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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-
gine logs, tracking1.35million browser-cookiesover a periodof
6 months.We de�ne metricsto addressquestionssuchas1) How
muchhistoryis available?,2) How do users'topical interestsvary,
asre�ected by their queries?,and3) Whatcanwe learnfrom user
clicks?We�nd thatthereis signi�cantly moreexpectedhistoryfor
the userof a randomlypicked query than for a randomlypicked
user. We show that usersexhibit consistenttopical intereststhat
vary betweenusers.We alsoseethatuserclicks indicatea variety
of specialinterests.Our �ndings shedlight onuseractivity andcan
inform futurepersonalizationefforts.

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

General Terms: Algorithms,Experimentation.

Keywords: Personalization,QueryLogs,UserHistory, UserInter-
ests,Categorization,Clustering.

1. INTRODUCTION
Personalizationholdsmuchpromisefor dramaticallyincreasing

the impactof onlineservicessuchaswebsearch.Querylogs, the
patternsof activity left by millions of users,containa wealth of
informationthatcanbeminedto aid personalization.We perform
a large-scaleanalysisof Yahoo! searchenginelogs, tracking1.35
million browser-cookiesover a periodof 6 months.We de�ne and
track measuresto addressthreetypesof questions:1) The extent
of shortandlong term history available,2) Consistency andcon-
vergencerateof users'generaltopicalinterestsasre�ectedby their
queries,and3) Finer grain informationavailableon userinterests
derived from users'clicks on searchresults.We �nd that thereis
signi�cantly moreexpectedhistoryfor theuserof a randomquery
thanfor a randomuser. We show thatusersexhibit consistenttop-
ical intereststhatvary betweenusers.We alsoseethatuserclicks
can reveal users'specialinterests. Suchinformationmakes per-
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sonalizedapplicationspossible,includingwebsearch,targetedad-
vertising,andrecommendations.We brie�y describeanimportant
applicationnext: websearch.

Interactingwith searchengineshastraditionallybeenan imper-
sonalaffair, with the returnedresultsa functiononly of thequery
entered.Unfortunatelytheaveragequerylengthis consistentlyre-
portedto be aroundtwo, so many queriesaretoo short to disam-
biguatethe user's informationneed. Moreover, usersoften view
only the �rst pageof results,which makesprecisioncritically im-
portant. Theselimitations have motivatedresearchersto look be-
yond the queryandconsiderhow a search's context canprovide
furtherevidenceabouttheuser's informationneed.A broadercon-
text could includefeaturessuchastheuser's geographiclocation,
the time and date, and the user's previous interactionswith the
searchengine[9]. A user's interactionswith a searchenginecon-
sistof performingsearchesandclicking on resultpages.A user's
prior actionsmake up her history. We de�ne contextualization
as integratinga user's history into the resultsranking. We break
contextualizationinto two types:1) personalizationis considering
a user's long-terminterests,and 2) adjustmentis reactingto the
user's short-termaction history. Personalizationand adjustment
are complementaryapproachesto integrating userhistory. With
adjustment,a searchenginecouldquickly reactto a user's actions.
Thiswouldrequirevery little prior history, perhapsstartingassoon
as the secondquery. As a polysemousword, “jaguar” is an in-
herentlyambiguousquery. In an effort to caterto all users,ma-
jor searchenginesdistributetheir top 10 resultsamongthevarious
meanings(car, cat,football, osx,etc). More relevant resultscould
be provided on the �rst pageif sucha querywasdisambiguated.
Adjustmentcould make this possible. For example, “jaguar” is
no longerambiguouswhen immediatelyprecededby the queries
“bmw” and“mercedes”.In contrast,personalizationrequireshav-
ing somelengthof history available. However integrating long-
term interestscouldaddressthe“cold-start” situationwhena user
searchesaftera periodof inactivity, or begins a new searchneed.
For example,we suspectour readersmight appreciateit if results
from Citeseer'sdomaintendedto berankedhigherfor them.Since
web searchsessionsare typically short, a signi�cant portion of
querieswill fall into this cold-startsituation.

