Discovering and Comparing Topic Hierarchies

Dawn Lawrie and W. Bruce Croft
Departmenbf ComputerScience
Universityof Massachusetts
Amherst,MA 01003 USA

Abstract

Hierarchieshave beenusedfor organizationsummarizationandaccesso information,yetalin-
geringissueis how bestto constructthem. In this paper our goalis to automaticallycreatedomain
specifichierarchieghat canbe usedfor browsinga documentsetandlocatingrelevantdocuments.
We examinemethodsof automaticallygeneratinchierarchiesandevaluatingthem. To this end,we
compareandcontrasttwo methodsof generatingopic hierarchiefrom the text of documentsone,
subsumptiorhierarchiesysessubsumptiomelationsfoundwithin documensets,andthe other, lex-
ical hierarchiesutilizes frequentlyusedwordswithin phrasesOur evaluationshavs that subsump-
tion hierarchiedivide documentsnto smallergroups,allowing oneto find all relevantdocuments
without looking at as mary non-relezantdocuments.However, suchhierarchiesare morelikely to
containno pathto arelevantdocument.

1 Introduction

Hierarchiesareanintuitive way to describanformation. Onecanfind organizationabystemshatutilize
hierarchiedn the Library of Congress,Yahoo,andthe personalffile cabinet. They have beenusedas
atool for classification,asin the field of Biology. They arealsothe structuralbasisof newspapers.
Becausgeoplefind themeasyto understandiinding waysto automaticallygeneratéierarchiesvould
beadwantageoussincesuchhierarchiecanbeusedfor summarizingandbrowsinglarge documensets.

Currently most hierarchiesare createdmanually Becauseso much work goesinto their generation,
hierarchiesarevery generalin orderto meetthe needf alarge numberof users.Let usbriefly consider
an individual with interestsin gold mining, who usesYahoo! (YAHOO), a typical general-purpose
hierarchy Therearetwo main locationsin the hierarchywhereinterestingdocumentsnight be found
“Home > Recreatiorn> Hobbies> Rocks,Gems,andMinerals> Prospectingand“Home > Business
and Economy> Companies> Mining and Mineral Exploration> PreciousMetalsand Diamonds>
Gold”. Theformeris furtherclassifiednto OrganizationandEquipment.Thelatteris furtherclassified
into Organizations;however, thereare 98 documentsunder“Gold”, andonly a short description,if
that, to distinguishthem. As a generalhierarchy Yahoo! cannotafford to spenda disproportionate
amountof resource®n organizinggold mining becausehat would meananothertopic would have to
be ngylected. Fromthe users point of view, however, further classificatiorwould improve information
search Automaticallygeneratinghe hierarchyfrom the“gold mining” documentss onesolutionto this
problem.

Generatinghierarchiess not a new goal for informationretrieval, and there have beenpastattempts
using automatictechniques.One exampleis Crouch(1988), which automaticallygenerateshesauri;
however, the generatedhesaurusvasnot “humanusable”. Anotherexampleis Scatter/GathefCutting

etal., 1992)in which clusteringis usedto createdocumenthierarchiesHowever, becaus®f the nature
of clustering,fully explainingthe contentsof eachlevel in the hierarchyis difficult.

Recentlynew typesof hierarchiehiare beenintroducedhatrely onthetermsusedby asetof documents
to exposesomestructureof thedocumentollection. Onesuchtechniqués lexical modification(Nevill-
Manningetal., 1999; Anick & Tipirneni, 1999; Anick, 1999)andanotheris subsumption(Sanderson



& Croft, 1999). Thesawo techniquesrepromisingbecausehey give fairly completesummarie®f the
documentet. However, thetwo methodausevery differenttechniquego createthe hierarchiesLexical
modificationrelieson phrasesvithin adocumentandcreatesa hierarchyby usingfrequentlyusedterms
within the phrasessparents.Thefull phrasesretreatedaschildren. Subsumptiodooksat bothwords
andphrasesn thedocumenset. It determineghe probabilitythatonetermco-occurswith another If a
termnormally occurswith anotherterm,thenthelatterterm subsumesheformerterm.

Thesetechniquesvork well for fairly homogeneousetsof documentsyet arelesseffective for larger
documentsets. This is especiallytrue for lexical modificationbecausehe numberof key termscan
beimmense.By choosingary mostfrequentsubsetjmportantrelationshipscanbe left out. However,
whenthe documentsetis morehomogeneoughis becomesessof a problem.Subsumptiorfindsmore
subsumingrelationsin homogeneougroupsof documents.This is probablybecausdermsare more
likely to beusedin the sameway within similar documents.

Clusteringhaslong beenusedto groupdocumentsin this paper we investigatethe useof clusteringto
improve hierarchiesonstructedvith subsumptiorandlexical relationships.

Anotherfocusof this paperis to addressheissueof evaluation.As previouswork hasshavn, evaluating
suchhierarchiess a challengingtask (Sandersor& Croft, 1999). Although hierarchiesare designed
to be usedby people,userstudiesgenerallygive ambiguougesults. Alternatve methodsof evaluation
would bevery useful. In this paper we developtwo metricsof evaluation. Thefirst measureshe speed
with which relevant documentscan be found, and the other quantifiesthe similarity amongdifferent
technique®f generatinghierarchies.

