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Abstract

Clustering techniques have beenapplied to cate-
gorize documentson World Wide Weh In previous
reseach, PDDP (Principa Direction Divisive Parti-
tioning) is a well-knownclusteringalgorithm. PDDP
algorithm employ top-dowvn and unsugrvisedclus-
tering basedon the principal compmentanalysisand
splits documats into two setsusinga plane perpen
dicular to the maximumprincipal direction passing
through the centioid of the documats. However, in
casethat the distribution of documentsis biased this
algorithm difficult to split into two subsetaccurately.
In this paper we proposea new clusteringalgorithm
thatimprovedthe sepaation of the two setsconsider
ably. We giveexperimentalesultsusingour clustering
algorithm onthe NTCIR-4Webtask.

Keywords: Divisive Clustering Principa Direc-
tion, ThresholdSelection

1 Introduction

Recently asthe World Wide Web (WWW or Web)
developedrapidly, a large collection of full-text doc-
umerts in electranic form is availableand oppatuni-
tiesto geta usefd pieceof informationareincreaed.
On the other hand it becomesmore difficult to get
usefd information from suchgiant amouwnt of docu
ments.This causeshatresearchssuchasinformation
retrieval, informationfiltering andtext clusteringhave
beenstudiedactively all overtheworld.

Clusteringis the unsupevisedclassificatiorof data
setto redwe the amoun of databy categorizing or
grouping similar dataitems togetrer. To apply the
clusterirg techniqies,eachdoaumentis usuallyrepre-
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sentedasa vecta of weightedterm frequenciessuch
as Text Frequeng (TF) and Inverse Document Fre-
quercy (IDF) [11] [3]. For thesevectos, it is nec-
essaryto calculatea similarity or distancemeasure
thatclusteringalgolithm definesbetweertwo vectas.
Fromthesecalculatiors, a pair of the closestpoints is
merged into a new singlecluster This meige process
is repeatedintil a stoppng criterionis satisfied.

Many clusteringalgorithmshave beenproposedfor
the datapoints [7] basedon the vecta spacemocel
[12]. Most of thesecorventioral clusteringmethals
can be divided into two types. The first oneis non
hierarchical clustering. This type is usedto separate
datasetinto distinctclusterswithout definingtherela-
tionships betweerthe clusters.Therearemary meth-
odsin this type such as cover-coeficient clustering
algoithm[2] and k-mears algoithm[5]. The anothe
oneis hierachical clusterirg to builds a treestructue
from dataset. According to tree constriction, hier-
archicd clusteringmethals can be also categgorized
into two types: agdomeratie (battom-up clustering
and partitioral (top-down) clustering In agglanera-
tive clusterirg methals, single link methal [10] be-
gins with eachdatain a clusterand proceed succes-
sively by meming the closestclustersinto largerones.
Partitiond clusteringmethal, on the otherhand, be-
ginswith all datain a single clusterandproceedsuc-
cessiely by splitting a clusterinto two disjoint clus-
ters. This partitioning processrepeatsuntil the user
establishechumter of clustersis reachedor all the
clustersdo not divide any longet

As the methodin the partitional clusteringalgo-
rithm, the Principal Direction Divisive Partitioning
(PDDP) Algorithm [1] is proposedrecently This
methal constructs a clusterhierarcly for datasetand
employs top-down clusteringbasedon the principal
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compmnert analysislts performancdas comparedwith
otherclusteringmethod [4] andsomeimprovemerts
arealsoimplemened [14]. However, in casethatthe
distribution of docunentsis biasedthis algorithm dif-
ficult to split into two subsetsccuratelyIn this paper
we proposea new clusterirg algoiithm thatimproved
the separatiorof the two setsconsideably. Usingour
clusterirg algoiithm, we give experimentalresultsus-
ing this modelonthe NTCIR-4 Webtask® .