1.1 RelatedWork
Therehave beennumerousanalysesof querylogs [1, 5, 15, 6].

Muchhasbeenpublishedwith relationto thedistributionof queries
accordingto aspectssuchasquerylengthandqueryfrequency [13,
5, 6], andquerytypeandtopicality [2, 15]. Otherwork hasfocused
onuserbehavior at thequerysessionlevel, showing aspectssuchas
reformulationratescanberelatively high [16]. Our studycomple-
mentspreviousresearchby focusingonusersthatissuethequeries



Complete Sample High Activity Ratio
# Cookies 1,377,271 113,324 0.08
# Searches 26,468,452 14,723,431 0.5
# Clicks 20,231,315 11,531,001 0.5

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 thepurposesof exploring person-
alization (or more generallycontextualization)opportunities,we
groupthequeriesby usersthatissuethem.Thereis alsomuchwork
onpersonalizationin general,aswell aspersonalizationto aidweb
searchin particular. To achieve personalizationuserpro�les are
createdfrom explicit participationand/orimplicit (behavioral) user
feedback[10, 4, 3, 8, 14], andresearchershave identi�ed various
distinctionssuchasshortversuslong term pro�les, incorporating
context, anddifferenttypesof pro�les suchascontent-basedversus
collaborative information[7, 9]. Theuseof learningfrom impres-
sionsandclicksto improve therankingis alsoanexciting direction
[10, 11, 9]. Our presentstudyevaluatespersonalizationopportu-
nities via users'queriesandclicks (implicit feedback)andshould
inform futurepersonalizationresearch.

2. DATA
Our datasourcewassix monthsof querylogs from theYahoo!

searchengine. We tracked two types of actions: searchesand
clicks. A searchis followedby zeroor moreclicksonresultspages.
All actionsrecordthe timestamp,browsercookie,IP address,and
theassociatedquery. If a userwasloggedin, thena uniqueidenti-
�er correspondingto theirYahoo!accountwasalsorecorded.Click
actionsalsostorethedestinationurl, andthaturl's rankingwithin
thesearchresults

Usertrackinglaysthefoundationfor contextualization.Wemust
beableto recordtheuser's actions.Websitesgenerallyhave three
identi�ers availablefor trackingusers:IP address,browsercookie,
and login account. Eachof thesetracking methodsrepresentsa
tradeoff betweencoverage,accuracy, andpersistence.A complete
personalizationsystemcouldpotentiallyuseacombinationof these
trackingmethods.In this studywe trackuserswith browsercook-
ies. Cookiesseemto provide themostappealingtradeoff between
coverageandaccuracy. Persistenceis a concernfor long-termper-
sonalization,andwefurtherexaminethisin thenext section.Track-
ing by cookiesalsooffers thebestchancethat this study's results
will be generallyapplicable.The cookiebehavior of Yahoousers
shouldre�ect whatmany websitesexperience.This would not be
truefor useraccounts.

Our datawasa randomsampleof thecookiesactive on theYa-
hoo! searchengineover aperiodof six months.Weusedourorigi-
nal sampleanda subsampleof it in this study. Theoriginal sample
containedabout1.35million cookies,26 million searches,and20
million clicks. Someof our testsrequiredconsideringonly users
with a minimal amountof actionhistory. For thesetests,we de-
�ned a high activity usersubsample,whichcontainsonly theusers
whosubmitted20or moresearches,andwhoseactivity rangedover
30 or moredays. Therewere235,183cookieswith morethan20
searches,and190,445cookiesactivity spanning30days.Theinter-
sectionformedour high activity sample,containingabout115,000
cookies,14 million searches,and11 million clicks. Figure1 com-
paresthesamples.The8% of cookiesin thehigh activity sample
accountfor 50%of all useractivity.

3. MEASURING HISTORY
Contextualizationrequiresa recordof theactionsa userhasper-
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Figure 2: CookiePersistence.

Percent of Users With � N Days Looking Back N Days
0.1 154
0.2 33
0.3 85
0.4 49
0.5 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 a log of queriesandclicks.
We examinethe amountof available userhistory in threeways.
Firstwemeasurecookiepersistenceto giveusanideaof how much
timehistoryis available.Second,welook attheuseractivity distri-
bution,observinghow muchactionhistorycanbeexpected.Third,
we considerthe interplaybetweentime andactions. We look at
how muchactionhistoryis availablewithin �x edtime windows.

