What's New on the Web? The Evolution of the Web
from a Search Engine Perspective

Alexandros Ntoulas
UCLA Computer Science

ntoulas@cs.ucla.edu

ABSTRACT

In this paperwe seekto geta betterinsighton how thesearch
enginesshouldcopewith the evolving Web, in an attemptto
provide userswith up-to-dateresults.In this respectwe have
crawled all pagesfrom 154 siteson a weekly basis,for a pe-
riod of oneyear andwe have studiedvariousaspectf the
evolving Webwhich areof particularinteresto thesearchen-
gines. Our main ndings shav that every week 8% of the
pagesarereplacedwith 3:8 TB worth of nev pagescreated
in that sameweek. However, the link structureon the Web
changesnorevastly thanthe actualpages:every weekabout
25% new links are created. From the pagesthat do not dis-
appearover time, abouthalf do not changeat all even after
ayear Additionally, thosethat do changeundego only mi-
nor changesn their content: even after a whole year50% of
thechangedagesarelessthan5% differentfrom their initial
version. In orderto studythe change®over time we usedtwo
changeametricsrelevantto searchenginespamelythe TRIDF
distancemetric and numberof differentwordsintroducedin
eachchange Finally, we shav thatpageswith similar change
frequenciege.g. onceevery month)do not demonstratsimi-
larity in theamountof updatethatthey undego. However, our
resultsindicatethatthereis a signi cant correlationbetween
theamountof pastandfuture changesndthatthis correlation
canvary signi cantly betweendifferentWeb sites. Although
our work hasa few commonalitieswith prior studies[16, 8,
18,12,15],it is, to thebestof our knowledge the rst experi-
mentalstudyinvestigatingthe variousaspect®f “new things”
ontheWeh

1. INTRODUCTION

As the Web grows larger andmorediverse,searchengines
are becomingthe “killer app” of the Weh Wheneer users
want to look up information, they typically go to a search
engine,issuequeriesandlook at the results. Recentstudies
con rm the growing importanceof searchengines. Accord-
ing to [4], for example,Web usersspenda total of 13 million
hourspermonthinteractingwith Googlealone.

Searchenginegtypically “craw!” Web pagesn adwanceto
build local copiesand/orindexesof the pages.This local in-
dex is thenusedlater to identify relevant pagesand answer
users'queriesquickly. Given that Web pagesare changing
constantly searchenginesneedto updatetheir index periodi-

cally in orderto keepup with the evolving Weh An obsolete
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index leadsto irrelevant or “broken” searchresults,wasting
users'time and causingfrustration. In this paper we study
the evolution of the Web from the perspectie of a searchen-
gine,sothatwe cangeta betterunderstandingn how search
enginesshouldcopewith the evolving Weh

A numberof existing studieshave alreadyinvestigatedthe
evolution of the Web [16, 8, 18, 12, 15]. While someparts
of our study have commonalitieswith the existing work, we
believe thatthe following aspectsnale our studyunique,re-
vealingnew andimportantdetailsof the evolving Weh

Link-structue evolution Searchenginesrely on both
the contentandthe link structureof the Web to select
thepagedo return.For example GoogleusesPageRank
astheir primaryrankingmetric,which exploits the Web
link structureto evaluatetheimportanceof a page[10].
In this respectthe evolution of thelink structureis an
importantaspectthat searchenginesshouldknow, but
not much work hasbeendone before. As far aswe
know, ourwork is the rst studyinvesticatingtheevolu-
tion of thelink structure.

New pageson the Webi While a large fraction of ex-
isting pageschangeover time, a signi cant fraction of
“changes”on the Web are due to new pagesthat are
createdover time. In this paper we study how mary
new pagesarebeingcreatedevery week,how muchnew
“content” is beingintroducedandwhat arethe charac-
teristicsof the newly-createdpages.Again, we believe
ourwork is the rst studyinvestigating variousaspects
of “new things” onthe Weh

Seach-centricchange metric We studythe changesn
theexisting Webpagesusingmetricsdirectly relevantto
searchengines.Searchenginegypically usevariations
of TE.IDF distancemetric to evaluatethe relevanceof
a pageto a query andthey often use an invertedin-
dex to speedup the relevancecomputation.In our pa-
per, we measurahe changesn the existing pagesusing
both 1) the TF.IDF distancemetric and 2) the number
of new wordsintroducedin eachupdate. The study of
the TF.IDF distancewill shedlight on howv much“rel-
evance” changea pagegoesthroughover time. The
numberof new wordswill tell us how muchupdateis
requiredfor theinvertedindex.

In this paper we study the above aspectf the evolving
Web, by monitoringpagesn 154 Web siteson aweeklybasis
for oneyearandanalyzingthe evolution of thesesites. We
cansummarizesomeof the main ndings from this studyas
following:



1. What's nev ontheWeb?

We estimatehatnew pagesarecreatechttherateof 8%
perweek. Assumingthatthe currentWeb has4 billion
pagesthis resultcorrespondso 320 million new pages
every week,whichis roughly 3.8 terabytesn size! We
alsoestimatethatonly 20%of the pagesavailabletoday
will bestill accessiblafteroneyear Giventhis result,
we believe that creationand deletionof newv pagesis
a very signi cant part of the changeson the Web and
searchenginesneedto dedicatesubstantialresources
detectinghesechanges.

While a large numberof new pagesare createdevery
week,thenew pagesseento “borrow” asigni cant por-
tion of their contentfrom exiting pages.In our experi-
mentswe obsenre thatabout5% of “new content”is be-
ing introducedevery week? Given 8% new pagesand
5% new content,we estimatethat at most5%=8% =

62% of thecontentin thenewly createcdpageds “new.”

After ayear about50% of the contentson the Web are
new.

Thelink structureof the Web s signi cantly moredy-
namicthanthe contentsonthe Weh Every week,about
25%new links arecreated.After a year about80% of
the links on the Web arereplacedwith nev ones. This
resultindicatesthatsearchengineseedto updatelink-
basedranking metrics (suchas PageRank)very often.
Given 25% changesavery week, a week-old ranking
may not re ect the currentranking of the pagesvery
well.

2. Howmud change?
Ourresultsindicatethatonceapageis createdthepage
is likely to gothrougheitherminorchange®rnochange
atall. Outof all pagegthatarestill availableafterone
year half of themdo not changeat all duringthatyear
Evenfor thepageghatdo changethechangesrevery
minor. For example afteroneweek,70%of thechanged
pagesshav lessthan 5% differencefrom their initial
versionunderthe TFIDF metric. Even after oneyear
lessthan50% of the changedhagesshav lessthan5%
differencaunderthe TF.IDF metric. Thisresultis roughly
in line with the ndings reportedin [16] and strongly
indicateghatcreationof new pagess amuchmoresig-
ni cant sourceof changeon the Web thanthe changes
in theexisting pages.

