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Abstract

The problemof assessingthe sizeof the World Wide Web is extremelydifficult because
samplingdirectlyfrom theWebis notpossible.Severalgroupsof researchershaveinvested
considerableeffort to developsoundsamplingschemeswhichinvolvesubmittinganumber
of queriesto severalmajorsearchengines.In thispaperwepresentastatisticalapproachfor
the analysisof datasetscollectedby query-basedsampling,utilizing a hierarchicalBayes
formulation of the Raschmodel for multiple list populationestimation. We show that
our proceduresaccordwith the real-world constraintsandconsequentlythey let us make
credibleinferencesaboutthesizeof theWorld WideWeb.
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1 Introduction

The World Wide Web (henceforththe Web) hasbecomean extremelyvaluableresource
for a wide segmentof the world’s population. Conventionalsourcesof information(e.g.
libraries)have beenavailableto the public for centuries,but the Web hasmadepossible
what seemedto be only a researcher’s dream: instantaneousaccessto journals,articles,
technicalreportarchives,andotherscientificpublications.Sincealmostanybodycancreate
and“publish” Webpages,theWebhasnocoherentstructureandconsequentlyit is noteasy
to establishhow muchinformationis available.Evaluationof thesizeandextentof theWeb
is difficult not only becauseits sheersize,but alsobecauseof its dynamicnature.We have
to take into accounthow fastthe Web is growing in orderto obtaincredibleestimatesof
its size. Growth in this context is “an amalgamof new Webpagesbeingcreated,existing
Webpagesbeingremoved,andexisting Webpagesbeingchanged”(Selberg, 1999).As a
result,any estimateof thesizeof theWebwill betimebound.

The Web consistsof text files written in HyperText Markup Language(HTML). A
HTML file containsspecialfields calledanchor tags, which allow an authorto createa
hyperlinkto anotherdocumenton theWeb. Whentheuserclicksononeof thesefields,the
WebbrowserloadstheURL specifiedin thehyperlinkandthustheWebcanbeseenasa
directedgraph,

�
, with HTML pagesasverticesandhyperlinksasedges.Albert, Jeong,



andBarabasi(1999)claim thatthediameterof
�

, definedasthemeanof numberof URLs
on theshortestpathbetweenany two documentson theWeb,canbeexpressedasa linear
function of the numberof vertices, � , of the graph

�
on a logarithmicscale. Using the

valueof � foundby LawrenceandGiles(1999),they concludedthat“two randomlycho-
sendocumentson theWebareonaverage19clicksaway from eachother”. Unfortunately,
verylittle is knownabouttheunderlyingstructureof thishighly connectedgraph.As acon-
sequence,thereis nodirectmethodof estimating� . Thedimensionsof adatabasewith all
possibleURLs on theWebwill behugeand,even if we couldconstructa URL database,
we cannotdeterminewhich URLs correspondto valid Webdocuments.Samplingdirectly
from the Web is infeasible:without a list of URLs, known in samplesurveys asa frame,
eitherimplicit or explicit, it is impossibleto take a valid probability sample.Alternative
methodsarealsoproblematic,e.g. the lengthof the randomwalks requiredto generatea
distribution over a subsetof the Web that is closeto the uniform maybe extremelylarge
(BharatandBroder, 1998).

If we cannotstudythe Web asa whole,onecantry to assessthe sizeof the publicly-
indexableWeb. The indexableWeb (Selberg, 1999) is definedas “the part of the Web
whichis consideredfor indexingby themajorengines,whichexcludespageshiddenbehind
searchforms,pageswith authorizationrequirements,etc.” SearchenginessuchasNorthern
Light, Alta Vista, or HotBot, might give the impressionthat it is very easyto locateany
pieceof informationon the Web. Since“several searchenginesconsistentlyrankamong
the top ten sitesaccessedon the Web” (LawrenceandGiles,1999),it shouldbe obvious
that the searchservicesareusedby millions of peopledaily. However, studiesshow that
thesearchenginescover “fewer thanhalf thepagesavailableon theWeb” (Lawrenceand
Giles, 1998b)andastime goesby, they increasinglyfail to keepup with the expanding
natureof the Web. Several estimatesof the total numberof pages(LawrenceandGiles,
1998b)indicatethatdueto the rapidgrowth of theWeb, the fractionof all thevalid sites
indexedby thesearchenginescontinuesto decrease.

Searchengineshave the bestWeb crawlers, thereforeit seemsnaturalthat we should
try to exploit them. If we want to estimatetheportionof theWebcoveredby theexistent
searchengines,why shouldn’t weusethesearchenginesthemselves?LawrenceandGiles
(1998b)developedaprocedurefor samplingWebdocumentsby submittingvariousqueries
to a numberof searchengines.We contrasttheir studywith theoneperformedby Bharat
andBroeder(1998)in November1997. Althoughbothexperimentstook placealmostin
thesameperiodof time, their estimatesaresignificantlydifferentanddisagree.In Section
2 weshow how thesizeof theWebwasestimatedby threegroupsof researchers:Lawrence
andGiles(1998b;1999),BharatandBroeder(1998)andBradlow andSchmittlein(2000).
In addition,we explain thediscrepancy betweentheresultsthey obtained.Section3 out-
linesour approachfor calculatinga lower boundof thesizeof theWebbasedon thedata
collectedby LawrenceandGiles in December1997. Our objective is to developa proce-
durethatcouldbeappliedin real time, allowing us in the future to monitor thegrowth of
the Web by calculatingestimatesat several pointsin time. In the last sectionwe present
two differentmethodsthatgive credibleestimatesof the sizeof the Web in a reasonable
amountof timeandarealsoconsistentwith therealworld constraints.

