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Abstract・Weproposedafipameworkfbrbuildingahigh-qualitywebpagecollectionconsideringpagegroup
strucmrewithtwostepprocesses:theroughfilteringandtheaccurateclassification,Inbothprocesses,weapplylhe 
ideaoflocalpagegoupstructurethatisrepresentedbytherelationbetweenatargetpageandasurroundingpage 
basedontheconnectiontypesandtherelativeURLhierarchy、Inthispaper,weuseresearchers，homepagesasan
exampleoftalgetcategories、

Intheroughfntering,weproposedamethodfbrcomprehensivelygatheringallpOtentiaIresearchers1homepages 

fmmthewebwithasfbwnoisepagesaspossiblebyusingproperty-basedkeywordlistsaccordingtofburpagegroup 
models(PGMs)basedonthepagegroupstructureoTheexperimentresuItsshowthatitreducestheincreaseofgathered 
pageamounttoanallowablelevelandgathersasignificantnumberofpositiVepagesthatcouldnotbegatheredwitha 
single-page-basedmethod、

Intheaccurateclassification,weproposedatextualfeaturesetfbrsupportvectormachine(SＶＭ).Thesurrounding 
pagesaregroupedbasedonthepagegroupstmcture,anindependentfbaturesubsetisgeneratedfiromeachgroup,and 
thenthefbaturesetiscomPosedbyconcatenatingthefbaturesubsets・Anevidentimprovementofclassification
Perfbrmanceisshownbyanexperiment・Usingincombinationarecall-assuredclassifierandaprecision-assured
classifieｒｅａｃｈｏｆｗｈｉｃｈｉｓｏｂｔａｉｎｅｄｂｙｔｕｎｉｎｇｔｈｅＳＶＭｗｉｔｈｔｈｅｐｒｏｐｏｓｅｄｆｂａｔｕｒｅset,wenextbuildathree-way 
classifiertoaccuratelyselectthepagesthatneedmanuaIassessmenttoassuretherequiredquality､Theeffectivenessis 
shownwiththereductionofthemanualassessmentpagemmber、
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llntroduction 

Highqualityscholarlyinfbrmationservicesweremaintainedwithmuchhumanworkfbrmerly,butwith 
muchlesstoday,thankstotheelectronicpublishingtechnologD/､Ontheotherhand,theWebisbecoming 
moreandmoreimportantasapotentialinfbrmationsourcetoaddvaluestosuchservices・Then,whatis
requiredfirstisawebpagecollectionwithaguaranteedhighquality(i､e､,recallandprecision);however,it 
demandsalargeamountofhumanworktobuildbecauseofdiversityinstyle,granularityandstructureof 
webpagesWasmessofthewebdataandsparsenessofrelevantpages・

Manyresearchershaveinvestigatedsearchandclassificationofwebpages,etc.;however,mostofthem 
areofbest-effbrttypeandpaynoattentiontoqualityassurance、Thus，ｗｅｉnvestigateamethodto
comprehensivelybuildahomepagecollectionefHcientlywithassuringbothgivenhighrecallandhigh 
precisionAsa、example,wemainlyfbcusonresearchers，homepagesinthispaper，

Someresearchworksshowthatitisgenerallyeffectivetocollecthomepagesbyusingthefeatures 
exploitinglinkstructure，directorystructure，documenttagstructure，anddocUmentsemanticstmcture， 
amongothers､Takingintoaccountthatahomepageareoftenrepresentedbyalogicalpagegroup,the 
infbrmationofthesurroundingpagesmpagegroupstructure(locallinkstructure)ｍustbeconsideredin 
additiontothecontentsintheentrypages・Therefbre，weproposeamethodtoutilizethefeatures
consideringpagegroupstmcturesfbrbuildingahigh-qualityhomepagecollectionwithsupportvector 
machme(SＶＭ)． 

Ｓｍｃｅｔｈｅｗｅｂｐａｇｅａｍｏｕｎｔｉｓｖｅｒｙlarge，oneproblemarisingffomthemethodisthehigh 
computationalcostofitsfeatureextraction・nlerefbre,wesplittheprocessintotwosteps:roughfiltering
atfirstfbrefficientlynalTowingdownthecandidatepageamountwithaveryhighrecall,andthenaccurate 
classificationfbraccuratelyclassifyingthecandidatetargetpagesoutputfiomtheroughfllteringwithboth 
highrecallandhighprecisionBothprocessesarerealizedtakingintoconsiderationpagegroupstmctures 
andutilizingtheusefillinfbnnationbasedonthewebstructuressothatwecanachieveahighclassiHcation 
perfblmance,especiallyintermsofrecall,fbrmeetingthequalityrequirementfbrthecollection． 

※本論文は第３１回ディジタル図書館ワークショップの論文です．
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ZRelatedWorlKs 

Themethodproposedmthispaperbelongstoawebpageclassificationdomain,andiscloselyrelated 
towebpagesearchandclusteringdomains､Inthesedomains,whatinfbrmationsourcestouseisthefirst 
factorandhowtousethemisthesecond・

Thepriorworkstriedtoexploit,ｂｅsidestextualcontents,variousweb-relatedinfbrmationsources[ZL 
suchashtmltags[3,4,5],URLs[6,7,8],subgraphsofwebpages[9,10Ldirectorystructure［10,11]， 
anchortexts[3,4,5,8],contentsOfgloballylink-relatedpages［５，１２，１３，１４Landcontentsoflocal 
sulToundingpages[1,9,10]・Alloftheseinfbnnationsourcesexceptthelastoneareusedtocapturethe
featuresthatarecharacteristictothetargetpages,andareeffectivetoemphasizehighlyprobablepages・
Thelastone,contrarily,isusedtocollectinfbnnationdispersedoveralogicalpagegroup,andiseffective 
togatherpotentialpagescomprehensively,buttendstoincreasenoises・Sincethecomprehensivenessisa
keyfactorfbrqualityassuranceofawebpagecollection,wemainlyinvestigatetoexploitthelastone,i・ａ，
thesurroundingpagesastheinfbnnationsources， 

