Technical Report

Department of Computer Science
and Engineering
University of Minnesota
4-192 EECS Building
200 Union Street SE
Minneapolis, MN 55455-0159 USA

TR 01-040

Criterion Functions for Document Clustering: Experiments and
Analysis

Ying Zhao and George Karypis

November 29, 2001






1

The topic of clusteringhasbeenextensiely studiedin mary scientfic disciplinesand over the yearsa variety of
differentalgorithmshave been deeloped [31 22, 6, 27, 20, 35, 2, 48, 13, 43, 14, 15, 24]. Two recentsureys on
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Abstract

In recentyearswe have withesseditremendougrowth in thevolumeof text documentswvailableonthelnternet,
digital libraries, news sources,and compary-wide intranets. This hasled to an increasednterestin developing
methodsthat can help usersto effectively navigate, summarize,and organizethis information with the ultimate
goalof helpingthemto find whatthey arelooking for. Fastandhigh-qualitydocumentlusteringalgorithmsplay an
importantrole towardsthis goalasthey have beenshawvn to provide bothanintuitive navigation/bravsingmechanism
by organizinglarge amountsof informationinto a smallnumberof meaningfulclustersaswell asto greatlyimprove
theretrieval performancesithervia clusterdriven dimensionalityreduction term-weightingpr queryexpansion.This
everincreasingmportanceof documentlusteringandthe expandedrangeof its applicationded to the development
of a numberof newv and novel algorithmswith different compleity-quality trade-ofs. Among them, a classof
clusteringalgorithmsthat have relatively low computationafequirementsrethosethattreatthe clusteringproblem
asan optimizationprocesswhich seeksto maximizeor minimize a particularclusteringcriterion function defined
over the entireclusteringsolution.

Thefocusof this paperis to evaluatethe performancef differentcriterionfunctionsfor the problemof clustering
documents.Our study involves a total of eight different criterion functions,three of which are introducedin this
paperandfive that have beenproposedn the past. Our evaluationconsistsof both a comprehensie experimental
evaluationinvolving fifteendifferentdatasetsaswell as an analysisof the characteristicof the variouscriterion
functionsandtheir effect on the clustersthey produce.Our experimentakesultsshav thattherearea setof criterion
functionsthatconsistentlyoutperformtherest,andthatsomeof thenewly proposedriterionfunctionleadto thebest
overall results.Our theoreticalanalysisof the criterionfunction shavs thattheir relative performancalependn (i)
thedegreeto whichthey cancorrectlyoperatevhenthe clustersareof differenttightnessand(ii) the degreeto which
they canleadto reasonablyalancedlusters.
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the topics[21, 18] offer a comprehensie summaryof the differentapplicationsandalgorithms. Thesealgorithms
canbe catgyorizedalongdifferentdimensiondasedeitheron the underlyingmethodologyof the algorithm,leading
to agglomeative or partitional approachesyr basedon the structureof the final solution,leadingto hierarchical or
non-hiearchical solutions.

Agglomeratve algorithmsfind the clustersby initially assigningeachobjectto its own clusterandthenrepeatedly
meiging pairsof clustersuntil a certainstoppingcriterionis met. A numberof differentmethodshave beenproposed
for determininghenext pairof clusterdo bemeiged,suchasgroupaveragg UPGMA) [22], single-link[38], complete
link [28], CURE [14], ROCK [15], and CHAMELEON [24]. Hierarchicalalgorithmsproducea clusteringthatforms
adendrogramwith a singleall inclusive clusterat the top andsingle-pointclustersat the leaves. On the otherhand,
partitionalalgorithms,suchasK -meand33, 22|, K-medoidg22, 27, 35|, Autoclasg8, 6], graph-partitioning-based
[45, 22, 17, 4Q], or spectral-partitioning-basd8, 11], find the clustersby partitioningthe entire dataseinto either
a predeterminear an automaticallyderived numberof clusters. Dependingon the particularalgorithm, a k-way
clusteringsolutioncanbe obtainedeitherdirectly, or via a sequencef repeatedisections.In the formercase there
is in generaho relationbetweerthe clusteringsolutionsproducedat differentlevels of granularity whereaghelater
casegivesriseto hierarchicakolutions.

In recentyearsyariousresearchensave recognizedhatpartitionalclusteringalgorithmsarewell-suitedfor cluster
ing largedocumentiatasetsiueto their relatively low computationatequirement$?7, 30, 1, 39]. A key characteristic
of mary partitional clusteringalgorithmsis that they usea global criterion function whoseoptimizationdrives the
entireclusteringprocess. For someof thesealgorithmsthe criterion functionis implicit (eg., PDDP),whereador
otheralgorithms(eg, K-meansand Autoclass)the criterionfunctionis explicit andcanbe easily stated. This later
classof algorithmscanbethoughtof asconsistingof two key componentsFirstis the criterionfunctionthatneedgo
be optimizedby the clusteringsolution,andseconds the actualalgorithmthatachieses this optimization. Thesetwo
componentsirelargely independenof eachother

Thefocusof this paperis to studythe suitability of differentcriterionfunctionsto the problemof clusteringdoc-
umentdatasetsin particular we evaluateatotal of eightdifferentcriterionfunctionsthat measuresariousaspectof
intra-clustersimilarity, inter-clusterdissimilarity, andtheir combinations.Thesecriterion functionsutilize different
views of the underlyingcollection, by eithermodelingthe documentssvectorsin a high dimensionakpaceor by
modelingthecollectionasagraph.We experimentallyevaluatedhe performancef thesecriterionfunctionsusing15
differentdatasetsobtainedrom varioussourcesOur experimentshavedthatdifferentcriterionfunctionsdo leadto
substantiallydifferentresults,andthattherearea setof criterionfunctionsthat producethe bestclusteringsolutions.

Our analysisof the differentcriterion functionsshavs that their overall performancedependn the degreeto
whichthey cancorrectlyoperatavhenthe datasetontainsclustersof differentdensitieqi.e., they containdocuments
whosepairwise similarities are different) and the degreeto which they can producebalancedclusters. Moreover,
our analysis alsshows that the sensitvity to the differencein the clusterdensitiescanalso explain an outcomeof
our study (thatwas alsoobsenredin earlierresultsreportedn [39]), thatfor someclusteringalgorithmsthe solution
obtainedby performinga sequencef repeatedbisectionss better(andfor somecriterionfunctionsby aconsiderable
amount)thanthe solutionobtainedoy computingthe clusteringdirectly. Whenthe solutionis computedvia repeated
bisectionsthedifferencen densitybetweerthetwo clusterghatarediscoveredis in generabmallerthanthedensity
differencesbetweenall the clusters. As a result, clusteringalgorithmsthat cannot handlevell variationin cluster
densitytendto performsubstantiallybetterwhenusedto computethe clusteringvia repeatedisections.

Therestthis papetis organizedasfollows. Section2 providessomeinformationon hov documentsrerepresented
andhow thesimilarity or distancebetweerdocumentss computed Section3 describeshedifferentcriterionfunctions
aswell asthe algorithmsusedto optimizethem. Section4 providesthe detailedexperimentalevaluationof the
variouscriterionfunctions.Sectiorns analyzeshedifferentcriterionfunctionsandexplainstheir performanceFinally,
Section6 providessomeconcludingremarksanddirectionsof futureresearch.

1Global clusteringcriterion functionsarenot aninherentfeatureof partitional clusteringalgorithmsbut they canalsobe usedin the context of
agglomeratie algorithms.



2 Preliminaries

Document Representation  The variousclusteringalgorithmsthat are describedn this paperusethe vector
spacemodel[37] to representachdocument.In this model,eachdocument is consideredo be a vectorin the
term-spaceln its simplestform, eachdocuments representetly theterm-frequencyTF) vector

dit = (tfy, thy, ..., thy),

wheretf; is thefrequeng of theith termin thedocument.A widely usedrefinemento this modelis to weighteach
termbasednits inversedocumenfrequencyIDF) in thedocumentollection. Themotivationbehindthis weighting

is thattermsappearindgrequentlyin mary document$iave limited discriminationpower, andfor this reasorthey need
to be de-emphasizedlhisis commonlydone[37] by multiplying thefrequeng of eachtermi by log(N/df;), where
N is thetotal numberof documentsn thecollection,anddf; is thenumberf documentshatcontaintheithterm(i.e.,

documenfrequeng). This leadsto thetf-idf representationf thedocumenti.e.,

Oigt = (tf log(N/dfy), tfo log(N/dfy), . .., tf, log(N/df,)).

To accounfor document®f differentlengths thelengthof eachdocumentiectoris normalizedsothatit is of unit
length(||dgigf]] = 1), thatis eachdocuments avectorin theunit hypersphereln therestof the paperwe will assume
thatthevectorrepresentatiofor eachdocumentasbeenweightedusingtf-idf andit hasbeennormalizedsothatit is
of unit length.

Similarity Measures  Overtheyearstwo prominentwayshave beenproposedo computethe similarity between
two documentsl; andd;. Thefirstmethods basedon thecommonlyusedcosinefunction[37] givenby

ditdj

cog(di, dj) = ——————
C T ldiig |

@
andsincethe documentectorsareof unit length,the above formulasimplifiesto cogd;, dj) = di'd;. This measure
become®neif thedocumentsareidentical,andzeroif thereis nothingin commonbetweerthem(i.e., thevectorsare

orthogonalto eachother). The secondnethodcomputeghe similarity betweenthe documentsisingthe Euclidean
distancegive by

distch. dj) = \/(d — d)'(ch —dj) = i — dj . )

If the distances zero,thenthe documentareidentical,andif thereis nothingin commonbetweertheir distances
V2. Notethatbesideghefactthatonemeasuresimilarity andthe othermeasureslistancethesemeasuresrequite
similar to eachotherbecaus¢he documenvectorsareof unitlength.

Definitions  Through-outhis paperwe will usethe symbolsn, m, andk to denotethe numberof documentsthe
numberof terms,andthe numberof clustersyespectrely. We will usethe symbolSto denotethe setof n documents
thatwe wantto cluster S;, S, ..., S to denoteeachoneof thek clustersandny, na, ..., ng to denotethe sizesof
thecorrespondinglusters.

Given aset A of documentsaindtheir correspondingectorrepresentationsye definethe compositevectorD A to

be
Da=) _d, ®3)
deA
andthecentroidvectorC p to be 5
A
Ca=—. 4)
[Al

ThecompositevectorD p is nothingmorethanthe sumof all documentsectorsin A, andthe centroidC 4 is nothing
morethanthevectorobtainedby averagingthe weightsof thevarioustermspresenin thedocument®f A. Notethat



eventhoughthedocumenvectorsareof lengthone,the centroidvectorswill not necessarilyoe of unit length.

Vector Properties By usingthe cosinefunction asthe measureof similarity betweendocumentsve cantake
adwantageof a numberof propertiesnvolving thecompositeandcentroidvectorsof a setof documentsin particular
if § andS; aretwo setsof unit-lengthdocumentgontainingn; andn; documentsespectrely, andD;j, Dj andC;,
C; aretheir correspondingompositeandcentroidvectorsthenthefollowing is true:

1. The sumof the pairwise similaritiesbetweerthe documentsn S; andthe documentn S; is equalto D;'D;.
Thatis,
> cosdg.d)= D  dg'd =Di'Dj. (5)

dqeDi.dreDj dqeDi.dreDj
2. Thesumof the pair-wisesimilaritiesbetweerthedocumentsn S; is equalto || Dj ||2. Thatis,

Y coddg.d)= Y dg'd =Di'Di = D% (6)

dq.dr €Dj dg,dr€Dj

Notethatthis equatiorincludesthe pairwisesimilaritiesinvolving the samepairsof vectors.

3 Document Clustering

At a high-level the problemof of clusteringis definedasfollows. Given a setS of n documentsye would like to
partition theminto a pre-determinesiumberof k subsetsS:, S, ..., &, suchthatthe documentsassignedo each
subsefremoresimilar to eachotherthanthe documentsassignedo differentsubsets.

As discussedn theintroduction,our focusin this paperis to studythe suitability of variousclusteringcriterion
functionsin the context of partitionaldocumentlusteringalgorithms.Consequenththe clusteringproblembecomes
thatof given a particularclusteringcriterionfunctionC, computea k-way clusteringsolutionsuchthatthe value ofC
is optimized. In therestof this sectionwe first presenta numberof differentcriterionfunctionsthat canbe usedto
bothevaluateanddrive the clusteringprocessfollowedby a descriptionof our optimizationalgorithms.

3.1 Clustering Criterion Functions

3.1.1 Internal Criterion Functions

This classof clusteringcriterionfunctionsfocuseson producinga clusteringsolutionthat optimizesa particularcri-
terion function thatis defined over the documentghat are part of eachclusterand doesnot take into accountthe
documentsassignedo differentclusters.Dueto this intra-clustewview of the clusteringprocesave will referto these
criterionfunctionsasinternal.

The first internal criterion function that we will study maximizesthe sum of the averagepairwise similarities
betweerthedocumentassignedo eachcluster weightedaccordingo the sizeof eachcluster Specfically, if we use
thecosinefunctionto measurehe similarity betweerdocumentsthenwe want theclusteringsolutionto optimizethe
following criterionfunction:

k
L 1
maX|m|ze11=E ny = E cogdi, dj) | . @)
r=1 rdi,djES—

By usingEquation6, theabove formulacanbere-writtenas:

K 2
D
Loy IO

=

Note that our definition of Z1 includesthe self-similaritiesbetweenthe document®f eachcluster TheZ; criterion



functionis similar to that usedin the contet of hierarchicalagglomeratie clusteringthat usesthe group-aerage
heuristicto determinewhich pair of clusterso merge next.

Theseconccriterionfunctionthatwe will studyis usedby the popularvectorspacevariantof the K-meansalgo-
rithm [7, 30, 10, 39, 23]. In this algorithmeachclusteris representetby its centroidvectorandthe goalis to find
the clusteringsolutionthat maximizesthe similarity betweeneachdocumentandthe centroidof the clusterthatis
assignedo. Specfically, if we usethe cosinefunctionto measurehe similarity betweena documentanda centroid,
thenthe criterionfunctionbecomeshefollowing:

k
maximize 7, = Z Z cogqd;, Cy). (8)

r=1deS
Thisformulacanbere-writtenasfollows:

k t k t k t k
di Cr Dr Cr Dr Df
=Y = =) =1
L ZC T &G 1D | “

dieS | r=1 r=1

ComparingtheZ, criterionfunctionwith 7, we canseethatthe essentiatlifferencebetweerthesecriterionfunctions
is that 7, scalesthe within-clustersimilarity by the || Dy || termasopposedo n, termusedby 71. Theterm || D, || is
nothingmorethanthesquare-rootf thepairwisesimilarity betweerall thedocumentn S;, andwill tendto emphasize
theimportanceof clusters(beyondthe || D, ||2 term)whosedocumenthave smallerpairwisesimilaritiescomparedo
clusterswith higherpairwise similarities. Also notethatif the similarity betweera documentindthe centroidvector
of its clusteris definedasjust the dot-producbf thesevectorsthenwe will getbacktheZ; criterionfunction.

Finally, the last internalcriterion functionthat we will studyis that usedby the traditional K -meansalgorithm.
This criterion function usesthe Euclideandistanceto determinewhich documentshouldbe clusteredogetherand
determineghe overall quality of the clusteringsolutionby usingthe sum-of-squagd-eriors function. In particular
this criterionis definedasfollows:

K
minimize Zz = Z Z Idi — Cr |12 (9)

r=1 di ES
Notethatby somesimplealgebraiananipulationg12], theabose equationcanberewritten as:

k

=Y Y ld a2 (10)

r=1 Nr di.djeS

thatis similarin natureto the Z; criterionfunctionbut insteadof usingsimilaritiesit is expressedn termsof squared
distances.

