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ABSTRACT
In this paper, we present a new hierarchical clusteringtechnique basedon the
concept of geneticniches,called HierarchicalUnsupervisedNiche Clustering
(HUNC)whichis considerably fasterthanits non-hierarchicalcounterpart(UNC),
andofferstheadvantageof multi-resolutionclustering. We useHUNC aspartof
acompletesystemof knowledgediscovery in Webusagedata.Ournew approach
doesnot necessitate�xing the number of clustersin advance, is insensitive to
initialization, can handle noisy data,generalnon-differentiable similarity mea-
sures,andcanprovide pro�les to matchany desiredlevel of detail or resolution.
Our experimentsshow thatouralgorithmis not only capable of extracting mean-
ingful userpro�les on real Web sites,but also discovers associationsbetween
distinct URL pageson a site, with no additional cost. Unlike content basedas-
sociationmethods, our approach discovers associationsbetweendifferent Web
pagesbasedonly on theuseraccesspatterns andnot on thepagecontent.Also,
unlike traditional context-blind associationdiscovery methods,HUNC discovers
context-sensitiveassociations.

INTR ODUCTION
Manually enteredWebuserpro�les have raisedseriousprivacy concerns,are

subjective, anddonotadaptto theusers'changing interests.Masspro�lin g,onthe
otherhand, is basedon general trends of usagepatterns(thusprotecting privacy)
compiled from all userson a site,andcanbeachievedby mining or discovering
userpro�les from thehistoricaldatastoredin server accesslogs.CurrentWebus-
agemining approachesavoid thefeaturerepresentationdilemma of Webdataby
resortingto memory andcomputation intensive relationalclustering(require the
computationof all pairwisedissimilarities)or computation intensive association
rulediscovery(becauseverylow support thresholdsareneededto discovertypical
pro�les). A classicalnon-relational approachrequiresa differentiabledissimilar-
ity measure. However, for DM problems,a domainspeci�c similarity measure
shouldbedesignedfreeof any constraints.

Recently(Nasraoui andKrishnapuram,2000), wehavepresentedanew evolu-
tionaryapproachto robustclusteringbasedontheUnsupervisedNicheClustering
algorithm (UNC). UNC seeksdenseareasin featurespaceanddeterminestheir
numberbyconvertingtheclusteringproblemintoamultimodalfunctionoptimiza-
tion problemwithin thecontext of geneticniching andstriving to locatethepeaks
of nichesor subpopulations in thesearchspace.Nichingmethods(Holland,1975;
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Figure1: Evolution of thepopulationusingUNC: (a) original dataset(b) Initial
population,(c) populationafter30generations,(d) �nal extractedcenters

Mahfoud,1992) weredesignedto identify multipleoptimawithin multimodaldo-
mains.Eachpeakin amutlimodaldomaincanbethought of asaniche.In nature,
nichescorrespond to differentsubspaces of theenvironmentthatcansupport dif-
ferent typesof life suchasspeciesor organisms. GeneticOptimization makes
UNC muchlessprone to suboptimalsolutionsthanotherobjective function based
approaches.Fig. 1 shows theevolution of aninitial random population (denoted
by squaresymbols)usingUNC, for a noisydataset,towardthecorrectniches in
subsequentgenerations.

We proposea Hierarchical modi�cation of UNC, calledHUNC, thatdeparts
fromthetraditionallimited �at view of thedata,andgeneratesinstead,ahierarchy
of clusterswhich give more insight to the Web mining process.We useHUNC
aspart of a completesystemof knowledgediscovery in Web usagedata. Our
new approachdoesnot necessitate�xing thenumberof clustersin advance,can
provide pro�les to matchany desiredlevel of detail or resolution, andrequires
no analytical derivation of the prototypes. Thus, it can handle a vast arrayof
general subjective, even non-metric dissimilarities,makingit suitablefor many
applicationsincluding dataandWebmining.

