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ABSTRACT

In this pape&, we preseh a new hierachical clusteringtechniqe basedon the
concep of geneticniches, called HierarchicalUnsugervisedNiche Clustering
(HUNC)whichis consideraly fasterthanits nonhierachicalcourterpar(UNC),
andoffersthe advantaye of multi-resolutionclusterirg. We useHUNC aspartof
acompete systemof knowledgediscovery in Webusagedata.Ournen appoach
doesnot necessitatexing the number of clustersin adwnce, is insensitive to
initialization, can hardle noisy data, generalnon-differertiable similarity mea-
sures,anatan provide pro les to matchary desiredlevel of detail or resolution
Our expeiimentsshaw thatour algorithmis not only capalte of extracting mean
ingful userproles on real Web sites, but also discovers associationdbetween
distinct URL pageson a site, with no additinal cost. Unlike cortent basedas-
sociationmethod, our apprach discovers associationdbetweendifferent Web
pageshasedonly on the useraccesgatterrs andnot on the pagecontent. Also,
unlike traditiond contet-blind associatiordiscorery methals, HUNC discovers
contet-sensitie associations.

INTR ODUCTION

Manually enteredWeb userpro les have raisedseriousprivacy cone@rns,are
subjectve, anddonotadapto theusers'changiny interestsMasspro lin g, onthe
otherhand is basedon generatrends of usagepatterngthusprotectirg privacy)
comgpled from all userson a site, andcanbe achiezed by mining or discovering
userproles from thehistoricaldatastoredin sener accessogs. CurrentWebus-
agemining apprachesavoid the featurerepresentatiordilemma of Web databy
resortingto memoy andcompuation intensvie relationalclustering(recuire the
computationof all pairwisedissimilarities)or compuation intensve association
rulediscovery (becaseverylow suppot threshold areneededo discovertypical
pro les). A classicalnonrelatioral appoachrequires a differentiabledissimilar
ity measue. However, for DM prablems,a domainspeci ¢ similarity measure
shouldbedesignedreeof ary constraints.

Recently(NasraouandKrishnapuam,2000, we have presetedanew evolu-
tionaryapprachto robustclusteringbasednthe UnsupervisedNiche Clustering
algorithm (UNC). UNC seeksdenseareasin featurespaceanddeterninestheir
numterby corvertingtheclusteringorableminto a multimodalfunction optimiza-
tion problemwithin thecontext of geneticniching andstriving to locatethe peaks
of niches or subp@ulatiorsin thesearctspace Nichingmethals(Holland, 1975;
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Figurel: Evolution of the populationusingUNC: (a) origind dataset(b) Initial
popuation, (c) populationafter30 generéions,(d) nal extractedcenters

Mahfoud, 1992 weredesigredto identify multiple optimawithin multimodal do-
mains.Eachpeakin amutlimodal domaincanbethoudt of asaniche.In natue,
nichescorrespad to differentsubspacgof the ervironmentthatcansuppat dif-
ferenttypesof life suchas speciesor organisms. GeneticOptimization makes
UNC muchlessprore to subgtimal solutionsthanotherobjective fundion based
appraches.Fig. 1 shavs the evolution of aninitial randon popuation (deroted
by squaresymbols)usingUNC, for a noisy dataset,towardthe correctnichesin
subseqgantgeneations.

We propase a Hierarclical mod cation of UNC, calledHUNC, thatdeparts
fromthetraditionallimited at view of thedata,andgeneatesinsteadahierardy
of clusterswhich give more insightto the Web mining process.We useHUNC
as part of a completesystemof knowledge discovery in Web usagedata. Our
new apprachdoesnot necessitatexing the nunber of clustersin advarce, can
provide proles to matchary desiredlevel of detail or resoluion, andrequres
no analytica derivation of the pratotypes. Thus, it canhardle a vast array of
geneal subjectve, even non-netric dissimilarities,makingit suitablefor mary
applicatimsincluding dataandWebmining.