3.1 UserPersistence
Having chosencookiesasourmethodfor trackingusers,our�rst

concernis cookieexpiration.Theamountof historicaldatawe can
collect is proportionalto cookiepersistence.For example,if 75%
of cookiesexpire after oneday, thenadjustmentwill be the only
contextualizationoptionfor amajorityof users.To measurecookie
persistenceover time we look at how many daysa cookieremains
active. A cookieis activebetweenits �rst andlastobservedactions.
For thecookiesactive on the �rst day of our sample,we measure
how long they remainedactive over thefollowing six months.We
alsodid theequivalenttestfor thesetof cookiesactive on the last
day, looking backwardsin time. Therewere33,836cookiesactive
on the�rst day, and31,048on thelast.

Figure2 plots the daysin our sampleon the x-axis, andthe y-
axisshows thepercentof active usersremaining.The�rst thing to
noticeis thesteepinitial dropof about30%afterthe�rst day. After
this thecurve quickly becomesa lineardecayfunction. Note that
thecurvesarti�cially convergeto zeroattheends.Thisis dueto the
�nite natureof oursample.Most of thoseuserswereprobablystill
active,but werecutoff by theendof thetimeframe.Weexpectthe
linearattrition ratewould continuewithout this horizonlimitation.
While looking forwardgivesusa feelingfor cookiepersistence,it
isn't theview availableduringcontextualization.Insteada system
hasto reactat query time, looking backwardsthroughthe user's
history. The �gure shows that the forward andbackward cookie
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Figure 4: QueriesPer Cookie.

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

# of Queries (N)

%
 o

f 
Q

u
e
ri
e
s
 F

ro
m

 U
s
e
rs

 W
it
h
 a

t 
L
e
a
s
t 
N

 Q
u
e
ri
e
s

Expected # of Queries from the User of a Random Query

Figure 5: QueriesPer Query.

decayfunctionsaresymmetric.Figure3 shows thepercentof users
thatwill still beactive if welook backN days.For example,of the
usersactive on the last day, about40% of cookieswereat leasta
monthold. This diagramshows thata notableportionof thecook-
ies persistover signi�cant periodsof time. Although 30% expire
afterthe�rst day, over 40%of cookiespersistfor at leasta month.

3.2 User Activity
We have seenthatsomecookiespersistover months.However,

time alonecannothelp our contextualizationefforts. Insteadwe
mustlearnfrom theuser's actions:searchesandclicks. We know
thereis an averageof 19 searchesper cookie. In this sectionwe
take a moregranularlook at thedistribution of how muchhistory
usersaccumulatebeforetheir cookiedisappears.Sincethereis a
fairly consistentratio betweensearchesandclicks, we only refer
to searcheshere. The resultswill applyequallyto both. Figure4
is a plot showing thenumberof searchesN on thex-axis,andthe
numberof userswho performedexactly N searcheson they-axis.
It is a log-log plot, so thecurve �ts a power law well. This means
thata signi�cant majority of usersperformvery few searchesover
thelifetime of acookie.In fact,25%of observedcookiesonly had
onesearch,59%had� veor less,82%did fewerthantheaverageof
19searches,while 17%did more.How will thispower-law activity
distribution impactour personalizationaspirations?The situation
mayseemgrim at �rst. It is probablysafeto saythat � ve queries
over six monthsareinsuf�cient for personalization.Alternatively,
we couldaskwhatpercentof searchescomefrom userswith suf�-
cienthistory. In otherwords,whatpercentof thequerystreamcan
we personalize?

Figure5 againshows the numberof searchesN on the x-axis,
this time with the y-axis showing the percentof queriescoming
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Figure 6: Number of QueriesContained in Time windows.

from userswhoperformedat leastN searches.This is likepicking
a randomsearchfrom thedatasampleand�nding theprobability
thatthesearch'suserperformedat leastN searchesoverall. For ex-
ample,we canseethatabout50%of thequerystreamcomesfrom
userswho performedat least100queriesover the6 monthperiod
(seealsoFigure3). Theamountof userhistory looks muchmore
promisingfrom this query streamperspective. Figure 4 equally
weighsevery cookie,whereFigure5 equallyweighsevery search.
We believe the secondview is moreimportantfor evaluatingper-
sonalizationpotential. Due to the power-law distribution, 50% of
thesearchescomefrom only3.5%of observedcookies.Mostcook-
iesdon't comeback.Eithertheuserswere�eeting visitors,or their
cookiewasinvalidatedfor somereason.

