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ABSTRACT

Querylogs, the patternsof activity left by millions of users,con-
tain a wealth of information that can be mined to aid personal-
ization. We perform a large-scalestudy of Yahoo! searchen-
ginelogs, tracking 1.35million browsercookiesover a period of

6 months.We de ne metricsto addresgjuestionsuchas1) How

muchhistoryis available?,2) How do users'topicalinterestsvary,

asre ected by their queries?and3) Whatcanwe learnfrom user
clicks?We nd thatthereis signi cantly moreexpectedhistoryfor

the userof a randomlypicked querythanfor a randomlypicked

user We shav that usersexhibit consistentopical intereststhat
vary betweernusers.We alsoseethat userclicks indicatea variety
of specialinterests Our ndings shedight on useractiity andcan
inform future personalizatiorefforts.

Categories and Subject Descriptors: H.4 [Information Systems
Applications]: Miscellaneous

General Terms: Algorithms, Experimentation.

Keywords: PersonalizatiorQueryLogs,UserHistory, UserInter-
ests,Catgyorization,Clustering.

1. INTRODUCTION

Personalizatiomoldsmuchpromisefor dramaticallyincreasing
theimpactof online servicessuchasweb search.Querylogs, the
patternsof actiity left by millions of users,containa wealth of
informationthatcanbe minedto aid personalizationWe perform
alarge-scaleanalysisof Yahoo! searchenginelogs, tracking1.35
million browsercookiesover a periodof 6 months.We de ne and
track measures$o addresghreetypesof questions:1) The extent
of shortandlong term history available, 2) Consisteng and con-
vergencerateof users'generatopicalinterestsasre ectedby their
queries,and3) Finer grain informationavailableon userinterests
derived from users'clicks on searchresults. We nd thatthereis
signi cantly moreexpectedhistoryfor the userof arandomquery
thanfor arandomuser We shaw thatusersexhibit consistentop-
ical interestghatvary betweernusers.We alsoseethat userclicks
canreveal users'specialinterests. Suchinformation makes per
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sonalizedcapplicationgpossible jncludingweb searchtargetedad-
vertising,andrecommendations/Ve brie y describeanimportant
applicationnext: websearch.

Interactingwith searchengineshastraditionally beenanimper
sonalaffair, with the returnedresultsa function only of the query
entered.Unfortunatelythe averagequerylengthis consistentlyre-
portedto be aroundtwo, so mary queriesaretoo shortto disam-
biguatethe users information need. Moreover, usersoften view
only the rst pageof results,which makes precisioncritically im-
portant. Theselimitations have motivatedresearcherto look be-
yond the query and considerhow a searchs contet canprovide
furtherevidenceabouttheusersinformationneed.A broadercon-
text couldincludefeaturessuchasthe users geographidocation,
the time and date, and the users previous interactionswith the
searchengine[9]. A users interactionswith a searchenginecon-
sistof performingsearchesndclicking on resultpages.A users
prior actionsmake up her history. We de ne contetualization
asintegrating a users history into the resultsranking. We break
contectualizationinto two types: 1) personalizationis considering
a users long-terminterests,and 2) adjustments reactingto the
users short-termaction history Personalizatiorand adjustment
are complementaryapproacheso integrating userhistory With
adjustmenta searchenginecould quickly reactto ausers actions.
Thiswouldrequireverylittle prior history, perhapstartingassoon
asthe secondquery As a polysemousword, “jaguar” is anin-
herentlyambiguousguery In an effort to caterto all users,ma-
jor searchenginedistributetheir top 10 resultsamongthe various
meaninggcar, cat,football, osx, etc). More relevantresultscould
be provided on the rst pageif sucha querywasdisambiguated.
Adjustmentcould male this possible. For example, “jaguar” is
no longer ambiguousvhenimmediatelyprecededy the queries
“bmw” and“mercedes”.In contrastpersonalizatiomequireshav-
ing somelength of history available. However integrating long-
terminterestcould addresghe “cold-start” situationwhena user
searchesfter a periodof inactiity, or begins a newv searchneed.
For example,we suspecbur readeranight appreciatet if results
from Citeseers domaintendedto beranked higherfor them. Since
web searchsessionsare typically short, a signi cant portion of
querieswill fall into this cold-startsituation.