3. Canwe predictfuture changes?

Sincesearchengineshave limited network and download
resourcesthey try to download pagesthat changedmost
in orderto detectas much changeasthey can. We in-
vestigatedtwo ways of predictinghow mucha pagemay
have changed:the frequencyof change andthe degree of
chang. Thefrequeng of changemeanshow mary times
a pagechangedwithin a particularinterval (for example,
threechangesn a month). The degreeof changemeans
how muchchangea pagewentthroughwithin aninterval
(for example,30%differenceunderthe TE.IDF metricin a
week).

Frequencyof change: Our resultindicatesthat the fre-

gueng of changds notagood“predictor” of thedegree

We assume 2KB asthe averagepagesize.
2More precisede nition of “new content"will begivenlater

of changeWe couldnotobsene meaningfulkorrelation
betweerthem.For example evenif two pagesxhibit a
similar frequeng of changen the past,say 10 changes
in oneweek, their future degreeof changecanbe very
different. Given this result,we expectthat existing re-
freshalgorithmsfor searchenginesmay not be a good
choiceif we wantto maximizethe degreeof changes
thatthe searchenginesdetect.Most existing algorithms
usethe frequeny of changeastheir predictionmecha-
nism[12, 14].

Degreeof change: The pastdegreeof changesxhibits a
strongcorrelationwith thefuturedegreeof change That
is, if apagechangedy 30%in thelastweek(say under
the TF.IDF metric), the pageis very likely to change
30% in the next week again. Similar resulthasbeen
reportecby [16], butwe alsoobsenethatthecorrelation
variessigni cantly betweerthe sites. While somesites
exhibit avery strongcorrelationsomesitesdo not.

2. EXPERIMENTAL SETUP

To collectWebhistorydatafor ourevolution study we down-
loadedpagesfrom 154 “popular” Web sites (e.g., acm.og,
hp.com, oreilly.com; see [6] for a completelisting) every
weekfrom October2002until October2003,for atotal of 51
weeks. In this section,we explain how we selectedhe sites
for our study and describehow we conductedthe crawls of
thosesites. We alsopresenta few generalstatisticsaboutthe
datawe collected.

2.1 Selectionof the sites

In selectinghesitesto monitor, we wantedto pick a“repre-
sentatve” yet“interesting”sampleof theWeh By representa-
tive, we meanthatour sampleshouldspanvariouspartsof the
Web, coveringa multitudeof topics. By interestingwe mean
thatareasonablyarge numberof usersshouldbeinterestedn
the sites,assearchenginestypically focustheir resource®n
maintainingthesesitesthe mostup to date.

To obtain sucha sample,we decidedto pick roughly the

vetop-ranledpagedsrom eachtopicalcateyory of theGoogle
Directory[1]. GoogleDirectory maintainsa hierarchicalist-
ing of Web sitescateyorizedby topic. Siteswithin eachcate-
gory areorderedby PageRankenablingusersto identify sites
deemedto be of high importanceeasily By selectingsites
from eachtopical categyory, we believe we madeour sample
“representatie’ By picking only top-ranledsites,we believe
we make our sample“interesting. A completelist of sites
includedin our studycanbe acquiredfrom [6].

2.2 Download of pages

Fromthe154Websiteswe selectedor our study we down-
loadedpagesveryweekoveraperiodof almostoneyear Our
weekly downloadsof the siteswerethoroughin all but a few
casesstartingfrom theroot pagesof the Web sites,we down-
loadedeitherall reachablgagesdn eachsite,or all pageauntil
we reachecamaximumlimit of 200; 000 pageersite. Since
only four Websites(out of 154) containednorethan200; 000
pages, we have captureda relatively completeweekly his-
tory of thesesites.Capturingnearlycompletesnapshotsvery

3The sitescontainingmore than 200; 000 pageswere www.
eonline.com , www.hti.umich.edu , Www.pbs.org
andwww.intelihealth.com



[ Domain | Fractionof pagesn domain |

.com 41%
.gov 18.7%
.edu 16.5%
.org 15.7%
.net 4.1%
.mil 2.9%
misc 1.1%

Table 1: Distrib ution of domainsin our crawls.

weekis importantfor our purposesasoneof our maingoals
is to studythecreationof new pagesonthe Weh

Thetotal numberof pageshatwe downloadedevery week
rangesrom 3 to 5 million pageswith anaverageof 4:4 mil-
lion pages.The size of eachweekly snapshotvasaround65
GB beforecompression.Thus, we currently have a total of
3:3 TB of Web history data,with an additional4 TB of de-
rived data(suchaslinks, shingles.etc.) usedfor our various
analysesWhenwe compresshe weekly snapshotsisingthe
standardzlib library, the spacefootprint is reducedto about
onethird of the original.

Table 1 reportsthe fraction of pagesincludedin our study
that belongto eachhigh-level domain. The misc cateyory
containsotherdomainsincludingregionalonessuchas.uk,
.dk, .jp etc. Thedistribution of domainsfor pagesn our
studyroughlymatcheshegeneratistribution of domaindound
ontheWeb[7].

3. WHAT'S NEW ON THE WEB?

In this section,we focuson measuringvhatis new on the
Webeachweek.In particular we attemptto answeruestions
suchas: How mary new pagesarecreatedcevery week?How
muchnew contentis createdHow mary new links? We begin
by studyingtheweeklybirth rateof pages.

3.1 Weeklybirth rate of pages

We rst examinehow mary new pagesare createdevery
week. Thatis, for every snapshotwe measurethe fraction
of the pagesin the snapshothat have not beendownloaded
beforeandwe plot this numberovertime. This fractionrepre-
sentsthe “weekly birth rate” of Web pages.We usethe URL
of a pageasits identity, andconsidera page“new” if we did
notdownloadary pagewith thesameURL before.Underthis
de nition, if a pagesimply changests locationfrom URL A
to URL B, we considerthat a new pageB hasbeencreated.
(Laterin Section3.3we measuréhow muchnew “content”is
introducedevery week,which factorsoutthis effect.)

In Figure 1 we shav the weekly birth rate of pages,with
weekalongthe horizontalaxis. Theline in the middle of the
graphgivestheaverageof all thevalues representinghe“av-
erageweekly birth rate” of the pages.Fromthe graphwe can
obsere thatthe averageweekly birth rateis about8%. That
is, 8% of pagesdownloadedby an averageweekly cravl had
not beendownloadedby ary previouscrawl. Scalingup from
our data(which, by design,is biasedtoward popularpages),
andassuminghe entire Web consistsof roughly four billion
pages,we conjecturethat there may be around320 million
new pagescreatedevery week (including copiesof existing
pagesandrelocatedpages).Admittedly, this numbermay not
befully accuratébecaus®ur studyfocuseson popularpages.
However, it doesgive usaball-park gure.
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Figure 1: Fraction of new pagesbetweensuccessie snap-
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Figure 2: Fraction of pagesfrom the rst crawl still exist-
ing after n weeks(dark bars) and new pages(light bars).

