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ABSTRACT
An importantclassof searchesontheworld-wide-webhasthegoal
to find an entry page(homepage)of an organisation.Entry page
searchis quite different from Ad Hoc search. Indeeda plain Ad
Hocsystemperformsdisappointingly. Weexploredthreenon-content
featuresof webpages:pagelength,numberof incominglinks and
URL form. EspeciallytheURL form provedto bea goodpredictor.
UsingURL form priorswefoundover70%of all entrypagesatrank
1, andup to 89%in thetop 10. Non-contentfeaturescaneasilybe
embeddedin a languagemodelframework asa prior probability.

Categoriesand SubjectDescriptors
H.3.3 [Inf ormation Storageand Retrieval]: InformationSearch
andRetrieval

GeneralTerms
Experimentation

Keywords
EntryPageSearch,PriorProbabilities,Links,URLs,LanguageMod-
els,ParameterEstimation

1. INTRODUCTION
Entrypagesearchingisdifferentfromgeneralinformationsearch-

ing, notonly becauseentrypagesdiffer from otherwebdocuments,
but alsobecausethe goalsof the tasksaredifferent. In a general,
Ad Hocsearchtaskasdefinedfor TREC [35, 36,37], thegoalis to
find asmany relevantdocumentsaspossible.Theentrypage(EP)
taskis concernedwith finding thecentralpageof anorganisation,
which functionsasa portal for the information1. SinceEPsearch
hasthe goal to retrieve just one document,an IR systemshould
probablybemoreoptimisedfor highprecisionthanfor high recall.
Searchengineuserstypically preferto find anEPin thefirst screen�
Entrypagesfor individualpersonsareusuallyreferredto ashome-

pages.
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of results.Sincequeriesareusuallyvery short,finding anEPwith
a high initial precisionis quitedifficult. This paperexploresways
to enhanceIR systemsdesignedfor theAd Hoc taskby takingad-
vantageof documentfeatures,whichareusuallyignoredfor theAd
Hoctask,sincethey werenoteffective. Ourexperimentsfor theEP
taskatTREC-2001haveshown thatlink structure,URLsandanchor
textsareusefulsourcesof informationfor locatingentrypages[38].

Experimentsof othergroupsconfirmedtheeffectivenessof these
features[6, 14, 7, 27, 32, 39]. In this paperwe show how knowl-
edgeaboutthe relationshipbetweenthe non-contentfeaturesof a
webpageanits likelihoodof beinganEPcaneasilybeincorporated
in aretrieval modelbasedonstatisticallanguagemodels.In Section
2 we discussrelatedwork on tuning retrieval modelsto a specific
taskandotherwork on the useof informationsourcesotherthan
thedocumentcontent.Section3 discussesthebasiclanguagemod-
elling approachandhow priorscanbeusedin this model. In Sec-
tion 4 we discussdifferentsourcesof prior knowledgethatcanbe
usedin anEPsearchingtask.We describeour evaluationmethod-
ology in Section5 anddiscussour experimentsandpresentresults
in Section6. We concludewith a discussionof theseresultsanda
summaryof ourmainconclusions.

2. CONTEXT AND RELATED WORK
In this sectionwe will give arguethat it is commonpracticeto

tailor IR methodsto a specificsearchtask,or evento a certaintest
collection,to optimizeperformance.It is importantthough,to use
principledmethodsinsteadof adhocsolutions.

2.1 Tuning IR systems
Theuseof propertermstatisticsis of theutmostimportancefor

thequalityof retrieval resultson theAd Hocsearchtask.All main
IR modelsbasedon relevancerankingexploit thesestatisticsand
arebasedon at leasttwo ingredients:the frequency of a term in
a documentandthedistribution of a term in thedocumentcollec-
tion. IR modelstypically have evolved in closerelationshipwith
theavailability of testcollections.Theolder testcollectionswere
basedon abstracts,so it was safeto assumethat documentshad
aboutthesamelength.Sincetestcollectionsarebasedon full text,
this assumptiondoesnot hold anymore,andIR modelshave been
refinedto includea componentwhichmodelsthedocumentlength
influence.Early attemptsto combinethethreemain ingredientsof
anIR systemwereratheradhocandwerenotbasedonformalmod-
els. For example,SaltonandBuckley [30] evaluatedmany combi-
nationsof termfrequency statistics,documentfrequency statistics
anddocumentlengthnormalisationwithout an explicit model for
therelationshipbetweenthesefactors.Thecombineandteststrat-
egy was pursuedfurther by Zobel and Moffat [40]. They tested
720differenttermweightingstrategiesbasedondifferentsimilarity



functions,lengthnormalisationstrategies,documentterm weight-
ing etc.

�
on 6 differentquerycollections.They concludedthattheir

exhaustive teststrategy (4 weeksof computationtime) hadnot re-
sultedin any conclusive resultsthatheldacrosstestcollections.In-
steadof trying many adhocalgorithms,RobertsonandWalker[29]
experimentedwith simpleapproximationsof the2-Poissonmodel2.
TheOKAPI formulais anapproximationof atheoreticallyjustified
model,integratingthe threecomponents.TheOKAPI formula in-
cludestuning parametersthat determinee.g. the influenceof the
termfrequency or theinfluenceof thedocumentlengthnormalisa-
tion. Theparameterscanbeusedto tunea systemto the retrieval
taskandtestcollectionathand.

