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Abstract

It is known thatcontext wordstendto beself-
triggers, that is, the probability of a content
word to appearmorethanoncein a document,
given that it alreadyappearsonce, is signifi-
cantlyhigherthantheprobabilityof thefirstoc-
currence.We look at self-triggerabilityacross
hyperlinkson theWeb. We show thattheprob-
ability of a word ��� to appearin a Web docu-
ment 	�
 dependson thepresenceof ��� in doc-
umentspointing to 	
 . In DocumentModel-
ing,wewill proposetheuseof acorrectionfac-
tor, � , which indicateshow muchmorelikely
a word is to appearin a documentgiven that
anotherdocumentcontainingthesameword is
linkedto it.

1 Introduction

Giventhesizeof theWeb,it is intuitivelyveryhardto find
a given pageof interestby just following links. Classic
resultshaveshown however, thatthelink structureof the
Webis not random.Variousmodelshave beenproposed
including power law distributions (the “rich get richer”
model), and lexical models. In this paper, we will in-
vestigatehow the presenceof a given word in a given
Web document	 
 affectsthepresenceof thesameword
in documentslinked to 	 
 . We will usethetermCompu-
tational Linkuistics to describethestudyof hyperlinksfor
DocumentModelingandInformationRetrieval purposes.

1.1 Link structure of the Web

Randomgraphshave beenstudiedby Erdős andRényi
(ErdősandRényi, 1960). In a randomgraph,edgesare
addedsequentiallywith bothverticesof a new edgecho-
senrandomly.

Thediameter	 of theWeb(thatis, theaveragenumber
of links from any givenpagetoanother)hasbeenfoundto
beaconstant(approximately�����������������! #"�������$ , where is the numberof documentson the Web and $ is the

averagedocumentout-degree (i.e., the numberof pages
linkedfrom thedocument).This resultwasdescribedin
(Barab́asiandAlbert, 1999)andis basedon a corpusof
800M web pages).This estimateof 	 would entail that
in a randomgraphmodel,the sizeof the Web would be
approximately%'&)( which is 10 M times its actualsize.
Clearly, a randomgraphmodelis not anappropriatede-
scriptionof theWeb. Instead,it hasbeenshown thatdue
to preferential attachment (Barab́asi and Albert, 1999),
theout-degreedistributionfollowsapowerlaw. Thepref-
erentialmodelmakes it more likely that a new random
edgewill connecttwo verticesthat alreadyhave a high
degree. Specifically, the degreeof pagesis distributed
accordingto *#+-,.�/$�0�12�3"'$�4 , where 5 is a constant
strictly greaterthan0. (Notethis is differentfrom �6"6587 ,
the distribution of out-degreeon randomgraphs.) As a
result,randomwalkson theWebgraphsoonreachwell-
connectednodes.

1.2 Lexical structure of the Web

Davison (Davison, 2000) discussesthe topical locality
hypothesis, namelythatnew edgesaremorelikely to con-
nectpagesthataresemanticallyrelated.In Davison’sex-
periment,semanticand link distancesbetweenpairs of
pagesfrom a100K pagecorpuswerecomputed.Davison
describesresultsassociatingTF*IDF cosinesimilarity
(SaltonandMcGill, 1983)andlink hopdistance.He re-
portsthatthecosinesimilarity betweenpagesselectedat
randomfrom his corpusis 0.02whereasthatnumberin-
creasessignificantlyfor topologicallyrelatedpages:0.31
for pagesfrom the sameWeb domain,0.23 for linked
pages,and0.19for siblingpages(pagespointedto by the
samepage).

Menczer(Menczer, 2001) introducesthe link-content
conjecture statesthat the semanticcontent of a web
page can be inferred from the pagesthat point to it.
Menczerusesa corpusof 373 K pagesand employs a
non-linear least squaresfit to come up with a seman-
tic model connectingcosine-basedsemanticsimilarity9 +;: &6< :>=�0 and the link distance ?!+@: &6< :>=�0 betweentwo
pages: & and:>= (theshortestdirecteddistanceon thehy-



pertext graphfrom : & to :A= ). Menczerreportsthat 9 and? are connectedvia a power law: 9 +B?�0DC 9AEGF +)�IH9 E 0KJ�LNMO4QPSR TSUWV�X . 9 E representsnoiselevel in similarity.
Menczerreportsempirically determinedvaluesof the

parametersof thefit asfollows: 5 & �Y�'� � , 5Z=[��\�� ] , and9>E �^\�� \'_ .
Menczer’s resultsfurther confirm Davison’s observa-

tions that pagesadjacentin hyperlink spaceto a given
pagearesemanticallyconnected.