3.3 History at Query Time
Recenthistory is usedfor adjustment,andlong-termhistory is

neededfor 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
searches;the resultsapply equally to clicks. Assumeyou useda
searchengineonceonaparticularday. Overaperiodof 10minutes
yousubmitted� vesearches.For eachsearchsubmission,acontex-
tualizationsystemwould look backin time at your prior actions.
Assumethe systemonly considersthe last 30 minutesfor adjust-
ment. Thentherewere� ve 30 minutetime windows, eachending
at the time of a search.Thewindow for the �rst searchcontained
zeroprior searches,andthe last window containedfour. On that
dayyou hadanaverageof threesearchesper30 minutetime win-
dow. Wemeasuredtheactivity distributionwithin timewindowsof
varyingsizes:15minutes,onehour, oneday, andonemonth.Natu-
rally theshorterwindowsaremorerelevantfor adjustment,andthe
onemonthwindow is more relevant for personalization.We ran
thesetestson our high activity usersample.Eachsearchhasfour
associatedtime windows: oneof eachsize.To collectthedata,we
skippedthe�rst monthof searches.This wasnecessarybecauseat
thestartof 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 showing the N , the
numberof searches,and the numberof windows containingex-
actly N searches.Thewindow sizesshown are15 min, onehour,
oneday, andonemonth. You canseethat it �ts a power-law dis-
tribution reasonablywell. This meansthat mostsessionscontain
few queries.This is whatwemightexpect.Thewindowswith very
high querycountswereprobablytheresultof automatedsearches.

Figure8 showsacumulativeview of thisdata.It showsthenum-
berof searches(N ) on thex-axis,andthey-axisshows thepercent



of windows containingat leastN searches.For example,we can
seethattheonemonthtimewindow of 35%of searcheswill contain
10 or moreearliersearches.Figure7 displaysthis datain tabular
form. For active cookies,sessionsappearto be long enoughfor
adjustmentto bea viablegoal.

4. QUERY TOPICS
Theideaof personalizationis groundedon two relatedassump-

tions aboutuserbehavior. Our �rst assumptionis that usershave
reasonablyconsistentinterests.A user'shistorywill only beuseful
if herpreviousactionshelpuspredictherfutureinterests.Thiswill
betrueif herinterestsareconsistentovertime. Oursecondassump-
tion is thatusershavedifferentinterestsfrom oneanother. After all,
if everyonehasthesameintereststhereis no needfor personaliza-
tion! We explorethesethemesin termsof thegeneraltopicsof the
queriesuserssubmit. Notethatknowing therangeof topicsthata
useris primarily interestedcanhave a numberof personalization
orientedapplications,suchasreorderingreturnedpagesaswell as
displayingadsof interest[9]. We employ a querycategorizer to
determinethe topic(s)of eachquery. Basedon query topics,we
estimateaninterestdistributionfor eachuser. Weexaminewhether
andhow fastindividuals' interestdistributionsconverges.We �nd
positive evidencefor convergence.Wenext checkwhetherinterest
distributionsaredifferentacrossusers(distinctness).

4.1 InterestDistrib utions
Weused22generaltopicalcategories(“Travel”, “Computing”,..),

andutilized anautomatedquerycategorizerobtainedvia machine
learningtechniques[17,12]. Thecategorizerassignedacon�dence
probability to eachcategory it suggested.It droppedcategories
with lessthan10%con�dence.Thecategorizeris imperfect:it does
not have completecoverage.Furthermore,its coverageanderrors
for varioustopicscouldbedifferent.A user's interestsarere�ected
by her queriesover time. The categorizerprovides a probability
vector(categoryprobabilityassignment)for eachindividual query.
Wesummedtheprobabilityvectorsof all thequeriesof auser, and
l1 normalizedthetotal vector(i.e., x

j x j1
, where|x |1 =

P
i |x i |) to

obtainthe�nal distributionor interestdistributionF for eachuser.
This vector, if computedover suf�ciently largenumberof queries,
is a re�ection of the proportionof time the userspendsquerying
on eachtopic,or thestationarydistributionof theuser's topicalin-
terests.However a user's interestsmaydrift andshemaynot have
a stationarydistribution. The population's global (interest)distri-
bution G is the normalizedsumover all queriesfrom all usersin
thesample1. In essence,this representsthe interestdistribution of

1In computingG eachquerygetsanequalweight.We alsolooked
at thesumwhereeachusergetsequalweight,andtheresultswere
nearlyidentical.

