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Abstract

Theproliferationof informationontheWorld-WideWeb
hasmadethe personalizationof this informationspacea
necessity. An importantpart of Web personalizationis to
minetypical userprofilesfrom the vastamountof histor-
ical data stored in accesslogs. In this paper, we define
thenotionof a “user session”anda new distancemeasure
betweentwo websessionsthat capturesthe organization
of a website. A competitiveagglomeration clusteringal-
gorithmwhich canautomaticallyclusterdatainto a parsi-
moniousnumberof componentsis usedto analyzeserver
accesslogsandobtaintypical sessionprofilesof users.

1 Intr oduction
Personalizationis a recentand informally-articulated

notion, and dealswith tailoring a user’s interactionwith
the Web information spacebasedon information about
him/her. For example,a personin Switzerlandsearching
for ski resortsis likely to beinterestedin theAlps, whereas
a personin Coloradois likely to beinterestedin theRock-
ies. Personalizationcaneitherbedonevia searchengines
suchasLycos,or by makingWebsitesadaptive.Examples
areFirefly [1],

�������
[2], PHOAKS [3] and[4]. Mining

userprofilesfrom vastamountsof historicaldatastoredin
server/accesslogsis apossibleapproachto personalization
that hasbeenrecentlyproposed[5, 6, 7]. In the absence
of any a priori knowledge,unsupervisedclassificationor
clusteringmethodsseemto beideallysuitedto analyzethe
semi-structuredlog dataof useraccessesby categorizing
theminto classesof usersessionprofiles.In this light, web
mining canbe viewed asa specialcaseof the moregen-
eralproblemof knowledgediscovery in databases[8]. We
definethenotionof a “usersession”asbeinga temporally
compactsequenceof web accessesby a user, anda new
distancemeasurebetweentwo websessionsthatcaptures
the organizationof a web site. This organizationalinfor-
mationis inferreddirectly from theURLs.

Categories in most data mining tasksare rarely well
separated,andhence,the classpartition is bestdescribed

by fuzzy memberships[9]. We useour fuzzy Compet-
itive Agglomeration(CA) algorithm [10] which can au-
tomaticallyclusterdatainto the optimal numberof com-
ponents. However, CA dealswith objector featuredata
only, whereassessionsimilarity datais relational. More-
over, thesessiondissimilaritymeasurewedefineis notEu-
clidean. Therefore,we extendtheCA so that it canwork
on non-Euclideanrelationaldata. The resultingCompeti-
tiveAgglomerationfor RelationalData(CARD) algorithm
can deal with complex and subjective distance/similarity
measureswhicharenot restrictedto beEuclidean.

2 Defining Similarity BetweenUserSessions
2.1 Preprocessingand Segmentationof the ac-

cesslog data into sessions
Eachaccesslog entryconsistsof :(i) User’s IP address,

(ii) Accesstime, (iii) Requestmethod(“GET”, “POST”,����� , etc),(iv) URL of thepageaccessed,(v) Datatransmis-
sionprotocol(typically HTTP/1.0),(vi) Returncode,(vii)
Numberof bytestransmitted.First,wefilter out log entries
that arenot germanefor our task. Theseincludeentries
that: (i) resultin any error(indicatedby theerrorcode),(ii)
usea requestmethodotherthan“GET”, or (iii) recordac-
cessesto imagefiles (.gif, .jpeg, , ����� , etc.),whichareem-
beddedin otherpagesandareonly transmittedto theuser’s
machineasaby productof theaccessto acertainwebpage
whichhasalreadybeenlogged.Next, analogousto [6], the
individual log entriesare groupedinto usersessions.A
usersessionis definedasa sequenceof temporallycom-
pactaccessesby auser. Sincewebserversdonot typically
log usernames(unlessidentdis used),wedefineauserses-
sionasaccessesfrom thesameIP addresssuchthatthedu-
rationof elapsedtimebetweentwo consecutiveaccessesin
the sessionis within a prespecifiedthreshold.EachURL
in thesite is assigneda uniquenumber	�

������������������� ,
where ��� is the total numberof valid URLs. Thus, the�����

usersessionis encodedasan � � -dimensionalbinary
attributevector �! #"#$ with theproperty%  &"#$')( * � if useraccessed	 ��� URL during