2 PDDP Algorithm

We presena summaryof the PDDPalgoiithm [1] .
PDDP algorithmis unsipervisedhierarclical cluster
ing for largesizeddocumentsetwith someeffective
featues. Somegeneré hierachical clusteringalgo-
rithms employ bottam-up clusteringwhich construts
aclusterhierachy from bottomto top by meiging two
clustersat atime. PDDPalgorithm constructsa clus-
ter hierarcly for docunentsetandemploys top-down
clusterirg which construts a cluster hierachy from
oneclusterto which all thedocumentsbelongandthe
clustersaredisjoint atevely stage.

The basicof this algorithm createsa binary tree.
Eachnodein the binary treehasthe informationcon-
sistedof anindex of docunentsin the node, the cen-
troid vectorof the node’s clusterthe highestsingular
value, pointess to theleft andright children nodesand
a scattervalue asa measue of the non-cohesiveness
of acluster Thetotal scattervalueis definedto bethe
Frobeniusnormof the matrix

A =M, we’. 1)

Thereforethescattevalueof A = (a;;) isrepreseted
as
A% =D lais @
(]

Thescattewvalueis equalto the Froberius normof the
covariancematrix C aswell asthe sumof the eigen-
valueso? of C.

Al = ICllr = _ o7 @A)
7

Thetotal scattenvalueis usedo theclusterto split next
in this algoiithm.

The PDDP algorithm considersn-dimersional m
doaumentvectas whoseelementcontainsa weighted
numericalvalueandinitial term-cbcumen matrix

M:(dla"'vdm) (4)
for thedoawmentvectorsasaninput. As anotterinput

value,thePDDPalgorithm considersadesirechumber
of clustersc,,, ... If thevalueof ¢,, ... is setandc,,,q.

Ihttps/resarch.niiac.jp/ntweb/ndex.html

Figure 1. data set aggregated near the
centr oid of cluster

clustersarefound, the PDDPalgoiithm stopswithout
partitioning in thenext stepandreturnsthebinarytree.
If the value of ¢4, is not set,the PDDP algorithm
contiruesuntil theleafnodeof thebinaly treecontains
theonly onedocument.

In the processof iteration of the PDDP algorithm
a partition of p documentsis considerd to split the
partition then x p term-cbcumentmatrix

MP:(dlv"'vdp) )

is sub-marix of the initial matrix M consistingof
someselectionof p columrs of M. The principal di-
rectiors of the matrix M, arethe eigervectorsof the
covariancematrix C of the matrix M,,. The covari-
ancematrix C is

C =M, - we")(M, —we”)T, (6)

where
w = Mpe/p @)
is the meanof the docunentd;, - - -, d,. Eachdocu

mentvecta is proectedonto the leadingeigervector
which is represeted asthe principal componentand
prinapal directian of C.

The i-th documentvectord; is projectedonto the
leadingeigervectoru asfollows:

vi=u"(d; —w) (1<i<p), ®)

whereuvy, - - -, v, is usedto determire the splitting for
theclusterM,,. Thedocunentd; is classifiedaccord
ing tothecorrespadingv;’ssign. If thevaluew; of the
documents is notmorethanO, thedoawment; is clas-
sifiedinto theleft child. If thevaluewv; is morethanO,
thedocumenti is classifiednto theright child.
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s
begin
Make a singlerootnode for binary tree

Forc=2,3,- -, ¢max
Selectnoce C with thelargestscattervalue

CalculateV, = g(Mc¢) = uL(Mc — weT)
For eachdocumenti in thenode C
If v; <k, thenassigndocunent: to nodelL

If v; > k , thenassigndocunenti to nodeR

retum thebinarytree
end

-

Procedue ThresholdSelectionPartitioning Algorithm

Input n x m word-documentmatrix M anda numter of clusters

Make nodeL andnodeR which arepointersto left andright children of node C

Calculatethethreshdd & to partitionthetarget cluster

If thenumber of leaf nodesis ¢,,,... Or no divisible node in thebinary tree,

Figure 3. Threshold Selection Partitioning Algorithm

Figure 2. biased data set in a cluster

3 Threshold Selection Partitioning Algo-
rithm

PDDP algorithm employs top-down and unsuger-
vised clustering basedon the principal compnent
analysis and splits documentsinto two setsusing a
planeperpemwicular to the maxmum principal direc-
tion passinghroudh the centrad of thedocunents.