15 min 1 hour 1 day 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

Figure 7: % of Time Windows Containing at Least N Queries.

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

4.2 Consistencyand Distinctness
Commondistancemeasuresfor distributionsincludeKL-Di vergence

andthosebasedon l1 andl1 (|x |1 = maxi |x i |, anddp (x; y) =
|x − y|p ). KL-Di vergenceis not aseasilyinterpretable,andpun-
ishesseverely (assignslarge distance)for nearzeroprobabilities,
thuswe optedfor the dp distances.The d1 distanceamountsto
taking the maximumdifferenceover thedimensions(the 22 cate-
gories),while d1 distanceamountsto takingthesumof theabsolute
differencesover thedimensions.

If a user's queriesweredrawn from a �x eddistribution, theob-
serveddistribution will eventuallyconvergeto this underlyingdis-
tribution. In Figures9 and 10 we plotted distribution distances
to checkwhetherthis convergenceoccurs. The distancesfor two
users,one with approximately50 and anotherwith 200 queries
areshown. The Y axis shows the distribution distances(both d1

andd1 ). Onecurve shows thedistancebetweentheuser's current
cumulativedistribution (C) and the user's �nal distribution (F ).
TheothercurveshowsthedistancebetweenC andthepopulation's
global(interest)distribution G. Theinitial dropsin bothdistances
is dueto thefactthatwith smallquerysamplestheprobabilitiesare
skewed. If a userhasinterestsdifferentfrom TD, we shouldseea
rapidstabilizationof thedistanceof C from TD, andthis appears
to be thecasefor user2. C equalsF afterall queriesof theuser
have beenobserved(C is guaranteedto convergeto F ). However,
if we seea relatively rapiddecreasein dp (C; F ) to closeto 0, then
that's evidencethat the userhasa stationarydistribution andthat
F (for the querieswe have computed)is closeto it. This may be
thecasefor user2. Wesaw asimilarpatternfor severalusers'con-
vergencepro�les thatwe visually examined:below approximately
100queries,therewasnovisualevidenceof eitherhypothesis(dif-
ferencefrom G or stationaryF ), but with morethan100queries,
thereis someevidence.

Anotherway to testconsistency involveschronologicallysplit-
ting theuser'squeriesinto a�rst half andasecond.If auser's inter-
estdistributionis consistentin time,thenweexpectthesetsto have
similar category distributions. Thehalvesshouldbe moresimilar
thanthe halvesof differentusers. A consistentuser's two halves
would alsobe closerto eachother thanto the global distribution
G. Figure11shows thedistancesasa functionof subpopulationof
userswith athresholdonnumberof queries.Weobserve thatwhile
bothdistanceto G andbetweenhalvesdecrease,thedifferenceand
the ratio of the two increasessigni�cantly aswe restrict to popu-
lation of userswith morequeries.This chartpresentscompelling
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Figure 8: % of Windows Containing at LeastN Queries.
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There is little sign that the userhasa consistentdistribution and that it
is different fr om G. User1 hasjust over 50queries.
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evidencethatuserstendto beconsistent(have a stationaryinterest
distribution), thatwith 100sof queries,theF we obtainis closeto
theuser's stationarydistribution,andthatsuchF is differentfrom
G.

The goal of personalizationis to provide different contentto
userswith differentinterests.Thevalueof suchpersonalizationis
limited by how differentusersarefrom eachother. As usersappear
differentfrom globaldistributionG, thatisgoodevidencethatusers
mustbedifferentfrom eachother(thereareat leasttwo clustersof
users). We measuredd1 andd1 betweenthe �rst-half of a pair
of randomlypicked users.For the populationsthat we computed
suchdistances,thedistancesweresigni�cantly higheron average
thanthedistancebetweenthetwo halvesof thesameuserfrom the
samepopulation. For example,for pairsof userswith at least80
querieseach,the averaged1 andd1 were respectively 1:26 and
0:32 (comparewith ds

1 = 0:74 andds
1 = 0:177 for userswith

75 queriesin table4.2),andfor userswith at least500queries,the
averageswere 1:076 and 0:244 (comparewith ds

