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Abstract

Classi�cationof an interestingclassof Webpages(e.g.,
personalhomepages,resumepages)hasbeenan interest-
ing problem. Typical machine learningalgorithmsfor this
problemrequire two classesof data for training: positive
and negative training examples. However, in application
to Web page classi�cation, gatheringan unbiasedsample
of negativeexamplesappears to be dif�cult. We propose
a heterogeneouslearning framework for classifyingWeb
pages,which (1) eliminatesthe needfor negativetraining
data,and(2) increasesclassi�cationaccuracybyusingtwo
heterogeneouslearners. Our framework usestwo hetero-
geneouslearners – a decisionlist and a linear separator
which complementeach other – to eliminatethe needfor
negativetrainingdatain thetrainingphaseandto increase
theaccuracyin thetestingphase. Our resultsshowthatour
heterogeneousframework achieveshigh accuracy without
requiringnegativetraining data; it enhancestheaccuracy
of linear separatorsby reducingtheerrorson “low-margin
data”. Thatis, it classi�esmore accuratelywhile requiring
lesshumanefforts in training.

1. Intr oduction

Automaticcategorizationor classi�cationof Webpages
hasbeenstudiedextensively, andmostof thoseclassi�ca-
tion techniquesareusuallybasedonsimilaritybetweendoc-
uments' contentsor their hyperlink structures. However,
thecategoriesgeneratedby thosetechniquesdo not always
�t end-users'searchpurposessince they cannotconsider
eachuser'sspeci�c interest.Let's think aboutaquery“Find
XML experts”on a commonsearchengine.We maywant
to hit the keyword “XML” or “experts” on any searchen-
gine,andtry to re�ne thesearchresultsrepeatedlyuntil we
collecta fair amountof XML expertpages.However, if we
areableto specifyasearchclassor domaininto “resume”or
“personalhomepage,” wecouldsimplyapplya searchterm

“XML” within theclassesof resumeor personalhomepage
to collectXML expertpages.

Automaticclassi�cationof speci�c typesof documents
suchasnewspaperarticles,patentdocuments,calls for pa-
pers,andpersonalhomepagehave beenproposedfor this
problem[7, 15]. However, thesesolutionshave somelim-
itations: they arequite dependenton speci�c classes,and
they requirelaboriouswork to createa new classi�er of in-
terest.In particular, they requirecollectingpositivetraining
dataandunbiasednegativetrainingdatathatuniformly rep-
resentsthenegativeclass.Finally, they show relatively poor
performanceparticularly on classifying low-margin data.
Low-margin data is the datathat is relatively closeto the
separator, thus is often misclassi�edby linear separators.
For example, if a personalhomepagehasnot much per-
sonalinformation,it may be closeto the separatorof per-
sonalhomepageclass,andthusbecomesalow-margindata.
This problemis a well-known drawbackof linear separa-
torssuchasWinnow, Perceptron,andPerceptron-likealgo-
rithms[14, 18, 4, 6, 19, 12].

We presenthereanew machinelearningframework that
exactlymatchestheseproblemsof Webpageclassi�cation.
Our framework usestwo heterogeneouslearners– a deci-
sionlist andalinearseparatorwhichcomplementeachother
– in bothtrainingandtestingphases.Therehavebeenmany
attemptsto usemultiple homogeneouslearnersto increase
classi�cation accuracy. However, combinationof homo-
geneouslearnersgenerallydoesnot overcomethegenuine
weaknesssof eachlearner. Thepurposeof thedecisionlist
in trainingphaseis to eliminatetheneedfor negative train-
ing datain constructinga linearseparator. Thedecisionlist
in testingphaseenhancestheaccuracy of thelinearsepara-
tor especiallyfor low-margin data.As a result,our hetero-
geneousframework (1) makeseasierto createa classi�er
for a new conceptby reducingthework to collect training
documents,andalso(2) increasesthe�nal classi�cationac-
curacy by complementingtheweaknessof linearseparators
for low-margin data.

Thecontributionsof our framework arethefollowing.



