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ABSTRACT

In a numberof recentstudies[4, 8] researcherstase found
that becausesearchenginesrepeatedlyreturn currently pop-
ular pagesat the top of searchresults,popularpagestendto
getevenmore popular while unpopulampagesgetignoredby
an averageuser This “rich-get-richer” phenomenorns par
ticularly problematicfor newv andhigh-qualitypagesbecause
they may never geta chanceto get users'attention,decreas-
ing the overall quality of searclresultsin thelong run. In this
paper we proposea new ranking function, called page qual-
ity thatcanalleviate the problemof popularity-basedanking.
We rst presenta formal framework to studythe searchen-
ginebiasby discussingvhatis an*“ideal” way to measurghe
intrinsic quality of a page. We thencomparehow PageRank,
the currentrankingmetric usedby major searchenginesdif-
fers from this ideal quality metric. This framework will help
us investicate the searchenginebiasin more concreteterms
andprovide clearunderstandingn why PageRanlks effective
in mary casesand exactly whenit is problematic. We then
proposea practicalway to estimatethe intrinsic pagequality
to avoid the inherentbias of PageRank.We derive our pro-
posedquality estimatorthrougha carefulanalysisof areason-
ablewebusermodelandwe presenexperimentakesultsthat
shaw the potentialof our proposedestimator We believe that
our quality estimatohasthepotentialto alleviatetherich-get-
richer phenomenorand help new and high-quality pagesget
theattentionthatthey desere.

1. INTRODUCTION

Recentstudiesshav that searchenginesplay an increas-
ingly importantrole in peoples sur ng of the web; whena
userwantsto look upinformationfrom theweb,theuseroften
goesto hisfavorite searctengine jssuekeyword queriesand
clicks on the returnedpages. Given the sheerquantity of in-
formationavailableon the web, the widespreadiseof search
enginesis not surprising. An individual simply cannotread
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billions of pagesavailable on the web, so he getshelp from
searchenginedo narrov thefocusto asmallnumberof pages
worth looking at.

Given this dominantrole that searchenginesplay in our
daily web accessijt is now even claimedthat “if your page
is not indexed by Google, your pagedoesnot exist on the
web [20].” While this statementnay be an exaggerationjt
hasanalarmingbit of truth. Giventhatanindividual doesnot
have the time to look at all web pagesand identify relevant
ones,a pagethatis not returnedby searchenginess unlikely
to be viewed by mary web users. In short,what peopleper
ceive from the web may not necessarilyoe whatexists on the
real web, but whatis processednd presentedy searchen-
gines.

Recentlythis potential“bias” introducedby searchengines
on the users'perceptionof the web hasattractedsigni cant
attentionfrom theresearcltommunityandhasbecomeanac-
tive areaof research4, 8]. For example,Choetal. [8] stud-
ied the propertyof PageRankpneof the corerankingmetrics
usedby web searchenginesandpresented setof evidences
that the PageRankmetric inducesthe “rich-get-richer” phe-
nomenonThatis, popularpageqthe pageswith high PageR-
ank values)get even more popularover time becausesearch
enginegepeatedlyeturnthematthetop of searclresultsand
inducemorepeopleto visit them.In contrasta newly-created
pagegetscompletelyignoredby usersevenif the pageis of
very high quality becausét is ranked at the bottomof search
results. In their study of Chileanweb sites, Baeza-‘ateset
al. [4] experimentallyshaov thatnew pageshave signi cantly
lower PageRankvaluesthanolder onesandshav thatPageR-
ank doesnot work well in identifying newv and high-quality
pages.

Themaingoalof this paperis to understandhelimitation of
PageRanlandto designanew rankingmetricthatcanalleviate
thebiasof PageRankTowardsthis goal,we rst explorewhat
mightbeagoodway of measuringhetrue“quality” of apage
andhow PageRanks relatedto this hypotheticalquality met-
ric. Wethenproposea practicalquality estimatorthatpredicts
the true quality value of a pagebasedon the evolution of the
link structureof theweh As we will see,our proposedjuality
estimatorhasa strongtheoreticalfoundation— it is derived
througha carefulanalysisof a reasonableveb usermodel—
andcanbeviewed asan “improved” versionof PageRank.It
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alsopresentan experimentalevidencethat suggestshe effec-
tivenessof our quality estimatorin a real-world setting. In



summarywe believe we make the following contrikutionsin
this paper:

We introducea formal de nition of page quality, which
we believe is agoodway of capturingtheintuitive con-
ceptof “pagequality” By separatinghenotionof page
quality from actualranking functions,suchas PageR-
ank, we provide the formal framework to objectively
judgetheeffectivenes®f arankingfunction. (Sectiord)

By comparingour de nition of pagequality andPageR-
ank, we provide a formal justi cation on why PageR-
ank is an effective ranking metric in mary scenarios.
We alsoshaw that PageRanks biasedagainstunpopu-
lar pagesespecialljthe onesthatwerecreatedecently

(Sectiond)

We proposeadirectandpracticalway of estimatingpage
quality. Our proposedjuality estimatoris basedon our
careful analysisof a simple and reasonableveb user
model.(Sectionss and6)

We conductan experimenton real-world web datato
measurgheeffectivenes®f ourquality estimator While
preliminary this experimentwill shav the potentialof
our estimatorin estimatingthe quality of a page. (Sec-
tion 8)

2. RELATED WORK

[25] providesagoodoverview of thework donein thelnfor-
mationRetrieval (IR) communitythat studiesthe problemof
identifying the bestmatchingdocumentdo a userquery This
body of work analyzesthe contentof the documentg¢o nd
the bestmatches.The booleanmodel [31], the vectorspace
model[24] andthe probabilisticmodel[23, 9] aresomeof the
well known modelsdevelopedin this context. Someof these
models(particularlythe vectorspacemodel)wereadoptedy
mostwebsearctenginego nd relevantdocumentso agiven
query PageRanlandour proposedjuality estimatotis applied
to the setof relevant pagesdiscoreredusingthesemodelsin
orderto rankthe pages.

A numberof researchersave investigated using the link
structureof the web to improve searchresultsand proposed
variousrankingmetrics. Hub and Authority [16] and PageR-
ank[21] arethemostwell known metricsthatusetheweblink
structure PageRanlandits variationsarecurrentlybeingused
by major searchengines. [1, 14, 15] describevariousways
to improve PageRankcomputation.[2] providesa theoretical
justi cation for the Hub and Authority metricandproposes
mechanisnto combindink andtext analysisfor pageranking.
[13] studiegpersonalizatiomf the PageRankmetricby giving
differentweightsto pages. [28] proposesa modi cation of
PageRanlequatiorto tailor it for webadministrators[30] de-
scribeshow to computethe global PageRankbasedon local
link structurewithin eachsite andthe inter-site link informa-
tion. [26] proposedo rank web pagesby the usertrafc to
thepagesandsuggests traf c-prediction modelbasedn en-
tropy maximization. In the databaseommunity researchers
alsodevelopedwaysto rankdatabasebjectsby modelingthe
objectrelationshipasa graphand usethe graphstructureto
rankthem[11, 10, 5].

Thereexistsalarge body of work thatinvestigatesthe prop-
ertiesof theweblink structure[3, 6, 7, 22]. For example,[7]

shaws thatthe global link structureof the web s similar to a
“bow tie” [3, 7] shaws thatthe numberof in-boundor out-
boundlinks follow a power-law distribution. [6, 22] propose
potentialmodelsontheweblink structure.