In thenext sectionwe discusgpreviouswork on clusteringtechniquesndtopic hierarchiesln Section3,

anexampleis given of how topic hierarchiesouldbe usedto find relevantdocumentsin Section4, the
creationof the hierarchieds explained. Our evaluationmethodsarediscussedn Section5, andresults
aregivenin Section6.

2 Background

2.1 Clustering methodologies

Clusteringis amethodof organizatiorthathasbeenpracticedor mary yearsandappliedto mary fields.
Within thefield of informationretrieval, two typesof clusteringhave beendeveloped:the clusteringof
documentsandthe clusteringof terms. Documentclustersare createdon the basisof commonterms
amongthedocumentsTermclustersarebasednthedocumentsn whichthey co-occur(Willett, 1988).
Clusteringhasbeenusedwithin two different environments—brassing and retrieval. Scatter/Gather
(Cuttingetal., 1992)is anexampleof usingdocumentlusteringfor browvsingwhereusersarepresented
with clustersin orderto locaterelevant documents.Documentclustershave beenusedfor retrieval in
the SMART ervironment(Salton& McGill, 1983),wherequeriesarefirst comparedo documentluster
centroidsandthenwith theindividual document®f the clusterswhosecentroidsimilarity is sufiiciently
large. SparckJoneq1971)andCrouch,Crouch,& Nareddy(1990)areexamplesof usingtermclusters
for retrieval. SparckJones(1971) usesterm clustersto find similaritiesamongkeywordsin orderto
identify termsthatcould be substitutedn aquery In Crouch,Crouch,& Nareddy(1990)documentsre
first clusteredusingthe contenttermvector a vectorof thetermsin the original query The clusterthat
is mostsimilar to the contenttermvectoris usedto extendthe querywith non-content-ternsub-\ectors
from thedocumentsn the selectectluster

In this paperwe usedocumentlusteringto createmorehomogeneougroupsof documentsTwo types
of documentclusteringhave beenexplored: non-hierarchicand hierarchic. Non-hierarchicclustering
methodgartitionadocumentsetinto groupswheresimilar documentarefoundin the sameclusterand
areseparatedrom dissimilardocumentsThe only way to be assuredf achiezing an optimal partition
in the non-hierarchidnstanceis to compareall possiblepartitionsand choosethe best. Becausehis



taskis infeasiblefor ary realisticdocumenset,heuristicshave beendevelopedthatproducesub-optimal
partitions. Generallythis is doneby partitioning a setof N objectsinto C clusterswhile minimizing
the total within-clustersumof squaredor eachcluster One exampleof this technigueis the k-means
algorithm(Jain& Dubes,1988).Hierarchicclusteringmethodsncrementallydivide or combineclusters.
This createssmall clustersof very similar documentswithin larger clusters. One methodis hierarchic
agglomeratie clusteringwheredocumentlustersbegin assingletonclustersandjoin in N-1 operations
to form a singlecluster(vanRijsbegen,1979).

2.2 Useof hierarchiesfor browsing

As in clustering,hierarchiescanbe createdthat are documenirientedor term oriented. A document-
orientedhierarchyis onein which the documentsare divided at eachlevel in the hierarchy A term-
orientedhierarchyusestermswithin the documentgo form a hierarchicalstructure. Documentsare
attachedo nodesn somepredeterminedashion.

Documentclusterssuchasthosecreatedusingagglomeratie clusteringhave beenusedto try to com-
municateinformationaboutdocumentsets. Scatter/GathefCutting et al., 1992)is onesuchexample
whereuserssearchfor relevant documentsy selectingmultiple high level clusters. At eachlevel in
the hierarchy fewer documentgemainto be re-clustered.The problemwith this approachs thatthe
polythetic clustersusedhave, by definition, mary termsin commonbut no specificterm is required
for membership Becausef this, it is difficult to communicatehe contentsof a cluster For example,
in Cuttingetal. (1992)threeclustersareidentified: one aboutthe Gulf War, one aboutoil salesand
stockmarkets,anda third aboutEastandWestGermary. Whenthesethreeclustersarere-clusteredit
is revealedthat somevherewithin oneof theseclustersaredocumentsaboutPakistan, Trinidad, South
Africa, andLiberia.

Term-orientechierarchieshave beenmuchmorecommonand make up a large portion of the manually
createdhierarchiessuchas MeSH (Medical SubjectHeadings)and Yahoo!. Oneareaof researcthas
beenfinding waysto automaticallyindex document®ncethe hierarchiesarecreated Examplesof such
work includeKoller & Sahami(1997)andFuhretal. (1993). Koller & Sahami(1997)usesBayesian
classifierdo classifydocumentsinderpre-«isting topicsin the hierarchy Fuhretal. (1993)determines
thetermsthatshouldbe usedto index adocument.

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

2.3 Subsumption Hierarchies

Oneway to createa hierarchyof termsis usingthe notion of subsumption.Given a setof documents,
sometermswill frequentlyoccuramongthedocumentswhile otherswill only occurin afew documents.
Someof the frequentlyoccurringtermswill be onesthat provide a lot of informationaboutthe topics
within the documents.In fact, thereare sometermsthat broadly definethe topics,and othersthat co-
occurwith a generatermandexplain aspect®f atopic. Subsumptiorattemptso harnesshe power of
thesewords.

