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ABSTRACT

Thisarticledescribeshowasinternettechnologycontinuestochangeandimprovelivesandsocieties
worldwide,effectiveglobal informationmanagementbecomesincreasinglycritical,andeffective
Internet information retrieval systems become more and more significant in providing Internet
usersworldwidewithaccurateandcompleteinformation.Searchengineevaluationisanimportant
researchfieldassearchenginesdirectlydeterminethequalityofinformationusers’Internetsearches.
Relevance-decreasepattern/modelplaysanimportantroleinsearchengineresultevaluation.This
researchstudieseffectivemeasurementofsearchresultsthroughinvestigatingrelevance-decrease
patternsofsearchresultsfromtwopopularsearchengines:GoogleandBing.Thefindingscanbe
appliedtorelevance-evaluationofsearchresultsfromotherinformationretrievalsystemssuchas
OPAC,canhelpmakesearchengineevaluationsmoreaccurateandsound,andcanprovideglobal
informationmanagementpersonnelwithvaluableinsights.

KEywoRdS
Global Information Management, Information Retrieval, Internet Search Engine, Internet Search, Search Result 
Analysis, Search Result Evaluation, Search Result Measurement, Search Result Ranking

1. INTRodUCTIoN

AsmoreandmorepeopleworldwidedependontheInternettofulfilltheirinformationneeds(Khatwani
&Srivastava,2017),andastheimpactofInternetonpeopleandsocietieshavebecomeincreasingly
profound (Teo, 2007; Lane et al., 2017), researchers throughout the world have studied factors
maximizingsuccessesofinformationtechnologyimplementationsorglobalinformationmanagement
(Roztocki&Weistroffer,2011,Leeetal.,2014;Caprioetal.,2015;Hungetal.,2016;Silic&Back,
2016;Soja,2016;Chatterjeeetal.,2017).Onesuchtechnologicalimplementationistheemployment
ofsearchengines.BecauseofthecriticalrolesearchenginesplayinbridgingInternetinformation
resourcesandinformationusers,itisparticularlyimportanttoevaluateeffectivenessofsearchengines
througheffectivemeasurementsoftheirsearchresults,asdifferentsearchenginesutilizedifferent
retrievalandrankingalgorithmsandthereforerespondtosearchquerieswithdifferentsearchresults.

AverageInternetsearcherstendtotakethesearchresultspresentedbythesearchenginesasa
listofdecreasingrelevance,andtheytendtobrowseonlythefirst20-30itemsonaresultslistfrom
asearchengine.Moreover,businessintelligencesystemsalsoseemtobasemanyoftheirdecisions
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onsearchresultsasreturnedbyInternetsearchengines.Ifthemostrelevantresultsarenotproperly
positionedon theresult list, important informationwouldbemissed,and thedecisionscouldbe
impaired.Therefore,preciserelevancerankingofsearchresultitemsasreturnedbysearchengines
isextremelyimportant.

However,becausewhatresidesontheWebisanever-changingandextremelyheterogeneousdata
collection(Jansen&Pooch,2001),Webpagerankingalgorithmshavebecomeverycomplicatedand
dynamic(Dean2016;Barysevich2017).Itisimportanttoknowthatrankingalgorithmsofdifferent
searchengineshandlevariablesdifferently.Consequently,thedegreeofsearchresultrelevancevaries
fromsearchenginetosearchengine.Ideally,ifallreturneditemsarerankedintermsofrelevance
tothesearchquery,andtherankeddataarecapturedinatwo-dimensionalchartwheretheX-axis
representstherankeditemsandtheY-axisrepresentstherelevancescore,thenadeclinecurveappears.
Understandingthedownwardcurveiscriticaltoevaluatingthequalityofsearchresultsbecausethe
downwardcurveservesasayardstickinmeasuringrelevanceofsearchresultsofasearchengine.

Theprimarypurposeofthisstudyistoexploreeffectivemeasurementofsearchresultsfrom
searchenginesthroughinvestigatingrelevance-decreasepatternsofsearchresultsfromtwomajor
searchengines:GoogleandBing.Toaccomplishthepurpose,4domaincategoriesweredefined,and
24searchquerieswith6fromeachcategorywereformulatedandsubmittedtobothGoogleandBing.
Retrievedresultswerethencollected,andtheirrelevancewasjudgedby32subjectsindependently.
Agroupofpossibleregressionmodelsweredevelopedforregressionanalysis,andtheperformances
oftheregressionmodelsweretested.Thebest-fitregressionmodelwasidentifiedthroughANOVA
analyses.Thefindingsofthisstudyhelppeoplebetterunderstandtherelevance-decreasepatterns
ofsearchresultsproducedbysearchengines.Thebest-fitregressionmodelidentifiedinthisstudy
providesawayforpeopletoevaluatesearchresultrelevanceofsearchengines.

2. RELATEd RESEARCH

2.1. Importance of Search Engines
TheWebhasbecomeaprimarysourceofinformationduetothecontinueddevelopmentofinformation
andcommunicationtechnology.Itwasreportedthattherewereover2.9billionInternetusersallover
theworldin2014(Internetlivestats,2015http://www.internetlivestats.com/internet-users/).Because
oftherichnessanddiversityofWebinformation(Zhang&Fei,2010),ithasbecomemoreandmore
challengingtoefficientlyandeffectivelysearchandfindtheneededinformationontheInternet.
Fortunately,wehavesearchenginestotacklethisproblem.Searchengineshavebecometheprimary
meansinretrievingWebinformation.Itwasreportedthatover91%ofInternetusersusedsearch
enginestofindWebinformationand54%ofthemwereloyalusers(whousedsearchenginesatleast
onceaday)(Purcell,2012).Accordingtoamorerecentstudy(comScore,2015),thetopthreesearch
enginesinusetodayareGoogle,Bing,andYahoo,withrespectivemarketsharesof63.9%,20.9%,
and12.5%,makingGoogleandBingthetwomostpopularsearchenginesintheworld.

2.2. Relevant Aspects of Search Engines
Thesamesearchtermsinaqueryconstrainedbydifferentsearchfeaturesofasearchenginesuchas
returnedresultformatortimeperiodmayresultindifferentsearchresults.Searchengineinterface
designaffectssearchresultsbecausetheinterfacedesignhasastrongimpactonusers’selectionof
searchfeatures.Retrievalalgorithmofasearchenginedirectlydeterminespositionsofreturneditems
onaresultslistandisthereforethebasisofsearchresultrankingevaluationanalysis.Searchengine
resultrankingevaluationsandmethodsrequirethataclearly-definedrelevancemeasurementmethod
beusedinjudgingrelevanceofreturneditemsonaresultslist.
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2.2.1. Interface Design
Interfacedesignisanimportantaspectofsearchengines.Mostsearchengineshaveadoptednatural
languageinterfacetofacilitateuser-friendlyInternetsearching,butitismoredifficultformachines
to understand natural-language queries than structured queries (Kaufmann & Bernstein, 2010).
Ontheotherhand,visualizationtechnologiesprovideanintuitiveinterface,whichcanbeusedin
modifyingqueriesanddiscoveringrelatedtopics(Tominskietal.,2009).Bilal(2002)emphasized
thatchildrenareanimportantpartofsearchengineusersandcriticizedthedesignofYahooligans
fornotconsideringenoughchildren’sneeds.