We alsoobsere thatapproximatelyonceevery month,the
numberof new pageseingintroduceds signi cantly higher
thanin previous weeks. For example,the barsare higherin
weeks7, 11, 14, etc.thantheir previous weeks. Most of the
weekswith the higherbirth ratefall closeto the endof a cal-
endarmonth. This factimplies that mary Web sitesusethe
endof a calendamonthto introducenen pages.Manualex-
aminationof the new pagesin these*high birth rate” weeks
revealedthat a numberof suchpagescontainjob adwertise-
mentsor portalsleadingto archived pagesin a site. For the
mostpart,however, we couldnotdetectary speci ¢ patternor
topical cateyory for thesepages.

3.2 Birth, death,and replacement

In our next experiment,we studyhow mary nen pagesare
createcandandhow mary disappeaovertime. We alsomea-
surewhatfraction of pageson our Web sitesis replacedwith
new pagesafteracertainperiod. For thesepurposesywe com-
pareour weekly snapshotef the pagesagainstthe rst snap-
shotandmeasurdl) how mary pagesn the rst snapshostill
remainin the nth-weeksnapshotand2) howv mary pagesin
thenth weeksnapshotlo notexist in the rst snapshot.

Figure2 shaws theresult. The horizontalaxis of this graph
plotstheweekandtheverticalaxisshavsthenumberof pages
thatwe crawled in the given week. The barsare normalized
suchthat the numberof pagesin the rst weekis one. (We
downloaded4:8 million pagedn the rst week.)Thedarkbars
representhe numberof rst-week pageshatwerestill avail-
ablein the given week. The light barsrepresenthe number
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Figure 3: Normalized fraction of pagesfromthe rst crawl
still existingafter n weeks(dark bars) and newpages(light
bars).

of pageghatwerecreatedsincethe rst week(i.e.,the pages
thatexist in thegivenweekbut did notexist in the rst week).
For example the sizeof the second-weeknapshotvasabout
80% of thatof the rst week,andwe downloadedabout70%

of the rst-week pagesn thesecondveek.

Theobsenable uctuationsin ourweeklycrawl sizes(most
noticeablefor week45) areprimarily dueto technicalglitches
that are dif cult to avoid completely While collecting our
data,to minimize theload on the Web sitesandour local net-
work, we ran our crawler in a slov mode. It took almosta
full weekfor the crawler to nish eachcrawl. During this
time, aWebsite mayhave beentemporarilyunavailableor our
local network connectionmay have beenunreliable. To be
robust against short-lived unavailabilities our crawvler makes
up to three attemptsto download eachpage. Still, in cer
tain casesuinavailabilitieswerelong-livedandour crawler was
forcedto give up. Sincetheseglitcheswererelatively minorin
mostcasegexceptin the45thweekwhenoneof our cravling
machinesrashed)we believe thatour resultsarenot signi -
cantlyaffectedby them.

By inspectingthe weekswith the highestbarsin Figure 2
and taking glitcheswith our cravling into account,we nd
thatthe total numberof pagesavailablefrom the 154 sitesin
our studyremainedmoreor lessthe sameover the entire51-
weekperiodof our study However, they arenotall the same
pages.Instead existing pageswerereplacediy new pagesat
arapidrate. For example,afteronemonthof crawvling (week
4), only 75% of the rst-week pageswerestill available(dark
portionof thegraphatweek4), andafter6 monthsof cravling
(week25), about52% areavailable.

A normalizedversionof our graphis shaovn in Figure 3,
with thenumberdor eachweeknormalizedo oneto allow us
to studytrendsin thefractionof new andold pages.After six
months(week25), roughly 40% of the pagesdownloadedby
our crawler werenew (light bars)andaround60% werepages
thatalsooccurredin our rst crawl (darkbars). Finally, after
almosta year (week51) nearly 60% of the pageswere new
andonly slightly morethan40% from the initial setwasstill
available. It took aboutnine months(week39) for half of the
pagedo bereplaceddy new ones(i.e., half life of 9 months).

To determinewhetherthe deletionrate of pagesshavn in
Figure 3 follows a simpletrend, we usedlinear regressiono
attemptto t our datausinglinear, exponential,andinverse-
polynomialfunctions.Thedeletionratedid not t ary of these
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Figure 4: Percentof IP addressesdentifying a Web sitein
Year A also identifying a Web site in Year B. For exam-
ple, 56% of IP addressesdentifying a Web sitein the 1998
sample also identied onein 1999 sample. Taken from
http://wcp.oclc.org/

trendswell. Thebestmatchwaswith alineartrend,but the R-
squaredraluewasstill verylow at0:8.

3.2.1 Genealizingto theentire Web

Our resultscanbe combinedwith resultsfrom recentstudy
by the Online ComputerLibrary Center(OCLC) [5] to geta
pictureof therateof changeof theentireWeh TheOCLC col-
lectsan annualsampleof the Web and studiesvarioustrends
pertainingto the natureof Web sites. Oneof the experiments
thatthe OCLC hasconductecdbver the lastfew yearsis to es-
timate how the numberof available Web siteschangesover
time. Fromyears1998to 2002 OCLC hasperformedsys-
tematicpolling of IP addresset estimatethetotal numberof
availableWebsites.They have alsomeasuredvhatfractionof
Websitesarestill availableafterk years.

The result of this OCLC studyis shavn on Figure4. In
the gure, the horizontalaxis representshe yearof measure-
ment. The overall heightof eachbar shavs the total number
of Websitesavailableatthe givenyear relative to the number
of sitesavailablein 1998 In 1998the numberof the publicly-
accessibl&Vebsiteswasestimatedo be1:4 million. Thedark
bottom portion of the bar representshe fraction of the Web
sitesthatexistedin 1998 andwerestill availablein the given
year Thelight portionrepresentthefractionof new Websites
thatbecameavailableafter 1998. Fromthe graph,we cansee
thatabout50% of Web sitesgo of ine every year For exam-
ple,in 1999,half of the 1998Websiteswerestill accessible.

Combiningthis resultwith ours,we canform a global pic-
ture of how mary pageson the entire Web will still be avail-
able after a certainperiod of time. The OCLC study shows
that about50% of existing Web sitesremain available after
oneyear Our studyshaows thatroughly 40% of the pagesin
eachWebsiteremainavailableafteroneyear Therefore pnly
about50% 40% = 20% of today's Web pageswill be ac-
cessibleafteroneyear

Given this low rate of “survival” of Web pages historical
archving asperformedby, e.g.,thelnternetArchive [3], is of
critical importancefor enablinglong-termaccesgo historical
Web content.A signi cant fraction of pagesaccessibléoday
areunlikely to be available after oneyear Anotherimplica-
tion of our nding appliesto standardsearchengineshatdo
not focuson accesgo historicalcontent.Sincesearchengine
userstendto be very intolerantof broken links in searchre-
sults, it is very importantfor searchenginesto keepabreast
of pagedeletionsand omit deletedpagesfrom searchresults
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Figure5: Averagepagesizesin our snapshotsover time.