A subsumptiorhierarchyasdescribedn Sandersoi Croft (1999)hasthefollowing characteristics:

¢ ameansf associatingermssothatit reflectsthetopicscoveredwithin thedocuments,
o within theassociationa parenttermis moregenerakhanits child,

e atermsubsumesll of its descendentsothattransitvity holds,



A — B (pcfgs)

B — probabilisticC
C — D grammars
D — contet free

Figurel: Productiorrulesfor “probabilisticcontext freegrammargpcfgs)”.
e achild mayhave morethanoneparent.

Thesecharacteristicareachiered by definingsubsumptioras
P(z]y) < 0.8 andP(y|z) < P(zly). (1)

Thusx subsumey if thedocumentsn whichy occursarea subsebr nearlya subsebf thedocuments
in which x occurs.Thesecondule ensureshatif bothtermsoccurtogethemorethan80% of thetime,
the mostfrequentlyoccurringtermwill be choserasthe parent.If thetermsco-occurexactly the same
numberof times,thetwo termsarecombinednto a singleunit.

Onceonehasdefineda notionof subsumptionthe candidatdermsmustbeselected Sanderso Croft
(1999)intendedsubsumptiomierarchieso beusedafterretrieving documentsisingaquery In thiscase,
termscanbe selectedrom boththe documentandthe query Querytermsandtermsfrom anautomatic
expansionareavery goodway to focusthe hierarchyin this situation,sincethey describethe interestof
theuser Local Context Analysis(LCA) (Xu & Croft, 1996)is usedfor automaticexpansion.Document
termsare selectedby comparinga term’s frequeng of occurrencean the setof retrieved documents
with its occurrencan the collectionasa whole. Termsthatare ‘unusuallyfrequent’in theretrieved set
comparedo their frequenyg in the collectionare selected.This list of termsis sortedbasedon score,
andthetop N termsaredesignatedor usein the subsumptiorhierarchy Subsumptiorrelationshipsare
foundusingO(n?) comparisonsFinally, extraneouselationshipsareremaoved. Becausef thetransitive
natureof subsumptiontherewill be sometermswherea subsume$, a subsumes, andb subsumes.
Therelationa subsumes canbe eliminatedbecausédt is redundantRelationsarealsoeliminatedif the
termsco-occurtogethetin two or fewer documents.

2.4 Lexical Hierarchies

Anotherway to createa hierarchyis by usingthehierarchicaktructureof phraseshatappearfrequently

Creatingsucha hierarchyhasbeenexplored by mary peopleincluding Nevill-Manning et al. (1999)
andAnick & Tipirneni(1999).Both of thesecasesely on frequentlyoccurringwordswithin phraseor

nouncompound®f a documensetto exposethetopicsof thatdocumenset. Anick & Tipirneni (1999)
introduceghelexical dispesion hypothesisvhich stateghat“a word’s lexical dispesion— the number
of differentcompoundshataword appearsn within agivendocumenset— canbeusedasadiagnostic
for automaticallyidentifying key conceptof thatdocumenset!

Therearemary waysof selectingthe phraseghatwill be usedfor candidatesn the lexical hierarchy
Nevill-Manning etal. (1999)breaksall sequencemto hierarchiesn suchaway thateachbranchrefers
to arule in a contet free grammar The highestlevel of the sequencegenerateshe entire sequence,
which consistsof unique sequence the sentenceand otherrules that mustoccur at leasttwice in
the collection. For example,if the phrase“probabilistic context free grammars(pcfgs)” appeareds
a sequencethe rulesto generatehis sequencappearin Figure 1. In this case A is the highestlevel
sequencand“(pcfgs)” is theuniqueportionof therule. For thecorpusthatwastestedn Nevill-Manning
etal. (1999),sequenceaverage®.6 non-terminals.

Thethresholdd.8 wasdeterminedempirically



Figure2: Subsumptiorhierarchygeneratedrom first clusterof documentdor TREC topic 317. The
first of the two numbersassociatedvith a termis the numberof documentsn which the term occurs.
Theseconchumbergivesthefrequeng thatthetermis subsumedby its parent.

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

Oncethephrasesrechosenthey aredividedinto groupsbasedn thetermsthatappeaiin the phrases.
Thelexical dispersiorof eachtermcanthenbecalculated Anick & Tipirneni (1999)studiedthe effects
of rankingthe candidatéermsbasedn lexical dispersiorandfoundthatin orderto studythedispersion
of atermthroughoutthe documentollection,it is alsonecessaryo examinethe numberof documents
that involve phrasesusing a particularterm. Otherwise,a long documentthat usesthe term a large
numberof timescould male thatterm seemlike a muchbettercandidatehanit actuallyis. As arule,
Anick & Tipirneni (1999)ranked termsbasedon the numberof documentshatcontritutedat leastone
phraséf thedispersiorievel exceededive phrasesTheremaindemwereranked by dispersion.

3 Comparing topic hierarchies based on a single query

Sincewe would like to usehierarchiego find relevant documentswe comparetopic hierarchiesasa
demonstratioof how they would be used.However, we realizethata userstudyis requiredto shav the
extentto which thesetypesof hierarchiescanbe usedto find relevant documents.The following is a
proof of concept.