2.2.2. Retrieval Algorithms
Retrievalalgorithmsareanessentialcomponentofsearchengines.Manyretrievalalgorithmshave
beendevelopedwithintenttoreducecomputationalcostsandstorageexpenses(Bleietal.,2003;
Deerwester,etal.,1990;Hofmann,1999).

2.2.3. Search Engine Evaluation Methods
Searchengineevaluationhasbecomeanimportantresearchtopicformany.Thecriteriaofsearch
engineevaluationcanbemultifold.Whileprecisionandrecallhavebeenwidelyusedintheevaluation
oftraditionalinformationretrievalsystems,itisimpossibletocalculatetherecallofasearchengine
becausethereisnowaytofindall therelevant itemsinthedatabaseofasearchengine(Chu&
Rosenthal,1996).Precision,however,canstillbeusedintheevaluationofsearchengines.Response
timeisanotherimportantmeasurementinevaluatingsearchengines(Chignell&Gwizdka,1999).
Someintroducedthecriteriaofsearchengineperformancestability(Vaughan&Thelwall,2004;
Vaughan,2004;Bar‐Ilan,1999,2004).Forexample,researchersofWebometriccollecteddataby
usingvarioussearchengines,anditiscriticalforthemtoknowwhichengineismorestablethan
others(Thelwall,2008).HassanandZhang(2001)comparedimagesearchenginesusingcommon
features,butothersbelievethattheavailabilityofmultiplelanguagesisalsoanimportantcriteriain
searchengineevaluation(Zhang&Lin,2007;Davis,1996;Geyetal.,2005).

JärvelinvandKekäläinen(2002)proposedthreesearchenginesevaluationmethodsbasedon
relevancescoresofreturnedresults.DirectCumulatedGainaddstherelevancescoresofreturneditems
directlytogetanoverallscorefromonequery.DiscountedCumulatedGain(DCG)treatedrelevance
scoresdifferentlybylookingatthepositionofitems.Inotherwords,therelevancescorewouldbe
reducedastherankoftheitemincreases.DCGisanimportantmeasurementincomparingsearch
engines(Carterette&Jones,2008;Zhengetal.,2007;AI_Maskarietal.,2007;Linetal.,2013;Wu,
2011;daCostaPereiraetal.,2012;andZhou&Yao,2010).Definedasreciprocalofthelogarithm
ofitsrank(Järvelin&Kekäläinen,2002),thediscountedequationisusuallyusedindescribingthe
downwardtrendofsearchresultrelevanceinthesestudies.Thefunctionreducestheimportanceof
lower-rankeditemsbecausetheyhaveasmallerchancetobeviewedthanthehigher-rankedones.
NormalizedDiscountedCumulatedGain(nDCG)isastandardizedvariantoftheDCGmethod,but
nospecificstudiesonnDCGwerefound.

2.2.4. Search Result Ranking Algorithm
Althoughtherearemanymethodsforsearchengineevaluation,resultrankingremainsoneofthe
mostimportantmethodsfortworeasons.First,thereisalwaysagapbetweenthereturnedresultsand
theusers’informationneeds.Nomatterhowaccuratetheappliedrankingalgorithmsare,thereare
alwaysdifferencesbetweenrankingbythesearchengineandrankingbytheuserseveniftheusers
havethesamefoundationknowledgeofatopic(Bar-Ilanetal.,2007).Theresearcherscontributed
thisdiscrepancytothecognitive,affective,andphysicalfactors.Xie(2000)ascribedthisdifference
totheinteractiveandever-changingnatureoftheinformationretrievalprocess.Secondly,mostusers
onlyviewoneresultspage(Jacsó,2008;Spink&Jansen,2004),anditisproventhattheytendto
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viewfewerdocumentsovertimes(Jansen&Spink,2006).Consequently,itisparticularlyimportant
forsearchenginestosatisfyuser’sinformationneedsbyshowingthemostrelevantresultsonthe
topofthereturnedresultlist.

Thus,employmentofsoundresult-rankingalgorithmsiscriticaltosearchengines.PageRank
isthemostfamousrankingalgorithmwhichborrowstheideafromcitationanalysis(Brin&Page,
2012).Usuallyrelevancewouldbecomputedbyasimilaritymethodsuchascosinesimilaritymethod
ordistancesimilaritymethod (Zhang&Korfhage,1999;Wilbur&Sirotkin,1992).Rankingby
recentnessensuresthatusersreceivethemostrecentinformation(Efron&Golovchinsky,2011).
ZhangandDimitroff(2004)notedthatWebpagecontentcharacteristics,suchaskeywordposition,
layout,andkeywordfrequency,canaffecttherankingofaWebpage.

2.3. Summary
Insummary,therehavebeenmanystudiesonsearchengineevaluations,searchenginefeatureanalysis,
andsearchengineresultsrankingevaluation,butstudiesonrelevance-decreasepatternsofsearch
results,whicharecriticaltosearchengineresultsrankingarescantintheliterature.

3. RESEARCH METHodoLoGy

Thereareusuallymultipleitemsontheresultslistreturnedbyasearchengineinresponsetoaquery.
The itemson the listare retrieved from thedatabasebecause theyaredeterminedby thesearch
algorithmtoberelevanttothequerysubmittedtothesearchengine.Therelevanceofoneitemonthe
listisdifferentfromtherelevanceofanotheritemtosomedegreeifthesetwoitemsarenotidentical
(usuallyduplicateditemsareexcludedfromareturnedresultslist).Thebreadth,depth,style,and
emphasisofthetwoitemsmaydifferalthoughbothmightaddressthesametopic.Ifrelevanceofeach
itemonthelistisevaluatedandassignedarelevancescore,alltheitemsonthelistcanberankedin
descendingorderofrelevancescoresasdonebymostsearchengines.Theitemsontherankedresults
listwouldfollowadownwardrelevancetrendorpatternintermsofrelevance.Suchpatterncanbe
revealedifproperregressionanalysesareappliedtorankedresultssets.

Toinvestigaterelevance-decreasepatternsofsearchresults,datawerecollectedfromthetwo
best-knownsearchengines,namelyGoogleandBing.Toensuredatarepresentativeness,searchtasks
orqueriesweredesignedfrom4majorsubjectcategories:Health,NewsandMedia,Scienceand
Technology,andEconomyandBusiness.

Aspartofthedatacollectionprocess,searchqueriescoveringvarioussubjectcategorieswere
formulatedandsubmittedtosearchengines.Theresultsetfromeachqueryasreturnedbyeachsearch
enginewascapturedandsaved.Tominimizesubjectivityinhumanjudgements,theresultsetswere
presentedtoatotalof32evaluators.Allevaluatorswerecollegestudentsasmoderncollegestudents
weretypicallyfamiliarwithInternetsearchsystems.16ofthemwerestudentsofSuzhouUniversity
inChina,including6malesand10females;theother16werestudentsofWeberStateUniversity
intheU.S.,including10malesand6females.Theywererandomlyapproachedbutmustmeetthree
basicrequirementstobeselected:(1)mustbewillingtoparticipate(toensureseriousanalysis),(2)
mustbeatleastajunior(toensureadecentknowledgebase),and(3)mustbeproficientinEnglish
(assearchtermsandretrievedpageswereinEnglish).Sincetheywererandomlyapproached,their
majorscoveredalargevarietyoffields.