SomeworksexploitingthesulToundingpagesfirstclassifyeachpagebasedonlyonitscontentandthen 
combinetheresultsbasedonotherinfbrmationsourcessuchaslinkstructureanddirectorystrucme[10]、
However,whenanentlypagecontainsnotextualinfbnnationbuthypedinks,thisapproachwilInotwork、
OtherworkSfirstclusterwebpagesbasedonlocallinkstructureandsoonandthenmergethescolc(or 
weight)ofeachwordtogenerateadocumentvector[1,9]､However,theeffectivenessofthisapproachiS 
1imited,probablybecauseitalsomergesmanyirrelevantwordsfromthesurroundingpages・

WealsoexploitthecontentsinsurroundingpagesconsideringlocaUinkstructures,butwithadifferent 
approach・Intheroughfiltering,fbrcollectingasmanytargethomepagesaspossible,pagegroupmodels
areappliedfbrcombiningthelocallinkstructureamongandthecontentofthepagesinalogicalpage 
group,sothatthehomepagespresentedonasinglepageoronasetofpagesthatconstitutesalogicalpage 
groupcanbegathered・Intheaccurateclassification,thefeaturesonsurroundingpagesarepartlymerged
thenconcatenated,andusedmtheclassificationalltogether,sothatthecontextscolTespondingtothe 
relativelocationarerepresented 

lnaddition，almostnopnorworksconsideredtoassurethehighqualityrequiredbypractical 
applications、Weapproachtothisproblembybuildingathree-wayclassifierusingarecall-assured
classifierandaprecision-assuredclassifierincombination、

３SclnemeoftlleMetlnod 

TheschemeofthemethodisshowninFigureLItcontainstwostepprocesses:theroughfilteringand 
theaccurateclassification、

Theroughfilteringisfbrefficientlynarrowingdownthecandidatepageamountwithaveryhighrecall廿om
theweMheinputisallthewebpagesandtheoutputisthecandidatepagessatisfi/mgtherequiredhighrecalL 
Wesettheperfbnnancerequiredfbrtheroughfilteringas，fbrexample,ａｔleast９８％anddesirably９９％、
Precisiondoesnotmattersomuchbutasmalleramountofoutputpagesisdesirableundertheconditiononthe 
recalL 

A1thoughweuseastaticwebdatacorpusfbrthecurrentwolk，theroughfilteringmethodcanbe 
mergedwithawebcrawlerfbrrealapplication､Then,itseemssimilartofbcusedcrawling,butdiffersin 
severalaspects・Firstly,fbcusedcrawlerspredicttherelevanceofeachpagebefbrefbtchingwhilethe
roughfilteringdoesnot,Consequently，itwolksomywithcomprehensivecrawlers・Secondly，fbcused
crawlerscanhandleonecategoIyatatimewhiletheroughfilteringcanhandlevirtuallyasmany 
categoriesasyoulikeatatime・

Theaccurateclassificationisfbraccumtelyclassifyingthecandidatepagesoutputfiomtherough 
filteringintothreeclasses：assuredpositive,assurednegative,anduncertainForexampleofthequality 

requiremenMherecallshouldbeatleast９５％andtheprecisionshouldbeatleast９９％・
Sinceevenwiththestate-ofLthe-artclassificationtechnology,itisimpossibletomakethetargetdaIa 

collectionsoftherequiredqualitysolelybymeansofalxtomaticprocessing,Therefbre,加maninvolvement
isindispensableinovercomingthegapbetweentherequirementandthetechnology・Inordertoassurethe
highperfbrma､Ｃｅ,arelativelyhighcomputerprocessingcostisallowedfbrtheaccurateclassification 
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RoughnItennlg 】【】
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Candidatepages 

FiglSchemeofthemethod、

comparingtotheroughfllteringwhilethenumberofpagesthatneedmanualassessmentshouldbereduced 
asmanyaspossible、

４TIneRoughFiltering 

4･lStruCtureoftheRoughFiltering 

Theroughfilteringusesproperty-basedkeyWordlistsandseveralkindsofpagegroupmode1s・Figure2
illustratestheconceptUalconstruction． 

::翻鶴!=h三11罫
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Fig.２Structurcoftheroughfiltering． 
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Ｅａｃｈｗｅｂｐａｇｅｉｓｆｉｒｓｔｍａｐｐｅｄｔｏａｄｏｃumentvectorconsistingofbinalyvalues，eachofwhich 
colTespondstoakeywordlistandrepresentsifanyofthekeywordsinthekeywordlistarepresentinthe 
webpageNext,fbreachofthepagegroupmOdels,thedoCumentvectorsaremergedbymakingalogical 
sumofeachvectorelement、Inthisprocess，onlytheelementscOrrespondingtothekeywordlistsof
suitabletypesfbreachpagegroupmodelareconsidered(inthefigure,ignoredelementsareindicatedｗｉｔｈ 
､x'attheoutputfiomPGM-I).TheyarefUrthermergedtotheentrypage1sdocumentvectortocomposea 
finaldocumentvector・Here,aconceptualdocumentrepresentedbythefinaldocumentvectoriscalleda
virtualentrypage,andtheprocesstomergethedocumentvectorsiscalledkeywordpropagationFinally， 
scoresofvirtualentrypagesareobtainedbycountingthenulnberofl1sinthedocumentvector,andthose 
thatscoredmorethanorequaltoathresholdscoreareoutput、Thethresholdscorewillbeselected

consideringtheevaluationresultssothattherecallsatisfiestherequirement，ｅ,9.,99％，andtheoutput 
amountisreasonable、

4.2Property-basedKeywordLists 

Althoughthestylesandstructuresofhomepagestendtodiffergreatlyandthepresentationsarevery 
diversity,theyusuallycontainseveralbasicinfbrmationelementsthatarecommontothehomepagesinthe 
samecategoIyTherefbre,weintroduceproperty-basedkeywordlistsrepresentingthecommonproperties 
inthecategory,expectingthatcertainnumber(notnecessarilyall)ofthemareincludedineachtargetpage 
orinitssulToundingpages・

EventhOughsomemethodsareavailablefbrautomaticallyextractingcontent-basedkeyWords,theyare 
notapplicabletoextractproperty-basedkeywordlistswhereeachofthemcontainsaliStofkeywords 
gloupedtothesameproperty・Ｔｈｅｒｅｆｂｒｅｗｅｕｓｅａｎａｄｈｏｃｍｅｔｈｏｄｔｏｃreatekeywordlistsfbrthep礎sent
workandobtainedl2keywordlistscontaining86keywordsfbrresearchers，homepagecategory．We 
mainlyuseproperty-name-relatedtennsProperty-value-relatedtｅｒｍｓａｒｅｕｓｅｄｏｎｌｙｗｈｅｎｔｈｅｙｃａｎｂｅ 
ｅｎumeratedwithinasmallnumber;otherwisetheirmamtenancewouldrequirealotofeffblt・

