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ABSTRACT

Theinformationavailableonlineismostlypresentinanunstructuredformandsearchenginesare
indispensabletoolsespeciallyinhighereducationorganizationsforobtaininginformationfrom
theInternet.Varioussearchenginesweredevelopedtohelplearnerstoretrievetheinformation
butunfortunately,mostoftheinformationretrievedisnotrelevant.Themainobjectiveofthis
researchistoproviderelevantdocumentlinkstothelearnersusingathree-layeredmeta-search
architecture.Thefirstlayerretrievesinformationlinksfromthewebbasedonthelearnerquery,
whichisthenfedtothesecondlayerwherefilteringandclusteringofdocumentlinksaredone
basedonsemantics.Thethirdlayer,withthehelpofareasoner,categorizesinformationinto
relevantandirrelevantinformationlinksintherepository.Theexperimentalstudywasconducted
on a trainingdata set usingwebqueries related to thedomainof sports, entertainment, and
academics.Theresultsindicatethattheproposedmeta-searchengineperformswellascompared
toanotherstand-alonesearchenginewithbetterrecall.
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1. INTRoDUCTIoN

Contentonthewebisbillowingandgrowingatafasterrate.Searchenginesareproductivetoolsto
searchtherelevantinformationfromtheweb.Duetotherapidgrowthofinformationovertheinternet,
thetaskforfindingtherelevantinformationhasbecomeverydifficultforeveryindividualsearch
engine.Thesuccessorfailureofasearchengineisunswervinglyreliantupontheuser’ssatisfaction.
Thesearchengineusersexpecttheinformationtoberenderedtotheminasmallperiodoftime.Users
alsoexpectthattheresultsmustberelevantandappropriate(SatyaSai&Raghavan,2001).Mostof
thetimetheresultsreturnedbythesearchenginescannotentirelysatisfytherequirementoftheuser
andthesearchresultsarenotveryaccurateandappropriate(Lietal.,2001).
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Recommendingrelevantinformationismeasuredasanimminentfactorinsearchingprocess
nowadays,becausecurrentrecommendationprocessisnotbasedonuserinterestandisstillfollowing
the predefined and static patterns of retrieved information in-spite of the fact that the resultant
informationneedstobefilteredtomeetuser’sinterestandobjectives(Gulzaretal.,2019).Thelack
ofanyexplicitarrangementandawidevarietyofdataavailableontheWorldWideWebcreatesa
challengeforitsuserstofindtheconcerneddatawithoutextraeffortsorwithoutanyouterhelp.It
wasbelievedthatanindividualgeneral-purposesearchenginelacksprocessingcapabilitytocope-up
withtheamountofinformationbeingloadedonwebnowadays(Sugiura&Etzioni,2000;Manning
etal.,2008).

ThereisaMeta-searchengineconceptwhichisgainingpopularityamongusersandisbuilton
topofothersearchengines.TheuserqueryinMeta-searchengineisrunacrossdifferentcomponents
simultaneously,theresultgeneratedisrankedandbestoneisprovidedtotheuser(Meng,Yu&Liu,
2002).TheprimaryaimofMeta-searchengineistoovercometheinheriteddifferencesofindividual
searchengines,andthusprovidethefinestresultfromthebestsearchengines.Meta-searchengine
filtersthetopNresultsfromindividualsearchengineresultandthat’swhyitisabletoprovidethe
mostinclusiveresultsetwhichisavailableonWWW.Thetraditionalsearchenginescrawltheweb
toretrievetheinformation,butontheotherhandMeta-searchdonotcrawltoprovidethesearch
resulttotheuser.TheMeta-searchsendtheuserquerytodissimilarindividualsearchenginesata
timeandonlythetopNfilteredresultantdocumentsarethenvisualizedbytheuserinawindow.