THE KNOWLEDGE DISCOVERY PROCESS OF WEB SESSION PRO-
FILING

Theaccesslog for agivenWebserverconsistsof a recordof all �les accessed
by users.Eachlog entryconsistsof: (i) User's IP address,(ii) Accesstime, (iii)
URL of thepageaccessed,����� , etc.A usersessionconsistsof accessesoriginating
from thesameIP addresswithin a prede�ned time period. EachURL in thesite
is assigneda uniquenumber
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sessionsextractedfrom theserver log �le is denoted ) .
Thesimilaritymeasurebetweentwouser-sessions(Nasraoui etal.,1999, 2000)

takesthe site's structureinto account, andsatis�es thedesirablepropertyof be-
comingmorestringent as the accessedURLs get fartherfrom the root because
the amount of speci�city in useraccessesincreasescorrespondingly. The ses-
sionsin cluster *
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weights,estimatedby theprobability of accessof eachURL during thesessions
of *

�

. They measurethesigni�canceof a givenURL to the ����� pro�le. The �-
nal pro�les canbeevaluatedbasedon theaverage dissimilarity, which for the �����

cluster, is given by �
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Another measureis therobustcardinalitygivenby
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is a robustweight (that is high for inliers/good data
andlow for outliers/noise).

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

Weretaintheprincipal structureof UNC (Nasraoui andKrishnapuram,2000),
except for a few differencesthatresultfrom thedistinctnatureof thesessiondata:
Thesolutionspacefor possiblesessionprototypesconsistsof binarychromosome
stringswhicharede�ned to bethebinary sessionattributevectors �

�

, andthenew
Web sessiondissimilarity measureis usedinsteadof the Euclideandistanceto
take theWebsitetopology in account.

UNC'scomputationaltimecanbesigni�cantly reducedif weperform cluster-
ing in a hierarchical mode. In otherwords,we could clustersmallersubsetsof
the datausinga smallerpopulation sizeat multiple levels, insteadof clustering
the entiredataseton a singlelevel which would necessitatea larger population
size. Thecomputationalcomplexiy of UNC is (*)
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is
the population sizeand




is the number of datapoints to be clustered. Since,
in the hierarchicalmode,
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canusuallybea very small fractionof



(typical
example from ourexperiments: 0

06525�525

to 0

065�525

, thiscomplexity is muchlowerthan
thatof relationalclusteringtechniquessuchasAgglomerative Hierarchical Clus-
tering(AHC) (DudaandHart,1973), (87
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andthecloselyrelatedgraph
theoretic basedMinimum Spanning Tree(MST) (DudaandHart,1973), (
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Thehierarchical clusteringis performedrecursively startingfrom thetoplevel

(lowestresolution) until a termination criterion,basedontheminimum acceptable
sizeof acluster,
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. Hierarchical clusteringproceedsby re-clusteringthedatain
eachof theabove clustersin a recursive fashionto obtainthenext level G . Even
though theabove parameterswill eventually determine thenumber of clustersat
thelastlevelof thepartitionning,they arenotcrucialto theperformanceof HUNC
This is because,unlike classicaldivisive hierarchicalclustering.techniques,our
approachrelieson robust weightsto suppressthe in�uence of outliersanddata
belonging to otherclusters,andon a multiomodal optimization approachwhere
multipleclustersaresought in parallelat eachlevel. This meansthatat any given
level, HUNC is expectedto identify asmany goodclustersasthepopulationsize,
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while classicalhierarchical approachesareexpectedto yield the optimal cluster
prototypesonly at theoptimal level of thepartition thatcorrespondsto theknown
correct number of clusters. Also, to the contrary of classicalhierarchical tech-
niques, HUNC re-partitionsthedataat theendof clustering(thelast level of the
hierarchy). Thus,thepartitionis notsubjecttoany �nal commitmentateachlevel,
oneof thewell known pitfalls of hierarchicalclusteringtechniques.

WEB USAGE MINING EXPERIME NTAL RESULTS Theparameters for the
robust hierarchical UNC were�x ed to the following values:The crossover and
mutationprobabilitiesare .�� "
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Thepro�le vectorsaredisplayedin theformat
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in table1, illustratingtypicalpro�les.