In this illustration, we will comparethe hierarchiesgeneratedrom documentsetrieved for the TREC
query(Voorheest Harman,1997)317: “Unsolicited Faxes Description: Have regulationsbeenpassed
by the FCCbanningjunk facsimile(fax)? If so,arethey effective?”. The reasorthis particularexample
is chosenis that articlesusing the phrase“junk fax” are an easyindication of someof the relevant
documents.Five hundreddocumentsvereretrieved for this query They werethenclusteredo create
morehomogeneoudocumengroups.Figure2 shavs a subsumptiorhierarchy In orderto find relevant
documentspne canfollow a pathfrom “fax” to “fax machine”to “junk fax”. For the samegroup of
documentsFigure3 shawvs alexical hierarchy Onewould expectto follow the path“fax” to “junk fax”
in orderto find relevantdocumentsUnfortunatelythelevel underneattif ax” doesnotcontainthephrase
“junk fax”. It turnsoutthatthisis dueto thewaythatphrasesrerankedin thelexical hierarchy Priority
is givento phrasesith high dispersion.Since“junk fax” is not partof ary larger phrasejt only hasa



Figure3: Lexical hierarchygeneratedrom first clusterof documentf$or TRECtopic 317.In thelexical
hierarchythe first numberassociatedvith a termis alsothe numberof documentsn which the term
appears.The secondnumberis always 1.00 because child cannotoccurwithout its parentsincethe
parenttermis partof thechild.

dispersiorievel of one. Anotherproblemis thatphrase®f the samedispersiorlevel arerankedin order
of thenumberof documentsn whichthey appearThe phrase‘junk fax” appearsn only six documents,
giving it arankof thirty. It is, thereforetoolow in therankingto be displayed.

In the secondclusterwheredocumentselatingto the California StateLegislaturearegrouped finding
relevant documentss not as straightforward. Figure4 shavs a secondsubsumptiorhierarchy The
top level hasonly two choices. Sincewe aretrying to find relevant documentsas quickly as possible
with humanintuition, “facsimile”is chosenover “D Los Angeles,Sen,SB?”. At the secondevel, the
choicesare“Sen, SB” and“misdemeanor”.Neitherseemdo bealikely candidateput giventhatthere
areonly two choicespothcanbeexploredquickly. Asit turnsout“Sen,SB” leadsto “Junk Fax”, which

2This clustercontainedarticlesrelatingto SenateBills (SB) in the California StateLegislature. Within articlesthattalked
aboutabill sponsoredby a DemocratiqD) Senatoi(Sen)from Los Angeleswereonesthatdiscussea vote onjunk faxes.

Figure4: Subsumptiorhierarchygeneratedrom secondclusterof documentgor TRECtopic 317.



Figure5: Lexical hierarchygeneratedrom seconcclusterof documentgor TRECtopic 317.

meanghatrelevantdocument$ave beenfound. Figure5 shavs a hierarchygeneratedrom thelexical
algorithmusingthe samedocumentet. In this case the hardchoiceis thefirst one. However, someone
interestedn junk faxeswould probablythink that“advertise”is a promisingcandidatesincejunk faxes
arein factadwertisementseventhoughthey did notthink of usingthatword whenphrasingtheir query
Once“advertise”is chosen; Junk Fax Advertisementsappearsandrelevantdocumentsarefound.

4 Creation of Hierarchies

In orderto createa hierarchy several stepsmustbe taken. First, the documentsetof interestmustbe
identified. This doesnot necessarihave to be aretrieved documenset. Instead,t couldbea personal
collectionof papersor even email. Thesedocumentsare clusteredto provide homogeneoudocument
setsfrom which topic hierarchiecanbe made.CandidatdéermsarethenselectedFinally, a hierarchyis
createdhatcanbebrowsedby people.

4.1 Clustering

We choseto usetwo differentclusteringalgorithmsin orderto determinehe effectivenessof clustering
documentseforecreatingthe hierarchy and alsoto seeif the type of clusteringusedhadary effect
onthe hierarchiesreated.The two algorithmswe chosewerea modifiedk-meansandan average-link
hierarchicalagglomeratie clustering(HAC) algorithm. Thesewere chosenprimarily becausef their
popularityandeaseof implementation.

The k-meansalgorithmrequiredmodificationbecausef its tendenyg to form singletonandsmall clus-
ters. Extremelysmallclustersmalke it difficult to createsubsumptiorhierarchiesThisis becausdéerms
mustco-occutin atleastthreedocumentso beconsidereavalid relationship If therearenointeresting
wordsthatmeetthis restriction,no hierarchywill be createdor thecluster In orderto make surethata
subsumptiorhierarchycould alwaysbe createda minimum size of sevzendocumentsvasused. Twelve
documentswnere thenrandomlychosenas the seedsfor clusters. A thresholdwas introducedso that
documentghat were very differentfrom all clustercentersdid not have to be placedwithin a cluster



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

Tablel: Characteristicef the averageclustercreatedusingk-meansandHAC.

After examiningthe similarities of documents2.75waschosenempirically becausean overwhelming
majority of documentdell within this similarity, but it preventedvery dissimilardocumentgsrom being
includedin acluster The k-mean<lusteringwasrepeatedip to tentimes. With eachiteration,clusters
thatweretoo smallwereaddedo theleftover clusterandnew clusterseedsverechoserfrom amongthe
documentsn the leftover cluster All documentsverereclusteredisingthe surviing clustersandthe
newly seedectlusters.Theiterationwould stopif no clusterswerecreatedhatweretoo small. Tablel
containsgnformationaboutthe averageclustersformed.