Meta-searchenginetooposesafewdistinctivechallengesintermsoftheinformationwhich
isnotsimilaritgathersfromindividualengines.Theoutcomeofthesearchconsistsofdocument
rankingbyindividualengineswhicharealsoaccompaniedbyadocumenttitle,aSnippetandaURL
(Fabrizio,2009;Rashid,2008).ButthereareprominentadvantagesofMeta-searchenginesagainst
individualenginesbyincreasingthesearchingcoverageonthewebtoprovidehighrecall.Italso
increasestheinformationretrievaleffectivenessbyincreasingtheprecisionandsolvestheproblem
ofscalabilityofweb-search.Searchengineshelptoretrievetherelevantdocumentlinks,butitis
necessary toanalyze thevalidityof thedocument,websiteandof the links.Theexistingsearch
enginesfailtoapplythecognitivereasoningonthelinksandthesemanticsofthetext.Asapartof
Meta-searchengine, intelligentalgorithmsarerequiredtoselect therelevant links.Thisresearch
workappliesthehierarchicalclusteringandfuzzyreasonertoclubthelinksandranktheaccurate
resultstocatertheneedofuserrequirement.Thisresearchworkadaptsthelayeredframeworkfor
retrievingthelinksfromtheweb.

Theotherpartofthepaperisstructuredasfollows:Thefollowingsectiongivesabriefabout
therelatedworkregardingtherecommendation,searchengineandmeta-searchengine.Section3
explainstheframeworkoftheMetaSearchenginewhileasSection4showstheparametercalculation
followedbysection5forreasoningandexperimentalresultsandconclusionisprovidedinSection6.

2. RELATED woRK

Thisstudyaimstodevelopanapproachofrankingandpersonalizingtheuserinformationasper
interestandthepreferenceoftheuser.Therefore,anewdocumentrecommendationapproachbased
ontheintelligentsearchingconceptispresentedintheformofaMeta-searchengine.Thissegment
willprovideaninterestingoverviewoftherelatedworkregardingmeta-searchandrecommendation
concept.AtrainedMeta-searchwasproposedby(Guang-ming&Wen-juan,2010)basedonaneural
network (NN) CC4 algorithm for calculating web-page relation obtaining the highest degree of
proficientweb-pages.Theauthorsprovideabasicsolutiontoabigproblemrelatedtotheuserstrying
toaccessinformationinaninformationpool.TheNNalgorithmreviewstheinformationrelatedto
Web-pageswhicharethenrankedandcollectedinatraineddictionaryinasortedmanner.

Similarly, Raval proposed an engine that was basically powered by the management and
mechanizationofGooglefunctionstoachievemorecombinationandaccuratesearchresults(Vishwas,
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&Kumar,2011).AnotherMeta-searchenginebythatworksontheprinciple(Brijeshkumaretal.,
2011)ofpriority anduserprofiles.The systemhas aparallel crawlingapproachwhichhelps to
improvetheperformanceofthesearchingbyfeedingmultipleenginesinstantlyandalsoreducethe
redundancyoftheoverlappeddownloads.TheLeonidasetal.haveexplainedtheproposedsystem
usingaquad-rankmechanismwhereadditionalinformationrelatedtoquerytokens,dataconnection
andoverallresultofameta-searchengineisconsidered.Theauthorshaveprovedthattheproposed
techniqueoutshineindividualsearchenginebytestingthesystemforitsefficacyandproductivityin
areal-worldscenarioattheTREC-2009Congress(Leonidasetal.,2011).

Moreover,Adeniyietdevelopedarecommendersystemthatuseswebdataminingbychecking
theuser’sbehaviourintheformofdatastreamclickedbythemonRSSweb-reader.Whilesurfingthe
internettheuserwillgetthespecificinformationwithoutevenenquiringforit.Inthissystem,they
usedK-nearestneighbourhoodclassificationalgorithmtoidentifytheclickeddatastreamconcerning
particularusers(Adeniyi,Wei,&Yongquan,2015).Anotherhybridframeworkforrecommender
systemwasdevelopedwhereuser-centricinformationisbeingrecommended.Thebasicproblem
whichusersarefacingwhichsearchinginformationistochooseamongthevarietyofchoiceswhich
containbothrelevantandirrelevantinformationarightpieceofinformationintheirinterest.Insuch
situations,ifanintelligentsearchingprocessisappliedthatwouldhelpinrecommendingrelevant
informationisofgreatuseasitwillhelpuserstomakecertaindecisionstomeettheirobjectives.
Theyintegratedifferentsearchingtechniquestodevelopahybridframeworkforsuggestingrelevant
information(Zameer&Leema,2018).