2 Web Evaluation

We definedthe indexableWeb asthat part of the Web which is considered for indexing
by themajorengines.We have to make anunequivocaldistinctionbetweentheindexable
Webandtheunionof theindicesof all existentsearchengines.ThereareWebdocuments
whichmightbeindexedby asearchengine,but, atafixedtime ��� , werenot includedin any
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index. Furthermore,pageswith authorizationrequirements,pageshiddenbehindsearch
forms, etc., are not compatiblewith the generalarchitectureof the searchengines,and
it is unlikely that they will be indexed by any searchenginein the nearfuture. We can
summarizetheseideasasfollows:

Web pages indexed at � � � Indexable Web at � � � Entire Web

wheretheabove inclusionsarestrict. Basedon the inferenceswe make aboutsizeof the
portion of the indexableWeb coveredby several popularsearchengines,our goal is to
produceanestimateof thesizeof thewholeindexableWeb.

Althoughthereis no directmethodof countingthenumberof documentson theWeb,
the searchservicesdisclosethe numberof documentsthey have indexed. Unfortunately,
countsasreportedby theservicesthemselvesarenotnecessarilytrustworthy. It is notclear
the extent to which duplicatepages,aliasedURLs, or pageswhich no longer exist, are
includedin thereportedcounts.Despitetheseproblems,we canstill usetheself-reported
countsasanapproximateorderof magnitudeof thesearchenginesindices(c.f., Lawrence
andGiles;1998b).

If every singlesearchservicehasa narrow coverage,thesizeof any index might offer
only a very limited insight aboutthe dimensionof the indexableWeb. Due to the fact
thatany enginehassomeinherentcontribution, thecombinedcoverageof all theexistent
engineswould allow usto makebetterinferencesaboutthesizeof theindexableWeb.

2.1 Lawrence and Giles Study

LawrenceandGiles (1998b;1999)developeda procedurefor samplingWeb pages,that
doesnotnecessitateaccessto any confidentialdatabaseandcanbeimplementedwith fairly
modestcomputationalresourcesusingonly public queryinterfaces.This procedurecon-
sistsof runninganumberof querieson severalsearchenginesandcountingthenumberof
resultsreturnedby eachengine.

LawrenceandGiles(1998b)studiedsix majorandwidely-availablefull-text searchen-
gines,namelyAlta Vista,Infoseek,Excite,HotBot, LycosandNorthernLight. Theexpe-
rimentersselected575queriesissuedby scientistsat theNEC ResearchInstitutebetween
15 and17 December1997andsubmittedthosequeriesto the six searchservices.They
retrieved all of the resultsaccessiblethroughevery engineand for eachdocumentthey
recordedthesearchengineswhichwereableto locateit. LawrenceandGilesimplemented
a numberof reliability assessmentsbecausethe dataobtainedin this way cannotbe used
as-isdueto severalexperimentalsourcesof bias.

Sincesearchenginesdo not updatetheir databasesfrequentlyenough,they oftenreturn
URLs relatingto Web documentswhich no longerexist or mayhave changedandareno
longerrelevantto thequery. LawrenceandGilesretainedonly thosedocumentsthatcould
bedownloaded,andthenthey removedduplicatesincludingidenticalpageswith different
URLs. Someenginesarecase-sensitive andsomearenot, henceLawrenceandGilesdid
not usequerieswhichcontainedupper-casecharacters.

Anotherpotentialproblemis thatthesix searchenginesusevariousrankingalgorithms
to assessrelevance. The Web documentsserved up by an engineshouldbe perceivedas
the “best” matchesasdeterminedby the rankingprocedure.Sincerelevanceis difficult
to determinewithout actuallyviewing thepages,rankingalgorithmsmight seriouslybias
our findings.To preventthis happening,LawrenceandGilesretainedonly thequeriesfor
which they wereableto examinetheentiresetof results.Queriesreturningmorethan600
documents(from all enginescombinedaftertheremoval of duplicates)werediscardedfor
thepurposesof theanalysis.
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NorthernLight
yes no

Lycos Lycos
yes no yes no

Hot Bot Hot Bot Hot Bot Hot Bot
yes no yes no yes no yes no

yes Excite
yes 1 0 2 0 0 0 1 0

yes Infoseek
no 2 0 3 2 0 0 0 2

no Excite
yes 1 0 2 1 0 0 3 4

Alta Vista
no 1 3 0 8 2 0 3 19

yes Excite
yes 0 0 0 1 0 0 0 0

no Infoseek
no 0 0 1 1 0 0 5 4

no Excite
yes 0 0 0 1 0 0 4 22

no 0 0 7 17 2 3 31 ?

Table1: Multiple list datafor Query140,obtainedfrom LawrenceandGiles(priv. comm.).

LawrenceandGilesprovideduswith datain theform of a ���	��

��� matrix. Eachrow
containsthecountsfor anindividual query. Thefirst six columnsarethenumberof pages
foundby Alta Vista,Infoseek,Excite,etc.Thenext columnsarethenumberof pagesfound
by any two engines,thenthepagesfoundby any threeenginesandsoon. Thelastcolumn
containsthenumberof pagesfoundby all six engines.Usingtheprincipleof inclusionand
exclusion,we transformedthe “raw” datainto 575 cross-classifyingtablesof dimension�������

. Let ���������	��� �!� �"� � becategoricalvariablescorrespondingto Alta Vista,Infoseek,
Excite,HotBot,LycosandNorthernLight, respectively. Eachvariablehastwo levels: “

�
”

standsfor “found page”and“ # ” standsfor “not found”. Let $ denotethesetof all binary
vectorsof lengthsix. Thecontingency tablefor query % (

��& % & �'��� ) canbeexpressed
as (*),+.-0/ )132 465 $87 . For a givenquery, we do not know how many pageswerenot found
by all six engines,thereforeall ����� tableshavea missingcell, which canbeinterpretedas
thedifferencebetweenthe“real” numberof pagesexisting on theWebandthenumberof
pagesactuallyfoundby thesix enginesfor thequeriesin question.