The HAC clusteringalgorithmwasimplementedn the way thatis describedn Sahami(1998). Each
documenbeayanasa singletonclusterandclusterswerejoined until the correctnumberof clusterswas
formed. In this case thirteenclusterswere createdor eachdocumentset. Although singletonclusters
were never formed, somelarger clustersdid not yield ary subsumingrelationshipsjn which caseno
hierarchieswere created. However, 83% of theseclusterswithout hierarchiesalso did not have ary
relevantdocumentsA lexical hierarchycouldalwaysbe createdregardlessf the numberof documents
in the cluster More informationaboutthe averageclusterscanbefoundin Tablel.

Overall, HAC did a betterjob of groupingrelevant documentdogether Some55.4%of clusterscon-

tainedno relevant documentsvhenthe HAC algorithmwasused,and47.1%of clusterscontainedno

relevantdocumentsvhenthe k-meansalgorithmwasused. Unfortunately 3.5% of the clusterscreated
usingHAC containedho subsumingelations.All clusterscreatedusingthe k-meansalgorithmyielded

asubsumptiorhierarchy

4.2 Generating Structures

After theclustersarecreatedasubsumptiotierarchyandalexical hierarchyareformedfor eachcluster
Both hierarchiegely on phrase®xtracted.We usea phraseadentificationprocessreatedor ‘in-house’
useatthe CIIR, University of MassachusettsThesephrasesresimilar to the onesextractedby Anick
& Tipirneni (1999) but do not limit phrasedo four words. The subsumptiorhierarchiescreatedin
Sandersor& Croft (1999)include LCA termsandsingletermsaswell. Becausawe areinterestedn
creatinghierarchiedn situationswherea queryis not available, we also createhierarchieghat do not
male useof LCA termsto measurehe contribution of theseterms.

NeitherAnick & Tipirneni(1999)nor Nevill-Manning etal. (1999)form hierarchieof thetypein which

we areinterestedIn orderto form a hierarchythatis morethantwo levels,we employ a methodsimilar

to what Nevill-Manning et al. (1999)doeswhencreatingthe rulesfor a contet free grammar In our

casesinglewordsarelocatedat the highestlevel in the hierarchy In the secondevel, all combinations
of two word phrasesare examined. If any otherphrasecontainsthe sametwo-word combination,the

phrasesreconflatedandappeartogetherat the next level of the hierarchy All phrasesat a givenlevel

aredisplayedin orderof their dispersion.If multiple phraseshave the samedispersionlevel, they are
ranked by the numberof documentghatincludethe phrase.

The subsumptiorhierarchiesare createdn the sameway asdescribedn Section2.3: candidategerms
areidentified,subsumptiomelationsarefound,andtherelationshipsareorganizednto a hierarchy The
only differencethatwe employ is in the usethe LCA terms. For somehierarchiesve excludethe LCA
termsfrom the candidatderms.



Figure6: Algorithm assignsa pathlengthto eachrelevantdocument.

Onceall therelationshipsaredeterminedthe hierarchiemeedto be displayedn suchaway thatpeople
caneasily view them. We choseto usethe hierarchicalmenusystem(DHTMLAB) thatwasusedin
Sandersoi: Croft (1999).

5 Evaluation

We evaluatethe hierarchiesrom two perspecties. First, we examinehow quickly onecouldfind all
relevant documentsf one knew which nodesin the hierarchyheld relevant documents.This is done
becausdhe intendeduse of the hierarchiesis to find relevant documents. Second,we examinethe
similarities of the different hierarchies. By quantifying the similarity, we can learn more aboutthe
strengthsandweaknessesf thetwo methodf creatingtopic hierarchies.

5.1 ScoringtheHierarchies

The scoringalgorithmestimateghetime it takesto find all relevantdocumentsy calculatingthe total

numberof menusthatmustbetraversedandthe numberof documentshatmustberead.Thealgorithm
aimsto find an optimumroute throughthe hierarchytraveling to nodesthat hold the greatestoncen-
trationof relevantdocuments Sincewe begin with the knowledgeof wherethe documentsrelocated,
our algorithmiteratesthroughall relevant documentsand assignsa pathlengthto each. Any relevant
documentshot foundin the hierarchy(which is possible)areassigneda pathlengthof negative oneas
anerrorflag. Thetotal pathlengthfor a hierarchyis the summatiorof all non-zerodocumenpaths.

Figure6 shavs the pathlengthalgorithm. Giventhatdocument®ftenbelongto morethanonemenu,it
is necessaryo choosewhich of thesewill be usedwhencalculatingthe path. To do this, we breakthe
menusnto two groups.Thefirst groupconsistof leafmenus.Thesetypesof menusarefavoredbecause
they tendto have a smallernumberof documentsassociatedavith them. Smallerdocumentgroupsare
alsolikely to be morehomogeneouskFromamongtheseleaf menus,we favor the menuwith the most
relevantdocumentdecauseve arecomputinganoptimalpath. If therearenoleaf menusthenall menus
containingthe documentare considered.In this case,we favor menusthat containa small numberof
documents.The pathto a relevantdocumentiis composedf the previously unexplored menusthatare
traversedto reachit, andthe unreaddocumentsassociatedvith the final menu. Sincethe documents
belongingto a particularmenuitem arenot sortedin ary way; it is assumedhatuserswill have to read
all new documentsn thegroupin orderto find therelevantone(s).



