DISCOVERING AND COMPARING TOPIC HIERARCHIES:
MASTER'S PROJECT

A ThesisPresented

by
DAWN LAWRIE

Submittedto the GraduateSchoolof the
Universityof Massachusett&mherstin partialful lIment
of therequirementgor the degreeof

MASTER OF SCIENCE
Decemberl 999

ComputerScience



ACKNOWLEDGMENTS

We would like to thank Mark SandersonJinxi Xu, and MehranSemrifor the useof
their algorithmsin this researchWe would alsolik e to thankRussellSwanfor his helpin
theexperimentalnalysisandCraigAllen for his helpful commentn previousdrafts.

This materialis basedon work supportedn partby the National ScienceFoundation,
Library of Congressand Departmenbf Commerceundercooperatre agreemenhumber
EEC-9209623This materialis alsobasednwork supportedn partby DefenseAdvanced
ResearclhrrojectsAgeng/ITO underARPA ordernumberD468,issuedby ESC/AXScon-
tractnumber-19628-95-C-0235Any opinions, ndings andconclusionor recommenda-
tionsexpressedn this materialarethe author(syanddo not necessarilye ect thoseof the

sponsor



ABSTRACT

DISCOVERING AND COMPARING TOPIC HIERARCHIES:
MASTER'S PROJECT

DECEMBER1999

DAWN LAWRIE
A.B., DARTMOUTH COLLEGE
M.S.,UNIVERSITY OF MASSACHUSETTSAMHERST

Directedby: ProfessoiV. BruceCroft

Hierarchieshave beenusedor organizationsummarizationandaccesso information,
yet alingeringissueis how bestto constructthem. In this paper our goalis to automati-
cally createdomainspeci c hierarchieghatcanbe usedfor bronvsinga documentsetand
locatingrelevantdocumentsWe examinemethodof automaticallygeneratindhierarchies
andevaluatingthem. To thisend,we compareandcontrastwo methodsf generatingopic
hierarchiedrom the text of documents:one, subsumptiorhierarchiesusessubsumption
relationsfoundwithin documensets,andthe other, lexical hierarchiesutilizesfrequently
usedwordswithin phrasesOur evaluationshavs thatsubsumptiorierarchiegivide doc-
umentsanto smallergroups allowing oneto nd all relevantdocumentsvithoutlooking at
asmary non-releantdocumentsHowever, suchhierarchiesaaremorelik ely to containno
pathto arelevantdocument.Lexical hierarchiesxcludeonly 0.5% of therelevantdocu-
mentswithin the hierarchy whereasubsumptiorhierarchiesxclude6.9%of therelevant

documents.
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CHAPTER 1
INTRODUCTION

Hierarchiesareanintuitive wayto describenformation. They have beenusedfor thou-
sandof years.In moderntimes,onecan nd organizationakystemshatutilize hierarchies
in the Library of Congressyahoo,andthe personalle cabinet.They have alsobeenused
asa tool for classi cation, asin the eld of Biology. They arealsothe structuralbasis
of newspapers.Becausepeople nd themeasyto understand,nding waysto automati-
cally generatehierarchiesvould be advantageoussincesuchhierarchiescanbe usedfor
summarizingandbrowsinglarge documensets.

Currently most hierarchiesare createdmanually Becauseso much work goesinto
their generationhierarchiesarevery generaln orderto meetthe needsof a large number
of users.Let usbrie y consideranindividual with interestsn gold mining using Yahoo!
[Yahoo],atypicalgeneral-purposkierarchy Therearetwo mainlocationsin thehierarchy
whereinterestingdocumentsnight be found “Home  Recreation Hobbies Rocks,
Gems,andMinerals Prospecting’and“Home BusinessandEconomy Companies

Mining andMineral Exploration PreciousMetalsandDiamonds Gold”. Theformer
is further classi ed into Organizationsand Equipment.Thelatteris furtherclassi ed into
Organizationshowever, thereare98 documentsinder‘Gold”, andonly ashortdescription,
if that, to distinguishthem. As a generalhierarchy Yahoo! cannotafford to spenda
disproportionat@mountof resource®n organizinggold mining becaus¢hatwould mean
anothertopic would have to be neglected.Fromthe users point of view, however, further
classi cationwould improve informationsearch.Automatically generatinghe hierarchy

from the“gold mining” documentss onesolutionto this problem.



Generatinghierarchiess not a new goalfor informationretrieval, andtherehave been
pastattemptsusing automatictechniques.One exampleis [Cro88], which automatically
generateshesauri;however, the generatedhesaurusvas not “humanusable”. Another
exampleis Scatter/GathefCKPT92] in which clusteringis usedto createdocumentier
archies.However, becaus®f the natureof clustering fully explainingthe contentsof each
level in the hierarchyis dif cult.

Recently new typesof hierarchiedhave beenintroducedthatrely onthetermsusedby
a setof documentgo exposesomestructureof the documentcollection. One suchtech-
niqueis lexical modi cation [NWP99, AT99] andanotheris subsumption[SC99. These
two technigquesare promisingbecausehey give fairly completesummariesof the docu-
mentset. However, thetwo methodsusevery differenttechniqueso createthehierarchies.
Lexical modi cation relieson phrasesvithin adocumentandcreatesa hierarchyby using
frequentlyusedtermswithin the phrasesasparents.The full phrasesaretreatedas chil-
dren. Subsumptionooksat bothwordsandphrasesn thedocumenset. It determineghe
probability that oneterm co-occurswith another If aterm normally occurswith another
term,thenthelattertermsubsumesheformerterm.

Thesetechniqueswork well for fairly homogeneousetsof documentsyet are less
effective for largerdocumentets. This is especiallytrue for lexical modi cation because
thenumberof key termscanbeimmense By choosingany mostfrequentsubsetimportant
relationshipscanbeleft out. However, whenthe documentsetis morehomogeneousghis
becomedessof a problem.Subsumptionnds moresubsumingelationsin homogeneous
groupsof documentsThisis probablybecauséermsaremorelik ely to beusedn thesame
way within similar documents.