� Our heterogeneousframework enablespre-�ltering
stagein trainingphaseto inducenegativetrainingdata
from universeandpositive trainingdata.Previousma-
chinelearningschemesneedto classifylargenumber
of pagesmanually to prepareunbiasedpositive and
negative training documents. The pre-�ltering stage
makespossibleto constructaclassi�er without requir-
ing negativetrainingdata,whichspeedsuptheprocess
of creatinga classi�er for a new class,but alsoopens
a possibleway to supporttype-speci�cquerieson the
Internetfrom samplepages.

� We proposea new early-inclusionstagefor correctly
classifyinglow-margin data. Linear separatorssuch
asWinnow, Perceptron,andSVMs have beenstudied
extensively andhave proved their outstandingperfor-
manceswhen the environmenthashigh dimensions,
the numberof active featuresis small, and the in-
stancespacesaresparse.Consequently, thelinearsep-
aratorsare the mostwidely usedalgorithmsfor Web
pageclassi�cation problemssinceWeb pageclassi�-
cation has the samepropertiesas environmentthese
linear separatorswork well. However, they have
showedweaknessin classi�cationof low-margin data
[14, 18, 4, 6, 19, 12]. Our early-inclusionstagecom-
plementsthis weaknessandachieveshigheraccuracy
for low-margin data without sacri�cing any perfor-
manceonotherdata.

Therestof thepaperis organizedasfollows. Section2
describesthe problemandour approachin detail. Section
3 presentsthealgorithmof eachstagein theframework. In
Section4, we describetheexperimentenvironmentandre-
sults,andwe evaluatetheexperimentresults.Section5 de-
scribestherelatedwork. Theconclusionsandfutureworks
arediscussedin Section6.

2 Problem Description and Heterogeneous
Framework

A typical algorithm for learninglinear separatorscon-
sistsof two phases:trainingphaseandtestingphase(Figure
1). In trainingphase,thealgorithmreadspositive andneg-
ative trainingdatato constructa linearseparator(LS). The
testingphaseclassi�es testingdocumentsby the LS con-
structedin the training phase.The typical learningframe-
work suffersfrom theneedof negativetrainingdataandthe
inherentinaccuracy for classifyinglow-margin dataaswe
brie�y mentionedin Section1. To addresstheseproblems,
we proposea heterogeneousframework built upon a lin-
ear separator(LS). Speci�cally, we introducetwo stages:
To eliminate the needfor collecting class-speci�cnega-
tive data,our heterogeneousframework usesa pre-�ltering

Figure 1. The typical learning frame work

stagein the training phase. To improve classi�cation ac-
curacy on the low-margin data,thetestingphaseadoptsan
early-inclusionstage. The two stagesusea decisionlist
(DL) having differentthresholdparametervalues.Figure2
shows the linear separator(LS) andthe decisionlist (DL)
of thepre-�ltering andearly-inclusionstagesin eachphase
of the framework. The DL of the pre-�ltering andearly-
inclusionstagesis constructedin the training phaseI, and
theLS is trainedusingpre-�ltering DL in thetrainingphase
II. Theearly-inclusionDL andLS classifythe testingdata
in thetestingphase.In thefollowing,wedescribetheprob-
lemsandtheapproachesof eachstagein details.

Figure 2. Our heter ogeneous frame work



2.1 Pre-filtering: Inducing Negative Training
Data

An important issueto make a good linear separatoris
to preparea goodsetof trainingdocumentsthatuniformly
representtheconceptwithout any bias. Sincewe aredeal-
ing with binaryclassi�cationthatseparatesa classof inter-
estfrom theothers,userswould needto collect two setsof
trainingdata,thesampleof class

�
andits complement� � .

Theportionof theclass
�

in theuniverse( ��� ��� ) is usually
muchsmallerthantheportionof its complement( ����� ��� ).
For instance,”collegeadmissionpages”takeverysmallper-
centagesof theInternet. ��� ��� maybelessthan0.1%,and
����� ��� more than 99.9% in this case. Collecting nega-
tive training data � � requiressigni�cant amountof man-
ualclassi�cationsbecausethesampleof negativedatamust
representtheentireuniversewhile excluding the instances
of
�

.
Onemight arguethatusinga sampleof universalsetit-

self asa substitutefor negative training datais valid since
��� ��� is usually much smallerthan ����� ��� . However, a
smallnumberof falsepositivesin thetrainingdatacanim-
pair the classi�cation performanceof linear separators,as
ourexperimentsshow in Section4.

