬂﬁmw Wz
lidasodunisand) danummIinuIrTIalsun LL;.T’J"m'mmwffaﬂ'Jmﬁ’as.lqw'ha"nma:d"mn'i'lmi
kg o 3 1 d L7 [} T v & 1 e A’ n L 1 =i
wnndzamadienn wantmaesadluiitada l lduassldiiuiiimstiinnuldadng
fwualw L= {5, ....0,} Duaenasaanuss d=(c,,ca ....¢,) Luanssndl # @1dnws aann

s e * .\1-)[1-,.3 € v v
LLﬁ@NﬂﬂqNﬂL&’]%dﬂuﬂﬁ:ﬂ (l ) FunsoUszunmdn e lao lfinalinna sl usda g9y aIFUNTTOTUEIT

[* = argmax Pr{l;| ci,....,cn)

i

= argmax Pr{{}Pric,,....ca}l})
Jj Prici,....cn)

= argmax Pr({)Pr(ci,....c.| 1) (5)
Jj
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Tuffymrrasmsiuundszinmvesiuwalnenielilelnedl L fawevasasnnwnaueslails
mwing #ud = (616 ...,C) Tasvldudresdafdwlllenamuaunnnoumma  wlvns
fwams Pr(ci,ca.ntn | 1) s'faa'l'iﬁagai'hmuummaLﬁalw‘”ld’m‘mﬁ‘m:Lﬂu‘?’iﬂ’u.%aﬁa“[ﬁ At
Lﬁaﬁa:méﬂmwm-ﬁ’a;ﬂraua:ﬂ'?uﬂgqmﬂh:mmmmw:J'u'n'e:Lﬂu'lﬁ'ﬂm'\mim%aﬁamnﬁﬁ;u nl
finwlFanuigrusaaudasitas (1) auuagwmﬁmﬁ'um's‘hi%usiaﬁuasjuﬁﬁaﬂm (conditional
independent assumption) naIAa miﬂﬂnmaaﬁ’aé'nviﬁ'mﬁcq alifuiuadnusiug manualn
Lanmﬂ.flajnéwauﬁ'mth waz (2) auuﬁgmﬁ'jﬁﬁﬁmﬂwmé’aEnm'l.utanmm‘%atfwtwﬂﬂﬁ
ANUEINTY NE1IAD NTWLATANYET *n” aEli'F'ivhtmvlqLL'migwuaotanmiﬁmmﬁauﬁum'swn “n fivhe
\8nas LL'Liuau’ha:.m?r_mummi{ﬂ'mﬂmﬂuﬁﬂunwﬂﬁlﬁ udHANIINASaIT IR NLezIu g
\ifln‘lﬁuamlmﬁuﬁoﬂi:%ﬂ%mwﬁgwaw'f".uLmnuﬂ:ﬁ"lmmﬂi:mnmmnmw:'ﬂ'am'm [Joachims,
1998; McCallum, et al., 1998; Yang & Pederson, 1997]

mnmlu%‘\gmﬁmuuﬁﬂﬁmmmmt‘z’muaumiﬁ’muulnﬂﬁma‘lﬂi{

n

argmax  Pr(l) T Prici| hc1,....c1)
; i=1

l*

h
argmax  Pr(l) I1 Pric:| [}) (6)
L i=1

ii

drananiazdlu Prl) us: Pric; | ) fayawmiliead 0, dwiudusnuoziudatisiouas)szonmdn
ldnnisavesdiatdneman  Pr(l) ﬂi:mmm‘lﬁmné’ﬂﬂﬁ'amzij'ﬁ'umuﬁaan"la'ﬁag'l,uﬂsiu I Ay
Fwudeiumwag @ Prie; | 1) wiaanrnhaniuiiraniusidnes ¢ ijaj'.l'maéuﬁa 2
Urznauan lemadaluil

Prici| ) = 1+ N1} ')

T+ M)

- o . E doe o [ ' '
Tash Ncp ) fadTuiunTineanus c,-ﬂﬁnglumm'ﬂaamazmaauinnnqu l
a . - o & e ' .

N(l) aia mmumanmmmm‘luwmmmamaﬂaumnnqn I uaz

T dadmiusanstauandInunImlaluiraraiala i agew

o aa A e - 1 o o o
2.2 ddanasnaniiandisuisulumssuunlssinnGuwomea lnonaznisian

Tunisnasaniatsslindszdninwasanissawloinyuiuguu s isiFeumAsunuisais
. P
gialuil

(1) SunuezaadULRau (Supervised Word Segmentation Classifier)
(2) Sugnuarludanteisuuuaau (Supervised Naive Bayes Classifier)
(3) dana3fulamsuils (CoTraining Algorithm) uas

(4) oanashudidu (EM Algorithm)

AN NLEEFAAILULFAULA LS NLE U st sy uganddanaTRnilaunuruaIunussn
- a w oo v 4w a o v o & .
afunn3luiaden 2.2.1 pniiuiauanuoslwiateflazldfayaiifiasnnovualunisen dau
L Y1 ~ - -t o & = e ' J
aana3nulanmuilsuazasnasnuaiduilusssaliil
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sansInulrmnIuila

ETana"‘rﬁn'fﬂm‘mﬁognﬂ’uaua'lu (Blum & Mitchell, 1998] LuRAYad i nsidasiainsaNTa e
ldmosnnuas 1w L%mwammmﬁmsmﬂﬁmnﬁﬁﬁ‘agli'lmi{amﬁathafu wIamINIORITAUN lden
ﬁ’rﬁaglu‘LaLﬂafﬁoﬁmaotwaﬁ%mﬂ'mmfu wazimudgiuiiiudazyuaafinowedamnioufina
Fuumlszinmyesdisin danaifuarlzneudsiusnussiagsed uiszmBsuianauasyuuad

nuwafiail 1 ldnessndaulisunsuenudanasfulammiaiuaadluanmai 3 dunusztan
lumraiidaneTiumiaururasmisewlefusuands  lunslsdaneifinlamsuialunsdivasilinm
mssuuntsaandumameninowaslilddn e nuwaudaswaiuaarasdiiumngluwaiu
wie wavesmdnysidangluwanu  uasldeuanuszdada (Classifier]) Lﬁaﬁ'ﬂujmm*nmaam
wazldeusnuszigadedne (Classifier?) Lﬁaﬁﬂujmmfnmaaﬁaﬁnyslutwafu mM7Usudn 0, uas

8, rasausnupzniaaslismamiiauniinsiatune i lunated 2.2.1

a1 3 sanainulamTuila

DUNA:

o rauassastafitasn LE us:

e |mavassrathed liiaan UE

M saae UE legldandiad w snameae UE

2) awgwuns:fi'a'l.;iﬁﬁmsjmu‘e’aaaglu UE
— 14 UE Watzanmdn asgawTifiiaad 0, 189 Classifier!
- S UE Lﬁaﬁ's:mmfi'maa-gﬂww'lﬁma{ 6, va3 Classifier?

o+ . g o = £ J = Lo ar . hes a .
— \F Classifierl winusIpgawINiings 0, WaRaaaniALAIat19uIN p AILassIag WA 1

A1n UE’

— 18 Classifier2 wianssgamniwad 8, iRadeannlinudagauin p dauazaiannseu
s UE’

-

- . s X A Y
— heretwidaasn i iie LE

— \Ransetha 2p+2n saadwdnan UE wsshialu UE

-

danasnudidu

Sanainudidu (Expectation-Maximization — EM algorithm) gniniaualu [Dempster et al. 1977]
o = A J-: o - A :’ A d‘ Ld -~ A\ ] U
aanadhuiniudansINudssinniudnuuniig ma‘l’mmﬂtymmaamaa‘;a‘luaugim (incomplete  data)
A . [ - [ PP . I a & a -
L;Jamv.u,@ﬂnL@m'uaammﬁwagml.a:maganummcammy‘lﬂ danasnudartdluaailagiu the

. o . v o ol [ wa X I o * ' ' =

Uszunadrmwisll wdlfafusanldiedulueald®au saneinvasd mrmdanutitaziiv
(likelihood) waIwITlilaaTraslaaandngauuioiu (local) wNadszanadAiniell Tunsdineriin
5ana'%ﬁ;féLSMm'Lﬂumﬂ'%ﬁuiﬁumeﬁhjﬁnmnﬂfu aa’ma:gnuaaﬁiuﬂumﬁmﬂﬂ ganashudidy

UFAIUAITIIA 4
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i o o A ° i L ]
H13791 4 BENAINUDQUETRILGILHNLASLIU EBENIINE

Euvim:

o \gevassateflifiamn UE

1) r'nnuﬂmﬁm’fumaaq@Wmﬁmai' Pr(cil) waz Pr(l) &m3u Classifier laiTouainaiatng
annisudu uFnbwindeefinaideasnitusatrsimuelu UE

@) aatnidaasinuds Wossnudmniteed Pricll) wez Pr(l) Iwivas Classifier lanii
Pr(ljd) € {0,1}

3) Wmdunimmiime sl suulsavdednureniiurimiaug

—(E-step) Ui:mmfhumnmaméu-ﬁagaLmurmﬁ'mﬁ'nwmmmﬂw:Lﬂu’lﬁ'tmﬁu Pr(l{d)
FMIVNNIENATT anuEuIi 10

—(M-step)  Faanvandudayanidszinmildany Prfjd) iNadrwmdmwmineilmilaald

LOARIINIRUAGINRUNTTH 8 WAz O

’l.unu"‘:ﬁ'uﬁ‘[umamaqmiai‘w'ﬁaﬁm:'l'iﬁmunuu:mﬂ'aﬂ'”mhn Sanasfuiisznavlydae 2
duAaufia TuAUS (E-step) LaziuaaWEL (M-step) -ﬁb'uﬂauﬁa:ﬁwmm&mnnajuﬁagaLLuuri'mfmﬁn
auaiaziilu (probabilistically weighted class  labels) &wiunnianaslasldausnua:  waz
fuﬂamﬁm:ﬂnmmvﬁmmﬁmaﬂ“ﬂﬂulflanmiﬁv'wuwﬁQnﬁﬂmmammmminﬁ"mﬂ'nuﬁq
NSELIUNITTBITR@BUB LAz TUAB ML AN TS IunTs W DeaHid LG suudas Nigam uasams
[Nigam et al. 1999] t@lFdanaiiudidudwiuiywmsusnuozdaniiuy

aoruansluansof 4 Tunsuusnuassanaiiudiiuda msUszanud i ieeivaasinanuesius
agnie lasdounndreduiiaanGudy niudusnuesasldamrmieeii i lddeasininy
ﬁmzha‘hiﬁamm]nﬁa Vis'famn‘tfum:mun‘m‘s'uugi"a:'mﬁﬂ?uﬂauﬁ (E-step) ua:i?ymamﬁu (M-step)
wns:ﬁaé’ana‘%ﬁugﬁﬂ m*sﬂs:mmfima"mwaaﬂsimi'ayauuuri’mdmﬁnmmmﬁ’m’;m‘lﬁ saaluid

dwualw L = {5, ... L.} \dhwwavssasinuaz d=(cp¢a ..., C) \lulanansRTaI8nET 1 912 9N
nadayssan D, Pr(lid) € {0, 1} lwamnvasanas d Aszinunnazdiuieadnss ¢ uzay
luaann /; fs

1+Y.  Nic,d)Pr(l;|d)
T+ Z; > Nic,d)Pr(l, | d)

Pr(cg"lj): (8)

loaft 7 Gadruiuednmsnuaneiaiunanle LW aara90718 19804

N(c; d) figdwanaTanaianys ¢ Usngluanans d

. , = o — a X oa. B . Ey
guansivuasaanuiteg Aesiisdiulldeurumsi (@) delui



1+ sep Pri;1d)
lel+lpl

P"([J) — (9
lasfl |L] uaz |D] fodmivaasaanfuandainuszinnwenasiugadayasauaindicy Wamwua
i 1 & & = A L e Lx] . I} ]
s d= (cLcy...c) fallaangaiiarsnys n @1l aruonueziudaitsdsazlszanudinn
' = ] A w [ - 1
isnfufiienansitiasiniu J laslfauns (10) duaai

_Prapprdlly  Pra)[ L Prcdl)
C Pr(d) S8 Pr O[T, Precl)

[ ' g y v a ' = ' ' P .
Funainluauntsik Pr{ljd) Jdumdinbhmunatuanaiiiazidu nafaLdazianss d WYNWITUIN

Pr(lj| d) (10)
Saanidlu f; szpanuinanduinig Prld)

= =
2.2.3 HanNTIMAaNINIIN ll%ﬂﬂ‘i:’.lnﬂl']]]lﬂ'ilﬂ1ﬁ11ﬂﬂltﬂ:n1ﬂ1a%

sadasauazada mmasasluilavimsngnusz i uwams inouas Ll

mi';m'a;J'ﬁ'aavlaLﬁaﬁ".anmaoT@rm‘iﬂmnﬁuzm 4 wa fa ﬁmwammr’ﬁﬁu 1 We” uwa
mlne 2 wa® was Gumammsange 1 a2 BusuIniuwanig Li’ﬂﬁﬁuaueﬂfm%\i@nn
loleinedmulwwaneiu (Radhdsiumaing auns:ﬁ'awjuuuﬁﬁnﬂmmﬁmwﬂﬁ 450  LW3
fmdudumasuiuudasne snikiumainumalemaulsznaudnuwanis nosszu 900
e dlasnnwemeinoenedludnnsiiinnmdngunionmmaug in luimaadoiu ale
ﬁumaﬁLﬂummrﬁqu.ua:mmé’onqnazma:ﬂ‘i:mm 450 WA IIMIUTII LTI AT IR RN TIn
udutiseaniilu 3 wrafte 15a A, B uaz C udangadifuinariinue 600 (W (walno é’anquua;tﬁiju
Uszanms 300, 150 Uas 150 @ndau) inlEidnsmeaawuy 3-fold cross-validation e Tanans
naaas lunmaaasuuyil Lwia:tmm:gnmmtflwqanﬂaammamﬁm?ﬂﬂuﬁ'l'ff'l.mﬁmﬁmﬂwqmaau
umAuaisfilaidunammasns
rpw?amﬁ‘m%'ué’ana‘%ﬁmﬂuﬁwia‘lﬂﬁr.
o amiumimeulaiuiudiin Liinshishainsfilaanduduiudsnedfunssawlaiuuuiudn
drwrimasisudu 0, fmualiilduilu 0.7
e fasindanaifiulainsuiie (Uaeadan CoTraining luas57)  FasniTdnadnaiiaanamincy
e @b limesefiamnGuswiinun 18 &1 lummeasswirimaiang anfimuasn
daaaluil lUE), p, n uas u SAniiu 1182, 3, 3 uaz 115 Mudey
o dmiudanasfudiy mwuelidmmiwaiZuen 0, fvuebidiaudn 0.7 nmiuldauenues
fadn Amusaaniiuasinganuesdanasfusiiy nesniulidansiindiiudeduonues

wda Li'mé'\mﬁaf‘iuuﬁuérﬁw
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Han 't
Tumsiadssintamweafitnsfinesay (iganuusiubn (precision © P)  ATSAUAY (recall : R)

[ & o (-
uar @779 F, (F1-measure : F,) 931810031

Fmudrathanniinuedadwandas (1)

Frualagranyvieiuiluuan

R Pwudatpiniinungldadgndad (12)
. . 7
Fudedanmug
_ 2PR (13)
' PR

Nammmaammﬂumﬂaﬁ 4 'Lum*r\ai’{ “CoTraining (Bayes)” was “CoTraining (Word)” Liusa
MINASDIUBITIUBNULULILIBEN N UBLAIUENLIZAAS1182 CoTraining MuFEL &% “ICT (Bayes)”
was “ICT  (Word)’ dudaugnugsiudadiiuasdauanues sadmassanasnuniseanleyuuuiudn
UFINU &% U-Bayes-EM S-Bayes Uaz S-Word (fiudanaifindidn aausnussiudagsdounuaan

LATHILUTHLZARFMLULFAY AUAIAY

a9 5 mansilSuutiisudanasivdwivdyninmausnuasdumwanm insues Tl

FMBAUEE P (%) R (%) F,

ICT{Word) 99.78 100.00 99.89
S-Bayes 100.00 99.00 99.50
ICT(Bayes) 100.00 98.89 99.44
CoTraining{Bayes) 100.00 98.89 99.44
U-Bayes-EM 100.00 98.78 99.39
S-Word 99.08 99.61 99.34
CoTraining(Word) 100.00 98.66 99.33

-

aauandluenTef 5 ICT(Word) JilszEnEnwgegaatudt F, @uunday S-Bayes  @anonubs
ICT(Bayes) HUszanEamlndtdeany CoTraining(Bayes) a3 S-Word  uax CoTraining(Word) #
Uszintawaninitn1idu manmeaaaiuaaditiAuin ICT auldagdissiniammwnaiisunia
' A wp a ad A% g . A & N [
1nnin S-Bayes duiludaneifunldarotrfliaainninue uazyviwladinin S-Word an HamT

naaadEa b Aui s Ans A waas 1ICT lum sttt lomianng: oy sliiasnldng19d

° & = '
2.3 mannuuwndsstnniivineaa mﬂm&u‘mug

w a g, - - = P . . & T
mmaunmqmm-sanuunﬂi:mﬂnmwaaamﬂwmwg Tﬂﬂ'«}:nmdmanﬁmm’mmwmuﬂ-ﬂu
ATIMUNLIULNG qﬂﬁagaﬁﬁﬂmmam URZHANTINAAIA WAL

2.3.1 I5@anwmz&1An (feature set)
o - & a o a Y P a [
Tudgwimsswunduiwauu dssindmwissaauonuezvziunvinadedltlumaSouiussimaves

anpardraniliunudiadvseu wadnyurdAnimuzaurhgiienugndaizesnuenuezg
[ o e o - o Xa o o a w . =
waanwuziagiisanlilunwidsiide twevssdiinyingluiida (heading) vasiutwanazga

o = 4? =3
mam’mﬂﬂﬂ{ﬂmuam {content) TAIILLWA
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heading

ﬁp A’ 3 - [=) = bl v o O ] .
waw: dawzanivwelideyausznasidoarasiuneiulEliume @raiatwimne
i o 4 = ) 8 a & o
luzun 5 Gvrdaniledu “Honors, Awards, and Professional Service” uariiitawnduwmonis
a ' o o & P w a- 5 e E
vadfanTsuatazidua imasiaiAlTingluitanuialfiluaavsssnemsd iy fwa
- A Ey e o . [ ot - by
gasinlmitewitslddmiuaau Classifier? vasdanasiiuntsaoulyiuuuiud
[P - a o od o 4 o - A& P a4 o o o
Wada: suudpureaniasiiagluiideszusaila@ananaiiomiiawin inisdauandi
“ s A o o ¢ W 4 e [VIRT V. 4 [N [
dnglwiidaeldifwaarasdnsazdnginoanil uasisavasiluindeliazldédmiu
dau Classifier] gasdaneinunsaenloiuurius
watenazitawt:  wasnnidanadfumssanlriuuuiusnIauianuusy duonusznmy
(combined  classifier) arvituIBaAINWIANGA (class)  vaITratlaLTIIEN WA N
. d’d » wr A - H a J‘ = L
Classifer! MGousinwata uaz Classifier2 AGoufnnieamw aun@W L = {{,5,.. 0}
Hwrauaiaain dusnusssyinnaieimileg dasndu  ewdamaminnd

Pr(l; |d) Waunsdusail

Pri;|d) = Pr(i; [x;) Pr(lj|x2) (14)

P = o . N o w & \
laof x, xp dlwseadnwuzsdnnndluiidaussdluiowvesanas d; sau P | xy)
= ' L] 5 d’ ﬂ‘-" Iy ldl ] .
war Pr(l;| x)dluaranumhniuhengisuunasiiuaain fivinwalay Classifier] uaz

Classifier2 auaau

ADavd R Kincaid ] R B =] 31
Fig Edt  Yow fm Tu:h !i'* m

R R e - I

'_WFEMMbUMM\HTTP“I}HEDU - =] f’é“'.iﬁf:

David R. Kincaid =

Servior Lecturer
Associate Director, Center for Numerical Analysis

\

—
q

B.5. (1965)
Lamear {#iversity

MA. (1967), Ph.D. (1971)
The Liniversity of Texas at Austin

Honors, Awards, and Professional Service

« Certificate of Recognition, "Creative Developments of @ Technical Innovation, Basic Linear

y
content Algebra Subprograms,” NASA, 1981

» Technical Committee, Computational Linear Algebra, IMACS, 1993-94
» Session Organizer, 13t IMALS World Congress an Computation and Applied Mathematics,
1954

EN

] e g =
31]7! 5 MITOUATLHEWIVRILTLULNA

]
=%

2.3.2 ghusnuzgangaddanasnanaanlzdituanduazdanaina

ALLNULL pyvaInanaInunIsEau Iy IuEg

NiandIsmaiay

[ N ar a o > P o & ' ' T
SILENULBTHNYIARNATAYNITAOW UL LIWE LN Atnlauiuvewenuziudagrsdrant e

’~ v o oal ~ -4 , o ~ g o - { w
abuwlilwiadan 2.2.1 aunwua dniuesifilunsdilnld “oed (bag-ofwords)” tRaunudaniny

lummasasdluiide 2.3.5 inldauenuoziudedgrsioiiu Classifier! waz Classifier2 luaad 2
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deazFouivinadnsucdrdynarsiu lag Classifier] i Fsunoasasdtluiide dau

. o . &
Classifier2 asi30vnnioanasfbuilan

G - n:l. ° o
panadnuntnuisud FJLI‘.‘Hﬂ"ITTIﬂﬂ .

lumsmessafiadsziliudszinimuuasnmssaslyiuurudluilgwinissuundssnmiauna

[d I I': L4 | e ool 1 ;
aanilunuanyuu S oufsunuisnmise i

(1 AMONUETLL S BENHNIUL L FEY {Supervised Naive Bayes Classifier — S-Bayes)

(2) aanaShulamniuils (CoTraining Algorithm) Laz

(3) dana3nudidy (EM Algorithm)

o - . et - -3 b 3 *» A L { ] d; L2 I3
ganaifulansuiauazsanedfudidulandnudluiadah 2.2.2 udlunsdiius g “god (bag-of-

words)” LRaUNuIanIN

2.3.3 yadayan i3 lunmmaaas

tlahmsseulyiiuua W lsiudgmwimsiuunGumwawuunaiang (multiclass Web page

. . . z
categorization) I@Ummmmaaanuq@m ByININAN 3 ’qﬂﬁa

(1) T9TByYa WebKb

(2) TaTaya WebClass Uaz

(3) TaT aya DrugUsage

-qmﬁaag WebKb  UsznaudraiSuimafiisiiuuniing sy qmﬁagaﬂﬁmn fip 9N
URVINGISY Camegie Mellon University [WebKB] ’g@“ﬁagaﬁﬂsmaué’mfmmaﬁg\mm 981
e TIuTanIulwdves computer science department 2898 INgNan 4 WA Comell
University, University of Washington, University of Wisconsin, W&z University of Texas LILLWG
ﬁ"‘mu@ﬁgnﬁmmdmulﬁmnuﬂu uwazpnutisaaniilu 4 nguia course homepages, faculty
homepages, project homepages La: student homepages fli?’\u’mﬁumﬂuu@ia:nijm‘ri’lﬁ'u

220 WA 147 W3 81 LWA Laz 533 tnasnudian

'j;m]' aya WebClass 193137 machine learning research group ludssina ltaly [WebClass] >a
L ; ﬂl L7 L5 S L 3 a + I ]

Tayain eI TaINUUaaLIN tiznaua sl IuWTIIuIU 192 twa wivaaniiiu 4 nqnﬁa
astronomy, jazz, auto LAy motorcycle LLGi&;:ﬂéj;lﬁﬁﬂLWﬂﬂWJtt 48 W3 ia;‘lmluaaaneiuum

Aaudiauanediiu drudeyslusandundifo auto usz motorcycle Aautiana uiu

“Qm'ﬂ'a%m DrugUsage 1eu1a1n  research group at Sirindhorn  International Institute of
Technology [DrugUsage] ’gm}”a;daﬁﬂ'::naw’:"am’f\mwm’hmu 353 1w wisaenidu 5 ngulu
I@Luu'ﬂaam nii;]‘fl‘m;lﬁf?dﬁ’lﬁa adver‘ée, clinical pharmacology, overdose, patient information
waz warning L"mealunq'u adverse IraFungIAEInUHaTI A 8Ia I8
uwalungu clinical pharmacology 3:a%11 mfgarumislan Vuwalunga overdose 91w
ﬁagatﬁmﬁummscjﬂ’:uﬁlﬁfumtﬁuﬂna ﬁmwaﬂun'eiu patient information aztfipIdaeny
ﬂi'nmﬁagaémﬁ"wjﬂqmﬁmﬁnmﬂ'ﬁm dauduwalunge warning afunadi@aunaten

1ﬁﬁu;§ﬂm



2.3.4 n13U 3 NIANAA1IHEN

n'am’éu’l-&'é'ana“sﬁuﬂ’m’m%‘uufifu iazimslszinaradRmh AU I I Tasnsay
htmi tag, ﬁ'ﬂﬁ’mqﬂ {stop word) UatiIATwIT NN (word stemming) otk
*  anfINLM: mauﬁﬁﬁhiﬁm'mﬁ"'}é'ry'lumﬂ’munL"?mwaaam*mLwa ﬁﬂﬁgnau‘lﬁuﬁ
auxiliary verb, preposition, pronoun, possessive pronoun, phone number, digit sequence,
date ilar special character
&  PITINAT: ARaIpalTINAaNaLINY L1TU  “teached”, “teaching”, “teach”, “teaches”, Uaz
“teacher’ i fiTIndNdnIUAa “teach* Taunmks word stemming 3t drawsndrasn
a:gnuﬂuﬁﬁm “teach” Tummassss s \Easna3fiu Porter Stemming [Porter 1980}
FHSUMIITINd

a4 - - o [ ]
2.3.5uam s‘nﬂaaanﬁumﬁuunuaanaiﬁuau‘lum TNl sEIanIvIng aanl.flwn NIANY

sl masanitaiaUsinsrwsasmssanlyiusuiudn lagSsudisudanasfiunsaou
laduviudgn (1CT) My sana3fuudatnainauiugen (Supervised Naive Bayes — S-Bayes) Rmsld
smasnnierduilgwinisiuundenny widanadfuwdadnsitsuvusauiludanaifufidas
a’uﬁ'ﬂﬁa;&aLL'uuﬁaawnﬁawua%w:ﬁnm‘lﬁ uazdanadnuihunl$oudisusn 2 drda dansifu
launsuila (CoTraining) uazdana3nudidy (EM-algorithm) %nmmmh?ﬁ'agauuu'taiﬁamns"mﬁ'm}’aga
fifaaniSuduituanian 9 Iaduiu lumsiadszaninmaesdanaifuin i ldanausiugs

