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Abstract

Hierarchieshavebeenusedfor organization,summarization,andaccessto information,yeta lin-
geringissueis how bestto constructthem. In this paper, our goal is to automaticallycreatedomain
specifichierarchiesthatcanbeusedfor browsinga documentsetandlocatingrelevantdocuments.
We examinemethodsof automaticallygeneratinghierarchiesandevaluatingthem. To this end,we
compareandcontrasttwo methodsof generatingtopic hierarchiesfrom thetext of documents:one,
subsumptionhierarchies,usessubsumptionrelationsfoundwithin documentsets,andtheother, lex-
ical hierarchies,utilizesfrequentlyusedwordswithin phrases.Our evaluationshows thatsubsump-
tion hierarchiesdivide documentsinto smallergroups,allowing oneto find all relevantdocuments
without looking at asmany non-relevantdocuments.However, suchhierarchiesaremorelikely to
containno pathto a relevantdocument.

1 Introduction
Hierarchiesareanintuitivewayto describeinformation.Onecanfind organizationalsystemsthatutilize
hierarchiesin the Library of Congress,Yahoo,andthe personalfile cabinet. They have beenusedas
a tool for classification,as in the field of Biology. They arealso the structuralbasisof newspapers.
Becausepeoplefind themeasyto understand,finding waysto automaticallygeneratehierarchieswould
beadvantageous,sincesuchhierarchiescanbeusedfor summarizingandbrowsinglargedocumentsets.

Currently most hierarchiesare createdmanually. Becauseso much work goesinto their generation,
hierarchiesareverygeneralin orderto meettheneedsof a largenumberof users.Let usbriefly consider
an individual with interestsin gold mining, who usesYahoo! (YAHOO), a typical general-purpose
hierarchy. Therearetwo main locationsin the hierarchywhereinterestingdocumentsmight be found
“Home � Recreation� Hobbies� Rocks,Gems,andMinerals � Prospecting”and“Home � Business
andEconomy � Companies� Mining andMineral Exploration � PreciousMetalsandDiamonds �
Gold”. Theformeris furtherclassifiedinto OrganizationsandEquipment.Thelatteris furtherclassified
into Organizations;however, thereare 98 documentsunder“Gold”, and only a short description,if
that, to distinguishthem. As a generalhierarchy, Yahoo! cannotafford to spenda disproportionate
amountof resourceson organizinggold mining becausethatwould meananothertopic would have to
beneglected.Fromtheuser’s point of view, however, furtherclassificationwould improve information
search.Automaticallygeneratingthehierarchyfrom the“gold mining” documentsis onesolutionto this
problem.

Generatinghierarchiesis not a new goal for information retrieval, and therehave beenpastattempts
usingautomatictechniques.Oneexampleis Crouch(1988), which automaticallygeneratesthesauri;
however, thegeneratedthesauruswasnot “humanusable”.Anotherexampleis Scatter/Gather(Cutting
et al., 1992)in which clusteringis usedto createdocumenthierarchies.However, becauseof thenature
of clustering,fully explainingthecontentsof eachlevel in thehierarchyis difficult.

Recently, new typesof hierarchieshavebeenintroducedthatrely onthetermsusedby asetof documents
to exposesomestructureof thedocumentcollection.Onesuchtechniqueis lexical modification(Nevill-
Manninget al., 1999;Anick & Tipirneni, 1999;Anick, 1999)andanotheris subsumption,(Sanderson



& Croft, 1999).Thesetwo techniquesarepromisingbecausethey give fairly completesummariesof the
documentset.However, thetwo methodsuseverydifferenttechniquesto createthehierarchies.Lexical
modificationreliesonphraseswithin adocument,andcreatesahierarchyby usingfrequentlyusedterms
within thephrasesasparents.Thefull phrasesaretreatedaschildren.Subsumptionlooksat bothwords
andphrasesin thedocumentset.It determinestheprobabilitythatonetermco-occurswith another. If a
termnormallyoccurswith anotherterm,thenthelattertermsubsumestheformerterm.

Thesetechniqueswork well for fairly homogeneoussetsof documents,yet arelesseffective for larger
documentsets. This is especiallytrue for lexical modificationbecausethe numberof key termscan
be immense.By choosingany mostfrequentsubset,importantrelationshipscanbe left out. However,
whenthedocumentsetis morehomogeneous,this becomeslessof a problem.Subsumptionfindsmore
subsumingrelationsin homogeneousgroupsof documents.This is probablybecausetermsaremore
likely to beusedin thesamewaywithin similardocuments.

Clusteringhaslong beenusedto groupdocuments.In this paper, we investigatetheuseof clusteringto
improve hierarchiesconstructedwith subsumptionandlexical relationships.

Anotherfocusof thispaperis to addresstheissueof evaluation.As previouswork hasshown, evaluating
suchhierarchiesis a challengingtask(Sanderson& Croft, 1999). Although hierarchiesaredesigned
to beusedby people,userstudiesgenerallygive ambiguousresults.Alternative methodsof evaluation
would bevery useful. In this paper, we developtwo metricsof evaluation.Thefirst measuresthespeed
with which relevant documentscanbe found, and the other quantifiesthe similarity amongdifferent
techniquesof generatinghierarchies.

In thenext sectionwediscusspreviouswork onclusteringtechniquesandtopichierarchies.In Section3,
anexampleis givenof how topic hierarchiescouldbeusedto find relevantdocuments.In Section4, the
creationof thehierarchiesis explained.Our evaluationmethodsarediscussedin Section5, andresults
aregivenin Section6.

