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Abstract

Classi cation of an interestingclassof Web pages(e.g.,
personalhomepaes, resumepages) has beenan interest-
ing problem. Typical madine learning algorithmsfor this
problemrequire two classesof data for training: positive
and negative training examples. However, in application
to Web page classi cation, gatheringan unbiasedsample
of negative examplesappeas to be dif cult. We propose
a hetepgeneouslearning framewvork for classifying\Web
pages,which (1) eliminatesthe needfor negativetraining
data,and(2) increaseslassi cationaccurcyby usingtwo
hetepgeneoudearners. Our frameavork usestwo hetep-
geneoudearners — a decisionlist and a linear sepaator
which complemenead other — to eliminatethe needfor
negativetraining datain thetraining phaseandto increase
theaccuracyin thetestingphase Our resultsshowthat our
hetepgeneousframavork achieveshigh accuracy without
requiring negativetraining data; it enhanceghe accuracy
of linear sepaators by reducingthe errors on “low-margin
data”. Thatis, it classi esmore accuratelywhile requiring
lesshumaneffortsin training.

1. Intr oduction

Automaticcategorizationor classi cationof Web pages
hasbeenstudiedextensiely, and mostof thoseclassi ca-
tiontechniguegreusuallybasednsimilarity betweerdoc-
uments' contentsor their hyperlink structures. However,
the catgyoriesgeneratedby thosetechniquesio not always
t end-users'searchpurposessincethey cannotconsider
eachusersspeci c interest.Let'sthink aboutaquery“Find
XML experts”on a commonsearchengine.\We may want
to hit the keyword “XML” or “experts”on ary searchen-
gine,andtry to re ne the searchresultsrepeatedlyuntil we
collectafairamountof XML expertpagesHowever, if we
areableto specifyasearcttlassor domaininto “resume”or
“personalhomepagé,we couldsimply applyasearctterm

“XML” within the classe®f resumeor personahomepage
to collectXML expertpages.

Automaticclassi cation of speci ¢ typesof documents
suchasnewspapeirticles,patentdocumentscalls for pa-
pers,and personalhomepagéave beenproposedor this
problem[7 15]. However, thesesolutionshave somelim-
itations: they are quite dependenbn speci ¢ classesand
they requirelaboriouswork to createa new classi er of in-
terest.In particular they requirecollectingpositive training
dataandunbiasedegative trainingdatathatuniformly rep-
resentghenegative class.Finally, they shav relatively poor
performanceparticularly on classifyinglow-maigin data
Low-magin data is the datathatis relatively closeto the
separatarthusis often misclassi ed by linear separators.
For example,if a personalhomepagehasnot much per
sonalinformation,it may be closeto the separatoof per
sonalhomepagelassandthusbhecomeslow-maigin data
This problemis a well-known drawback of linear separa
torssuchasWinnow, PerceptronandPerceptron-lik algo-
rithms[14, 18, 4, 6, 19, 12].

We presentierea new machindearningframeawork that
exactly matchegheseproblemsof Web pageclassi cation.
Our frameawork usestwo heterogeneoutearners— a deci-
sionlist andalinearseparatowhichcomplemeneachother
—in bothtrainingandtestingphasesTherehave beenmary
attemptsto usemultiple homogeneoukearnersto increase
classi cation accurag. However, combinationof homo-
geneoudearnersggenerallydoesnot overcomethe genuine
weaknesssf eachlearner The purposeof the decisionlist
in training phaséds to eliminatethe needfor negative train-
ing datain constructinga linearseparatarThedecisionlist
in testingphaseenhancesheaccuray of thelinearsepara-
tor especiallyfor low-margin data. As aresult,our hetero-
geneoudramework (1) makes easierto createa classi er
for a new conceptby reducingthe work to collecttraining
documentsandalso(2) increaseshe nal classi cationac-
curag/ by complementingheweaknessf linearseparators
for low-mamin data.

The contritutionsof our frameawork arethefollowing.