[4, 8] provide experimentalevidenceshat PageRankis bi-
asedagpinstnew pages.In their study of Chileanweb sites,
Baeza-‘ateset al. [4] shav thatnew pageshave signi cantly
lower PageRankvaluesthan othersand proposeto consider
thelast-modi ed dateof a pagein measuringhe quality of a
page.

The probabilisticmodel [9, 23] developedin the IR com-
munity is similar to our quality metricin thatbothde nitions
take a probabilisticapproach.The probabilisticmodel, how-
ever, measureshe probability thata pagebelongsto therele-
vantsetgivena particularuserquery while our quality metric
measureshe generalprobability that a userwill like a page
whentheuserlooksatthe page.

3. PAGERANK AND POPULARITY

We startour discussiorwith a brief overview of the PageR-
ank metric and explain how it is relatedto the notion of the
popularity of a page. A readerfamiliar with PageRankmay
skip this section.

Intuitively, PageRanks basedon the ideathata link from
pagep: to p2 mayindicatethattheauthorof p; is interestedn
pagepz. Thus,if apagehasmary links from otherpageswe
may concludethatmary peopleareinterestedn the pageand
thatthe pageshouldbe consideredmportant,or of high qual-
ity. Furthermorewe expectthatalink from animportantpage
(say the Yahoohomepage)carriesmore signi cancethana
link from a randomweb page(say someindividual's home
page).

The PageRankmetricP R(p), thus,de nestheimportance
of pagep to be the sum of the importanceof the pagesthat
pointto p. Thus,if mary importantpagespointto p, PR(p)

link to apagepi. Letc; bethe total numberof links going
out of pagep; . If a pagehasno outgoinglink, we assume
thatit hasoutgoinglinks to every singleweb page.Then,the
PageRanlof pagep; is givenby

PR(p) =d+ (@1 d)[PR(p1)=a+ + PR(pn)=an]

Here,theconstant is calledadampingfactorwhoseintuition
is givenbelow. Ignoring the dampingfactorfor now, we can
seethat PR(pi) is roughly the sumof PR(p;)'s that point
to pi. Underthis formulation, we constructone equationper
webpagep; with the equalnumberof unknovn PR(p;) val-
ues.Thus,theequationsanbe solvedfor theP R(p;) 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, startingfrom ary page,and ran-
domly selectingfrom that pagea link to follow. Whenthe
userreaches pagewith no outlinks, he jumpsto a random
page. Whenthe useris on a page,thereis someprobabil-
ity, d, thatthe next visited pagewill be completelyrandom.
This dampingfactor d makes sensebecauseauserswill only
continueclicking on links for a nite amountof time before
they getdistractedand startexploring somethingcompletely
unrelated With theremainingprobabilityl d, theuserwill
click ononeof thec; linksonpagep; atrandom.ThePR(pi)



valueswe computedabove give ustheprobabilitythatourran-
domsurferis atp; atary giventime.

Given the de nition, we can interpretthe PageRankof a
pageasits popularity on the weh High PageRankimplies
that(1) mary webusersareinterestedn the pageandthat(2)
moreusersarelik ely to visit the pagecomparedo low PageR-
ank pages.Giventhe effectivenesf Googles searchresults
andits adoptionby mary websearchengineq26], PageRank
seemdo capturethe importanceor the quality of web pages
well. Accordingto a recentsurey the majority of usersare
satis ed with the top-ranked resultsfrom Google and from
majorsearctengineq19].

4. QUALITY AND PAGERANK

In theprevioussectionwewentoverthede nition of PageR-
ank and explainedthat the PageRankof a pagecaptureshe
popularity of the pageon the weh We also amuedthat the
widespreadiseof PageRanKor websearchenginesndicates
its effectivenesdor websearches.

Beforewe discusshe weaknessesf PageRankanddevise
animproved 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
PageRanks thatit is basednthepopularityof awebpage.In
orderfor a pageto be popular mayusersmusthave examined
the pageandlikedit. Giventhis fact,whenthe PageRanlof
a pageis high — meaningthat mary previous userslooked
at the pageandliked it — it is reasonabldo expectthat a
new userseeingthe pagefor the rst time will alsolike it.
Overall, by returninghigh PageRanlpagesrst in theirsearch
results searchenginedncreasehe probability thattheir users
liketheir rst few results.

At the sametime, PageRanks signi cantly biasedagainst
unpopularpages,especiallythe onesthat were recentlycre-
ated[8, 4]. For example,considera nev pagethat hasjust
beencreated We assumehatthe pageis of very high quality
andanyonewho looks atthe pageagreeshatthe pageshould
berankedhighly by searctengines Evenso,becaus¢hepage
is new, few peopleareawareof it andthereexist only a few
(or no) links to it. This low popularitymeanghe pagewill be
rankedatthebottomof searchresultswhichin turnmeanghat
few userswill ever seethe page.Becausef thelow trafc, it
takesaverylongtime for the pageto becomepopular

Given the above discussionwe argue that what we really
wantto useastherankingmetricis not the currentpopularity
of the page,but the probability that a web userwill like the
pagewhenthe userseest for the rst time. PageRankworks
well in mary casedecausé captureshis probabilitywell for
well-known pages At thesametime, it is biasedor new pages
becausd’ageRanldoesnot correlatewith this probability for
new pages.To avoid this biaswhile preservinghe strengthof
PageRankwe proposeto usethe following de nition asthe
quality of a page:

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

Q(p) = P (LpjAp)

whereA, representshe event that the userbecomesewly
awareof the pagep by visiting the pagefor the rst time and

andL , representtheeventthattheuserlikesthepage. >

Given this de nition, we can hypothetically measurethe
quality of pagep by shaving p to all webusers.For example,
assuminghetotal numberof webuserds 100,if 90webusers
like pagep afterthey readit, its quality Q(p) is 0.9. We dis-
cusshow we may measurepagequality without explicit user
feedbackin the next section.

We believe that our quality de nition is reasonableiven
thatpagequality canbe a very subjectve 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
reasonabléo prefertheonethatpeoplearemostlikely to “vote
for”

NotethatPageRanlof apageestimateshequality of apage
well if all web pageshave beengiventhe samechanceto be
discoveredby web users;,whenpageshave beenlooked at by
the samesetof people,its popularity or the numberof peo-
ple who like the pageis proportionalto its quality. However,
new pageshave not beengiven the samechanceasold and
establishegagessothe currentpopularity of nev pagesare
de nitely lowerthantheir quality.

Finally, underour de nition, we notethatit is possiblethat
pagep: is considereaf higherqualitythanp, simply because
p1 discusses morepopulartopic. For example,if p; is about
the movie “Star Wars” andp; is aboutthe movie “Latino” (a
1985 movie producedby Geoge Lucas),p: may be consid-
eredof higherquality simply becausehe movie “Star Wars”
is morepopularthan“Latino.” We believe this “topic bias”is
not importantin our contet. Before searchenginesuseour
quality metric (or PageRank)to rank pages,they rst usea
relevancemetric (suchasthe tf.idf metric [25]) to selectthe
setof pagegelevantto the queryissuedby theuser It is only
within this setof pages(say pageson the movie Latino) that
thequality metricis applied. Therefore pnly therelative qual-
ity within a particularrelevant setof documentswill actually
be importantin determiningthe resultsreturnedin response
to aquery Thus,the absolutedifferencein the quality value
amongthe document®n differenttopicsdoesnot hurt the ef-
fectivenesof asearchengine.