(or, alternatvely, pointto “cached”copiesasGoogle [2] and
othersearchenginessometimeslo, which effectively extends
thelifetime of pages).

Finally, from Figure4, we obsere thatgrowth in the num-
ber of the Web siteshasslowed signi cantly in recentyears.
While thenumberof availableWebsitesincreasedby 50% be-
tweenyear1998and1999, thetotal numberof availablesites
did not changemuchsinceyear2000. Giventhatthe number
of pageswithin popularsitesdoesnot appearto grow signif-
icantly overtime (our nding discusse@bove), therearetwo
remainingpotentialsourcef growvth onthe Weh

First, it may be the casethat relatively unpopularsitesare
growing. Althoughourstudydoesnotfocusonthebehaior of
unpopulasites,asa smallsideprojectwe did measurgrowth
for asmallrandomsampleof 100 siteson the Web over a pe-
riod of two months.Our ndings for thosesitesmatchedhose
for popularsites:theoverallnumberof pagesemainechearly
constanbver time. Furthermeasurementsver a larger scale
areneededo verify this preliminaryandasyet inconclusve

nding.

Thesecondotentialsourceof grownth ontheWebmaystem
from increasdn the sizeof pages.While the total numberof
pagesmay be leveling off, perhapst is the casethat pages
aregrowing largerover time. In Figure5 we plot the average
pagesize of eachof our snapshot.The horizontalaxis plots
the week and the vertical axis shavs the averagepagesize
in a given week, normalizedso that averagesizein the rst
weekequalsone. While we seewide uctuations, a clearup-
wardtrendexistsin thegraph,althoughit hasvery mild slope.
Giventheseresults,we suspecthatthe currentgrowth of the
Webis mainly drivenby theincreasen the sizeof pagesover
time.

3.3 The creation of new content

While we measuredhe ratesof creationand deletion of
Webpagesn previoussectionsye did notaddressiow much
“new content”is beingintroducedonthe Webovertime. That
is, evenwhena new pageis createdthe pagemaybe a mere
copy of anexisting pagein which caseit doesnot contritute
ary new contentto the Weh To quantify the amountof new
contentbeing introduced,we usethe shinglingtechniqueas
describedn [9, 11]. Fromevery pagewe excludethe HTML
markupandwe view thepageasanorderedsequencef words.
A w-shingleis a contiguousorderedsubsequencef w words.
Thatis, we groupw adjacentwordsof the pageto form a w-
shingle,possiblywrappingat the end of the page,sothatall
wordsin the pagestarta shingle.

To measurenow much contentis createdon the Web, we
computedshinglesfor all pagesincludedin our study and
comparechow mary newn uniqueshinglesareintroducedover
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Figure 6: Fraction of shinglesfrom the rst crawl still ex-
isting after n weeks(dark portion of bars) and shingles
newly created(light portion).

time. We wantedto answerthe following questions:Out of
all uniqueshinglesthatexistedin the rst week,how mary of
themstill existin thenth week?How mary uniqueshinglesn
thenth weekdid notexistin the rst week?By measuringhe
numberof uniqueexisting andnewly appearingshingles,we
canlearnhov much“new content”is beingintroducedevery
week. For the experimentspresentedn this sectionwe used
a shinglesizeof w = 50, which roughly correspondso the
numberof wordsin atypical paragraph.

The resultof our shingle measurements shavn in Fig-
ure6. Thehorizontalaxis plotstime in weeksandthevertical
axis shaws the total numberof uniqueshinglespresenteach
week, relative to the rst week. The rst weekhasapproxi-
mately4:3 billion uniqueshingles.The darkly colored,lower
portion of eachbar shavs the numberof rst-week shingles
availablein the nth week. Thelightly colored,upperportion
shavs thenumberof new shinglesthatdid notexistin the rst
week.To factorout uctuation in thetotal numberof shingles
andfocuson the trendsin relative terms,we shav a normal-
izedversionof the graphin Figure7, wherethe total number
of uniqueshinglesin eachweekly crawl is normalizedo one.

By comparingFigure7 with Figure3, we canseethatnew
shinglesare createdat a slover ratethannew pages.It takes
nine monthsfor 50% of the pagesto be replacedwith new
ones,but even after nearly one year morethan50% of the
shinglesare still available. On average,eachweek around
5% of the uniqueshingleswerenew, i.e., not presentin ary
previous week. It is interestingto contrastthis gure with
our nding from Section3.1 that, on average roughly 8% of
pageseachweekwerenew (whenidenti ed solely basedon
URL's). By combiningthe two results,we determinethat at
most5%=8% = 62% of thecontentof new URL'sintroduced
eachweekis actuallynew.

3.4 Link-structur e evolution

The succes®f Googlehasdemonstratethe importanceof
the Web link structurein measuringthe importanceof Web
pages.Roughly Googles PageRankalgorithmestimateghe
importanceof apageby analyzinghow mary otherpagegoint
to the page.In orderto keepup with thechangingmportance
and popularity of Web pagesiit is thusimportantfor search
enginesto capturethe Web link structureaccurately In this
sectionwe study hov muchthe overall link structureof the
Web changesover time. For this study we extractedall the
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Figure 7: Normalized fraction of shinglesfrom the rst
crawl still existingafter n weeks(dark portion of bars) and
shinglesnewly created(light portion).

Fraction of Links

Figure 8: Fraction of links from the rst weekly snap-
shotstill existingafter n weeks(dark/bottom portion of the
bars), newlinks fr om existingpages(grey/middle)and new
links from new pages(white/top).

links from every snapshoandmeasurediow mary of thelinks
fromthe rst snapshogxistedin thesubsequergnapshotand
how mary of themarenewly created.

The result of this experimentis shovn in Figure 8. The
horizontalaxisshavs theweekandtheverticalaxisshavs the
numberof links in the given week. The heightof every bar
shaws the total numberof links in eachsnapshotelative to
the rst week. The dark-bottomportion shawvs the numberof
rst-week links that arestill presentin the givenweek. The
grey andwhite portionsrepresenthelinks thatdid notexistin
the rst week: The grey portion correspondso the new links
comingfromthe“old” pageqthepagedhatexistedin the rst
week), while the white portion correspondgo the new links
comingfrom the “new” pagegthe pagesthatdid not exist in
the rst week). Figure9 is the normalizedgraphwherethe
total numberof links in every snapshois one.

