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ABSTRACT
In a numberof recentstudies[4, 8] researchershave found
that becausesearchenginesrepeatedlyreturncurrentlypop-
ular pagesat the top of searchresults,popularpagestendto
getevenmorepopular, while unpopularpagesget ignoredby
an averageuser. This “rich-get-richer” phenomenonis par-
ticularly problematicfor new andhigh-qualitypagesbecause
they may never get a chanceto get users'attention,decreas-
ing theoverall qualityof searchresultsin thelong run. In this
paper, we proposea new rankingfunction,calledpage qual-
ity thatcanalleviatetheproblemof popularity-basedranking.
We �rst presenta formal framework to study the searchen-
ginebiasby discussingwhatis an“ideal” way to measurethe
intrinsic quality of a page.We thencomparehow PageRank,
thecurrentrankingmetricusedby majorsearchengines,dif-
fers from this idealquality metric. This framework will help
us investigate the searchenginebias in moreconcreteterms
andprovideclearunderstandingonwhy PageRankis effective
in many casesandexactly when it is problematic. We then
proposea practicalway to estimatethe intrinsic pagequality
to avoid the inherentbiasof PageRank.We derive our pro-
posedqualityestimatorthroughacarefulanalysisof a reason-
ablewebusermodelandwe presentexperimentalresultsthat
show thepotentialof our proposedestimator. We believe that
ourqualityestimatorhasthepotentialto alleviatetherich-get-
richer phenomenonandhelp new andhigh-qualitypagesget
theattentionthatthey deserve.

1. INTRODUCTION
Recentstudiesshow that searchenginesplay an increas-

ingly importantrole in people's sur�ng of the web; when a
userwantsto look upinformationfrom theweb,theuseroften
goesto his favoritesearchengine,issueskeywordqueries,and
clicks on the returnedpages.Given the sheerquantityof in-
formationavailableon theweb,thewidespreaduseof search
enginesis not surprising. An individual simply cannotread
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billions of pagesavailableon the web, so he getshelp from
searchenginesto narrow thefocusto asmallnumberof pages
worth lookingat.

Given this dominantrole that searchenginesplay in our
daily web access,it is now even claimedthat “if your page
is not indexed by Google, your pagedoesnot exist on the
web [20].” While this statementmay be an exaggeration,it
hasanalarmingbit of truth. Giventhatanindividual doesnot
have the time to look at all web pagesand identify relevant
ones,a pagethat is not returnedby searchenginesis unlikely
to be viewed by many web users.In short,what peopleper-
ceive from thewebmaynot necessarilybewhatexistson the
real web, but what is processedandpresentedby searchen-
gines.

Recently, thispotential“bias” introducedby searchengines
on the users'perceptionof the web hasattractedsigni�cant
attentionfrom theresearchcommunityandhasbecomeanac-
tive areaof research[4, 8]. For example,Choet al. [8] stud-
ied thepropertyof PageRank,oneof thecorerankingmetrics
usedby websearchengines,andpresenteda setof evidences
that the PageRankmetric inducesthe “rich-get-richer” phe-
nomenon.Thatis, popularpages(thepageswith high PageR-
ank values)get even morepopularover time becausesearch
enginesrepeatedlyreturnthemat thetopof searchresultsand
inducemorepeopleto visit them.In contrast,anewly-created
pagegetscompletelyignoredby userseven if the pageis of
very high quality becauseit is rankedat thebottomof search
results. In their study of Chileanweb sites,Baeza-Yateset
al. [4] experimentallyshow thatnew pageshave signi�cantly
lower PageRankvaluesthanolderonesandshow thatPageR-
ank doesnot work well in identifying new and high-quality
pages.

Themaingoalof thispaperis to understandthelimitation of
PageRankandtodesignanew rankingmetricthatcanalleviate
thebiasof PageRank.Towardsthisgoal,we�rst explorewhat
mightbeagoodwayof measuringthetrue“quality” of apage
andhow PageRankis relatedto this hypotheticalquality met-
ric. Wethenproposeapracticalqualityestimatorthatpredicts
the truequality valueof a pagebasedon theevolution of the
link structureof theweb. As wewill see,ourproposedquality
estimatorhasa strongtheoreticalfoundation— it is derived
througha carefulanalysisof a reasonablewebusermodel—
andcanbeviewedasan“improved” versionof PageRank.It
considersboththecurrentpopularityof apageandits relative
popularity increasein measuringthe quality of a page. We
alsopresentanexperimentalevidencethatsuggeststheeffec-
tivenessof our quality estimatorin a real-world setting. In



summary, we believe we make the following contributionsin
thispaper:

� We introducea formalde�nition of pagequality, which
we believe is a goodway of capturingtheintuitive con-
ceptof “pagequality.” By separatingthenotionof page
quality from actualranking functions,suchasPageR-
ank, we provide the formal framework to objectively
judgetheeffectivenessof arankingfunction.(Section4)

� By comparingourde�nition of pagequalityandPageR-
ank, we provide a formal justi�cation on why PageR-
ank is an effective ranking metric in many scenarios.
We alsoshow thatPageRankis biasedagainstunpopu-
lar pages,especiallytheonesthatwerecreatedrecently.
(Section4)

� Weproposeadirectandpracticalwayof estimatingpage
quality. Our proposedquality estimatoris basedon our
careful analysisof a simple and reasonableweb user
model.(Sections5 and6)

� We conductan experimenton real-world web datato
measuretheeffectivenessof ourqualityestimator. While
preliminary, this experimentwill show the potentialof
our estimatorin estimatingthequality of a page.(Sec-
tion 8)

2. RELATED WORK
[25] providesagoodoverview of thework donein theInfor-

mationRetrieval (IR) communitythat studiesthe problemof
identifying thebestmatchingdocumentsto a userquery. This
body of work analyzesthe contentof the documentsto �nd
the bestmatches.The booleanmodel [31], the vector-space
model[24] andtheprobabilisticmodel[23, 9] aresomeof the
well known modelsdevelopedin this context. Someof these
models(particularlythevector-spacemodel)wereadoptedby
mostwebsearchenginesto �nd relevantdocumentsto agiven
query. PageRankandourproposedqualityestimatoris applied
to the setof relevant pagesdiscoveredusingthesemodelsin
orderto rankthepages.

A numberof researchershave investigatedusing the link
structureof the web to improve searchresultsandproposed
variousrankingmetrics.Hub andAuthority [16] andPageR-
ank[21] arethemostwell known metricsthatusetheweblink
structure.PageRankandits variationsarecurrentlybeingused
by major searchengines. [1, 14, 15] describevariousways
to improve PageRankcomputation.[2] providesa theoretical
justi�cation for theHub andAuthority metricandproposesa
mechanismto combinelink andtext analysisfor pageranking.
[13] studiespersonalizationof thePageRankmetricby giving
different weightsto pages. [28] proposesa modi�cation of
PageRankequationto tailor it for webadministrators.[30] de-
scribeshow to computethe global PageRankbasedon local
link structurewithin eachsiteandthe inter-site link informa-
tion. [26] proposesto rank web pagesby the usertraf�c to
thepagesandsuggestsa traf�c-prediction modelbasedonen-
tropy maximization. In the databasecommunity, researchers
alsodevelopedwaysto rankdatabaseobjectsby modelingthe
object relationshipasa graphandusethe graphstructureto
rankthem[11, 10,5].

Thereexistsa largebodyof work thatinvestigatestheprop-
ertiesof theweblink structure[3, 6, 7, 22]. For example,[7]

shows that theglobal link structureof theweb is similar to a
“bow tie.” [3, 7] shows that the numberof in-boundor out-
boundlinks follow a power-law distribution. [6, 22] propose
potentialmodelson theweblink structure.

[4, 8] provide experimentalevidencesthatPageRankis bi-
asedagainstnew pages.In their studyof Chileanweb sites,
Baeza-Yateset al. [4] show thatnew pageshave signi�cantly
lower PageRankvaluesthan othersand proposeto consider
the last-modi�ed dateof a pagein measuringthequality of a
page.

