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Abstract

TheWorld Wide Webprovidesawealthof datathatcan
be harnessedb helpimprove informationretrieval and
increasainderstandingf therelationshipbetweerdif-
ferententities. In mary caseswe are often interested
in determininghow similar two entitiesmaybeto each
other wherethe entitiesmay be piecesof text, descrip-
tionsof someobject,or eventhe preferencesf agroup
of people. In this work, we examineseveral instances
of this problem,and shav how they canbe addressed
by harnessinglatamining techniquesappliedto large
web-basedlatasets.Speci cally, we examinetheprob-
lemsof: (1) determiningthe similarity of shorttexts—
eventhosethatmaynot shareary termsin common(2)
learningsimilarity functionsfor semi-structuredatato
addresgaskssuchas recordlinkage betweenobjects,
and(3) measuringhe similarity betweenon-line com-
munitiesof usersaspartof a recommendatiosystem.
While we presentratherdifferenttechniquedor each
problem,we shov how measuringsimilarity between
entitiesin all thesedomainshasa directapplicationto
the overarchinggoal of improving information access
for usersof web-basedystems.

Intr oduction

Information nding is generallyconsideredhedominantac-
tivity on the World Wide Weh In orderto help users nd

informationthatis relevantto them,it is often necessaryo
understandhe degreeto which variousentitieson the web
aresimilar or relatedto eachother For example,in the case
of queriesto a web searchengine,it is often usefulto de-
terminehow similar one query may be to anotherin order
to potentially suggestelatedqueriesto a useror automat-
ically “broaden”the users querywith relatedtermsduring
retrieval to nd morerelevantdocumentsin othercontexts,
suchasE-commerceysersmaybelookingto nd thesame
item soldatdifferentvendorsonthewebin orderto docom-
parisonshopping. Thus, having a meansof automatically
determiningwhethertwo descriptionsof productssold by
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differentvendorsarein factreferringto the sametrue item
becomescritical elemenin helpingtheuserto comparehe
right information. And in social networking applications,
whereusersareseekingo nd otherswith similar interests,
thereis aneedto determinehow similar differentcommuni-
tiesof usersareto eachotherin orderto make recommenda-
tionsto usersasto whatothercommunitiegshey may nd of
interest. In all threecasesnentionedabove, having an ap-
propriatemeasuref similarity betweertherelevantdomain
entitiesis of paramountoncern.Fortunately the web also
providesarich sourceof datathatmaybeutilizedto address
theproblemof constructingappropriatesimilarity measures.

Herewe provide an overview of previous researchwork
aimed at the goal of constructingsimilarity measuredor
the domainsdescribedabore. We begin by describinga
robust methodfor measuringhe “semantic” similarity be-
tweenshorttexts (suchassearchenginequeries)evenwhen
the texts beingcomparednay not shareary termsin com-
mon (Sahami& Heilman 2006). We describehow web
searchenginesaredirectly harnessetb constructhis simi-
larity function.

We thenexaminethe useof machinelearningto produce
similarity functionsbetweensemi-structurediataelements
(representingbjects).We shav how by learningsuchfunc-
tionswe canaddresghetaskof adaptve recordlinkage,so
thatsufciently similar itemsmay be linked asreferringto
the sametrue underlyingobject. We also describean in-
stantiationof this problemin the context of nding similar
itemsfor comparisorshoppingon the web (Bilenko, Basu,
& Sahami2005).

Finally, we describealarge-scalempiricalcomparisorof
several similarity measuresisedas part of a recommenda-
tion systemin an on-line socialnetwork. Speci cally, we
considerthe problemof how to recommendcommunities
(usercreateddiscussiongroups)to membersof the Orkut
socialnetwork (www.orkut.com ) by determiningsimilarity
betweera users currentcommunitymembershipandother
communitiesthat the useris not yet a memberof (Spertus,
Sahamig& Buyukkokten2005).

Measuring Similarity of Short Text Snippets

In analyzingtext, there are mary situationsin which we
wish to determinehow similar two shorttext snippetsare.
For example,theremay be differentwaysto describesome



conceptor individual, suchas “United Nations Secretary-
General’and“Ko Annan”, and we would like to deter
mine that thereis a high degreeof semanticsimilarity be-
tweenthesetwo text snippets.Similarly, the snippets‘Al”
and“Arti cial Intelligence”arevery similar with regard to
their meaning,even thoughthey may not shareary actual
termsin common.

