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Abstract

Theproliferation of informationon the World-Wide Web
has madethe personalizationof this informationspacea
necessity An importantpart of Web personalizationis to
minetypical user profilesfrom the vastamountof histor
ical data stored in accesdogs. In this paper we define
thenotionof a “user session"anda new distancemeasue
betweentwo web sessionghat captuesthe organization
of a website A competitiveagglomeation clusteringal-
gorithmwhich canautomaticallyclusterdatainto a parsi-
moniousnumberof componentss usedto analyzeserver
accesdogsandobtaintypical sessiorprofilesof uses.

1 Intr oduction

Personalizationis a recentand informally-articulated
notion, and dealswith tailoring a users interactionwith
the Web information spacebasedon information about
him/her For example,a personin Switzerlandsearching
for skiresortss likely to beinterestedn the Alps, whereas
apersonn Coloradais likely to beinterestedn the Rock-
ies. Personalizatiocaneitherbe donevia searchengines
suchasLycos,or by makingWebsitesadaptve. Examples
areFirefly [1], W3IQ [2], PHQAKS [3] and[4]. Mining
userprofilesfrom vastamount<of historicaldatastoredin
sener/accestgsis apossibleapproacho personalization
thathasbeenrecentlyproposedsb, 6, 7]. In the absence
of ary a priori knowledge,unsupervisedlassificationor
clusteringmethodsseento beideally suitedto analyzethe
semi-structuredog dataof useraccesseby catejorizing
theminto classe®f usersessiorprofiles.In thislight, web
mining canbe viewed as a specialcaseof the moregen-
eralproblemof knowledgediscoveryin databasef8]. We
definethe notionof a “usersession’asbeingatemporally
compactsequencef web accesseby a user anda new
distancemeasureébetweentwo web sessionghat captures
the organizationof a web site. This organizationainfor-
mationis inferreddirectly from the URLSs.

Catgyoriesin most datamining tasksare rarely well
separatedand hencethe classpartition is bestdescribed
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by fuzzy membershipg9]. We use our fuzzy Compet-
itive Agglomeration(CA) algorithm [10] which can au-
tomatically clusterdatainto the optimal numberof com-
ponents. However, CA dealswith objector featuredata
only, whereassessiorsimilarity datais relational. More-
over, thesessiordissimilaritymeasureve defineis not Eu-
clidean. Thereforewe extendthe CA sothatit canwork
on non-Euclidearrelationaldata. The resultingCompeti-
tive Agglomeratiorfor RelationalData(CARD) algorithm
candealwith complex and subjectve distance/similarity
measuresvhich arenotrestrictedo be Euclidean.

2 Defining Similarity BetweenUser Sessions
2.1 Preprocessingand Segmentationof the ac-
cesdog data into sessions

Eachaccesdog entry consistof :(i) Users IP address,
(i) Accesstime, (iii) Requestmethod(“GET", “POST",
---, etc),(iv) URL of thepageaccessedy) Datatransmis-
sionprotocol(typically HTTP/1.0),(vi) Returncode,(Vii)
Numberof bytestransmitted First, wefilter outlog entries
that are not germanefor our task. Theseinclude entries
that: (i) resultin ary error(indicatedoy theerrorcode) (ii)
usearequesmethodotherthan“GET”, or (iii) recordac-
cesseso imagefiles (.gif, .jpeg, , - - -, etc.),whichareem-
beddedn otherpagesandareonly transmittedo theusers
machineasaby productof theaccesso acertainwebpage
which hasalreadybeenlogged.Next, analogouso [6], the
individual log entriesare groupedinto usersessions.A
usersessions definedasa sequencef temporallycom-
pactaccessebBy auser Sincewebsenersdo nottypically
log usernamegunlesddentdis used) we definea userses-
sionasaccesseom thesamdP addressuchthatthedu-
rationof elapsedime betweertwo consecutie accesses
the sessioris within a prespecifiedhreshold. EachURL
in the siteis assignedauniquenumberj € {1,... , Ny},
where Ny is the total numberof valid URLs. Thus,the
ith usersessions encodedasan Ny-dimensionabinary
attribute vectors(?) with the property

