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Abstract

Due to the recenttrend in electronic commerce, many
companiesprovide their productrelatedor any usablein-
formationontheir Websitesfor customerconvenience. This
companyinformationis organizedasseparateUniformRe-
sourceLocator (URL) pages. Each URL representsa Web
documentthatcanbelinkedto or fromotherdocumentsvia
thehyperlinks.How to customizea company’sWebsitefor
its Web site layout so that it can target its potential cus-
tomers to improve profits is important in electronic com-
merce. In this paper, weproposetheMarkov ModelMedia-
tor (MMM) mechanismto organizeandmanage thegroups
of relatedURLsinto disjointclustersfor documentmanage-
mentin electronic commerce. An experimentis conducted
usinga realdatasetandtheexperimentalresultshowsthat
our proposedapproach yieldsa betterperformanceoverall
different testedclustersizesin comparisonwith depth-first
search (DFS), breadth-first search (BFS),and the random
clusteringstrategies.

�
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1 Intr oduction

In orderto besuccessfulin thehighly competitiveindus-
try of electroniccommerce,companiesmustbeableto pre-
ciselytargettheir potentialcustomersandconvincethemto
purchasetheir productsor services.It is very commonthat
companiesprovide their productrelatedor any usablein-
formationon their WebsitesthroughseparateUniform Re-
sourceLocator (URL) pages.EachURL representsa Web
documentthatcanbelinkedto or from otherdocumentsvia
the hyperlinks. In thecontext of electroniccommerce,the
customerbehavior is capturedby analyzingtheusernaviga-
tion throughthecompany’sWebsiteandthereforeWebsite
layoutis very importantfor thecompany. Theability to au-
tomaticanalysisof useractionsis a usefulinput in thepro-
cess.Therefore,Webusagemininghasrecentlyemergedas
ananalyticaltool for managementanddecision-making[9].

Variousdataminingmethodshavebeenextendedto Web
usageminingincludingassociationrulemining[5], sequen-
tial patternanalysis[1], clustering[4, 10], etc. Clustering
is a processof groupingphysicalor abstractobjectsinto
classesor similar objects[3]. Dueto thesedynamicbehav-
iors of the Web documents,clusteringbasedon only the
staticquantities,i.e., termsor keywords,doesnot verywell
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captureall characteristicsof theWebdocuments.Thus,be-
sidestermsor concepts,Webdocumentclusteringcanalso
incorporatesomedynamicquantitiessuchasthehyperlinks
andtheaccesspatternsextractedfrom theuserqueriesdur-
ing theclusteringprocess.In addition,mostof thetime the
URLscanbecategorizedbasedontheirhigh-levelconcepts,
suchasproduct-relatedandcustomerservice-relatedpages.
For example,clusteringanalysisof a softwarecompany’s
Websitemight yield a resultsuchastheprogrammingde-
velopmentURLsarehighly correlatedto thesoftwaretrain-
ing URLs. The resultsfrom the clusteringanalysiscanas-
sist in managingthe Web documentsby reorganizingand
customizingthecompany’sWebsitefor its Websitelayout.
Forexample,to helpthecustomernavigatethroughtheWeb
site, somehyperlinksof programmingdevelopmentURLs
canbe addedinto the URLsof softwaretraining, andvice
versa.

In our previous study, we have proposedthe Markov
Model Mediator (MMM) mechanismthat employs the
affinity-baseddatamining techniquesto facilitatethefunc-
tionality of a databasemanagementsystem(DBMS)by or-
ganizing a network of databasesinto clusters[6, 7]. In
thispaper, weextendtheMMM mechanismto organizeand
managetheWebdocuments.Theproposedframework con-
siderstheuseraccesspatternsto clustergroupsof URLsin
theclusteringprocess,andis implementedusingC++. An
experimentis conductedusinga real datasetof Microsoft
Website– MicrosoftAnonymousWebData, which records
how www.microsoft.comwasvisited by theusersin a one-
week timeframein February1998 [2]. The experimental
result shows that the proposedWeb documentclustering
approachyields a betterperformancein comparisonwith
depth-firstsearch(DFS), breadth-firstsearch(BFS), andthe
randomclusteringmethods.

Thepaperis organizedasfollows.Next sectiongivesthe
proposedWebdocumentclusteringapproach.In Section3,
theexperimentonarealdatasetis conductedandtheresult
is presented.Thepaperis concludedin Section4.

2 The ProposedWeb Document Clustering
Method

TheproposedWebdocumentclusteringmethodis based
on theMarkov ModelMediator(MMM) mechanism.In the
proposedmethod,eachURL is assumedto be categorized
into a high-level conceptgroupof URLs. Thus,eachURL
groupin theWebsiteis modeledby anMMM andcontains
asetof conceptuallyrelatedURLs. An MMM is represented
by a 6-tuple

�
= ( �������
	��
� , 
���� ). Thedefinitionsandthe

constructionsof the componentsof the MMM mechanism
canbefoundin [8].