However, in casethatthedistribution of documents
is biased the PDDPalgoiithm is difficult to split into
two clustersaccuately. This causeghat the cluster
is partitioned by the planeperpendicularto the maxi-
mum prindpal diredion passingthrough the centrad
of the cluster For examge, we corsiderthatthereare
datapoints aggegatednearthe centrad of clusterdis-
playel in figure 1. In this case,althoudn the cluster
corsistsof someclustersdocunentswith similarcon-

tentsarepartitionedinto discreteclusters. Thus, it is
possibleto obtaintwo clusterswith similar cortents.
For andher examge, we considerthat thereare data
points biasedin a clusterdisplayedin figure 2. The
clustercorsiststwo subset:a smallerdatasetanda
larger datasetin the good potrtion of the cluster In
this casejt is difficult to partitionthe clusterinto two
clustersaswell astheformer exanple.

To solwe this prodem in the PDDP algoiithm, we
proposea new clusteringalgotithm thatimprovedthe
separatiorof thetwo setsconsideraly. Our algorithm
employs ahierarclical clusteringaswell asthe PDDP
algoiithm sothatconstru¢saclusterhierarcly for data
set. Our algorithmalsoemplagys partitionalclustering
methal sothatthe algoithm beginswith all datain a
single clusterand proceedsuccessiely by splitting a
clusterinto two disjoint clusters.

Figure 3 shows our Threstold SelectionPartition-
ing (TSP)algorithm In the processof iterationof the
TSP algorithm, a partition of p documentsis consid
eredto split the partition then x p term-cbcument
matrix

M, = (dy,-,dy) ©)

is sub-marix of the initial matrix M consistingof
someselectionof p columrs of M. The principal di-
rectiors of the matrix M, arethe eigervectorsof the
covariancematrix C of the matrix M,,. The covaii-
ancematrix C is

CcC=M, - weT)(Mp — WeT)T, (109
where
w = M,e/p (11

is the meanof the docunentd;, - - -, d,. Eachdocu
mentvecta is proectedonto the leadingeigervector
which is represeted asthe principal componentand
prinapal direction of C.
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The i-th documentvectord; is projectel onto the
leadirg eigervectoru asfollows:

vi=ul(d; —w) (1<i<p), (12

wherevy, - - -, v, is usedto calculatethethreshdd & to
partition the target clusterand determire the splitting
for the clusterM,,. Thedoamentd; is classifiedac-
cordng to the correspndingv;’s sign. If thevaluev;
of thedocumenti is not morethank, the docunenti
is classifiedinto the left child. If thevaluev; is more
thank, thedocument; is classifiednto theright child.

3.1 Threshold Sdlection Method

For theprincipal vecta obtainedby TSPalgorithm,
Thresholdvalue k is calculatedby usingthe distribu-
tion of datapoints in the clusterto divide the clus-
ter into two clusters. Whenthe threshdd value k is
obtaired, the clusteris partitiored by the plare per
perdicular to the maxinum principal direction pass-
ing through the threshdd k. To calculatethe opti-
mumthresholdvalue k, we applythe threshdd selec-
tion methal basednthepatternrecogiition [9] . This
methal is oftenusedfor digitalimageproaessingech-
nigues such as processing binarization of grayscale
imageto binaty imageand extracting a target object
imagefrom aimage.

As a simple examge to calculatethe threshdd
value k in thefigure 4, we corsiderthe prodem to di-
vide asetof N datainto two clustersusingthethresh-
old k. Thesetof datais representeasfollows:

We conside thata setof datais dividedinto two clus-
tersusing the thresholdvalue k: C; and Cs. If the
nunberof datain theclusterC is n; andthenumker
of datain theclusterC; is ny, theprobabilitiesw; and
wy of the clusterC; and C; are representedespec-
tively asfollows:

ni

w1 = P(Ch) = N

(14

W:P(Oz):’ﬁzpwl. (15

If the point at the intersectionof principal vecta
andthe perpemicular line which the datad; dropsis
defina as h;, expectationvaluesy; and u» of each
clustersarerepresetedasfollows:

> hiP(d;|Cy)

d;€Cy
Zdi e€Cy hz

1

mo =

: (16)

> hiP(di|Co)

d;cC2
Zdiec2 hi

n;

M2

(17

Moreover, variancesr; ando, canbealsorepresented
asfollows:

or = ) (hi—m)*P(diC1)
d; eCy
hi — 1n)?
_ Zdiecl( Ml)7 (19
ni
o2 = ) (hi—p2)*P(di[Ca)
d; €C2
_ Zdie@(hi—ﬂz)z. (19

Lz

Fromtheseformulaswe obtainanaverage varianceof
theseclusterso,, anaverag varian@ betweerthese
clusterss% andanaverageof all datac?..

oW = w105 + w03 (20

op = wi(m — pr)? +wa(pe — pr)’
= wiwz(p — p2)? (29
0% =0ty + 0% (22

Evaluation measuref thethrestold & calculatedy
thetame datasetis definedas

g
n=-2. (23

In this formula, the average of all datas?. is a con
stantvalueindependentof the threshdd k. Thusthe
optimum thresholdk* canbe calculatedoy maximiz-
ing the averag variancebetweertheseclusterss% as
follows:

o (k*) = max o%(k) (29

L<k<M
4 Experiment

In this section we expeiimentally evaluatethe effi-
cieng of ourclusteringsystenmwith the TSPalgorithm
usinga Webtestcollectionin the NTCIR-4 Webtask.

4.1 Test Collection

In the NTCIR-4 Web task, to evaluate an effi-
cieng of clusteringresults,we apply the testcollec-
tion “NW100G-01" [6] . This collection“NW100G-
01" has100GB web doaumentscrawled in 200L in
“.jp’ domain. In thetaskA (informationretrieval task),
the top 200 web docurrentsin retrieval results for
given 47 queriesare extractedfrom this test collec-
tion. The obtaired 200 web documentsarethe target
datafor thetaskD (topic classificatiortask).
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Frequency

A

Figure 4. distrib ution of the frequencies projected to the principal vector

4.2 Term Weighting Method

In our expeliment,eachdocumentis representedas
avecta for the 200 web doaumentsretrieved by one
quey. To make a documentvector first, we remove
HTML tagsfrom eachdocument. By this prepiocess-
ing, all thewebdocumentsarecorvertedfrom HTML
files to plain text files. However, It is possiblethat
words or phrasesthat links with other sitesare con-
tainedin HTML tagssuchaslink pagesand HTML
doaumentsusing Javascript. Whenthe text contains
no content words by removing HTML tags, we add
words that links with othersitesto the text by hand
For the obtainedplain text, mompholagical analysisis
performedautomaically usingChaserto extractnown
words. By this nouwn extraction, thesenoun wordsare
defined asindex words.

Wheneachdocunentis representecby avecta, the
elemets of adocunentvecta d areassignedwo-part
values

dij = Lij X Gi- (25)

In theexpeiments thefactorL;; is alocal weightthat
reflectsthe weight of term ¢ within docunent ; and
thefactorG; is a global weightthatreflectsthe over-
all value of term i asanindexing term for the entire
doaumentcollection[3] asfollows:

[ 1+logfi; (fij >0)
L = { 0 (fi; = 0) (26)
" Lid jog S

GFHZM (27)
j=1

logn

wheren is thenumkbker of documentsin the collection
fij is thefrequeny of thei-th termin the j-th docu
ment,and F; is thefrequeng of thei-th termthrough-
outtheentiredocumentcollection

4.3 Clustering

By thispreprocessinglescribedn previoussubsec-
tion, a term-cbcumet matrix is obtainedfor the 200
Web documents. Thentheseweb docunentscanbe
catgyarized by the TSP algorithm In this clustering
TSPalgorithm requiresusersto specifythe numter of
clusters.However, in our experiment, we execue the
TSPalgorithm repeatedlyby makinga null leaf noce.
Calculatingthethresholdvaluek to divide a clusterin
the TSPalgoithm, Thevalley of thedistribution does
not exist in the cluster Thatis why the partitioning
planeis locatedat the endof the target cluster

