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ABSTRACT

DISCOVERING AND COMPARING TOPIC HIERARCHIES:
MASTER'S PROJECT

DECEMBER1999

DAWN LAWRIE

A.B., DARTMOUTH COLLEGE

M.S.,UNIVERSITY OFMASSACHUSETTSAMHERST

Directedby: ProfessorW. BruceCroft

Hierarchieshavebeenusedfor organization,summarization,andaccessto information,

yet a lingering issueis how bestto constructthem. In this paper, our goal is to automati-

cally createdomainspeci�c hierarchiesthatcanbeusedfor browsinga documentsetand

locatingrelevantdocuments.Weexaminemethodsof automaticallygeneratinghierarchies

andevaluatingthem.To thisend,wecompareandcontrasttwo methodsof generatingtopic

hierarchiesfrom the text of documents:one,subsumptionhierarchies,usessubsumption

relationsfoundwithin documentsets,andtheother, lexical hierarchies,utilizesfrequently

usedwordswithin phrases.Ourevaluationshowsthatsubsumptionhierarchiesdividedoc-

umentsinto smallergroups,allowing oneto �nd all relevantdocumentswithout lookingat

asmany non-relevantdocuments.However, suchhierarchiesaremorelikely to containno

pathto a relevantdocument.Lexical hierarchiesexcludeonly 0.5%of therelevantdocu-

mentswithin thehierarchy, whereassubsumptionhierarchiesexclude6.9%of therelevant

documents.
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CHAPTER 1

INTRODUCTION

Hierarchiesareanintuitivewayto describeinformation.They havebeenusedfor thou-

sandsof years.In moderntimes,onecan�nd organizationalsystemsthatutilize hierarchies

in theLibrary of Congress,Yahoo,andthepersonal�le cabinet.They havealsobeenused

asa tool for classi�cation, as in the �eld of Biology. They arealso the structuralbasis

of newspapers.Becausepeople�nd themeasyto understand,�nding waysto automati-

cally generatehierarchieswould be advantageous,sincesuchhierarchiescanbe usedfor

summarizingandbrowsinglargedocumentsets.

Currently most hierarchiesare createdmanually. Becauseso much work goesinto

their generation,hierarchiesarevery generalin orderto meettheneedsof a largenumber

of users.Let usbrie�y consideran individual with interestsin gold mining usingYahoo!

[Yahoo],atypicalgeneral-purposehierarchy. Therearetwo mainlocationsin thehierarchy

whereinterestingdocumentsmight be found “Home � Recreation� Hobbies � Rocks,

Gems,andMinerals � Prospecting”and“Home � BusinessandEconomy � Companies

� Mining andMineralExploration � PreciousMetalsandDiamonds� Gold”. Theformer

is furtherclassi�ed into OrganizationsandEquipment.Thelatter is furtherclassi�ed into

Organizations;however, thereare98documentsunder“Gold”, andonlyashortdescription,

if that, to distinguishthem. As a generalhierarchy, Yahoo! cannotafford to spenda

disproportionateamountof resourceson organizinggoldmining becausethatwouldmean

anothertopic would have to beneglected.Fromtheuser's point of view, however, further

classi�cationwould improve informationsearch.Automaticallygeneratingthehierarchy

from the“gold mining” documentsis onesolutionto thisproblem.
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Generatinghierarchiesis not a new goal for informationretrieval, andtherehave been

pastattemptsusingautomatictechniques.Oneexampleis [Cro88], which automatically

generatesthesauri;however, the generatedthesauruswasnot “humanusable”. Another

exampleis Scatter/Gather[CKPT92] in which clusteringis usedto createdocumenthier-

archies.However, becauseof thenatureof clustering,fully explainingthecontentsof each

level in thehierarchyis dif�cult.

Recently, new typesof hierarchieshavebeenintroducedthatrely on thetermsusedby

a setof documentsto exposesomestructureof the documentcollection. Onesuchtech-

niqueis lexical modi�cation [NWP99, AT99] andanotheris subsumption,[SC99]. These

two techniquesarepromisingbecausethey give fairly completesummariesof the docu-

mentset.However, thetwo methodsuseverydifferenttechniquesto createthehierarchies.

Lexical modi�cation reliesonphraseswithin adocument,andcreatesahierarchyby using

frequentlyusedtermswithin the phrasesasparents.The full phrasesaretreatedaschil-

dren.Subsumptionlooksat bothwordsandphrasesin thedocumentset.It determinesthe

probability thatoneterm co-occurswith another. If a termnormally occurswith another

term,thenthelattertermsubsumestheformerterm.

Thesetechniqueswork well for fairly homogeneoussetsof documents,yet are less

effective for largerdocumentsets.This is especiallytruefor lexical modi�cation because

thenumberof key termscanbeimmense.By choosingany mostfrequentsubset,important

relationshipscanbeleft out. However, whenthedocumentsetis morehomogeneous,this

becomeslessof a problem.Subsumption�nds moresubsumingrelationsin homogeneous

groupsof documents.Thisis probablybecausetermsaremorelikely to beusedin thesame

waywithin similar documents.

Clusteringhaslongbeenusedto groupdocuments.In thispaper, we investigatetheuse

of clusteringto improvehierarchiesconstructedwith subsumptionandlexical relationships.

Anotherfocusof thispaperis to addresstheissueof evaluation.As previouswork has

shown, evaluatingsuchhierarchiesis a challengingtask[SC99]. Althoughhierarchiesare
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designedto beusedby people,userstudiesgenerallygive ambiguousresults.Alternative

methodsof evaluationwould be very useful. In this paper, we develop two metricsof

evaluation.The�rst measuresthespeedwith which relevantdocumentscanbefound,and

theotherquanti�es thesimilarity amongdifferenttechniquesof generatinghierarchies.

In thenext chapterwe discusspreviouswork on topic hierarchiesandclusteringtech-

niques. In Chapter3, anexampleis givenof how topic hierarchiescouldbe usedto �nd

relevantdocuments.In Chapter4, thecreationof thehierarchiesis explained.Our evalua-

tion methodsarediscussedin Chapter5, andresultsaregivenin Chapter6.
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CHAPTER 2

BACKGROUND

2.1 Clustering methodologies

Clustering,like hierarchies,is a methodof organizationthat hasbeenpracticedfor

many yearsandappliedto many �elds. Within the�eld of informationretrieval, two types

of clusteringhavebeendeveloped:theclusteringof documentsandtheclusteringof terms.