2 Background
2.1 Clustering methodologies
Clusteringis amethodof organizationthathasbeenpracticedfor many yearsandappliedto many fields.
Within thefield of informationretrieval, two typesof clusteringhave beendeveloped:theclusteringof
documentsandthe clusteringof terms. Documentclustersarecreatedon the basisof commonterms
amongthedocuments.Termclustersarebasedonthedocumentsin whichthey co-occur(Willett, 1988).
Clusteringhasbeenusedwithin two different environments—browsing and retrieval. Scatter/Gather
(Cuttingetal., 1992)is anexampleof usingdocumentclusteringfor browsingwhereusersarepresented
with clustersin orderto locaterelevant documents.Documentclustershave beenusedfor retrieval in
theSMART environment(Salton& McGill, 1983),wherequeriesarefirst comparedto documentcluster
centroidsandthenwith theindividual documentsof theclusterswhosecentroidsimilarity is sufficiently
large. SparckJones(1971)andCrouch,Crouch,& Nareddy(1990)areexamplesof usingtermclusters
for retrieval. SparckJones(1971)usesterm clustersto find similaritiesamongkeywords in order to
identify termsthatcouldbesubstitutedin aquery. In Crouch,Crouch,& Nareddy(1990)documentsare
first clusteredusingthecontenttermvector, a vectorof thetermsin theoriginal query. Theclusterthat
is mostsimilar to thecontenttermvectoris usedto extendthequerywith non-content-termsub-vectors
from thedocumentsin theselectedcluster.

In thispaperwe usedocumentclusteringto createmorehomogeneousgroupsof documents.Two types
of documentclusteringhave beenexplored: non-hierarchicandhierarchic. Non-hierarchicclustering
methodspartitionadocumentsetinto groupswheresimilardocumentsarefoundin thesameclusterand
areseparatedfrom dissimilardocuments.Theonly way to beassuredof achieving anoptimalpartition
in the non-hierarchicinstanceis to compareall possiblepartitionsandchoosethe best. Becausethis



taskis infeasiblefor any realisticdocumentset,heuristicshavebeendevelopedthatproducesub-optimal
partitions. Generallythis is doneby partitioninga setof N objectsinto C clusterswhile minimizing
the total within-clustersumof squaresfor eachcluster. Oneexampleof this techniqueis thek-means
algorithm(Jain& Dubes,1988).Hierarchicclusteringmethodsincrementallydivideor combineclusters.
This createssmall clustersof very similar documentswithin larger clusters.Onemethodis hierarchic
agglomerative clustering,wheredocumentclustersbegin assingletonclustersandjoin in N-1 operations
to form a singlecluster(vanRijsbergen,1979).

2.2 Use of hierarchies for browsing
As in clustering,hierarchiescanbe createdthataredocumentorientedor termoriented.A document-
orientedhierarchyis one in which the documentsaredivided at eachlevel in the hierarchy. A term-
orientedhierarchyusestermswithin the documentsto form a hierarchicalstructure. Documentsare
attachedto nodesin somepredeterminedfashion.

Documentclusterssuchasthosecreatedusingagglomerative clusteringhave beenusedto try to com-
municateinformationaboutdocumentsets. Scatter/Gather(Cutting et al., 1992) is onesuchexample
whereuserssearchfor relevant documentsby selectingmultiple high level clusters. At eachlevel in
the hierarchy, fewer documentsremainto be re-clustered.The problemwith this approachis that the
polythetic clustersusedhave, by definition, many termsin commonbut no specificterm is required
for membership.Becauseof this, it is difficult to communicatethecontentsof a cluster. For example,
in Cutting et al. (1992) threeclustersareidentified: oneaboutthe Gulf War, oneaboutoil salesand
stockmarkets,anda third aboutEastandWestGermany. Whenthesethreeclustersarere-clustered,it
is revealedthatsomewherewithin oneof theseclustersaredocumentsaboutPakistan,Trinidad,South
Africa, andLiberia.

Term-orientedhierarchieshave beenmuchmorecommonandmake up a largeportionof themanually
createdhierarchiessuchasMeSH (Medical SubjectHeadings)andYahoo!. Oneareaof researchhas
beenfinding waysto automaticallyindex documentsoncethehierarchiesarecreated.Examplesof such
work includeKoller & Sahami(1997)andFuhr et al. (1993). Koller & Sahami(1997)usesBayesian
classifiersto classifydocumentsunderpre-existing topicsin thehierarchy. Fuhretal. (1993)determines
thetermsthatshouldbeusedto index adocument.

A drawback of using predefinedhierarchiesis that they are not adaptableto varying interestsor to
changesin the documentcollection. It would be of greatvalueto develop a way to createhierarchies
that would both fully communicateto peoplethe contentsof a documentset, andnot be predefined.
Term-orientedhierarchiesseembettersuitedto this task.

2.3 Subsumption Hierarchies
Oneway to createa hierarchyof termsis usingthenotionof subsumption.Given a setof documents,
sometermswill frequentlyoccuramongthedocuments,while otherswill only occurin afew documents.
Someof the frequentlyoccurringtermswill be onesthat provide a lot of informationaboutthe topics
within the documents.In fact, therearesometermsthat broadlydefinethe topics,andothersthat co-
occurwith a generaltermandexplain aspectsof a topic. Subsumptionattemptsto harnessthepower of
thesewords.

A subsumptionhierarchyasdescribedin Sanderson& Croft (1999)hasthefollowing characteristics:

� ameansof associatingtermssothatit reflectsthetopicscoveredwithin thedocuments,

� within theassociation,aparenttermis moregeneralthanits child,

� a termsubsumesall of its descendentssothattransitivity holds,



A � B (pcfgs)
B � probabilisticC
C � D grammars
D � context free

Figure1: Productionrulesfor “probabilisticcontext freegrammars(pcfgs)”.

� achild mayhave morethanoneparent.

Thesecharacteristicsareachievedby definingsubsumptionas
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(1)

Thusx subsumesy if thedocumentsin which y occursarea subsetor nearlya subsetof thedocuments
in whichx occurs.Thesecondrule ensuresthatif bothtermsoccurtogethermorethan80%of thetime,
themostfrequentlyoccurringtermwill bechosenastheparent.If thetermsco-occurexactly thesame
numberof times,thetwo termsarecombinedinto asingleunit.