Our heterogeneougramenvork enablespre- Itering
stagen trainingphaseto inducenegative trainingdata
from universeandpositive trainingdata.Previous ma-
chinelearningschemeseedto classifylarge number
of pagesmanuallyto prepareunbiasedpositive and
negative training documents. The pre- Itering stage
malkespossibleto constructa classi er withoutrequir
ing negativetrainingdata,which speedsiptheprocess
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-mamin data. Linear separatorsuch
asWinnow, Perceptronand SVMs have beenstudied
extensvely andhave proved their outstandingperfor

manceswhen the ervironmenthas high dimensions,
the number of active featuresis small, and the in-

stancespace@resparse Consequentlthelinearsep-
aratorsare the mostwidely usedalgorithmsfor Web
pageclassi cation problemssince Web pageclassi -

cation hasthe samepropertiesas ervironmentthese
linear separatorswork well. However, they have

shavedweaknessn classi cationof low-maigin data
[14, 18 4,6, 19, 12]. Our early-inclusionstagecom-
plementsthis weaknessandachiezeshigheraccurag

for low-mamgin data without sacri cing ary perfor

manceon otherdata.

The restof the paperis organizedasfollows. Section2
describeghe problemandour approachin detail. Section
3 presentshealgorithmof eachstagein the framework. In
Section4, we describethe experimentervironmentandre-
sults,andwe evaluatethe experimentresults.Section5 de-
scribegherelatedwork. The conclusionsandfuture works
arediscussedn Section6.

2 Problem Description and Heterogeneous
Framework

A typical algorithmfor learninglinear separatorgon-
sistsof two phasestrainingphaseandtestingphasgFigure
1). In training phasethe algorithmreadspositive andneg-
ative training datato constructa linear separato(LS). The
testingphaseclassi es testingdocumentsy the LS con-
structedin thetraining phase.Thetypical learningframe-
work suffersfrom the needof negative trainingdataandthe
inherentinaccurag for classifyinglow-margin dataaswe
brie y mentionedn Sectionl. To addresgheseproblems,
we proposea heterogeneouramework built upona lin-
ear separato(LS). Speci cally, we introducetwo stages:
To eliminate the needfor collecting class-speci cnega-
tive data,our heterogeneousamenork usesa pre- Itering
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Figure 1. The typical learning framework

stagein the training phase. To improve classi cation ac-
curag onthelow-mamin data,the testingphaseadoptsan

early-inclusionstage. The two stagesuse a decisionlist

(DL) having differentthresholdparameteralues.Figure2

shaws the linear separatoLS) andthe decisionlist (DL)

of the pre- Itering andearly-inclusionstagesn eachphase
of the framewvork. The DL of the pre- ltering and early-
inclusionstagess constructedn the training phasel, and
theLS istrainedusingpre- ltering DL in thetrainingphase
II. The early-inclusionDL andLS classifythetestingdata
in thetestingphaseIn thefollowing, we describehe prob-
lemsandtheapproachesf eachstagein details.

Training Phase |

Fositive examples ——ml+ s
i oL

Sample of the —ll

universe [

Feature Ranking

_Training Phase Il

Positive examples J ) T
+ e

oL LS =

Sample of the —
universe »

Pre-filtering

Data clagsified

Positive
—n DL LS

Data classified

Early inclusion Megative

) Testing Phase

Testing data

Figure 2. Our heterogeneous framework



2.1 Pre-filtering:
Data

Inducing Negative Training

An importantissueto make a good linear separatoiis
to preparea goodsetof training documentghat uniformly
representhe conceptwithout ary bias. Sincewe aredeal-
ing with binaryclassi cationthatseparatea classof inter-
estfrom the others,userswould needto collecttwo setsof
trainingdatathesampleof class andits complement
Theportionof theclass in theuniverseg( ) is usually
muchsmallerthanthe portion of its complement ).
Forinstance’collegeadmissiorpages’takeverysmallper
centage®f the Internet. may belessthan0.1%,and

more than 99.9% in this case. Collecting nega-
tive training data requiressigni cant amountof man-
ual classi cationshecausé¢he sampleof negative datamust
representhe entireuniversewhile excludingthe instances
of

Onemight amguethatusinga sampleof universalsetit-
self asa substitutefor negative training datais valid since

is usually much smallerthan However, a
smallnumberof falsepositivesin the trainingdatacanim-
pair the classi cation performanceof linear separatorsas
our experimentshaw in Sectiord.