Clusteringhaslong beenusedto groupdocumentslin this paperwe investigateheuse
of clusteringto improve hierarchiegonstructedvith subsumptiomndlexical relationships.

Anotherfocusof this papers to addresgheissueof evaluation.As previouswork has

shawvn, evaluatingsuchhierarchiegs a challengingtask[SC99. Althoughhierarchiesare



designedo be usedby people,userstudiesgenerallygive ambiguougesults. Alternative
methodsof evaluationwould be very useful. In this paper we develop two metrics of
evaluation.The rst measureshe speedvith which relevantdocumentganbe found,and
the otherquanti esthesimilarity amongdifferenttechnique®f generatindnierarchies.

In the next chapterwe discussprevious work on topic hierarchiesandclusteringtech-
niques. In Chapter3, an exampleis givenof how topic hierarchiescould be usedto nd
relevantdocumentsin Chapterd, the creationof the hierarchiess explained.Our evalua-

tion methodsarediscussedn Chapters, andresultsaregivenin Chapter6.



CHAPTER 2
BACKGROUND

2.1 Clustering methodologies

Clustering, like hierarchies,is a methodof organizationthat hasbeenpracticedfor
mary yearsandappliedto mary elds. Within the eld of informationretrieval, two types
of clusteringhave beendeveloped:the clusteringof document&ndthe clusteringof terms.
Documentclustersarecreatedon the basisof commontermsamongthe documentsTerm
clustersarebasedon the documentsn which they co-occurfWil88]. Clusteringhasbeen
usedwithin two differentervironments- browsingandretrieval. Scatter/GatheflCKPT9Z
is an exampleof usingdocumentclusteringfor browsing whereusersare presentedvith
clustersin orderto locaterelevantdocuments.Documentclustershave beenusedfor re-
trieval in the SMART environment[SM83], wherequeriesare rst comparedo document
clustercentroidsandthenwith theindividualdocument®f theclustersvhosecentroidsim-
ilarity is sufciently large. [Spa71]and[CCN9(Q areexamplesof usingterm clustersfor
retrieval. [Spa7l]usestermclustersto nd similaritiesamongkeywordsin orderto iden-
tify termsthat could be substitutedn a query In [CCN90] documentsare rst clustered
usingthe contenttermvector avectorof thetermsin theoriginal query Theclusterthatis
mostsimilar to the contentterm vectoris usedto extendthe querywith non-content-term
subvectorsfrom thedocumentsn the selectectluster

In this paperwe usedocumentlusteringto createmorehomogeneougroupsof doc-
uments.Two typesof documentlusteringhave beenexplored: non-hierarchiandhierar
chic. Non-hierarchiclusteringmethodgartitionadocumensetinto groupswheresimilar

documentsrefoundin thesameclusterandareseparatedrom dissimilardocumentsThe



only wayto beassureaf achiezing anoptimalpartitionin thenon-hierarchignstances to
compareall possiblepartitionsandchoosethe best. Becausehis taskis infeasiblefor ary
realisticdocumenset,heuristicshave beendevelopedthatproducesub-optimalpartitions.
Generallythis is doneby partitioninga setof N objectsinto C clusterswhile minimizing
the total within-clustersumof squaredor eachcluster One exampleof this techniques
thek-meansalgorithm[JD8§. Hierarchicclusteringmethodsncrementallydivide or com-
bine clusters.This createssmall clustersof very similar documentsvithin larger clusters.
Theprocesghatcreatesheseclusterscanbevisualizedusinga binarytreewherethe root
of the treeis the entiredocumentcollectionandthe leavesarethe individual documents.
Nodesin the middle of thetreerepresentlustersthatareformedduring the executionof
the clusteringprocedure Onemethodis hierarchicagglomeratie clustering,wheredocu-
mentclustersbegin assingletonclustersandjoin in N-1 operationgo form asinglecluster

[Van79].

2.2 Useof hierarchiesfor browsing

As in clustering hierarchiesanbecreatedhataredocumenbrientedor termoriented.
A document-orientedhierarchyis onein which the documentsare divided at eachlevel
in the hierarchy A term-orientechierarchyusestermswithin the documentdo form a
hierarchicaktructure Documentsareattachedo nodesn somepredeterminedashion.

Documentlusterssuchasthosecreatedisingagglomeratie clusteringhave beenused
to try to communicatenformationaboutdocumentsets. Scatter/GathefCKPT9Z is one
suchexamplewhereuserssearchfor relevantdocumentsy selectingmultiple high level
clusters. At eachlevel in the hierarchy fewer documentgemainto be re-clustered.The
problemwith this approachss that the polythetic clustersusedhave, by de nition, mary
termsin commonbut no speci ¢ termis requiredfor membership.Becauseof this, it is
dif cult to communicatéhe contentsof acluster For example,in [CKPT92]threeclusters

areidenti ed: oneaboutthe Gulf War, oneaboutoil salesand stockmarkets,anda third



aboutEastandWestGermar. Whenthesethreeclustersarere-clusteredit is revealed
thatsomeavherewithin oneof theseclustersaredocumentsboutPakistan,Trinidad,South
Africa, andLiberia.

Term-orientechierarchiehave beenmuchmorecommonandmake up a large portion
of themanuallycreatechierarchiesuchasMeSH(MedicalSubjectHeadingsandYahoo!.
One areaof researchhasbeen nding waysto automaticallyindex documentsoncethe
hierarchiesarecreated Examplesf suchwork include[KS97] and[FHLTKS93]. [KS97]
usesBayesianclassi ersto classifydocumentsinderpre-&isting topicsin the hierarchy
[FHLTKS93] determineshetermsthatshouldbe usedto index adocument.

A dravbackof usingprede nedhierarchiess thatthey are not adaptableo varying
interestsor to changesn the documentcollection. It would be of greatvalueto develop
away to createhierarchieghatwould bothfully communicatdo peoplethe contentsof a
documentset,andnot be prede ned. Term-orientechierarchiesseembettersuitedto this

task.