3.1.2 External Criterion Functions

Unlikeinternalcriterionfunctions externalcriterionfunctionsderive theclusteringsolutionby focusingon optimizing
afunctionthatis basedn hav thevariousclustersaredifferentfrom eachother Dueto this inter-clusterview of the
clusteringprocessve will referto thesecriterionfunctionsasexternal

It is quite hardto define externalcriterionfunctionsthatleadto meaningfulclusteringsolutions. For example,it
may appearthat an intuitive externalfunction may be derived by requiringthat the centroidvectorsof the different
clustersare as mutually orthogonalas possible,i.e., they containdocumentghat sharevery few termsacrossthe
differentclusters. However, for mary problemsthis criterion function hastrivial solutionsthat canbe achieved by
assigningo thefirstk — 1 clustersa singledocumenthatsharesvery few termswith therest,andthenassigninghe
restof thedocumentso thekth cluster

For this reasonthe externalfunctionthatwe will studytriesto separatehe documentof eachclusterfrom the
entirecollection,asopposedrying to separatehe documentamongthe differentclusters.In particular our external



criterionfunctionis definedas ’

minimize Z nr coSC;, C), (11)
whereC is the centroidvectorof the entire collection. Fromthis equationwe canseethatwe try to minimize the
cosinebetweerthe centroidvectorof eachclusterto the centroidvectorof the entirecollection. By minimizing the
cosinewe essentiallytry to increasehe anglebetweerthemasmuchaspossible.Also notethatthe contrikbution of
eachclusteris weightedbasedon the clustersize,sothatlarger clusterswill weightheavier in the overall clustering
solution. This externalcriterionfunctionwas motivatedby multiple discriminantanalysisandis similarto minimizing
thetraceof thebetween-clustescattermatrix [12, 41]. Equationl1 canbere-writtenas

k k t k k t
CC 1 D, D
Encos(C,C) En E En—,
A “ICicH ||Dr||||D|| IDJ] (,:1 r||Dr||>

r=1

whereD is the compositevectorof the entiredocumentollection. Notethatsincel/| D] is constanirrespectve of
the clusteringsolutionthecriterionfunctioncanbere-stateds:

K. DD

minimize &1 = n . (12)
; IOl

As we canseefrom Equation12, even-thoughour initial motivation was to define anexternal criterion function,
becausewne usedthe cosinefunction to measurethe separatiorbetweenthe clusterand the entire collection, the
criterionfunctiondoestake into accounthe within-clustersimilarity of thedocumentgdueto the || D || term). Thus,
&1 is actuallya hybrid criterionfunctionthatcombinedothexternalaswell asinternalcharacteristicsf the clusters.

Anotherexternalcriterionfunctioncanbe ddinedwith respecto the Euclideandistancefunctionandthe squared-
errorsof thecentroidvectorsasfollows:

K
maximize £2 = Y n;[|C; — CJ|%. (13)
r=1

However, it canbe shavn that maximizing &2 is identicalto minimizing 73 [12], andwe will not considerit any
further

3.1.3 Hybrid Criterion Functions
The variouscriterion functionswe describedso far focusedonly on optimizing a single criterion function the was
eitherdefinedin termson hav documentsassignedo eachclusterare relatedtogether or on hav the documents
assignedo eachclusterarerelatedwith theentirecollection.In thefirst casethey tried to maximizevariousmeasures
of similarity over the documents$n eachcluster andin the secondcase they tried to minimizethe similarity between
the clusters documentsandthe collection. However, the variousclusteringcriterion function canbe combinedto
defineasetof hybrid criterionfunctionsthatsimultaneouslpptimizemultiple individual criterionfunctions.

In our study we will focuson two hybrid criterion functionthat are obtainedoy combiningcriterionZ 1 with &1,
andZ, with &1, respectiely. Formally, thefirst criterionfunctionis

Tu_ i lDel?/m (1)

maximize H1 = = ,
&1 Y ¥ nD'D/|Dyll

andtheseconds

N vy [0 as)

maximize Hy = - = ]
£ ¥ neD/'D/|D |

Notethatsincef; is minimized,both7{1 and?{> needto be maximizedasthey areinverselyrelatedto £1.



3.1.4 Graph Based Criterion Functions

Thevariouscriterionfunctionsthatwe describedofar, view eachdocumenasamultidimensionavector An alternate
way of viewing the relationsbetweenthe documentss to usegraphs.In particular two typesof graphshave been
proposedior modelingthe documentin the context of clustering. The first graphis nothing more thanthe graph
obtainedby computingthe pair-wisesimilaritiesbetweerthe documentsandthe secondyraphis obtainedoy viewing

thedocumentsindthe termsasabipartitegraph.

Given a collectionof n documentsS, the similarity graphG s is obtainedby modelingeachdocumentisa vertex,
andhaving an edgebetweeneachpair of verticeswhoseweightis equalto the similarity betweerthe corresponding
documents.Viewing the documentsn this fashion,a numberof internal, external,or combinedcriterion functions
canbe ddinedthatmeasurehe overall clusteringquality. In our studywe will in vestigateonesuchcriterionfunction
calledMinMaxCut, thatwas proposedecently[11]. MinMaxCut falls underthe cateyory of criterionfunctionsthat
combineboththeinternalandexternalviews of the clusteringprocessandis definedas[11]

K, cu§.S-9S)

minimize - ,
=1 Zdi,djes S|m(d| , dj)

wherecut(S, S— ) istheedge-cubetweertheverticesn S; to therestof theverticesin thegraphS— S;. Theedge-
cut betweenwo setsof verticesA andB is definedto bethe sumof the edgesconnectingverticesin A to verticesin
B. Themotivationbehindthis criterionfunctionis thatthe clusteringprocessanbeviewedasthatof partitioningthe
documentsénto groupsby minimizing the edge-cubf eachpartition. However, for reasonsimilar to thosediscussed
in Section3.1.2,suchan externalcriterion may have trivial solutions,andfor this reasoreachedge-cuis scaledby
thesumof theinternaledges As shavn in [11], this scalingleadsto betterbalancedlusteringsolutions.

If we usethe cosinefunctionto measurehe similarity betweenthe documentsand Equationss and 6, thenthe
above criterionfunctioncanbere-writtenas

K g K
Z Zdies,djeS—S co(d;, dj) _ Z D' (D —2Dr) _ Z DrtD2 K
>_d.djes €0di. dj) [ D |l [ Dr |l

r=1 r=1 r=1

andsincek is constantthecriterionfunctioncanbesimplifiedto

k t

L. D,'D

minimize G; = E ! >
= IID¢ |

(16)

An alternategraphmodelviews the variousdocumentsandtheir termsasa bipartitegraphG = (V, E), whereV
consistf two setsVy andV;. Thevertex setVy correspondso thedocumentsvhereaghevertex setV; corresponds
to theterms. In this model,if theith documentontainsthe jth term,thereis an edgeconnectinghe corresponding
i th vertex of Vy to the jthvertex of V;. Theweightsof theseedgesaresetusingthetf-idf modeldiscusseéh Section?2.
Given suchabipartitegraph the problemof clusteringcanbeviewedasthatof computinga simultaneougartitioning
of the documentsandthe termsso that a criterion function defined on the edge-cutis optimized. In our studywe
will focuson a particularedge-cubasectriterionfunctioncalledthe normalizedcut, which was recentlyusedin the
contet of this bipartitegraphmodelfor documentlustering[46, 9]. Thenormalizedcut criterionfunctionis defined
as

K cut(Ve, V — V)

minimize G, = ,
; W(Vr)

whereV; is the setof verticesassignedo ther th cluster andW(V,) is the sumof the weightsof the adjaceny lists
of theverticesassignedo ther th cluster Notethatther th clusterwill containverticesfrom boththeV4 andV;, i.e.,
bothdocumentaswell asterms. The key motivationbehindthis representatioandcriterionfunctionis to compute
a clusteringthatgroupstogetherdocumentsaswell asthetermsassociateavith thesedocumentsAlso, notethatthe
variousW(V;) quantitiesareusedprimarily asnormalizationfactors,to ensurethatthe optimizationof the criterion

(17)



functiondoesnotleadto trivial solutions.Its purposés similarto the | D, ||2 factorusedin G1 (Equationl6).

3.2 Criterion Function Optimization

Thereare mary ways that the variouscriterion functionsdescribedn the previous sectioncan be optimized. A
commonway of performingthis optimizationis to usea greedystratey. Suchgreedyapproachearecommonlyused
in the context of partitionalclusteringalgorithms(e g., K-means)andfor mary criterionfunctionsit hasbeenshavn
thatthey corverge to a local minima. An alternateway is to usemore powerful optimizerssuchasthosebasedon
the spectrapropertief thedocument similarity matrix [47] or document-ternmatrix[46, 9], or variousmultilevel
optimizationmethodg26, 25]. However, suchoptimizationmethodshave only been deelopedfor a subsetof the
variouscriterionfunctionsthatareusedin our study For thisreasonin ourstudy thevariouscriterionfunctionswere
optimizedusinga greedystratey. This was doneprimarily to ensurethat the optimizerwas equally powerful (or
weak),regardlesf the particularcriterionfunction.

Our greedyoptimizer consistsof two phases:(i) initial clustering and (ii) cluster refinement In the initial
clusteringphasea clusteringsolutionis computedasfollows. If k is the numberof desiredclustersk documentsare
randomlyselectedo form the seedsof theseclusters. The similarity of eachdocumentio eachof thesek seedds
computedandeachdocuments assignedo theclustercorrespondingp its mostsimilar seed.Thesimilarity between
document@aindseedss determinedisingthe cosinemeasuref the correspondinglocumentvectors. This approach
leadsto aninitial clusteringsolutionfor all but the G criterionfunction. For G theabove approaciwill only produce
aninitial partitioningof Vyq (i.e., thedocumentertices)anddoesnotproduceaninitial partitioningof V¢ (i.e., theterm
vertices).Our algorithmobtainsaninitial partitioningof V¢ by inducingit from the partitioningof V4. This is done
asfollows. For eachterm-\ertex v, we computethe edge-cubf v to eachoneof thek partitionsof V ¢4, andassignv
to the partitionthe correspondso the highestcut. In otherwords,if we look atthe columncorrespondingo v in the
document-ternmatrix, andsum-upthe variousweightsof this columnaccordingo the partitioningof therows, then
v is assignedo the partitionthathasthe highestsum.Notethatby assigning to thatpartition,thetotal edge-cutiue
to v is minimized.

Thegoalof the clusterrefinementphasds to take theinitial clusteringsolutionanditeratively refineit. Sincethe
variouscriterionfunctionshave differentcharacteristicsdependingon the particularcriterion function we usethree
differentrefinementtrateyies.

Therefinementstratgy thatwe usedfor 71, 7, £1, H1, H2, andg; is thefollowing. It consistsof a numberof
iterations. During eachiteration,the documentsrevisitedin a randomorder For eachdocumentd, we compute
the changein the value ofthe criterionfunction obtainedby moving d; to oneof the otherk — 1 clusters.If there
exist somemoves thatleadto animprovementin the overall value ofthe criterionfunction,thend; is moved to the
clusterthatleadsto thehighestimprovement.f no suchclusterexists,d; remaingn theclusterthatit alreadybelongs
to. Therefinementphaseends,assoonaswe performaniterationin which no documentsnoved betweerclusters.
Notethatunlike thetraditionalrefinementapproachusedby K -meangype of algorithms the above algorithmmaoves
adocumentassoonasit is determinedhatit will leadto animprovementn thevalue ofthe criterionfunction. This
type of refinementalgorithmsare often calledincremental[12]. Sinceeachmove directly optimizesthe particular
criterion function, this refinementstrategy always corvergesto a local minima. Furthermorebecausehe various
criterionfunctionsthatusethis refinementtrateyy aredefinedin termsof clustercompositeandcentroidvectorsthe
changean thevalue ofthe criterionfunctionsasaresultof singledocumentmoves canbe computecefficiently.

The refinementstratgy that we usedfor the Z3 criterion functionis identicalto that of K-meansthat hasbeen
shavn to convergeto alocal minima[33]. It consistf a numberof iterations.During eachiteration,the documents
arevisited in arandomorder For eachdocumentd; we computeits distanceto the k clustercentroidsandassign
di to the clusterthat correspondso the closestcentroid. Onceall the document$iave beenassignedo the different
clustersthecentroidsof the clustersarerecomputedTherefinemeniphasesndsassoonaswe performaniterationin
whichnodocumentsnoved betweerclusters.

The refinementstratey that we usedfor the G, criterion functionis basedon alternatingthe clusterrefinement
betweerdocument-erticesandterm-\erticesthatwas usedn thepastfor partitioningbipartitegraphs [29 Similarly



to the othertwo refinementstratayies,it consistsof a numberof iterationsbut eachiterationconsistsof two steps.In
thefirststep,thedocumentarevisitedin arandomorder For eachdocumentd;, we computethechangen G thatis
obtainedby moving d; to oneof theotherk — 1 clusters.If thereexist somemovesthatdecreasé 2, thend; is moved
to the clusterthat leadsto the highestreduction. If no suchclusterexists, d; remainsin the clusterthatit already
belongsto. In the secondstep,the termsarevisited in arandomorder For eachterm,t j, we computethe changen
G thatis obtainedoy moving tj to oneof the otherk — 1 clusters.If thereexist somemoves thatdecreasé; », then
t; is moved to the clusterthatleadsto the highestreduction.If no suchclusterexists,tj remainsin the clusterthatit
alreadybelongsto. Therefinementphasesnds,assoonaswe performaniterationin which no documentandterms
aremoved betweerclusters.As it was with the first refinementstratayy, this approachwill alsocorverge to a local
minima.

The algorithmsusedduring the refinementphaseare greedyin nature,they are not guaranteedo corverge to a
global minima, andthe local minimasolutionthey obtaindepend®n the particularsetof seeddocumentghatwere
selectedo obtaintheinitial clustering.To eliminatesomeof this sensitvity, the overall processs repeated number
of times. Thatis, we computeN differentclusteringsolutions(i.e., initial clusteringfollowed by clusterrefinement),
andtheonethatachievesthe bestvaluefor the particularcriterionfunctionis kept. In all of ourexperimentswe used
N = 10. For therestof this discussionrwhenwe referto the clusteringsolutionwe will meanthe solutionthatwas
obtainedby selectingthe bestout of theseN potentiallydifferentsolutions.

4 Experimental Results

We experimentallyevaluatedthe performancef the differentclusteringcriterion functionson a numberof different
datasetsIn therestof this sectionwe first describehe variousdataset@&ndour experimentaimethodologyfollowed
by a descriptionof the experimentaresults.

4.1 Document Collections

In our experiments,we useda total of fifteen differentdatasetswhosegeneralcharacteristicare summarizedn
Table1l. The smallestof thesedatasetsontainedd378 documentsandthe largestcontainedl1,162documents.To
ensurediversity in the datasetsye obtainedthemfrom differentsources.For all datasets,we useda stop-listto
remove commonwords,andthe wordswere stemmedusing Porters suffix-strippingalgorithm[36]. Moreover, ary
termthatoccursin fewer thantwo documentsvas eliminated.

Data Source # of documents| # of terms | # of classes
classic | CACM/CISI/CRANFIELD/MEDLINE 7089 12009 4
fbis FBIS (TREC) 2463 12674 17
hitech SanJoseMercury (TREC) 2301 13170 6
reviews | SanJoseMercury (TREC) 4069 23220 5
sports SanJoseMercury (TREC) 8580 18324 7
lal2 LA Times(TREC) 6279 21604 6
new3 TREC 9558 36306 44
tr31 TREC 927 10128 7
tr41 TREC 878 7454 10
ohscal OHSUMED-233445 11162 11465 10
re0 Reuters-21578 1504 2886 13
rel Reuters-21578 1657 3758 25
kla WebACE 2340 13879 20
kib WebACE 2340 13879 6
wap WebACE 1560 8460 20

Table 1: Summary of data sets used to evaluate the various clustering criterion functions.