Fromthe gure, we canseethatthe link structureof the
Webis signi cantly moredynamicthanthe pagesandthecon-
tents. After oneyear only 24% of theinitial links areavail-
able.On averagewe measurghat25% new links arecreated
every week,which is signi cantly largerthan8% new pages
and5% new contentsThisresultindicateshatsearchengines
needto updatdink-basedankingmetrics(suchasPageRank)
very often. For example giventhe25%new links every week,
aweek-oldrankingmay not re ect the currentrankingof the
pagesverywell.
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Figure 9: Normalized fraction of links from the rst
weekly snapshotstill existing after n weeks(dark/bottom
portion of the bars), new links from existing pages
(grey/middle) and new links fr om new pages(white/top).

4. CHANGESIN THE EXISTING PAGES

The previous experimentdemonstratethatevery weeknu-
merouspagesdisappearfrom our weekly snapshotand an-
othersetof pageds created Thepageghatappearepeatedly
in our weekly snapshotshowever, do not all remain static.
In this sectionwe studytheway in which the contentof pages
capturedepeatedlpy ourweeklysnapshotshangesvertime.

4.1 Changefrequencydistrib ution

In our rst experimentwe investigatehow oftenWebpages
changeon average.We bagin by usingthe simplestde nition
of achangewe consideranyalterationto a pageasconstitut-
ing achange Later, we will consideramorere ned notionof
changgSection4.2).

For this experimentwe conducteda scanof our weekly
snapshotto determinefor eachpagethatappearedh all snap-
shots,the averageinterval betweensuccessie changes.For
exampleif a particular pagechangedtwice during our 51-
weekmeasuremergeriod,its averagechangentenal is 51=2 =
25:5 weeks. We then groupedpagesby changeinterval and
obtainedthe distribution shavn in Figure10. Averagechange
intenal is plotted on the horizontal axis. The vertical axis
shaws the fraction of pageshaving eachaveragechangein-
tenal. Pagesthatdid not changeat all during our 51-week
measuremenperiod are countedin the bar on the far right,
marked “inf.” The large gapsbetweenbarstoward the right
sideof Figure 10 correspondo averagechangentervals that
cannotarisein a51-weekexperiment.

From Figure 10 we obsere that a signi cant fraction of
pages(around50%) that occurredin eachweekly snapshot
remainedunchangedhroughouthe courseof our study An-
otherquitelarge portionof pageschangedrery often: approx-
imately 15% of pagesunderwentt leastonechangebetween
eachweeklydownload. Thesetwo extremesaccountfor more
than 65% of the pages. The remainingpagesoccurringin
all snapshotsave averagechangentenalsrangingacrosghe
spectrumin aroughlyU-shapedgatternwith mostpageson-
centratechearoneof the two extremes. Thetendeny is that
mostpagesitherchangevery frequentlyor very infrequently

4.2 Degreeof change

In our previousexperimentwe usedavery simplede nition
of changethatonly captureghe presenceof changejgnoring
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Figure 10: Distrib ution of the average changeintervals of
the pages.

whetherchangesare major or minor ones. To delve deeper
into thenatureof changesindegoneby Webpagesovertime,
we now reporton experimentsdesignedo measuralegree of
change.

From the point of view of a Web searchengine,degreeof
changeis asimportantas, if not moreimportantthan, pres-
enceof change. Due to the immensescaleand highly dy-
namicnatureof the Web, searchenginesarefacedwith acon-
strainedoptimizationproblem: maximizethe accurag of the
local searchrepositoryandindex, givena constrainechmount
of resourcesvailablefor (re)davnloadingpagedrom theWeb
andincorporatingtheminto the searchindex. Searchengines
that ignore degree of changemay waste preciousresources
downloadingpageghathave changedn only trivial waysand
have little impacton the quality of the searchservice. Effec-
tive searchenginecrawlers ignore insigni cant changesand
devoteresourceso incorporatingmportantchangesnstead.

Ourgoalwith theseexperimentsvasto getahandleon how
degreeof changemayin uence the designof highly effective
searchenginecrawlers. Hence,we measuredhe distribution
of degreeof changeusingtwo metricsthatareof relevanceto
typical searchengines:

1. TF.IDF CosineDistanceGiventwo versionsof a page
p, sayp: andpz, we calculatethe TF.IDF cosinedis-
tance[20] betweernp; andpz. More precisely suppos-
ing vi andv, arethe TF.IDF weightedvectorrepresen-
tationsof p; andp; (excludingany HTML markup),we
computecosinedistanceasfollows:

Vi V2
cos (P P2) fivali giivaii,
wherevy V; is theinnerproductof vi; vz andjjvijj, is
theseconchorm,or length,of vectorv; .

2. Word DistanceGiventwo versionsof a pagep, p» and
p2, we measurénow mary wordsof text in p's content
have changed(we exclude ary HTML markup). The
word distancebetweerp; andp; is de ned as:

2 jcommonwordg
jwordsin p1j + jwordsin pzj

Dword(pl; p2) =1

Notethatbothdegreeof changemetricsarenormalizedsothat
all valuesarebetweerzeroandone,with O correspondindo
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Figure 11: Distribution of cosinedistancefor all changes.
Eachdark bar correspondgo changeswith cosinedistance
betweenthe respectie x-axis value and the previous one.
For example, bin 0:1 correspondsto changeswith cosine
distance between0:05 and 0:1. The light bars show the
cumulative distrib ution.

no changeandl indicatingthatthe two versionsdiffer com-
pletely.

The TE.IDF cosinedistancemetric (in its variousforms)is
the mostcommonlyusedmethodof determiningrelevanceof
documentso searcihguerieshasedn content.Searchengines
typically ranksearctresultsusingacombinatiorof cosinedis-
tanceandotherfactors(includinglink-basedmportancemea-
suresas discussedn Section3.4). A small cosinedistance
changédfor apagegenerallytranslateso arelatively minor ef-
fectonresultrankingfor mostsearchqueries.

Worddistances alsoimportantfrom theperspectie of search
enginedesign.Word distancere ects the amountof work re-
quiredto bringthesearchindex upto date,assumingnodi ca-
tionsaremadeincrementallyto allow immediatesearchability
asin [17]. Both metricsignorethe orderin which termsap-
pearonapage,.e. they treatpagesas“bagsof words” Doing
sois consistenwith the way in which typical searchengines
treatdocumentgwith the exceptionof phrasematching). In
contrastthe shinglesmetric (which we usedin Section3.3; it
is alsousedby [16]) is highly sensitie to the exact orderof
terms.

The distribution of TF.IDF cosinedistancefor all changes
is showvn in Figurell. To ensurepropercomparabilityacross
multiple weekswhosesnapshotgontaineddifferentnumbers
of pages,we selecteda representatie week (week 21) from
whichto obtainIDF weightsto usein all of our TEIDF calcu-
lations. Thehorizontalaxisof Figurellshavscosinedistance
andtheverticalaxisshavsthefractionof changegorrespond-
ing to the givendistance.The dark barsshav the distribution
of cosinedistancesthelight barsgive the cumulatve distribu-
tion.

