
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

Junghoo Cho
UCLA Computer Science

cho@cs.ucla.edu

Christopher Olston
Carnegie Mellon University

olston@cs.cmu.edu

ABSTRACT
In thispaper, weseekto getabetterinsightonhow thesearch
enginesshouldcopewith the evolving Web, in an attemptto
provide userswith up-to-dateresults.In this respect,we have
crawled all pagesfrom 154 siteson a weeklybasis,for a pe-
riod of oneyear, andwe have studiedvariousaspectsof the
evolving Webwhichareof particularinterestto thesearchen-
gines. Our main �ndings show that every week 8% of the
pagesarereplacedwith 3:8 TB worth of new pages,created
in that sameweek. However, the link structureon the Web
changesmorevastly thantheactualpages:every weekabout
25% new links arecreated.From the pagesthat do not dis-
appearover time, abouthalf do not changeat all even after
a year. Additionally, thosethat do change,undergo only mi-
nor changesin their content:evenaftera wholeyear50% of
thechangedpagesarelessthan5% differentfrom their initial
version.In orderto studythechangesover time we usedtwo
changemetricsrelevantto searchengines,namelytheTF.IDF
distancemetric andnumberof differentwords introducedin
eachchange.Finally, we show thatpageswith similar change
frequencies(e.g.onceevery month)do not demonstratesimi-
larity in theamountof updatethatthey undergo. However, our
resultsindicatethat thereis a signi�cant correlationbetween
theamountof pastandfuturechangesandthatthiscorrelation
canvary signi�cantly betweendifferentWebsites. Although
our work hasa few commonalitieswith prior studies[16, 8,
18,12,15], it is, to thebestof ourknowledge,the�rst experi-
mentalstudyinvestigatingthevariousaspectsof “new things”
on theWeb.

1. INTRODUCTION
As theWebgrows largerandmorediverse,searchengines

are becomingthe “killer app” of the Web. Whenever users
want to look up information, they typically go to a search
engine,issuequeriesand look at the results. Recentstudies
con�rm the growing importanceof searchengines.Accord-
ing to [4], for example,Webusersspenda total of 13 million
hourspermonthinteractingwith Googlealone.

Searchenginestypically “crawl” Web pagesin advanceto
build local copiesand/orindexesof thepages.This local in-
dex is then usedlater to identify relevant pagesand answer
users' queriesquickly. Given that Web pagesare changing
constantly, searchenginesneedto updatetheir index periodi-
cally in orderto keepup with theevolving Web. An obsolete
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index leadsto irrelevant or “broken” searchresults,wasting
users' time and causingfrustration. In this paper, we study
theevolution of theWebfrom theperspective of a searchen-
gine,sothatwe cangeta betterunderstandingon how search
enginesshouldcopewith theevolving Web.

A numberof existing studieshave alreadyinvestigatedthe
evolution of the Web [16, 8, 18, 12, 15]. While someparts
of our studyhave commonalitieswith the existing work, we
believe that the following aspectsmake our studyunique,re-
vealingnew andimportantdetailsof theevolving Web.

� Link-structure evolution: Searchenginesrely on both
the contentandthe link structureof the Web to select
thepagesto return.Forexample,GoogleusesPageRank
astheirprimaryrankingmetric,whichexploits theWeb
link structureto evaluatetheimportanceof a page[10].
In this respect,the evolution of the link structureis an
importantaspectthat searchenginesshouldknow, but
not much work hasbeendonebefore. As far as we
know, ourwork is the�rst studyinvestigatingtheevolu-
tion of thelink structure.

� New pages on the Web: 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 many
new pagesarebeingcreatedeveryweek,how muchnew
“content” is beingintroducedandwhat arethe charac-
teristicsof thenewly-createdpages.Again, we believe
our work is the �rst studyinvestigatingvariousaspects
of “new things”on theWeb.

� Search-centricchange metric: We studythechangesin
theexistingWebpagesusingmetricsdirectlyrelevantto
searchengines.Searchenginestypically usevariations
of TF.IDF distancemetric to evaluatethe relevanceof
a pageto a query, and they often usean inverted in-
dex to speedup the relevancecomputation.In our pa-
per, wemeasurethechangesin theexistingpagesusing
both 1) the TF.IDF distancemetric and2) the number
of new wordsintroducedin eachupdate.The studyof
the TF.IDF distancewill shedlight on how much“rel-
evance” changea pagegoesthroughover time. The
numberof new wordswill tell us how muchupdateis
requiredfor theinvertedindex.

In this paper, we study the above aspectsof the evolving
Web,by monitoringpagesin 154Websiteson a weeklybasis
for oneyearandanalyzingthe evolution of thesesites. We
cansummarizesomeof the main �ndings from this studyas
following:



1. What'snew on theWeb?
� Weestimatethatnew pagesarecreatedat therateof 8%

perweek. Assumingthat thecurrentWebhas4 billion
pages,this resultcorrespondsto 320million new pages
every week,which is roughly3.8terabytesin size.1 We
alsoestimatethatonly 20%of thepagesavailabletoday
will bestill accessibleafteroneyear. Giventhis result,
we believe that creationand deletionof new pagesis
a very signi�cant part of the changeson the Web and
searchenginesneedto dedicatesubstantialresources
detectingthesechanges.

� While a large numberof new pagesare createdevery
week,thenew pagesseemto “borrow” asigni�cant por-
tion of their contentfrom exiting pages.In our experi-
ments,weobservethatabout5%of “new content”is be-
ing introducedevery week.2 Given 8% new pagesand
5% new content,we estimatethat at most5%=8% =
62%of thecontentin thenewly createdpagesis “new.”
After a year, about50%of thecontentson theWebare
new.

� The link structureof the Web is signi�cantly moredy-
namicthanthecontentson theWeb. Everyweek,about
25%new links arecreated.After a year, about80%of
the links on theWebarereplacedwith new ones.This
resultindicatesthatsearchenginesneedto updatelink-
basedrankingmetrics(suchas PageRank)very often.
Given 25% changesevery week, a week-old ranking
may not re�ect the current ranking of the pagesvery
well.

2. Howmuch change?
� Ourresultsindicatethatonceapageis created,thepage

is likely togothrougheitherminorchangesornochange
at all. Out of all pagesthat arestill availableafter one
year, half of themdo not changeat all duringthatyear.
Evenfor thepagesthatdo change,thechangesarevery
minor. Forexample,afteroneweek,70%of thechanged
pagesshow less than 5% differencefrom their initial
versionunderthe TF.IDF metric. Even after oneyear,
lessthan50%of thechangedpagesshow lessthan5%
differenceundertheTF.IDF metric.Thisresultis roughly
in line with the �ndings reportedin [16] andstrongly
indicatesthatcreationof new pagesis amuchmoresig-
ni�cant sourceof changeon the Web thanthe changes
in theexistingpages.