Basedon the successof Robertsonand Walker, Singhalet al.
[33] showed that for the Ad Hoc searchtask, thereis a correla-
tion betweenthe documentlengthand the a-priori probability of
relevance.Thedocumentlengthis a goodexampleof information
abouta documentthat is not directly relatedto its contents,but
might still berelatedto thepossiblerelevanceof thedocument:If
we build a rathersilly systemthatreturnsthelongestdocumentfor
any userquery, thenwe actuallymight do betterthanreturninga
randomdocumentfrom thecollection.

2.2 Non-contentfeaturesof WEB pages
An importantsourceof prior knowledgefor webbasedinforma-

tion retrieval is thehyperlinkstructure.Theideabehindmostlink
structureanalysisis that if thereexistsa link from document� to
document� , this probablymeansthatdocument� and � areon
the sametopic (topic locality assumption)and that the authorof
document� recommendsdocument� (recommendation assump-
tion). Two of themostwidely known andusedalgorithmsfor link
structureanalysisare PageRank[4] and HITS [18]. Both meth-
odsbasetherecalculationson theassumptionthata pageto which
many documentslink is highly recommendedandthereforeanau-
thority. The authoritativenessof a documentis even higherif the
documentsthat link to it aresomesort of authoritiesthemselves.
HITS andPageRank(or variantsof those)arereportedto be suc-
cessfulin numerousstudiesof retrieval quality [18, 3, 1, 25, 5],
however whenmeasuringrelevanceonly, without takingquality or
authoritativenessinto account,HITS andPageRankbasedmethods
have not beenable to improve retrieval effectivenessfor Ad Hoc
searchtasks[15, 13,20,31,8].

Davison [11] shows that the topic locality assumptionholds:
whenpagesare linked, they arelikely to containrelatedcontent.
This meansthat documentsthat are linked to relevant documents
arepotentiallyrelevant themselves. However, exploitation of this
idea by spreadingretrieval scoresover links hasnot proven suc-
cessfulin a generalinformationretrieval taskyet [20, 12]. On the
otherhand,the TREC-2001evaluationshowed that link structure
analysisdoes improve contentonly resultsin anentrypagesearch
task[14, 38].

Anothersourceof prior knowledgein webbasedretrieval is the
URL. Wearenotawareof any studiesin whichURL knowledgewas
usedfor an Ad Hoc search.However, the TREC-2001evaluation
showed that the fact that entry pagestend to have shorterURLs
thanotherdocumentscanbe successfullyexploited by a ranking
algorithm.[14,38,27,32,39].

2.3 Priors in LM basedIR
Prior knowledgecanbeusedin a standardway in the language

modellingapproachto informationretrieval. The languagemod-�
However, themotivationto extendtheoriginalprobabilisticmodel

[28] with within-documentterm frequency and documentlength
normalisationwasprobablybasedon empiricalobservations.

elling approachusessimpledocument-basedunigramlanguagemod-
els for documentranking[26]. Early TREC Ad Hoc experiments
by HiemstraandKraaij [17] show thatindeedthedocumentlength
servesasa helpful prior for the Ad Hoc task,especiallyfor short
queries.Miller et al. [23] combinedinformationin their document
priors,includingdocumentlength,sourceandaveragewordlength.
In this paperwe adaptthe standardlanguagemodellingapproach
to theentrypagesearchby including theprior probabilitiesin the
estimationprocess. We show that properuseof prior probabili-
ties resultsimprovementsof morethan100 % over the base-line
languagemodellingsystemon the entry pagetask. Although we
mainly addressentrypagesearchinghere,we follow a genericap-
proach.By following thesuggestedlanguagemodellingapproach
wecanquickly adaptourstandardretrieval systemto othertasksor
domains,e.g.automaticsummarisation[19].

3. LANGUAGE MODELLING AND PRIOR
PROBABILITIES

For all our experimentswe usedaninformationretrieval system
basedonasimplestatisticallanguagemodel[16]. Weareinterested
in the probability thata document� is relevant given a query � ,
whichcanbereformulatedasfollowsusingBayes’rule:

�	� ��
 ���� �	� ��� �	� ��
 ����	� ���
Themainmotivation for applyingBayes’rule is that theprobabil-
ities on the right-handsidecanbeestimatedmoreaccuratelythan
theprobabilitiesontheleft-handside.For thepurposeof document
ranking,we cansimply ignore

�	� ��� sinceit doesnot dependon
the documents.The probability

�	� ��
 ��� canbe representedby a
document-basedunigramlanguagemodel. Thestandardlanguage
modellingapproachwould modelthequery � asa sequenceof �
query terms � ����������� ��� , and usea linear combinationof a uni-
gramdocumentmodel

