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Abstract

The problemof assessinghe size of the World Wide Web is extremely difficult because
samplingdirectly from theWebis not possible Severalgroupsof researchersaveinvested
considerableffort to developsoundsamplingschemesvhichinvolve submittinganumber
of queriedo severalmajorsearctenginesin this papeme present statisticalapproactor
the analysisof datasetgollectedby query-basedampling,utilizing a hierarchicalBayes
formulation of the Raschmodel for multiple list populationestimation. We shav that
our proceduresccordwith thereal-world constraintsand consequentlyhey let us make
credibleinferencesboutthe sizeof the World Wide Weh
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1 Introduction

The World Wide Web (henceforththe Web) hasbecomean extremely valuableresource
for a wide segmentof the world’s population. Corventionalsourcesf information (e.g.
libraries) have beenavailable to the public for centuries but the Web hasmadepossible
what seemedo be only a researches dream: instantaneouaccesgo journals, articles,
technicareportarchives,andotherscientificpublications.Sincealmostarybodycancreate
and“publish” Web pagestheWebhasno coherenstructureandconsequentlyt is noteasy
to establisthow muchinformationis available.Evaluationof thesizeandextentof theWeb
is difficult notonly becauséts sheersize,but alsobecaus®f its dynamicnature.We have
to take into accounthow fastthe Web is growing in orderto obtaincredibleestimateof
its size. Growthin this context is “an amalganof new Web pagesbeingcreated existing
Web pagesheingremoved,andexisting Web pageseingchanged(Selbeg, 1999). As a
result,arny estimateof the sizeof the Webwill betime bound.

The Web consistsof text files written in HyperText Markup Language(HTML). A
HTML file containsspecialfields called anchor tags, which allow an authorto createa
hyperlinkto anothedocumenbnthe Weh Whentheuserclicks on oneof thesefields,the
Web browserloadsthe URL specifiedin the hyperlinkandthusthe Web canbe seenasa
directedgraph,G, with HTML pagesasverticesandhyperlinksasedges.Albert, Jeong,



andBarabas{1999)claim thatthe diameterof G, definedasthe meanof numberof URLs
on the shortesfpathbetweenary two documenton the Web, canbe expressedasa linear
function of the numberof vertices,N, of the graphG on a logarithmicscale. Using the
valueof N foundby LawrenceandGiles(1999),they concludedhat“two randomlycho-
sendocument®ntheWebareon averagel 9 clicks away from eachother”. Unfortunately
verylittle is known abouttheunderlyingstructureof this highly connectedraph.As acon-
sequencehereis nodirectmethodof estimatingV. Thedimensionf a databasevith all
possibleURLs on the Web will be hugeand,evenif we could constructa URL database,
we cannotdeterminewvhich URLSs correspondo valid Web documentsSamplingdirectly
from the Web s infeasible:without a list of URLs, known in samplesureys asa frame
eitherimplicit or explicit, it is impossibleto take a valid probability sample. Alternative
methodsarealsoproblematice.g. the lengthof the randomwalks requiredto generatea
distribution over a subsef the Web thatis closeto the uniform may be extremelylarge
(BharatandBroder, 1998).

If we cannotstudythe Web asa whole, onecantry to assesshe size of the publicly-
indexable Web. The indexable Web (Selbeg, 1999)is definedas “the part of the Web
whichis consideredor indexing by themajorenginesywhichexcludespagesiddenbehind
searctforms,pageswith authorizatiorrequirementsetc” SearctenginesuchasNorthern
Light, Alta Vista, or HotBot, might give the impressiorthatit is very easyto locateary
pieceof informationon the Weh Since“several searchenginesconsistentlyrank among
thetop ten sitesaccessedn the Web” (Lawrenceand Giles, 1999),it shouldbe obvious
thatthe searchservicesare usedby millions of peopledaily. However, studiesshav that
the searchenginescover “fewer thanhalf the pagesavailableon the Web” (Lawrenceand
Giles, 1998b)and astime goeshy, they increasinglyfail to keepup with the expanding
natureof the Weh Several estimateof the total numberof pages(LawrenceandGiles,
1998b)indicatethatdueto the rapid growth of the Web, the fraction of all the valid sites
indexedby the searchenginescontinuego decrease.

Searchengineshave the bestWeb crawlers, thereforeit seemsaturalthat we should
try to exploit them. If we wantto estimatethe portion of the Web coveredby the existent
searctengineswhy shouldnt we usethe searchengineghemseles?LawrenceandGiles
(1998b)developeda procedurdor samplingWWebdocumentdy submittingvariousqueries
to a numberof searchengines.We contrasttheir studywith the one performedby Bharat
andBroeder(1998)in November1997. Although both experimentstook placealmostin
thesameperiodof time, their estimatesresignificantlydifferentanddisagreeln Section
2 weshav how thesizeof theWebwasestimatedy threegroupsof researcherd:awrence
andGiles(1998b;1999),BharatandBroeder(1998)andBradlon andSchmittlein(2000).
In addition,we explain the discrepang betweenthe resultsthey obtained.Section3 out-
lines our approachor calculatinga lower boundof the size of the Web basedon the data
collectedby LawrenceandGilesin Decemberl997. Our objective is to developa proce-
durethat could be appliedin realtime, allowing usin the future to monitor the growth of
the Web by calculatingestimatesat several pointsin time. In the last sectionwe present
two differentmethodsthat give credibleestimatesf the size of the Webin a reasonable
amountof time andarealsoconsistentvith therealworld constraints.

