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ABSTRACT

The structureof the webis increasinglybeingusedto improve or-

ganization,search,and analysisof information on the weh For

example,Googleusesthetext in citing documents(documentghat
link to thetargetdocumentfor searchWe analyzetherelative util-

ity of documentext, andthetext in citing documentsnearthecita-
tion, for classificatioranddescription Resultsshav thatthetext in

citing docunents ,whenavailable,often hasgreaterdiscriminative

and descriptve power thanthe text in the target documen itself.

The combinationof evidence from a documenm and citing docu-
mentscanimprove on eitherinformationsourcealone. Moreover,

by rankingwords and phrasesdn the citing documents according
to expectedentropy loss,we areableto accuratelynameclusters
of web pages,even with very few positive examples. Our results
confirm, quartify, and extend previous researctusing web struc-
turein theseareasjntroducingnev methodsfor classificationrand
descriptionof pages.

Categoriesand Subject Descriptors

H.3.3[Information System$. InformationSearchrandRetrieval—
ClusteringSelectionprocess H.3.6 [Information System$: Li-
brary Automation

General Terms
Algorithms, Measuremat, Evaluation

Keywords

web structure,classification,SVM, entropy basedfeatureextrac-
tion, clusternaming,web directory anchortet

1. INTRODUCTION

TheWebis a large collectionof heterogaeousdocumets. Re-
cent estimatespredict the size of the indexable web to be more
than4 billion pages.Web pagesunlike standardext collections,
cancontainboth multimedia(images soundsflash,etc.) andcon-
nectionsto otherdocuments(throughhyperlinks). Hyperlinksare
increasinglybeingusedto improve the ability to organize,search,
andanalyzetheweh
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Hyperlinks(or citations)arebeingactively usedto improve web
searchengineranking[4], improve webcrawlers[6], discover web
commurities [8], organizesearchresultsinto hubs and authori-
ties [13], make predictionsabout similarity betweenresearctpa-
pers[16] andevento classifytargetwebpageq20, 9, 2,5, 3]. The
basicassumptiormadeby citationor link analysisis thata link is
often createchecausef a subjectie connetion betweerthe orig-
inal documet andthe cited, or linked to document.For example,
if 1 am making a web pageaboutmy hobbies,and| like playing
scrabble| might link to an online scrabblegame,or to the home
pageof Hasbro.Thebeliefis thattheseconnectios corvey mean-
ing or judgmeris madeby the creatorof thelink or citation.

On the web, a hyperlink hastwo compments: The destination
page andassociate@nchort&t describinghelink. A pagecreator
determineghe anchortat associatedvith eachlink. For exam-
ple,ausercould createalink pointingto Hasbros homepage,and
thatusercould definethe associateénchortet to be “My favorite
board games home page”. The personalnature of the anchort-
ext allows for conrectingwordsto destinationpages, asshavn in
Figurel. Anchortext hasbeenutilized in this way by the search
engine Googleto improve web search. Google allows pagesto
be returnedbasedon keywords occurringin inbound anchortet,
evenif thewordsdo not occuron the pageitself, suchasreturning
http://ww:. yahoo. com for aqueryof “web directory’

Typical text-basedclassificationmethodsutilize the words (or
phrasespf atargetdocunent,consideringhe mostsignificantfea-
tures. The underlyingassumptioris that the pagecontentseffec-
tively describehe pageto beclassified Unfortunatelyvery oftena
webpagemightcontainno obvious clues(textually) asto its intent.
For example, the home page of Microsoft Corporation(ht t p:
/I www. mi crosoft. conl) providesno mentionof thefactthat
they sell operatingsystems.Or the homepageof GeneralMotors
(http: //ww. gm com fl ash_honepage/) doesnot state
thatthey area car comparny (exceptfor the word “motors” in the
title or theword “automdive” insideof aform field). To make mat-
tersworse like a majority of webpages, the GeneraMotorshome
pagedoesnot have ary meanindul metatagg15].

Determiningif a particularpagebelongsto a given class,even
thoughthepageitself doesnothave ary obvious clues,or thewords
do not capturethe higherlevel notion canbe a challenge- for ex-
ampledeterminingthatGM is acarmanufcturer, or Microsoftde-
signsandsellsoperatingsystemspr Yahoo!is a directoryservice.
Anchortext, sinceit is chosenby peoplewho areinterestedn the
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Figure 1: A diagram showing links, anchortext, and our conceptof extendedanchortext.

page,may bettersummarizethe contentsof the page— suchasin-

dicating that Yahoo! is a web directory or Excite@Homeis an
InternetServiceProvider.! Otherworks have propssedand/oruti-

lized in-boundanchatext to help classify target web pages. For

example,Blum andMitchell [3] comparedwo classifiersfor sev-

eral computerscienceweb pages(from the WebKB dataset)one
for full-text, andonefor the wordson the links pointingin to the
target pages(inbourd anchortat). From their results,anchortet

words alone were slightly less powerful than the full-text alone,
and the combinationwas better Otherwork, including work by

Furnkranz[9], expardedthis notion to include words beyond the
anchatext thatoccurnear(in thesameparagrap) andnearbyhead-
ings. Furnkranznoteda significantimprovement in classification
accuray whenusingthelink-basedmethodasoppacsedto thefull-

text alone,althoughaddingtheentiretext of “neighbor documeits”

seemedo harmtheability to classifypageqd5].