The probabilisticmodel [9, 23] developedin the IR com-
munity is similar to our quality metric in thatbothde�nitions
take a probabilisticapproach.The probabilisticmodel,how-
ever, measurestheprobability thata pagebelongsto therele-
vantsetgivenaparticularuserquery, while ourqualitymetric
measuresthe generalprobability that a userwill like a page
whentheuserlooksat thepage.

3. PAGERANK AND POPULARITY
Westartourdiscussionwith abrief overview of thePageR-

ank metric andexplain how it is relatedto the notion of the
popularityof a page. A readerfamiliar with PageRankmay
skip thissection.

Intuitively, PageRankis basedon the ideathat a link from
pagep1 to p2 mayindicatethattheauthorof p1 is interestedin
pagep2 . Thus,if a pagehasmany links from otherpages,we
mayconcludethatmany peopleareinterestedin thepageand
thatthepageshouldbeconsideredimportant,or of high qual-
ity. Furthermore,weexpectthata link from animportantpage
(say, the Yahoohomepage)carriesmoresigni�cance thana
link from a randomweb page(say, someindividual's home
page).

ThePageRankmetricPR(p), thus,de�nes the importance
of pagep to be the sumof the importanceof the pagesthat
point to p. Thus,if many importantpagespoint to p, PR(p)
will behigh. Moreformally, considerpagesp1 ; : : : ; pn , which
link to a pagepi . Let cj be the total numberof links going
out of pagepj . If a pagehasno outgoinglink, we assume
that it hasoutgoinglinks to every singlewebpage.Then,the
PageRankof pagepi is givenby

PR(pi ) = d + (1 � d) [PR(p1)=c1 + � � � + PR(pn )=cn ]

Here,theconstantd is calledadampingfactorwhoseintuition
is givenbelow. Ignoring thedampingfactorfor now, we can
seethat PR(pi ) is roughly the sum of PR(pj )'s that point
to pi . Underthis formulation,we constructoneequationper
webpagepi with theequalnumberof unknown PR(pi ) val-
ues.Thus,theequationscanbesolvedfor thePR(pi ) values.
This computationis typically donethroughiterative methods,
startingwith all PR(pi ) valuesequalto 1.

A way to think intuitively aboutPageRankis to consider
a user “sur�ng” the web, starting from any page,and ran-
domly selectingfrom that pagea link to follow. When the
userreachesa pagewith no outlinks, he jumpsto a random
page. When the user is on a page,there is someprobabil-
ity, d, that the next visited pagewill be completelyrandom.
This dampingfactor d makes sensebecauseuserswill only
continueclicking on links for a �nite amountof time before
they get distractedandstartexploring somethingcompletely
unrelated.With theremainingprobability1 � d, theuserwill
click ononeof thecj links onpagepj atrandom.ThePR(pi )



valueswecomputedabovegiveustheprobabilitythatourran-
domsurferis atpi atany giventime.

Given the de�nition, we can interpret the PageRankof a
pageas its popularity on the web. High PageRankimplies
that(1) many webusersareinterestedin thepageandthat(2)
moreusersarelikely to visit thepagecomparedto low PageR-
ankpages.Giventheeffectivenessof Google's searchresults
andits adoptionby many websearchengines[26], PageRank
seemsto capturethe importanceor the quality of web pages
well. Accordingto a recentsurvey the majority of usersare
satis�ed with the top-ranked resultsfrom Googleand from
majorsearchengines[19].

4. QUALITY AND PAGERANK
In theprevioussection,wewentoverthede�nition of PageR-

ank andexplainedthat the PageRankof a pagecapturesthe
popularityof the pageon the web. We alsoarguedthat the
widespreaduseof PageRankfor websearchenginesindicates
its effectivenessfor websearches.

Beforewe discusstheweaknessesof PageRankanddevise
an improved quality metric, we �rst examinewhy PageRank
is effective in ranking web pages,so that we can build our
new metric on the strengthof PageRank.The key featureof
PageRankis thatit is basedonthepopularityof awebpage.In
orderfor apageto bepopular, mayusersmusthaveexamined
thepageand liked it. Given this fact,whenthePageRankof
a pageis high — meaningthat many previous userslooked
at the pageand liked it — it is reasonableto expect that a
new userseeingthe pagefor the �rst time will also like it.
Overall,by returninghighPageRankpages�rst in theirsearch
results,searchenginesincreasetheprobability thattheir users
like their �rst few results.

At thesametime, PageRankis signi�cantly biasedagainst
unpopularpages,especiallythe onesthat were recentlycre-
ated[8, 4]. For example,considera new pagethat hasjust
beencreated.We assumethatthepageis of very high quality
andanyonewho looksat thepageagreesthatthepageshould
berankedhighly by searchengines.Evenso,becausethepage
is new, few peopleareawareof it andthereexist only a few
(or no) links to it. This low popularitymeansthepagewill be
rankedatthebottomof searchresults,whichin turnmeansthat
few userswill ever seethepage.Becauseof thelow traf�c, it
takesavery long time for thepageto becomepopular.

Given the above discussion,we arguethat what we really
wantto useastherankingmetric is not thecurrentpopularity
of the page,but the probability that a web userwill like the
pagewhentheuserseesit for the�rst time. PageRankworks
well in many casesbecauseit capturesthisprobabilitywell for
well-known pages.At thesametime,it is biasedfor new pages
becausePageRankdoesnot correlatewith this probabilityfor
new pages.To avoid this biaswhile preservingthestrengthof
PageRank,we proposeto usethe following de�nition asthe
qualityof apage:

De�nition 1 (Pagequality) We de�ne the quality of a page
p, Q(p), as the conditionalprobability that an averageuser
will like the pagewhenuserseesthe pagefor the �rst time.
Mathematically,

Q(p) = P (L p jAp )

whereAp representsthe event that the userbecomesnewly
awareof thepagep by visiting thepagefor the �rst time and

andL p representstheeventthattheuserlikesthepage. 2

Given this de�nition, we can hypotheticallymeasurethe
qualityof pagep by showing p to all webusers.For example,
assumingthetotalnumberof webusersis 100,if 90webusers
like pagep after they readit, its quality Q(p) is 0.9. We dis-
cusshow we maymeasurepagequality without explicit user
feedbackin thenext section.

We believe that our quality de�nition is reasonablegiven
thatpagequality canbea very subjective notion[17, 12]; one
personmay regard a pagevery highly while anotherperson
may considerthe pagecompletelyuseless.Whenindividual
usershave different opinionson the quality of a page,it is
reasonabletoprefertheonethatpeoplearemostlikely to “vote
for.”

NotethatPageRankof apageestimatesthequalityof apage
well if all web pageshave beengiven the samechanceto be
discoveredby webusers;whenpageshave beenlookedat by
the samesetof people,its popularityor the numberof peo-
ple who like thepageis proportionalto its quality. However,
new pageshave not beengiven the samechanceas old and
establishedpages,so thecurrentpopularityof new pagesare
de�nitely lower thantheir quality.

Finally, underour de�nition, we notethat it is possiblethat
pagep1 is consideredof higherqualitythanp2 simplybecause
p1 discussesamorepopulartopic. For example,if p1 is about
themovie “Star Wars” andp2 is aboutthemovie “Latino” (a
1985movie producedby George Lucas),p1 may be consid-
eredof higherquality simply becausethemovie “Star Wars”
is morepopularthan“Latino.” We believe this “topic bias” is
not importantin our context. Beforesearchenginesuseour
quality metric (or PageRank)to rank pages,they �rst usea
relevancemetric (suchas the tf.idf metric [25]) to selectthe
setof pagesrelevantto thequeryissuedby theuser. It is only
within this setof pages(say, pageson themovie Latino) that
thequalitymetricis applied.Therefore,only therelativequal-
ity within a particularrelevantsetof documentswill actually
be importantin determiningthe resultsreturnedin response
to a query. Thus,the absolutedifferencein the quality value
amongthedocumentson differenttopicsdoesnot hurt theef-
fectivenessof asearchengine.