1 = 0:492 and
ds

1 = 0:114 for userswith 400queriesin table4.2).
Let us brie�y and informally discussthe effect of error of the

query categorizer on our results. Thereare threetype of errors
that thecategorizercanmake: random,systematic,andmalicious.
Randomerrorsincludecaseswhenanarbitrarywrong category is
pickedfor a givenquery. Systematicerror includescasesin which
somecategoriesmayhave low coverageor recallrelative to others,
or whenacategoryis afalsepositivedisproportionatelyhigherthan
othercategories(wrongqueriesaredisproportionatelyassignedto

sucha category). Malicious error includesthe casein which the
categorizerknows whatwe arecomputingandsystematicallymis-
classi�essomequeriesso that theerrorsarein a directionthatwe
cannotanticipate.Malicious error is not possiblefor our catego-
rizer. We remarkthat both randomand systematicerror tend to
make userslook consistentbut alsomorelike oneanother. Since
we've seenevidencethatusers'interestsaredifferentfrom G and
oneanother, webelieveourconclusionthatuserstendto beconsis-
tentis soundaswell.

5. PAGE CLICKS
Are someclicks moreinformative thanothers?Intuitively this

appearsto be the case. For example,a click on acm.org seems
to tell usmuchmoreabouttheuser's intereststhana click on ya-
hoo.com.It would beusefulto have a metricquantifyinghow in-
formative a click is. Thereis an abundanceof context for every
click. In this sectionwe abstractaway mostcontextual detailsand
only considerthe user's identity (cookie) and the domainof the
clickedurl. Looking at domainsinsteadof full urls hasthebene�t
of reducingsparsity. Our high activity usersamplecontainsabout
6 million uniqueurls,andonly 1.5million uniquedomains.

How canwe quantifytheamountof informationin a click? The
goal of contextualizationis to predicta user's future interestsand
actions.Sotherearetwo requirements:a click is informative if 1)
it presentsuswith new information,and2) this informationhelps
us predict the user's future actions. In our example,the click on
yahoo.comdoesn't provide muchnew informationabouttheuser.
This is becausethe domainis popular. In informationtheory, the
amountof informationgainedfrom observingan event is propor-
tional to how surprisingtheeventwas.Applying this to clicks, the
prior probabilitythatauserwill visit yahoo.comis alreadyhigh,so
observingthatclick haslittle impacton our existing beliefs. This
reasoningleadsto theideathatclicksonraredomainswill bemore
informative thanclicksonpopularones.

Although rarity is a necessarycondition,not all clicks on rare
domainsareinformative. Evenif weweren't expectingthedomain
to beclicked,thisnew knowledgeis only helpful if it improvesour
ability to predicttheuser's actions.Considerwhenauserclickson
a spamsite. Perhapsthepagetitle wasmisleading.Canwe learn
muchfrom sucha click? Probablynot. While this is an extreme
example, to differing degreesmany clicks are not what the user
hopedfor. Click datais very noisy. We areseekingout theclicks
thathave predictive power. We de�ne a click's predictive power as
proportionalto theprobabilitythata userwill returnto theclicked
domain. In otherwords,a click on a sticky domainenablesus to
predict that the userwill comeback to that speci�c domain. So
themostinformative clicks areon rareandsticky domains.These
conceptsarenotorthogonal.A populardomainis inherentlysticky
dueto thevolumeof traf�c it receives.This suggeststhatdomains
fall into oneof threegeneralcategories: 1) Popularandsticky, 2)
Rareandsticky, and3) Rareandunsticky.

5.1 Rare and Sticky Domains
Raredomainsareonesthat few usersever click on. Sticky do-

main arethosethat usersoften returnto, if they visit a �rst time.
To �nd domainswhich arebothrareandsticky, we needto de�ne
a concretemeasurementfor each.Let P (Cd

1 ) betheprobabilityof
a userclicking on domaind at leastonce. We usethis valueasa
measurementof a domain's popularity. Let P (Cd

n |C
d
n � 1) be the

probability of a userclicking on domaind an nth time, given the
�rst n − 1 clicks. To quantify a domain's stickiness,we simply
useP(Cd