(precision : P) N3AufAu (recall : R) uaz @339 F, (F,-measure) (\ilaunfiautiluizdain 2.2.3)

f{hmuéﬁasjnmnﬁﬁ'\mﬂ'l.ﬁam\:gnﬁaa

Fruruaratenviwieiniiuuan

immm"’:azi'mmnﬁﬁ‘nmu'l@'fazmgnﬁaa

R =
FuuaTatInInue
F 2PR -
L™ P+R

HAMTNA8IEMILTATEN WebKb

MIRIA1e199 sasmmasaniudedeluil

o lunsdluasdanadfumssanleiiuuiudy imdondaeteiman 30% 1a9matranuawLy
Fudmiuudangy Lﬁ'a'lﬁﬂu'gmﬁaﬂjaaauﬁamm‘%uﬁu wazl% 30% vaasadranamueiiiu
gas1agamanliiiagn finds 40% Husstheneagay

o lunsdivasdanasnulemsuils m'l‘EéT’mai’xmauﬁamm‘%uﬁwqmﬁmﬁwaoé'ana’%ﬁumiaau
laSunuandn u.anﬂﬁnfuqﬂﬁaadﬂqaauﬁaﬁwnu,a:-qﬂﬂﬂaauﬁmﬁauﬁ'umaua"ana%ﬁunw
souwlyiuuuaudr  winiieas puatn Tussedt 3 Qn@'rv’ofh'lﬁﬁfi'nﬁ'rﬁu 1 uar 3 audien

o luntdiresdanaifuudetinihonuuaeu I ldeias1991wIU 60% maaﬁaamaﬁv’wumﬂum
fhataandasn sufiaie 40% uwdrainanaaay

o lunvdluoidanaihudidu 'gﬂé'aazmaauﬁamm‘%'uﬁu gadogranliiiaainuasgadanig

yaraUtRlauwnuiUraddsnashuniseawleikuuaug)
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nan1InasenUIsufisudanaifamssauleTuundriudanasfuiug dniuTataya WebKb
waadluai il 6 — a5 9 luminesas ml"ﬁ’ﬁﬁﬁazﬂuﬁ'ﬁa (heading) Tuiuiwasmiumau
Classifier] ua:'lfﬁ'lﬁag'lmﬁam (content) TwiduwadwIurau Classifier2 vasdanashunisaawlyy
WUDIUEY AR W@ Sy Classifier] uac Classifier? useseny Heading-based Classifier uax
Content-based Classifier aug1éiu #u Heading+content-based Classifer \{ludananussfiviina
msuanuszan Classifier! was Classifer2 luﬁ'maqtamﬁ'um'l’fﬁwﬁagluﬁﬁiauazti{amLﬁaaau
Fusnuuznaassazeslammuils (lanmsmialddusnue: 2 Fuduiu) daudanasfuudadnsiewuy
gauuazdanaInudiFuinlien wonuszadaalumaidou smiu Heading-based Classifier uas
Content-based Classifier dmsudanasfiunisas Aadusnuarilaannsgandanasfiudodiln
wdauazdluilanuoniuaude dm Heading+content-based Classifer \{ludausnusziisiuea
PAIFIMLNUEAFLT 9 2 FTwdoriunsdasnssewlatuuuagn

HAaMThaaadlua1 TR 6 — a1mef 9 waaslWiduiUininwialasdnads F, vas Heading-
based Classifier vasdanasfumisswlrduuuaudriianviaiy 78.25% ﬁaganiwaaé’ana‘%ﬁﬂﬂmm-
fowarfiiy  lwiweadonniu eadie F, ves Content-based Classifier vasdanasnumsaawnled
uumwf;wﬁﬁmgan'i’maaé‘ana‘%ﬁﬂnmmﬁma:ﬁtﬁu st lsfidUszaninweasnsrenleiuuuiugn
dniwasdsnasiuudatrcihsuuusawdnias mmq‘r’iLfJuniuf{Lﬁaqmné'ana‘%ﬁumsaau‘\m'ﬁmu
i@ udagilasmAninindsrvasdagfiasnildaaudanasfuiudadieipuuysen
ehué'hu.unLL:J:'?ﬂ'EL‘nwé’num:ﬁ’m"mvﬁ"aaaﬁ'wﬁ'u (Heading+content-based Classifier) masaana$fia
m’saau‘lm’uumwﬁ?ﬁﬁﬂs:%m‘ﬁmw§an’h°ﬂaoé’ana‘%ﬁu‘[ammﬁmw:‘é’uﬁm HANANNTULTIND N
a"ana‘%ﬁun’:saau'lm”uuumﬂiv'\'l'ffna'\lun'm‘*’mujﬁasm'h’uaaé’ana‘s‘ﬁﬂﬂmmﬁotmzﬁﬁu laslfiaan
Yrzunn 3 wifi sudanasnulamsuiisuazdiduliiiaunnnit 20 wii nndanainiadsudinllsuniy

e = Gao 3= s
e isusssuudfinislulasseviaiulaad

Nam‘mﬂaaaﬁﬂ“?uqmiaﬁla WebClass uaz Drugtsage
MIRIAIEN 9 VIININARDIIMIU WebClass uaz DrugUsage Wueasialuil
o lunsdlwasdanasiumssenleiuvuiudr  sanadfiulamiuiis uardanaifiuBiu 13 udan
F1a 0193 UIU 33% 11aae‘haLhoﬁv'wummmﬁumﬂ%'uuda:n'cju Lﬁal'ﬁtﬂuqmé‘mﬂ’maauﬁamn
Sudu uacld 33% 'uaeé":aﬂnarfmuatﬂuq@ﬁdau”aaﬂau‘ajﬁamn nde 34% (Hludradna
naFaU
o  lunsdlvasdaneinuudeinahouuusew iTldead 199t 66% ﬂaaé’aamaﬁmumﬂuqﬂ
dratamauiiaan @aufings 34% tludratamasay
wanisnaaadipufsudanaifiuntsaaulafupuindrdudanaiiniueg damTugadana
WebClass uaadlua13nsit 10 —  @15197 13 Frunamsnaassdnivygadaya DrugUsage usaalu
SN 14 — @R 17 uammﬂaaqﬁ‘lﬁﬁm{uqmﬁgaﬁoaaai‘{‘Lﬁnaluﬁmaatﬁmﬁuﬁ'uqmﬁaga
WebKb fla é'sma‘%ﬁumsaau"lm'J"LLUU'wa'lﬁﬂszﬁ'n%mwgon’ha?ana’%ﬁuinmmﬁma:é’ana‘%ﬁu‘éaﬁn

udlmadundanaINu ot ouuysan LLa:wuiwﬂ‘szﬁn‘ﬁmw’uaevgné’ana‘%ﬁuﬁﬁﬂﬁaﬂaaluqm

. ]

& o4 w P o o A o d @ e .
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15191 6 Us:ﬁn'ﬁmwmaaé";Lwnu.u:‘l.ua“ana“’iﬁummauh'i'tmmwﬁwﬁm%‘u-gmia;ga WebKb

ICT Heading-based Content-based Heading+content-based
Classifier Classifier Classifier
category P R F, P R F, P R F,

Course 67.69 100.00 80.73 66.15 97.73 7890 8571 9545  90.32
Faculty 2479 96.67 3946 22.39 100.00 36.59 2098 100.00 34.68
Project  35.00 8750  50.06 2326 6250 33.90 27.03 6250 37.74
Student 9245 9245 9245 87.00 82.08 84.47 90.10 85.85 87.92

Average 71.85 9439 78125 67.23 86.73 7176 7339 8827 76.22

AN 7 ﬂ's:ﬁn‘ﬁmwwaaé”auunuu:'lué'ana?ﬁmuﬁaﬂwahaunuaaué‘m%'uqﬂiaga WebKb

S-Bayes Heading-based Content-based Heading+content-based
Classifier Classifier Classifier
category P R F, P R F; P R F

Course 6935 97.73  81.13 88.89 9091 89.89 86.09 9227  89.03
Faculty 3922 6897  50.00 3793 7586  50.57 4284 7549 5458
Project  50.00 6250  55.56 4737 5625 5143 49.35 5500  51.33
Student 90.74 91.59 91.16 87.04 8785 87.44 90.63 86.90  88.63

Average 7499 38724 7991 76.95 8418  79.60 7892 8376 8046

M1371971 8 ﬂs:ﬁ'n“ﬁmwmaav‘"hurJmw:’luﬁana‘%ﬁufammﬁaﬁ’mi’uq@aﬁaga WebKb

Co Heading-based Content-based Headingt+content-based
Training Classifier Classifier Classifier
category P R F, P R F, P R F,

Course  68.25 97.73  80.37 89.74 7955  84.34 8571 9545 9032
Faculty  40.63 86.67 5532 51.52 56.67 53.97 3288 B0.00  46.60
Project  24.14 8750 3784 2553 7500 38.09 37.50 1875  25.06
Student  93.26 78.30  85.13 91.67 51.89  66.27 75.74 9626  84.77

Avctage 7395 8469 75.64 79.69 60.72  66.14 68.29 8726 7530

@13191 9 ﬂﬁ:ﬁn‘ﬁmw-uaaéhu.un‘un:‘lua"ana‘%ﬁu&ﬁuéw%’u‘gml"aga WebKb

EM Heading-based Content-based Heading+content-based
Classifier Classifier Classifier
category P R F, P R F, P R F,

Course 63.19 98.64 77.00 83.00 8091 81.33 84.63 8045  81.68
Faculty 2651 9044  40.94 3509 89.03 48.16 2810 9726 4291
Project 3922 7500 51.26 3738 5750 41.70 24.41 8750  37.19
Student  87.23 91.58  89.20 9195 6989  77.05 91.68 7102 7791

Average 68.62 9164 7598 76.78 74.28 70.70 74.87 78.50 70.08
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M5191 10 Lli:'ﬁw‘ﬁmwmaqe“ﬁu,unu.uz'lué’ana‘%ﬁun'ﬁaau'lm"uun'mﬁ'lﬁ"\w?uqﬂﬁm“m WebClass

ICT Heading-based Content-based Heading+content-based
Classtfier Classifier Classifier
category P R F, P R F, P R Fy

Astro 93.33 100.00  96.55 100.00 92.86  96.30 100.00 9286  96.30
Auto 60.87 100.00 75.68 93.33 100.00 96.55 76.47 9286  83.87
Jazz 100.00 6429  78.26 93.33 100.00 96.55 100.00 100.00 100.00
Motor 91.67 7857 84.62 93.33 100.00 96.55 93.33 100.00 96.55

Average 8647 8572  83.78 95.00 9822 9649 9245 96.43  94.18

A3191 11 ﬂs:“a'n‘fsmw"naaﬁ’mﬂnLLU:luaTana?ﬁumﬁazi’lqd”ummuﬂaué'm%‘u'qm?a;ga WebClass

S-Bayes Heading-based Content-based Heading+content-based
Classifier Classifier Classifier
category P R F; P R F, P R F,

Astro 87.97 8333  B4.08 100.00 92.86 96.20 100.00 9524  97.53
Auto 7422 97.62  83.98 93.61 97.62 9539 95.56 97.62 96.47
Jazz 100.00 66.67 7934 97.78 100.00 98.85 97.78 100.00 98.85
Motor 7523 9286  81.27 §1.18 100.00 89.50 82.54 100.00 90.39

Average 8436 8512  82.17 93.14 97.62 9499 93.97 98.21 95.81

A17191 12 ﬂs:%‘n‘ﬁmw'uaav’hLLzmu,ﬁ:'luiana‘%ﬁulmmuﬁaﬁw%’uqmiaga WebClass

Co Heading-based Content-based Heading+content-based
Training Classifier Classifier Classifier
category P R F, P R F, P R F,

Astro 6500 9286 7647 100.00 92.86  96.30 10000 9524 9753
Auto 77.78 100.00 87.50 77.78 100.00 87.50 8771 97.62 9232
Jazz 100.00 7857  88.04 93.33 10000 96.55 87.78 100.00 92.97
Motor 53.85 100.00 70.04 60.87 100.00 75.68 7500 9524 82091

Avevage 74.16 9286  B0.51 83.00 98.22  89.01 87.62 97.02 9143

A137190 13 ﬂs:’a’m"ﬁmwmaa@T'zLmnu.sJ:'lué’ana'%ﬁu'éﬁﬁuﬁw%“uqmi’aga WebClass

EM Heading-based Content-based Headingtcontent-based
Classifier Classifier Classifier
category P R F; P R F, P R F,

Astro 8345 9762  89.51 100.00 9524  97.53 100.00 97.62  98.77
Auto 46.13 50.00 4794 84.26 100.00 91.39 7731 10000 86.94
Jazz 62.86 7857 6533 9i.39 100.00 9548 9583 100.00 97.78
Motor 80.00 5238 5272 74.73 100.00 84.86 76.11 100.00 85.35

Average 68.11 69.64  64.00 87.60 98.81 92.31 87.31 9940 9221




a137191 14 Yszininmassdusnuuzludanaifumsseulyiluudrdwiugatans DrugUsage

ICT Heading-based Content-based Heading+content-
Classifier Classifier based Classifier

Category P R P R P R F
Adverse 7230 9855 8341 57.56 9671 72.17 69.70 9583 80.70
Clinical ~ 8333 50.72 63.06 88.28 85.82 87.03 66.67 91.67 77.20
Overdose 4486 9299 60.53 44.10 48.19 46.05 3462 75.00 47.37
Patient 3800 6944 49.12 48.53 29.17 3644 46.43 54.17 50.00
Warming 64.21 91.61 75.50 4724 91.61 6233 54.76 9583 69.69
Average  60.54 80.66 69.17 57.14 7030 63.04 5444 8250 64.99

#1390 15 Uszimnweesdusnuazludanatiuudadwisuuusausmwiugadays DrugUsage

S-Bayes Heading-based Content-based Heading+content-
Classifier Classifier based Classifier
category | R F, P R F, P R F,

Adverse  97.10 9432 95.69 8270 95.71 88.73 82.14 100.00 90.19
Clinical 80.86 84.42 B2.60 91.54 8871 90.10 9091 83.33 86.96
Overdose 65.59 95.71 77.84 51.84 8877 65.45 51.16 91.67 65.67
Patient 6438 95.83 77.02 67.73 70.83 69.25 75.00 B7.50 80.77
Warning  70.76 93.06 80.39 50.24 9161 64.89 53.66 9565 68.75

Average 7574 92.67 8335 68.81 8§7.12 76.89 70.57 91.63 7847

#1391 16 Uszininwrasaonuesludanaifulansuiodiniugead, a8 DrugUsage

Co Heading-based Content-based Heading tcontent-
Training Classifier Classifier based Classifier
category P R F, P R F; P R E,

Adverse  78.71 8871 83.41 5942 9136 72.01 67.74 9130 71.77
Clinical 73.15 59.18 65.43 77.10  83.03 7995 86.36 79.17 82.61
Overdose 4240 59.18 49.40 37.00 7591 49.75 38.89 87.50 53.85
Patient 18.06 12.50 14.77 3450 43.06 38.30 31.25 41.67 3572
Warning  65.21 9306 76.69 4424 9444 60.25 38.33 100.00 5542

Average 5551 62.52 58.81 5045 7756 61.14 5251 7993 6107

@1319% 17 Unznimwaasiusnuosludanainvdidudwiugadaya DrugUsage

EM Heading-based Content-based Heading+content-
Classifier Classifier based Classifier
category P R F, P R F, P R F,

Adverse  88.59 67.75 76.78 69.28 9855 B81.36 70.59 100.00 82.76
Climeal 70.61 33.88 45.79 67.23 83.15 7435 68.97 8333 7547
Overdose 1640 11.17 13.29 2411 56.58 33.82 19.35 2500 21.82
Patient 17.06  31.94 2225 37.62 48.61 4242 2742 70.83 3953
Wamning 72.41 87.50 79.25 3205 9583 48.04 3333 9583 4946

Average  53.02 4645 4952 4606 76.55 57.51 4393 7500 5541

32



TR 18 — a5 20 a‘;ﬂnamiﬂmamﬁunLﬁmJé’ana“%ﬁun'ﬁaau"l.'m"uumwf?wﬁ'ué‘ana‘iﬁu
fug §miugataya WebKb, WebClass Laz DrugUsage @& el i1aunsaatiluainmmasadle
fmiga ﬂs:‘f’m%mwmaazTana‘iﬁum‘:aau‘lﬁunmwﬁgon’i’ﬂﬂmsuﬁaLta:é'tﬁui%m%'unn'qﬂ'ﬁa:ga B
medﬁ%'miﬁﬁ'\Lav.aﬁ'\mml-ﬁﬂi:‘[ﬂ'uﬁmm?a;&aﬁ'[:u'ﬁa.mn'lﬁazmﬁﬂtzﬁn‘ﬁmw atinslInd
UssamBnwrasnssaulaiisuiudrdrnituesdsnaifuufadreitouuusau mm@lﬁl.ﬂuniuf{
ilasnnsmadiildaaudanatfuudaditouuurewilufairvidaaantonue Saensanaaatai
I¥asumisaulzfuvviuduiiudaton bifiasniudmlng  waitldlaoruugadliifiuin meseau
T Suvudrenansaldnuldetvadmiumriusnlzmdum Ia n%’uiagaﬁﬁammﬁ ANEHIGH]
munsalislomianaasdei Wilaan wasafidsimsnmw Lm:'lﬁ'm'mgnd’aagm’hé'ana?ﬁuﬁ%’u

Hayalbiflasmeadug

a157197 18 nanImasanisuisusanaifiudagdmiuradaya WebKb

Heading-based Content-based Heading+content-

Classifier Classifier based Classifier

P R F] P R F] P R F]
ICT 71.85 94.39 7825 67.23 86.73 71.76 7339 8827 7622

S-Bayes 7499 87.24 79091 76.95 84.18 79.60 78.92 8376 8046
CoTraming 73.95 84.69 75.64 79.69 60.72 66.14 68.29 8726 75.30
EM 68.62 91.64 7598 76.78 7428 70.70 74.87 7850 70.08

@1571971 19 nammessalisudisudanainuda gemIugadans WebClass

Heading-based Content-based Heading+content-
Classifier Classifier based Classifier
P R F, P R F, P R F,
ICT 86.47 8572 83.78 95.00 9822 9649 9245 9643 9418

S-Bayes 84.36 85.12 82.17 93.14 9762 9499 93.97 9821 95.81
CoTraining 74.16 92.86 8051 83.00 98.22 89.01 8762 97.02 9143
EM ¥ 68.11 69.64 64.00 87.60 98.81 92.31 87.31 9940 9221

@159% 20 wamnesalinufisudaneiiusa gdmiugataya DrugUsage

Heading-based Content-based Heading+content-
Classifier Classifier based Classifier
P R F, P R F, P R F,
ICT 60.54 80.66 69.17 57.14 7030  63.04 5444 8250 6499

5-Bayes 7574 92.67 8335 68.81 87.12 76.89 70.57 9163 7847
CoTraiming 5551 62.52 5881 5045 7756 61.14 5251 7993 61.07
EM 53.02 4645 4952 46.06 76.55 5751 4393 7500 5541
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classMaterial(textbook).
classMaterial(slide).
classMaterial(syllabus).
assignment(project).
assignment(homework).
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{CoTraining) [Blum & Mitchell, 1998] 8L8% (EM) [Dempster et al. 1977] uaz@3uanuoziudatnednuu
20U (S-Bayes)
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{bstract. The goal of Web page categorization is to classify Web documents into a certain number of predefined categories.
Previous works in this area employed a large number of labeled training documents for supervised learning. The problem is
i, it 1s difficult to create labeled training documents. Though it is not so easy to manually categorize unlabeled documents
i" ereating training data, it is easy 1o collect unlabeled ones. Therefore, a new machine learning algorithm is investigated to
wercome these difficulties and effectively utilize unlabeled documents. We propose a novel approach called Jrerative Cross-
ing (ICT). In this paper, we applied the algorithm to Web page categorization on three data sets. The performance of ICT
Was evaluated and analyzed with the supervised learning algorithms, Co-Training and Expectation Maximization. We found
ICT is considered to be an effective approach for the Web page categorization task.

words: Machine learning, web mining, web page categorization

e availability of large, heterogeneous repositories of Web pages is increasing rapidly. There are
illions of Web pages accessible on the Internet with 1.5 million pages being added daily [9]. A user
garching for documents within a specific category using a general purpose search engine might have
adifficult time finding valuable documents. Search engine Web sites, such as a Yahoo,! Google? etc.,
trganize their Web resources in category-specific style. These Web sites currently employ human experts
Weategorize the documents. However, the number of Web pages nowadays is exponentially increasing.
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Jtis difficult to keep updating and maintaining the index of billions of Web pages. To improve category!
specific search, we need a well-trained classifier with a high ability to recognize Web pages of a specified
category.

Many traditional machine learning techniques have been investigated and applied to the Web page
gategorization problem. The algorithm called bootstrapping was investigated in the domain of tex{
leaming by Jones et al. [4]. This algorithm requires knowledge about the classes of documents, which|
is provided in the form of a few keywords per class and a class hierarchy. The algorithm proceeds by,
using the keywords to generate preliminary labels for some documents by term matching. Then these|
Iiabcls, the hierarchy and all of unlabeled documents become the input to a bootstrapping algorithm. The|
bootstrapping algorithm combines two techniques, which are the hierarchy shrinkage and Expectation-|
?Aaximization (EM) with unlabeled data. The algorithm was tested with the topic identification of
gomputer science research papers, and the experimental result was that the algorithm obtained 66%|
gorectness. |
| The Co-Training algorithm was first introduced in [1]. The concept of the algorithm is based on the;
boosting technique. This means that, the algorithm learns from a small amount of initial labeled data,|
and then incrementally classifies 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 most examples,
the target functions 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 hyperlink text or the page text alone. The
second assumption is that the features in the first feature set of an instance are conditionally independent
of the features in the second set, given the class of the instance. This assumes that the words on a Web
page are not related to the words on its incoming hyperlinks. The results show that the Co-Training’
glgorithm achieves quite good performance in a page-based classifier and a hyperlink-based classifier.

Another interesting technique 1s Support Vector Machines (SVMs), which was applied to Web page
categorization on the WebKb data set. Joachims studied the effects of SVMs using different kernel
functions [3]. He used one kernel to represent a document base on words appearing in the content, and
the other kernel to represent the words appearing in the hyperlinks. The results led to the conclusion that;
the combination of two kemels gave good performance on text categorization problem. |

The Expectation-Maximization (EM) is another boosting style algorithm, which was first introduced
by Dempster et al. [2]. 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
mprove the model. Using all of the available data, EM will locally maximize the likelihood of the
parameters and give estimates for the missing values. Therefore, the class labels of the unlabeled data
gre treated as the missing values. EM has two steps: the E-step and M-step. The E-step calculates
probabilistically weighted class labels for every document using the classifier. The M-step estimates:
new classifier parameters using all documents. Nigam et al’s work [8] combined EM with a naive
Bayes classifier to solve the text classification problem. The algorithm has been shown to be able to
significantly increase text classification accuracy when given limited amounts of labeled data and large
amounts of unlabeled data. .

This paper proposes a new learning algorithm called Iterative Cross-Training (ICT), which consists
of two classifiers that co-operate each other during the leaming process. The algorithm requires only
a small amount of initial labeled data when no domain knowledge is given. If domain knowledge is
supplied to the algorithm, ICT does not require any initial labeled data. Experimental results show that
its performance is comparable to Co-Training and EM, and is more robust to noise data. Moreover, [CT
tonsumes less computational time ¢compared to Co-Training and EM.
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" The remainder of the paper is organized as follows. Section 2 describes the ICT algorithm in detail .
Section 3 presents other learning algorithms in detail. Section 4 presents experimental results and

Secuon 5 is the conclusion.

L Iterative cross-training algorithm

3 The motivation of the ICT algorithm is to utilize unlabeled examples during the learning process in|
prder to enhance the classifier’s performance. Given a set of labeled examples, LE, a set of unlabeled|
gamples, U £, and a hypothesis language, L, the learning algorithm tries to find a hypothesis H within|
Lithat correctly classifies the examples in LE U UE. The expressiveness of the language and the used
aributes will strongly influence the efficiency and effectiveness of the algorithm. This is the problem
of leaming from labeled and unlabeled data.
L;znsxder the task of Thai Web page identification. We could either perform an expensive wordi
entation algorithm before classifying the documents or alternatively perform a simple naive Bayes|
approach in order to classify the documents. The first approach allows identification of the words
o the documents using the domain knowledge (in the form of dictionary). The second can simply
employ bag-of-characters representation (see Section 2.1.2). Therefore hypotheses, working within
the first representation language, promise to be more efficient, but have more computational cost than
those working with the second one. On the other hand, those working within the second representation
language are likely to be less accurate, but consume less computational time (because they need no
domain knowledge). Therefore we propose i this paper a novel approach that combines these two
fepresentations.
.~ This is the idea of ICT, which actually learns simultaneously from two sets of hypotheses, one in each
linguage. This can be formalized as follows:
Given:

- a set of labeled and unlabeled examples LE and U E,
- two description languages of the examples .7 and Lo,
- two learning algorithms A; and As; algorithm A; works within hypothesis language L;,

. Find: hypotheses H, and H5 (within L; and L,) that correctly label the examples.
The idea is that the examples will be described in both description languages and that each of the
algonthms (A and Ay) will induce a hypothesis using the labeled examples only. The induced hypothesis
lSthen employed to predict some of the labels of the unlabeled examples provided terthe other leaming
algorithm. These examples are then used as an extended training set by the other learning algorithm.
Fhe induced hypothesis (H ) predicts the labels of unlabeled examples and supplies these new labeled,
examples to A. The algorithm A uses the extended training set to induce a new hypothesis and predicts
{lie labels of the unlabeled examples and supplies these to the algorithm A,. This learning process is
wepeatedly done in crossing style.
~ Figure 1 shows our learning algorithm, Iterative Cross-Training (ICT). The learning process of ICT
Starts with the parameter estimation of both classifiers. First we initialize the parameter sets of Classifier!
and Classifier2. This is done by training the classifiers with a small set of labeled examples if they are
dvailable. If no labeled examples are provided to the system, the values of the parameters can be
' predefined or randomly chosen ones.

‘When an active classifier labels data, it can ask for the confirmation from the other classifier to make a
\eeision about which class the example should be. If both classifiers agree with the same_classification.

ra
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TrainingDatal TrainingData?2
B ] .
3 3 |
|
|
|
Classifier 1 Classifier 2 [!

Fig. L. lterative Cross-Training algorithm.

st that example will be labeled. Otherwise, the active classifier will consider which classifier has|
re confidence in labeling this data item. If the active classifier has more confidence, it will label the

will not be labeled. The purpose of the consistency checking is to produce more reliable labeled data,,
it the checking will slow down the leaming process.
In order to see the empirical behaviour of ICT, we conduct two types of experiments as follows.