Directly applying traditional documentsimilarity mea-
sures,such as the widely usedcosinecoefcient (Salton,
Wong, & Yang1975;Salton& McGill 1983),to suchshort
text snippetoftenproducesnadequateesults however. In-
deed,in both the examplesgiven previously, applyingthe
cosinewould yield a similarity of O sinceeachgiven text
pair containsno commonterms. Evenin casesvheretwo
shippetsnayshareterms,they maybeusingthetermin dif-
ferentcontexts. Considerthe snippets‘graphical models”
and“graphicalinterface”. The rst usesgraphicalin refer
enceto graphstructuresvhereaghe secondusesthe term
to refer to graphicdisplays. Thus, while the cosinescore
betweerthesetwo snippetswould be 0.5 dueto the shared
lexical term “graphical”, at a semantidevel the useof this
sharedtermis not truly anindicationof similarity between
thesnippets.

To addresghis problem,we would lik e to have amethod
for measuringhesimilarity betweersuchshorttext snippets
that capturesmore of the semanticcontext of the snippets
ratherthansimply measuringheir term-wisesimilarity. To
helpusachiese this goal, we canleveragethe large volume
of document®n thewebto determinegreatercontext for a
shorttext snippet.By examiningdocumentshatcontainthe
text snippettermswe can discover other contectual terms
thathelpto provide agreatercontet for theoriginal snippet
and potentially resohe ambiguityin the useof termswith
multiple meanings.

Ourapproacho this problemis relatively simple,but sur
prisingly quite powerful. We simply treateachsnippetas
a queryto a web searchenginein orderto nd a number
of documentshatcontainthetermsin theoriginal snippets.
We then usethesereturneddocumentdo createa context
vectorfor the original snippet,wheresucha contet vector
containsmary wordsthattendto occurin contet with the
original snippet(i.e.,query)terms.Suchcontet vectorscan
now be muchmorerobustly comparedvith a measuresuch
asthecosineto determinghesimilarity betweertheoriginal
text snippets.

Formalizing the Approach
Presently we formalize our kernel function for semantic

similarity. Let x represent shorttext snippet. We com-
putethe queryexpansionof x, denotedQE(X), asfollows:

1. Issuex asa queryto asearchengineS,
2. Let R(X) bethesetof (atmost)n retrieved

3. Computethe TFIDF termvectory; for each
document; 2 R(X)
4. Truncateeachvectory; to its m highestweightedterms

Iwe notethatwhile thefocusof ourwork hereis shorttext snip-
pets,thereis notechnicalreasorwhy x musthave limited length.

5. Let C(q) bethecentroidof the L, normalized
vectorsv;:
C(a) = 7L i
6. Let QE(X) betheL, normalizedcentroidof C(q):

_ C(g
QE(X) = ik,

Note that we consider a TFIDF vector weighting
schemgSalton& Buckley 1988),wheretheweightw;;; as-
sociatedwith with termt; in documentd; is de ned to be
wi.j = tfi;j Iog(dﬂfi), wheret f;.j is thefrequeny of tj in dj,
N is thetotal numberof documentsn the corpus,anddf; is
thetotal numberof documentshatcontaint;. Clearly, other
weightingschemesrepossible but we chooseTFIDF here
sinceit is commonlyusedin thelR communityandwe have
foundit to empirically give goodresultsin building repre-
sentatve queryexpansions.

Giventhatwe have a meansfor computingthe queryex-
pansionfor a shorttext, it is a simple matterto de ne the
semantikernelfunctionK astheinnerproductof thequery
expansiondor two text snippets.More formally, giventwo
shorttext snippetsx andy, we de ne the semanticsimilarity
kernelbetweerthemas:

K(xy) = QE(X) QE(y):

We notethat K(x;y) is a valid kernel function, sinceit
is de ned asaninner productwith a boundednorm (given
thateachqueryexpansiorvectorhasnorm1.0),thusmaking
this similarity function applicablein ary kernel-basedna-
chinelearningalgorithm(Cristianini& Shave-Taylor 2000)
where(short)text datais beingprocessed.

Empirical Results

We have testedthis similarity measuren a broadrangeof
anecdotatestsandfound very goodresults. We give a few
suchexamplesbelow:

K(“UN Secretary-General’Ko Annan”) =0.825

K(“Google CEQ”, “Eric Schmidt”) =0.845
K(“GoogleFounder”,“Larry Page”) =0.770
K(“spaceexploration”, “NASA") =0.691
K(“GoogleFounder”,“Bill Gates”) =0.096
K(“WebPage”,“Larry Page”) =0.123

Herewe seethatourkernelfunctionis successfuhtdeter
mining the similarity betweerpairsof texts, capturingmore
of their semantiaelationship Also, thefunctionis effective
atgiving low scorego pairswhich semanticallydiffer, such
as“WebPage”and“Larry Page”.