2 Web Evaluation

We definedthe indexable Web asthat part of the Web which is consideed for indexing
by the majorengines.We have to make anunequvocaldistinctionbetweerthe indexable
Webandtheunionof theindicesof all existentsearchengines.ThereareWeb documents
which mightbeindexedby a searctengine but, atafixedtime ¢y, werenotincludedin ary



index. Furthermorepageswith authorizationrequirementspageshiddenbehindsearch
forms, etc., are not compatiblewith the generalarchitectureof the searchengines,and
it is unlikely thatthey will be indexed by any searchenginein the nearfuture. We can
summarize¢heseideasasfollows:

Web pagesindexed at ¢y ‘ C‘ Indexable Web at ¢ ‘C Entire Web

wherethe above inclusionsare strict. Basedon the inferencesve malke aboutsize of the
portion of the indexable Web coveredby several popularsearchengines,our goal is to
produceanestimateof the sizeof thewholeindexableWeh

Althoughthereis no direct methodof countingthe numberof documentson the Web,
the searchservicesdisclosethe numberof documentgshey have indexed. Unfortunately
countsasreportedby theservicegshemselesarenot necessarilyrustworthy. It is notclear
the extent to which duplicatepages,aliasedURLSs, or pageswhich no longer exist, are
includedin thereportedcounts. Despitetheseproblemswe canstill usethe self-reported
countsasanapproximateorderof magnitudeof the searchenginesndices(c.f., Lawrence
andGiles;1998b).

If every singlesearchservicehasa narronv coveragethesizeof ary index might offer
only a very limited insight aboutthe dimensionof the indexable Weh Due to the fact
thatany enginehassomeinherentcontritution, the combinedcoverageof all the existent
enginesvould allow usto make betterinferencesaboutthe sizeof theindexableWeh

2.1 Lawrenceand Giles Study

Lawrenceand Giles (1998b;1999) developeda procedurefor samplingWeb pages that
doesnotnecessitataccesso ary confidentialdatabasandcanbeimplementedvith fairly
modestcomputationakesourcesisingonly public queryinterfaces. This procedurecon-
sistsof runninga numberof querieson several searchenginesandcountingthe numberof
resultsreturnedby eachengine.

LawrenceandGiles (1998b)studiedsix majorandwidely-availablefull-text searchen-
gines,namelyAlta Vista, Infoseek,Excite, HotBot, LycosandNorthernLight. The expe-
rimentersselectedb 75 queriesissuedby scientistsat the NEC Researchnstitutebetween
15 and 17 Decemberl 997 and submittedthosequeriesto the six searchservices. They
retrieved all of the resultsaccessiblehroughevery engineand for eachdocumentthey
recordedhesearchenginesvhichwereableto locateit. LawrenceandGilesimplemented
a numberof reliability assessmentsecausehe dataobtainedin this way cannotbe used
as-isdueto severalexperimentakourcef bias.

Sincesearchenginesdo not updatetheir databasesequentlyenoughthey oftenreturn
URLSs relatingto Web documentsvhich no longerexist or may have changedandareno
longerrelevantto the query LawrenceandGilesretainedonly thosedocumentshatcould
be downloaded andthenthey removed duplicatesncludingidenticalpageswith different
URLs. Someenginesare case-sensite andsomearenot, henceLawrenceand Giles did
not usequerieswhich containeduppercasecharacters.

Anotherpotentialproblemis thatthe six searchenginesusevariousrankingalgorithms
to assesselevance. The Web documentssened up by an engineshouldbe percevedas
the “best” matchesas determinedby the ranking procedure. Sincerelevanceis difficult
to determinewithout actuallyviewing the pagesrankingalgorithmsmight seriouslybias
our findings. To preventthis happeninglL.awrenceandGilesretainedonly the queriesfor
whichthey wereableto examinethe entiresetof results.Queriesreturningmorethan600
documentgfrom all enginescombinedaftertheremoval of duplicateswerediscardedor
thepurpose®f theanalysis.



NorthernLight
yes no
Lycos Lycos
yes no yes no
HotBot HotBot HotBot HotBot
yes no yes no yes no yes no

1 0 2 0 0 0 1 O

. Yes
yes Excite

nol2 0 3 2 0 0 0 2
yes Infoseek
. yesf1 0 2 1 0 O 3 4
no Excite
i nofl]l 3 0 8 2 0 3 19
Alta Vista
. yess0O 0O O 1 0 0 O
yes Excite
nol0O 0 1 1 0 O 5 4
no Infoseek
. yess 0 0 0O 1 0 0O 4 22
no Excite
nol0 0 7 17 2 3 31 2

Tablel: Multiple list datafor Query140,obtainedrom LawrenceandGiles(priv. comm.).

LawrenceandGiles provideduswith datain theform of a 575 x 63 matrix. Eachrow
containsthe countsfor anindividual query Thefirst six columnsarethe numberof pages
foundby Alta Vista,Infoseek Excite,etc. Thenext columnsarethenumberof pagedound
by ary two enginesthenthe pagedoundby ary threeenginesandsoon. Thelastcolumn
containghe numberof pagedoundby all six engines.Usingthe principle of inclusionand
exclusion, we transformedhe “raw” datainto 575 cross-classifyingablesof dimension
26 — 1. Let X, X5, ..., X becatgorical variablescorrespondingo Alta Vista, Infoseek,
Excite,HotBot, LycosandNorthernLight, respectiely. Eachvariablehastwo levels: “1”
standgor “found page”and“0” standsor “not found”. Let D denotethe setof all binary
vectorsof lengthsix. The contingeng tablefor queryk (1 < k < 575) canbe expressed
asSy = {z¥|s € D}. Foragivenquery we do notknow how mary pagesverenotfound
by all six enginesthereforeall 575 tableshave a missingcell, which canbeinterpretedas
thedifferencebetweerthe “real” numberof pagesexisting on the Web andthe numberof
pagesactuallyfound by the six enginedor the queriesin question.