The quality of the analysiswe want to performdependson otherfactorswhich might
or might not turn out to besignificant.Webdocumentswereadded,removed,edited,and
modifiedwhile the experimenterscollectedthe data,hencethe searchresultsmight also
change.Searchenginesfirst look for the bestmatcheswithin the segmentof their index
loadedin the main memoryandonly if the matchesthey found arenot satisfactory, they
expandthesearchto therestof thedatabase.Thismeansthatif wewouldsubmitthesame
query to the samesearchserviceat different times of the day, the setof resultsfetched
might not be the same.Undersome(nearly) improbablecircumstances,a searchengine
might not returnany documentspresentin othersearchengines’database,in which case
we will notbeableto estimatetheoverlapbetweenindices.

We examinedthe intersectionsbetweenthe setsof pagescorrespondingto the ���	�
queriesaggregatedover the six searchenginesandconcludedthatall the interactionsbe-
tweentwo queriesappearto besignificantlysmallerthanany setof pagesmatchingaquery.
Thesegmentsof theWebdefinedby the ���	� queriesarefor all practicalpurposesdisjoint,
hencewe canview our dataasa seven-way contingency table ( in which “query” is a
multi-level stratifyingvariable.
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Service Coverage

HotBot � � � # ��9
Alta Vista �'�3� � � 9

NorthernLight
� �:� ��; 9

Excite
� ;:� ����9

InfoSeek
� �:� ��<=9

Lycos
< � � � 9

Table2: Estimatedrelativecoverageof thesix searchenginesemployed.

We determinedwhich engineperformsbetterthan the others. The relative coverage
(Selberg, 1999)of a searchengineis definedby the numberof referencesreturnedby a
searchservicedividedby thetotal numberof distinct referencesreturned.Notice thatwe
can computethis ratio without having to estimatethe missingcell. Table 2 shows our
calculationsof therelativecoveragefor thesix searchservicesconsidered.HotBotappears
to have thelargestcoverage,followedby Alta VistaandNorthernLight. Althoughrelative
coveragecanexpressthequalityof a searchservicewith respectto theothers,it cannotbe
usedif we wantto find a way to measurethecombinedcoverageof thesix searchengines
with respectto theentireindexableWeb. By analyzingtheoverlapbetweenpairsof search
engines,onecaneasilycalculatethefractionof theindexableWebcoveredby any of thesix
searchengines.SinceHotBot hadreportedlyindexed

�	� # millions pagesasof December
1997,LawrenceandGilesestimatedthattheabsolutesizeof theindexableWebshouldbe
roughly � � # million pages.Wediscussin detailthevalidity theirestimatein Section2.4as
partof our reanalysisof their data.

In February1999,LawrenceandGiles (1999)repeatedtheir experiment.Thenumber
of searchengineswas increasedto

���
(Alta Vista, EuroSeek,Excite, Google,HotBot,

Infoseek,Lycos,Microsoft, NorthernLight, Snap,Yahoo)andthenumberof querieswas
expandedto

� ��#'��# , hencethe datathis time consistsof a
� �>#��	#�
�? � ��� �@�BA

array. The
experimentersdid not make clearwhetherthe �'��� queriesusedfor the first study were
amongthe

� �>#��	# queriesusedfor thesecondone.NorthernLight hadindexed
�B�	C

million
pagesat the time of the experiments,henceLawrenceandGiles approximatedthat there
were

C #�# million pageson the indexableWeb. Theestimationmethodwassimilar to the
oneemployed in the previousstudy. Unfortunately, their analysiswasdonedynamically
andthenew datawerenot retainedfor possiblereanalyses.

2.2 Bharat and Broeder Study

In November1997,BharatandBroeder(1998)performedananalysisanalogousin many
respectsto theonecarriedout by LawrenceandGiles. They employedonly four engines,
i.e. Alta Vista,Excite, Infoseek,andHotBot. Insteadof measuringdirectly thesizesand
overlapsof thefour searchservices,theirapproachinvolvedgeneratingrandomURLsfrom
the databaseof a particularsearchengineand checkingwhetherthesepageswere also
indexedby theothersearchservices.

Theexperimentersapproximatedsamplingandcheckingthroughqueries.Ratherthan
choosingqueriesmadeby real users,BharatandBroederrandomlygeneratedtheir own
queries. The querieswere derived from a lexicon of about400,000words build from
300,000documentsexisting in the Yahoo! hierarchy. The artificially generatedqueries
werepresentedto onesearchserviceandthesearchresultswereretrieved. Sinceit is very
hardto get a hold of the entiresetof results,BharatandBroederpicked an URL at ran-
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domfrom the top 100matchesthatwerefound for every query, hencethe resultswill be
heavily dependenton the rankingalgorithmusedby every searchengineandalsoon the
particularchoiceof lexicon. Both therankingstrategy andthe lexicon canintroduceseri-
ousexperimentalbias,that is somedocumentswill have betterchancesof beingincluded
in thesamplethanothers.

For every queryselectedfrom oneof the four indices,BharatandBroedercreateda
strongqueryintendedto uniquelyidentify thatparticularpage.They built thestrongquery
by picking the most significant termson the pageand submittedit to the other search
services.An engineD hadindexedpageE if E waspresentin the setof resultsfetched
from D . Becausethereis somuchduplicationon theWeb,thesetof resultsobtainedmight
containmorethanonedocument.It is not clearwhetherD wouldhave foundpageE if the
originalquerywhich generatedE hadbeensubmittedto D .

BharatandBroederperformedtwo seriesof experiments:trials 1 (10,000disjunctive
queries)and2 (5,000conjunctive queries)in mid 1997,and trials 3 (10,000disjunctive
queries)and4 (10,000conjunctivequeries)in November1997.We canseethat thesetof
queriesemployedwasconsiderablylargerthanthesetusedbyLawrenceandGiles(1998b).

A more elaboratemethodthan the one usedby Lawrenceand Giles (1998b; 1999),
wasemployedto assesswhat fractionof the indexableWebwascoveredby an individual
searchengineinvolved in the study. The experimenterscalculatedenginesizeestimates
by minimizing thesumof squareddifferencesof the estimatedoverlapsbetweenpairsof
searchengines.SinceAlta Vistareportedlyindexed

� #	# million pages,BharatandBroeder
concludedthat the indexableWebhadroughly

� �	# million pagesin November
� ;	;=� . We

will comebackwith a detaileddiscussionof thevalidity of theseresultsin Section2.4.