Thewebis large, andoneway to help peoge find usefulpages
is a directory service,suchas Yahoo! (htt p: // ww. yahoo.
com ), or The Open Directory Project(ht t p: / / ww. dnoz.
or g/ ). Typically directoriesare manuallycreated,andthe judg-
mentsof wherea pagegoesis doneby a human For example,
Yahoo! puts“GeneralMotors” into several catgories:“Auto Mak-
ers”, “Parts”, “Automotive”, “B2B — Auto Parts”, and “Automo-
tive Dealers”. Yahoo! putsitself “Yahoo!” in several categories
including “Web Directories. Unfortunatelylarge web directories
aredifficult to manuallymaintain,andmay beslow to includenew
pageslt is thereforedesirableto beableto learnanautomaticclas-
sifier thattestsmembershipn a given category. Unfortunately the
maleuwp of agiven catgory maybearbitrary For example,Yahoo!
decidedthatAnthropdogy andArchaeologyshouldbe groupedto-
getherunder“Social Sciences”while The OpenDirectory Project
(dmoz)separatedrchaetogy into its own category (alsounde So-
cial Sciences)A secondoroblemis thatinitially a category maybe
definedby a smallnumker of pagesandclassificatiormay be dif-
ficult. A third problemis namingof a cateyory. For example,given
tenrandombotary pageshow would you know thatthe category
shouldbe namedbotary, or thatit is relatedto biology? Only two
of six randompagesselectedrom the Yahoo! cateyory of Botary
mentionedtheword “botary” anywhere in thetext (althoughsome

!Their homepag: (htt p: // www. hone. conl i ndex_
fl ash. ht m ) hasno text, and no metatags.On a text-browser
suchasLynx, therenderedageis blank.

hadit in the URL, but not the body text). For human-gnerated
clusterst maybereasonabléo assume namecanbefound, how-
ever, for automaticallygeneratectlusters,naming may be more
difficult.

This work attemptsto utilize inboundanchortet andsurround
ing words to classify pagesaccurately and to name (potentially
very small) clustersof web pages.We make no assumptiongsbout
having a web-cravl. We also quantify the effectivenessof using
just a web-pages full-text, inboundanchort&t, and what we call
extendedanchortat (the words and phrasesoccurringneara link
to atargetpage,asshowvn in Figure 1), and propo® two methods
for improving the classificationaccurag: a combiration method
anduncertaintysampling. We also extractimportantfeaturesthat
canbe usedto namethe clusters,and comparethe ability of using
only a documett's full-text with usingin-bound anchatexts and
extendedanchatexts.

Our approzh to basictext-classificationis basedon a simple
four-stepprocedire, describedin Figure 2: First, obtain a set of
positive and negative training documeits. Secondgextractall pos-
siblefeaturedrom thesedocuments(afeaturein this caseas aword
or phrase) Third, performentrofy-baseddimensiorality reduction.
Fourth,trainanSVM classifier Namingof clusterscanbedoneby
examiningthe top ranked featuresafter the entrogpy-baseddimen-
sionalityreduction.Thelearnedclassifiercanthenbe evaluatedon
testdata.

In comparisonto otherwork on using link-structureto classify
web pages.we demonsrate very high accurag—more than 98%
on averagefor negative docunents,andashigh as96%for positive
documaits, with anaverageof about90%?2 Our experimentsused
about100 web pagesfrom eachof several Yahoo! cateyoriesfor
positive training andtestdata,andrandomweb pagesas negative
examples(significantlyfewer thanothermethods).Positve pages
wereobtainedby choasing all web documentdistedin the chosen
catgyory, plus all docunentsfrom several sub-catgories. The set
of positive and negative documentswas randomly split to create
training and test sets. We also evaluatedthe ability to namethe
clusters,using small samplesfrom several Yahoo! cateyoriesas
positive examples.In every casethe nameof the Yahoo! cateory
waslistedasthetop ranked or secondankedfeature andthename
of the parentcateyory waslistedin thetop 10in every casebut one.
In addition,mary of thetoprankedfeaturesdescribedhenamesof

2Accuray of oneclassis therecall of thatclass.



the sub-catgories(from which documentsveredrawn).