Documentclustersarecreatedon thebasisof commontermsamongthedocuments.Term

clustersarebasedon thedocumentsin which they co-occur[Wil88]. Clusteringhasbeen

usedwithin two differentenvironments- browsingandretrieval. Scatter/Gather[CKPT92]

is an exampleof usingdocumentclusteringfor browsing whereusersarepresentedwith

clustersin orderto locaterelevantdocuments.Documentclustershave beenusedfor re-

trieval in theSMART environment[SM83], wherequeriesare�rst comparedto document

clustercentroidsandthenwith theindividualdocumentsof theclusterswhosecentroidsim-

ilarity is suf�ciently large. [Spa71]and[CCN90] areexamplesof usingtermclustersfor

retrieval. [Spa71]usestermclustersto �nd similaritiesamongkeywordsin orderto iden-

tify termsthat couldbe substitutedin a query. In [CCN90] documentsare�rst clustered

usingthecontenttermvector, avectorof thetermsin theoriginalquery. Theclusterthatis

mostsimilar to thecontenttermvectoris usedto extendthequerywith non-content-term

subvectorsfrom thedocumentsin theselectedcluster.

In this paperwe usedocumentclusteringto createmorehomogeneousgroupsof doc-

uments.Two typesof documentclusteringhave beenexplored:non-hierarchicandhierar-

chic. Non-hierarchicclusteringmethodspartitionadocumentsetinto groupswheresimilar

documentsarefoundin thesameclusterandareseparatedfrom dissimilardocuments.The
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only wayto beassuredof achieving anoptimalpartitionin thenon-hierarchicinstanceis to

compareall possiblepartitionsandchoosethebest.Becausethis taskis infeasiblefor any

realisticdocumentset,heuristicshavebeendevelopedthatproducesub-optimalpartitions.

Generallythis is doneby partitioninga setof N objectsinto C clusterswhile minimizing

the total within-clustersumof squaresfor eachcluster. Oneexampleof this techniqueis

thek-meansalgorithm[JD88]. Hierarchicclusteringmethodsincrementallydivideor com-

bineclusters.This createssmallclustersof very similar documentswithin largerclusters.

Theprocessthatcreatestheseclusterscanbevisualizedusinga binarytreewheretheroot

of the treeis the entiredocumentcollectionandthe leavesarethe individual documents.

Nodesin themiddleof thetreerepresentclustersthatareformedduring theexecutionof

theclusteringprocedure.Onemethodis hierarchicagglomerativeclustering,wheredocu-

mentclustersbegin assingletonclustersandjoin in N-1 operationsto form asinglecluster

[Van79].

2.2 Useof hierarchiesfor browsing

As in clustering,hierarchiescanbecreatedthataredocumentorientedor termoriented.

A document-orientedhierarchyis one in which the documentsaredivided at eachlevel

in the hierarchy. A term-orientedhierarchyusestermswithin the documentsto form a

hierarchicalstructure.Documentsareattachedto nodesin somepredeterminedfashion.

Documentclusterssuchasthosecreatedusingagglomerativeclusteringhavebeenused

to try to communicateinformationaboutdocumentsets.Scatter/Gather[CKPT92] is one

suchexamplewhereuserssearchfor relevantdocumentsby selectingmultiple high level

clusters.At eachlevel in the hierarchy, fewer documentsremainto be re-clustered.The

problemwith this approachis that the polytheticclustersusedhave, by de�nition, many

termsin commonbut no speci�c term is requiredfor membership.Becauseof this, it is

dif�cult to communicatethecontentsof acluster. For example,in [CKPT92] threeclusters

areidenti�ed: oneabouttheGulf War, oneaboutoil salesandstockmarkets,anda third

5



aboutEastandWestGermany. Whenthesethreeclustersarere-clustered,it is revealed

thatsomewherewithin oneof theseclustersaredocumentsaboutPakistan,Trinidad,South

Africa, andLiberia.

Term-orientedhierarchieshave beenmuchmorecommonandmake up a largeportion

of themanuallycreatedhierarchiessuchasMeSH(MedicalSubjectHeadings)andYahoo!.

Oneareaof researchhasbeen�nding ways to automaticallyindex documentsoncethe

hierarchiesarecreated.Examplesof suchwork include[KS97] and[FHLTKS93]. [KS97]

usesBayesianclassi�ersto classifydocumentsunderpre-existing topicsin thehierarchy.

[FHLTKS93]determinesthetermsthatshouldbeusedto index adocument.

A drawbackof usingprede�nedhierarchiesis that they arenot adaptableto varying

interestsor to changesin the documentcollection. It would be of greatvalueto develop

a way to createhierarchiesthatwould bothfully communicateto peoplethecontentsof a

documentset,andnot beprede�ned. Term-orientedhierarchiesseembettersuitedto this

task.

2.3 SubsumptionHierar chies

Oneway to createa hierarchyof termsis usingthe notion of subsumption.Given a

setof documents,sometermswill frequentlyoccuramongthe documents,while others

will only occurin a few documents.Someof the frequentlyoccurringtermswill beones

thatprovide a lot of informationaboutthe topicswithin thedocuments.In fact, thereare

sometermsthatbroadlyde�ne thetopics,andothersthatco-occurwith ageneraltermand

explainaspectsof a topic. Subsumptionattemptsto harnessthepowerof thesewords.

A subsumptionhierarchyasdescribedin [SC99] hasthefollowing characteristics:

� a meansof associatingtermsso that it re�ects the topicscoveredwithin the docu-

ments,

� within theassociation,aparenttermis moregeneralthanits child,
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� a termsubsumesall of its descendentssothattransitivity holds,

� achild mayhavemorethanoneparent.

Thesecharacteristicsareachievedby de�ning subsumptionas

������� �	��

�����

and
������� ������������� �����

(2.1)

Thus x subsumesy if the documentsin which y occursare a subsetor nearly a subset

of the documentsin which x occurs. The secondrule ensuresthat if both termsoccur

togethermorethan80%of the time 1, themostfrequentlyoccurringtermwill bechosen

astheparent. If the termsco-occurexactly thesamenumberof times,the two termsare

combinedinto asingleunit.

Onceonehasde�ned a notionof subsumption,thecandidatetermsmustbeselected.

[SC99] intendedsubsumptionhierarchiesto be usedafter retrieving documentsusing a

query. In this case,termscanbe selectedfrom both the documentandthe query. Query

termsare a very good way to focus the hierarchyin this situation,sincethey describe

the interestof the user. Many techniqueshave beendevelopedthat help expandqueries;

Local Context Analysis(LCA) [XC96] is usedhere. Documenttermsareidenti�ed from

singlewordsthatappearin thebestpassageof thedocumentandphrases.A bestpassage

is de�ned as the portion of the documentthat is most similar to the query. Document

termsareselectedby comparinga term's frequency of occurrencein the setof retrieved

documentswith its occurrencein the collection as a whole. Termsthat are `unusually

frequent' in the retrieved setcomparedto their frequency in the collectionareselected.