THE KNOWLEDGE DISCOVERY PROCESS OF WEB SESSION PRO-
FILING
Theaccessog for agivenWebsener consistsof arecordof all les accessed
by users.Eachlog entry consistsof: (i) Users IP address(ii) Accesstime, (iii)
URL of thepageaccessed, , etc. A usersessiorconsistf accessesriginating
from the samelP addresswithin a prece ned time period EachURL in the site
is assignedh unigque numker , Wwhere s thetotal numbe of
valid URLs. Thus,the  usersessioris encogdasan  -dimersionalbinaly
attribute vecta with the property
if theuseraccessethe  URL duiingthe  session
otherwise
Theensemte of all sessiongxtractedfrom thesenerlog le is dended
Thesimilarity measurdetweenwo usersessiongNasraouetal.,1999 200)
takesthe site's structureinto accoum, andsatis esthe desirableproperty of be-
comingmore stringen asthe accessedJRLs get fartherfrom the root because
the amouwnt of speci city in useraccesseicreasesorrespondigly. The ses-
sionsin cluster aresummaizedby atypical sessioripro le” vector(Nasraai

etal., 199) . Thecommnensof  areURL releverce



weights,estimatedy the prabability of accesof eachURL duiing the sessions
of . They measurdhesigni canceof agivenURL tothe  prole. The -
nal pro les canbe evaluatedbasedn the average dissimilarity; which for the
cluster is given by

@)
Anothe measurés therohustcardinalitygivenby

)
where —— is arohustweight(thatis high for inliers/goa data

andlow for outliers/noise)

HIERARCHICAL UNSUPERVISED NICHE CLUSTERING AND ITS AP-
PLICATION TO WEB USAGE MINING

We retaintheprincipal structureof UNC (NasraouandKrishnamram,20Q),
exceqt for afew differenceshatresultfrom thedistinctnatue of the sessiordata:
Thesolutionspaceor possiblesessiompraotypesconsistof binarychronosome
stringswhich arede nedto bethebinaly sessiorattributevectas , andthenew
Web sessiondissimilarity measureds usedinsteadof the Euclideandistanceto
take the Webssitetopology in account.

UNC's compuationaltime canbesigni cantly redwcedif we perfam cluster
ing in a hierachical mode. In otherwords, we could clustersmallersubsetof
the datausinga smallerpopulation size at multiple levels, insteadof clusterirg
the entiredataseton a singlelevel which would necessitate larger population
size. The compuationalcompleiy of UNC is ,Wwhere is
the population sizeand is the number of datapointsto be clustered Since,
in the hierachicalmode, canusuallybe a very smallfractionof  (typical

exampe from ourexpeliments: —— to —, this comgexity is muchlowerthan
thatof relationalclusteringtechnigessuchasAgglomerative Hierarchial Clus-
tering(AHC) (DudaandHart,1973, andthecloselyrelatedgraph

theordic basedMinimum Spaning Tree(MST) (DudaandHart, 1973),
Thehierarclical clusterings perfamedrecursvely startingfrom thetop IeveI

(lowestresolution) until atermindion criterion,basedntheminimum acceptate:

sizeof acluster , andits maxmum allowalle meansquarecerror, ,is

met. Let denotethecurrentlevel. Let

dende the dataset partitionred at level , Where is the th cluster
found at level . Hierarchcal clusteringproceedsby re-clusteringthe datain
eachof theabove clustersin arecursve fashionto obtainthe next level . Even
thoudh the above paraneterswill eventually determire the numter of clustersat
thelastlevel of thepartitioming,they arenotcrucialto theperfamanceof HUNC
This is becauseunlike classicaldivisive hierachical clustering.techniqes,our
apprachrelieson robust weightsto suppessthe in uence of outliersand data
belorging to otherclusters,and on a multiomodal optimization apprachwhere
multiple clustersaresoudnt in parallelat eachlevel. This meanghatatary given
level, HUNC is expectedto identify asmary goodclustersasthe populationsize,



while classicalhierarclical appoachesare expectedto yield the optimal cluster
protaypesonly atthe optimd level of thepartition thatcorrespondso theknown

corred¢ nunber of clusters. Also, to the contrary of classicalhierarclical tech-
nigues, HUNC re-partitionsthe dataat the endof clustering(the lastlevel of the
hierardy). Thus,thepartitionis notsubjecto ary nal commitnentateachevel,

oneof thewell known pitfalls of hierachical clusteringtechniqes.

WEB USAGE MINING EXPERIME NTAL RESULT S Theparametesfor the
robust hierachical UNC were x edto the following values: The crosseer and

mutationprohabilitiesare and respectrely. UNC used
geneationsper clusteringwith a popuation size, . Sinceall session
dissimilaritiesare con ned in it is reasonabléo choose

Thepro le vedorsaredisplayedin the format -
URL intablel,illustratingtypical pro les.