Our heterogeneousamenork doesnot requirecollect-
ing to constructa classi er. Instead,it usesa uniform
sampleof the universe,which can be collectedautomati-
cally from arepositorysuchasDMOZ?. Oncethe uniform
sampleis collected, it is reusedfor ary classesand thus
makingthetraining of a new classi er mucheasier In our
experimentsyve usedarandomsampleto collectauniform
sampleof theuniversefrom DMOZ automatically Thepre-

Itering stagein the training phaseconstructsan unbiased
sampleof negative trainingdatafrom the sampleof the uni-
verseandthe positive training data. The unbiasechegative
training datais usedthenwith the positive training datain
orderto learnalinear classi er. Our resultsshowv thatthe
pre- ltering stagehelpsto achieve high accurag without
requiringnegative training data.

2.2 Early-inclusion:
Data

Identifying Low-margin

The performanceof linear separatorsuch as Winnow,
PerceptronandPerceptron-lik algorithmsis dependentn
thedistancebetweerthe separatoandexample,usuallyre-
ferredto as“margin” [6]. In otherwords, mostclassi ca-
tion errorsof thoselinearseparatorsomefrom low-marmgin
data,the datanearthe separatar The distance between
anexampleandthe separatois formulatedas

1)

http://dmoz.ay

where is a weight vector of the linear function (i.e.
), and is a featurevectorof an
example (i.e. ).

In orderto identify therelationshipbetweerthe distance

andthe classi cationperformancen real Web data,we
randomlychosethreecommonclasses- “computershop-
ping; “sports shoppingd, and “stocks and bonds” — from
DMOZ, andclassi edthe pagesf the classesisingoneof
thoselinear separatorgi.e. the Winnow algorithm). Fig-
ure 3 shaws the distribution of examplesat eachdistance
from the separatoin the featurespace.For this gure, we
usedrandomlyselecte®00pageof eachclassto traineach
class,and usedanother200 pagesfor testing. The gure
shaws thateachclasshasfairly mary pagesearthe sepa-
ratorandthat mostof falsenegativescomefrom examples
nearthe separatarThis obsenationshows thattheinaccu-
ragy of classifyinglow-margin datais a major problemfor
Web pageclassi cation.

The distanceof an examplefrom the separators deter
minedby theweight( ) of every active feature( ) of
theexampleasshavn in theformulaof . Thelinearsep-
aratorssuchasWinnow, Perceptronpr Perceptron-like al-
gorithmsdetermingheweightof eachfeatureaccordingto
its likelihoodto appeatin the training data. Therefore,an
examplewould belocatednearthe separatoif the example
hasa smallnumberof discriminativepositive featureshat
maynotoccurfrequentlyin the positive class,andif theex-
amplealsohasmary non-positve features.For instancejf
a personahomepagédiasthetitle “personalhomepage”it
is apersonahomepagevenif it doesnothaveany personal
informationin it. Thatis, “personalhomepage’n title is a
discriminatie featurefor the personahomepagelassal-
thoughit doesnot occurfrequentlyin theclass.

Our early-inclusiorstagehelpsto identify thosemisclas-
si ed low-mamin data.As aresult,thisstagereducegheto-
tal classi cationerrorrate. The early-inclusionstageiden-
ti es the small numberof discriminatve positive features
from positive training dataandthe sampleof the universe,
andusesthesefeaturego label obvious positive pagesbe-
fore sendinghedocumentgo the next stageof linearsepa-
ratorfunctionasFigure2 shaws.

Our resultsshawv that the accurag of classi cationin-
creasedor all test classeswe considered(i.e. personal
homepagesesumeragesandcollegeadmissiompageshy
addingthe early-inclusionstage,which implies the early-
inclusion stageactually identi es the discriminative fea-
turesthatmay not getweightshigh enoughto be classi ed
correctlyby thelinearseparators.

3 Algorithms

This sectionexplainsthe algorithmsof eachstagein the
framawork. First,wediscusghelinearseparatoalgorithms
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Figure 3. The distrib ution of misclassied examples according to their distance from the separator
(The distrib ution of false positives is also similar, but we only show false negatives because the
early-inclusiondeals with only false negatives. See Section 4 for details)

thatcanbe pluggedinto this framework. After that,we de-
scribethefeaturerankingalgorithmthatwe usefor the pre-
Itering and early-inclusionstagesand explain how each
stageuseghis featurerankingalgorithm.

3.1 Linear separators

Differentkinds of linear separatorsan be usedin our
frameawvork. In comparisonWinnow performsbetterthan
Perceptronwhenthe numberof relevant featuresis small.
PerceptromperformsbetterthanWinnow whentheinstance
spacesare sparse[11]. We useWinnow [14] and SVM
(SupportVector Machine)[4] in our experimentsbecause
both algorithmshave shavn good performancefor Web
pageclassi cationandareamongthe mostwidely usedfor
this purpose.