The classicdatasetwas obtainedby combiningthe CACM, CISI, CRANFIELD, and MEDLINE abstractghat



wereusedin the pastto evaluatevariousinformationretrieval systemé. In this dataset, eachindividual setof ab-
stractsformed one of the four classes.The fhis dataseis from the Foreign Broadcastnformation Servicedata of
TREC-5[42], andthe classesorrespondo the cateyorizationusedin thatcollection. The hitech, reviews, andsports
datasetsverederived from the SanJoseMercurynenspapearticlesthataredistributedaspartof the TREC collection
(TIPSTERVOI. 3). Eachoneof thesedatasetsvereconstructedy selectingdocumentshatarepartof certaintopics
in whichthevariousarticleswerecateyorized(basenthe DESCRIPTtag). The hitech datasetontainedlocuments
aboutcomputers electronics,health, medical,researchand technology;the reviews datasetcontaineddocuments
aboutfood, movies, music,radio,andrestaurantsandthe sportsdatasetontaineddocumentaboutbaseballpaslet-
ball, bicycling, boxing,football, golfing,andhockey. In selectinghesedocumentsve ensuredhatno twodocuments
sharethe sameDESCRIPTtag (which cancontainmultiple cateyories). The lal2 dataseivas obtainedfrom articles
of theLos AngelesTimesthatwas usedin TREC-5[42]. Thecateyoriescorrespondo the deskof the paperthateach
article appeare@ndincludedocumentgrom the entertainmentfinancial, foreignmetro,national,andsportsdesks.
Datasetsiew3, tr31, andtr41 arederived from TREC-5[42], TREC-6[42], andTREC-7[42] collections.Theclasses
of thesedatasetgorrespondo the documentshatwerejudgedrelevantto particularqueries.The ohscaldatasetvas
obtainedfrom the OHSUMED collection[19], which contains233,445documentsndexed using14,321uniquecat-
egories. Our datasetontaineddocumentgrom the antibodiescarcinomaDNA, in-vitro, molecularsequencelata,
pregnhang, prognosisreceptorsrisk factors,andtomographycatejories. The datasetse0 andrel arefrom Reuters-
21578text categyorizationtest collection Distribution 1.0 [32]. We divided the labelsinto two setsandconstructed
datasetsaccordingly For eachdataset,we selecteddocumentghat have asinglelabel. Finally, the datasetkla,
k1b andwap arefrom the WebACE project[34, 16, 3, 4]. Eachdocumentorresponds$o a web pagelistedin the
subjecthierarchyof Yahoo![44]. Thedataset&laandklbcontainexactly thesamesetof documentdut they differ
in how the documentsvereassignedo differentclassesln particular klacontainsa finergrain cateyorizationthan
thatcontainedn k1h.

4.2 Experimental Methodology and Metrics

For eachone of the different datasetsve obtaineda 5-, 10-, 15-, and 20-way clusteringsolution that optimized
the variousclusteringcriterion functions. The quality of a clusteringsolutionwas measuredy usingtwo different
metricsthatlook at the classlabelsof the documentsassignedo eachcluster The first metricis the widely used
entiopy measurethat looks are how the variousclassesof documentsare distributed within eachcluster and the
secondmeasuras the purity thatmeasureshe extendto which eachclustercontaineddocumentgrom primarily one
class.

Given aparticularclusterS: of sizen,, theentroyy of this clusteris definedto be

a4 ni nir

1
E(S) = _@Z_r |09n—,
r

iz M

whereq is thenumberof classesn the datasetandnir is the numberof document®f thei th classthatwereassigned
to therth cluster Theentrofy of the entireclusteringsolutionis thendefinedto be the sumof theindividual cluster
entropiesveightedaccordingo theclustersize. Thatis,

=~

n
Entropy=» Fr E(S).
r=1

A perfectclusteringsolutionwill betheonethatleadsto clustersthatcontaindocumentgrom only a singleclass,in
which casetheentrogy will bezero.In generalthe smallertheentropy valuesthe betterthe clusteringsolutionis. In

2They are areavailablefrom ftp:/ftp.cs.cornell.edu/pubmart
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asimilarfashionthe purity of this clusteris definedto be
1 i
P(S) = — maxn),
Ny |

which is nothingmorethanthe fraction of the overall clustersizethatthelargestclassof documentsssignedo that
clusterrepresentsTheoverall purity of the clusteringsolutionis obtainedasa weightedsumof theindividual cluster
puritiesandis given by

K
Purity = Z % P(S).
r=1

In generalthelargerthe valuesof purity, the betterthe clusteringsolutionis.

To eliminateary instanceghata particularclusteringsolutionfor a particularcriterionfunctiongot trappednto a
badlocal minima,in all of our experimentsve actuallyfoundtendifferentclusteringsolutions.The variousentropy
andpurity valuesthatarereportedn therestof this sectioncorrespondo theaveragesntrogy andpurity over theseten
differentsolutions.As discussedh Section3.2eachof the tenclusteringsolutionscorrespondso thebestsolutionout
of tendifferentinitial partitioningandrefinemenphasesAs aresult,for eachparticularvalue ofk andcriterionfunc-
tion we computedLOOclusteringsolutions.Theoverallnumberof experimentghatwe performedwvas 3*100*4*8*15
= 144,000thatwerecompletedn about8 dayson a Pentiumlll@600MHz workstation.

4.3 Evaluation of Direct k-way Clustering

Ourfirst setof experimentsyas focusedon evaluatingthe quality of the clusteringsolutionsproducedoy the various
criterionfunctionswhenthey wereuseddirectly to computea k-way clusteringsolution. Theresultsfor the various
datasetandcriterionfunctionsfor 5-, 10-, 15-,and20-way clusteringsolutionsareshavn in Table2, which shavs
boththeentrofy andthe purity resultsfor the entiresetof experimentsTheresultsin this tableareprovidedprimarily
for completenesandin orderto evaluatethe variouscriterion functionswe actually summarizedheseresultsby
looking atthe averageperformancef eachcriterionfunctionover theentiresetof datasets.

Oneway of summarizinghe resultsis to averagethe entropies(or purities)for eachcriterion function over the
fifteendifferentdatasets However, sincethe clusteringquality for differentdatasetss quite differentandsincethe
guality tendsto improve aswe increasethe numberof clusters,we felt that suchsimple averagingmay distort the
overall results. For this reason,our summarizatioris basedon averagingrelative entropies,asfollows. For each
datasetandvalue ofk, we divided the entrofy obtainedby a particularcriterion function by the smallestentrogy
obtainedfor that particulardatasetandvalue ofk over the differentcriterion functions. Theseratiosrepresenthe
degreeto which a particularcriterion function performedworsethanthe bestcriterion function for that particular
seriesof experiments.Note that for differentdatasetsndvaluesof k, the criterion functionthat achieved the best
solutionasmeasuredby entrofy may be different. Theseratiosarelesssensitve to the actualentrogy valuesandthe
particularvalue ofk. We will referto theseratiosasrelative entropies Now, for eachcriterion functionandvalue
of k we averagedheserelative entropiesover the variousdatasetsA criterionfunctionthathasanaveragerelative
entropycloseto 1.0 will indicatethat this function did the bestfor mostof the datasets.On the otherhand,if the
averagerelative entrogy is high, thenthis criterionfunctionperformedooorly. We performeda similar transformation
for the variouspurity functions. However, sincehighervaluesof purity are better insteadof dividing a particular
purity valuewith the best-achieed purity (i.e., higherpurity), we took the oppositeratios. Thatis, we divided the
best-achieed purity with that achiezed by a particularcriterion function, andthen averagedthem over the various
datasetsIn this way, the valuesfor the averagerelative purity canbeinterpretedn a similar mannerasthoseof the
averagerelative entropy (they aregoodif they arecloseto 1.0andthey aregettingworse aghey becomegreaterthan
1.0).

Thevaluesfor the averagerelative entropiesandpuritiesfor the 5-, 10-, 15-,and20-way clusteringsolutionsare
shawvn in Table3. Furthermorethe rows labeled“Avg” containthe averageof theseaveragesover the four setsof
clusteringsolutions. The entriesthat are underlinedcorrespondo the criterion functionsthat performedthe best,
whereagheboldfacedentriescorrespondo the criterionfunctionsthat performedwithin 2% of the best.
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Entropy
5-way Clustering 10-way Clustering
DataSet 71 ) 73 &1 H1 Ho g1 Go 71 ) I3 &1 Hq Ho g1 Go
classic | 041 | 023 | 039 | 021 | 024 | 022 | 029 | 049 | 0.29 | 0.20 | 0.25 | 0.16 | 0.17 | 0.17 | 0.24 | 0.30

fbis 053 | 051 | 053 | 051 | 051 | 051 | 053 | 056 | 0.43 | 0.40 | 0.42 | 0.40 | 0.40 | 0.40 | 0.45 | 0.48
hitech 0.76 | 0.67 | 0.72 | 0.64 | 0.67 | 0.66 | 0.68 | 0.70 | 0.68 | 0.61 | 0.65 | 0.63 | 0.63 | 0.63 | 0.60 | 0.69
kla 057 | 048 | 053 | 0.50 | 0.49 | 0.49 | 048 | 0.52 | 0.49 | 039 | 0.47 | 0.40 | 0.39 | 0.39 | 0.41 | 0.46
klb 027 | 020 | 025 | 0.23 | 020 | 0.22 | 0.19 | 0.18 | 0.20 | 0.12 | 0.20 | 0.17 | 0.14 | 0.15 | 0.14 | 0.16
lal2 065 | 039 | 059 | 038 | 0.41 | 0.39 | 0.47 | 047 | 0.48 | 0.38 | 0.44 | 0.40 | 0.38 | 0.39 | 0.42 | 0.47

new3 0.75 | 069 | 0.75| 0.70 | 0.70 | 0.69 | 0.70 | 0.76 | 0.67 | 0.59 | 0.66 | 0.60 | 0.60 | 0.59 | 0.62 | 0.69
ohscal 0.74 | 066 | 0.71 | 0.63 | 0.66 | 0.65 | 0.65 | 0.69 | 0.63 | 0.55 | 0.62 | 0.54 | 0.55 | 0.54 | 0.58 | 0.64
re0 055| 051 | 053 | 048 | 051 | 049 | 051 | 0.56 | 0.41 | 0.40 | 0.40 | 0.38 | 0.37 | 0.38 | 0.40 | 0.51
rel 056 | 049 | 054 | 049 | 050 | 0.48 | 051 | 0.64 | 0.49 | 0.41 | 0.45 | 0.42 | 0.41 | 0.42 | 0.44 | 0.56
reviews | 0.54 | 032 | 0.56 | 0.36 | 0.34 | 0.34 | 0.31 | 0.58 | 0.30 | 0.27 | 0.30 | 0.29 | 0.28 | 0.28 | 0.31 | 0.42
sports 042 | 022 | 042 | 022 | 025 | 0.20 | 0.23 | 045 | 035 | 0.21 | 0.38 | 0.20 | 0.23 | 0.18 | 0.29 | 0.35

tr31 045 | 039 | 040 | 040 | 0.39 | 0.38 | 0.47 | 036 | 0.29 | 0.22 | 0.23 | 0.23 | 0.22 | 0.21 | 0.22 | 0.32

tr4l 040 | 0.36 | 039 | 0.34 | 0.38| 0.35 | 0.36 | 0.46 | 0.29 | 0.24 | 0.26 | 0.26 | 0.22 | 0.25 | 0.29 | 0.34

wap 055 | 048 | 052 | 049 | 049 | 049 | 048 | 054 | 0.46 | 0.39 | 043 | 042 | 0.39 | 0.41 | 0.41 | 0.47
15-way Clustering 20-way Clustering

DataSet | 77 Iy 13 &1 H1 Ho G1 Go 11 Iy 13 &1 Hq Ho G1 Go
classic | 0.25 | 0.19 | 0.26 | 0.17 | 0.17 | 0.17 | 0.24 | 0.23 | 0.28 | 0.19 | 0.25 | 0.18 | 0.16 | 0.17 | 0.23 | 0.27

fbis 036 | 034 | 038 | 035 | 035| 0.34 | 0.38 | 046 | 0.34 | 0.33 | 0.33 | 0.33 | 0.32 | 0.33 | 0.34 | 0.44
hitech 0.63 | 060 | 0.62 | 0.62 | 059 | 0.61 | 0.60 | 0.69 | 0.61 | 0.57 | 0.59 | 0.60 | 0.58 | 0.59 | 0.59 | 0.68
kla 043 | 035| 040 | 0.36 | 034 | 0.35| 0.37 | 045 ]| 038 | 032 | 0.37 | 0.33 | 0.31 | 0.33 | 0.35 | 0.44
klb 0.19| 0.12 | 016 | 0.15| 0.13 | 0.13 | 0.23 | 0.16 | 0.17 | 0.12 | 0.16 | 0.14 | 0.13 | 0.13 | 0.14 | 0.17
lal2 044 | 0.38 | 043 | 038 | 0.37 | 0.38 | 0.39 | 049 | 0.44 | 0.37 | 0.40 | 0.38 | 0.37 | 0.38 | 0.40 | 0.50

new3 0.60 | 053 | 0.61 | 0.53 | 053 | 0.52 | 0.56 | 0.65 | 0.57 | 0.49 | 0.55 | 0.49 | 0.48 | 0.48 | 0.52 | 0.61
ohscal 0.60 | 0.54 | 059 | 0.54 | 054 | 0.54 | 056 | 0.66 | 0.58 | 0.53 | 0.58 | 0.54 | 0.53 | 0.54 | 0.55 | 0.66
re0 038 | 037 | 038 | 037 | 036 | 037 | 0.37 | 049 | 0.36 | 0.34 | 0.35 | 0.36 | 0.34 | 0.35 | 0.35 | 0.45
rel 043 | 037 | 041 | 037 | 0.36 | 0.36 | 0.42 | 053 | 0.40 | 0.32 | 0.37 | 0.33 | 0.33 | 0.33 | 0.38 | 0.49
reviews | 0.28 | 0.24 | 0.25 | 0.28 | 0.25 | 0.25 | 0.26 | 0.37 | 0.28 | 0.24 | 0.26 | 0.26 | 0.24 | 0.24 | 0.25 | 0.37
sports 0.28 | 0.18 | 0.27 | 0.20 | 0.20 | 0.19 | 0.21 | 033 | 0.24 | 0.15| 0.24 | 0.19 | 0.17 | 0.16 | 0.19 | 0.33

tr31 025| 018 | 021 | 0.22 | 0.19 | 0.19 | 0.22 | 0.28 | 0.20 | 0.17 | 0.19 | 0.20 | 0.17 | 0.16 | 0.20 | 0.27
tr4l 022 | 018 | 020 | 0.20 | 0.20 | 0.19 | 0.22 | 0.31 | 0.18 | 0.15 | 0.17 | 0.17 | 0.15 | 0.17 | 0.18 | 0.28
wap 042 | 0.35]| 039 | 0.36 | 0.34 | 0.35 | 0.38 | 045 | 037 | 0.33 | 0.36 | 0.33 | 0.32 | 0.33 | 0.35 | 0.44
Purity
5-way Clustering 10-way Clustering

DataSet| 7p Iy I3 &1 Hq Ho [ Go 71 Iy I3 &1 Hq Ho [ Go
classic 0.77 | 089 | 0.78 | 0.92 | 0.89 | 091 | 0.82 | 0.66 | 0.85 | 0.91 | 0.87 | 0.93 | 0.93 | 0.93 | 0.87 | 0.83

fbis 050 | 053 | 051 | 051 | 052 | 051 | 050 | 0.52 | 0.60 | 0.62 | 0.60 | 0.61 | 0.62 | 0.62 | 0.58 | 0.59
hitech 043 | 054 | 047 | 056 | 052 | 0.54 | 0.49 | 050 | 0.50 | 0.58 | 0.55 | 0.57 | 0.58 | 0.57 | 0.58 | 0.51
kla 042 | 049 | 046 | 049 | 049 | 049 | 050 | 047 | 052 | 0.61 | 0.53 | 0.62 | 0.62 | 0.63 | 0.59 | 0.54
klb 0.84| 083 | 083 | 081 | 084 | 082 | 085 | 0.86 | 0.90 | 091 | 0.88 | 0.87 | 0.89 | 0.89 | 0.91 | 0.89
lal2 053 | 079 | 059 | 0.78 | 0.76 | 0.78 | 0.67 | 0.73 | 0.68 | 0.78 | 0.73 | 0.77 | 0.78 | 0.78 | 0.74 | 0.73

new3 021 | 024 | 021 | 0.23 | 023 | 0.24 | 023 | 021 | 028 | 0.31 | 0.28 | 0.31 | 0.31 | 0.31 | 0.29 | 0.26
ohscal 034 | 041 | 036 | 045 | 041 | 043 | 044 | 0.39 | 0.47 | 055 | 0.48 | 0.56 | 0.56 | 0.56 | 0.52 | 0.47
re0 043 | 048 | 045 | 056 | 0.47 | 054 | 0.52 | 0.46 | 0.61 | 0.63 | 0.62 | 0.66 | 0.66 | 0.66 | 0.61 | 0.50
rel 0.47 | 053 | 050 | 0.53 | 053 | 0.53 | 052 | 0.38 | 0.55 | 0.61 | 0.59 | 059 | 0.62 | 0.61 | 0.60 | 0.48
reviews | 0.62 | 0.81 | 061 | 0.79 | 0.80 | 0.81 | 0.82 | 0.58 | 0.84 | 0.84 | 0.85 | 0.83 | 0.84 | 0.84 | 0.82 | 0.74
sports 0.66 | 0.87 | 0.65 | 0.87 | 0.80 | 0.87 | 0.87 | 0.65 | 0.74 | 0.85 | 0.70 | 0.86 | 0.83 | 0.87 | 0.77 | 0.72

tr31 0.64 | 069 | 069 | 068 | 0.69 | 0.70 | 0.64 | 0.72 | 0.79 | 0.85 | 0.84 | 0.83 | 0.85 | 0.86 | 0.86 | 0.77

tr41 0.67 | 0.71 | 068 | 0.71 | 069 | 0.71 | 0.71 | 0.63 | 0.77 | 0.79 | 0.79 | 0.75 | 0.81 | 0.76 | 0.76 | 0.73

wap 044 | 050 | 046 | 049 | 0.49 | 0.50 | 0.51 | 046 | 054 | 0.60 | 0.57 | 0.60 | 0.62 | 0.60 | 0.59 | 0.53
15-way Clustering 20-way Clustering

