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Abstract

As thesizeof theWebcontinuesto grow, searchingt for usefulinformationhas
becoméncreasinglydifficult. Researchersave studieddifferentwaysto searctthe
Webautomaticallyusingprogramshathave beenknown asspiderscrawlers, Web
robots,Web agents Webbotsetc. In this chapter we will review researchn this
area presentwo casestudiesandsuggessomefutureresearchdirections.

10.1 Intr oduction

Thenumbe of indexable pageson the World-Wide Webhasexceead2 billion and
is still growing at a substantiatate[10.60]. It hasbecone increasinty difficult to
retrieveinformationontheWeh To addresshis prokdem, mary progamshave been
built to autonatically retrieve Web pages.Theseprogramshave beenknown by a
variety of narres: spiders crawlers, Web robots,Web agents Webbots wanderes,
andworms,amory others.Theterm“spides” will beusedthrouchoutthis chapter

Web spides have beendefinedas “software progamsthat traversethe World
Wide Webinformationspaceby following hypertext links andretrieving Webdocu
mentsby standardHTTP protacol” [10.28]. By broaderdefinition they caninclude
ary softwarethatautomaticallyretrieves Web documentsby standardHTTP proto
col, eitherby following hypertet links or othermethod. As suchthey includepro-
gramssuchasmetasearclBpiders(spides thatconnet to differert searchengnes
andcombire the results)[10.23, 10.74. In the remainde of this chaer, our dis-
cussionacceptghe broacer definition OtherWebrobads suchasshopbas [10.34],
chatbotsor chatterbes [10.87] aregeneally not consiceredasspidersResearchn
spidersbeganin theearly1990’s, shortlyafterthe World-Wide Webbegin to attract
increasingraffic andattention.Wandererwritten in 1993 was claimedto be the
first spiderfor the Web[10.42]. Mary differentversiors of spidershave sincebeen
developedandstudied An ovewiew of Webspiderresearchis givenin thefollowing
subsection.

10.11 Web Spider Reseach

In geneal, Web spiderresearcldirectiors canbe classifiedinto the following cate-
gories:

1. Speedand efficiency. In this catgyory, researchrs study different waysto in-
creasehe hanestspeedof a spider Theseprgectsfocus on building fastspi-
dersthatcanbescaledupto large collectinsby applying progam-ogimization
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technigiesto operatios suchas|/O proceluresandIP addesslookup. Mer-
cator[10.46, 10.47], InternetArchive's crawler [10.13, 10.5Q, and Googles
crawler [10.11] aresomeexamges. Currently sophisticatedpiderscandown-
load more than10 million docunentsperdayon asingleworkstation.

. Spideing policy. Researclin this categary studieshe behaiors of spidersand

their impactson otherindividuals andthe Web as a whole. A well-desiged,
“polite” spidershouldavoid overloadingWeb seners [10.3§. Also, Webmas-
tersor Webpageauthos shouldbeableto specifywhethe they wantto exclude
particdar spiders'accessTherearetwo standardvays.Thefirst one,calledthe
roba exclusion protacol, allows Web site admiristratorsto indicate,by spec-
ifying a file namedrobots.txtin the Web site’s root directay, which partsof
theirsiteshoud notbevisitedby aroba [10.53]. In thesecondnethod usually
known astherobotsMETA tag,Webpageauthos canindicateto visiting robots
whethera documentmaybeindexed,or usedto extractmorelinks [10.63]. Al-
thoudh thesestandadls are not strictly enforced, mostcommecial spidersare
repatedto follow them.Somestudiessuney the useof thesestandadsin Web
sitesandinvestigatetheir potentialimpacts[10.35].

. Information retrieval. Most Web spiderresearcHall into this category. These

studiedgnvestigae how differentspideringalgorittmsandheuisticscanbeused
suchthat spiderscanretrieve relevantinformationfrom the Web more effec-

tively. Many of thesestudiesapply to Web spides technigiesthat have been
shawn to be effective in traditioral informationretrieval applicatiors, e.g.,the
vectorspacanodel[10.75]. In this chapte, we focusmainly onresearclin this

catgory.

10.12 Applications of Web Spiders

Spidershave beenshowvn to be usefd in various Web applicatiors. Therearefour
mainareasvherespidershave beenwidely used:

1.

3.

Personalsearch. Personakpiderstry to searchfor Web pagesof interestto a
particdar user Becausdhesespidersusuallyrun on the client-maclne, more
comptationalpoweris availablefor thesearctprocessandmore functionalities
arepossiblg10.17]. Thiswill bediscussedn moredetailin Sect.11.2

. Building collections Web spidershave beenextersively usedto collect Web

pageghatareneededo createheuncerlyingindex of any searclenging10.11,
10.47,10.62,10.73. In additionto building searchengnes,spiderscanalsobe
usedto collectWeb pageghatarelater processedo sene otherpurposesFor
exampe, BharatandBroderuseda spiderto crawl the Yahoohierardy to cre-
atea lexicon of 400000 words;Henzinger et al. [10.8 10.4] usedMercata
to do randan URL samplingfrom the Web; mary othershave usedspidersto
collectemailaddressesr resumedrom the Weh More detailson this type of
spiderwill bepresetedin Sect.11.3.