Eachofthekeywordlistsisthenassignedatypeeitherorganization-relatedornon-organization-related 
Keywordlistscorrespondingtｏｔｈｅｐｒｏｐｅｌｔｉｅｓｃｏｍｍｏｎｔｏｔｈｅｍｅｍｂｅrsinthesameorganizationare 
designatedasorganization-related,whilekeywordlistscorrespondingtoindividualresearcherisproperties 
aredesignatedasnon-organization-relatedThetypesandmeaningｓｏｆｔｈｅｓｅｌ２ｋｅｙｗordlistsarelistedin 
Tablelalongwithsomekeywordexamples・NotethattheactualkeywordsareinJapanese．

f鶚…響i:鶚豐f鶉:四挫慧:鵲:鶉!;1二Keywordlists 

LihIfLi霧驫､！＝
history 

lecture 

Organization 
section 

＊OriginalkcywordsareinJapanes０． 

４．３PageGroupModels 

Takingimoaccountlogicalpagegroupstructureinthｅｓａｍｅｓｉｔｅ,weproposefbursimplepagegroup 
models(PGMs)using(1)out-linkstotllesameandlowerdirectories,(2)out-1inkstotheupperdirectories， 
(3)in-linksffomthesameandupperdirectories,and(4)thedirectoIyentrypagesinthesameandupper 
directoriesintheURLdirectorypathThedefinitionsofsulToundingpagesarelistedinTable2andthatof 
PGMsarelistedinTable3． 
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Table2DefMtionsofsurroundingpages 
Definition Notations 

currente 

setofpageslinkedfromrinthesamesitc(r，soUt-linkedpagcs） 
setofpageslinkingtorinthesamcsite(r,sin-linkedpages） 
setofdirectoryennypagesinr，sdirectorypathfiPomstollevel 
seｔｏｆａｅｓｉｎｔｈｃｓａｍｃｄｉｒｅｃｔｏａｓｒ 

ｓｃｔｏｆaesinthclowerdirectosubtreeofrfromstollcvel 

setofacsintheuerdirectoathofrfromstollevcl 

numberoflinksfmmpagertothepagesinthesameandlowerdirectorieｓｏｆｒ 

竺竺型竺》》

Note:TheleveIofthesamedirectolyisdcfinedasOsandlareoptionsfbrspecifyingtherangesofthe 
dircctorylevelstopropagatethekeywordsfiPomDefaultoptionsmeanstousethepagesinalllevelsof 
specificddirectories． 

:壼壽鶉二豈菫篝i菫菫:鶚竺藝二匹＝ModelS 

SPM(baseline） 

SSM(baseline） 
Referencepagegroupmodel；allout-linkedpagesinthc 
samesiteareused． PoW） 

APGMbaSedonout-linksdownward;out-linkedpagcsin 
thcURLdirectorvsubtrecareused． 

一
一
一
一
一
一
一
一
一
一
一
一
一
一
一
一

p･ut(γ)nPlow(尼Ｍ）

APGMbasedonout-linksupward;out-linkedpagesmthe 
di妃ctoricsincludcdintheURLdirectorvDathareuscd． Pout(7)ｎＰｈｐｐｅ化３，０

Simple 
ＰＧＭ APGMbasedonin-linksupward;iMinkcdpagesinthc 

directoriesmcludedinthcURLdirectorvDatharcused． Pin(r)nPuppe作,３，０

APGMbasedondirectoIyentrypages;sitctoppagesand 
entlypagesofthedirectoriesintheURLdirectolypathare 
used． 

Pen化,８，０

Odwithadditionalconditionsonthcnumberofout-links;if 
thercaretoomanyout-1inks,Ｏｄｉｓｎｏｔｕｓｃｄ 

Ｏｕ，ＩａｎｄＵ，cachpropagatingorganization-related 
keywordsonly 

IfﾉVL･do)≦ａｓａｍｅａｓＯｄ； 
otherwise,ｓａｍｅａｓＳＰＭ． Btii淵sE7Ijimn5｢H1rSF;hir~1Ｈ,Ｍ；
ＳａｍｅａｓＯｕ,IandUfbrorganization-
relatedkeywords;fbrothers,ｓａｍｅａｓ 
ＳＰＭ． 

Modified 

PGM 

Singlepagemodel(SPM)andsinglesitemodel(SSM)areusedastwobaselinesandarecomparedto 
theproposedPGMsinordertoevaluatetheeffectivenessoftheproposedPGMs・ＰＧＭ－Ｏｄ,ＰＧＭ－Ｏｕ，
ＰＧＭ-1,ａｎｄＰＧＭ邑ＵａｒｅｆｂｕｒｓｉｍｐｌｅＰＧＭｓＰＧＭ－Ｏｄｉｓｉｎｔｅndedtoexploitallkindsofkeywordｓｉｎｏｕｔ‐
linkedcomponentpagesinthelowerlevelsofthedirectorysubtree・ＰＧＭ－Ｏｕ,ＰＧＭ-1,ａｎｄＰＧＭ当Uare
intendedtoexploitallkindsofkeywordsincomponentpagesintheuPperlevelsofthedirectolypath： 
PGM-OufbroUt-Iinkedpages，PGM-Ifbrin-linkedpages，andPGM-Ufbrdirectoryentrypages， 
respectively， 

ＳｉｎｃｅｓｉｍplePGMsusuallypropagatemanykeywordsirrelevanttotheresearcherandconsequently 
includemanynoisypages，ｗｅｐｒｏｐｏｓｅｍｏｄｉｆｉｅｄＰＧＭｓｔｏｒｅｄｕｃｅｓuchnoises，whereastokeepusefiJl 
keywordspropagated 