3. Canwepredictfuturechanges?

Sincesearchengineshave limited network anddownload
resources,they try to downloadpagesthat changedmost
in order to detectas much changeas they can. We in-
vestigatedtwo waysof predictinghow mucha pagemay
have changed:the frequencyof change andthe degreeof
change. Thefrequency of changemeanshow many times
a pagechangedwithin a particularinterval (for example,
threechangesin a month). The degreeof changemeans
how muchchangea pagewent throughwithin an interval
(for example,30%differenceundertheTF.IDF metricin a
week).
� Frequencyof change: Our result indicatesthat the fre-

quency of changeis notagood“predictor” of thedegree

1Weassume12KB astheaveragepagesize.
2Moreprecisede�nition of “new content”will begivenlater.

of change.Wecouldnotobservemeaningfulcorrelation
betweenthem.For example,evenif two pagesexhibit a
similar frequency of changein thepast,say, 10changes
in oneweek,their futuredegreeof changecanbevery
different. Given this result,we expectthat existing re-
freshalgorithmsfor searchenginesmay not be a good
choiceif we want to maximizethe degreeof changes
thatthesearchenginesdetect.Mostexistingalgorithms
usethe frequency of changeastheir predictionmecha-
nism[12, 14].

� Degreeof change: Thepastdegreeof changeexhibits a
strongcorrelationwith thefuturedegreeof change.That
is, if apagechangedby 30%in thelastweek(say, under
the TF.IDF metric), the pageis very likely to change
30% in the next week again. Similar result hasbeen
reportedby [16], but wealsoobservethatthecorrelation
variessigni�cantly betweenthesites.While somesites
exhibit averystrongcorrelationsomesitesdonot.

2. EXPERIMENT AL SETUP
TocollectWebhistorydatafor ourevolutionstudy, wedown-

loadedpagesfrom 154 “popular” Web sites (e.g., acm.org,
hp.com,oreilly.com; see [6] for a completelisting) every
weekfrom October2002until October2003,for a total of 51
weeks. In this section,we explain how we selectedthe sites
for our study and describehow we conductedthe crawls of
thosesites.We alsopresenta few generalstatisticsaboutthe
datawecollected.

2.1 Selectionof the sites
In selectingthesitesto monitor, wewantedto pick a“repre-

sentative” yet “interesting”sampleof theWeb. By representa-
tive,wemeanthatoursampleshouldspanvariouspartsof the
Web,coveringa multitudeof topics.By interesting,we mean
thatareasonablylargenumberof usersshouldbeinterestedin
the sites,assearchenginestypically focustheir resourceson
maintainingthesesitesthemostup to date.

To obtain sucha sample,we decidedto pick roughly the
� vetop-rankedpagesfrom eachtopicalcategoryof theGoogle
Directory [1]. GoogleDirectorymaintainsa hierarchicallist-
ing of Websitescategorizedby topic. Siteswithin eachcate-
goryareorderedby PageRank,enablingusersto identify sites
deemedto be of high importanceeasily. By selectingsites
from eachtopical category, we believe we madeour sample
“representative.” By pickingonly top-rankedsites,webelieve
we make our sample“interesting.” A completelist of sites
includedin ourstudycanbeacquiredfrom [6].

2.2 Download of pages
Fromthe154Websitesweselectedfor ourstudy, wedown-

loadedpageseveryweekoveraperiodof almostoneyear. Our
weeklydownloadsof thesiteswerethoroughin all but a few
cases:startingfrom therootpagesof theWebsites,wedown-
loadedeitherall reachablepagesin eachsite,or all pagesuntil
wereachedamaximumlimit of 200; 000pagespersite.Since
only four Websites(outof 154) containedmorethan200; 000
pages3, we have captureda relatively completeweekly his-
tory of thesesites.Capturingnearlycompletesnapshotsevery
3The sitescontainingmore than200; 000 pageswerewww.
eonline.com , www.hti.umich.edu , www.pbs.org
andwww.intelihealth.com .



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

Table1: Distrib ution of domainsin our crawls.

weekis importantfor our purposes,asoneof our maingoals
is to studythecreationof new pageson theWeb.

Thetotal numberof pagesthatwe downloadedevery week
rangesfrom 3 to 5 million pages,with anaverageof 4:4 mil-
lion pages.Thesizeof eachweeklysnapshotwasaround65
GB beforecompression.Thus,we currentlyhave a total of
3:3 TB of Web history data,with an additional4 TB of de-
rived data(suchaslinks, shingles,etc.) usedfor our various
analyses.Whenwe compresstheweeklysnapshotsusingthe
standardzlib library, the spacefootprint is reducedto about
onethird of theoriginal.

Table1 reportsthe fraction of pagesincludedin our study
that belongto eachhigh-level domain. The misc category
containsotherdomainsincludingregionalonessuchas.uk,
.dk, .jp etc. Thedistribution of domainsfor pagesin our
studyroughlymatchesthegeneraldistributionof domainsfound
on theWeb[7].

3. WHAT'S NEW ON THE WEB?
In this section,we focuson measuringwhat is new on the

Webeachweek.In particular, weattemptto answerquestions
suchas: How many new pagesarecreatedevery week?How
muchnew contentis created?How many new links?Webegin
by studyingtheweeklybirth rateof pages.

3.1 Weeklybirth rate of pages
We �rst examinehow many new pagesare createdevery

week. That is, for every snapshot,we measurethe fraction
of the pagesin the snapshotthat have not beendownloaded
beforeandweplot thisnumberover time. This fractionrepre-
sentsthe“weekly birth rate” of Webpages.We usetheURL
of a pageasits identity, andconsidera page“new” if we did
notdownloadany pagewith thesameURL before.Underthis
de�nition, if a pagesimply changesits locationfrom URL A
to URL B, we considerthat a new pageB hasbeencreated.
(Later in Section3.3we measurehow muchnew “content” is
introducedeveryweek,which factorsout thiseffect.)

In Figure1 we show the weekly birth rateof pages,with
weekalongthehorizontalaxis. The line in themiddleof the
graphgivestheaverageof all thevalues,representingthe“av-
erageweeklybirth rate” of thepages.Fromthegraphwe can
observe that the averageweeklybirth rateis about8%. That
is, 8% of pagesdownloadedby anaverageweeklycrawl had
not beendownloadedby any previouscrawl. Scalingup from
our data(which, by design,is biasedtoward popularpages),
andassumingthe entireWeb consistsof roughly four billion
pages,we conjecturethat theremay be around320 million
new pagescreatedevery week (including copiesof existing
pagesandrelocatedpages).Admittedly, this numbermaynot
befully accuratebecauseour studyfocuseson popularpages.
However, it doesgiveusaball-park�gure.
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Figure 1: Fraction of new pagesbetweensuccessive snap-
shots.
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Figure 2: Fraction of pagesfr om the �rst crawl still exist-
ing after n weeks(dark bars) and newpages(light bars).