1.1 RelatedWork

Therehave beennumerousanalysef querylogs[1, 5, 15, 6].
Much hasbeenpublishedwith relationto thedistribution of queries
accordingo aspectsuchasquerylengthandqueryfrequeng [13,
5, 6], andquerytypeandtopicality [2, 15]. Otherwork hasfocused
onuserbehaior atthequerysessiorevel, shaving aspectsuchas
reformulationratescanberelatively high [16]. Our studycomple-
mentspreviousresearctby focusingon usersthatissuethe queries



Complete Sample | High Activity | Ratio

# Cookies 1,377,271 113,324 | 0.08

# Searches 26,468,452 14,723,431 05

# Clicks 20,231,315 11,531,001 05

Avg Search / Cookie 19 130 6.7
Avg Click / Cookie 15 102 6.9

Figure 1. Query Log SampleStatistics.

over a long periodof time. For the purposef exploring person-
alization (or more generallycontetualization) opportunities,we
groupthequeriesby userghatissuethem. Thereis alsomuchwork
on personalizatioin generalaswell aspersonalizationo aid web
searchin particular To achieve personalizatioruserpro les are
createdrom explicit participationand/orimplicit (behaioral) user
feedbacl{10, 4, 3, 8, 14], andresearcherbave identi ed various
distinctionssuchasshortversuslong term pro les, incorporating
contet, anddifferenttypesof pro les suchascontent-basedersus
collaboratve information[7, 9]. Theuseof learningfrom impres-
sionsandclicksto improve therankingis alsoanexciting direction
[10, 11, 9]. Our presentstudy evaluatespersonalizatioropportu-
nities via users'queriesandclicks (implicit feedback)andshould
inform future personalizatiomesearch.

2. DATA

Our datasourcewassix monthsof querylogs from the Yahoo!
searchengine. We tracked two types of actions: searchesand
clicks. A searchis followedby zeroor moreclicks onresultspages.
All actionsrecordthe timestampbrowsercookie, P addressand
theassociatedjuery If auserwasloggedin, thena uniqueidenti-

er correspondingpo their Yahoo!accountvasalsorecorded Click
actionsalsostorethe destinationurl, andthaturl's rankingwithin
thesearctresults

Usertrackinglaysthefoundationfor contextualization.We must
be ableto recordthe users actions.Websitegyenerallyhave three
identi ers availablefor trackingusers:IP addressbrowsercookie,
and login account. Eachof thesetracking methodsrepresentsa
tradeof betweercoverageaccurag, andpersistenceA complete
personalizatiosystencouldpotentiallyuseacombinatiorof these
trackingmethods.In this studywe track userswith bronsercook-
ies. Cookiesseemto provide the mostappealingradeof between
coverageandaccurag. Persistencé a concernfor long-termper
sonalizationandwe furtherexaminethisin thenext section.Track-
ing by cookiesalso offers the bestchancethat this study’s results
will be generallyapplicable. The cookiebehaior of Yahoousers
shouldre ect what mary websitesexperience.This would not be
truefor useraccounts.

Our datawasa randomsampleof the cookiesactive onthe Ya-
hoo! searchengineover a periodof six months.We usedour origi-
nal sampleanda subsampl®f it in this study Theoriginal sample
containedaboutl.35 million cookies,26 million searchesand20
million clicks. Someof our testsrequiredconsideringonly users
with a minimal amountof action history For thesetests,we de-

ned ahigh actvity usersubsamplewhich containsonly theusers
who submitted20 or moresearchesandwhoseactivity rangecdover
30 or moredays. Therewere 235,183cookieswith morethan20
searchesand190,445cookiesactivity spanningd0days.Theinter-
sectionformedour high activity sample containingabout115,000
cookies,14 million searchesand11 million clicks. Figurel com-
paresthe samples.The 8% of cookiesin the high activity sample
accountfor 50% of all useractiity.