We have also appliedthis similarity measureas a key
componenbf a querysuggestiorsystemfor a web search
engineand again seenpositive empiricalresults. We refer
the interestedreaderto the original paperon this approach
(Sahami& Heilman2006)for moreinformation.

Learning Similarity Functions
for Record Linkage

Turningour attentionto anotherimportantproblemin mea-
suring similarities, we considerthe record linkage task.



Recordlinkageis the problemof identifying whentwo (or
more) refeencesto an objectare describingthe sametrue
entity. For example,aninstanceof recordlinkagewould be
identifyingif two papercitations(which maybein different
stylesandformats)referto the sameactualpaper Address-
ing this problemis importantin anumberof domainswvhere
multiple users,organizations,or authorsmay describethe
sameitem usingvariedtextual descriptions.

Historically, oneof themostexaminedinstance®f record
linkageis determiningif two databaseecordsfor a person
arereferringto the sameindividual, which is animportant
datacleaningstepin applicationsfrom direct marketing to
suney responsée.g..theUS Census)Morerecentlyrecord
linkagehasfoundanumberof usesin the context of several
web applications,e.g., the abore-mentionedask of iden-
tifying papercitationsthat refer to the samepublicationis
animportantproblemin on-line systemdor scholarlypaper
searchessuchasCiteSeemandGoayle Sdolar.

Recordlinkageis alsoa key componenbf on-line com-
parisonshoppingsystems.Whenmary differentweb sites
sellthesameproduct,they provide differenttextual descrip-
tions of the product(which we referto as*“offers”). Thus,
a comparisorshoppingengineis facedwith the taskof de-
terminingwhich offersarereferringto the sametrue under
lying product. Solving this productnormalizationproblem
allows the comparisorshoppingengineto display multiple
offersfor the sameproductto a userwho is trying to deter
mine from which vendorto purchasehe product.

In sucha contet, the numberof vendorsandsheemum-
ber of products(with potentiallyvery differentcharacteris-
tics) make it very dif cult to manuallycraft a single sim-
ilarity function that can adequatelydetermineif two arbi-
trary offersarefor thesameproduct.Moreover, for different
catgoriesof productsdifferentsimilarity functionsmaybe
neededhatcapturethe potentiallydiversenotionsof equi-
alencefor eachcategory. Hence,an approachthat allows
learning similarity functions betweenoffers from training
databecomesiecessary

Furthermore,in mary record linkage tasks including
productnormalizationyecordso belinked containmultiple

elds (e.g.,productname,manugcturer price, etc.). Such
recordsmay eithercomein pre-structuredorm (e.g.,XML

or relationaldatabaseecords),or the elds may have been
extractedfrom an underlyingtextual description(Dooren-
bos,Etzioni, & Weld 1997). While it may be dif cult for a
domainexpertto specifya completesimilarity functionbe-
tweentwo records they are often quite capableof de ning

similarity functions betweenindividual record elds. For
example,it is relatively simpleto de ne the similarity be-
tween two prices as a function relatedto the inverse of
the differenceof the prices,or the differencebetweentwo
textual productdescriptionsasthe (well-known) cosinebe-
tweentheir vectorspacerepresentations hus,anappropri-
atelearnablesimilarity functionfor comparingrecordsamust
be ableto leveragemultiple basissimilarity functionsthat
captureindividual eld similarities.

Fortunately in the comparisorshoppingdomaina small
proportionof the incoming productoffers include the Uni-
versalProductCode(UPC)attribute which uniquelyidenti-

es products.This providesa sourceof supervisionthere-
fore aclassi cationapproacho thelinkageproblemin such
settingshecomedeasible.

Formalizing the Approach

Our proposedapproacho productnormalizations amodu-
lar framavork thatconsistf severalcomponentsaninitial
setof basisfunctionsto computesimilarity between elds
of recordsto belinked,alearningalgorithmfor trainingthe
parametersf acompositesimilarity function,and, nally , a
clustering-basetinkagestep.