Onceonehasdefinedanotionof subsumption,thecandidatetermsmustbeselected.Sanderson& Croft
(1999)intendedsubsumptionhierarchiesto beusedafterretrieving documentsusingaquery. In thiscase,
termscanbeselectedfrom boththedocumentandthequery. Querytermsandtermsfrom anautomatic
expansionareavery goodway to focusthehierarchyin thissituation,sincethey describetheinterestof
theuser. Local Context Analysis(LCA)(Xu & Croft, 1996)is usedfor automaticexpansion.Document
termsare selectedby comparinga term’s frequency of occurrencein the set of retrieved documents
with its occurrencein thecollectionasa whole. Termsthatare‘unusuallyfrequent’in theretrievedset
comparedto their frequency in the collectionareselected.This list of termsis sortedbasedon score,
andthetop N termsaredesignatedfor usein thesubsumptionhierarchy. Subsumptionrelationshipsare
foundusingO(��� ) comparisons.Finally, extraneousrelationshipsareremoved.Becauseof thetransitive
natureof subsumption,therewill besometermswherea subsumesb, a subsumesc, andb subsumesc.
Therelationa subsumesc canbeeliminatedbecauseit is redundant.Relationsarealsoeliminatedif the
termsco-occurtogetherin two or fewerdocuments.

2.4 Lexical Hierarchies
Anotherwayto createahierarchyis by usingthehierarchicalstructureof phrasesthatappearfrequently.
Creatingsucha hierarchyhasbeenexploredby many peopleincluding Nevill-Manning et al. (1999)
andAnick & Tipirneni (1999).Bothof thesecasesrely on frequentlyoccurringwordswithin phrasesor
nouncompoundsof adocumentsetto exposethetopicsof thatdocumentset.Anick & Tipirneni (1999)
introducesthe lexical dispersionhypothesiswhich statesthat“a word’s lexical dispersion– thenumber
of differentcompoundsthatawordappearsin within agivendocumentset– canbeusedasadiagnostic
for automaticallyidentifying key conceptsof thatdocumentset.”

Therearemany waysof selectingthe phrasesthat will be usedfor candidatesin the lexical hierarchy.
Nevill-Manning et al. (1999)breaksall sequencesinto hierarchiesin suchaway thateachbranchrefers
to a rule in a context free grammar. The highestlevel of the sequencegeneratesthe entiresequence,
which consistsof uniquesequencesin the sentenceand other rules that must occur at leasttwice in
the collection. For example,if the phrase“probabilistic context free grammars(pcfgs)” appearedas
a sequence,the rulesto generatethis sequenceappearin Figure1. In this case,A is the highestlevel
sequenceand“(pcfgs)” is theuniqueportionof therule. For thecorpusthatwastestedin Nevill-Manning
etal. (1999),sequencesaveraged9.6non-terminals.

1Thethreshold0.8wasdeterminedempirically.



Figure2: Subsumptionhierarchygeneratedfrom first clusterof documentsfor TREC topic 317. The
first of the two numbersassociatedwith a term is thenumberof documentsin which the term occurs.
Thesecondnumbergivesthefrequency thatthetermis subsumedby its parent.

Anotherway to locatesequencesis to matchthe pattern � ?adjectivenoun+ of two to four termsin
length,aswasdonein Anick & Tipirneni (1999).

Oncethephrasesarechosen,they aredividedinto groupsbasedon thetermsthatappearin thephrases.
Thelexical dispersionof eachtermcanthenbecalculated.Anick & Tipirneni (1999)studiedtheeffects
of rankingthecandidatetermsbasedonlexical dispersionandfoundthatin orderto studythedispersion
of a termthroughoutthedocumentcollection,it is alsonecessaryto examinethenumberof documents
that involve phrasesusing a particularterm. Otherwise,a long documentthat usesthe term a large
numberof timescouldmake that termseemlike a muchbettercandidatethanit actuallyis. As a rule,
Anick & Tipirneni (1999)rankedtermsbasedon thenumberof documentsthatcontributedat leastone
phraseif thedispersionlevel exceededfivephrases.Theremainderwererankedby dispersion.

3 Comparing topic hierarchies based on a single query
Sincewe would like to usehierarchiesto find relevant documents,we comparetopic hierarchiesasa
demonstrationof how they would beused.However, we realizethatauserstudyis requiredto show the
extent to which thesetypesof hierarchiescanbe usedto find relevant documents.The following is a
proofof concept.

In this illustration,we will comparethehierarchiesgeneratedfrom documentsretrieved for theTREC
query(Voorhees& Harman,1997)317: “UnsolicitedFaxesDescription:Have regulationsbeenpassed
by theFCCbanningjunk facsimile(fax)? If so,arethey effective?”. Thereasonthis particularexample
is chosenis that articlesusing the phrase“junk fax” are an easyindication of someof the relevant
documents.Five hundreddocumentswereretrieved for this query. They werethenclusteredto create
morehomogeneousdocumentgroups.Figure2 shows asubsumptionhierarchy. In orderto find relevant
documents,onecanfollow a pathfrom “f ax” to “f ax machine”to “junk fax”. For the samegroupof
documents,Figure3 shows a lexical hierarchy. Onewouldexpectto follow thepath“f ax” to “junk fax”
in orderto find relevantdocuments.Unfortunately, thelevel underneath“f ax” doesnotcontainthephrase
“junk fax”. It turnsout thatthis is dueto thewaythatphrasesarerankedin thelexical hierarchy. Priority
is givento phraseswith high dispersion.Since“junk fax” is not partof any largerphrase,it only hasa



Figure3: Lexical hierarchygeneratedfrom first clusterof documentsfor TRECtopic317. In thelexical
hierarchythe first numberassociatedwith a term is also the numberof documentsin which the term
appears.The secondnumberis always1.00becausea child cannotoccurwithout its parentsincethe
parenttermis partof thechild.

dispersionlevel of one.Anotherproblemis thatphrasesof thesamedispersionlevel arerankedin order
of thenumberof documentsin which they appear. Thephrase“junk fax” appearsin only six documents,
giving it a rankof thirty. It is, therefore,too low in therankingto bedisplayed.