�	� ����
 ��� anda collectionmodel
�	� ����
 ���

for smoothing3 asfollows:

�	� ��
 � ����������� �����! �	� ��� �"
�$# �

�&%(') � �	� � � 
 ���+* )��	� � � 
 ���
(1)

Theprobabilitymeasure
�	� ����
 ��� definestheprobabilityof draw-

ing a term at randomfrom the collection,
�	� � � 
 ��� definesthe

probability of drawing a term at randomfrom the documentand)
is theinterpolationparameter, whichis assumedto besomefixed

constant.This leavesuswith thedefinitionof theprior probability
of relevanceof a document

�	� ��� 4.
3.1 Estimating Priors

We distinguishtwo approachesto estimatingthe prior: direct
estimationof theprior on sometrainingdata,anddefinitionof the
prior basedonsomegeneralmodellingassumptions.

As anexample,let’shave a look at theassumptionthattheprior
probabilityof relevanceis correlatedwith thedocumentlengthon
theAd Hoc task. Figure1 shows a plot of theprobabilityof rele-
vanceagainstthedocumentlengthfor theAd Hoctaskof theTREC-
2001webtrack.To smooththeestimates,wedividedthedocument,
This smoothing technique is also known as Jelinek-Mercer

smoothing-
Relevanceis not explicitly encodedin formula(1). Cf. [21] for a

variantformulationof themodelthat includesrelevanceasa vari-
ablein themodel.Both modelsleadto anequivalenttermweight-
ing function
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Figure1: Prior probability of relevancegiven documentlength
on the Ad Hoc task

length,which variesfrom documentscontainingonly oneor two
wordsto documentscontainingover 10,000words,into 16binson
alogscale.Eachpointontheplotmarkstheprobabilityof relevance
of thedocumentsin oneof thesebins. The16 binsandthecorre-
spondingprobabilitiesdefinea discreteprobabilitymeasure

�	� ���
which takesoneof 16differentvaluesbasedonthebin in which �
falls. As such,it canbeuseddirectly in Equation1. Alternatively,
lookingat theplot, onecouldmake thegeneralmodellingassump-
tion thatthea-priori probabilityof relevanceis takento bea linear
functionof thedocumentlength,so:�/.1032&465 � � ���7� �	�98 
 ���7�:� ��;=<?>�@BA � � ��� (2)

where
8

is a binary randomvariable ‘relevance’, ;=<?>�@BA � � ��� is
the total numberof words in document� , and � is a constant
that canbe ignoredin the ranking formula. The intuition behind
this assumptionis thatlongerdocumentstendto cover moretopics
andthushave a higherprobabilityof relevance.Indeed,the linear
relationshipbetweendocumentlengthandprobabilityof relevance
is a reasonablemodel for different Ad Hoc test collections[20].
Including theprior especiallycanimprove m.a.p. with up to 0.03
on anabsolutescale,dependingon thequerylength.

3.2 Combining Priors
What if we have differentsourcesof informationthatmight in-

fluencethe a-priori probability of relevance,e.g. the length of a
webpageor its top level domain?Theproblemcanbeformalised
asfollows,we wantto estimate:�	�98 
 ���7� �	�98 
6CD �E� �	�98 
 F � � F � ��G�G�G�� F � � (3)

In formula (3),
8

is a binary randomvariable‘relevance’, CD is a
shorthandfor

� CH �ICD � , i.e. CH is a randomvariable‘document’
with asvaluea vectorof documentfeaturesCD � � F ��� F �?��GJGJGJ� FLK?� .
Theproblemis thatwe do not have a closedform solutionfor the
prior

�	�98 
JCD � and there is a very limited set of training data to
estimatetheprior for differentfeaturevalues,sowe have to find a
smartway to estimateour prior. A possibleapproachis to apply
theNaive Bayesassumption.ConsidertheNaive Bayesapproach
[24, 22] to classification:

�NML� argmaxOQP �	� � K 
6CD �7� �	� CD 
 �RKS� �	� �RKS��	� CD � (4)

Here, � M representstheclassof aninstancewhichis chosenamong
thesetof mutuallydisjoint classes� K . Thedecisionrule chooses

the �RK for which thenumerator
�	� CD 
 �RKT� �	� �RKS� is maximalgiven

acertainvectorof attributes CD . Especiallywhentherearemany fea-
tures,it is difficult to estimatetheprobabilities.A commonstrat-
egy is to assumethat the featuresare conditionally independent:�	� CD 
 �RKU�V�XW � �	� F � 
 �RKT� , this is thewell known naive Bayesas-
sumption.Thisassumptionresultsin asmallernumberof probabil-
ities thathave to beestimated.Thesameestimationproblemholds
for thedenominator, but this termcanbeignoredfor classification
tasks,sinceit is constantacrosstheclasses.In our case,thereare
only 2 differentclasses,namelyrelevantdocumentsandirrelevant
documents(or entrypagesvs. non-entrypages).In addition,we’re
not only interestedin theclasswith thehighestprobability, but we
want to estimatethe exact probability thata documentis relevant
givenseveralattributes,sincewewantto useit for ranking.There-
forewecannotignorethedenominatorsinceit is differentfor each
attributevector. So,Formula5 shouldbeusedto estimatethepri-
ors.