3. MEASURING HISTORY

Contetualizationrequiresarecordof the actionsa userhasper
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Figure2: Cookie Persistence.

Percent of Users With N Days | Looking Back N Days
0.1 154
0.2 33
0.3 85
0.4 49
05 25
0.6 11
0.7 4
0.8 1
0.9 1
1.0 1

Figure 3: % of UsersActive When Looking Back N Days.

formed. Within searchenginesthis is alog of queriesandclicks.
We examinethe amountof available userhistory in threeways.
Firstwe measureookiepersistencéo give usanideaof how much
time historyis available.Secondyve look attheuseractiity distri-
bution, observinghonv muchactionhistorycanbeexpected.Third,
we considerthe interplay betweentime and actions. We look at
howv muchactionhistoryis availablewithin x edtime windows.

3.1 UserPersistence

Having chosercookiesasour methodfor trackinguserspur rst
concerns cookieexpiration. Theamountof historicaldatawe can
collectis proportionalto cookiepersistenceFor example,if 75%
of cookiesexpire after one day, thenadjustmentwill be the only
contetualizationoptionfor amajority of users.To measureookie
persistencever time we look athow mary daysa cookieremains
active. A cookieis active betweerits rst andlastobseredactions.
For the cookiesactive on the rst day of our sample we measure
how long they remainedactive over the following six months.We
alsodid the equivalenttestfor the setof cookiesactive on the last
day looking backwardsin time. Therewere33,836cookiesactive
onthe rst day and31,048onthelast.

Figure 2 plots the daysin our sampleon the x-axis, andthe y-
axisshavs the percentof active usersemaining.The rst thingto
noticeis thesteepnitial dropof about30%afterthe rst day After
this the curve quickly becomes linear decayfunction. Note that
thecunesarti cially convergeto zeroattheends.Thisis duetothe

nite natureof our sample .Most of thoseuserswvereprobablystill

active, but werecut off by theendof thetime frame.We expectthe
linear attrition ratewould continuewithout this horizonlimitation.
While looking forward givesusa feelingfor cookiepersistenceit

isn't theview availableduring contectualization. Insteada system
hasto reactat querytime, looking backwardsthroughthe users

history The gure shaws that the forward and backward cookie
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Figure4: QueriesPer Cookie.
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Figure5: QueriesPer Query.

decayfunctionsaresymmetric.Figure3 shavs thepercenof users
thatwill still beactive if welook backN days.For example,of the
usersactive on the last day about40% of cookieswereat leasta
monthold. This diagramshaws thata notableportion of the cook-
ies persistover signi cant periodsof time. Although 30% expire
afterthe rst day over 40% of cookiespersistfor atleasta month.

3.2 UserActivity

We have seenthatsomecookiespersistover months. However,
time alonecannothelp our contetualizationefforts. Insteadwe
mustlearnfrom the users actions:searchesndclicks. We knowv
thereis an averageof 19 searcheger cookie. In this sectionwe
take a moregranularlook at the distribution of how muchhistory
usersaccumulatebeforetheir cookie disappears Sincethereis a
fairly consistentatio betweensearchesnd clicks, we only refer
to searchesere. The resultswill apply equallyto both. Figure4
is a plot shaving the numberof searchefN onthex-axis,andthe
numberof userswho performedexactly N searche®n the y-axis.
It is alog-log plot, sothecurve ts apower law well. This means
thata signi cant majority of usersperformvery few searchesver
thelifetime of acookie.In fact,25% of obsered cookiesonly had
onesearch59%had ve orless,82%did fewerthantheaverageof
19searchesyhile 17%did more.How will this powerlaw activity
distribution impactour personalizatioraspirations?The situation
may seemgrim at rst. It is probablysafeto saythat ve queries
over six monthsareinsufcient for personalizationAlternatively,
we couldaskwhatpercentbof searchesomefrom userswith suf-
cienthistory In otherwords,whatpercentof the querystreamcan
we personalize?