4.1 Measuring pagequality
Given our de�nition of pagequality, themain challengeis

how we can measureit. If we want to measurethe quality
in the strictestsense,we needto contacta large numberof
web userswho visited the pageandobtaintheir feedbackon
whetherthey likedthepageor not. As previousstudiespoint
out,obtainingexplicit userfeedbackis a challengingtaskand
often impractical in real-world settings. Then how can we
measurethe quality of a pagewithout askingfor userfeed-
back?

Our main idea is basedon that (1) the creationof a link
oftenindicatesthatauserlikesthepageand(2) ahighquality
pagewill belikedby mostof its visitors,soits popularitymay
increasemorerapidly thanothers.

First, thesuccessof PageRankshows thatwhena usercre-
atesa link to apageit oftenindicatesthattheuseris interested
in thepage.Thus,by observingtheexistenceandcreationof
the links to a page,we get implicit feedbackon thepageand
canroughlyestimatehow many peoplecurrentlylikethepage.

Second,ahighqualitypagewill increaseitspopularitymuch



morerapidly thanothersoncethe pageis created,becausea
largefractionof its visitorswill like it whentheseeit. There-
fore, by observingthe increase(or time derivative) of popu-
larity, we may estimatethe quality of a pagewell. Here,we
note that the time derivative of popularity can be measured
relatively easily. For example,if weusePageRankasthepop-
ularity metric of a page,we may downloadthe web multiple
timesoveraperiodof time,measurehow muchthePageRank
of eachpagechangesover this timeperiod.

Thedif�cult questionis exactly how we canusethepopu-
larity increasein measuringquality. For instance,is qualitydi-
rectly proportionalto popularityincrease(i.e.,Q(p) = dP ( p)

dt
if P (p) is thepopularityof pagep)? Shouldwe considerboth
thecurrentpopularityandthepopularityincreasein measuring
quality?Exactlyhow shouldwecombinethesetwo measures?
How doweknow whetheraparticularcombinationis good?

In order to answerthesequestions,we take the following
approachin this paper:We �rst assumea simpleyet reason-
ableweb-usermodelthatcapturesthecorepropertiesof how
usersbrowseweb pages.We thenanalyzethis model to de-
rive how the popularity of a pageevolves over time. Once
we obtainthepopularityevolution function,we investigateits
propertyto seehow we canestimatequality from popularity
evolution. Our analysiswill show that we can estimatethe
qualityaccuratelythroughthefollowing formula:

C �
dP(p)=dt

P (p)
+ P(p); (1)

whereC is a constantwhosemeaningwill beclearfrom our
laterdiscussion.Theabove formulashows thatin orderto es-
timatethe quality well, we needto considerboth the current
popularity P (p) and the popularity increasedP(p)=dt. Fi-
nally, weevaluatetheeffectivenessof thisqualityestimatorin
an experimentalsetting. We believe this approachallows us
to investigatethe problemin a disciplinedway andprovides
a scienti�c understandingon thecoreassumptionsbehindthe
�nal rankingmechanism.

In Section5, wedescribetheweb-usermodel.In Section6,
weanalyzethepopularityevolutionandobtaintheclosedform
formulafor thequality estimator. In Section8 we presentour
experimentalresult.

5. WEB­USER MODEL
We start the descriptionof our web-usermodel with two

de�nitions of popularity: (simple)popularity andvisit popu-
larity.

De�nition 2 (Popularity) Wede�ne thepopularityof pagep
at time t, P (p; t), as the fraction of web userswho like the
page. 2

Underthis de�nition, if 100,000usersout of onemillion cur-
rently likepagep1 , its popularityis 0.1.

Notice the subtledifferencebetweenthe quality of a page
and the popularityof a page. The quality is the probability
that a web userwill like the pageif the userdiscovers the
page,while thepopularityis thecurrentfractionof webusers
who like the page. Thus,a high-qualitypagemay have low
popularitybecausefew usersarecurrentlyawareof thepage.
While thepopularityof a pagein its exactsensemaybedif�-
cult to measure,wemaysubstituteany popularitymetric,such
asPageRank,asasurrogateto thepopularity.

Thesecondnotionof popularity, visit popularity, measures
how many “visits” apagegetsin aunit time interval.

De�nition 3 (Visit popularity) Wede�ne thevisit popularity
of a pagep at time t, V(p; t), as the numberof “visits” or
“pageviews” thepagegetswithin a unit time interval at time
t. 2

For example,if 100usersvisit pagep1 in theunit timeinterval
from t, andif 200usersvisit pagep2 in thesametime period,
V(p2 ; t ) is twiceaslargeasV(p1 ; t ).

Wealsointroducethenotionof userawareness.

De�nition 4 (Userawareness)Wede�ne theuserawareness
of pagep at time t, A (p; t), asthefractionof webuserswho
areawareof p at time t. 2

For example,if 100,000users(say, out of onemillion) have
visited the pagep1 so far andareawareof the page,its user
awareness,A (p1 ; t ), is 0.1. Notethat theuserawarenessof p
representsthenumberof webuserswho have alreadyvisited
the pageand are aware of it whetherthey like it or not. In
contrast,the popularity of p representsthe numberof users
whoknow aboutthepageandlike it.

We assumethata usermakesherdecisionon herliking the
pagewhentheuservisits thepagefor the�rst time andsticks
to thedecisionforever. This assumptionis clearlyanapproxi-
mationbecausesomeusersmayarbitrarily changetheir mind
at a later point. However, without any further evidence,it is
reasonableto expectthatif k userschangetheir positive deci-
sion to a negative one,a similar numberof usersalsochange
their negative decisionto a positive one,making the overall
numberof usersin eachcategory thesame.

Giventhede�nitions, we canseethefollowing relationship
betweenuserawareness,popularityandpagequality.

Lemma 1 Thepopularity of p at time t, P (p; t), is equalto
the fraction of web users who are aware of p at t , A (p; t),
timesthequalityof p.

P (p; t) = A (p; t) � Q(p) (2)
2

Proof In orderfor a webuserto like thepagep, theuserhas
to beawareof p andlike thepage.Theprobabilitythata ran-
dom web useris awareof the pageis A (p; t) (De�nition 4).
Theprobability that theuserwill like thepageis Q(p) (De�-
nition 1). Thus,P (p; t) = A (p; t) � Q(p). �

NotethatP (p; t) andA (p; t) arefunctionsof timet, but Q(p)
is not. Thatis, we assumethatQ(p) is a staticvaluethatdoes
not changeover time. Therefore,the popularity of pagep,
P (p; t), changesover time not becauseits quality changes,
but becauseusers'awarenessof the pagechanges.Later in
Section6.3wealsostudythecasewhenthequalityQ(p) may
alsochangeover time.

Wesummarizeournotationin Table1.

5.1 Two hypotheses
We now explain two corehypothesesof our modelon how

usersvisit web pages. The �rst hypothesisis basedon the
random-surferinterpretationof PageRank.In Section3 weex-
plainedthatthePageRankof pagep is equivalentto theprob-
ability thata userwill visit thepagewhentheuserrandomly



Symbol Meaning

PR(p) PageRankof pagep (Section3)
Q(p) Qualityof p (De�nition 1)
P(p; t) (Simple)popularityof p at t (De�nition 2)
V(p; t) Visit popularityof p at t (De�nition 3)
A (p; t) Userawarenessof p at t (De�nition 4)
I (p; t) Relativepopularityincrease:

I (p; t) =
�

n
r

� dP ( p;t ) =dt
P ( p;t )

r normalizationconstant:V(p; t) = r P (p; t)
n Total numberof webusers

Table 1: The symbolsthat are usedthr oughout this paper
and their meanings

surfstheweb. Giventhis interpretation,it is reasonableto as-
sumethat the numberof visitors to a pageat time t, V(p; t),
is proportionalto its currentpopularityP (p; t), whichmaybe
measuredby PageRank.

Proposition1 (Popularity-equivalencehypothesis)
Thenumberof visits to page p within a unit time interval at
timet is proportionalto howmanypeoplelike thepage. That
is,

V(p; t) = r P (p; t) (or V(p; t) / P (p; t))

where r is a normalizationconstant. 2

At an intuitive level, the above hypothesismakes sensebe-
causewhenapageis popularthepageis likely to bevisitedby
many people.