4.4 Evaluation Method

The NTCIR-4 topical classificationtask evaluates
the techniques for clusteringthe highly ranked re-
trieval resultsefficiently. For eachquery the top 200
webdocunentsretrieved by informationretrieval task
arecateyorizedinto someclusters.The obtainedclus-
tersaresortedaccordirg to thenumber of therelevant
Web docunentsfor the quel to obtainthe sortedlist
of the docunents. Fromthis sortedlist, thelist of the
top 20 Webdocunentsis extractedandis usedto eval-
uatetheefficiengy of thesystem.
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Tojudgetherelevant docunents theNTCIR-4Web
taskdefinesfour level relevarce asfollows:

e S: Highly Relevant
e A : fairly Relevant

e B : partially Relevant
e C:lrrelevant

The numter of the relevant Web doaumentsare cal-
culatedfrom the obtainedthe top 20 docurrents. To
evaluate the perfamanceof our system,we usethe
evaluationmetricsto measurgerfamancen termsof
recallandprecision[8] [13].

Numberof relevart docs.outputted
Recall= ,
Total numter of docs. outputed

(29)

Numbe of relevant docs.outputted

Precision=
Total number of relevart docs.

(29

Theseevaluation metricsof text clusteringsystemare
possibleto userecall or precisionindividually. In this
experiments,evaluation of the ranked output system
resultsin a 11-pdnted recall-grecision curve gener

ally, with pointsplottedthatrepresentrecisionat var-

ious recall percemages. Typically, asaverag perfar-

mane over a large setof queies, Average precision
ateachstandardecalllevel acrossall quefesis com-
puted

45 Experimental Results

Figure 5 shaws resultsof our experiment of the
clusterirg systermusingthe TSPalgaithm. In this fig-
ure, the full curve “relax” shavs the averag recall-
predsion curve in casethat the relevart documents

areconsideed asthe docunentslabeled'S’, ‘A" and
‘B’ from the four level relevane. The broken curve
“rigid” shows the average recall-pregsion curve in
casethattherelevart documentsareconsideedasthe
documentslabeled'S’ and‘A’. As seenin this graph
efficiengy of our systemis lower than expected re-
sultsbecasewe improve only thepartitioning method
in the PDDP algorithm However, we are not able
to evaluae the efficiengy usingthe TSP algorithm so
thatit is necessaryo compae the efficiency with the
other clusteringalgorithns such as the PDDP algo-
rithm. Theseevaluationis the mostimportant issue
in thefuture.

In this experiment, as well as the vector space
mockl basedn theinformationretrieval, we useonly
noun wordsaselementof documentvector But, al-
mostHTML filesin thetestcollectioncontainHTML
tagsandtheseagshave animportantinformationsuch
aslink pagesandpagetitle andsoon. It is necessaryo
embedtheseHTML tagsinformationin vecta space
or definean effective term weighting schemefor the
HTML tags.

5 Conclusion

In this paper we propose a new clusteringalgo-
rithm thatimprovedthe separatiorof thetwo setscon
siderablyand namesthe TSP algaithm. Using the
Webdocunentclusteringsystembasednthe TSPal-
gorithm, we give expelimentalresultsusingthis mockl
on the NTCIR-4 Web task. In this expeiiment, effi-
ciengy of our systemis lower thanexpectedresultsbe-
causewe improve only the partitioning metha in the
PDDPalgorithm. However, we arenotableto evaluate
theefficiengy usingthe TSPalgoiithm sothatit is nec-
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essaryto compae the efficiency with the otherclus-
tering algorithms suchasthe PDDPalgoiithm. These
evaluation is the mostimportant issuein the future.

Moreover, almostHTML files in the test collection
cortain HTML tagsandthesetagshave animportant
informationsuchaslink pagesandpagetitle andsoon.

It is necessaryo embedheseHTML tagsinformation
in vecta spaceor definean effective term weighting

schemdor theHTML tags.
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