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Abstract

Due to the recenttrendin electonic commece many
companiegrovide their productrelatedor any usablein-
formationontheir Websitesfor customercorvenienceThis
companyinformationis organizedas sepaate Uniform Re-
souice Locator (URL) pages. Each URL representsa Web
documenthat canbelinkedto or fromotherdocumentsia
the hyperlinks.How to customizea companys Web site for
its Web site layout so that it can target its potential cus-
tomess to improve profits is importantin electonic com-
meirce In this paper we proposethe Markov ModelMedia-
tor (MMM) medanismto organizeand manae the groups
of relatedURLsinto disjoint clustess for documenmanaye-
mentin electonic commece An experimentis conducted
usinga real datasetandthe experimentakresultshowsthat
our proposedapproad yieldsa betterperformanceoverall
differenttestedclustersizesin comparisorwith depth-fist
seach (DFS), breadth-fist seach (BFS),and the random
clusteringstrategies.

*Thisresearctwassupportedn partby NSFCDA-9711582.

1 Intr oduction

In orderto besuccessfuin the highly competitiveindus-
try of electroniccommercecompaniesnustbeableto pre-
ciselytargettheir potentialcustomersandcorvincethemto
purchaseheir productsor services.It is very commonthat
companiegrovide their productrelatedor ary usablein-
formationon their Web sitesthroughseparateJniform Re-
souice Locator (URL) pages.EachURL represents Web
documenthatcanbelinkedto or from otherdocumentwvia
the hyperlinks. In the context of electroniccommercethe
customebehaior is capturedy analyzingtheusemaviga-
tion throughthecompary’sWebsiteandthereforéebsite
layoutis very importantfor thecompary. Theability to au-
tomaticanalysisof useractionsis a usefulinputin the pro-
cess.Therefore Webusagemining hasrecentlyemepgedas
ananalyticaltool for managemeranddecision-making9].

Variousdatamining methodshave beenextendedo Web
usagaminingincludingassociatiomule mining [5], sequen-
tial patternanalysis[1], clustering[4, 10], etc. Clustering
is a processof grouping physical or abstractobjectsinto
classe®r similar objects[3]. Dueto thesedynamicbeha-
iors of the Web documentsgclusteringbasedon only the
staticquantitiesj.e., termsor keywords,doesnot very well

www.manaraa.com



captureall characteristicef the Web documentsThus,be-

sidestermsor conceptsWeb documentlusteringcanalso
incorporatesomedynamicquantitiessuchasthehyperlinks
andthe accesgpatternsextractedfrom the userqueriesdur-

ing the clusteringprocessin addition,mostof thetime the

URLscanbecatagorizedbasedntheirhigh-level concepts,
suchasproduct-relate@ndcustomeiservice-relategages.
For example, clusteringanalysisof a software compary’s

Web site might yield a resultsuchasthe programmingde-

velopmentUURLsarehighly correlatedo the softwaretrain-

ing URLs Theresultsfrom the clusteringanalysiscanas-
sistin managingthe Web documentsdy reoiganizingand

customizinghecompary’s Websitefor its Websitelayout.

For example to helpthecustomenavigatethroughthe Web

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 techniquego facilitatethe func-
tionality of a databasemanajementsystem(DBMS)by or-
ganizinga network of databasednto clusters[6, 7]. In
this paperwe extendthe MMM mechanisnto organizeand
managéahe WebdocumentsThe proposedramenork con-
sidersthe useraccesgatterngo clustergroupsof URLsin
the clusteringprocessandis implementedusingC++. An
experimentis conductedusinga real datasetof Microsoft
Web site— MicrosoftAnonymoudheb Data, which records
how wwwmicrosoft.comwasvisited by the usersin a one-
weektimeframein February1998[2]. The experimental
result shons that the proposedwWeb documentclustering
approachyields a better performancein comparisorwith
depth-firstsearch DFS), breadth-firssearch BFS), andthe
randomclusteringmethods.

Thepaperis organizedasfollows. Next sectiongivesthe
proposedNVebdocumentlusteringapproachin Section3,
theexperimenton arealdatasetis conductecandtheresult
is presentedThe paperis concludedn Section4.