4.1 Measuring pagequality

Givenour de nition of pagequality, the main challengeis
how we can measuret. If we wantto measurehe quality
in the strictestsense we needto contacta large numberof
web userswho visited the pageand obtaintheir feedbackon
whetherthey likedthe pageor not. As previous studiespoint
out, obtainingexplicit userfeedbacks a challengingtaskand
often impracticalin real-world settings. Thenhow canwe
measurethe quality of a pagewithout askingfor userfeed-
back?

Our main ideais basedon that (1) the creationof a link
oftenindicatesthata userlikesthe pageand(2) a high quality
pagewill belikedby mostof its visitors, soits popularitymay
increasemorerapidly thanothers.

First, the succes®f PageRankshavs thatwhena usercre-
atesalink to apageit oftenindicateshatthe useris interested
in the page. Thus, by observingthe existenceand creationof
thelinks to a page,we getimplicit feedbackon the pageand
canroughlyestimatehow mary peoplecurrentlylik ethepage.

Secondahighquality pagewill increasets popularitymuch



morerapidly thanothersoncethe pageis created becausea
largefraction of 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 deriative of popularity can be measured
relatively easily For example,if we usePageRanlasthepop-
ularity metric of a page,we may downloadthe web multiple
timesover a periodof time, measuréov muchthe PageRank
of eachpagechange®ver thistime period.

The dif cult questionis exactly how we canusethe popu-
larity increasen measuringjuality. For instancejs quality di-
rectly proportionalto popularityincreasefi.e., Q(p) = 22
if P(p) is thepopularityof pagep)? Shouldwe considerboth
thecurrentpopularityandthepopularityincreasén measuring
quality? Exactlyhow shouldwe combinethesetwo measures?
How dowe know whethera particularcombinationis good?

In orderto answerthesequestionswe take the following
approachn this paper:We rst assumea simpleyet reason-
ableweb-usemodelthat captureshe corepropertiesof how
usersbrowse web pages. We thenanalyzethis modelto de-
rive how the popularity of a pageevolves over time. Once
we obtainthe popularityevolution function, we investigateits
propertyto seehow we canestimatequality from popularity
evolution. Our analysiswill shav that we can estimatethe
quality accuratelythroughthefollowing formula:

dP (p)=dt
P(p)

whereC is a constantwhosemeaningwill be clearfrom our
laterdiscussionThe above formulashaws thatin orderto es-
timatethe quality well, we needto considerboth the current
popularity P (p) and the popularity increasedP (p)=dt. Fi-

nally, we evaluatethe effectivenesf this quality estimatotin

an experimentalsetting. We believe this approachallows us
to investicate the problemin a disciplinedway and provides
ascienti ¢ understandingn the coreassumption®ehindthe
nal rankingmechanism.

In Section5, we describeheweb-usemodel.In Section6,
we analyzethepopularityevolutionandobtaintheclosedform
formulafor the quality estimator In Section8 we presenbur
experimentakesult.

c + P(p); @)

5. WEB-USER MODEL

We start the descriptionof our web-usermodel with two
de nitions of popularity: (simple)popularity and visit popu-
larity.

De nition 2 (Popularity) We de ne the popularity of pagep
attime t, P(p;t), asthe fraction of web userswho like the
page. 2

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

Notice the subtledifferencebetweenthe quality of a page
andthe popularity of a page. The quality is the probability
that a web userwill like the pageif the userdiscorers the
page while the popularityis the currentfraction of webusers
who like the page. Thus, a high-quality pagemay have low
popularitybecausdew usersarecurrentlyaware of the page.
While the popularityof a pagein its exactsensemay be dif -
cultto measurewe maysubstituteany popularitymetric,such
asPageRankasa surrogteto the popularity

The secondhotion of popularity visit popularity, measures
how mary “visits” apagegetsin a unit time interval.

De nition 3 (Visit popularity) We de ne thevisit popularity
of a pagep attime t, V(p;t), asthe numberof “visits” or
“pageviews” the pagegetswithin a unit time interval attime
t. 2

For example,if 100usersvisit pagep; in theunittimeinterval
fromt, andif 200usersvisit pagep: in the sametime period,
V(p2;t) istwiceaslargeasV(pi;t).

We alsointroducethe notionof userawareness

De nition 4 (Userawareness)e de ne theuserawareness
of pagep attimet, A(p;t), asthefractionof webuserswho
areawareof p attimet. 2

For example,if 100,000users(say out of one million) have
visited the pagep; sofar andareaware of the page,its user
awarenessA (p1;t), is 0.1. Notethatthe userawarenessf p
representshe numberof web userswho have alreadyvisited
the pageand are aware of it whetherthey like it or not. In
contrast,the popularity of p representshe numberof users
who know aboutthe pageandlike it.

We assumeéhata usermakesherdecisionon herliking the
pagewhenthe uservisits the pagefor the rst time andsticks
to thedecisionforever. Thisassumptions clearlyanapproxi-
mationbecausesomeusersmay arbitrarily changetheir mind
at a later point. However, without ary further evidence,it is
reasonabléo expectthatif k userschangeheir positive deci-
sionto a negative one,a similar numberof usersalsochange
their negative decisionto a positive one, makingthe overall
numberof usersin eachcateyory thesame.

Giventhede nitions, we canseethefollowing relationship
betweeruserawarenesspopularityandpagequality.

Lemmal Thepopularity of p at timet, P(p;t), is equalto
the fraction of web uses who are aware of p at t, A(p;t),
timesthe quality of p.

P(pit) = A(pit) Q(p) @)

2

Proof In orderfor awebuserto like the pagep, theuserhas
to beawareof p andlike the page.The probabilitythata ran-
domweb useris aware of the pageis A (p;t) (De nition 4).
The probability thatthe userwill like the pageis 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 assumeahatQ(p) is a staticvaluethatdoes
not changeover time. Therefore,the popularity of pagep,
P (p;t), changesover time not becausdts quality changes,
but becauseausers' awarenesf the pagechanges.Laterin
Section6.3we alsostudythe casewhenthequality Q(p) may
alsochangeovertime.
We summarizeour notationin Table1.

5.1 Two hypotheses

We now explain two core hypothese®f our modelon how
usersvisit web pages. The rst hypothesisis basedon the
random-surfemterpretatiorof PageRankln Section3 we ex-
plainedthatthe PageRanlof pagep is equivalentto the prob-
ability thata userwill visit the pagewhenthe userrandomly



| Symbol | Meaning |

PR(p) | PageRanlof pagep (Section3)
Q(p) Quality of p (De nition 1)
P(p;t) | (Simple)popularityof p att (De nition 2)
V(p;t) | Visit popularityof p att (De nition 3)
A(p;t) | Userawarenes®f p att (De nition 4)
I (p;t) | Relative popularityincrease:

| (pt) - n dP (p;t )=dt

! r P (pit)

r normalizationconstantV(p;t) = rP(p;t)
n Total numberof webusers

Table 1: The symbolsthat are usedthr oughoutthis paper
and their meanings

surfstheweh Giventhisinterpretationit is reasonabléo as-
sumethatthe numberof visitorsto a pageattimet, 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 the page. That
is,

V(p;t) = rP(p;t) (or V(p;t) / P(p:t))
wheeer is a normalizationconstant. 2

At an intuitive level, the above hypothesismales sensebe-
causevhenapageis popularthepageis likely to bevisitedby
mary people.