(1) A Web page classification problem when domain knowledge is available (Thai/non-Thai Web page
~ classification).

(2) Web page classification problems when no domain knowledge is given (Web page categorization
problems on WebKb and WebClass data sets).

2L Sub-classifiers in ICT for the classification of thai/non-thai web pages

~In the problem of classification of Thai/Non-Thai Web pages, our goal is to classify Web pages,
into Thai and non-Thai pages. This problem is of our interest because we want to build a Web robot:
tkat efficiently crawls the Web and retrieves only Thai pages for building a Thai Search engine. In
s problem, the first sub-classifier, Classifier{, is given some knowledge about the domain in the,
fom of a dictionary and uses the dictionary to help in determining whether a page is written in Thail
ornot. The algorithm used by Classifier! is the word segmentation algorithm that will be described
Below. The second sub-classifier, Classifier2, is given no knowledge and uses the naive Bayes classifier.
Classifier] is the word segmentation classifier, which has a very high potential in identifying the
nguage. Unfortunately, it consumes much more computational time than a simple naive Bayes
! er. Therefore, we employed ICT in order to let the stronger classifier boost the performance of
P weaker classifier. Then the boosted classifier can be applied to solve the problem, instead.

LI, Word segmentation classifier (Classifier!)
One straightforward way to determine whether a Web page is in a specific language is to check the
Jiords in the page with a dictionary. If many words appear in the dictionary, it is likely that the page
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Fig. 2. All possible word segmentations of a Thai sentence.

iin that language. We cannot expect that all words in the page appear in the dictionary as the Web
page usually contains names of persons, organizations, etc. not occurring in the dictionary and may
watain words written in foreign languages. Therefore, it is necessary to determine how many words
should be contained. This task is more difficult when dealing with a language that has no word boundary
telimiters, such as Thai and Japanese [6].

| Note that a string of Thai characters can usually be segmented in many possible ways as shown i m
ﬁg 2 because a word may be a substring of a longer word, and without a word delimiter it 1s dlfﬁcult'
o find which segmentation is correct. Below we describe the method for word segmentation. Given|
4Thai dictionary and a document d of n characters (¢y, ¢g, ..., &), the word segmentation classifier
generates all possible segmentations and finds the best segmentation (w, ws, ..., wy) that minimizes
Iii!t%cc)st function in Eq. (1)

arg min Zcost w;) (1)

Wy, W £

where

B _Im if w; is a word in the dictionary
©" 7 ] e if wy is a word in the dictionary

In the following experiments, 7, and 72 are set to | and 2, respectively. As generating all possible
sgmentations and calculating their costs is very expensive, we employ dynamic programming technique
implement this calculation. Note that any sequence of characters, ¢y, .. ., ¢;, found in the dictionary
must be considered as a word, and must not be grouped with nearby characters to form a long unknown
slring.

After the best segmentation 1s determined, the document is composed of (1) words appeared in the
dictionary, and (2) unknown strings not found in the dictionary. A Thai Web page should be the page

that contains many words and few unknown strings. We then define WordRatio of a page as:
1

WordRatio — the number of characters-in all words ( 2)‘.
the number of all characters in the document

%
Given sets of positive and negative examples, the classifier finds the threshold of WordRatio that maxi-
mizes the number of correctly classified positive and negative examples. If the WordRatio of a page is
greater than the threshold, we will classify it as positive (a Thai page). Otherwise, we will classify it as
negative (a non-Thai page). For simplicity, let us use only the threshold of WordRatio as the parameter
ofthe word segmentation classifier (8,).

Having only the threshold of WordRatio (#,) as the parameter, we can find #1¢ that produces more true
msitive and true negative examples for TrainningData?. As described above, most Thai pages should
have a high value of WordRatio, whereas non-Thai pages should have a low value_ If the numbers of
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{H?and non-Thai pages in TrainninéDataZ are the same, it is easy to see that any value of 8 15 will give
correctly classified pages than incorrectly ones (except for 810 = 0.0 or 19 = 1.0, that gives the
e number of correctly and incorrectly classified pages). In the case that the number of Thai pages
g lower than the number of non-Thai pages, a high value of 6, (e.g. 0.7, 0.8, 0.9) will produce more
gomectly classified pages. This is the case that is likely to be encountered in the real world. A low value
iff is for the case that the number of Thai pages is larger than that of non-Thai pages.
 Anew #, can be estimated, after the naive Bayes classifier (Classifier2) labels data in TrainingDatal.
Let SP be the smallest value of WordRatio’s from all labeled positive examples, and LN be the largest
riue from all labeled negative examples. In the case of SP > LN, the new & is estimated as: ‘

SP+ LN ‘

o = ———— (3)

low, consider the case of SP < LN. LetV; = 5P, V,,=LN, and V,...,V,, . be the values between V|
dV, (Vi < Vo < V.1 € Vo). The new 8, is estimated as:

- Vie + Vi |
L . +1 (4)
Vie = arg n'%/in(no. of V; + no. of V) 5)

Where V). is a value of a labeled positive example, V; is a value of a labeled negative example, and
< Vi <V, Vigp € V; €V, If SP is greater than LN, 6; will completely separate the labeled
positive from negative examples. Otherwise, #; will give the minimum errors of misclassified examples.

21.2. Naive bayes classifier (Classifier2)

For text classification, naive Bayes is among the most commonly used and the most effective meth-
0ds [7]. To represent text, the method usually employs bag-of-words representation. Instead of bag-of-
words, we use the simpler bag-of-characters representation in the problem of classification of Thai/non-
Thai pages. This representation is suitable for a Web robot to identify'Thai Web pages because it
tequires no word segmentation and thus is very fast. In spite of its simplicity, the results below show the

fectiveness of bag-of-characters representation in identifying Thai Web pages.

- Given a set of class labels L = {i}, {y,...,l;,} and a document d of n characters (ci,¢,. .. ,c), the

ost likely class label I* estimated by naive Bayes is the one that maximizes Pr(l; | ¢1,...,¢,):
= aryg max Pr(lle, -, eq) (6)
i 3
: Prici,---,en | ;) Pr(l;)
i — 7 t ]
] L ATY ml(ja.x P TR (N

=5 ar_gn}ax Prier,---,cn | 1) Pr(l;)

i

r* :nrgmaxPT( )HPT i Lvers e ',ci_l)

=1

= ar t/max Prl HP? ci | i)

| i
P2
-
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In this case, L is the set of positive and negative class labels. The term Pr{cy, --,c,) in Eq. (7)
¢n be ignored, as we are¢ interested in finding the most likely class label. As there are vsually an:
m'emely large number of possible values for d = (¢1,¢2, - -,¢,), calculating the term Pr(cy,ca, - -.¢n|
lﬁ requires a huge number of examples to obtain reliable estimation. Therefore, to reduce the number of
requ:red examples and improve reliability of the estimation, assumptions of naive Bayes are made [7].,
These assumptions are (1) the conditional independent assumption, i.e. the presence of each character
iscondmonally independent of all other characters in the document given the class label, and (2) an,

umption that the position of a character is unimportant, e.g. the significance of encountering the

cter “a” at the beginning of a document is the same as encountering it at the end. Clearly, these,
asumptions are violated in real world data, but empirically naive Bayes has successfully been applied|
various text classification problems [5,7,14]. Using the above assumptions, Eq. 7 can be simplified to

8.

This model is also called the unigram model because it is based on statistics about single character!
7isolatxon The probabilities Pr(l;) and Pr(c; | I;) are used as the parameter set of the naive Bayes
are estimated from the training data. The prior probablhty Pr(l;) is estimated as the ratio between,
number of examples belonging to the class {; and the number of all examples. The conditional
probability Pr{c; | l;), of seeing character c; given class label /;, is estimated by the following equation:

1+N((l,£')
T 4+ N(l;)

where V(c;, l;) is the number of times character ¢; appears in the training set from class label {;, N({;)
isthe total number of characters in the training set for class label {;, and T is the total number of unique
tharacters in the training set. Equation 9 employs Laplace smoothing (adding one to all the character
tounts for a class) to avoid assigning probability values of zero to characters that do not occur in the
naining data for a particular class.

("’z Il ) (8)

22. Sub-classifiers in ICT for the web page categorization task

* For the problem of Web page categorization, the algorithm employs bag-of-words representation. In
this problem, each Web page contains two sets of features as follows:

: (1) words appearing in the content of the page (this feature will be used by the content-based classifier),
" (2) words appearing in the headings in that page (this feature will be used by the heading-based

classifier).

_! Therefore, each page can be viewed in two different ways, i.e. , content-based features and heading-
ed features. With these two feature sets, we construct two naive Bayes classifiers; the first one
E;ass:ﬁeri in Table 1) learns its model from heading-based features and the second one (Classifier2)
iams from content-based features. Both classifiers use the naive Bayes algorithm, which is the same
dlgorithm described in the previous subsection except that in this case we employ bag-of-words repre-
Sentation.

3. Classifiers used in comparison

"I order to evaluate the effectiveness of ICT, we compared our algonthm with Expectation-
Maximization, Co-Training and supervised leaming aigorithms. This section provides some background
mformation of these algorithms.

|
-3
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Table 1
The training algorithm of iterative cross-training

Given:
two sets T'raining Datal and TrainningData2 of unlabeled training examples.
Initialize the parameter set of Classifier to tho
01 — b0
Initialize the parameter set of Classifier2 to 820
B2 — 8
Loop until 8; does not change or the number of iterations exceeds a predefined value:
Use Classifier] with the current parameter set 8y to label all data in TrainningData? as either
I positive examples or negative examples. If no domain knowledge is given,
| check consistency of the classification with Classifier2,  Train Classifier2 by using
labeled examnples in TrainningData2 to estimate the parameter set 82 of Classifier2.
Use Classifier2 with the current parameter set & to label all data in TrainingDatal as either
] positive examples or negative examples.
If no domain knowledge is given,
check consistency of the classification with Classifier!.
| Train Classifier! with the labeled examples in Training Datal to estimate the parameter
set &) of Classifter!.

Table 2
Training algorithm for the naive Bayes classifier using the EM algorithm

Given:

a sct U F of unlabeled examples
Initialize the parameter set of Classifier! 10 815 to label (/ F.

& — 0o

Use the labeled examples in U/ E to estimate the parameter Pr{c; | {;) and Pr(l;) of the
classifier2 with Pr{l; | d} € {0, 1}.
Loop until the parameters of classifier? do not change or the number of ierations exceeds a
predefined value:

(E-step) Estimate the probabilistically-weighted class labels, Pr(l; | d), for every document
using Eq 12.  (M-step) Use the estimated class labels, Pr(l; | d), to calculate new parameters
using all documents, by Eqs 10 and 11.

Ll Expectation-maximization algorithm

EM is a class of iterative algorithm for maximum likelihood or maximum a posteriori estimation
i problems with incomplete data [2]. We applied EM to the problem of Web page classification by
gonsidering the unlabeled data as the incomplete data. EM consists of two steps, which are the expectation
siep (E-step) and the maximization step (M-step). The E-step’s purpose is to estimaf® the membership
tfeach unlabeled data by assigning the probability for each class to each unlabeled data. The M-step
étimates new classifier parameters using all documents. We combined naive Bayes with EM in thel
same way as stated in [8]. As shown in Table 2, the first step starts with the parameter estimation of the
tlassifier ''which learns from initial labeled data, and then the classifier assigns the weighted class label
oall unlabeled data. The training process is iterated with the E-step and M-step until the algorithm is
tonverged. Our method for training naive Bayes with the EM algorithm is shown below.

Let L = {{|,1y,...,1,,} be aset of class labels, ¢ be a document of n characters (¢, 3, ..., ¢,) from
adata set D, Pr(l; | d) € {0, 1} be the class label of the document d, the estimate of the probability of
tharacter ¢; in class label {; is:

P'f'((;i | I,") = 1 +'Zd€D N((;,;, d)PT'('ij | d)
- YT T Ygen Nicw, d)Pril; | d)

9
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;‘?i'here T is the total number of unique characters in the training set, N(e;, d) is the number of times
gharacter ¢; occurs in document. The probability of a class label is given by Eq. 11:

1+ EdeD PT(ZJ' | )
|Z] + |2

Pr(l;) = (10)

Where |L|, | D| are the number of class labels and the number of documents in the training set. Given an
wlabeled document d, of n character {cy, ¢z, - . . , &n), the naive Bayes classifier estimates the probability
tthe document belongs to class label {; by using Eq. 12 below.

_PrpPrid|l)  Pry) IR -Pr(f—a 14)

(G 1d) = Pr(d) Z”‘I Pr(l oy Pries | 4g) an

Note that now Pr(l;|d) is a probabilistically-weighted value; each document d is considered to be of
ilass label {; with probability equal to the estimate Pr{l;|d). The algorithm used the word segmentation!
tlassifier once for determining the initial labels for the training data.

" Inthe problem of Thai/non-Thai Web page classification, we employed the word segmentation classifier
With an initial value, 81, for labeling each unlabeled Web page. The experiments were conducted using’
bag-of-characters representation. For the Web page categorization problems, a small number of tnitial
labeled data were supplied to the naive bayes classifier in order to determine the initial value, 4 g, for
labeling cach unlabeled Web page and bag-of-words representation was used.

$2. Co-training algorithm

‘The Co-Training algorithm was first introduced by Blum and Mitchell [1]. The concept of the algorithm
B based on the boosting technique. That means, the algorithm leamns from a small amount of initial
libeled data and then incrementally classifies 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
most examples, the target functions 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 hyperlink text or the
page text alone. The second assumption is that the first features set of an instance are conditionally
independent of the features in the second set, given the class of the instance. This assumes that the
words on a Web page are not related to the words on its incoming hyperlinks. The algorithm is shown|
i Table 3.

\

33. Supervised naive bayes classifier

k]

To build a classifier, a supervised leamning algorithm requires a large set of examples with predefined
tlasses. This means all of training data must be labeled. The algorithm then tries to find some common
properties of the different classes in order to make correct classification of unseen data. Thus, this
kind of classifier needs a large number of labeléd examples to correctly model the characteristic of the
tlass during the leamning process. Labeling must be done by the human in order to train the classifier
accurately. In our experiment, we employed the naive Bayes classifier as a supervised learning algorithm.
The algorithm of the naive Bayes is the same as one described in Section 2, except that it is trained with

“alarge amount of hand-labeled data.




|5

hlley Proof 25/04/2003; 10:09 File: idal28.tex; BOKCTP/wyy p. 10

n N_Soonthoraphisa_and B. Kijsirikul / lterative cross-training: An algorithm for web page categorization.

rﬁxpefi?nentaj results

In order to assess the performance of the ICT algorithm, we conducted three experiments on Webi
jige classification problems. The objective of the first experiment is to evaluate the effectiveness of 1
he algorithm when domain knowledge is available. The other experiments involved a more difficult
ioblem to see the performance of ICT when no domain knowledge is given. This section is organized|
i follows. Section 4.1 gives details about the performance measurements. Section 4.2 is the result)
or Thai/non-Thai Web page classification. Section 4.3 explains about Web page classification on the
VebKb data set. Section 4.4 is the experimental result of the WebClass data set.

Ll Performance measurements

The effectiveness of an algorithm can be evaluated using the following measurements:

(1) Precision (P)
Precision is a standard measure of the information retrieval (IR) performance, it is defined as the
number of relevant documents retrieved divided by the total number of documents retrieved. For'
the classification problem, the classifier’s task is to assign or predict the class for each example.
Considering a given class as a positive class, the precision can be defined as in Eq. 13.

no. of correctly predicted positive examples
no. of predicted positive examples

(12)

Precision =
(2) Recall (R)
Another standard measure in the IR field, recall, is defined as the number of relevant documents

retrieved divided by the total number of relevant documents in the ¢ollection. Therefore, the recall
can be defined as in Eq. 14.

no. of correctly predicted positive examples

(13)

Recall == = =
no. of all positive examples

(3) Fl-measure {£)
The F)-measure was introduced by van Rijsbergen [13]. It combines precissen and recall with
equal importance into a single parameter for optimization and is defined as in Eq. 15.

. 2PR |
hst1r (14)

where P and R stand for precision and recall, respectively.
4.2. The results on the thai/non-thai web page classification
The objective of this experiment was to assess the effectiveness of ICT in the case that we supplied

the knowledge (in the form of dictionary) to a classifier (word segmentation ¢lassifier). In the following
subsections, we describe the data set and experimental setting for algorithms and the results. .

[l
-
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T - Table3
[ The Co-Training algorithm

i Given:
( a set LE of labeled training examples
a set [/ E of unlabeled examples
| Create a pool U/ E/ of examples by choosing u examples at random from U E. Loop until no
examples are left in U E:
Use L E to estimate the parameter set ¢ of Classifier].
! Use LE to estimate the parameter set 82 of Classifter2.
Allow Classifier] with 8, to label p positive and n nepative examples from UE'.  Allow
Classifier? with @z to label p positive and n negative examples from U E'. Add these .
self-labeled examples to LE. ‘
Randomly choose 2p + 2n examples from {J E to replenish U E'.

1(.2 L. Data set and experimental setting

} We collected the data set starting with four Web pages: a Japanese Web page,® two Thai Web pages, |
and an English web page® From each of these four pages, a Web robot was used to recursively follow|
the links within the page until it retrieved 450 pages. Therefore, we had approximately 900 Thai pages:
ﬁsThai pages might link to ones which were in English or other languages. We also had approximately’
450 Japanese and 450 English pages. All of these pages were divided into three sets, denoted as A, B
and C, each of which contained 600 pages (about 300 Thai, 150 Japanese and 150 English pages). Note
tiat HTML mark-up tags were removed before the training and testing process. We used 3-fold cross
wlidation in all experiments below for averaging the results. The settings for the classifiers were as
follows.

(1) For ICT, we ran the algorithm without the consistency checking process. No labeled data was
given to ICT. The initial #;g was set to 0.7.

'.' (2) For Co-Training, the values of the parameters of the classifier (in Table 3) were set in a similar
way as in [1]. As Co-Training requires a small set of correctly pre-classified training data, we
gave the algorithm with 18 hand- I

. ponand u to 1182, 3, 3 and 115, respectively.

~(3) For EM, we supplied the algorithm with 18 initial labeled data and 1182 unlabeled data.

~ (4) For the supervised naive Bayes classifier, we gave the algonithm 1200 initial labeled data.

|

I
#2.2. Experimental results

* The results are shown in Table 4. In the table, “Co-Training(Bayes)” and “Co-Training(Word)” were
Fsge results of naive Bayes and word segmentation classifiers of Co-Training, respectively. “ICT(Bayes)”
and “ICT(Word)” were for naive Bayes and word segmentation classifiers of ICT. As shown in the table,
ICT(Word) gave the best performance according to Fj-measure, which was comparable to S-Bayes.
Ihe performance of ICT(Bayes) was higher than S-Word. Both classifiers of Co-Training had lower
grformance, compared to the other classifiers.

r;?ompared to supervised learning classifiers, the performance of ICT was comparable to that of S-
Bayes and quite better than that of S-Word. The results demonsirate that our system can effectively
@'{:unlabeled examples and the two modules succeed in training each other. From the experiments, we

F Shitp://www.yahoo.co.jp.
~ thitp:/fwww.sanook .com, hitp://www.pantip.com.
lp//www javaseftcom. . . S
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T ce., " Table 4 SR

The precision (%), recall (%) and F}-measure of

the classifiers for the problem of Thai/non-Thai

page classification

Classifier P(%) R(%) £

JCT(Word) 0000 99.00 99.50
S-Bayes 100.00  99.00  99.50
ICT(Bayes) 100.00 9878 99.39
S-Word 99.08 99.61 99.34

Co-Training(Bayes) 100.00 98.67 9933
EM 100.00 9856 99.28 !
Co-Traming(Word) 10000 9845 99.22

found that ICT ran much faster than Co-Training and EM because Co-Training and EM used incremental
ibeling style during the training process which gradually added a small number of labeled data in each!

i

found. The learning process of ICT took 14.5 second, whereas Co-Training and EM took 51.5 and.

37.2 second, respectively. Note that all of the algorithms were implemented using JAVA programming,

| language and were run on Windows platform.
43, The results of web page classification on the webKb data set

The WebKb data set contains many Web pages related to the university domain. It was obtained via
fip from Camegie Mellon University [11]. The data set consisted of 981 Web pages collected from the
0 puter science department Web sites at four universities: Cornell, University of Washington, Univer-
ity of Wisconsin, and University of Texas. These Web pages were hand-labeled into four categories,
which were course homepages, faculty homepages, project homepages and student homepages.

in this data set, some categories were actually closely related and this made the classification more
difficult. A course home page gives information about the subject such as the course outline, the class
schedule, reference books, etc. A faculty homepage is an instructor homepage, which gives information
bout the instructor’s research, teaching course, etc. A project homepage is actually a research homepage.
A student homepage is a personal homepage of a student in one of the universities.

43.1. Data set and experimental selting

- We had 220 course Web pages, 147 faculty Web pages, 81 project Web pages and 533 student Web
pages. Each sample was filtered to remove words that gave no significance in predicting the class of the
fdocument. Words to be eliminated were auxiliary verbs, prepositions, pronouns, possessive pronouns, |

words appearing in the page’s content and the set of words appearing in all headings. The first classifier
sed the words appearing on the headings as the feature set, whereas the second classifier used words
appearing in the content of the Web page as the feature set. The combined classifier predicted the class of
examples based on the output from the heading-based and content-based classifiers as shown in Eq. 16.

PT'(ZJ; I U'{) = Pf(lj ‘ .'I?l)P‘T'(lj l 3'2) (IS)

where T, and x are the heading and the content feature sets of document d;. The settings for the
tlassifiers were as follows.

.
)
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r"(__l) For ICT, we randomly selected 30% of all samples from each category to be initial labeled data.
 The training set (unlabeled data) consisted of 30% of all samples, and 40% of all samples were
.~ used as a test set.

" (2) For Co-Tralning and EM, we used the same set of initial labeled data as ICT. The unlabeled data
and the test set were also the same. The parameter p and n of Co-Training were set to 1 and 3,
respectively.

" (3) For the supervised naive Bayes classifier, we supplied the algorithm with 60% of the examples as

labeled data and 40% of all samples were used as a test set.

L}Z Experimental resulits \
The experiments were conducted using 5-fold cross-validation in order to give each Web page a chance!
k}be trained and tested equally. After the training process was finished, we evaluated classifiers based on
¢ feature sets, which were the heading feature set, the content feature set and the combined feature set
heading-+-content). After the learning process of every algorithms were accomplished, the performances
fthe algorithms were evaluated based on the feature sets.
" Figures 3—5 show the results of classifiers using the heading feature set, the content feature set and
fie combined feature set, respectively. In the figures, “ICT” stands for the Iterative Cross-Training
dlgorithm, “S-Bayes” stands for the supervised naive Bayes classifier. Co-Training and EM stands for
ihe Co-Training and Expectation-Maximization algorithm, respectively. Considering the performance!
measured based on F of classifiers using heading features (Fig. 3), we found that ICT got 80.73%
n course homepages which was equal to Co-Training but higher than EM. This fact is also true for
lie student homepages, ICT got 92.45%, whereas Co-Training and EM got only 85.13% and 89.20%.
or the project homepages, ICT obtained 50.06%, where as Co-Training and EM obtained 37.84%
§151.26%. Nevertheless, ICT gave the competitive performance compared to S-Bayes. S-Bayes

it 81.13%, 50.00%, 55.56% and 91.16% measured on course homepages, faculty homepages, project
omepages and student homepages, respectively.

For the content feature set as shown in Fig. 4, the F; score of ICT was 84.47% and was higher than,
liose of Co-Training and EM on student homepages which were 66.27% and 77.05%, respectively.
evertheless, the performance measured on other categories are less than those of Co-Training, EM and
-Bayes.

l. Figure 5 shows the performance measured on classifiers using the combined feature set (heading +
ontent). The performance of ICT was higher than those of Co-Training and EM on course homepages
ind student homepages.
* Note that we applied the micro average to measure the overall performance of €ach classifier. The
flicro average is normally used when the number of test data in each category are different. The average
@rformance of all classifiers are given both in Fig. 6 and Table 5. Considering the average of F';- measure,
found that the heading-based classifier of ICT obtained 78.25% correctness, which was higher than

W)Se of Co-Training and EM. The content-based classifier of ICT obtained 71.76% correctness, while
ppo-!rammg and EM got 66.14% and 70.70%, respectively. Nevertheless, the performance of classifiers
W8ing ICT was a bit less than those using S-Bayes. This is because ICT employed only 50% of the
ibeled data used by S-Bayes. The performanccs of classifiers using both feature sets of ICT were also
ﬁlgher than EM and Co-Training.

* We found that the training time of ICT was much less than Co-Training and EM. With ICT, it took
Whout 3 minutes for the algorithm to converge, whereas with Co-Training and EM, it took more than
) minutes to converge (all of the algorithms were implemented using JAVA language on Windows

i
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F1-measure

30T
ICT —6—
20 | S-Bayes —+— .
Co-Training —B—
EM —>—
10
Course Faculty Project Student

Categories

Fig. 3. The performance of classifiers using the heading feature set on the WebKb data set.

100

F1-measure

3or
ICT —6—
a0t S-Bayes T+ &
Ce-Training —B—
EM ¥
10
Course Faculty Project Student

Categories

Fig. 4. The performance of classtfiers using the content feature set on the WebKb data set.

4. The results of web page classification on the webClass data set

The WebClass data set was obtained from a machine learning research group in Italy [12]. It consists of
02 Web pages corresponding to four categories, which are astronomy, jazz, auto and motorcycele. Each
ategory has 48 pages. The first two categories are semantically distant, whereas auto and motorcycle
ategories are both concemning about vehicles and are closely related.
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Fig. 5. The performance of classifiers using the combined feature set on the WebKb data set.

Table 5
The average performance of classifiers on the Weblb data set
Classifier Heading Content Heading+Content
P (%) R{%) F P (%) R{%) F P(%) R((%) o
ICT 71.85 9439 7825 6723  86.73 71.76 7339  88.27  76.22
S-Bayes 7499 87.24 799 7695 8414 79.60 7892  83.76 80.46
Co-Training 7395 8469 7564 79.69  60.72 66.14 68.29 8726 7530
EM 68.62 91.64 7598 76.78 7428 70,70 74.87 7850 70.08

td.1. Experimental setting

The preprocessing step was done in the same way as in the WebKb data set. The settings for classifiers
were as follows.

(I) For ICT, Co-Training 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. -

(2) For the supervised naive Bayes classifier, we selected 66% of all examples to be labeled data. The
test set was also 34% of all examples.