�	� �RK(
6CD �E� W �Y # � �	� F Y 
 �RKT� �	� �RK?�Z K � W �Y # � �	� F Y 
 �RKU� �	� �RK?��� (5)

Indeed,the parametersin this formula are much easierto es-
timate. As an example,supposewe have threefeatures,with five
valueseach.Directestimationof theprobabilityof relevancewould
requiretheestimationof 125conditionalprobabilities.In theNaive
Bayesapproach,only 30 relative frequencieswould have to be
computed. An alternative approachcould be to reducethe num-
berof parametersin ourmodel,e.g.reducingthenumberof classes
perfeatureto three,yielding [ , �:\T] parametersin orderto reduce
variance.

For ourexperimentwith combinedpriors,wecombinedtwo fea-
tures(URL form and#inlinks) eachwith 4 differentfeaturevalues.
As a simplebaseline,we assumedconditionalindependenceof the
featuresgiven relevance,andapproximatedFormula5 by replac-
ing the denominatorby W �Y �	� F Y � , obviating the needto build a
trainingsetfor nonEntryPages.Theapproximatedformulacanbe
furtherreducedto:

�	� �RK(
6CD �7� W �Y # � �	� �RK^
 F Y � �	� �RK?�W �Y # � �	� �RK?� �:_ �"
Y # �

�	� �RK^
 F Y � (6)

which is equivalent to the productof the individual priors anda
constant.

We contrastedthis approximatedNaive Bayesrun, with a run
wherewe directlyestimated(3), but basedona reducednumberof
classes.We definedsevendisjoint classesin sucha way that there
wereat least4 positive trainingexamplesin eachclass.This was
doneby merging several attribute vectorsinto oneclass. Section
6.2describestheprocedurein moredetail.

3.3 Combining Content Models
Justaswe might have differentsourcesof information to esti-

mateprior probabilities,wemightaswell have differentsourcesof
informationto estimatecontentmodels.As anexample,consider
the possibility to estimatea documentlanguagemodelon the an-
chortexts of all hyperlinkspointingto thedocument.Notethatthe
scoreprovided by a queryon the anchortexts is not a document
prior. Theanchortexts andthebodytexts (‘content-only’)provide
two very different textual representationsof the documents.The
IR languagemodelscanaccommodateseveraldocumentrepresen-
tationsin a straightforward manner, by defininga mixture model.
Our preferredway of combiningtwo representationswould beby



thefollowing, revisedrankingformula.�	� ��
 � ����������� �����	 �	� ��� �"
�`# ��a

�&%b')7'dc � �	� ��e�
 ����*)��
content

� ���3
 ����* c/�
anchor

� ���f
 ���&g
(7)

So, thecombinationof theanchorrun with thecontentrun would
bedoneona ‘query termby queryterm’ basis,whereasthecombi-
nationwith thedocumentprior is doneseparately. Unfortunately,
thecurrentimplementationof ourretrieval systemdoesnotsupport
combiningdocumentrepresentationslike this. Instead,theanchor
experimentsdescribedin the next sectionswere doneseparately
from thecontentruns,theirdocumentscoresbeingcombinedafter-
wards.In adocumentsummarisationsettingweshowedthepoten-
tial of similar mixturemodelsfor ranking[19].

4. PRIOR PROBABILITIES IN ENTRY
PAGE SEARCH

In anentrypagesearchtask,a useris searchingfor themainen-
try pageof a specificorganisationor groupwithin anorganisation.
This is themainentrypoint for informationaboutthatgrouponthe
WWW. Fromhere,onecanusuallynavigateto theotherwebpages
of thesamegroup.For examplethemainentrypageof SIGIR2002
is http://www.sigir2002.org.

A query in an entry pagesearchtaskconsistsof nothingmore
thanthenameof theorganisationor groupwhoseentrypagewe’re
after. In generalthereare only a few correctanswers:the URL
of the entry pageof the requestedorganisationandperhapssome
alternateURLs pointingto thesamepageanda few mirror sites.

Entrypagesearchingis similar to known itemsearching.In both
typesof searches,a useris looking for onespecificpieceof infor-
mation. However, in known item searchtheuserhasalreadyseen
the informationneeded,whereasin entry pagesearchthis is not
necessarilythecase.

Sinceentry pagesearchis a differenttaskthanAd Hoc search,
differentpriorprobabilitiesmightbeneeded.Weinvestigatedwhich
sourcesof informationareusefulpriors for entry pagesearching
andwhetherpriorsareneededat all for sucha task.

Welookedatthreedifferentsourcesof information:i) Thelength
of a document; ii) The numberof links pointing to a document
(inlinks) ; iii) Thedepthof a document’s URL.

Featureswe didn’t investigate,but which might be useful for
estimatingwhethera pageis an entry pageinclude: the number
of occurrencesof certaincuewords(e.g. ’Welcome’,’home’), the
numberof links in a document(outlinks)andthenumberof times
a pageis visited.