Our secondchypothesiss thata visit to pagep canbe done
by ary webuserwith equalprobability Thatis, if thereexist
n webusersandif apagep wasjustvisitedby auser thevisit
may have beendoneby ary webuserwith 1=n probability.

Proposition2 (Randome-visit hypothesis)All webusers will
visit a particular page with equalprobability. 2

6. ANALYSIS OF WEB-USER MODEL

We now analyzeour web-usermodel to derive a closed-
form formulafor the quality estimator Naively, given Equa-
tion 2, we maythink thatthequality Q(p) canbeobtainedsim-
ply by dividing thecurrentpopularityP (p; t) by theawareness
A(p;t). Theproblemwith this solutionis thatwe do notknow
thecurrentawarenessf a pageunlesswe know theentirehis-
tory of the pageandhow mary uniqueusershave visited it.
Therefore Q(p) cannotbemeasuredhroughP (p;t)=A (p;t)
in mostpracticalsettings.

The above discussiorbrings up an importantpropertyde-
sired for the quality estimator: In orderto be practical, the
quality estimatorshouldrely only on the quantitiesthat can
be measued easily, suchas pagepopularity As we briey
describedn Section5, our mainideafor quality estimationis
thattheincreasgor time derivative) of popularitymaygive us
a stronghint on the quality of a page.To formally investicate
thisidea, in Section6.1 we analyzethe popularity evolution
of a pageunderour web-usemodel. Thenin Section6.2,we
take the time derivative of the popularity evolution function
andobtainthe quality estimatorthat usesonly quantitiesthat
areeasilymeasurable.

6.1 Popularity evolution

We now derive the popularity evolution function over time
underour model. Intuitively, if we know the currentpopular
ity of the pagep, we canestimatehowv mary newv userswill
visit p basedon Propositionsl and2. Then,out of thesenew
usersQ(p) is thefractionthatwill like the pagep, sowe can
estimatehow muchits popularitywill increase Thereforeas
long aswe know theinitial popularity of the pagep, we can
derive its entirepopularityevolution overtime.

For formal derivation, we rst prove the following lemma.
Thelemmashawvsthatwe canlearnthecurrentuserawareness
of apagefrom thehistoryof its pastpopularity For theproof,
we assumehattherearen webusersn total.

Lemma?2 Theuserawarenesofp att, A(p;t), canbecom-
putedfromits pastpopularity throughthefollowing formula:

rR .
Ap;t)=1 e n P (pit)dt ,

Proof V(p;t) is therateatwhichwebuserwisit thﬁpagep at
t. Thusbytimet, pagepisvisited , V(p;t)dt = r | P(p;t)dt
times.

Without lossof generality we computethe probability that
useru; is not aware of the pagep whenthe pagehasbeen
visited k times. The probability that the ith visitor to p was
notu; is(1 ). Thereforewhenp hasheenvisitedk times,
theprobabilitythatu; would h%e nevervisitedpis (1 %)k .
By time t, the pageis visited Ot V(p;t)dt times. Thenthe
probabilitythattheuseris notawareof p attimet, 1 A (p;t),
is
1 A(p:t)

1 = 1

Ry Ry
1 o V(pit)dt 1 r o P(pit)dt
n n

" L o =Rep et
= 1 =
n

Herewe will assumehatthe numberof web usersis quite
large,sowe canapproximatehe above expressiorby observ-

ingthatwhenn! 1, 1 % "1 e Thus,

TR .
1 A(pit)=e woPeO )

Lemmal shavs thatthe currentpopularityof a pagecanbe
computedrom its currentawarenessLemma2 shavsthatthe
currentawarenesgan be computedfrom its pastpopularity
By combiningthe two lemmaswe can computethe current
popularity of a pagefrom its pastpopularity The following
theorenshaws the popularityevolution function.

Theorem1 Thepopularityof page p evolvesovertimethrough
thefollowing formula:

Q(p)

P(p;t) = o oo

Q(p)
1+ 5o

Here, P (p; 0) is thepopularityof thepage p at timezew when
thepagewas r stcreated. 2

Proof FromLemmasl and2,
h

PR
P(pt)= 1 e m oP®DE o)
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Figure 1: Time evolution of pagepopularity

r R .
If we substitutee & o P (P with f (t), P(p;t) is equiva-
lentto ( 2)(§-=f). Thus,

n 1 o _
T F a—(l f)Q(p) 4)

Equatiord is known asa Verhulstequation(or logistic growth

equationwhichoftenarisedn thecontet of populationgronth [29].

Thesolutionto the equationis

1
f(t) = 1+ Cen QM
whereC is a constanto he determinecby the boundarycon-
dition. Sincef (t) = e o P(P)dt
r Rt . 1
LS P(pt)dt — .
€ ° 1+ CenQ®Mt’ ®)

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

i Q(p) Cen ™t

r . —
ﬁ P(pxt) - 1+ CeifTQ(p)l
After rearrangementye get
ey — c(p) .
P(p;t) = C+e LMt (6)

We now determinghe constantC. FromEquation6

CQp).

P(Pi0)= 57 )
Thus,
P(p;0)
C= ————— 8
AP P(p0) ®
After rearrangementye nally get
. Q(p)
P(pit) = :
1+ [y Ue ool

Basedon the resultof the abore theorem we shav an ex-
ampleof the popularity evolution of a pagein Figurel. We
assuméQ(p) = 0:8,n = 10%,r = 10% andP(p;0) = 10 8.
Roughly theseparametersorrespondo the casewherethere
are100million webusersandonly oneuserlikedthepagep at
its creation.The quality is relatively high at0.8. The horizon-
tal axiscorrespondso thetime. Theverticalaxiscorresponds
to the popularityP (p;t) atthegiventime.

Fromthegraphwe canseethatapageroughlygoeshrough
threestagesfterits birth: theinfantstagetheexpansiorstage,
andthematuritystage.In the rst infantstage(betweert = 0

andt = 15) the pageis barelynoticedby web usersandhas
practicallyzeropopularity At somepoint(t = 15), however,
the pageentersthe secondexpansionstage(t = 15 and30),
wherethe popularity of the pagesuddenlyincreases.In the
third maturity stage the popularity of the pagestabilizesat a
certainvalue. Note that this “sigmoidal” evolution of popu-
larity hasbeenexperimentallyobseredin the site popularity-
evolution datacollectedby webtrackingcompaniege.g.,Ne-
tRatings[18]).

We also note that the eventual popularity of p is equalto
its quality value0.8. The following corollary shawvs thatthis
equalityholdsin general.

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

Proof FromTheoreml,

A(p;0) Q(p)

P 1) = :
wY A(p;0)+ [1 A(p;0) e [Fe®I

Whent! 1 ,e [Fe®It 1 o Thus,
A(p;0) Q(p)
A(P;0)+ [1 A(p;0) e [Fe®]

A(p;0) Q(p) _ :
L Ao oW

P(p;t) =

Theresultof this corollaryis reasonableWhenall usersare
aware of the page,the fraction of all web userswho like the
pageis the quality of the page.