In thesecondclusterwheredocumentsrelatingto theCaliforniaStateLegislaturearegrouped,finding
relevant documentsis not asstraightforward. Figure4 shows a secondsubsumptionhierarchy. The
top level hasonly two choices.Sincewe aretrying to find relevant documentsasquickly aspossible
with humanintuition, “f acsimile” is chosenover “D Los Angeles,Sen,SB2”. At the secondlevel, the
choicesare“Sen,SB” and“misdemeanor”.Neitherseemsto bea likely candidate,but giventhat there
areonly two choices,bothcanbeexploredquickly. As it turnsout “Sen,SB” leadsto “JunkFax”, which

2This clustercontainedarticlesrelatingto SenateBills (SB) in theCaliforniaStateLegislature.Within articlesthat talked
abouta bill sponsoredby aDemocratic(D) Senator(Sen)from Los Angeleswereonesthatdiscusseda voteon junk faxes.

Figure4: Subsumptionhierarchygeneratedfrom secondclusterof documentsfor TRECtopic 317.



Figure5: Lexical hierarchygeneratedfrom secondclusterof documentsfor TRECtopic 317.

meansthatrelevantdocumentshave beenfound. Figure5 shows a hierarchygeneratedfrom thelexical
algorithmusingthesamedocumentset.In this case,thehardchoiceis thefirst one.However, someone
interestedin junk faxeswould probablythink that“advertise” is a promisingcandidatesincejunk faxes
arein factadvertisements,eventhoughthey did not think of usingthatword whenphrasingtheir query.
Once“advertise”is chosen,“JunkFaxAdvertisements”appears,andrelevantdocumentsarefound.

4 Creation of Hierarchies
In orderto createa hierarchy, several stepsmustbe taken. First, the documentsetof interestmustbe
identified.This doesnot necessarilyhave to bea retrieveddocumentset. Instead,it couldbea personal
collectionof papersor even email. Thesedocumentsareclusteredto provide homogeneousdocument
setsfrom which topichierarchiescanbemade.Candidatetermsarethenselected.Finally, ahierarchyis
createdthatcanbebrowsedby people.

4.1 Clustering
Wechoseto usetwo differentclusteringalgorithmsin orderto determinetheeffectivenessof clustering
documentsbeforecreatingthe hierarchy, andalso to seeif the type of clusteringusedhadany effect
on thehierarchiescreated.Thetwo algorithmswe chosewerea modifiedk-meansandanaverage-link
hierarchicalagglomerative clustering(HAC) algorithm. Thesewerechosenprimarily becauseof their
popularityandeaseof implementation.

Thek-meansalgorithmrequiredmodificationbecauseof its tendency to form singletonandsmallclus-
ters.Extremelysmallclustersmake it difficult to createsubsumptionhierarchies.This is becauseterms
mustco-occurin at leastthreedocumentsto beconsideredavalid relationship.If therearenointeresting
wordsthatmeetthis restriction,no hierarchywill becreatedfor thecluster. In orderto make surethata
subsumptionhierarchycouldalwaysbecreated,a minimumsizeof sevendocumentswasused.Twelve
documentswere then randomlychosenas the seedsfor clusters. A thresholdwas introducedso that
documentsthat werevery different from all clustercentersdid not have to be placedwithin a cluster.



K-means HAC
Averagemaxsize 159.1 200.9
Averagemin size 11.6 5.4
Highestconcentrationof relevantdocs 29.3% 41.3%

Table1: Characteristicsof theaverageclustercreatedusingk-meansandHAC.

After examiningthesimilaritiesof documents,2.75waschosenempiricallybecausean overwhelming
majority of documentsfell within this similarity, but it preventedvery dissimilardocumentsfrom being
includedin a cluster. Thek-meansclusteringwasrepeatedup to tentimes.With eachiteration,clusters
thatweretoosmallwereaddedto theleftoverclusterandnew clusterseedswerechosenfrom amongthe
documentsin the leftover cluster. All documentswerereclusteredusingthesurviving clustersandthe
newly seededclusters.Theiterationwould stopif no clusterswerecreatedthatweretoo small. Table1
containsinformationabouttheaverageclustersformed.

The HAC clusteringalgorithmwasimplementedin the way that is describedin Sahami(1998). Each
documentbeganasa singletonclusterandclusterswerejoineduntil thecorrectnumberof clusterswas
formed. In this case,thirteenclusterswerecreatedfor eachdocumentset. Althoughsingletonclusters
werenever formed,somelarger clustersdid not yield any subsumingrelationships,in which caseno
hierarchieswere created. However, 83% of theseclusterswithout hierarchiesalso did not have any
relevantdocuments.A lexical hierarchycouldalwaysbecreated,regardlessof thenumberof documents
in thecluster. More informationabouttheaverageclusterscanbefoundin Table1.

Overall, HAC did a betterjob of groupingrelevant documentstogether. Some55.4%of clusterscon-
tainedno relevant documentswhenthe HAC algorithmwasused,and47.1%of clusterscontainedno
relevantdocumentswhenthek-meansalgorithmwasused.Unfortunately, 3.5%of theclusterscreated
usingHAC containedno subsumingrelations.All clusterscreatedusingthek-meansalgorithmyielded
asubsumptionhierarchy.