Figure5 againshavs the numberof searchedN on the x-axis,
this time with the y-axis shawing the percentof queriescoming
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Figure6: Number of QueriesContainedin Time windows.

from userswho performedat leastN searchesThisis like picking
arandomsearchfrom the datasampleand nding the probability
thatthesearchs userperformedatleastN searchesverall. For ex-
ample,we canseethatabout50% of the querystreamcomesfrom
userswho performedat least100 queriesover the 6 monthperiod
(seealsoFigure 3). The amountof userhistorylooks muchmore
promising from this query streamperspectie. Figure 4 equally
weighsevery cookie,whereFigure5 equallyweighsevery search.
We believe the secondview is moreimportantfor evaluatingper
sonalizationpotential. Due to the power-law distribution, 50% of
thesearchesomefrom only 3.5%o0f obseredcookies.Mostcook-
iesdon't comeback. Eithertheuserswere eeting visitors,or their
cookiewasinvalidatedfor somereason.

3.3 History at Query Time

Recenthistory is usedfor adjustmentandlong-termhistory is
neededor personalization.In this sectionwe look at how much
history is available at query time, consideringtime windows of
various sizes. As in the previous section,we will only discuss
searchesthe resultsapply equallyto clicks. Assumeyou useda
searchengineonceonaparticularday Overaperiodof 10 minutes
you submitted ve searcheskor eachsearchsubmissiona conte-
tualizationsystemwould look backin time at your prior actions.
Assumethe systemonly considergthe last 30 minutesfor adjust-
ment. Thentherewere ve 30 minutetime windows, eachending
atthetime of a search.The window for the rst searchcontained
zeroprior searchesandthe last window containedfour. On that
dayyou hadan averageof threesearcheper 30 minutetime win-
dow. We measuredheactiity distributionwithin time windows of
varyingsizes:15 minutes onehour, oneday, andonemonth.Natu-
rally theshorterwindows aremorerelevantfor adjustmentandthe
one monthwindow is morerelevant for personalization.We ran
thesetestson our high actiity usersample.Eachsearchhasfour
associatedime windows: oneof eachsize. To collectthedata,we
skippedthe rst monthof searchesThis wasnecessarpecauset
the startof our sampletime periodwe don't have a month's worth
of historicaldata. For the remaining5 months,we recordedthe
querydistributionsfor every time window.

Figure 6 is a log-log plot with the x-axis shawing the N, the
numberof searchesand the numberof windows containingex-
actly N searchesThewindow sizesshavn are15 min, onehour,
oneday andonemonth. You canseethatit ts a powerlaw dis-
tribution reasonablywell. This meansthat mostsessiongontain
few queries.Thisis whatwe mightexpect. Thewindows with very
high querycountswereprobablytheresultof automatedearches.

Figure8 shavs acumulatie view of this data.It shavsthenum-
berof searchegN ) onthe x-axis,andthey-axisshavs the percent



of windaws containingat leastN searchesFor example,we can
seethattheonemonthtimewindow of 35%of searchewiill contain
10 or moreearliersearchesFigure 7 displaysthis datain takular
form. For active cookies,sessionsappearto be long enoughfor
adjustmento beaviablegoal.