2. OUR METHOD

First, we describeour methodfor extractingimportantfeatures
andtrainingafull-text classifierof webpages Secondye describe
ourtechnique for creating‘virtual documets” from theanchortet
andinbound extendedanctlortext. We then usethe virtual docu-
mentsasa replacementor the full-text usedby our original clas-
sifier. Third, we describeour methodfor comhining the resultsto
improve accurag. Fourth,we describenow to namea clusterusing
thefeaturesselectedrom thevirtual documents.

2.1 Full-Text Classftier

In our earlier works, we describedour algorithm for full-text
classificationof web pages[10, 11]. The basicalgorithmis to
generatea featurehistogramfrom training documets, selectthe
“importantfeatures”,andthento trainan SVM classifier Figure2
summarizeshe high-level procedure.

Stepl: Obtainpositive andnegative documentets

Step2: Generag a positive andnegative histogram of all featues
Step3: Seled significant featuresusingexpectedentropy loss
Step4: Trainan SVM usingthe seleded features

Figure 2: Basicprocedure for learning a text-classifier

2.1.1 Training SetsandVirtual Documats

Totrainabinaryclassifierit is essentiato have setsof both pos-
itive and negative documetts. In the simplestcase,we have a set
of positive web pagesanda setof randomdocumentsto represent
negative pages. The assumptionis that few of the randomdocu-
mentswill be positive (our resultssuggestedessthan 1% of the
randompageswe usedwerepositive). In our first casedocumaents
arethefull-text found by downloadingthe pagesrom variousYa-
hoo! categories.

Unfortunately thefull-text of adocumenis not necessarilyep-
resentatie of the“descriptiori of the docunents,andresearcthas
shavn thatanchortet canpotentiallybe usedto augmen the full-
text of a document [20, 9, 3]. To incorporateanchortats and
extendal anchortats, we replacedactualdowvnloaded documents
with virtual documets We definea virtual documentas a col-
lection of anchatexts or extendel anchatexts from links pointing
to the targetdocument. Our definitionis similar to the concep of
“blurbs” describedby Attardi etal. [2]. Thisis similarto whatwas
doneby Furnkranz[9]. Anchortext refersto the words occurring
insideof alink asshavn in Figurel. We defineextended ancha-
text asthe setof renderedvordsoccurringup to 25 wordsbefore
andafteran associatedink (aswell asthe anchortet itself). Fig-
ure 1 also shavs an exampleof extendedanchortat. Firnkranz
consideedthe actualanchatext, plus headingsoccurringimmedi-
ately precedimy the link, andthe paragrap of text containingthe
link. Our approachis similar, except it madeno distinction be-
tweenotherHTML structuralelements.Our goalwasto compare
the ability to classify web pagesbasedon just the anchatext or
extenda anchatext, just the full-text, or a combiration of these.
Figure3 shavs a samplevirtual documen. For our work, we lim-
ited the virtual document to 20 inboundlinks, always excluding
ary Yahoo! pagesto preventthe Yahoo! descriptiors or cateory
wordsfrom biasingtheresults.

To generateachvirtual document, we queriedthe Googlesearch
enginefor backlinks pointinginto the targetdocument. Eachback-
link wasthendownloadel, the anchort&t, and words beforeand
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Figure 3: A virtual document is comprisedof anchortexts and nearby
words from pagesthat link to the target document.

aftereachanchortet wereextracted.We geneatedtwo virtual doc-
umentsfor eachURL. Oneconsistingof only the anclortexts and
the otherconsistingof the extendedanchatexts, up to 25wordson
eachsideof thelink, (bothlimited to thefirst20non-Yahod links).
Althoughwe allowed up to 20 total inboundlinks, only about25%
actually had 20 (or more). About 30% of the virtual documers
wereformedwith threeor fewerinboundlinks. If apagehadnoin-
bourd links, it wasnot consideedfor this experiment.Most URLs
extractedfrom Yahoo! pageshad at leastone valid-non Yahoo!
link.

2.1.2 FeatulesandHistograms

For this experiment,we consideed all wordsandtwo or three
word phrasess possiblefeatures.We usedno stopwords,andig-
noredall punctudionandHTML structurgexceptfor theTitle field
of the full-text documents). Eachdocument(or virtual document)
wascorvertedinto a setof featuresthatoccurredandthenappro-
priatehistogramsvereupdaed.

For example: If a docunent had the sentence:“My favorite
gameis scrabble”,the following featuresare geneated: ny, ny
favorite, ny favorite ganme, favorite, favorite
gane, favorite game is, etc. Fromthe geneatedfeatures
an appropiate histogramis updated Thereis one histogramfor
the positive setandonefor the negative set.

Unfortunatelytherecanbehundred of thousanlsof uniquefea-
tures,mostthatarenot useful,occurringin just hundred of docu
ments. To improve performanceand generalizability we perform
dimensiondity reductionusinga two stepprocess.This processs
identicalto thatdescribedn our earlierworks[10, 11].