Our ideahasbeento investigatethecircumstancesun-
der which the semanticsimilarity betweenlinked pages
canbe explainedin termsof the presenceof individual
wordsacrosslinks.

1.3 Document modeling

In thecomputationallinguisticsandspeechcommunities,
thenotionof a language model is usedto describeaprob-
ability distribution over words. Sincea clusterof docu-
mentscontainsasubsetof anentirelanguage,adocument
modelis a specialcaseof a languagemodel. As such,it
canbeexpressedasaconditionalprobabilitydistribution
indicatinghow likely a word is to appearin a document
given somecontext (e.g., other similar documents,the
topic of the document,etc.). Languagemodelsareused
in speechrecognition(ChenandGoodman,1996),docu-
mentindexing (BooksteinandSwanson,1974;Croft and
Harper, 1979)andinformationretrieval (PonteandCroft,
1998).

Documentmodelsareaspecialclassof languagemod-
els. Onepropertyof documentmodelsis that they can
beusedto predictsomelexical propertiesof textual doc-
uments,e.g.,the frequency of a certainword. Mosteller
and Wallace (Mosteller and Wallace,1984) discovered
thatcontentwordsare”bursty” - theappearanceof acon-
tent word significantly increasesthe probability that the
word would appearagain. Churchand his colleagues
(Churchand Gale, 1995; Church,2000) describedoc-
umentmodelsbasedon the distribution of the frequen-
ciesof individualwordsover largedocumentcollections.
In (ChurchandGale,1995),ChurchandGalecompare
documentmodelsbasedon the Poissondistribution, the
2-Poissondistribution (Booksteinand Swanson,1974),
as well as genericPoissonmixtures. A Poissonmix-
ture is describedby *#+N`O0a�cb Edfe +Ng0ihj+Ng < `A0)	'g , where

hj+Ng < $�0kCmlSn�oqpqr7�s for a given integer non-negative value
of ` .

ChurchandGaleempirically show that Poissonmix-
turesarea moreaccuratemodel for describingthe dis-
tribution of words in documentswithin a corpus. They
obtainthebestfits with theNegativeBinomialmodeland
the K-mixture (both specialcasesof Poissonmixtures)
(ChurchandGale,1995).In theNegativeBinomialcase,

e +Ng�0t� pquvn P l n owx uvy L{z|X (which is the Gammadistribution)

whereasin theK-mixture, e +�g�0��}+K�|H~580K?!+�g�0 F 4� J M o� ,
where ?!+N`O0 is Dirac’sdeltafunction.

Our study focuseson modeling acrosshyperlinks.
Documentslinked acrossthe web are often written by
peoplewith different backgroundsand languageusage
pattern.
1.4 Link-based document models

In Churchetal.’sexperiments,thedocumentsbeingmod-
eleddonothavehyperlinksbetweenthem.Whenmodel-
ing hyperlinkedcorpora,it is importantto decomposethe
documentmodel into link-free and link-dependent com-
ponents.The link-free componentpredictstheprobabil-
ity of a word � appearingin a document� regardless
of the documentsthat point to � . The link-dependent
part makes use of a particular incarnationof the link-
content conjecture,namely micro link-content depen-
dency (MLD), whichwe will proposein thispaper.
1.5 Our framework

In traditionalInformationRetrieval, themainobjectthat
is represented,and searched,is the document. In our
setup,we will be looking at the hyperlink betweentwo
documentsas the main object to retrieve. If a page: 

pointsto page: � via link � 7 , thenwe will consider� 7 as
theobjectto index andthetwo pagesthat it links asfea-
turesdescribingthelink.