2.3 SubsumptionHierar chies

Oneway to createa hierarchyof termsis usingthe notion of subsumption.Givena
setof documentssometermswill frequentlyoccuramongthe documentswhile others
will only occurin afew documents.Someof the frequentlyoccurringtermswill be ones
thatprovide a lot of informationaboutthe topicswithin the documentsin fact, thereare
sometermsthatbroadlyde ne thetopics,andothersthatco-occumwith ageneratermand
explain aspect®f atopic. Subsumptiorattemptgo harnesshe power of thesewords.

A subsumptiorhierarchyasdescribedn [SC99 hasthefollowing characteristics:

a meansof associatingermssothatit re ects the topics coveredwithin the docu-

ments,

within theassociationa parenttermis moregenerakhanits child,



atermsubsumeasll of its descendentsothattransitiity holds,
achild mayhave morethanoneparent.

Thesecharacteristicareachiezed by de ning subsumptioras

and (2.1)

Thusx subsumey if the documentsn which y occursare a subsetor nearly a subset
of the documentsn which x occurs. The secondrule ensureghat if both termsoccur
togethemrmorethan80% of thetime !, the mostfrequentlyoccurringtermwill be chosen
asthe parent. If the termsco-occurexactly the samenumberof times,the two termsare
combinednto a singleunit.

Onceonehasde ned a notion of subsumptionthe candidateermsmustbe selected.
[SC99 intendedsubsumptiorhierarchiesto be usedafter retrieving documentsusing a
query In this casetermscanbe selectedrom boththe documentandthe query Query
termsare a very good way to focus the hierarchyin this situation, sincethey describe
the interestof the user Mary techniqueshave beendevelopedthat help expandqueries;
Local Contect Analysis(LCA) [XC96] is usedhere. Documenttermsareidenti ed from
singlewordsthatappeaiin the bestpassag®f the documentandphrasesA bestpassage
is de ned asthe portion of the documentthatis most similar to the query Document
termsare selectecby comparinga term's frequeng of occurrencan the setof retrieved
documentswith its occurrencen the collection as a whole. Termsthat are "unusually
frequent'in the retrieved setcomparedo their frequeng in the collection are selected.
This list of termsis sortedbasedon score,andthe top N termsaredesignatedor usein
thesubsumptiorierarchy Theselectedermsfrom thedocument&ndthequerytermsare

listedalongwith the documentsn which they occur Subsumptionelationshipsarefound

Thethresholdd.8 wasdeterminedempirically.



usingO( ) comparisonsFinally, extraneougelationshipsareremoved. Becauseof the
transitve natureof subsumptiontherewill besometermswherea subsumesb, a subsumes
¢, andb subsumes. Therelationa subsumes canbeeliminatedbecauset is redundant.

Relationsarealsoeliminatedif thetermsco-occurtogetherin two or fewer documents.

2.4 Lexical Hierarchies

Anotherway to createa hierarchyis by usingthe hierarchicalktructureof phraseghat
appearfrequently Creatingsucha hierarchyhasbeenexplored by mary peopleinclud-
ing [NWP99] and [AT99]. Both of theseexamplesrely on frequently occurringwords
within phrase®r nouncompound®f adocumensetto exposethetopicsof thatdocument
set.[AT99] introduceghelexical dispesionhypothesisvhich stateghat“a word's lexical
dispesion—the numberof differentcompoundshataword appearsn within agivendoc-
umentset— canbe usedasa diagnosticfor automaticallyidentifying key conceptof that
documenset’

Thereare mary ways of selectingthe phraseghatwill be usedfor candidatesn the
lexical hierarchy [NWP99] breaksall sequencesto hierarchiesn suchaway thateach
branchrefersto arule in a context freegrammar The highestlevel of the sequencgener
atestheentiresequenceyhich consistof uniquesequences thesentencandotherrules
thatmustoccurat leasttwice in the collection. For example,if the phrase‘probabilistic
contet freegrammargpcfgs)” appearedsa sequencetherulesto generatehis sequence
appearin Figure2.1. In this case,A is the highestlevel sequencend “(pcfgs)” is the
uniqueportionof therule. For the corpusthatwastestedn [NWP99], sequenceaveraged
9.6 non-terminals.

Anotherway to locatesequences to matchthe pattern ?adjectivenoun+ of two to
four termsin length,aswasdonein [AT99].

Oncethephrasesrechosenthey aredividedinto groupsbasednthetermsthatappear

in the phrasesThelexical dispersiorof eachtermcanthenbe calculated [AT99] studied



A B (pcfgs)

B  probabilisticC
C Dgrammars
D contetfree

Figure 2.1. Productiorrulesfor “probabilistic context free grammargpcfgs)”.

theeffectsof rankingthecandidateermsbasednlexical dispersiorandfoundthatin order
to studythedispersiorof atermthroughouthe documentollection,it is alsonecessaryo
examinethe numberof documentshatinvolve phrasesisinga particularterm. Otherwise,
alongdocumenthatuseghetermalarge numberof timescouldmake thattermseeniike
a muchbettercandidatethanit actuallyis. As arule, [AT99] ranked termsbasedon the
numberof documentghat contributedat leastonephrasef the dispersionievel exceeded

ve phrasesTheremaindemwereranked by dispersion.



CHAPTER 3

COMPARING TOPIC HIERARCHIES BASED ON A SINGLE
QUERY

Sincewe would like to usehierarchiego nd relevantdocumentsye comparetopic
hierarchiesasa demonstratiorf how they would be used.However, we realizethata user
studyis requiredto shaw the extentto which thesetypesof hierarchiecanbeusedto nd
relevantdocumentsThefollowing is a proof of concept.