By examiningFigure 11 we canseethatmostchangesre
very small, and concentratedn the far left portion of the
graph.Morethan80% of all changesesultedn anew version
whosecosinedistancewvaslessthan0:2 from the old version.
In fact, 65% of the changesada cosinedistanceof lessthan
0:05. In light of this nding, we concludethatover half of the
total changegecordedby our repeatectravls wereinduced
by operationghat alteredthe contentof a pagevery slightly.
Suchoperationgnight be modi cations to adwertising mate-

Dcos
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Figure 12: Distribution of word distance values for all
changes Eachdark bar correspondso changeswith word
distancebetweenthe respectve x-axis value and the previ-
ousone. For example,bin 0:1 correspondsto changeswith
word distancebetween0:05 and 0:1. The light bars shov
the cumulative distrib ution.

rial, counters;last updated'tags,etc. We provide evidenceto
supportthis conjecturein Section4.3.

Our nding coincideswith thatof [16], whichmeasuredie-
greeof changeby countingthe numberof “shingles”affected
by a changeoccurrence However, we feel thatthe metricwe
have selected,TF.IDF cosinedistancemay be moredirectly
relevantto searchenginecrawler design.The obsenationthat
mostWeb pagemaodi cations in uence cosinedistance(and
thusrankingaccurag for mostqueries)very little may have
importantimplications. In particulay in light of this factit is
crucialthatsearchenginecravlersfacingresourcdimitations
considethedegreeof changenotjustthe presencef change,
whenchoosingamongpagego downloadandincorporateénto
thesearchindex. Of course, ne-graineddegreeof changen-
formationcanonly beleveragedn atraditionalsearchengine
contet if it is amenableo prediction.We studypredictability
of degreeof changdaterin Section5.

We now turn to measurementsf word distance Figure12
shaws the distribution of word distancedor all changesle-
tected. We again seethat the vast majority of changesare
relatively minor ones,althoughthis phenomenoiris lesspro-
nouncedfor word distancesthanit is for cosinedistances.
The differencebetweenFigures 11 and 12 indicatesthat a
moderatefraction of changesnduce a nontrivial word dis-
tance(suchas0:2) while having almostno impacton cosine
distance.Theseare changeghat primarily affect wordswith
high documentrequeny thataretypically given low weight
in searchresultrankingfunctions.Incorporatingsuchchanges
into asearchndex incursmoderateverheadvhile addingrel-
atively little bene tin termsof searchresultquality. This phe-
nomenonandits implicationsfor searchenginedesignmerit
furtherstudy

4.3 Degreeand frequencyof change

Our ndings in Section4.2 indicatethat mostchangesare
relatively minoronessoit isimportantfor searctenginecravlers
to take degree of changeinto account. We now investicate
whetherthereis ary correlationbetweerfrequeng of change
and degreeof change. If so, thenperhapsdegreeof change
canbeestimatedndirectly by measurindgrequeng of change.
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Figure 13: Relationship betweendegreeof changeand fre-
quencyof change.
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Figure 14: Relationship between cumulative degree of
changeand frequencyof change.

For example perhapst is thecasehatpagedhataremodi ed
very often(say onceevery day)usuallyexperienceonly a mi-
nor degreeof changewith eachmodi cation (e.g.,swapping
adwertisements)Corversely perhapgpageshatareonly mod-
i ed occasionally(say twice peryear)undego a large-scale
overhaulwith eachmodi cation.

In our next experimentwe aimedto determinavhethersuch
acorrelationexists. To checkfor correlationwe groupedoages
basedntheiraveragefrequenyg of changgbasednthe“all-
or-nothing” notion of change)and computedthe averagede-
greeof changefor changesn eachgroup. Degreeof change
wasmeasuredisingboththe TF.IDF cosinedistanceandword
distancemetricsdescribedn Section4.2.

Theresultis shovn in Figure13. The horizontalaxis rep-
resentdhe numberof times(1 to 50) a pagechangedverthe
courseof our 51 downloads.Theverticalaxis shavs the aver-
agedegreeof changefor eachchangeundegoneby pagesn
eachcatgyory. Theline for D ¢os correspondgo thecosinedis-
tancemetric;theline for Dy o ¢ COrrespondo word distance.
Underboth metrics,the highestaveragedegreeof changeper
changeoccurrencas experiencedy pageghateitherchange
very frequently(far right of the graph)or changevery rarely
(left side of the graph). This factimplies that the contentof
thepageghatchangevery frequently(atleastonceperweek)
is signi cantly alteredwith eachchange.The sameis truefor
the pageshat changeinfrequently Otherwise ho discernible
trendis apparent.

To studythe relationshipbetweendegreeandfrequeng of
changean moredepth,we alsomeasure@¢umulativedegreeof



changegroupedby changerequengy: Figurel14 plotsoverall
degreeof changebetweenthe rst and last versionof each
page averagedacrosll pageswithin eachchangdrequeny
group(horizontalaxis).

By comparingFigures13 and14 we canseethatfor pages
thatchangedatleastweekly(i.e. 50 timesduringour 51-week
measuremereriod),althougheachweeka roughly 17% de-
greeof changewasmeasurean average(Figure 13), the cu-
mulative degree of changeafter 50 weekswas only around
30% underboth metrics (Figure 14). This nding suggests
thatthe vastmajority of modi cationsto thesefrequentlyup-
datedpagestendto occurin the sameportion(s)of the page.
Weinspectedhsmallsampleof suchpagesy hand,andfound
thatin mary casesepeatednodi cation of arestrictedportion
of the contentcorrespondso aspectsuchas: weathey stock
market, “news of the day” reports, counters,adwertisement
materialcontainingsmalltext strings(recallthatour measure-
mentsfactor out html tags, images,etc.), and “last updated
on..” snippetqtheseareoftengeneratedutomaticallyandin
somecasedlo not coincidewith ary actualcontentmodi ca-
tion). For the purposeof mostsearchengineschangesuch
asthesecansafelybeignored.

In stark contrast,pagesthat underwentmodi cations be-
tween30 and40 timesduring our 51-weekmeasuremente-
riodtendedo exhibit asigni cant cumulative degreeof change
(above 50% on average) eventhoughon averageeachmodi-
cation only incurreda5 10% degreeof change.This dis-
crepang impliesthatalthoughthesepagedendto changeonly
moderatelywith eachmodi cation, successie modi cations
often tamget different portion(s)of the page. As a result,the
cumulatve degreeof changéncreasesubstantiallyovertime.
Pagesin this cateyory that are proneto experiencethe most
substantie anddurablealterationgn contenteventhoughthe
frequeng of changes not the highest.Froma searchengine
perspectie, thesemoderatelyfrequentchangesare likely to
be worthwhileto capture whereagnary of thevery high fre-
queny changesnay not be, assuggested@gbove? The ques-
tion of how well the two classe®f changesanbe differen-
tiated basedsolely on frequeng of changestatisticsremains
open.