We alsoobserve thatapproximatelyonceevery month,the
numberof new pagesbeingintroducedis signi�cantly higher
than in previous weeks. For example,the barsarehigher in
weeks7, 11, 14, etc. thantheir previous weeks.Most of the
weekswith thehigherbirth ratefall closeto theendof a cal-
endarmonth. This fact implies that many Web sitesusethe
endof a calendarmonthto introducenew pages.Manualex-
aminationof the new pagesin these“high birth rate” weeks
revealedthat a numberof suchpagescontainjob advertise-
mentsor portalsleadingto archived pagesin a site. For the
mostpart,however, wecouldnotdetectany speci�c patternor
topicalcategory for thesepages.

3.2 Birth, death,and replacement
In our next experiment,we studyhow many new pagesare

createdandandhow many disappearover time. Wealsomea-
surewhat fractionof pageson our Websitesis replacedwith
new pagesaftera certainperiod.For thesepurposes,wecom-
pareour weeklysnapshotsof thepagesagainstthe �rst snap-
shotandmeasure1) how many pagesin the�rst snapshotstill
remainin the nth-weeksnapshot,and2) how many pagesin
thenth weeksnapshotdonotexist in the�rst snapshot.

Figure2 shows theresult.Thehorizontalaxisof this graph
plotstheweekandtheverticalaxisshowsthenumberof pages
that we crawled in the given week. The barsarenormalized
suchthat the numberof pagesin the �rst week is one. (We
downloaded4:8 million pagesin the�rst week.)Thedarkbars
representthenumberof �rst-week pagesthatwerestill avail-
able in the given week. The light barsrepresentthe number
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Figure3: Normalized fraction of pagesfr om the �rst crawl
still existingafter n weeks(dark bars) and newpages(light
bars).

of pagesthatwerecreatedsincethe�rst week(i.e., thepages
thatexist in thegivenweekbut did notexist in the�rst week).
For example,thesizeof thesecond-weeksnapshotwasabout
80% of thatof the�rst week,andwe downloadedabout70%
of the�rst-week pagesin thesecondweek.

Theobservable�uctuationsin ourweeklycrawl sizes(most
noticeablefor week45)areprimarily dueto technicalglitches
that are dif�cult to avoid completely. While collecting our
data,to minimizetheloadon theWebsitesandour local net-
work, we ran our crawler in a slow mode. It took almosta
full week for the crawler to �nish eachcrawl. During this
time,aWebsitemayhavebeentemporarilyunavailableor our
local network connectionmay have beenunreliable. To be
robust against short-lived unavailabilities our crawler makes
up to three attemptsto download eachpage. Still, in cer-
taincasesunavailabilitieswerelong-livedandourcrawler was
forcedto giveup. Sincetheseglitcheswererelatively minor in
mostcases(exceptin the45thweekwhenoneof ourcrawling
machinescrashed),we believe thatour resultsarenot signi�-
cantlyaffectedby them.

By inspectingthe weekswith the highestbarsin Figure2
and taking glitcheswith our crawling into account,we �nd
that the total numberof pagesavailablefrom the154 sitesin
our studyremainedmoreor lessthesameover theentire51-
weekperiodof our study. However, they arenot all thesame
pages.Instead,existing pageswerereplacedby new pagesat
a rapidrate. For example,afteronemonthof crawling (week
4), only 75%of the�rst-week pageswerestill available(dark
portionof thegraphatweek4), andafter6 monthsof crawling
(week25), about52%areavailable.

A normalizedversionof our graphis shown in Figure 3,
with thenumbersfor eachweeknormalizedto oneto allow us
to studytrendsin thefractionof new andold pages.After six
months(week25), roughly40% of thepagesdownloadedby
ourcrawler werenew (light bars)andaround60%werepages
thatalsooccurredin our �rst crawl (darkbars).Finally, after
almosta year (week51) nearly60% of the pageswerenew
andonly slightly morethan40% from the initial setwasstill
available. It took aboutninemonths(week39) for half of the
pagesto bereplacedby new ones(i.e.,half life of 9 months).

To determinewhetherthe deletionrateof pagesshown in
Figure3 follows a simpletrend,we usedlinear regressionto
attemptto �t our datausinglinear, exponential,andinverse-
polynomialfunctions.Thedeletionratedid not �t any of these
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Figure 4: Percent of IP addressesidentifying a Web site in
Year A also identifying a Web site in Year B. For exam-
ple, 56% of IP addressesidentifying a Website in the 1998
sample also identi�ed one in 1999 sample. Taken fr om
http://wcp.oclc.org/ .

trendswell. Thebestmatchwaswith a lineartrend,but theR-
squaredvaluewasstill very low at0:8.

3.2.1 Generalizing to theentireWeb
Our resultscanbecombinedwith resultsfrom recentstudy

by the Online ComputerLibrary Center(OCLC) [5] to get a
pictureof therateof changeof theentireWeb. TheOCLCcol-
lectsanannualsampleof theWebandstudiesvarioustrends
pertainingto thenatureof Websites.Oneof theexperiments
that theOCLC hasconductedover the last few yearsis to es-
timate how the numberof available Web siteschangesover
time. From years1998 to 2002, OCLC hasperformedsys-
tematicpolling of IP addressesto estimatethetotalnumberof
availableWebsites.They havealsomeasuredwhatfractionof
Websitesarestill availableafterk years.

The result of this OCLC study is shown on Figure 4. In
the �gure, thehorizontalaxis representstheyearof measure-
ment. Theoverall heightof eachbarshows the total number
of Websitesavailableat thegivenyear, relative to thenumber
of sitesavailablein 1998. In 1998thenumberof thepublicly-
accessibleWebsiteswasestimatedto be1:4 million. Thedark
bottomportion of the bar representsthe fraction of the Web
sitesthatexistedin 1998andwerestill availablein thegiven
year. Thelight portionrepresentsthefractionof new Websites
thatbecameavailableafter1998.Fromthegraph,we cansee
thatabout50% of Websitesgo of�ine every year. For exam-
ple, in 1999,half of the1998Websiteswerestill accessible.

Combiningthis resultwith ours,we canform a globalpic-
tureof how many pageson theentireWebwill still beavail-
ableafter a certainperiodof time. The OCLC studyshows
that about50% of existing Web sitesremainavailable after
oneyear. Our studyshows that roughly40% of the pagesin
eachWebsiteremainavailableafteroneyear. Therefore,only
about50% � 40% = 20% of today's Webpageswill beac-
cessibleafteroneyear.

Given this low rateof “survival” of Web pages,historical
archiving asperformedby, e.g.,theInternetArchive [3], is of
critical importancefor enablinglong-termaccessto historical
Webcontent.A signi�cant fractionof pagesaccessibletoday
areunlikely to be availableafter oneyear. Another implica-
tion of our �nding appliesto standardsearchenginesthat do
not focuson accessto historicalcontent.Sincesearchengine
userstendto be very intolerantof broken links in searchre-
sults, it is very importantfor searchenginesto keepabreast
of pagedeletionsandomit deletedpagesfrom searchresults
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Figure5: Averagepagesizesin our snapshotsover time.