Furthermore,Mishraetal.explainedthesystemwhichconsiderssequentialinformationthatis
presentinthewebnavigatingpatternsalongwiththeinformationofthecontentpresentinit.The
userapprovalisgeneratedbytheSVDalgorithmandupperapproximation(Rajhansetal.,2015).
Zameerdevelopedaqueryclassificationtechniquetorecommendrelevantinformationtotheusers
becauseany recommendationor searchengineatcoreemploys information retrievalmethods to
retrieveanddeliver themostuseful information.Theyareclassifying theuserquery inorder to
obtainthebestpossiblerelevantinformation.Thesystemisabletorecognizetheuserintentionin
thequeryitselfandbasedontheappliedtechniquesitgeneratesmostrelevantrecommendations
(Zameer&Leema,2018).Recommendationsystembasedongraphswassuggestedwhichutilizeusers
profileandthepositiveitemsrankedinittogenerateallundirected,connectedandhighlyconnected
graphs,withnodesandedgesrepresentedbyitemsandcorrelationsrespectively.Thesystemfinds
therecommendationusingtheentropyandgraphconnectivitywhicharenewaswellassuitablefor
theusers(Kibeom&Kyogu,2015).

ResearchersareadvocatingtheMeta-Searchenginecapabilityforprovidingthequalitativeresults
fordifferentformofdomainsandsuggestedaMeta-searchenginewhichdeterminesqueryrelevancy
concernedwithaweb-pageandthenclustertheretrievedinformationaccordingly.Theproposedsystem
isbelievedtoreducetheeffortsofusersbyimprovingtheresultqualityandperformanceefficacy
toovercometheproblemofinformationoverloadconcerningURLlinks(Naresh,2017).Another
workwhereneuralnetworksareusedtomergethetopcomputationalscoreeffectivelyandfromeach
individualsearchenginethetopNlistedinformationlinksforthenextstageofprocessing.Theydid
therankingbasedonsnippets,titles,positionandco-occurrence-basedcalculationandprovethat
therankingmethodsdevelopedtilldatewereinefficientsinceonlyfewparametercalculationswere
doneforrankingforeachindividualenginewhichlatereffectsprecisionandrecallmeasures.The
responsetimingwasalsominimizedper100links(Vijayaetal.,2016).Likewise,anotherapproachwas
introducedforreducingthecommunicationandcalculationbasedloadfrompage-rankingalgorithm
(PRA)andforthatpurposetheytrytogatherweb-pagesregularlyandgrouptheminherentscarcity
inweb.Acollectivepage-rankvaluewascalculatedforeverygroupwhichneedstobesharedamong
themembersofthegrouptoprovideaschemeofsharedupdatepage-rankingalongwiththeirmerge
properties.Theykeptrankingoferrorsinasmallrangetoexhibittheintensityofcomputational
reduction(Hideakietal.,2012).
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3. FRAMEwoRK FoR META SEARCH ENGINE

Figure1describesthegeneralarchitectureoftherecommendationprocessforMeta-searchengine
whichgives thesuitableandauthenticated links to theuser.Thediagramdepicts the three-layer
architecturedevelopedfortheproposedMeta-searchengine.Thethreelayersofthegenericframework
ofMeta-searchengineconsistsofInformationretrieverwhichisresponsibleforretrievinglinksfrom
thevarioussearchenginesforagivenquery.Thesecondlayerfilteredandclusteringtheretrievedlinks
andalsoremoveredundancy.Thethirdlayerreasoningappliedfuzzylogictoprovidetheavailable
linkwhichhelpstofigureouttherelevantlinkstotheuser.

ThearchitectureoftheproposedMeta-searchengineasshowninFigure2.Consistsofseveral
componentswhichareexplainedasfollows.

3.1. User Interface
Thebasiccomponentoftheproposedsystemistheuserinterfacewhereauserprovidesaninputquerywhich
isthenfedtoeachindividualengineshowninFigure2.Thelinkpoolcomponentintheproposedsystem
willreceivethetopNrecommendeddocumentsfromallindividualengineswhicharethenrearranged.The
documentredundancyorduplicatedocumentsareremovedonthebasisofURLs.Theretrieveddocuments
URLsarecollectedandstoredinthedatabasewhichislatercollectedandisgivenforfurtherprocessing.

3.2. Link Pool
Theinformationdatasetwhichisrandomlygeneratedbasedonthedomainofqueriesgivenbytheusersare
retrievedinlinkpoolandstoredinadatabaseforfutureuse.Theindividualengineswhichareusedtosearchthe

Figure 1. General architecture of meta search engine

Figure 2. Proposed meta-search engine framework
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informationrelatedtoauserqueryareYahoo,Google,andBing.Inthisstudy,threedifferentdomaintypesare
usedwhereuserqueriesarerevolvedaroundsuchasAcademic,SportsandEntertainment.Assoonasthedata
setisreadyinthelinkpool,itisthensenttothenextphase,pre-processingtofiltertheretrievedinformation.