In thisillustration,we will compardhehierarchiegeneratedrom documentsetrieved
for the TREC query[TREC] 317: “Unsolicited FaxesDescription:Have regulationsbeen
passedy the FCC banningjunk facsimile(fax)? If so, arethey effective?”. The reason
this particularexampleis chosenis that articlesusingthe phrase‘junk fax” arean easy
indicationof relevantdocuments.Five hundreddocumentsvereretrieved for this query
They werethenclusteredo createmorehomogeneoudocumengroups.Figure3.1shavs
a subsumptiorhierarchy In orderto nd relevantdocumentspnecanfollow a pathfrom
“fax” to “fax machine”to “junk fax”. Fromamongthe choices,on the rst level “fax”
seemdo bethebestchoicethatwill leadto arelevantdocument.Onemightthink to nd
“junk fax” on the next level, but sinceit is not there,“fax machine”asthe rst choice
seemso beafairly goodcandidate Onthenext level, “junk fax” is locatedhalf way down
the menu. For the samegroup of documentsFigure 3.2 shaws a lexical hierarchy One
would expectto follow the path“fax” to “junk fax” in orderto nd relevantdocuments.
Unfortunately the level underneatlif ax” doesnot containthe phrasefjunk fax”. It turns
out thatthis is dueto the way that phrasesareranked in the lexical hierarchy Priority is
givento phraseswvith high dispersion.Since“junk fax” is not partof ary larger phrasejt

only hasa dispersionevel of one. Anotherproblemis thatphrase®f the samedispersion

10



Figure 3.1. Subsumptiorhierarchygeneratedrom ®rst clusterof documentdor TREC topic 317. The
®rst of thetwo numbersassociatedvith a termis the numberof documentsn which theterm occurs. The
seconchumbergivesthe frequeng thatthetermis subsumedy its parent.

level areranked in orderof the numberof documentsn which they appear The phrase
“lunk fax” appearsn only six documentsgiving it arankof thirty. It is, thereforefoo low
in therankingto bedisplayed.

In thesecondcluster nding relevantdocumentss not asstraightforward. Figure3.3
shawvs a secondsubsumptiorhierarchy The top level hasonly two choices. The choice
“facsimile” seemdo be a morepromisingchoicethan“D Los Angeles,Sen,SB” because
“facsimile”is closerto thequery(althoughit turnsoutthat“Junk Fax” is achild of “D Los
Angeles,Sen,SB™). Sincewe aretrying to nd relevantdocumentssquickly aspossible
with humanintuition, “facsimile” is chosen. At the secondlevel, the choicesare “Sen,
SB” and“misdemeanor”.Neitherseemdo be a likely candidateput giventhatthereare

only two choicesboth canbe exploredquickly. As it turnsout “Sen, SB” leadsto “Junk

1This clustercontainedarticlesrelatingto SenateBills (SB) in the California StateLegislature. Within
articlesthat talked abouta bill sponsoredy a Democratic(D) Senator(Sen)from Los Angeleswereones
thatdiscussed voteon junk faxes.

11



Figure 3.2. Lexical hierarchygeneratedrom ®rst clusterof documentgor TRECtopic 317. In thelexical
hierarchythe ®rst numberassociateavith atermis alsothe numberof documentsn whichthetermappears.
The secondhumberis always 1.00 because child cannotoccurwithout its parentsincethe parenttermis
partof thechild.

12



Figure 3.3. Subsumptiorhierarchygeneratedrom seconcclusterof documentgor TRECtopic 317.

Fax”, whichmeanghatrelevantdocumentfiave beenfound. Figure3.4 shovs a hierarchy
generatedrom the lexical algorithmusingthe samedocumentset. In this case the hard
choiceis the rst one. However, someonénterestedn junk faxeswould probablythink
that“advertise”is a promisingcandidatesincejunk faxesarein factadwertisementsgven
thoughthey did not think of usingthatword whenphrasingtheir query Once“advertise”

is chosen; Junk Fax Advertisementsappeamrndrelevantdocumentsarefound.

13



Figure 3.4. Lexical hierarchygeneratedrom seconc:lusterof documentsor TRECtopic 317.

14



CHAPTER 4
CREATION OF HIERARCHIES

In orderto createa hierarchy several stepsmust be taken. First, the documentset
of interestmustbeidenti ed. This doesnot necessarilyhave to be a retrieved document
set. Instead,it could be a personalollectionof papersor even email. Thesedocuments
areclusteredo provide homogeneoudocumentsetsfrom which topic hierarchiexanbe

made.CandidatéermsarethenselectedFinally, a hierarchyis createdhatcanbebrowsed

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

Table 4.1. Characteristicef the averageclustercreatecusingk-meansandHAC.

4.1 Clustering

Many clusteringalgorithmshave beendevelopedover the years.We choseto usetwo
differentalgorithmsin orderto determinghe effectivenesf clusteringdocumentdefore
creatingthe hierarchy andalsoto seeif thetype of clusteringusedhadary effect on the
hierarchiesreated.Thetwo algorithmswe chosevereamodi ed k-meansandanaverage-
link hierarchicalagglomeratie clustering(HAC) algorithm. Thesewerechoserprimarily
becaus®f their popularityandeaseof implementation.

Thek-meansalgorithmrequiredmodi cation becausef its tendeng to form singleton

andsmallclusters.Extremelysmallclustersmake it dif cult to createsubsumptiorhierar

15



chies. Thisis becauseéermsmustco-occurin atleastthreedocumentgo be consideredch
valid relationship.If thereareno interestingwordsthatmeetthis restriction,no hierarchy
will be createdfor the cluster In orderto make surethata subsumptiorhierarchycould
alwaysbe createda minimumsizeof sevendocumentsvasused.Twelve documentsvere
thenrandomlychosenasthe seeddor clusters. A thresholdwasintroducedso that doc-
umentsthat werevery differentfrom all clustercentersdid not have to be placedwithin

acluster After examiningthe similaritiesof documents2.75waschoserempirically be-
causean overwhelmingmajority of documentdell within this similarity, but it prevented
very dissimilardocumentdrom beingincludedin a cluster The k-meansclusteringwas
repeatedip to tentimes. With eachiteration, clustersthat weretoo small wereaddedto

the leftover clusterandnew clusterseedswvere chosernfrom amongthe documentsn the
leftover cluster All documentsverereclusteredisingthe surviving clustersandthe newly

seedectlusters. Theiterationwould stopif no clusterswere createdthatweretoo small.
Table4.1containgnformationaboutthe averageclustersformed.