Archiving. A few prgectshave tried to archive particularWeb sitesor eventhe
whole Web [10.50]. To meetthe challeng of the enomoussize of the Web,
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fast,powerful spidersaredevelopedandusedto download targetedWeb sites
into storagdapes.

4. Web statistics Thelarge nunber of pagescollectedby spidersis oftenusedto
provide usefd, interestingstatisticsaboutthe Weh Suchstatisticsincludethe
total numter of senerson the Web, the averag size of a HTML document,
or the numkber of URLs that retun a 404 (page not found) responseThese
statisticsareusefulin mary different Web-relatedesearclprgectsandmary
spidershave beendesignedrimaily for this purpose[10.12, 10.43.

10.13 Analysis of Web Content and Structure

Therehasbeenmuchresearcton differentwaysof represeting andanalyzingthe
contentand structureof the Web, which are very impartant to Web spidersthat
may needto rely on suchinformationto guide their searchesln this section,dif-
ferentanalysistechnigquesthatarerelevant to Web spiderresearctwill bereviewed
In geneal, Web analysistechnigiescan be classifiedinto 2 main cateyories: (1)
contentbasedapprachesand(2) link-basedappoaches.

In conter-basedapprachesthe actualHTML contentof a Web pageis ana-
lyzedto induceinformationabou the page.For examge, the body text of a Web
pagecanbeanalyzedo determire whetherthe pageis relevart to atarget domain
Indexing techniqees canbe usedto extractthe key conceps thatrepresena page
In addition therelevane of a pagecanoftenbe determired by looking atthetitle.
Wordsandphraseghat appearin thetitle or headngsin the HTML structureare
usuallyassigned higherweight[10.11, 10.15].

Domainknowledgealso can be incorporatedinto an analysis to improve the
results.For exanple, wordscanbe checledagainsta list of domainspecifictermi-
nology. A Web pagecontainirg words thatarefound in the list canbe considered
morerelevant.

The URL address of a Web pageoften cortains usefulinformation abou the
page For example from the URL

“http://ourworld.compisene.comhomemges/Lun@ancer/”,

we cantell thatthe URL comes from the domaincompuserveom andthatit is
likely to be relatedto the topic Lung Cancer We alsoknow thatthis page comes
from a.comsite,which maybe consideedlessauthoitative thanpagedrom a.gov
site. Somemetricsalso considertURLs with fewer slashesnore usefulthanthose
with more slashe$10.2].
Link-basedaippr@achesaveattractedncreasingttentionn recentyearsasWeb
link structue hascometo be usedto infer importantinformationabou pagesThe
basicassumptions thatif theautha of aWebpageA placesalink to aWebpageB,
heor shebelieves thatB is relevart or similarto A, or of goad qudity [10.44]. We
usethetermin-links to indicatethe hyper-links poirting to a given page.Usually,
thelargerthenumter of in-links, the betterapageis consideedto be. Theratiorale
is thata pagerefersncedby morepeopleis likely to be moreimportan thanapage
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thatis seldomrefelencedThisis similarto citationanalysisjn whichanoften-cited
articleis consiceredbetterthanonenever cited.

Link analysishasbeenusedin more and more applicatiors in recen years.
Link analysistechriques were first usedto guide searchingin spider applica
tions [10.30, 10.73 10.M)]. FocusedCrawler [10.16] and HyPursuit[10.85] use
hyperlinks informationto enhaie Web pageclassificationand clusteringrespec-
tively. Link analysis hasalso beenappliedto identify cyber commuiities on the
Web (groups of individualswho sharea comnon interest,togetherwith the Web
pagesmostpopuar amorgstthem)[10.39, 10.54.

By analyzirg the pagescontainirg alink of interest;t is alsopossibleto obtain
theanchae text thatdescribeshelink. Anchor text is the undelined, clickabletext
of anoutgang link in a Web page. Anchortext may provide a goad descriptionof
the target pagebecaseit represets otherpeope’s actualdescripion of the page
Several studieshave tried to make useof ancha text or ary text nearly to predct
the contentof the target page[10.1, 10.3. Somestudiesalsoanalyzethe text that
appearsieara hyperlink [10.74].

In addition, it is reasonhle to give a link from an authoitative source(such
as Yahog a higherweightthana link from an unimpatant persomal homepge.
ResearcherbBave developedseveralalgorithns to addessthis issue Amongthese,
PageRanK10.11] andHITS [10.51] arethetwo mostwidely used.

The PageRanlalgorithm compuesa pages scoreby weightingeachin-link to
the pageproyportionally to the quality of the pagecontainirg the in-link [10.11].
The qudity of theserefering pages also are deternined by PageRak. Thus,the
PageRanlof apagep is calculatedecursvely asfollows:

PageRank(q)

PageRank(p) = (1 —d) + d x > ( c(q)

VY g pointing to p

) (101)

where
dis adampng factorbetweerD and1,
c(q)is thenunberof outgadng links in q.

Intuitively, a Web pagecan have a high PageRankf the pageis linked from
mary otherpagesandthescorewill beevenhigherif theserefering pagesrealso
goodpages (pageghathave high PageRaniscores)Thisis illustratedin Fig. 11.1
It is alsointerestingto note that the PageRankalgorittm follows a randan walk
model - the PageRak of a pageis proportional to the probability that a rancbom
surferclicking onrandm links will arrive atthatpage.