Theresultof Figurel con rms our earlierassertiorthatthe
popularity of a pageis not a goodestimatorof its quality for
new pages:During the infant and the expansionstage(t <
30), the popularity of the pageis signi cantly lower thanits
true quality value. It is only in the maturity stagewhenthe
popularityre ects thetrue quality of the page.

Finally, we note that the popularity evolution in Figure 1
is monotonesincewe assumehat the quality of a pageis a
staticvaluethat doesnot change.The quality, however, may
alsochangeover time, for example, whenthe pageis updated
or whenmary high-quality pagesappearon the web andthe
users'expectationon the pagegetshigher In Section6.3 we
extendourmodelandstudythecasewvhenthequality of apage
changesFor now, we assumehatthe quality valueof a page
is static.

6.2 Quality estimator

We cananalyzethe popularityevolution functionderivedin
theprevious sectionto explore whetherits time derivative can
beusedto estimatehequality of apage.Thefollowing lemma
providesthe corerelationshipbetweenthe time derivative of
pagepopularityandpagequality.

Lemma 3 Thequality of a page is proportionalto its popu-
larity increaseand inversely proportional to its current pop-
ularity. It is alsoinverselyproportionalto the fraction of the
useswhoareunawae ofthepage, 1 A(p;t).

n dP (p;t)=dt

WP Pewa aem O
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Figure2: Time evolution of | (p;t) and P (p;t) aspredicted
by the model.

Proof By differentiatingthe equationin Lemmal, we get

dP _ dA
T = g Q) (10)
FromLemmaz2,
d7A = ge rrTRtgp(p:t)dl
dt dt
LR‘P(p-t)dt r
= e wof ~P(pit)
r
=0 AEY) PEY : (11)
FromEquationslOand11, we get
Qp) = n dP (p;t)=dt

r PO A@D)

In Equation9, notethattwo mainfactors,dP (p;t)=dt and
P (p;t), are measurablén practiceby downloadingthe web
multiple timeswhile 1
Therefore,for now, we ignore the unmeasurabléactor 1
A(p;t) from the equationand study the propertyof the re-
mainingfactors & PP asthe quality estimator Intu-
itively, dP (p; t)=dt is the popularityincreaseof the pageand
P (p;t) is the currentpopularity sotheratio “{P2 )5 is the
relative popularityincreaseof the page. For corveniencewe
usethe symboll (p;t) to represent ™ % andrefer
to it astherelativepopularityincreasefunction

In Figure 2, we shav the time evolution of | (p;t) when
Q(p) = 0:2,n = 108, r = 10%, andP(p;0) = 10 °. The
horizontalaxisis thetime andtheverticalaxisshavsthevalue
of thefunction. The solid line in the graphshaws therelative
popularityincreasd (p;t). We alsoshav the time evolution
of the popularityP (p;t) asa dashedine in the gure for the
comparisonpurpose. We obtainedthesegraphsanalytically
usingthe equationof Theorem.

Fromthe graph,we canseethatthe relative popularityin-
crease] (p;t), is anexcellentestimatorfor the pagequality
Q(p) whenthe pagehasjust beencreatedt < 70). During
this time, | (p;t) 0:2 = Q(p). As time goeson, how-
ever, | (p;t) losesits merit asthe estimatorof Q(p): | (p;t)
getsmuchsmallerthanQ(p) fort > 120. Fortunatelywhen
I (p;t) is notagoodquality estimatoywe canseethatP (p;t)
is avery goodestimatorof Q(p) (t > 120). Thatis, | (p;t)
andP (p;t) arecomplementaryo eachotherasthe quality es-
timator.

Intuitively, the relative effectivenessof P (p;t) andl (p;t)
asthe quality estimatormakes sense.Whena pagehasjust

A(p;t) cannotbe easilymeasured.

0.2
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Figure 3: Time evolution of | (p;t) + P(p;t).

beencreatedmostusersare unavare of the page,soits pop-
ularity P (p;t) doesnotre ect its quality well. However, the
userswho visit thepagearemostly rst-time visitors,soif the
pageis of highquality, its popularitywill increaseveryrapidly,
makingtherelative popularityincreasd (p;t) a goodquality
estimator As time goeson, however, mostusersget aware of
thepage sothepopularityof thepagecannotncreasery fur-
ther Fortunatelyat this point, the fraction of web userswho
like the pageP (p;t) is equivalentto its quality, makingit a
goodquality estimator

From the shapeof the two curvesin Figure 2 we can ex-
pectthat we may estimatethe quality of the pageaccurately
if we addthesetwo functions. In Figure3, we shawv thetime
evolution of this addition,| (p;t) + P(p;t), for the samepa-
rametersasin Figure2. We canseethat! (p;t) + P(p;t) is
astraightline atthe quality value0.2. Thefollowing theorem
generalizeshis obserationandshavs thatl (p;t) + P (p;t)
is indeedanaccuratequality estimator

Theorem 2 The quality of page p, Q(p), is alwaysequalto
thesumof its relative popularityincreasel (p;t) andits pop-
ularity P (p;t).

Q(p) = I (p;t) + P(p;t) 2
Proof We rst restateEquationll:
dA(p;t) _

r
- @ AED) o PEY
If we multiply the above equatiorby Q(p), we get

dA(p;t) _
s (Q(p)

Qp) QPAPY) = P(p;);

which canbesimpli ed to

dP(p;t) _ . r -
G = QP P@) - Pty

If we divide theequatiorby P (p;t) andaddP (p;t) to both
sideswe get

dP (p;t)=dt

(r=n)P(p;t)

The above theoremshaws that underour web usermodel

we cancomputethe quality of apageby measuringts relative

popularityincreaseand currentpopularity Basedon this re-

sult,wede nel (p;t) + P(p;t) asthequality estimatorof p,

QA(p;t):

+ P(pit) = Q(p)

Q(p;t) = 1 (p;t) + P(p;t)
n  dP(p;t)=dt ,
rPED + P(p;t) (12)



Laterin Section8, we evaluatethe effectiveneswf the above
quality estimatorexperimentally

6.3 Changing quality

So far we have assumedhat the quality Q(p) of a page
is a constanthat doesnot changeover time. In this section,
we analyzethe scenariowherethe quality alsochanges.Our
maingoalis to understandhiow our quality estimatoishouldbe
updatedo handlethis scenario Beforewe describeourformal
analysisandresult,we usea simpleexampleto illustrate our
main nding.

Example 1 We assumehatthe pagep wasoriginally of qual-
ity Q1 = 0:8fromt = Ountilt = 30. Att = 30, thequality
suddenlydropsto Q. = 0:4. We shav the popularityevolu-
tion underthis scenarian Figure4. The graphwasobtained
analyticallybasedn the sameparameterasin Section6.1.