842, Experimental results

All experiments were conducted using 3-fold cross-validation. Figures 7-9 show the results of
tassifiers measured based on heading, content and the combined feature sets.

Considering performance measured based on heading features on classifiers as shown in Fig. 7, ICT
80196.55% on astro homepages which was higher than those of S-Bayes, Co-Training and EM which got
#.08%, 76.47% and 89.51%, respectively. For the motorcycle homepages, ICT got 84.62% which was
figher than those of S-Bayes, Co-Training and EM which got 81.27%, 70.04% and 52.72%, respectively.
Nevertheless, the performances of the other categones, auto and jazz, of ICT were less than those of
$Bayes, Co-Training and EM..

-

]2
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Fig. 6. The average performance of classifiers using different feature sets on the WebKb data set.
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Fig. 7. The performance of classifiers using the heading feature set on the WebClass data set.
|

LFigure 8 shows the performance of classifiers using the content feature set. We found that ICT got
ligher performance than other classifiers on auio, jazz and motocycle categories. The performance
ficasured based on the combined feature sets is shown in Fig. 9. We found that ICT got higher
jerformance on jazz and motocycle categories (100.00%, 96.55%), whereas S-Bayes, Co-Training and
M got 98.85%, 92.97%, 97.78% on the jazz category and 90.39%, 82.91%, 85.35% on the motorcycle
filegory.

-

-
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Fig. 8. The performance of classifiers using the content feature set on the WebClass data set.
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Fig. 9. The performance of classifiers using the combined feature set on the WebClass data set.

Considering the average performance measured by £ {(as shown in Fig. 10 and Table 6), we found
dhat the heading-based classifier of ICT obtainéd 83.78%, which was higher than those of Co-Training
nd EM.

The performance of classifiers using the combined feature set of ICT was higher than those using
ayes. However, the performance deficiency of the combined feature set (heading+content-based
fer) was less than those using S-Bayes. For the heading-based classifier, Co-Training and EM lost

Ss.
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The average performance of classifiers on the WebClass data set
{ Classifier Heading Content Heading+Content
P(%) R(%) B P(%) R(%) B P{%) R(%) I3
ICT 8647 8572 8378 9500 9822 96.49 9245 9643 95418 '
S-Bayes 84.36  B5.12  B2.17 93.14 9762 9499 9397 9821 9581
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Fig. 10. The average performance of classifiers using different feature sets on the WebClass data set.

202% and 22.11%, respectively.

~ For the content-based classifiers, the classifier of ICT got higher performance than S-Bayes. Moreover,
the classifiers of Co-Training and EM lost 6.30% and 2.81%, respectively. Note that the training time of
ICT is much less than Co-Training and EM. With ICT, it took 1 minute for the algorithm to converge,
?rhereas Co-Training took 5 minutes and EM took 2 minutes.

45. Performance of ICT on noisy data

In reality, there is a possibility that the initial labeled data are incorrectly labeled due to human error.
Therefore, it is interesting to see how a learning algorithm is affected by this real world problem. Since
ICT, Co-Training and EM are boosting-style learning algorithms, they need a small amount of initial

iabeled data. Therefore, we added noise to these labeled data and let the algorithms start the learning
process.

The experiments were conducted on three data sets as in the previous subsections. Varying levels of
‘andom class noise, between 10% to 50% were added to the initial labeled data. The results are shown
helow.

As shown in Fig. 11, ICT was robust in the presence of noise as neither classifier’s performance
thanged. The word segmentation and naive Bayes classifiers of ICT still preserved their performance
*139,.5,0% and 99.39%., when noise was added up to 50%. This was because all unlabeled data were

=
s
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Fig. 11. The performance of classifiers at different levels of noise on the Thai/nonThai data set.

relabeled in every iterations by both classifiers. Both classifiers, CT (Word) and CT (Bayes), of Co-,
Training were sensitive to noise as their performances dropped considerably from 99.22% to 98.50%,:
%imd from 99.33% to 95.00%. The reason that Co-Training was more sensitive is that Co-Training
used an incremental labeling style and thus the noisy initial labeled data had very high influence to each
glassifier of Co-Training. Since the classifiers learned from the incorrectly labeled data would very likely

ign the new wrong labels incrementally to the unlabeled data. These new mislabeled data would be
mcumuiated during the training process, which caused the performance degradation of Co-Tralmng
il'he performance of the EM algorithm dropped slightly when noise was increased to 50%.

' The graphs in Fig. 11 show the performances of all classifiers on the WebKb data set. We found

that, when noise was added up to 50%, the heading-based and content-based classifiers of ICT lost
about 10.85% and 12.70%, respectively. Both classifiers of Co-Training lost 14.58% and 16.17% of
performance. Considering the EM algorithm, we found that the loss of performance due to noise labeled
Eata is still acceptable. The heading-based classifier of EM lost 11.99% of corréiness, which was
gomparable to ICT. The content-based classifier of EM lost 20.79%
} The performances of all classifiers when noise was added on the WebClass data set are shown in
Fig. 13. We found that both classifiers of ICT lost less performance than those of Co-Training. The
performahce loss of heading-based and content-based classifiers of ICT was 20.92% and 24.10%, whereas
the heading-based and content-based classifiers of Co-Training lost 31.70% and 31.47%. For the EM
algorithm, the heading-based and content-based classifiers lost 18.75% and 35%, respectively.

5. Conclusions

We have presented an algorithm that effectively uses unlabeled examples to estimate the parameters
of the system for classifying Web pages. The method is based on fwo sub-classifiers that iteratively train
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Fig. 13. The performance of classifiers at different levels of noise on the WebClass data set.
each other. Since ICT consists of two sub-classifiers, the algorithm has an ability to utilize different

feature sets of the Web pages during the leaming process to construct the most appropriate model for
classifying unseen Web pages. With no or a small set of pre-labeled examples, our method gives high
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precision and recall on classifying Web péggg.'i'fhé—perfonnaflée of our method is cc;ﬁlpaxable with|
tiose of supervised ones, which demonstrates the successful use of unlabeled data of our algorithm.|
HI@ have applied ICT to three classification problems. When we supply domain knowledge to the|
stronger classifier, ICT has an ability to boost the performance of the weaker classifier. Moreover, ICT’s‘-
performance 1s still acceptable, when no domain knowledge is given. j
CICT has an advantage in that it quickly converges since the labeling style is re-labeling mode, unlike
{o-Training which uses an incremental labeling style. ICT is robust in the presence of noise, when we,
i provide domain knowledge to the algorithm. ICT is an easy to use algorithm, since we need not tune!
many parameters, unlike the Co-Training algorithm which requires the parameter tuning of p and n. In|

lie case that no domain knowledge was available, ICT performance declines less than Co-Training and:

|
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lterative Cross-Training: An Algorithm for
Learning from Unlabeled Web Pages

Nuanwan Soonthotnphisaj,* Boonserm Kijsirikult
Machine Intelfigence and Knowledge Discovery Laboratory, Departrent of
Computer Engineering, Chulalongkorn University, Bangkok 10330, Thailand

The article presents a new learning method, called irerative cross-training (ICT), for classifying
Web pages in three classification problems, i.e., {1} classification of Thai/fnon-Thai Web pages,
(2) classification of course/non-course home pages, and (3) classification of university-related
Web pages. Given domain knowledge or a small set of labeled data, our miethod combines iwo
classifiers that are able to use effectively unlabeled examples to iteratively train each other. We
compare ICT against the other learning methods: a supervised word segmentation classifier. a
supervised naive Bayes classifier. and a co-training-style classifier. The experimental results on
three classification problems show that ICT gives better performance than those of the other
classifiers. One of the advantages of ICT is that it needs only a small set of prelabeled data or
no prelabeled data in the case that domain knowledge is available. © 2003 Wiley Penodicals,
inc.

1. INTRODUCTION

Given prelabeled training data, supervised learning has been applied success-
fully to text classification.">*”*'*'® However. one of the difficulties of using
supervised learning is that the algorithm needs a large number of labeled examples
to find the common properties of the class and use them to classify unseen data.
Unfortunately, the text classification is a tedious job and a time-consuming task for
hurnans to read and analyze the category of the pages. Although it is costly to
construct hand-labeled data, in some domains it is easy to obtain unlabelgd data
such as data on the Internet. Thus, if we are able to use effectively the available
unlabeled data, we will simplify the task of building text classifiers. Various
methods have been proposed to use unlabeled data together with prelabeled data
for text classification, such as active learning with committee,"" text classification
using EM,'* and the co-training algorithm.*

“Author 1o whom all comespondence should be addressed: e-mail: nuanwan@
mind.cp.eng.chula.ac.th. .
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This article describes a new algorithm, called iterative cross-training (ICT),
that etfectively uses unlabeled data in the domain of Web page classification where
unlabeted data is plentiful and easy to obtain. Our method combines two classifiers,
which iteratively train each other. Given two sets of unlabeled data, each of which
is for each classifier, the classifiers label the data for the other. The first classifier
is given some knowledge about the domain and uses the knowledge to estimate
labels of the examples for the second classifier. The second classifier has no
domain knowledge and learns its model from examples labeled by the first, using
the current model to label training data for the first. This training process is
iteratively repeated. With good interaction between two classifiers, the perfor-
mance of the whole system is increasingly improved. If we have no domain
knowledge, we supply the algorithm with a small number of labeled examples. One
of the advantages of our method is that because the method requires no labeled data
or needs only a small number of data, it reduces human effort in labeling data and
can be trained easily with a lot of unlabeled data.

Because the Internet becomes a part of our life, everyone could access any
Web pages through a search engine. To provide the high impaci to users and apply
our leaming algorithm to the real-world application, we intend to apply our
learning method in the area of the Internet that focused on Web page classification.
Therefore, we apply our algorithm to three classification problems: (1) the classi-
fication of Web pages based on the specific language (Web pages written in Thai
language and non-Thai language); (2) the classification of Web pages into course
and noncourse home pages, which was introduced by Blum and Miichell?; and (3)
the classification of the university-related home page, which was introduced by
Craven et al.” To evaluate the effectiveness of our method, we also implement
other classifiers to compare empirically with our method. The implementation is
designed to explain or at least give some answers to questions: Is ICT that
combines two classifiers an effective method? Does this kind of combination of
two classifiers perform better than only one? Can the method successfully use
unlabeled data? The other classifiers are (1) a supervised word segmentation
classifter (S-Word), (2) a supervised naive Bayes classifier (S-Bayes), (3) a
co—training-style classifier (CoTraining). Among these classifiers, S-Bayes or
S-Word is a single and supervised classifier. CoTraining and ICT are compgsed of
two subclassifiers and are able to use unlabeled data.

The experimental results show that ICT successfully and efficiently classifies
Web pages with high precision and recall. The overall performance, evaluated by
F, measure of ICT is better than those of the other methods tested in our
expeniments. The better performance of ICT than those of supervised ones (e.g.,
S-Bayes) shows the successful use of unlabeled data. The results also show that the
rraining technique of 1CT also is an effective way because its performance is better
than that of CoTraining, which uses a different training technique.

This study is organized as foltows. Section 2 describes an overview of our
system and gives the details of our classifiers. Section 3 describes other learning
methods used in our comparison. Section 4 describes the experimental results.
Discussion and related work are given in Section 5 and, finally. Section 6 con-
cludes our work.

2%
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ITERATIVE CROSS-TRAINING 3
Training Training
Datal Data
classify
classify
train train
Classifier] Classifier?

Figure 1. The architecture of ICT is shown. it is composed of two classifiers that use unlabeled
data to iteratively train each other.

2. ICT

This section presents ICT. First, we describe the architecture of our learning
system and then give the details of two classifiers used in the system. Figure 1
shows our learning system, which determines how to classify Web pages. The
system is composed of two classifiers: Classifier] and Classifier2. Given domain
knowledge or a smali set of prelabeled data, these two classifiers estimate their
parameters from unlabeled data by receiving training from each other. Two
training data sets, called TrainingDaral and TrainingDara2 are duplicated from the
unlabeled data provided by the user. Let 6, and 8, be sets of parameters of
Classifier! and Classifier2, respectively. TrainingDeatal ts used 1o train Classifier!
to esttmate its parameter set, and TrainingDara? is used to estimate the parameter
set of Classifier2. The algorithm for training the classifiers is shown in Table L

The idea behind our algorithm is that if we can obtain reliable statistical
information contained in TrainingData2, it should be useful m classifying Train-
ingDatal. If the starting parameter set of Classifier! (8,,) has the property that it
produces more true positive than wrong positive examples and more true negative
than wrong negative examples for TrainingDataZ2, the statistical information in
correctly classified examples will be obtained.

Using this information, Classifier2 should correctly classify more exafoples in
TrainingDatal that have similar characteristics. If the newly labeled Training-
Datal can produce ¢, better than #,,,, more reliable parameters of the whole system
should be obtained after each iteration.

In the algorithm, first, we initialize the parameter sets of Classifier] and
Clasxifier2. This is done by training the classifiers with a small sct of labeled
examples if they are available. If no labeled example is provided to the system, the
values of the parameters can be a predetermined or rundomly chosen. When a
classificr labels data, it can ask for the confirmation from the other classifier to
make decisions about which class the example should be. If both classifiers agree
with the same classifying result, that example will be labeled. The purpose of
consistency checking is to produce more reliable labeled data. but the checking will
slow down the learning process.

F1
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Table I. The training algorithm of ICT.

Given:
* Two sets TrainingDaral and TrainingData? of uniabeled training examples
Initialize the parameter set of Classifier] to 8,
0, « by
Imtialize the parameter set of ClassifierZ to 0.,
O = Oy
Loop until #, does not change or the number of iterations exceeds a predefined value:
If labeling mode=BATCH Then

+ Use Classifier] with the current parameter set #, to label all data in TrainingDara2 into positive
examples and negative examples, and check consistency of the classification with Classifier? if
NECessary.

Else \* labeling_mode =INCREMENTAL "

* Use Classifier! with the current parameter set 1, to label the class for the most confident
p-positive unlabeled examples and most confident n-negative unlabeled examples, and check
consistency of the classification with Classifier2 if necessary.

Train Classifier2 by using labeled examples in TrainingData? 1o estimate the parameter set 8, of
Classifier2.
If fabeling mode = BATCH, Then

= Use Classifier2 with the curvent parameter set 8, to label all data in TrainingDatal ine positive
examples and negative examples, and check consistency of the classification with Classifier! if
NCCCHSAry.

Else \* lubeling mode=INCREMENTAL *

« Use Classifier2 with the current parameter set 6, to label the class for the most confident
p-positive unlabeled examples and rnost confident n-negative unlabeled examples, and check
consistency of the classification with Classifier? if accessary.

Train Classifier! by the labeled examples in TrainingData! to esimate the parameter set 8 of
Classifier!.

As shown in Table I, the algorithm has two labeling modes: batch labeling
and incremental labeling. The user must specify which labeling mode will be used
in a particular problem. The difference between these two labeling modes is how
the algorithm labels the data. In incremental mode, the algorithm will incremen-
tally produce a small set of new labeled examples at each round, but in batch mode,
the algorithm will label all examples and relabel them at each round. The batch-
mode labeling tends to run fast, and the incremental-mode labeling tend®to be
moere robust.

The following sections describe the details of the classifiers.

2.1. Subclassifiers in ICT for the Classification of
Thai/Non-Thai Web Pages

In the problem of classtfication of Thai/Non-Thai Web pages. our goal was to
classify Web pages into Thai and mon-Thai pages. This problem is of interest
because we want to build a Web robot that efficiently crawls the Web and retrieves
only Thai pages for building a Thai search engine. In this problem, the first
subclassifier Classifier! is given some knowledge about the domain in the form of
a dictionary and uses the dictionary for helping in determining whether a page is

[
-
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written in Thai or not. The algorithm used by Classifier! is the word segmentation
algorithm, which will be described in the next section. The second subclassifier
Classifier2 is given no knowledge and uses the naive Bayes classifier.

2.1.1. Word Segmentation Classifier (Classifier!)

One straightforward way to determine whether a Web page is in a specific
language is to check the words in the page with a dictionary. If many words appear
in the dictionary, it is likely that the page is in that language. We can not expect
that all words in the page appear in the dictionary because the Web page usually
contains names of persons, organizations, etc. not occurring in the dictionary and
may contains words written in foreign languages. Therefore, it is necessary to
determine how many words should be contained. This task is more difficult when
it is considered in a language that has no word boundary delimiters such as Thai,
Japanese, etc.'”

Note that a string of Thai characters usually can be segmented in many
possible ways because a word may be a substring of a longer word, and without a
word delimiter, it 1s difficult to find which segmentation is correct. Next, we
describe our method for word segmentation.

Given a Thai dictionary, a document 4 of n characters (¢, ¢, ... . ¢,), the
word segimentation classifier generates all possible segmentations and finds the best
segmentation {(w,, w5, ..., w,,) that minimizes the cost function in Equation §.

m

argmin 2, cost(w,) b

Ml We o

where cost{w,) 1s 1 it w, 18 a word 1n the dictionary and n2 it w, is a string not
in the dictionary.

In the following experiments, nl and n2 are set to 1 and 2, respectively.
Because generating all possible segmentations and calculating their costs is very
expensive, we use a dypamic programming technique to implement this calcula-
tion. Note that any sequence of characters, ¢;, . .., ¢;, found in the dictionary must
be considered as a word and must not be grouped with nearby characters ® form
a long unknown string.

Afier the best segmentation is determined, the document is composed of (1)
words that appeared in the dictionary and (2) unknown strings not found in the
dictionary. A That Web page should be the page that contains many words and few
unknown strings. We then detine WordRatio of a page as:

the number of characters in all words

the number of all ¢haracters in the document

Given sets of positive and negative examples, the classifier finds the threshold of
WordRatio that maximizes the number of correctly classified positive and negative
examples. If WordRatio of a page is greater than the threshold, we will classify it
as positive (Thai page). Otherwise, we will classify it as negative (non-Thai page).

J
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For simplicity, let us use only the threshold of WerdRatio as the parameter of the
word segmentation classifier (@,).

Having only the threshold of WordRario (8,) as the parameter, we can find
0,0, which produces more true positive and true negative examples for Training-
Data2. As described previously. most of Thai pages should have a high value of
WordRatio, whereas non-Thai pages should have a low value of WordRavio. H the
numbers of Thai and non-Thai pages in TrainingDataZ are the same, it is easy to
see that any value of 8,, will give more correctly classitied pages than incorrectly
classified pages {except for 9,, = 0.0 or 8,, = 1.0, which gives the same number
of correctly and incorrectly classified pages). If the number of Thai pages is lower
than the number of non-That pages, a high value of 8, (e.g., 0.7, 0.8, and 0.9) will
produce more correctly classified pages. This is the case that is likely to be
encountered in the real world. A low value of 8, is used when the nomber of Thai
pages is larger than that of non-Thai pages. AQ:S

A new 8, can be estimated after the naive Bayes classifier (Classifier2) labels
data in TrainingDatal. Let SP be the smallest value of WordRatios from all labeled
positive examples, and let LN be the largest value from all labeled negative
examples. In case of P = LN, the new 8, is estimated as

SP+ LN
6, = — 5 (2)
Now. consider the case of SP < LN. Let V, = SP, Vn = LN.and V,, ..., V, |
be the values between V|, and V, (V, = V, = --- =<V | = V). The new 0,
is estimated as
, Vie + Ve
V. = argmin (no. of V, + no. of V) (3

Vi

where V, is a value of a labeled positive example, V; is a value of a labeled
negative example, and V, = V, <= V,, V,, , =V, s V,_

If SP > LN, 6, will completely discriminate the labeled positive from
negative examples. Otherwise, 0, will give the minimum errors of misclassified
examples.

" 2.1.2. Nuive Bayes Classifier (Classifier2)

For text classification, naive Bayes 1s among the most commonly used and the
most effective methods." To represent text, the method usually uses bag-of-words
representation. Instead of bag-of-words, we use the simpler bag-of-characters
representation in the problem of classification of Thai/non-Thai pages. This rep-
resentation is suitable for a Web robot to identify Thai Web pages because it
requires no word segmentation and thus it is very fast. In spite of its simplicity, our
results show the effectiveness of bag-of-characters representation in identifying
Thai Web pages, as shown later in Section 4.

LD
o~



ITERATIVE CROSS-TRAINING 7

Given a set of class labels L = {/,, [,, ..., I,,} and a document & of n
characters (¢, ¢, . ... ¢,), the most likely class label [* estirnated by naive
Bayes is the one that maximizes Pr(/]c, ..., )

[*

argmax Pr(ffc,, ..., c,)
l.’

Pr(i)Pricy, .. .. c.ll)

= argmax - {4)
grj Prlcy, .. .. Cn)
= argmax Pr{l)Pr(c,, . . .. ef[) (5)

i

In our case, L is the set of positive and negative class labels. The term Pr(c,, .. .,
¢,) in Equation 4 can be ignored, because we are interested in finding the most
likely class label.

Because there are usually an extremely large number of possible values for
d = {cy, 5. ..., c,), calculating the term Pric,, ¢,, .. .. c‘,,l!j) requires a huge
number of examples to obtain reliable estimation. Therefore, to reduce the number
of required examples and improve reliability of the estimation. assumptions of
naive Bayes are made.'* These assumptions are (1) the conditional independent
assumption, i.e., the presence of each character is conditionally independent of all
other characters in the document given the class label and (2) an assumption that
the position of a character is unimportant, e.g.. encountering the character “a" at the
beginning of a document is the same as encountering it at the end. Clearly, these
assumptions are violated in real-world data, but empirically naive Bayes has been
applied successtully in various text classification problems.™'?-'*

Using the foregoing assumptions, Equation 3 can be rewritten as

I* = argmax Pr() [] Pricll, e ..., ¢ )
f

s =1

H

argmax Pr(f}) [] Pr(c,|t) (6)
]

i=1 -

This model also is called the unigram model because it is based on statistics about
a single character in isolation.

The probabilities Pr(/,) and Pr(c,|!,) are used as the parameter set 6, of our
naive Bayes and are estimated from the training data. The prior probability Pr(/,)
1s cstimated as the ratio between the number of examples belonging to the class /,
and the number of all examples. The conditional probability Pr(c,|f ;) of seemg
character ¢, given class label [,. is estimated by the following equation:

P+ N, 1)

[AI]

PI(CJIJ) = mﬁ

7

where N(¢,, {,) is the number of times character «; appears in the training set from
class label {, N(/}) is the total number of characters in the training sct for class label

B
J
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I, and T is the total number of unique characters in the training set. Equation 7 uses
Laplace smoothing (adding one to all the character counts for a class) to avoid
assigning probability values of zero to characters that do not occur in the training
data for a particular class.

2.2. Subclassifiers in ICT for the Classification of
Course/Noncourse Home Pages

The problem of classification of Web pages into course/noncourse home
pages is described in Ref. 2. The course home page gives information about the
subjects taught at the university, course syllabus, instructor, class schedule, etc.,
and noncourse home pages are instructor home pages, department home pages, and
student home pages. In this problem, each Web page contains two sets of features:
(1} words appearing in the content of the page and (2) words appearing on the
hyperlinks that link to that page. Therefore. each page can be viewed in two
different ways. i.e., content-based features and hyperlink-based features. With
these two feature sets, we construct two naive Bayes classifiers: the first one
{Classifier] in Table I} learns from hyperlink features and the second one {Clas-
sifter2) learns trom content-based features. Both classifiers use the naive Bayes
algorithm, which is the same algorithm described in Section 3.1, except that for this
problem it uses bag-of-word representation.

2.3. Subclassifiers in ICT for the Classification of
University-Related Web Pages

The goal of this classification problem is to classify Web pages into four
categories, which are course, faculty, project, and student Web pages. In this
problem, each Web page contains two sets of features: (1) words appearing in the
content of the page and (2) words appearing in headings indicated by the hypertext
markup language (HTML) tags (e.g.. <H1>, <<H2>>, or <<{H3>>). Therefore, each
page can be viewed in two different ways, i.e., content-based features and heading-
based features. With these two feature sets, we construct two naive Bayes Tlassi-
fiers; the first one learns from content-based features and the second one (Classifier
2} learns from heading-based features. Both classifiers use the naive Bayes algo-
rithm, which is the same algorithm described in the Section 3.1. This problem also

v uses bag-of-word represemntation.

3. OTHER CLASSIFIERS USED IN COMPARISON
In our experiment, we will compﬁrc ICT with the following classifiers:
(1Y A supervised word segmentation classifier

(2) A supervised naive Bayes classifier
{3) A co—training-style classifier

e
0y
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Table II. The co~training-style algorithm.

Given:
+ A set LE of labeled training examples
» A set VE of unlabeled examples
Create a pool UE' of examples by choosing « examples at random from UE.
Loop until no exampies left in UE: .
Use LE to estimate the parameter set (0, of Classifier]
Use LE to estimate the parameter set 8, of Clussifier?
Allow Classifier! with 8, to label p-positive and n-negative examples from UE’
Allow Classifier2 with #, to label p-positive and »n-negative examples from UE’
Add these self-labeled examples to LE
Randomly choose 2p + 2n examples from UF 1o replemsh UE’

Supervised word segmentation and supervised naive Bayes classifiers used in our
comparison are the same as those described in Section 3.1, except that they arc
trained by a large number of hand-labeled data. The Co—training-style classifier is
described in the next section.

3.1. Co-Training-Style Classifier

The cotraining algorithm is described in Ref. 2. The idea of the algonthm is
that an example can be considered in two different views. For example, a Web page
can be partitioned into the words occurring on that page and the words occurring
in hyperlinks that point to that page.” Either view of the example is assumed to be
sufficient for learning. The algorithm consists of two subclassifiers, each of which
learns its pararneter sets from each view of the example.

Based on this idea, we construct a co-training-style algonthm for our prob-
lems. The algorithm is shown in Table II. The algorithm uses two subclassifiers:
Classifier] and Classifier?. These two classifiers are the same as ones of ICT:

(1) Inthe case of classification of Thai/non-Thai pages. we view each Web page as a set
of words occurring on that page and a set of characters occurring on the page. The
word segmentation classtfier (Classifier]) is used 1o learn from the view of the word
representation, and the naive Bayes classifier (Classifier2) is used for the character
representation. The parameters 8, and 0, of Classifier] and Classifier? are esgjmated
in the same way as described in Section 2.1.

(2) Inthe case of classification of course/noncourse home pages, we view each Web page
as words occurring on that page and the words occurring in hyperkinks that point to that
page. The page-based classifier Classifier! learns from words occurring on that page.
The hyperlink-based classifier Classifier? learns from words occurring in the hyper-
links. For this problem. both Classifier! and Classifier2 are naive Bayes classitiers.

(3) In the case of classification of university-related Web pages, we view each Web page
as words occurring on thit page and words appearing in all headings of that page. The
content-based classifier Classifier! learns from words occurring on that page. The
heading-based classifier Classifier2 learns from words occurring in all headings of the
page.