This list of termsis sortedbasedon score,andthe top N termsaredesignatedfor usein

thesubsumptionhierarchy. Theselectedtermsfrom thedocumentsandthequerytermsare

listedalongwith thedocumentsin which they occur. Subsumptionrelationshipsarefound

1Thethreshold0.8wasdeterminedempirically.
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usingO(�

�

) comparisons.Finally, extraneousrelationshipsareremoved. Becauseof the

transitivenatureof subsumption,therewill besometermswherea subsumesb, a subsumes

c, andb subsumesc. Therelationa subsumesc canbeeliminatedbecauseit is redundant.

Relationsarealsoeliminatedif thetermsco-occurtogetherin two or fewerdocuments.

2.4 Lexical Hierar chies

Anotherway to createa hierarchyis by usingthehierarchicalstructureof phrasesthat

appearfrequently. Creatingsucha hierarchyhasbeenexploredby many peopleinclud-

ing [NWP99] and [AT99]. Both of theseexamplesrely on frequentlyoccurringwords

within phrasesor nouncompoundsof adocumentsetto exposethetopicsof thatdocument

set.[AT99] introducesthelexical dispersionhypothesiswhichstatesthat“a word's lexical

dispersion– thenumberof differentcompoundsthatawordappearsin within agivendoc-

umentset– canbeusedasa diagnosticfor automaticallyidentifying key conceptsof that

documentset.”

Therearemany waysof selectingthe phrasesthat will be usedfor candidatesin the

lexical hierarchy. [NWP99] breaksall sequencesinto hierarchiesin sucha way thateach

branchrefersto a rule in a context freegrammar. Thehighestlevel of thesequencegener-

atestheentiresequence,whichconsistsof uniquesequencesin thesentenceandotherrules

that mustoccurat leasttwice in the collection. For example,if the phrase“probabilistic

context freegrammars(pcfgs)”appearedasasequence,therulesto generatethissequence

appearin Figure 2.1. In this case,A is the highestlevel sequenceand “(pcfgs)” is the

uniqueportionof therule. For thecorpusthatwastestedin [NWP99],sequencesaveraged

9.6non-terminals.

Anotherway to locatesequencesis to matchthepattern
�

?adjectivenoun+� of two to

four termsin length,aswasdonein [AT99].

Oncethephrasesarechosen,they aredividedinto groupsbasedonthetermsthatappear

in thephrases.Thelexical dispersionof eachtermcanthenbecalculated.[AT99] studied

8



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

Figure2.1. Productionrulesfor “probabilisticcontext freegrammars(pcfgs)”.

theeffectsof rankingthecandidatetermsbasedonlexicaldispersionandfoundthatin order

to studythedispersionof a termthroughoutthedocumentcollection,it is alsonecessaryto

examinethenumberof documentsthatinvolvephrasesusingaparticularterm.Otherwise,

a longdocumentthatusesthetermalargenumberof timescouldmakethattermseemlike

a muchbettercandidatethanit actuallyis. As a rule, [AT99] ranked termsbasedon the

numberof documentsthatcontributedat leastonephraseif thedispersionlevel exceeded

� vephrases.Theremainderwererankedby dispersion.
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CHAPTER 3

COMPARING TOPIC HIERARCHIES BASED ON A SINGLE
QUERY

Sincewe would like to usehierarchiesto �nd relevantdocuments,we comparetopic

hierarchiesasademonstrationof how they wouldbeused.However, we realizethatauser

studyis requiredto show theextentto which thesetypesof hierarchiescanbeusedto �nd

relevantdocuments.Thefollowing is aproofof concept.

In this illustration,wewill comparethehierarchiesgeneratedfrom documentsretrieved

for theTRECquery[TREC] 317: “UnsolicitedFaxesDescription:Have regulationsbeen

passedby the FCC banningjunk facsimile(fax)? If so, arethey effective?”. The reason

this particularexampleis chosenis that articlesusingthe phrase“junk fax” arean easy

indicationof relevant documents.Five hundreddocumentswereretrieved for this query.

They werethenclusteredto createmorehomogeneousdocumentgroups.Figure3.1shows

a subsumptionhierarchy. In orderto �nd relevantdocuments,onecanfollow a pathfrom

“f ax” to “f ax machine”to “junk fax”. From amongthe choices,on the �rst level “f ax”

seemsto bethebestchoicethatwill leadto a relevantdocument.Onemight think to �nd

“junk fax” on the next level, but sinceit is not there,“f ax machine”as the �rst choice

seemsto beafairly goodcandidate.Onthenext level, “junk fax” is locatedhalf waydown

the menu. For the samegroupof documents,Figure3.2 shows a lexical hierarchy. One

would expectto follow the path“f ax” to “junk fax” in orderto �nd relevant documents.

Unfortunately, the level underneath“f ax” doesnot containthephrase“junk fax”. It turns

out that this is dueto theway thatphrasesareranked in the lexical hierarchy. Priority is

givento phraseswith high dispersion.Since“junk fax” is not partof any largerphrase,it

only hasa dispersionlevel of one.Anotherproblemis thatphrasesof thesamedispersion
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Figure 3.1. Subsumptionhierarchygeneratedfrom ®rst clusterof documentsfor TREC topic 317. The
®rst of the two numbersassociatedwith a term is thenumberof documentsin which the termoccurs.The
secondnumbergivesthefrequency thatthetermis subsumedby its parent.

level areranked in orderof the numberof documentsin which they appear. The phrase

“junk fax” appearsin only six documents,giving it a rankof thirty. It is, therefore,too low

in therankingto bedisplayed.

In thesecondcluster, �nding relevantdocumentsis not asstraightforward. Figure3.3

shows a secondsubsumptionhierarchy. The top level hasonly two choices.The choice

“f acsimile”seemsto bea morepromisingchoicethan“D Los Angeles,Sen,SB” because

“f acsimile”is closerto thequery(althoughit turnsout that“JunkFax” is achild of “D Los

Angeles,Sen,SB”1). Sincewearetrying to �nd relevantdocumentsasquickly aspossible

with humanintuition, “f acsimile” is chosen. At the secondlevel, the choicesare “Sen,

SB” and“misdemeanor”.Neitherseemsto bea likely candidate,but giventhat thereare

only two choices,bothcanbeexploredquickly. As it turnsout “Sen,SB” leadsto “Junk

1This clustercontainedarticlesrelatingto SenateBills (SB) in theCalifornia StateLegislature.Within
articlesthat talked abouta bill sponsoredby a Democratic(D) Senator(Sen)from Los Angeleswereones
thatdiscusseda voteon junk faxes.
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Figure3.2. Lexical hierarchygeneratedfrom ®rst clusterof documentsfor TRECtopic317. In thelexical
hierarchythe®rst numberassociatedwith a termis alsothenumberof documentsin whichthetermappears.
The secondnumberis always1.00becausea child cannotoccurwithout its parentsincetheparentterm is
partof thechild.
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Figure3.3. Subsumptionhierarchygeneratedfrom secondclusterof documentsfor TRECtopic317.