DataSet| Zp e I3 &1 H1 Ho g1 Go 71 e 73 &1 Hq Ho g1 Go
classic 088 | 091 | 087 | 093 | 093 | 093 | 087 | 0.88 ]| 0.85 | 0.92 | 0.87 | 0.92 | 0.93 | 0.93 | 0.88 | 0.86

fbis 0.66 | 0.68 | 0.65 | 0.66 | 0.68 | 0.67 | 0.63 | 0.61 | 0.69 | 0.69 | 0.69 | 0.69 | 0.69 | 0.69 | 0.68 | 0.62
hitech 053 | 058 | 057 | 0.57 | 058 | 0.58 | 0.57 | 0.51 | 0.56 | 0.59 | 0.57 | 0.58 | 0.59 | 0.58 | 0.57 | 0.51
kla 0.58 | 0.66 | 0.61 | 0.67 | 0.69 | 0.68 | 0.63 | 0.56 | 0.63 | 0.70 | 0.65 | 0.68 | 0.71 | 0.70 | 0.66 | 0.58
klb 089 | 092 | 091 | 090 | 091 | 091 | 092 | 0.90 | 0.89 | 092 | 0.90 | 0.90 | 0.91 | 0.91 | 0.90 | 0.90
lal2 072 | 078 | 0.72 | 0.78 | 0.79 | 0.78 | 0.77 | 0.70 | 0.71 | 0.78 | 0.75 | 0.78 | 0.78 | 0.78 | 0.76 | 0.68

new3 034 | 038 | 033 | 038 | 037 | 039 | 0.35 | 030 | 0.38 | 0.42 | 0.39 | 043 | 0.43 | 0.43 | 0.39 | 0.35
ohscal 049 | 055 | 050 | 0.57 | 0.55 | 056 | 0.52 | 0.46 | 0.52 | 0.57 | 0.52 | 0.57 | 0.58 | 0.57 | 0.56 | 0.46
re0 0.64 | 066 | 0.65 | 0.67 | 0.67 | 0.67 | 0.62 | 0.53 | 0.65 | 0.68 | 0.67 | 0.68 | 0.68 | 0.68 | 0.65 | 0.57
rel 0.58 | 0.64 | 060 | 0.63 | 0.64 | 0.65 | 0.60 | 0.49 | 0.60 | 0.67 | 0.63 | 0.67 | 0.66 | 0.67 | 0.62 | 0.53
reviews | 0.85 | 0.86 | 0.86 | 0.83 | 0.85 | 0.85 | 0.85 | 0.79 | 0.83 | 0.87 | 0.85 | 0.85 | 0.86 | 0.86 | 0.85 | 0.79
sports 079 | 0.87 | 080 | 0.85 | 0.85| 0.86 | 0.84 | 0.73 | 0.81 | 0.89 | 0.82 | 0.87 | 0.87 | 0.88 | 0.86 | 0.74

tr31 082 | 087 | 08| 083 | 0.85| 0.86 | 0.85 | 0.81 | 0.85 | 0.88 | 0.86 | 0.85 | 0.87 | 0.88 | 0.86 | 0.82
tr4l 083 | 085 | 083 | 0.83 | 082 | 0.83 | 081 | 0.74 | 0.85 | 0.87 | 0.86 | 0.85 | 0.87 | 0.86 | 0.85 | 0.77
wap 059 | 066 | 0.62 | 0.67 | 0.67 | 0.67 | 0.62 | 0.56 | 0.64 | 0.68 | 0.65 | 0.70 | 0.70 | 0.69 | 0.66 | 0.57

Table 2: Entropy and Purity for the various datasets and criterion functions for the clustering solutions obtained via direct k-way
clustering.
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Average Relative Entropy
k I1 I I3 &1 Hq Ho g1 G2
5 1.361| 1.041 | 1.312| 1.044 | 1.069| 1.033 | 1.092| 1.333
10 1.312| 1.042 | 1.246| 1.069| 1.035 | 1.040 | 1.148| 1.380
15 1.252| 1.019 | 1.190| 1.071| 1.029 | 1.029 | 1.132| 1.402
20 1.236| 1.018 | 1.180| 1.086| 1.022 | 1.035 | 1.139| 1.486
Avg | 1.290| 1.030 | 1.232| 1.068| 1.039 | 1.034 | 1.128| 1.400

Average Relative Purity
K Iy 7 73 & Hi Ha g1 Go

5 1.209| 1.034 | 1.163| 1.018 | 1.051| 1.021 | 1.054| 1.173
10 1.112| 1.017 | 1.082| 1.024 | 1.008 | 1.013 | 1.054| 1.161
15 1.087 | 1.012 | 1.068| 1.019 | 1.012 | 1.009 | 1.057| 1.163
20 1.076 | 1.007 | 1.054| 1.017 | 1.006 | 1.009 | 1.047| 1.165
Avg | 1.121| 1.018 | 1.092| 1.019 | 1.019 | 1.013 | 1.053| 1.166

Table 3: Relative entropies and purities averaged over the different datasets for different criterion functions for the clustering
solutions obtained via direct k-way clustering. Underlined entries represent the best performing scheme, and boldfaced entries
correspond to schemes that performed within 2% of the best.

A numberof obsenationscanbe madeby analyzingthe resultsin Table3. First, theZ 1, Z3, andthe G, criterion
functionsleadto clusteringsolutionsthatareconsistentlyworsethanthe solutionsobtainedusingthe othercriterion
functions.Thisis true bothwhenthe quality of the clusteringsolutionwas evaluatedusingthe entrogy as well asthe
purity measuresThey leadto solutionsthatare19%—35%worsein termsof entrofy and8%—15%worsein termsof
purity thanthe bestsolution. Secondthe 7, andthe # criterionfunctionsleadto the bestsolutionsirrespectve of
thenumberof clustersor themeasureisedto evaluatethe clusteringquality. Over theentiresetof experimentsthese
methodsareeitherthe bestor alwayswithin 2% of the bestsolution. Third, the 7 1 criterionfunction performsthe
next bestandoverall is within 2% of the bestsolutionfor both entrory andpurity. Fourth,the £ 1 criterionfunction
alsoperformsquitewell whenthe quality is evaluatedusingpurity. Finally, the G 1 criterionfunctionalwaysperforms
somavherein the middle of the road. It is on the average9% worsein termsof entropy and4% worsein termsof
purity whencomparedo the bestscheme Also notethatthe relative performancef the variouscriterionfunctions
remainsmore-orlessthe samefor boththeentropy- andthe purity-basedvaluationmethods Theonly changés that
the relative differencesbetweenthe variouscriterion functionsas measuredy entrofy aresomavhat greaterwhen
comparedo thosemeasuredby purity. This shouldnot be surprising,asthe entrofy measurdakesinto accounthe
entire distribution of the documentsn a particularclusterand not just the largestclassasit is doneby the purity
measure.

4.4 Evaluation of k-way Clustering via Repeated Bisections

Our secondsetof experimentswas focusedon evaluatingthe clusteringsolutionsproducedby the variouscriterion
functionswhenthe overall k-way clusteringsolutionwas obtainedvia a sequenc®f clusterbisectiongRB). In this
approachak-way solutionis obtainedoy first bisectingthe entirecollection. Then,oneof thetwo clusterss selected
andit is further bisected,leadingto a total of threeclusters. The processof selectingand bisectinga particular
clustercontinuesuntil k clustersare obtained. Eachof thesebisectionss performedso that the resultingtwo-way
clusteringsolutionoptimizesa particularcriterionfunction. However, the overall k-way clusteringsolutionwill not
necessariljoe at a local minimawith respecto the criterionfunction. Obtaininga k-way clusteringsolutionin this
fashionmay be desirablebecausehe resultingsolutionis hierarchicalandthusit canbe easilyvisualized. The key
stepin this algorithmis the methodusedto selectwhich clusterto bisectnext, anda numberof differentapproaches
weredescribedn [39, 23]. In all of our experimentswe choseto selectthe largestcluster as this approacHeadto
reasonablyoodandbalancedlusteringsolutiong39].

Table4 shawvs the quality of the clusteringsolutionsproducedby the variouscriterion functionsfor 5-, 10-, 15-,
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Entropy
5-way Clustering 10-way Clustering
DataSet| 7p 2 73 &1 Hi Ho G1 Go 7, 2 73 &1 Hq Ho G1 Go
classic | 0.38 | 0.25 | 036 | 0.29 | 0.32 | 0.34 | 0.26 | 0.32 | 0.19 | 0.22 | 0.18 | 0.17 | 0.17 | 0.21 | 0.23 | 0.15

fbis 050 | 0.50 | 0.50 | 0.54 | 0.49 | 0.52 | 0.49 | 053 | 0.40 | 0.40 | 0.41 | 0.44 | 0.40 | 0.44 | 0.41 | 0.43
hitech 0.71 | 063 | 0.66 | 0.63 | 0.63 | 0.62 | 0.67 | 0.71 | 0.66 | 0.59 | 0.63 | 0.58 | 0.60 | 0.57 | 0.60 | 0.66
kla 055 | 050 | 052 | 0.49 | 052 | 0.49 | 050 | 0.52 | 0.43 | 042 | 0.43 | 0.41 | 0.42 | 0.40 | 0.41 | 0.42
klb 023 023 | 022 | 023 | 024 | 022 022 | 022 | 020 | 0.18 | 0.19 | 0.15 | 0.18 | 0.14 | 0.15 | 0.16
lal2 061 | 0.47 | 054 | 049 | 0.44 | 041 | 0.48 | 042 | 043 | 0.40 | 0.42 | 0.42 | 0.40 | 0.38 | 0.41 | 0.39

new3 0.76 | 0.70 | 0.75 | 069 | 0.72 | 0.69 | 0.70 | 0.74 | 0.64 | 0.59 | 0.63 | 0.59 | 0.61 | 0.59 | 0.58 | 0.64
ohscal 0.72 | 0.63 | 0.72 | 0.64 | 0.64 | 0.64 | 0.63 | 0.67 | 0.62 | 0.54 | 0.62 | 0.54 | 0.56 | 0.54 | 0.56 | 0.60
re0 054 051 | 052 | 049 | 049 | 049 | 051 | 0.55| 041 | 039 | 0.41 | 0.39 | 0.39 | 0.39 | 0.40 | 0.44
rel 055| 049 | 053 | 052 | 051 | 052 | 050 | 0.62 | 0.45 | 0.42 | 0.44 | 0.41 | 0.42 | 041 | 0.42 | 0.54
reviews | 0.39 | 033 | 0.37 | 0.31 | 0.34 | 0.31 | 0.35 | 055 0.35 | 0.30 | 0.33 | 0.24 | 0.31 | 0.26 | 0.29 | 0.36
sports 039 | 0.27 | 038 | 0.24 | 0.30 | 0.24 | 0.28 | 0.36 | 0.28 | 0.16 | 0.27 | 0.15 | 0.21 | 0.13 | 0.15 | 0.27

tr31 035|032 | 037| 029| 032 | 032 | 031 | 035 | 0.22 | 0.17 | 0.27 | 0.21 | 0.18 | 0.18 | 0.18 | 0.23

tr41 036 | 0.38 | 0.38 | 043 | 0.39 | 0.37 | 0.36 | 0.38 | 0.27 | 0.28 | 0.27 | 0.30 | 0.26 | 0.28 | 0.27 | 0.24

wap 053 | 0.50 | 051 | 049 | 051 | 048 | 0.49 | 053 | 0.43 | 042 | 0.44 | 040 | 0.43 | 0.39 | 0.41 | 0.44
15-way Clustering 20-way Clustering

DataSet | 7, 2 13 &1 H1 Ho g1 Go 7, 2 73 &1 Hq Ho G1 Go
classic 018 | 021 ] 018 | 0.17 ] 016 | 0.20 | 022 | 0.13 | 0.18 | 0.20 | 0.17 | 0.15 | 0.16 | 0.19 | 0.21 | 0.13

fbis 036 | 037 | 036 | 040 | 035 | 038 | 0.34 | 0.39 | 0.34 | 034 | 0.33 | 0.38 | 0.33 | 0.36 | 0.33 | 0.37
hitech 0.64 | 056 | 0.61 | 0.56 | 057 | 0.55 | 0.57 | 0.64 | 0.61 | 053 | 0.59 | 0.54 | 0.56 | 0.53 | 0.55 | 0.62
kla 038 036 | 036 | 0.35| 035 | 034 | 037 | 0.38 | 0.35| 032 | 0.33 | 0.32 | 0.31 | 0.32 | 0.33 | 0.35
klb 0.17 | 0.13 | 0.14| 0.14 | 013 | 0.13 | 0.14 | 014 | 015 | 0.12 | 0.13 | 0.12 | 0.12 | 0.12 | 0.12 | 0.13
lal2 041 | 038 | 039 | 039 | 0.38| 0.38 | 0.38 | 037 | 0.37 | 0.37 | 0.38 | 0.38 | 0.37 | 0.36 | 0.38 | 0.36

new3 057 | 054 | 057 | 0.53 | 055 | 053 | 0.53 | 0.58 | 0.52 | 0.49 | 0.51 | 0.49 | 0.50 | 0.49 | 0.49 | 0.53
ohscal 057 | 052 | 057 | 0.52 | 054 | 0.52 | 053 | 0.57 | 0.56 | 0.51 | 0.56 | 0.51 | 0.53 | 0.51 | 0.52 | 0.56
re0 036 | 035| 036 | 037 | 036 | 037 | 035 | 039 | 0.32 | 033 | 0.32 | 0.32 | 0.33 | 0.32 | 0.33 | 0.36
rel 040 | 036 | 039 | 035 | 037 | 035 | 0.37 | 049 | 037 | 0.33 | 0.35 | 0.33 | 0.33 | 0.32 | 0.34 | 0.44
reviews | 0.29 | 025 | 0.27 | 0.23 | 0.27 | 0.23 | 0.24 | 0.33 | 0.26 | 0.24 | 0.26 | 0.20 | 0.25 | 0.21 | 0.24 | 0.32
sports 020| 012 | 019 | 012 | 016 | 0.12 | 012 | 0.23 | 0.19 | 012 | 0.19 | 0.12 | 0.14 | 0.12 | 0.11 | 0.21

tr31 0.18 | 0.15 | 0.22 | 0.16 | 0.17 | 0.17 | 0.15 | 0.19 | 0.16 | 0.14 | 0.18 | 0.14 | 0.15 | 0.15 | 0.14 | 0.17
tr41 020 | 0.22 | 023 | 0.23 | 0.24 | 0.23 | 0.23 | 0.19 | 0.18 | 0.16 | 0.18 | 0.19 | 0.17 | 0.18 | 0.16 | 0.16
wap 0.38 | 0.34| 037 | 035 | 0.35| 0.34 | 0.35 | 039 | 035 | 0.31 | 0.34 | 0.32 | 0.32 | 0.32 | 0.32 | 0.35
Purity
5-way Clustering 10-way Clustering