4. QUERY TOPICS

Theideaof personalizations groundedon two relatedassump-
tions aboutuserbehaior. Our rst assumptioris that usershave
reasonablyonsisteninterests A users historywill only beuseful
if herpreviousactionshelpuspredictherfutureinterestsThis will
betrueif herinterestareconsistenbvertime. Oursecondassump-
tion is thatusershave differentinterestdrom oneanother After all,
if everyonehasthe sameinterestghereis no needfor personaliza-
tion! We explorethesethemesn termsof the generatopicsof the
queriesuserssubmit. Note thatknowing the rangeof topicsthata
useris primarily interestedcan have a numberof personalization
orientedapplicationssuchasreorderingreturnedpagesaswell as
displayingadsof interest[9]. We emplo/ a query catgyorizerto
determinethe topic(s) of eachquery Basedon querytopics,we
estimateaninterestdistribution for eachuser We examinewhether
andhow fastindividuals' interestdistributionscorverges. We nd
positive evidencefor corvergence We next checkwhetherinterest
distributionsaredifferentacrosausergdistinctness).

4.1 InterestDistrib utions

Weused22 generatopicalcateyories(“Travel”, “Computing”,..),
andutilized an automatedjuery categorizerobtainedvia machine
learningtechnique$17, 12]. Thecateyorizerassignedcon dence
probability to eachcateyory it suggested.It droppedcateyories
with lessthan10%con dence.Thecateyorizeris imperfect:it does
not have completecoverage.Furthermorejts coverageanderrors
for varioustopicscouldbedifferent. A usersinterestsarere ected
by her queriesover time. The categorizer provides a probability
vector(cateyory probability assignmentjor eachindividual query
We summedhe probability vectorsof all thequeriesof g user and
l1 normalizedthetotal vector(i.e, 75—, where|x|s = ; |xi[) to
obtainthe nal distribution or interestdistribution F for eachuser
This vector if computecover sufciently large numberof queries,
is are ection of the proportionof time the userspendsjuerying
on eachtopic, or the stationarydistribution of the users topicalin-
terests.However a users interestamay drift andshemay not have
a stationarydistribution. The population$ global (interest)distri-
bution G is the normalizedsumover all queriesfrom all usersin
thesamplé. In essencethis representshe interestdistribution of

In computingG eachquerygetsanequalweight. We alsolooked
atthe sumwhereeachusergetsequalweight,andtheresultswere
nearlyidentical.

15min | Thour | 1day [ 1 month
% of windows # queries

1.0 1 1 1 1

0.9 1 1 1 10
0.8 1 1 2 19
0.7 1 2 3 30
0.6 2 2 5 44
0.5 2 3 7 61
0.4 3 4 9 85
0.3 4 6 13 118
0.2 6 9 19 171
0.1 9 14 30 285

Figure7: % of Time Windows Containing at LeastN Queries.

theentirepopulation.Someexampletopicswith their probabilities
in G are: (Travel,0.116) (Toys and Hobbies,0.073)(Health and
Beauty 0.068) and(Automotive 0.066)

4.2 Consistencyand Distinctness

Commondistancameasurefor distributionsincludeKL-Divergence

andthosebasednl; andly (x| = max; |xi|, anddp(X; y) =
[x —y|p). KL-Divergenceis not aseasilyinterpretableandpun-
ishesseverely (assigndarge distance)for nearzero probabilities,
thus we optedfor the d, distances.Thed; distanceamountsto
taking the maximumdifferenceover the dimensiongthe 22 cate-
gories)while d; distanceamountgo takingthesumof theabsolute
differencesver thedimensions.

If ausers queriesweredravn from a x eddistribution, the ob-
seneddistribution will eventuallycornvergeto this underlyingdis-
tribution. In Figures9 and 10 we plotted distribution distances
to checkwhetherthis corvergenceoccurs. The distancegor two
users,one with approximately50 and anotherwith 200 queries
areshavn. TheY axis shaws the distribution distancegboth d;
andd; ). Onecurve shaws thedistancebetweerthe users current
cumulativedistribution (C) andthe users nal distribution (F).
Theothercure shavsthedistancébetweerC andthepopulations
global (interest)distribution G. Theinitial dropsin bothdistances
is dueto thefactthatwith smallquerysamplesheprobabilitiesare
skewed. If auserhasinterestdifferentfrom TD, we shouldseea
rapid stabilizationof the distanceof C from TD, andthis appears
to bethe casefor user2. C equalsF afterall queriesof the user
have beenobsered (C is guaranteedo convergeto F). However,
if we seearelatively rapiddecreasén dy(C; F) to closeto 0, then
that's evidencethat the userhasa stationarydistribution and that
F (for the querieswe have computed)s closeto it. This maybe
the casefor user2. We sawv a similar patternfor severalusers'con-
vergencepro les thatwe visually examined:belov approximately
100queriestherewasno visualevidenceof eitherhypothesigdif-
ferencefrom G or stationaryF ), but with morethan 100 queries,
thereis someevidence.