3.2 Feature ranking

Both the pre- ltering and early-inclusionstagesuse a
featurerankingalgorithmthatranksonly positive features
accordingto their frequencie®of occurrencen the positive
exampleandthe universe We call positivefeatuesthefea-
turesthatareactive in positive examples.Among suchfea-
tureswe distinguishstrong positive featues that are very
likely to appeaiin a positive example.We call strong posi-
tive the examplesthathave oneor moreactive strongposi-
tivefeaturesln thefollowing wewill developaquantitatve
modeldescribingheseconcepts.

We would like to measurehe strengthof a positive fea-
ture. For this purposewe useweightsthatcapturetherela-
tive frequenciesf the correspondindeaturein the sample
of a particularclass : , Where is
thenumberof pagedn the samplehaving feature and
is thetotal numberof pagesn the sample We calculatethe
weightof feature asfollows:

— )

where : therelative frequeng of feature in thesam-
ple of positive class,and . therelative frequeng of
feature in thesampleof theuniverse.

Notewe donotuseentropy lossto rankfeaturesecause
it is hardto estimatethe probabilitiesof positive and neg-
ative examples,or and respectiely. In thiscasea
small errorin estimatingthe probability of eachclasscan
male a large differencein rankingresultwhen is ex-
tremelysmallcomparedo (aswe discussedn the pre-
vioussection).

Our weighting formula considerghe rate (—) anddif-
ferencg ) of eachfeaturesfrequeng in the positive
classandthe universe.This formulahasshavn advantages
amongseveralotherweightingformulasthatwereexplored
in our experimentgincluding TFIDF weights).

We will usethis weightingfunctionin constructingthe
pre- ltering algorithm which usesstrong featuresto ap-
proximatenegative training data.

3.3 Pre-filtering

Thepre- Itering stageusesstrongpositive featurego |-
ter out strongpositive datafrom the sampleof theuniverse,
andthusinducesagoodapproximatiorof thenegativetrain-
ing data.Figure4 shows the pre- Itering algorithm.

We rst extract positive featuresfrom and , and
rankthemby theweightingformulain Equation(2). (Steps
1 through 3 of the algorithmin Figure 4). We take out
a chunk of top ranked featuresby applying the following
thresholdfunction ontothelist (set)of positive features
(Steps4 and5 of thealgorithmin Figure4).

®3)
where
Thethreshold is theworstrankingamongthestrongest

positive featuresin eachdocument.For example,saythat
we have only threepositve documents , ,and , and



Input: asampleof thepositveclass, asample
of theuniverse
Output: asampleof thenegative classneededor

trainingthelinear separatostage
Notation: A document denotesa setof its active

features( meansafeature is presenin docu-
ment . implies )
Algorithm :
1. Extractall positive features from (
)
2. Rankthe featuresin  basedon the weighting
function ( o )

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

4. Computea threshold with the following for-
mula

5. Extractstrongpositive features by applying
to (

6. Extractnegative documents  (

)

Figure 4. The pre- Itering algorithm

theglobalrankings of the strongespositive featurein
eachdocumentirell, 14,and7 respectiely. (Thatis, fea-
ture with is the strongesipositive featurein
document .) Thenwe setthethreshold to 14, whichis
the lowestranking of them. This heuristicfor the thresh-
old fairly reasonablyapproximatesiggative training ex-
ampleswhich doesnot signi cantly impact classi cation
performance.

The negative trainingdata  is constructedy exclud-
ing the documentshaving ary of thosestrongfeatures
from the sampleof the universe . We assumehat the
document is positive if theintersection not empty
We excludesuchdocumentgrom to obtainaninduced
sampleof thenegative class.

3.4 Early-inclusion

In early-inclusionstage we scantestdocumentso seeif
they have ary discriminativefeaturesl!f they have,welabel
themaspositives,andexcludethemfrom thenext stage We
will call afeature asdiscriminatie if (i.e. the
feature is ranked higherthan ) for somethreshold

We apply a linear function computedn the training phase
only to therestof thetestdocumentsvhich arenotlabeled
in the early-inclusionstage. We inducethe discriminative
positive featuresetby applying anothersmallerthreshold

to the samefeaturerankingfunction . Notethat is
smallerthan becausehe discriminative positive feature
setneedsstrongerequiremenbf positivity.