The quality of the analysiswe wantto performdependsn otherfactorswhich might
or might not turn out to be significant. Web documentavereaddedremoved, edited,and
modified while the experimentersollectedthe data,hencethe searchresultsmight also
change.Searchenginedfirst look for the bestmatcheswithin the segmentof their index
loadedin the main memoryandonly if the matcheghey found are not satishctory they
expandthesearcho therestof the databaseThis meanghatif we would submitthesame
queryto the samesearchserviceat differenttimes of the day, the setof resultsfetched
might not be the same. Undersome(nearly) improbablecircumstancesa searchengine
might not returnany documentgresentin othersearchengines’databasein which case
we will notbeableto estimatethe overlapbetweerindices.

We examinedthe intersectionsbetweenthe setsof pagescorrespondingo the 575
queriesaggregatedover the six searchenginesand concludedthat all the interactionsbe-
tweentwo queriesappeato besignificantlysmallerthanary setof pagesmatchingaquery
Theseggmentsof the Web definedby the 575 queriesarefor all practicalpurposedlisjoint,
hencewe canview our dataas a seven-way contingeng table S in which “query” is a
multi-level stratifyingvariable.



Service Coverage
HotBot 52.02%
Alta Vista 37.23%
NorthernLight | 26.39%

Excite 19.11%
InfoSeek 13.24%
Lycos 4.15%

Table2: Estimatedelative coverageof the six searchenginesemployed.

We determinedwhich engineperformsbetterthan the others. The relative coverage
(Selbeg, 1999) of a searchengineis definedby the numberof referenceseturnedby a
searchservicedivided by the total numberof distinctreferenceseturned.Notice thatwe
can computethis ratio without having to estimatethe missingcell. Table 2 shows our
calculationof therelative coveragefor the six searctservicesonsideredHotBotappears
to have thelargestcoveragefollowedby Alta VistaandNorthernLight. Althoughrelative
coveragecanexpressthe quality of a searchservicewith respecto the others,it cannotbe
usedif we wantto find a way to measurehe combinedcoverageof the six searchengines
with respecto theentireindexableWeh By analyzingthe overlapbetweerpairsof search
enginespnecaneasilycalculatehefractionof theindexableWebcoveredby ary of thesix
searchengines.SinceHotBot hadreportedlyindexed 110 millions pagesasof December
1997,LawrenceandGilesestimatedhatthe absolutesize of theindexableWeb shouldbe
roughly320 million pagesWe discusdn detailthe validity their estimaten Section2.4as
partof our reanalysiof their data.

In February1999, LawrenceandGiles (1999)repeatedheir experiment. The number
of searchengineswas increasedo 11 (Alta Vista, EuroSeek,Excite, Google, HotBot,
Infoseek,Lycos,Microsoft, NorthernLight, Snap,Yahoo)andthe numberof querieswas
expandedto 1,050, hencethe datathis time consistsof a 1,050 x (2! — 1) array The
experimenterdid not make clearwhetherthe 575 queriesusedfor the first study were
amongthe1, 050 queriesusedfor the seconne.NorthernLight hadindexed128 million
pagesat the time of the experimentshenceLawrenceand Giles approximatedhat there
were800 million pageson theindexableWeh The estimationmethodwassimilar to the
oneemployedin the previous study Unfortunately their analysiswas donedynamically
andthe new datawerenotretainedfor possiblereanalyses.

2.2 Bharat and Broeder Study

In Novemberl1997,BharatandBroeder(1998) performedan analysisanalogousn mary
respectgo the onecarriedout by LawrenceandGiles. They employedonly four engines,
i.e. Alta Vista, Excite, Infoseek,andHotBot. Insteadof measuringdirectly the sizesand
overlapsof thefour searclservicestheirapproachnvolvedgeneratingandomURLs from
the databasef a particular searchengineand checkingwhetherthesepageswere also
indexedby the othersearchservices.

The experimenterapproximatedsamplingand checkingthroughqueries.Ratherthan
choosingqueriesmadeby real users,Bharatand Broederrandomlygeneratedheir own
queries. The querieswere derived from a lexicon of about400,000words build from
300,000documentsxisting in the Yahoo! hierarchy The artificially generatedjueries
werepresentedo onesearctserviceandthe searchresultswereretrieved. Sinceit is very
hardto geta hold of the entire setof results,Bharatand Broederpicked an URL at ran-



domfrom the top 100 matcheghatwerefound for every query, hencethe resultswill be
heavily dependenbn the rankingalgorithmusedby every searchengineandalsoon the
particularchoiceof lexicon. Both the rankingstratgyy andthelexicon canintroduceseri-
ousexperimentabias,thatis somedocumentawill have betterchance®f beingincluded
in the samplethanothers.

For every query selectedrom one of the four indices,Bharatand Broedercreateda
strongqueryintendedo uniquelyidentify thatparticularpage.They built thestrongquery
by picking the most significanttermson the pageand submittedit to the other search
services.An engine& hadindexed pageP if P waspresentn the setof resultsfetched
from £. Becausehereis somuchduplicationon the Web, the setof resultsobtainedmight
containmorethanonedocumentlt is not clearwhether€ would have foundpageP if the
original querywhich generated hadbeensubmittedto £.

Bharatand Broederperformedtwo seriesof experiments:trials 1 (10,000disjunctive
queries)and 2 (5,000 conjunctive queries)in mid 1997, andtrials 3 (10,000disjunctive
queries)and4 (10,000conjunctive queries)in November1997. We canseethatthe setof
querieemployedwasconsiderablyargerthanthesetusedby LawrenceandGiles(1998Db).

A more elaboratemethodthan the one usedby Lawrenceand Giles (1998b; 1999),
wasemployedto assessvhatfraction of the indexableWebwascoveredby anindividual
searchengineinvolvedin the study The experimenterscalculatedenginesize estimates
by minimizing the sumof squaredlifferencesf the estimatedverlapsbetweernpairs of
searctenginesSinceAlta Vistareportedlyindexed100 million pagesBharatandBroeder
concludedhatthe indexableWeb hadroughly 160 million pagesn November1997. We
will comebackwith a detaileddiscussiorof thevalidity of theseresultsin Section2.4.