First, we performthresholdingby remaoving all featureshatdo
notoccurin aspecifiedpercentag of documenms asrarewordsare
lesslikely to be usefulfor a classifier A featuref is removedif it
occursin lessthanthe requiredpercentagéthreshold)of both the
positive andnegative setsj.e.,

(lAs1/1.Al < TT) and (|Bs|/1B] < T~)
Where:
o A : thesetof positive examples.

e 3 : thesetof negative examples.

e Ay : documetsin A thatcontainfeaturef.



e B : documetsin B thatcontainfeaturef.
e 7T : thresholdfor positive features.
e 7~ : thresholdfor negative features.

Secondwe rank the remainingfeaturesbasedon entropy loss.
No stopword lists areused.

2.1.3 ExpetedEntropy Loss

Entropy is compued independently for eachfeature. Let C
be the event indicating whether the documentis a member of
the specifiedcategory (e.g., whetherthe documentis about“bi-
ology’). Let f dende the event that the docunent containsthe
specified feature (e.g., contains “evolution” in the title). Let
C and f denotenon-membersip and the absene of a speci-
fied featurerespectiely. The prior entrofy of the classdistri-
butionis e = —Pr(C)1gPr(C) — Pr(C)1gPr(C). The pos-
terior entrofy of the classwhen the featureis presentis ey =
—Pr(C|f)1gPr(C|f) — Pr(C|f)1g Pr(C|f); likewise, the pos-
terior entrofy of the classwhen the featureis absentis e =
—Pr(C|f)1gPr(C|f) — Pr(C|f) Ig Pr(C|f). Thus theexpeded
posteriorentropy ises Pr(f) + efPrG), andtheexpectecentopy
lossis

e — (e Pr(f) + ex Pr(f)) .

If ary of the probabilitiesarezero,we usea fixed value. Expected
entropy lossis synorymouswith expededinformationgain,andis
alwaysnon-negjative [1].

All featuresmeetingthethresholdaresortedby expectedentrory
lossto provide anapprocimationof theusefulnes of theindividual
feature.Thisapproab assigndow scorego featureghat,although
commonin both sets,areunlikely to be usefulfor a binary classi-
fier.

One of the limitations of usingthis approachs the inability to
conside co-occurrene of features.Two or morefeaturesindivid-
ually may not be useful, but when combined may becomehighly
effective. Coetzeeetal. [7] discussan optimal methodfor feature
selectionin. Our method,althoughnot optimal,canberunin con-
stanttime perfeaturewith constantmemoryperfeature plusafinal
sort® bothsignificantlylessthanthe optimal methoddescribecby
CoetzeeWeperformseveralthingsto reduceheeffectsof possible
featureco-occurrege. First, we considerboth wordsand phrases
(up to threeterms). Consideringphraseseduceghe chancethata
pair of featureswill be missed.For example theword “molecular”
andthe word “biology” individually may be poor at classifyinga
pageabout‘molecularbiology”, but the phrases obviously useful.

A secondapproacho reducingthe problemis to considemary
featureswith arelatively low thresholdfor thefirst step.The SVM
classifiewill beableto identify featuresasimportant,evenif indi-
vidually they might not be. As a result,consideringa larger num-
ber of featurescanreducethe chancethat a featureis incorrectly
misseddue to low individual entrofy. For our experiments,we
typically consideed up to a thousaw featuresfor eachclassifier
easilyhandledby an SVM. We setour thresholdsat 7% for both
the positive andnegative sets.

2.1.4 UsingEntropy Ranked Featuies to NameClus-
ters

Rankingfeaturesby expectedentroyy loss(informationgain)al-
lows us to determinewhich words or phrasesoptimally separate

3We assumehatthe histogramrequiredfor computationis gener
atedseparatelyandwe assumea constantime to look up datafor
eachfeaturefrom the histogram.

a given positive clusterfrom the restof the world (randomdocu
ments). As aresult, it is likely that the top ranked featureswill
meaningflly describethe cluster Our earlierwork on classify-
ing web pages for Inquirus 2 [10, 11] considereddocument full-
text (andlimited structuralinformation)andproduce featureson-
sistentwith the “contents” of the pages,not necessarilywith the
“intentions” of them. For example,for the cateyory of “research
papers”top ranked featuresincluded: “abstract”, “introduction”,
“shown in figure”. Eachof thesewordsor phraseglescribe‘com-
ponens” of aresearchpaper but the phrase‘researchpaper”’was
not top ranked. In somecasesthe “category” is similar to words
occurringin the pagessuchasfor “reviews” or “calls for papers”.
However, for arhitraryYahoo! cateyories,it is unclearthatthedoc-
umenttext (often pageshave no text) areasgoodanindicationof
the“description” of the cateyory.