MU-CECS1 Data The 12-cay accessecod (duting 1998) of the Web site of
the Dept. of Compuer Scienceand Compuer Engineeing at the University of
Missouri, Columbiagenegated1703sessionaccessing69 distinct URLs. The
resultsobtainedat levelsaresummaizedin Table3 showing pro les that
re ect typicalaccespatterns-thegenera“outsidevisitor” is capturedn pro les
1 and3; prospetive studentdn prole 2 and4, CECS352studentsn prole 7,
etc. The quality of theseclustersis con rmedby their low averag dissimilarity
comparedto the maximal valueof .

(i) Rolust pro ling is obtaired by retainirg pro le memlers whoserobust
weights, , exceeda given threshdd, , equa to in our experiments.
This allows usto con@ntrateonthecoreof eachpro le by Itering outthenoise
sessionassignedo the closestprole. Different valuesgeneratdaifferent

-cutsof thepro les whentheseareviewedasfuzzy sets.The -coreof the
pro le isde nedas

®3)

Thecoresof proles Nos. and endup having lessthan20 memlers,hence
makingweakpro les. Also, the coreof thespuriausclusterNo.  wasdiscor-
eredto containsessiong&ccessinghe site manages' pags.

(ii) Multiresolution pro ling:  Note how pro le 2 (at ) in Table2 is
splitinto mary proles with distinctuserinterestqat ) (proles No. 5,6, 7,
8, and9) asshown in Table3. The sameobserationcanbe madeaboutthe rst
cluster(gereralinquiriesaboutthe CECSdepartment)which at level 2 getssplit
into proles No. 1, 2, 3, and4, with eachsuchpro le shaving a morespeci c
kind of interestin thedepatment.

(iii) Inferring AssociationsbetweendifferentURLs: Pro le 2 (at )in
Table2 containsaccesset two differert couisestaugh by differentprofessors,
signalingan association. It was later revealedthat one of the couises(CECS
352: Operatingsystemsyeliesfor theimplemenation of its prgectsontheC
progammirg langua@ which is taudht in the othercourse(CECS333: Object
OrientedDesign).

CONCLUSION



Table1: Exampes of Pro les discoreredby HUNC from MU-CECS1Dataat
and

1 .83- /CECScompuer.class .95- /courses.html
.95- /coursesindex.html  .95- /courses@0.html
.19- /courses20.html .19- /people.html
.19- /peopleindex.html  .19- /facultyhtml .93-/
3 1.00-/ .67-/CECScomputerclass

Table2: 4 of the7 proles discoveredby HUNC from MU-CECS1Dataat
description
1| 572 | 312 | 3622 mainpage classlist, course 0.32
enquiriespeopleandmaindegreepage
2| 305 | 170 | 1910 | Dr. SaabsandDr. Joshis coursepages| 0.54
(CECS333andCECS352respectiely)

3| 185 | 111 | 1240 | AccessesotheCEC27classpages | 0.2
4 | 162 84 1022 Dr Shi's CECS345ages 0.37
5| 73 56 51.0 Dr. Shangs coursepages 0.08

For Webusagemining, thesessiordissmilaritymeasue is hota distancemet-
ric, anddealingwith relatioral datais impractical given the hugedimersion of
the datasets. Therebre, we presentd an adaptatiorof UNC, called Hierarch-
cal UnsuperisedNiche Clustering(HUNC) whichis consideraly fasterthanits
non-ierarclical countepart. Our new apprach doesnot necessitatexing the
numter of clustersin adwvance,canprovide pro les to matchary desiredevel of
detail or resolution andrequires no analyticalderivation of the protaypes.Thus,
it canhande a vastarrayof geneal subjectie, even non-nretric dissimilarities,
makingit suitablefor mary applicatiors in dataandWeb mining.

We have illustratedthroudh several exanplesthat our clusteringprocesse-
sultsin thediscovery of associationbetweerdifferentURL addressesn a given
site, with no addtional cost. Also, the associationsre mearngful only within
well de neddistinctproles/contexts (cortext-sensitve) asopposedto all or nore
of thedata(cortext-blind). Thisapprachof discovering context-sensitve associ-
ationsvia clusteringcanbe gereralizedto othertransactioal data.
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