Our co—training-style algorithm is shightly different from the original one in that
our algorithm wilf consume all data in {E. This 15 done to provide a fair
comparison with the other methods.

3
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4. EXPERIMENTAL RESULTS

We conducted experiments to compare [CT with the other classifiers
described in the previous section: supervised word segmeniation classifier
{5-Word), supervised naive Bayes classifier (5-Bayes), and co—training-style
classifier (CoTraining). This section describes the data set, the setting for each
classtfier, and the results of the comparison on three classification problems: (1)
Thai/non-Thai page, (2) course/noncourse home page, and (3) university-
related Web page classification.

4.1. The Results on the Thai/non-Thai Page Classification

In this section, we describe the data set and experimental setting for algo-
rithms and the results as follows.

4.1.1. Data Set and Experimenial Setting

We collected the data set by starting from four Web pages: a Japanese Web
page,* two Thai Web pages,” and an English web page.® From each of these four
pages, a Web robot was used to recursively follow the links within the page until
it retrieved 450 pages.

Therefore, we have ~900 Thai pages because Thai pages may link to ones
that are in English or other languages. We also have ~450 Japanese and 450
English pages. Al of these pages were divided into three sets, denoted as A, B, and
C, each of which coniains 600 pages (about 300 Thai pages, 150 Japanese pages,
and 150 English pages). Note that HTML markup tags were removed before the
training and testing process. We used threefold cross-validation in all experiments
for averaging the results.

The settings for the classifiers are as follows:

¢}y For ICT, we ran the algorithm with both incremental and batch modes. We Tefer to
incremental-mode ICT and baich-mede ICT as IFICT and B-ICT, respectively. We
used consistency checking for I-ICT and no consistency checking for B-ICT. No label
data were given to B-ICT. The initinl 8,, was set to 0.7. For I-ICT. we gave 18
hand-labeled pages as initial labeled data for the naive Bayes classitier.

(2) For CoTraining, the values of the parameters of the classifier (in Table I) were set in
a similar way as in Ref. 2. Because CoTraining requires a small set of correctly
prectassified training data, we gave the algorithm with 18 hand-labeled pages. In our
experiment, we set the values of {UE| p.a, and 1t 10 1182, 3, 3, and 15, respectively.

“http:/fwww.yahoo.co.jp.
"http:/fwww,sanook.com, hitp://www._pantip.com.
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Table 1iI. The precision (%), recall (%). and F, measure
of the classifiers for the problem
of Thai/non-Thai page classification.

Classifier P (%) R (%) F,

I-ICT {(Word) 100.00 99.44 99.72
B-ICT (Word) 100.00 99.00 99.50
S-Bayes 100.00 99.00 99.50
B-ICT (Bayes) 100.00 08.80 99 .44
I-ICT (Bayes) 99.55 99.33 99.44
CoTraining ¢Bayes}) 100.00 98.89 99.44
S-Word 99.08 99.61 99 34
CoTraining (Word) 100.00 98.66 99.33

4.1.2. Results

To evaluate the performance of the classifiers, we use standard precision (P),
recall (R}, and F, measure” (F ) defined as follows:

no. of correctly predicted positive examples

no. of predicted positive examples

no. of correctly predicted positive examples

no. of all positive examples

F 2PR
' P+R

The results are shown in Table HI. In the table, "CoTraining{Bayes)” and “Co-
Training{Word)” are the results of naive Bayes and word segmentation classifiers
of CoTraining, respectively. “B-ICT(Bayes)” and “B-ICT(Word)” are for naive
Bayes and word segmentation classifiers of ICT with the batch mode and “I-
ICT(Bayes)” and “I-ICT(Word)” are those of the incremental mode.

As shown in the Table 111, [-ICT(Word) gave the best performance according
to £, measure, followed by B-ICT(Word), which gave a comparable performance
to S-Bayes. The performance of B-ICT(Bayes) also was comparable with #hat of
CoTraining(Bayes) and I-ICT(Bayes). Compared with the other classifiers, S-Word
and CoTraining{Weord) did not perform well.

Compared with supervised classifiers, the performance of ICT was compara-
ble with that of S-Bayes and quite better than that of S-Word. The results indicate
that our system can etfectively use unlabeled examples and the two modules
succeed in training each other. The reason that [-[ICT(Word) gave better perfor-
mance than B-ICT{Word) comes from the consistency-checking step during the
classification processes. Although we did not include the details of ranning time of
all classifiers, from the experiments we found that B-ICT ran much faster than
[-FICT and Co-Training.

“The F, measure has been introduced by van Rijsbergen'” w combine recall and precision
with an equal weight.

vt

T3
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4.2. The Results on the Course/Noncourse Home Page Classification

Now, we describe the data set and experimental setting and the results on the
course/noncourse page classification problem.

4.2.1. Data Set and Experimental Setting

The data for this experiment is obtained via file transfer protocol (FIP) from  Aq:s
Camegie Mellon University.® It consists of 1051 Web pages collected from the
computer science department Web sites at four universities: Cornell, University of
Washington, University of Wisconsin, and University of Texas. These Web pages
have been hand labeled into two categones. We consider the category “course
home page™ as the positive class and the other as the negative class. In this data set,
22% of the Web pages are course home pages.

Each example is filtered to remove words that give no significance in pre-
dicting the class of the document. Words to be eliminated are auxiliary verbs,
prepositions, pronouns, possessive pronouns, phone numbers, digit sequences,
dates, and special characters. We have 230 course Web pages and 821 noncourse
Web pages. Each Web page has two views (page based and hyperlink based). The
training set contains {72 course Web pages and 616 noncourse Web pages. Three
positive examples and nine negative examples were selected randomly from the
training data set to be the initial labeled data. Therefore, each data set contains 12
initial labeled examples, 776 unlabeled training examples, and 263 test examples.
Then. we used threefold cross-validation for averaging the results.

The setungs for the classifiers are as follows:

(1Y For ICT, we ran the algorithm with both incremental and batch modes using consis-
tency checking. As we have no domain knowledge 1o provide to the classifier for this
prohlem, we gave three positive and nine negative examples as initial labeled data for
ICT. The parameters p and # in Table I were set 1o | and 3, respectively.

(2) For CoTraining. the values of the parameters of the classifier (in Table I) were set in
the same way as in Ref. 2. Because CoTraining requires a small set of preclassified
training data, we gave the algorithm with three positive and nine negative examples.
In our experiment, we set the values of [UE|, p. n, and u to 776, 1. 3, and 75,
respectively. -

£.2.2. Results

The experimental results are shown in Table [V, In Table IV. [-[ICT(Content) 14
and I-ICT(Hyperlink) stand for the page-based and hyperlink-based naive Bayes
classifiers of I-1CT, respectively, and B-ICT{Content) and B-ICT(Hyperlink) are
those of B-ICT. CoTraining(Content) and CoTraining(Hyperlink) are page-based
and hyperlink-based naive Bayes classifiers of CoTraining algorithim. respectively.
S-Bayes(Content) and S-Bayes(Hyperlink) are supervised naive Bayes classifiers,

“The World Wide Knowledge Base {web-kb) project (http://www.cs.omu.edu/afs/cs.
cmu.edu/project/theo-5 /www/co-training/data/course-co-train-data.tar.gz).  Carnegie  Mellon
University.

[
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Table IV. The precision (%), recalt (%), and F, measure
of the classifiers for the problem of
course/noncourse page classification.

R

Classitier P (%) (%} F

I-1CT{Content) 94.04 80.46 86.72
S-Bayes(Content) TI 4R 04 .35 35.09
S-Bayes(Hypetlink) 87.81 62.17 72.80
1-ICT(Hyperlink) 67.54 72.41 69.89
CoTraining{Hyperlink) 62,41 59.19 60.75
CoTraining{Content) 91.91 34,49 50015
B-1CT(Content) 67.70 39.76 50.10
B-ICT(Hyperlink) 62.11 3408 44.01

which classify Web pages based on words in Web pages and words in hyperlinks,
respectively.

As shown in the Table IV. [-ICT(Content) gave the best performance fol-
lowed by S-Bayes(Content}, S-Bayes(hyperlink), I-ICT(Hyperlink), CoTrain-
ing(Hyperlink), and CoTraining(Content). The performance of B-ICT was lower
than the others. Compared with the performance of B-ICT onr Section 5.1, the
results of B-ICT on this problem were not good. This is because of the fact that
unlike B-1CT in Section 5.1, which was given knowledge in the form of the
dictionary. B-ICT on this problem had no knowledge about the domain. In this
problem. B-ICT received only a small set of labeled examples for building its
initial parameter set. As shown by the results. this initial parameter set did not
contain enough statistical information for labeling the whole examples in batch
mode. However, when we ran the algorithm with incremental mode, with the help
of consistency checking, IFICT incrementally added a small set of examples on
each round and gave improved results over B-ICT.

The reason that I-ICT(Content) gave better performance compared with
S-Bayes is because 1-ICT{Content) cooperated with I-ICT(Hyperlink) while S-
Bayes used the single classifier. The performance of I-ICT(Hyperlink) was not as
good as that of [-ICT(Content). This is because hyperlinks contain fewer words or
sometimes it contains only a proper noun. Therefore, it is less capable of building
an accurate classifier. The training technique of I-ICT also is an effective way
because its performance was better than that of CoTraining, which uses a different
training technique.

4.3. The Results on the University-Related Web Pages

In this section, we describe the data set and experimental setting for algo-
rithms and the results as follows.

4.3.1. Darta Set and Experimental Setting

This experiment used the WebKB data set,” which contains Web pages
gathered from the department of computer science in four universities. These Web
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pages have been hand labeled into four categories, which are course home page,
faculty home page, project home page, and student home page.

In this data set, some categories are actually closely related, which make the
classification more difficult. A course home page gives information about the
subject such as the course outline. the class schedule, and reference books. A
faculty home page is an instructor home page, which provides information about
the instructor’s research in the teaching course. A project home page actually is a
research home page. A student home page is a personal home page of a student
who studies at the university.

We have 220 course Web pages, 147 faculty Web pages, 81 project Web
pages, and 533 student Web pages. Each example was filtered to remove words that
give no significance in predicting to the class of the document as in Section 4.2.
Then, the word stemming process was applied to each sample by using Porter the
algorithm'® in order to remove all suffixes and search for similar words based on
the root word. Finally, we extracted all headings appearing in each Web page to be
the feature of heading-based classifier. Therefore, each Web page can be viewed as
the series of words appearing in the page’s content and words appearing in all
headings belong to the Web page.

For each category, 5% of all examples were used as initial labeled data. The
training set was composed of 70% of all examples and 25% of all examples were
used as the test set.

We assume that each Web page may belong to more than one category;
therefore, the leaming process was performed by class basis to get the knowledge
for each class. For example, we train the classifier to learn the concept of the course
Web page by considering the course Web page as positive examples, whereas
examples trom other classes are considered to be negative ones. We conducted
experiments by using threefold cross-validation for averaging the results of each
category. The parameters p and n of the CoTraining algorithm and ICT are set to
I and 3, respectively.

4.3.2. Results

Tables V and V1 show the results of all classifiers using the headingsbased
feature and the content-based feature, respectively. In the tables, S-Bayes stands
for the supervised naive Bayes classifier, I[ICT and B-ICT are the naive Bayes
classifiers of the ICT algorithm using incremental and batch modes, respectively.
CoTraining is the result of the naive Bayes classifier of the CoTraining classifier.

Considering the performance of classifiers in Table V, we found that I-ICT
outperformed S-Bayes and CoTraining in all categories. The summary result in
Table VI shows the explicit comparison of each classifier’s performance. Accord-
ing to the £ measure, I-ICT(Heading) obtained the best performance with 73.83%
followed by S-Bayes(Heading) and” [-ICT(Content). Most classifiers using the
heading feature obtained higher performance than classifiers using the content
feature. It implies that the heading feature has more potential than the content
feature in helping the classifier to build the correct model used in the classification
process. Considering the feature set, we found that I-ICT obtained the highest

AQ:7
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Table V. The precision (%). recall (%), and F, measure of classifiers using
threefold cross-validation.

Category Classifier P (%) R (%) F,
Course I-ICT(Heading} 8715 9394 90.42
S-Bayes(Heading) 88.5t 84.24 86.32
CoTraining(Heading) 87.91 82.42 85.08
I-ICT(Content) 90.56 7940 8d.61
S-Bayes(Coneent) 54,33 58.79 T2.44
CoTraining{Content) 82.54 49.69 62.03
B-ICT(Content) 25.00 100.00 40.00
B-ICT(Heading) 2500 100.00 40.00
Faculty 1-ICT(Heading) 77.96 66.67 71.87
CoTraining(Heading) 83.88 56.76 67.71
5-Bayes(Heading)} 77143 43.24 55.49
-ICT(Content) 69.58 3433 45.89
B-ICT(Content) 25.00 100.00 40.00
B-ICT(Heading) 25.00 100.00 40.00
CoTraining(Content} 68.78 25723 3692
8-Bayes{Content} 55.56 13.51 21.73
Project I-ICT{Heading) 66.10 73.27 69.50
S-Bayes(Heading) 8741 45.15 59.54
I-ICT(Content} 36.82 47.60 51.80
B-ICT(Conient) 25.00 100.00 40.00
B-ICT(Heading) 25.00 100.00 40.00
CoTramning{Content) 53.21 24.22 33.29
S-Bayes(Content) 93,33 14.80 25.55
CoTraming{Heading) 49.70 15.07 2313
Stodent L-ICT Heading ) 87.51 +41.28 5610
B-ICT{Content} 25.00 100.00 40.00
B-1ICT{Heading) 25.00 100.00 40.00
CoTraining{Heading) 91.67 21.46 34.78
S-Bayes{Heading) 97.92 19.09 31.95
[-ICT(Content) 100.00 15.39 26.67
CoTraining(Content) 8195 12.30 2].36
S-Bayes(Contenr) 100.00 2.50 4.88

Table VI. The precision (%), recall (%), and F/, measure
on the average performance of classifiers
using threefold cross-validation.

Classifier P (%) R (%) F,

[-ICT(Heading) T9.68 68.79 7383
S-Bayes(Heading) 8751 17.93 62.01
I-ICT{Content) 79.24 4416 36.71
CoTrainingt Heading) 7829 4393 56.28
CoTraining{Content) 71.37 27.36 40.07
B-ICT(Heading) 25.00 104.00 40.060
B-1CTiContent) 25.00 1010 00 40.00
S-Bayes(Content) §5.81 22.44 3553
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performance in both features, I-ICT also outperformed S-Bayes becavse 1-ICT
combines two classifiers based on different feature sets. For this classification
problem. batch-mode ICT did not perform well because it has no domain knowi-
edge, whereas incremental mode of ICT using different labeling technique ob-
tained higher performance than other classifiers.

5. DISCUSSION AND RELATED WORK

We have applied ICT on three classification problems. The problem of
Thai/non-Thai page classification is simpler than the problems of course/noncourse
home page classification and university-related Web page classification. This can
be seen by the performance of all classifiers, which decrease on the second and
third problems. For a difficult problem, incremental-mode ICT seems to be more
suitable than batch-mode ICT. Batch-mode ICT has an advantage because it runs
fast and it is suitable for the problem where we can provide domain knowledge.

Although the performance of our method is comparable or better than the
other classifiers. the precision and recall on the problem of course/noncourse and
university-related Web page classification are still not high. This may be because
of the simple model of the classifiers, i.e., naive Bayes classifiers. We plan to
construct some domaim knowledge for giving to the classifier and uses more
powerful classifiers to test in this problem in the near future.

Our technigue is related to the expectation-maximization algorithm.® The EM
algorithm is ap effective method for dealing with missing values in data and has
been applied successfully to text classification.'® Nigam et al.'® have shown that
the accuracy of classifiers can be improved by using EM (o augment a small
number of labeled data with a large set of unlabeled data.

Meta-bootstrapping is another unsupervised algorithm for learning from
unlabeled data.® Like our method, the algorithm is composed of two sublearning
algorithms. However, the training process of meta-bootstrapping and the way of
using data are difterent from our method. This algorithm is a multilevel algorithm
and is very useful, especially in the complex domain where sublearning algonthms
alone could not produce enough good results. We also plan to study this kind of

multilevel algorithm for using with our method. -

6. CONCLUSION

N We have presented a method that effectively uses unlabeled examples to
estimate the parameters of the system for classifying Web pages. The method is
based on two subclassifiers that iteratively train each other. Because ICT consists
of two subclassitiers. the algorithm has an ability to use the different feature sets
of the Web pages duning the leaming process to construct the most appropriate
model used in classifving unseen Web pages. Moreover, the ICT algorithm can be
applied to other classification problem as well. With no prelabeled or a small set
of prelabeled examples, our method gives high precision and recall on classitying
Web pages. The performance of our method is competitive with those of super-
vised ones, which establishes the successful use of unfabeled data of our method.

3k
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An Evaluation of the Incremental Iterative Cross-Training Approach on
Web Page Classification

Nuanwan Sconthornphisaj' and Boonserm Kijsirilul®

Machine Intelligence & Knowledge Discovery Laboratory
Department of Computer Engincering,
Facuity of Engineermg,
Chulalongkarn University,
Phathwawan, Bangkok, 10330, Thailand.
E-mail: suanwan’@chula.com, boonserm. k@ chula.ac.1h

Abstract: The paper investigates an lterative Cruss-Training algorithm using the
incremental labeling mode (I-ICT) with more challenging problems. The main
concept of I-ICT is to iteratively Uain two sub-classifiers and classify unlabeled
examples in crossing style. We conducted experiments on two Web page
categonization problems in order to prove the robustness of the algorithm. We
compare I-ICT against the supervised Naive Bayes classifier. The experimental
results show that T-ICT suill preserves its robustess performance in the Web page
categorization tasks and has encugh potential 1o he applied by a search engine.
Key words: Web page classification, Incremenaal Iterative Cross-Traiming

1. Introduction

The Internet is the biggest source of all kinds of
mformation, which can be accessed by anvene
through a search engine. As the aumber of web
pages Increases exponentially, it 1s more difficult 1o
obtain the information rapidly. Therefore, an ideal
search engine should have the most updated
mnformation of all web pages to provide the optimumn
search result for the user. One solution o this
problem 1s to vse a web robot to crawl the Internet
and categorize the web pages beforehand. As we
know, thc Web page classification task 15 a tedious
job and ume-consuming task for human to read and
analyze the category of the pages. Thus, we want it
1o be automatic and have high classification
teltability,

The problem of text classification has been explored
by many researchers with variety of learning
algorithms [1,2,3,4,5,6,7]. When we give a sufficient
set of fabeled training examples, supervised leaming
1s the most effecive method for the classitication,
However, the construction of hand-labeled data tnust
be dene by human and thus this 15 a ime-consuming
precess. Though it is costly to construct band-
labeled data, in some domains it is easy 10 obtam
unlabeled ones, such as data in the Internet
Therefore, it is our interest to apply our algorithm to
this problem in order to see some aspects and
analyse its performance.

The lterative Cross-Training (ICT) is a learning
algorithin, which has been proven to be robust under

the assumption that at least one classifier is supplied
with domain knowlcdge. ICT has two labeling
modes, which are batch-labeling and incremental-
labeling. ICT was successfully applied to Thai Web
page identification using the batch-labeling mode.
The  incremental-labeling mode  was  alse
investigated on the problem of Coursemon-Course
Web page classification. However, the impact of
ICT in the exceptional case with more challenging
problems is also ap interesting aspect. Therefore, we
employed the ICT in incremental-labeling mode (1-
ICT) to do the Web page classification tasks.

We applied our method w two Web page
classification problems. The first problem is the
classification of Web pages into four categories,
which are course, faculty, project and student
homepage respectively. The second one is the
classification of Web pages into four categories,
which are car, motorcycle, jazz and astronomy. In
order to make the explicit performance comparison
of [-ICT, we also implement the supervised leaming
algorithm. The experimental results show that the
performance of 1-ICT is comparable to the classifier
using the supervised learning algonithm.

The paper is organized as follows. Section 2
describes in detail about I-ICT and the classification
mechanism of classifiers 1s also introduced. The
concept of the supervised learning algorithm 1§
explained in Scction 3. Section 4 shows the
cxperimental results. Discussion and conclusion wilt

be given in Section 5 and 6, respectively.

—
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2. Incremental Iterative Cross-Training

The architecture of ICT using incremental-labeling
mode consists of two naive Bayes classifiers, each of
which learns from different features of Web pages.
The heading-based classifier considers words
appearing in all headings of the Web page during the
learning and classification process. The conteat-
based classifier uses words appearing in the content

of the Web page as the feature for the classification
mechanism.

Figure 1 : The architecture of Incremental
Iterative Cross-Training.

The process is started with a small number of initial
labeled data. Bach classifier estimates its parameters
and uses the learncd paramcters to classify unlabeled
data for the other as shown in Fignre 1. The
classification for unlabeled data is dome in
incremental way, i.e., the algorithm incrementally
labels a small number of data. The training data is
duplicated into two sets: TrainingDatal for training
the heading-based classifier and TrainingData2 for
training the conteni-based one. The heading-based
classifier is trained. by the labeled examples in
TrainingDatal to estimate its parameter set 8,. With
this current 6, the heading-based classifier will
classify TrainingData? into predefined classes.
Then the consistency checking process is performed

o ask for the agreement from the content-based
classi§ﬁer.

The most confident p examples from each class will-

be labeled. The content-based classifier starts with
Parameter estimation by using labeled examples in
TrainingDatal. This process will be repeatedly done
until all data are labeled.

Table 1. Incremental-ICT algorithm

Given:
¢ Two training sets TrainingDatal of heading-
based data and TrainingData2 of content-
based data (TrainingDatal and

TrainingData?2 both contain U labeled

examples).

— Use labeled data in TrainingDatal to
estimate the parameter set 8, of the heading-
based classifier.

~ Use labeled data in TrainingData2 to
esumate the parameter set 8, of the content-
based classifier.

—  Loop until all data are labeled.

s Usc the content-based classifier with
current 8. to classify TrainingDatal into
categories,

= Check consistency of the
classification  with the
heading-based classifier.
Label the class for the most
confident p examples for each
category.

= Train the heading-based
classifier by the labeled

A examples in TrainingDatal 1o
estimate the parameter set 6;
of the classifier.

s Use the heading-based classifier with
current 8, to classify TrainingData2 nto
categones.

= Check consistency of the
classification  with the
content-based classifier.
Labe) the class for the most
confident p examples for each
category.

*= Tran the content-based
classifier by the labeled
examples in"TrainingData to
estimate the parameter set 8,
of the classifier.

The classification mechanisms of these tweo
classifiers are the same, which use the naive Bayes
algorithm. The algorithm 1s a weil-known approach
and is considered to be one of the most effective
ways for text classification {10]. This algormthm
employs bag-of-words to represent the document.
The method is described below.
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Given a set of class labels L= {/,, 1,,.... ) and a
document d of n words {w;, w;,..,w,}, the most likety
class label 7* estimated by naive Bayes is the one
that maximizes Pr(ljwy,...w,) :

I* =argmax Prljw,...,w,) (1)
A
= argmax Pr(l)Pr(w,,...w,l;) (2)
L Priw;, ..., wy)

argmax Pr(l; )Priw,,...wJl;} (3)
i
For our data set, L is the set of class labels, which
are the categories of Web pages that we want the
classifier 1o learn their concepts. Priwy,..., w,) in
equation 2 can be ignored, as we are mterested in
finding the most likely class label. As there are
usually an extremely large number of possible
values for d = (w,w;..,w,), calculating the term
Priw,, ..., w,{) requires a huge number of examples
to obtain reliable estimation. Therefore, to reduce
the number of required examples and improve
reliability of the estimation, assumptions of naive
Bayes are made. These assumptions are (1) the
conditional independent assumption, ie. the
presence of each word is conditionally independent
of all other words in the document piven the class
label, and (2) an assumption that the position of a
word is unimportant, e.g. encountering the word
“subject’™ at the beginning of a document is the same
as encountering it at the end [10]. Equation 3 can be
rewritten as:

n
I* = argmax Pril) 11 Priw;|Lw, .. wy) (4)
i i=1
”
= grgmax Pr(lj) 13| Pr(w,-[l}) (5)
I i=1

The probabilities Pr(l;) and Pr(w/}]) are used as the
parameter sets &, and 8, of the classifiers, and are
estimated from the training data. The prior
probability Pr(l}) is estimated as the ratio between
the number of examples belonging to the class J, and
the’ number of all examples. The conditional
probability Pr(wi|{}, of seeing word w; given class
label [, is estimated by the following equation:

Priwil) =1 + Nw,l,} (6)
T+ M)

Where N(w,[) is the number of times word w,
appears in the training examples from class label [,
N({}) is the total number of words in the training set.

T is the vocabulary size of the training set. Equation
6 employs Laplace smoothing (add one to all of
word counis), o avoid assigning probability values

of zero to words that do not occur in the training
examples for a particular class.

To evaluate our method, we will compare it to the
supervised naive Bayes classifier. The main idea of
this classifier will be described in the next section.

3. Supervised Naive Bayes Classifier
The basic concept of supervised learning for
building a classifier is that it requires a large set of
examples with predefined classes. That means all of
training data must be labeled. The classificr is then
iry to find some common properties of the different
classes in order to make correct classification for
unseen data. Thus, this kind of classifier needs a
large number of labeled examples to correctly
model the characteristic of the class duning the
leamning process. Labeling must be done by human
in order to train the classifier accurately. In our
experiment, we employ the naive Bayes classifier
as a supervised learning algonithm. The algorithm
of the naive Bayes is the same as one described in
Section 2, except that it is trained by hand-labeled
data.

4. Experimental Results

In order to evaluate the impact of the EICT
algorithm, we set up experiments on the problem of
Web page cateporization, and compare the
performance of I-ICT to the supervised naive Bayes
classifier. This section describes the data set, the
setting of each classifier, and the results of the
comparison on two data sets: {1) WebKb data set,
and (2) WebClass data set.

4.1. The result on WebKb data set

The WebKb data set contains many Web pages
related to the university dormain. It 15 obtained via
fip from Camegie Mellon University [8]. The data
set consists of 981 Web pages collected from
Computer Science department Web sites at four
universities: Cornell, Univessity of Washington,
University of Wisconsin, and University of Texas.
These Web pages have been hand-labeled into 4
categories, which are course homepage, faculty
homepage, project homepage and student homepage.