Our heterogeneousframework doesnot requirecollect-
ing � � to constructa classi�er. Instead,it usesa uniform
sampleof the universe,which can be collectedautomati-
cally from a repositorysuchasDMOZ1. Oncetheuniform
sampleis collected,it is reusedfor any classes,and thus
makingthe trainingof a new classi�er mucheasier. In our
experiments,weusedarandomsamplerto collectauniform
sampleof theuniversefrom DMOZ automatically. Thepre-
�ltering stagein the training phaseconstructsan unbiased
sampleof negativetrainingdatafrom thesampleof theuni-
verseandthepositive trainingdata.Theunbiasednegative
trainingdatais usedthenwith thepositive trainingdatain
orderto learna linear classi�er. Our resultsshow that the
pre-�ltering stagehelpsto achieve high accuracy without
requiringnegativetrainingdata.

2.2 Early-inclusion: Identifying Low-margin
Data

The performanceof linear separatorsuchas Winnow,
Perceptron,andPerceptron-likealgorithmsis dependenton
thedistancebetweentheseparatorandexample,usuallyre-
ferredto as“margin” [6]. In otherwords,mostclassi�ca-
tion errorsof thoselinearseparatorscomefrom low-margin
data,the datanearthe separator. The distance	 between
anexampleandtheseparatoris formulatedas

	�
 ��

� ��� ����

�
������� � ��� � ����� (1)

1http://dmoz.org

where � is a weight vectorof the linear function (i.e. �
��� � ��� � ��� ��������� ���! ), and

� ��� � is a featurevectorof an
example� (i.e. � �

� ���
� � � � ���

� � � � ���
� ��������� � � �"�

�
 ).

In orderto identify therelationshipbetweenthedistance
	 andtheclassi�cationperformanceon realWebdata,we
randomlychosethreecommonclasses– “computershop-
ping,” “sports shopping,” and “stocks and bonds” – from
DMOZ, andclassi�edthepagesof theclassesusingoneof
thoselinear separators(i.e. the Winnow algorithm). Fig-
ure 3 shows the distribution of examplesat eachdistance
from theseparatorin the featurespace.For this �gure, we
usedrandomlyselected200pagesof eachclassto traineach
class,andusedanother200 pagesfor testing. The �gure
shows thateachclasshasfairly many pagesnearthesepa-
ratorandthatmostof falsenegativescomefrom examples
neartheseparator. This observationshows that theinaccu-
racy of classifyinglow-margin datais a majorproblemfor
Webpageclassi�cation.

The distanceof an examplefrom theseparatoris deter-
minedby theweight ( � ) of every active feature(

�$# �"� � ) of
theexampleasshown in theformulaof 	 . Thelinearsep-
aratorssuchasWinnow, Perceptron,or Perceptron-like al-
gorithmsdeterminetheweightof eachfeatureaccordingto
its likelihoodto appearin the training data. Therefore,an
examplewouldbelocatedneartheseparatorif theexample
hasa smallnumberof discriminativepositive featuresthat
maynotoccurfrequentlyin thepositiveclass,andif theex-
amplealsohasmany non-positive features.For instance,if
a personalhomepagehasthe title “personalhomepage”,it
is apersonalhomepageevenif it doesnothaveany personal
informationin it. Thatis, “personalhomepage”in title is a
discriminative featurefor the personalhomepageclassal-
thoughit doesnotoccurfrequentlyin theclass.

Ourearly-inclusionstagehelpsto identify thosemisclas-
si�ed low-margindata.As aresult,thisstagereducestheto-
tal classi�cationerror rate. Theearly-inclusionstageiden-
ti�es the small numberof discriminative positive features
from positive trainingdataandthesampleof theuniverse,
andusesthesefeaturesto labelobviouspositive pagesbe-
foresendingthedocumentsto thenext stageof linearsepa-
ratorfunctionasFigure2 shows.

Our resultsshow that the accuracy of classi�cation in-
creasesfor all test classeswe considered(i.e. personal
homepages,resumepages,andcollegeadmissionpages)by
addingthe early-inclusionstage,which implies the early-
inclusion stageactually identi�es the discriminative fea-
turesthatmaynot getweightshigh enoughto beclassi�ed
correctlyby thelinearseparators.