4.1 DocumentLength
Section3.1showedthatdocumentlengthpriorsareusefulin an

Ad Hoc searchtask. Herewe investigatewhetherthe lengthof a
documentis alsoa usefulindicatorof theprobability thata docu-
mentis anentrypage.Figure2 shows a plot of theprobabilityof
relevanceversuspagelength,calculatedon the training datapro-
videdfor theentrypagesearchtaskof TREC-2001’s webtrack.

Indeeddocumentlength can predict the relevanceof a page,
sincethedistribution is not uniform. Pageswith a mediumlength
(60-1000words)haveahigherprobability, with amaximumaround
100-200words.However, thedifferencesaremuchlessmarkedas
for Ad Hoc search.Althoughit is clearthatthedependenceof the
probabilityof relevanceondocumentlengthis quitedifferentfrom
the Ad Hoc task,we ran an experimentwherewe usedour best
performingIR model for the Ad Hoc task (languagemodel plus
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Figure2: Prior probability of relevancegiven documentlength
on the Entry Pagetask (

�	� A �ih&j?kml�n=o A 
 ;=<S>�@BA �+� )
documentlengthprior asdefinedin (2)) on the EP task, to show
that modelsthat performwell on Ad Hoc do not necessarilyper-
form well on theEntryPagetask.

4.2 Number of InLinks
In a hypertext collection like the WWW, documentsare con-

nectedthroughhyperlinks. A hyperlink is a connectionbetween
a sourceanda target document.Our inlinks basedprior is based
on the observation that entry pagestendto have a highernumber
of inlinks thanotherdocuments(i.e. they arereferencedmoreof-
ten). Theplot of theprobabilityof beinganentrypageagainstthe
numberof inlinks in Figure3 showsthiscorrelationfor thetraining
datafor the entrypagetaskof TREC-2001’s web track. Sincethe
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Figure 3: Prior probability of relevance given number of in-
links on the Entry Pagetask (

�	� A �ihqjSkrl�n=o A 
 s9� @ s9��tQ� <?u �ih3� )
plot suggestsa linearrelationship,we definetheinlink prior as:� � � 4 � � K � ���7� �	�98 
 ���7�:� � s9� @ s9�/t(� <?u �ih � ��� (8)

where
8

is abinaryrandomvariable‘relevance’,sv� @ s9��t >�<?u �ih � ���
is the countof the numberof inlinks in document� and � is a
constant.

Note that, althoughwe didn’t differentiatebetweenlinks from
thesamehostandlinks from otherhosts,doingsomightbeinterest-
ing. Thesedifferenttypesof links have differentfunctions.Links
from otherhostsoften imply a form of recommendation,whereas



links from thesamehostmainlyservenavigationalpurposes.How-
ever, both typesof links probablypoint moreoften to entrypages
than to other pages. Recommendationlinks usually point to the
main entry point of a site andsitesareoften organisedin sucha
way thateachpagelinks to theentrypage.

4.3 URL Depth
A third sourceof prior information is the URL of a document.

A URL definestheuniquelocationof a documenton theWWW. It
consistsof thenameof theserver, a directorypathanda filename.
A first observationis thatdocumentsthatareright atthetoplevel of
a specificserver (i.e. thedocumentsof which theURL is no more
than a server name)are often entry pages. Also, as we descend
deeperinto the directory tree, the relative amountof entry pages
decreases.Thustheprobabilityof beinganentrypageseemsto be
inverselyrelatedto thedepthof thepathin thecorrespondingURL.

Wedefinefour typesof URLs:

root: a domainname,optionallyfollowedby ’index.html’
(e.g.http://www.sigir.org)

subroot: a domainname,followed by a singledirectory, option-
ally followedby ’index.html’ name
(e.g.http://www.sigir.org/sigirlist/)

path: adomainname,followedby anarbitrarilydeeppath,but not
endingin a file nameotherthan’index.html’
(e.g.http://www.sigir.org/sigirlist/issues/)

file: anything endingin a filenameotherthan’index.html’
(e.g.http://www.sigir.org/resources.html)

Analysis of both WT10g, the collection usedin TREC-2001’s
web track, and the correctanswersto the training topics for the
track’s entrypagetask(i.e. thecorrectentrypages),shows thaten-
try pageshaveaverydifferentdistributionover thefour URL-types
(cf. Table1). As suspected,entrypagesseemto bemainly of type

URL type Entry pages WT10g
root 79 (73.1%) 12258 (0.7%)
subroot 15 (13.9%) 37959 (2.2%)
path 8 (7.4%) 83734 (4.9%)
file 6 (5.6%) 1557719 (92.1%)

Table 1: Distrib utions of entry pagesand WT10g over URL-
types

root while mostdocumentsin the collectionareof type file. For
inlinks, we wereableto definea modelfor theprior probabilityof
relevancegiventhenumberof inlinks, which is a goodapproxima-
tion of therealdata.For theURL prior it is lessstraightforward to
definesuchananalyticalmodel. Therefore,we estimatedtheURL
basedprior directlyon thetrainingcollection:

�rw�xLyz� ���7� �	�9{|� 
 } 8N~ hqk?l A � ���z��h&���E� > �9{|� � h � �> � h � � � (9)

where} 8d~ h&k�l A � ��� is thetypeof theURL of document� , > �9{� � h � )
is thenumberof documentsthat is bothanentrypageandof typeh&� and > � h&��� is the numberof documentsof type h�� . The resulting
probabilitiesfor thedifferentURL-typesarelistedin Table2. Note
thattheprior probabilitiesdiffer severalordersof magnitude;aroot
pagehasanalmost2000timeslargerprobabilityof beinganentry
pagethanany otherpage.