�+���
session,

otherwise



Theensembleof all �.- sessionsextractedfrom theserver
log file is denoted/ . Note thatour schemewill mapone
user’s multiple sessionsto multiple usersessions.How-
ever, this is not of concernsinceour attemptis to extract
“typical usersessionprofiles”. Thisnotionof multipleuser
sessionsenableusto bettercapturethesituationwhenthe
sameuserdisplaysa few (different)accesspatternson this
site.
2.2 Adaptation of SessionData to Clustering

Clusteringalgorithmsbasedon objectdataarenot suit-
able for clusteringusersessionsbecauseof the high di-
mensionalityof thefeaurespace(thereareusuallyseveral
hundredURLsin a typicalwebsite).Thewebsessionsare
toocomplex to convertto simplenumericalfeatures,partly
becausetheorganizationof thewebsitemustbetakeninto
account. In fact, the URLs in a site have a hierarchical
or tree-like structuralcomposition.Therefore,we definea
similarity measurebetweentwo sessionsthat incorporates
boththestructureof thesite,aswell astheURLsinvolved,
andadoptarelationalapproachto clusteringsinceourdata
(sessions)arenot numericin nature. We startby consid-
ering the cosineof the anglebetween�  &01$ and �  32#$ as a
measureof similarity46517 082 ( 9;:=<"#> 5 %  &01$" %  323$"? 9 :=<"&> 5 %  @01$" ? 9 :=<"&> 5 %  323$" (1)

The problem with this similarity measure is that
it completely ignores the hierarchical organization of
the web site, which will adversely affect the abil-
ity to capturecorrect profiles. For example, the ses-
sion pair � /courses/cecs345� and � /courses/cecs343� ,
as well as the session pair � /courses/cecs345� and� /research/grants� will receive a 0 similarity score ac-
cording to

4 5
. Similarly, one would expect the ses-

sions � /courses/cecs345/projects/proj1� to bemoresimilar
to � /courses/cecs345/projects� thanto � /courses/cecs343�
becausethereis moreoverlapbetweentheURLsin thefirst
two sessionsalongthedirectoryhierarchytree.This leads
us to definea similarity measureon the structuralURL
level that will be usedin the computationof the similar-
ity at thesessionlevel. We first providea syntacticmodel
for the entireweb site as a treewherean edgeconnects
onenodeto anotherif the URL correspondingto the lat-
ter is hierarchicallylocatedunderthat of the former, for
example � /courses� and � /courses/cecs345� . The root of
thetree(thenodewith no incomingedges)correspondsto
thehighestlevel URL in thewebsite (/). Taking into ac-
countthesyntacticrepresentationof two URLs,we define
the“syntactic”similarity betweenthe

�+���
and 	 ��� URLsas4 <BA � ��	�C (EDGF&HJI �K� L ANM "PO M ' LDRQTS A �K� DRQTS A L M " L � L M ' L CUCWVX�PY (2)

whereM " denotesthepathtraversedfrom theroot nodeto
thenodecorrespondingto the

�+���
URL, and L M " L indicates

the lengthof this pathor thenumberof edgesincludedin
the path. Now the similarity on the sessionlevel which
incorporatesthe syntacticURL similarities is definedby
correlatingall the URL attributesandtheir similaritiesin
two sessionsasfollows:4[Z 7 082 ( 9\:^]"&> 5 9;:^]' > 5 %  @01$" %  323$' 4 <_A � �+	�C9 :^]"&> 5 %  &0`$" 9 :^]' > 5 %  #23$' (3)

Unlike

4 5
, this similarity usessoft URL level similari-

ties. For the specialcasewhen all the URLs accessed
during session�� &01$ have zero similarity with the URLs
accessedduring session�  32#$ , i.e.,

4 <_A � ��	�C ( ,
if
�ba( 	K�4�Z 7 012 reducesto

4�Z 7 082 ( cGd ]e&f�g�hUi3jUke
hliNmnkecGd ]e#f�g�hUiNjlke cGd ]opf�g�hUiNmnko andwhenthe

two sessionsareidentical,this valuefurther simplifiesto
4 Z 7 0�0 ( 5

c d ]e#f�g�h iNjlke which can be considerablysmall de-

pendingonthenumberof URLsaccessed.Thismeansthat
this similarity measurewill be ratherunintuitive, because
ideally thesimilarity shouldbemaximalfor two identical
sessions. Besidesidentical sessions,this similarity will
generallybe underestimatedfor sessionpairs who share
someidenticalURLs while therestof theunsharedURLs
have low syntacticsimilarity. In generalfor suchsessions
wherethe syntacticURL similarities are low,