TheHAC clusteringalgorithmwasimplementedn theway thatis describedn [Sah98].
Eachdocumenbeganasa singletonclusterandclustersverejoineduntil the correctnum-
ber of clusterswasformed. In this case thirteenclusterswerecreatedor eachdocument
set. Although singletonclusterswere never formed, somelarger clustersdid not yield
ary subsumingrelationshipsjn which caseno hierarchieswere created. However, 83%
of theseclusterswithout hierarchiesalsodid not have ary relevantdocuments A lexical
hierarchycould alwaysbe created regardlesof the numberof documentsn the cluster
More informationaboutthe averageclusterscanbefoundin Table4.1.

Overall, HAC did abetterjob of groupingrelevantdocumentsogether Some55.4%of
clusterscontainedno relevantdocumentavhenthe HAC algorithmwasused,and47.1%
of clusterscontainedno relevantdocumentavhenthe k-meansalgorithmwasused. Un-
fortunately 3.5%o0f the clusterscreatedusingHAC containecdho subsumingelations.All

clusterscreatedusingthek-meansalgorithmyieldeda subsumptiorhierarchy

16



4.2 Generating Structures

After the clustersare created,a subsumptionhierarchyand a lexical hierarchyare
formedfor eachcluster Both hierarchiesrely on phrasesxtracted. We usea phrase
identi cation processreatedor “in-house'useat the CIIR, University of Massachusetts.
Thesephrasesaresimilar to the onesextractedby [AT99] but do not limit phrasego four
words. Thesubsumptiomierarchiesreatedn [SC99]includeLCA termsandsingleterms
aswell. Becauseve areinterestedn creatinghierarchiesn situationswvhereaqueryis not
available,we also createhierarchieghat do not make useof LCA termsto measurehe
contrikbution of theseterms.

Neither[AT99] nor [NWP99] form hierarchief thetypein which we areinterested.
In orderto form a hierarchythatis morethantwo levelsdeepwe employ amethodsimilar
to what [NWP99] doeswhen creatingthe rulesfor a context free grammar In our case,
singlewordsarelocatedatthehighestevel in thehierarchy In thesecondevel, all combi-
nationsof two word phrasesreexamined.If ary otherphrasecontainghe sametwo-word
combinationthephrasesrecon atedandappeatogethemtthenext levelin thehierarchy
All phrasesat a givenlevel aredisplayedin orderof their dispersion.If multiple phrases
have the samedispersionlevel, they areranked by the numberof documentghatinclude
the phrase.All phraseghatcontainuniquetwo word combinationsgvenif the phrases
longerthantwo words,will appeaionthesecondevelin thehierarchy

The subsumptiorhierarchiesarecreatedn the sameway asdescribedn Chapter2.3:
candidateermsareidenti ed, subsumptiorrelationsare found, andthe relationshipsare
organizedinto a hierarchy The only differencethat we employ is in the usethe LCA
terms.For somehierarchiesve excludethe LCA termsfrom thecandidatderms;however,
someof thesetermswill beincludedregardlesof theexclusionbecauséhey areidenti ed
throughthe otherselectionprocesses.

Onceall therelationshipsaredeterminedthe hierarchiesieedto bedisplayedn such

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

a hierarchywithin awebbrowser
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CHAPTER 5
EVALUATION

We evaluatethe hierarchiedrom two perspecties. First, we examinehow quickly one
could nd all relevantdocumentsf oneknewx which nodesin the hierarchyheld relevant
documents. This is donebecausehe intendeduse of the hierarchiess to nd relevant
documentsNext, we examinethe similaritiesof the differenthierarchies By quantifying
the similarity, we canlearnmore aboutthe strengthsand weaknesseef the two methods

of creatingtopic hierarchies.

5.1 Scoringthe Hierar chies

Thescoringalgorithmestimateghetime it takesto nd all relevantdocumentsy cal-
culatingthe total numberof menusthat mustbe traversedandthe numberof documents
thatmustberead.Thealgorithmaimsto nd anoptimumroutethroughthehierarchytrav-
eling to nodesthat hold the greatestoncentratiorof relevantdocuments Sincewe begin
with theknowledgeof wherethe documentsrelocated,our algorithmiteratesthroughall
relevantdocument&ndassigns pathlengthto each.Any relevantdocumentsiotfoundin
thehierarchy(whichis possible)areassignea pathlengthof negatve oneasanerror ag.
Thetotal pathlengthfor a hierarchyis the summatiorof all non-zero(relevant)document
paths.

Figure5.1showvsthepathlengthalgorithm.Giventhatdocument®ftenbelongto more
thanonemenus,it is necessaryo choosewhich of thesewill be usedwhencalculatingthe
path. To do this, we breakthe menusinto two groups. The rst group consistsof leaf

menus. Thesetypesof menusare favored becausdhey tendto have a smallernumber
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Figure 5.1. Algorithm assignsa pathlengthto eachrelevantdocument.

of documentsassociateavith them. Smallerdocumenigroupsarealsolikely to be more
homogeneouskFrom amongtheseleaf menus,we favor the menuwith the mostrelevant
documentdbecausave arecomputinganoptimal path. If thereareno leaf menusthenall
menuscontainingthedocumentreconsideredin this case we favor menughatcontaina
smallnumberof documentssinceit is unlikely thata humanwould readmoredocuments
thannecessaryThe pathto arelevantdocumenis composef the previously unexplored
menusthat are traversedto reachit, andthe unreaddocumentsassociatedvith the nal
menu.Sincethedocumentdelongingto a particularmenuitem arenot sortedin any way,
it is assumedhatuserswill have to readall nev documentsn the groupin orderto nd
therelevantone(s).

Althoughthis algorithmleadsto a succinctanalysisof the hierarchyit is worth noting
thatit containscertainsimplifying assumptionskirst, all documentsareregardedasequal
despitetheexpectedvariability in documentength. Similarly, all menusaretreatedequally

despitethe variability in their length. Finally, whencomputingthe pathlength,documents
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and menusaretreatedthe same;i.e. the time andeffort requiredto reada documentis

regardedasbeingthe sameasthatto reada menu.