2 |C
d
1 ). Theseprobabilitiescaneasilybe estimatedfrom

ourdatasample.Let |Cd
1 | bethenumberof userswhoclickedona



Min Size ds
1 dG

1 � 1 r 1 ds
1 dG

1 � 1 r 1
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 0.472 0.114 0.188 0.074 0.650
700 367 0.421 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 distribution F2 (ds
p = dp (F1 ; F2)), and averagedistances

of eachhalf to the global distribution G, dG
p = 1

2 (dp (F1 ; G) + dp (F 2; G)) , and the correspondingdifferencesand ratios ( � p = dG
p � ds

p and

r p =
dG

p
ds

p
). Sizerefers to the number of userswith the minimum number of queriescategorized. While the distancesdecreasewith more queries

seen,the differencesand correspondingratios increase,indicating that usersareconsistent,but different fr om the global distribution.

domaind andlet |sample| bethenumberof usersin theentiresam-
ple. ThenP(Cd

1 ) canbe estimatedas |Cd
1 |=|sample|. Similarly,

P (Cd
n |C

d
n � 1) canbeestimatedby |Cd

n |=|C
d
n � 1 |. Usersfrequently

click on the sameurl multiple timesduring a search.We �ltered
theserepeatclicks. We also �ltered clicks on the samedomain
within acertainperiodof time. Wewantedto �nd thedomainsthat
usersreturnedaftertheircurrentinformationneedpassed.Wetried
valuesof 15 minutes,onehour, andoneday, with similar results
for all. Weappliedourmetricsto thehighactivity usersample.We
classi�ed a domaind asrare if P (Cd

1 ) < :1. In otherwords,rare
domainswerede�ned asthosethatwereclickedby fewer than1%
of all users. Next we droppedany domainswith |C2 | ≥ 10 due
to statisticalsigni�cancereasons.Theremainingdomainsformed
thecandidateset(thesetof raredomainswith enoughdatafor sig-
ni�cance). Thecandidatesetcontained95,529domains.We then
decidedthatdomainswith P (Cd

2 |P(Cd
1 ) ≥ 10%wouldbelabeled

assticky. This left 6,035domainsthatwerebothrareandsticky.
Many of the resultsfall into what may be calledspecialinter-

ests. They arenot generallypopular, but peoplehave a clearrea-
son to return. Special interestdomainsfall under several cate-
gories:Ethnic(persianblog.com),communities(cupid.com,chris-
tiancafe.com,tagged.com),many statelotteries(calottery.com),�-
nance(navyfcu.org, providianonline.com),children(neopets.com,
cartoonetwork.com),specialtynews(drudgereport.com,rep-am.com),
online games(runescape.com),specialtysales(dreamhorse.com),
soapoperas(soapzone.com),pornography, etc. Our click informa-
tion metriccouldbe immediatelyappliedasa simpleheuristicfor
result re-ranking. A searchresultcould be bumpedup from rank
100 to the front pageif it wasa special-domainthat the userhad
clickedon. For example,we suspectour readersmight appreciate
it if resultsfrom Citeseer's domaintendedto berankedhigherfor
them.With short-termadjustment,a singleclick on Citeseercould
dramaticallyimprove resultsfor therestof yoursearch,evenwith-
out any prior userhistory. Clicking on a domainoften implies an
interestin additionalrelateddomains.A relatedapplicationof such
click informationwouldbecollaborative �ltering.

6. SUMMARY
We explored threemain questions:the extent of history avail-

able,theconvergenceof users'queriesto topicaldistribution pro-
�les, andthe informationaboutspecialinterestsitesor stickiness
of rarelyclickedsitesvia patternsof repeatedclicks. Wefoundthat
users'topicalinterestdistributionsappearsto becomedistinctfrom
the population,andconverge to a stationarydistribution, but only
aftera few hundredqueries.Futurework in this directionincludes
using larger setsof categories,different typesof classes(suchas
“navigational” versus“informational”), aswell asexploring uses
of suchinterestdistributionsfor clusteringthe users.We showed
how thepatternof repeatedsiteclicks helpsidentify specialinter-

estsites.This informationmayimprove websearchrankingandin
effectserveasimplicit bookmarks,or helpidentify communitiesof
userswith specialinterestandinform collaborative �ltering. Web
searchis likely to remainamajorwindow ontousers'interestsand
needs,andthereis muchmoreto be donein effectively utilizing
querylogs.
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