2.1 Affinity-Based Measures

The relative affinity measuresareusedto indicatehow
frequently two URLs are accessedtogether. Two URL
groupswhoseURLsareaccessedtogethermorefrequently
aresaidto have a higherrelativeaffinity relationship.For a
givenWebsite,its URLgroupsanduserqueries(useraccess
patterns)aredefinedasfollows.��� = ����������������������� �"! = asetof URLgroupsin theWeb

site�$#&% = numberof URLsin � %�(' = �")"�+*,�������-�
.�! = asetof userqueries�$/10�24365 7 = usagepatternof URL 8 with respectto
query 9 pertimeperiod

/:0;2 365 7=<?> ) if URL 8 is accessedby query 9@
otherwise��ACBDBD2�040 7 = accessfrequency of query 9 pertimeperiod��A,E1E 365 F = affinity measureof URLs 8 and #

ACE1E 3�5 FG< HI7DJ � /10;2 365 7LK /10;2 FC5 7�K ACBDBD2�040 7
Theseaffinity measuresareusedto constructtheprobability
distributionsfor anMMM. Theconstructionsof theproba-
bility distributions 	 , � and 
 areshown in [8].

2.2 Similarity Measures

A similarity measureshows how well two URL groups
match the observationsgeneratedby the samplequeries.
Let M 7N< 9:)POQ9R* , SP� be a setof all observation sets,
and TVUW� % ���4X;Y be the similarity measurebetweentwo URL
groups � % and � X . The similarity valuesarecomputedfor
thepairsof URL groupsthatareconnectedin thebrowsing
graph.Z:[]\�^`_a\�b�ced If:g�h�ikjml

[onqpsr�t=_vuswa\-^x_a\�b�c
l
[yt=_zuVwv\-^x_a\�b�ca{|[~} p cx_

where�(� 7 < �4���4���������
��� g ! is anobservationsetwith theat-
tributesbelongingto � % and �4X andgeneratedby query9�$� < �;� � ����������� 7 � ! is asetof URLsbelongingto � % in� 7��� < �;� � �������D��� 7 � ! is a setof URLsbelongingto �4X in� 7
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��� % , � % , and 
 % arethestatetransitionprobabilitydis-
tribution, theobservationsymbolprobabilitydistribu-
tion, and the initial stateprobability distribution for
eachURL group � % , respectively.��� U � 7(� � � ��� � % ���4X�Y = the probability of occurrence
of � 7

given ��� � % and �?� �4X
= � 7 �� J � � % Uv� � � � � Ym� �mg� J�7 ����� � X Uv� � � � �;� 7 ��Y��� U � � ��� � % ��� X Y = the joint probabilityof ��� � % and��� � X
= � 7 �� J � � % Ua� � � � �"� � Ym
 % UW� � Y � � g� J�7 ���&� � X"UW� �;� 7 � �� �;� 7 � � � Y�
�X�Ua� � Y��� UaM 7 Y = ) @ �mg = a factorto adjustthevariableobser-
vationsetlengths

The resultingsimilarity valuescanbe constructedasa
matrix of # by # , where # is the numberof URL groups.
The similarity matrix is symmetricwhich meansTsUo� % ��� X Y
is equalto TVUW� X ��� % Y .
2.3 URL Group Clustering Strategy

The similarity valuesare transformedinto the branch
probabilities�m%a5 X for pairsof nodes� and� (URLgroups)in
a browsing graph. The transformationis doneby normal-
izing the similarity matrix per row to indicatethe branch
probabilitiesfrom aspecificnode(URLgroup)to all its ac-
cessiblenodes(URL groups).Thenthestationaryprobabil-
ity � % for eachnode� in thebrowsinggraphcanbeobtained
from thebranchprobabilities,andtheweightsof thenodes
in thebrowsinggraphcanbecalculatedasfollows.I % � %�< ) �,X < I % � %�K � %W5 X�� < )"�+*R�������� %W5 X < � %qK � %W5 X|O(�RX K � X 5 %
Thestationaryprobability � % denotestherelative frequency
of accessingnode � (URL group � % ) in the long run. Once
all the branchweightsare calculated,the browsing graph
canbeconstructedby consideringthe # highestweightsbe-
tweenpairsof nodes,where # is a variablewhich specifies
thegraphcomplexity.