For ourexperiments,weusedthe2-Gigabytewt2g cor-
pus(Hawking, 2002)whichcontains247,491Webdocu-
mentsconnectedwith 3,118,248links. Thesedocuments
contain948,036uniquewords (after Porter-style stem-
ming).

2 A link-based document model

It is well known thatthedistributionsof wordsin text de-
pendon many factorssuchasgenre,topic, author, etc.
Certainwordswith high contenthasbeenfoundto ”trig-
ger” otherwordsto appear. Interestingly, thehyperlinks
which connectthe text on the Web may also affect the
word distributionsin thehypertext. For example,if page:>
 that containseducation points to page :�� , then we
would expecta higherprobabilityof seeingeducation in
page:!� thanin a randompage.This experimentwasde-
signedto discover how thelinks betweenpagescantrig-
gerwordsandchangetheword distributions.

For eachstemmedword in wt2g, we computethefol-
lowing numbers:

PagesContainingWord = how many pagesin the col-
lectioncontaintheword.

OutgoingLinks= thetotalnumberof outgoinglinks in
all thepagesthatcontaintheword.

LinkedPagesContainingWord = how many of the
linkedpagescontaintheword.

For the latter two measures,only the links inside the
collectionwereconsidered.



The probability of a word � appearingin a random
page:>
 is computedas

:��W��
��)����:v+�����:A
B0j� *����QJ6�3���3���K��-�����O�����3�6	� �3�K�Q��*����!J6� <
whereTotal Pages= 247,491.If :>
 containstheword� andpointsto anew page:>= , thentheprobabilityof the

word � appearingin :A= is computedas

:�������� l ��
��)����:v+�����:A=�� :>
��2:A=�������:A
B0
� � ����$!J3	�*����!J3�3���3���K��������O�!���3�6	¡£¢ ���Q�3���O� � ����$��

For instance,in thewt2gcorpusthereare55,654pages
that containthe word each, andthesepageshave a total
of 46,163links pointing to the pagesin the collection,
15,815of which have theword each. Therefore,its prior
probabilityis ¤�¤S¥S¤)¦= ¦q§)¦ (�& �¨��©'©�� , andits posteriorprobability
is & ¤�ª & ¤¦q¥ & ¥S« ��� _�¬_ .

We are interestedin the ratio of posteriorover prior
probabilityfor eachstemmedwordandwould like to see
if thereis any interestingrelationshipbetweenthis ratio
andotherlinguistic features.

We will look at the ratio ��/:��W�S��� l �S
��)�3"q:!�W�S
®��� (the
link effect) which describeshow much more likely a
linked pageis to containa given word than a random
page.

IDF (InverseDocumentFrequency) valuesbasedon
thewt2gcorpusarealsocomputed.We computeIDF us-
ing theformula �i	�¯8+��[0��°HD±®²'³ = +K�[H�J6´®µ'L{¶�XB·�¸�´�0 , where	i¯8+N�[0 is the documentfrequency (fraction of all docu-
mentscontaining� ) and �¹	 is thenumberof documents
in thecollection.

2.1 Results and Discussion

Table1 shows thedifferentmeasuresfor the2000words
with lowestIDF. Eachline shows theaveragevaluesona
chunkof 100words.

As onecanseein thetable,theposteriorprobabilities
arealwayshigher than the prior probabilities. Hypoth-
esistestingshows that the differencebetweenprior and
posterioris statisticallysignificant,whichverifiesouras-
sumption.It is noticeablethatthelink effecthasthesame
trend as the IDF values. The correlationcoefficient of
thesetwo columnsis 0.7112.It is customaryto useIDF
asan indicatorof words’ content.Low IDF usuallyim-
plies a low contentvalue. We would like to investigate
whetherlink effect canbe usedinsteadof IDF for cer-
tain IR tasks. Let’s considerthe samplewordsbetween
andamerican on table1. Intuitively, american hasmore
contentthan between, but the later hasan IDF of 2.37,
higherthanthatof theformer(2.36).However, their link
effectsagreewith intuition: american: 1.97,onestandard
deviationhigherthanbetween: 1.40.

Table 2 comparesthe link effects for two rangesof
samplewordswith roughly the sameIDF valueswithin
eachrange.It showsthewordsin theorderof IDF andof
Link Effect ( � ). As onecansee,the link effect tendsto
be high for contentwordswhenIDF valuealonecannot
discriminatethewords.