MU-CECS1 Data The 12-day accessrecord (during 1998) of the Web site of
the Dept. of Computer ScienceandComputer Engineering at the University of
Missouri,Columbiagenerated1703sessionsaccessing369distinct URLs. The
resultsobtainedat �

"

�

levelsaresummarizedin Table3 showing pro�les that
re�ect typicalaccesspatterns– thegeneral “outsidevisitor” is capturedin pro�les
1 and3; prospective studentsin pro�le 2 and4, CECS352studentsin pro�le 7,
etc. Thequality of theseclustersis con�rmedby their low average dissimilarity
comparedto themaximal valueof

�

.
(i) Robust pro�ling is obtained by retaining pro�le memberswhoserobust

weights,
�

�

! , exceeda given threshold,
�

�

���

, equal to
&5� �

in our experiments.
This allows usto concentrateon thecoreof eachpro�le by �ltering out thenoise
sessionsassignedto theclosestpro�le. Different

�
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valuesgeneratedifferent
� -cutsof thepro�les whentheseareviewedasfuzzysets.The
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Thecoresof pro�les Nos. � and
���

endup having lessthan20 members,hence
makingweakpro�les. Also, thecoreof thespuriousclusterNo.

���

wasdiscov-
eredto containsessionsaccessingthesitemanagers' pages.

(ii) Multiresolution pro�ling: Note how pro�le 2 (at �

"

�

) in Table2 is
split into many pro�les with distinctuserinterests(at �

"�� ) (pro�les No. 5, 6, 7,
8, and9) asshown in Table3. Thesameobservationcanbemadeaboutthe�rst
cluster(general inquiriesabouttheCECSdepartment)which at level 2 getssplit
into pro�les No. 1, 2, 3, and4, with eachsuchpro�le showing a morespeci�c
kind of interestin thedepartment.

(iii) Inf erring AssociationsbetweendifferentURLs: Pro�le 2 (at �

"

�

) in
Table2 containsaccessesto two different coursestaught by differentprofessors,
signalingan association. It was later revealedthat one of the courses(CECS
352:Operatingsystems)reliesfor theimplementationof its projectson theC

- -

programming language which is taught in the othercourse(CECS333: Object
OrientedDesign).

CONCLUSION
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Table1: Examples of Pro�les discoveredby HUNC from MU-CECS1Dataat
�

"

�

and
�

�

���

"

&5� �

� +

�

1 � .83- /CECScomputer.class��� .95 - /courses.html�

� .95- /coursesindex.html��� .95 - /courses100.html�

� .19 - /courses200.html��� .19- /people.html�

� .19 - /peopleindex.html��� .19 - /faculty.html��� .93- / �

3 � 1.00- / ��� .67 - /CECScomputer.class�

Table2: 4 of the7 pro�les discoveredby HUNC from MU-CECS1Dataat �

"

�

�

�

*

�

� �

*

�

�

�




�

�

description

�

���

�

1 572 312 362.2 mainpage,classlist, course 0.32
enquiries,peopleandmaindegreepage

2 305 170 191.0 Dr. Saab'sandDr. Joshi's coursepages 0.54
(CECS333andCECS352respectively)

3 185 111 124.0 Accessesto theCECS227classpages 0.2
4 162 84 102.2 Dr Shi'sCECS345pages 0.37
5 73 56 51.0 Dr. Shang's coursepages 0.08

For Webusagemining, thesessiondissmilaritymeasure is notadistancemet-
ric, anddealingwith relational datais impracticalgiven the hugedimension of
the datasets. Therefore, we presented an adaptationof UNC, calledHierarchi-
cal UnsupervisedNicheClustering(HUNC) which is considerably fasterthanits
non-hierarchical counterpart. Our new approachdoesnot necessitate�xing the
number of clustersin advance,canprovide pro�les to matchany desiredlevel of
detailor resolution, andrequires noanalyticalderivation of theprototypes.Thus,
it canhandle a vastarrayof general subjective, even non-metric dissimilarities,
makingit suitablefor many applications in dataandWebmining.

We have illustratedthrough several examplesthat our clusteringprocessre-
sultsin thediscoveryof associationsbetweendifferentURL addressesonagiven
site, with no additional cost. Also, the associationsaremeaningful only within
well de�neddistinctpro�les/contexts(context-sensitive) asopposedto all or none
of thedata(context-blind). Thisapproachof discovering context-sensitiveassoci-
ationsvia clusteringcanbegeneralizedto othertransactional data.
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