2.3 Bradlow and Schmittlein Study

Anotherattemptto evaluatethe Web wascarriedout by Bradlow andSchmittlein(2000)
during October1998. They tried to assessthe capabilityof six searchengines(the very
sameenginesemployedin LawrenceandGiles(1998b))to find marketingandmanagerial
informationusingquery-basedsampling.Twentyphraseswerechosento besubmittedto
thesearchengines.Thephraseshadto berepresentative for themarketingworld andalso
preciseenough(any numberof pagescouldberelevantfor anambiguousquery, henceour
inferencescouldbeadverselybiasedif too many relevantpageswerefound).

Thesix searchenginescombinedreturneda numberof
� �F� C	C

differentpages.For each
of thesepages,theexperimentersrecordedthebinarypatternof lengthsix describingwhat
enginessuccessfullydetectedthe page(as before,“

�
” standsfor “found page” and “0”

for “not found”), the numberof pagelinks ( # � � , � �G� # , or
� #'H ), the domaintype

indicatingwhetherthesitewherethepagewaslocatedwascommercial(.com),academic
(.edu),anorganization(.org), or someothertypeof site(“other”). In addition,two phrase
characteristicswerealsorecorded–newer versusolder; andacademicversusmanagerial–
for moredetailsseeBradlow andSchmittlein(2000).

The originality of this approachcomesin the way Bradlow andSchmittleinanalyzed
the datathey collected. Eachsearchengineand Web pageare assumedto lie in a I -
dimensionalspace.The probability that a given enginewill capturesomepageis a de-
creasingfunctionof thedistancebetweentheengineandthepage,henceasearchengineis
morelikely to capturepageslocatedin its immediatevicinity thanpagesthataresituated
at someconsiderabledistance.

In the first model they proposed,they placedall the enginesin the origin of an one-
dimensionalspace( IJ+ �

). Searchenginestend to find the sameWeb pagesandcon-
sequentlythe “less resourceful”enginesindex only a subsetof the pagesindexedby the
“more powerful” engines.The secondmodelstudieddiffers from the first oneonly with
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respectto thenumberof hypothesizeddimensionsof theunderlyingspace,they took IK+ �
to beareasonablechoice.Their third modelis moreflexible thantheprevioustwo because
it allows theenginelocationsto vary in a two-dimensionalspace.

To bemorespecific,let LNMPO>) betheprobability that the % -th URL for the Q -th phraseis
found by engine R . Moreover, S'MTO>) denotesa squaredMahalanobisdistancebetweenthe
locationof the R -th engineandthelocationof % -th URL for phraseQ in theD-dimensional
space.If U is “the rateatwhich theprobabilityanenginefindsagivenURL dropsoff ”, we
canexpressL MTO>) asa functionof S MPO>) byL MTO>) + �� HVS'WMPO>) � (1)

Bradlow andSchmittleinfit all threemodelsusinga Markov chainMonteCarlosampler.
The first two modelswere invalidatedby the data,while the third seemsto fit their data
reasonablywell. This is a clear indicationthat every searchengine“carvesout” its own
locationin theURL space.

Bradlow andSchmittlein(2000)concludethat, for marketing/managerialqueries,“the
readershouldfeel confidentthat thesearchenginescover about ;�# 9

of whatexists to be
foundfor thesekind of phrases”.Althoughtheauthorsarguethattheirmodelingtechnique
is superiorto any otherstudyperformedandthat “thesekinds of marketing/management
documentsarerelatively easyto locate”, the result they cameup with appearsto conflict
with whatwe know aboutthesearchenginesbehavior. Thereareelementsof their model
andanalyses,however, which would be worth further investigationaselaborationsof the
approachsuggestedin thispaper.

2.4 The Size of the Indexable Web

Herewe describeexplicitly the statisticalmodelsandinherentassumptionsthat underlie
theestimatesof LawrenceandGiles(1998b;1999),andBharatandBroeder(1998).

Let D � and D � be two searchengineswith indices X � and X � respectively. DenotebyY
the completesetof documentsavailableon the indexableWeb. We make two major

assumptions:

(A1) Theindices X � and X � aresamplesdrawn from auniformdistributionover
Y

.

(A2) X � and X � areindependent.

Denoteby 2 Z[2 thenumberof elementsof theset Z . Thefirst assumptionsaysthat:

2 Y 2 + 2 X � 2\ ?]X � A � (2)

while (A2) implies: \ ?]X � A + \ ?]X �_^ X � 2 X � A � (3)

We canestimate
\ ?`Xa� ^ Xb� 2 Xb� A

from ourdataby:c\ ?]Xa� ^ Xd� 2 Xb� A + 2 Z �_^ Z � 22 Z � 2 � (4)
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whereZ � and Z � arethesetsof pagesreturnedwhenall thequeriesutilizedin astudywere
submittedto enginesDe� and Df� . As a result,thesizeof theWebcanbeestimatedby:g2 Y 2 + h 2 Xa� 2�i�2 Z � 22 Z �_^ Z � 2"j � (5)

where kl/nm is thelargestintegersmaller, or equalto, / .
Formula(5) givesus a way to extrapolatethe sizeof the indexableWeb basedon the

publishedsizeof the index of anengineD � andon theestimatedoverlapbetweenD � and
anotherengine D � . But assumptions(A1)-(A2) arenot necessarilysatisfied.The search
enginesdo not index Web documentsat random. They employ two major techniquesto
detectnew pages:userregistrationandfollowing (hyper)links(LawrenceandGiles,1999).
Ononehand,peoplewhopublishontheWebhavethetendency to registertheirpageswith
asmany servicesaspossible.On theotherhand,popularpageswhich have morelinks to
themwill havebiggerchancesto beindexedthannew (henceunliked)pages.We infer that
searchengineswill bemoreinclinedto index severalwell-definedfractionsof theindexable
Web,which will inducea positive or negativecorrelationbetweenany two searchengines
indices. Sincethe probability of a pagebeingindexed is not constant,a searchengine’s
index will representa biasedsamplefrom theentirepopulationof Webdocuments.