Eachevaluatorindependentlyevaluatedtheresultsetsandscoredeachitemontheresultsets
intermsofrelevancetothequerystatement.Therelevancescoresasassignedbythe32evaluators
were thenplugged intodifferent regressionmodels to identify thebest-fitmodelata reasonable
significancelevel.Thebest-fitregressionmodelwasthenusedtodescribetherelevance-decrease
patternsofsearchresults.

Toprovidedirectionforthestudy,thefollowing5nullhypotheseswereproposed:
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(H10):Therearenosignificantdifferencesamongtherelevanceregressionequationsormodelsin
termsofR2inthesearchresults.

(H20):Therearenosignificantdifferencesamongthe4subjectcategoriesintermsofR2inthesearch
results.

(H30):Therearenosignificantinteractionsbetweentherelevanceregressionmodelsandthesubject
categoriesintermsofR2inthesearchresults.

(H40):Therearenosignificantdifferencesbetween the twosearchengines in termsofR2 in the
searchresults.

(H50):Therearenosignificantinteractionsbetweentherelevanceregressionmodelsandthesearch
enginesintermsofR2inthesearchresults.

InH10theindependentvariableisrelevanceregressionmodels,andthedependentvariableisR2.
Itistheprimaryhypothesisforthisstudy.Theresultofthistestisusedtoidentifythebest-fitmodel
indescribingtherelevance-decreasetrendofsearchresultsfromasearchengine.

InH20theindependentvariableissubjectfield,andthedependentvariableisR2.Thishypothesis
examineswhetherthemodelsvaryindifferentsubjectcategories.Inotherwords,itexamineswhether
thenatureofsubjectcategoriesaffectstheselectionofabest-fitregressionmodel.

InH30 the independentvariablesare subject fieldand relevant regressionequation, and the
dependentvariableisstillR2.Thishypothesisexamineswhetherthereareinteractionsbetweenthe
twoindependentvariables.

InH40theindependentvariableissearchengine,andthedependentvariableisR2.Itisnecessary
toinvestigatewhetherthereisanydifferencebetweenthetwosearchenginesintermsofregression
analysisresults.

InH50theindependentvariablesaresubjectfieldandsearchengine,andthedependentvariable
is still R2. This hypothesis examines whether there are interactions between the two specified
independentvariables.

Thesignificancelevel(α)forthetestingofallthesehypotheseswassetto0.05.Inotherwords,
ifaproducedp-valuefromaninferentialtestislargerthan0.05,thecorrespondinghypothesisis
accepted;otherwise,thehypothesisisrejected.

The detailed data collection, relevance-score analysis, and regression analysis methods are
discussedrespectivelyasfollow.

3.1. data Collection
Asmentionedearlier,Google(2016)andBing(2016)werewidelyregardedasthemostpopular
Internetsearchengines(comScore,2015).Thisstudyemployedbothofthem.

Searchqueriescovered4subjectcategories:Health, News and Media, Science and Technology,
andEconomy and Business.ThesecategoriesaresimilartosomeofthecategoriesinYahooDirectory
butwithsomerevision(YahooDirectory,2016).These4categorieswereselectedtocoverdiverse
domainareastoreflectdifferentnaturesofsearchtasks.Itsuggeststhatsubjectcategoriesselected
represent information needs of common people. In each subject field, 6 search tasks or queries
coveringwerecarefullydesignedtorepresenteachfield.Forinstance,populartopicssuchasLady 
Gaga,Obamacare, Bin Laden death, The Korean crisis,The Syria crisis,andH7N9 bird fluwere
includedinthefieldofNews and Media.SpecificsearchtasksineachsubjectfieldarelistedinTable
1wherestringsinparenthesesrepresentIDsforsubjectcategoriesorforsearchtasks(forinstance,
C1_T1representsAutisminHealth).

Previousstudies(Zhang&Fei,2010;Zhang,Fei&Le,2013)suggestthattherankingpattern
ofretrieveditemsonareturnedresultslistbecomesstabilizedwhenthesizeofthereturnedresults
listreaches50.Inaddition,usersareonlyinterestedinthetop20itemsfromareturnedresultslist
(Jacsó,2008;Jansen&Spink,2006).Therefore,foreachsearchtaskinthisstudy,onlythefirst50
recordsfromeachsearchresultlistwereselectedforanalysis.TitlesandWebpagecontentsofthe
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50recordsforeachsearchtaskwererecordedforlaterrelevanceanalysis.Rankinginformationof
retrieveditemswasnotrelevanttothisstudy;therefore,itwasnotpresentedtotheevaluators.

With6searchtasksforeachsubjectcategory,atotalof24(4×6=24)searchresultorretrieval
datasets(DS)werecreated.SinceeachsearchtaskwassubmittedtobothGoogleandBing,each
retrievaldatasetcontainedtwosubsets:oneforGoogle,andtheotherforBing.

3.2. Relevance Judgment
The24datasetscollectedwerethenpresentedto32individualevaluatorsforrelevancejudgment.
Eachdatasetwasrandomlyassignedto8evaluatorsforindependentevaluation.Theresearchers
providedtheevaluatorswithscoreassignmentinstructionswhichrequiredallevaluatorstoreadthe
contentoftheprovidedrecords(thatistheretrievedWebpagessavedatthetimeofquerysubmission)
beforeassigning theirscores.Theresearchersalsomonitored thescoreassigningprocess. Ifany
evaluatorhadquestionsontheassignedsearchtasks,theresearcherswouldanswerthequestionsand
provideanyneededclarification.Basedontheperceivedrelevanceoftherecordtothesearchtask,
theevaluatorwouldassignarelevancescoretoeachitem.

The score systemwasbasedonan11-point scalewith0 for totally irrelevant,2 for largely
irrelevant,3forbasicallyirrelevant,4forsomewhatirrelevant,5forsomewhatrelevant,6forbasically
relevant,7forlargelyrelevant,8forrelevant,9forveryrelevant,10formostrelevant.Evaluators
canassigntoeachitemascorebetween0and10.

The32evaluatorsweredividedintotwogroups,onegroup(16evaluators)fortheGoogledata
subsets,andtheother(also16evaluators)fortheBingdatasubsets.Ineachgroup,8of16evaluators
evaluatedthefirst12ofthe24retrievaldatasetswhiletheother8evaluatorsevaluatedtheremaining
12retrievaldatasets.Theevaluatorswererandomlyassignedtotheretrievaldatasets.Therelationships
amongthesearchengines,searchtasks,andevaluatorsareshowninFigure1.