DataSet| Z7p e I3 &1 H1 Ho g1 Go 71 e 73 &1 Hq Ho g1 Go
classic 079 | 088 | 079 | 085 081 | 0.77 | 0.87 | 0.80 | 0.92 | 0.88 | 0.93 | 093 | 0.93 | 0.90 | 0.88 | 0.94

fbis 054 | 051 | 054 | 050 | 0.53 | 0.50 | 0.50 | 051 | 0.64 | 0.59 | 0.63 | 0.58 | 0.62 | 0.55 | 0.57 | 0.60
hitech 048 | 059 | 053 | 0.55 | 055 | 0.58 | 0.48 | 0.48 | 053 | 0.61 | 0.56 | 0.61 | 0.56 | 0.62 | 0.59 | 0.56
kla 044 | 049 | 047 | 0.48 | 0.47 | 0.48 | 048 | 0.47 | 057 | 059 | 0.58 | 0.60 | 0.57 | 0.61 | 0.60 | 0.59
klb 0.85| 080 | 082 | 081 | 080 | 082 | 0.84 | 0.83 | 0.86 | 0.85 | 0.84 | 0.88 | 0.85 | 0.90 | 0.88 | 0.88
lal2 057 | 071 | 064 | 069 | 0.75 | 0.76 | 0.70 | 0.78 | 0.73 | 0.77 | 0.75 | 0.74 | 0.77 | 0.78 | 0.75 | 0.79

new3 0.20 | 0.24 | 0.20 | 0.24 | 022 | 0.24 | 023 | 022 | 028 | 0.31 | 0.27 | 0.32 | 0.30 | 0.31 | 0.32 | 0.28
ohscal 036 | 047 | 0.36 | 045 | 0.47 | 046 | 047 | 0.42 | 0.46 | 0.60 | 0.47 | 059 | 0.58 | 0.59 | 0.56 | 0.51
re0 050 | 053 | 050 | 0.55 | 052 | 0.53 | 052 | 0.47 | 0.60 | 0.64 | 0.60 | 0.64 | 0.62 | 0.63 | 0.63 | 0.60
rel 048 | 0.53 | 050 | 0.50 | 053 | 0.50 | 0.52 | 0.40 | 0.56 | 0.61 | 0.58 | 0.62 | 0.60 | 0.62 | 0.62 | 0.47
reviews | 0.75| 0.80 | 0.77 | 0.83 | 0.79 | 0.82 | 0.78 | 0.58 | 0.78 | 0.80 | 0.79 | 0.87 | 0.81 | 0.86 | 0.81 | 0.79
sports 069 | 0.76 | 0.70 | 0.85 | 0.75| 0.79 | 0.79 | 0.71 | 0.77 | 0.88 | 0.80 | 0.91 | 0.83 | 0.92 | 0.90 | 0.79

tr31 073 | 0.75| 071 | 0.78 | 0.74| 0.74 | 0.75 | 0.74 | 0.85 | 0.89 | 0.80 | 0.84 | 0.88 | 0.89 | 0.89 | 0.85

tr4l 0.70 | 069 | 069 | 061 | 069 | 0.73 | 0.73 | 0.71 | 0.79 | 0.75 | 0.79 | 0.73 | 0.77 | 0.73 | 0.74 | 0.80

wap 045 | 049 | 048 | 049 | 047 | 049 | 049 | 046 | 056 | 0.59 | 0.57 | 0.61 | 0.56 | 0.62 | 0.59 | 0.57
15-way Clustering 20-way Clustering

DataSet| 71 Iy I3 &1 Hi Ho G1 Go 71 Iy 73 &1 Hq Ho G1 Go
classic | 0.92 | 0.89 | 0.93 | 093 | 093 | 0.90 | 0.88 | 0.95 | 0.92 | 0.90 | 0.93 | 0.94 | 0.93 | 0.91 | 0.89 | 0.95

fbis 0.67 | 0.62 | 0.67 | 0.63 | 0.65 | 0.63 | 0.68 | 0.63 | 0.69 | 0.67 | 0.69 | 0.63 | 0.68 | 0.64 | 0.68 | 0.65
hitech 055 | 062 | 057 | 0.62 | 0.60 | 0.62 | 0.61 | 0.57 | 0.56 | 0.63 | 0.58 | 0.62 | 0.60 | 0.64 | 0.61 | 0.58
kla 0.63 | 0.66 | 0.65 | 0.68 | 0.67 | 0.69 | 0.66 | 0.64 | 0.66 | 0.69 | 0.68 | 0.70 | 0.70 | 0.70 | 0.69 | 0.66
klb 089 | 091 | 090 | 0.89 | 090 | 091 | 0.89 | 0.90 | 0.90 | 091 | 0.90 | 091 | 0.91 | 092 | 0.92 | 0.91
lal2 0.74 | 0.78 | 0.76 | 0.77 | 0.78 | 0.78 | 0.76 | 0.79 | 0.77 | 0.78 | 0.77 | 0.77 | 0.78 | 0.79 | 0.76 | 0.79

new3 033 | 037 | 033 | 0.38 | 0.36 | 0.38 | 0.37 | 0.33 | 038 | 0.42 | 0.39 | 041 | 0.42 | 0.42 | 0.41 | 0.38
ohscal 052 | 0.61 | 052 | 062 | 059 | 0.62 | 0.60 | 0.52 | 0.52 | 0.62 | 0.53 | 0.62 | 0.59 | 0.62 | 0.60 | 0.54
re0 0.64 | 067 | 064 | 0.64 | 064 | 0.64 | 0.66 | 0.64 | 0.67 | 0.69 | 0.67 | 0.68 | 0.66 | 0.69 | 0.68 | 0.66
rel 0.60 | 065 | 0.61 | 0.65 | 0.63 | 0.66 | 0.65 | 0.51 | 0.62 | 0.68 | 0.64 | 0.67 | 0.67 | 0.68 | 0.67 | 0.55
reviews | 0.83 | 0.86 | 0.84 | 0.87 | 0.84 | 0.87 | 0.87 | 0.81 | 0.84 | 0.87 | 0.84 | 0.89 | 0.85 | 0.88 | 0.87 | 0.81
sports 085 | 090 | 085 | 093 | 0.89 | 0.92 | 092 | 0.83 | 0.86 | 0.90 | 0.86 | 0.93 | 0.90 | 0.92 | 0.93 | 0.85

tr31 087 | 089 | 083 | 0.89 | 088 | 0.89 | 090 | 0.87 | 0.88 | 0.90 | 0.86 | 0.90 | 0.89 | 0.89 | 0.90 | 0.88
tr4l 083 | 079 | 080 | 0.78 | 0.78 | 0.78 | 0.78 | 0.85 | 0.84 | 0.86 | 0.85 | 0.82 | 0.85 | 0.83 | 0.86 | 0.87
wap 0.62 | 0.67 ) 0.63 | 0.68 | 0.67 | 0.68 | 0.66 | 0.63 | 0.66 | 0.69 | 0.67 | 0.70 | 0.69 | 0.70 | 0.69 | 0.66

Table 4: Entropy and Purity for the various datasets and criterion functions for the clustering solutions obtained via repeated
bisections.
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and20-way clustering whenthesesolutionswereobtainedvia repeatedisections Again, theseresultsareprimarily

providedfor completenesandour discussiorwill focusonthe averagerelative entropiesandpuritiesfor thevarious
clusteringsolutionsshovn in Table5. The valuesin this table were obtainedby usingexactly thesameprocedure
discussedh Sectiond.3for averagingthe resultsof Table4.

Average Relative Entropy
k 1 I I3 &1 Hq Ho g1 Go
5 1.207 | 1.050 | 1.168| 1.060 | 1.083| 1.049 | 1.053 | 1.191
10 1.243| 1.112| 1.239| 1.083| 1.129| 1.056 | 1.106| 1.221
15 1.190| 1.085 | 1.183| 1.077 | 1.102| 1.079 | 1.085 | 1.205
20 1.183| 1.070 | 1.169| 1.057 | 1.085| 1.072 | 1.075| 1.209
Avg | 1.206| 1.079 | 1.190| 1.069 | 1.100| 1.064 | 1.080 | 1.207

Average Relative Purity
k 11 ) I3 &1 Hi Ho g1 G2

5 1.137| 1.035 | 1.110| 1.047 | 1.055 | 1.041 | 1.050 | 1.127
10 1.099 | 1.039 | 1.093| 1.030 | 1.051| 1.024 | 1.043 | 1.089
15 1.077| 1.029 | 1.070| 1.022 | 1.038 | 1.021 | 1.029 | 1.081
20 1.063| 1.016 | 1.053| 1.018 | 1.025 | 1.014 | 1.021 | 1.068
Avg | 1.094 | 1.030 | 1.082| 1.030 | 1.042 | 1.025 | 1.036 | 1.091

Table 5: Relative entropies and purities averaged over the different datasets for different criterion functions for the clustering solu-
tions obtained via repeated hisections. Underlined entries represent the best performing scheme, and boldfaced entries correspond
to schemes that performed within 2% of the best.

A numberof obsenationscanbe madeby analyzingtheseresults.First,theZ 1, 73, andG, criterionfunctionslead
to the worseclusteringsolutions,bothin termsof entrogy andin termsof purity. Secondthe # > criterionfunction
leadsto the bestoverall solutions,whereashe 7, £1, and G1 criterion functionsare within 2% of the best. The
‘H1 criterion function performswithin 2% of the bestsolutionwhenthe quality is measuredising purity, andit is
about3.3% from the bestwhenthe quality is measuredisingentroy. Theseresultsarein generalconsistentith
thoseobtainedfor directk-way clusteringbut in the caseof repeatedisectionsthereis a reductionin the relative
differencebetweenthe bestandthe worst schemes.For example,in termsof entrogy, G2 is only 13% worsethan
the best(comparedo 35% for directk-way). Similar trendscanbe obsened for the other criterion functionsand
for purity. This relatve improvementbecomesnostapparenfor the G 1 criterion functionthat now almostalways
performswithin 2% of the best. The reasonfor theseimprovementswill be discussedn Section5. Also, another
interestingobsenationis thatthe averagerelative entropiegandpurities)for repeatedisectionsarehigherthanthe
correspondingesultsobtainedfor directk-way. This indicatesthatthereis a higherdegreeof variationbetweerthe
relative performancef thevariouscriterionfunctionsfor the differentdatasets.

Finally, Figure 1 compareghe quality of the clusteringsolutionsobtainedvia direct k-way clusteringto those
obtainedvia repeatedisections.Theseplotswereobtainedby dividing the entrogy (or purity) achieved by thedirect
k-way approach(Table 2)with thatof theentrogy (or purity) achieved by the RB approachandthenaveragingthese
ratiosover the fifteendatasetsfor eachone of the criterion functionsand numberof clusters. Sincelower entrogy
valuesare better ratiosthat are greaterthanoneindicatethat the RB approacHeadsto bettersolutionsthandirect
k-way andvice versa.Similarly, sincehigherpurity valuesarebetter ratiosthataresmallerthanoneindicatethe RB
approacHeadsto bettersolutionsthandirectk-way.

Looking attheplotsin Figurel we canmake anumberof obsenations.First, in termsof bothentrofy andpurity,
theZ1, 73, G1, andGo criterionfunctionsleadto worsesolutionswith directk-way thanwith RB clustering.Second,
for the remainingcriterionfunctions,the relatve performanceppeargo be sensitve on the numberof clusters.For
smallnumberof clustersthedirectk-wayapproachendso leadto bettersolutionshowever, asthenumberof clusters
increaseshe RB approachendsto outperformdirectk-way. In fact,this sensitvity onthe numberof clustersappears
to betruefor all eightclusteringcriterionfunctions,andthe main differencehasto do with how quickly the quality
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Figure 1. The relative performance of direct k-way clustering over that of repeated bisections (RB) averaged over the different
datasets, for the entropy and purity measures.

of thedirectk-way clusteringsolutiondegrades.Third, theZ», #1, andH criterionfunctionsappeato betheleast
sensitve, astheir relative performanceloesnot changesignificantlybetweerdirectk-way andRB.

Thefactthatfor mary of the clusteringcriterion functionsthe quality of the solutionsobtainedvia repeatedi-
sectionsis betterthanthat achieved by direct k-way clusteringis both surprisingand alarming. This is because,
even-thoughthe solution obtainedby the RB approachs not even at a local minima with respectto the particular
criterionfunction, it leadsto qualitatively betterclusters. Intuitively, we expectedthat directk-way will be strictly
betterthan RB andthe fact that this doesnot happensuggestghat theremay be someproblemswith someof the
criterionfunctions.Thiswill befurtherdiscusse@ndanalyzedn Section5.

4.5 Evaluation of k-way Clustering via Repeated Bisections follo wed by k-way Re-
finement

To furtherinvestigatethe surprisingbehaior of the RB-basedclusteringapproachwe performeda sequencef ex-
perimentsin which the final solution obtainedby the RB-approacHor a particularcriterion functions,was further
refinedusinga greedyk-way refinementalgorithmwhosegoal was to optimizethe particularcriterionfunction. The
k-way refinementalgorithmthatwe usedis identicalto thatdescribedn Section3.2. We will referto this schemeas
RB-kway. Thedetailedexperimentalesultsfrom this sequencef experimentds shavn in Table6, andthesummary
of theseresultsin termsof averagerelative entropiesandpuritiesis shavn in Table7.

Comparingherelative performancef thevariouscriterionfunctionswe canseethatthey aremoresimilarto those
of directk-way (Table 3)thanthoseof the RB-basedapproachTable5). In particular Z 2, £1, H1, andH2 tendto
outperformtherest,with 7, doingthe bestin termsof entrofy and » doingthebestin termsof purity. Also, we can
seethatbothZ,, 73, G1, andG» areconsiderablyvorsethanthebestschemeFigure2 comparesherelative quality of
the RB-k-way solutionsto the solutionsobtainedby the RB-basedschemeTheseplotsweregeneratedisingthesame
methodfor generatinghe plotsin Figurel. Looking attheseresultswe canseethatby optimizingthe? 1, £1, G1, and
G- criterionfunctions,the quality of the solutionsbecomeworse,especiallyfor largenumberof clusters.Thelargest
degradatiorhappendgor G1 andgG,. On the otherhand,aswe optimizeeitherZ,, H1, or H2, theoverall clusterquality
change®nly slightly (sometimest getsbetterandsometimest getsworse).Theseresultsverify the obsenationswe
madein Section4.4thatsuggesthatthe optimizationof someof the criterionfunctionsdoesnot necessariljyeadto
betterquality clustersgspeciallyfor largevaluesof k.