4 587 082 pro-
videsahigherandmoreaccuratesessionsimilarity. Onthe
otherhand,whenthesyntacticURL similaritiesarehigh,
4�Z 7 012 is higherandmoreaccurate.Therefore,we definea
new similarity betweentwo sessionsthat takesadvantage
of thedesirablepropertiesof

4 5
and

4�Z
asfollows:

4 082 (qDRQTS A 4 587 012 � 4�Z 7 082 C (4)

For the purposeof relational clustering, this similar-
ity is mappedto the dissimilarity measurer Z h A�s �lt�C (A �uV 4 082 C

Z
.

However, unlike a metricdistanceit is possiblefor two
distinct sessionsto have zero dissimilarity. This occurs
whenever thenumeratoranddenominatorof (3) areequal,
or equivalently 9 :^]' > 5 %  &01$" %  32#$' 4 < A � ��	�C ( %  &01$" 9 :W]' > 5 %  32#$'for all

� ( ��������������� . This is particularlytrueif theURL
level similarities are 1 for all the URLs accessedin the
two sessions.A typical exampleconsistsof the sessions� /courses/cecs345� and � /courses/cecs345/syllabus.html� .
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-
tances in some cases. For instance, the dissimilar-
ity betweenthe sessions� /courses/cecs345/syllabus� and� /courses/cecs345� is zero.Sois thedissimilaritybetween� /courses/cecs345� and � /courses/cecs401� . However,
thedissimilaritybetween� /courses/cecs345/syllabus� and� /courses/cecs401� is not zero(it is �wvTx ). This illustrates
anotherdesirablepropertyfor profiling sessionswhich is
that the dissimilarity becomesmore stringentas the ac-
cessedURLs getfartherfrom therootbecausetheamount



of specificity in useraccessesincreasescorrespondingly.
Hence,theproposeddissimilaritymeasurefits our subjec-
tivecriteriaof sessionsimilarity.

3 Clustering the UserSessionsUsingCARD
3.1 The Competitive Agglomeration algorithm

The Competitive Agglomeration(CA) algorithm [10]
startsby partitioning the dataset into a large numberof
smallclusters.As thealgorithmprogresses,adjacentclus-
terscompetefor datapoints,andclustersthat losein the
competitiongraduallybecomedepletedandvanish.Thefi-
nal partitionis a parsimoniousdescriptionof thedata.Lety ( ��z ' L 	 ( �����������l{W� be a setof { vectorsand let| ( A�} 5 ��������� }B~ C representa � -tuple of prototypeseach
of whichcharacterizesoneof the � clusters.TheCA algo-
rithm minimizes:� A | ����C ( ~� "&> 5���' > 5 A�� " ' C

Z r Z" ' V�� ~� "&> 5R����' > 5 � " '`�
Z

(5)

subjectto: 9 ~"#> 5 � " ' ( �K� ��	�
��K�K� ����� �U{W� . In (5),r Z" ' representsthe distancefrom featurevector z ' to the
prototype} " , � " ' representsthe degreeof membershipof
featurepoint z ' in cluster} " , and � (�� � " '`� is a ���^{ con-
strainedfuzzy � -partitionmatrix [9]. Thenumberof clus-
ters � in (5) is dynamicallyupdatedin the CA algorithm.
Thememberships� h � thatminimize(5) with respectto �
aregivenby [10] � h � ( �_�����h � � ���P� ���h � � (6)