(or, alternatively, point to “cached”copiesasGoogle [2] and
othersearchenginessometimesdo,which effectively extends
thelifetime of pages).

Finally, from Figure4, we observe thatgrowth in thenum-
ber of the Web siteshasslowed signi�cantly in recentyears.
While thenumberof availableWebsitesincreasedby 50%be-
tweenyear1998and1999, thetotal numberof availablesites
did not changemuchsinceyear2000. Giventhat thenumber
of pageswithin popularsitesdoesnot appearto grow signif-
icantly over time (our �nding discussedabove), therearetwo
remainingpotentialsourcesof growth on theWeb.

First, it may be the casethat relatively unpopularsitesare
growing. Althoughourstudydoesnotfocusonthebehavior of
unpopularsites,asasmallsideprojectwedid measuregrowth
for a smallrandomsampleof 100siteson theWebover a pe-
riod of two months.Our �ndings for thosesitesmatchedthose
for popularsites:theoverallnumberof pagesremainednearly
constantover time. Furthermeasurementsover a largerscale
areneededto verify this preliminaryandasyet inconclusive
�nding.

Thesecondpotentialsourceof growth ontheWebmaystem
from increasein thesizeof pages.While the total numberof
pagesmay be leveling off, perhapsit is the casethat pages
aregrowing largerover time. In Figure5 we plot theaverage
pagesizeof eachof our snapshot.The horizontalaxis plots
the week and the vertical axis shows the averagepagesize
in a given week,normalizedso that averagesize in the �rst
weekequalsone. While we seewide �uctuations,a clearup-
wardtrendexistsin thegraph,althoughit hasverymild slope.
Given theseresults,we suspectthat thecurrentgrowth of the
Webis mainly drivenby theincreasein thesizeof pagesover
time.

3.3 The creationof newcontent
While we measuredthe ratesof creationand deletionof

Webpagesin previoussections,wedid notaddresshow much
“new content”is beingintroducedon theWebover time. That
is, evenwhena new pageis created,thepagemaybea mere
copy of anexisting pagein which caseit doesnot contribute
any new contentto the Web. To quantify the amountof new
contentbeing introduced,we usethe shingling techniqueas
describedin [9, 11]. Fromevery pagewe excludetheHTML
markupandweview thepageasanorderedsequenceof words.
A w-shingleis acontiguousorderedsubsequenceof w words.
That is, we groupw adjacentwordsof thepageto form a w-
shingle,possiblywrappingat the endof the page,so that all
wordsin thepagestartashingle.

To measurehow muchcontentis createdon the Web, we
computedshinglesfor all pagesincluded in our study and
comparedhow many new uniqueshinglesareintroducedover
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Figure 6: Fraction of shinglesfr om 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 many of
themstill exist in thenth week?How many uniqueshinglesin
thenth weekdid notexist in the�rst week?By measuringthe
numberof uniqueexisting andnewly appearingshingles,we
canlearnhow much“new content”is beingintroducedevery
week. For the experimentspresentedin this sectionwe used
a shinglesizeof w = 50, which roughly correspondsto the
numberof wordsin a typicalparagraph.

The result of our shinglemeasurementsis shown in Fig-
ure6. Thehorizontalaxisplotstime in weeksandthevertical
axis shows the total numberof uniqueshinglespresenteach
week,relative to the �rst week. The �rst weekhasapproxi-
mately4:3 billion uniqueshingles.Thedarkly colored,lower
portion of eachbar shows the numberof �rst-week shingles
availablein thenth week. The lightly colored,upperportion
showsthenumberof new shinglesthatdid notexist in the�rst
week.To factorout �uctuation in thetotal numberof shingles
andfocuson the trendsin relative terms,we show a normal-
izedversionof thegraphin Figure7, wherethe total number
of uniqueshinglesin eachweeklycrawl is normalizedto one.

By comparingFigure7 with Figure3, we canseethatnew
shinglesarecreatedat a slower ratethannew pages.It takes
nine monthsfor 50% of the pagesto be replacedwith new
ones,but even after nearly one year, more than 50% of the
shinglesare still available. On average,eachweek around
5% of the uniqueshingleswerenew, i.e., not presentin any
previous week. It is interestingto contrastthis �gure with
our �nding from Section3.1 that,on average,roughly8% of
pageseachweekwerenew (whenidenti�ed solely basedon
URL's). By combiningthe two results,we determinethat at
most5%=8% = 62%of thecontentof new URL's introduced
eachweekis actuallynew.

3.4 Link­structur eevolution
Thesuccessof Googlehasdemonstratedtheimportanceof

the Web link structurein measuringthe importanceof Web
pages.Roughly, Google's PageRankalgorithmestimatesthe
importanceof apagebyanalyzinghow many otherpagespoint
to thepage.In orderto keepup with thechangingimportance
andpopularityof Web pages,it is thus importantfor search
enginesto capturethe Web link structureaccurately. In this
sectionwe studyhow much the overall link structureof the
Web changesover time. For this study, we extractedall the
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Figure 7: Normalized fraction of shinglesfr om the �rst
crawl still existingafter n weeks(dark portion of bars) and
shinglesnewly created(light portion).
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Figure 8: Fraction of links fr om the �rst weekly snap-
shotstill existingafter n weeks(dark/bottom portion of the
bars),newlinks fr om existingpages(grey/middle)and new
links fr om newpages(white/top).

links from everysnapshotandmeasuredhow many of thelinks
from the�rst snapshotexistedin thesubsequentsnapshotsand
how many of themarenewly created.

The result of this experimentis shown in Figure 8. The
horizontalaxisshowstheweekandtheverticalaxisshowsthe
numberof links in the given week. The heightof every bar
shows the total numberof links in eachsnapshotrelative to
the�rst week. Thedark-bottomportionshows thenumberof
�rst-week links that arestill presentin the given week. The
grey andwhiteportionsrepresentthelinks thatdid notexist in
the �rst week: Thegrey portioncorrespondsto thenew links
comingfrom the“old” pages(thepagesthatexistedin the�rst
week),while the white portion correspondsto the new links
comingfrom the“new” pages(thepagesthatdid not exist in
the �rst week). Figure9 is the normalizedgraphwherethe
total numberof links in everysnapshotis one.

From the �gure, we can seethat the link structureof the
Webis signi�cantly moredynamicthanthepagesandthecon-
tents. After oneyear, only 24% of the initial links areavail-
able.On average,we measurethat25% new links arecreated
every week,which is signi�cantly larger than8% new pages
and5% new contents.Thisresultindicatesthatsearchengines
needto updatelink-basedrankingmetrics(suchasPageRank)
veryoften.For example,giventhe25%new links everyweek,
a week-oldrankingmaynot re�ect thecurrentrankingof the
pagesverywell.
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Figure 9: Normalized fraction of links fr om the �rst
weekly snapshotstill existing after n weeks(dark/bottom
portion of the bars), new links fr om existing pages
(grey/middle)and new links fr om newpages(white/top).