Anotherway to testconsisteng involves chronologicallysplit-
ting theusers queriesnto a rst halfandasecondIf ausersinter
estdistributionis consistenin time, thenwe expectthesetsto have
similar category distributions. The halves shouldbe more similar
thanthe halves of differentusers. A consistenusers two halves
would alsobe closerto eachotherthanto the global distribution
G. Figure 11 shavs the distancessa function of subpopulatiorof
userswith athresholdon numberof queries We obsere thatwhile
bothdistanceto G andbetweerhalvesdecreasethe differenceand
the ratio of the two increasessigni cantly aswe restrictto popu-
lation of userswith morequeries. This chartpresentsompelling
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Comparing Observed and Final/Total Interest Distributions
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Figure 9: Evolution of the distanceof the cumulative distrib ution for
User 1 to her nal distribution F and to the global distribution G.
Thereisllittle signthat the userhasa consistentdistrib ution and that it
is different from G. User 1 hasjust over 50 queries.
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Figure 10: Evolution for User 2 with 200 queries. There is strong
evidencethat the userhasa different interestdistrib ution from G.

evidencethatuserstendto be consistenthave a stationaryinterest
distribution), thatwith 100sof queriestheF we obtainis closeto
the users stationarydistribution, andthat suchF is differentfrom
G.

The goal of personalizatioris to provide different contentto
userswith differentinterests.The value of suchpersonalizations
limited by how differentusersarefrom eachother As usersappear
differentfrom globaldistribution G, thatis goodevidencethatusers
mustbedifferentfrom eachother(thereareat leasttwo clustersof
users). We measuredd; andd; betweenthe rst-half of a pair
of randomlypicked users. For the populationsthat we computed
suchdistancesthe distancesveresigni cantly higheron average
thanthe distancebetweerthetwo halvesof the sameuserfrom the
samepopulation. For example,for pairsof userswith atleast80
querieseach,the averaged; andd; wererespectiely 1:26 and
0:32 (comparewith d3 = 0:74 andd; = 0:177 for userswith
75 queriesin table4.2),andfor userswith atleast500 queriesthe
averageswere 1:076 and 0:244 (comparewith d; = 0:492 and
di = 0:114for userswith 400queriesin table4.2).

Let usbrie y andinformally discussthe effect of error of the
query cateyorizer on our results. Thereare threetype of errors
thatthe cateyorizercanmale: random,systematicandmalicious.
Randomerrorsinclude casesvhenan arbitrarywrong cateyory is
pickedfor agivenquery Systematierrorincludescasesn which
somecateyoriesmayhave low coverageor recallrelative to others,
or whenacataoryis afalsepositive disproportionatelhigherthan
othercateyories(wrong queriesaredisproportionatehassignedo

sucha catgyory). Malicious errorincludesthe casein which the
catgorizerknows whatwe arecomputingandsystematicallymis-
classi essomequeriessothatthe errorsarein a directionthatwe
cannotanticipate. Malicious error is not possiblefor our cateyo-
rizer. We remarkthat both randomand systematicerror tendto
malke userslook consistenbut alsomore like oneanother Since
we've seenevidencethatusers'interestsaredifferentfrom G and
oneanotherwe believe our conclusiorthatusersendto beconsis-
tentis soundaswell.