3 Algorithms

This sectionexplainsthealgorithmsof eachstagein the
framework. First,wediscussthelinearseparatoralgorithms
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Figure 3. The distrib ution of misc lassi�ed examples accor ding to their distance from the separator
(The distrib ution of false positives is also similar , but we onl y sho w false negatives because the
early-inclusiondeals with onl y false negatives. See Section 4 for details)

thatcanbepluggedinto this framework. After that,we de-
scribethefeaturerankingalgorithmthatweusefor thepre-
�ltering andearly-inclusionstages,andexplain how each
stageusesthis featurerankingalgorithm.

3.1 Linear separators

Different kinds of linear separatorscanbe usedin our
framework. In comparison,Winnow performsbetterthan
Perceptronwhenthe numberof relevant featuresis small.
PerceptronperformsbetterthanWinnow whentheinstance
spacesare sparse[11]. We useWinnow [14] and SVM
(SupportVectorMachine)[4] in our experimentsbecause
both algorithmshave shown good performancefor Web
pageclassi�cationandareamongthemostwidely usedfor
thispurpose.

3.2 Feature ranking

Both the pre-�ltering and early-inclusionstagesusea
featurerankingalgorithmthat ranksonly positive features
accordingto their frequenciesof occurrencein thepositive
exampleandtheuniverse.We call positivefeaturesthefea-
turesthatareactive in positiveexamples.Amongsuchfea-
tureswe distinguishstrong positivefeatures that are very
likely to appearin a positive example.We call strongposi-
tive theexamplesthathave oneor moreactive strongposi-
tivefeatures.In thefollowingwewill developaquantitative
modeldescribingtheseconcepts.

We would like to measurethestrengthof a positive fea-
ture.For this purpose,we useweightsthatcapturetherela-
tive frequenciesof thecorrespondingfeaturein thesample
of a particularclass� : ��� ��� � 
�� � ��� �
	��
� , where � � ��� � is
thenumberof pagesin thesamplehaving feature� and

���
is thetotalnumberof pagesin thesample.We calculatethe
weightof feature� asfollows:

� ���
� 


��� ��� ���� ��� ��� �
��� ��� ����� � ��� � � � (2)

where
��� ��� � : therelativefrequency of feature� in thesam-

ple of positive class,and
� � ��� � : the relative frequency of

feature� in thesampleof theuniverse.
Notewedonotuseentropy lossto rankfeaturesbecause

it is hardto estimatethe probabilitiesof positive andneg-
ative examples,or � � and ��� respectively. In this case,a
small error in estimatingthe probability of eachclasscan
make a large differencein ranking resultwhen � � is ex-
tremelysmallcomparedto � � (aswe discussedin thepre-
vioussection).

Our weightingformula considersthe rate( ����
� ) anddif-
ference(

� � �
���
) of eachfeature'sfrequency in thepositive

classandtheuniverse.This formulahasshown advantages
amongseveralotherweightingformulasthatwereexplored
in our experiments(includingTFIDF weights).

We will usethis weightingfunction in constructingthe
pre-�ltering algorithm which usesstrong featuresto ap-
proximatenegativetrainingdata.

3.3 Pre-filtering

Thepre-�ltering stageusesstrongpositivefeaturesto �l-
teroutstrongpositivedatafrom thesampleof theuniverse,
andthusinducesagoodapproximationof thenegativetrain-
ing data.Figure4 shows thepre-�ltering algorithm.

We �rst extract positive featuresfrom � � and � � , and
rankthemby theweightingformulain Equation(2). (Steps
1 through3 of the algorithm in Figure 4). We take out
a chunkof top ranked featuresby applying the following
thresholdfunction � onto the list (set)of positive features
(Steps4 and5 of thealgorithmin Figure4).

� 
! #"$�&%�'�( �*) ��� � � � (3)

where+ 
-,.� � �0/1��+ �&2 �3+54767�98 2 �3+;:&6��3/<+5/<= 2 � 2 ">+5?@4 2 /A�
�B67 2 �$6�C�?& 2 �D+ � �FE �HGI� �.J .