3.3. Pre-Processor
Thepre-processingisapplied to thewholedocument to identify thewordsandphrasesofevery
documentwhichisusedforfurtherprocessing.Inpre-processing,thelinksareextractedfromthe
webpagesfirstandstoreitasanindividualtextdocument.Thisindividualtextdocumentisgivento
theinputforthenextstep.Thestepsinvolvedinpre-processingareexplainedbelow:

Stopwordremoval→stemming→Topwordselection→commonwords→uniquewords

Userquerydoesnotcontainallmeaningfulwords,therefore,mostofthewordsdon’thavesemantics
andcontainirrelevantinformationwhichisremovedtospeedupthesearchresultandalsotosavememory
space.Stemmingisanormalizationprocess,whichremovestheinflexionalendingsfromwordsor
reducesalternativeformofwordstoageneralformbyrestrictingthevocabularyspace.Stemmingcan
relatewordswhichhavedifferentformsbasedonthesamestemorbasesuchasconnections,connecting,
andconnectivetocommonwordconnect,knownasstemorrootword.Thestemmingprocessimproves
theeffectivenessofthesystemandreducestheindexingsize.Topwords(technicalword)areselected
fromthedocument.Fromthetopnwords,commonwordsareseparatedthatismostlyusedinthe
documentandthenwordsarecomparedwithcommonwords.Fromthese,onlytheuniquewordsare
selected.Therepeatedwordsareremovedfromthelistanduniquewordsareseparated.

3.4. Filtering and Clustering
Inthislayer,theresultsarefilteredandtheselecteduniquewordsareclusteredfromthedocument.
Inthisstudy,thehierarchicalclusteringistocombineorclustertherelevantlinks.Thedataduring
theprocessofclusteringissegregatedsequentiallyusingaparticulardistancemeasure.Duringthe
chronologicalprocedureofseparation,thealgorithmcreatesanestedpartitionusingakeywordgroup
intoanentireclustertreeaccordingtothedistancemeasurewithoutbeingfamiliarorrecognizing
thenumberofclusterswell-ahead.Oneofthetypesofclusteringknownasagglomerativeclustering,
whichusesabottom-upapproachisbeingappliedtocombinethelinksandtoformacluster.The
algorithmfortheclusteringprocedureisasfollows:
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4. PARAMETER CALCULATIoN

Therearethreedifferentparametersusedinthisstudyonwhosebasisthedatasetisbeinggenerated
andlaterclusteringandrankingoftheuniqueURLlinksareprepared.Theparameterscalculatedare
title-basedcalculation,boldbasedcalculationanddomain-basedcalculation.

4.1. Title Based Calculation
Inthistechnique,thecalculationisdoneonthebasisoftheuniquetitleenclosedinthedocument
link.Thetitleofthedocumentiscomparedtocheckitsfrequencywiththeuserquerywordtokens
andthesynonymsgeneratedforthosequerytokensthroughWordNetwhichisshowninTable1.

InTable1W1,W2,W3….,Waisrepresentinginputquerytokenwordsand‘a’istheentire
countofthequerytokenwords.TheS1isthefirstwordsynonymofthewordW1(W1S1),and
WaSbrepresentthebthsynonymSoftheathtokenWforagivenquery,whileasC1W1represents
thefrequencyofthefirstsynonymwordpresentintheuniquetitlelink.Foreachuniquelink,the
title-basedcalculationisgiveninEquation1:
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InEquation1,Ts (p)istheSthcalculatedvalueoftitlebaseduniquelinksandTsWiisthefrequency
oftheithtokenwordinthedocumenttitleTof the Sthuniquelink.Themax (TWi) isthefrequencyof 
the ithtokenwordinwholeuniquedocumentlinkstitlesandTsWiMjisthefrequencyofjthsynonym
ofithquerytokenwordinwholeuniquedocumentlinkstitleTofSthlink.Themax (TWiMj)isthe
maximumfrequencyofthejthsynonymoftheith token wordinwholeuniquedocumentlinkstitles
whereas‘a’isthetotalcountofthequerytokenwordsand‘b’istotalcountofthesynonymwords
oftheithquerytokenandWQistheweight-ageofthequerytokenandWSistheweight-ageofthe
synonymword.