2 The ProposedWeb Document Clustering
Method

The proposedNebdocumentlusteringmethodis based
ontheMarkov ModelMediator (MMM) mechanismin the
proposedmethod,eachURL is assumedo be categorized
into a high-level conceptgroupof URLs Thus,eachURL
groupin the Web siteis modeledby anMMM andcontains

asetof conceptuallyrelatedURLs An MMM is represented

by a6-tuple = (S, F, A, B,II, ¥). Thedefinitionsandthe

constructionsof the componentof the MMM mechanism

canbefoundin [8].

2.1 Affinity-Based Measures

The relative affinity measuresre usedto indicate how
frequently two URLs are accessedogether Two URL
groupswhoseURLsareaccessetbgethemorefrequently
aresaidto have a higherrelative affinity relationship.For a
givenWebsite,its URL groupsandusergqueriequseraccess
patternsaredefinedasfollows.

e G={g1,92,---,94} = asetof URLgroupsin theWeb
site

e n,; = numberof URLsin g;

Q=1{1,2,...,q} = asetof userqueries

® usen = usagepatternof URL m with respectto
queryk pertime period

| 1 if URLm is accessetly queryk
Usemk =1 0 otherwise

e accessy = accessrequeng of queryk pertime period

af fm,n = affinity measuref URLsm andn

q

af fmn = E USEpm k X USEn | X ACCESS}
k=1

Theseaffinity measureareusedo constructheprobability
distributionsfor an MMM. The construction®f the proba-
bility distributions.4, B andII areshovnin [8].

2.2 Similarity Measures

A similarity measureshovs how well two URL groups
matchthe obsenations generatedby the samplequeries.
Let N, = k1 + k2, OS be a setof all obsenation sets,
andS(g;, g;) be the similarity measurebetweentwo URL
groupsg; andg;. The similarity valuesare computedfor
the pﬁirsof URL groupsthatareconnectedn the browsing
graph.

S(9ir95)= Y P(O*| X,Y39i,9;)P(X, Y5 9i,9;) F(Ni),
Okeos
where
e O% = {oy,...,0n,} is anobsenationsetwith the at-

tributesbelongingto g; andg; andgeneratedby query
k

e X ={xz,...,r1 } isasetof URLsbelongingto g; in
Ok

o Y ={y1,...,yr2} isasetof URLsbelongingto g; in
Ok
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e A;, B;, andIl; arethe statetransitionprobability dis-
tribution, the obsenation symbol probability distribu-
tion, and the initial stateprobability distribution for
eachURL groupg;, respectiely.

e P(O* | X,Y;gi,9;) = the probability of occurrence
of O* givenX € g; andY € g,

= Tami Bilou | @) TLok4111 Bs(00 | yumra)

e P(X,Y;g;,9;) = thejoint probabilityof X € g; and
Y e 9;

= Hﬁlzz Ai(my | Ty—1) Mi(21) Hf:km.;.z Aj(yo—r1 |
yv—k1_1) Hj (y1)

e F(N};) = 10"+ = afactorto adjustthe variableobser
vationsetlengths

The resultingsimilarity valuescan be constructedasa
matrix of n by n, wheren is the numberof URL groups.
The similarity matrix is symmetricwhich meansS(g;, g;)
is equalto S(g;, 9;)-

2.3 URL Group Clustering Strategy

The similarity valuesare transformedinto the branch
probabilitiesP; ; for pairsof nodes; andj (URL groups)in
a browsing graph. The transformatioris doneby normal-
izing the similarity matrix per row to indicatethe branch
probabilitiesfrom a specificnode(URL group)to all its ac-
cessiblenodeg URL groups).Thenthe stationaryprobabil-
ity ¢; for eachnodei in thebrowsinggraphcanbeobtained
from the branchprobabilities,andthe weightsof the nodes
in the browsinggraphcanbe calculatedasfollows.

D=1 ¢i=> ¢ixPij j=1,2,--
1 i
Wij = ¢i x Pij+ ¢j X Py

The stationaryprobability ¢; denotegherelative frequeny

of accessingnode: (URL groupg;) in thelong run. Once
all the branchweightsare calculated the browsing graph
canbeconstructedby consideringhen highestweightsbe-

tweenpairsof nodeswheren is a variablewhich specifies
thegraphcomplexity.