Thethreshold� is theworstrankingamongthestrongest
positive featuresin eachdocument.For example,saythat
we have only threepositive documents� � , � � , and � � , and



Input : � � asampleof thepositiveclass,� � asample
of theuniverse
Output : � � asampleof thenegativeclassneededfor
trainingthelinearseparatorstage
Notation: A document� denotesa setof its active
features.( � G � meansa feature� is presentin docu-
ment � . � G#� � implies � G � �1E �0G � � )
Algorithm :

1. Extract all positive features
�

from � � (
� 
� %�'�� � � )

2. Rankthe featuresin
�

basedon the weighting
function � ���

�
( � ���

� 
 � � � %��� � � %�� � �
��� ��� �3� � � ��� � � )

3. Let ) ��� � returns the ranking of feature � (a
smallernumberindicateshigherranking.)

4. Computea threshold � with the following for-
mula
� 
! ">� %�'�( ��) ��� � � ,
+ 
�, � � �
/1� + � 2 �3+54�67�98 2 �3+ :@6�� /<+5/<= 2 � 2 "$+5?@4 2
/A� �B67 2 �>6�C ?& 2 �D+ � � E ��G#� � J .

5. Extractstrongpositive features� by applying �
to
�

( � 
-,.� G � � ) ��� � � � J )
6. Extract negative documents� � ( � � 
 , � G

� � � �
	�� 

� J )
Figure 4. The pre­�ltering algorithm

theglobalrankings) ��� � of thestrongestpositive featurein
eachdocumentare11,14,and7 respectively. (That is, fea-
ture � with ) ��� � 
���� is the strongestpositive featurein
document� � .) Thenwe setthethreshold� to 14, which is
the lowestrankingof them. This heuristicfor the thresh-
old � fairly reasonablyapproximatesnegative training ex-
ampleswhich doesnot signi�cantly impact classi�cation
performance.

Thenegative trainingdata � � is constructedby exclud-
ing the documentshaving any of thosestrongfeatures�
from the sampleof the universe � � . We assumethat the
document� is positive if the intersection��	�� not empty.
We excludesuchdocumentsfrom � � to obtainan induced
sampleof thenegativeclass.

3.4 Early-inclusion

In early-inclusionstage,wescantestdocumentsto seeif
they haveany discriminativefeatures.If they have,welabel
themaspositives,andexcludethemfrom thenext stage.We
will call a feature� asdiscriminative if ) ��� � � ��� (i.e. the
feature � is ranked higher than ��� ) for somethreshold)�� .

We apply a linear function computedin the training phase
only to therestof thetestdocumentswhich arenot labeled
in the early-inclusionstage.We inducethe discriminative
positive featuresetby applyinganothersmallerthreshold
� � to the samefeaturerankingfunction ) . Note that � � is
smallerthan � becausethe discriminative positive feature
setneedsstrongerrequirementof positivity.

Thus,thesetof discriminativepositive features� � is

� � 
 ,3� G � � ) ��� � � � � J (4)

Documentsfrom the testingset � having at leastone of
active featuresfrom ��� arelabeledpositivesuchthat

� �� 
 , � GI� � �
	�� ���

� J (5)

Thedocumentsthatarenot labeledin theearly-inclusion
stageareroutedinto thelinearseparator.

The threshold ��� can be adjustedthrougha validation
process,suchthatit is setashighaspossibleunderthecon-
dition thattheearly-inclusion( ���� ) doesnot introducefalse
positive. Our experiment(Table1 in Section4) shows that
the early-inclusionstagedoesnot increasesthe numberof
falsepositiveswhile it doesdecreasethe numberof false
negatives.

This two-stageclassi�cation can be viewed as a serial
connectionof a simpledecisionlist anda linear separator
becausetheearly-inclusionis essentiallya decisionlist us-
ing discriminative features.Our experimentsdescribedin
Section4 show thatthiscombinationof two classi�erscom-
plementstheweaknessof eachother.

4 Experiments

4.1 Experimental Methodology

To testour framework, we chosethreeclasses:personal
homepages,college admissionpages,and resumepages.
For eachclass,wecollected233,97,and100positivetrain-
ing documentsrespectively. We randomlyselected2514
pagesfrom DMOZ to constructa uniform sampleof the
universe. For eachclass,we testedaround600 pagesthat
are not duplicatedwith the training data. In reality, per-
sonalhomepagesareextremelydiverse,sowe con�ned the
personalhomepageclassto pageshaving personalinforma-
tion. Pageshaving only imagesor extremelysmallamount
of text wereremovedfrom theexperiments.