4.2 Generating Structures
After theclustersarecreated,asubsumptionhierarchyandalexical hierarchyareformedfor eachcluster.
Both hierarchiesrely on phrasesextracted.Weusea phraseidentificationprocesscreatedfor ‘in-house’
useat theCIIR, Universityof Massachusetts.Thesephrasesaresimilar to theonesextractedby Anick
& Tipirneni (1999) but do not limit phrasesto four words. The subsumptionhierarchiescreatedin
Sanderson& Croft (1999) includeLCA termsandsingletermsaswell. Becausewe areinterestedin
creatinghierarchiesin situationswherea queryis not available,we alsocreatehierarchiesthat do not
makeuseof LCA termsto measurethecontribution of theseterms.

NeitherAnick & Tipirneni(1999)norNevill-Manning etal. (1999)form hierarchiesof thetypein which
weareinterested.In orderto form a hierarchythatis morethantwo levels,weemploy amethodsimilar
to what Nevill-Manning et al. (1999)doeswhencreatingthe rulesfor a context free grammar. In our
case,singlewordsarelocatedat thehighestlevel in thehierarchy. In thesecondlevel, all combinations
of two word phrasesareexamined. If any otherphrasecontainsthe sametwo-word combination,the
phrasesareconflatedandappeartogetherat thenext level of thehierarchy. All phrasesat a given level
aredisplayedin orderof their dispersion.If multiple phraseshave the samedispersionlevel, they are
rankedby thenumberof documentsthatincludethephrase.

Thesubsumptionhierarchiesarecreatedin thesameway asdescribedin Section2.3: candidateterms
areidentified,subsumptionrelationsarefound,andtherelationshipsareorganizedinto ahierarchy. The
only differencethatwe employ is in theusetheLCA terms.For somehierarchieswe excludetheLCA
termsfrom thecandidateterms.



Figure6: Algorithm assignsapathlengthto eachrelevantdocument.

Onceall therelationshipsaredetermined,thehierarchiesneedto bedisplayedin suchaway thatpeople
caneasilyview them. We choseto usethe hierarchicalmenusystem(DHTMLAB) that wasusedin
Sanderson& Croft (1999).

5 Evaluation
We evaluatethe hierarchiesfrom two perspectives. First, we examinehow quickly onecould find all
relevant documentsif oneknew which nodesin the hierarchyheld relevant documents.This is done
becausethe intendeduseof the hierarchiesis to find relevant documents. Second,we examinethe
similarities of the different hierarchies. By quantifying the similarity, we can learn more about the
strengthsandweaknessesof thetwo methodsof creatingtopichierarchies.

5.1 Scoring the Hierarchies
Thescoringalgorithmestimatesthetime it takesto find all relevantdocumentsby calculatingthetotal
numberof menusthatmustbetraversedandthenumberof documentsthatmustberead.Thealgorithm
aimsto find an optimumroutethroughthe hierarchytraveling to nodesthat hold the greatestconcen-
trationof relevantdocuments.Sincewe begin with theknowledgeof wherethedocumentsarelocated,
our algorithmiteratesthroughall relevant documentsandassignsa pathlengthto each. Any relevant
documentsnot found in thehierarchy(which is possible)areassigneda pathlengthof negative oneas
anerrorflag. Thetotalpathlengthfor ahierarchyis thesummationof all non-zerodocumentpaths.

Figure6 shows thepathlengthalgorithm.Giventhatdocumentsoftenbelongto morethanonemenu,it
is necessaryto choosewhich of thesewill beusedwhencalculatingthepath. To do this, we breakthe
menusinto two groups.Thefirst groupconsistsof leafmenus.Thesetypesof menusarefavoredbecause
they tendto have a smallernumberof documentsassociatedwith them. Smallerdocumentgroupsare
alsolikely to bemorehomogeneous.Fromamongtheseleaf menus,we favor themenuwith themost
relevantdocumentsbecausewearecomputinganoptimalpath.If therearenoleafmenus,thenall menus
containingthe documentareconsidered.In this case,we favor menusthat containa small numberof
documents.Thepathto a relevant documentis composedof thepreviously unexploredmenusthatare
traversedto reachit, andthe unreaddocumentsassociatedwith the final menu. Sincethe documents
belongingto a particularmenuitem arenot sortedin any way, it is assumedthatuserswill have to read
all new documentsin thegroupin orderto find therelevantone(s).



Although this algorithmleadsto a succinctanalysisof thehierarchy, it is worth noting that it contains
certainsimplifying assumptions.First, all documentsareregardedasequaldespitethe expectedvari-
ability in documentlength.Similarly, all menusaretreatedequallydespitethevariability in their length.
Finally, whencomputingthepathlength,documentsandmenusaretreatedthesame;i.e. the time and
effort requiredto readadocumentis regardedasbeingthesameasthatto readamenu.

5.2 Quantifying Similarity
In orderto find similarity, we examineall parent-childpairswithin two hierarchies.Sincethetermpairs
definethehierarchy, thiscomparisonprovidesaway to measurehow similaronehierarchyis to another.
It is fairly straightforward to count the numberof term pairs that two hierarchieshave in common.
Thedifficulty comeswhentrying to expressthis numberin a meaningfulway. Theproblemis thatno
two hierarchieshave the samenumberof pairs,so comparingthe raw numberof overlappingpairs is
meaningless.Instead,a ratio comparingthenumberof overlappingpairsto thetotal numberof pairsin
oneof thehierarchiesis used.This meansthatif hierarchyA has1000termpairs,hierarchyB has1500
term pairs,andthe hierarchiesshare500 pairs, thenthe ratio with regardto A is !� andthe ratio with
regardto B is !" . Theproblemwith thismethodis thatin orderto know how eachhierarchyrelatesto all
otherhierarchies,onewould have to perform ��� comparisons.However, evenwithout comparingevery
singlehierarchyto every other, onecangetanideaof how muchthedifferenttypesof hierarchieshave
in common,andhow differentgroupingsof documentsetsaffect thehierarchies.