The PageRanlkalgorithm appliedin thecommecial searchengineGoogle,has
beenshawvn to be very effedive for rankng searchresults[10.11]. Computation
time, however, is a major prablem in using PageRank.The PageRankscore of
eachWeb Pagehasto be calculatedteratively, makingit compuationally expen
sive [10.43.

Kleinbeig [10.51] proposedthe HITS (hyperlink-induced topic search)algo
rithm whichis similarto PageRankin the HITS algorithm authoritypage arede-
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Fig. 10.1.PageRankandHITS: The PageRankscoreof a pagep depend on the PageRank
scoref pagegointingto p (o1 to g;). In the HITS algorithm,the Authority scoreof a page
p depemns on the Hub scoresof pagespointingto p (¢ to g;); the Hub scoreof a pagep
depermison the Authority scoresof the pagesp is pointingto (r; tor;)

finedashigh-quality pages relatedto a particuar topic or searchquey. Hub pages
arethosethat are not necessarilyan authoity themselesbut provide pointersto

otherauthaity page. A pageto which mary othes point shouldbe a good au-

thority, anda pagethat pointsto mary othersshouldbe a goodhuh Basedon this

intuition, two scoresare calculatedin the HITS algoithm for eachWeb page:an
authoity scoreanda hub score,asillustratedin Fig. 11.1. They arecalculatedas
follows:

AuthorityScore(p) = Z HubScore(q), (10.2)
VY q pointing to p
HubScore(p) = Z AuthorityScore(r). (10.3)

Y r being pointed by p

A pagewith a high authoity scoreis onepointedto by mary hubs, anda page
with a high hub scoreis one that pointsto mary authaities. One examge that
appliesthe HITS algorithm is the Clever searchengire [10.14], which achieresa
higheruserevaluationthanthe manually compled directay of Yahm. The Teoma
searchengire alsousesa similar algoiithm in its rankingprocessBharatandHen-
zinger[10.9] have addedsererd extersionsto the basicHITS algorithm, suchas
regulating how muchanode, basednits relevarce,influercesits neightors. Simi-
larly to the PageRanlkalgorithm a drawvbackof the HITS algoiithmiis its high com
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putatioral requiement,becasethe hub andauthoity scoreshave to be calculated
iteratively.

10.14 Graph Traversal Algorithms

Traditioral grafh searchalgoiithms have beenextersively studiedin the field of
compuer science Sincemostresearchrsview the Web as a directal gragh with
a setof nodes (pages) conrectedwith directededges(hyperlinks), someof these
algorithrrs have beenappliedin Web applicatians. In this section,we review three
catgyoiies of graphsearchalgoithms that are relevant to our study namely (1)
uninformedsearch(2) informedsearchand(3) parallelsearci10.71, 10.9].

Thefirst catgyory of graphsearchalgoithmsconsistf simplealgoithmssuch
as breadh-first searchand depthfirst search.They arealsoknown asuninformed
seach asthey do not make useof ary information to guide the searchprocess.
Breadth-firstsearchis one of the mostpopuar methals usedin Web searchspi-
dersthatcollectall pageson the currert level befole proceeling to the next level.
Although thesealgorithms areeasyto implemen andusein different applicatiors,
they areusuallynotvery efficient becaus®f their simplicity.

Theseconctategyoryis informedsearch, in which someinformationabaut each
searchnoce is availableduringthe searchprocessSuchinformationis usedasthe
heuristicsto guidethe searchBest-firstsearchis oneexamge thatis widely used.
Best-firstsearchexplores the most promising nodeat eachstep.This classof al-
gorithns hasbeenstudiedin different searchenginespidersor searchagentsys-
temswith differentvariations [10.21, 10.3)]. Different metrics,suchasnumter of
in-links, PageRankscore keyword frequengy, andsimilarity to searchquer, have
beenusedasguidng heuristics.

Another catggary is parallel seach. Algorithmsin this catgory try to explore
differert partsof a searchspacein pardlel. One exanple is the spreadingacti-
vation algorithm usedin artificial neual network models,which tries to achieve
humanlik e perfamane by moceling thehumamenous systemA neuralnetwork
is a graphof mary active nodes(neuons)that are conrectedby weightel links
(synapses)A neurd network usesspreadingactivation over the nodes to represent
andretrieve concgts andknowledge [10.5 1025, 10.5%5]. Another exampleis ge-
neticalgoithms,whichincreasinglyhave beenusedin optimizationprodemssuch
asfinancialportfdio optimizationandresouce allocation.Geneticalgoiithm is an
evolutionary proessdesigred to searchfor an optimal solutionthrough crosswer
andmutationopeations[10.66]. Gordon[10.41] providesamodée for usinggenetic
algorithns in textual analysis Chenetal.[10.21] extendedthe mocel andusedit in
aWeb spider Although thesealgorithms are powerful andhave beenusedin tradi-
tional information+etrieval applications[10.19], they have not beenwidely applied
in Web apgications.
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10.2 Web Spidersfor Personal Search

Many Web spidershave beendevelopedto helpindividual userssearchfor useful
information on the Weh Becauséhesespides usuallyrun on the client machine
moreCPUtime andmemoy canbeallocatedo the searctproeessandmorefunc
tionalitiesare possible.Thesetools alsoallow usersto have more contrd andper
sonalizatioroptionsduiing the searctprocess.