In formulatingour approachye begin with a setof k ba-

functionsbetweenelds of recordsR; andR,. Wethenlearn
a linear combinationof thesebasisfunctionswith k corre-
spondingweightsa; andan additionalthresholdparameter
ap to createa compositesimilarity function, f :

K
f (RiR2) = a0+ & aifi(Ri;Ry)
i=1

Oncetrained,f canbeusedto producea similarity ma-
trix Sover all pairsof records.In turn, S canbe usedwith
ary similarity-basedclusteringalgorithm to identify clus-
ters,eachof which containsa setof recordswhich presum-
ably shouldbelinked. Then,we caninterpreteachclusteras
asetof recordsreferringto the sametrue underlyingitem.

Identifying co-referentrecordsrequiresclassifyingevery
candidatepair of recordsas belongingto the classof co-
referentpairsM or non-equvalentpairsU. Givensomedo-
mainDgr from which eachrecordis sampledandk similarity
functionsfi: Dr  Dr! R thatoperateon pairsof records,
we canproducea pair-spacevectorx; 2 R 1 for every pair
of records(R;;R;,): Xi = [1; fa(Ri;iR,); 5 (R R )1
The vectorincludesthe k valuesobtainedfrom basissim-
ilarity functionsconcatenatedavith a default attribute that
alwayshasvalue 1, which correspondso the thresholdpa-
rametero.

Any binaryclassi er thatproduceson dencescorescan
be employed to estimatethe overall similarity of a record
pair (R,;R;,) by classifyingthe correspondindeaturevec-
tor X; and treating classi cation con dence as similarity.
The classi er is typically trained using a corpus of la-
beleddatain the form of pairs of recordsthat are known
to be eitherco-referent((R;;;R,) 2 M) or non-equalent
(R;;R,) 2 U). To efciently train sucha classi er (and
also to allow for incrementalupdatesas more data be-
comesavailable),we employ the avelaged perception algo-
rithm (Collins 2002),a space-etient variationof thevoted
percepton algorithmproposedindanalyzedoy Freundand
Schapirg(Freund& Schapirel999).

After we have traineda compositesimilarity function f
to correctly predictwhethera pair of recordsis co-referent
usinglabeleddata,we cannow useit to determindinkages
within a setof m unlabeledrecords.To this end,we use f
to computeanm m similarity matrix S= fs;;;g between
all pairsof recordsconsideredor linkage whereeachs;;j =
f (R;Rj):;1 i;j m Armedwith this similarity matrix,
we facethesubsequerroblemof identifying groupsof co-
referentrecordsvia clustering.



Empirical Results

In our work, we comparethe linkage performanceof
threevariantsof the HierarchicalAgglomeratve Clustering
(HAC) algorithm: single-link,group-aerageandcomplete-
link (Jain,Murty, & Flynn1999)on a variety of productof-
fer datasetdérom the Froogle comparisorshoppingwebsite
(froogle.google.com ). For brevity, herewe presentan
evaluationof our approacton a singlerepresentatie dataset
of 4823productoffersfor digital cameras.

The datasetwas createdby collecting product offers
that containa UPC (Universal ProductCode) eld, which
uniquely identi es commercialproducts. While lessthan
10% of all dataincludesthe UPC values,they provide the
“goldenstandardabelsfor evaluatinglinkageaccurag. In
our experiments,the UPCswere only usedfor evaluation
purposeswhile in an actual elded productnormalization
systenthey canbeusedasa highly usefulattributefor com-
puting overall similarity (although,asdiscussedelow, our
resultsindicatethatUPCvaluesaloneshouldnot be usedas
the solelinkagecriteriondueto the presenc®f noise).

To evaluateour system precisionandrecallde ned over
pairsof co-referentecordsverecomputedaftereachmeige
stepin the clusteringprocess. Precisionis the fraction of
identi ed co-referentpairsthat are correct,while recall is
the fraction of co-referenfpairsthatwereidenti ed. While
traditional use of precision-recallcurves involves interpo-
lating several precisionpoints at standardrecall levels to
the highestvalue seenfor ary lower recall, we have found
thatsuchinterpolationmaygrosslymisrepresenthedynam-
ics of the clusteringprocess. Therefore,we report non-
interpolated(obsered) precisionvalues,averagedover 10
trials of 2 folds each.
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Figurel: Precision-recalturve for Digital Cameradata.