6 Results
Our experimentsaredesignedto reveal two main characteristicsaboutthe hierarchiesinvolved. First,
we want to determinethedifferencebetweensubsumptionandlexical hierarchies.Second,we want to
determinewhateffect clusteringthedocumentsetshason thehierarchies.We arealsointerestedin two
otherfiner detailswithin the creationof the hierarchies.We want to examinethe contribution of the
expandedqueryterms(LCA) to thesubsumptionhierarchies,andto determineif any preferenceis given
to thetypeof clusteringperformed.

Our experimentsmake useof TRECtopics301-350andassociatedrelevancejudgments.We have re-
trieved500documentsusingInQuery(Callan,Croft, & Harding,1992)for eachof the50 queries.We
treata setof 500 documentsfor a given queryasa documentset. A numberof hierarchiesaregener-
atedfor eachdocumentset.Theseincludehierarchiesof threedifferentgroupingsof thedocumentsets:
oneclusteredusingk-means,oneclusteredusingHAC, andtheotherleft asa singledocumentgroup.
For eachof thesethreegroupings,subsumptionhierarchiesare createdthat make useof LCA terms
andhierarchiesthatdo not useLCA terms.Lexical hierarchiesarealsocreatedfor the threedocument
groups.

Hierarchiesareassignedapathlengthscoreusingthealgorithmdescribedin Section5.1. A lowerscore
denotesasuperiorhierarchy. Wecompareourhierarchiesto thoseformedthrougharandomsubsumption
process,aswell asto eachother. Randomhierarchiesareformedin thesamemannerassubsumption
hierarchies(as describedin Section2.3) except that when all termsare comparedto all other terms,
randomselectionis usedto form parent-childpairsinsteadof thesubsumptioncriteriafrom Equation1.

Onceall the hierarchiesarescored,they arecomparedon a basisof the averagepathto a document.
This is usedinsteadof doing a straightcomparisonof the total pathlengthbecauseit is possiblethat
somerelevantdocumentsareunreachable.Thetotal pathlengthfor a particularhierarchycouldendup
beingshortersimply by leaving out relevant documents.By usingtheaveragepathlength,we neither
reward nor penalizea hierarchyfor excluding relevant documents.It wasfound empirically that ran-
domly generatedhierarchiesweremorelikely to leave relevantdocumentsout of thehierarchythanthe
otherhierarchies,exceptwhenasinglesubsumptionhierarchywasgeneratedfor theentiredocumentset
withoutusingLCA. Thisparticulargroupof hierarchiesneedstheLCA termsbecausethedocumentset
is lesshomogeneousthanwhenthedocumentsetis first clustered.Theaveragepercentagesof relevant



Hierarchy % no path
Lexical 5.1%
ClusteredSubsumptionwith LCA 2.5%
ClusteredSubsumptionwithoutLCA 11.2%
UnclusteredSubsumptionwith LCA 1.90%
UnclusteredSubsumptionwithoutLCA 28.70%
Random 13.8%

Table2: Thepercentageof relevantdocumentswhich have no pathin thehierarchywith regardsto the
totalnumberof relevantdocumentsretrievedfor aquery. Theunclusteredsubsumptionhierarchywithout
LCA leavesoutasubstantialnumberof therelevantdocumentsbecausethedocumentsetis solargethat
it requirestheLCA termsto focusit.

Subsumption Lexical
Smaller Avg. difference Smaller Avg. difference Equal

K-means- LCA 38 5.04 11 1.63 1
K-means- noLCA 34 5.03 14 1.63 2
HAC - LCA 39 5.08 10 1.34 1
HAC - noLCA 36 4.28 12 1.50 2
Single- LCA 44 14.93 5 3.40 1
Single- noLCA 40 16.71 9 3.69 1

Table3: Thenumberof timesonehierarchy(subsumptionor lexical) hadasmallerpathlengthandhow
muchshorterthe path lengthusuallywas. For eachtype of grouping(k-means,HAC, andsingle),a
lexical hierarchyis comparedto botha subsumptionhierarchycreatedusingLCA andonethatdid not
useLCA.

documentsin the hierarchiesthat containno pathto a relevant documentarefound in Table2. These
percentagesarebasedon thenumberof relevantdocumentsexcludedcomparedto the total numberof
relevantdocuments.

6.1 Comparing topic hierarchies
Theevaluationof thehierarchiesbasedon theaveragepathlengthsrevealsextremedifferencesamong
the methodsusedto createtopic hierarchies.Using this measure,lexical hierarchiesgave remarkably
poorerresults. Whencomparingclustereddocumentgroups,thesubsumptionhierarchyoutperformed
the lexical hierarchyfor at least34 queries.Whenthe subsumptionhierarchyhada smallerpath,the
differencein averagepathlengthwassignificantlygreaterthanwhenlexical hierarchieshada smaller
documentpathlength.Exactresultscanbefoundin Table3.

WeperformedANOVA (ANalysisOf VAriance)onthetwelvevariationsof hierarchiesincludingrandom
hierarchies. To linearizethe datafor the ANOVA, we performeda loglog transformon the average
pathlength. All multiple comparisonsweredoneusingTukey’s HonestSignificantDifference(HSD).
Figure7 shows how thehierarchieswererankedbothabsolutelyandwheresignificancewasfound(p

�
0.05).It shouldbenotedthatTRECtopic305wasleft outof all ANOVA analysisbecausetherewereno
relevantdocumentsin thedocumentset.Becausethisgaveapathlengthof zero,it wouldonly addnoise
to thedata.SeeAppendixA.1, Table7 for ANOVA table.