º)»v¼[½¿¾SÀ Á º)»�¼£½�ÂSÀ Á
sortedby sortedby sortedby sortedby

IDF link effect Ã IDF link effect Ã
word IDF word Ã word IDF word Ã
human 2.981 close 1.675 centuri 3.988 extend 2.085
accord 2.983 among 1.770 interact 3.990 beyond 2.477
perform 2.984 further 1.796 introduct 3.993 front 2.606
close 2.985 expect 1.864 front 3.994 centuri 2.713
press 2.992 accord 1.922 travel 3.997 elimin 2.753
applic 2.992 assist 1.962 elimin 4.009 damag 2.757
expect 2.997 human 2.093 opinion 4.013 introduct 2.843
among 2.998 perform 2.095 damag 4.017 opinion 2.984
assist 3.004 applic 2.203 beyond 4.019 travel 3.491
further 3.011 press 2.388 extend 4.021 interact 3.527

Table2: IDF vs. link effectR

Figure1 describesalinearfit of � overthe2000words
with thelowestIDF in ourcorpus.A verycleartrendcan
beobserved,wherebyovermostwords,thevalueof � is
almosta constant.Whenwe lookedonly at the top 100
or 200words,thetrendwasevencleaner. However, with
2000wordsonecannothelpbut noticethata numberof
outliersappearin theleft handpartof thefigure.Werana
K-Meansc (with K=2) to identify two clustersof words.
Theclustererstoppedafter32 iterationsafter identifying
thetwo clusters(Figures2 and3), eachwith a very clear
trend.Their meansare1.86and3.57,respectively.
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Figure1: Linear fit for 2000lowest-IDFwords. The X
axis representsthe prior probability : while the Y axis
correspondsto theposteriorprobability :>Ä .

3 Conclusion

In thispaperwediscussedsomepropertiesof hyperlinked
Web documents. We showed that the probability of a
word � � to appearin a Webdocument	 
 dependson the
presenceof � � in documentspointingto 	 
 .



Words Prior Posterior IDF link effect R Sample words
1-100 0.4047 0.5293 1.6761 1.3639 the,of, make,and

101-200 0.2141 0.3574 2.3803 1.6745 under, go,between,amlusterererican
201-300 0.1688 0.3209 2.6896 1.9047 market, subject,special,mean
301-400 0.1386 0.2876 2.9513 2.0750 administr, put,establish,ask
401-500 0.1192 0.2588 3.1548 2.1750 understand,social,hand,share
501-600 0.1046 0.2426 3.3326 2.3179 prevent,staff, risk, north
601-700 0.0934 0.2246 3.4879 2.4085 trade,class,size,california
701-800 0.0839 0.2201 3.6354 2.6233 global,drug,letter, softwar
801-900 0.0752 0.2004 3.7884 2.6668 sound,tool, monitor, transport
901-1000 0.0669 0.2024 3.9499 3.0200 permit,target,east,normal
1001-1100 0.0605 0.1823 4.0909 3.0149 approxim,telephon,danger, europ
1101-1200 0.0548 0.1710 4.2292 3.1213 favor, richard,map,pictur
1201-1300 0.0498 0.1752 4.3635 3.5210 professor, earth,english,republican
1301-1400 0.0454 0.1652 4.4934 3.6366 medicin,doctor, church,color
1401-1500 0.0416 0.1630 4.6166 3.9224 permiss,agenda,programm,prioriti

... ... ... ...
100001-100100 0.0000 0.0642 12.4774 363.7331 sinker, surmont,thong,undergrowth
500001-500100 0.0000 0.0215 16.9270 2658.9231 scheflin,schena,schendel,scheriff

Table1: Somemeasurementsover 20 setsof 100wordsamongthe2000lowest-IDFwordsplus2 setsof 100words
amongthewordsof higherIDF
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Figure2: Linear fit for Cluster1, which containsmany
low-IDF wordssuchasby, with, from, etc.
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Figure3: Linear Fit for Cluster2. Samplewords from
this clusterarephoto, dream, path, etc.
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