2.3 Bradlow and Schmittlein Study

Anotherattemptto evaluatethe Web was carriedout by Bradlon and Schmittlein(2000)
during October1998. They tried to assesshe capability of six searchengines(the very
sameenginesemployedin LawrenceandGiles(1998b))to find marketingandmanagerial
informationusingquery-basedampling. Twenty phrasesverechosento be submittedto
the searchengines.The phrasesadto berepresentatie for the marketingworld andalso
preciseenough(any numberof pagescould berelevantfor anambiguougjuery henceour
inferencesouldbeadwerselybiasedf too mary relevantpagesverefound).

Thesix searchenginescombinedreturneda numberof 1, 588 differentpages.For each
of thesepagesthe experimentersecordedhebinary patternof lengthsix describingwhat
enginessuccessfullydetectecthe page(as before,“1” standsfor “found page”and“0”
for “not found”), the numberof pagelinks (0 — 5, 6 — 10, or 10+), the domaintype
indicatingwhetherthe site wherethe pagewaslocatedwascommercial(.com),academic
(.edu),an organization(.org), or someothertype of site (“other”). In addition,two phrase
characteristicsvere alsorecorded—neer versusolder; andacademioversusmanagerial—
for moredetailsseeBradlon andSchmittlein(2000).

The originality of this approachcomesin the way Bradlow and Schmittleinanalyzed
the datathey collected. Eachsearchengineand Web pageare assumedo lie in a D-
dimensionalspace. The probability that a given enginewill capturesomepageis a de-
creasingunctionof thedistancebetweertheengineandthe page henceasearchengineis
morelikely to capturepagedocatedin its immediatevicinity thanpageghataresituated
atsomeconsiderablalistance.

In the first modelthey proposedthey placedall the enginesin the origin of an one-
dimensionalspace(D = 1). Searchenginestendto find the sameWeb pagesand con-
sequentlythe “less resourceful’enginesindex only a subsetof the pagesindexed by the
“more powerful” engines.The secondmodel studieddiffers from the first one only with



respecto thenumberf hypothesizedimensionof theunderlyingspacethey took D = 2
to beareasonablehoice.Theirthird modelis moreflexible thanthe previoustwo because
it allowsthe enginelocationsto vary in atwo-dimensionaspace.

To be morespecific,let p;;, bethe probability thatthe k-th URL for the j-th phraseis
found by engine:. Moreover, d;;;, denotesa squaredMiahalanobisdistancebetweerthe
locationof thei-th engineandthelocationof k-th URL for phrasej in the D-dimensional
spacelf u is “the rateat which the probabilityanenginefindsa givenURL dropsoff”, we
canexpressp;;r asafunctionof d;; by

1
Dijk = 1 +d%k- (1)
Bradlowv and Schmittleinfit all threemodelsusinga Markov chainMonte Carlo sampler
The first two modelswere invalidatedby the data,while the third seemgo fit their data
reasonablywell. Thisis a clearindicationthat every searchengine“carvesout” its own
locationin the URL space.

Bradlowv and Schmittlein(2000) concludethat, for marketing/manageriadjueries,‘the
readershouldfeel confidentthatthe searchenginescover about90% of whatexiststo be
foundfor thesekind of phrases” Althoughtheauthorsarguethattheir modelingtechnique
is superiorto ary otherstudyperformedandthat “thesekinds of marketing/management
documentsarerelatively easyto locate”, the resultthey cameup with appeargo conflict
with whatwe know aboutthe searchenginesoehaior. Thereareelementf their model
andanalyseshowever, which would be worth further investigationaselaborationf the
approactsuggestech this paper

2.4 The Size of the Indexable Web

Here we describeexplicitly the statisticalmodelsandinherentassumptionshat underlie
theestimate®f LawrenceandGiles(1998b;1999),andBharatandBroeder(1998).

Let £; and&, betwo searchengineswith indicesE; and E» respectiely. Denoteby
Q the completeset of documentsavailable on the indexable Weh We make two major
assumptions:

(A1) TheindicesE, and E, aresamplesiravn from a uniform distribution over 2.
(A2) E;, andE, areindependent.

Denoteby | A| thenumberof elementf thesetA. Thefirst assumptiorsaysthat:

|Ex|
Q| = , 2
while (A2) implies:
P(Ey) = P(E1 N E»|Ey). 3)
We canestimateP(E; N E»|E,) from our databy:
~ AN A
B(By N B[ By) = (102 @
|Az|



whereA; and A, arethesetsof pagegeturnedvhenall thequerieautilizedin astudywere
submittedto enginest; and€&,. As aresult,the sizeof theWeb canbeestimatedy:

~ |E1|'|A2|J
= | B4l 5
0] LMAQ' ©)

where|z| is thelargestintegersmaller or equalto, .

Formula(5) givesus a way to extrapolatethe size of the indexable Web basedon the
publishedsize of theindex of anengine&; andon the estimatecoverlapbetweenf; and
anotherengine&,. But assumptiongAl)-(A2) are not necessarilysatisfied. The search
enginesdo not index Web documentsat random. They employ two major techniquedo
detectnew pagesuserregistrationandfollowing (hyper)links(LawrenceandGiles,1999).
Ononehand peoplewho publishontheWebhave thetendeny to registertheir pageswith
asmary servicesaspossible.On the otherhand,popularpagesvhich have morelinks to
themwill have biggerchanceso beindexedthannew (henceunliked)pagesWe infer that
searctengineswill bemoreinclinedto index severalwell-definedfractionsof theindexable
Web, which will inducea positive or negative correlationbetweenary two searchengines
indices. Sincethe probability of a pagebeingindexedis not constanta searchengines
index will representbiasedsamplefrom the entirepopulationof Webdocuments.