From the ANOVA analysis,it can be seenhow poorly lexical hierarchiesperform at this task. The
problemis that lexical hierarchiesdo not alwayscreatesmall documentgroupsat its leaves. Sincethe
averagepathlengthlooks for a leaf clusterwith themostrelevant documents,it is morelikely to pick
largerdocumentclusters,eventhoughthealgorithmchoosesthesmallestclusterfrom amongtheclusters
with themostrelevantdocuments.Thisfactoralsocauseslexical hierarchiesto performworsethanthose
thatwererandomlygenerated.Althoughrandomhierarchiesconsistof randomlyrelatedpairs,pairsare



Figure7: ThegroupsindicatethosehierarchieswhichANOVA foundindistinguishablefor p
�

0.05.

still orderedon frequency of occurrencewithin documentsetsas in the subsumptionhierarchiesand
documentsareassignedto the hierarchycorrectly. This meansthat clustersat the leaves aresmaller
for randomhierarchiesthanthey arefor lexical hierarchies.Comparinglexical hierarchiesto a random
hierarchythathadsimilar leafcharacteristicsto thelexical hierarchywouldyield moreinterestingresults.

Figure7 alsoshows that theclusteredsubsumptionhierarchiesarenot significantlybetterthantheran-
dom hierarchywhenk-meansclusteringis used. Furtheranalysiswasdonecomparingthe four types
of hierarchieswhenk-meansclusteringis used.An ANOVA analysisrevealedthat the hierarchywith
LCA is significantlybetter(p

�
0.00005)thanrandom;however, thehierarchywithout LCA wasindis-

tinguishable,althoughslightly better(p
�

0.05). Thereasonthat randomhierarchiesperformednearly
aswell assubsumptionhierarchieswithout LCA is that therandomhierarchystill divide thedocument
setup into smallergroupsthatenabletheaveragepathlengthto performfairly well. It shouldbenoted
thattheacomparisonof parent-childpairsrevealalmostno similarity betweenrandomandnon-random
subsumptionhierarchies,asshown in Figure8. Therandomhierarchyis dividing thedocumentsetdif-
ferently, eventhoughit is equivalentto subsumptionhierarchieswithout LCA asfar astheaveragepath
lengthis concerned.However, whenall typesof hierarchygroupingsarecombined,thereis asignificant
differencebetweenrandomandthe two typesof subsumptionhierarchies.SeeAppendixA.2, Table8
for ANOVA table.

Whencomparingthe similarity of the relationsusedin the two typesof hierarchies,thereis very lit-
tle overlapbetweensubsumptionandlexical hierarchies.For all comparisonsof lexical hierarchiesto
subsumptionhierarchies,therewaslessthana10%similarity shown in Figure8.

6.2 Effectiveness of clustering
Figure7 shows that for almostall variations,clusteringdoessignificantlybetterthanthe singlegroup
hierarchycreatedin thesameway. In fact,accordingto theANOVA analysisthatdividedthedataamong



Figure8: This representsthepercentoverlapwhenonehierarchytypeis comparedto another.

Cluster Single
Smaller Avg. difference Smaller Avg. difference Equal

K-means- LCA 42 3.04 7 0.82 1
K-means- noLCA 34 3.78 15 1.80 1
HAC - LCA 42 3.37 6 2.54 2
HAC - noLCA 36 3.81 11 4.95 3
K-means- lexical 45 13.21 3 2.07 2
HAC - lexical 44 13.41 3 2.88 3

Table4: The numbertimesa hierarchy(clusteredor single)hada smallerpathlengthandhow much
shortertheaveragepathlengthwas.

documentgroupingmethodsatasignificanceof p
�

0.01,clusteringoutperformedasinglehierarchyfor
both subsumptionand lexical hierarchies. SeeAppendix A.2, Table 8 for ANOVA table. Clustered
hierarchieshadashorteraveragepathlengthamajorityof thetimeandusuallyby awidermargin. These
resultsareshown in Table4.

Whencomparingthesimilarity of thesingleandclusteredhierarchies,Figure8 shows thatsinglehierar-
chieshavemoreoverlapwith clusteredhierarchiesthanclusteredhierarchieshavewith singlehierarchies.
This impliesthatclusteredhierarchiesdiscover morerelationsthansinglehierarchies.

6.3 LCA contribution
Figure7 shows only insignificantdifferencesbetweenusingLCA andnotusingLCA. Whenhierarchies
werecomparedusingANOVA analysisof only otherhierarchiesthatusedthesamedocumentgroupings,
theonly groupingthatportrayeda significantdifference(p

�
0.04)wask-means.Both singleandHAC

revealedtherewasno significantdifferencefor p
�

0.05. Table5 shows that thenumberof timesthat
onehierarchyhasa shorteraveragepathlengththananotheris moreevenly distributedthanin previous
examplesandthedifferencein theaveragepathlengthis notasgreat.

Whencomparingthe similarity of subsumptionhierarchiescreatedwith the two variations,Figure 8
revealsthat two typesof hierarchiesshareat least40%of thesamerelations,which is morethanwhen
hierarchiesarecomparedacrossthedifferentgroupingsof documents.In fact,63%of thesamerelations
arefoundwhenHAC is used.This is themostsimilarity of any comparisonsof subsumptionhierarchies.

Theonly significantdifferencebetweenthetwo techniquesis thenumberof relevantdocumentsincluded
in thehierarchy. For singlehierarchies,over a quarterof the relevant documentsareexcluded. This is



LCA no LCA
Smaller Avg. difference Smaller Avg. difference Equal

K-means 25 1.29 21 0.34 4
HAC 29 1.92 18 0.39 3
Single 23 3.41 24 3.07 3

Table5: Thenumbertimesa hierarchy(createdusingLCA or not) hada smallerpathlengthandhow
muchshortertheaveragepathlengthwas.