Althoughthis algorithmleadsto a succinctanalysisof the hierarchy it is worth noting thatit contains
certainsimplifying assumptions First, all documentsare regardedas equaldespitethe expectedvari-

ability in documentength. Similarly, all menusaretreatedequallydespitethevariability in theirlength.
Finally, whencomputingthe pathlength,documentsand menusaretreatedthe same;i.e. thetime and
effort requiredto reada documents regardedasbeingthe sameasthatto reada menu.

5.2 Quantifying Similarity

In orderto find similarity, we examineall parent-childpairswithin two hierarchiesSincethetermpairs
definethe hierarchythis comparisorprovidesaway to measurdnow similar onehierarchyis to another
It is fairly straightforvard to countthe numberof term pairs that two hierarchieshase in common.
Thedifficulty comeswhentrying to expressthis numberin a meaningfulway. The problemis thatno
two hierarchieshave the samenumberof pairs, so comparingthe raw numberof overlappingpairsis

meaninglesslnsteada ratio comparingthe numberof overlappingpairsto the total numberof pairsin

oneof the hierarchiess used.This meanghatif hierarchyA has1000termpairs,hierarchyB has1500
term pairs, andthe hierarchiesshare500 pairs, thenthe ratio with regardto A is 5 andthe ratio with

regardto B is -. The problemwith this methodis thatin orderto know how eachhierarchyrelatesto all

otherhierarchiespnewould have to performn? comparisonsHowever, evenwithout comparingevery
singlehierarchyto every other onecangetanideaof how muchthe differenttypesof hierarchiehave
in common,andhow differentgroupingsof documensetsaffectthe hierarchies.

6 Results

Our experimentsare designedo reveal two main characteristicaboutthe hierarchiesnvolved. First,
we wantto determinethe differencebetweersubsumptiorandlexical hierarchies.Secondwe wantto
determinewhateffect clusteringthe documentsetshason the hierarchiesWe arealsointerestedn two
otherfiner detailswithin the creationof the hierarchies.We want to examinethe contritution of the
expandedqueryterms(LCA) to thesubsumptiorhierarchiesandto determindf ary preferences given
to thetypeof clusteringperformed.

Our experimentsmake useof TREC topics 301-350andassociatedelevancejudgments.We have re-

trieved 500 documentsausingInQuery(Callan, Croft, & Harding,1992)for eachof the 50 queries.We

treata setof 500 documentdor a given queryasa documentset. A numberof hierarchiesare gener

atedfor eachdocumenset. Theseincludehierarchieof threedifferentgroupingsof the documensets:
oneclusteredusingk-meansoneclusteredusing HAC, andthe otherleft asa singledocumentgroup.

For eachof thesethreegroupings,subsumptiorhierarchiesare createdthat make useof LCA terms
andhierarchieghatdo not useLCA terms. Lexical hierarchiesarealsocreatedor the threedocument
groups.

Hierarchiesareassigned pathlengthscoreusingthealgorithmdescribedn Section5.1. A lower score
denotessuperiothierarchy We compareour hierarchieso thoseformedthrougharandomsubsumption
processaswell asto eachother Randomhierarchiesare formedin the samemanneras subsumption
hierarchieg(as describedn Section2.3) exceptthat when all termsare comparedo all otherterms,
randomselectionis usedto form parent-childpairsinsteadof the subsumptioreriteriafrom Equationl.

Onceall the hierarchiesare scored,they are comparedon a basisof the averagepathto a document.
This is usedinsteadof doing a straightcomparisornof the total pathlengthbecauset is possiblethat
somerelevantdocument@areunreachableThetotal pathlengthfor a particularhierarchycouldendup
beingshortersimply by leaving out relevant documents.By usingthe averagepathlength,we neither
reward nor penalizea hierarchyfor excluding relevant documents.It wasfound empirically that ran-
domly generatedhierarchiesveremorelikely to leave relevantdocument®out of the hierarchythanthe
otherhierarchiesexceptwhenasinglesubsumptiomierarchywasgeneratedor the entiredocumentet
withoutusingLCA. This particulargroupof hierarchiesneedshe LCA termsbecausehe documentet
is lesshomogeneouthanwhenthe documenssetis first clustered.The averagepercentagesf relevant



Hierarchy % no path
Lexical 5.1%
ClusteredSubsumptiorwith LCA 2.5%
ClusteredSubsumptiowithout LCA 11.2%
Unclusteredsubsumptiorwith LCA 1.90%
Unclusteredsubsumptiorwithout LCA 28.70%
Random 13.8%

Table2: The percentagef relevantdocumentsvhich have no pathin the hierarchywith regardsto the
totalnumberof relevantdocumentsetrievedfor aquery Theunclusteredubsumptiomierarchywithout
LCA leavesouta substantiahumberof therelevantdocumentbecauséhedocumensetis solarge that
it requiresheLCA 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(subsumptioror lexical) hada smallerpathlengthandhow
much shorterthe pathlength usuallywas. For eachtype of grouping(k-means,HAC, andsingle), a
lexical hierarchyis comparedo both a subsumptiorhierarchycreatedusingLCA andonethatdid not
useLCA.

documentsn the hierarchieghat containno pathto a relevantdocumentarefoundin Table2. These
percentagearebasedon the numberof relevant documentsxcludedcomparedo the total numberof
relevantdocuments.