4. CHANGES IN THE EXISTING PAGES
Thepreviousexperimentdemonstratedthatevery weeknu-

merouspagesdisappearfrom our weekly snapshotsand an-
othersetof pagesis created.Thepagesthatappearrepeatedly
in our weekly snapshots,however, do not all remainstatic.
In thissectionwestudytheway in which thecontentof pages
capturedrepeatedlybyourweeklysnapshotschangesovertime.

4.1 Changefr equencydistrib ution
In our �rst experiment,weinvestigatehow oftenWebpages

changeon average.We begin by usingthesimplestde�nition
of a change:we consideranyalterationto a pageasconstitut-
ing a change.Later, we will considera morere�ned notionof
change(Section4.2).

For this experimentwe conducteda scanof our weekly
snapshotstodetermine,for eachpagethatappearedin all snap-
shots,the averageinterval betweensuccessive changes.For
example if a particular pagechangedtwice during our 51-
weekmeasurementperiod,itsaveragechangeinterval is51=2 =
25:5 weeks. We thengroupedpagesby changeinterval and
obtainedthedistribution shown in Figure10. Averagechange
interval is plotted on the horizontalaxis. The vertical axis
shows the fraction of pageshaving eachaveragechangein-
terval. Pagesthat did not changeat all during our 51-week
measurementperiod are countedin the bar on the far right,
marked “inf.” The large gapsbetweenbarstoward the right
sideof Figure10 correspondto averagechangeintervals that
cannotarisein a51-weekexperiment.

From Figure 10 we observe that a signi�cant fraction of
pages(around50%) that occurredin eachweekly snapshot
remainedunchangedthroughoutthecourseof our study. An-
otherquitelargeportionof pageschangedveryoften:approx-
imately15% of pagesunderwentat leastonechangebetween
eachweeklydownload.Thesetwo extremesaccountfor more
than 65% of the pages. The remainingpagesoccurring in
all snapshotshaveaveragechangeintervalsrangingacrossthe
spectrumin aroughlyU-shapedpattern,with mostpagescon-
centratednearoneof the two extremes.The tendency is that
mostpageseitherchangevery frequentlyor very infrequently.

4.2 Degreeof change
In ourpreviousexperimentweusedaverysimplede�nition

of changethatonly capturesthepresenceof change,ignoring
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Figure 10: Distrib ution of the averagechangeintervals of
the pages.

whetherchangesare major or minor ones. To delve deeper
into thenatureof changesundergoneby Webpagesover time,
we now reporton experimentsdesignedto measuredegreeof
change.

From the point of view of a Web searchengine,degreeof
changeis as importantas, if not more importantthan,pres-
enceof change. Due to the immensescaleand highly dy-
namicnatureof theWeb,searchenginesarefacedwith acon-
strainedoptimizationproblem:maximizetheaccuracy of the
local searchrepositoryandindex, givena constrainedamount
of resourcesavailablefor (re)downloadingpagesfromtheWeb
andincorporatingtheminto thesearchindex. Searchengines
that ignore degreeof changemay wastepreciousresources
downloadingpagesthathavechangedin only trivial waysand
have little impacton thequality of thesearchservice.Effec-
tive searchenginecrawlers ignore insigni�cant changesand
devoteresourcesto incorporatingimportantchangesinstead.

Ourgoalwith theseexperimentswasto getahandleonhow
degreeof changemayin�uence thedesignof highly effective
searchenginecrawlers. Hence,we measuredthedistribution
of degreeof changeusingtwo metricsthatareof relevanceto
typical searchengines:

1. TF.IDF CosineDistanceGiventwo versionsof a page
p, sayp1 andp2 , we calculatethe TF.IDF cosinedis-
tance[20] betweenp1 andp2 . More precisely, suppos-
ing v1 andv2 aretheTF.IDF weightedvectorrepresen-
tationsof p1 andp2 (excludingany HTML markup),we
computecosinedistanceasfollows:

D cos (p1 ; p2) = 1 �
v1 � v2

jj v1 jj 2 jj v2 jj 2

wherev1 � v2 is theinnerproductof v1 ; v2 andjj vi jj 2 is
thesecondnorm,or length,of vectorvi .

2. Word DistanceGiventwo versionsof a pagep, p1 and
p2 , we measurehow many wordsof text in p's content
have changed(we exclude any HTML markup). The
worddistancebetweenp1 andp2 is de�ned as:

D w or d (p1 ; p2) = 1 �
2 � jcommonwordsj

jwordsin p1 j + jwordsin p2 j

Notethatbothdegreeof changemetricsarenormalizedsothat
all valuesarebetweenzeroandone,with 0 correspondingto

.05 .1 .2 .3 .4 .5 .6 .7 .8 .9 1
Dcos

0.2

0.4

0.6

0.8

1

Fraction
of Changes

Figure 11: Distrib ution of cosinedistancefor all changes.
Eachdark bar correspondsto changeswith cosinedistance
betweenthe respective 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
cumulativedistrib ution.

no changeand1 indicatingthat the two versionsdiffer com-
pletely.

TheTF.IDF cosinedistancemetric (in its variousforms) is
themostcommonlyusedmethodof determiningrelevanceof
documentsto searchqueriesbasedoncontent.Searchengines
typically ranksearchresultsusingacombinationof cosinedis-
tanceandotherfactors(includinglink-basedimportancemea-
suresas discussedin Section3.4). A small cosinedistance
changefor apagegenerallytranslatesto a relatively minoref-
fecton resultrankingfor mostsearchqueries.

Worddistanceisalsoimportantfromtheperspectiveof search
enginedesign.Word distancere�ects theamountof work re-
quiredto bringthesearchindex upto date,assumingmodi�ca-
tionsaremadeincrementallyto allow immediatesearchability
asin [17]. Both metricsignoretheorderin which termsap-
pearonapage,i.e. they treatpagesas“bagsof words.” Doing
so is consistentwith theway in which typical searchengines
treatdocuments(with the exceptionof phrasematching). In
contrast,theshinglesmetric(which we usedin Section3.3; it
is alsousedby [16]) is highly sensitive to theexactorderof
terms.

The distribution of TF.IDF cosinedistancefor all changes
is shown in Figure11. To ensurepropercomparabilityacross
multiple weekswhosesnapshotscontaineddifferentnumbers
of pages,we selecteda representative week(week21) from
which to obtainIDF weightsto usein all of ourTF.IDF calcu-
lations.Thehorizontalaxisof Figure11showscosinedistance
andtheverticalaxisshowsthefractionof changescorrespond-
ing to thegivendistance.Thedarkbarsshow thedistribution
of cosinedistances;thelight barsgivethecumulativedistribu-
tion.