@) _ [ 1 if useraccesseg" URL duringit session
%"=\ 0 otherwise



Theensemblef all Vg sessionsxtractedfrom thesener
log file is denotedS. Note thatour schemewill mapone
users multiple sessiongo multiple usersessions.How-
ever, this is not of concernsinceour attemptis to extract
“typical usersessiorprofiles”. Thisnotionof multiple user
sessiongnableusto bettercapturethe situationwhenthe
sameuserdisplaysa few (different)accespatternson this
site.
2.2 Adaptation of SessiorData to Clustering
Clusteringalgorithmsbasedn objectdataarenot suit-
able for clusteringusersessiondecauseof the high di-
mensionalityof thefeaurespace(thereareusuallyseveral
hundredJRLsin atypicalwebsite). Thewebsessionsire
toocomplec to convertto simplenumericalfeaturespartly
becaus¢he organizatiorof thewebsitemustbetakeninto
account. In fact, the URLs in a site have a hierarchical
or tree-like structuralcomposition.Thereforewe definea
similarity measurdetweertwo sessionshatincorporates
boththestructureof thesite,aswell asthe URLsinvolved,
andadoptarelationalapproacho clusteringsinceour data
(sessionspare not numericin nature. We startby consid-
ering the cosineof the anglebetweens*) ands() asa
measuref similarity
AT o

VN 0 [y O

The problem with this similarity measure is that
it completely ignores the hierarchical organization of
the web site, which will adwersely affect the abil-
ity to capturecorrect profiles. For example, the ses-
sion pair {/courses/cecs345and {/courses/cecs343
as well as the session pair {/courses/cecs345 and
{/research/granjswill receve a O similarity score ac-
cording to S;. Similarly, one would expect the ses-
sions{/courses/cecs345/projects/prpfb bemoresimilar
to {/courses/cecs345/projetthanto {/courses/cecs343
becausé¢hereis moreoverlapbetweertheURLsin thefirst
two sessionslongthe directoryhierarchytree. Thisleads
us to definea similarity measureon the structural URL
level that will be usedin the computationof the similar
ity atthe sessiorlevel. We first provide a syntacticmodel
for the entire web site as a tree wherean edgeconnects
onenodeto anotherif the URL correspondindo the lat-
ter is hierarchicallylocatedunderthat of the former, for
example{/course$ and {/courses/cecs345 The root of
thetree(thenodewith noincomingedges)orrespondso
the highestlevel URL in the web site (/). Takinginto ac-
countthe syntacticrepresentatioof two URLs, we define
the“syntactic” similarity betweertheit* and;** URLsas
|(pi N pj
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wherep; denoteghe pathtraversedfrom the root nodeto
the nodecorrespondingo the it URL, and |p;| indicates

Stk =

&Mﬂ)me<Lm

thelengthof this pathor the numberof edgesncludedin
the path. Now the similarity on the sessionlevel which
incorporateghe syntacticURL similaritiesis definedby
correlatingall the URL attributesandtheir similaritiesin
two sessionasfollows N (9, z)
Ez 1 Z] Ul '3 S ( )
AO) RO (3)
Zz 15 Zg 1 ]

Unlike Sy, this similarity usessoft URL level similari-
ties. For the specialcasewhen all the URLs accessed
during sessions(*) have zero similarity with the URLS

accessedluring sessiors, i.e., S, (i,7) = 0if i # j,
NU (’C) Q)]

S
Sa 11 reducedo Sy 1 = NU’ (;) G o andwhenthe

Ez 15 —1
two seSS|onSire|dent|caI this valuefurther3|mpl|f|esto

So k= W which can be considerablysmall de-

pendingonthenumberof URLs accessedrlhismeanghat
this similarity measurewill be ratherunintuitive, because
ideally the similarity shouldbe maximalfor two identical
sessions. Besidesidentical sessionsthis similarity will
generallybe underestimatedor sessionpairs who share
someidenticalURLs while therestof theunsharedJRLs
have low syntacticsimilarity. In generaffor suchsessions
wherethe syntacticURL similarities are low, S; x; pro-
videsa higherandmoreaccuratesessiorsimilarity. Onthe
otherhand,whenthe syntacticURL similaritiesare high,
Ss 11 is higherandmoreaccurate. Therefore we definea
new similarity betweentwo sessionghat takesadwantage
of thedesirablepropertiesof S; andS, asfollows:

Sk = max(S1 k1, S2,k1) (4)

Som =

For the purposeof relational clustering, this similar
ity is mappedto the dissimilarity measured?(k,l) =
(1-Sw)’.