We extractedfeaturesfrom differentpartsof a page—
URL, title, headings,link, anchor-text, normal text, and
metatags. Eachfeatureis a predicateindicatingwhether
eachterm or specialcharacterappearsin eachpart, e.g.,
` � ' in URL, or a word `homepage'in title. We did not use
stemmingor a stoplistbecauseit couldhurtperformancein



Webpageclassi�cation.For example,acommonstopword,
“I” or “my”, is a goodindicatorof a studenthomepage.

As we mentionedin previoussection,we performedthe
experimentsusingtwo differentlinearseparators,Winnow
[14] andSVM (SupportVectorMachine)with linearkernel
function[4]. We useSNOW (SparseNetwork Of Winnow)
[2] for Winnow implementation,andSVM LIGHT [9] for
SVM implementation.

4.2 Results

We �rst show theperformancecomparisonon the three
classesbetweenthe typical framework and our heteroge-
neousframework. After that, we discussthe concreteim-
pactsof early-inclusionstageonperformance.

4.2.1 Performancecomparison

Table1 shows theclassi�cationerror ratesof Winnow and
SVM respectively on the threeclasses“resume”, “college
admission”,and “personalhomepage.” Typical learning
framework that usespositive training dataandsamplesof
universeasnegative trainingdatashows high ratesof false
negatives. This problemis theconsequenceof placingtoo
deepin the positive class. Using pre-�ltering stage,the
falsenegativesdecreasesubstantiallywithout muchsacri-
�cing theperformanceon negative testingdocuments.The
early-inclusionstagedecreasesevenmoretheclassi�cation
errorsonthepositiveexampleswhile keepingtheclassi�ca-
tion errorson thenegativeexamplesfrom increasing(Table
1).

4.2.2 Impact of the early-inclusion stage on perfor-
manceand data margin

The early-inclusion stage uses a decision list. Figure
5 shows the performancegain by serializing the early-
inclusion stageand the linear classi�cation stagefor per-
sonalhomepageclassi�cation. The �rst graphin Figure5
shows thenumberof falsenegativesat eachdistancewhen
usingonly a linearseparator(i.e. Winnow usingtheSNOW
[2]). In this graph,mosterrorsof thelinearseparatorcome
fromlow-margindata.Thesecondgraphin the�gure shows
the classi�cationerrorswhenusingonly a decisionlist of
the early-inclusionstage. The classi�cation errorsof the
secondgrapharefairly spreadedover every distancecom-
paredto the linear separatorgraph. The last graphof the
�gure 5 shows the reducedclassi�cation errorsusing the
two stagesconnectedserially. In this case,the decision
list of early-inclusionstagecomplementsthe linear sepa-
rator's shortcomingby reducingthe errorson low-margin
data,which resultsin higher overall accuracy. Figures6
and7 show thesameresultswhenclassifyingresumepages
andcollegeadmissionpagesrespectively.

4.3 Discussion

WhenweclassifyWebpagesmanually, wemayconsider
many factorssuchastitle, text, url, andsoon asthetypical
machinelearningalgorithmsdo. However, a small num-
ber of discriminative positive featurescoulddeterminethe
classof a pageregardlessof the otherfactors. (e.g. if we
see”personalhomepage”ontitle, it is likely to beapersonal
homepageno matterwhatcontentit has.)A learningalgo-
rithm suchas linear separators(i.e. Winnow, Perceptron,
or Perceptron-likealgorithms)maynot weighthediscrimi-
native featureshigh enough.This problemcanoccurif the
featuresoccurinfrequently. In this case,the linearsepara-
tor canmisclassifyapageif thepagehasmuchnon-relevant
information. Usually, thedistanceof thosepagesareclose
to theseparatoraswe discussedin Section2.

Our framework identi�es discriminative featuresusing
the featureranking algorithm we explained in Section3.
Theearly-inclusionstageusesdiscriminativefeaturesto in-
clude low-margin positive data in the positive class,pre-
ventingmisclassi�cationof this databy a linear separator.
Thus,the�nal classi�cationaccuracy increases.