The estimatein Lawrenceand Giles (1998b)was basedon the overlapbetweenAlta
VistaandHotBot. Sincethey werethe engineswith the largest(relative) coverageat the
time of thetests(amongthe six enginestudied) theirindiceswill have “lowerdependence
becausé¢hey canindex morepagetherthanthepagesheusersegisterandthey canindex
more of the lesspopularpageson the Web” (Lawrenceand Giles, 1998b). The reported
sizeof HotBotwas110 million pageshenceLawrenceandGilesfound 320 million pages
to beanestimateof the sizeof theindexableWebin Decemben997. BharatandBroeder
arguethatthe indexable Web shouldhave about160 million pagesasof Novemberl997,
sinceAlta Vista hadreportedlyindexed 100 million pagesat thattime and“had indexed
an estimated52% of the combinedsetof URLs” (Bharatand Broder 1998). Thereis a
clear discrepang betweenthe two estimates. Sincethe queriesusedby Lawrenceand
Gileswereissuedby researcherghey relateto topicsfew userssearchor. Searchengines
areorientedtowardsfinding informationthe averageuserwants,thusLawrenceandGiles
might have underestimatethe overlap betweenindices. On the otherhand,Bharatand
Broedermight have overestimatedhe overlapsincethe engineshave atendeng to locate
contentrich documentsandtheseare the documentghe randomlygeneratedjueriesare
inclinedto match.As aconsequencét appearshatLawrenceandGilesoverestimatedhe
sizeof theindexableWeb, whereaBBharatandBroederunderestimated.

Although the Web is a dynamicervironment,it can be assumedhat the population
of Web documentss closedat a fixed time tq, i.e. “there are no changesn the size of
thepopulationdueto birth, death,emigrationor immigrationfrom onesampleto the next”
(Fienbeg, 1972).This definitiontranslatesn ourframework to: noWebpageswere added,
deletedor modifiedwhile the datawas collected Sincethe entireindexable Web canbe
considerectlosedat afixedtime g, the subpopulatiorof pageswvhich would matchquery
k, 1 < k < 575 will alsobe closedat time t5. Our goal is to assesghe size N;, of
the populationof pagesdefinedby query k at time to (i.e. Decemberl997) usingthe
standardmultiple-recaptureapproachto populationestimation. In the capture-recapture
terminology Web pagesarereferredasindividualsor objectsandsearchenginesaslists.

More preciselywe have six sampled ¥,..., L, whereL¥, 1 < i < 6 representthebest
matchedor query & found by enginei. Following Fienbeg (1972), let n’f+ and nil be
thenumberof individualsin thesamples.* and L% respectiely, andn¥, bethenumberof
individualsin bothlists. The classicalcapture-recapturestimatefor N, basedon thefirst
two listsis



k k
Nkz {nl-l_:—i_l:J 3 (6)
ni1

i.e. the traditional “Petersen”estimate. We can computethe Peterserestimatesor Ny,
basedon all pairsof the six availablelists. The Peterserestimateassumeshe objectsare
heterogeneou®\1) andthelists arepairwiseindependenfA?2), henceequation5) andthe
Peterserestimate(6) arebuild on the samesuppositions.Moreover, we canseethat the
estimate_awrenceandGilesfoundfor theindexableWebis nothingmorethana Petersen
estimatescaledup by afactor namelythe numberof pagesHotBot hadreportedlyindexed
divided by thetotal numberof pagedound by HotBot for the 575 queries.

We consideredhe seven-way tableS collapsedacrosgjueriesandcomputedhe tradi-
tional capture-recapturestimatesgor thenumber\" of Webpagesmatchingat leastoneof
the queriesused. Only 7 out of 15 wereabove the obsened numberof objectsin the six
lists, which represents lower boundfor the “real” numberof pagesV. In Figurel, we
givetheproportion7 ;, of Peterserstimatesmallerthantheobsenednumberof pages:,
for every six-way contigeny tableSy. T, is biggerthan50% for almosthalf the queries.
This s clearevidencethatthe assumptiongAl)-(A2) do nothold. Thesecalculationsalso
suggesthatthereis positve andalsonegative dependencbetweerpairsof searctengines
acrosghe 575 queries.Sincethe six searctenginesattemptto maintainfull-text indicesof
theentireindexableWeb, theinteractionave obsenedaretheresultof the biasintroduced
by thequery-basedampling.
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Figurel: Proportionof Peterserestimatesmallerthann,.



3 Our Approach for Estimating the Size of the Web

The 575 queriesof Lawrenceand Giles (1998b)definea populationof Web documents,
while the union of the indicesof the searchenginesemployed defineanotherpopulation
of pages. We obsened the intersectionbetweenthe two populationsand summarizedt
in a seven-way contingeng tableS with missingentries.If we wereableto approximate
the numberof pagesnot found by all the searchenginesusedfor every query we could
draw inferencesaboutthedimensiorof the populationof pagegelevantto the 575 queries.
Basedon this estimateand on the publishedsize of the index of oneof the six searchen-
gines,we couldextrapolatehenumberof Webdocumentgontainedn thedottedrectangle
in Figure2. This approactprovidesa lower boundof the size of the indexableWeb as of
Decembed997,andin thefollowing sectionsve proposeonepossiblemplementatiorof
it usinganapproactsuggesteéh Fienbeg, JohnsorandJunker (1999).

OUR SEARCH |
ENGINES |
DATA WaEs

QUERIES
USED

Indexable Web

Figure2: Thetwo populationof Web pagesvhich definethe datawe obsened.

3.1 TheRasch Model

Thesubpopulatiorof Webdocumentsnatchingqueryk, 1 < k < 575, is aclosedpopula-
tion atagivenpointin time. Our objectiveis to estimatats unknovn size Ny, usingmultiple
lists or sources.We make useof the k-th contingeng table Sy, that cross-classifiesdi-
viduals (Web pages)basedon which searchengines(or lists) were able to locatethem.
This is the usualsettingfor the multiple-recapturgopulationestimationproblem,which
originatedin estimatingwildlife andfish populations.