By examiningFigure11 we canseethatmostchangesare
very small, and concentratedon the far left portion of the
graph.Morethan80%of all changesresultedin anew version
whosecosinedistancewaslessthan0:2 from theold version.
In fact,65% of thechangeshada cosinedistanceof lessthan
0:05. In light of this �nding, weconcludethatoverhalf of the
total changesrecordedby our repeatedcrawls were induced
by operationsthat alteredthe contentof a pagevery slightly.
Suchoperationsmight be modi�cations to advertisingmate-
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Figure 12: Distrib ution of word distance values for all
changes.Eachdark bar correspondsto changeswith word
distancebetweenthe respectivex-axisvalueand the previ-
ousone.For example,bin 0:1 correspondsto changeswith
word distancebetween0:05 and 0:1. The light bars show
the cumulativedistrib ution.

rial, counters,“last updated”tags,etc.Weprovideevidenceto
supportthisconjecturein Section4.3.

Our�nding coincideswith thatof [16], whichmeasuredde-
greeof changeby countingthenumberof “shingles”affected
by a changeoccurrence.However, we feel that themetricwe
have selected,TF.IDF cosinedistance,may be moredirectly
relevantto searchenginecrawler design.Theobservationthat
mostWeb pagemodi�cations in�uence cosinedistance(and
thusrankingaccuracy for mostqueries)very little may have
importantimplications. In particular, in light of this fact it is
crucialthatsearchenginecrawlersfacingresourcelimitations
considerthedegreeof change,not just thepresenceof change,
whenchoosingamongpagesto downloadandincorporateinto
thesearchindex. Of course,�ne-graineddegreeof changein-
formationcanonly beleveragedin a traditionalsearchengine
context if it is amenableto prediction.Westudypredictability
of degreeof changelaterin Section5.

We now turn to measurementsof word distance.Figure12
shows the distribution of word distancesfor all changesde-
tected. We again seethat the vast majority of changesare
relatively minor ones,althoughthis phenomenonis lesspro-
nouncedfor word distancesthan it is for cosinedistances.
The differencebetweenFigures 11 and 12 indicatesthat a
moderatefraction of changesinducea nontrivial word dis-
tance(suchas0:2) while having almostno impacton cosine
distance.Thesearechangesthat primarily affect wordswith
high documentfrequency thataretypically given low weight
in searchresultrankingfunctions.Incorporatingsuchchanges
into asearchindex incursmoderateoverheadwhile addingrel-
atively little bene�t in termsof searchresultquality. Thisphe-
nomenonandits implicationsfor searchenginedesignmerit
furtherstudy.

4.3 Degreeand fr equencyof change
Our �ndings in Section4.2 indicatethat mostchangesare

relativelyminorones,soit is importantfor searchenginecrawlers
to take degreeof changeinto account. We now investigate
whetherthereis any correlationbetweenfrequency of change
anddegreeof change. If so, thenperhapsdegreeof change
canbeestimatedindirectlyby measuringfrequency of change.
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Figure13: Relationshipbetweendegreeof changeand fr e-
quencyof change.
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Figure 14: Relationship between cumulative degree of
changeand fr equencyof change.

For example,perhapsit is thecasethatpagesthataremodi�ed
veryoften(say, onceeveryday)usuallyexperienceonly ami-
nor degreeof changewith eachmodi�cation (e.g.,swapping
advertisements).Conversely, perhapspagesthatareonly mod-
i�ed occasionally(say, twice per year)undergo a large-scale
overhaulwith eachmodi�cation.

In ournext experimentweaimedto determinewhethersuch
acorrelationexists.To checkfor correlationwegroupedpages
basedontheiraveragefrequency of change(basedonthe“all-
or-nothing” notion of change)andcomputedthe averagede-
greeof changefor changesin eachgroup. Degreeof change
wasmeasuredusingboththeTF.IDF cosinedistanceandword
distancemetricsdescribedin Section4.2.

The result is shown in Figure13. The horizontalaxis rep-
resentsthenumberof times(1 to 50) a pagechangedover the
courseof our51 downloads.Theverticalaxisshows theaver-
agedegreeof change,for eachchangeundergoneby pagesin
eachcategory. Theline for D cos correspondsto thecosinedis-
tancemetric;theline for D w or d correspondsto worddistance.
Underbothmetrics,thehighestaveragedegreeof changeper
changeoccurrenceis experiencedby pagesthateitherchange
very frequently(far right of the graph)or changevery rarely
(left sideof the graph). This fact implies that the contentof
thepagesthatchangevery frequently(at leastonceperweek)
is signi�cantly alteredwith eachchange.Thesameis truefor
thepagesthatchangeinfrequently. Otherwise,no discernible
trendis apparent.

To studytherelationshipbetweendegreeandfrequency of
changein moredepth,wealsomeasuredcumulativedegreeof



changegroupedby changefrequency: Figure14 plotsoverall
degreeof changebetweenthe �rst and last versionof each
page,averagedacrossall pageswithin eachchangefrequency
group(horizontalaxis).

By comparingFigures13 and14 we canseethat for pages
thatchangedat leastweekly(i.e. 50 timesduringour51-week
measurementperiod),althougheachweeka roughly17% de-
greeof changewasmeasuredon average(Figure13), thecu-
mulative degreeof changeafter 50 weekswas only around
30% underboth metrics(Figure 14). This �nding suggests
that thevastmajority of modi�cations to thesefrequentlyup-
datedpagestendto occurin the sameportion(s)of the page.
Weinspectedasmallsampleof suchpagesby hand,andfound
thatin many casesrepeatedmodi�cation of arestrictedportion
of thecontentcorrespondsto aspectssuchas: weather, stock
market, “news of the day” reports,counters,advertisement
materialcontainingsmalltext strings(recallthatourmeasure-
mentsfactor out html tags, images,etc.), and “last updated
on...” snippets(theseareoftengeneratedautomaticallyandin
somecasesdo not coincidewith any actualcontentmodi�ca-
tion). For thepurposesof mostsearchengines,changessuch
asthesecansafelybeignored.

In stark contrast,pagesthat underwentmodi�cations be-
tween30 and40 timesduringour 51-weekmeasurementpe-
riod tendedtoexhibit asigni�cant cumulativedegreeof change
(above 50% on average),eventhoughon averageeachmodi-
�cation only incurreda 5 � 10% degreeof change.This dis-
crepancy impliesthatalthoughthesepagestendto changeonly
moderatelywith eachmodi�cation, successive modi�cations
often target differentportion(s)of the page. As a result, the
cumulativedegreeof changeincreasessubstantiallyover time.
Pagesin this category that areproneto experiencethe most
substantiveanddurablealterationsin content,eventhoughthe
frequency of changeis not thehighest.Froma searchengine
perspective, thesemoderatelyfrequentchangesare likely to
beworthwhileto capture,whereasmany of thevery high fre-
quency changesmay not be,assuggestedabove.4 The ques-
tion of how well the two classesof changescanbe differen-
tiatedbasedsolely on frequency of changestatisticsremains
open.