However, unlike ametricdistancet is possiblefor two
distinct sessiongo have zero dissimilarity This occurs
wheneerthe numeratomnddenominatoof (3) areequal,
or equalently -7 555, (i, 5) = s 320 51
foralli =1,...,Ny. ThIS Is particularlytrueif theURL
level similaritles are 1 for all the URLs accessedn the
two sessions.A typical exampleconsistsof the sessions
{/courses/cecs34mnd{/courses/cecs345/syllas.htm}.
This property is actually desirable for our applica-
tion, becausewe consider these two sessionsto fit
the same profile. The sessiondissimilarity measure
also violates the triangular inequality for metric dis-
tancesin some cases. For instance, the dissimilar
ity betweenthe sessiong/courses/cecs345/syllat} and
{/courses/cecs345s zero.Sois thedissimilaritybetween
{/courses/cecs345and {/courses/cecs4Q1l However,
thedissimilarity between{/courses/cecs345/syllag} and
{/courses/cecs4Qlis not zero(it is 1/4). Thisillustrates
anotherdesirablepropertyfor profiling sessionsvhich is
that the dissimilarity becomesmore stringentas the ac-
cessedJRLs getfartherfrom theroot becaus¢he amount



of specificityin useraccesseicreasesorrespondingly
Hence the proposedissimilarity measurdits our subjec-
tive criteriaof sessiorsimilarity.

3 Clustering the User SessiondJsing CARD
3.1 The Competitive Agglomeration algorithm

The Competitve Agglomeration(CA) algorithm [10]
startsby partitioning the datasetinto a large numberof
smallclusters.As the algorithmprogressesadjacentlus-
terscompetefor datapoints,and clustersthatlosein the
competitiongraduallypecomedepletecandvanish.Thefi-
nal partitionis a parsimoniouglescriptionof the data.Let
X ={x;|j =1,...,n} beasetof n vectorsandlet
B = (f4,...,B.) represent c-tuple of prototypeseach
of which characterizesneof the ¢ clusters.The CA algo-
rithm minimizes:

J(B,U) = izn:(uij)zdfj - ag [é“zjr (5)

i=1 j=1

subjectto: >°¢_ ui; = 1, Vi e {1,---,n}. In(5),
d3; representshe distancefrom featurevectorx; to the
prototypeg;, u;; representshe degreeof membershipof
featurepointx; in clusterg;, andU = [u;;] isacxn con-
strainedfuzzy c-partition matrix [9]. The numberof clus-
tersc in (5) is dynamicallyupdatedn the CA algorithm.
The memberships,; thatminimize (5) with respecto U
aregivenby [10]

e = Ul 4 ©
FCM _ _ 1/d? Bias _ «a —
In (6), gt = m, andust = d—gt(ns — nt),
wheren, is thecardinalityof clusters,

n

ng = ZUSJ-, @)
j=1

andm; = Z’“fl YVdure Eor clusterswith cardinality

Ek:l l/dkt
higher(lower)thanaveragethebiastermis positive (neg-
ative), thus appreciating(depreciating)the membership
value. This leadsto a gradualerosionof the cardinalityof
spuriousclusters.Whenthe cardinalityof a clusterdrops
below athreshold,thelusteris discardedandc is updated.
Sincethe initial partition hasan overspecifiechumberof
clusters¢,, .., €achclusteris approximatedby mary small
clustersin the beginning. As the algorithmproceedsthe
secondtermin (5) causesachclusterto expand,and at
the sametime, the constrainton the membershipgauses
adjacentlustersto compete As aresult,only a few clus-
terswill survive, while otherswill shrink and eventually
becomeaxtinct.

3.2 Extensionto Non-EuclideanRelational Data
For our application,the CA mustbe extendedso that
it canwork on relationaldata. In orderto formulatethe
relationaldual of the Fuzzy C Means(FCM) algorithm,
Hathavay et al. [12] proved that the squaredEuclidean

distanced?, = ||x; — c;||”, from featurevectorx; to the
centerof theit* cluster c;, canbe written in termsof the
relationmatrix R asfollows:

&, = (Rvi), — viRv,/2. (8)
wherev; is themembershiwectordefinedby
(ull, ... ul} )t
i = ! N mN . (9)
Zj:l Uj;

Thevalueof m is 2 in ourapplication.Equation(8) allows
the computationof the distancebetweenthe datapoints
andclusterprototypesin eachiterationwhenonly the re-
lationaldata,R, aregiven. Therefore arelationaldual of
CA exists for the specialcasewherethe objectdataand
relationaldatasatisfy

R = [Ry;] = Ix; — el (10)

Whenarealizationsatisfying(10) doesnot exist for the
relationmatrix, R, therelationaldual of the CA mayfail
mainly becausesomeof the distancesomputedusing(8)
may be negative [14]. To overcomethis problem,we use
the g-spreadtransform[13] to corvert a non-Euclidean
matrix R into anEuclideanMatrix Rz asfollows:

Rg=R+48(M-T1) (11)

where g is a suitably chosenscalar I € R™*™ is the
identity matrix and M € R™*" satisfiesM;; = 1 for
1 < 4,5 < n. It wassuggestedn [13] thatthe distances
d2, bechecledin every iterationfor negativity, which in-
dicatesa non-Euclidearrelationmatrix. In thatcase the
B-spreadransformshouldbeappliedwith asuitablevalue
of 3 to make the d%, positive again. An underestimatéor
the lower boundon g wasderived [13] andrelatedto the
necessarghift thatis neededo make the distancegosi-
tive. Thisresultcanbe summarizeds

Aﬂ = I?%X{—Qd?k/ ||VJ - ek||2}7 (12)

wheree,, denoteshe kt* columnof the identity matrix.
An annealingschedulds usedfor a asa function of the
iterationnumberk usingthe exponentialdecaydefinedby

a(k) = nge */7, (13)

wherer is theinitial valueandr is thetime constant.
TheresultingCARD algorithmis summarizedbelow:

CompetitiveAgglomemtion For RelationalData (CARD)

Fix the maximumnumberof clusters: = ¢paz;
Initialize k = 0; 8 = 0; U®; n;, 0 < i < cusing(7);
Repeat
Computemembershipectorsv;
forl < i < cusing(9);
Computed?, = (Rgv;), — viRgv;/2
forl1 <i<candl <k < Ng;
If (@2, < 0 for ary i andk) then{



ComputeAg by using(12);

Updated?, < d2, + (AB/2) * ||v; — ex |’
for1 <i<candl <k < Ng;

Updates = 8 + AB;

Updaten(k) using(13); UpdateU*) using(6);

Computen;  using(7);
If (n; < ;) Discardi*" clusterandupdater;
k=k+1;

Until (membershipstabilize).

4 Inter pretation of the Results

Theresultsof applyingCARD ontheusersessiomela-
tional dataareinterpretedusingthe following quantitatve
measuresFirst, the usersessionareassignedo the clos-
estclustersbasedon the distancecomputedn (8). This
createsc clustersX; = {s®) € S| dy < djx Vj# i},
for 1 < ¢ < ¢ The sessionsin cluster X; are
then summarizedin a typical session“profile” vector
P; =(Pi1,.,Piy ). The componentsof P; are URL
weightswhich representhe probability of accesof each
URL duringthe session®f X; asfollows:

Pij:p(sg.k):”sg.k)eﬁfi):%, (14)
where x;;={s"ex; | s{ >0} . TheURL weightsP;; mea-
surethesignificanceof agivenURL to theit” profile. Be-
sidessummarizingprofiles,the component®f the profile
vectorcanbeusedo recognizeaninvalid profilewhichhas
no strongor frequentaccespattern.For sucha profile, all
the URL weightswill below.

Several classicalclustervalidity measureganbe used
to assesshe goodnesof the partition. The intra-cluster
or within-clusterdistancaepresentanaverageof thedis-
tancesetweenall pairsof sessionsvithin thethest* clus-

L — M ex; 2o ey ik iy .
ter, andis givenby Dy; = TR =) . This

is inverselyrelatedto the compactnessr goodnesof a
cluster A goodguidelineto usewhenevaluatingclusters
basedntheintra-clustedistancess to compargheseval-
uesto the total averagepairwisedistanceof all sessions.
Thelattercorrespondto theintra-clustedistanceaf all the
usersessionsvereassignedo onecluster(i.e., no cateory
informationis used).Also it is importantto recall thatall
distancesrein [0, 1]. Theinter-clusteror between-cluster
distancerepresentsan averageof the distancesbetween
sessionfromtheit* clusterandsessionfromthej** clus-
2 ex; DaDex; ik iy

ter, andis givenby Dp;; = EAlEs . For
i J

a goodpartition, theinter-clusterdistanceshouldbe high

becaus¢hey measurdghe separatiorbetweerclusters.

5 Experimental results

The web mining proceduredescribedn Section2 was
usedto extract typical usersessionprofiles from the log
data of the Web site for the Departmentof Computer

Engineeringand ComputerSciencesat the University of
Missouri-Columbia.Dataduring a periodof 12 dayswas
used.After filtering outirrelevantentries thedatawasseg-
mentedinto 1703 sessions.The maximumelapsedime
betweerntwo consecutie accessem the samesessiorwas
setto 45 minutes. The numberof distinctURLs accessed
in valid entrieswas369. While applyingCARD, a cluster
wasdiscardedf its cardinality (n;) waslessthan5. The
initial valueof n (ny) wassetto 0.0002, thetime constant
T wassetto 10, and¢,,., Waschosento be50. Theini-
tial distancevaluesd?, wereobtainedby randomlychoos-
iNg ¢z rows from therelationmatrixandcomputingthe
fuzzy memberships.