To namea cluster we consiceredthe featuresxtractedfrom the
extendedanchortet virtual documets. We believe thatthe words
nearthe anchort&ts are descriptionsof the target docunents,as
oppacsedto “componentsof them” (suchas“abstract’or “introduc-
tion"). For example,a researchemight have a link to their pub-
licationssaying“A list of my researctpaperscanbe found heré.
Thetop ranked featureshy expectedentroyy lossarethosewhich
occurin mary positive examples,andfew negative ones,suggest-
ing thatthey area consesusof the descriptionf the cluster and
leastcommonin randomdocumetts.

2.1.5 SVMsandWebPage Classifiation

Catagyorizingwebpagess awell researchegroblem.We chose
to usean SVM classifier[19] becaseit is resistanto overfitting,
canhandlelarge dimensiorality, andhasbeenshavn to be highly
effective when comparedto other methodsfor text classification
[12, 14]. A brief descriptionof SVMs follows.

Considera setof datapoints,{(x1,y1), - -+ , (®~,yn~)}, such
thatz; is aninputandy; is atargetoutput. An SVM is calculated
asaweightedsumof kernelfunction outputs. The kernelfunction
of anSVM is writtenas K (z., «») andit canbeaninnerproduct,
Gaussianpolynomial, or ary otherfunction that obeys Mercers
condition.

In the caseof classificationthe outpu of anSVM is definedas:

N
flz,\) = Zyi)\iK(wi,w)-l—)\o. 1)
i=1
Theobjective function (which shoud be minimized)is:

N N

N
E(X) = %ZZMMAM]‘K(%,@) - ZM, 2

i=1 j=1

subjectto the box constraintd < A\; < C,V; andthe linear con-
strainty;_, yii = 0. C is auserdefinedconstanthatrepresents
abalancebetweerthemodelcomplity andtheapproimationer-
ror. Equation2 will alwayshave a singleminimumwith respecto
the Lagrangemultipliers, A. The minimum to Equation2 canbe
foundwith ary of afamily of algorithms all of which arebasecn
constrainedjuadraic programming We useda variationof Platt's
SequentiaMinimal Optimizationalgorithm[17, 18] in all of our
experiments.

WhenEquation2 is minimal, Equationl1 will have a classifica-
tion magin thatis maximizedfor the training set. For the caseof
a linear kernelfunction (K (z;, ;) = «; - «;), an SVM findsa
decisionbounday thatis balancel betweenthe classboundaries
of thetwo classes.n the nonlinearcase the mamgin of the classi-
fier is maximizedin the kernd function space which resultsin a
nonlinearclassificatiorboundary.



Yahoo! Category Parent Training Test

Biology Science 100/400 | 113/300
Archaedogy Anthropology andArchaeology | 100/400 | 145/300
Wildli fe Animals, InsectsandPets 100/400 | 120/300
MuseumsGalleries,andCenteas | Arts 75/500 | 100/300
ManagenentConsuling Consuting 300/500 | 100/300

Table 1: Yahoo! categaies usedto test classfication accuracy, numbers are positive / negative

Yahoo! Category | Full-Text | Anchortext | Extended-AT | Combined | Sampled | % Sampled
Biology 51.3/90 55.1/973 72.9/98 80.4/97.3 | 83.1/98 9.8
Archaeology 65.5/92.7| 72.2/983 83.2/99.2 91.6/98.4 | 94.4/99.2 8.7
Wildlif e 83.3/97.3| 76.7/99 87.1/99 96.6/99 96.6/99 4.6
Museums 57/93.7 80/98 87/98.7 89/98.3 94/98.7 6.3
Mgmt Consulting | 74/88.7 56.7/95 81.1/95 88.9/92.3 | 92.2/95 9.5
Average 66.2/92.5] 68.3/975 82.2/98 89.3/97.1| 92.1/98.0 7.7

Table 2: Percentageaccuracy of five different methods(pos/neg, sampledrefersto the uncertainty sampledcase

When using a linear kernd function, the final outputis a
weightedfeaturevectorwith a biasterm. The returnedweighted
vector can be usedto quickly classifya testdocumem by simply
takingthe dot productof thefeatures.

2.2 Combination Method

This experimentcompareghreedifferentmethodsfor classify-
ing aweb page:full-text, anchortat only, andextendedanchortat
only. Section3 describeghe individual results. Although of the
three,extendedanchortat seemghe mosteffective, therearespe-
cific casedor which a document’s full-text may be moreaccurate.
Wewishto meanindully combinetheinformationtoimprove accu-
ragy. Theresultfrom anSVM classifieris arealnumberfrom —co
to +o00, wherenegative numberscorrespod to a negative classifi-
cation,andpositive numberscorrespod to a positive classification.
Whenthe outputis on theintenal (—1, 1) it is lesscertainthanif
it is ontheintenals (—oo, —1) and(1, co). Theregion (—1,1) is
calledthe“uncertainregion”.