4.2. Bold Based Calculation
InthistechniquethewordswhichareboldintheretrievedURLlinkarebeingcomparedwiththe
userquerytokensandtheirsynonymsgeneratedfromWordNet,andalsotochecktheirfrequency

Table 1. Frequency generation for query words and synonyms

W1 W1S1 W2 W2S1 . . . Wa WaSb

T1 C1W1 C1W1S1 C1W2 C1W2S1 . . . C1Wa C1WaSb

T2 C2W1 C2W1S1 C2W2 C2W2S1 . . . C2Wa C2WaSb

T3 C3W1 C3W1S1 C3W2 C3W2S1 . . . C3Wa C3WaSb

. . . . . . . . . .

. . . . . . . . . .

Ts CsW1 CsW1S1 CsW2 CsW2S1 . . . CsWa CsWaSb
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concerningthewordswhichareboldineachlink.Table2displayedthefrequencyoftheoccurrence
ofquerytokensandsynonymtokenswithrespecttoeachboldlinkword.

TheB1,B2,…,Bsrepresentstheuniquecontentsinthelinksandthefrequencyofathquery
tokenwordincontentofsthuniquelinkisrepresentedbyBsWa.TheBsWaSbisthefrequencyofthe
bthsynonymofathquerytokenwordinthecontentofsthuniquelink.Thecomputationofboldbased
approachisgiveninEquation2:
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InEquation2,Bs(p)representstheboldwordbasedcalculatedvalueofsthuniquelinkandBsWi
isthefrequencyoftheithquerytokenwordWinboldwordofsthuniquelink,whileasmax(BWi)
isthehighestfrequencyofithquerytokenwordWincontentofsthuniquelink.TheBs Wi Sjisthe
frequencyofjthsynonymofithquerytokenwordWintheboldwordofsthuniquelinkandmax(BWiSj)
isthehighestfrequencyofjthsynonymofithquerytokenwordWintheboldwordofsthuniquelink.

4.3. Domain Based Calculation
Thelinksretrievedfromallindividualsearchengineswouldfallunderaparticulardomainwhose
valueiscalculatedforeverydistinctiveURLusingthatparticulardomainnameforeachindividual
searchengine.TheformulaforcalculatingthedomainvalueforeachuniquelinkisgiveninEquation3:
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Us(p)isthevaluecalculatedforSthlinkofadomainwhereasaccsrepresentsthenumberoflinks
whichareuniqueinaparticulardomainandmrefertothenumberofindividualenginesusede.g.
ifthenumberoflinkswhichareuniqueis15andthelinkswhichbelongtoaparticulardomainis8
thenthevalueofaccsforthatlinkisfive.

5. REASoNER

ReasonerisresponsibleforrankingandmergingthetopURLlinksgeneratedfromdifferentindividual
searchenginesonthebasisoftheirsensitivity.Theresultgeneratedalongwiththeirvaluesisused

Table 2. Frequency of query tokens and synonyms

W1 W1S1 W2 W2S1 . . . Wa WaSb

B1 B1W1 B1W1S1 B1W2 B1W2S1 . . . B1Wa B1WaSb

B2 B2W1 B2W1S1 B2W2 B2W2S1 . . . B2Wa B2WaSb

B3 B3W1 B3W1S1 B3W2 B3W2S1 . . . B3Wa B3WaSb

. . . . . . . . . .

. . . . . . . . . .

Bs BsW1 BsW1S1 BsW2 BsW2S1 . . . BsWa BsWaSb
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totrainthefuzzylogicsystembyfeedingitwiththerankedURLlinks.Inrecentyearsfuzzylogic-
basedinterfacesystememergedasprimaryclassifiersthatwereusedamongdifferentfieldsfora
rule-basedsystembecausetherule-basedsystemsareusedindifferentapplicationsareassuchas
medical,entertainmentandevenerrordetectionsystems.Inproposingfuzzyinterfacesystem,the
significantfactoristoselectthecorrectrulesystembutmostoftheresearcheshavetakenthisproblem
ingeneralbutinmostofthecasestherearecertaincomputationalmethodswhicharebeingemployed
forgeneratingtherulesfromtheregulardata.