The proposeddocumentclusteringstrategy is traversal-
basedand greedy-oriented. URL groupsare partitioned
with the orderof their stationaryprobabilities.For a clus-
ter of size B , the URL groupwhich hasthe largeststation-
ary probability is selectedto starta cluster. Thenwe con-
sideranotherU BR� );Y URLgroupswhoseconnectingweights
with the startinggroup are the highestamongthe rest of
the groups. The URL groupwhich hasthe largeststation-
ary probability is selectedand the processcontinuesun-
til the currentclusterfills up. At this point, the next un-

partitionedURLgroupfrom thesortedlist startsanew clus-
ter. The whole processis repeateduntil no un-partitioned
URLgroupremains.

3 The Experiment

We implementedour proposedframework in C++. For
the dataset,the MicrosoftAnonymousWeb Data from the
KnowledgeDiscovery in DatabasesArchive at University
of California,Irvine UCI KDD archive[2] is used.Thedata
set recordswhich areasof www.microsoft.comeachuser
visited in a one-weektimeframein February1998. The
sampledatasetusedin our experimentcontains5,000of
anonymoususers.Therearea totalof 294URLscoveredin
the dataset. From theseURLs, we construct39 attributes
basedon their usageand contents. For example, the at-
tribute country is assignedfor thoseURLswhosecontent
arewritten in non-Englishlanguagesandtheattributepro-
grammingis assignedfor theURLswhosecontentsarere-
latedto the programminglanguages.We thencategorized
theseURLs into 13 groupsbasedon thesepredefinedat-
tributes.

Oncetheabove informationis preprocessed,we testthe
datasetfor differentclustersizesandcompareourapproach
with breadth-firstsearch(BFS), depth-firstsearch(DFS)
andtherandomclusteringmethods.For BFSandDFS, the
nodeorderingis obtainedby traversingthebrowsinggraph
obtainedfrom our URL groupclusteringstrategy. To com-
parethe clusteringperformance,we usea metricbasedon
the total numberof inter-clusteraccessescalculatedfrom
eachindividual user. For example,considera usersession
which containsthefollowing setof URLs,�P P¡ � : “Mexico” which belongsto URL groupcountry,�P P¡ � : “InternetExplorer”whichbelongsto URLgroup
Internet,�P P¡�¢

: “Internet Development”which belongsto URL
groupInternet,and�P P¡q£

: “Mail Support”,which belongsto URL group
ServiceandSupport.

Supposewe have a clustersizeof one,therefore,
�P P¡ �

belongsto one cluster,
�P P¡ � and

�P P¡�¢
belong to the

samecluster, and
�P P¡�£

belongsto anothercluster. We
considerthefirst URL in the list for thebasecluster. Then
for any URL thatbelongsto theclustersotherthanthebase
cluster, thenumberof inter-clusteraccessesis incremented
by one. Fromthe above example,the usersessionhasthe
inter-clusteraccessesof three. Thus the lower numberof
inter-clusteraccesses,thebettertheclusteringstrategy.

Figure 1 shows the number of inter-cluster accesses
for the MMM, DFS, BFS and the randomclusteringap-
proaches. The comparisontest was doneby varying the
clustersizefrom 1 to themaximumnumberof URL groups
(i.e., 13). The resultshows that the clusteringof the URL
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Figure 1. The clustering perf ormance among
the MMM, DFS, BFS, and the RANDOM clus-
tering appr oaches.

groupsconstructedfrom ourMMM mechanismandthepro-
posedstochasticclusteringstrategy gives the bestperfor-
manceamongall the approaches,while the randomclus-
teringstrategy givestheworstperformance,in mostcases.
DFSandBFSyield similarperformanceexceptfor theclus-
ter sizeof 9 and10. DFSandBFSmethodsyield relatively
worseperformancethantheMMM approachsincethey are
basedsolelyonthestaticstructureof theURLgroups;while
our MMM approachconsidersboth thestaticstructureand
theuseraccesspatterns.

4 Conclusions

In thispaper, theMarkov modelmediator(MMM) mech-
anismis presentedto assistin organizingandmanagingthe
Web documentsinto disjoint clusters. The approachcan
provide a useful view of useraccessbehavior on the dif-
ferentgroupsof URLs. An experimentwasperformedto
comparethe performanceof our MMM mechanismwith
the BFS, DFS, and the randomclusteringapproacheson
the numberof total inter-clusteraccessesin the test data.
The experimentalresult shows that the MMM mechanism
performsbetterthanthe otherthreeclusteringapproaches.
Good clusteringresultscan help managethe Web docu-
mentsby reorganizingandcustomizinga company’s Web
site for its Web site layout so that the company can pre-
cisely target its potentialcustomersto increasethe com-
pany’s profits. Hence,the proposedframework canbe ap-
plied asoneof the Web usagemining techniquefor Web

sitemanagementin electroniccommerce.
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