5.2 Finding Overlap

In orderto nd overlap,we examineall parent-childpairswithin two hierarchiesSince
thetermpairsde ne thehierarchythis comparisorprovidesaway to measurdiow similar
onehierarchyis to another It is fairly straightforvardto countthe numberof term pairs
that two hierarchieshave in common. The dif culty comeswhentrying to expressthis
numberin ameaningfulway. Theproblemis thatnotwo hierarchiedhave thesamenumber
of pairs, so comparingthe raw numberof overlappingpairsis meaningless.Instead,a
ratio comparingthe numberof overlappingpairsto the total numberof pairsin oneof the
hierarchieds used. This meanghatif hierarchyA has1000term pairs, hierarchyB has
1500termpairs,andthehierarchieshare500pairs,thentheratiowith regardto A is - and
theratio with regardto B is -. The problemwith this methodis thatin orderto know how
eachhierarchyrelatesto all otherhierarchiespnewould have to perform  comparisons.
However, even without comparingevery single hierarchyto every other one cangetan
ideaof how muchthe differenttypesof hierarchieshave in common,and how different

groupingsof documensetsaffect the hierarchies.
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CHAPTER 6
RESULTS

Our experimentsaredesignedo reveal two main characteristicaboutthe hierarchies
involved. First, we want to determinethe differencebetweensubsumptiorand lexical
hierarchies.Next, we wantto determinewhat effect clusteringthe documentsetshason
the hierarchies We arealsointerestedn two other ner detailswithin the creationof the
hierarchies.We wantto examinethe contrikution of the LCA termsto the subsumption
hierarchiesandto determindf arny preferencas givento thetype of clusteringperformed.

Our experimentsmalke use of TREC topics 301-350and associatedelevancejudg-
ments. We have retrieved 500 documentsusing InQuery [CCH92] for eachof the 50
gueries. We treata setof 500 documentdor a given queryasa documentset. A num-
berof hierarchiesaregeneratedor eachdocumenset. Theseincludehierarchiesof three
differentgroupingsof thedocumensets:oneclusteredusingk-meanspneclusteredising
HAC, andtheotherleft asasingledocumengroup.For eachof thesehreegroupingssub-
sumptionhierarchiesare createdthat make useof LCA termsand hierarchieghat do not
useLCA terms.Lexical hierarchiesarealsocreatedor the threedocumenigroups.LCA
playsno partin lexical hierarchiessothatvariationis not usedin thelexical hierarchies.

Hierarchiesare assigneda path length scoreusing the algorithm describedn Chap-
ter5.1. A lower scoredenotesa superiorhierarchy We compareour hierarchiego those
formedthrougha randomsubsumptiorprocessaswell asto eachother Randomhier-
archiesareformedin the samemannerassubsumptiorhierarchiegasdescribedn Chap-
ter2.3) exceptthatwhenall termsarecomparedo all otherterms,randomselectionis used

to form parent-childpairsinsteadof the subsumptiorcriteriafrom Equation2.1.
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Hierarchy % no path
Lexical 5.1%
Clusteredsubsumptiorwith LCA 2.5%
ClusteredSubsumptiomwithout LCA 11.2%
UnclusteredSsubsumptiorwith LCA 1.90%
UnclusteredSsubsumptiorwithout LCA | 28.70%
Random 13.8%

Table 6.1. The percentagef relevantdocumentsvhich have no pathin the hierarchywith regardsto the
total numberof relevantdocumentsetrievedfor aquery

Onceall thehierarchiesarescoredthey arecomparedn a basisof the averagepathto
adocumentThisis usedinsteadof doinga straightcomparisorof thetotal pathlengthbe-
causet is possiblethatsomerelevantdocumentsreunreachableT hetotal pathlengthfor
aparticularhierarchycouldendup beingshortersimply by leaving outrelevantdocuments.
By usingtheaveragepathlength,we neitherrewardnor penalizea hierarchyfor excluding
relevant documents. It was found empirically that randomlygeneratechierarchiesvere
morelikely to leave relevant documentsut of the hierarchythanthe other hierarchies,
exceptwhen a single subsumptiorhierarchywas generatedor the entire documentset
without usingLCA. This particulargroupof hierarchiemeedghe LCA termsbecausé¢he
documensetis lesshomogeneouthanwhenthedocumensetis rst clusteredTheaver
agepercentagesf relevantdocumentsn the hierarchieghatcontainno pathto arelevant
documentarefoundin Table6.1. Thesepercentageare basedon the numberof relevant

documentexcludedcomparedo thetotal numberof relevantdocuments.
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CHAPTER 7
COMPARING TOPIC HIERARCHIES

The evaluationof the hierarchiesbasedon the averagepathlengthsshoved extreme
differenceamongthemethodsusedto createtopic hierarchiesUsingthis measurelexical
hierarchieggave remarkablypoorerresults. Whencomparingclustereddocumengroups,
thesubsumptiorierarchyoutperformedhelexical hierarchyfor atleast34 queries When
the subsumptiorhierarchyhada smallerpath,it wason average4.8 units shorterfor each
relevant document. For the remainingqueriesin which lexical hierarchieshad smaller
documenpathsthesepathswereonly 1.53unitsshorteron average.The pathswereequal
in onecasewherelnQueryretrieved no relevantdocumentwithin the documenset. The
unclusteredlocumensetshavedanevengreaterdifferencein performanceExactresults
canbefoundin Table7.1.

We performedANOVA (ANalysis Of VAriance)on thetwelve variationsof hierarchies
includingrandomhierarchiesTo linearizethedatafor the ANOVA, we performedaloglog

transformon the averagepathlength. All multiple comparisonsveredoneusing Tukey'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(subsumptioror lexical) hada smallerpathlengthandhow
muchshorterthe pathlengthusuallywas. For eachtype of grouping(k-meansHAC, andsingle),a lexical
hierarchyis comparedo bothasubsumptiorhierarchycreatedusingLCA andonethatdid notuselL CA.
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Figure 7.1. Thegroupsindicatethosehierarchiesvhich ANOVA foundindistinguishabldor p 0.05.

HonestSigni cant Difference(HSD). Figure 7.1 shawvs how the hierarchiesvereranked
bothabsolutelyandwheresigni cancewasfound(p  0.05).It shouldbenotedthatTREC
topic 305wasleft out of all ANOVA analysisbecause¢herewereno relevantdocumentsn
thedocumenset.Becausehis gave a pathlengthof zero,it would only addto noiseto the
data.SeeAppendixA.1, TableA.1 for ANOVA table.