Leti = 1,..., N} index theindividualsandj = 1, ..., J = 6 index thelists. Define

Y. = 1, if enginej locatedpagei,
Y00, otherwise.

In otherwords, X;; = 1 if individual : appearsnlist j. Let p;; be the probability of
this event. Thenumberof Web pageddentifiedby atleastonesearchenginefor queryk is
nyg. Clearly estimatingV, is equivalentto estimatingVy, — ny. We requireamodelwhich
allowsfor:

1. heterogeneity of capture probabilities: the probability of a pagebeingindexed by
asearchengineis not constant Pageswith morelinks to themaremorelikely to be
locatedby a searchservice(LawrenceandGiles,1999).

2. list dependencies: searchenginesaremoreinclinedto index certainfractionsof the
Web, hencethe searchresultsthey returnwill becorrelated.
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3. heterogeneity among sear ch services: eachenginehasa specificbuilt-in searching
mechanismandbecaus¢his mechanisnis differentfrom oneengineto theother, the
setof Webdocumentsndexedby every servicewill alsobedifferent.

Rasch(1960)introduceda simplemixed-efectsgeneralizedinearmodelthatallows for
objectheterogeneityandlist heterogeneityThemultiple-recapturenodelcanbeexpressed
as:

1 —pij

lOg{L}:91+BJ, izl)"'7Nk; j:17"'7J) (7)

whered; is the randomcatchabilityeffect for the i-th Web pageand 3; is the fixed effect
for the penetratiorof enginej into thetargetpopulationrepresentedy all indexableWeb
documentgelevantfor the k-th query The heterogeneityf captureprobabilitiesacross
objectsdependsn the distribution Fg of § = (64, ...,0xN,). Notethat,if we setthe§;
in equation(7) equalto zero,the log-oddsof inclusionof objecti onlist ; dependnly
on the list, andthusthe Raschmodel reducego the traditional capture-recapturmodel
with independenlists. Whenthe 8;’s aredifferentfrom zeroandwe treatthemasrandom
effects,this modelis multi-level, with lists at onelevel andindividualsat another

Fienbeg, JohnsorandJunlker(1999)shovedhow to analyzeonequeryusingaBayesian
approachor estimatingthe parametersf the Raschmodel. They employedthefollowing
full Bayesiarspecification:

Xij ~ Bern(pj|0i), 1= 1, ...,Nk; _] = 1, ceey J,
0; ~ F@(ol)a i=1,.., Ng, (8)
Bi o~ Gp(Bj), =1,

This permitsusto describeall the modelcomponentsandalter preciselythosepartsthat
needadjustmento reflectthe dependengin the data. We usean extensionof the Markov
ChainMonte Carlotechniqudor fitting item-responsenodels asit is describedn Johnson,
Cohenand Junler (1999). Following Fienbeg et al. (1999), we assumehat the vector
of list parameters3 = (S, ..., Bs) is distributed N4 (0,10 - Is) andis independenbf
(6,02, Ni,). The catchabilityparametewectoris distributedf|o?, N, ~ Ny, (0,02 - 1),
ando? ~ I'"1(1,1). Thisdistributionis properbut presumeshatwe have little knowledge
aboutthe searchenginesindicesand abouttheir underlyingindexing algorithms. As the
prior distribution of Ny, we useavariationof the Jefrey’s prior:

1
ka(Nk) X Fk . I{nk<Nk<NL’“”}- (9)

This specificationis robustto the choiceof N*** andcanbe assmallas 10,000 or as
largeas1,500,000. The latter thresholdwas usedwhenfitting the Raschmodelfor the
tablecollapsedacrosqjueries.

To illustratethe useof this model,we considerquery140 which hasn4 = 159 URLS
andwe compareheresultsobtainedoy fitting the BayesiarRaschmodelwith the classical
Peterserestimates.The posteriordistribution of Ny49 is skewed, while the median(639)
is notvery closeto themode(481)—seeFigure3. The95% confidencanterval for Ny4¢ is
[330,1691]. The95% highestposteriordensity(HPD henceforth)nterval is [268, 1450].
This95% HPDinterval for theBayesiarRaschmodelis anequal-tailedorobabilityinterval
(Fienbeg etal., 1999). Thelower endof the HPD interval is only slightly smallerthanthe
lower endof the 95% confidencenterval, whereashe upperendsof the two intervalsare
alot morefarapart.We arenot surprisedoy this factsincethe posteriordistribution hasa
long right tail. Both the mean(165) andthe maximum(322) of the Peterserestimatesre
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Posterior Distribution of N for Query 140
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Figure3: Posteriodistribution of the projectednumberof Web pagesVy, for query Q1 49.
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biggerthantheobsenednumberof pagesThePeterserstimatesuggesthattheexpected
numberof pagess only twice aslargeasn, 49, ascomparedvith the Raschmodelestimate
whichis atleastfour timeslargerthann 4¢.

Astheobsenednumberof pages, increasestheposterioristribution of theprojected
numberof pagesV; movestowarda symmetricdistribution. The Peterserestimatorcon-
stantlyunderestimated’, whencomparedvith theinferencesve draw throughthe Rasch
model. Sincethe assumptionshe Raschmodelis build on area lot closerto reality than
theassumption$¢Al)-(A2) we make whenusingthe Peterserestimatoywe areinclinedto
give more creditto the Raschmodel. Moreover, the Lawrenceand Giles approximation
of the size of the indexableWeb differs only by an orderof magnitudefrom the Petersen
estimator

3.2 Collapsing versus Regression

Estimatingthetotal numberof documentsV” ontheindexableWebrelevantto atleastone
of the 575 queriess akey stepin our analysis.Eachof the 575 queriesdefineapproxima-
tively disjoint sggmentsof theWeh SincetheRaschmodelprovidesagoodestimateof the
size N, of eachsubpopulationye would betemptedto approximate\ as:

575

N =>" N (10)
k=1

Althoughsimpleandappealingit is noteasyto make useof equation(10) in practicesince
it requireditting a Raschmodelfor every querywe work with. An alternatve solutionisto
fit theRaschmodelfor thecontingeng tableS, derivedfrom theseven-waytableS by col-
lapsingacrosgjueries We areawarethatthedifferentqueriesnduceheterogeneoysopu-
lationsof pageshencebuilding our reasoningsolelyonthe six-way cross-classificatio§g

might seriouslybiasour findings. On the otherhand,the heterogeneitgffect might not be
asstrongaswe expectandsoit might be adequate¢o make useof Sg.