10.21 PersonalWeb Spiders

tueMosaicis a prominentearly examge of personhWeb spiders[10.32]. Using
tueMosaic,userscan enterkeywords, specify the depthand width of searchfor

links containe in the current homepagesdisplayed and requestthe spideragent
to fetch homepagesconrectedto the currenthomepge.tueMasaic usesthe “fish

searchalgoiithm, amodifiedbest-firstsearchmethal. Sinceits introduction,mary

morepowerful persoml spidershave beendevelgped.

Somespides have beendesignedo provide additicnal functionalities. The Tk-
WWW robda is aprogamintegratedin the TKWWW browser[10.80. It canbedis-
patchedrom thebrowserandsearchNVebneightorhoalsto find relevant pagesand
returnsalist of links thatlook promising. SPHINX, a spiderwrittenin Java, allows
usergo perform breadthfirst searchandview the searclresultsasa 2-dimensional
graph[10.67]. Cl Spiderperfams linguistic analysis and clusteringof the search
results[10.20]. Collaboartive Spider an extended version of Cl Spider is a multi-
agentsystemdesignedo improve searcheffectivenessby sharingrelevart search
sessionamonguserg10.18].

In otherstudies spidersusemore adwarced algoithms duiing the searchpro-
cess.Theltsy Bitsy Spidersearcheshe Web usinga best-firstsearchanda genetic
algorithmappoach[10.21, 10.2]. EachURL is modeledas an individual in the
initial population. Crosswer is definal as extractingthe URLSs that are pointed to
by multiple startingURLs. Mutationis modela by retrieving randon URLSs from
Yahoo Becauséhegeneticalgofithm is anoptimizaion processijt is well suitedto
finding the bestWeb page accordng to particularcriteria. Webnautis a later spi-
derthatalsoappliesgeneticalgorittms[10.70]. Otheradwencedsearchalgoritims
alsohave beenusedin persoml spiders.Yangetal.[10.91] apply hybrid simulated
annealingn a persomal spiderapplication FocusedCrawler locateswWeb pagesel-
evantto a pre-definedsetof topicsbasedn exanple pagesprovidedby theuser In
addition it alsoanalyzsthelink structurs amongthe Webpagescollected10.16].
Contet FocusedCrawler usesa Naive Bayesiarclassifierto guide the searchpro-
cesq10.33]. Relevancefeedbackhasalsobeenappliedin spiderg10.4, 10.84].

Many commecial Web spidersare also available.WebRipper WebMiner and
Teleportare examges of software that help usersdownload specifiedfiles from
givenWebsites.Excalitur's RetrievalWareandInternetSpidercollect,moritor and
index informationfrom text documentson the Web aswell asgraghic files. Autor-
omy’s productssuppot a wide rangeof informationcollectionandanalysistasks,
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whichincludeautomaticsearchig andmonitoiing informationsourcein thenter
netandcorporatelntrands, andclassifyingdocunentsinto cateyolies predefinedby
usersor domainexperts. Verity's knovledge-nanagerant prodicts, suchas Agent
Sener, InformationSener andintelligert Classifier alsoperfam similar tasksin
anintegratedmanrer.

Another important category of persoml spidersis compasedof metaspiders,
programsthatconrectto differert searchengiresto retrieve searchresults Lawrence
and Giles [10.58] shaved that the best searchenginecovered only abou 16%
of Web sitesin 1999 Therefore,combiring resultsfrom different searchengnes
achiearesmorecompgehensie coverage.MetaCravler wasthe first metaspiderre-
ported[10.76, 10.77]. It providesa singleinterfaceallowing usersto searchsimul-
taneouslyfrom six differentsearchengine, namelyLycos,WebCravler, Infoseek,
Galaxy OpenText, andYahm. MetaCravler, with muchmoresearctoptiors avail-
able,is still in servicenow.

Following thesucces®f MetaCravler, mary metasearcherviceshave beende-
velopel. Profusionallows userso choseamory alist of six searctenginethatcan
be queaied[10.40]. 37.can conrectswith 37 differentsearchenginesDogpilepro-
videsmetasearckervicefor news, Usenetwhite pagesyellow pagesimagesetc.,
in addition to WebpagesSavvySearclconnetswith alargenunberof generband
topic-specificsearchengnesandselectsthoselik ely to returnusefu resultsbased
on pastperformarce[10.49]. Similarly, Yu etal. [10.92] uselink analysisto decide
which arethe appopriatesearchengiresto beused,andChenandSoo0[10.27] use
domainontolagy in metasearchagerts to assistusersin queryformulation. Blue
Squirrels WebSeekr and Coperric’s software connectwith othersearchengires,
monitor Web pages for ary changs, and scheduleautonatic searchGrouger, an
extensionof MetaCravler, clustersthe searchresultsfrom various searchengnes
basedn a suffix-treeclusteringalgoiithm [10.93].