Fax”, whichmeansthatrelevantdocumentshavebeenfound.Figure3.4showsahierarchy

generatedfrom the lexical algorithmusingthesamedocumentset. In this case,the hard

choiceis the �rst one. However, someoneinterestedin junk faxeswould probablythink

that“advertise” is a promisingcandidatesincejunk faxesarein factadvertisements,even

thoughthey did not think of usingthatword whenphrasingtheir query. Once“advertise”

is chosen,“JunkFaxAdvertisements”appearandrelevantdocumentsarefound.
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Figure3.4. Lexical hierarchygeneratedfrom secondclusterof documentsfor TRECtopic317.
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CHAPTER 4

CREATION OF HIERARCHIES

In order to createa hierarchy, several stepsmust be taken. First, the documentset

of interestmustbe identi�ed. This doesnot necessarilyhave to be a retrieved document

set. Instead,it could be a personalcollectionof papersor evenemail. Thesedocuments

areclusteredto provide homogeneousdocumentsetsfrom which topic hierarchiescanbe

made.Candidatetermsarethenselected.Finally, ahierarchyis createdthatcanbebrowsed

by people.

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

Table4.1. Characteristicsof theaverageclustercreatedusingk-meansandHAC.

4.1 Clustering

Many clusteringalgorithmshave beendevelopedover theyears.We choseto usetwo

differentalgorithmsin orderto determinetheeffectivenessof clusteringdocumentsbefore

creatingthehierarchy, andalsoto seeif the typeof clusteringusedhadany effect on the

hierarchiescreated.Thetwo algorithmswechosewereamodi�ed k-meansandanaverage-

link hierarchicalagglomerativeclustering(HAC) algorithm.Thesewerechosenprimarily

becauseof their popularityandeaseof implementation.

Thek-meansalgorithmrequiredmodi�cation becauseof its tendency to form singleton

andsmallclusters.Extremelysmallclustersmake it dif�cult to createsubsumptionhierar-
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chies.This is becausetermsmustco-occurin at leastthreedocumentsto beconsidereda

valid relationship.If thereareno interestingwordsthatmeetthis restriction,no hierarchy

will be createdfor the cluster. In orderto make surethata subsumptionhierarchycould

alwaysbecreated,aminimumsizeof sevendocumentswasused.Twelvedocumentswere

thenrandomlychosenasthe seedsfor clusters.A thresholdwasintroducedso that doc-

umentsthat werevery differentfrom all clustercentersdid not have to be placedwithin

a cluster. After examiningthesimilaritiesof documents,2.75waschosenempiricallybe-

causeanoverwhelmingmajority of documentsfell within this similarity, but it prevented

very dissimilardocumentsfrom beingincludedin a cluster. The k-meansclusteringwas

repeatedup to ten times. With eachiteration,clustersthat weretoo small wereaddedto

the leftover clusterandnew clusterseedswerechosenfrom amongthe documentsin the

leftovercluster. All documentswerereclusteredusingthesurviving clustersandthenewly

seededclusters.The iterationwould stopif no clusterswerecreatedthatweretoo small.

Table4.1containsinformationabouttheaverageclustersformed.

TheHAC clusteringalgorithmwasimplementedin thewaythatis describedin [Sah98].

Eachdocumentbeganasasingletonclusterandclusterswerejoineduntil thecorrectnum-

berof clusterswasformed. In this case,thirteenclusterswerecreatedfor eachdocument

set. Although singletonclusterswere never formed, somelarger clustersdid not yield

any subsumingrelationships,in which caseno hierarchieswerecreated.However, 83%

of theseclusterswithout hierarchiesalsodid not have any relevantdocuments.A lexical

hierarchycould alwaysbe created,regardlessof the numberof documentsin the cluster.

More informationabouttheaverageclusterscanbefoundin Table4.1.

Overall,HAC did abetterjob of groupingrelevantdocumentstogether. Some55.4%of

clusterscontainedno relevantdocumentswhentheHAC algorithmwasused,and47.1%

of clusterscontainedno relevantdocumentswhenthe k-meansalgorithmwasused. Un-

fortunately, 3.5%of theclusterscreatedusingHAC containednosubsumingrelations.All

clusterscreatedusingthek-meansalgorithmyieldedasubsumptionhierarchy.
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4.2 GeneratingStructures

After the clustersare created,a subsumptionhierarchyand a lexical hierarchyare

formed for eachcluster. Both hierarchiesrely on phrasesextracted. We usea phrase

identi�cation processcreatedfor `in-house'useat theCIIR, Universityof Massachusetts.

Thesephrasesaresimilar to theonesextractedby [AT99] but do not limit phrasesto four

words.Thesubsumptionhierarchiescreatedin [SC99]includeLCA termsandsingleterms

aswell. Becauseweareinterestedin creatinghierarchiesin situationswhereaqueryis not

available,we alsocreatehierarchiesthat do not make useof LCA termsto measurethe

contributionof theseterms.

Neither[AT99] nor [NWP99] form hierarchiesof thetype in which we areinterested.

In orderto form ahierarchythatis morethantwo levelsdeep,weemploy amethodsimilar

to what [NWP99] doeswhencreatingthe rulesfor a context free grammar. In our case,

singlewordsarelocatedat thehighestlevel in thehierarchy. In thesecondlevel, all combi-

nationsof two wordphrasesareexamined.If any otherphrasecontainsthesametwo-word

combination,thephrasesarecon�atedandappeartogetheratthenext level in thehierarchy.

All phrasesat a givenlevel aredisplayedin orderof their dispersion.If multiple phrases

have thesamedispersionlevel, they arerankedby thenumberof documentsthat include

thephrase.All phrasesthat containuniquetwo word combinations,even if thephraseis

longerthantwo words,will appearon thesecondlevel in thehierarchy.

Thesubsumptionhierarchiesarecreatedin thesameway asdescribedin Chapter2.3:

candidatetermsareidenti�ed, subsumptionrelationsarefound,andthe relationshipsare

organizedinto a hierarchy. The only differencethat we employ is in the usethe LCA

terms.For somehierarchiesweexcludetheLCA termsfrom thecandidateterms;however,

someof thesetermswill beincludedregardlessof theexclusionbecausethey areidenti�ed

throughtheotherselectionprocesses.