Our secondhypothesisis thata visit to pagep canbedone
by any webuserwith equalprobability. That is, if thereexist
n webusersandif apagep wasjustvisitedby auser, thevisit
mayhavebeendoneby any webuserwith 1=n probability.

Proposition2 (Random-visit hypothesis)All webusers will
visit a particular pagewith equalprobability. 2

6. ANALYSIS OF WEB­USER MODEL
We now analyzeour web-usermodel to derive a closed-

form formula for the quality estimator. Naively, given Equa-
tion2,wemaythink thatthequalityQ(p) canbeobtainedsim-
ply bydividing thecurrentpopularityP (p; t) by theawareness
A (p; t). Theproblemwith thissolutionis thatwedonotknow
thecurrentawarenessof apageunlessweknow theentirehis-
tory of the pageandhow many uniqueusershave visited it.
Therefore,Q(p) cannotbemeasuredthroughP(p; t)=A (p; t)
in mostpracticalsettings.

The above discussionbringsup an importantpropertyde-
sired for the quality estimator: In order to be practical, the
quality estimatorshouldrely only on the quantitiesthat can
be measured easily, suchas pagepopularity. As we brie�y
describedin Section5, our mainideafor quality estimationis
thattheincrease(or timederivative)of popularitymaygiveus
a stronghint on thequality of a page.To formally investigate
this idea, in Section6.1 we analyzethe popularityevolution
of a pageunderour web-usermodel.Thenin Section6.2,we
take the time derivative of the popularity evolution function
andobtainthequality estimatorthatusesonly quantitiesthat
areeasilymeasurable.

6.1 Popularity evolution
We now derive thepopularityevolution functionover time

underour model. Intuitively, if we know thecurrentpopular-
ity of the pagep, we canestimatehow many new userswill
visit p basedon Propositions1 and2. Then,out of thesenew
users,Q(p) is thefractionthatwill like thepagep, sowe can
estimatehow muchits popularitywill increase.Therefore,as
long aswe know the initial popularityof the pagep, we can
derive its entirepopularityevolutionover time.

For formal derivation,we �rst prove the following lemma.
Thelemmashowsthatwecanlearnthecurrentuserawareness
of apagefrom thehistoryof its pastpopularity. For theproof,
weassumethattherearen webusersin total.

Lemma 2 Theuserawarenessof p at t , A (p; t), canbecom-
putedfromits pastpopularitythroughthefollowing formula:

A (p; t) = 1 � e� r
n

Rt
0 P ( p;t ) dt

2

Proof V(p; t) is therateatwhichwebusersvisit thepagep at
t. Thusby timet, pagep isvisited

Rt
0 V(p; t)dt = r

Rt
0 P(p; t)dt

times.
Without lossof generality, we computetheprobability that

useru1 is not aware of the pagep when the pagehasbeen
visited k times. The probability that the i th visitor to p was
notu1 is (1 � 1

n ). Therefore,whenp hasbeenvisitedk times,
theprobabilitythatu1 wouldhavenevervisitedp is (1 � 1

n )k .
By time t, the pageis visited

Rt
0 V(p; t)dt times. Then the

probabilitythattheuseris notawareof p attimet, 1� A (p; t),
is

1 � A (p; t) =
�

1 �
1
n

� Rt
0 V ( p;t ) dt

=
�

1 �
1
n

� r
Rt

0 P ( p;t ) dt

=

" �
1 �

1
n

� � n
#� r

n

Rt
0 P ( p;t ) dt

Herewe will assumethat thenumberof webusersis quite
large,sowecanapproximatetheaboveexpressionby observ-
ing thatwhenn ! 1 ,

�
1 � 1

n

� � n ! e. Thus,

1 � A (p; t) = e� r
n

Rt
0 P ( p;t ) dt (3)

�

Lemma1 showsthatthecurrentpopularityof apagecanbe
computedfrom its currentawareness.Lemma2 showsthatthe
currentawarenesscanbe computedfrom its pastpopularity.
By combiningthe two lemmaswe can computethe current
popularityof a pagefrom its pastpopularity. The following
theoremshows thepopularityevolution function.

Theorem1 Thepopularityofpagep evolvesovertimethrough
thefollowing formula:

P (p; t) =
Q(p)

1 + [ Q ( p)
P ( p; 0) � 1] e� [ r

n Q ( p) ]t

Here, P (p;0) is thepopularityof thepagep at timezero when
thepagewas�r st created. 2

Proof FromLemmas1 and2,

P (p; t) =
h
1 � e� r

n

Rt
0 P ( p;t ) dt

i
Q(p)
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Figure1: Time evolution of pagepopularity

If we substitutee� r
n

Rt
0 P ( p;t ) dt with f (t), P (p; t) is equiva-

lent to (� n
r )( df

dt =f ). Thus,
�

�
n
r

� �
1
f

�
df
dt

= (1 � f ) Q(p) (4)

Equation4 is known asaVerhulstequation(or logisticgrowth
equation)whichoftenarisesin thecontext of populationgrowth [29].
Thesolutionto theequationis

f (t) =
1

1 + Ce
r
n Q ( p) t

whereC is a constantto bedeterminedby theboundarycon-
dition. Sincef (t) = e� r

n

Rt
0 P ( p;t ) dt ,

e� r
n

Rt
0 P ( p;t ) dt =

1
1 + Ce

r
n Q ( p) t

: (5)

If we take the logarithm of both sidesof Equation5 anddif-
ferentiateby t,

�
�

r
n

�
P (p; t) = �

�
r
n

�
Q(p) C e

r
n Q ( p) t

1 + Ce
r
n Q ( p) t

:

After rearrangement,weget

P (p; t) =
CQ(p)

C + e� r
n Q ( p) t

: (6)

Wenow determinetheconstantC. FromEquation6

P(p;0) =
CQ(p)
C + 1

: (7)

Thus,

C =
P(p;0)

Q(p) � P (p;0)
(8)

After rearrangement,we �nally get

P (p; t) =
Q(p)

1 + [ Q ( p)
P ( p; 0) � 1] e� [ r

n Q ( p) ]t �

Basedon the resultof the above theorem,we show an ex-
ampleof the popularityevolution of a pagein Figure1. We
assumeQ(p) = 0:8, n = 108 , r = 108 andP(p;0) = 10� 8 .
Roughly, theseparameterscorrespondto thecasewherethere
are100million webusersandonly oneuserlikedthepagep at
its creation.Thequality is relatively highat 0.8. Thehorizon-
tal axiscorrespondsto thetime. Theverticalaxiscorresponds
to thepopularityP (p; t) at thegiventime.

Fromthegraph,wecanseethatapageroughlygoesthrough
threestagesafteritsbirth: theinfantstage,theexpansionstage,
andthematuritystage.In the�rst infantstage(betweent = 0

andt = 15) thepageis barelynoticedby webusersandhas
practicallyzeropopularity. At somepoint (t = 15), however,
the pageentersthe secondexpansionstage(t = 15 and30),
wherethe popularityof the pagesuddenlyincreases.In the
third maturitystage,thepopularityof thepagestabilizesat a
certainvalue. Note that this “sigmoidal” evolution of popu-
larity hasbeenexperimentallyobservedin thesitepopularity-
evolutiondatacollectedby webtrackingcompanies(e.g.,Ne-
tRatings[18]).

We alsonote that the eventualpopularityof p is equalto
its quality value0.8. The following corollaryshows that this
equalityholdsin general.

Corollary 1 Thepopularityofpagep, P (p; t), eventuallycon-
vergesto Q(p). Thatis, whent ! 1 , P (p; t) ! Q(p). 2

Proof FromTheorem1,

P(p; t) =
A (p;0) Q(p)

A (p;0) + [1 � A (p;0)] e� [ r
n Q ( p) ]t

:

Whent ! 1 , e� [ r
n Q ( p) ]t ! 0. Thus,

P (p; t) =
A (p;0) Q(p)

A (p;0) + [1 � A (p;0)] e� [ r
n Q ( p) ]t

!
A (p;0) Q(p)

A (p;0)
= Q(p): �

Theresultof thiscorollaryis reasonable.Whenall usersare
awareof the page,the fraction of all web userswho like the
pageis thequalityof thepage.