In (6), � �����h � ( 5U�8�8 ¡p¢
cG£j f�g 5l���   j ¢ � and � �P� ���h � ( ¤�   ¡p¢P¥ { h V { �§¦ ,

where{ h is thecardinalityof cluster % ,{ h ( ��' > 5 � h ' � (7)

and { � ( c £j f�g 5U�8�8 j ¢ � jc £j f�g 5l�8�   j ¢ � For clusterswith cardinality
higher(lower) thanaverage,thebiastermis positive (neg-
ative), thus appreciating(depreciating)the membership
value.This leadsto a gradualerosionof thecardinalityof
spuriousclusters.Whenthecardinalityof a clusterdrops
below athreshold,theclusteris discardedand � is updated.
Sincethe initial partition hasan overspecifiednumberof
clusters,�`¨u©1ª , eachclusteris approximatedby many small
clustersin the beginning. As the algorithmproceeds,the
secondterm in (5) causeseachclusterto expand,andat
the sametime, the constrainton the membershipscauses
adjacentclustersto compete.As a result,only a few clus-
terswill survive, while otherswill shrink andeventually
becomeextinct.
3.2 Extensionto Non-EuclideanRelational Data

For our application,the CA mustbe extendedso that
it canwork on relationaldata. In order to formulatethe
relationaldual of the Fuzzy C Means(FCM) algorithm,
Hathaway et al. [12] proved that the squaredEuclidean

distance,r Z"&0 (¬« z ' V®­ " « Z , from featurevector z ' to the
centerof the

�+���
cluster, ­ " , canbewritten in termsof the

relationmatrix ¯ asfollows:r Z"@0 ( A ¯±° " C 0 V�° " ¯²° " v�³�� (8)

where° " is themembershipvectordefinedby° " ( A�� ¨" 5 �������[� � ¨" : C �9 :' > 5 � ¨" ' � (9)

Thevalueof ´ is 2 in ourapplication.Equation(8) allows
the computationof the distancebetweenthe datapoints
andclusterprototypesin eachiterationwhenonly the re-
lationaldata, ¯ , aregiven. Therefore,a relationaldualof
CA exists for the specialcasewherethe objectdataand
relationaldatasatisfy¯ (�� µ " ' � (¶« z ' V®­ " « Z � (10)

Whenarealizationsatisfying(10)doesnotexist for the
relationmatrix, ¯ , the relationaldualof the CA mayfail
mainly becausesomeof thedistancescomputedusing(8)
maybenegative [14]. To overcomethis problem,we use
the } -spreadtransform[13] to convert a non-Euclidean
matrix ¯ into anEuclideanMatrix ¯±· asfollows:¯±· ( ¯ � }±A�¸ V�¹�C (11)

where } is a suitably chosenscalar, ¹º
¼» ��½�� is the
identity matrix and ¸ 
¾» ��½�� satisfies¿ 'À' ( � for��Á � ��	®Áº{ . It wassuggestedin [13] that the distancesr Z"@0 becheckedin every iterationfor negativity, which in-
dicatesa non-Euclideanrelationmatrix. In that case,the} -spreadtransformshouldbeappliedwith asuitablevalue
of } to make the r Z"&0 positive again.An underestimatefor
the lower boundon } wasderived [13] andrelatedto the
necessaryshift that is neededto make the distancesposi-
tive. This resultcanbesummarizedasÂ } (qDRQTS" 7 0 ��VÃ³!r

Z"&0 v « ° ' V®Ä 0 « Z �K� (12)

where Ä 0 denotesthe s ��� columnof the identity matrix.
An annealingscheduleis usedfor � asa function of the
iterationnumbers usingtheexponentialdecaydefinedby� Aps C (EÅ!ÆwÇKÈ 0

��É � (13)

whereÅ!Æ is theinitial valueand Ê is thetimeconstant.
TheresultingCARD algorithmis summarizedbelow:

CompetitiveAgglomerationFor RelationalData(CARD)
Fix themaximumnumberof clusters� ( � ¨u©1ª ;
Initialize s ( , ; } ( , ; �b Æ $ ; { " , , Á � ÁE� using(7);
Repeat

Computemembershipvectors° "
for �ËÁ � ÁE� using(9);

Computer Z"&0 ( A ¯±·�° " C 0 VÌ° �" ¯±·�° " v�³for �ËÁ � ÁE� and �ËÁ s ÁE�.- ;
If ( r Z"&0�Í , for any

�
and s ) then �



Compute
Â } by using(12);

Updater Z"&0ÏÎ r Z"@0 � A Â } v!³�C[Ð « ° ' V�Ä 0 «
Z

for �ÑÁ � ÁE� and �ËÁ s ÁE�.- ;
Update} ( } � Â } ;�

Update� Aps C using(13); Update�J &01$ using(6);
Compute{ " using(7);
If ( { " ÍEÒ 5 ) Discard

�+���
clusterandupdate� ;s ( s � � ;

Until (membershipsstabilize).