Onceall therelationshipsaredetermined,thehierarchiesneedto bedisplayedin such

away thatpeoplecaneasilyview them.We choseto continueusingthehierarchicalmenu
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systemthatwasusedin [SC99]. Themenusystem[DHTMLAB] is capableof presenting

ahierarchywithin awebbrowser.
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CHAPTER 5

EVALUATION

We evaluatethehierarchiesfrom two perspectives.First,weexaminehow quickly one

could �nd all relevantdocumentsif oneknew which nodesin thehierarchyheld relevant

documents.This is donebecausethe intendeduseof the hierarchiesis to �nd relevant

documents.Next, we examinethesimilaritiesof thedifferenthierarchies.By quantifying

thesimilarity, we canlearnmoreaboutthestrengthsandweaknessesof the two methods

of creatingtopichierarchies.

5.1 Scoring the Hierar chies

Thescoringalgorithmestimatesthetime it takesto �nd all relevantdocumentsby cal-

culatingthe total numberof menusthat mustbe traversedandthe numberof documents

thatmustberead.Thealgorithmaimsto �nd anoptimumroutethroughthehierarchytrav-

eling to nodesthathold thegreatestconcentrationof relevantdocuments.Sincewe begin

with theknowledgeof wherethedocumentsarelocated,ouralgorithmiteratesthroughall

relevantdocumentsandassignsapathlengthto each.Any relevantdocumentsnot foundin

thehierarchy(which is possible)areassignedapathlengthof negativeoneasanerror�ag.

Thetotal pathlengthfor a hierarchyis thesummationof all non-zero(relevant)document

paths.

Figure5.1showsthepathlengthalgorithm.Giventhatdocumentsoftenbelongto more

thanonemenu,it is necessaryto choosewhich of thesewill beusedwhencalculatingthe

path. To do this, we breakthe menusinto two groups. The �rst groupconsistsof leaf

menus. Thesetypesof menusare favored becausethey tend to have a smallernumber
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Figure 5.1. Algorithm assignsa pathlengthto eachrelevantdocument.

of documentsassociatedwith them. Smallerdocumentgroupsarealsolikely to bemore

homogeneous.From amongtheseleaf menus,we favor the menuwith themostrelevant

documentsbecausewe arecomputinganoptimalpath.If thereareno leaf menus,thenall

menuscontainingthedocumentareconsidered.In thiscase,wefavor menusthatcontaina

smallnumberof documents,sinceit is unlikely thata humanwould readmoredocuments

thannecessary. Thepathto a relevantdocumentis composedof thepreviouslyunexplored

menusthat are traversedto reachit, andthe unreaddocumentsassociatedwith the �nal

menu.Sincethedocumentsbelongingto aparticularmenuitemarenotsortedin any way,

it is assumedthatuserswill have to readall new documentsin thegroupin orderto �nd

therelevantone(s).

Althoughthis algorithmleadsto a succinctanalysisof thehierarchy, it is worth noting

thatit containscertainsimplifying assumptions.First,all documentsareregardedasequal

despitetheexpectedvariability in documentlength.Similarly, all menusaretreatedequally

despitethevariability in their length.Finally, whencomputingthepathlength,documents
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andmenusare treatedthe same;i.e. the time andeffort requiredto reada documentis

regardedasbeingthesameasthatto readamenu.

5.2 Finding Overlap

In orderto �nd overlap,weexamineall parent-childpairswithin two hierarchies.Since

thetermpairsde�ne thehierarchy, thiscomparisonprovidesaway to measurehow similar

onehierarchyis to another. It is fairly straightforward to countthenumberof termpairs

that two hierarchieshave in common. The dif�culty comeswhentrying to expressthis

numberin ameaningfulway. Theproblemis thatnotwo hierarchieshavethesamenumber

of pairs, so comparingthe raw numberof overlappingpairs is meaningless.Instead,a

ratio comparingthenumberof overlappingpairsto thetotal numberof pairsin oneof the

hierarchiesis used. This meansthat if hierarchyA has1000term pairs,hierarchyB has

1500termpairs,andthehierarchiesshare500pairs,thentheratiowith regardto A is
�

� and

theratio with regardto B is
�

� . Theproblemwith this methodis thatin orderto know how

eachhierarchyrelatesto all otherhierarchies,onewould have to perform �

�

comparisons.

However, even without comparingevery singlehierarchyto every other, onecanget an

ideaof how muchthe different typesof hierarchieshave in common,andhow different

groupingsof documentsetsaffect thehierarchies.
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CHAPTER 6

RESULTS

Our experimentsaredesignedto reveal two maincharacteristicsaboutthehierarchies

involved. First, we want to determinethe differencebetweensubsumptionand lexical

hierarchies.Next, we want to determinewhat effect clusteringthe documentsetshason

thehierarchies.We arealsointerestedin two other�ner detailswithin thecreationof the

hierarchies.We want to examinethe contribution of the LCA termsto the subsumption

hierarchies,andto determineif any preferenceis givento thetypeof clusteringperformed.

Our experimentsmake useof TREC topics 301-350and associatedrelevancejudg-

ments. We have retrieved 500 documentsusing InQuery [CCH92] for eachof the 50

queries. We treata setof 500 documentsfor a given queryasa documentset. A num-

berof hierarchiesaregeneratedfor eachdocumentset.Theseincludehierarchiesof three

differentgroupingsof thedocumentsets:oneclusteredusingk-means,oneclusteredusing

HAC,andtheotherleft asasingledocumentgroup.For eachof thesethreegroupings,sub-

sumptionhierarchiesarecreatedthatmake useof LCA termsandhierarchiesthatdo not

useLCA terms.Lexical hierarchiesarealsocreatedfor thethreedocumentgroups.LCA

playsno partin lexical hierarchies,sothatvariationis notusedin thelexical hierarchies.

Hierarchiesareassigneda path lengthscoreusing the algorithmdescribedin Chap-

ter 5.1. A lower scoredenotesa superiorhierarchy. We compareour hierarchiesto those

formedthrougha randomsubsumptionprocess,aswell as to eachother. Randomhier-

archiesareformedin thesamemannerassubsumptionhierarchies(asdescribedin Chap-

ter2.3)exceptthatwhenall termsarecomparedto all otherterms,randomselectionis used

to form parent-childpairsinsteadof thesubsumptioncriteriafrom Equation2.1.
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Hierarchy % nopath
Lexical 5.1%
ClusteredSubsumptionwith LCA 2.5%
ClusteredSubsumptionwithoutLCA 11.2%
UnclusteredSubsumptionwith LCA 1.90%
UnclusteredSubsumptionwithoutLCA 28.70%
Random 13.8%

Table 6.1. Thepercentageof relevantdocumentswhich have no pathin thehierarchywith regardsto the
totalnumberof relevantdocumentsretrievedfor a query.