5. PREDICTABILITY OF DEGREE OF
CHANGE

As weconcludedin Section4, mostof thechangesdetected
in our experimentswerevery minor. Searchenginesmay be
ableto exploit this factby only redownloadingpagesthathave
undergonesigni�cant revision sincethelastdownload.When
resourcesarescarceit is importantto avoid wastingresources
on pageswhoseminor changesyield negligible bene�t when
incorporatedinto the searchindex. However, given the pull-
orientednatureof the Web, the capabilityto differentiatebe-
tweenminorandmajorchangeshingesontheability to predict
degreeof changesuccessfully. In thissectionwestudythepre-

4Note that [13] suggeststhat searchenginesoptimizing for
overall freshnessshould,when resourcesare scarce,ignore
high-frequency modi�cations so that resourcescan be used
morepro�tably, even whenall modi�cations areassumedto
incur the samedegreeof change.Here,we arepointing out
thatmany high-frequency modi�cationsmaybeof little inter-
estto searchenginesintrinsically, not just becauseresources
canbesavedby not incorporatingthem.

dictability of degreeof changein Webpages.In particular, we
seekto determinewhetherpastdegreeof changeis a goodin-
dicatorof futuredegreeof change,in termsof TF.IDF cosine
distance. Our resultsobtainedfor the word distancemetric
wereverysimilar soweomit them.

5.1 Overall predictability
Webegin ouranalysisof predictabilityby studyingtheover-

all trendsacrossall pagescollectedby our crawler. Later, in
Section5.2,we will extendour analysisto a �ner granularity
by inspectingindividualsites.Figure15(a)showsthreescatter
plots, eachplotting cosinedistancemeasuredover a particu-
lar interval of time (oneweek,onemonth,andthreemonths)
on thehorizontalaxes. Theverticalaxesplot cosinedistance
measuredover theensuingtime interval of thesameduration.
Eachpagecontributesexactly onedot to eachplot (although
thevastmajorityaremaskedduetoocclusion).Theseplotsen-
ableusto gaugethedegreeof correlationbetweensuccessive
time intervals. Pointsalignedalong the diagonal(i.e. ones
that satisfy the equationy = x) exhibit the samedegreeof
changein successive measurementperiods,andhencehighly
predictabledegreeof change.Therefore,ourdatasetmanifests
highpredictabilityif mostdotslie closeto thediagonal.

To helpusjudgedegreeof predictability, we rankpagesac-
cordingto its straight-linedistancefrom thediagonal(y = x)
anddivide theminto four groups:

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

� Group B: Pagesthat fall betweenthe top 80% andthe
top90%in termsof proximity to thediagonal.

� Group C: Pagesthat fall betweenthetop 90% andthe
top95%in termsof proximity to thediagonal.

� Group D: All remainingpages.
Weplot eachgroupusingadifferentcolorin Figure15: redfor
GroupA, yellow for GroupB, greenfor GroupC, andbluefor
GroupD. For example,from the red dots in left-mostgraph
of Figure15(c), we seethat GroupA (top 80% pages)from
www.eonline.com lie in a bandbetweeny = x + 0:06
andy = x � 0:06 from thediagonal.Thenarrower this band
is, themorepredictablethedegreeof changeis. To make the
“width” of eachbandeasierto see,we plot the distanceof
membersof eachgroupfrom thediagonal(shown below each
scatterplot; distanceis normalizedto therange[0, 1]).

It is clearfrom Figure15(a)thatmostpagescapturedin our
studychangein ahighlypredictablemanner, in termsof cosine
distance.For example,from the yellow band(GroupB, top
90%)in thesecondgraphof Figure15(a),we canseethatfor
90%of thepages,wecanpredicttheir futuredegreeof change
with +/-8% error; yellow dots lie in the bandy = x +/-0.08.
Not surprisingly, thedegreeof predictabilitydecreasessome-
what aswe move to longertime intervals. The widthsof the
bandsgrow larger as the interval becomeslonger. The fact
that degreeof changeappearsto be highly predictable,espe-
cially over the short term, is good news for searchengines.
By relyingonsimplepredictivemethodsto estimatedegreeof
changeaccurately, searchenginesmaybeableto take degree
of changeinto accountwhen selectingpagesto redownload
andreincorporateinto thesearchindex. As suggestedby our
resultsin Section4, doing so may enablesearchenginesto
useresourcesmoreeffectively andultimately achieve higher
quality searchresults.
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Figure 15: (a) Cosine distance predictability over time for all pages, (b) just www.columbia.edu, and (c) just
www.eonline.com.The �rst column representschangesfalling oneweekapart, the secondcolumn showschangesonemonth
apart, and the last column showschangesthr eemonthsapart.

There are somecaveats,however. First, as can be seen
in Figure15(a),the ability to predictdegreeof changeaccu-
ratelydegradesmildly over time: thedistanceof every group
from thediagonalgrows over time. Second,a smallbut non-
negligible fraction of pagesdefy even short-termprediction.
Third, our conclusionsareonly valid over the pagesconsid-
eredin our study, which aredrawn from popularWeb sites.
Furtherinvestigation will be necessaryto determinewhether
ourconclusionsextendto lesspopularsites.

Fetterlyet al. [16] drew similar conclusionsasto the pre-
dictability of degreeof change,usingnumberof changedshin-
gles to measurechange. They only studiedshort-termpre-
dictability over two successive week-longperiods,however.
Ourresultsin Figure15(a)show thatevenoverafairly lengthy
spanof time (successive three-monthquarters),80% of the
pagesarewithin aradiusof 5% of thediagonal(recallthatthe
diagonalrepresentsexactpredictabilityfor cosinedistance).It

may not be feasiblefor certainsearchenginesto monitor all
pagesof concernon a weeklybasis,andtheability to rely on
long-termpredictabilitymayhelpconsiderablywith download
schedulingandresourcemanagement.

5.2 Predictability for individual sites
Having shown thatdegreeof changetendsto behighly pre-

dictablefor mostpagesincludedin our study, we turn to an
investigation of predictabilityat the granularityof individual
Web sites. After examining our data,we selectedtwo sites
thatarerepresentative of the rangeof site-level predictability
presentin our data: www.columbia.edu (an educational
site) and www.eonline.com (an entertainmentmagazine
site). Scatterplots of cosinedistancepredictability for the
two sitesareshown in Figures15(b)and(c). (For brevity we
omit similar plotsobtainedfor othersites.)Both sitesexhibit
goodpredictabilityoverall, but thedegreeof predictabilityof



pagesfrom www.columbia.edu is signi�cantly betterthan
that of pagesfrom www.eonline.com . Moreover, in the
shortterm,pagesfrom www.eonline.com tendto change
muchlesspredictablythanthemajority of pagesin our over-
all study(Figure15(a)).Thedegreeof changeof many pages
onwww.eonline.com eitheracceleratedor deceleratedbe-
tweenthe�rst andsecondweeks,asis especiallyapparentfor
groupD in thegraphs.Perhapsthis characteristic,which rep-
resentsanoutlieramongthesiteswestudied,canbeattributed
to the fast-pacednatureof trendsandhot topicsin the enter-
tainmentworld.