We describetwo waysto improve the accuray of the extended
anchatext classifier The first is through uncertaintysampling,
where a humanjudgesthe documetts in the “uncertainregion”
The hopeis that both the human judgesare always correct,and
thatthereareonly a small percentagef documentsin the uncer
tainregion. Our experimenal resultsconfirmthatfor theclassifiers
basedn the extendedanchatext, on averageabout8% of thetotal
testdocumers (originally classifiedasnegative) were considered
uncertain,and separatinghemout demonstrated substatial im-
provementin accurag.

The secondmethodis to combineresultsfrom the extendedan-
chortext basedclassifierwith the lessaccuratefull-text classifier
Our obsenations indicatedthat the negative classaccurag was
approahing 100%for the extendedanchortat classifier andthat
mary falsenegativeswereclassifiedaspositive by thefull-text clas-
sifier. As a result,our combiration function only consideredhe
full-text classifierwhena documenwasclassifiedasnegative, but
uncertain,by the extendedanctortext classifier For thosedocu-
ments,a positive classificationwould resultif the full-text classi-
fier resultedn ahighermagnitua (but positive) classification Our
automatiomethodresultedn a significantimprovemert in positve
classaccurag (averageincreasefrom about83% to nearly 90%),
but had more false positives, lowering negative classaccurag by
abou a percentag@oint from 98%to about97%.

3. RESULTS

Our goalwasto comparethreedifferentsourcesof featuresfor
training a classifierfor web documetts: full-text, anchatext and
extendedanchortet. We alsowishedto compareherelative ability
to nameclustersof web documentsusingeachsourceof features.

To comparethesemethodswe choseseveral Yahoo! cateyories
(and sub-catgories) and randanly chosedocumentsfrom each.
The Yahoo! classifieddocumats formed the respectie positive
classesandrandomdocuments(found from outsideYahoo!) com-
prisedthenegative class.In addition,the Yahoo!assigneaateyory
nameswvereusedasabenchmarKor evaluatingour ability to name
theclusters.n all caseirtual document®xcludedlinks from Ya-
hoo! to preventusingtheir original descriptionsto help namethe
clusters.

We alsotried classifyingthe cateyoriesof coursesand faculty
from the WebKB datasetused by Blum and Mitchell [3] and
Furnkranz[9]. The WebKB datasetprovided a setof datacalled
“neighborhoodwords” which was the text occuring in the same
“paragrajh”’ astheinlink to agivendocumen. Unfortunatelymost
of theinlinks werein list items,causingneighborlvod wordsto be
only slightly morethanthe anchortat itself. The datasetlsoonly
considerecpagesfrom within four Universities,so the numberof
inlinks wasvery limited—mostpageshadonly oneinlink.

3.1 Text Classfication

The categorieswe chosefor classificationandthe training and
testsizesarelisted in Table1. For eachcasewe chosethe docu
mentdistedin thecategoryitself (we did notfollow Yahoo!links to
otherYahoo! categories)andif therewereinsufficient docurrents,
we chosesereralsub-catgoriesto adddocumetts. Table2 liststhe
resultsfor eachof the classifierdrom Table1l.

In additionto the Yahoo! cateyories,we tried applying SVM
classificatiorto the WebKB categyoriesof coursesandfaculty For
training of courseswe used144 positive and 1000negative (from
the “other” category), andfor training of the faculty category we
used84 positive and the same1000 negative. For the cateory
coursegherewere 1000 negative testdocuments, and 70 positive
testexamples for anaccurag of 96.8%negative and67% for the
positive. For the cateyory of faculty therewere 70 positive and
1000 negative test,with anaccurag of 99% negative, and 64.3%
positive. Both of thesearesimilarto theaccurag reportedfor full-
text classificationof the WebKB databy Firnkranz[9].* Theuse

41t is difficult to make acomparisorbetweerabinaryclassifierand



biology biology biology archaeology archaeology | archaeology
(full-text) | (anchortat) | (extended) (full-text) (anchortet) (extended)
biology http biology archaeology archaeology | archaeology
dna http www science archaeologral archaeolgical | archaeological
biological | edu molecular ancient museum ancient

cell html biological archaeolotsts the museum
university | biology university stone museumnof anthropolog
molecular| the university of Title:archaeology| of history
research | human human excavation archeolog of archaetogy
protein cell research of archaeoloy http research
human of molecularbiology || museum university prehistoric

Table 3: Top 10 ranked featureshby expectedentropy loss. Bold indicates a category word, underline indicates a parent category

word.