In additionto gettinga list of URLs and summaies returnel by othersearch
enginessomemetaspidersdovnloadandanalyzeall the docunentsin the result
set. Inquirus, also known as the NECI metasearctengire, dowvnloads actual re-
sult pagesandgeneatesa new summay of eachpagebasedon the searchquey.
Pageghatarenolongeravailable(deadinks) or whichnolongercontainthesearch
termsarefiltered from the searchresults[10.56, 10.57]. Meta Spiderprovidesthe
samefundionalitiesasinguirus, but alsoperiormslinguistic analysisandclustering
of the searchresults[10.23]. Anothea similar systemis TetraFusionwhich per
formshierardical andgraph-basedtlassificatioron theresultset[10.31]. Focused
Crawler[10.16] andFetuccind10.6 usesearchresultsfrom popularsearctengnes
andexpard the resultsetbasedon theseURLs. Dwork et al. [10.36 praposedthe
useof aMarkov chainto combire searctresultsfrom differert searchengiresand
achievedpromising expetimentalresults.

Recently searchspides have alsobeendevelgpedon the basisof peerto-peer
(P2P)techndogy, following the succes®f otherP2Papplicatiors suchasNapster
JXTA Searchformerly knovn as InfraSeach, usesGnutellaasits backbame and
links to other compuers when a requestis recevved from a user The requestis
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passedo neightoring computersto seeif any of themcanfulfil the request.Each
compuer canhave its own stratgy on how to respondo thereques{10.85].

10.22 CaseStudy

In this section,we presentthe architectue of two searchagentsenhared with
postretri@al analysiscapaliities. Competitve Intelligerce Spider or Cl Spider is
asearchagentthatcollectsWeb pageonareal-timebasisfrom Web sitesspecified
by the userandperfamsindexing and categorization analysis on them,to provide
theuserwith acompehersive view of theWebssitesof interesf10.20]. Thesecond
tool, Meta Spider hasfundionalities similar to thoseof the Cl Spiderbut, instead
of perfoming breadh-first searchon a particularWeb site, connectgto differert
searchengires on the Interret andintegratesthe results[10.23. The architectue
of ClI SpiderandMeta Spideris shavn in Fig. 11.2.Thereare4 maincompaents,
namely(1) userinterface,(2) Intemet spiders,(3) Arizona nounphraser and (4)
self-oganizingmap(SOM). Thesecompmentswork together asa unit to perform
Web searchandanalysis The Arizonanouwn phraserdevelopedat the University of
Arizona,is theindexing tool usedto index the key phraseshatappeain eachdocu
mentcollectedfrom the Webby theInterret spidersit extrads all thenounphrases
from eachdocunentbasedn part-d-speechaggingandlinguistic rules[10.83.

The SOM emplgys anartificial neurd network algoiithm to automaticallyclus-
ter the Web pagescollectedinto differentregions on a 2-dmensionalmap[10.24,
10.26 1052]. Eachdocunentis representg asan input vectorof keywordsand
a 2-dmensionalgrid of outputnodesis created After the network is trained the
docunentsare submitted to the network andclusterednto differert regions. Each
region is labeledby the phrasethatis the key concep mostaccuratelyrepresetz
ing the clusterof docunentsin thatregion. More importar conceps occupy larger
regions, andsimilar conceps aregroyedin a neigtborlood [10.59]. The mapis
displayedthrough the userinterfaceandthe usercanview the doaumentsin each
regionby clicking onit.

Two separatexpeaimentshave beencondictedto evaluate Cl SpiderandMeta
Spider The experimentaltaskswere desigred to permit evaluation of how a com
binationof their functionalities performedin identifying the major themesrelated
to a certaintopic beingsearchedThirty undegradiatesubjectswererecrtited to
participatein eachexperiment.

In thefirst experiment,Cl Spiderwascomparedwith Lycosandmanual “within-
site” browsingandsearchingOur experimentalresultsshavedthatboththe preg-
sionandrecallratesfor Cl Spiderweresignificantlyhighe thanthoseof Lycosata
5% significane level. Cl Spiders usabilityalsoachiezeda statisticallyhighervalue
thanthoseof Lycosandwithin-site browvsingandsearching

In the secondexperiment, Meta Spiderwas compaed with MetaCravler and
Northerriight. In termsof precision Meta Spiderperfamedbetterthaneitherof
theseandthedifferencefrom NorthernLigh wasstatisticallysignificant.MetaSpi-
der’s recall rate was compaable to that of MetaCravler and betterthan that of
NortherrLight.
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Fig. 10.2.Architectureof Cl SpiderandMeta Spider

We suggst that the main reasonfor the high precisionrate of Cl Spiderand
Meta Spideris their ability to fetch and verify the conten of eachWeb pagein
real time. This meansthesetwo spides canensurethat every pageshowvn to the
usercontairs the keyword beingsearchedOn the otherhard, indexesin Lycosand
Northerriight, like thoseof mostothersearchengires, were often outdated The
highrecallrateof Cl Spideris mainly attributableto its exhastive searchingchar
acteristic.Lycosshovedthelowestrecallratebecase, like mostothercommecial
searchenginesjt samplesonly a nurmber of Web page in eachWeb site, thereby
missingothe pagesthat containthe searchkeyword. A userperfoiming manual
within-site browsing andsearchings likely to misssomeimportarn pagesecause
the proaessis mentallyexhausting.Many subjectsalsocommened thatthey liked
the postrérieval capabilitiesof the Arizonanounphraseiandthe SOM.