Onceall thehierarchiesarescored,they arecomparedonabasisof theaveragepathto

adocument.This is usedinsteadof doingastraightcomparisonof thetotalpathlengthbe-

causeit is possiblethatsomerelevantdocumentsareunreachable.Thetotalpathlengthfor

aparticularhierarchycouldendupbeingshortersimplyby leaving outrelevantdocuments.

By usingtheaveragepathlength,weneitherrewardnorpenalizeahierarchyfor excluding

relevant documents.It was found empirically that randomlygeneratedhierarchieswere

more likely to leave relevant documentsout of the hierarchythan the otherhierarchies,

except when a single subsumptionhierarchywas generatedfor the entire documentset

without usingLCA. This particulargroupof hierarchiesneedstheLCA termsbecausethe

documentsetis lesshomogeneousthanwhenthedocumentsetis �rst clustered.Theaver-

agepercentagesof relevantdocumentsin thehierarchiesthatcontainno pathto a relevant

documentarefound in Table6.1. Thesepercentagesarebasedon thenumberof relevant

documentsexcludedcomparedto thetotal numberof relevantdocuments.
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CHAPTER 7

COMPARING TOPIC HIERARCHIES

The evaluationof the hierarchiesbasedon the averagepath lengthsshowed extreme

differencesamongthemethodsusedto createtopichierarchies.Usingthismeasure,lexical

hierarchiesgave remarkablypoorerresults.Whencomparingclustereddocumentgroups,

thesubsumptionhierarchyoutperformedthelexical hierarchyfor at least34queries.When

thesubsumptionhierarchyhada smallerpath,it wason average4.8unitsshorterfor each

relevant document. For the remainingqueriesin which lexical hierarchieshad smaller

documentpaths,thesepathswereonly 1.53unitsshorteronaverage.Thepathswereequal

in onecasewhereInQueryretrievedno relevantdocumentswithin thedocumentset. The

unclustereddocumentsetshowedanevengreaterdifferencein performance.Exactresults

canbefoundin Table7.1.

WeperformedANOVA (ANalysisOf VAriance)on thetwelvevariationsof hierarchies

includingrandomhierarchies.To linearizethedatafor theANOVA, weperformedaloglog

transformon theaveragepathlength. All multiple comparisonsweredoneusingTukey's

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

Table 7.1. Thenumberof timesonehierarchy(subsumptionor lexical) hada smallerpathlengthandhow
muchshorterthepathlengthusuallywas. For eachtypeof grouping(k-means,HAC, andsingle),a lexical
hierarchyis comparedto bothasubsumptionhierarchycreatedusingLCA andonethatdid notuseLCA.
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Figure7.1. ThegroupsindicatethosehierarchieswhichANOVA foundindistinguishablefor p � 0.05.

HonestSigni�cant Dif ference(HSD). Figure7.1 shows how the hierarchieswereranked

bothabsolutelyandwheresigni�cancewasfound(p � 0.05).It shouldbenotedthatTREC

topic305wasleft outof all ANOVA analysisbecausetherewerenorelevantdocumentsin

thedocumentset.Becausethisgaveapathlengthof zero,it wouldonly addto noiseto the

data.SeeAppendixA.1, TableA.1 for ANOVA table.

FromtheANOVA analysis,it canbeseenhow poorlylexical hierarchiesperformatthis

task. Theproblemis that lexical hierarchiesdo not alwayscreatesmalldocumentgroups

at its leaves. In fact,in Figure3.2 the leaf “�rst fax”, which is fourteenthin thelist, hasa

documentgroupof 124documents.Sincetheaveragepathlengthlooks for a leaf cluster

with themostrelevantdocuments,it is morelikely to pick largerdocumentclusters,even

thoughthealgorithmchoosesthesmallestclusterfrom amongtheclusterswith themost

relevantdocuments.This factoralsocauseslexical hierarchiesto performworsethanthose
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that wererandomlygenerated.Although randomhierarchiesconsistof randomlyrelated

pairs,pairsarestill orderedonfrequency of occurrencewithin documentsetsasin thesub-

sumptionhierarchiesanddocumentsareassignedto the hierarchycorrectly. This means

thatclustersat theleavesaresmallerfor randomhierarchiesthanthey arefor lexical hierar-

chies.This problemis magni�ed in theunclusteredlexical hierarchy, becausetherecould

beaphrasethatoccursin almostall therelevantdocumentsanda largeportionof thenon-

relevantdocuments.Only generalphrasesarelikely to do this, somany moredocuments

areaddedto thepathlength.Comparinglexical hierarchiesto a randomhierarchythathad

similar leaf characteristicsto thelexical hierarchywouldyield moreinterestingresults.

Figure7.1 alsoshows that the clusteredsubsumptionhierarchiesarenot signi�cantly

betterthanthe randomhierarchywhenk-meansclusteringis used. Furtheranalysiswas

donecomparingthefour typesof hierarchieswhenk-meansclusteringis used.An ANOVA

analysisrevealedthatthehierarchywith LCA is signi�cantly better(p
�

0.00005)thanran-

dom; however, the hierarchywithout LCA wasindistinguishablealthoughslightly better

(p
�

0.05). Thereasonthat randomhierarchiesperformednearlyaswell assubsumption

hierarchieswithoutLCA is thattherandomhierarchystill dividesthedocumentsetup into

smallergroupsthat enablethe averagepath length to perform fairly well. It shouldbe

notedthattheactualpairshave almostnothingin commonwith non-randomsubsumption

hierarchies,asshown in Figure7.2.Therandomhierarchyis dividing thedocumentsetdif-

ferently, eventhoughit is equivalentto subsumptionhierarchieswithoutLCA asfar asthe

averagepathlengthis concerned.However, whenall typesof hierarchygroupingsarecom-

bined,thereis a signi�cant differencebetweenrandomandthe two typesof subsumption

hierarchies.SeeAppendixA.2, TableA.2 for ANOVA table.

Whencomparingthe similarity of the relationsusedin the two typesof hierarchies,

thereis very little overlapbetweensubsumptionandlexical hierarchies.For all compar-

isonsof lexicalhierarchiestosubsumptionhierarchies,therewaslessthana10%similarity.