Fromthe ANOVA analysisjt canbeseerhow poorlylexical hierarchieperformatthis
task. The problemis thatlexical hierarchieslo not alwayscreatesmalldocumengroups
atits leaves. In fact,in Figure3.2theleaf” rst fax”, whichis fourteenthin thelist, hasa
documengroupof 124 documents. Sincethe averagepathlengthlooks for a leaf cluster
with the mostrelevantdocumentsit is morelik ely to pick largerdocumentlusters,even
thoughthe algorithm chooseghe smallestclusterfrom amongthe clusterswith the most

relevantdocumentsThisfactoralsocausesexical hierarchiego performworsethanthose
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thatwererandomlygenerated Although randomhierarchiesconsistof randomlyrelated
pairs,pairsarestill orderedon frequeng of occurrencevithin documensetsasin the sub-
sumptionhierarchiesand documentsare assignedo the hierarchycorrectly This means
thatclustersattheleavesaresmallerfor randomhierarchiegshanthey arefor lexical hierar
chies. This problemis magni ed in the unclusteredexical hierarchy because¢herecould
beaphraseahatoccursin almostall therelevantdocumentsanda large portionof thenon-
relevantdocuments Only generalphrasesarelikely to do this, so mary moredocuments
areaddedo thepathlength.Comparingexical hierarchiego arandomhierarchythathad
similar leaf characteristic$o thelexical hierarchywould yield moreinterestingresults.

Figure 7.1 alsoshows that the clusteredsubsumptiorhierarchiesare not signi cantly
betterthanthe randomhierarchywhenk-meansclusteringis used. Furtheranalysiswas
donecomparinghefour typesof hierarchiesvhenk-meanslusteringis used.An ANOVA
analysigevealedthatthehierarchywith LCA is signi cantly better(p  0.00005thanran-
dom; however, the hierarchywithout LCA wasindistinguishablelthoughslightly better
(p 0.05). Thereasorthatrandomhierarchieperformednearlyaswell assubsumption
hierarchiesvithout LCA is thattherandomhierarchystill dividesthedocumensetup into
smallergroupsthat enablethe averagepath lengthto performfairly well. It shouldbe
notedthatthe actualpairshave almostnothingin commonwith non-randormsubsumption
hierarchiesasshavnin Figure7.2. Therandomhierarchyis dividing thedocumensetdif-
ferently eventhoughit is equivalentto subsumptiorhierarchieswithout LCA asfar asthe
averagepathlengthis concernedHowever, whenall typesof hierarchygroupingsarecom-
bined,thereis a signi cant differencebetweerrandomandthe two typesof subsumption
hierarchiesSeeAppendixA.2, TableA.2 for ANOVA table.

When comparingthe similarity of the relationsusedin the two typesof hierarchies,
thereis very little overlapbetweensubsumptiorandlexical hierarchies.For all compar
isonsof lexical hierarchieso subsumptiotierarchiestherewaslessthana 10%similarity.

In Figure7.2the similaritiesareshovn amongall the comparisons.
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Figure 7.2. Thisrepresentshe percenbverlapwhenonehierarchytypeis 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

Table 7.2. The numbertimesa hierarchy(clusteredor single)hada smallerpathlengthand how much
shorterthe pathlengthusuallywas.

7.1 Effectivenesof clustering

Figure7.1showsthatfor almostall variations clusteringdoessigni cantly betterthan
thesinglegrouphierarchycreatedn thesameway. In fact,accordingo the ANOVA anal-
ysisthatdividedthe dataamongdocumengroupingmethodsatasigni canceof p  0.01,
clusteringoutperformeda single hierarchyfor both subsumptiorandlexical hierarchies.
SeeAppendixA.2, TableA.2 for ANOVA table. Clusteredhierarchieshada shorterav-
eragepathlengtha majority of the time andusuallyby a wider mamgin. Theseresultsare
shavn in Table7.2.

Whencomparinghesimilarity of thesingleandclusterechierarchiesfigure7.2shaovs

thatsingle hierarchieshave moreoverlapwith clusteredhierarchieghanclusteredhierar
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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. The numbertimesa hierarchy(createdusingLCA or not) hada smallerpathlengthand how
muchshorterthe averagepathlengthusuallywas.

chieshave with single hierarchies.This implies that clusteredhierarchiesdiscorer more

relationsthansinglehierarchies.

7.2 LCA contribution

Figure7.1shownsonly insigni cant differencedetweerusingLCA andnotusingLCA.
When hierarchieswere comparedusing ANOVA analysisof only other hierarchiesthat
usedthe samedocumenigroupings,the only groupingthat portrayeda signi cant differ-
ence(p 0.04)wask-means. Both single and HAC revealedtherewas no signi cant
differencefor p  0.05. Table7.3 shavs thatthe numberof timesthatonehierarchyhasa
shorteraveragepathlengththananothelis moreevenly distributedthanin previous exam-
plesandthedifferencein the averagepathlengthis notasgreat.

Whencomparingthe similarity of subsumptiorhierarchiescreatedwith the two vari-
ations, Figure 7.2 revealsthat two typesof hierarchiesshareat least40% of the same
relationswhichis morethanwhenhierarchiesarecomparedcrosghedifferentgroupings
of documentsin fact,63% of the samerelationsarefoundwhenHAC is used.Thisis the
mostsimilarity of any comparison®f subsumptiorhierarchies.