10.3 Using Web Spidersto CreateSpecializedSearch Engines

Useof Websearctengine suchasGoogle AltaVista,NorthernLight, Excite,Lycos,
and Infoseekis the mostpopuar way to look for information on the Weh Many
usersbggin their Web actiities by subnitting a queryto a searchengne. All these
searctenginegely onspidergo collectWebpagedhatarethenproessedo create
their underlying searchindexes. Exanplesinclude AltaVista's Scootey Googles
Googlelmt, Lycoss T-Rex, andExcite’s Architext.
Searchenginespiderresearchoegan as early as 1994 with World Wide Web
Worm, thefirstwidely usedsearchengire spiderthatindexed only adocumentstitle
andheacr[10.64]. Therepasitory-basedoftwareenginering (RBSE) Spiderwas
thefirst spiderto have full-text indexing capabilitieg10.37]. Soonafter, mary full-
text indexing spides weredevelopedjncluding WebCravler[10.72], Lycos[10.62],
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andHarvest[10.10]. All thesespiderdollow asimplebreadtkfirst searctalgorithm
thatis still widely usednow by the spidersbehindmostmajorcommecial generé
purpcesearchenginego crawl theWeh Someresearchhasalsostudiedthe useof
anincrenentalspiderthattriesto collectonly Webpage thathave changd[10.29].

10.31 SpecializedSearch Engines

Becauseof the enamoussize of the Web, geneal-puiposesearchengirescanno
longersatisfyall theneed of thosewhoaresearchindor morespecificinformation.
Marny specializedearctengireshave beenbuilt to addessvariousprablems.These
searchenginesspecializein particdar Web site(s), topics (suchas compuers or
medicine) langua@gs (suchas Chineseor Japanesefjle types(suchasimages or
researctpapes), andsoon. Becauseheir sizeis more managable(much smaller
thanthe entireWeb),thesesearchengineausuallyprovide more preciseresultsand
morecustomizake fundions.For instanceBuildingOrine specializesn searching
in thebuilding industrydomain CollegeBotsearche$or edwationalresoures,and
LawCrawler specializesn searchig for legal informationon the Weh Ther are
alsocontert-type-sgcific searctengires.For exanple, DejaNavs searchefor news
articles,andWebSeelsearchsfor imagefiles [10.78§].

Likegeneralpurpasesearctengires,thesesearctenginesely onspidergo col-
lectWebpages. Thistaskis relatively easyfor site-specificsearchengires,in which
spiderscanberestrictedo downloadingonly Web pageswith agiven domainname
in the URL [10.61, 10.8, 1088, 10.8]. For examge, spiderscanbeinstructecto
discardarny URL not startingwith the string “http://www.arizonaedu/”. However,
the taskbecanesmore difficult for otherspecializedsearchengiresin which the
spidersneedto addresswo mainprodems:

1. Thespides needto identify from alist of urvisited URLs the onesmostlikely
to cortainrelevart information. To improve efficiency, aspidershouldfirst visit
suchWebpages.

2. For eachdownloadeddoaument,the spidersneedto deternine its relevarce
accordng to a specificpurpcse. The spidersshouldavoid irrelevart or poor
quality docunentsby determinirg the quality andreputdion of eachdocunent.

This kind of searchengire spidersometims is alsoknowvn asa focusedspider
or afocusedcrawler. In recentyears,different focusedsearchenginespidershave
beendevelopedandevaluated.We next will focus onresearchinvestigatingtheuse
of efficient spiderirg algoiithmsthataimto addessthefirst problem

10.32 FocusedSpidering Algorithms for SpecializedSearch Engines

Despiteits simplicity, breadh-first searchis widely usedin specializedsearchen-
ginesprimarily becaseit is easyto implemert andfastto execute. Intuitively, if
a URL is relevant to a target domainit is likely that the Web pages in its neigh
borhad arealsorelevart. It hasbeenshavn that brealth-first searchcandiscover
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high-quality pagesearlyonin aspiderirg processAs themostimportantpagehave
mary links pointing to themfrom numepushosts thoselinks usuallycanbefound
earlyin the searchprocess[10.68]. Many pe@le chooseto usefreetools, suchas
WebGlimpseg[10.61], Alkaline, ht://dig [10.8], and GreenStae [10.88], to build
specializedsearchenginesWhile they work well for building site-specificsearch
enginesijt is moredifficult to usethemfor building topic-speific searchengnes
becausehereis no heuristicfor locatingandidentifying relevart WebpagesTo al-
leviatethis problem,usersareusuallyallowedto specifythe maximun depththata
spidershouldexplore[10.61, 10.8]. However, thistacticis usuallyinadejuateand
resultsin collectionsthataretoo diversefor specifictopics.

Best-firstsearchs anothe widely usedalgorithmin focusedspidersDependéhg
ontheapplicationdifferen heuristicccanbeused suchaskeyword frequengy, simi-
larity to startingexanples,numterof in-links, or PageRanlscore Choetal. [10.30]
have shavn thatin anexpeimentonthe Stanfad Website,abest-firstsearctspider
usingPageRanlscoreperfomedbetterthana breadtkfirst searchspideror a best-
first searctspiderusingthe numbe of in-links. Chakrabatr etal. [10.16] combned
similarity andlink analysisin FocusedCrawler, which visits URLs basedon each
pages probability of having relevantcontent.