Table 1. Summary of the Subject Categories and Search Tasks

Health 
(C1) 

Queries 1-6

News and Media (C2) 
Queries 7-12

Science and Technology 
(C3) 

Queries 13-18

Economy and Business 
(C4) 

Queries 19-24

Autism
(C1_T1)
Q1

LadyGaga
(C2_T1)
Q7

Googleglasses(C3_T1)
Q13

BRICS
(C4_T1)
Q19

Weightcontrol(C1_T2)
Q2

Obamacare
(C2_T2)
Q8

Globalwarmingand
climatechange(C3_T2)
Q14

WorldTradeOrganization
(C4_T2)
Q20

Smokingandhealth
(C1_T3)
Q3

BinLadendeath(C2_T3)
Q9

Web2.0
(C3_T3)
Q15

USdollarandChinese
Yuanexchangerate
(C4_T3)
Q21

AIDSprevention(C1_T4)
Q4

TheKoreancrisis(C2_T4)
Q10

Windenergy
(C3_T4)
Q16

HedgeFund
(C4_T4)
Q22

Asthma
(C1_T5)
Q5

TheSyriacrisis(C2_T5)
Q11

Electriccar
(C3_T5)
Q17

TheBigMacIndex
(C4_T5)
Q23

Birthcontrol
(C1_T6)
Q6

H7N9birdflu
(C2_T6)
Q12

Stemcellresearch(C3_T6)
Q18

Micro-economy(C4_T6)
Q24

Each search task corresponded to a search query. Each query was submitted to both Google and Bing.
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Sinceeachrecordinaretrievaldatasetwasevaluatedby8differentevaluators,itreceived8
relevancescores.Theaverageofthe8relevancescoreswascalculatedandusedasthefinalrelevance
scoreforthatrecord.

With 24 search queries formulated and submitted to each of the 2 search engines, and
with each retrieval data set containing 50 records and evaluated by 8 evaluators, a total of 384
(24×2×50×8=19200)relevancescoreswereproducedinthisstudy.

3.3. Generation of Regression Models
Asmentionedearlier,thefirst50recordsreturnedbyaparticularsearchengineinresponsetoeach
searchtaskwerecapturedinthedatasetforthatsearchtask.Tominimizesubjectivityimpact,each
recordwasevaluatedby8individualevaluators,andtheaveragerelevancescoresof8evaluatorsfor
eachrecordwascalculated.Thentheaveragescoreswererankedindescendingorder.Thesedata
wereusedasinputrawdatainlaterregressionanalysis.

The regression analysis was based on twoprinciples:First, if the curve characteristics of a
regressionequationbestmatchthecharacteristicsofthedownwardrelevancetrendoftheitemson
theretrieveddatasets,theregressionmodelwouldbeselected.Secondly,givenrelevantrequirements
met,onlythesimpleandstraightforwardregressionmodelswouldbechosen.

Followingtheseprinciples,agroupof8potentialregressionmodelswereproposedforthisstudy.
Aftertheregressionanalysisforeachoftheselectedregressionmodels,thebest-fitregressionmodel
wasidentified.Thefollowingwerethe8equationsormodelsproposed:

RM X b
b

X
1 0

1
( )= +  (1)

InEquation(1),b0andb1areconstantswhicharelargerthan0;X ≥ 1 .

RM X b
b

X
2 0

1
1 2

( )
/

= +  (2)

Figure 1. Task Assignment
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InEquation(2),b0andb1areconstantswhicharelargerthan0;X ≥ 1 .

RM X b
b

X
3 0

1
1 4

( )
/

= +  (3)

InEquation(3),b0andb1areconstantswhicharelargerthan0;X ≥ 1 .

RM X b
b

X
4 0

1
1 8

( )
/

= +  (4)

InEquation(4),b0andb1areconstantswhicharelargerthan0;X ≥ 1 .

RM X b
b

Log X
5 0

1

2

( )
( )

= +  (5)

InEquation(5),b0andb1areconstantswhicharelargerthan0;X ≥ 1 5. .

RM X b
b

Ln X
6 0

1
( )

( )
= +  (6)

Equation(6)issimilartoEquation(5)exceptthebaseofthelogarithmfunction.HereX ≥ 1 5. .

RM X b
b

Log X
7 0

1

10

( )
( )

= +  (7)

InEquation(7),b0andb1areconstantswhicharelargerthan0;X ≥ 1 5. .

RM X b
b
X

8 0
1

2
( )= +  (8)

InEquation(8),b0andb1areconstantswhicharelargerthan0;X ≥ 1 .
Allthesemodelscorrespondedtoadownward-trendcurvewhichmettherequirementsforthe

regressionmodelselection.

3.4. Hypothesis Testing
Theprocesseddatafromtherelevancejudgmentofeachsearchtaskorquerywerepluggedintothe
8regressionequationsrespectively,andresultssuchascorrespondingparameters(b0andb1)andR2
werecollectedfromtheregressionanalysis.HereR2isdefinedas1minustheratioofresidualsum
ofsquarestocorrectedsumofsquares.Itindicateshowwellaresultantregressioncurvematchesan
inputdataset.Itsvalidvaluefallsbetween0and1.ThelargertheR2,thebetterthecorresponding
regressionmodelfitsthedataset;andviceversa.Foreachsearchengine,the8regressionanalyses
wereconductedforeachofthe24searchtasksinthedefinedcategoriestoobtainresultantdata.Since
eachtaskwasexecutedontwodifferentsearchenginesandeachregressionmodelcorrespondedto24
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individualtasks,eachregressionmodelproduced48(2×24=48)resultantR2.Sincethe8regression
modelswerebeingexamined,therewereatotalof384(48×8=384)resultantR2.

Atwo-factorANOVAtestwasconductedtotesttheproposednullhypothesesH10, H20,andH30.
Thesignificancelevelforthetestwassetto0.05.Ifaproducedp-valuefromaninferentialtestresult
waslargerthan0.05,thecorrespondinghypothesiswouldbeaccepted.Otherwise,thehypothesis
wouldbe rejected. If itwas rejected, thena follow-upTukey testwouldbeused todetectwhich
regressionmodelsand/orsubjectcategoriescausedtherejection.TheANOVAtestinconjunction
withafollow-upTukeytestwouldidentifythebest-fitregressionmodel(s)ifthereweresignificant
differencesamongtheregressionequations/modelsandthesubjectcategoriesintermsofR2.Inthe
ANOVAtest,theindependentvariableswereregressionequation/modelandsubjectcategorywhile
thedependentvariablewasR2.

Anothertwo-factorANOVAtestwasconductedtotesttheproposednullhypothesesH40and
H50.Thesignificancelevelforthetestwasalsosetto0.05.TheANOVAtestinconjunctionwith
afollow-upTukeytestwouldidentifythereasonsofhypothesisrejectionifthereweresignificant
differencesamongtheregressionequations/modelsandthesearchengines in termsofR2. In the
ANOVAtest,theindependentvariableswereregressionequation/modelandsearchenginewhilethe
dependentvariablewasR2.

ThestatisticssoftwarepackageSPSS(Version20)wasusedfortheregressionanalysesandthe
two-factorANOVAanalyses.