In this data set, some categones are actually closely
related which make the classification more difficuit.
A course home page gives information about the
subject such as the course outline, the class
schedule, reference books. A faculty homepage is an
imstructor homepage, which gives information aboul
Instructor’s tesearch, teaching cowrse. A project
homepage is actually a research homepage.
A student homepage is a personal homepage of a
student in the university.
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Experimental Setting

We have 220 course Web pages, 147 faculty Web
Pages, 81 project Web pages and 533 student Web
pages. Each sample is filtered to remove words that
give no significance in predicting the class of the
document. Words to be eliminated are auxiliary
wverbs, prepesitions, pronouns, possessive pronouns,
phone numbers, digit sequences, dates and special
characters. Then, the word stemming process is
applied to each sample by using Porter algorithm
[11] in order to remove all suffixes and search for
similar words based on the root word. Finally, we
extract all beadings appearing in each Web page to
be the feature of the heading-based classifier.
Therefore, cach Web page can be viewed as a set of
words appearing in the page’s content and a set of
words appearing in all headings.

The settings for the classifiers are as follow.

{1} For HICT, we randomly selected 30% of all
samples from each category to be an imitial labeled
data. The trainimg set (unlabeled data) consists of
30% of all samples and 40% of all samples were
used as a test set. The parameter p was set to 1 for
cach class.

(2) For the supervised naive Bayes classifier, we
supplied the algorithm with 60% of labeled data and
40% of all samples were used as a test set,

Fhe experiments were conducted using S-fold cross-
. validation in order to give each Web page 2 chance
to be trained and tested equally.

The Resulis
Standard precision (P}, recall (R), Fy-measure (F;)
are used to evaluate the performance of the

classifiers. These measurements are defined as
follows.

P = no. of comrectly predicted examples in the target class
no. of predicted examples in the target class

o

R = no. of correctly predicted examples in the target class
N no. of afl examples in the target class

&

F1=2PR (9)
PR

Table 2, 3 and 4 show the results of classifiers using
the heading-based feature and the content-based
feature respectively. In the table, “S-Bayes” stands
for the supervised mnaive Bayes classifier.
“I-ICT” is the naive Bayes classifier of the
incremental Iterative Cross-Training classifier.
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Table 2. The performance of classifiers using the
Incremental lterative Cross-Training algorithm.

HCT | Heading-based Content-based
Classifier Classifier

category| P R|IF | P |R F,

course |89.38|95.00792.10|88.94|94.55| 91.66

faculty |54.22 |84.32|66.00(47.02|82.32| 59.85

project | 79.84 | 66.54| 72.59| 58.03 | 60.59 | 59.28

student |93.53|78.27|85.22|94.81 7131 81.40

average | 7924 181.03 | 80.13 | 72.20|77.19| 74.61

Table 3. The performance of classifiers using the

supervised Naive Bayes algorithm.
S-Bayes | Heading-based Content-based
Classifier Classifier

category | P R F P R F,

course |89.321|94.54|91.86(86.98192.27| 89.55

faculty |56.85|88.43(69.21(46.70|83.65| 59.94

project |85.01|77.50|81.08| 58.16]65.00) 61.39

student 194.32|78.11[85.45|95.35|69.80| 80.R4

average |81.38|84.65(81.90|71.92|77.70| 72.93

Consider the average of F; measure, we found that
the content-based classifier of I-ICT got 74.61%
correctness which is bigher than that of S-Bayes which
got only 72.93%. That means, the content-based
classifier of I-ICT can increase the comectness of
S-Bayes 2.30%. However, the heading-based classifier
of IICT got 80.13% which is less than the heading-
based of S-Bayes only 2.16%.
-

In order to see the potential of IHICT in acquiring the
new label data during the training process, we set up
another experiment of S-Bayes using exactly the same
amount of Jabeled data as used by I-JCT. It means that
the labcled data of S-Bayes was supplied with 30% of
al] examples. The results are shown in Table 4.
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Table 4. The performance of classifiers using the
supervised Naive Bayes algonithm {use the same
amount of labeled data as I-1ICT).

Table 5. The performance of classifiers using the
Incremental herative Cross-Training algorithm.

1-ICT Heading-based Content-based

S-Bayes | Heading-based Content-based Classifier Classifier

Classifier Classifier Category P R ¥, F R Fi
category | P | R | F, | P | R ki Astro 79.38 | 79.17 | 79.27 [100.00| 97.92| 98.95
course | 86.45 (9227|8927 |56.86|91.36| 89.05 Auto 86.67 | 64.58 | 74.01 | B6.59| 93.75| 90.03
faculty [ 56.02 | 85.03 [ 67.55 [ 49.07 | 79.49| 60.68 Jazz 57.41 [ 91.67 | 70.60 {100.00]100.00/ 100.00
project | 80.22 (7022|7489 |56.47| 59.34 | 57.87 Motor 86.77| 5208 ) 6509 | 94.12] 87.50) 90.69
smdent | 9217 |77.34 | 84.11 | 93.47 | 73.74| 244 average | 77.56 | 7188 74.61) 95.18 9479] 94.98
average | 78.72 | 8122|7895 | 7147|7598 | 72.51

We found that the performance measured by F, of
heading-based and content-based classifiers of
S-Bayes are decreased w0 72.51% and 78.95%,
respectively. Considering 1-1ICT which uses the same
amount of labeled data, both classifiers’ performance
are higher than those of S-Bayes. This means, the
learning mechanism of 1-1CT could produce more true

positive labeled data that enhance the correciness of
both classifiers.

4.2 The result on WebhClass data set

The WebClass data set was obtained from machine
leaming research group at Italy [13]. It consisis of 192
Web pages comesponding to 4 categories, which are
Astrenomy, Jazz, Auto and Matorcycle. The first two
calegories are semantically distant while Auto and
Motorcycle both concerning about vehicles are closely
related.

Experimental Setting

The preprocessing step was done in the same way as in

the WebKb data set.

The settings for classifiers are as follows.

(1) For IICT, we selected 33% from all examples to
be initial labeled data. The training set consists of
33% and the rest 34% is a test set.

{2} For the supervised naive Bayes classifier, we
select 66% from all examples 1o be labeled data.
The test set is also 34% from all examples.

All experiments are conducted using 3-fold cross-

validation. Table 5, 6 and 7 ate the experimental

results using the WebClass data set.

Considering the average performance measured by F,

in Table 5 and 6, we found that the heading-based

classitier of I-ICT got 74.61% which is higher than
that of S-Bayes. However, the content-based classifier
of IICT got 94.98% while S-Bayes got 95.03%. It
means that the contem-based classifier of

LICT lost only 0.05% of accuracy compared to

S-Bayes. Nevertheless, the performance of the

heading- based classifier of S-Bays is less than that of

[-ICT about 0.67%.

Table 6. The performance of classifiers using the
supervised Naive Bayes algorithm.

S-Bayes Heading-based Content-based
Classifier Classifier
Category | P R F) P R F,
Astro 7090 | 81.25 | 75.72 |100.60| 9792 9895
Auto 90.11 [ 60.42 | 72.32 | 86.93| 93.75( 902}
Jaze 63.49 | 91.67 | 73.02 (100.00/100.00 100.60
Motor 81.48 | 54.17 | 65.07 94.12( B7.50( 90.69
average | 7650|7188 | 74.11 [ 9526) 94.79| 95.03

Table 7. The performance of classifiers using the
supervised Naive Bayes algorithm (use the same
amount of labeled data as I-1CT).

S-Bayes Heading-based Content-based
Classifier Classifier
Category | P R F P R F;
Astro 66.79| 70.83] 68.73[100.00| 97.92| 98.95
Auto 90.56| 54.17( 67.79| 8487 9167| B88.14
Jazz 53.24( 89.58| 66.79/100.60(100.06 100.00
Motor 83.01| 45.83] 5906 92.59) 8542 B8B8.86
average | 73.40| 6510 69.00| 94.36) 9375 94.06

The potential of I-ICT in acquiring the new label data
during the training process was also tested with the
WebClass data set. Table 7 presents the result of the
heading-based classifier and content-based classifier of
S-Bayes using the same amount of labeled Jata as
those of IHCT. The average results measured by F,
show that both classifiers of I-ICT outper{form those of
$-Bayes. The accuracy of the heading-based classifier
of I-ICT is 8 13% higher than that of S-Bays. The
content-based classifier of I-ICT is (.98% higher than
that of S-Bays. These experimental results show that
using the same amount of labeled data, I-ICT has more
potential than S-Bayes in classifying Web pages.
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Figure 2. Performance of I-ICT on WebKb data set using content feature (a)
Performance of I-ICT on WebKb data set using heading feature (b)
Performance of I-ICT on WebClass data set using content feature (r)
Performance of I-ICT on WebClass data get using heading feature (d)

5. Discussion

The performance of I-ICT is competitive with S-Bayes
in both data sets. Although, no domain knowledge is
given, at least one classifier of I-ICT outperforms
S-Bayes in both data sets. I-ICT has an advantage over
S-Bayes because it needs less labeled examples than
S-Bayes. In both data sets, I-ICT employs only 50% of
labeled data used by S-Bayes, but it is able to produce
a classifier that gives performance comparable to
S-Bayes. It implies that under the restricted condition
of the problem (the closely related of categorics among
classes and no domain knowledge is given), I-ICT still
preserves its robustuess on the classification task.

The performance of I-ICT using different initial label
size was also investigated. As shown in Figure 2, we
evaluated the performance of our algorithm based on
Fi-measure in both data sets (WebKb and WebClass).
The result shows that the number of initial Iabel data
plays an important role i the classification task. As
the initial label size increases up to the optimum point,
the performance of classifier is improved in all
experiments. On WebKb data set, I-ICT {using content
feature) ousperforms S-Bays by using 32 initial label

cxamples, whereas I-ICT using heading feature got the
optimum performance by using 40 initial label
examples. Considering the cxperiments on WebClass
data sct, we found that [-JCT_f(using content feature)
could at least get the samc performance as
S-Bays using 16 initial label examples. For the I-ICT
using heading feature, its performance is improved
starting from 16 initial labe] examples.

The experimental results show the high tendency that
I-ICT could perform well on multiclass problems. We
believe that I-CT has enough potential to deal with
this kind of problems. We plan to build a powerful
classifier with more informative feature sets. The
special characteristics of Web pages are also
challenging to the classification task.  Further
experiments on different data sets and with different
parameters are planed for the near future in order to
study whether the HTML structure of Web pages
could provide a significant contribution on the Web
page classification.
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6. Conclusion

fn this paper, we have demonstrated the concept of [9] David D. Lewts, Robert E.. b_chaplre, ?ames P
the I-ICT algorithm and conducted experiments on Callan and Ren !??pka, Training "IS‘-‘T]M’S}OF
the Web page categorization problems. The I-ICT linear text classifier, Proc. of the 19" Annual
algorithm has been proven to be robust with more Im. ACM SI_GIR Qonf. .On Research and
challenging problems. Our algorithm has an Development in Intormation Retrieval, 29%-
advantage over the supervised leaming algorithm in 306, 1996.

the sense that the classifier needs only small amount ) )
of ininal labeled data, whereas the supervised [10] Mitchell, T. Machine Learning, McGraw-Hill.
learning algorithm needs a huge number of labeled New York. 180-184, 1997.

e [11] Porter, M. F.. 4n algorithm for suffix stripping,
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Thailand Research thpd and 'Na(icl::l:al Eiec.tryonics [12] The World Wide Knowlledge B::ic of pm:;ec:;,l
and Computer Technology Center (NECTEC) brtp:/fwww.cs.cmu.edw/als/cs. cmu projec!
under the project number NT-B-06-4F-13-311. theo-20/wwwidata/webkb-data glar.gz, Carnegie

Mellon University, U.S.A.
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Abstract: This paper presents a method for approximate match of first-order
rules with unseen data. The method is useful especially in case of a multi-class or
noisy domain where unseen data are often not covered by the rules. Qur method
employs a Backpropagation Neural Network for the approximation. To build the
network, we propose a technique for selecting features from the rules to be used
as inputs to the network. Our method has been evaluated on four domains of
first-order learning problems. The experimental results show improvements of

our method over the use of rules alone.

Key words: rule approximation, feature generation, inductive logic program-

ming, backpropagation neural networks

1. Iniroduction

The advantages of inductive logic programming
{ILP} (19, 13] are the expressive power of first-
order logic hypotheses and the ability of em-
ploying background knowledge. ILP systems
use background knowledge provided in form of
first-order logic to generalize training examples,
and produce rules that, fit the training examples.
However, when we apply an ILP system to a real-
world domain, especially the domain where there
are several classes of examples or the noisy do-
main, the produced rules may not. cover or may
not exactly match with the unseen data.

Consider for example the task of learning rules
for classifying English uppercase characters, In
this task, there are 26 classes of examples, i.e.
26 different English characters, and the real-
world data usually contains noise such as noise
due to the quality of the scammer. To classify
English characters, we may use an ILP system
to leazn rules for each class. With exception
of some systems which learn multi-class con-
cepts {1, 2, 10, 12}, most ILP systems work with
two classes of examples {positive and negative)
and construct 2 set of rules for the positive class.

Any example not covered by the riles is clas-
sified as negative. If we want to employ these
two-class systems to learn a multi-class concept,
we could do this by first constructing a set of
rules for the first class with its examples as pos-
itive and the other examples as negative, then
construeting the sets of rules for other classes by
the same process. The learned rules are then
used to classify future data, and the rule that
covers or exactly rmatches the data can be se-
lected as the output. One major problem of this
method is that some test data, especially noisy
data, may not be covered by any rule. Thus the
method is unable to determine the correct rule.
A commonly used technique for solving this prob-
lem is to assign the majority class recorded from
training data to the test data that™s not exactly
matched against any rule [4, 7].

‘We approach this problem directly by proposing
a method to approximate the rule that provides
the best match with the data. Here, we em-
ploy a Backpropagation Neural Network {BNN)
for the approximation of ILP rules. The basic
idea is that when there i3 no nile covering an
example, we can make use of rules which per-



{tally match with (partially cover) the example.
Some of the partially matching rules may cap-
ture important features [properties), and some
may capture unimportant features of the exam-
ples. The best rule then should be the rule that
matches many important. features and does not
necessarily match unimportant ones. The sig-
nificance level of each feature is determined in
terms of a weight that is trained by BNN. Qur
method can deal with a related problem when a
test data is covered by multiple rules. We evalu-
ate our method on four first-order datasets. The
results show improvements of our method over
the use of rules alone.

2. Approximate ILP Rules by a
Backpropagation Neural Net-
work

Several works have shown that combining neural

networks with symbolic rules produced excelient

performances {3, 11, 20]. In this paper, a muiti-
layer feedforward neural network is employed to
select the rule that closely matches with the in-
put data. The algorithm for training the network
used in our method is Backpropagation {17] that

iz widely applied to various classification prob-
lems.

The following suhsections explain the methads
for generating features, building network from
features, and training the network.

2.1. Feature Generation

Our method is based on the idea that when there
is no rule covering an example, we can make use
of rules which pertially cover (partially match
with) the example, i.e. rules whose some literals
are true for that example. The partially match-
ing rule shonld nat be neglected as it may cap-
ture some important properties or features of the
example. The best rule should be the rule that
matches many important features and does not
necessarily match with unimportant ones. The
significance level of each feature is determined in
terms of a weight. trained by BNN which will be
. described leter.

First, congider a first-order rule whose every lit-
eral in the body of the rule has only variables
occurring in the head. For example, the follow-

ing rule contains three literals in the body and
all of them have no new variable.

mesh(A,11)+ long(4),
- one_side loaded(A),
fizred(A).

Each of these literals is for checking a feature
of an example. In such a rule, we will use each
literal as a feature. We call this kind of feature
singleton feature.

However, it is more difficult to determine what
should be used as features when we consider first-
order rules with new variables. A literal with new
variables itself may not check for a specific prop-
erty of the example, i.e. the literal alone may
be mesningless without the presence of other lit-
erals which make use of the newly introduced
variahles. Most literals introducing new variables
are for passing the introduced variables to other
literals that may check a property or introduce
other new variables again. Usually these newly
introduced variables should end at a literal that
checks for a property. The connection of these
variables via the sequence of literals thus exam-
ines a feature of the example. Below we give an
algorithm to select a sequence of literals for using
as a feature. Our method of feature generation
is based on the notion of closed chain.

Definition 1 (Closed chain). A sequence of
some literals in the body of a ruleis said tohe a
closed choin if every new variable not occurring
in the head of the rule appears at least in two
literals of the sequence and occurs at least once
in a literal with variable(s) of the head or with
variable(s) in one of the preceding literals.

Intuitively speaking, a new variable not occur-
ring ip the head of a rule is in a closed chains
if after it is introduced by a literal it must be
consumed by another literal. The closed chain
does not allow a variable which occurs alone in
two or more literals without being linked to ex-
isting variables. However, in some cases, some
variables may oot be in a closed chain.

Definition 2 (Open chain). A sequence of some
literals in the hody of a nile is said to be an open
chain if there exists a new variable not occurring
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in the head of the rule appears only once in a
literal with variable(s) of the head or with vari-
able(s) in one of the preceding literals.

The examples of closed and open chains are
shown below.

Example 1{Closed chain}. For the rule:

p(A B+ qi(A), q2(A,C), g3(C),
q4(C,D), g5(D), q6(A,E,F),
q7(E,G), q8(E,H), qQ(E)
q10{F,I), q11(I,B).

some closed chains are:
(i} 92(4,C), q3(C)

(ii) 92(A,C), q4(c,D), q5(D)

(ifi) @2(A,C), q3(C), q4(C,D), g5(D)

(iv) q6(A,E,F), q2(E), qi0(F,I), q11(1,B)

Example 2{Open chain). For the rule in Exam-
ple 1, some open chains are:

(i) q6(A,E,F}, q7(E,G)

(ii) g6(A,E,F), q8(E,H)

(iii) g6(A,E,F), q7(E,G), qB(E,H)

(iv) g6(A,E,F), q7(E,G), q9(E)

(V) qﬁ(l.EsF). qT(EIG)I QS(E.H). qg(E)

We then describe our method for generating fea-
tures of arule. The method is best. understood by
viewing a rule as a dependency graph. The root
node of the graph is a set of variables occurring
in the head of the rule. Each of the other nodes
represents a set of new variables introduced by
a literal, and an edge to the node represents the
literal. The whole graph shows the dependency
of variables. Figure 1 shows an example of de-
pendency graph of the mile in Example 1.

Using the definitions of closed and open chains
and viewing a rule as a dependency graph, we
can now describe our algorithm for generating
features as shown in Table 1.

The algorithm in Table 1 generates all closed
chains that include variables at the root node
of the graph. However, it does not generate all
possible open chains. Open chains not generated
are ones that are sub-chains of a closed chain
features, This is because we consider that

Figure 1: The dependency graph- for
the rule “p(A,B)+ql(A), q2(A,C), q3(C),
q4(C,D), qo5(D), q6(A,E,F), qT(EsG)s
q8(E,H), q9(E), q10(F,J), qll(I’B)'"

Table 1: The algorithm for feature gener-
atjon.

1. First find every edge beginning and ending
at the root node and use it as a feature.
Remove this kind of edges from the graph
and do not consider the edges in the fol-
lowing ateps.

This type of feature i3 a singleton feature
which introduces no new variable.

2. Find all possible closed chains starting
from the root node, and use the sequerice
of literals along each of the chains as a fea-
ture.

This type of feature is a closed chain fea-
ture.

3. For every leaf node that has no edge to oth-
ers, find all possible paths that start from
the root to that node.

Use the sequence of literals along each of
the paths as a feature.

This type of feature is an opew chain fee-
ture.

4. Find every possible combination of open
chain features in Step 3 that has new vari-
ables {not occurring in the head) in com-
mon. If the combination is different from
the existing open chain features, then add
it to the feature set.
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usually a newly introduced variable should be
consumed by another literal that checks for a
specific property of the example. Therefore,
we first generate all closed chains if they exist;
open chains which are sub-chains of a closed
chain will not. be generated. However, for some
literal which introduces new variables, we may
be unable to find a closed chain feature for the
literal. In such a case, we generate an open chain
feature that includes the literal. An example of
feature generation is shown in Example 3.

Example 3 (feature generation). For the rule in
Exampie 1, all possibie features generated by our
algarithm are:
Step 1. in Table 1
(i) q1¢A)
Step 2.in Table 1
(i) q2€A,C), q3(C)
(iti) g2(A,C), q4(C,D), q5(D)
(iv) q2(A,C), q3(C), q4(C,D), q5(D)
(v) q6(A,E,F}, q9(E), q10(F,I),
q11(1,B)
Step 3.in Table
(vi) q6(A,E,F), q7(E,C)
{vii) q6(A,E,F), qB(E, W)
(viii) q6(A,E,F), q9(E), gq7(E,G)
(ix) q6(A,E,F), q9(E), q8(E,H)
Step 4.in Table 1
(x) q6(A,E,F), q7(E,Q), q8(E,H)
{xi) q6(A,E,F), qT(E,G), g8(E,H),
q9{(E)

2.2. Building Network Structure from
Features
Given a set of rules, we first generate features
for each rule. The features of a rule are used as
input. units that are linked to one hidden unit.
which represents the rule. Therefore, the num-
ber of hidden units in the network is the same
as the number of rules. Each class is represented
by one output unit of the network. In two-class
problems, there will be twa output units, one
for positive and the other for negative class. In
multi-class problems, the number of ontput units
is equal to the number of classes. The links from
hidden units to output. units are fully connected.

For example, consider the following rule set
{C1,02,C3,C4}.

Figure 2: The structure of the neural net-
work for the rule set {C;,C,,C;,C,} in Sec-
tion 2.2.

'y : mesh(A,1) « pot_important(A),
not loaded{A).

(s : mesh{A,2) « short(a),
opposite 1(B,A).

'y . mesh(A,2) « usual(A),
neighbour yz.r(A,B),
cont_loaded(B).

4 : meah(A,3) « short(A),
neighbour zx r(A,B),
oppositer(4,C),
short(C).

The features for each rule are as follows, where
F,C; is the i*® feature of the rule C;.

FLCy: not_important (A)

F3Ch: not_loaded(A)

FCy: short{A)

FyC): opposite1(B,A)

F1C3: uaual{d) -

F>Cy: neighbour yz r(A,B), cont_loaded(B)
F,Cy: short(4)

F;C,: oppositex(A,C), short(C)

F3Cy: neighbour.zx r(A,B)

Assume that there are only three classes, ie
mesh(4,1), mesh(4,2) and mesh{A,3). Figure 2
shows the structure of the network for the above
rules.



When new variables are considered, there can he
many variable bindings for a rule that make dif-
ferent truth values for literals containing such
variables. In our implementation, we use the
binding that gives the maximum number of fea-
tures whose truth values are true. The truth
value of each feature is true if the truth values of
all literals of the feature are true, otherwise the
truth value of the feature is false.

2.3. Training the Network

The weights of the network are randomtly initial-
ized, and the final weights are obtained by stan-
dard backpropagation algorithm [17]. In our ex-
periment, all units in the network use sigmoid
activation function.

To train the network, each training example is
- evaluated with every rule and the truth values
of features are determined. The features whose
truth values are true are set to 1, whereas the fea-
tures whose truth values are false are set to 0 for
input units. The network is repetitively trained
by using training examples until it converges or
the number of treining iterations exceeds the pre-
defined threshold. After trained, the network can
be used to classify unseen data. The unseen data
is evaluated with features of each rule as in train-
ing process. The truth value of features are then
fed into the network, and¥he cutput with highest
value will be taken as the prediction.

3. Experiments & Results

We implemented a learning system, BAN-
NAR (Backpropagation Artificial Neural Net-
work for Approximating Rules) based on the
above method. In the following experiments, we
selected PROGOL [14) or GOLEM [16] for learn-
ing rules. Normally we used rules prodiuced by
PROGOL as the input to BANNAR. However in
experiments on “Mutagenesis” and “King-Rook-
King chess endgame” datasets described below,
we did not successfully train PROGOL to pro-
duce a rule set. In those experiments, we em-
ployed GOLEM developed by the same research
group.of PROGOYL. We then compared the re-
sults obtained by BANNAR with those of the
tule set alone. To show the quality of the rule
set used in our method, we also included the re-

sults ohtained by the other two learning systems,

i.e. 1BC and TILDE. 1BC is a first-order prob-
ahilistic learning system uging naive bayes algo-
rithm [B). TILDE is a muilti-class learning sys-
tem that extends C4.5 to a first-order decision
tree learner [2).

3.1. DataSets

Thai Character Recognition {TCR)

The dataset consists of 77 classes of examples,
i.e. 77 different Thai characteras.! The goal of
this task is to learn rules for predicting the class
for unseen data. In the training set, each charac-
ter has 14 examples constructed from 14 sample
images. The total number of training examples
is 1,078. The noise were added into the original
images, and the test data were constructed. The
test set contains 2,143 test examples. Thisis a
natural experimental setting as an unseen image
usually contains noise when the learned rules or
network are used hy a character recognition soft-
ware.

Each example is of the form
char(A,B,C,D,E,F). The information con-
taining in A,B,C,D,E,F are image features®
extracted by a pre-processing algorithm. These
image features describe various properties of a
character image such as the ratio of the width
and the height of the character, the structure of
lines and circleg that form the character, the list
of zones in the images that contain junctions of
lines, etc. The background knowledge contains
55 predicates. See [9] for more details.

Finite Element Mesh Design (FEM)

The dataset for finite element. mesh design [6],
consists of 5 structures and has 13 classes (13
possible number of partitions for an edge in
a structure). Each example i3 of the form
mesh(Edge ,Number) where Numper indicates
the number of partitions. The total number
of examples is 278. The goal of finite element
mesh design is to learn general rules describing
how many elements should be used to model

IThe dataset will be made
http://www.mind.cp.eng.chula.ac.th.

2These are features describing the structure of the
character images, such as the type of lines or circles con-
tained in the images. These features should not be con-
fused with the featire generation described in Section 2.1

available at
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Table 2: The percent accuracies of BAINNAR and the other systems on four datasets;
TCR — Thai Character Recognition, FEM - Finite Eiement Mesh Design, MUTA ~ Mu-
tagenesis, KRK — King-Rook-King Chess Endgame. Superscripts denote confidence levels
for the difference in accuracy between BANNAR and the corresponding system, using a
one-tailed paired t test: * is 90.0%, ** is 99.0%, *** is 99.5%; no superscripts denote
confidence levels that are below 90%. 3CV denotes the experiment that uses three-fold
cross-validation. The accuracies of PROGOL or GOLEM are calculated by assigning the
majority and negative class to uncovered examples in the case of multi-class and two-class

problems, respectively.

Dataset  # Train  # Test  # Classes

BANNAR PROGOL  TILDE 1BC

or GOLEM
TCR 1,076 2,143 7 G440 7200 8857 7723
FEM 278 eV 13 64.45 57.80" 58.02°°  46.73"
MUTA 188 acv 2 83.58 §2.01 68.94 77.72*
KRK 10,000 3CV 2 99.83 99.76 69.67°°  87.11°"

each edge of a structure. The background
knowledge consists of relations describing the
properties of an edge (e.g. short, not_loaded),
boundary conditions (e.g. free), loadings {e.g.
not_loaded), and the relations describing the
structure of the object (e.g. mneighbour). See
{5, 6] for more details.