Machinelearningtechniqes also have beenappliedin searchengire spiders.
McCallumetal.[10.74] usedreinfarcementearningto designaspiderthattraverses
the Web basedon immedate andfuture reward asmeasued in termsof Web page
relevane. Thatspiderwasusedin Cora,a compuer scienceresearctpapersearch
engine[10.65].

10.33 CaseStudy

Seekingto comhbine differert Web conten and structureanalysis techniqieswith
traditional graph searchtechriquesto build spider progamsfor vertical search
engineswe developed and comparedthreeversiors of Web spiders,namely (1)
Breadth-FirstSearchSpider (2) PageRankSpider and(3) Hopfield Net Spider In
this sectionwe describehedesignsandappr@achesadgtedin our study

The BreadthFirst SearchSpider(or BFS Spidej collectsall Web pages on the
currert level befae procedingto thenext level. In otherwords,it visits URLsbased
ontheorderin whichthey arediscorered.Thisis implementedusingafirst-in-first-
out queuelike that geneally usedin breadtkfirst searchapplicatiors. It runsuntil
therequred numter of pagesarecollected.

ThePageRankSpiderwasadapedfrom thealgoithm reportedn [10.30]. Aim-
ing to comhbine link-basedanalysisandaheuristics-bsedraversalalgaithm, it was
designedo perform best-firstsearchusing PageRanl(as describecearlier) asits
heuristics URLs with higher PageRanlscoresareto bevisited earlier

In eachstep,the spidergetsthe URL with the highest PageRankscore fetches
the conten, andextractsandenqueuesall the outgang links in the page The pro-
cessruns until the requred numbe of pageshave beencollected.PageRankscore
is calculatediteratively usingthe algorithmdescriled earlier until convergenceis
reachedThe dampirg factord is setto 0.90in ourimplementation.The hot quete
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apprach usedin the original study hasalso beenadgtedin the PageRankSpi-
der for ancho text analysis.Two priority queus are establishedhot quete and
normalquete. The URLs within eachquele areorderedby PageRanikscorein de-
scendingorder The spiderfirst dequeuesfrom the hot_queue.lf the hot quete is
empty the spiderdeqreuesfrom the normal_queue.n our design a URL will be
placedin the hot queueif the anclor text pointing to this URL cortainsa relevart
term.

In the Hopfield Net Spider the Web is viewed asa large network structureof
massve, distributedknowledgecompmpsedof pagesandhypelinks contrituted by
all Web pageauthors.This can be viewed as a neuralnetwork, in which nodes
are repesentedby page and links are simply represeted by hyperlinks. In this
apprachwe mocel the Web asa Hopfield Net, whichis a single-layeed, weighted
neuralnetwork [10.48]. Nodes areactivatedin parallelandactivation valuesfrom
differert sourcesarecombned for eachindividual nodeuntil the activation scores
of nodesonthe network reacha stablestate(convergence).

Basedon this spreathg activation algoiithm, which hasbeenshowvn to be ef-
fective for knowvledgeretrieval anddiscovery in a Hopfield Net, we developedthe
Hopfield Net Spiderto perform searchig onthe Weh In this apprach,we aimed
to comhbne a parallelsearchalgoithm with content-basedandlink-basedanalysis.
Ourimplemenationincorpaatedthe basicHopfield Net spreadig activationidea,
but significantmodfication wasmadeto take into consideationthe uniquecharae
teristicsof theWeh

The Hopfield Net Spiderstartswith a setof seedURLSs represeted asnoces,
andthenactivatesneighoring URLs, combnesweightedinks, anddetermiresthe
weightsof newly discovered nodes. The processrepeatauntil the requred nunber
of URLs have beenvisited. Thealgorithmadogedis asfollows:

1. Initialization with SeedJRLs An initial setof seedJRLsis givento thesystem
andeachof themis representecsanode with aweightof 1. i ;(t) is definedas
theweightof nocki atiterationt.

1i(0) =1 for all seeds URLs i. (10.4)

The spiderfetchesandanalyestheseseedWeb pagesn iteration0. The new
URLs found in thesepagesareaddedo the network.

2. Activation WeightComputaion, andlteration. Proceeahg to thenext iteration
theweightof eachnock is calculatedasfollows:

pilt +1) = £o( 3 Wi (1)), (105)

V known parent h of i

where

wp,; is theweightof thelink betweertwo noces,

fs is aSIGMOID transfamationfunctionthatnormalizeda weight

to avaluebetweerD and1.

Becausevy, ; is theweiglt of the linkage betweertwo URLSs, it triesto esti-
matewhethera URL i pointed to from a Web pageh is relevart to the target
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doman, basedntheuseof anchortext in h. Thisscoreis calculatecasafunc
tion of the numter of ancha-text wordsrelevart to the target domain We use
a slightly modfied SIGMOID function to make surethe resultingvalueis a
positve numter.