4 Inter pretation of the Results
Theresultsof applyingCARD on theusersessionrela-

tional dataareinterpretedusingthefollowing quantitative
measures.First, theusersessionsareassignedto theclos-
estclustersbasedon the distancescomputedin (8). This
creates� clusters

y " (ÔÓ �� &01$Õ
Ö/ L r "&0 Í r ' 0 ��	 a( �`× �for �ØÁ � Á � . The sessionsin cluster
y " are

then summarizedin a typical session“profile” vectorÙ e >^ #Ú e@g 7nÛnÛnÛÀ7 Ú e d ] $
¢
. The componentsof Ü " are URL

weightswhich representtheprobabilityof accessof each
URL duringthesessionsof

y " asfollows:Ú eNo >_Ý�Þ§ß iNjlko > 5�à ß iNjlkoqáKâ eäã > L å e o Là å e à
7

(14)

where â e o >�æçß i3jUk áKâ e à h iNjUkoqè ÆTé � TheURL weightsê " ' mea-
surethesignificanceof agivenURL to the

�����
profile. Be-

sidessummarizingprofiles,thecomponentsof theprofile
vectorcanbeusedto recognizeaninvalidprofilewhichhas
nostrongor frequentaccesspattern.For sucha profile,all
theURL weightswill below.

Several classicalclustervalidity measurescanbe used
to assessthe goodnessof the partition. The intra-cluster
or within-clusterdistancerepresentsanaverageof thedis-
tancesbetweenall pairsof sessionswithin thethe

� ���
clus-

ter, andis givenby ëÖì " ( c�í iNjUkÀî å e c.í i3mnkÀî å e+ï mäðf j
�8 jlmà â e à  à â e à È 5 $ . This

is inverselyrelatedto the compactnessor goodnessof a
cluster. A goodguidelineto usewhenevaluatingclusters
basedontheintra-clusterdistancesis to comparetheseval-
uesto the total averagepairwisedistanceof all sessions.
Thelattercorrespondsto theintra-clusterdistanceif all the
usersessionswereassignedto onecluster(i.e.,nocategory
informationis used).Also it is importantto recall thatall
distancesarein � , ��� � . Theinter-clusteror between-cluster
distancerepresentsan averageof the distancesbetween
sessionsfromthe

� ���
clusterandsessionsfromthe 	 ��� clus-

ter, andis givenby ë²ñ " ' ( c�í iNjUkÀî å e c�í i3mnk+î å o`ï mäðf j
�8 jlmà â e ànà â o à . For

a goodpartition,theinter-clusterdistancesshouldbehigh
becausethey measuretheseparationbetweenclusters.

5 Experimental results
Thewebmining proceduredescribedin 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.Dataduringa periodof �ç³ dayswas
used.After filteringoutirrelevantentries,thedatawasseg-
mentedinto �wò ,�ó sessions.The maximumelapsedtime
betweentwo consecutiveaccessesin thesamesessionwas
setto x�ô minutes.Thenumberof distinctURLs accessed
in valid entrieswas

óKõ�ö
. While applyingCARD, a cluster

wasdiscardedif its cardinality( { " ) waslessthan ô . The
initial valueof Å ( Å!Æ ) wassetto

, � ,�,K, ³ , thetime constantÊ wassetto � , , and �`¨u©1ª waschosento be 50. The ini-
tial distancevaluesr Z"@0 wereobtainedby randomlychoos-
ing �`¨u©1ª rows from therelationmatrixandcomputingthe
fuzzymemberships.

After clusteringthe relationaldatawith CARD, thefi-
nalnumberof clusterswas ³ , . Table1 illustratesfour pro-
filescomputedusing(14),whereonly thesignificantURLs
( ê " 'Ë÷ , �&�çô ) aredisplayed,andtheindividualcomponents
aredisplayedin theformat �çê " ' - 	 ��� URL � . Thesessions
wereassignedto the closestclusterandthe sessionclus-
tersor profileswereexaminedqualitatively andaresum-
marizedin Table2 which alsolists thecardinalityandthe
intra-clusterdistancefor someof theclusters.