5. PREDICTABILITY OF DEGREE OF
CHANGE

As we concludedn Sectiond, mostof thechangesletected
in our experimentswerevery minor. Searchenginesmay be
ableto exploit thisfactby only redavnloadingpageghathave
undegonesigni cant revision sincethe lastdownload. When
resourcefrescarcat is importantto avoid wastingresources
on pageswhoseminor changegield negligible bene t when
incorporatednto the searchindex. However, giventhe pull-
orientednatureof the Web, the capabilityto differentiatebe-
tweenminorandmajorchangesingesontheability to predict
degreeof changesuccessfullyln this sectionwe studythepre-

“Note that [13] suggestghat searchenginesoptimizing for
overall freshnessshould, when resourcesare scarce,ignore
high-frequeng modi cations so that resourcescan be used
more pro tably, even whenall modi cations are assumedo
incur the samedegreeof change.Here,we are pointing out
thatmary high-frequeng modi cations maybe of little inter-
estto searchenginesintrinsically, not just becauseesources
canbesavedby notincorporatingthem.

dictability of degreeof changean Webpages|In particular we

seekto determinewhethermastdegreeof changds agoodin-

dicatorof future degreeof changejn termsof TEIDF cosine
distance. Our resultsobtainedfor the word distancemetric
werevery similar sowe omit them.

5.1 Overall predictability

We begin ouranalysisof predictabilityby studyingtheover
all trendsacrossall pagescollectedby our crawler. Later, in
Section5.2, we will extendour analysisto a ner granularity
by inspectingndividual sites.Figure1l5(a)shavsthreescatter
plots, eachplotting cosinedistancemeasuredver a particu-
lar interval of time (oneweek,onemonth,andthreemonths)
on the horizontalaxes. The vertical axesplot cosinedistance
measureaver the ensuingtime interval of the sameduration.
Eachpagecontritutesexactly onedot to eachplot (although
thevastmajority aremaskeddueto occlusion).Theseplotsen-
ableusto gaugethe degreeof correlationbetweensuccessie
time intervals. Pointsalignedalongthe diagonal(i.e. ones
that satisfy the equationy = x) exhibit the samedegree of
changein successie measuremereriods,andhencehighly
predictabledegreeof change Therefore purdatasemanifests
high predictabilityif mostdotslie closeto thediagonal.

To helpusjudgedegreeof predictability we rankpagesac-
cordingto its straight-linedistancerom the diagonal(y = x)
anddivide theminto four groups:

Group A: Thetop 80% of pagedn termsof proximity
to thediagonal.

Group B: Pagesthatfall betweerthe top 80% andthe
top 90%in termsof proximity to thediagonal.

Group C: Pagesthatfall betweerthetop 90% andthe

top 95%in termsof proximity to thediagonal.

Group D: All remainingpages.
We plot eachgroupusingadifferentcolorin Figure15: redfor
GroupA, yellow for GroupB, greenfor GroupC, andbluefor
GroupD. For example,from the red dotsin left-mostgraph
of Figure 15(c), we seethat Group A (top 80% pages)from
www.eonline.com lie in a bandbetweeny = x + 0:06
andy = x  0:06 from thediagonal. The narraver this band
is, the morepredictablethe degreeof changds. To make the
“width” of eachbandeasierto see,we plot the distanceof
memberf eachgroupfrom the diagonal(shavn belowv each
scatterplot; distances normalizedto therangel0, 1]).

It is clearfrom Figure15(a)thatmostpagescapturedn our
studychangen ahighly predictablenannerin termsof cosine
distance. For example,from the yellow band(GroupB, top
90%)in the secondgraphof Figure15(a),we canseethatfor
90%of thepageswe canpredicttheir future degreeof change
with +/-8% error; yellow dotslie in the bandy =x +/-0.08.
Not surprisingly the degreeof predictabilitydecreasesome-
whataswe move to longertime intenals. The widths of the
bandsgrow larger as the interval becomedonger The fact
thatdegreeof changeappeargo be highly predictable espe-
cially over the shortterm, is good news for searchengines.
By relying on simplepredictve methodso estimatedegreeof
changeaccuratelysearchenginesmay be ableto take degree
of changeinto accountwhen selectingpagesto redavnload
andreincorporaténto the searchindex. As suggestedby our
resultsin Section4, doing so may enablesearchenginesto
useresourcesnore effectively and ultimately achieve higher
quality searctresults.



One WeekInterval

One Month Interval

ThreeMonths Interval

(a) All Websites

(b) Web sitewww.columbia.edu

(c) Websitewww.eonline.com

Il Group A (Top 80%) 1 Group B (Top 90%) EGroup C (Top 95%) [ Group D (Remainder

Figure 15: (a) Cosine distance predictability over time for all pages, (b) just www.columbia.edu, and (c) just
www.eonline.com.The rst columnrepresentschangedalling oneweekapart, the secondcolumn shows changesonemonth

apart, and the last column shows changesthr eemonths apart.

There are some caveats, however. First, as can be seen
in Figure 15(a), the ability to predictdegreeof changeaccu-
rately degradeamildly over time: the distanceof every group
from the diagonalgrows over time. Seconda small but non-
negligible fraction of pagesdefy even short-termprediction.
Third, our conclusionsare only valid over the pagesconsid-
eredin our study which are dravn from popularWeb sites.
Furtherinvesticgation will be necessaryo determinewhether
our conclusionextendto lesspopularsites.

Fetterlyet al. [16] drew similar conclusionsasto the pre-
dictability of degreeof changeusingnumberof changedhin-
glesto measurechange. They only studiedshort-termpre-
dictability over two successie week-longperiods,however.
Ourresultsin Figurel5(a)shav thatevenoverafairly lengthy
spanof time (successie three-monthquarters),80% of the
pagesarewithin aradiusof 5% of the diagonal(recallthatthe
diagonalrepresentsxactpredictabilityfor cosinedistance) It

may not be feasiblefor certainsearchenginesto monitor all
pagesof concernon a weekly basis,andthe ability to rely on
long-termpredictabilitymayhelpconsiderablwith download
schedulingandresourcemanagement.

5.2 Predictability for individual sites

Having showvn thatdegreeof changeendsto behighly pre-
dictablefor mostpagesincludedin our study we turn to an
investication of predictability at the granularityof individual
Web sites. After examining our data, we selectedwo sites
thatarerepresentate of the rangeof site-level predictability
presentin our data: www.columbia.edu  (an educational
site) and www.eonline.com  (an entertainmenmagazine
site). Scatterplots of cosinedistancepredictability for the
two sitesareshavn in Figures15(b)and(c). (For brevity we
omit similar plots obtainedfor othersites.) Both sitesexhibit
goodpredictabilityoverall, but the degreeof predictability of



pagesrom www.columbia.edu s signi cantly betterthan
that of pagesfrom www.eonline.com . Moreover, in the
shortterm, pagesrom www.eonline.com  tendto change
muchlesspredictablythanthe majority of pagesin our over

all study(Figure15(a)). Thedegreeof changeof mary pages
onwww.eonline.com eitheracceleratedr deceleratethe-
tweenthe rst andsecondwveeks,asis especiallyapparenfor

groupD in thegraphs.Perhapghis characteristicwhich rep-
resentsanoutlieramongthesiteswe studied canbeattributed
to the fast-pacedatureof trendsandhot topicsin the enter

tainmentworld.