To accountfor the possibleheterogeneiteffect, we sampledwithout replacement 28
gueriesfrom the 575 queries(about20%) containedn the dataseandwe usedthe Rasch
modelto estimatethe numberof relevant pagesthat werenot found by ary of the search
engines We estimatedV,, for the queriesnot selectedn the sampleby employing simple
linear regression.We modeledthe posteriormean,medianandmodeof N; asa function
of the obsened numberof pagesfor every queryin the sampleand endedup with the
following models:

(M1) log(Nmean) = 467 + 19.2-log(ng),
(M2) log(Nmedian)  — 130.6 - log(ng,), (11)
(M3) log(Njede) = —2.88 + 41.94-log(ny).

Thecoeficientsof determinatiorior models(M1), (M2), and(M3) are75%, 99%, and93%
respectiely. Careshouldbe taken wheninterpretingthe coeficient of determinationR?
for (M2), sincetheinterceptis not presenin the model. The plot of obsenedversuditted
values(seeFigure4) confirmsthe validity of the modelswe proposed.t appearghatthe
projectednumberof pagesgermango query Q. is directly proportionalon a logarithmic
scaleto ni—thetotal numberof Web pagesdentifiedby the six searchenginescombined.
The models(M2) and(M3), which arethe “best” regressionsgcanbe employedto predict
Ny, for the queriesfor which we did not fit the Raschmodels. The six searchengines
employed by Lawrenceand Giles (1998b)identified 49, 416 pageson the Web relevant
to at leastone of the 575 queries. The predictednumberof relevant pagesis 167, 298 if
we usemodel(M2) and125, 368 if we usemodel(M3). Thereforetheseregression-based

13



projectionssuggesthatthereexistsat leasttwice asmary relevantpageson the Web that
werenotfoundby ary searctengine.

In Figure5, we presenthe posteriordistribution of A from fitting the BayesianRasch
modelfor tableSy. This distribution is symmetricandunimodal,with a posteriormedian
equalto Ny = 184,160. The95% HPD interval for NV is [173427,199939]. The mean
50, 440 of the Peterserestimateds only slightly biggerthanthe total numberof pages
no = 49,416 capturedoy the combinedsearchenginesfor all the queries,whereasthe
maximumis 75,130. Consequentlythe projectednumberof pages\ usingthe Petersen
estimatoris not eventwice aslarge asng, while usingthe Raschmodelthe samequantity
would be approximatedo bealmostfour timesaslargeasny.

R2 = 93% R2 =75% R2 =99%

log(Posterior Mode)
log(Posterior Mean)

Figure 4: Regressionof the posteriormode, meanand medianof N, on the obsenred
numberof pages.

Recallthat3;, 1 < j < 6, is thefixed effect for the penetratiorof engine; into the
target population. Figure 6 portraysthe catcheffort of Alta Vista acrossall of the 128
samplequeries.We plottedseveral summarystatisticsbasedon the posteriordistribution
of B; from the sampleswe generatedising the Raschmodel. The overall catcheffort
B9 of Alta Vista is taken to be the posteriormedianof the Raschmodel for table S.
Figure 6 offers unmistakableevidencethat the performanceof Alta Vista remainsstable
acrosghe 575 queriesused since3? stayswithin the 95% confidencdimits for aimostall
128 queries. The posteriordistributions of those3;’s for which 3? lies outsidethe 95%
confidenceantervals might not be well approximatedueto insufficient information—fev
Web pagesobseredfor the correspondingjueries.The restof the searchenginesexhibit
thesameunvaryingbehaior. WheninterpretingFigure6, we have to keepin mindthatthe
575 querieshaveno“natural” order:they werelabeledwith “1”, “2”, ..., “575" in thesame
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Posterior Distribution of N for the Table Collapsed Across Queries
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Figure5: Posteriodistribution of A/ for the seven-way tableS aggreyatedacrossjueries.
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orderin which Lawrenceand Giles (1998b)includedthemin the initial 575 x 63 matrix

they provided uswith. This meanshatthe curvesin Figure6 have no intrinsic meaning.
However, Figure 6 is usefulfor observingthe tightnessof the quantilesof the estimated
catchefforts of the queriesaboutthe overall catcheffort: only 3 queriesof the 128 deviate

significantlyfrom the collapsedvalue.

I
0 Q140
I
l
o - Ao ~ ! \
AY |
/\N\/V\/\AM [FYA ARURZIMAA
| Vv i VY\/ e \/\/\/\
n | i V
— N |
— I
O
4— O
w <7
<
O
T ﬂ,* Il Mean
(@) I Mode
Q1 i
o | I Median |
o B s
I Collapsed
wn
€
\ \ \ \ \ \ \
0 20 40 60 80 100 120

Query

Figure6: Catchabilityeffect of Alta Vistaacrossthe queriesselectedn the sample.The
vertical axis representshe numbervalue of 5; in model (7) andthe curvesconnectthe
guantilesof the 128 samplequeriesdisplayedalong the horizontalaxis in an arbitrary
order

4 Scaling Up to the Web

We arenow in a positionto provide estimategor A/ basecdntheanalyseslescribedn the
precedingsection:

e Method 1 Selecta samplefrom the setof queries,fit the Raschmodelfor every
samplequeryandextendtheresultsto therestof the queriesvia regression.

e Method 2 Find adirectestimateor A by fitting the Raschmodelfor the seven-way
tableS collapsedacrosgjueries.