The resultsshow that CARD succeededin delineating
many differentprofilesin theusersessions.Exceptfor the
14thcluster, all clusterscorrespondto realprofilesreflect-
ing distinctuserinterests.Theprofilesfollowedtheaccess
patternson typical users– thegeneral“outsidevisitor” is
capturedin profiles1 and16, prospective studentsin pro-
file 7, studentsin CECS438/CECS352(taughtby thesame
facultymember)in profile6 etc.A listing of all 20profiles
is notpresentedhereduetopaucityof space.Thegoodness
of theseclustersis recognizablethroughtheir low intra-
clusterdistances(considerablylower than the total pair-
wisesessiondistanceof

, � øKø ), andtheir high inter-cluster
distances(the majority between.9 and 1). Note that all
theremainingsessionsthatdonotbelongto any profileare
lumpedin the ��x ��� profilewhichis easilyrecognizedusing
thequantitative evaluationmeasures.In fact, this particu-
lar clusterhadno significantURLs ( ê " ' Í , �&�çô for all 	 )
andits intra-clusterdistancewasveryhigh(

, � ö ô ), whichis
evenhigherthanthe total averagepairwisedistanceof all
sessions.

6 Conclusion
In thispaper, wehavepresentedanew approachfor au-

tomaticdiscoveryof usersessionprofilesin Weblog data.
We definedthenotionof a “usersession”asbeinga tem-
porally compactsequenceof web accessesby a user. A
new similarity measureto analyzesessionprofilesis pre-
sentedwhich capturesboth the individual URLs in a pro-
file aswell as the structureof the site. The Competitive
Agglomerationfor RelationalData(CARD) algorithmcan
deal with complex and subjective dissimilarity/similarity
measureswhicharenot restrictedto beEuclidean.There-
sultingclustersareevaluatedsubjectively, aswell asbased
onstandardstatisticalcriteria.



Note that in someapplications,the frequency of ac-
cessesto a webpagewithin thesamesessionmaybe im-
portant.In thatcase,thedefinitionof �  &01$' shouldbemod-

ified to �  &01$' ( numberof timesthe 	 ��� URL is accessed
in the s ��� session.In ongoingexperiments,wearelooking
into robustprofiling methodswhich have theadvantageof
beingmoreresistantto noise,andamulti-resolutionprofil-
ing approachwhereclusteringis appliedrecursivelyonthe
profilesfoundin previousruns.
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Table1. ProfileExamples� Ü "
5 ù .75- /cecscomputer.classú ù .94- /courses.htmlúù .98- /coursesindex.htmlú ù .95- /courses10.htmlúù .34- /courses30.htmlú ù .20- /courseswebpg.htmlúù .28- /courses20.htmlú ù .85- / ú
6

ù .58- /j̃oshi/courses/cecs352úù .27- /j̃oshi/courses/cecs352/slides-index.htmlúù .20- /j̃oshi/courses/cecs352/text.htmlúù .18- /j̃oshi/courses/cecs352/handout.htmlúù .20- /j̃oshi/courses/cecs352/outline.htmlúù .15- /j̃oshi/courses/cecs438úù .18- /j̃oshi/courses/cecs352/environment.htmlúù .16- /j̃oshi/courses/cecs352/projú
15

ù 1.0- /l̃an/cecs353úù .43- /l̃an/cecs353/assign1.htmlúù .25- /l̃an/cecs353/syl.htmlúù .25- /l̃an/cecs353/outline.htmlúù .75- /l̃an/cecs353/assign2.htmlú ù .18- /l̃anú
16 ù .15- /faculty.htmlú ù .17- /people.htmlúù .15- /peopleindex.htmlú ù 1.0- / ú

Table2. A subsetof usersessionsclusters� L y " L description ë ì "
1 114

main page, faculty list, individual
faculty pages,research,peopleand
classlist

0.56

2 75 D1’spages 0.15
3 32 accessstatisticspages 0.066
5 207 generalcourseinquiries 0.18
6 165 D2’scoursescecs352andcecs438 0.18

7 64
inquiries about undergraduatede-
greesandcourses

0.28

14 114
mixture of unrelatedaccessesthat
don’t makeastrongprofile

0.95

16 45 mainpage,facultylist andpeople 0.24