4. RESULTS ANd dISCUSSIoNS

4.1. The descriptive Summary
4.1.1. The Descriptive Summary of the Relevance Scores
Therawdatawerecollectedfromthe32evaluatorswhoevaluatedtherelevanceofvarioussearch
resultsets.Asstatedearlier,atotalof19200relevancescoreswerecollectedinthisstudy.

Table2showsthedescriptivesummaryofalltherelevancescores.Eachsubjectcategoryreceived
4800individualscores.ThemeanscoreforScience and Technology(C3)isthelargest(7.0190),
whichindicatesthattheretrievedresultsfromC3arethemostrelevantcomparedtosearchresults
oftheothercategories.Themeansoftheotherthreecategoriesare,inadescendingorder,Health
(C1)(6.9681),News and Media(C2)(6.9108),andEconomy and Business(C4)(6.8512).Thelargest
standarddeviationpertains toEconomy and Business (C4), 2.24911.The standarddeviation for
Science and Technology(C3)isthelowest(2.15019).

ThemeanrelevancescoresforGoogleis6.8373,whichissmallerthanthatofBing(7.0373).
ThestandarddeviationforGoogle(2.28799)ishigherthanthatforBing(2.09700).Themeanof
thetotalrelevancescoresis6.9373andthestandarddeviationis2.19679.Figure2showsthemean
relevancescoresinthefoursubjectcategories;theY-axisrepresentsmeanrelevancescores,andthe
X-axisrepresentsthedifferentsearchengines.ItshowsthatGoogleperformedbetterinScience and 
TechnologyandEconomy and BusinesswhileBingoutperformedGoogleinHealthandNews and 
Media.

Table3exhibitsthedistributionoftherelevancescorefrequenciesfortheentiredatacollection.In
Table3,thecolumnsrepresentthefrequencyofeachrelevancescore.Themostfrequently-occurring
scoreis8(3802times),whichaccountsfor19.80%ofalltheevaluations.Theleast-occurringscore
is0,whichonlyappears7times.

Figure3wasproducedtoshowrelevance-decreasingpatternsinamoreintuitiveway.Itshowsthe
descendingcurvesoftherelevancescoresinthe4subjectcategories.Thereare4subfiguresinFigure
3andeachsubfigurerepresentsasubjectcategory.Ineachfigure,theX-axiscapturestherelevance
ranksofthereturneditemswhiletheY-axisshowstherelevancescoresreceived.Inthisstudy,each
subjectcategoryhas6searchtasksorqueries,andeachsearchtaskorquerywasrepresentedbya
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Table 2. The Descriptive Summary of the Relevance Scores

Category Search 
Engine

Mean Min Max Standard 
Deviation

Number of 
Relevance Scores

Health(C1) Google 6.5913 0 10 2.35262 2400

Bing 7.3450 0 10 1.94916 2400

Total 6.9681 0 10 2.19274 4800

NewsandMedia(C2) Google 6.6375 0 10 2.29782 2400

Bing 7.1842 1 10 2.04316 2400

Total 6.9108 0 10 2.19111 4800

ScienceandTechnology
(C3)

Google 7.1000 1 10 2.23299 2400

Bing 6.9379 1 10 2.06135 2400

Total 7.0190 1 10 2.15019 4800

EconomyandBusiness
(C4)

Google 7.0204 1 10 2.22307 2400

Bing 6.6821 1 10 2.26270 2400

Total 6.8512 1 10 2.24911 4800

Total Google 6.8373 0 10 2.28799 9600

Bing 7.0373 0 10 2.09700 9600

Total 6.9373 0 10 2.19679 19200

Figure 2. Mean Relevance Scores for the 4 Subject Categories



Journal of Global Information Management
Volume 27 • Issue 1 • January-March 2019

206

curve.Forexample,C1_T1inHealth(C1)representsthedescendingcurveofsearchtaskorQuery
1inthesubjectcategoryofHealth.

4.1.2. The Descriptive Summary of the Results for the Regression Models
Since24searchtaskswereexecutedoneachofthetwosearchengines,andrelevancescoresforeach
searchtaskoneachenginewaspluggedintoeachofthe8proposedregressionmodels,atotalof384
(24×2×8)R2weregenerated.InTable4,RegressionModels1to8representRegressionEquations
(1)to(8),respectively.IntermsofmeanR2values,Equation(4)(0.7899),Equation(3)(0.7477),
Equation(2)(0.6322),Equation(1)(0.4698),Equation(5)(0.3723),Equation(6)(0.3723),Equation
(7)(0.3723),andEquation(8)(0.2519)achievedtherespectivepositionsoffirst,second,third,fourth,
fifth,sixth,seventh,andeighth.

Figure4showstheR2scoremeansfortheregressionmodels.InFigure4,theX-axisrepresents
theregressionmodelswhiletheY-axisrepresentstheR2scoremeans.

4.1.3. The Descriptive Summary of the Results from the 4 Subject Categories
Table5showsthedescriptivesummaryofR2forthe4subjectcategories.InTable5,therowsrepresent
theR2scoremeansforthe4subjectcategorieswhilethecolumnsrepresentsthe8regressionmodels.
Equation(4)(orModel4)outperformedtheotherregressionequationsintermsofR2inHealth(C1)
(0.7745),News and Media(C2)(0.8151),Science and Technology(C3)(0.7689),andEconomy and 

Table 3. The Distribution of Relevance Score Frequencies

Frequency 0 1 2 3 4 5 6 7 8 9 10 Total

Number 7 502 422 483 975 2268 2720 3067 3802 2584 2370 19200

Percent 0.04 2.61 2.20 2.52 5.08 11.81 14.17 15.97 19.80 13.46 12.34 100.0

Figure 3. Relevance Scores in the 4 Subject Categories



Journal of Global Information Management
Volume 27 • Issue 1 • January-March 2019

207

Business(C4)(0.8009).Inotherwords,Equation(4)achievedthebestperformanceinallsubject
categories.

Figure 5 displays the R2 score means for the 4 subject categories. In Figure 5, the X-axis
representstheregressionmodelswhiletheY-axisrepresentstheR2scoremean.Eachcurverepresents
acorrespondingsubjectcategory.ItisclearthateachcurvereachesitspeakatEquation(4).

4.1.4. The Descriptive Summary of the Results for the 2 Search Engines
Table 6 shows the descriptive summary of R2 for the search engines. In Table 6, the columns
representtheregressionmodelswhiletherowrepresentsthesearchengines.Googleachievedbetter
performancesacrossallregressionmodelsorequationsexceptEquation(2).

Table 4. The Descriptive Summary of R2 for the 8 Regression Models

Regression Model Mean Std. D N

1 0.4698 0.07566 48

2 0.6322 0.09618 48

3 0.7477 0.07091 48

4 0.7899 0.06694 48

5 0.3723 0.06728 48

6 0.3723 0.06728 48

7 0.3723 0.06728 48

8 0.2519 0.06016 48

Total 0.5010 0.19870 384

Figure 4. R2 Score Means for the 8 Regression Models
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Figure6displaystheR2scoremeansforthe2searchenginesacrossthe8regressionmodels.In
Figure6,theX-axisrepresentstheregressionmodelswhiletheY-axisrepresentstheR2scoremean.
Eachcurverepresentsasearchengine.