5 Discussion & Analysis

Theexperimentakvaluationof thevariouscriterionfunctionspresenteth Sectiond shaw two interestingrends.First,
the quality of the clusteringsolutionsproducedoy someseeminglysimilar criterion functionsis often substantially
different. For instance,all threeinternal criterion functions,7Z1, 7>, andZ3, try to producea clusteringsolution
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Entropy
5-way Clustering 10-way Clustering
DataSet 71 ) 73 &1 H1 Ho g1 Go 71 ) I3 &1 Hq Ho g1 Go
classic | 0.40 | 0.23 | 038 | 0.21 | 0.30 | 0.33 | 026 | 0.32 | 0.27 | 0.23 | 0.23 | 0.17 | 0.16 | 0.18 | 0.24 | 0.17

fbis 049 | 050 | 049 | 0.51 | 048 | 0.50 | 0.53 | 0.55 | 0.39 | 0.39 | 0.40 | 0.42 | 0.40 | 0.42 | 0.43 | 0.48
hitech 0.75 | 064 | 069 | 0.64 | 0.66 | 0.62 | 0.67 | 0.72 | 0.67 | 059 | 0.63 | 0.61 | 0.61 | 0.59 | 0.62 | 0.67
kla 055| 049 | 052 | 0.50 | 051 | 0.49 | 048 | 0.52 | 0.44 | 0.40 | 0.43 | 0.42 | 0.40 | 0.40 | 0.41 | 0.42
klb 023 022| 022 | 024 | 023 023|019 | 021 | 022 | 0.15| 0.20 | 0.7 | 0.17 | 0.16 | 0.13 | 0.15
lal2 0.65| 047 | 057 | 0.46 | 041 | 0.40 | 053 | 0.44 | 047 | 039 | 0.45 | 0.40 | 0.37 | 0.38 | 0.41 | 0.43

new3 0.76 | 0.69 | 0.76 | 069 | 0.71 | 0.69 | 0.71 | 0.75 | 0.65 | 0.58 | 0.64 | 0.59 | 0.60 | 0.59 | 0.61 | 0.68
ohscal 0.75 | 061 | 0.74 | 062 | 0.61 | 0.61 | 0.61 | 0.68 | 0.63 | 0.54 | 0.62 | 0.53 | 0.56 | 0.53 | 0.59 | 0.63
re0 054 | 050 | 053 | 0.48 | 049 | 0.48 | 050 | 0.56 | 0.42 | 0.39 | 0.41 | 0.38 | 0.37 | 0.37 | 0.40 | 0.46
rel 058 | 048 | 055 | 0.50 | 050 | 0.50 | 0.50 | 0.64 | 0.47 | 0.42 | 0.44 | 0.42 | 0.41 | 0.41 | 0.44 | 057
reviews | 0.39 | 035 | 037 | 0.35| 0.35 | 0.29 | 0.30 | 0.58 | 0.32 | 0.30 | 0.31 | 0.28 | 0.30 | 0.29 | 0.31 | 0.38
sports 044 | 028 | 043 | 0.24 | 033 | 0.27 | 0.34 | 040 | 033 | 0.17 | 0.31 | 0.19 | 0.22 | 0.16 | 0.19 | 0.34

tr31 035|031 039| 029 031| 030 | 0.33 | 036 | 0.20 | 0.17 | 0.26 | 0.20 | 0.17 | 0.18 | 0.19 | 0.23

tr4l 037 | 035| 037 | 039 | 0.36 | 0.33 | 0.30 | 0.38 | 0.28 | 0.26 | 0.26 | 0.28 | 0.23 | 0.27 | 0.28 | 0.25

wap 054 | 049 | 051 | 050 | 051 | 0.48 | 048 | 0.53 | 043 | 0.39 | 0.42 | 041 | 0.42 | 0.40 | 0.42 | 0.44
15-way Clustering 20-way Clustering

DataSet | 77 Iy 13 &1 H1 Ho G1 Go 11 Iy 13 &1 Hq Ho G1 Go
classic | 0.23 | 0.20 | 0.23 | 0.15 | 0.16 | 0.17 | 0.23 | 0.17 | 0.23 | 0.19 | 0.23 | 0.17 | 0.16 | 0.17 | 0.21 | 0.20

fbis 036 | 0.36 | 0.36 | 0.37 | 0.34 | 0.36 | 0.38 | 0.46 | 0.35 | 0.33 | 0.33 | 0.36 | 0.32 | 0.35 | 0.33 | 0.45
hitech 0.65| 058 | 0.61 | 0.59 | 0.60 | 0.58 | 0.59 | 0.66 | 0.62 | 0.56 | 0.59 | 0.58 | 0.57 | 0.57 | 0.58 | 0.66
kla 040 | 033 | 036 | 0.36 | 0.34 | 0.34 | 0.37 | 0.40 | 0.38 | 0.30 | 0.33 | 0.33 | 0.30 | 0.31 | 0.33 | 0.39
klb 019 0.11| 016 | 0.17 | 013 | 0.13 | 023 | 0.14 | 0.17 | 0.11 | 0.14 | 0.214 | 0.12 | 0.12 | 0.14 | 0.14
lal2 044 | 037 | 041 | 039 | 0.36 | 0.38 | 0.41 | 043 | 040 | 0.36 | 0.39 | 0.38 | 0.35 | 0.37 | 0.40 | 0.44

new3 058 | 0.52 | 057 | 0.52 | 053 | 0.51 | 0.55 | 0.64 | 052 | 0.47 | 0.51 | 0.48 | 0.47 | 0.46 | 0.51 | 0.60
ohscal 059 | 051 | 059 | 0.53 | 053 | 0.52 | 0.54 | 0.64 | 0.58 | 0.52 | 0.57 | 0.53 | 0.52 | 0.52 | 0.56 | 0.64
re0 037 034 | 035 | 036 | 036 | 035| 033 | 041 | 034 | 032 | 032 | 033 | 034 | 032 | 031 | 0.39
rel 040 | 035 039 | 036 | 0.36 | 0.34 | 0.41 | 053 | 038 | 0.32 | 0.35 | 0.33 | 0.32 | 0.32 | 0.39 | 0.50
reviews | 0.28 | 025 | 0.25 | 025 | 0.25 | 0.24 | 0.25 | 0.36 | 0.26 | 0.24 | 0.24 | 0.25 | 0.25 | 0.22 | 0.24 | 0.37
sports 025 017 | 023 | 0.16 | 0.17 | 0.17 | 0.18 | 031 | 023 | 0.16 | 0.22 | 0.17 | 0.17 | 0.16 | 0.19 | 0.32

tr31 0.19 | 0.17 | 022 | 0.20 | 0.18 | 0.17 | 0.20 | 0.26 | 0.19 | 0.16 | 0.18 | 0.18 | 0.15 | 0.17 | 0.22 | 0.25
tr4l 023 021| 022 | 020 | 021 | 0.21 | 023 | 0.24 | 0.21 | 0.15 | 0.17 | 0.17 | 0.15 | 0.17 | 0.19 | 0.24
wap 0.38 | 0.32 | 037 | 0.35 | 0.35| 0.34 | 0.36 | 040 | 0.36 | 0.29 | 0.33 | 0.32 | 0.32 | 0.33 | 0.34 | 0.39
Purity
5-way Clustering 10-way Clustering

DataSet| 7p Iy I3 &1 Hq Ho [ Go 71 Iy I3 &1 Hq Ho [ Go
classic 078 | 089 | 078 | 092 | 081 | 0.80 | 0.86 | 0.80 | 0.86 | 0.87 | 0.89 | 0.92 | 0.94 | 0.92 | 0.86 | 0.93

fbis 054 | 051 | 054 | 052 | 053 | 050 | 0.48 | 0.50 | 0.64 | 0.61 | 0.63 | 0.61 | 0.63 | 0.56 | 0.60 | 0.57
hitech 044 | 059 | 050 | 0.57 | 055 | 0.58 | 0.50 | 0.48 | 0.51 | 0.60 | 0.56 | 0.60 | 0.57 | 0.60 | 0.57 | 0.54
kla 044 | 0.49 | 047 | 0.48 | 0.47 | 0.48 | 0.49 | 047 | 055 | 0.60 | 0.57 | 0.60 | 0.60 | 0.61 | 0.59 | 0.60
klb 0.86 | 0.80 | 0.82 | 0.80 | 0.80 | 0.80 | 0.84 | 0.84 | 0.85 | 0.87 | 0.85 | 0.85 | 0.86 | 0.88 | 0.92 | 0.89
lal2 053 | 0.72 | 0.60 | 0.72 | 0.76 | 0.77 | 0.65 | 0.76 | 0.68 | 0.78 | 0.70 | 0.77 | 0.79 | 0.78 | 0.77 | 0.74

new3 020 | 0.24 | 0.20 | 0.23 | 0.22 | 0.24 | 0.22 | 021 | 029 | 0.32 | 0.28 | 0.32 | 0.30 | 0.32 | 0.29 | 0.26
ohscal 035 | 048 | 0.35 | 047 | 0.48 | 047 | 0.48 | 0.42 | 0.48 | 059 | 0.50 | 0.59 | 0.57 | 0.59 | 0.51 | 0.48
re0 051 | 053 | 049 | 056 | 052 | 0.54 | 0.52 | 0.46 | 059 | 0.62 | 0.59 | 0.66 | 0.63 | 0.66 | 0.63 | 0.59
rel 043 | 053 | 047 | 053 | 053 | 0.53 | 053 | 0.38 | 0.55 | 0.61 | 0.57 | 0.61 | 0.61 | 0.62 | 0.59 | 0.45
reviews | 0.76 | 0.79 | 0.78 | 0.81 | 0.79 | 0.81 | 0.83 | 0.56 | 0.83 | 0.84 | 0.83 | 0.85 | 0.82 | 0.83 | 0.81 | 0.78
sports 064 | 0.75 | 0.66 | 0.81 | 0.72 | 0.76 | 0.72 | 0.67 | 0.76 | 0.88 | 0.77 | 0.87 | 0.83 | 0.90 | 0.87 | 0.74

tr31 0.72 | 076 | 0.70 | 0.79 | 0.76 | 0.77 | 0.75 | 0.72 | 0.87 | 0.88 | 0.80 | 0.87 | 0.89 | 0.88 | 0.90 | 0.85

tr41 071 071 | 070 | 062 | 0.71| 0.75 | 0.78 | 0.71 | 0.77 | 0.76 | 0.79 | 0.73 | 0.78 | 0.74 | 0.73 | 0.80

wap 045 | 049 | 048 | 049 | 047 | 049 | 050 | 046 | 056 | 0.61 | 0.57 | 0.60 | 0.58 | 0.62 | 0.57 | 0.57
15-way Clustering 20-way Clustering

DataSet| Zp e I3 &1 H1 Ho g1 Go 71 e 73 &1 Hq Ho g1 Go
classic 089 | 090 | 0.89 | 094 | 094 | 093 | 0.89 | 0.93 | 089 | 091 | 0.89 | 093 | 0.94 | 0.93 | 0.89 | 0.90

fbis 0.66 | 0.64 | 0.67 | 0.64 | 0.66 | 0.65 | 0.65 | 0.58 | 0.68 | 0.69 | 0.70 | 0.65 | 0.69 | 0.66 | 0.69 | 0.59
hitech 0.53 | 0.60 | 0.58 | 0.60 | 0.57 | 0.61 | 0.59 | 0.54 | 055 | 0.61 | 0.58 | 0.60 | 0.60 | 0.61 | 0.59 | 0.54
kla 058 | 069 | 0.64 | 0.69 | 068 | 0.69 | 0.62 | 0.63 | 0.62 | 0.71 | 0.68 | 0.70 | 0.72 | 0.71 | 0.69 | 0.64
klb 0.88 | 093 | 090 | 0.88 | 091 | 091 | 092 | 092 | 0.89 | 092 | 0.89 | 0.90 | 0.91 | 092 | 0.91 | 0.92
lal2 070 (| 0.79 | 0.74 | 0.77 | 0.79 | 0.78 | 0.73 | 0.73 | 0.74 | 0.79 | 0.76 | 0.78 | 0.80 | 0.79 | 0.75 | 0.72

new3 035 | 038 | 034 | 039 | 037 | 039 | 0.35 | 031 | 040 | 043 | 0.41 | 042 | 0.43 | 0.44 | 0.40 | 0.34
ohscal 052 | 0.60 [ 051 | 0.59 | 0.58 | 0.60 | 0.58 | 0.47 | 0.53 | 059 | 0.54 | 0.59 | 0.59 | 0.59 | 0.53 | 0.47
re0 0.61| 067 | 0.64 | 0.67 | 0.64 | 0.68 | 0.66 | 0.63 | 0.66 | 0.68 | 0.67 | 0.68 | 0.67 | 0.70 | 0.69 | 0.64
rel 0.60 | 0.66 | 0.61 | 0.64 | 0.63 | 0.66 | 0.60 | 0.47 | 0.61 | 0.68 | 0.64 | 0.67 | 0.67 | 0.68 | 0.61 | 0.49
reviews | 0.82 | 0.86 | 0.85 | 0.86 | 0.86 | 0.87 | 0.86 | 0.79 | 0.83 | 0.87 | 0.86 | 0.87 | 0.85 | 0.88 | 0.86 | 0.77
sports 0.80 | 0.88 | 0.81 | 090 | 0.87 | 0.89 | 0.88 | 0.76 | 0.82 | 0.88 | 0.82 | 0.89 | 0.87 | 0.89 | 0.85 | 0.75

tr31 087 | 0.88| 083 | 087 | 0.86 | 0.89 | 0.86 | 0.83 | 0.86 | 0.88 | 0.87 | 0.87 | 0.89 | 0.88 | 0.84 | 0.83
tr4l 08| 081 | 081 | 082 079 | 081 | 079 | 0.81 | 0.82 | 0.88 | 0.85 | 0.85 | 0.86 | 0.85 | 0.85 | 0.80
wap 0.62 | 068 | 0.64 | 0.69 | 067 | 069 | 0.64 | 0.61 | 0.65 | 0.71 | 0.67 | 0.71 | 0.70 | 0.70 | 0.67 | 0.63

Table 6: Entropy and Purity for the various datasets and criterion functions for the clustering solutions obtained via repeated
bisections followed by k-way refinement.
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Average Relative Entropy
k I1 I I3 &1 Hq Ho g1 G2
5 1.304| 1.081 | 1.256| 1.077 | 1.121| 1.076 | 1.097 | 1.273
10 1.278| 1.065 | 1.240| 1.088| 1.063 | 1.051 | 1.127| 1.255
15 1.234| 1.037 | 1.182| 1.089| 1.057 | 1.046 | 1.140| 1.334
20 1.248| 1.030 | 1.157| 1.098| 1.041 | 1.051 | 1.164| 1.426
Avg | 1.266 | 1.053 | 1.209 | 1.088| 1.070 | 1.056 | 1.132| 1.322

Average Relative Purity
K Iy I 73 & Hi Ha g1 Go

5 1.181| 1.040 | 1.145| 1.039 | 1.063| 1.040 | 1.063| 1.160
10 1.105| 1.026 | 1.090| 1.027 | 1.035 | 1.023 | 1.058| 1.115
15 1.092 | 1.015 | 1.069| 1.017 | 1.027 | 1.008 | 1.051| 1.133
20 1.079| 1.010 | 1.049| 1.020 | 1.014 | 1.009 | 1.049| 1.148
Avg | 1.114| 1.023 | 1.088| 1.026 | 1.035 | 1.020 | 1.055| 1.139

Table 7: Relative entropies and purities averaged over the different datasets for different criterion functions for the clustering
solutions obtained via repeated bisections followed by k-way refinement. Underlined entries represent the best performing scheme,
and boldfaced entries correspond to schemes that performed within 2% of the best.
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Figure 2. The relative performance of repeated bisections-based clustering followed by k-way refinement over that of repeated
bisections alone. The results are averaged over the different datasets, for the entropy and purity measures.

that maximizesa particularwithin clustersimilarity function. However, out of thesethree criterion functions,Z »
performssubstantiallybetterthanthe rest. This is alsotrue for the £1 and G, criterion functions, that attemptto
minimize a function that takes into accountboth the within clustersimilarity and the acrossclusterdissimilarity.

However, in most of the experiments,£1 tendsto perform consistentlybetterthan G;. The secondtrendis that
for mary criterionfunctions,the quality of the solutionsproducedria repeatedisectionss in generabetterthanthe

correspondingolutionproduceckithervia directk-way clusteringor afterperformingk-way refinement Furthermore,
this performancgapseemso increasewith thenumberof clustersk. In theremainingof this sectionwe analyzethe
differentcriterionfunctionsandexplain the causeof thesetrends.

5.1 Analysis of the 7y, 7, and Z3 Criterion Functions

As astartingpointfor analyzingthe performancef thethreeinternalcriterionfunctionsit is importantto qualitatively
understandhow they fail. Table8 shavs the 10-way clusteringsolutionsobtainedfor the sportsdataseusingeach
one of the threeinternal criterion functions. The row of eachsubtablerepresents particularcluster andit shavs
the class-distrilntion of the documentsssignedo it. For example,thefirst clusterfor 71 contains1034documents
from the “baseball’catggory anda singledocumenfrom the “football” category. The columnslabeled‘Size” shav
the numberof documentsassignedo eachcluster whereaghe columnlabeled“Sim” shows the averagesimilarity
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betweerany two documentsn eachcluster Thelastrow of eachsubtableshavs thevaluesfor theentropy andpurity
measuredgor the particularclusteringsolution. Note that theseclusteringswere computedusingthe direct k-way
clusteringapproach.