Thus,the setof discriminative positive features is

(4)

Documentsfrom the testingset  having at leastone of
active featurefrom  arelabeledpositive suchthat

()

Thedocumentshatarenotlabeledn theearly-inclusion
stageareroutedinto thelinearseparatar

The threshold can be adjustedthrougha validation
processsuchthatit is setashighaspossibleunderthe con-
dition thatthe early-inclusion( ) doesnotintroducefalse
positive. Our experiment(Tablel in Section4) shaws that
the early-inclusionstagedoesnot increaseshe numberof
falsepositives while it doesdecreasehe numberof false
negatives.

This two-stageclassi cation can be viewed as a serial
connectionof a simpledecisionlist anda linear separator
becausghe early-inclusionis essentiallya decisionlist us-
ing discriminative features. Our experimentsdescribedn
Section4 show thatthis combinatiorof two classi erscom-
plementgheweaknessf eachother

4 Experiments
4.1 Experimental Methodology

To testour framework, we chosethreeclassespersonal
homepagescollege admissionpages,and resumepages.
For eachclasswe collected233,97,and100positive train-
ing documentgespectrely. We randomly selected2514
pagesfrom DMOZ to constructa uniform sampleof the
universe. For eachclass,we testedaround600 pagesthat
are not duplicatedwith the training data. In reality, per
sonalhomepageareextremelydiverse sowe con ned the
personahomepagelassto pageshaving personalnforma-
tion. Pageshaving only imagesor extremelysmallamount
of text wereremovedfrom the experiments.

We extractedfeaturesfrom different partsof a page—
URL, title, headings,link, anchoftext, normal text, and
metatags. Eachfeatureis a predicateindicating whether
eachterm or specialcharacterappearsn eachpart, e.g.,
* "in URL, or aword "homepageln title. We did notuse
stemmingor a stoplistbecausét couldhurt performancen



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

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

4.2 Results

We rst shav the performancecomparisoron thethree
classesbetweenthe typical frameavork and our heteroge-
neousframework. After that, we discussthe concreteim-
pactsof early-inclusionstageon performance.

4.2.1 Performancecomparison

Tablel shaws the classi cationerror ratesof Winnow and
SVM respectiely on the threeclassesresume”, “college
admission”, and “personalhomepagé. Typical learning
framawork that usespositive training dataand samplesof
universeasnegative training datashows high ratesof false
negatives. This problemis the consequencef placingtoo
deepin the positive class. Using pre- ltering stage,the
falsenegatives decreasesubstantiallywithout much sacri-
cing the performancen negative testingdocumentsThe
early-inclusionstagedecreasesvenmoretheclassi cation
errorsonthepositive exampleswvhile keepingtheclassi ca-
tion errorson the negative examplesfrom increasing Table
1).

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

The early-inclusion stage usesa decision list.  Figure
5 shaws the performancegain by serializing the early-
inclusion stageand the linear classi cation stagefor per

sonalhomepagelassi cation. The rst graphin Figure5

shavs the numberof falsenegativesat eachdistancewhen
usingonly alinearseparatofi.e. Winnow usingthe SNONV

[2]). In this graph,mosterrorsof thelinearseparatocome
fromlow-mamgindata. Thesecondyraphin the gure shavs

the classi cation errorswhenusingonly a decisionlist of

the early-inclusionstage. The classi cation errors of the
secondgrapharefairly spreadedver every distancecom-

paredto the linear separatograph. The last graphof the

gure 5 shaws the reducedclassi cation errorsusing the

two stagesconnectedserially. In this case,the decision
list of early-inclusionstagecomplementghe linear sepa-
rator's shortcomingby reducingthe errorson low-mamin

data,which resultsin higher overall accurag. Figures6

and7 showv thesameresultswhenclassifyingresumepages
andcollegeadmissiorpagesespectiely.

4.3 Discussion

Whenwe classifyWebpagesnanually we mayconsider
mary factorssuchastitle, text, url, andsoon asthetypical
machinelearningalgorithmsdo. However, a small num-
ber of discriminative positive featurescould determinethe
classof a pageregardlessf the otherfactors. (e.g. if we
see’personahomepagebntitle, it is likely to beapersonal
homepageo matterwhat contentit has.) A learningalgo-
rithm suchaslinear separatorgi.e. Winnow, Perceptron,
or Perceptron-lik algorithms)may not weigh the discrimi-
native featureshigh enough.This problemcanoccurif the
featuresoccurinfrequently In this case thelinear separa-
tor canmisclassifyapageif thepagehasmuchnon-relevant
information. Usually, the distanceof thosepagesareclose
to the separatoaswe discussedn Section2.