4.2. Inferential Statistics Analysis
Thehypotheseswereproposedtoexaminetheperformancesoftheregressionmodels,searchengines,
subjectcategories,andtheirinteractions.Twotwo-factorANOVAtestswereconductedtotestthese
hypotheses.ThefirstwastotestH10, H20 and H30;thesethreehypotheseswereproposedtoexamine

Table 5. The Descriptive Summary of R2 for the Subject Categories

Domain Area Equation 
(1)

Equation 
(2)

Equation 
(3)

Equation 
(4)

Equation 
(5)

Equation 
(6)

Equation 
(7)

Equation 
(8)

Total

C1 0.4614 0.6410 0.7328 0.7745 0.3682 0.3682 0.3682 0.2494 0.4955

C2 0.4959 0.6819 0.7742 0.8151 0.3953 0.3953 0.3953 0.2705 0.5279

C3 0.4380 0.6257 0.7240 0.7689 0.3408 0.3408 0.3408 0.2247 0.4755

C4 0.4837 0.5800 0.7599 0.8009 0.3849 0.3849 0.3849 0.2632 0.5053

Figure 5. R2 Score Means for the 4 Subject Categories

Table 6. The Descriptive Summary of R2 for the Search Engines

Search 
Engine

Equation 
(1)

Equation 
(2)

Equation 
(3)

Equation 
(4)

Equation 
(5)

Equation 
(6)

Equation 
(7)

Equation 
(8)

Total

Google 0.4743 0.6135 0.7498 0.7915 0.3771 0.3771 0.3771 0.2568 0.5021

Bing 0.4652 0.6508 0.7456 0.7883 0.3675 0.3675 0.3675 0.2471 0.5
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theperformancesoftheregressionmodels,subjectcategories,andtheirinteractions.Thesecond
wastotestH40andH50;thesetwohypotheseswereproposedtoexaminetheperformancesofthe
regressionmodels,searchengines,andtheirinteractions.

4.2.1. Results for Hypotheses H10, H20, and H30

SinceH10, H20, and H30weretestedbythefirsttwo-factorANOVA test,thetestresultsforthesethree
hypothesesarereportedtogether.Table7showstheresults.ForhypothesisH10,withdf � ,�7 352( ) ,the
criticalvalueatsignificantlevel(0.05)is2.04,andp-valueis0.000.Thecriticalvalueismuchsmaller
thantheFvalueofH10(376.165)andp-valueisalsosmallerthanthesignificantlevel(0.05).It
suggeststhatH10isrejectedandtherearesignificantdifferencesamongtheregressionmodelsin
termsofR2.ForHypothesisH20,withdf � ,�3 352( ) ,thecriticalvalueatsignificantlevel(0.05)is2.63,
smallerthantheFvalueofH20(9.121),andp-value(0.000)issmallerthanthesignificantlevel
(0.05).Therefore,H20isrejected,andtherearesignificantdifferencesamongthe4subjectcategories.
ForhypothesisH30,withdf � ,�21 352( ) ,thecriticalvalueatsignificantlevel(0.05)is1.56,whichis
biggerthattheFvalueofH30(0.599),andthep-value(0.919)islargerthanthesignificantlevel
(0.05).ItsuggeststhatH30isacceptedandthereisnosignificantinteractionbetweentheregression
equationsandthesubjectcategoriesintermsofR2.

SinceH10andH20wererejected,twofollow-upTukeytestswereconductedtodetectthereasons
oftherespectiverejections.Table8showstheresultsofthefollow-upTukeytestfortheregression
models(H10).Inthistable,IandJstandforregressionmodels.Meandifference(I-J)representsthe
differencebetweentheR2scoresoftworegressionmodelsIandJ.Forexample,meandifference(1-2)
isthedifferencebetweentheR2scoremeansofEquations(1)and(2).Meandifferenceswithanasterisk
indicatesignificantdifferences.Forexample,themeandifferencesofEquation(1)andEquations(2)

Figure 6. R2 Score Means for the Search Engines
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to(8)are-0.1624*,-0.2780*,-0.3201*,0.0974*,0.0974*,0.0974*,0.2178*,respectively.Therefore,
thedifferencesbetweenthefollowingregressionmodels{Equations(1)and(2)(-0.1624*),Equations
(1)and(3)(-0.2780*),Equations(1)and(4)(-0.3201*),Equations(1)and(5)(0.0974*),Equations
(1)and(6)(0.0974*),Equations(1)and(7)(0.0974*),Equations(1)and(8)(0.2178*),Equations
(2)and(3)(-0.1156*),Equations(2)and(4)(-0.1577*),Equations(2)and(5)(0.2599*),Equations
(2)and(6)(0.2599*),Equations(2)and(7)(0.2599*),Equations(2)and(8)(0.3802*),Equations
(3)and(5)(0.3754*),Equations(3)and(6)(0.3754*),Equations(3)and(7)(0.3754*),Equations
(3)and(8)(0.4958*),Equations(4)and(5)(0.4175*),Equations(4)and(6)(0.4175*),Equations
(4)and(7)(.4175*),Equations(4)and(8)(.5379*),Equations(5)and(8)(.1204*),Equations(6)
and(8)(0.1204*),andEquations(7)and(8)(0.1204*)}causedtherejectionofH10.

Table9showstheresultsofthefollow-upTukeytestforH20.Inthistable,IandJstandforthe
subjectcategories.Meandifference(I-J)representsthedifferencebetweentheR2scoremeansoftwo
categoriesIandJ.Thedifferencesbetweenthefollowingsubjectcategories{HealthandNews and 
Media(-.0324*),News and MediaandScience and Technology(.0524*),Science and Technology
andEconomy and Business(-.0298*)}ledtotherejectionofH20.

Insummary,Equation(4)surpassed theotherequations ineachof the4subjectcategories.
ThehypothesistestssuggestthatEquation(4)isthebest-fitmodelamongthe8regressionmodels
proposedacrossall4subjectcategories.

4.2.2. Results for Hypotheses H40 and H50

Sincethesecondtwo-factorANOVA testwasconductedtotestH40andH50, testresultsforboth
hypotheses were reported together. These hypotheses were to examine the performances of the
regressionmodels,searchengines,andtheirinteractions.Table10showstheresults.

ForH40,thecriticalvaluewithdf � ,�1 368( ) andatsignificancelevelof0.05is3.87,whichismuch
largerthantheFvalueofH40(0.086).Resultantp-valueis0.077andislargerthanthesignificant
level(0.05).ItindicatesthatH40isacceptedandtherearenosignificantdifferencesbetweenthe
searchengines in termsofR2.As for interactionsbetween the regressionmodelsand thesearch
engines,withdf � ,�7 368( ) ,thecriticalvalueatsignificantlevelof0.05is2.03,whichislargerthan
theFvalueofH50(0.597).Thep-valueis0.759andislargerthanthesignificantlevel(0.05).It
suggeststhatH50isacceptedandtherearenosignificantinteractionsbetweentherelevantregression
equationsandthesearchenginesintermsofR2.