71 Criterion
cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 | 1035 | 0.098 1034 1
2 594 | 0.125 1 592 1
3 322 | 0.191 321 1
4 653 | 0.127 1 652
5 413 | 0.163 413
6 | 1041 | 0.058 1041
7 465 | 0.166 464 1
8 296 | 0.172 296
9 | 3634 | 0.020 1393 789 694 157 121 145 335
10 127 | 0.268 108 1 17 1
Entropy=0.357,Purity=0.736
T, Criterion
cid | Size Sim | baseball| basletball | football | hockey | boxing | bicycling | golfing
1 475 | 0.087 97 35 143 8 112 64 16
2 384 | 0.129 1 1 381 1
3 | 1508 | 0.032 310 58 1055 11 5 59 10
4 844 | 0.094 1 1 841 1
5 400 | 0.163 1 399
6 835 | 0.097 829 6
7 | 1492 | 0.067 1489 1 2
8 756 | 0.099 2 752 1 1
9 621 | 0.108 618 1 2
10 | 1265 | 0.036 65 560 296 9 5 22 308
Entropy=0.240,Purity=0.824
T3 Criterion
cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 | 2762 | 0.020 1445 263 348 144 119 123 320
2 569 | 0.130 568 1
3 334 | 0.185 333 1
4 570 | 0.113 272 298
5 | 1144 | 0.055 67 20 1018 8 2 22 7
6 354 | 0.188 354 0
7 | 1009 | 0.099 1009
8 991 | 0.047 45 522 410 5 1 8
9 391 | 0.171 391
10 456 | 0.168 455 1
Entropy=0.362,Purity=0.745

Table 8: The cluster-class distribution of the clustering solutions for the 71, Z, and Z3 criterion functions for the sports dataset.

As showvn in Table8, all threeinternalcriterionfunctionsproduceunbalancedlusteringsolutionsj.e. mixturesof
large,looseclustersandsmall,tight clusters However, 71 andZs behae differentlyfrom Z, in two ways.BothZ; and
T3 producesolutionsin which atleastoneclustercontainsa verylargenumberof documentérom differentcateyories
with verylow pairwisesimilarities. In the caseof 71, this largepoor clusteris the ninth,whereasn thecaseof Z3, the
poorclusteris thefirst one. Onethe otherhand,Z, doesnot producea singlevery large clusterof very poorquality.
Thatis why 71 andZs produceclusteringsolutionsthathave aconsiderably higher entrggor lower purity) thanthe
7> criterionfunction. The secondqjualitative differencebetweerthe clusteringsolutionsproducediy 7 1 andZ3 over
thatof 7, is thatif we excludethelarge poor clusters the remainingof the clusterstendto be quite pureaswell as
relatively tight (i.e., the averagesimilarity betweertheir documentss high). TheZ, criterionfunctionalsoproduces
fairly pureclustersput they tendto containsomevhatmorenoiseandbelesstight. Theseobsenationsonthe nature
of the clusteringsolutionsproducedby the threecriterion functionsalsohold for the remainingof the datasetsand
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they arenotspecfic to the sportsdataset.

To analyzethis behaior we will focuson the conditionsunderwhich the movementof a particulardocument
from oneclusterto anothewill leadto animprovementin theoverall criterionfunction. Considerak-way clustering
solution,let § andS; betwo of theseclustersandd bea particulardocumenthatis initially partof S;. Furthermore,
let ui anduj be the averagesimilarity betweenthe documentsn S and §j, respectiely (i.e., ui = Gi'Ci, and
wj = Cthj), andlet §; and$j betheaveragesimilarity betweerd andthedocumentsn Sj andS;, respectrely (i.e.,
8 = diC, andéj = dth).

It is shavn in AppendixA thataccordingo theZ; criterionfunctionthedocument will bemoved from S; to S
iff . .

81—5j<'u|;'uj, (18)

andin the caseof the Z, criterionfunctionthis move will happeriff

S _ R (19)
Ly I

Accordingto Equation18, 71 will move the documenid from the S; clusterto the Sj cluster iff the difference
betweenthe averagesimilarities of d to the document®of eachcluster(§i — §;) is lessthanhalf of the difference
betweerthe averagesimilarity amongthedocumentsn S; andS; ((ui — 1j)/2). In addition,aslongasyui is much
largerthany j, thenevenif §; is zero,Z; will still moveto Sj thedocumentsf § thathave low averagesimilarity with
the otherdocumentof thatcluster i.e., §; is small. Thus,if two clusterscontaindocumentghat have substantially
differentaveragepairwisesimilarities,the Z1 criterionfunctionwill tendto move someof the peripheill documents
from the tight clusterto the loosecluster This obsenration explainsthe resultsshovn in Table 8, in which 71's
clusteringsolutioncontainsninefairly pureandtight clustersanda singlelargeandpoorquality cluster Thatsingle
clusteractsalmostlike agarbage collectorwhich attractsall the peripheradocument®f the otherclusters.

Accordingto Equation19, Z> will move thedocumend from the §; clusterto the Sj cluster iff theratio between
the averagesimilaritiesof d to the document®f eachcluster(§i /3;) is lessthanthe squareroot of theratio between
theaveragesimilarity amongthedocumentsn S andS; (W). 7T, will alsoleadunbalancedolutionsby noticing
thatwhens; andé; aresimilar andrelatively small, Z, will assigrthe document to the looserclustef which makes
thetight clustertighter, andthelooseclusterlooser

Comparingequationl8 with Equation19, we canmalke two obsenationsthatexplain the differentbehaior of 7 ;
andZ, undertheconditionu; > wj. First,unlikeZ; thatwill move adocumento clusterS; evenif §; is zeroaslong
as(ui —pj)/2 > 6 (i.e,itis aperipheradocumenbf arelatively tight cluster),Z, will move thatdocumenonly if
it hasa non-trivial averagesimilarity to thedocumentsf S;. If thisis nottrue, §j /§j will befairly large, potentially
violating therequiredcondition(Equation19). Secondwhens; ands;j arerelatively small,thatis

_H

Ja - 1)
Yo ~ where a = I,
2(Ja - 1) T

the move conditionof Z; canbe satisied moreeasilythanthatof 7, (i.e., therangeof §; and§j valuesto meetthe
move conditionof 7, is largerthanthatof Z,). Given thesame§j, Z; canmove documentswith highers; thanZy.
To this extend, 7, is morepowerful to pull the peripheradocument®f thetight clustertowardstheloosecluster For
thesetwo reasonsZ, doesnot leadto clusteringsolutionsin which thereexist onesinglelarge clusterthat contains
peripherabdocumentgrom therestof the clustersandmakesthoseclustersvery pureandtight.

Moreover, whendocumenthave relatively high degreeof similarity to otherdocumentsn Sj andS, thatis

8j and §i < ui

_ a—1
e -

Jo(a —1) Wi

where o = —,

2(Ja -1’ Iy

7> tendsto morefrequentlymove themfrom thetight clusterto thelooseclustercomparedo theZ 1 criterionfunction,

aslongaséj/. /iy > &/ /-

) and § > uj

a—1
Cs
J MJZ(\/&—].)
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To graphicallyillustratethis Figure3 shavs therangeof §; ands; valuesfor which the movementof a particular
document from theith tothe jth clusterleadsto animprovementn eitherthe 7 1 or 7, criterionfunction. Theplots
in Figure3(a)wereobtainedusingui = .10, = 0.05,whereagheplot in Figure3(b) wereobtainedusingui = .20
andpj = 0.05. For bothsetsof plotswas usedn; = nj = 400. Thex-axisof theplotsin Figure3 correspondo § j,
whereaghe y-axis correspond$o §;. For bothcaseswe let theseaveragesimilaritiestake valuesbetweerzeroand
one.Thevariousregionsin the plotsof Figure3 arelabeledbasednwhetheror notary of thecriterionfunctionswill
moved to theothercluster basecdn the particularsetof §; ands; values.

73 & T, move conditionsfor pj = 0.10& uj = 0.05 71 & T, move conditionsfor uj = 0.20& uj = 0.05
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Figure 3: The range of values of §; and §;j for which a particular document d will move from the ith to the jth cluster. The first
plot (a) shows the ranges when the average similarity of the documents in the ith and jth cluster are 0.10 and 0.05, respectively.
The second plot (b) shows the ranges when the respective similarities are 0.20 and 0.05. For both cases each of the clusters was
assumed to have 400 documents.

Looking at theseplots we canseethatthereis a region of small§; ands; valuesfor which Z; will performthe
move whereZ, will not. Theseconditionsarethe onesthatwe alreadydiscussandarethe mainreasorwhy 7 1 tends
to createa large poor quality clusterandZ, doesnot. Thereis alsoa region for which Z, will performthe move
but 71 will not. Thisis theregionfor which i > §; + (ui — nj)/2 bu 8j/,. /iy > 8i//wi. Thatis the average
similarity betweerdocument andclusterS; relative to the square-roobf theinternalsimilarity of Sj is greatethan
the correspondinguantityof S;. Moreover, asthe plotsillustrated,the size of this regionincreasessthe difference
betweerthetightnesof thetwo clustersincreases.

Thejustificationfor thistypeof movesisthatd behaes morelikethedocumentsn Sj (asmeasuredy , /i) than
thedocumentén §. Tothatextend,Z, exhibits somedynamicmodelingcharacteristicf24], in thesensehatits move
is basedbothon haw closeit is to a particularclusteraswell ason the propertiesof the clusteritself. However, even
thoughthe principle of dynamicmodelinghasbeenshowvn to be usefulfor clustering,jt maysometimeseadto errors
asprimaryevidenceof clustermembershigi.e., theactuals; & §; valuesjaresecondyuessedThis maybeoneof the
reasonsvhy the Z, criterionfunctionleadsto clustersthatin generalaremorenoisythanthe correspondinglusters
of 71, astheexamplein Table8 illustrates.

Our discussionso far focusedprimarily on the 7, and Z, criterion functions. However, sincethe cosineand
Euclideandistancefunctionsaresimilar to eachother andbecausé 3 is identicalin natureto Z1, Z3 exhibits similar
characteristicsvith Z1. To seethis, recallfrom Equation10thatthe Z3 criterionfunctioncanbere-writtenas:

k

B=) 2 3 d-d

r=1 Nr di.djeS
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Now, usingsomebasictrigonometricmanipulationsve have that
lIci — dj | = sirP(dh, dj) + (1 — cos(dh, dj))* = 2(1 — cosdi, dj)).
Usingthisrelation,Equation10 canbere-writtenas:

k k 1

kK
zgzzi > 2A-coddi.dp)=2(Y n - — > cosdi.dy|=2n-Ty).

r=1 ™ g des =1 r=1 " ¢ djes

Thus,minimizing Z3 is the sameasmaximizingZi..

5.2 Analysis of the & and G; Criterion Functions

The £1 andG; criterionfunctionsboth measurehe quality of the overall clusteringsolution by taking into account
both the separatiorbetweenclustersand the tightnessof eachcluster However, as the experimentspresentedn
Sectiond show £1 leadsto betterclusteringsolutionsthatG, for all threesetsof experiments Furthermorethe highest
performancelifferencebetweerthesetwo criterionfunctionsoccursduringthedirectk-way clustering.Table9 shovs
the10-way clusteringsolutionsfor thesportsdatasetproducedy £ 1 andG thatillustratethis differencan theoverall
clusteringquality. As we canseefrom theseresultsthe £1 criterion function leadsto clusteringsolutionsthat are
considerablymorebalancedhanthoseproducedy the g 1 criterionfunction. In fact,the solutionobtainedby the G 1
criterionfunctionexhibits similar characteristicgbut to a lesserextend)with the correspondingolutionsobtainedby
the 7; andZ3 criterionfunctionsdescribedn the previous section. It tendsto producea mixture of largeandsmall
clusterswith the smallerclustersbeingquitetight andthelargerclustersbeingquiteloose.

£, Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 1330 | 0.076 1327 2 1
2 975 | 0.080 3 5 966 1
3 742 | 0.072 15 703 24
4 922 | 0.079 84 8 32 797 1
5 768 | 0.078 760 1 6 1
6 897 | 0.054 6 2 889
7 861 | 0.091 845 0 15 1
8 565 | 0.079 24 525 13 1 2
9 878 | 0.034 93 128 114 4 97 121 321
10 642 | 0.068 255 36 286 7 24 24 10

Entropy=0.203,Purity=0.865

G4 Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 519 | 0.146 516 3
2 597 | 0.118 1 595 1
3 | 1436 | 0.033 53 580 357 13 100 20 313
4 720 | 0.105 718 1 1
5 1664 | 0.032 1387 73 77 49 7 63 8
6 871 | 0.101 871
7 1178 | 0.049 6 5 1167
8 728 | 0.111 1 727
9 499 | 0.133 498 1
10 368 | 0.122 80 33 145 19 15 62 14

Entropy=0.239,Purity=0.840

Table 9: The cluster-class distribution of the clustering solutions for the £1 and G criterion functions for the sports dataset.

In orderto comparethe £1 andG; criterion functionsit is importantto rewrite themin a way that makes their
similaritiesanddissimilaritiesapparentTo thisend,let i, betheaveragesimilarity betweerthedocument®f ther th
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clusterS, andlet & bethe averagesimilarity betweerthe documentsn S; to the entiresetof documentsS. Using
theseddinitions,the £, criterionfunction(Equation12) canberewritten as

k t k [
DD Ny n&r &
E1 = n = n =N n s 20
! Z: "I | 2. NN 2. i 20

DD &g N1k
G _ZIIDrIIZ_;n?ur _n;nrm. (21)
Comparingequation®20 and21 we canseethatthey differ in two ways. Thefirstdifferencehasto do with theway
they measurehe quality of a particularcluster andthe secondhasto do with the way they combinethe individual

clusterquality measureso derive the overall quality of the clusteringsolution.

In thecaseof £1, thequality of ther th clusteris given by &; /. /ir whereasn thecaseof G1 thequalityis measured
as&; /ur . Sincefor both &3 and§s, the quality of eachclusteris inverselyrelatedto eitheru, or /iy, bothof them
will preferclusteringsolutionsin whichthereareno clusterghatareextremelyloose(i.e., they have small . ¢ values).
Now, becausdarge clusterstendto have small ., values,both of the clusterquality measuresvill tendto produce
solutionsthat containreasonablyalancectlusters. Furthermorepecause.; < 1, we havethatu, < ,/ur, which
in turn impliesthatthe sensitvity of G1's clusterquality measureon clusterswith small ., valuesis higherthanthe
correspondingensitvity of £1. Consequentlydueto the way G1 measureshe quality of a cluster we would have
expectedit to leadto more balancecclusteringsolutionsthan € 1, which asthe resultsin Table9 show it doesnot
happenAs aresult,theunbalanced clusteroducediy G1 cannotbeattributedto this difference.

This suggesthat the seconddifferencebetweenf; and g, thatis, the way they combinethe individual cluster
quality measureto derive the overall quality of the clusteringsolution,is thereasorfor theunbalancedlusters.The
&1 criterionfunctionsumstheindividual clusterqualitiesweightingthemproportionallyto the sizeof eachcluster G 1
performsasimilarsummatiorbut eachclustergualityis weightedproportionallyto theinverseof thesizeof thecluster
This weightingschemads similar in natureto thatusedin theratio-cutobjectve—usedwidely in graphpartitioning.
This differencein how theindividual clusterqualitiesareweightedis the reasorwhy G 1 leadsto signfificantly more
unbalancedlusteringsolutionsthanZ.

Thisis becausef thefollowing reasonRecallfrom our previousdiscussiorthatsincethe quality measuref each
clusteris inverselyrelatedon ur, the quality measureof large clusterswill have large values,astheseclusterswill
tendto beloose(i.e., i will besmall). Now, in the caseof £1, by multiplying the quality measuref a clusterby its
size,it ensureshatthesdargelooseclusterscontritutealot to theoverallvalue of€ 1’s criterionfunction. As aresult,
&1 will tendto be optimizedwhenthereareno largelooseclusters.On the otherhand,in the caseof G 1, by dividing
thequality measuref alargelooseclusterby its size,it hasthe neteffect of decreasinghe contribution of this cluster
to the overall value ofG4’s criterionfunction. As aresult,G1 canbe optimizedat a pointin which thereexist some
largeandlooseclusters.

Toillustratethis, we createda new criterionfunctionthatis derived from G 1’s clusterquality measuréut usest1’s
combiningmechanismThatis, this new criterionfunctiongG/ is definedasfollows:

k k
minimize Gy =n Y nr Z n2 D |D ”2 (22)
r

r=1

We usedd] to find a 10-way clusteringsolutionof the sportsdatasetvhich is shovn in Table 10. Comparingthe
clusteringsolutionproducedby G to thatproducedby G1 (Table 9)we canseethatG}’s solutionis morebalanced
andit achieves substantialljfower entroyy.
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G Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing | bicycling | golfing
1 972 | 0.081 948 24
2 948 | 0.075 81 13 61 792 1
3 528 | 0.051 3 107 11 2 86 1 318
4 898 | 0.079 19 861 17 1
5 806 | 0.076 795 1 9 1
6 988 | 0.077 5 2 980 1
7 793 | 0.058 2 791
8 713 | 0.053 46 388 272 2 5
9 586 | 0.061 167 37 180 12 35 144 11
10 | 1348 | 0.075 1346 1 1
Entropy=0.189,Purity=0.862

Table 10: The cluster-class distribution of the clustering solutions for the G criterion function for the sports dataset.