6.1 Comparing topic hierarchies

The evaluationof the hierarchiesdasedon the averagepathlengthsrevealsextremedifferencesamong
the methodsusedto createtopic hierarchies.Using this measurelexical hierarchieggave remarkably
poorerresults. Whencomparingclustereddocumentgroups,the subsumptiorhierarchyoutperformed
the lexical hierarchyfor at least34 queries. Whenthe subsumptiorhierarchyhad a smallerpath, the

differencein averagepathlengthwas significantly greaterthanwhenlexical hierarchieshada smaller
documenpathlength. Exactresultscanbefoundin Table3.

We performedANOVA (ANalysisOf VAriance)onthetwelve variationsof hierarchiesncludingrandom
hierarchies. To linearizethe datafor the ANOVA, we performeda loglog transformon the average
pathlength. All multiple comparisonsvere doneusing Tukey’s HonestSignificantDifference(HSD).

Figure7 shawvs how the hierarchiesvereranked bothabsolutelyandwheresignificancevasfound (p <

0.05).1t shouldbenotedthat TRECtopic 305wasleft outof all ANOVA analysisbecauséherewereno
relevantdocumentsn thedocumenset. Becausehis gave a pathlengthof zero,it would only addnoise
to thedata.SeeAppendixA.1, Table7 for ANOVA table.

From the ANOVA analysis,it canbe seenhow poorly lexical hierarchiesperform at this task. The
problemis thatlexical hierarchiesdo not alwayscreatesmall documenfgroupsat its leaves. Sincethe
averagepathlengthlooks for a leaf clusterwith the mostrelevant documentsit is morelikely to pick
largerdocumentlustersgventhoughthealgorithmchooseshesmallestlusterfrom amongtheclusters
with themostrelevantdocumentsThisfactoralsocausesexical hierarchiego performworsethanthose
thatwererandomlygeneratedAlthoughrandomhierarchiesonsistof randomlyrelatedpairs,pairsare



Figure7: Thegroupsindicatethosehierarchiesvhich ANOVA foundindistinguishabldor p<0.05.

still orderedon frequeng of occurrencewithin documentsetsasin the subsumptiorhierarchiesand
documentsare assignedo the hierarchycorrectly This meansthat clustersat the leaves are smaller
for randomhierarchieghanthey arefor lexical hierarchies Comparingexical hierarchiego arandom
hierarchythathadsimilarleafcharacteristicto thelexical hierarchywouldyield moreinterestingesults.

Figure7 alsoshaws that the clusteredsubsumptiorhierarchiesare not significantlybetterthanthe ran-
dom hierarchywhen k-meansclusteringis used. Furtheranalysiswas donecomparingthe four types
of hierarchiesvhenk-meansclusteringis used. An ANOVA analysisrevealedthat the hierarchywith
LCA is significantlybetter(p < 0.00005)thanrandom;however, the hierarchywithout LCA wasindis-
tinguishable althoughslightly better(p < 0.05). Thereasonthatrandomhierarchieperformednearly
aswell assubsumptiorhierarchieswithout LCA is thatthe randomhierarchystill divide the document
setup into smallergroupsthatenablethe averagepathlengthto performfairly well. It shouldbe noted
thatthea comparisorof parent-childpairsrevealalmostno similarity betweerrandomandnon-random
subsumptiorhierarchiesasshavn in Figure8. Therandomhierarchyis dividing the documensetdif-
ferently eventhoughit is equivalentto subsumptiorhierarchiesvithout LCA asfar asthe averagepath
lengthis concernedHowever, whenall typesof hierarchygroupingsarecombinedthereis a significant
differencebetweenrandomandthe two typesof subsumptiorhierarchies.SeeAppendixA.2, Table8
for ANOVA table.

When comparingthe similarity of the relationsusedin the two typesof hierarchiesthereis very lit-
tle overlap betweensubsumptiorandlexical hierarchies.For all comparison®f lexical hierarchiego
subsumptiorhierarchiestherewaslessthana 10% similarity shavn in Figure8.

6.2 Effectivenessof clustering

Figure7 shaws thatfor almostall variations,clusteringdoessignificantly betterthanthe single group
hierarchycreatedn thesameway. In fact,accordingo the ANOVA analysighatdividedthedataamong



Figure8: Thisrepresentthe percenverlapwhenonehierarchytypeis comparedo 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
shorterthe averagepathlengthwas.

documengroupingmethodsatasignificanceof p < 0.01,clusteringoutperformedasinglehierarchyfor
both subsumptiorand lexical hierarchies. SeeAppendix A.2, Table 8 for ANOVA table. Clustered
hierarchiediada shorteraveragepathlengtha majority of thetime andusuallyby awidermaigin. These
resultsareshavn in Table4.

Whencomparingthe similarity of the singleandclusterechierarchiesfFigure8 shavs thatsinglehierar
chieshave moreoverlapwith clusterechierarchieshanclusterechierarchiehave with singlehierarchies.
Thisimpliesthatclusterechierarchiegliscorer morerelationsthansinglehierarchies.

6.3 LCA contribution

Figure7 shavs only insignificantdifferencesetweerusingLCA andnotusingLCA. Whenhierarchies
werecomparedisingANOVA analysisof only otherhierarchieghatusedthe samedocumengroupings,
theonly groupingthat portrayeda significantdifference(p < 0.04)wask-meansBoth singleandHAC

revealedtherewasno significantdifferencefor p < 0.05. Table5 shaws thatthe numberof timesthat

onehierarchyhasa shorteraveragepathlengththananotheris moreevenly distributedthanin previous

examplesandthedifferencein the averagepathlengthis notasgreat.