Theresultsofthesehypothesistestsimplythattheperformancesoftheregressionmodelsare
consistentinthetwosearchengines.

4.2.3. Discussion
Surprisingly,themostcommonly-usedregressionmodel(Equation7)didnotoutperformtheother
regressionmodelsinthestudy.Inpaststudies,Equation(7)waswidelyusedtodescribethedescending
relevancetrendsofsearchresultsreturnedfromsearchengines.However,inthisstudy,R2fromthe
correspondingregressionanalysiswas0.3723,whichplacedEquation(7)atthe6thpositionamong
the8regressionmodels.Thisinterestingfindingjustifiestheimportanceofthisstudyandsuggests

Table 7. The Results for H10, H20, and H30

Factor Type III Sum of Squares df F Sig.

Regression Models 13.162 7 376.165 0.000

Domain categories 0.137 3 9.121 0.000

Interactions 0.063 21 0.599 0.919
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Table 8. The Results for the Follow-up Tukey Test for H10

(I) Regression Model Mean Difference 
(I-J)

Std. Error Sig. 95% Confidence Interval
Lower Bound Upper 

Bound
1 2 -.1624* .01443 .000 -.2064 -.1184

3 -.2780* .01443 .000 -.3220 -.2340
4 -.3201* .01443 .000 -.3641 -.2761
5 .0974* .01443 .000 .0534 .1414
6 .0974* .01443 .000 .0534 .1414
7 .0974* .01443 .000 .0534 .1414
8 .2178* .01443 .000 .1738 .2618

2 1 .1624* .01443 .000 .1184 .2064
3 -.1156* .01443 .000 -.1596 -.0716
4 -.1577* .01443 .000 -.2017 -.1137
5 .2599* .01443 .000 .2158 .3039
6 .2599* .01443 .000 .2158 .3039
7 .2599* .01443 .000 .2158 .3039
8 .3802* .01443 .000 .3362 .4242

3 1 .2780* .01443 .000 .2340 .3220
2 .1156* .01443 .000 .0716 .1596
4 -.0421 .01443 .072 -.0861 .0019
5 .3754* .01443 .000 .3314 .4194
6 .3754* .01443 .000 .3314 .4194
7 .3754* .01443 .000 .3314 .4194
8 .4958* .01443 .000 .4518 .5398

4 1 .3201* .01443 .000 .2761 .3641
2 .1577* .01443 .000 .1137 .2017
3 .0421 .01443 .072 -.0019 .0861
5 .4175* .01443 .000 .3735 .4615
6 .4175* .01443 .000 .3735 .4615
7 .4175* .01443 .000 .3735 .4615
8 .5379* .01443 .000 .4939 .5819

5 1 -.0974* .01443 .000 -.1414 -.0534
2 -.2599* .01443 .000 -.3039 -.2158
3 -.3754* .01443 .000 -.4194 -.3314
4 -.4175* .01443 .000 -.4615 -.3735
6 0.0000 .01443 1.000 -.0440 .0440
7 0.0000 .01443 1.000 -.0440 .0440
8 .1204* .01443 .000 .0764 .1644

6 1 -.0974* .01443 .000 -.1414 -.0534
2 -.2599* .01443 .000 -.3039 -.2158
3 -.3754* .01443 .000 -.4194 -.3314
4 -.4175* .01443 .000 -.4615 -.3735
5 0.0000 .01443 1.000 -.0440 .0440
7 0.0000 .01443 1.000 -.0440 .0440
8 .1204* .01443 .000 .0764 .1644

7 1 -.0974* .01443 .000 -.1414 -.0534
2 -.2599* .01443 .000 -.3039 -.2158
3 -.3754* .01443 .000 -.4194 -.3314
4 -.4175* .01443 .000 -.4615 -.3735
5 0.0000 .01443 1.000 -.0440 .0440
6 0.0000 .01443 1.000 -.0440 .0440
8 .1204* .01443 .000 .0764 .1644

8 1 -.2178* .01443 .000 -.2618 -.1738
2 -.3802* .01443 .000 -.4242 -.3362
3 -.4958* .01443 .000 -.5398 -.4518
4 -.5379* .01443 .000 -.5819 -.4939
5 -.1204* .01443 .000 -.1644 -.0764
6 -.1204* .01443 .000 -.1644 -.0764
7 -.1204* .01443 .000 -.1644 -.0764
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thatamoreappropriateregressionmodelcouldreplaceEquation(7)toachievemoreeffectiveranking
evaluation.

Among the 8 regression models tested, the performance of Model 4 was the best. The
corresponding R2 in the regression analysis was 0.9471 according to the ANOVA and follow-up
Tukeytestresults.Therefore,Model4asthemostappropriateregressionmodelisrecommendedin
describingtherelevance-descendingtrendofitemsreturnedfromsearchengines.

Inthesetofthetestedregressionmodels,regressionmodelsdescribedbyEquations(1),(2),(3),
and(4)canbeclassifiedasonegroupbecausetheparametersforb1intheequationsaresimilar

( , , , )
/ / /

1 1 1 1
1 1 2 1 4 1 8X X X X

.IftinEquation(9)belowisdefinedasavariable,theeffectoftonR2of

theseregressionmodelscanbeobservedinFigure7:

RM X t b
b

X t
( , )

/
= +0

1
1

 (9)

InFigure7, theX-axis representsvariable twhile theY-axis representsR2.Therelationship
betweenvariabletinEquation(9)andR2areillustratedinFigure7,anditisquiteclearthatasthe

Table 9. The results for the follow-up Tukey test for H20

(I) Domain Category Mean 
Difference 

(I-J)

Std. 
Error

Sig. 95% Confidence Interval

Lower Bound Upper 
Bound

1 2 -.0324* .01020 .009 -.0588 -.0061

3 .0200 .01020 .205 -.0063 .0464

4 -.0098 .01020 .771 -.0362 .0165

2 1 .0324* .01020 .009 .0061 .0588

3 .0524* .01020 .000 .0261 .0788

4 .0226 .01020 .121 -.0037 .0490

3 1 -.0200 .01020 .205 -.0464 .0063

2 -.0524* .01020 .000 -.0788 -.0261

4 -.0298* .01020 .019 -.0562 -.0035

4 1 .0098 .01020 .771 -.0165 .0362

2 -.0226 .01020 .121 -.0490 .0037

3 .0298* .01020 .019 .0035 .0562

Table 10. The results for H40 and H50

Factor Type III Sum of 
Squares

df F Sig.

Regression model 13.162 7 357.285 0.000

Search engine 0.000 1 0.086 0.077

Interactions 0.022 7 0.597 0.759
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valueoftincreases,thecorrespondingR2increases.TherangeofR2is0.3201.Asweknow,the
higher theR2, thebetter thecorrespondingregressionmodel represents the relevance-decreasing
trendofsearchresultsfromasearchengine.Itisinterestingthatwhentis3,theincreaseofR2isnot
noticeable,whichisconfirmedbyTable10.InTable10,thedifferencebetweenEquation(4)and
Equation(1)andthedifferencebetweenEquation(4)andEquation(2)arestatisticallysignificant,
butthedifferencebetweenEquation(4)andEquation(1)isnotstatisticallysignificant.