The only signi cant differencebetweenthe two techniquess the numberof relevant
documentdncludedin the hierarchy For single hierarchiesover a quarterof the rele-
vantdocumentareexcluded. Thisis particularlyunsatisfying.However, whenclustering
is usedthis falls to a tenth of the relevantdocuments.This is still a fairly large number

of relevant documents.Perhapslevelopinga hybrid of subsumptiorandlexical 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 muchshorterthe averagepathlengthusuallywas.

chieswould helpwith theinclusionof morerelevantdocumentsincea lexical hierarchys

strengthis in the numberof relevantdocumentsncludedin the hierarchy

7.3 Comparing clustering methods

Themethodof clusteringalsowasfoundto have little effect onthe quality of the hier-
archiescreated.The variationof the numberof relevantdocumentdeft out of a hierarchy
waslessthan 2% for both. Figure 7.1 revealsvery little differencebasedon the type of
clusteringused. In fact, therewas no signi cant differencewhen ANOVA analysiswas
performedon clustersonly. HAC wasranked rst for eachvariation,but not with signi -
canceof p  0.05. Table 7.4 showvs the numberof timesthatonehierarchyhasa shorter
averagepathlength than another It is very evenly distributed and the differencein the
averagepathlengthis small.

The overlap found when comparingone clusteringmethodto anotheris moderately
highin all threeof the variationsusedto generatéierarchiesBoth methodsof clustering
nd roughly the samenumberof comparisons.This is illustratedin Figure 7.3. Given
a methodof generatinghe cluster eachbar is roughly the sameheight, unlike whenhi-
erarchiesreatedirom a singlegroupare comparedo clusteringwherethe barsarevery

differentheights.
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Figure 7.3. The amountof overlap betweenmethodsof clusteringwhen the type of methodusedto
generatehehierarchyis held constant.
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CHAPTER 8
FUTURE WORK

Thereremainmary openresearchguestionswith regardsto this work. Oneis how
usefulthesehierarchiesarefor apersonto nd relevantdocumentsGiventhe examplein
Chapter3, thesehierarchiesanbe usefulsomeof thetime, but a userstudywould needto
be conductedn orderto evaluatethe usefulnes®f the hierarchiesn general.

A secondquestioninvolves the integration of subsumptionand lexical hierarchies.
Theseawo hierarchieemphasizé@ifferentrelationshipsEachmightbeimprovedby using
informationgainedfrom the otherhierarchy For example,the orderingof the secondevel
of the hierarchyshaown in Figure 3.2 shouldhave had“Junk Fax” ranked higher so that
it would not have beenleft out of the hierarchywhenthat particularlevel wastruncated.
Usingthe informationin the subsumptiorhierarchymight have preventedthis from hap-
pening.Anotherapproachmight beto scorea phrasebasedn how interestingt is similar
to theway thatthe subsumptiorhnierarchiesxhoiceconceptdor the hierarchy

Oneof the main problemswith the lexical hierarchyis its naive approacho term se-
lection. Although usingwordsthat appearfrequentlyin phrasesangive oneanideaof
subjectof a group of documentspne shouldalsoconsiderthe factthat somewordsgen-
erally appearfrequentlyin phrases.Thesewords shouldnot be ranked as highly, but in
this methodthey are. This naivete extendsto the ranking of phraseswithin eachmenu.
Uninterestingphrasedike “ rst fax” in Figure 3.2 areranked very high. Using someof
thetechniqueslevelopedfor subsumptiorsuchasscoringthetermsmayimprove this. An

alternatve could beto uselanguaganodelsto determinghevalueof aphrase.
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While lexical hierarchiessuffered from the problemof picking out sub-themesn a
documenset,subsumptiorhierarchiesveremorelik ely to ignorethemesanddocuments.
This canbe seenn thedropin thenumberof relevantdocumentsncludedin the hierarchy
whenLCA is usedrelative to whenit is not used. Incorporatingthe termsin the lexical
hierarchywould be one way to approachhis problem;however given the way thesethe
lexical hierarchytermsareselectedthereis greatuncertaintyaboutthe bene tsof suchan
approachA betterapproachmightbeto uselanguagemodelsin thetermselection.

Besideausingthetopic hierarchiedo locaterelevantdocumentsmary otherusesmay
be found. Oneway to utilize the hierarchieswould be to usethe exposedrelationships
in speci ¢ information taskswhere characterizinga documentsetis necessaty This is
beingexploredin the context of short nancial news articles,wherea hierarchywasbeing
usedto nd relationshipamongcompaniesAlthoughcompaly namesareprevalentin the
documentsthe subsumptiorhierarchyeliminatedthesetermsin the nal evaluationstep.
Usingdifferentterm criteria might have exposedthe compaty relationships Onesolution
is to give the hierarchieshintsin the form of alist of compaly nameshatareof interest.
This is similar to the useof LCA termsin the hierarchiesdescribedn Chapter7.2. This
solutionis unsatisfyingoecauseve areinterestedn creatinga hierarchythatcan gure out
prevalentwithout ary a priori information. This alsopointsto analternatve methodsfor

termselection.
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CHAPTER 9
CONCLUSION

Hierarchiegprovide a convenientway to browsea documentollection. Automatically
generatinga topic hierarchybringsto light informationthatis speci ¢ to the domainof
the documentset, asopposedo a manuallygeneratedierarchy which needsto suit all
usersand thus must be general. Given that the methodsexplored perform betterusing
homogeneoudocumentsets,clusteringprovidesan alternatve to usinga ranked list,and
alsoallows oneto usethesehierarchiesn instancesvherea queryis not present.

The evaluationmetrics presentedn this paperprovide a way to begin evaluationof
the hierarchieswithout requiringuserinput until well formed hierarchieshave beencre-
ated,thusenablinga userstudyto yield lessambiguougesults. The resultspresentedn
this papershow that subsumptiorandlexical relationsarevery different,exposingfew of
the samerelations. The strengthof subsumptiorlies in separatinglocumentsnto small
groups,whereadexical hierarchieslo a muchbetterjob of includingall documentsn the
hierarchy This researctprovides someof the foundationneededo continuedeveloping

hierarchieghatbestallow userso 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
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

Table A.1. Summaryfor the ANOVA analysisfor the comparisorof all hierarchiesModel usedis loglog.

PairedComparisoron all hierarchiesp = 0.05,HSD
-0.174 HAC,LCA

-0.167 K-means].CA
-0.129 HAC,noLCA
-0.126 K-meansnolLCA
-0.0939 K-meansyandom
-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
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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

Table A.2. Summaryfor the ANOVA analysisfor thecomparisorwhendatais split by documengrouping
andby hierarchytype. Model usedis loglog.

A.2 ANOVA for split hierarchies
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
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