PGM-Od＠OisamodifiedPGMderivedfomPGM-OdwiththeintentionofexcludingilTelevantpages， 
basedontheobservationsthatoneofthenoisesourcesislargegroupsofpagesmutuaUylinkedwithina 
directoly,andthatanentlypagehavingmanyout-1inksalwayscontainssufficientkeywordsinitself 
PGM-Ou#,PGM-I#,andPGM-U#areModifiedPGMsderivedffomPGM-Ou,PGM-LandPGM-U, 

respectively，withtheintentionofexcludinghTelevantkeywoldsbasedontheobservationthatnon‐ 
organization-relatedkeywordsarenotincludedintheupperdirectolyhierarchies、Therefbreonly
organization-relatedkeywordsarepropagatedwiththｅｓｅＰＧＭｓＳｉｎｃｅａｎｙｓｉｎｇｌｅＰＧＭｃａｎｕｔｉlizeonlya 
partoftheavailablecomponentpagesandcancollectinsufficientinfbrmation,ｗｅｃｏｍｂｉｎｅａｌｌｏｆｔｈｅ 
ｍｏｄｉｆｉｅｄＰＧＭＳ． 
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4.4ExperimentsandConsiderations 

4､4.1Dataset 

Fortheexperiments,ｗｅｕｓｅｄａｃｏｒｐｕｓｏｆｌＯＯＧＢｗｅｂｄｏｃｕｍｅｎtdatacontainingll,038,720webpages， 
NW100G-O1,whichwasgatheredfmmtheUp'domainfbrWEBTaskSattheThirdandFourthNTCIR 
Wolkshops[15,16］ 
AsampledatasetusedfbrtheroughfilteringispreparedffomNW100G-0LWefirstcollectedll3,380 

pagescontainingsometypicalJapanesefamilynamesandrandomlyselected11,338pages,１０％hPomthem 
(hereinafterwecallthissetOfll,338pagesasJnamedata).Eachofthepageswasthenmanuallyassessed 
bytheaulhorsaccordingtoitscontentand，ifnecessaly，ｔｈｅｃｏｎｔｅｎｔｓｏｆｔｈｅｉｎ/out-Iinkedpages・
Consequently,ｗｅobtained426positivesamplesandl0,912negativesamples・

Weusedanothercorpusfbrevaluatingtheeffectivenessoftheroughfiltering､ItisL36TB（1.5×1012 
byte)webdocumentdatacontaining95,870,352webpages,NW1000G-O4,whichiscreatedfbrtheWEB 
TaskatthefifthNTCIRWorkshop[17]、

4.462Expelimentresults 

ThefbllowingexperimentsarebasedonNW100G-OLWeselectparametersfbreachPGMbasedonthe 
fbllowingpolicy：ifthedifferenceofpageamountsaroundthe９９％ｒｅｃａｌｌａｒｅａｉｓｓｍａｌｌｂｅｔｗｅｅｎｔｗｏ 
ｐａｒametersets,thentheonethatcollectskeywordsfrommorepagesshouldbeselected・
First,weexperimentedonmdividualsimplePGMswithtypicalparametersinordertounderstandtheir 

basicperfbnnancesTheresultsshowthatallthesimplePGMsdeteriorateintheirpageamountsthanSPM 
sincealotofnoisesareintroducedbythekeywordpropagation,butwithfewernoisesthanSSM 
Next,weexperimentedonmodifiedPGM-Od,PGM-Ou,PGM-LandPGM-U,andcomparedeachof 

themtothecorrespondingsimplePGMwithtypicalparameterslheresultsofPGM-Odshowthatalmost 
allnoLorganization-relatedkeywordsarecollectedfiomwithinthesamedirectory・SincePGM-Odisthe
OnlyPGMthatpropagatesnon-Organization-relatedkeywords,weselecteds=０althoughmodifiedPGM-
Odstillcollectsaratherlargeamountofnoisepages､Ｆocusingonaroundthe９９％recallarea,thepage 
amountincreasesby80％ｏｖｅｒＳＰＭｗｉｔｈｓｉｍｐｌｅＰＧＭ－Ｏｄ,whereasmodifiedPGM-Odcan1℃ducethe 
increasedoWnto50％､TheresultsofPGM-Ou,PGM-LandPGM-Ushowthatfbcusingonaroundthe 
99％recallarea,althoughthepageamountincreasesｂｙ４０％ｔｏ120％ｏｖｅｒＳＰＭｗｉｔｈｅａｃｈｓｉｍｐｌｅＰＧＭ， 
modifiedPGMscanreducetheincreasetoalmostthesamelevelasSPM、

Finally,WeexperimentedoncombinationsofPGMswithseveralpromisingparametersets､Theresults 
areshowninFigure3comparingtoSPMandSSMplots・Inthefigure,thex-axisisthepageamounts"｡(j)，
namely,thenmnberofpagesinthecolpusthatscoredatleasti・They-axisistherecalldefinedbW1,,(ｊ)/Ｍ，
whereMisthetotalnumberofpositivesampledataル(j)isthenumberofpositivesampledatathatscored
atleasti(1≦ｊ≦12).Foreachplot,themostupandrightdatacorrespondstoathresholdscorCl,andevery 
nextonecorrespondstoathresholdscoreincrementedbyLIngeneral,ahigherrecallandalesspage 
amountindicatebetterperfbnnance;however,weputpriorityonrecalL 
Figure3showsthenmresultsoftopthreebestperfbnnedcombinationsofPGMs､Wewillrefertoeach 

ofthemhereinafterasfbllows： 

PGM-C1:PGM-0.,5(0,2),Ou#(1,3),I#(0,3),U#(0,3） 
PGM-C2:PGM-0.,10(0,2)Ｐｕ#(1,3),I#(0,3),Ｗ(0,3） 
PGM-C3:PGM-Od＠20(0,2),Ou#(1,3),I#(0,3),Ｗ(0,3） 

EachofthemusesallfburmodifiedPGMswiththesameparametersexceptfbr8ofPGM-Od・ASS＝Ois
usedfbrPGM-Od,ｓ＝１isselectedfbrPGM-Ou・Alltheotherparameterswereeventuallythesamefbrall
combinations・

TheresultsshowthateventhebestperfbrmedmnPGM-C1isinferiortoSPＭｉｎａｌｌｔｈｅｒecallranges 
exceptfbrlOO％・However,itisshownthattheproposedmethodreducedthepageamounttoacertain
degreedespiteitsuseofPGMs． 
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Fig3PerfbrmanceoftypicalPGMcombinations． 
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4.4.3Considerations 