5 RelatedWork

The researchcommunityhasbeenextensively working
on text classi�cationproblems,andtherehave beenmany
attemptsto extend this work to Web pageclassi�cation
[5, 17, 1, 3]. Most of thoseclassi�cation techniquesare
usuallybasedon similarity of documentsor their hyperlink
structures.They usuallyrequirepre-de�nedcategoriesthat
covertheentiretargetdomainandthateachclassis assumed
to bemutuallyexclusive.

MatsudaandFukushimaidenti�ed Webpagetypeclassi-
�cation problem,andtried to solve it by humandescription
of structuralcharacteristicsof a type[16]. Yi andSundare-
sanusedNaive bayesmethodwith structuredvectormodel
[21]. It performswell on structuredor tightly formatted
semi-structureddocumentssuchasUS Patentdata(XML
sharingsameDTD) or Resumes(tightly formatteddocu-
ments),but thosestructuredvectormodel is not likely to
performwell for classi�cationof normalHTML documents
having variousformats. Glover et al. classi�ed ”personal
homepage”and”call-for-paper.” [7] They classi�ed manu-
ally a largeamountof documentsto collectnegative train-
ing dataandusedSVM with �x ed setof features.Similar
methodswereusedfor classi�cationof newspaperarticles
[8] and patentdocuments[15]. Most of theseworks are
quitedependenton speci�c classes,andthey requiremuch
efforts to createa new classi�er for anew classof interest.

Therearesomerecentpapersonmultistageclassi�cation
[10, 20, 13] thatusethearrangementof homogeneousclas-
sifying elementsto achieve betterquality of classi�cation.



Winnow SVM
T T+P T+P+E T T+P T+P+E

f- f+ f- f+ f- f+ f- f+ f- f+ f- f+
Resume 6.38 2.06 4.26 0.19 1.06 0.19 3.19 0.56 3.19 0.56 1.06 0.56

Admission 8.25 0.00 2.06 0.89 1.03 0.89 3.09 0.00 3.09 0.89 2.06 0.89
Homepage 27.67 0.22 6.29 3.56 3.50 3.56 13.29 0.45 6.99 2.67 5.60 2.67

T: typical learning framework using positive training data and the universe as a substitute for the negative training data. T+P: typical
learning framework + pre-filtering stage. T+P+E: typical learning framework + pre-filtering stage + early-inclusion stage. f-: % of false
negatives. f+: % of false positives.

Table 1. Error rate (%) comparison of each frame work using Winno w and SVM
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Figure 5. Advantage of the two heter ogeneous stages for personal homepa ge classi�cation

However, like typical learningalgorithms,they alsorequire
thepositiveandnegativetrainingsets.

H. Yu et al. [22] alsoproposea schemeto remove the
requirementof negative trainingpagesin Webpageclassi-
�cation. The algorithmusesa rule-basedalgorithmin the
�rst stageto mapaninitial boundaryfrom positive andun-
labeleddata.After that,it iteratesSVMs to induceanaccu-
rateclassboundaryfrom theinitial boundary. Themarginal
propertyof SVM guaranteestheconvergenceof thebound-
ary.

Our framework also usesheterogeneousstages. How-
ever, we identify anotherintrinsic problem of Web page
classi�cation – high error on low-margin data. By using
thetwo heterogeneouslearnersin bothtrainingandtesting
phases,weobviatetheneedfor negativetrainingdata,while
at thesametimereducetheerrorson low-margin data.

6 Conclusions

In this paper, we proposea heterogeneouslearning
framework for classifyingWebpages,which (1) eliminates
theneedfor negativetrainingdata,and(2) increasesclassi-
�cation accuracy by usingtwo heterogeneouslearners.Our
frameworkusestwo heterogeneouslearners– adecisionlist
anda linear separatorwhich complementeachother – to
eliminatetheneedfor negative trainingdatain thetraining

phaseandto increasetheaccuracy in thetestingphase.Our
resultsshow that our heterogeneousframework achieves
high accuracy without requiring negative training data; it
enhancestheaccuracy of linearseparatorsby reducingthe
errorson “low-margin data”. That is, it classi�esmoreac-
curatelywhile requiringlesshumanefforts in training.
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