5.1. Experimental Results
Theexperimentwasconductedusingadatasetofuserquerysessionsgatheredoverthewebwhich
wasgeneratedinproposedsystembycapturingthelinksvisitedbytheusersduringresultretrieved
byMeta-searchengine.Forthegenerationofdatasetthequeryisinputthroughaninterfacewhere
thequeryispassedontothestackofindividualsearchengineandbackagaintheresultsgenerated
aredisplayedonthesameinterface.InFigure3theinterfaceoftheproposedsystemandresultfor
auserqueryisdisplayed.

5.2. Performance Analysis
The primary aim of proposed Meta-search engine is to filter the links and rank them using the
hierarchicalclustermethodandfuzzylogicsystem.Thedomainswereselectivelychoseninorder
tocoverawidevarietyofqueriesoninternetandthenumberofrandomlychosentestqueriesfor
eachofthethreedomainsistwenty-five.ThequerieswerefedthroughtheMeta-searchenginetoall
individualsearchenginesandthenagrouporsetofthedocumentsareidentifieswhicharerelevant,
from all the retrieved documents of each individual search engine. The number of the relevant
documentretrievedwascounterforrelevancybythedomainexpertandtheconcernedperformance
measurevaluesaregiveninTable3.

InTable3domain-basedcomparisonisprovidedintheformofaverageprecisionandrecallfor
existingandtheproposedtechniquesfor25testqueriesareshowninFigure4.Theexistingtechniques
wereK-meanclusteringandFuzzylogicbasedandtheproposedtechniqueisbasedonhierarchical
clusteringandfuzzylogic.Theprecisionvalueandthenumberofqueriesisrepresentedbyy-axis
andx-axisrespectively.Theaverageprecisionofalldomainsintheproposedsystemismaximumfor
academicandsports0.85%,whileentertainment0.75%ascomparedtotheexistingsystemsaverage
precisionforacademic0.80%,sports0.82%andleastforentertainment0.73%.Itisalsoevidentfrom

Figure 3. Meta-search engine result for the academic domain
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theFigure4andFigure5graphthattheprecisionandrecallresultsachievedbytheproposedsystem
ismuchbetterduetomoreclasslabelsinhierarchicalsystemscomparingtok-meanclustertechnique.

Figure6toFigure8displayedtheperformanceanalysisofdevelopedmeta-searchenginefor
differentdomainsonthebasisofuserrecommendedquery.Fromthegraph,itisclearlyunderstood
thatastheuserrecommendationresultisincreasedthereisadecreaseinprecisionandrecallvalue.
Thex-axisrepresentsuserrecommendedresultandy-axisrepresentsthevalueofprecisionandrecall.

Table 3. Calculation of precision and recall values

Query Domain

Existing System Techniques Proposed System Techniques

K-Means +FL Based URL Ranking HC+FL Base URLs Ranking

Precision Recall Precision Recall

Academic 0.80 0.60 0.85 0.62

Entertainment 0.73 0.75 0.75 0.80

Sports 0.82 0.80 0.85 0.90

Figure 4. Precision measure of the proposed methodology

Figure 5. Recall measure of the proposed methodology
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Figure 6. Performance analysis of proposed methodology for academic domain

Figure 7. Performance analysis of proposed methodology for entertainment

Figure 8. Performance analysis of proposed methodology for sports domain
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TheproposedresearchworkwillalsoranktherecommendedURLsobtainedfromvarioussearch
engines.TheanalysisofthreefamoussearchenginesBing,Yahoo,andGooglewhichisbasedon
precisionanalysisandusedinproposedmeta-searchapproachisshowninTable4.Theresulting
analysissuggeststhattheproposedsearchengineoutperformstheindividualsearchenginesinterms
ofbetterprecisionscore.

Theanalysisoftheresultsuggeststhattheproposedsearchengineoutperformstheindividual
searchenginesintermsofbetterprecisionscore.Tochecktherelevantdocumentlinksretrieved(First
tendocumentlinks)withtheindividualandmeta-searchengines,aquery“datamining”wasinput
toalltheengines.TheresultsaredisplayedinTable5,whichshowsthatamongthethreeengines
thepoorperformanceisshownbyYahoosearchenginewhoserelevantdocumentretrievalscoreare
only5amongthetop10documents.Ontheotherhand,BingandGooglewereabitmoreaccurate
thanYahoowith6relevantlinkseachwhileastheproposedMeta-searchenginetopstherankinglist
withaqualitativescoreof8relevantdocumentlinks.Thealphabet“R”denotesrelevantdocument
linkforaparticularengineandthesymbol“-”denotesanirrelevantlink.Therelevantdocument
retrievalratewasinitiallysetto10andtheproposedmethodologyretrieved8relevantdocuments,
whileasotherindividualsearchenginesobtainonlymaximumof6documentslinks.