(1)Abilitytofindoverlookedhomepages 

Inordertoevaluatetheabilityoftheproposedmethodtofindpositivepagesthatwereoverlookedinthe 
manualassessment,thepagesthatwerecontainedinJnamedataandscoredlessthan3withSPMbut 
scoredatleast4withPGM-C3,ｗｅｒｅａｓsessedandl3newpositivedatawerefbundThen,fbreachofthem， 
wecheckedthescoresfbrSPMandPGM-C1to-C3respectively・Thenumbersofthedatafbreachscorｅ
ａｒｅｓｈｏｗｎｉｎＴａｂｌｅ４・ＴｈｅｒｅｓｕｌｔｓｈｏｗｓｔｈｅａｂｉｌｉｔｙｏｆｔｈｅｐroposedmethodtofIndpositivepagesthat
cannotbegatheredbySPMevenifweselectthethresholdscoreof3sothattherecallismorethan９９％ 
fbrthemanuallyassessedpositivesamples． 

l宝iiiii箒fiffi篝譽
Note：Eachcellindicatesthenumberofpositivepage・The

numberinparenthesesisthatfbｒＰＧＭ－Ｃｌｏｎｌｙ・

Takingintoaccountthenewl3positivedatashowninTable4,recallsofSPMatthresholdscoresof2 
and3shouldbecorrectedfiom99.8％(425/426)to97.0％(426/439)andfiPom99､1％(422/426)to96.1％ 
(422/439),respectivelyBycomparingthesevalueswiththerecallsoftheproposedmethodsatthreshold 
scoresof4and5respectively，itisobviousthattheproposedmethodsoutperfbnnSPMwith５％ 
significanceFurthermore,fburofthepositivepagescannotbegatheredwithSPMevenifthethreshold 
scoreissettoLThisimpliesSPMcanhardlyachievethegoalrecallatanyfeasiblepageamount・
Furthermore，afailureanalysisonallthethreepａｇｅｓｔｈａｔｓｃｏｒｅｄｏｎｌｙ３ｗｉｔｈＰＧＭ－Ｃ１ｔhrough‐C3 

revealedthattheyareinsimilarｐａｔｔｅｒｎａｎｄｓｃｏｒｅｄｏｍｙ２ｗｉｔｈＳＰＭＡ１thoughtheyhavehyperlinkstothe 
researchers，personalhomepages,ourmethodcannotexploitthembecausetheyexistinseparatesites・The
factssupportthatfbrapplicationswhereonlyaninfbnnativehomepagesufficeswhenmultiplehomepages 
existfbraresearcher，theproposedmethodmusthaveworkediftheirpersonalhomepageshadbeen 
crawled． 

Finally,astherearetrade-offSbetweentherecallandthepageamount,itisdifficulttosayingeneral 
whichofPGM-C1,-Ｃ２ａｎｄ－Ｃ３ｉｓｔｈｅｂｅｓｔ・Inordertoguaranteethattheoverallrecallwillbemorethan
98％consideringtheconfidenceintewalbasedonthepositivesampledatanumber，ｗｅｓｈｏｕｌｄｓｅｔｔhe 

thresholdscoreto4WewilleventuallyselectPGM-C2asthemostappropriateonefbrthecurrentgoal， 
becausetherecallatthresholdscoreof4istheSamefbrPGM-C2and-C3． 
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(2)ApplicabilitytoaLargerDataSet 

WeappliedtheroughfilteringtothelargerdatasetNWlOOOG-O4withtheprocedurewhiChissimilaras 
thatfbrNW100G-0LApproximatecomputationalcomplexitiesoftheoverallprocessingcostfbrtherough 
filteringisOUVlogjV)whereJVisthenumberofthewebpagesinthecolpus、
ＴｈｅｓａｍｅｐａｒａｍｅｔｅｒｓｏｆＰＧＭｓｕｓｅｄｆｂｒNW100G-O1areappliedtoNW1000G-O4Thethreshold 

numberOofout-linｋｐａｇｅｓｆｂｒＰＧＭ－Ｏｄｉｓｓｅｔａｓ２０・Thecandidatepagesaregatheredwiththethにshold
score4Table5presentsthecomparisonoftheexperimentresults・

Comparingtheproportionofthepagesoutputfmmtheroughfiltering,theexperimentresultshowsthat 
theoutputpagescanbereducedmorefbrthelargerdataset(lessthan15％ofthecolpus).Therefbrethe 
roughfilteringisnotonlyapplicabletobutalsomoreefficientfbralargerdataset・However,aswehave
notassessedthecorrectnessoftheoutput,stabilityoftheaccuracyisyettobeinvestigated． 

鵜;;=i=鵜豐i二量篝薑雪螢菫菫ii菫i三１１０３８７２０ 

９５８７０３５２ 

2,530,850 

14,128,826 

STheAccumteClassification 

5､１CompositionoftheAccurateClassification 

Figure4showsthecompositionoftheproposedmethod（95％recalland99％precisionarethe 
examplequalityrequirementfbrillustration).Weusetwocomponentclassifierstoconstructathree-way 
classifierTherecall-assured(precision-assured)classifierassuresthetargetrecall(precision)withthe 
highestpossibleprecisio､(recalD・

ThepagesoutputfTomtheroughfilteringarefirstinputtotherecall-assuredclassifieranditsnegative 
predictionsareclassifiedto“assurednegative,，､Therestaretheninputtotheprecision-assuredclassifier 
anditspositivepredictionsareclassifiedｔｏ“assuredpositive，，、Theremainingpagesareclassifiedｔｏ
``uncertain，，,whichrequiremanualassessment． 

u鑪署脇瀞|;:11(：鯛繩鵬臨Ⅷ1鵲灘麗謡藤縦謡搬iis綴;:h寵
(tradeofTbetweentrainingerrorandmalgin)and/(cost-factorbywhichtrainingerroronpositiveexamples 
out-weighterrorsonnegativeexamples).ForalltheexperimentMheperfbrmanceofeachclassifier 
composedbyafeaturesetisevaluatedbyprecision,recall,orF-measurewhicharedefinedas： 

片ec〃o"＝#ＣＯ"ecrpo伽vepre或c"o"s/#posi伽predMo"ｓ
雌ｃａｌノー#ＣＯ"ｃｃ'PC伽1'epredic"o"s/#tposi"yesα'"p/ｅｓ
ＦＬ"､e“"re＝24iprecisio"*'･ecaﾉﾉ/(pl.ec杣"+recaﾉﾉ）