�	�9{ �LhqjSkrl�n=o A 
Sj <S< h3� � G �S�� %��b��� ,�	�9{ �LhqjSkrl�n=o A 
U� u�� j <?< h�� [ G �T��� %��b��� -�	�9{ �LhqjSkrl�n=o A 
1l�n=h&�i� �bG �S��� %��b���3��	�9{ �LhqjSkrl�n=o A 
U�Qs @BA � [ G �T��� %��b�����
Table 2: Prior probabilities for differ ent URL-types,estimated
on the training data

5. EVALUATION
We comparedthedifferentpriorsdiscussedin theprevioussec-

tion usingcollectionsandrelevancejudgementsfrom theentrypage
findingtaskof TREC-2001’s webtrack.TheText Retrieval Confer-
ences(TREC) [35,36,37],areaseriesof workshopsaimedat large-
scaletestingof retrieval technology. The entry pagefinding task
wasdesignedto evaluatemethodsfor locatingentrypages.In this
taska searchtopic consistsof a singlephrasestatingthenameof
a specificgroupor organisation,for someexamplescf. Table3. A

Worldnet Africa
Hunt Memorial Library
Haas Business School
University of Wisconsin Lidar Group

Table3: Example topics for entry pagesearch task

systemshouldretrieve theentrypagefor thegroupor organisation
describedin the topic. E.g. whena topic is University of Wiscon-
sin Lidar Group, the entry pagefor this specificgroupshouldbe
retrieved.Retrieving thehomepagefor thewholeUniversityor for
a subgroupof theLidar groupwould becountedincorrect.Topics
for theentrypagefinding taskwerecreatedby randomlyselecting
adocumentfrom thedocumentcollectionandfollowing links from
thereuntil they got to a documentthey consideredto bethehome-
pageof a site thatcontainedthedocumentthey startedwith. This
way, 145 topics wereconstructedfor this task. In additiona set
of 100topicswasprovidedfor trainingpurposes.We usedthelat-
ter setfor makingtheplots in sections4.1 and4.2 from which we
inferredthedocumentlengthandinlink priors. Thesamesetwas
usedfor estimatingtheURL priorsasdescribedin section4.3.The
experimentsreportedin thenext sectionareall conductedusingthe
setof 145testtopics.

Thecollectionto besearchedfor this taskis theWT10gcollec-
tion [2], a 10 gigabytessubsetof the VLC2 collection which in
turn is a subsetof a 1997crawl of theWWW doneby the Internet
Archive 5. WT10gis designedto have a relatively high densityof
inter-server hyperlinks.

For eachcombinationof documentprior and languagemodel,
we ranked our documentcollection and returnedthe top 100 re-
sults. Runswere evaluatedby the meanreciprocalrank (MRR)
measure.For eachtopic thereciprocalvalue(

%�� � ) of therank( � )
of thehighestrankedcorrectentrypageis computed,subsequently
thesevaluesareaveraged.If no correctentrypagewasfoundfor a
specifictopic thereciprocalof therankfor this topic is defined0.

6. EXPERIMENTS
For our experimentswe usedthe IR modeldescribedin section

3. The prior probability in our model,
�	� ��� wasinstantiatedby

oneof thepriorsdefinedin section4 or left out (i.e. uniform pri-
ors). The languagemodels(

�	� ��
 ��� ) were either estimatedon�
http://www.archive.org



the documentcollection (WT10g) or on the collection of anchor
based� pseudodocuments.This anchor-basedcollectionwasgen-
eratedfrom theoriginal WT10gdataby gatheringall anchortexts
from links pointingto thesamedocumentin onepseudodocument.
This pseudodocumentwasthenusedasa descriptionof theorigi-
nal document.6. Again,we didn’t differentiatebetweenlinks from
thesameserverandlinks from otherservers.Documentswerepre-
processedasfollows

1. remove HTML commentandscriptdocumentfragments
2. remove HTML markuptags
3. mapHTML entitiesto ISO-Latin1characters
4. stopterms
5. stemtermsusingthePorteralgorithm

Table 4 shows the meanreciprocalrank (MRR) for runs on both
the web pageandthe anchortext collection in combinationwith
differentpriors.Both inlinks andURL form helpto increasesearch
effectiveness,especiallytheURL prior is highly effective. Further
discussionis deferreduntil Section7.