From theseexampleswe concludethat the ability to pre-
dict future degreeof changerom pastbehaior canvary afair
amountfrom siteto site. (We con rmed thatthereis moderate
variationin the generaldegree of predictability acrossother
sitesnot discussederedueto spaceconstraints.)Therefore,
searchenginesmay want to avoid heavy relianceon predic-
tion for certainsites,andindeedfor certain‘rogue” pageshat
defy predictionevenwhenotherpageonthesamesiteexhibit
highly predictablebehaior. Establishingeliablemethodgor
identifying Web sitesandindividual pagesfor which predic-
tion of degreeof changes notlikely to succeedi.e., predict-
ing predictability)is animportanttopic for futurework.

6. RELATED WORK

Othershave studiedWebevolution. We arenotawareof ary
prior work on characterizinghe evolution of thelink structure
of the Weh However, previous studiesdo touchuponaspects
relatedto our measurementsf the birth, modi cation, and
deathof individual pagesover time. Here we discussprior
studiesthatexhibit somecommonalitievith our own.

In the mostrecentrelatedstudywe areawareof, Fetterlyet
al. [16] repeatedlydovnloadedsomel51 million Web pages.
Their studywasthe rst to focuson degreeof changewhich
wasmeasuredyy countingthe numberof changedshingles’
The study of [16] spanneda larger collection of pagesthan
ours,but over a shorterperiodof time (elevendownloadsover
a period of roughly two months). Aside from thosediffer-
ences,our study differs from [16] in two signi cant ways.
First, by recravling sitesfrom scratcheachweek, we were
able to measureratesof web page creation (Fetterly et al.
only measuredieletionrates),which, interestingly appearto
matchdeletionratesclosely Second.our studyconcentrates
speci cally on aspectgelevant to searchenginetechnology
bringing out mary implicationsfor the designof searchen-
ginecrawlers.

In particular whenmeasuringlegreeof changeve focused
onTF.IDF weightedcosinedistancewhichtypically formsthe
basisfor searchenginerankingfunctions.Someof our results
mirror thoseof [16] undera complementaryistancemetric,
strengtheningur sharedconclusions.In addition, our work
probesthe following issuesimpactingsearchenginecrawler
design:We measuredhecorrelation(or lack thereof)between
frequeny and degree of change. Furthermore ,we studied
the predictability of degree of changeat a ne granularity
which turnsout to vary signi cantly acrossdomains.Finally,
we measuredhe evolution of the hyperlink structureof the
Web, which is a vital concernfor modernsearchengineshat
combinelink-basedimportancemeasuresvith traditionalrel-
evancescoringin their rankingfunctions[10].

An earlierlarge-scalestudyof theevolutionarypropertieof

the Webwasperformedby Brewingtonet al. [8]. Thatstudy
focusedon pagemodi cation ratesandtimes,anddid notcon-

siderlink structureevolution. A Boolean,"all or nothing”no-

tion of pagemadi cation was used,in contrastto our study
which measurediegreeof changen continuousdomains.Us-

ing statisticalmodeling,[8] estimatedthe growth rate of the

Web anddeterminedhe growth in the numberof pagego be

exponential,underthe assumptiorof exponentialgrowth in

the numberof Web hosts. A white paperfrom Cyveillance,
Inc. [18] publishedin the sameyearalsoreportedsuperlinear
growth in thenumberof pagesonthe Web (although[18] does
not reveal the methodsused). Theseresultsarein opposition
with our nding, whichis basednanalysisof ourdatain con-

junctionwith new evidenceof a stagnatiorin the growth rate
of thenumberof Webhostsin recentyears[5].

In [12], lifespansand ratesof changeof a large number
of Web pageswere measuredn orderto assesghe viabil-
ity of adoptingan “incremental” stratgy for Web crawling.
Changesveredetectedy comparingchecksumsandwasthus
restrictedto “all or nothing” Degreeof changewvasnot mea-
sured.Earlier, Douglisetal. [15] alsostudiedWebpagemodi-
cation ratesgatheringstatisticausefulfrom thepoint of view
of designingan effective Web cachingproxy. As a resultof
theirfocusoncachingthemeasurementsf [15] centeredround
the extent of replicationof contentacrossmultiple pagesand
interactiondetweeraccespatternandmodi cation patterns.
Again, degreeof changevasnot measuredFurthermorenei-
ther[12] nor [15] measuregagecreationratesor link struc-
ture evolution.

Pitkow et al. [19] studiedstatisticalcharacteristicef a sin-
gle Web site for which they had accesgo useractity logs
in additionto contentsnapshotsThey characterizeghagesn
termsof useraccespatternsandco-citationpatterns.The co-
citation analysiswas performedover a static snapshobf the
site—analysiof link structureevolution wasnot undertalen.
However, theevolutionof individualpagesn thesitewasstud-
ied,andcorrelationsverefoundbetweerfrequeng of modi -
cationandpagelifetime, andbetweersourceof accesginter
nal versusexternal) and pagelifetime. Creationratesof new
pagesanddegreeof changewverenot measuredn [19].

7. CONCLUSION AND FUTURE WORK

We have studiedaspectof the evolving Web over a one-
yearperiodthatareof particularinterestfrom the perspectie
of searchenginedesign. Many of our ndings may pertain
to searchenginecrawlers, which aim to maximizesearchre-
sult quality by makingeffective useof availableresourcegor
incorporatingchanges. In particular we found that existing
pagesarebeingremoved from the Web andreplacedby new
onesat a very rapid rate. However, newv pagestendto “bor-
row” their contentheavily from existing pages.The minority
of pageghatdo persistover extendedperiodsof time typically
exhibit very little substantie changg(althoughmary undego
super cial changes). For the exceptionalpagesthat change
signi cantly overtheirlifetimes,thedegreeof changeendsto
be highly predictablebasedon pastdegreeof change.How-
ever, pastfrequencyof changedoesnot appearto be a good
all-aroundpredictorof degreeof change.

Since somesearchenginesexploit link structurein their
rankingalgorithms,we alsostudiedthe evolution of links the
Weh We determinedhatthe link structureis evolving at an



evenfastemratethanthepageshemseles,with mostlinks per
sistingfor lessthansix months.

It is our hopethat our ndings will pave the way for im-
provementsin searchenginetechnology Indeed,as future
work we plan to study waysto exploit knowledge of docu-
mentand hyperlink evolution trendsin crawlers andranking
modulesfor next-generatiorsearchengines.
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