For the LawrenceandGiles data,Method 1 gives./\7 1 = 167,298 asanestimatefor N
if model(M2) is employed,while usingMethod2 we obtainaslightly largervalue,namely
N> = 184,160. Thusbothtechniqueseturnresultswithin the sameorderof magnitude.
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Estimates based on Lawrence and Giles (1998b)
Method 1 Method 2 Estimates

CombinedCoverageof 29.54 27 —
EnginesUsed

Alta Vista 11 10 28

Infoseek 3.91 3.6 10

Excite 5.65 5.12 14

HotBot 15.37 14 34

Lycos 1.23 1.11 3

NorthernLight 7.8 7 20

CommonCoverageof 0.06 0.03 —
EnginesUsed

Table3: Estimatedcoverageof the searchenginesusedrelative to theindexableWeb asof
Decembed 997 (Percentages).

However, Method2 fully overlooksthe heterogeneitgxistentamongqueriesandalthough
this methodis lessexpensve to implement,in someparticularcircumstancesve might
favor Method1.

Table 3 givesthe estimateof the absolutecoverageof the six searchengineswe ob-
tainedby employing Method1 andMethod2. We contrastour findingswith the coverage
estimatef Lawrenceand Giles (1998b). Our estimatesuggesthat HotBot, the engine
with thelargestcoveragen Decembed 997 indexedonly aboutl 5%of theindexableWeb,
ratherthan34%ascalculatedby LawrenceandGiles. In addition,our combinedcoverage
of thesix searctengineds approximatelyequalto the coverageof Alta Vistaestimatedy
LawrenceandGiles!

We cannotmake inferencesboutthesizeof theindexableWebbasedn our dataalone.
Considera searchengine&; with index E;. Therelationshipin equation(2) tells usthat
thenumberof documentsvailableon theindexableWeb canbe estimatedy:

B2 (12)

We approximateP(E, ) asthe ratio betweerthe total numberof pagedocatedby &, for
all queriesused,andthe estimatefor A" we employed. Currently we have no choicebut to
rely onthe sizeof theindex of £; asreportedby the engineitself. Sincethesepublished
estimatesarenotreliable,we used(12) for severalsearchenginesandcomparedheresults
we obtained—sed@able4. LawrenceandGiles arguethat HotBot hadreportedlyindexed
110 million pagesasof Decemberl997 and consequentlythey basedtheir estimateson
thisvalue.Ontheotherhand,BharatandBroeder(1998)claim that“SearchEngineWatch
reportedthe following searchenginessizes(asof November5, 1997): Alta Vista= 100
million pagesHotBot= 80 million, Excite=55million, andInfoseek= 30 million pages”.
Thefirst row uses\1, while all the othervaluesuse N> asanestimateof .
Ourlowestboundof thesizeof theindexableWebis 520 million pageswhile Lawrence
andGiles (1998b)obtainedan estimateof 320 million pagesasof Decemberl997. Re-
memberthat Bharatand Broeder(1998) arguedthat the Web had only 200 million pages
in November1997.In orderto contrastour inferenceswith theresultsfoundby Lawrence
and Giles, we scaledup the posteriordistribution of A from fitting the Raschmodelfor
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Reported Sizes
HotBot HotBot* Infoseek Alta Vista Excite
(80) (110) (30) (100) (55)
OurWebSize 520.63 715.87 767.30 909.29 974.21
(Method1)
CombinedCoverageof 153.78 211.45 226.46 268.57 287.76
EnginesUsed(Collapsed)

Alta Vista 57.26 78.73 84.39 100 107.15
(Collapsed)

Infoseek 20.36 27.99 30 35.55 38.09
(Collapsed)

Excite 29.39 40.42 43.32 51.33 55

(Collapsed)

HotBot 80 110 117.90 139.71  149.70
(Collapsed)

Lycos 6.39 8.78 9.42 11.16 11.96
(Collapsed)

NorthernLight 40.58 55.80 59.81 70.88 75.94
(Collapsed)

CommonCoverageof 0.16 0.22 0.23 0.28 0.30
EnginesUsed(Collapsed)

Table 4: Absoluteestimatedor the size of the Web as of December1997 (Millions of
pages)

table Sy, using an estimateof the size of HotBot of 110 million pages. This technique
allows usto find a distribution of the numberof pagesavailableontheindexableWeh The
medianof this distribution is 788 million pagegseeTable4), while the95% HPD interval

is be [742,856] million of pages.If we usethe same“external” informationasLawrence
andGiles, we would saythatthe Web wasat leasttwice asbig in 1997 aswhatwasbe-

lieved until today (Bharatand Broder, 1998; Lawrenceand Giles, 1998b). In addition,
HotBot seemdo have the largestindex—betweerB0 and 150 million pages followed by

Alta Vista—betwee®7 and107 million pages.

We have to emphasizehat the methodwe usedfor assessinghe size of the Web has
several shortcomingsand consequentlyve needto be very carefulwheninterpretingthe
resultsobtainedby emplgying it. We pointedout beforethat the reportedsizesof search
enginesndicesarefar from beingreliable,hencethe quantitywe scaleup with might not
reflectthe truth. Furthermorethe “scaling up” itself might not be an adequatesolution
for our problem. SupposeHotBot hasa very good performancan Region A, but does
very badin Region B. Moreover, assumdhatA andB areincludedin the populationof
pagegelevantto atleastoneof the 575 queries.Accordingto the methodwe employed,
we would usethe samescalingfactorfor bothregions. If thesehypothesesveretrue,we
would obviously reachanerroneousonclusion.Nonethelessye believe thatthe situation
we describeds very unlikely to have actuallyoccurredor thesix searchenginesemployed
in our study
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