Rankingmethod Content(
) � � G � ) Anchors(

) � � G � )�	� ��
 ��� 0.3375 0.4188�	� ��
 ��� �+.f0f2q465 � � ��� 0.2634 0.5600�	� ��
 ��� �rw�x�y�� ��� 0.7705 0.6301�	� ��
 ��� � � � 4 � � K � ��� 0.4974 0.5365

Table4: Resultsfor differ ent priors

6.1 Combining content models
Wecombinedpagecontentandanchorrunsby alinearinterpola-

tion of theresultfiles:
8��E� M ��� 8��E�b����� 5 * �&%m' �E� 8��E� � � 2���0f�

Table5 showsthatalthoughthecombinationstrategy is notoptimal

� MRR
0.5 0.3978
0.7 0.4703
0.8 0.4920
0.9 0.4797

Table 5: Combining webpagetext and anchor text

(cf. Section3.3), combiningbothcontentrepresentationis useful.
Bestresultis achievedfor ��� � G � : MRR=0.4920(anchortext only
run: MRR = 0.4188). We alsoinvestigatedthe effect of priors on
thesecombinedruns(Table6).

Rankingmethod Content+Anchors( ��� � G � )�	� ��
 ��� 0.4920�	� ��
 ��� � wixLy � ��� 0.7748�	� ��
 ��� � � � 4 � � K � ��� 0.5963

Table 6: Resultsfor differ ent priors(content+anchor)

6.2 Combining Priors
In section4 we saw thatboththenumberof inlinks andtheURL

can give importantinformationaboutwhethera pageis an entry�
Theexperimentsin thispaperarebasedontheCSIRO anchorcol-

lection [6, 7], whereasthe experimentsreportedin [38] arebased
on ananchorcollectionwe built ourselves

pageor not. Theresultsin Table4 confirmthis. A combinationof
thesetwo sourcesof informationmight alsobe useful. In section
3.2we discusseddifferentapproachesfor combiningpriors. Table
8 shows theresultsfor bothcombinationapproaches.All runsare
basedon theweb pagecorpusanddo not regardanchortext. We
havearguedthatthemainproblemof combiningfeaturesis thatit is
difficult to estimate

�	�9{|� 
JCD � directly, sincethetrainingcollection
is small. A simpleapproachis to multiply the individual priors,
which is an approximationof a model basedon the conditional
independenceassumption.This baselinecombinationrun yielded
anMMR valueof 0.7504,which is lower thana run basedon just
theURL prior.

Weconjecturethatthisdisappointingresultis dueto thefactthat
there is conditionaldependencebetweenthe featuresor that the
approximationof the denominatoris too crude. We investigated
a variant run, without indepenceassumptions,wherewe directly
estimated

�	�9{|� 
JCD � , but basedon a modelwith a reducednumber
of parameters.

For this approachwe couldnot work with Formula(8), instead
we disretizedthe#inlinks featurespacein four binson a logscale.
Subsequently, we definedseven disjoint documentclasses.Table
7 shows their statistics. Sincetherearejust a few entry pagesin
thetrainingsetof categorynon-root,weonly dividedtherootclass
in four separatebins basedon the numberof inlinks. From these

Documenttype h � #entrypages #WT10g
rootwith 1-10inlinks 39 (36.1%) 8938 (0.5%)
rootwith 11-100inlinks 25 (23.1%) 2905 (0.2%)
rootwith 101-1000inlinks 11 (10.2%) 377 (0.0%)
rootwith 1000+inlinks 4 (3.7%) 38 (0.0%)
subroot 15 (13.9%) 37959 (2.2%)
path 8 (7.4%) 83734 (4.9%)
file 6 (5.6%) 1557719 (92%)

Table 7: Distrib ution entry pagesand WT10g over differ ent
documenttypes

statisticswe computeda combinedinlink-URL prior, using:

� � � 4 � � K � wixLy �9{� 
 ; h � ���7��h&���E� > �9{|� � h � �> � h � � � (10)

where ; h � ��� is the documenttype of � and > � G � is asdefinedin
equation9.

Table8 summarisesresultsfor thecombinationexperiments.In
additionto the alreadytabulatedsingleprior results,it shows the
resultfor a runwheretheinlink prior wasestimatedonthetraining
datainsteadof beingmodeledby Formula(2). The MRR of this
run is lower thantherunbasedon theanalyticalinlink prior, which
probablymeansthat the numberof bins is too small. The com-
binationrunsshow a marked difference:the run basedon a naive
multiplicationof priorsscoresscoresworsethentherun basedon
the URL prior. However, the combinationrun which directly es-
timates

�	�9{|� 
JCD � , basedon seven disjoint classesdoesimproves
uponthe individual prior runs,so combinationof priors performs
betterthana singleprior.