０－ U■■･■■－勺

Fig4Compositionoftheaccurateclassification． 
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5.2SurroundingPageGroupandFeatureＳｅｔ 

Ｗｈｅｎａｐａｇｅ(currentpage)ｉｓgiven,itssurroundingpagesarecategorizedtogoupsGcﾉbasedon 
connectiontypesc(in-link(ｊ"),out-link(o"O,anddirecton/ently(e"Z))andURLhierarchylevels/(sα"e， 
叩per,andんwe7)relativetothecurrentpage・ThecurrentpageconstitutesanindependentgroupGc2Jrand
aUdefinedsurroundmgpagegroupsareshowninTable６．ＥａｃｈｇｒｏｕｐｏｆＧＧノhasitsownpotential
meaninginalogicalpagegroup・Forexample,Ｇｊ,Mowconsistsofin-1inkpagesinlowerdirectorieswhich
mightrepresentcomponentpageshavingbacklinktotheentrypage，ａｎｄＧｅｍ,",perconsistsofdirectoly 
entrypagesinupperdirectorieswhichmightrepresententrypagesoftheorganizationtheresearcher 
belongsto 

Weusetextualfeatures/MgM',),wherejindicatesatexttypep/αｍ(plain-text-based)ｏｒ、８９ピコ
(tagged-text-based),vindicatesavaluetype6〃ひor7eα/,gdenotesasurroundingpagegroup,andwle陥
denotesafeatureword・Then,correspondingtothegofeachGQﾉ,afbaturesubset/Mgw,)isgeneratedand
featuresetsarefiJrthercomposedbyconcatenatingoneormorefeaturesubsetsFMg)＝Ｍｖ(9Ｗ,)lw1e砿
)．Figure5illustratesthewaytocomposethefeaturesets・Forinstance,featureset“u－１，，shownin

Subsection54iscomposedbyconcatenatingfeaturesubsetsonpagesinG",andＧ*,…ｇ,(surrounding 
pagegroupsofupperhierarchylevel）andfbatureset“o-i-e-1，，ｉｓcomposedbyconcatenatingfeame 
subsetsonpagesinGc",andG･（aUsurroundingpagegroups)． 

Table6GrouDsofsurromdin厘、a辺eｓ

Pmn enC⑥ 

》
〃

伽
ｑ

②
 

Ｒ
喝

５．３TextType,FeatureWord,andValueType 

Weusetwokindsoftextualfbatures・Plain-text-basedfbaturesFル加筆(*)areextractedfromtextual
contentexcludingtags,scripts,comments,etc・ＷｅｕｓｅＣｈａｓｅ〃［19]fbrJapaneseandRa肋ｏｗ[20]fbr
Englishtotokenizepagecontents,Top2,000wordsareselectedasfeaturewords凪ﾉａｊ"basedonmutual
infbrmation． 

DirectolystrucmI己

￣' 

－－－－ 
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Fig5Compositionoffbaturesets． 
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Tagged-text-basedfeaturesFhMgg暦｡I｡(*）areextractedfromtextsegments“rexf，thatmatcheither
">jacr<，，ｏｒ“<img…alt＝ｉｉｒｅＭ…>，，andthatarenotmorethanl6byteslongomittingspacesinJapanese 
caseand4wordsinEnglishcase・ＷｅａｇａｉｎｕｓｅＣＡ“e〃ａｎｄＲａｍ６ｏｗｔｏｔｏｋｅｎｉｚｅｔｈｅｅｘｔｒactedtext

segments・Theobtainedwordswithlessthan1％filefiequencyinJapaneseandalltheobtainedwordsin
Englishareusedasfeaturewordsm｡gg圏dsinceauofthemareconsideredaspropertywords・Inthe
experiments,afeaturesetiscomposedbyfeaturewordseitherp/、〃ａｌｏｎｅｏｒｐﾉZJj〃andmggc‘together，
withthelatterindicatedbythesuffix``_tag，,oftherunnama 

A肋αZ〕′value九腕・ひ(9,Ｗ,)representsthepresenceoflMng・Ａｒｅα/value人形αﾉ(9,Ｗ,)represents
proportionofpagescontainingwlwithingThe7eaﾉvalueistestedtoseeiffeatureworddistribution 
withinsun･oundingpagegPoupsisinfbrmative.Thetwovaluetypesareusedexclusivelyfbrcomposmga 
fbatureset・Using7eaﾉvaluetypeisindicatedbythesuffiｘ“real，，oftherunname，

5.4ExperimentsandConsiderations 

5.4.1ExperimentsusingWeb->Ｋｂｄａｔａｓｅｔ 

(1)Web->KMataset 

WeusedWeb->Kbdataset(inEnglish)fbrtestingtheeffectivenessofproposedfeaturesJtisprovided 
bytheWorldWideKnowledgeBase(Web->Kb)PrqjectattheCMUtextlearninggroupandiscommonly 
usedasatestcolleｃｔｉｏｎｆｂｒｔｈｅＷｅｂｐａｇｅｃlassiflcationtask・Itcontains8,282pagescollectedh･om
computersciencedepartmentsof4universitiesandothermiscellaneousuniversities,A11dataareclassified 
into7categoriesand4categories,student,faculty,course,andprqject,areusedintheexperiment． 

(2)Experimentprocess 

Asrecommendedbytheprqject,ｗｅused比ave-o"e-""jv伽1Ｗ"rcross-validationmethodmlepages
ofmiscellaneousuniversitiesarealwaysusedastrainingdata・Forcomparison,afeaturesetcomposedby