From theseexampleswe concludethat the ability to pre-
dict futuredegreeof changefrom pastbehavior canvarya fair
amountfrom siteto site. (Wecon�rmed thatthereis moderate
variation in the generaldegreeof predictabilityacrossother
sitesnot discussedheredueto spaceconstraints.)Therefore,
searchenginesmay want to avoid heavy relianceon predic-
tion for certainsites,andindeedfor certain“rogue” pagesthat
defypredictionevenwhenotherpagesonthesamesiteexhibit
highly predictablebehavior. Establishingreliablemethodsfor
identifying Web sitesandindividual pagesfor which predic-
tion of degreeof changeis not likely to succeed(i.e., predict-
ing predictability)is animportanttopic for futurework.

6. RELATED WORK
OthershavestudiedWebevolution. Wearenotawareof any

prior work oncharacterizingtheevolutionof thelink structure
of theWeb. However, previousstudiesdo touchuponaspects
relatedto our measurementsof the birth, modi�cation, and
deathof individual pagesover time. Here we discussprior
studiesthatexhibit somecommonalitieswith ourown.

In themostrecentrelatedstudyweareawareof, Fetterlyet
al. [16] repeatedlydownloadedsome151million Webpages.
Their studywasthe �rst to focuson degreeof change,which
wasmeasuredby countingthenumberof changed“shingles.”
The study of [16] spanneda larger collection of pagesthan
ours,but overashorterperiodof time(elevendownloadsover
a period of roughly two months). Aside from thosediffer-
ences,our study differs from [16] in two signi�cant ways.
First, by recrawling sitesfrom scratcheachweek, we were
able to measureratesof web pagecreation(Fetterly et al.
only measureddeletionrates),which, interestingly, appearto
matchdeletionratesclosely. Second,our studyconcentrates
speci�cally on aspectsrelevant to searchenginetechnology,
bringing out many implicationsfor the designof searchen-
ginecrawlers.

In particular, whenmeasuringdegreeof changewe focused
onTF.IDF weightedcosinedistance,whichtypically formsthe
basisfor searchenginerankingfunctions.Someof our results
mirror thoseof [16] undera complementarydistancemetric,
strengtheningour sharedconclusions.In addition,our work
probesthe following issuesimpactingsearchenginecrawler
design:Wemeasuredthecorrelation(or lackthereof)between
frequency 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 measuredthe evolution of the hyperlink structureof the
Web,which is a vital concernfor modernsearchenginesthat
combinelink-basedimportancemeasureswith traditionalrel-
evancescoringin their rankingfunctions[10].

An earlierlarge-scalestudyof theevolutionarypropertiesof

theWebwasperformedby Brewingtonet al. [8]. Thatstudy
focusedonpagemodi�cation ratesandtimes,anddid notcon-
siderlink structureevolution. A Boolean,“all or nothing”no-
tion of pagemodi�cation wasused,in contrastto our study
whichmeasureddegreeof changein continuousdomains.Us-
ing statisticalmodeling,[8] estimatedthe growth rateof the
Webanddeterminedthegrowth in thenumberof pagesto be
exponential,underthe assumptionof exponentialgrowth in
the numberof Web hosts. A white paperfrom Cyveillance,
Inc. [18] publishedin thesameyearalsoreportedsuperlinear
growth in thenumberof pagesontheWeb(although[18] does
not reveal themethodsused).Theseresultsarein opposition
with our�nding, whichis basedonanalysisof ourdatain con-
junctionwith new evidenceof a stagnationin thegrowth rate
of thenumberof Webhostsin recentyears[5].

In [12], lifespansand ratesof changeof a large number
of Web pageswere measuredin order to assessthe viabil-
ity of adoptingan “incremental” strategy for Web crawling.
Changesweredetectedbycomparingchecksums,andwasthus
restrictedto “all or nothing.” Degreeof changewasnot mea-
sured.Earlier, Douglisetal. [15] alsostudiedWebpagemodi-
�cation rates,gatheringstatisticsusefulfrom thepointof view
of designingan effective Web cachingproxy. As a resultof
theirfocusoncaching,themeasurementsof [15] centeredaround
theextentof replicationof contentacrossmultiple pagesand
interactionsbetweenaccesspatternsandmodi�cation patterns.
Again,degreeof changewasnotmeasured.Furthermore,nei-
ther [12] nor [15] measuredpagecreationratesor link struc-
tureevolution.

Pitkow et al. [19] studiedstatisticalcharacteristicsof a sin-
gle Web site for which they hadaccessto useractivity logs
in additionto contentsnapshots.They characterizedpagesin
termsof useraccesspatternsandco-citationpatterns.Theco-
citation analysiswasperformedover a staticsnapshotof the
site—analysisof link structureevolution wasnot undertaken.
However, theevolutionof individualpagesin thesitewasstud-
ied,andcorrelationswerefoundbetweenfrequency of modi�-
cationandpagelifetime, andbetweensourceof access(inter-
nal versusexternal)andpagelifetime. Creationratesof new
pagesanddegreeof changewerenotmeasuredin [19].

7. CONCLUSION AND FUTURE WORK
We have studiedaspectsof the evolving Web over a one-

yearperiodthatareof particularinterestfrom theperspective
of searchenginedesign. Many of our �ndings may pertain
to searchenginecrawlers,which aim to maximizesearchre-
sult quality by makingeffective useof availableresourcesfor
incorporatingchanges.In particular, we found that existing
pagesarebeingremoved from the Web andreplacedby new
onesat a very rapid rate. However, new pagestendto “bor-
row” their contentheavily from existing pages.Theminority
of pagesthatdopersistoverextendedperiodsof timetypically
exhibit very little substantive change(althoughmany undergo
super�cial changes).For the exceptionalpagesthat change
signi�cantly over their lifetimes,thedegreeof changetendsto
be highly predictablebasedon pastdegreeof change.How-
ever, pastfrequencyof changedoesnot appearto be a good
all-aroundpredictorof degreeof change.

Since somesearchenginesexploit link structurein their
rankingalgorithms,we alsostudiedtheevolution of links the
Web. We determinedthat the link structureis evolving at an



evenfasterratethanthepagesthemselves,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 ways to exploit knowledgeof docu-
mentandhyperlink evolution trendsin crawlers andranking
modulesfor next-generationsearchengines.
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