Our empirical results, seenin Figure 1, shav that the
group-aerageand complete-linkvariantsof HAC tend to
produce much better linkage results than the often used
single-link method. Moreover, additional experiments
(which have been omitted for brevity) showv that great
variability exists betweenthe similarity functionsthat are
learnedfor differentproductcateyories.Also, by examining
theerrorsreportedby our approactwe have foundtherather
surprisingresultthat (human)errorsexist in the labelingof
productoffers from vendors,as highly similar productof-
fers (which werein factfor the sameactualproduct)were

mistalenly given differentUPCsby vendors.Our approach
to learningthe similarity betweenoffers allows usto more
readilyidentify theseerrorsfor datacleaning.For morede-
tails onthis approachaswell asa morecomprehensie em-
pirical evaluation,we refer the readerto the original paper
onthiswork (Bilenko, Basu,& Sahami2005).

Comparing Similarity Functionsfor Making
Recommendationsgn On-line Communities

In addition to web searchand comparisonshopping,we
have also examinedthe use of similarity measuresn on-
line socialnetworks. Socialnetworking sitessuchasOrkut
(www.orkut.com ), Friendsterwww.friendster.com ), and
othershave quickly gainedin popularity as a meansfor
letting userswith commoninterestsnd and communicate
with eachother Unfortunately suchsocial networks, and
their correspondingommunitieg(discussiorgroups),have
grown so quickly that new usersof the systemnd it dif -
cultto nd thecommunitieghataretruly relevantto them.
For example, the Orkut social network alonealreadycon-
tainsover 1.5 million communities.A new userwould nd
it very dif cult to navigatethis spaceof communitiesnanu-
ally, andthusautomatednethod€o recommendgotentially
relevantcommunitiedo usersbecomenecessaty

While there are mary forms of recommendersys-
tems (Deshpande& Karypis 2004), we choosea method
akin to collaboratve ltering (Sarwar etal. 2001), where
similarity betweercommunitiess measure@safunctionof
thecommunities'overlapin membershigi.e.,thenumberof
commonmembersn two communities) How this similarity
functionis de ned hasa directbearingon the quality of the
recommendationsiadeto users.

Formalizing the Approach

To de ne similarity, we startwith the notion of a “base”
communityB, andseekto nd its potentially“related” com-
munitiesR;. In otherwords,we seekto measurdghe (possi-
bly asymmetrickimilarity of B to someothercommunityR.

Treatingacommunityassimply thesetof usersn thatcom-
munity, we canusestandardsetoperationgor probabilities
de ned over sets)to de ne our similarity measures.

Given a community S, we cande ne the probability of
drawing a users from the socialnetwork thathappengo be

amembeif SasP(s2 ) = J% whereN is thetotalnumber

of usersin thesocialnetwork?. Notethatwe simply assume
auniformdistribution with regardto drawving usersrom the
socialnetwork.

We considersix standardneasuresf similarity by which
to comparecommunities Thesemeasurearede nedin Ta-
ble 1. If we representommunitiesasvectorsof lengthN,
wheretheit" elements 1 if useri is amemberof the com-
munity andO otherwisewe canthenconsidergeometriano-
tionsof similarity betweerthesevectors suchasthel; and
L, normedvectoroverlap. Thesemeasurearepresentedis-
ing equivalentsettheoreticnotationin Tablel. We alsocon-

2For notationalcorvenience we refer to probabilitiessuchas
P(s2 9 assimply P(s) in therestof the paper



siderinformationtheoreticmeasuressuchas variationsof
PointwiseMutual Informationand Log Oddsratios (Caver
& Thomas1991). Finally we considera measurébasedon
InverseDocument~requeng (IDF) popularin the informa-
tion retrieval literature(Salton,Wong,& Yang1975).

Wedesignedinexperimento determingherelative value
of the recommendationproducedby eachsimilarity mea-
sure by interleaving the recommendation$rom different
pairsof similarity measureandtrackinguserclicks. Specif-
ically, we measuredhe ef cacy of differentsimilarity mea-
suresusing pairwise binomial sign testson click-through
dataratherthan usingtraditional supervisedearningmea-
suressuchas precision/recalbr accurag sincethereis no
“true” labeleddatafor this task(i.e., we do not know what
arethe correctcommunitieghatshouldberecommendetb
auser).Ratherwefocusednthetaskof determiningvhich
of thesimilarity measureperformsbestonarelative perfor
mancescalewith regardto acceptancéy users.

Whena userviewed a community page,we selectedan
orderedpair of similarity measureso compare.Let S and
T bethe orderedists of recommendationfor the two mea-

j§ = jTj. Therecommendationgeneratedisingeachmea-
sureare combinedby Joachims™CombinedRanking” al-
gorithm (Joachims2002),which interleavesthe top related
communitiessuggestedby the two similarity measuregre-
solving duplicatessuggestedy both measures)and pro-
videsamethodfor creditassignmento eachsimilarity mea-
surebasedn which of its resultsareactuallyclicked.