The estimatein LawrenceandGiles (1998b)wasbasedon the overlapbetweenAlta
Vista andHotBot. Sincethey werethe engineswith the largest(relative) coverageat the
timeof thetests(amongthesix enginesstudied),their indiceswill have“lowerdependence
becausethey canindex morepagesotherthanthepagestheusersregisterandthey canindex
moreof the lesspopularpageson the Web” (LawrenceandGiles, 1998b). The reported
sizeof HotBot was

�	� # million pages,henceLawrenceandGilesfound � � # million pages
to beanestimateof thesizeof theindexableWebin December

� ;�;'� . BharatandBroeder
arguethat the indexableWebshouldhave about

� ��# million pagesasof November1997,
sinceAlta Vista hadreportedlyindexed

� #	# million pagesat that time and“had indexed
an estimated� �'9

of the combinedsetof URLs” (BharatandBroder, 1998). Thereis a
clear discrepancy betweenthe two estimates.Sincethe queriesusedby Lawrenceand
Gileswereissuedby researchers,they relateto topicsfew userssearchfor. Searchengines
areorientedtowardsfinding informationtheaverageuserwants,thusLawrenceandGiles
might have underestimatedthe overlapbetweenindices. On the otherhand,Bharatand
Broedermight have overestimatedtheoverlapsincetheengineshave a tendency to locate
contentrich documentsandthesearethe documentsthe randomlygeneratedqueriesare
inclinedto match.As aconsequence,it appearsthatLawrenceandGilesoverestimatedthe
sizeof theindexableWeb,whereasBharatandBroederunderestimatedit.

Although the Web is a dynamicenvironment, it can be assumedthat the population
of Web documentsis closedat a fixed time � � , i.e. “there areno changesin the sizeof
thepopulationdueto birth, death,emigrationor immigrationfrom onesampleto thenext”
(Fienberg,1972).Thisdefinitiontranslatesin ourframework to: noWebpageswereadded,
deletedor modifiedwhile the datawascollected. Sincethe entireindexableWeb canbe
consideredclosedat a fixedtime � � , thesubpopulationof pageswhich would matchquery% ,

�o& % & ���	� will also be closedat time ��� . Our goal is to assessthe size �[) of
the populationof pagesdefinedby query % at time ��� (i.e. December1997) using the
standardmultiple-recaptureapproachto populationestimation. In the capture-recapture
terminology, Webpagesarereferredasindividualsor objectsandsearchenginesaslists.

Moreprecisely, wehavesix samplesp ) � ,..., p )� , wherep )M ,
�q& R & � representsthebest

matchesfor query % found by engine R . Following Fienberg (1972),let r ) �ts and r )su� be
thenumberof individualsin thesamplesp ) � and p )� respectively, and r ) ��� bethenumberof
individualsin bothlists. Theclassicalcapture-recaptureestimatefor � ) basedon thefirst
two lists is
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v� ) + h r ) �ts r )se�r ) �>� � j � (6)

i.e. the traditional “Petersen”estimate. We cancomputethe Petersenestimatesfor � )
basedon all pairsof thesix availablelists. ThePetersenestimateassumestheobjectsare
heterogeneous(A1) andthelistsarepairwiseindependent(A2), henceequation(5) andthe
Petersenestimate(6) arebuild on the samesuppositions.Moreover, we canseethat the
estimateLawrenceandGilesfoundfor theindexableWebis nothingmorethana Petersen
estimatescaledupby a factor, namelythenumberof pagesHotBothadreportedlyindexed
dividedby thetotalnumberof pagesfoundby HotBot for the �'��� queries.

We consideredtheseven-way table ( collapsedacrossqueriesandcomputedthetradi-
tionalcapture-recaptureestimatesfor thenumberw of Webpagesmatchingat leastoneof
the queriesused.Only 7 out of 15 wereabove the observednumberof objectsin thesix
lists, which representsa lower boundfor the “real” numberof pagesw . In Figure1, we
givetheproportionx ) of Petersenestimatessmallerthantheobservednumberof pagesr )
for every six-way contigency table ( ) . x ) is biggerthan �	# 9

for almosthalf thequeries.
This is clearevidencethattheassumptions(A1)-(A2) do not hold. Thesecalculationsalso
suggestthatthereis positiveandalsonegativedependencebetweenpairsof searchengines
acrossthe �'��� queries.Sincethesix searchenginesattemptto maintainfull-text indicesof
theentireindexableWeb,theinteractionswe observedaretheresultof thebiasintroduced
by thequery-basedsampling.
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Figure1: Proportionof Petersenestimatessmallerthan rf) .
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3 Our Approach for Estimating the Size of the Web

The ���	� queriesof LawrenceandGiles (1998b)definea populationof Web documents,
while the union of the indicesof the searchenginesemployeddefineanotherpopulation
of pages.We observed the intersectionbetweenthe two populationsandsummarizedit
in a seven-way contingency table ( with missingentries.If we wereableto approximate
the numberof pagesnot found by all the searchenginesusedfor every query, we could
draw inferencesaboutthedimensionof thepopulationof pagesrelevantto the ���	� queries.
Basedon this estimateandon thepublishedsizeof the index of oneof thesix searchen-
gines,wecouldextrapolatethenumberof Webdocumentscontainedin thedottedrectangle
in Figure2. This approachprovidesa lower boundof thesizeof the indexableWebasof
December1997,andin thefollowing sectionswe proposeonepossibleimplementationof
it usinganapproachsuggestedin Fienberg, JohnsonandJunker (1999).

OUR

Indexable Web

DATA

QUERIES
USED

USED
ENGINES
SEARCH

Figure2: Thetwo populationsof Webpageswhichdefinethedatawe observed.