wildlife wildli fe wildlife museums museums museums
(full-text) (anchortet) (extended (full-text) (anchortat) (extended
wildlife wildlife wildlife museum art museum
Title:wildlife species conservation|| museumof museum museumnof
species org species art contempoary art
endamgered endangred animals of art museunof of art

wild conseration wild gallery contempoary art | gallery
conservation endang@redspecies| endamgered || contempoaryart| gallery contempraryart
habitat sanctuary animal contempoary org contemprary
animals http nature artmuseum museums artmuseum
endamgeredspecies| refuge andwildlife || arts of arts

Table 4: Top 10 ranked featureshby expectedentropy loss. Bold indicates a category word, underline indicates a parent category

word.

of thewordsoccurringin the sameparagrap of theinbourd links
prodwedslightly worseaccurag thanthe full-text, likely dueto
the very small numbe of inlinks, andthe small numbe of words
occurringin thesameparagrap.

When evaluating the accurag, it is importantto note several
things. First,the negative accurag is alower-boundsincenegative
pageswvererandom,andthussomecould actuallybe positive. We
did nothavetimeto manudly examineall randompagesHowever,
a cursoryexaminationof the pagesclassifiedas positive, but from
the randomset,shaved aboutl in 3 wereactually positive — sug-
gestingnegative classaccurag wasmorethan99%in mary cases.
It is alsoimportantto note the relatively small setsizesusedfor
training. Our positive setstypically had 100 examples,relatively
small consideringthere were as mary as 1000 featuresusedfor
training. Positive accuray is alsoa lower bourd sincesometimes
pagesmay be misclassifiecby Yahoo!. It is alsoimportantto note
thatwe areperformingbinary classification We believe thatpages
may belongto multiple (or zero) cateyories,so it is reasonale to
createa separatelassifierfor eachone.

Otherworks compaing accurag of full-text to anchortat have
notshowvn a cleardifferencein classificatiorability, or aslightloss
due to useof anchortat alone[9]. Our resultssuggestthat an-
chortext aloneis comparabléfor classificationpurposeswith the
full-text. Several papersagreethatfeatureson linking documents,
in additionto theanchortet (but lessthanthewhole page)canpro-
vide significantimprovements.Our work is consistentith these
results shaving significantimprovement in classificatioraccuray
whenusingthe extendedanchortat insteadof the documen full-
text. For compaison, we applied our method(for both classifi-
cationand naming)to full-texts for the cateyoriesof coursesand
faculty from the WebKB dataset.

Our combinationmethodis alsohighly effective for improving

ann-way classifier

positive-classaccurag, but reducesnegative classaccurag. Our
methodfor uncertaintysamplingrequiredexamining only 8% of
the documets on average,while providing an averagepositive
classaccurag improvemert of almost10 percenagepoints. The
automaticcombindion alsoprovided substantiaimprovemeri over
theextendedanchortat or thefull-text alonefor positive accurag,
but causeda slight reductionin negative classaccurag ascom-
paredto the extendedanchortat case.

3.2 Featuresand Category Naming

The secondgoal of this researchis to automaticallynamevar-
ious clusters. To testour ability to nameclusterswe compared
thetop ranked featureqby expectedentrogy loss)with the Yahoo!
assignechames.We performedsereraltests with asfew as4 pos-
itive examples.Tables3, 4 and5 shaow the top 10 ranked features
for eachof thefive cateyoriesabove for thefull-text, theanchatext
only, andextendedanchatext.

The full-text appearscomparale to the extendedanchortat,
within all five casesthe currentcateyory nameappeaing asthe
top or secondanked feature andthe parentcateyory nameappear
ingin thetop 10 (or atleastoneword from thecateyory name).The
extendedanchortat appeardo performsimilarly, with anarguable
adwartage, with the parentnameappeaing more highly ranked.
The anchatext aloneappeargo do a poor job of describingthe
catgory, with featuredike “and” or “http” rankinghighly. Thisis
likely dueto the fact peopleoften put the URL or the nameof the
target pageasthe anchatext. Therelatively high thresholdg7%)
removed most featuresfrom the anchatext-only case. From the
five casegherewasan averageof about46 featuressurviving the
thresholdcut-offs for theanchortet only case For thefull-text and
extendedanchorteat, usuallythereweremorethan800featuresur
viving the thresholds Table6 shaws the resultsfor small clusters
for the samecatagyoriesand several sub-catgories. In every case
the category namewasrankedfirst or secondwith theparentname



Table 5: Top 10 ranked featuresby expectedentropy loss. Bold indicates a category word, underline indicates a parent category

word.

