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Abstract

Insteadof usingtraditionalperformanceneasuresuchasprecisionand
recall, informationretrieval performancemay be measuredy considering
theprobabilitythatthe searchengineis optimalandthe difficulty associated
with retrieving documentswith a given queryor on a given topic. These
measure®f desirablecharacteristicere moreeasilyandmoredirectly in-
terpretablghanaretraditionalmeasuresTheperformancef the Tagetand
Freestylesearchenginesis examinedandis very good. Eachqueryin the
CFdatabasés assignea difficulty numbeyandthesenumbersarefoundto
stronglycorrelatewith othermeasuresf retrieval performanceuchasankE
or F value. Thequerydifficulty correlatesveaklywith querylength.



1 Intr oduction

Journalarticlesandconferenceresentationsften describenow oneretrieval or
searchenginewasfoundto be betterthananother Thesecomparison®ftencon-
sist of the presentatiorof a particularretrieval measurecomputedfor a set of
gueriesthat are part of one or more experimentaldatabaseslin this study we
introducea methodthat canisolatetwo importantfactorsin the comparisorof
retrieval results. Below we suggestn methodfor isolatingtheintrinsic difficulty
associatedvith usinga queryandretrieving documentsup to a certainpointin
the search.We alsosuggest methodfor computingthe quality of aretrieval or
searchenginethatis independentin mary sensespf the experimentaldatabases
used.

The two measuresuisedherediffer from thosecommonlyusedto evaluate
retrieval systemgHH97]. While thesemeasuresrecomputedusingsometime-
consumingechniqueghatwould be virtually impossibleto computewith paper
andpencil,theresultsarevery easilyinterpretablepnebeinga directmeasuref
querydifficulty andthe otherbeinga measureof the probability thatthe search
enginewill produceoptimalranking. Thevaluesof the measuresremoreeasily
understoocand moredirectly relevantto the needsof thoseevaluatingretrieval
systemghan mosttraditionalretrieval performanceaneasuresuchas precision
andrecall.

2 Commercial Retrieval Systemsand DocumentRank-
ing

The Booleanretrieval modelhasbeenusedby mostcommercialinformationre-
trieval systemsincethe1960s althoughresearcherns thefield of informationre-
trieval have suggested numberof otherretrieval models suchasthevectorspace
model [SWY75], the probabilistic model [MK60], and the fuzzy set retrieval
model[Boo85,SM83]. In 1993,however, two new commerciaketrieval engines
becamevailablethroughLEXIS-NEXIS andDIALOG. Theseretrieval engines,
calledFreestyldLEXIS-NEXIS) andTamget(DIALOG), have beencallednatural
languagesearchsystemsbecauseahey do not requirethe userto enterBoolean
searchstatementsAs Turtle (1994)stated a naturallanguagesearctsystentac-
ceptsasinputadescriptiorof aninformationneedin somenaturallanguaggsuch
asEnglish)andproducesasoutputa list of documentsanked by the likelihood
thatthey will be judgedto matchthe informationneed”(p. 212). Eventhough
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Freestyleand Target offer naturallanguagesearchinghowever, neitheremploys
trueartificial intelligencewhich parse®r “understandséasubjectdomainenough
to paraphraser make conclusionsin fact,thenaturallanguagenterfacein these
systemsstemsfrom a commonautomaticindexing stratgy that involvesthree
steps:

1. identificationof key concepts,
2. removal of stopwords,and
3. determinatiorandexpansionof rootwords.

Freestyleand Tamget are direct competitorsand eachsystemhasuniqueas-
pects. For example, Tamget eliminatesthe useof Booleanoperatordut doesnot
actuallyprocessaturallanguagejueries.Insteadthesystemasksusergo entera
list of importanttermsandphrasesndthenproducesarankedlist of documents.
A documeng rankis basedon the numberof searchtermsin the documentthe
proximity of the searchtermsto eachotherin the documentthe frequeng of a
searchtermin thedatabasegandthelengthof thedocumentin orderto shedight
on how a documens rankis determined Target providesthe frequeny of each
searchtermin eachdocumentandthe relevanceweight for eachterm. Target's
creatorschoseto limit the list of documentgetrieved to the 50 documentswith
the highestranks,a decisionthatlimits the users ability to do a comprehensie
searchn Tamet.

As far assearchaids, Target doesnot offer a thesaurusprobablybecausea
thesaurushatcould be usedfor all of DIALOG’ s databasewould be have to be
painstakinglyexhaustve. Targetdoesprovide unlimited truncationbut not auto-
maticstemmingor automatiddentificationof phrasesParentheseapproximate
BooleanOR,andanasteriskindicatesermsthatmustbepresentn all documents
retrieved. The systemdefaultsto searchingor articlespublishedin the pasttwo
years but thedesireddateof publicationcanbechangedf necessary

PerhapshemostobviousdifferencebetweernramgetandFreestylas thatFreestyle
doesallow theuserto entematurallanguagejueriessuchas"Tell memoreabout
the Gulf War” In fact, Duval and Main (1994) suggesthat this featuremakes
Freestyleparticularlyappropriateor novice usersanduserswith a vagueor ill-
definedsearchtopic. The usermanualfor Freestyleexplainsthat the systemis
basedn “a mathematicatonceptcalledassociatie retrieval” [Mea94,p. 1]. As
themanualstates:



Searchessingthe FREESTYLEfeaturerely on statisticalalgorithms
that examine your searchquery identify and rank relevant search
termsandphrasesdropoutthe“noise” wordsthatwon't besearched
and comparethe relevant termswith every documentin the library
andfile beingsearchedThe FREESTYLEfeaturethenretrievesthe
top 25 documentghat have the beststatisticalfit with your search
terms.[Mea94,p. 1]

The manualgoeson to explain that the Freestyleassignsa weightto each
guerytermandthenretrievesdocumentshatmatchthequery A Freestylequery
then,goesthroughfive steps:

1. identificationof significanttermsandphrasegrom thequery
2. removal of stopwordsfrom thequery

3. calculationof the statisticalimportanceof the termsand phrasesn the
gueryandcomparisorof thosetermsandphraseso eachdocumenin the
database,

4. retrieval of documentswith the highestprobability of matchingthe query
and

5. rankingof eachretrieved documenbasedon the numberof querytermsin
thedocumentindthe statisticalimportanceof eachqueryterm.