Table6showstheretrievalandrankingperformanceofdifferentdomainusingdifferentsearch
engine.Thetablecontainsfivequeriesrelatedtosportsdomainandcorrespondingretrievalresultwith
rankingofsearchengine.Basedontheretrievalcountwerankthesearchengines.Inourproposed
work,weutilizetheMeta-searchenginewhichisthehybridizationofindividualengineslikeYahoo
Google,andBing.Thesearchengineretrievestheresultbasedonuserqueryandrecommendedthe
URLscount.

Forexample,wehaveusedtheuserquery“Prokabaddi”andtherecommendedusersURLis
“10”,so,whileusingtheproposedMeta-searchenginetherelevantURLspercentageobtainedis
50%forGoogle,30%forYahooand20%forBing.Finally,basedontheretrievedURLscountwe
rankthesearchengine.Fromthetableweunderstand,amongthethreesearchengines“Google”is

Table 4. Average precision for 25 queries in different domain

Domain Meta-Search Google Yahoo Bing

Sports 0.84 0.75 0.68 0.72

Academic 0.83 0.78 0.70 0.73

Entertainment 0.85 0.77 0.69 0.72

Table 5. Top ten relevant document list for a user query

Engine 1 2 3 4 5 6 7 8 9 10 R

Meta-search R R R R R R - R R - 8

Google R R R R R R - - - - 6

Bing R - R - R R - R R - 6

Yahoo R - - R - R - R R - 5
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betterothertwo.EachqueryweobtaintherelevantURLsfordifferentsuchenginessuchasBing,
YahooandGoogle.ThesearchengineswererankedbasedontheretrievedrelevantURLscount.

6. CoNCLUSIoN

Themeta-searchenginewasproposedtorecommendtherelevantinformationandpersonalizesearch
engineresult related touser’s interest.Thehierarchicalclusteringandfuzzy logicbasedranking
processweredeveloped,unlikeindividualsearchenginesthatusepagerankingsystem.Theproposed
searchengineutilizesauserdependentmethodologytoranktheresourcesofsearchenginesandit
wasalsotestedagainstYahoo,Bing,andotherindividualenginesforavailability,consistency,and
relevancy.Resultcomparisonindicatesthatthesearchresultsrankingbyusingtheenhancedfuzzy
conceptnetworks in theproposedsystemareshowingmore relevancyasper theuser’s interests
ratherthanrankingobtainingthroughthegeneralconceptofnetworksinindividualengines.The
mainaimofthispaperistodevelopanovelrankingsystemsuchasURLrankingandsearchengine
rankingbasedonthehierarchicalclustertooptimizetheperformanceofthesystemandforrelevant
webpagerecommendation.

Table 6. Retrieval and ranking performance of selected domains

Domain Keywords
User 

Recommended 
Result

Meta-Search Rank (%)

Google Yahoo Bing Google Yahoo Bing

sports

Prokabaddi 10 5 3 2 1(50) 2(20) 3(30)

IPLmatch 15 7 3 5 1(67) 3(20) 2(13)

TopAthletes 20 9 5 6 1(45) 3(25) 2(30)

RioOlympics 10 4 4 2 2(40) 1(40) 3(20)

AwardsofSachin 20 8 5 7 1(40) 3(25) 2(35)

Academic

Examination 15 6 5 4 1(40) 2(34) 3(26)

Results 5 3 1 1 1(60) 3(20) 2(20)

Syllabus 20 8 7 5 1(40) 2(35) 3(25)

Universitiesdetails 10 4 2 4 1(40) 3(20) 2(40)

OutCampus
interview 15 6 4 5 1(40) 3(26) 2(34)

Entertainment

Latestmovies 20 9 5 6 1(45) 3(25) 2(30)

Koreandrama 10 4 4 2 1(40) 2(40) 3(20)

Popsongs 10 5 3 2 1(50) 3(30) 2(20)

Games 15 7 3 5 1(67) 3(20) 2(13)

Dupmash 20 8 5 7 1(40) 3(35) 2(25)
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