Our framework identi es discriminative featuresusing
the featureranking algorithm we explainedin Section3.
Theearly-inclusiorstageusesdiscriminatie featuredo in-
clude low-mamin positive datain the positive class,pre-
ventingmisclassi cationof this databy a linear separatar
Thus,the nal classi cationaccurag increases.

5 RelatedWork

The researclcommunity hasbeenextensiely working
on text classi cation problems,andtherehave beenmary
attemptsto extend this work to Web page classi cation
[5, 17, 1, 3]. Most of thoseclassi cation techniquesare
usuallybasedon similarity of documentsr their hyperlink
structures.They usuallyrequirepre-de nedcateyoriesthat
covertheentiretargetdomainandthateachclasss assumed
to bemutually exclusive.

MatsudaandFukushimadenti ed Webpagetypeclassi-
cation problem,andtriedto solve it by humandescription
of structuralcharacteristicef atype[16]. Yi andSundare-
sanusedNaive bayesmethodwith structuredvectormodel
[21]. It performswell on structuredor tightly formatted
semi-structuredlocumentssuchas US Patentdata (XML
sharingsameDTD) or Resumedqtightly formatteddocu-
ments),but thosestructuredvector modelis not likely to
performwell for classi cationof normalHTML documents
having variousformats. Glover et al. classi ed "personal
homepage’and”call-for-papef’ [7] They classi ed manu-
ally a large amountof documentgo collect negative train-
ing dataandusedSVM with x ed setof features.Similar
methodswere usedfor classi cationof newspaperarticles
[8] and patentdocumentg15]. Most of theseworks are
quite dependenbn speci ¢ classesandthey requiremuch
effortsto createa new classi er for anew classof interest.

Therearesomerecentpaperonmultistageclassi cation
[10, 20, 13] thatusethe arrangemendf homogeneouslas-
sifying elementdo 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 | 206 | 426 | 0.19 | 1.06 | 019 | 3.19 | 056 | 3.19 | 0.56 | 1.06 | 0.56
Admission 825 | 000 | 206 | 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 | 356 | 13.29 | 045 | 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-fi Itering stage. T+P+E: typical learning framework + pre-fi Itering stage + early-inclusion stage. f-: % of false

negatives. f+: % of false positives.

Table 1. Error rate (%) comparison of each framework using Winnow and SVM
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Figure 5. Advantage of the two heterogeneous stages for personal homepa ge classi cation
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However, lik e typical learningalgorithms they alsorequire
thepositive andnegative training sets.

H. Yu et al. [22] alsoproposea schemeto remove the
requiremenbf negative training pagesn Web pageclassi-
cation. The algorithmusesa rule-basedalgorithmin the
rst stageto mapaninitial boundaryfrom positive andun-
labeleddata.After that, it iteratesSVMs to induceanaccu-
rateclassboundaryfrom theinitial boundary Themaminal
propertyof SVM guaranteethe cornvergenceof the bound-
ary.

Our framework also usesheterogeneoustages. How-
ever, we identify anotherintrinsic problem of Web page
classi cation— high error on low-mamgin data. By using
thetwo heterogeneoulgarnersn bothtrainingandtesting
phaseswe obviatetheneedfor negativetrainingdata while
atthe sametime reducethe errorson low-margin data.

6 Conclusions

In this paper we proposea heterogeneousearning
frameawork for classifyingWeb pageswhich (1) eliminates
theneedfor negative trainingdata,and(2) increaseslassi-

cation accurag by usingtwo heterogeneougarnersOur
framework usegwo heterogeneousarners-adecisionlist
and a linear separatomwhich complementeachother— to
eliminatethe needfor neggative training datain thetraining

phaseandto increasgheaccuray in thetestingphase Our
resultsshav that our heterogeneouframevork achieves
high accurag without requiring negative training data; it
enhanceshe accurag of linear separatordy reducingthe
errorson “low-mamin data”. Thatis, it classi esmoreac-
curatelywhile requiringlesshumaneffortsin training.
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