3.1 The Rasch Model

Thesubpopulationof Webdocumentsmatchingquery % ,
�q& % & ����� , is aclosedpopula-

tionatagivenpointin time. Ourobjectiveis to estimateits unknownsize� ) usingmultiple
lists or sources.We make useof the % -th contingency table (*) , thatcross-classifiesindi-
viduals (Web pages)basedon which searchengines(or lists) were able to locatethem.
This is the usualsettingfor the multiple-recapturepopulationestimationproblem,which
originatedin estimatingwildlife andfish populations.

Let R{+ � ��� � �!�>�[) index theindividualsand Q�+ � �0�!� � �}|~+�� index thelists. Define� MPO +�� � � if engineQ locatedpageRF�#:� otherwise.

In otherwords, ��MPO8+ �
if individual R appearson list Q . Let LNMPO be theprobabilityof

thisevent.Thenumberof Webpagesidentifiedby at leastonesearchenginefor query % isr ) . Clearly, estimating� ) is equivalentto estimating� ) � r ) . Werequireamodelwhich
allows for:

1. heterogeneity of capture probabilities: theprobabilityof a pagebeingindexedby
a searchengineis not constant.Pageswith morelinks to themaremorelikely to be
locatedby a searchservice(LawrenceandGiles,1999).

2. list dependencies: searchenginesaremoreinclinedto index certainfractionsof the
Web,hencethesearchresultsthey returnwill becorrelated.
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3. heterogeneity among search services: eachenginehasaspecificbuilt-in searching
mechanismandbecausethismechanismis differentfrom oneengineto theother, the
setof Webdocumentsindexedby everyservicewill alsobedifferent.

Rasch(1960)introducedasimplemixed-effectsgeneralizedlinearmodelthatallowsfor
objectheterogeneity, andlist heterogeneity. Themultiple-recapturemodelcanbeexpressed
as: �]�B� � L MTO��� L MPO�� +o��M�H��nO	��R{+ � ��� � �!�>�[)'��Q[+ � �0�!� � �}|n� (7)

where ��M is the randomcatchabilityeffect for the R -th Webpageand �nO is thefixedeffect
for thepenetrationof engineQ into thetargetpopulationrepresentedby all indexableWeb
documentsrelevant for the % -th query. The heterogeneityof captureprobabilitiesacross
objectsdependson the distribution �u� of ��+�?]�	����� � �!�����{� A

. Note that, if we set the ��M
in equation(7) equalto zero,the log-oddsof inclusionof object R on list Q dependsonly
on the list, andthus the Raschmodel reducesto the traditionalcapture-recapturemodel
with independentlists. Whenthe � M ’s aredifferentfrom zeroandwe treatthemasrandom
effects,thismodelis multi-level,with listsat onelevel andindividualsat another.

Fienberg,JohnsonandJunker(1999)showedhow toanalyzeonequeryusingaBayesian
approachfor estimatingtheparametersof theRaschmodel.They employedthefollowing
full Bayesianspecification:�� � ��MTO � �[�0��r�?�L3O 2 ��M A ��R{+ � ��� � �!�>�[)'��Q�+ � ��� �!� �}|n�� M � � � ?l� M A � R{+ � ��� � �!�>� ) �� O �  ¢¡f?]� O A � Q[+ � �0�!� �!��|n� (8)

This permitsus to describeall themodelcomponents,andalterpreciselythosepartsthat
needadjustmentto reflectthedependency in thedata.We useanextensionof theMarkov
ChainMonteCarlotechniquefor fitting item-responsemodels,asit isdescribedin Johnson,
CohenandJunker (1999). Following Fienberg et al. (1999),we assumethat the vector
of list parameters�£+¤?l�¥����� �!� �"� � A

is distributed ¦ � ?`§f� � # i:¨ � A
and is independentof?l�n�>© � �>� ) A

. The catchabilityparametervectoris distributed � 2 © � ��� ) ��¦ � �=?`§f��© �¢i�¨ A
,

and © � ��ª_« � ? � � ��A
. Thisdistributionis properbut presumesthatwehavelittle knowledge

aboutthe searchenginesindicesandabouttheir underlyingindexing algorithms. As the
prior distributionof � ) , we usea variationof theJeffrey’sprior:¬�­ � ?`�[) A�® �� ) i�¯B°"± ��² � �B² �*³u´"µ� ¶ � (9)

This specificationis robust to the choiceof �¸·�¹»º) andcanbe assmall as
� #n�>#	#	# or as

large as
� �>�	#	#n�>#	#�# . The latter thresholdwasusedwhenfitting the Raschmodel for the

tablecollapsedacrossqueries.
To illustratetheuseof this model,we considerquery

��< # which hasr �t¼>� + � �	; URLs
andwecomparetheresultsobtainedby fitting theBayesianRaschmodelwith theclassical
Petersenestimates.Theposteriordistribution of ����¼>� is skewed,while themedian( ���	; )
is not very closeto themode(

<�C:�
)–seeFigure3. The ;�� 9

confidenceinterval for ����¼>� is½ ���	#n� � ��; �}¾
. The ;'� 9

highestposteriordensity(HPD henceforth)interval is
½ � � C � ��< ��# ¾

.
This ;�� 9

HPDinterval for theBayesianRaschmodelis anequal-tailedprobabilityinterval
(Fienberg et al., 1999).Thelowerendof theHPD interval is only slightly smallerthanthe
lower endof the ;'� 9

confidenceinterval, whereastheupperendsof thetwo intervalsare
a lot morefar apart.We arenot surprisedby this factsincetheposteriordistribution hasa
long right tail. Both themean(

� �'� ) andthemaximum( � �	�
) of thePetersenestimatesare

11



0 500 1000 1500 2000 2500

0.
00

00
0.

00
05

0.
00

10
0.

00
15

N

Q1,Q3
Median
n Observed
GL*

Posterior Distribution of N for Query 140
 n = 159

GL* Average =  165
 GL* Max = 322

Fr
eq

ue
nc

y

Figure3: Posteriordistributionof theprojectednumberof Webpages�[) for query ¿¢�t¼�� .
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biggerthantheobservednumberof pages.ThePetersenestimatessuggestthattheexpected
numberof pagesis only twiceaslargeas ru�t¼>� , ascomparedwith theRaschmodelestimate
which is at leastfour timeslargerthan ru��¼>� .