P, 1)
0.8

0.6
0.4

0.2

t

1020 30 40 50 60
Figure 4: Popularity evolution when quality dropsatt =
30

As before thepopularityincreasegromt = O untilt = 30
asmorepeoplevisit the pageandgetawareof it. By t = 30,
the popularity becomesloseto its quality value 0:8. After
t = 30, however, the popularity graduallydecreaseslue to
thedropin quality: the peoplewho visit the pageagain after
t = 30realizethatits quality is notasgoodasit usedo beand
mary of themstopliking the page. This decreaseontinues
until the popularitystabilizesatthe new quality value0.4. >

In the abore example,we note that the situationbetween
t = 0andt = 30is essentiallythe sameasin the previous
sectionso % + P(p;t) is agoodquality estima-
tor duringthistime. But whatwill beagoodquality estimator
aftert = 30? Doesour estimatorstill work well in this region
andestimatethe correctquality value Q. aftert = 30? Our
analysisshavs that our estimatoris still valid evenin this re-
gion. Thatis, % + P(p;t) = Qzfort > 30. In
general,we can prove the following theoremthat shavs that
our estimatotis still valid evenafteraquality change:

Theorem 3 Weassumeéhatthequality of pagep, Q(p), changes
fromQ; to Q2 attimeT. Then
n dP(p;t)=dt

Q2: _

© P t>T

+ P(p;t) for (13)

2

Proof After time T, we canput usersinto threegroups: (1)
theuserswho visitedthe pagebeforeT (2) theuserswho vis-
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
thethe notationu; andu; to representhe group(1) and(2),

respectiely. In Figure5, we shav the Venndiagramshawing
ui, Uz andthe total usergroupU. We usejuij andjuzj to
representhe relative size of eachgroup: i.e., the fraction of
userswhobelongto u; anduy, respectiely.

U
u

Y %

Figure5: Venndiagram for usergroupsafter time T

At timet > T, we notethat the userswho belongto u,
have seenthe pagewhenits quality is Q», so Q. fraction of
theusersin u, endup liking the page.The userswho belong
to(ur uy) group(the userswho visited the pagebeforeT
but not after T) still believesthat the quality of the pageis
Q1 becausdhey haven't seenthe newv page. Therefore,out
of jur  uzj usersQ; fractionstill like the page.Of course,
the userswho arenotin eitherus or uz cannotlike the page
becausehey have never visitedthe page.Overall, thefraction
of webuserswho like thepageattimet > T is

P(p;t) = Qijus

Notethataftert > T, theu; groupremainsthe samebut the
u, groupgraduallyexpandsasmorepeoplevisit the pageafter
T. We denotethis time dependencesingthe notationuz(t)
for u, but simplyu; for u;. Then,

P(p;t) = Qijus

We now computgux(t)j andju;  uz(t)j in orderto com-
puteP (p;t). juz(t)j is thefractionof userswho visit p from
time T tot. Fromtheproofof Lemmaz2, it is easyto seethat
thisfractionis givenby

Uzj + Qzjuzj:

uz(t)j + Qajua(t)j fort> T: (14)

R
Lt P (pit)dt .

juu(hi=1 en (15)

In computingju;  uz(t)j, we notethat the usergroupsu;

andu, areindependentThatis, accordingo ourrandom-visit
hypothesisthe probability thata uservisits the pagep att is

independenof his pastvisit history sowhethertheuservisits
p aftertime T is independenbf whetherhe visited the page
beforeT . Giventhisindependencehesizeof theintersection
Ui \ uz(t) canbecomputediy simplemultiplication

jur\ uz(t)j = juaj juz(t)j:
Then
juajjuz(t)j

jur uz(t)j = judj jua\ouz(t)j = juaj

and

P(p;t) = Qijur  ua(t)j + Qzjuz(t)]
= Qujusj  Qajusjjuz(t)j + Qzjuz(t)j
= Qujuij + (Qz  Qujusj)juz(t)j:
We now differentiatethis equatiorby t andget

POV = (@ Qujuapy 220,

at (16)



FromEquationl5, we know that

diuz(t)j _ 1 . R (o)t
a - nrPne

TPEOE jux(O)):

Therefore Equationl6 becomes

dP (p;t)
dt

(Q: Quius)-P(EDE  juz(D))
CP(EDQ:  fQuius]  Qujusjjuz(D)

+ Qzjuz(t)jg]

fQujur  uz(t)j + Qzjuz(t)jg]
SP(PINIQ:  P(pit)] (fomEq.14)

If we divide theabove equatiorby P (p;t) andaddP (p;t),
we get

TP (P 0IQ:

n dP(p;t)=dt L )
T W"' P(p;t) = Qz:

7. MEASURING QUALITY FROM WEB
SNAPSHOTS

In the previous sectionswe discussedhow we canestimate
the quality of a pageon the basisof its presenpopularityand
its instantaneousime derivative. In practice, however, the
time derivative cannotbe measurednstantaneousjybut only
canbeapproximatedhroughtheincreaseof PageRanlat dis-
cretetime points. Thatis, we take the snapshot®f the web
attimesti;tz;ts;:::, computePageRanlof pagesrom each
shapshoandapproximateEquation12 with

.y _ N PR(p;ti)= t
QApit) = | PR(p;ti)
where,PR(p;ti) is the PageRanlof p att;,

PR(p;ti) PR(p;ti 1),and t =1t ti 1.

Unfortunatelythis discretemeasuremennayleadto aner-
ror for thefollowing reasons.

+ PR(p;ti) 17)

PR(p;ti) =

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

2. Quality change during measuement In our theoret-
ical derivations, we assumedhat the quality remains
constanduring measurementt. This assumptionis rea-
sonablewhenwe can measurehe derivative instanta-
neously but whenit is measureaver atime periodi,it is
possiblethatthe quality may changeduringthetime.

3. Timelag: Considerthe time periodaftert, but before
t3. Sincewe haven't capturedhets snapshotthe most
recentquality estimatds the onecomputedrom thet;
andt, snapshotsThatis, duringtheinterval (t2, t3), we
usethequality valuemeasuredn (t1, t2). Thistimelag
betweenthe quality measuremerandits usemay lead

INote that our resultin Section6.3 shaws thata quality changebe-
fore or aftermeasuremerdoesnot affectthevalidity of our estimator
However, our analysisdoesnot guaranteets correctnessf thereis a
changeduring measurement.
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Figure 6: True and estimated quality valuesfor a static
quality scenario
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Figure 7: Err or valuesaswe increasethe time interval be-
tweentwo consecutve popularity measuements

to anerrorif the quality changesaftert, evenif it did
notchangeduring(ti;tz2).

To investigatethetheimpactof theseerrors, we usethefol-
lowing threescenarios.

1. Staticquality: We consideiapagep whosequalityvalue
Q remainsconstantt 0:5. We assumdhatwe take the
snapshobf the web everyt = 1 time unit, and we
recomputethe quality value usingthe mosttwo recent
snapshots.Thatis, att = i, we estimated from the
popularityvaluesatt = i andt = i 1. We usethe
quality valueestimatedatt = i duringt 2 (i;i + 1).
Figure6 shavsthetruequality Q, the popularityP , and
theestimatedquality@ over time underthis setting.

In this scenariothe only sourceof erroris the approxi-
mationerror, becaus¢hequality valueremainghesame
all thetime. The gure showsthatthiserroris negligible

in this scenarioQ and® arealmostidentical. We also
seethatour quality estimator® workswell asa “even-
tual popularitypredictor’ Thatis, atary time point, O

givesthe value 0.5, which is the sameasthe eventual
popularityof the page.In contrastthe currentpopular

ity P is notagoodpredictorof the eventualpopularity;
Fromt = 1luntilt = 400, P is signi cantly smaller
than0.5.