Theresultof Figure1 con�rms ourearlierassertionthatthe
popularityof a pageis not a goodestimatorof its quality for
new pages:During the infant and the expansionstage(t <
30), the popularityof the pageis signi�cantly lower thanits
true quality value. It is only in the maturity stagewhenthe
popularityre�ects thetruequalityof thepage.

Finally, we note that the popularity evolution in Figure 1
is monotonesincewe assumethat the quality of a pageis a
staticvaluethat doesnot change.The quality, however, may
alsochangeover time, for example,whenthepageis updated
or whenmany high-qualitypagesappearon the web andthe
users'expectationon thepagegetshigher. In Section6.3 we
extendourmodelandstudythecasewhenthequalityof apage
changes.For now, we assumethat thequality valueof a page
is static.

6.2 Quality estimator
Wecananalyzethepopularityevolution functionderivedin

theprevioussectionto explorewhetherits time derivative can
beusedto estimatethequalityof apage.Thefollowing lemma
providesthe corerelationshipbetweenthe time derivative of
pagepopularityandpagequality.

Lemma 3 Thequality of a page is proportional to its popu-
larity increaseand inverselyproportional to its current pop-
ularity. It is also inverselyproportional to the fractionof the
userswhoareunawareof thepage, 1 � A (p; t).

Q(p) =
� n

r

� dP(p; t)=dt
P (p; t) (1 � A (p; t))

(9)
2
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Figure2: Time evolution of I (p; t) and P(p; t) aspredicted
by the model.

Proof By differentiatingtheequationin Lemma1, weget

dP
dt

=
dA
dt

Q(p): (10)

FromLemma2,

dA
dt

= �
d
dt

e� r
n

Rt
0 P ( p;t ) dt

= �
�

e� r
n

Rt
0 P ( p;t ) dt

� �
�

r
n

P(p; t)
�

= (1 � A (p; t))
� r

n
P(p; t)

�
: (11)

FromEquations10and11,weget

Q(p) =
� n

r

� dP(p; t)=dt
P (p; t) (1 � A (p; t))

: �

In Equation9, notethat two mainfactors,dP(p; t)=dt and
P(p; t), aremeasurablein practiceby downloadingthe web
multiple timeswhile 1 � A (p; t) cannotbe easilymeasured.
Therefore,for now, we ignore the unmeasurablefactor 1 �
A (p; t) from the equationand study the propertyof the re-
mainingfactors

�
n
r

� dP ( p;t ) =dt
P ( p;t ) asthequality estimator. Intu-

itively, dP(p; t)=dt is thepopularityincreaseof thepageand
P(p; t) is thecurrentpopularity, sotheratio dP ( p;t ) =dt

P ( p;t ) is the
relative popularityincreaseof thepage.For convenience,we
usethe symbol I (p; t) to represent

�
n
r

� dP ( p;t ) =dt
P ( p;t ) andrefer

to it astherelativepopularityincreasefunction.
In Figure 2, we show the time evolution of I (p; t) when

Q(p) = 0:2, n = 108 , r = 108 , andP(p;0) = 10� 9 . The
horizontalaxisis thetimeandtheverticalaxisshowsthevalue
of thefunction. Thesolid line in thegraphshows therelative
popularityincreaseI (p; t). We alsoshow the time evolution
of thepopularityP (p; t) asa dashedline in the�gure for the
comparisonpurpose. We obtainedthesegraphsanalytically
usingtheequationof Theorem1.

From the graph,we canseethat the relative popularityin-
crease,I (p; t), is an excellentestimatorfor the pagequality
Q(p) whenthe pagehasjust beencreated(t < 70). During
this time, I (p; t) � 0:2 = Q(p). As time goeson, how-
ever, I (p; t) losesits merit asthe estimatorof Q(p): I (p; t)
getsmuchsmallerthanQ(p) for t > 120. Fortunately, when
I (p; t) is notagoodqualityestimator, wecanseethatP (p; t)
is a very goodestimatorof Q(p) (t > 120). That is, I (p; t)
andP(p; t) arecomplementaryto eachotherasthequalityes-
timator.

Intuitively, the relative effectivenessof P (p; t) andI (p; t)
as the quality estimatormakessense.Whena pagehasjust
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Figure3: Time evolution of I (p; t) + P(p; t).

beencreated,mostusersareunawareof thepage,so its pop-
ularity P (p; t) doesnot re�ect its quality well. However, the
userswhovisit thepagearemostly�rst-time visitors,soif the
pageis of highquality, its popularitywill increaseveryrapidly,
makingtherelative popularityincreaseI (p; t) a goodquality
estimator. As time goeson, however, mostusersgetawareof
thepage,sothepopularityof thepagecannotincreaseany fur-
ther. Fortunatelyat this point, the fraction of web userswho
like the pageP(p; t) is equivalent to its quality, making it a
goodqualityestimator.

From the shapeof the two curves in Figure2 we canex-
pect that we may estimatethe quality of the pageaccurately
if we addthesetwo functions. In Figure3, we show thetime
evolution of this addition,I (p; t) + P(p; t), for thesamepa-
rametersasin Figure2. We canseethat I (p; t) + P(p; t) is
a straightline at thequality value0.2. Thefollowing theorem
generalizesthis observationandshows that I (p; t) + P(p; t)
is indeedanaccuratequalityestimator.

Theorem2 Thequality of page p, Q(p), is alwaysequal to
thesumof its relativepopularityincreaseI (p; t) andits pop-
ularity P (p; t).

Q(p) = I (p; t) + P(p; t) 2

Proof We �rst restateEquation11:

dA (p; t)
dt

= (1 � A (p; t))
� r

n

�
P (p; t)

If wemultiply theaboveequationby Q(p), weget

Q(p)
dA (p; t)

dt
= (Q(p) � Q(p)A (p; t))

� r
n

�
P (p; t);

whichcanbesimpli�ed to

dP(p; t)
dt

= (Q(p) � P (p; t))
� r

n

�
P (p; t):

If wedivide theequationby r
n P(p; t) andaddP(p; t) to both

sides,weget

dP(p; t)=dt
(r =n)P(p; t)

+ P(p; t) = Q(p) �

The above theoremshows that underour web usermodel
wecancomputethequalityof apageby measuringits relative
popularity increaseandcurrentpopularity. Basedon this re-
sult,wede�ne I (p; t) + P(p; t) asthequalityestimatorof p,
Q̂(p; t):

Q̂(p; t) = I (p; t) + P(p; t)

=
� n

r

� �
dP(p; t)=dt

P (p; t)

�
+ P(p; t) (12)



Later in Section8, we evaluatetheeffectivenessof theabove
qualityestimatorexperimentally.

6.3 Changingquality
So far we have assumedthat the quality Q(p) of a page

is a constantthat doesnot changeover time. In this section,
we analyzethescenariowherethequality alsochanges.Our
maingoalis to understandhow ourqualityestimatorshouldbe
updatedto handlethisscenario.Beforewedescribeourformal
analysisandresult,we usea simpleexampleto illustrateour
main�nding.

Example1 Weassumethatthepagep wasoriginally of qual-
ity Q1 = 0:8 from t = 0 until t = 30. At t = 30, thequality
suddenlydropsto Q2 = 0:4. We show thepopularityevolu-
tion underthis scenarioin Figure4. Thegraphwasobtained
analyticallybasedon thesameparametersasin Section6.1.