The proposeddocumentclusteringstrateyy is traversal-
basedand greedy-oriented. URL groupsare partitioned
with the orderof their stationaryprobabilities. For a clus-
ter of sizec, the URL groupwhich hasthe largeststation-
ary probability is selectedo starta cluster Thenwe con-
sideranotherc—1) URL groupswhoseconnectingveights
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-

partitionedURL groupfrom thesortedlist startsanew clus-
ter. The whole processs repeateduntil no un-partitioned
URL groupremains.

3 The Experiment

We implementedour proposedramawork in C++. For
the dataset, the Microsoft AnonymoudAeb Data from the
KnowledgeDiscovery in Databaseg\rchive at University
of California,Irvine UCI KDD archive[2] is used.Thedata
set recordswhich areasof wwwmicrosoft.comeachuser
visited in a one-weektimeframein February1998. The
sampledatasetusedin our experimentcontains5,000 of
anorymoususers.Thereareatotal of 294 URLscoveredin
the dataset. FromtheseURLS we construct39 attributes
basedon their usageand contents. For example, the at-
tribute country is assignedor thoseURLswhosecontent
arewritten in non-Englishlanguagesndthe attribute pro-
grammingis assignedor the URLswhosecontentsarere-
latedto the programminganguages.We then categorized
theseURLsinto 13 groupsbasedon thesepredefinedat-
tributes.

Oncetheabove informationis preprocessedye testthe
datasetfor differentclustersizesandcompareourapproach
with breadth-firstsearch(BFS), depth-firstsearch(DFS)
andthe randomclusteringmethods.For BFSandDFS, the
nodeorderingis obtainedby traversingthe browsinggraph
obtainedfrom our URL groupclusteringstratgyy. To com-
parethe clusteringperformancewe usea metric basedon
the total numberof inter-clusteraccessesalculatedfrom
eachindividual user For example,considera usersession
which containsthe following setof URLS

URL,: “Mexico” which belongsto URL groupcountry

URL,: “InternetExplorer”which belonggo URL group
Internet,

URLs3: “Internet Development”which belongsto URL
groupinternet,and

URLy4: “Mail Support”, which belongsto URL group
ServiceandSupport.

Supposeve have a clustersizeof one,therefore U RL,
belongsto one cluster URL», and URLj3 belongto the
samecluster and U RL4 belongsto anothercluster We
considerthe first URL in thelist for the basecluster Then
for any URL thatbelongsto theclustersotherthanthebase
cluster the numberof inter-clusteraccesses incremented
by one. Fromthe above example,the usersessiorhasthe
inter-clusteraccessesf three. Thusthe lower numberof
inter-clusteraccesseghebetterthe clusteringstrateyy.

Figure 1 shows the number of inter-cluster accesses
for the MMM, DFS, BFS and the randomclusteringap-
proaches. The comparisontest was done by varying the
clustersizefrom 1 to the maximumnumberof URL groups
(i.e., 13). Theresultshaws thatthe clusteringof the URL
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Figure 1. The clustering performance among
the MMM, DFS, BFS, and the RANDOM clus-
tering approaches.

groupsconstructedrom our MMM mechanisnandthepro-

posedstochasticclusteringstrateyy givesthe bestperfor

manceamongall the approacheswhile the randomclus-

tering strat@y givesthe worst performancein mostcases.
DFSandBFSyield similar performancexceptfor the clus-

tersizeof 9 and10. DFSandBFSmethodsyield relatively

worseperformanceahanthe MMM approachsincethey are
basedsolelyonthestaticstructureof the URL groupswhile

our MMM approactconsidershoth the staticstructureand
theuseraccesgpatterns.

4 Conclusions

In this paperthe Markov modelmediator(MMM) mech-
anismis presentedo assisin organizingandmanaginghe
Web documentdnto disjoint clusters. The approachcan
provide a useful view of useraccessbehaior on the dif-
ferentgroupsof URLs An experimentwas performedto
comparethe performanceof our MMM mechanismwith
the BFS DFS, and the randomclusteringapproache®n
the numberof total inter-clusteraccesse the testdata.
The experimentalresult shovs thatthe MMM mechanism
performsbetterthanthe otherthreeclusteringapproaches.
Good clusteringresultscan help managethe Web docu-
mentsby reomanizingand customizinga compalty’s Web
site for its Web site layout so that the compary can pre-
cisely target its potential customersto increasethe com-
pary’s profits. Hence,the proposedramewnork canbe ap-
plied as one of the Web usagemining techniquefor Web

sitemanagemernih electroniccommerce.
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