managenent consulting | managementconsulting | managementconsulting
(full-text) (anchortet) (extendedanchatext)
managenent consulting management
consulting inc consulting

clients management associates
Title:management group consultants

strateic associates business

business com group

Title:consulting consultinggroup firm

constitants groupinc consultingfirm

services comwww managementconsulting

biology (20) | botany (8) wildlif e (4) consewvation andreseach (5) | isps(6)

biology plant wildlif e wildlife internetservice
science botany animals consewation isps

biologicd of plant conseration endangeed modem
molecular theplant insects natural earthlink
gendics botanical endangred species broadkand
human plants theconseration | researcttenter providers
evolutionand | biology facts societyhttp www serviceprovider
genamics internetdirectory | wild wildlife trust prodigy
anatomy botanic bat societyhttp internetserviceprovider
paleoriology | botanicalgarden | totally wildlife society atm

Table 6: Rankedlist of featuresfr om extendedanchortext by expectedentropy loss.Number in parentheseds the number of positive

examples.

ranked highly® In addition,mostof the othertop ranked features
describechamesof sub-catgories. The ISP examplewasonenot

foundin Yahoo!.For this experimen, we collectedthe homepages
of six ISPs,and attemptedo discover the commonéity between
them. Thefull-text basedmethodreportedfeaturescommonto the
portal home pages,“current news”, “sign in”, “channds” “horo-

scopes, etc. However, the extendedanchortet methodcorrectly
namedthe group‘“isps” or “internet serviceprovider”, despitethe

factthatnoneof the pagesmentioneceithertermanywhereontheir

homepage, with only Earthlink and AT&T Worldnet mentioning
the phrase“internet serviceprovider” in a metatag. A searchon

Googlefor “isp” returnednoneof thelSPsusedfor this experiment
in thetop 10. A searcHor “internetserviceprovider” returnedonly

Earthlinkin thetop 10.

We alsoexaminedthe top ranked featureqby expeded entropy
loss)from thefull-text of the WebKB datasetateyoriesof courses
andfaculty From our training datadescribedn Section3.1, the
top two ranked featuresfrom courseswere: “courses”and“office
hours”. Thetop two ranked featuresfor thefaculty cateyory were:
“professa” and“ph d”.

4. SUMMARY AND FUTURE WORK

This paperdescribes methodfor learningahighly accurateveb
pageclassifier andusingtheintermediateeature-seto helpname
clustersof web pages.We evaluaed our approab on several Ya-
hoo! catgories,with very high accurag for bothclassificatiorand
for naming. Our work suppats and extendsotherwork on using
web structureto classifydocumets, and demonstratethe useful-

5In the caseof “consenation andresearch”the Yahoo! listed par
ent category was “organizations”,which did not appear asa top
ranked feature therewereonly threetop level sub-catgoriesunder
wildlife, suggestinghat conseration and researchcould be pro-
moted.

nessof consideringinbourd links, and words surroundingthem.
We alsoshav thatanchortet aloneis not significantly better(ar
guablyworse)thanusingthe full-text alone. We alsopresentwo
simple method for improving the accurag of our extendedan-
chortet classifier Combiningthe resultsfrom the extendedan-
chortet classifierwith the resultsfrom the full-text classifierpro-
ducesnearly a 7 percentaggpoint improvement in positive class
accurag. We alsopresentech simplemethodfor uncertaintysam-
pling, wheredocumeits thatareuncertainare manuallyevaluaed,
improving the accurag nearly 10 percentageoints,while requir
ing on-averagelessthan8% of the documentgo be examined.

Utilizing only extendedanchortet from documentghatlink to
the target documentaverageaccurag of morethan82% for pos-
itive documaents, and more than 98% for negative documentswas
achievzed, while justconsiceringthewordsandphrase®nthetarget
pageqfull-text) averageaccuray wasonly 66.2%for positive doc-
uments,and92.5%for negative documents.Combingthe two re-
sultedin anaveragepositive accurag of almost90%, with a slight
reductionin averagenegative accurag. The uncertaintysampled
casehadan averagepositive accurag of morethan92%, with the
negative accurag averaging98%.

Using samplesof asfew asfour positve documentswe were
able to correctly namethe chos@ Yahoo! cateyory (without us-
ing knowledge of the Yahoo! hierarchy)andin mostcasesrank
wordsthatoccurredin the Yahoo!-assigng parentcategory in the
top 10 features.The ability to nameclusterscomesfor free from
our entrofy-based featureranking method,and could be usefulin
creatingautomaticdirectoryservices.

Our simplistic approat consideed only up to 25 wordsbefore
and after (and the includedwords) an inbound link. We wish to
expand this to include otherfeatureson the inbound web pages,
suchasstructuralinformation(e.g.,is awordin alink or heading),
aswell asexperimentwith includingheadirgsof theinbourd pages
neartheanchortet, similarto work doneby FiirnkranZ9]. Wealso



wish to examinethe effectsof thenumber of inbound links, andthe
natureof the catgyory by expandingthis to thousadsof categories
insteadof only five. The effectsof the positive setsizealsoneedto
be studied.
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