10 20 30 40 50 60 t

0.2

0.4

0.6

0.8
P(p, t)

Figure 4: Popularity evolution when quality dropsat t =
30

As before,thepopularityincreasesfrom t = 0 until t = 30
asmorepeoplevisit thepageandgetawareof it. By t = 30,
the popularitybecomescloseto its quality value0:8. After
t = 30, however, the popularitygraduallydecreasesdue to
thedrop in quality: thepeoplewho visit thepageagain after
t = 30realizethatits quality is notasgoodasit usedto beand
many of themstop liking the page. This decreasecontinues
until thepopularitystabilizesat thenew quality value0.4. 2

In the above example,we note that the situationbetween
t = 0 andt = 30 is essentiallythe sameasin the previous
section,so

�
n
r

� dP ( p;t ) =dt
P ( p;t ) + P(p; t) is agoodqualityestima-

tor duringthis time. But whatwill beagoodqualityestimator
aftert = 30? Doesourestimatorstill work well in this region
andestimatethe correctquality valueQ2 after t = 30? Our
analysisshows thatour estimatoris still valid even in this re-
gion. That is,

�
n
r

� dP ( p;t ) =dt
P ( p;t ) + P(p; t) = Q2 for t > 30. In

general,we canprove the following theoremthat shows that
ourestimatoris still valid evenafteraqualitychange:

Theorem3 Weassumethatthequalityofpagep,Q(p), changes
fromQ1 to Q2 at timeT . Then

Q2 =
� n

r

� dP(p; t)=dt
P (p; t)

+ P(p; t) for t > T (13)
2

Proof After time T , we canput usersinto threegroups: (1)
theuserswhovisitedthepagebeforeT (2) theuserswhovis-
ited the pageafter T and(3) the userswho never visited the
page. Of course,someusersmay belongto both groups(1)
and(2) if they visited the pagebeforeand after T . We use
thethenotationu1 andu2 to representthegroup(1) and(2),

respectively. In Figure5, we show theVenndiagramshowing
u1 , u2 andthe total usergroupU. We useju1 j and ju2 j to
representthe relative sizeof eachgroup: i.e., the fraction of
userswhobelongto u1 andu2 , respectively.

U
u1

u2

Figure5: Venndiagram for usergroupsafter time T

At time t > T , we note that the userswho belongto u2

have seenthe pagewhenits quality is Q2 , so Q2 fraction of
theusersin u2 endup liking thepage.Theuserswho belong
to (u1 � u2) group(theuserswho visited thepagebeforeT
but not after T ) still believes that the quality of the pageis
Q1 becausethey haven't seenthe new page. Therefore,out
of ju1 � u2 j users,Q1 fractionstill like thepage.Of course,
the userswho arenot in eitheru1 or u2 cannotlike thepage
becausethey havenevervisitedthepage.Overall, thefraction
of webuserswho like thepageat time t > T is

P(p; t) = Q1 ju1 � u2 j + Q2 ju2 j:

Notethatafter t > T , theu1 groupremainsthesamebut the
u2 groupgraduallyexpandsasmorepeoplevisit thepageafter
T . We denotethis time dependenceusingthe notationu2(t)
for u2 but simplyu1 for u1 . Then,

P (p; t) = Q1 ju1 � u2(t)j + Q2 ju2(t)j for t > T: (14)

Wenow computeju2(t)j andju1 � u2(t)j in orderto com-
puteP(p; t). ju2(t)j is thefractionof userswho visit p from
time T to t. Fromtheproof of Lemma2, it is easyto seethat
this fractionis givenby

ju2(t)j = 1 � e� r
n

Rt
T P ( p;t ) dt : (15)

In computingju1 � u2(t)j, we note that the usergroupsu1

andu2 areindependent.Thatis,accordingto ourrandom-visit
hypothesis,theprobability thata uservisits thepagep at t is
independentof hispastvisit history, sowhethertheuservisits
p after time T is independentof whetherhe visited the page
beforeT . Giventhis independence,thesizeof theintersection
u1 \ u2(t) canbecomputedby simplemultiplication

ju1 \ u2(t)j = ju1 j � ju2(t)j:

Then

ju1 � u2(t)j = ju1 j � ju1 \ u2(t)j = ju1 j � ju1 jj u2(t)j

and

P(p; t) = Q1 ju1 � u2(t)j + Q2 ju2(t)j

= Q1 ju1 j � Q1 ju1 jj u2(t)j + Q2 ju2(t)j

= Q1 ju1 j + (Q2 � Q1 ju1 j)ju2(t)j:

Wenow differentiatethisequationby t andget

dP(p; t)
dt

= (Q2 � Q1 ju1 j)
dju2(t)j

dt
: (16)



FromEquation15,weknow that

dju2(t)j
dt

=
r
n

P(p; t)e� r
n

Rt
0 P ( p;t ) dt

=
r
n

P(p; t)(1 � ju2(t)j):

Therefore,Equation16becomes

dP(p; t)
dt

= (Q2 � Q1 ju1 j)
r
n

P(p; t)(1 � ju2(t)j)

=
r
n

P(p; t)[Q2 � f Q1 ju1 j � Q1 ju1 jj u2(t)j

+ Q2 ju2(t)jg]

=
r
n

P(p; t)[Q2 � f Q1 ju1 � u2(t)j + Q2 ju2(t)jg]

=
r
n

P(p; t)[Q2 � P (p; t)] (from Eq.14)

If we divide theabove equationby r
n P(p; t) andaddP(p; t),

weget
� n

r

� dP(p; t)=dt
P (p; t)

+ P(p; t) = Q2 : �

7. MEASURING QUALITY FROM WEB
SNAPSHOTS

In theprevioussectionswe discussedhow we canestimate
thequality of a pageon thebasisof its presentpopularityand
its instantaneoustime derivative. In practice,however, the
time derivative cannotbe measuredinstantaneously, but only
canbeapproximatedthroughtheincreaseof PageRankatdis-
cretetime points. That is, we take the snapshotsof the web
at timest1 ; t2 ; t3 ; : : : , computePageRankof pagesfrom each
snapshotandapproximateEquation12with

Q̂(p; t i ) =
n
r

�
� PR(p; t i )=� t i

PR(p; t i )

�
+ PR(p; t i ) (17)

where,PR(p; t i ) is the PageRankof p at t i , � PR(p; t i ) =
PR(p; t i ) � PR(p; t i � 1), and� t i = t i � t i � 1 .

Unfortunately, thisdiscretemeasurementmayleadto aner-
ror for thefollowing reasons.

1. Approximationerror: � PR(p)=� t is an approxima-
tion of dPR(p)=dt. Thus,the valuescanbe different,
particularlywhen� t is large.

2. Quality change during measurement: In our theoret-
ical derivations,we assumedthat the quality remains
constantduringmeasurement.1 This assumptionis rea-
sonablewhen we can measurethe derivative instanta-
neously, but whenit is measuredoveratimeperiod,it is
possiblethatthequalitymaychangeduringthetime.

3. Time lag: Considerthe time periodafter t 2 but before
t3 . Sincewe haven't capturedthet3 snapshot,themost
recentquality estimateis theonecomputedfrom thet 1

andt2 snapshots.Thatis, duringtheinterval (t 2 , t3), we
usethequality valuemeasuredin (t1 , t2). This timelag
betweenthe quality measurementandits usemay lead

1Note that our result in Section6.3 shows that a quality changebe-
foreor aftermeasurementdoesnotaffect thevalidity of ourestimator.
However, our analysisdoesnot guaranteeits correctnessif thereis a
changeduringmeasurement.
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Figure 6: True and estimated quality values for a static
quality scenario
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Figure7: Err or valuesaswe increasethe time interval be-
tweentwo consecutivepopularity measurements

to an error if the quality changesafter t2 even if it did
not changeduring(t1 ; t2).

To investigatethetheimpactof theseerrors,weusethefol-
lowing threescenarios.

1. Staticquality: Weconsiderapagep whosequalityvalue
Q remainsconstantat 0:5. We assumethatwe take the
snapshotof the web every t = 1 time unit, and we
recomputethe quality valueusingthe most two recent
snapshots.That is, at t = i , we estimateQ̂ from the
popularityvaluesat t = i andt = i � 1. We usethe
quality valueestimatedat t = i during t 2 (i; i + 1).
Figure6 showsthetruequalityQ, thepopularityP , and
theestimatedquality Q̂ over timeunderthissetting.