K-means HAC
Smaller Avg. difference Smaller Avg. difference Equal

LCA 20 1.06 27 0.99 3
No LCA 23 2.43 25 1.48 2
Lexical 25 3.71 32 3.73 3

Table6: Thenumbertimesa hierarchy(clusteredusingk-meansor HAC) hadasmallerpathlengthand
how muchshortertheaveragepathlengthwas.

particularlyunsatisfying.However, whenclusteringis usedthisfalls to atenthof therelevantdocuments.
This is still a fairly large numberof relevant documents.Perhapsdevelopinga hybrid of subsumption
andlexical hierarchieswouldhelpwith theinclusionof morerelevantdocuments

6.4 Comparing clustering methods
The methodof clusteringalsowasfound to have little effect on the quality of the hierarchiescreated.
The variationof the numberof relevant documentsleft out of a hierarchywas lessthan2% for both.
Figure7 revealsvery little differencebasedon thetypeof clusteringused.In fact, therewasno signif-
icantdifferencewhenANOVA analysiswasperformedon clustersonly. HAC wasrankedfirst for each
variation,but notwith significanceof p

�
0.05.Table6 showsthenumberof timesthatonehierarchyhas

ashorteraveragepathlengththananother. It is very evenly distributedandthedifferencein theaverage
pathlengthis small.

Theoverlapfoundwhencomparingoneclusteringmethodto anotheris moderatelyhigh in all threeof
thevariationsusedto generatehierarchies.Bothmethodsof clusteringfind roughlythesamenumberof
comparisons.This is illustratedin Figure9.

Figure9: Theamountof overlapbetweenmethodsof clusteringwhenthetypeof methodusedtogenerate
thehierarchyis heldconstant.



7 Future Work
Thereremainmany openresearchquestionswith regardsto this work. Oneis how useful thesehier-
archiesarefor a personto find relevant documents.Given theexamplein Section3, thesehierarchies
canbe usefulsomeof the time, but a userstudywould needto be conductedin order to evaluatethe
usefulnessof thehierarchiesin general.

A secondquestioninvolvestheintegrationof subsumptionandlexical hierarchies.Thesetwo hierarchies
emphasizedifferentrelationships.Eachcouldbe improvedby usinginformationgainedfrom theother
hierarchy. For example,theorderingof thesecondlevel of thehierarchyshown in Figure3 shouldhave
had“JunkFax” rankedhighersothatit wouldnothavebeenleft outof thehierarchywhenthatparticular
level wastruncated.Usingtheinformationin thesubsumptionhierarchymight havepreventedthis from
happening.Theremight alsobeway to createacompletelymergedhierarchy.

Besidesusingthe topic hierarchiesto locaterelevant documents,many otherusesmay be found. One
way to utilize the hierarchieswould be to usethe exposedrelationshipsin specificinformation tasks
wherecharacterizingadocumentsetis necessary.

8 Conclusion
Hierarchiesprovideaconvenientwayto browseadocumentcollection.Automaticallygeneratingatopic
hierarchybringsto light informationthat is specificto the domainof the documentset,asopposedto
a manuallygeneratedhierarchy, which needsto suit all usersandthusmustbegeneral.Giventhat the
methodsexploredperformbetterusinghomogeneousdocumentsets,clusteringprovidesanalternative to
usingarankedlist, andalsoallowsoneto usethesehierarchiesin instanceswhereaqueryis notpresent.

The evaluationmetricspresentedin this paperprovide a way to begin evaluationof the hierarchies
without requiringuserinput until well-formedhierarchieshave beencreated,thusenablinga userstudy
to yield lessambiguousresults.The resultspresentedin this papershow that subsumptionandlexical
relationsarevery different, exposingfew of the samerelations. The strengthof subsumptionlies in
separatingdocumentsinto smallgroups,whereaslexical hierarchiesdoamuchbetterjob of includingall
documentsin thehierarchy. Thisresearchprovidessomeof thefoundationneededtocontinuedeveloping
hierarchiesthatbestallow usersto locaterelevantdocuments.
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A
#

ANOVA analysis
A.1 ANOVA for all hierarchies

DF SS MS F P-value
CONSTANT 1 384.03 384.03 5387.81237 0
qf 48 166.15 3.4615 48.56453 0
sysf 11 34.82 3.1654 44.41008 7.9515e-08
ERROR1 2037 145.19 0.071277

Table7: Summaryfor theANOVA analysisfor thecomparisonof all hierarchies.Modelusedis loglog.

PairedComparisonon all hierarchies,p = 0.05,HSD

�
-0.174 HAC, LCA�
-0.167 K-means,LCA�$�
-0.129 HAC, noLCA�$�
-0.126 K-means,noLCA�$�

-0.0939 K-means,random�$�
-0.0387 HAC, random�$�
0.00613 HAC, lexical�$�
0.00795 Single,LCA�$�$�
0.0331 Single,noLCA�$�
0.0773 K-means,lexical�

0.15 Single,random
0.453 Single,lexical

A.2 ANOVA for split hierarchies
DF SS MS F P-value

CONSTANT 1 384.03 384.03 5332.29411 0
qf 48 166.15 3.4615 48.06411 0
clusf 2 25.197 12.598 174.92976 5.1514e-14
expanf 3 7.6792 2.5597 35.54247 7.989e-08
ERROR1 2043 147.14 0.072019

Table8: Summaryfor theANOVA analysisfor thecomparisonwhendatais split by documentgrouping
(K-means,HAC, andsingle)andby hierarchytype(subsumptionandlexical). Modelusedis loglog.

PairedComparisonon documentgrouping,p = 0.05,HSD

�
-0.0886 K-means�
-0.0587 HAC

0.147 Singlehierarchy(noclustering)

PairedComparisonon hierarchytype,p = 0.05,HSD

�
-0.105 subsumption- LCA�

-0.0662 subsumption- no LCA
-0.000998 random

0.172 lexical