5. PAGE CLICKS

Are someclicks moreinformative than others? Intuitively this
appeardo be the case. For example,a click on acm.og seems
to tell usmuchmoreaboutthe users intereststhana click on ya-
hoo.com. It would be usefulto have a metric quantifyinghow in-
formative a click is. Thereis an ablundanceof context for every
click. In this sectionwe abstracaway mostcontextual detailsand
only considerthe users identity (cookie) and the domainof the
clickedurl. Looking atdomainsinsteadof full urls hasthebene t
of reducingsparsity Our high activity usersamplecontainsabout
6 million uniqueurls,andonly 1.5million uniquedomains.

How canwe quantifythe amountof informationin aclick? The
goal of contectualizationis to predicta users future interestsand
actions.Sotherearetwo requirementsa click is informative if 1)
it presentaiswith new information,and?2) this informationhelps
us predictthe users future actions. In our example,the click on
yahoo.comdoesnt provide muchnew informationaboutthe user
This is becausehe domainis popular In informationtheory the
amountof informationgainedfrom observingan eventis propor
tional to how surprisingthe eventwas. Applying this to clicks, the
prior probabilitythatauserwill visit yahoo.conis alreadyhigh, so
observingthatclick haslittle impacton our existing beliefs. This
reasonindeadsto theideathatclicksonrare domainswill bemore
informative thanclicks on popularones.

Although rarity is a necessargondition, not all clicks on rare
domainsareinformative. Evenif we werent expectingthedomain
to beclicked, this new knowledgeis only helpful if it improvesour
ability to predicttheusers actions.Considemwhenauserclicks on
a spamsite. Perhapghe pagetitle wasmisleading.Canwe learn
muchfrom sucha click? Probablynot. While this is an extreme
example, to differing degreesmary clicks are not what the user
hopedfor. Click datais very noisy We are seekingout the clicks
thathave predictive power. We de ne aclick's predictive power as
proportionalto the probabilitythata userwill returnto theclicked
domain. In otherwords, a click on a stidky domainenablesusto
predictthat the userwill comebackto that speci ¢ domain. So
the mostinformatie clicks areon rareandsticky domains.These
conceptsarenotorthogonal A populardomainis inherentlysticky
dueto thevolumeof traf ¢ it receives. This suggestshatdomains
fall into oneof threegeneralcatayories: 1) Popularandsticky, 2)
Rareandsticky, and3) Rareandunsticky.

5.1 Rareand Sticky Domains

Raredomainsareonesthatfew usersever click on. Sticky do-
main arethosethat usersoften returnto, if they visit a rst time.
To nd domainswhich arebothrareandsticky, we needto de ne
aconcreteneasuremerfor each.Let P (C§{) bethe probability of
a userclicking on domaind at leastonce. We usethis valueasa
measuremendf a domains popularity Let P(CZ|C¢ ;) bethe
probability of a userclicking on domaind an nth time, giventhe
rst n — 1 clicks. To quantify a domains stickiness,we simply
useP (CY|CY). Theseprobabilitiescaneasilybe estimatedrom
ourdatasample Let |C¢| bethenumberof userswho clickedona



Min | Size d3 df 1 ri di df 1 ri
20 | 74007 | 0.951 | 1.0425 | 0.091 | 0.0958 | 0.250 | 0.276 | 0.026 | 0.103
40 | 45276 | 0.846 | 0.945 | 0.0996 | 0.118 | 0.209 | 0.245 | 0.036 | 0.170
75 | 24934 | 0.744 | 0.868 | 0.124 | 0.167 | 0.177 | 0.223 | 0.046 | 0.260
250 | 4236 | 0.557 | 0.752 | 0.195 | 0.350 | 0.129 | 0.194 | 0.066 | 0.511
400 | 1545 | 0.492 | 0.724 | 0.232 0472 | 0114 | 0.188 | 0.074 | 0.650
700 367 | 0421 | 0.719 | 0.298 | 0.708 | 0.0978 | 0.188 | 0.091 | 0.927