In this scenario,theonly sourceof error is theapproxi-
mationerror, becausethequalityvalueremainsthesame
all thetime. The�gure showsthatthiserroris negligible
in this scenario;Q andQ̂ arealmostidentical.We also
seethatour quality estimatorQ̂ workswell asa “even-
tual popularitypredictor.” That is, at any time point, Q̂
gives the value0.5, which is the sameas the eventual
popularityof thepage.In contrast,thecurrentpopular-
ity P is not a goodpredictorof theeventualpopularity;
From t = 1 until t = 400, P is signi�cantly smaller
than0.5.

The magnitudeof the approximationerror will clearly
dependon the lengthof interval � t . In orderto study
this impact,werepeatthesameexperimentfor different
� t valuesandshow theresultin Figure7. Thehorizon-
tal axisis � t andtheverticalaxisis theerror, jQ � Q̂j,
for thegiven� t . As weexpect,theerrorbecomeslarger
at � t grows. For example,when� t = 45 (about10%
of the time it took for the pageto obtain the eventual
popularity),theerroris 0.33(67%relativeerror).

2. Slowchangein quality: Weconsiderapagep whoseini-
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Figure 9: Graph showing error valuesas we increasethe
rate of changein quality

tial quality Q is 0:4. Thequality valueincreasesslowly
overtimeaccordingto therelationQ(t) = 0:4+0 :0006t,
reaching0:7 at t = 500. We measurethe quality esti-
mateQ̂ afterevery unit time interval. We plot the true
quality, thepopularity, andtheestimatedquality values
in Figure8 underthisscenario.

Fromthe�gure, weobserve thefollowing:

(a) OurestimatorQ̂ still measuresthetruequalitywell;
At every timepoint, Q̂ � Q.

(b) Q̂ is not a good predictorof the eventualpopu-
larity. For exampleQ̂ � 0:4 at t = 1, but the
eventualpopularityis 0.7at t = 500in thisgraph.
It shouldbenoted,however, thatQ̂ is abetterpre-
dictor of the eventualpopularity than the current
popularityP . For example,Q̂ � 0:4 at t = 1,
whichis muchcloserto theeventualpopularity0.7
thanP � 0 at t = 1.

The magnitudeof the error in Q̂ may dependon the
rate of changeof the quality in this scenario. To in-
vestigate this issue,we repeatthe sameanalysisusing
Q(t) = 0:5+ ct for multiplevaluesof c. Figure9 shows
theresult,wherethehorizontalaxisis c, thechangerate,
andtheverticalaxisis theerrorjQ � Q̂j at thegivenc.
For example,whenc = 0:005 (about1% increasein
quality in one time unit), jQ � Q̂j � 0:1 (20% rela-
tive error in thequality estimation).As expected,with
increasein thevalueof c, theerroralsoincreases.

3. Rapidchangein quality: Finally, weconsiderascenario
wherethequality Q of thepagerapidly �uctuatesover
time. As we show in Figure10, thequality of thepage
changesaccordingto a sinusoidalrelation. We assume
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Figure10: Graph of actual and measuredquality values

thatwe measurethequality of thepageafterevery unit
time interval.

Overall, we canseethat theoverall shapesof Q andQ̂
graphsaresimilar. However, the time lag becomesan
importantsourceof error in this scenario;TheQ̂ curve
is onetime unit behindthe Q curve, which makesthe
two valuesvery differentat many time points. Also, Q̂
is a very crudeapproximationof Q; Even if we ignore
thetime-lagerror, Q̂ andQ valuesaresigni�cantly dif-
ferentsometimesdueto thejaggednatureof Q̂. Finally,
we notethat Q̂ is not a goodpredictorof the eventual
popularity;BecauseQ �uctuatesfrequently, thereis no
correlationbetweenthe currentquality estimateQ̂ and
the eventualpopularity. In summary, Q̂ is not very ef-
fectivewhenthequality rapidlychangesover time.

8. EXPERIMENTS
Giventhatourultimategoalis to �nd high-qualitypagesand

rank them highly in searchresults,the bestway to evaluate
our quality estimatoris to implementit on a searchengine
andseehow well usersperceive our new ranking. Beforewe
embarkon this enormousendeavor, we wantedto checkthe
potentialof ourproposedqualityestimatorin amorepractical
andmanageablesetting.

Evaluatinga web rankingmetric is a challengingtaskbe-
causeof its subjectivity andthe lack of standardcorpus.The
relevanceandquality of a pageis clearlya subjective notion,
so the bestway of measuringthe effectivenessof a ranking
metricis to aska largenumberof usersto gooveracollection
of webpagescarefullyandprovide their feedbackon theper-
ceivedqualityof eachpage.This taskis clearlytime consum-
ing andexpensive. Recognizingthis challenge,the IR com-
munity hascollaboratively constructeda standardevaluation
corpus,calledTREC[27], which alsoincludesa specialsub-
collection of web documents.Unfortunately, this datasetis
notwell suitedfor ourevaluation,because(1) it only contains
asinglesnapshotof theweb,makingit impossibleto measure
the evolution of PageRankand(2) the datasetindicatesonly
thebinary relevance(either0 or 1) of eachpageto a number
of prede�nedqueries. With the binary relevance,we cannot
rank the pagesbasedon their quality andcomparethis rank-
ing to theonefrom ourqualitymetric.

Thus,we take analternative approachto evaluatingthepo-
tential of our quality estimator. Our main ideafor evaluation
is that when the quality value doesnot changesigni�cantly
over time, thepopularityof a pageeventuallyconvergesto its
quality. Thatis, theeventualpopularityof apageis agoodes-
timatorof its quality. Thus,for thepageswith stablequality, if



wecanwait longenough,ourestimatedqualityshouldagood
“predictor” of theeventualPageRank.Basedon this idea,we
capturemultiple snapshotsof theweb,computepagequality,
andcomparetoday'squalityvaluewith thePageRankvaluein
the future. Admittedly, this evaluationis not perfectbecause
thequality is comparedagainstfuturePageRank,ametricthat
it tries to replace. However, with the lack of the true qual-
ity valuefor eachpagewe believe thatthis comparison,at the
very least,will show thepotentialof ourestimator.

8.1 Description of dataset
Due to our limited network andstorageresources,we had

to restrictour experimentsto a relatively small subsetof the
web. In our experimentwe downloadedpageson 154 web
sites(e.g.,acm.org , hp.com , etc.) four timesover thepe-
riod of six months. The list of the web siteswerecollected
from theOpenDirectory (http://dmoz.org ). The time-
line of our snapshotsis shown in Figure11. Roughly, the�rst
threesnapshotsweretakenwith one-monthintervalsbetween
them and the last snapshotwas taken four monthsafter the
third snapshot.We refer to the timesof the four snapshotsas
t1 ; t2 ; t3 andt4 . Laterin thissection,wewill usethe�rst three
snapshotsto computethe quality of pagesandevaluatehow
well the earlierquality values“predict” the “future” PageR-
anksat t4 .

Our snapshotswerequitecompletemirrorsof the154web
sites.We downloadedpagesfrom eachsiteuntil we couldnot
reachany morepagesfromthesiteorwedownloadedthemax-
imum of 200,000pages.Out of 154websites,only four web
siteshadmorethan200,000pages.Thenumberof pagesthat
we downloadedin eachsnapshotrangedbetween4.6 million
pagesand5 million pages.Sincewe wereinterestedin com-
paringour estimatedpagequality with the future PageRank,
we�rst identi�ed thesetof pagesdownloadedin all snapshots.
Out of 5 million pages,2.7million pageswerecommonin all
four snapshots.We thencomputedthePageRankvaluesfrom
thesubgraphof thewebobtainedfrom these2.7million pages
for eachsnapshot.

8.2 Quality and futur ePageRank
Using the datasetjust described,we now investigate how

well ourqualityestimatorpredictsthefuturePageRank.