When comparingthe similarity of subsumptiorhierarchiescreatedwith the two variations, Figure 8
revealsthattwo typesof hierarchieshareat least40% of the samerelations,which is morethanwhen
hierarchiesarecomparedcrosghedifferentgroupingsof documentsin fact,63%of thesamerelations
arefoundwhenHAC is used.Thisis themostsimilarity of ary comparison®f subsumptiorierarchies.

Theonly significantdifferencebetweerthetwo techniquess thenumberof relevantdocumentsncluded
in the hierarchy For single hierarchiespver a quarterof the relevant documentsareexcluded. Thisis



LCA noLCA

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: The numbertimesa hierarchy(createdusingLCA or not) hada smallerpathlengthandhow
muchshorterthe averagepathlengthwas.

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) hada smallerpathlengthand
how muchshorterthe averagepathlengthwas.

particularlyunsatisfying However, whenclusterings usedthisfallsto atenthof therelevantdocuments.
This is still afairly large numberof relevant documents.Perhapgevelopinga hybrid of subsumption
andlexical hierarchiesvould helpwith theinclusionof morerelevantdocuments

6.4 Comparing clustering methods

The methodof clusteringalsowasfound to have little effect on the quality of the hierarchiescreated.
The variation of the numberof relevant documentdeft out of a hierarchywaslessthan 2% for both.

Figure7 revealsvery little differencebasedon the type of clusteringused.In fact, therewasno signif-

icantdifferencewhenANOVA analysiswvasperformedon clustersonly. HAC wasranked first for each
variation,but notwith significanceof p < 0.05. Table6 shavsthenumberof timesthatonehierarchyhas
ashorteraveragepathlengththananother It is very evenly distributedandthe differencein the average
pathlengthis small.

The overlapfoundwhencomparingoneclusteringmethodto anotheris moderatelyhigh in all threeof
thevariationsusedto generatéierarchiesBoth methodsof clusteringfind roughly the samenumberof
comparisonsThisis illustratedin Figure9.

Figure9: Theamounif overlapbetweemethodsf clusteringwhenthetypeof methodusedto generate
the hierarchyis held constant.



7 Future Work

Thereremainmary openresearchyuestionswith regardsto this work. Oneis how usefulthesehier

archiesarefor a personto find relevant documents.Giventhe examplein Section3, thesehierarchies
canbe usefulsomeof the time, but a userstudywould needto be conductedn orderto evaluatethe
usefulnessf the hierarchiesn general.

A secondjuestiorninvolvestheintegrationof subsumptiorandlexical hierarchiesTheseawo hierarchies
emphasizaifferentrelationships.Eachcould beimproved by usinginformationgainedfrom the other
hierarchy For example,the orderingof the secondevel of the hierarchyshavn in Figure3 shouldhave
had“Junk Fax” ranked highersothatit would nothave beenleft out of thehierarchywhenthatparticular
level wastruncated Usingtheinformationin the subsumptiorhierarchymight have preventedthis from
happeningTheremightalsobeway to createa completelymergedhierarchy

Besidesusingthe topic hierarchiedo locaterelevant documentsmary otherusesmay be found. One
way to utilize the hierarchieswould be to usethe exposedrelationshipsin specificinformationtasks
wherecharacterizingadocumensetis necessary

8 Conclusion

Hierarchiegprovide acorvenientwayto brovseadocumentollection. Automaticallygeneratingatopic
hierarchybringsto light informationthatis specificto the domainof the documentset, asopposedo
a manuallygeneratedhierarchy which needgo suit all usersandthusmustbe general. Giventhatthe
methodsexploredperformbetterusinghomogeneoudocumensets clusteringprovidesanalternatve to
usingarankedlist, andalsoallows oneto usethesehierarchiesn instancesvherea queryis not present.

The evaluation metrics presentedn this paperprovide a way to begin evaluationof the hierarchies
withoutrequiringuserinput until well-formedhierarchieshave beencreatedthusenablinga userstudy
to yield lessambiguougresults. The resultspresentedn this papershav that subsumptiorandlexical
relationsare very different, exposingfew of the samerelations. The strengthof subsumptiorlies in
separatinglocumentsnto smallgroups whereadexical hierarchieslo amuchbetterjob of includingall
documentn thehierarchy Thisresearclprovidessomeof thefoundatiomneededo continuedeveloping
hierarchieghatbestallow usergo 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
gf 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 the ANOVA analysisfor the comparisorof all hierarchiesModel usedis loglog.

PairedComparisoron all hierarchiesp = 0.05,HSD

-0.174 HAC,LCA
-0.167 K-meansL.CA
-0.129 HAC,noLCA
-0.126 K-meansnolLCA
-0.0939 K-meansrandom
| -0.0387 HAC, random
| 0.00613 HAC, lexical
| 0.00795 Single,LCA
|
|

| 0.0331 Single,noLCA

| 0.0773 K-means]exical

| 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
gf 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 the ANOVA analysisfor thecomparisorwhendatais split by documengrouping
(K-meansHAC, andsingle)andby hierarchytype (subsumptiorandlexical). Model usedis loglog.

PairedComparisoron documengrouping,p = 0.05,HSD

| -0.0886 K-means
| -0.0587 HAC
0.147 Singlehierarchy(no clustering)

PairedComparisoron hierarchytype,p = 0.05,HSD

| -0.105 subsumption LCA
| -0.0662 subsumption noLCA
-0.000998 random
0.172 lexical