Wheneerauservisitedacommunity two measuresvere
choserandtheirrecommendationisiterleared,asdiscussed
abose. This was donein a deterministicmannerso that
a given useralways sav the samerecommendationfor a
givencommunity To minimizefeedbacleffects,we did not
regenerateecommendationafterthe experimentbegan.

A userwho views a basecommunityis eithera member
(denotedby “m”) or non-membe(denotedy “n”). In either
caserecommendationareshovn. Whenauserclicks ona
recommendatiortherearethreepossibilities:(1) theuseris
alreadya memberof the recommended@ommunity (“m”),
(2) the userjoins therecommendedommunity(“j”), or (3)
the uservisits but doesnot join the recommendedommu-
nity (“n”). Thecombinationof baseandrelatedcommunity
membershipsanbecombinedn six differentways. For ex-
ample“m! j” denotesa click wherea memberof the base
communityclicks on arecommendatioto anothercommu-
nity to which shedoesnot belongandjoins that commu-
nity. Traditionally analyse®f recommendesystemdocus
on“m! j”, oridentifying otheritemsa userwill like given
that they have a statedinterestin someinitial item. In a
similarvein,we judgedeachsimilarity measurdasednits
“m! j” performance.

Empirical Results

We analyzedall accessefom July 1, 2004to July 18,2004
of userswho joined Orkut during that period. The system
sened4,106,050communitypageswith recommendations,
which providesalower boundonthenumberof pageviews.
(Unfortunately we could not determinethe total numberof

pageviews dueto browser caching.) Therewere 901,466
clicks on recommendations}8% by membersof the base
community 52%by non-members.

We compareceachmeasurgairwiseagainstevery other
measureby analyzingclicks of their melgedrecommenda-
tions. If the click wason a recommendatiomanked higher
by measurd., thanmeasuré.1, for example ,we considered
it a“win” for L, andalossfor L;. If bothmeasuresanked
it equally theresultwasconsideredo beatie. We saythata
measuralominatesanotheiif, in their pairwisecomparison,
theformerhasmore“wins”. In ourinitial analysiswefound
that this de nition appliedto the click datayielded a total
order (to our surprise)amongthe six measuresas follows
(listed from bestto worstperformer): Ly, MI1, M12, IDF,
L1, LogOdds. Indeedthel, measureutperformeall other
measuresvith statisticalsigni cance(p < 0:01) usinga bi-
nomialsigntest(Lehmannl986). The detailedclick results
comparinghel, measuré¢o theother ve measuresarepre-
sentedin Table 2, which shavs the outcomeof all clicks,
with corversionsby members(“m! j”) and non-members
of thebasecommunity(“n! j”) brokenoutseparately

As part of the overall performanceof the recommenda-
tion systemwe alsode ned corversionrate asthe percent-
ageof non-membersvho clicked throughto a community
who thenjoinedit. The corversionratewasthreetimesas
high (54%) when the memberbelongedto the basecom-
munity (from which the recommendatiortame)than not
(17%). While this relative differenceis not surprising,the
largeabsolutenagnitudeof thecorversionrate(i.e.,theper
centageof peoplewho clicked on a recommendatiorand
endedup joining the recommendedommunity)shawvs the
ef cacy of recommendationasa meandor providing users
with relevantinformationin a socialnetwork setting. More
detailson this researchaswell asthe resultsof several ad-
ditional experiments are availablein the original paperon
thiswork (SpertusSahami& Buyukkokten2005).

Conclusions

In this paperwe have presenteceveral web-basedpplica-
tions wheremeasuringhe similarity betweendifferenten-
tities is an importantelementfor success.We have seen
thatthe large quantity of available on-line informationcan
be harnessetb help determinesimilaritiesbetweerentities
asdisparateaswords(shorttexts), objects(suchasproducts
offers), and communities(on-line discussiongroups). By
leveragingthis datain conjunctionwith the developmentof
novel machinelearningtechnologieswe canmalke signi -
cantimprovementsin a variety of domains,including help-
ing webusersnd morerelevantinformationwhile search-
ing the web, encagingin on-line comparisonshopping,or
participatingin a socialnetwork. In futurework, we seekto
nd additionalapplicationsfor the similarity measuresle-
ned hereandapply the methodologydevelopedfor learn-
ing similarity functionsin othercontexts.
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