Stabilityof quality. In Section7 weshowedthatourqual-
ity estimatoris a goodpredictorof the futurePageRankonly
whenthequalitydoesnotchangesigni�cantly over time.2 We
�rst investigatehow many pagesin our snapshotshave stable
quality values.

To checkthestability, wecomputethreequalityvalues,Q̂2 ,
Q̂3 andQ̂4 , from our four snapshots,whereQ̂i is measured
basedonthePageRankvaluesof thet i andt i � 1 snapshotsus-
ing Equation17 assuming0.1 for r =n. (Thechoiceof 0.1 is
explainedlater). In Figure12 we show the histogramof the
relative quality differencebetweenQ̂2 and Q̂3 (white bars)
andbetweenQ̂3 andQ̂4 (graybars).Fromthehistogramwe
canseethat the vastmajority of pagesin our snapshotshave
stablequality. For example,the �rst white andgray barsin-

2Thisstatementdoesnotmeanthatourqualityestimatoris notuseful
whentherearequality changes.Our estimatorstill measuresthetrue
qualityvaluewell evenwith qualitychanges,but thetruequalityvalue
maynotbethesameasthefuturePageRank.
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dicatethatmorethan99%pagesshow lessthan10%relative
differencebetweenQ̂2 andQ̂3 andabout90%pagesshow less
than10%differencebetweenQ̂3 andQ̂4 .

Predictionaccuracy. Wenow comparethepredictionac-
curacy of the “future” PageRankPR(p; t 4) whenwe usethe
“current” PageRankPR(p; t3) or ourqualityestimatorQ̂3(p)
asthePR(p; t4) predictor. For thecomparison,we compute
thefollowing averagerelative “error”:

err (p) =

8
>><

>>:

�
�
� P R ( p;t 4 ) � Q̂ 3 ( p)

P R ( p;t 4 )

�
�
� for Q̂3(p)

�
�
� P R ( p;t 4 ) � P R ( p;t 3 )

P R ( p;t 4 )

�
�
� for PR(p; t3)

From this comparison,we observe that the averageerror is
0.45 for Q̂3(p) while it is 0.74 for PR(p; t3). That is, our
quality estimatorQ̂3(p) shows about39% moreaccuracy in
predictingthe future PageRankon average.3 Assumingthat
the PageRankat t4 is closerto the true quality of pages,this
resultstronglyindicatesthatour estimatormeasuresthequal-
ity muchmoreaccuratelythanthecurrentPageRank.

In Figure13,we reportmoredetailedresultfrom this com-
parison. In the graph,we show the distribution of the rela-
tive errorsfor Q̂3(p) andPR(p; t3). The white barscorre-
spondto thehistogramof Q̂3(p) andthegraybarscorrespond
to PR(p; t3). For example,from the �rst barsof the graph
we canseethat Q̂3(p) shows lessthan0.1 relative error for
56% pages,while PR(p; t3) shows similar error for 45% of
the pages. When the relative error is larger than 1, we put

3To show their differencemoreclearlywe computetheaverageerror
only for the pagesfor which Q̂3 (p) andP R(p; t3 ) give more than
5%differentpredictionfor thefuturePageRank.
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theminto the lastbin labeledas1. This graphshows thatour
qualityestimatorQ̂3(p) leadsto smallererrorsfor morepages
than PR(p; t3). We also conductedsimilar comparisonus-
ing Q̂2(p) as the quality estimatorandobtainedcomparable
results.

Estimationof n=r . We now explain our choiceof 0.1 for
the parametern=r . In our theoreticalmodel,n corresponds
to the total numberof web usersand r is the normalization
constantin ourpopularity-equivalencehypothesis.In practice,
n=r determineshow much“weight” weassignsto therelative
popularity increaseterm. For example,whenn=r = 0, our
quality estimatorreducesto Q̂(p; t) = P(p; t), which com-
pletely ignore the popularity increasein estimatingquality.
That is, whenr =n is small, our estimatorbecomescloserto
thetraditionalPageRankmetricandgetsmore“conservative”
in usingthepopularityincrease.

To determinethebestchoicefor n=r , we usethefollowing
approach:We measurethe relative error betweenQ̂(p) and
PR(p; t4) for multiple n=r valuesandwe pick thevaluethat
leadsto thesmallestdifference.In Figure14,we show theer-
ror betweenQ̂2 andPR(t4) andbetweenQ̂3 andPR(t4) for
multiple n=r values.Fromthegraph,we canseethatwe get
minimal erroraroundn=r = 0:1 bothfor Q2 andQ3 . Based
on this result,we usen=r = 0:1 for otherexperimentsin this
section. We emphasize,however, that our quality estimator
is still asgoodasor betterthanthe currentPageRankasthe
futurePageRankpredictorwhenwe useany valuebetween0
and0.1for n=r : As n=r graduallydecreasesfrom 0.1to 0,our
estimatorbecomescloserto PageRankanderrorgetscloserto
thatof PageRank.

9. CONCLUSION
In this paper, we investigatedthe problemof pagequality,

includinghow to quantify thesubjective notionof pagequal-
ity, how well existing searchenginesmeasurethequality, and
how we might measurethequality of a pagemoredirectly. In
ourstudy, weproposedareasonablede�nition for pagequality

andwederivedapracticalwayof estimatingthequalitybased
ona carefulanalysisof a reasonableweb-usermodel.Finally,
we evaluatedthepotentialof our quality estimatorthroughan
experiment.

At a very high level, we may considerour proposedqual-
ity estimatorasa third-generationrankingmetric. The �rst-
generationrankingmetric(beforePageRank)judgedtherele-
vanceandquality of a pagemainly basedon thecontentof a
pagewithout muchconsiderationof weblink structure.Then
researchers[16, 21] proposedsecond-generationrankingmet-
rics thatexploited the link structureof theweb. In our study,
we arguedthatwe canfurtherimprove therankingmetricsby
consideringnot just thecurrentlink structure,but alsotheevo-
lution andchange in thelink structure.

As moredigital informationbecomesavailable,andasthe
web furthermatures,it will get increasinglydif�cult for new
pagesto bediscoveredby usersandgettheattentionthatthey
deserve. We believe thatour new rankingmetricwill helpus
alleviate this “information imbalance”problemthat only es-
tablishedpagesarerepeatedlylookedat by users.Our metric
canidentity thesehigh-qualitypagesmuchearlierthanexist-
ing metricsandshortenthe time it takesfor new pagesto get
noticed.

9.1 Discussionand futur ework
While our resultindicatesthatour quality metric is a good

way to measurethe quality of a pagein practice,we discuss
someof the limitations of our work andpotentialvenuesfor
futurework.

� StatisticalNoise: Onepotentialproblemwith thequality
metric is that it maybeadverselyaffectedby noisefor
pageswith verylow popularity. Whenwearemeasuring
the rareevent of a pagewith low popularity receiving
a new link, thereis thepotentialthatnoisecouldcause
suchapageto bepromotedprematurely. Furtherwork is
requiredto investigatehow bestto smoothoutthecurve,
includingperhapsadjustingthewebdownloadintervals
dependingon the currentPageRankvalues.For exam-
ple, for low-PageRankpages,we maywantto compute
the PageRankincreaseover a longerperiodthanhigh-
PageRankpagesin orderreducetheimpactof noise.

� Scaleof thedata: Ourexperimentwasbasedonasmall
subsetof theweb. While our resultindicatedimprove-
mentover thePageRankmetric,it will beinterestingto
seehow well our quality estimatorworks for a larger
dataset.

� Applicationto webtraf�c data: While in this paperwe
usedthe web link structureand its evolution to mea-
surepopularity(andthusquality), our estimatorcanbe
similarly appliedto thewebtraf�c data.Thatis, assum-



ing that the visit popularity is equivalent to the (sim-
ple) popularity(Proposition1), if we canmeasurehow
many peoplevisit aparticularwebsiteandhow quickly
thenumberof visits increasesover time,wecanuseour
qualityestimatorto measurethequalityof thesitebased
on this traf�c data.It will beinterestingto seehow this
traf�c-basedquality estimateis differentfrom our link-
basedquality estimateandwhich quality estimateusers
prefer.
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