Figure 11: Chart of averagedistancesbetween rst half distribution F1 and secondhalf distrib ution F» (df, = dp(F1;F2)), and averagedistances

of eachhalf to the global distribution G, dg =

%(dp(Fl; G) + dp(F 2; G)), and the correspondingdifferencesand ratios ( p = dg’

dg and

d¢ . ) . . . . . . )
rp = d%). Sizerefersto the number of userswith the minimum number of queries categorized. While the distancesdecreasewith more queries
P
seenthe differencesand correspondingratios increase jndicating that usersare consistent,but differ ent from the global distrib ution.

domaind andlet [sampl e| bethenumberof usersn theentiresam-
ple. ThenP (C{) canbe estimatedas|C{ |=|sample|. Similarly,
P(cd|cd ,) canbeestimatedy |CY|=|CY ,|. Usersfrequently
click on the sameurl multiple timesduring a search.We lItered
theserepeatclicks. We also Itered clicks on the samedomain
within acertainperiodof time. Wewantedto nd thedomainghat
usergeturnedaftertheir currentinformationneedpassedWe tried
valuesof 15 minutes,one hour, andoneday, with similar results
for all. We appliedour metricsto the high activity usersample We
classi edadomaind asrareif P(C{) < :1. In otherwords,rare
domainswerede ned asthosethatwereclicked by fewerthan1%
of all users. Next we droppedary domainswith |C2| > 10 due
to statisticalsigni cancereasons.The remainingdomainsformed
thecandidateset(the setof raredomainswith enoughdatafor sig-
ni cance). The candidatesetcontainedd5,529domains.We then
decidedthatdomainswith P (CJ|P (C{) > 10%would belabeled
assticky. Thisleft 6,035domainsthatwerebothrareandsticky.
Mary of the resultsfall into what may be called specialinter-
ests They arenot generallypopular but peoplehave a clearrea-
sonto return. Specialinterestdomainsfall under several cate-
gories: Ethnic (persianblog.com);ommunitiegcupid.com chris-
tiancafe.comtagged.com)mary statelotteries(calotterycom), -
nance(navyfcu.omg, providianonline.com)children (neopets.com,

cartoonetwrk.com),specialtynens (drudgereport.conrgp-am.com),

online games(runescape.comyjpecialtysales(dreamhorse.com),
soapoperagsoapzone.compornographyetc. Our click informa-
tion metric could beimmediatelyappliedasa simple heuristicfor
resultre-ranking. A searchresultcould be bumpedup from rank
100to the front pageif it wasa special-domairthatthe userhad
clicked on. For example,we suspecbur readeranight appreciate
it if resultsfrom Citeseers domaintendedto be ranked higherfor
them. With short-termadjustmenta singleclick on Citeseercould
dramaticallyimprove resultsfor therestof your searchgvenwith-
out ary prior userhistory. Clicking on a domainoftenimpliesan
interestin additionalrelateddomains A relatedapplicationof such
click informationwould be collaboratve Iltering.

6. SUMMARY

We explored three main questions:the extent of history avail-
able, the corvergenceof users'queriesto topical distribution pro-
les, andthe informationaboutspecialinterestsitesor stickiness
of rarelyclickedsitesvia patternf repeatedlicks. We foundthat
users'topicalinterestdistributionsappearso becomedistinctfrom
the population,and corverge to a stationarydistribution, but only
afterafew hundredqueries.Futurework in this directionincludes
using larger setsof categories, differenttypesof classeqsuchas
“navigational” versus“informational”), aswell as exploring uses
of suchinterestdistributionsfor clusteringthe users. We shaved
how the patternof repeatedite clicks helpsidentify specialinter

estsites. Thisinformationmayimprove websearctrankingandin
effectsene asimplicit bookmarkspr helpidentify communitiesof
userswith specialinterestandinform collaboratve ltering. Web
searchs likely to remainamajorwindow ontousers'interestsand
needsandthereis much moreto be donein effectively utilizing
querylogs.
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