In Figure7.2thesimilaritiesareshown amongall thecomparisons.

26



Figure 7.2. 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

Table 7.2. The numbertimesa hierarchy(clusteredor single)hada smallerpathlengthandhow much
shorterthepathlengthusuallywas.

7.1 Effectivenessof clustering

Figure7.1shows thatfor almostall variations,clusteringdoessigni�cantly betterthan

thesinglegrouphierarchycreatedin thesameway. In fact,accordingto theANOVA anal-

ysisthatdividedthedataamongdocumentgroupingmethodsatasigni�canceof p
�

0.01,

clusteringoutperformeda singlehierarchyfor both subsumptionandlexical hierarchies.

SeeAppendixA.2, TableA.2 for ANOVA table. Clusteredhierarchieshada shorterav-

eragepathlengtha majority of the time andusuallyby a wider margin. Theseresultsare

shown in Table7.2.

Whencomparingthesimilarity of thesingleandclusteredhierarchies,Figure7.2shows

thatsinglehierarchieshave moreoverlapwith clusteredhierarchiesthanclusteredhierar-
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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

Table 7.3. Thenumbertimesa hierarchy(createdusingLCA or not) hada smallerpathlengthandhow
muchshortertheaveragepathlengthusuallywas.

chieshave with singlehierarchies.This implies that clusteredhierarchiesdiscover more

relationsthansinglehierarchies.

7.2 LCA contribution

Figure7.1showsonly insigni�cant differencesbetweenusingLCA andnotusingLCA.

When hierarchieswere comparedusing ANOVA analysisof only other hierarchiesthat

usedthe samedocumentgroupings,the only groupingthatportrayeda signi�cant differ-

ence(p
�

0.04) was k-means. Both single and HAC revealedtherewas no signi�cant

differencefor p
�

0.05.Table7.3shows thatthenumberof timesthatonehierarchyhasa

shorteraveragepathlengththananotheris moreevenlydistributedthanin previousexam-

plesandthedifferencein theaveragepathlengthis notasgreat.

Whencomparingthe similarity of subsumptionhierarchiescreatedwith the two vari-

ations,Figure 7.2 revealsthat two typesof hierarchiesshareat least40% of the same

relations,which is morethanwhenhierarchiesarecomparedacrossthedifferentgroupings

of documents.In fact,63%of thesamerelationsarefoundwhenHAC is used.This is the

mostsimilarity of any comparisonsof subsumptionhierarchies.

The only signi�cant differencebetweenthe two techniquesis the numberof relevant

documentsincludedin the hierarchy. For singlehierarchies,over a quarterof the rele-

vantdocumentsareexcluded.This is particularlyunsatisfying.However, whenclustering

is usedthis falls to a tenthof the relevant documents.This is still a fairly large number

of relevant documents.Perhapsdevelopinga hybrid of subsumptionand lexical hierar-
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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

Table 7.4. Thenumbertimesa hierarchy(clusteredusingk-meansor HAC) hada smallerpathlengthand
how muchshortertheaveragepathlengthusuallywas.

chieswouldhelpwith theinclusionof morerelevantdocumentssincea lexical hierarchy's

strengthis in thenumberof relevantdocumentsincludedin thehierarchy.

7.3 Comparing clustering methods

Themethodof clusteringalsowasfoundto have little effect on thequality of thehier-

archiescreated.Thevariationof thenumberof relevantdocumentsleft out of a hierarchy

waslessthan2% for both. Figure7.1 revealsvery little differencebasedon the type of

clusteringused. In fact, therewasno signi�cant differencewhenANOVA analysiswas

performedon clustersonly. HAC wasranked�rst for eachvariation,but not with signi�-

canceof p
�

0.05. Table7.4 shows thenumberof timesthatonehierarchyhasa shorter

averagepath length than another. It is very evenly distributedand the differencein the

averagepathlengthis small.

The overlap found whencomparingone clusteringmethodto anotheris moderately

high in all threeof thevariationsusedto generatehierarchies.Both methodsof clustering

�nd roughly the samenumberof comparisons.This is illustratedin Figure7.3. Given

a methodof generatingthe cluster, eachbar is roughly the sameheight,unlike whenhi-

erarchiescreatedfrom a singlegrouparecomparedto clusteringwherethebarsarevery

differentheights.
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Figure 7.3. The amountof overlap betweenmethodsof clusteringwhen the type of methodusedto
generatethehierarchyis heldconstant.
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CHAPTER 8

FUTURE WORK

Thereremainmany openresearchquestionswith regardsto this work. One is how

usefulthesehierarchiesarefor a personto �nd relevantdocuments.Giventheexamplein

Chapter3, thesehierarchiescanbeusefulsomeof thetime,but auserstudywouldneedto

beconductedin orderto evaluatetheusefulnessof thehierarchiesin general.

A secondquestioninvolves the integration of subsumptionand lexical hierarchies.

Thesetwo hierarchiesemphasizedifferentrelationships.Eachmightbeimprovedby using

informationgainedfrom theotherhierarchy. For example,theorderingof thesecondlevel

of the hierarchyshown in Figure3.2 shouldhave had“Junk Fax” ranked higherso that

it would not have beenleft out of the hierarchywhenthat particularlevel wastruncated.

Using the informationin thesubsumptionhierarchymight have preventedthis from hap-

pening.Anotherapproachmight beto scoreaphrasebasedonhow interestingit is similar

to theway thatthesubsumptionhierarchieschoiceconceptsfor thehierarchy.

Oneof themain problemswith the lexical hierarchyis its naive approachto termse-

lection. Although usingwordsthat appearfrequentlyin phrasescangive onean ideaof

subjectof a groupof documents,oneshouldalsoconsiderthe fact that somewordsgen-

erally appearfrequentlyin phrases.Thesewordsshouldnot be ranked ashighly, but in

this methodthey are. This naiveteextendsto the rankingof phraseswithin eachmenu.

Uninterestingphraseslike “�rst fax” in Figure3.2 areranked very high. Using someof

thetechniquesdevelopedfor subsumptionsuchasscoringthetermsmayimprovethis. An

alternativecouldbeto uselanguagemodelsto determinethevalueof aphrase.
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While lexical hierarchiessuffered from the problemof picking out sub-themesin a

documentset,subsumptionhierarchiesweremorelikely to ignorethemesanddocuments.

Thiscanbeseenin thedropin thenumberof relevantdocumentsincludedin thehierarchy

whenLCA is usedrelative to whenit is not used. Incorporatingthe termsin the lexical

hierarchywould be oneway to approachthis problem;however given the way thesethe

lexical hierarchytermsareselected,thereis greatuncertaintyaboutthebene�tsof suchan

approach.A betterapproachmightbeto uselanguagemodelsin thetermselection.