Mutagenesis

The dataset. for mutagenests domain consists of
188 molecules, of which 125 are active and 63 are
inactive. The goal of this problem is to predict
the rnutagenicity of the molecules, whether a
molecule is active or inactive in terms of muta-
genicity. This problem is a two-class learning
problem. A molecule is described by listing its
atoms atom(AtomID,Element ,Type,Charge)
and the bonds bond{Atoml,Atom2,BondType)
between atoms. The background knowledge
used in our experiment is the set S2 described
in [18] that contains the definition of atom,
hond, methyl groups, nitro groups, aromatic
rings, hetero-aromatic rings, connected rings,
ring length, and the three distinct topological
ways to connect three benzene rings. See [18]
for more details.

King-Rook-King Chess Endgame (KRK)
The last dataset used in our experiment is
the KRK dataset provided hy the. Oxford

university computing laboratory. * The task
is to distinguish between illegal and legal
board position [15]. The number of examples
in the daraset is 10,000; 3,240 representing
illegal KRK endgame positions (positive),
the rest representing legal endgame positions
{negative}.  Each example is of the form
illegal (WKf ,WKr,WRf ,WRr ,BKf ,BKr), where
(WKf,WKr), (WRf,WRr) and (BXf,BKr) are the
positions (file,rank) of White King, White Rook
and Black King, respectively. Each of these
variahle taking values from 0 to 7. Background
knowledge contains two relations for comparing
rank and file: adj(X,¥Y) and 1t (X,Y) where X, Y
are file or rank. Note that only in this daraset,
for 1BC we used the background relations
described in  [8], such as board2whiteking,
board2blackking,board2vhiterock, fileeq,
rankeq,pos2rank, etc. For the other datasets
described above, all background relations given
to all learning systems are the same.

3.2. Experimental R:sults & Discussions
We used three-fold cross-validation and averaged
the results in all experiments except for the ex-
periment on Thai character recognition dataset
where training and test data are given. The ex-
perimental results are shown in Table 2.

The resuits show that the performance of PRO-

Ihttp: [ /www.comlab.ox.ac.uk foucl /groups/ machlearn /
rhess. html
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Table 3: Improvements of BANNAR. over rules alone, reported according te covered and
uncovered examples. The columns COVERED and UNCOVERED denote the munbers of
examples covered and uncovered by the rules. Each cell denotes the number of examples
correctly classified /the number of examples for that portion.

Data # Test BANNAR PROGOL or GOLEM
Set ' {Majority or Negative Class)
COVERED UNCOVERED COVERED UNCOVERED
TCR 2,143 157071611 453/532 154071611 3/532
FEM 278 145/200 34/78 146/200 14/78
MUTA 188 102/109 55/79 100/109 54/79
KRK 10,000  3352/3356 6638/6644 _ 3350/3356 6633/6644

GOL or GOLEM is comparable to that of
TILDE. It seems that PROGOL or GOLEM per-
formed better than TILDE in two-class prob-
lems, whereas TILDE did better in multi-class
problems. In the datasets tested in our exper-
iment, 1BC did not perform well, compared to
PROGOL or GOLEM. These results show the
high quality of rules produced by PROGOL or
GOLEM. Nevertheless, as shown in the table,
BANNAR is still able to imprave the accuracies
of the rules, especially in the multi-class prob-
lems. Compared with the other learning sys-
tems, BANNAR performed best on all datasets.
Morecever, BANNAR significantly outperformed
PROGOL or GOLEM, TILDE and 1BCon 2, 3
and 4 datasets, respectively. Note that in Mu-
tagenesis domain, there are cases that multiple
rules fire but there is no difficulty for BANNAR
as it predicts the class which best matches the
examples.

We further investigate these improvements. We
want, to see how well BANNAR correctly classify
examples when they are not covered by the rules.
Table 3 summarizes the results.

The results in Table 3 shows the ratic between
the number of examples correctly classified and
the number of examples for each portion. For
example, 453/532 in the row TCR indicates that
532 exarmnples were not covered by the rules, and
453 of them were correctly classified by BAN-
NAR. 3/532 in the same row shows that 3 of
532 examples were correctly classified as we use
majority class for predicting unseen data {or
use negative class for two-class problems). This
means that BANNAR correctly classified 450

more data in the case of uncovered examples.
Similarly, 1570 of 1611 examples were correctly
classified by BANNAR, whereas 1540 were cor-
rectly classifed by PROGOL or GOLEM; though
the number of data covered by PROGOL or
GOLEM was 1611, 1540 out of them were cor-
rect. The similar improvement can be seen on
FEM dataset. The improvements were not sig-
nificantly obtained on MUTA and KRK datasets
which are two-class problems. These results show
that BANNAR improved significantly on data
which were not covered by the rules, especially
in multi-class domains.

We further investigate if our methed will help in
two-class domains with noisy data. We choose
the KRK dataset for doing an additional experi-
ment. The next subsection describes the experi-
ment. and results.

3.3. An Additional Experiment on KRK
Noisy Datasets
To study the effect of noise on two-class learning
problems, we selected the KRK dataset. In the
following experiment, three-fold cross-validation
was used. The dataset was partitioned into three
disjoint subsets. Each subset was used as a test
set once, and the remaining subsets were used as
the training set. Given training and test sets, 5%,
10% and 15% class noise was randomly added
into the training set, and no noise was added
into the test set. In our case, adding z% of
noise means that class value was replaced with
the wrong value in z out of 100 data. For ex-
ample, 5% of noise means that 5% of data were
randomly selected and the class values were re-
placed hy the opposite value (from positive to
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1t {WKE, WRE)

Figure 3: The portion of network for the rule
WRr=BKr, t{WKr,WRr), It(WK{,WRS).”

negative, and vice versa).

The average results of GOLEM * and BANNAR
on noisy data arc shown in Table 4. In the table,
we also included the result on noise-free data for
comparison.

Table 4: The percent accuracies of
GOLEM and BANNAR with 5%, 10% and
15% noise added. The dataset contains
10,000 examples. The experiment was run
using 3-fold cross-validataion. The num-
ber of rules is the average for 3-fold data.
Noise Levels  #Rule  BANNAR  GOLEM

0% 14.00 99.83 99.76
5% 49.67 98.09 92.27
10% 134.00 98.12 87.32
15% 150.00 94.33 82.51

As shown in the table, BANNAR significantly
improved the accuracy of GOLEM when noise
was added (the difference is statistically signifi-
cant at a confidence level of 99.5% for 5% or 10%
noise, and 97.5% for 15% noise). The table also
shows that the number of rules increased when
class noise was added. This means rhat the rules
abtained by GOLEM were more specific and a
large number of rules was needed to cover posi-
tive training data. These rules fit well only the
training data, but they resulted in wrong classifi-
cation for unseen data as shown by Lhe decrease
of the accuracy with increasing noise. The re-

*In the experiment, the number of pairs of examples
tn be considered [nr constructing rlggs 18 set 10 5Q.

“illegal ([ WKI,WKr WRf,WRr,BK{,BKr) +

sults of BANNAR show that the accuracy de-
creased much slower than thar of GOLEM. This
is because of the ahility of BANNAR to give ap-
propriate weights to features: higher weights to
important features and lower weights to unim-
portant ones.

For instance, one of rules obtained when 3% noise
was added is;

i1llegal (WK ,WKr,WREI,WRr ,BKf ,BKr) +

WRr=BKr,

1t (WK1 ,WRr)},

1t (WK ,WRE).
The ruie states that the position is iHegal if (1)
the ranks of the white rook and bhlack king are the
same, and (2) the rank of the white king is less
than the rank of Lhe white rock {thus the white
king is not blocking the check), and (3) the file
of the white king is less than (below) that of the
white rook. Clearly, the feature (3) is not. neces-
sary tf the fearure (1) and (2) satisfy. This rule
15 an over-specific rule and it is likely that the
rule overfits noisy data. The literal 1t (WKE ,WRE)
should not be added to this rule, i.e., the rule will
correctly classify more data if the lireral is not
included in the rule. Whe”we employed BAN-
NAR, the system finds the appropriate weight for
each feature of the rule. In this case, each literal
is selected as a feature. The unnecessary feature,
i.e., 1t (WKf ,WRE), was given a lower weight by
BANNAR. Figure 3 shaws the weights of literals
of the rnle. As shown in the fipure, the weight
of unugeful literal 1t (WKf,WRE) is —2.889 and i3
dominated bv the sum of weights of the nthers
which is 7.214 + 4.151 = 11.365. Therefore, if



the first two features satisfy, this rule represented
by the hidden unit RI will give the positive out-
put and makes a high chance of predicting the
positive class.

The ability to give appropriate weights to feature
ig the advantage of BANNAR, because the unim-
portant feature will be received less attention in
classifying unseen data. In this case, although
the original rule is over-specific, but the obtained

-part of network is very useful to classify unseen
data. )

4. Conclusions
We have proposed a useful method that com-
binea ILP and BNN for finding the first-order
rules which hest match the unseen data. Qur
. method has been evaluated on four domains of
- first-order learning problems. The experimen-
tal results show that our method gives a signif-
icant improvements over the use of rules alone.
The improved results come from the combina-
tion of ILP and BNN. ILP produces rules that
accurately classify the training data, and BNN
makes the rnle more flexible for approximately
matching with unseen or noisy data.

One direction for furthur reseach is to investi-
gate more sophisticated method for evaluating
the truth values of features, such as fuzzy logic.
In the current work, when truth values of some of
literals of a feature are false, the whole feature is
assigned to be false. If we can assign more suit-
able value, it may increase the classification accu-
racy. Another interesting direction is to combine
naive bayes classifier, like 1BC, with our method
that generates features from rules, and use these
features to learn probabilities for a naive bayes
classifier.
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Abstract: The paper presents a learning method, celled Jlerative Cross-Training (ICT),
for classifying Web pages in two classification problems, ie., (1) classification of
Thai/non-Thai Web pages, and {2) classification of course/nen-course home pages. Given
domain knowledge or a small set of labeled data, our method combines two classifiers
that are able to effectively use unlabeled examples to iteratively train each other, We

compare ICT against the other leamning methods: supervised word segmentation classifier,
supervised nai ve Bayes classifier, and co-training-style classifier. The experimental

results, on two classification problems, show that ICT gives better performance than those
of the other classifiers. One of the advantages of ICT is that it necds only a small set of
pre-iabeled data or no pre-labeled data in the case that domain knowledge is available.

Key words: terative Cross-Training, Unlabeled data, Web page classification

1. Introduction

Given pre-labeled training data, supervised learning
has been successfully applied to text classification
{1,3,4,6,7,9,16]. However, one of the difficulties of
using supervised learning is that we have to hand-
label data for constructing training sets. Though it
is costly to construct hand-labeled data, in some
domains it is easy to obtain unlabeled ones, such as
data in the World Wide Web. Thus, if we are able
to effectively utilize the available unlabeled data,
we will simplify the task of building text classifiers.
Various methods have been proposed to use
unlabeled data together with pre-labeled data for
text classification, such as active learning with
committee [10], text classification using EM [14],
co-training algorithm [2].

This paper describes a new algorithm, called
Irerative Cross-Training (ICT), that cffectively uses
unlabeled data in the domain of Web page
classification where unlabeled data is plentiful and
easy to obtain. Our method combines two
classifiers  which iteratively train each other.
Given two sets of unlabeled data, each of which is
for each classifier, the classifiers label the data for
the other. The first classifier is given some
knowledge about the domain, and uses the
knowledge to estimate labels of the examples for
the second classifier, The second classifier has no
domain knowledge and leamns its model from
cxamples labeled by the first, and uses the current

model to label training data for the first. This.
training process is iteratively repeated. With good

interaction  between two  classifiers, the
performance of the whole system is increasingly
improved. In case that we have no domain
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knowledge, instead we suppiy the algorithm with a
small pumber of labeled examples. One of the
advantages of our method is that, as the method
requires no labeled data or needs only a small
nurnber of data, it reduces human effort in labeling
data and can be easily trained with a lot of
unlabeled data.

We apply our method to two classification
problems: (1} the classification of Web pages into
Thai and non-Thai pages, and (2) the classification
of Web pages into course and non-course pages
which was introduced by Blum and Mitcheil [2]. To
evaluate the effectiveness of our method, we
implement other classifiers to empincally conpare
with our method. The implementation is designed
to explain, or at least give some answers io
questions; “is ICT which combines two classifiers
an effective method?”, *“does this kind of
combination of two classifiers perform better than
only one?”, and “can the method successfully use
unlabeled data?’. The other classifiers are: (1)
supervised word segmentation classifier (5-Word),
(2) supervised nai ve Bayes classifier §-Bayes),
(3) co-training-style  classifier  (CoTraining).
Among these classifiers, S-Bayes or S-Word is
single and supervised classifier. CoTraining and
ICT are composed of two sub—classifiers and able to
employ unlabeled data.

The experimental results show that ICT
successfully and efficiently classify Web pages
with high precision and recall. The overall
performance, evaluated by Fi-measure, of ICT is
better than those of the other methods tested in our
experiments. The better performance of ICT than
those of supervised ones (S-Bayes and
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S-Word) demonstrates the successful use of
unlabeled data. The results also show that the
training technique of ICT is also an effective way
as its performance is better than that of CoTraining
which uses a different training technique.

The paper is organized as follows. Section 2
presents an overview of our system, and gives the
details of our classifiers. Section 3 describes other
learning methods used in our comparison. Section 4
describes the experimental results. Discussion and
releted work are given in Section 5. Finally,
Section 6 concludes our work.

2, Iterative Cross-Training

This section presents the Ierative Cross-Training
(ICT). First we describe the architecture of our
learning system, and then gives the details of two
classifiers used in the system.

Classifier]

Classifier2

Figure 1: The architecture of Iterative Cross-
Training. It is composed of two classifiers which
use unlabeled data to iteratively train each
other.

Figure 1 shows our learning system which learns to
classify Web pages. The system is composed of two
classifiers: Classifier] and Classifier?. Given
domain knowledge or a small set of pre-labeled
data, these two classifiers estimate their paramcters
from unlabeled data by receiving training from each
other. Two training data scts, called TrainingData !
and TrainingData? are duplicated from the
unlabeled data provided by the user. Let & and @
be scts of parameters of Classifier] and Classifier2,
respectively.  TrainingDatal is used to train
Classifier] to estimate its parameter set, and the
TrainingData2 is uscd to estimate the parameter set
of Classifier2. The algorithm for training the
classifiers is shown in Table I,

The idea behind our algorithm is that if we can
obtain reliable statistical information contained in
TrainingData2, it should be useful in classifying
TrainingDotal. If the starting parameter set of
Classifier] {8,) has property that it produces more
true positive than wrong positive and mofe true
negative than wrong negative ecxamples for
TrainingData2, the statistical information in
correctly classified examples will be obtained.
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Table 1: The training algorithm of Iterative
Cross-Tralning.

Given:
e two sets TrainingDatal and TrainingData2 of
unlabeled training examples

Initialize the parameter set of Classifier! to 8,
8 «4a,

Initialize the parameter set of Classifier? to s
& <8,

Loop until & does not change or the number of
iterations exceeds a predefined value:

- Iflabeling_mode=BATCH Then

e Use Classifier] with the current parameter
set @ to label all data in TrainingData2
into positive e¢xamples and negative
examples, and check consistency of the
classification with Classifier? if necessary.

Else \* labeling_mode=INCREMENTAL *\

® Use Classifier] with the current parameter
sct & to label the class for the most
confident p positive unlabeled examples
and most confident n negative unlabeled
examples, and check consistency of the
classification with Classifier2 if nccessary.

- Tratn Classifier? by using labeled examples
in TrainingData2 to cstimate the parameter
set 8 of Classifier?.

- labeling_mode=BATCH Then

» Use Classifier2 with the curent pararocter
set & to labet all data in TrainingDatal
into positive examples and negative
examples, and check consistency of the
classification with Classifier! if necessary.

Else\* labeling _mode=INCREMENTAL *\

» Use Classifier? with the current parameter
set @ to label the class for the most
confident p positive unlabeled examples
and most confident n negative unlabeled
examples, and check conzistency of the
classification with Classifier! if necessary.

- Train Classifier] by the iabeled examples in
TrainingDatal to estimate the parameter set
8 of Classifier].

Using this information Classifier? should comrectly
classify more examples in TrainingDatal that have
similar characteristics. If the ncwly labeled
TrainingDatal can produce & better than &, more
refiable parameters of the whole system should be
obtained after each iteration.

In the algorithm, first we initialize the parameter

sets of Classifier! and Classifier2. This is done by
training the classifiers with a small set of labeled

s
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examples if they are available. If no labeled
example provided to the system, the values of the
parameters can be a pre-determined or randomly
chosen ones. When a classifier labels data, it can
ask for the confirmation from the other classifier to
make decision about which class the example
should be, If both classifiers agree with the same
classifying result, that example will be labeled. The
purpose  of the comsistency checking is for
producing more reliable labeled data, but the
checking will slow down the leaming process.

As shown in Table i, the algorithm has two
labeling modes which are batch-labeling and
incremental-labeling. The user must specify which
labeling mode will be used in a particular problem
The difference between these two labeling modes is
how the algorithm labels the data. In incremental-
mode, the algorithm will incrementally produce a
small set of new labeled examples at each round,
but in batch-mode, the algorithm will label all
examples and re-label them at each round. The
batch-mode Iabeling tends to run fast, while the
incremental mode labeling tends to be more robust.

The following subsections describe the details of
the classifiers.

2.1. Sub-Classifiers in ICT for the Classification
of Thai/Non-Thai Web Pages
In the problem of classification of Thai/Non-Thai
Web pages, our goal is to classify Web pages into
Thai and non-Thai pages. This problem is of our
intercst because we want to build a Web robot that
efficiently crawls the Web and retrieves only Thai
pages for building a Thai search engine. In this
problem, the first sub-classifier Classifier] is given
some knowledge about the domain in form of
dictionary and uses the dictionary for helping in
determining whether a page is written in Thai or
not. The algerithm used by Classifier! is word
scgmentation algotithm that will be described
below. The sccond sub-classifier Classifier? is

given no knowledge and uses the nai ve Bayes
classifier.

(1) Word Segmentation Classifier (Classifier])
One straightforward way to determine whether a
Web page is in a specific language is to check the
words in the page with a dictionary. If many words
appear in the dictionary, it is likely that the page is
i that language. We cannot hope that all words in
the page appear in dictionary as the Web page
usnally contains names of persons, organizations,
etc. not occurring in the dictionary and may
containg words written in foreign languages.
Therefore, it is necessary to determine how many
words should be contained. This task is more
difficult when it is considered in a language that has
no word boundary delimiters, such as Thai,
Japanese, etc. [12).
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Note that a string of Thai characters can usually be
scgmented in many possible ways because a word
may be a substring of & longer word, and without a
word delimiter it is difficult to find which
segmentation is correct. Below we describe our
method for word segmentation.

Given a Thai dictionary, a document d of n
characters {c;,c3,...,c,), the word segmentation
classifter gencrates all possible segmentations and
finds the best segmentation (wws,...w,) that
minimizes the cost function in Equation 1.
’ m
argmin X cost(w;}
i=]

Wl,...,W.

)]

where cost(w;) = 7 if w; is a word in the dictionary
= 7R if w; is a string not in the dic-
tionary
In the following experiments, 711 and 42 arc setto 1
and 2, respectively. As generating all possible
segmentations and calculating their costs is very
expensive, we cmploy dynamic programming
technique to implement this calculation. Note that
any sequence of characters, c;,....c;, found in the
dictionary must be considered as a word, and must
not be grouped with nearby characters to form a
long unknown string.

After the best segmentation is deterrined, the
document is composed of (1) words appeared in the
dictionary, and (2) unknown strings not found in
the dictionary. A Thai Web page should be the page
that contains many words and few unknown strings.
We then define WordRatio of a page as:

the number of characters in all words
the number of all characters in the document

Given sets of positive and negative examples, the
classifier finds the threshold of WordRatio that
maximizes the number of comectly classified
positive and negative examples. If WordRatio of a
page is greater than the threshold, we will classify it
as positive (Thai page). Otherwise, we will classify
it as negative (non-Thai page). For simplicity, let us
use only the threshold of WordRatio as the
parameter of word segmentation clasgifier (@).

Having only the threshold of WordRatio (&) as the
parameter, we can find @, which produces more
true positive and true nepgative examples for
TrainingData2. As describes above, most of Thai
pages should have a high value of WordRatio,
whereas non-Thai pages should have a low value
one. If the numbers of Thai and non-Thai pages in
TrainingData2 are the same, it is easily to see that
any value of B, will give more correctly classified
pages than incorrectly ones (except for Go= 0.0 or
@, = 1.0, that gives the same number of correctly
and incorrectly classified pages). In case that the
number of Thai pages is lower than the mumber of



non-Thai pages, a high value of G, (e.g. 0.7, 0.8,
0.9) will produce more correctly classified pages.
This is the case that is likely to be encountered in
the reai world. A low value of §, is for the case
that the number of Thai pages is larger than that of
non-Thai pages.

A new @ can be estimated, after the nai ve Bayes
classifier  (Classifier?) labels data in
TrainingDatal. Let SP be the smallest value of
WordRatio’s from all labeled positive examples,
and LN be the largest value from all labeled
negative examples. In case of $P2IN, the new 8 is
estimated as:

SP+IN
2

@

q=

Now, consider the case of SP<LN. Let ¥,=SP,
Vn=LN, and F;,...,V,, be the values between ¥,
and ¥, (V]SV:SF"SV,JSY,). The new & is estimated
as:

Viet Viey
8= ' 6)
V;s = amgmin {no. of ¥} + no.of ¥)
Vi

Where V) is a value of labeled positive example, ¥
is a value of labeled negative example, and
NSVl ViasVsy,.

If 5P is greater than IN, & will completely
discriminate the labeled positive from negative
examples. Otherwise, @ will give the minimum
crrors of misclassified examples,

(2) Nai  ve Bayes Classifier Classifier2)

For text classification, mi ve Bayes is among the
most commonly used and the most effective
methods [13]. To represent text, the method usually
employs bag-ofwords representation. Instead of
bag-of-words, we use the simpler bag-ofcharacters
representation in the problem of classification of
Thai/non-Thai pages. This representation is suitable
for a Web robot to identify Thai Web pages,
because it requires ne word segmentation and thus
it is very fast. In spite of its simplicity, our results
show the effectivencss of bag-ofcharacters
representation in identifying Thai Web pages, as
shown later in Section 4.

Given a set of class labels L = {1, L., 1.} and a
document & of n characters {),¢5.....c,), the most
likely class label {* cstimated by nai + Bayes is the
one that maximizes Pr(l;c,,....c,):

= al‘g;mel({,[cl,...,c,.)

= angmax PP ) @
[] CtpuensCn
= argmax P ..o )

4

In our case, L is the set of positive and negative
class labels. The term Pr{cy,...,c,) in Equation 4 can
be ignored, as we are interested in finding the most
likely class label,

As there are usually an extremecly large number of
possible values for d = (¢),¢3,...,¢,), calculating the
term Piley.c;.....c. | &) requires a huge number of
examples to obtain reliable estimation. Therefore,

to reduce the number of required examples and

improve reliability of the estimation, assumptions

of nal ve Bayes are mde [13]. These assumptions
are (1) the conditional independent assumption, i.e.

the presence of each character is conditionally
independent of all other characters in the document
given the class label, and (2) an assumption that the
position of a character is unimponant, e.g.

encountering the character “a” at the beginning of a
document is the sare as encountering it at the end.

Clearly, these assumptions are violated in real
world data, but empirically nai ve Bayes has
successfully been applied in  various text
classification problems [7,11,17).

Using the above assumptions, Equation 5 can be
rewritten as:
n

I argr;mx PI(IJ)I:IlPx(c,-llj,cl,....c,v.l)
i =

1

fl

n
argmax Pr)I1 Préeiy) ©
[..-‘-..

i

This model is also called unigram model because it
is based on statistics about single character in
isolation.

The probabilities Pr(l)} and Pr{cjl) are used as the
parameter set & of our nai ve Bayes, and are
cstimated from the training data. The prior
probability Pr(}}} is estimated as the ratio between
the number of examples belonging to the class [
and the number of all examples. The conditional
probability Pr{c,)i), of seeing character ¢; given
class label [, is estimated by the following
equation: -

Pricll) = 1+N(e k) (M

T+N()
Where N(c;,}) is the number of times character ¢,
appears in training set from class label I, N(%)) is the
total number of characters in the training set for
class label [, and T is the total number of unigue
characters in the training set. Equation 7 employs
Laplace smoothing {(adding one to all the character
counts for a class), to avoid assigning probability
values of zero to characters that do not occur in the
training data for a particular class.



2.2. Sub-Classifiers in ICT for the Classification
of Course/Non-Course Home Pages

The problem of classification of Web pages into

course/non-course pages is described in [2]. In this
problem, each Web page contains two sets of
features: (1) words appearing on the page, and (2)

words appearing on the hyperlinks that link to that
page. Therefore, each page can be viewed in two

different ways, ie, pagebased features and
hypetlink-based Eatures. With these two feature

sets, we construct two nai ve Bayes classifiers; the
first one Classifier! in Table 1) leamns its model

from hyperlink-features and the second one

(Classifier2} leams from page-features. Both
classifiers use naf ve Bayes algrithm which is the

same algorithm described in the Section 2.1, except
that for this problem the algonthm wuses
bag-of-word representation.

3. Other Classifiers Used in Comparison
In our experiment, we will compare Iterative Cross-
Training with the following classifiers:

(I) supervised word segmentation classifier,

{2) sapervised nai ve Bayes classifier, and

(3) co-training-style classifier.
Supervised word segmentation and supervise nai ve
Bayes classifiers used in our comparison are the
same as ones described in Section 2.1, except that
they arce trained by hand-labeled data. Co-training-
style classifier is described as follows.

Co-Training-Style Classifier

The co-training algorithm is described in [2]. The
idea of the algorithm is that an example can be
considered in two different views. For example, a
web page can be partitioned into the words
occurring on that page, and the words occurring in
hyperlinks that point to that page {2]. Either view of
the example is assumed to be sufficient for
leaming. The algorithm consists of two sub-
classifiers, each of which learns its parameter sets
from each view of the example.

Based on this idea, we construct a co-training-style
algorithm for aur problems. The algorithm is shown
in Table 2. The algorithm uses two sub-classifiers:
Classifier] and Classifier2. These two classifiers
are the same as ones of ICT:

(1) In the case of classification of Thai/non-Thai
pages, we view each Web page as a set of words
occurring in that page, and a set of characters
occurting in the page. The word segmentation
classifier Classifier]) is employed to leamn from
the view of the word representation, and the naj ve
Bayes classifier (Classifier?) is used for the

character representation. The parameters € and § -

of Classifier! and Classifier? arc estimated in the
same way as described in Section 2.1.
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Table 2: The co-4raining-style algorithm.