The magnitudeof the approximationerror will clearly
dependon the lengthof intenval t. In orderto study
thisimpact,we repeathe sameexperimentfor different
t valuesandshaw theresultin Figure7. Thehorizon-
tal axisis t andtheverticalaxisis theerror, jQ Qj,
forthegiven t. Asweexpect,theerrorbecomesarger
at t grows. For example,when t = 45 (about10%
of the time it took for the pageto obtainthe eventual
popularity),theerroris 0.33(67%relative error).

2. Slowchangein quality: We considerapagep whoseini-
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Figure 9: Graph showing error valuesaswe increasethe
rate of changein quality

tial quality Q is 0:4. The quality valueincreaseslowly
overtimeaccordingo therelationQ(t) = 0:4+0:0006,
reaching0:7 att = 500. We measurdhe quality esti-
mate® after every unit time interval. We plot the true
quality, the popularity andthe estimatedjuality values
in Figure8 underthis scenario.

Fromthe gure, we obsene thefollowing:

(a) Ourestimatoi still measurethetruequalitywell;
At everytimepoint, @ Q.

(b) & is not a good predictor of the eventual popu-
larity. For example 0:4 att = 1, but the
eventualpopularityis 0.7att = 500in thisgraph.
It shouldbe noted however, that@ is a betterpre-
dictor of the eventualpopularity thanthe current
popularityP. For example,®  0:4 att = 1,
whichis muchcloserto theeventualpopularity0.7
thanP  Oatt = 1.

The magnitudeof the errorin @ 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 multiple valuesof c. Figure9 shavs
theresult,wherethehorizontalaxisis ¢, thechangeate,
andtheverticalaxisis theerrorjQ  @j atthegivenc.
For example,whenc = 0:005 (about1% increasein
quality in onetime unit), jQ  Qj 0:1 (20%rela-
tive errorin the quality estimation).As expected,with
increasan thevalueof c, theerroralsoincreases.

3. Rapidchangein quality: Finally, we considerascenario
wherethe quality Q of the pagerapidly uctuatesover
time. As we shav in Figure 10, the quality of the page
changesaccordingto a sinusoidalrelation. We assume
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Figure 10: Graph of actual and measured quality values

thatwe measurehe quality of the pageafter every unit
timeintenal.

Overall, we canseethatthe overall shapeof Q and &
graphsare similar. However, the time lag becomesan
importantsourceof errorin this scenarioThe & curve
is onetime unit behindthe Q curve, which makesthe
two valuesvery differentat mary time points. Also, Q
is a very crudeapproximationof Q; Evenif we ignore
thetime-lagerror, @ andQ valuesaresigni cantly dif-
ferentsometimesiueto thejaggednatureof @. Finally,
we notethat & is not a good predictorof the eventual
popularity;Because& uctuatesfrequently thereis no
correlationbetweerthe currentquality estimate® and
the eventualpopularity In summary @ is not very ef-
fective whenthe quality rapidly change®vertime.

8. EXPERIMENTS

Giventhatourultimategoalisto nd high-qualitypagesand
rank themhighly in searchresults,the bestway to evaluate
our quality estimatoris to implementit on a searchengine
andseehow well usersperceve our new ranking. Beforewe
embarkon this enormousende&or, we wantedto checkthe
potentialof our proposedjuality estimatorin amorepractical
andmanageableetting.

Evaluatinga web ranking metric is a challengingtask be-
causeof its subjectvity andthelack of standarccorpus. The
relevanceandquality of a pageis clearly a subjectve notion,
so the bestway of measuringthe effectivenessof a ranking
metricis to askalargenumberof usersto go overacollection
of web pagescarefullyandprovide their feedbackon the per
ceived quality of eachpage.This taskis clearlytime consum-
ing and expensve. Recognizingthis challengethe IR com-
munity hascollaboratvely constructeda standardevaluation
corpus,calledTREC[27], which alsoincludesa specialsub-
collection of web documents. Unfortunately this datasetis
notwell suitedfor our evaluation,becausgl) it only contains
asinglesnapshobf theweb, makingit impossibleto measure
the evolution of PageRankand (2) the dataseindicatesonly
the binary relevance(eitherO or 1) of eachpageto a number
of prede nedqueries. With the binary relevance,we cannot
rank the pageshasedon their quality and comparethis rank-
ing to theonefrom our quality metric.

Thus,we take analternatve approacho evaluatingthe po-
tential of our quality estimator Our mainideafor evaluation
is that when the quality value doesnot changesigni cantly
overtime, the popularityof a pageeventuallycorvergesto its
quality. Thatis, theeventualpopularityof a pageis agoodes-
timatorof its quality. Thus,for thepageswith stablequality;, if



we canwait long enoughpour estimatedjuality shoulda good
“predictor” of the eventualPageRank Basedon this idea,we
capturemultiple snapshotef the web, computepagequality,
andcompardoday's quality valuewith the PageRankaluein
the future. Admittedly, this evaluationis not perfectbecause
thequality is comparedagainstfuture PageRanka metricthat
it tries to replace. However, with the lack of the true qual-
ity valuefor eachpagewe believe thatthis comparisonatthe
very least,will showv thepotentialof our estimator

8.1 Description of dataset

Due to our limited network and storageresourcesye had
to restrictour experimentsto a relatively small subsetof the
weh In our experimentwe dowvnloadedpageson 154 web
sites(e.g.,acm.org , hp.com , etc.) four timesover the pe-
riod of six months. The list of the web siteswere collected
from the OpenDirectory (http://dmoz.org ). Thetime-
line of our snapshotss shavn in Figure11. Roughly the rst
threesnapshotsveretakenwith one-monthintervals between
them and the last snapshotvas taken four monthsafter the
third snapshotWe referto the timesof the four snapshotss
t1;t2;ts3 andts. Laterin thissectionwewill usethe rst three
shapshot$o computethe quality of pagesand evaluatehow
well the earlier quality values“predict” the “future” PageR-
anksatt,.

Our snapshotsverequite completemirrors of the 154 web
sites.We downloadedpagedrom eachsite until we could not
reachary morepagedrom thesiteor we downloadedhemax-
imum of 200,000pages.Out of 154 web sites,only four web
siteshadmorethan200,000pages.The numberof pageghat
we downloadedin eachsnapshotangedbetweernd.6 million
pagesand5 million pages.Sincewe wereinterestedn com-
paring our estimatedpagequality with the future PageRank,
we rst identi ed thesetof pagesdownloadedn all snapshots.
Outof 5 million pages2.7 million pagesverecommonin all
four snapshotsWe thencomputedhe PageRankvaluesfrom
thesubgraptof thewebobtainedrom these2.7 million pages
for eachsnapshot.

8.2 Quality and futur e PageRank

Using the datasefust describedwe now investigate how
well our quality estimatorpredictsthe future PageRank.

Stabilityof quality. In Section7 we shavedthatour qual-
ity estimatoris a goodpredictorof the future PageRankonly
whenthe quality doesnot changesigni cantly overtime? We
rst investigatehow mary pagesn our snapshotfiave stable
quality values.