F),ｂ''’’6胸｡ﾜ(Gcu,)onlyisusedasthebaseline・
ThefeatureswereextractedwiththemethodshowninSubsection53・Around600tag-basedfeature

wordswereextractedfbreachcategolyoftraining-testingdatapair． 

(3)Experimentresults 

TheexperimentresultsofwellperfbrmedfeaturesetsonWeb->ＫｂｄａｔａｓｅｔａｒｅｓｈｏｗｎｉｎＴａｂｌｅ７､The 
perfbnnanceofeachclassifiercomposedbyafeaturesetisevaluatedbythebestF-measuretunedwithc 
andノOptions・TheoveraUexperimentresultsshowthat,tag-basedfeaturesareconsistentlyeffectiveand
thedifferencescausedbythefeaturevalues,binaryorreal,arenegligible・o-i-e-1-tagando-i-e-Ltag-real
perfbnnedthebestandu-1-tagalsoperfbrmedratherwellconsideringitsrelativelysimplefeature 
composition． 

it;iiiiiffijiii竺榿ii竺iiii芒:ifii彗iii笠iiif
fncultyprOject coursestudent 

68.41 

76.97 

75.13 

77.82 

77.09 

76.01 

78.27 

77.37 

79.60 

79.35 

39.62 

53.30 

41.49 

59.49 

57.24 

74.95 

72.53 

71.51 

74`53 

75.04 

(4)Comparisontopriorworks 

WecomparedtheeXperimemresultswithplDposedmethodtopriorworkswhichusedWeb->Ｋｂｄａｔａ 
ｓｅｔｔｏｏｉｎＴａｂｌｅ８Ｔｈｅｒｅｓｕｌｔｓshowthatourmethodout-perfbrmedallthesevenpriorworksbasedon 
macro-averagedF-measureofallthefburcategories(Macro(4))andisalittlemferiortoonlylofthe 
sevenpriorworksonmacro-averagedF-measureofcourse,faculty,andstudentcategories(Macro(3)).Our 
methodout-perfbrmedlOoutofl2onper-categolybasis(F-measuresoftheindividualcategoriesarenot 
availablefbr4ofthepriorworks)． 
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Table8Perfbrmancecomparisontopriorworks(inpercenta2eofF-measure 

method 

o-i-c-Ltag 

o-i-e-Ltag-reaI 

FOIL(LinkedNames)[11］ 

FOIL(TaggedWords)[11］ 

SＶＭ(TA)[3】

SVM-FST(XＡＩＵ)[4］ 

ME(TU)[6］ 

SVM-iWUM(u=1)[10］ 

GE-CKO(FC5)[5］ 

coursefncultyprojectstudent MaCro(4) 

７２．９ 

７２．２ 

６２．９ 

５９．１ 

５９．９ 

４８．４ 

６２．７ 

６３．８ 

Macro(3) 

７７．３ 

７７．２ 

77.8 

77.1 

79.6 

79.4 

59.5 

57.2 

74.5 

75.0 

68.2 

60.9 

65.9 

409 

32.5 

66.5 

73.0 

25.3 

69.0 

42.4 

54.7８７．６１７．１９５．８ 79.4 

76.5 

5.4.2ExperimentsusingNW100GB-O1sampｌｅｄａｔａｓｅｔ 

(1)NW100G-O1sampledataset 

WepreparedthesampledatasetfromNW100G-01.Firstly20,846pages(1％)wererandomlysampled 
けomtheroughfilteringoutput,andtheneachpagewasmanuallyassessedbasedonitscontent(andthe
contentofitssurroundingpages，ifnecessaly).Consequently,ｗｅobtained480positivesamplesand 
20,366negativesamples，Ｗｅｕｓｅｔｈｅｆｂｒｍｅｒａｎｄｔｈｅ４２６ｐｏｓｉｔｉｖesamplesusedintheroughfiltering 
experimenttogether(g06inall)asthepositivesampledata,andthelatterasthenegativesampledata． 

(2)Experimentprocess 

Five-fbldcrossvalidationisadoptedfbraUexperimentsｏｎＮＷ１００Ｇ－０１ｓａｍｐｌｅｄａｔａｓｅｔ・For
comparison,afeatuI巳setcomposedbyF】,ﾉ`J腕w"・ひ(G",)onlyisusedasthebaseline・

FirstweexperimentedwithfeaturesetscomposedbyfeaturesubsetM),ﾉﾛ胸,6j"・ﾜ(8)withallpossible
combinationsof９，s.Amongthemweselectedseveralfeaturesetsthatperfbrmedrelativelyhighrecall 
(precision)athighprecision(recall）area・Fortheselectedfbaturesets,Ｅ…db6mqぴ（８）inadditionand
F…ﾉ(8)insteadareappliedtothemtoo． 

(3)Experimentresults 

OverallperfbnnancesoftypicalclassifiersonNW100G-01sampledatａｓｅｔａｒｅｓｈｏｗｎｉｎＦｉｇｕｒｅ６,and 
theirdetailsinhighprecision/recallareasareshownmFigure7andFigure8,respectivelyEachcurveis 
drawnbyConnecting1℃sultsofwell-perfbrmingtuningparameters・Theperfbrmancemeasuresofwell-
perfbrmingfeaturesetsandthebaselineareshowninTable9・TheoverallexperimentresultsshowthaLin
thehighprecisionarea,thebestandthesecondbestperfbnningfeaturesetso-i-e-Ltag-realandu-1-tag 
slightlyoutperfbnnthebaselinebuttheeffectivenessisunclear､Incontrast,ｉnthemiddletohighrecall 
area,o-i-e-1-tag-realevidentlyoutperfbnnsthebaselineandu-1-tagalsopelfbrmsratherwelL 
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Precisionat９５％recall 

41.33 

33.22 

26.49 

5.4.3Considerations 

(1)Mbctivenessoftheproposedfbatures 

BasedontheexperimentresultsonNW100G-O1sampledatasetandWeb->Ｋｂｄａｔａｓｅｔ,theproposed 
featuresalltogetherareshowntobeeffectivefbrthegeneralperfbrmance(inF-measure).Inaddition,the 
experimentresultsonWeb->Kbdatasetcomparedtootherpriorworks(showninTable8)notonlyshow 
theeffectivenessoftheproposedfeaturesbutalsoshowthepossibilitytheproposedmethodisapplicable 
tootherresearch-relatedhomepagecategoriesand/orinotherlanguagetha、Japanese・

Besides，theexperimentresultsonNW100G-01sampledatasetshowtheproposedfeaturesare 
effectivefbrtheperfbrmanceofprecision/recall-assuredclassifierstoo・Surroundingpagegroupsare
generallyeffectivebuttheircontributionsvalyd 