Besidesusingthetopic hierarchiesto locaterelevantdocuments,many otherusesmay

be found. Oneway to utilize the hierarchieswould be to usethe exposedrelationships

in speci�c information taskswherecharacterizinga documentset is necessary. This is

beingexploredin thecontext of short�nancial news articles,wherea hierarchywasbeing

usedto �nd relationshipsamongcompanies.Althoughcompany namesareprevalentin the

documents,thesubsumptionhierarchyeliminatedthesetermsin the �nal evaluationstep.

Usingdifferenttermcriteriamight have exposedthecompany relationships.Onesolution

is to give thehierarchieshints in the form of a list of company namesthatareof interest.

This is similar to theuseof LCA termsin the hierarchiesdescribedin Chapter7.2. This

solutionis unsatisfyingbecauseweareinterestedin creatingahierarchythatcan�gure out

prevalentwithout any a priori information. This alsopointsto analternative methodsfor

termselection.
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CHAPTER 9

CONCLUSION

Hierarchiesprovidea convenientway to browsea documentcollection.Automatically

generatinga topic hierarchybringsto light informationthat is speci�c to the domainof

the documentset,asopposedto a manuallygeneratedhierarchy, which needsto suit all

usersand thus must be general. Given that the methodsexplored perform betterusing

homogeneousdocumentsets,clusteringprovidesanalternative to usinga ranked list,and

alsoallowsoneto usethesehierarchiesin instanceswhereaqueryis notpresent.

The evaluationmetricspresentedin this paperprovide a way to begin evaluationof

the hierarchieswithout requiringuserinput until well formedhierarchieshave beencre-

ated,thusenablinga userstudyto yield lessambiguousresults.The resultspresentedin

this papershow thatsubsumptionandlexical relationsarevery different,exposingfew of

the samerelations. The strengthof subsumptionlies in separatingdocumentsinto small

groups,whereaslexical hierarchiesdo a muchbetterjob of includingall documentsin the

hierarchy. This researchprovidessomeof the foundationneededto continuedeveloping

hierarchiesthatbestallow usersto locaterelevantdocuments.
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APPENDIX

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

TableA.1. 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,no LCA
� �

-0.0939 K-means,random
� �

-0.0387 HAC, random
� �

0.00613 HAC, lexical
� �

0.00795 Single,LCA
� � �

0.0331 Single,no LCA
� �

0.0773 K-means,lexical
�

0.15 Single,random

0.453 Single,lexical
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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

TableA.2. Summaryfor theANOVA analysisfor thecomparisonwhendatais split by documentgrouping
andby hierarchytype.Modelusedis loglog.

A.2 ANOVA for split hierarchies
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

35



BIBLIOGRAPHY

[Ani99] P. Anick. Automaticconstructionof facetedterminologicalfeedbackfor context-
basedinformationretrieval. PhDthesis.BrandeisUniversity, 1999.

[AT99] P. Anick andS. Tipirneni. Theparaphrasesearchassistant:Terminologicalfeed-
backfor iterative informationseeking.In Proceedingsof the22ndAnnualInterna-
tional ACM/SIGIRConference, pp.153-159,1999.

[CCH92] J. Callan,W. Croft, andS. Harding.The INQUERY Retrieval System.In Pro-
ceedingsof the3rd InternationalConferenceon DatabaseandExpertSystemsAp-
plications, pp.78-83,1992.

[Cro88] C. Crouch.A cluster-basedapproachto thesaurusconstruction.In Proceedingsof
the11thAnnualInternationalACM/SIGIRConference, pp.309-320,1988.

[CCN90] C. Crouch,D. Crouch,andK. Nareddy. The automaticgenerationof extended
queries.In Proceedingsof the13thAnnualInternationalACM/SIGIRConference,
pp.369-383,1990.

[CKPT92] D. Cutting, D. Karger, J. Pedersen,andJ. Tukey. Scatter/Gather:A cluster-
basedapproachto browsinglargedocumentcollections.In Proceedingsof the15th
AnnualInternationalACM/SIGIRConference, pp.318-329,1992.

[DHTMLAB] DHTMLAB, www.dhtmlab.com.

[FHLTKS93] N. Fuhr , S. Hartmann,G. Lustig, K. Tzeras,G. Knorz, andM. Schwant-
ner. Automatic Indexing in Operation:The Rule-BasedSystemAIR/X for Large
SubjectFields.Tech.Report,1993.

[HP96] M. HearstandJ. Pederson.Reexamining the clusterhypothesis:Scatter/Gather
on retrieval results.In Proceedingsof the 19th Annual InternationalACM/SIGIR
Conference, pp.76-84,1996.

[JD88] A. Jain and R. Dubes.Algorithm for ClusteringData. PreticeHall, Engelwood
Clif fs, N.J.,1988.

[KS97] D. Koller andM. Sahami.Hierarchicallyclassifyingdocumentsusingvery few
words.In Proceedingsof the 14th InternationalConferenceon Machine Leaning
(ML-97), pp.170-178,1997.

[NWP99] C. Nevill-Manning, I. Witten,andG. Paynter. Lexically-generatedsubjecthier-
archiesfor browsing large collections.InternationalJournal on Digital Libraries
2(2+3):111-123,1999.

36



[SM83] G. Salton and M. McGill. Introduction to Modern Information Retrieval,
McGraw-Hill BookCompany, New York, 1983.

[SC99] M. SandersonandW. Croft. Deriving concepthierarchiesfrom text. In Proceed-
ingsof the22ndAnnualInternationalACM/SIGIRConference, pp.206-213,1999.

[Sah98] M. Sahami.UsingMachineLearningto ImproveInformationAccess.PhDthesis.
StanfordUniversity, 1998.

[Spa71] SparckJones,K. AutomaticKeyword Classi�cation, Butterworths,London,1971.

[TREC] TREC97,TheSixthText RetrievalConference(TREC-6), Editors:E.M. Voorhees
andD. K. Harman,Departmentof Commerce,NationalInstituteof Standardsand
Technology.

[Van79] Van Rijsbergen C.J. Information retrieval (secondedition), Chapter3, Butter-
worths,London,1979.

[Wil88] P. Willett. RecentTrendsin HierarchicDocumentClustering:A Critical Review.
InformationProcessingandManagement24(5): 577- 587,1988.

[XC96] J. Xu andW. Croft. QueryExpansionusinglocal andglobaldocumentanalysis.
In Proceedingsof the19thAnnualInternationalACM/SIGIRConference, pp.4-11,
1996.

[Yahoo] www.yahoo.com

37