After clusteringthe relationaldatawith CARD, the fi-
nal numberof clusteravas20. Tablel illustratesfour pro-
filescomputedusing(14),whereonly thesignificantURLs
(P;; > 0.15) aredisplayedandtheindividual components
aredisplayedn theformat{P;; - j** URL}. Thesessions
were assignedo the closestclusterandthe sessionclus-
tersor profileswere examinedqualitatvely and are sum-
marizedin Table2 which alsolists the cardinalityandthe
intra-clusterdistancefor someof theclusters.

The resultsshov that CARD succeedeéh delineating
mary differentprofilesin the usersessionsExceptfor the
l4thcluster all clusterscorrespondo realprofilesreflect-
ing distinctuserinterestsThe profilesfollowedtheaccess
patternson typical users— the general‘outsidevisitor” is
capturedn profiles1 and 16, prospectie studentsn pro-
file 7, studentsn CECS438/CECS35@aughtby thesame
facultymember)n profile 6 etc. A listing of all 20 profiles
is notpresentetheredueto paucityof space Thegoodness
of theseclustersis recognizablehroughtheir low intra-
clusterdistanceqconsiderablylower than the total pair
wise sessiordistanceof 0.88), andtheir high inter-cluster
distanceqthe majority between.9 and 1). Note that all
theremainingsessionshatdo notbelongto ary profile are
lumpedin the 14" profilewhichis easilyrecognizedising
the quantitatve evaluationmeasuresin fact, this particu-
lar clusterhadno significantURLs (P;; < 0.15 for all j5)
andits intra-clustedistancevasvery high (0.95), whichis
evenhigherthanthe total averagepairwisedistanceof all
sessions.

6 Conclusion

In this paperwe have presented new approactor au-
tomaticdiscovery of usersessiomrofilesin Weblog data.
We definedthe notion of a “user session’asbeinga tem-
porally compactsequencef web accesseby a user A
new similarity measurdo analyzesessiorprofilesis pre-
sentedwhich capturesoth theindividual URLs in a pro-
file aswell asthe structureof the site. The Competitve
Agglomeratiorfor RelationalData(CARD) algorithmcan
dealwith complex and subjectve dissimilarity/similarity
measuresvhich arenotrestrictedto be Euclidean.There-
sultingclustersareevaluatedsubjectvely, aswell asbased
on standardstatisticalcriteria.



Note that in someapplications,the frequeng of ac-
cessedo a web pagewithin the samesessiormay be im-

portant.In thatcase the definition of sg.k) shouldbe mod-

ified to sg.k) = numberof timesthe j** URL is accessed

in the k*" sessionln ongoingexperimentsye arelooking
into robustprofiling methodswhich have the advantageof
beingmoreresistanto noise,andamulti-resolutionprofil-
ing approactwhereclusteringis appliedrecursvely onthe
profilesfoundin previousruns.
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Tablel. ProfileExamples
1 P;
{.75- Icecscomputerclas§  {.94- /courses.htn}l
{.98- /coursesndex.html}  {.95- /courses10.htr}l
{.34- /courses30.htmjl {.20- /courseswebpg.htm}
{.28- /courses20.htrjl{.85- /}
{.58- /joshi/courses/cecs352
{.27- fjoshi/courses/cecs352/slides-irdeml}
{.20- /joshilcourses/cecs352itentml}
{.18- fjoshi/courses/cecs352/handout.Btml
{.20- fjoshi/courses/cecs352/outline.hjml
{.15- fjoshi/courses/cecs438
{.18- /joshi/courses/cecs352imnment.htm}
{.16- fjoshi/courses/cecs352/p}oj
{1.0- /lan/cecs35B8
{.43- flan/cecs353/assign1.himl
15 | {.25- flan/cecs353/syl.htrl
{.25- flan/cecs353/outline.htrl
{.75- flan/cecs353/assign2.hfnf.18- /lan}
{.15- /facultyhtml} {.17 - Ipeople.htm}
{.15- /peopleindex.html} {1.0-/}

16

Table2. A subsebf usersessionglusters _

i | X; ] description Dw;
main page, faculty list, individual

1 114 | faculty pagesresearchpeopleand | 0.56
classlist

2 75 D1l'spages 0.15

3 32 accesstatisticspages 0.066

5 207 | generakoursenquiries 0.18

6 165 D2'scoursesecs352andcecs438 | 0.18

7 64 inquiries about undegraduatede- 0.28
greesandcourses

14 | 114 mixture of unrelatedagcesse?.hat 0.95
don't make a strongprofile

16 | 45 mainpage facultylist andpeople 0.24