After theweightsof all thenodesin the currentiterationhave beencalculated
thespidemeeddo decidewhichnode(URL) shouldbeactivated(visited)first.
As theweightsdecidetheorderin whichURLsareto bevisited,they arecritical
totheeffectivenes®f thealgorithm. Thesetof nodesin thecurrert iterationare
thenvisited andfetchedfrom the Web in descendig orderof weight.In orde
to filter out low-quality URLS, nodeswith a weightsmallerthana threshdd 6
arenotvisited. Theactivation processis illustratedin Fig. 11.3

Wig

[ Yag

SN TIAAN S TN

lteration 0 lteration 1 lteration 2 sassessanann

Fig. 10.3. Spreadingactivation: Startingwith a setof seedURLSs, the Hopfield Net Spider
activatesneightoring URLs, combinesweightedlinks, anddetermineghe weightsof newly
discorerednodes.Nodeswith alow weight(e.g.,node7 andnode24) arediscarded

After all the pageswith a weight greaterthané have beenvisited and down-
loaded the weight of eachnodein the new iterationis updatedto reflectthe
quality andrelevarce of the downloadedpageconten asfollows:

pi(t +1) = fs(ui(t +1) x p;) (10.6)
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where
p; is aweightthatrepresentstherelevanc of thetextual conten
of apagei.

Thep; scoreis afunctionof thenunberof phrase$ound in apagescontenthat
arerelevart to thetarget domain A pagewith morerelevant phrasesvill receive
ahigherscore Phrasesanbeextractedrom eachpageusingthe ArizonaNoun
Phrasef10.83.

3. Stopjng Condtion. The above processs repateduntil the requred number
of Web pageshave beencollectedor until theaverageweightof all nodesin an
iterationis lessthana maximum allowableerror(a smallnumker).

The threedifferentappioacheswere implemented as the baclend spidersfor
a medicalsearchengne called HelpfuMed. A simulationexpeiment and a user
study were carriedout to evaluate the precisionand exeaition time of the three
spidersThe experimentresultsshowv thatthe HopfieldNet Spiderhadsignificarily
betterprecisionthanboththe BFS Spiderandthe PageRaniSpideratthe 1% level.
The BFS Spideralsodid significantly betterthanthe PageRankSpiderat the 1%
level. For execuion time, we found thatthe Hopfield Net Spiderusedslightly more
time thanthe BFS Spider while the PageRankSpiderspentalmost90 timesmore
execuion time thanthe othertwo spides.

10.4 Conclusions

Over the pastdecade Web spidershave evolved from simple breadh-first search
spiderdointelligent,adaptve spidersAt thesameime, thesizeof theWebhasalso
grown by morethan250000times,from 130 Web hostsin Junel993to morethan
38,0®,0M hostsin Febrary 20 [10.42, 10.8)]. Thecontentonthe Webhasalso
becomeamore diversein termsof topic,languag, file type,encodng method andso
on, with mary dynamically geneatedWeb pagesLocatingdesirednformationon
theWebis still noteasydespiteheavailability of varioussearctspidersandsearch
engines.
Spiderscanbeimprovedandextencedin several ways:

— Currently mostspiderscanindex only static Web pagesAs the amount of dy-
namiccontenton the Webincreaes,spidersneedto be ableto retrieve andma-
nipulatedynamic contentautonanously

— Spiderscanperfam betterindexing by applyingcompuationallinguisticanalysis
to extract meanimful entitiesratherthanmerekeywordsfrom Web pages.This
will becane a moreinterestingissueasthe SemantidMeb[10.7] beconesmore
mature.

— Asthequalityandcrediblity of Webpagesvaryconsideably, spiderseedto use
moreadwancedntelligert techniaiesto distingtish betweergoad andbadpages.
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— An ideal personhspidershouldbehae like a human librarian who tries to un-
derstandandansweruserqueriesthrough an autonanousor interactize process
usingnaturallanguag.

As we have witnessedstate-of-tle-artsearchservicessuchasWebCravler andLy-
costhat wereintroducedlessthana deca@ agohave beensurpassedy services
suchasGoode thatutilize newer algoithms. As the Web continiesto evolve, spi-
dersand searchengires also must evolve in orderto accommadatethe size and
dynanics of theWeh
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10.5 Appendix A: URLs of Spidersand Search Engines

37.com- http://www.37.conl

AltaVista— http://www.altavista.com/

Autonamy — http://www.autonany.com/

Blue Squirel's WebSeekr— http://wwwbluesquirel.com/
BuildingOrline — http://www buildingonline.can/
CollegeBot- http://www.cdlegebotcom/
Copernic- http://lwww.coperic.com/

DejaNeavs — http://www.dejanevs.coni

Dogpile— http://lwww.dogpilecom/

Excalibur — http://wwwexcalib.com/

Excite— http://www.excite.com/

Google- http://www.goode.com/

HelpfulMed- http://ai.b@.arizom.edu/kelpfulmed
Infoseek- http://infaseek.gazom/

JXTA Search- http://searclixta.org
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LawCrawler — http://wwwlawcravler.com/
Lycos— http://wwwlycos.com

MetaCravler — http://www.metacravler.cam/
NortherrLight — http://www.northenlight.can/
SavvySearch- http://lwww.savvysearch.om/
Teoma- http://wwwteama.cont

Verity — http://www.verity.com/

WebSeek- http://www.ctr.columba.edu/webeek/
Yahoo- http://www.yahoo.can/
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