Forprecision-assuredclassiHers,theupperhierarchypagegroups(G蝋,…｡,)contributethemosttothe
recalLItprobablyindicatesthatsuchpagesprovidecontextualinfbrmation,ｅ､9.,organizationnamesand 
researchfields,whichislackinginthecurrempageitselfbutisveIyimportantfbrclassifyingthemwith 
veryhighconfidence・Forrecall-assuredclassifiers,allsurroundingpagegroups(G*,｡)ｃontributetothe
precisionnotably,despiteoftheirnoisynatures、

Otherexperimentresultsnotpresentedherehaveshownthefbllowings.(1)IfwegroupthesulTounding 
pagesbasedeitheronconnectiontypesoronhierarchylevels,muchpoorerperfbnnancewouldbeobtained． 
(2)Addingtagged-text-basedfeaturesconsistentlygainedperfbrmance・Itcanbeinterpretedthatmany
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noisyinfbrmationfiPomthesurroundingpagesaresuppressedbythetagged-text-basedfeaturesand 
consequentlytheirusefUlinfbnnationcanbeexploited.（３）Effectofvaluetypesvariesdependingon 
featuresetsanditsgainismarginaL 

(2)Reductionofmanualassessment 

lnordertoknowthereductionofthepagesrequiringmanualassessment(Le.,thepagesclassifiedas 
uncertain)byusingtheproposedmethod,wecomparetwocompositionsofthree-wayclassifiers・TablelO
showsestimatedpagenumbersofclassificationoutputftomNW100G-01atthreedifferentquality 
requirementsfbrtwothree-waycIassifiers，oneusingbaselineandtheotherusingthebestpelfbnned 
featureset,i,e・o-i-e-1-tag-real,asbothrecall/Precision-assuredclassifiers､Comparingthe"uncertain,，class
sizes,o-i-e-1-tag-realsignificantlyreducestheamountofpagesrequirmgmanualassessment,especiallywhen 
therequiredqualityisrelaxe｡． 

ＴａｂｌｅｌＯＥｓｔｉｍａｔｅｄ 

篝需
Da2enumbersofclassificationoutputfromthecorpus 

baseline o-i-e-1-mgLreal reductionratio 

assureduncertainassured 

（Ｎｂ） DositiveneEative 

assured 

Dositive 

uncertain 

OWo） 

aSSured 

nepntive 
ＮＣ/Ｎｂ 

77.6％ 

57.1％ 

52.2％ 

3800 

６１６３ 

１１１１６ 

461832 

274524 

155418 

1618988 

1803913 

1918066 

9206 

11251 

15503 

358207 

156782 

８１１５７ 

1717187 

1916567 

1987940 

６ConclusionsandfmtⅢeworks 

Inthispaper,weproposedarealisticframeworktoassurethequalityofthewebpagecollectionwith 
twostepprocesses:theroughfilteringandtheaccurateclassificationlnbothprocesses,weintroducedan 
ideaoflocalpagegroupstructureanddemonstrateditseffbctiveusesfbrfilteringandclassifyingweb 
pages,whereresearchers，homepagesareusedasanexample、

Intheroughfiltering,wedescribedthemethodfbrcomprehensivelygatheringallprobableresearchers， 
homepagesfmmthewebwithinasfbwnoisepagesaspossible・Weproposedamethodofusingproperty‐
basedkeywordlistscombinedwithfburpagegroupmodels・Twooriginalkeytechniqueswereusedto
reduceirrelevantkeywordstobepropagatedbyexploitingthemutualrelationsbetweenthecontentandthe 
structuresamongpagesinalogicalpagegroup：out-1ink-number-basedandkeyword-list-type-based 
keywordpropagation・

Intheaccurateclassification,weproposedawebpageclassificationmethodfbrbuildingahighquality 
homepagecollectionusingsupportvectormachine(SＶＭ)withtextualfeaturesobtainedfromeachpage 
anditssurroundingpagesThesulToundmgpagesaregroupedbasedontherelativelocationconsidering 
theconnectiontypesandtherelativeURLhierarchy,andanindependentfeaturesubsetisgeneratedfrom 
eachgroup・Usingthefeaturesetcomposedbyconcatenatingthefeaturesubsetswhichisouroriginalkey
technique,wehaveachievedanevidentimprovementofclassificationperfbnnanceFurthennore,byusing 
arecall-assuredclassifierandaprecision-assuredclassifierincombination,wepresentedthemethodfbr 
accuratelyclassifyinginputdatatoassuredpositive,assurednegativeanduncertainclassesfbrassuring 
givenprecisionandrecall,sothatonlythe“uncertain，,outputshouldbemanuallyassessed・Applyingthe
proposedfeatures,wehaveshowntheamountofthe``uncertain，，outputissignificantlyreduced、

Althoughwehavenotappliedourmethodtoothercategories，ｗｅｅｘｐｅｃｔｏｕｒｍｅｔｈｏｄｉｓｅＨｅｃｔｉｖｅｔｏ 
ｍanyothercategories,suchasshopping,productcatalogs,ａｎｄｓｏｏｎ､Intermsofinfbnnationservice,the 
high-qualitycollectionsbuiltwithourmethodwillbeapplicabletovariousdomainspeciHcsearchengine 
withguaranteedhighquality・

EventhoughourmethodisefficientandeffectivetoacertaindegreetofUlfilltheobjectivesofthe 
research,itisnotsatisfactolyyet・Hence,wewillcontinuetheworkmainlyonthefbllowingissues：

Fortheroughfiltering,wewiutWtofindasystematicwayfbrextractingtheproperty-basedkeywords 
andthepropertysetandtocombineindividualkeywordlistsｗｉｔｈotherpossiblekeywordtypesina 
systematicway． 
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Fortheaccumteclassification,wewilltlytoexploitvariousfbaturesonotherpromisingclues,suchas 
filetypesoflinktarget,anchortext,orpagetagstructure,etc・WewillfUrtherinvestigatethewayto
estimatethelikelihoodofthecomponentpagesandtointroduceittotheculTentmethod 

lnconclusion,totacklethediversityofwebdatabyexploitingtheirrichweb-basedfbaturespursuinga 
veryhighperfbrmancewithlessprocessingcostisachaUengingproblemThemethodpresentedinthis 
paperisconsideredtogiveageneralframewolkfbrsolvｉｎｇｔｈｅｓａｍｅｋｉｎｄｏｆｐｒｏｂｌｅｍｓａｎｄｗｅｈopethat 
themethodwillbenefitandcontributetotherelatedresearchonwebinfbnnationutilization・
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