As theobservednumberof pagesrf) increases,theposteriordistributionof theprojected
numberof pages�[) movestowarda symmetricdistribution. ThePetersenestimatorcon-
stantlyunderestimates� ) whencomparedwith theinferenceswe draw throughtheRasch
model. SincetheassumptionstheRaschmodelis build on area lot closerto reality than
theassumptions(A1)-(A2) we makewhenusingthePetersenestimator, we areinclinedto
give morecredit to the Raschmodel. Moreover, the LawrenceandGiles approximation
of thesizeof the indexableWeb differsonly by anorderof magnitudefrom thePetersen
estimator.

3.2 Collapsing versus Regression

Estimatingthetotalnumberof documentsw on theindexableWebrelevantto at leastone
of the �'��� queriesis a key stepin our analysis.Eachof the ���	� queriesdefineapproxima-
tively disjointsegmentsof theWeb. SincetheRaschmodelprovidesagoodestimateof the
size

v�[) of eachsubpopulation,we wouldbetemptedto approximatew as:vwÀ+ÂÁ>Ã>ÁÄ)»Åe� v� ) � (10)

Althoughsimpleandappealing,it is noteasyto makeuseof equation(10) in practicesince
it requiresfitting aRaschmodelfor everyquerywework with. An alternativesolutionis to
fit theRaschmodelfor thecontingency table( � derivedfrom theseven-waytable( by col-
lapsingacrossqueries.Weareawarethatthedifferentqueriesinduceheterogeneouspopu-
lationsof pages,hencebuilding our reasoningsolelyonthesix-waycross-classification( �
might seriouslybiasour findings.On theotherhand,theheterogeneityeffectmight not be
asstrongaswe expectandsoit might beadequateto makeuseof ( � .

To accountfor thepossibleheterogeneityeffect, we sampledwithout replacement
�B�	C

queriesfrom the ���	� queries(about20%)containedin thedatasetandwe usedtheRasch
modelto estimatethe numberof relevantpagesthatwerenot foundby any of the search
engines.We estimated�[) for thequeriesnot selectedin thesampleby employing simple
linear regression.We modeledtheposteriormean,medianandmodeof �[) asa function
of the observed numberof pagesfor every query in the sampleand endedup with the
following models:?ÇÆ �BA È!É�Ê ? v�¸·�Ët¹ ±) A + < � �'� H � ;n� � i È!É�Ê ?]r ) A �?ÇÆ �	A¤È É	Ê ? v�¸·�ËtÌ M ¹ ±) A + � ��#n� � i È!É�Ê ?]rf) A �?ÇÆÍ� A È!É�Ê ? v�¸·�Î�Ì»Ë) A + �d� � C	C H <:� � ; < i È!É�Ê ?]r ) A � (11)

Thecoefficientsof determinationfor models(M1), (M2), and(M3) are ��� 9
, ;	; 9

, and;�� 9
respectively. Careshouldbe taken wheninterpretingthe coefficient of determinationÏ �
for (M2), sincetheinterceptis not presentin themodel.Theplot of observedversusfitted
values(seeFigure4) confirmsthevalidity of themodelswe proposed.It appearsthat the
projectednumberof pagesgermaneto query ¿ ) is directly proportionalon a logarithmic
scaleto r ) –thetotal numberof Webpagesidentifiedby thesix searchenginescombined.
Themodels(M2) and(M3), which arethe“best” regressions,canbeemployedto predict�[) for the queriesfor which we did not fit the Raschmodels. The six searchengines
employed by LawrenceandGiles (1998b)identified

< ;n� <�� � pageson the Web relevant
to at leastoneof the ���	� queries.The predictednumberof relevant pagesis

� �=�=� � ; C
if

we usemodel(M2) and
�B� �3�>�	� C

if we usemodel(M3). Thereforetheseregression-based
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projectionssuggestthat thereexistsat leasttwice asmany relevantpageson theWebthat
werenot foundby any searchengine.

In Figure5, we presenttheposteriordistribution of w from fitting theBayesianRasch
modelfor table (Ð� . This distribution is symmetricandunimodal,with a posteriormedian
equalto �6�~+ �BC�< � � ��# . The ;'� 9

HPD interval for w is
½ � ��� <'� �3� � ;	;	;��	; ¾

. The mean��#n� <	< # of the Petersenestimatesis only slightly bigger than the total numberof pagesr � + < ;n� <�� � capturedby the combinedsearchenginesfor all the queries,whereasthe
maximumis ���n� � ��# . Consequently, theprojectednumberof pages

cw usingthePetersen
estimatoris not eventwice aslargeas r � , while usingtheRaschmodelthesamequantity
would beapproximatedto bealmostfour timesaslargeas r � .
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Figure 4: Regressionof the posteriormode,meanand medianof �[) on the observed
numberof pages.

Recall that � O , �¸& Q & � , is the fixed effect for the penetrationof engineQ into the
target population. Figure 6 portraysthe catcheffort of Alta Vista acrossall of the 128
samplequeries.We plottedseveralsummarystatisticsbasedon the posteriordistribution
of � � from the sampleswe generatedusing the Raschmodel. The overall catcheffort� �� of Alta Vista is taken to be the posteriormedianof the Raschmodel for table (Ñ� .
Figure6 offers unmistakableevidencethat the performanceof Alta Vista remainsstable
acrossthe ���	� queriesused,since� �� stayswithin the ;'� 9

confidencelimits for almostall�B��C
queries.The posteriordistributionsof those �Ò� ’s for which � �� lies outsidethe ;'� 9

confidenceintervals might not be well approximateddueto insufficient information–few
Webpagesobservedfor thecorrespondingqueries.Therestof thesearchenginesexhibit
thesameunvaryingbehavior. WheninterpretingFigure6, wehaveto keepin mind thatthe����� querieshaveno“natural” order:they werelabeledwith “

�
”, “

�
”, �0��� , “ ���	� ” in thesame

14



160000 170000 180000 190000 200000 210000

0
0

0
0

N

Q1,Q3
Median
Mean

Posterior Distribution of N for the Table Collapsed Across Queries
 n = 49416

GL* Average = 50440 
 GL* Max = 75130

Fr
eq

ue
nc

y

Figure5: Posteriordistributionof w for theseven-way table ( aggregatedacrossqueries.