Inthesetofthetestedregressionmodels,regressionmodelsrepresentedbyEquations(5),(6),
and(7)canbeclassifiedasonegroupbecausetheparametersforb1intheequationsaresimilar

1 1 1

2 10
Log X Log X Log X

e
( )
,

( )
,

( )











.IftisdefinedasavariableinEquation(10)below,theeffectoft

onR2oftheseregressionmodelscanbeobservedinFigure8:

RM X t b
b

Log X
t

( , )
( )

= +0
1  (10)

InFigure8, theX-axis representsvariable twhile theY-axis representsR2.Therelationship
betweenvariable t inEquation(10)andR2 isdisplayedinFigure8.Noticethatasthevalueof t
increases,thecorrespondingR2almostremainsthesame.TherangeofR2is0.Inotherwords,the
changeinvariablethaslittleimpactonthecorrespondingR2.

Inthisstudy,4differentsubjectcategories(Health, News and Media, Science and Technology,
and Economy and Business) were defined. It was important to compare them in terms of the
regressionmodelperformance.ItturnedoutthatNews and Media(0.5279),Economy and Business
(0.5053),Health (0.4955), andScience and Technology (0.4755) ranked first, second, third, and
fourth,respectively.Figure9showstheresults.InFigure9,theX-axisrepresents4differentdomain

Figure 7. The Effect of t on R2 of the Regression Models
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categorieswhiletheY-axisrepresentsR2.Itseemsthattheseregressionmodelsworkedbetterinthe
subjectcategoryofNews and Media.

Inthisstudy,twosearchengines(GoogleandBing)wereemployed.Itwasimportanttocompare
themalsointermsofregressionmodelperformance.TheR2scoremeanoftheregressionmodelsfor
Googleis0.5731,andforBing0.5727.Themeandifferenceisonly0.004.AsdepictedinFigure6,
therearenosignificantdifferencesbetweenthetwosearchengines.Itsuggeststhattheperformances
ofthetestedregressionmodelsareconsistentwiththesearchenginesemployed.

Amongthe8regressionmodels,Model8(orEquation8)hadtheworstperformance.Tofurther
confirmthisfinding,twoextramodelssimilartoRegressionModel8wereadded,andcorresponding
testswereconducted.Thefollowingaretheaddedequations(Equation11andEquation12):

RM X b
b
X

9 0
1

4
( )= +  (11)

RM X b
b
X

10 0
1

8
( )= +  (12)

Iftisdefinedasavariableinthefollowingequation(Equation13),theeffectoft (t=2, 4,and
8)onR2ofthesethreederivedregressionmodelscanbeobservedinFigure10.InFigure10,X-axis
representsvariabletwhiletheY-axisrepresentsR2.Itisquiteclearthatastincreases,thecorresponding
R2decreasesdramatically.

Figure 8. The Effect of t on R2 of the Regression Models
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RM X t b
b

tX
( , )= +0

1  (13)

5. CoNCLUSIoN

AsInternettechnologycontinuestochangeandhopefullyimprovelivesandsocietiesworldwide,
effective global information management becomes increasingly critical, and effective Internet
informationretrievalsystemsbecomemoreandmoresignificantinprovidingInternetusersworldwide
withaccurateandcompleteinformation.

BothaverageInternetusersandbusinessintelligencesystemsseemtoacceptthesearchresults
presentedbythesearchenginesasalistofdecreasingrelevance,whileinrealityitmightnotbeso.
Userstendtobrowseonlythefirst20-30itemsriskingmissingimportantinformationbecausethey
mightnothavebeenproperlypositionedontheresultlistbythesearchengine’srankingalgorithms.
Therefore,accuraterelevancerankingofsearchresultitemsasreturnedbysearchenginesisextremely
important.

Thisstudyaimedtodiscovertheeffectivemeasurementofsearchresultsfromsearchenginesand
findthebestregressionmodelindescribingthedownwardrelevancetrendsofthereturnedresultlists.

Tohelpachievethepurpose,5hypotheseswereproposedtoexplorerelationshipsamongsearch
engines,regressionmodels,subjectcategories,andtheirinteractions.Twosearchengines,Googleand
Bing,wereemployedinthestudy.Sixsearchtasksfromeachofthefoursubjectcategories(Health, 
News and Media, Science and Technology,andEconomy and Business)weredesignedandsubmitted
toeachsearchengine.Thereturneddatasetswererandomlyassignedto32evaluatorsforindependent
relevanceevaluations.Relevancescoreswerepluggedinto8regressionmodels.Consequently,384
R2fromtheregressionmodelswerecollected.

BasedontheR2collected,twotwo-factorANOVAtestswereconductedtotesttheproposednull
hypotheses.HypothesesH10andH20wererejectedandHypothesesH30, H40,andH50wereaccepted.
Significantdifferenceswerediscoveredamongregressionmodelsandamongsubjectcategories,but

Figure 9. The Effect of t on R2 of the Subject categories
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nosignificantinteractionswerefoundbetweenthemintermsofR2.Nosignificantdifferenceswere
foundbetweenthetwosearchengines,andnosignificantinteractionsexistedbetweenregression
modelsandsearchenginesintermsofR2.

Equation(4)asshownbelowwasidentifiedtobethebestfitregressionmodelamongthe8
regressionmodelsproposedacrossall4subjectcategoriesandforbothsearchengines.

RM X b
b

X
4 0

1
1 8

( )
/

= +  (14)

Thefindingsofthisstudyhaveboththeoreticalandpracticalimplications.Peoplegenerallyassume
thatrelevanceofitemsonaresultslistfromasearchenginefollowsadownwardtrend;however,
therewasnoappropriatemodeltodescribethetrend.Theresultofthisstudypresentsabestmodelto
describethetrendwhichwouldmakerelevanceevaluationandrankingofaretrievalresultslistmore
soundandplausible.ThismodelcanalsobeappliedtoOPACandotherinformationretrievalsystems.

Severallimitationsofthisstudywererecognized.First,thenumberofreturneditemsfromeach
searchtaskwaslimitedto50.Althoughpreviousstudiesshowedthatmostpeoplewouldonlyread
thefirstpageofthereturnedresults,alongerresultlistwouldbebetterforillustratingtherelevance-
decreasingpattern.Secondly,althoughthisstudyshowedthatGoogleandBinghadsimilarrelevance-
descendingpatternsintermsofR2fromregressionanalyses,itwouldhavebeenbettertoinclude
moresearchenginesinthisstudy.Finally,ifmoreregressionmodelshadbeenproposedandtested,
thefindingsofthisstudywouldbeevenmoreconvincing.

Despitetheselimitations,thefindingsofthisstudycanbeappliedtorelevanceevaluationof
searchresultsfromotherinformationretrievalsystemssuchasOPAC,canhelpmakesearchengine
evaluationsmoreaccurateandsound,andcanprovideglobalinformationmanagementpersonnel
withvaluableinsights.

Figure 10. The Effect of t on R2 of the Regression Models
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