7. DISCUSSION
The entry pagetask is significantlydifferent from the Ad Hoc

task.Themaindifferenceis thatjust onepageis relevant,sorecall
enhancementtechniquesdo not play a role, on the contrary, the
goal is to boostinitial precision. We experimentedwith content-
only runs,basedoneitherthewebpagecontentor its relatedanchor



Rankingmethod Content description�	� ��
 ��� �rw�xLyE� ��� 0.7705�	� ��
 ��� � � � 4 � � K � ��� 0.4974 analyticalprior�	� ��
 ��� � � � 4 � � K � ��� 0.4752 4 bins�	� ��
 ��� � w�xLy(� � � 4 � � K � ��� 0.7504 baseline: product of
priors (analyticalinlink
prior)�	� ��
 ��� � w�xLy(� � � 4 � � K � ��� 0.7749 directestimation(7 dis-
joint classes)

Table 8: Combining priors

text, andwith runswhich alsoexploitedotherpagecharacteristics,
like numberof links andURL form.

Interestingly, a run basedon just the anchortext outperformed
the basic contentrun by far, indicating that anchortext linking
to entry pagesoften containsthenameof the organisation’s entry
page.Combiningbothtextual representationsby simpleinterpola-
tion provedeffective: MRR = 0.4920(+17%).

For contentruns,an(exact)matchof thequeryis notsufficiently
discriminatingto find entry pages,sincea lot of web pageswill
have exactmatches.Therefore,otherfeatureshave to beused.We
testedthreedifferentfeatures:documentlength,numberof inlinks
andtheURL form. A lineardocumentlengthprior did significantly
decreaseMRR for the contentrun, which we hadexpected,since
sucha prior did not fit thetrainingdataat all. Neverthelessit is in-
terestingto seethatchoosinga wrongprior canharmresults.The
lineardocumentlengthprior seemsto help theanchorrun though,
but that is anillusion. Thelengthof ananchortext documentcon-
sistsof a concatenationof theanchortexts of the links pointingto
a particularweb page. Thus, the lengthof an anchortext ’docu-
ment’ is linearly relatedto thenumberof inlinks. Indeed,thean-
chorrunsbasedonaninlinks prior or adocumentlengthprior have
ratherequivalentperformancegains. Thereseemsto be an addi-
tional gain of the documentlengthprior though;apparentlymore
verboseanchortexts arecorrelatedwith entrypages.Thebestre-
sults are achieved by the runs with a URL form basedprior (the
contentrun with a URL prior foundover 70%of theentrypagesat
rank1, and87%in thetop 107). Surprisingly, thebetterresultwas
achieved by the URL prior run basedon the web pagetext. This
canbe explainedby the fact that this run hasa larger recall than
theanchortext run. TheURL prior is a powerful precisionenhanc-
ing device which combineswell with the web pagecontentrun,
which hasgoodrecall. Figure4 illustratesthis: while the anchor
runhasahighinitial successrate( [ � G [U� of entrypageswerefound
at rank1; \T\ G � � for content),thecontentrun in theendfindsmore
homepages(� % G � � foundin top 100; ] % G � � for anchors).

We alsoinvestigatedwhetherwe couldcombineURL andinlink
features.A simplemultiplication of priors (assumingconditional
and statisticalindependence)deterioratedresults. Another strat-
egy, baseson a reducednumberof classes,but without any inde-
pendenceassumptionsyielded a small gain w.r.t. the URL prior
run. We think that we could improve upon theseresults. With
more training datawe might be able to estimatethe joint condi-
tionalprobabilitiesof thetwo featuresin amoreaccurateway. The
fact that the trainingdatabasedinlink prior performedworsethan
theanalyticalprior (8) indicatedthatthenumberof binsis probably
too small. The small numberof bins might alsohave contributed
to thedisappointingresultsof thecombinationrunsthatusethein- 
Thecorrespondingcontentonly runonly returned22%of theen-

try pagesat rank1, and59%in thetop10.
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Figure4: Succesat N for content and anchor runs

link binningapproach.Wetestedthelatterhypothesis,by a further
refinementof the URL root category in 9 bins (basedon #inlinks
classes)insteadof 4 bins. This resultedin a further improvement
(MRR= 0.7832;72%at1; 89%in top10),confirmingourhypothe-
sis. We alsorerantheinlink run basedon 9 binsinsteadof 4 bins:
MRR 0.5064,which is even betterthanthe analyticalinlink prior.
It is thussafeto concludethat thenumberof classesis critical for
theperformanceof thetrainingdatabasedpriors.

8. CONCLUSIONS
Thereareseveralwebpagefeatureswhich canhelp to improve

the effectivenessof an entry pageretrieval system,i.e. the num-
ber of inlinks and the form of the URL. We have shown that an
IR systembasedon unigramlanguagemodelscan accommodate
thesetypesof informationin an almosttrivial way, by estimating
theposteriorprobabilityof a pagegiven its featuresandusingthis
probability asa prior in themodel. The URL form featureproved
to have thestrongestpredictive power, yielding over 70%of entry
pagesat rank 1, andup to 89% in the top 10. Initial experiments
with combiningbothfeaturesshoweda further improvement.The
performanceof thecombinedprior modelis highly sensitive to the
numberof modelparameterssincethetrainingcollectionwasvery
small(100topics).
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