15



orderin which LawrenceandGiles (1998b)includedthemin the initial ���	�8
Ó�	� matrix
they provideduswith. This meansthat the curvesin Figure6 have no intrinsic meaning.
However, Figure6 is useful for observingthe tightnessof the quantilesof the estimated
catchefforts of thequeriesabouttheoverall catcheffort: only � queriesof the

�B�	C
deviate

significantlyfrom thecollapsedvalue.
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Figure6: Catchabilityeffect of Alta Vistaacrossthe queriesselectedin the sample.The
vertical axis representsthe numbervalueof � � in model (7) andthe curvesconnectthe
quantilesof the

����C
samplequeriesdisplayedalong the horizontalaxis in an arbitrary

order.

4 Scaling Up to the Web

We arenow in apositionto provideestimatesfor w basedon theanalysesdescribedin the
precedingsection:Ô Method 1 Selecta samplefrom the set of queries,fit the Raschmodel for every

samplequeryandextendtheresultsto therestof thequeriesvia regression.Ô Method 2 Findadirectestimatefor w by fitting theRaschmodelfor theseven-way
table ( collapsedacrossqueries.

For theLawrenceandGilesdata,Method1 gives
cw � + � �=�=� � ; C

asanestimatefor w
if model(M2) is employed,while usingMethod2 weobtainaslightly largervalue,namelycw � + �BC�< � � ��# . Thusbothtechniquesreturnresultswithin thesameorderof 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 thesearchenginesusedrelative to theindexableWebasof
December1997(Percentages).

However, Method2 fully overlookstheheterogeneityexistentamongqueriesandalthough
this methodis lessexpensive to implement,in someparticularcircumstanceswe might
favor Method1.

Table3 givesthe estimatesof the absolutecoverageof the six searchengineswe ob-
tainedby employing Method1 andMethod2. We contrastour findingswith thecoverage
estimatesof LawrenceandGiles (1998b). Our estimatessuggestthatHotBot, the engine
with thelargestcoveragein December1997,indexedonly about15%of theindexableWeb,
ratherthan34%ascalculatedby LawrenceandGiles. In addition,our combinedcoverage
of thesix searchenginesis approximatelyequalto thecoverageof Alta Vistaestimatedby
LawrenceandGiles!

Wecannotmakeinferencesaboutthesizeof theindexableWebbasedonourdataalone.
Considera searchengineD � with index X � . The relationshipin equation(2) tells us that
thenumberof documentsavailableon theindexableWebcanbeestimatedby:h 2 X � 2\ ?]Xa� A j � (12)

We approximate
\ ?`X � A

asthe ratio betweenthe total numberof pageslocatedby D � for
all queriesused,andtheestimatefor w we employed.Currently, wehavenochoicebut to
rely on thesizeof the index of De� asreportedby theengineitself. Sincethesepublished
estimatesarenot reliable,weused(12) for severalsearchenginesandcomparedtheresults
we obtained–seeTable4. LawrenceandGiles arguethatHotBot hadreportedlyindexed
110 million pagesasof December1997andconsequentlythey basedtheir estimateson
thisvalue.Ontheotherhand,BharatandBroeder(1998)claimthat“SearchEngineWatch
reportedthe following searchenginessizes(asof November5, 1997): Alta Vista = 100
million pages,HotBot= 80million, Excite= 55million, andInfoseek= 30million pages”.
Thefirst row uses

cw � , while all theothervaluesuse
cw � asanestimateof w .

Our lowestboundof thesizeof theindexableWebis � � # million pages,while Lawrence
andGiles (1998b)obtainedan estimateof � � # million pagesasof December1997. Re-
memberthatBharatandBroeder(1998)arguedthat theWeb hadonly 200million pages
in November1997.In orderto contrastour inferenceswith theresultsfoundby Lawrence
andGiles, we scaledup the posteriordistribution of w 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: Absoluteestimatesfor the sizeof the Web asof December1997 (Millions of
pages).

table ( � , usingan estimateof the sizeof HotBot of
�	� # million pages.This technique

allowsusto find adistributionof thenumberof pagesavailableon theindexableWeb. The
medianof thisdistribution is � C	C

million pages(seeTable4), while the ;'� 9
HPD interval

is be
½ � <=� � C ��� ¾

million of pages.If we usethesame“external” informationasLawrence
andGiles, we would saythat the Web wasat leasttwice asbig in 1997aswhat wasbe-
lieved until today (BharatandBroder, 1998; LawrenceandGiles, 1998b). In addition,
HotBot seemsto have the largestindex–between80 and150 million pages,followed by
Alta Vista–between57 and107million pages.

We have to emphasizethat the methodwe usedfor assessingthe sizeof the Web has
several shortcomingsandconsequentlywe needto be very carefulwheninterpretingthe
resultsobtainedby employing it. We pointedout beforethat the reportedsizesof search
enginesindicesarefar from beingreliable,hencethequantitywe scaleup with might not
reflect the truth. Furthermore,the “scaling up” itself might not be an adequatesolution
for our problem. SupposeHotBot hasa very goodperformancein Region A, but does
very badin Region � . Moreover, assumethatA andB areincludedin thepopulationof
pagesrelevant to at leastoneof the �'��� queries.Accordingto themethodwe employed,
we would usethesamescalingfactorfor both regions. If thesehypothesesweretrue,we
wouldobviously reachanerroneousconclusion.Nonetheless,we believethatthesituation
wedescribedis veryunlikely to haveactuallyoccurredfor thesix searchenginesemployed
in our study.
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