Given:
¢ a set LE of labeled training examples
» a set UE of unlabeled examples

Create a pool UE’ of examples by choosing u
examples at random from UE
Loop until no examples left in UE:
- Use LE to estimate the parameter set § of
Classifier].
- Use LE to estimate the parameter sct & of
Classifierd.

- Allow Classifier! with @ to label p
positive and n negative examples from
UE".

- Allow Classifier2 with 6 to label p
positive and n npegative examples from
UE",

- Add these self-labeled examples to LE

- Randomly choose 2p+2n examples from
UE to replenish UE'

(2) In the case of classification of course/mon-
course home pages, we view each Web page as
words occurring on that page, and the words
occurring in hyperlinks that point to that page. The
page-based classifier, Classifier], lcams from
words occurring on that page. The hyperlink-based
classifier, Classifier?, leams from words occurring
in the hyperlinks. For this problem, both Classifier!
and Classifier? are nai ve Bayes classifiers

Our co-training-style algorithm is slightly different
from the original one in that our algorithm will
consurne all data in UE. This is done to provide a
fair comparison with the other methods. Atlowing
that all data to be consumed, there may be a case
that the number of available positive or negative
cxamples is not enough as required by the
clagsifier. In such a case, the classifier is aliowed to
select examples with the other class. '

4. Experimental Results -

We conducted experiments to compare Interative
Cross-Training (fCTy with the other classifiers
described in the previous section: supervised word
segmentation classifier {§-Word), supervised nai ve
Bayes classifier (S-Bayes), and co-training-style
classifier {CoTraining). This section describes the
data set, the setting for each classifier, and the
results of the comparison on two classification

problems: (1) Thai/non-Thai page, and {(2)
course/noncourse home page classification
problems.



41. The Results op Thainon-Thai Page
Classification Problem

In this sub-section, we describe the data set and

experimental setting for algorithms, and the results

as follows.

Data Set & Experimental Setting

We collected the data set by starting from four Web
pages: a Japanesc Web page', two Thai Web
pages®, and m English web page’. From each of
these four pages, a Web robot was nsed to
recursively follow the links within the page until it
retricves 450 pages. Therefore, we have
approximately 900 Thai pages as Thai pages may
link to ones which are in English or other
languages. We also have approximately 450
Japanese and 450 English pages. All of these pages
werc divided into three sets, denoted asA, B and C,
cach of which contains 600 pages (about 300 Thai,
150 Japanese and 150 English pages). Note that
HTMI. matk-up tags were removed before training
and testing process. We used 3-fold cross validation
in all experiments below for averaging the results.

The settings for the classifiers are as follows.

{1} For ICT, we ran the algorithm with both
incremental and batch modes. Below we refer to

incrementabmode ICT and batch-mode ICT as &
ICT and BICT, respectively. We used consistency
checking for HICT and no consistency checking for
B-ICT. No label data was given to BICT. The

initial @p was set to 0.7. For HCT, we gave 18

hand-labeled pages as initial labeled data for nai ve
bayes classifier.

(2) For CoTraining, the values of the parameters of
the classifier (in Table 2) were set in a similar way
as in [2]. As CoTraining requires a small set of

correctly pre-classified training data, we gave the

algorithm with 18 hand-labeled pages. In our
experiment, we set the values of {UE], p, n and « to
1182, 3, 3 and 115, respectively.

The Results

To evaluate the performance of the classifiers, we
use standard  precision(P), recali(R) and
F\-measure* (F\) defined as follows:

p= DO of correctly predicted positive exampies
no. of predicted positive examples

R~ 1O of carrectly predicted positive examples
no. of all positive examples

F. = 2R
VTERR

' hup:/iwww.yaboo.co jp :

2 htp://www.sanook. com, hitp:/fwww . pantip.com

? http://www javasoft.com

* The F\ measare has been introduced by van Rijsbergen

[15] to combine recall and precision with an egual
weight.
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Table 3: The precision (%), recall (%) sud §-
measure of the classifiers for the problem of
Thai/non-Thai page classification.

Classifier P (%) R(%) Fy

HCT(Word) 10000 9944 9972
B-ICT(Word) 16000 9900 9950
S-Bayes 10000 99.00 950
B-ICT(Bayes) 10000 5889 9944
IFICT(Bayes) 9955 9933 94
CoTraining(Bayes) 10000 9889 99.44
S-Word 9908 9961 9934

CoTraining(Word) 10000 9866 9933

The results are shown in Table 3. In the table,

“CoTrrining(Bayes)” and “CoTraining(Word)” are

the results of nai ve Bayes and word segmentation
classifiers of CoTraining, respectively. “B-
ICT{(Bayes)” and “B-ICT(Word)” are for nai ve
Bayes and word segmentation classifiers of ICT

with the batch-mode while “HICT(Bayes)” and |
ICT(Word)” are those of the incremental-mode.

As shown in the table, FHICT(Word) gave the best
performance according to R -measure, followed by
BICT(Word) which pgave a comparable
performance to SBayes. The performance of B
ICT{(Bayes) was also comparable to that of
CoTraining(Bayes) and I-ICT(Bayes). Compared
to the other classifiers, 5-Word and
CoTraining(Word) did not perform well.

Compared to supervised classifiers, the
performance of ICT was comparable to that of S-
Bayes and quite better than that of SWord. The
results demonstrate that our system can effectively
use unlabeled examples and the two medules
succeed in training each other, The reason that |
ICT(Word) gave better performance than B-
ICT(Word) comes from the consistency checking
step during the classification proeesses. Though
we did not include the details of running time of all
classifiers, from the experiments we found that B-
ICT ran much faster than [-ICT and CoTraining.

4.2. The Results on Course/mon-Course Home
Page Classification Problem

Below we describe the data set and experimental

setting, and the results on the course/non-course

page classification problem.

Data Set & Experimental Setting
The data for our experiment is obtained via fip from

Y.t

[



Camegie Mellon University®. It consists of 1,051
Web pages collected from Computer Science
department Web sites at four universitics: Cornell,
University of Washington, University of
Wisconsin, and University of Texas. These Web
pages have been hand-labeled into two categories.
We consider the category “course home page” as
the positive class and the other as the negative
class. In this dataset, 22% of the Web pages are
course home pages.

Bach example is filtered to remove words which
give no significance in predicting the class of the
document. Words to be eliminated are auxiliary
verbs, prepositions, pronouns, possessive pronouns,
phone numbers, digit sequences, dates and special
characters. We have 230 course Web pages and
821 non-course Web pages. Each Web page has
two views, pagebased and hyperlink-based,
respectively. The training set contains 172 course
Web pages and 616 non-course Web pages. Three
positive examples and nine negative examples were
randomly selected from the training dataset to be
the initial labeled data. Therefore, cach data set
containg 12 initial labeled cxamples, 776 unlabeled
training examples and 263 test examples. We then
used 3-fold cross-validation for averaging the
results.

The settings for the classifiers are as follows.

(1) For ICT, we ran the elgorithm with both
incremental and batch modes using consistency
checking. As we have no domain knowledge to
provide to the classifier for this problem, we gave 3
positive and 9 negative examples as initial labeled
data for ICT. The parameters p and n in Teble 1
were set to 1 and 3, respectively.

(2) For CoTraining, the values of the parameters of
the classifier (in Table 2) were set in the same way
as in [2]. As CoTraining requires a small set of pre-
classified training data, we gave the algorithm with
3 positive and 9 negative examples. In our
experiment, we set the values of UE] p, n and u 10
776, 1,3 and 75, respectively.

The Results

The cxperimental results are shown in Table 4. In
Table 4, ICT(Page) and HCT(Hypertink) stand
for the page-based and hyperlink-based nai ve
Bayes classifiers of IICT, respectively, and
B-ICT(Page) and B-ICT(Hyperlink) are those of
BICT.  CoTraining(Page)  and  CoTrining
(Hyperlink) are page-based and hyperlink-based
nai ve Bayes classifiers of CoTraining algorithm,
respectively.  S-Bayes(Page) and  S-Bayes

’ The Word Wide Knowledge Base (web-kb) project,
[hnp:llwww.cs.cmu.ed\dafslcs.cmu.edwprojecb'theo-

S1/www/co-training/data/course-co-traia-data tar g7
Camncgie Mcllon University
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Table 4: The precision (%), recall (%) and K-
measure of the classifiers for the problem of
cours¢/non-course page classification.

Classifier P(%) R F
IICT(Page) 9404 8046 8672
S-Bayes (Page) 7748 9435 8509
S-Bayes(Hyperlink) 8781 6217 7280
HCT(Hyperink) 6154 7241 6989
CoTraining(Hyperlink) 6241  59.19 ~ 6075
CoTraining(Page) 919t 3449  S0.I5
BICT(Page) 6770 3976 5010
BICT(Hyperlink) 6211 3408 4401

. (Hypetlink) are supervised nai veBayes classificrs,

which classify Web pages based on words in Web
pages and words in hyperlinks, respectively.

As shown in the table, FICT(Page) gave the best
performance  followed by  S-Bayes(Page),
S-Bayes(hyperlink), IMICT (Hyperlink), CoTraining
(Hyperlink) and CoTraining(Page). The
perfonnance of B-ICT’s were lower than the others.
Compared to the performance of BICT on Section
4.1, the results of BICT on this problem were not
good. This is due to the fact that unlike B-ICT on
Section 4.1 which was given knowledge in form of
dictionary, B-ICT on this problem had no
knowledge about the dornain. In this problem,
BICT received only a small set of labeled
examples for building its initial parameter set. As
shown by the results, this initial parameter set did
not contain enough statistical information for
labeling the whole examples in batch-mode.
However, when we rmun the algorithm with
incrementalmode, with the help of consistency
checking, HCT incrementally added a small set of
examples on each round, and gave an improved
results over B-ICT.

The reason that l-ICT(PageJ, gave better
performance compared to S5-Bayes is because
FICT(Page) cooperated with IHCT(Hyperlink)
while S-Bays wused single classifier. The
performance of HCT(Hyperlink) was not good as
that of IICT(Page). This is because hyperlinks
contain fewer words and thus are less capable of
building accurate classificr. The training technique
of HICT is also an effective way as its performance
was better than that of Co-Training which uses a
different training technique,

5. Discussion and Related Work

We have applied ICT on two classification
problems. The problem of Thai/non-Thai page
classification is simpler than the problem of



course/non-course home page classification. This
can be scen by the performance of all classifiers
which decreased on the second problem. For a
difficult problem, incrementalmode ICT seems to
be more suitable than batch-mode ICT. Batch-mode
ICT has an advantage that it run fast, and it is
suitable for the problem where we can provide
dosmain knowledge.

Though the performance of our methed is
comparable or better than the other classifiers, the

precision and recall on the problem of course/non-
cours¢ page classification are still not high. This

may be due to the simple model of the classifiers,

ic, nal ve Bayes classificrs. We plan to construct
some domain knowledge for giving to the classifier
and employs more powerful classifiers to test in

this problem in the near future.

Our technique is ielated to Expectation-
Maximization algorithm [5]. EM algunt‘hm is an
cffective method for dealing with missing values in
data, and has successfully been. applied to text
classification [I4). Nigam, et al. [14] have
demonstrated that the accuracy of classifiers can be
improved by using EM 1o augment a small number
of labeled data with a large set of unlabeled data,

Meta-bootstrapping is another unsupervised
algorithm for Jeaming from unlabeled data [8). Like
our method, the algorithm is composed of two sub-
learning algorithms. However, the fraining process
of meta-bootstrapping and the way of using data are
different from our method. This algorithm is multi
level algorithm and is very useful, especially in the
complex domain where sub-leaming algorithms
alone could not produce enough good results. We
also plan to study this kind of multi-level algorithm
for using with our method.

6. Coxnclusion

We have presented a method that effectively uses
unlabeled examples to estimate the parameters of
the system for classifying Web pages. The method
is based on two sub-classifiers that iteratively train
cach other. With no pre-labeled or a small set of
pre-labeled examples, our method gives high
precision and recall on classifying Web pages. The
performance of our method is competitive with
those of supervised ones, which demonstrates the
successful use of unlabeled data of our method.
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Abstract. The goal of Web page categorization
is to classify the Web documents info a certain
number of predefined categories. The previous
works in this area employed a large number of
labeled training documents for supervised
learning. The problem is that, it is difficult to
create the labeled training documents. While it is
easy to collect the unlabeled documents, it is not
so easy to manually categorize them for creating
training documents. Therefore, a new machine
learning algorithm should be investigated to
overcome these difficulties. We proposed a new
algorithm called Iterative Cross-Training (ICT).
The paper also present a new feature set which is
the hierarchical structure of headings appearing
in the Web page to enhance the classification
performance. We found that the hierarchical
structure of headings has a high impact and
could enhance the classification performance.

Keywords. Machine Learning, Web page
categorization, feature sets.
1. Introduction

The availability of large, heterogeneous

repositories of Web pages is increasing rapidly.
There are billions pages accessible on the
Internet with 1.5 million pages being added daily
[4}. A user searching for documents within a
specific category using a general purposed search
engine might have a difficult time finding
valuable documents. Search engines Web sites,

such as a Yahoo', Google2 etc., organize their
Web resources in category-specific style. These
Web sites currently use human experts to
categorize the documents. However, the growth
of Web pages nowadays is exponentially
increased. It is difficult to keep updating and
maintaining the index of billions Web pages. To
improve category specific search, we need a
well-trained classifier with a high ability to
recognize Web pages of a specified category.

Many traditional machine learning techniques
were investigated and applied to the Web pages
categorization problem. The algorithm called
bootstrapping was investigated in the domain of
text learning by Rosie Jones [2]. This algorithm
needs knowledge about the-classes of document,
which is provided in the form of a few keywords
per class and a class hierarchy. The algorithm
proceeds by using the keywords to generate
preliminary labels for some documents by term
matching. Then these labels, the hierarchy and
all of unlabeled document become the input to a
bootstrapping algorithm. The bootstrapping
algorithm combines 2 techniques, which are the
hierarchy  shrinkage  and Expectation—
Maximization (EM) with unlabeled data. They
tested the algorithm with the topic identification
of computer science research papers. The
experimental result shows that the algorithm
could get 66% of correctness.

The Co-Training algorithm was  first
introduced by [1]. The concept of the algorithm

! hitp:/fwww.yahoo.com
* hitp://www.google.com

.



is based on the boosting technique. That means,
the algorithm learn from a small initial labeled
data then it will 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 most examples, the target functions 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 hyperlink text or the page text alone. The
second assumption is that the features in one set
of an instance are conditionally independent of
the features in the second set, given the class of
the instance. This assumes that the words on a
web page are not related to the words on its
incoming hyperlinks.

We applied our method to two Web page
classification problems. The first problem is the
classification of Web pages into four categories,
which are course, faculty, project and student
homepage respectively. The second one is the
classification of Web pages in the
pharmaceuntical domain. In order to make the
explicit performance comparison of I-ICT, we
also implement the supervised learning algorithm
and Co-Training algorithm. The experimental
results show that the performance of I-ICT is
comparable to the classifier using the supervised
learning algorithm.

The paper is organized as follows. Section 2
describes in detail about the proposed feature
sets used in our experiments. Section 3
introduces the concept of I[-ICT and the
classification mechanism of classifiers. The Co-
Training algorithm will be explain in Section
4.The concept of the supervised learning
algorithm is explained in Section 5. Section 6
shows the experimental results. Discussion and
conclusion will be given in Section 7 and 8§,
respectively.

2. Feature Sets

For the classification problem, the
classifier’s performance usually depends on the
classification mechanism with the support of
feature sets. The appropriate feature sets will
help the classifier to enhance its classification
correctness. Therefore we try to investigate the
possible feature sets to see their contribution on
the precision and recall of the classifier. Feature
sets that we study are as follows

2.1 Content

The content of a Web page provides
information to the user in detail. It is considered
to be the main resource for the text
categorization problem, whether it is done by
human expert or by an automatic classifier.
Therefore, we extract all words in the content to
be the feature set in our experiments.

2.3 Hierarchical Headings

The heading phrase normally represents the
main idea of the following content. Considering
a Web page, we found that, it is normally
organized into a hierarchical style; the main
heading is usually followed by the sub-headings.
Therefore, this structure should somehow
represent the concept of the following content.
We use this opportunity to extract all headings in
the page and assign weight for words appearing
in the heading related to the hierarchical
structure. The weight assignments are shown in
Table 1.

Note that, Table | also include some html
tags that are used to make the different style of
the text, such as the <b> tag which use to make
the bold style, <i> is used to make an italic style.

Table 1. The weight assignment for headings
appeared in the Web page.

Html Tag weight

<title> 10
<META NAME="description™ 10
<META NAME="keyword” 10
<META NAME="rating” - 10
<ht>

<h2>

<h3>

<hd>

<st>

<em>
<blockquote>
<a href="">
<a>

<ol>

<th>

<p>

<u>

<j>
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3.Incremental Iterative Cross-Training

The architecture of our learning algorithm
consists of two naive Bayes classifiers, each of
which learns from different features of a Web
page. For the ease of explanation, we will use the
concrete example of feature sets which are words
appeared on the heading (heading-based) and
words on the page (content-based). Starting with
a small number of labeled data, each classifier
estimates its parameters and uses the learned
parameters to classify unlabeled data for the
other as shown in Figure 1. The classification for
unlabeled data is done in incremental way, ie.,
the algorithmn incrementaily labels a small
number of data. The training data is duplicated
into two sets: TrainingDatal for training the
heading-based classifier and TrainingData2 for
training the content-based one. The concept of
our algorithm is that if we could obtain reliable
statistical information from the first classifier, it
should be useful in classifying training data for
the second classifier. After receiving training
from each other, the parameters of the classifiers
should be more reliable every iteration.

Tramng
Dt 2

heading

content

Figure 1. The architecture of Incremental
iterative-Cross Training algorithm.
Given aset of class labels L = {/,, I,..., [} and a

document d of n words (w), wy,. SWn)s the most
likely class tabel /* estimated by naive Bayes is
the one that maximizes Pr(Zjw,, ... w,}:

* =argmax Pr{l|w, .. w,) (N
y
= argmax Pr{l )JPriw, .. w/ll) @)
A Priw,, ..., w,)
= argmax Pr(l;}Pr(w,,...w)jl) (3)

l

Table 2. Incremental - ICT algorithm

Given:

» Two training sets TrainingDatal of heading-
based data and TrainingData? of content-
based data (TrainingDatal and TrainingData?
bath contain U labeled examples).

—  Use labeled data in TrainingDatal to estimate
the parameter set 8, of the heading-based
classifier.

—  Use labeled data in TrainingData2 to estimate
the parameter set 8. of the content-based
classifier.

—  Loop until all data are labeled.

e Use the content-based classifier with
current 8, to classify TrainingDatal into
categories.

#  Check consistency of the
classification with the heading-
based classifier.  Label the
class for the most confident p
examples for each category.

= Train the  heading-based
classifier by the labeled
examples in TrainingDatal to
estimate the parameter set 6, of
the classifier.

e Use the heading-based classifier with
current 8, to classify TrainingData2 into
categories.

=  Check consistency of the
classification with the content-
based classifier.  Label the
class for the most confident p
examples for each category.

* Train the content-based classifier by the labeled
examples in TrainingData? to estimate the
parameter set £, of the classifier.

For our data set, L is the set of class labels
Pr(wy, ..., w,) in equation 2 can be ignored, as we
are interested in finding the most likely class
label. As there are usually an extremely large
number of possible values for d = (w,wy, ..., w,),
calculating the term Pr(w, ..., w,|[) requires a
huge number of examples to obtain reliable
estimation. Therefore, to reduce the number of
required examples and improve reliability of the
estimation, assumptions of naive Bayes are
made. These assumptions are (1) the conditional
independent assumption, i.e. the presence of each
word is conditionally independent of all other
words in the document given the class label, and
(2) an assumption that the position of a word is
unimportant, e¢.g. encountering the word
“subject” at the beginning of a document is the



same as encountering it at the end (Mitchell,
1997). Equation 3 can be rewritten as:

n
I* = agrgmax Pr(l}T1 Priw| Lwy...we)  (4)
Iy i=1
n
= argmax Pr(i)T1 Pr(w;| 1) {3)
I i=]

The probabilities Pr(f) and Pr(w|l) are
used as the parameter sets 8, and 6., and are
estimated from the fraining data. The prior
probability Pr(/) is estimated as the ratio
between the number of examples belonging to
the class /, and the number of all examples. The
conditional probability Pr(w/{l;), of seeing word
w; given class label /, is estimated by the
following equation:

Priwil) =1+ N(w;j; ) (6)
T+ N()

Where N(w,/) is the number of times word w;
appears in the training examples from class label
I, N(1) is the total number of unique word in the
training set. 7 is the number of class. Equation 6
employs Laplace smoothing (add one to all of
word counts), to avoid assigning probability
values of zero to words that do not occur in the
training examples for a particular class.

4. The Co-Training Algorithm

The Co-Training algorithm explicitly uses the
split of the features when leaming from labeled
and unlabeled data. Its approach is to build the
naive Bayes classifier for each of the distinct
feature sets. Each classifier is initialized using a
few labeled documents. Then every round of Co-
Training, each classifier chooses the most
confident p positive and n negative labeled
examples to add to the labeled set of documents.
The documents selected are those that have the
highest posterior class probability, Pr(/|d). Then,
each classifier rebuilds from the augmented
labeled set and the process repeats [1].

Table 3: The Co-Training algorithm

Given:

A set LE of labeled training examples

A set UE ofunlabeled examples
Create a pool UE' of examples by choosing u
examples at random from UE.
Loop while there exist documents without class
labels:

s Use LE to estimate 8 of the hyperlink-
based classifier using the hyperlink portion
of each document.

e Use LE to estimate 8. of the content-based
classifier using the page portion of each
document.

¢ Allow the hyperlink-based classifier with
current 8, to label p positive and » negative
examples from UE".

e Allow the content-based classifier with
current 6, to label p positive and » negative
examples from UE’.

s Add these self-labeled examples to LE.

» Randomly choose 2p+2n examples from
UE to replenish UE".

5. Supervised Naive Bayes Algorithm

The basic concept of supervised leamning for
building a classifier is that it requires a set of
examples with predefined classes.The classifier
is then try to find some common properties of the
different classes in order to make correct
classification for unseen data. Thus, this kind of
classifiers need a large number of labeled
examples to correctly model the characteristic of
the class during learning process. Labeling must
be done by human to train the classifier
accurately. In our experiment, we employ the
naive Bayes classifier as a supervised learning
algorithm. The algorithm of the naive Bayes is
the same as one described in Section 3, except
that it is trained by hand-labeled data.

6. Experimental Results

In order to test the robustness of the
incremental-ICT algorithm and to investigate
the effectiveness of the feature sets, we set
up experiments on the problem of drug-
usage Web page classification and
university-related Web page classification.
The impacts of the hierarchical headings on

1%



different learning algorithms are shown in
the next section.

6.1 University-related Data Sets

In the University-related data set, the Web
pages have been hand-labeled into 4 categories,
which are course homepage, faculty homepage,
project homepage and student homepage. In this
data set, some categories are actually closely
related which make the classification more
difficult. A course home page gives information
about the subject such as the course outline, the
class schedule, reference books. A faculty
homepage is an instructor homepage, which
gives information about instructor’s research,
teaching course. A project homepage is actually
a research homepage. A student homepage is a
personal homepage of a student in the university.

6.2 Drug-Usage data set

This data set is The Drug-Usaget data set
consists of 353 Web pages corresponding to 5
categories in pharmaceutical domain. Those
categories are about adverse, Clinical pharmacy,
overdose, patient information and warning.

6.3 Experimental Setting

Each Web page is filtered to remove words
that give no significance in predicting the class of
the page. Then, the word stemming process is
applied to each page by using Porter algorithm [5]
in order to remove all suffixes and search for
similar words based on the root word. Finally, we
extract all headings appearing in each Web page to
be the feature of the heading-based classifier.
Therefore, each Web page can be viewed as a set
of words appearing in the page’s content and a set
of words appearing in all headings.

The Results

Standard precision (P), recall (R), F-measure
(F)) are used to evaluate the performance of the
classifiers[6]. These measurements are defined as
follows. '

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

(N

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

(8)

F, = 2PR (9)
P+R

6.4 Experimental results of Supervised Naive
Bayes Classifier.

The objective of this experiment is to see how
the hierarchical headings structure effects the
performance of supervised naive Bayes classifier
(S-Bays). In the Table 4 and 5, feature A means
that the words appearing in the headings are
treated as a plain text (no weight assignment).
Feature set B means that we make use of the
hierarchical headings structure. (assign the
weight according to the weight presented in
Table 1). Feature set C has the same meaning as
feature set B except that we discard the html tag
that change the style of the words; eg. <i>, <I>,
<b>,

Table 4. The F, performance on Drug Usage
Data set

S-Bayes F-Measure (%)

feature| 3726 6109 7918 14187 | 41607
A 3463 | 59.93 | 80.91 85.30 94.02
B 3742 69.64 78.64 83.45 88.94
C 35.64 66.80 78.63 80.38 88.07

s i
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Figure 2. The F, performance of S-Bays using
different no of words in the training data in the
drug usage data set.

Table 5. The F; performance on University-
related Data set

S-Bayes F-Measure (%)

feature| 4557 | 6812 | 13343 | 19810|25087 [37519[49035
A [21.34]28.34|141.36 | 56.75 | 62.85 | 70.82 | 68.81
B |34.88|48.25(52.46|70.18 | 80.60 | 83.42 | 84.56
C |3142(44.79 4976|6672 |77.14 | 82.27 | 81.10

s
e
7



Figure 3. The Fy performance of S-Bays using
different no of words in the training data on
University-related data set.
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From the experimental result, we found that the
hierarchical headings feature set (feature B)
could enhance the classifier ’s performance in
both data sets. As the number of words in the
labeled training data increase, the performance of
the naive Bayes classifier also increase.

6.5 Experimental results using
hierarchical headings structure on

7. Discussion

The experimental result (as shown in Table
6 and 7) shows that the 1-ICT algorithm can gain
the benefit of the hierarchical structure of the
headings. I-ICT outperforms S-Bays in all
experiment using different no of words in
training data. This means that the classification
mechanism of I-ICT has a high potential and has
good strategy to view the Web page as the words
appeared in the hierarchical heading and words
appeared in the content. I-ICT got the higher
correctness compare to Co-Training when using
the no. of word more than 3726.

8. Conclusion

In this paper, we have proposed to use the
hierarchical heading structure and demonstrated
the concept of the I-ICT algorithm. Our
algorithm has an advantage over the supervised
learning algorithm in the sense that the classifier
needs only small amount of initial labeled data,
whereas the supervised learning algorithm needs
a huge number of labeled data.
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