5.3 Analysis of the G, Criterion Function

The variousexperimentspresentedn Section4 shaved thatthe G, criterion function consistentlyled to clustering
solutiongthatwereamongheworstover thesolutiongproducedy thevariouscriterionfunctionsthatwereconsidered
in this study To illustratehow the G» criterionfunctionfails, Table11 showvs the 10-way clusteringsolutionproduced
via directk-way clusteringonthe sportsdataset.

Go Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 491 | 0.096 1 5 485
2 1267 | 0.056 8 5 1244 10
3 42 | 0.293 2 1 3 1 35
4 630 | 0.113 0 627 2 1
5 463 | 0.126 462 1
6 2596 | 0.027 1407 283 486 184 42 107 87
7 998 | 0.040 49 486 124 8 79 3 249
8 602 | 0.120 1 601
9 1202 | 0.081 1194 2 1 5
10 289 | 0.198 289

Entropy=0.315,Purity=0.796

Table 11: The cluster-class distribution of the clustering solutions for the G criterion function for the sports dataset.

Looking at this solutionwe canseethat G, producessolutionsthatarehighly unbalancedFor example,the sixth
clustercontainsover 2500 documentdrom mary differencecatayories,whereaghe third clustercontainsonly 42
documentghatareprimarily from a singlecategory. Notethat,the clusteringsolutionproducedy G » is very similar
to thatproducedby the Z; criterionfunction(Table8). In fact,for mostof the clusterswe canfind agoodone-to-one
mappingbetweerthetwo schemes.

Thenatureof Go’'s criterionfunctionmakesit extremelyhardto analyzdt. However, onereasorthatcanpotentially
explaintheunbalanced clustegroducedy G, is thefactthatit usesa normalized-cuinspiredapproacho trade-of
separatiometweertheclustergasmeasuredty the cut) versughesizeof therespectie clusters.lt hasbeenshavnin
[11] thatwhenthenormalizedcutapproachs usedin thecontext of traditionalgraphpartitioning,it leadsto asolution
thatis considerablymoreunbalancedhanthat obtainedby the G 1 criterionfunction. However, asour discussiorin
Section5.2shoved,evenG4’s balancingmechanisnoften leadgo quite unbalancedlusteringsolutions.

5.4 Analysis of the #H; and H, Criterion Functions

Thelastsetof criterionfunctionthatwe will focuson arethe hybrid criterionfunctions# 1 and# thatwerederived
by combiningthe 7; and &1 andthe Z, and &1 criterion functions, respectiely. The 10-way clusteringsolutions
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produceddy thesecriterionfunctionson the sportsdatasefireshavn in Table12. Looking at theresultsin this table
andcomparinghemagainstheresultsproducedy the7 1, 7,, and£1, criterionfunctionswe canseethat?{ 1 and#
leadto clusteringsolutionsthatcombinethe characteristicef their respectre pairsof individual criterionfunctions.
In particular the H1 criterion function leadsto a solutionthatis considerablymore balancedhanthat of 71 and
somavhatmoreunbalancedhanthatof £1. Similarly, #2’s solutionis alsomorebalancedhanZ, andsomeavhatless
balancedhanfs.

71 Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing | bicycling | golfing
1 | 1220 | 0.049 60 20 1131 5 2 2
2 724 | 0.106 722 1 1
3 696 | 0.111 1 694 1
4 | 1469 | 0.070 1468 1
5 562 | 0.138 560 2
6 576 | 0.118 574 1 1
7 764 | 0.108 1 1 762
8 | 1000 | 0.045 63 554 370 5 1 7
9 | 1261 | 0.023 397 109 130 36 118 145 326
10 308 | 0.116 289 1 17 1

Entropy=0.221,Purity=0.833

Ho Criterion

cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 | 1462 | 0.997 1457 2 3
2 908 | 0.994 2 2 903 1
3 707 | 0.960 11 679 17
4 831 | 0.957 23 4 8 795 1
5 701 | 0.989 693 1 6 1
6 999 | 0.978 15 7 977
7 830 | 0.986 818 11 1
8 526 | 0.949 17 499 7 1 2
9 997 | 0.321 128 181 149 5 101 113 320
10 619 | 0.428 248 35 265 8 20 32 11

Entropy=0.196,Purity=0.863

Table 12: The cluster-class distribution of the clustering solutions for the 7 1 and > criterion functions for the sports dataset.

Overall, from the experimentsn Sectiond4 we canseethatthe quality of the solutions(asmeasuredy entrofy)
producedby # 1 tendsto be betweerthat of 7, and&£1—but closerto that of £1’s; andthe solutionproducedby H 2
tendsto be betweenthat of Z, and£1—but closerto thatof Z,'s. If the quality is measuredn termsof purity, the
performancef # 1 relatveto 71 and&1 remainsghe samewhereasH > tendsto outperformbothZ, and&s.

To understanthow thesecriterionfunctionsconsidetheconditionsunderwhich aparticulardocument will move
from its currentcluster§ to anotherclusterS;. This documentwill alwaysbe moved (or staywhereit is), if each
oneof thetwo criterionfunctionsusedto define either? 1 or 2 would improve (or degrade)by performingsucha
move. Theinterestingcasehappensvhenaccordingto onecriterionfunctiond shouldbe moved andaccordingto
the otheroned shouldremainwhereit is. In that case,the overall decisionwill dependat hov mucha particular
criterionfunctionimprovesrelative to thedegradatiorof the otherfunction. In generaljf suchamoveleadsto alarge
improvementanda smalldegradationijt is performedIn orderto make suchtrade-ofs possiblet is importantfor the
pair of criterionfunctionsinvolvedto take roughlythe samerangeof values(i.e., be of the sameorder). If thatis not
true,thenimprovementsn onecriterionfunctionwill notbecomparabléo degradationsn theother

In the caseof the {1 and?{ > criterionfunctions,our studiesshavedthataslong ask is suficiently large,boththe
71 andZ, criterionfunctionsareof the sameorderthan€1. However, in mostcasesl is closerto £1 thatZ;. This
bettermatchbetweerthe Zo and& criterionfunctionsmay explainwhy # > seemgo performbetterthan?; relatve
to their respectie pairsof criterionfunctions,andwhy # 1's solutionsaremuchcloserto thoseof £, insteadof Z;.
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5.5 Analysis of Direct k-way Clustering versus Repeated Bisections

As discussedn the beginning of this section,the experimentspresentedn Section4 showv that for mostcriterion
functions for sufficiently largevaluesof k, the clusteringsolutionsproducedy repeatedbisectionsarebetterthanthe
solutionsobtainedvia directk-way clustering.We believe thisis becaus®f thefollowing reason.

Fromour analysisof the 71, 7, 73, andG; criterionfunctionswe know thatbasedon the differencebetweernthe
tightnesdi.e., theaveragepairwisesimilarity betweerthedocumentsn thecluster)of thetwo clustersdocumentshat
arenaturallypartof thetighterclusterwill endup moving to the loosercluster In otherwords,the variouscriterion
functionswill tendto producencorrectclusteringresultswhenclustershave differentdegreesof tightness Of course,
the degreeto which a particularcriterionfunctionis sensitve to tightnesdifferenceswill bedifferent forthevarious
criterionfunctions.

Now, whenthe clusteringsolutionis obtainedvia repeatedbisectionsthedifferencen tightnesdbetweereachpair
of clustersin successie bisectionswill tendto berelatively small. This is becausegachclusterto be bisectedwill
tendto be relatively homogeneouédueto the way it wasdiscovered),resultingin a pair of subclustersvith small
densitydifferences.On the otherhand,whenthe clusteringis computedirectly or whenthe final k-way clustering
obtainedvia a sequencef repeatedisectionss refined,therecanexist clustersthat have significantdifferencesn
tightnessWheneer thereexist suchpairsof clustersmostof the criterionfunctionwill endup moving someof their
documentf thetighter cluster(thatareweakly connectedo the restof the documentsn thatcluster)to the looser
cluster Consequenththefinal clusteringsolutioncanpotentiallybe worsethanthatobtainedvia repeatedisections.

To illustrate this behaior we usedthe Z» criterion function and computeda 15-way clusteringsolution using
repeatedisections,andthenrefinedthis solutionby performinga 15-way refinement. Theseresultsare shavn in
Table13. Therepeated-bisectiorsdlutioncontainssomeclusterghatarequitelooseaswell assomeclustershatare
quitetight. Comparingthis solutionagainsthe oneobtainedafter performingk-way refinementwe canseethatthe
sizeof cluster6 and8 (which areamongthe looserclusters)increasedubstantiallywhereaghe size of someof the
tighterclustersdecreasee g., clusterb, 10,and14).

Finally, in the caseof £1, the reasonthat the clustersproducedby direct k-way clusteringare worsethanthe
correspondinglustersproducedvia repeatedisectionshasto do with thetendenyg of £ 1 to producesolutionsthat
arebalanced As aresult,the degreeof clustersizeimbalanceis greatemwhenthe clustersare obtainedvia repeated
bisectionsthanthe correspondingmbalanceof directk-way clustering.We believe thatthis additionalconstraintof
thek-way clusteringis thereasorfor the somevhatworseperformancebseredfor directk-way clustering.

6 Concluding Remarks

In this papemwe studiedeightdifferentglobalcriterionfunctionsfor clusteringargedocumentslatasetsFive of these
functions(71, 7o, 73, G1, andG») have beenpreviously proposedor documentclustering,whereaghe remaining
three(£1, H1, and?H2) wereintroducedby us. Our studyconsistedf a detailedexperimentakvaluationusingfifteen
differentdatasetsandthreedifferentapproacheto find the desiredclusters followed by a theoreticalnalysisof the
characteristicsf thevariouscriterionfunctions.Ouranalysisshavedthatthe performancelifferenceobsenedby the
variouscriterionfunctionscanbe attributedto the extendto which the criterionfunctionsare sensitve to clustersof
differentdegreesof tightnessandthe extendto which they canleadto reasonablyalancedolutions.Moreover, our
analysiswas ableto identify the deficienciesof the G criterionfunctionandprovide guidanceon hav to improve it
(G-

Our experimentsshaved that the traditional criterion function usedby the vectorspaceK -means(7Z 7) leadto
reasonabhgoodresults,andthat someof the recentlyproposectriterionfunctions(G 1 andg,) performworse. Our
threenew criterion functionsperformedreasonablywell, with the #H o criterion function achieving the bestoverall
results.
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T Criterion - Repeatedisections

cid | Size Sim | baseball| basletball | football | hockey | boxing| bicycling | golfing
1 245 | 0.121 243 0 2
2 596 | 0.067 2 1 593
3 485 | 0.097 1 480 3 1
4 333 | 0.080 3 6 3 2 1 318
5 643 | 0.104 642 1
6 674 | 0.047 669 2 1 1 1
7 762 | 0.099 1 760 1
8 826 | 0.045 42 525 247 6 6
9 833 | 0.105 832 1
10 795 | 0.102 1 1 1 791 1
11 579 | 0.061 6 573
12 647 | 0.034 174 34 156 10 119 144 10
13 191 | 0.110 189 2
14 611 | 0.125 608 3
15 360 | 0.168 359 1

Entropy=0.125,Purity=0.904

T» Criterion— After k-way Refinement

cid | Size Sim | baseball| basletball | football | hockey | boxing | bicycling | golfing
1 292 | 0.120 280 11 1
2 471 | 0.080 1 2 468
3 468 | 0.100 1 464 2 1
4 363 | 0.072 3 7 5 1 6 20 321
5 545 | 0.123 542 1 2
6 | 1030 | 0.033 832 36 73 18 4 65 2
7 661 | 0.110 1 0 660
8 914 | 0.046 52 514 334 8 1 5
9 822 | 0.105 822
10 771 | 0.105 1 1 769
11 641 | 0.052 2 639
12 447 | 0.091 89 30 139 11 110 60 8
13 250 | 0.105 244 5 1
14 545 | 0.138 540 5
15 360 | 0.168 2 355 3

Entropy=0.168,Purity=0.884

Table 13: The cluster-class distribution of the clustering solutions for the Z» criterion function for the sports dataset, for the
repeated-bisections solution and the repeated-bisections followed by k-way refinement.
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A Analysis of Z;'s and Zy's Document Move Condition

Considera k-way clusteringsolution,let § andS; betwo of theseclusters,andd be a particulardocumenthatis
initially partof §, andlet Dj, Cj, andDj, C; bethe compositeandcentroidvectorsof thesetwo clusters suchthat
D; andC; containall thedocument®f S exceptd. Accordingto the Z; criterionfunction (Equation7) the move of
dfrom § to S; will reducetheoverallvalue ofthe criterionfunctionif andonly if

IDi +dI?> [DjI*> IDil?> |Dj+d|?
+ < + .
n +1 nj ni nj+1

This equationcanberewritten as:

I0i +di® _IDil® _ IDj +dJ? D

n+1 n; nj+1 nj
(Di +d)'(Di +d)  Di'D - (Dj +d)'(Dj +d) D;j'D;
ni +1 N nj+1 nj
Di'Di +1+2d'D;  D;'D; - Dj'Dj +1+2d'D; D;'D;
n+1 n; nj+1 nj
2md'D; + i — D;D; 2n;d'Dj +nj — D{'D;
ni(nj +1) = njnj +1)
ni 1 n; n; 1 N;
2nivlthCi+ni+1_niJLlCitCi - Z”jWJthCj+nJ+1_nJ‘J*‘1Cjtcj'
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Now, if we assumehatbothn; andn;j aresufiiciently large,thenn; /(nj + 1) andnj/(nj + 1) will becloseto one,
andl/(nj + 1), 1/(nj + 1) will becloseto zero.Undertheseassumptionghevariousfactorsinvolvingnj andnj can
be eliminatedeadingto

2d'Ci — Gi'Ci < 2d'Cj — Cj'C;.

Now, if uj andpuj is theaveragesimilarity betweerthe documentsn S andSj, respectiely (i.e., uj = Gi'Ci, and
nj = Cj'Cj), ands; ands; is the averagesimilarity betweend andthe documentsn S andS;, respectiely (i.e.,
8i = d'Cj, ands; = d'C;j), theabove equationcanberewrittenas

8 — §j <M;M. (23)

Thatis, thedocument will bemoved to the Sj clusteraslong asthedifferencebetweerthe averagesimilaritiesof d
to thedocument®f eachcluster(s; — §;) islessthanhalf of the differencebetweerthe averagesimilarity amongthe
documentsn § andSj ((ui — 1j)/2).

Ontheotherhand the 7 criterionfunctionwill moved from S to §; if andonly if

IDi +dll + IDjll < IDill + IDj +dI|.
In asimilarfashionwith Z1's condition,the abore equatiorcanbe rewritten as:

IDi +dll = IDill < IDj +dI — IDjl

VDi'D; + 1+ 2d'D; — /Di'D; < /DjD; +1+2d'D; — /D;'D;. (24)

Now, for sufficiently largeclusterswe have that D! Dj + 2d'D; >> 1, andthus

Di'Dj + 1+ 2d'D; ~ D;'D; + 2d'D;. (25)
Furthermorethefollowing holds
do; \’ (d'Diy?
VDi'Dj + = D;i'Dj + ——— +2d'D; ~ D;'D; +2d'D;, (26)
VDi'D; Di" b
aslongas
d'Dp)? 82
( tI) — S :0(1)’
Di " Dj i

thatis, it is notsignificantlylargerthanone.This conditionis fairly mild asit essentiallyequireghatw j is sufficiently
largerelative to 8i2, whichis alwaystruefor setsof documentshatform clusters.
Now, usingEquation®25 and26 for both clusters Equation24 canberewritten as

2 2
dtD; diD;
\/DitDi + ! ) —\/DitDi < ,/Dthj —l—ij —,/Dthj
J< VDi'Dy v/ Di‘Dj

dtD; dtDj
—_— < .
\/DitDi ,/Dthj

Finally, usingthe i, 1, andsi, §; notation from theabove equatiorwe getthatZ, will move document aslongas

S [m 27)
8 I
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