To checkthestability, we computethreequality values,Q-,
O3 and @4, from our four snapshotswhere®; is measured
basednthePageRankialuesof thet; andt; 1 snapshotsis-
ing Equation17 assuming.1 for r=n. (The choiceof 0.1is
explainedlater). In Figure 12 we shav the histogramof the
relative quality differencebetween®, and @s (white bars)
andbetweenQs andQ,4 (gray bars). Fromthe histogramwe
canseethatthe vastmajority of pagesin our snapshothiave
stablequality. For example,the rst white andgray barsin-

2This statementioesnot mearthatour quality estimatoris not useful
whentherearequality changes Our estimatorstill measureshetrue
quality valuewell evenwith gquality changesbut thetruequality value
may not bethe sameasthe future PageRank.
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Figure 12: Relative quality differ encebetweensnapshots
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dicatethatmorethan99% pagesshaw lessthan10%relative
differencebetweer®, and®; andaboutd0%pageshaw less
than10%differencebetweern®s andQ,.

Predictionaccuracy. We now comparghe predictionac-
curagy of the“future” PageRankP R(p;t4) whenwe usethe
“current” PageRaniP R(p;ts) or ourqualityestimatong(p)

asthe PR(p;t4) predictor For the comparisonwe compute
thefollowing averagerelative “error”:

8
3 PR(pit4) Qs(p)
PR(pit 4)

for Qs(p)
err(p) =

PR(pita) PR(pit3)

PR(pit4) for PR(p;t3)

From this comparisonwe obsenre that the averageerror is
0.45for Q3(p) while it is 0.74for PR(p;t3). Thatis, our
quality estimator@s(p) shavs about39% more accurag in
predictingthe future PageRankon average® Assumingthat
the PageRanlat t4 is closerto the true quality of pagesthis
resultstronglyindicatesthatour estimatormeasureshe qual-
ity muchmoreaccuratelythanthe currentPageRank.

In Figure13, we reportmoredetailedresultfrom this com-
parison. In the graph,we shaw the distribution of the rela-
tive errorsfor Q3(p) and P R(p;ts). The white barscorre-
spondto the histogramof O3 (p) andthegraybarscorrespond
to PR(p;t3). For example,from the rst barsof the graph
we canseethat Qs(p) shaws lessthan0.1 relative error for
56% pageswhile PR(p;t3) shavs similar error for 45% of
the pages. Whenthe relative error is larger than 1, we put

3To shaw their differencemoreclearlywe computethe averageerror

only for the pagesfor which Qg(p) andP R(p;t3) give morethan
5% differentpredictionfor the future PageRank.
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Figure 14: Choiceof n=r

theminto thelastbin labeledas1. This graphshaws thatour
quality estimatorQs (p) leadsto smallererrorsfor morepages
thanP R(p;t3). We also conductedsimilar comparisonus-
ing Q,(p) asthe quality estimatorand obtainedcomparable
results.

Estimationof n=r. We now explain our choiceof 0.1 for
the parametemn=r. In our theoreticalmodel,n corresponds
to the total numberof web usersandr is the normalization
constantn our popularity-equralencenypothesisin practice,
n=r determineshonv much“weight” we assigngo therelative
popularityincreaseterm. For example,whenn=r = 0, our
quality estimatorreducesto O(p;t) = P(p;t), which com-
pletely ignore the popularity increasein estimatingquality.
Thatis, whenr=n is small, our estimatorbecomesloserto
thetraditionalPageRanknetricandgetsmore“consenative”
in usingthe popularityincrease.

To determinethe bestchoicefor n=r, we usethefollowing
approach:We measurethe relative error betweend(p) and
PR(p;t4) for multiple n=r valuesandwe pick the valuethat
leadsto the smallestdifference.ln Figure14, we shov theer-
ror betweer®, andP R(t4) andbetweerQs andP R(t4) for
multiple n=r values.Fromthe graph,we canseethatwe get
minimal erroraroundn=r = 0:1 bothfor Q, andQs. Based
onthisresult,we usen=r = 0:1 for otherexperimentsn this
section. We emphasizehowever, that our quality estimator
is still asgoodasor betterthanthe currentPageRankasthe
future PageRankpredictorwhenwe useary valuebetweer0
and0.1for n=r: Asn=r graduallydecreaseom 0.1to 0, our
estimatoibecomesloserto PageRankanderrorgetscloserto
thatof PageRank.

9. CONCLUSION

In this paper we investigatedthe problemof pagequality,
including how to quantify the subjectve notion of pagequal-
ity, how well existing searchenginesneasurehe quality, and
how we might measurehe quality of a pagemoredirectly. In
ourstudy we proposedireasonablée nition for pagequality

andwe deriveda practicalway of estimatinghe quality based
on acarefulanalysisof areasonableveb-usemodel.Finally,
we evaluatedthe potentialof our quality estimatorthroughan
experiment.

At avery high level, we may considerour proposedjual-
ity estimatorasa third-generatiorranking metric. The rst-
generatiorrankingmetric (beforePageRankjudgedtherele-
vanceandquality of a pagemainly basedon the contentof a
pagewithout muchconsideratiorof weblink structure.Then
researcherfl6, 21] proposedsecond-generatiamnkingmet-
rics thatexploited thelink structureof theweh In our study
we arguedthatwe canfurtherimprove the rankingmetricsby
consideringhotjustthecurrentlink structure put alsotheevo-
lution andchange in thelink structure.

As moredigital informationbecomesvailable,andasthe
web further maturesijt will getincreasinglydif cult for new
pagego bediscoveredby usersandgettheattentionthatthey
desere. We believe thatour new rankingmetricwill helpus
alleviate this “information imbalance”problemthat only es-
tablishedpagesarerepeatedljooked at by users.Our metric
canidentity thesehigh-qualitypagesmuchearlierthanexist-
ing metricsandshortenthetime it takesfor new pagedo get
noticed.

9.1 Discussionand futur e work

While our resultindicatesthat our quality metricis a good
way to measurdahe quality of a pagein practice,we discuss
someof the limitations of our work and potentialvenuesfor
futurework.

StatisticalNoise Onepotentialproblemwith thequality
metricis thatit may be adwerselyaffectedby noisefor
pageswith verylow popularity Whenwe aremeasuring
the rare event of a pagewith low popularity receving
anew link, thereis the potentialthat noisecould cause
suchapageto bepromotedprematurelyFurtherwork is
requiredto investigatehow bestto smoothoutthecune,
including perhapsadjustingthewebdownloadintenvals
dependingon the currentPageRankvalues. For exam-
ple, for low-PageRankageswe maywantto compute
the PageRankincreaseover a longer periodthanhigh-
PageRanlpagesdn orderreducetheimpactof noise.

Scaleof thedata Ourexperimentwasbasednasmall
subsef theweh While our resultindicatedimprove-
mentover the PageRankmetric, it will beinterestingto
seehow well our quality estimatorworks for a larger
dataset.

Applicationto webtrafc data While in this paperwe
usedthe web link structureand its evolution to mea-
surepopularity (andthusquality), our estimatorcanbe
similarly appliedto thewebtrafc data.Thatis, assum-



ing that the visit popularity is equivalentto the (sim-

ple) popularity (Propositionl), if we canmeasuréhow

mary peoplevisit a particularwebsiteandhow quickly

thenumberof visitsincreasesver time, we canuseour

quality estimatotto measure¢hequality of thesitebased
onthistrafc data.lt will beinterestingto seehow this

traf c-basedquality estimates differentfrom our link-

basedjuality estimateandwhich quality estimateusers
prefer
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