Freestylalsoprovidesdatelimiting andanonlinethesaurusAsin Target,manda-
tory termsmay be indicatedby an asteriskanda BooleanOR may be indicated
throughthe useof parenthesesl he systemautomaticallysearchesingularsand
plurals, but doesnot offer automatictruncation. Freestyledoesrecognizemore
than 300,000phrases but the user may indicate unusualphrases(e.qg., “f atty
acids”)by usingquotatiomrmarks.Relevancefeedbacks notanoptionin Freestyle
or Tamet.

The . WHEREand.WHY screensn Freestylareparticularlyhelpfulbecause
they offer somecluesaboutthe algorithmsusedto weight querytermsandrank
retrieveddocumentsFor example the . WHEREscreerdisplaysagrid thatshows
the presencer absencef eachquerytermin eachdocumentretrieved. On the
otherhand,the WHY screendisplaysthe weight assignedo eachqueryterm,
the numberof retrieved documentscontainingeachof the queryterms,andthe
numberof documentsnatchedn thedatabase.



LEXIS-NEXIS researcherparticipatedin TREC-2, TREC-3, TREC-4,and
TREC-5,but did notemploy Freestyleasaninformationretrieval enginefor ary
of theseconferenceslnstead,n TREC-3,LEXIS-NEXIS usedthe SMART sys-
tem and manualexpansionof queriesas a retrieval engine,with the resultthat
LEXIS-NEXIS wasranked third in the manuallyformedad hoc questionscate-
gory. In reportingon their TREC-3system LEXIS-NEXIS researcherasserted
thatautomaticqueryexpansionis not a “viable optionin the on-line serviceen-
vironmentbecausautomaticqueryexpansionargely excludesthe userfrom the
gueryformulationprocess’[LK95]. This argumentprovidesa possibleexplana-
tion for the lack of relevancefeedbackin Freestyle.Lu and Keeferalso stated
thatthe typical realworld queryis extremelyshort,basedon thefinding thatthe
averagdengthof a Freestylequerywasseventerms.

3 Measuring Retrieval Performance

Therearea numberof waysthatretrieval performancenaybe evaluated A wide
rangeof performancaneasuringechniquesave beenrecentlysummarizedy
HarterandHert [HH97] andBurgin [Bur99]. Most of the popularmeasuress-
sumethatdocumentsireeitherrelevantor non-releant,referredto asbinaryrele-
vance.Thereis continuingresearclon typesof relevance[Bar94, Sch94,SW94j,
how individualsusethe conceptof relevance[TS98], andperformanceneasures
thatexplicitly allow for continuousrelevance[Los98. We will assuménerethat
documentghatarememberof a certainsetof documentsnay bereferredto as
relevant andall documentshatarenot memberf this setarereferredto asnon-
relevant. We considerthe relevancejudgmentsin experimentaldatabaseso be
approximationf the relevancejudgmentsthat might be provided by an actual
user

Performances mostfrequentlydescribedn termsof precisionthe probabil-
ity thataretrieveddocuments relevant,andrecall,the probabilitythata relevant
documentasbeenretrieved. The performanceof a searchasit progressesnay
beshavn throughuseof a precision-recalturve, which shavs thequalitiesof the
retrieved setasthe searchprogressesPrecisionandrecall have beencombined
into two measuresisedprimarily in the researclcommunity the £ and F' mea-
sureswhereFE = 1 — F, and F' is the harmonicmeanof the precisionandrecall
measurefVR74, Sha86 SBH9I7.

Another measurethe average search length (ASL), is the averageposition
of relevantdocumentsn the ranked list of documents.A smallnumberrepre-



sentssuperiorperformancewith the relevantdocumentsnovedtowardthe front
of thelist of rankeddocumentsCorversely alarge ASL, morethan N/2, where
N is the numberof documentsn the databaserepresentsvorsethanrandom
performance.When ASL = N/2, performancés random. Relatedto ASL is

Coopers expected search length (ESL), which countsonly the non-releyantdoc-
uments[Coo068. ESL hasaneconomicinterpretationwherenon-releantdoc-
umentsaretreatedashaving a costwhenretrieved. The ESL in this caseis the
averagecostassociateavith retrieving documentsa numberthatshouldbe mini-

mizedby aretrieval system.

In additionto computingthe ASL asdefinedabove, we may arbitrarily com-
putethe ASL up to pointsin the searctotherthanthe endof the databaseWhen
computingthe ASL asabove, we may saythatthe ASL is the averageposition
of arelevantdocumenin therankedlist of thefirst N documentsOthercutoffs
maybeusedto studyretrieval performanceip to specificpointsin theorderedset
of documentsA smallcutoff might be usedto studywhatis oftenreferredto as
a high-precision searchwhile the traditional ASL is essentiallythe performance
usingalargepartof thefull databasea high-recall search.

4 Analytic Models of Performance

The performanceof aretrieval or filtering systemmay be computedanalytically
using probabilisticmethodswith probabilisticparameterss input, ratherthan
usingrepeatedexperimentatiorfrom which performanceesultsareextrapolated
[Los9§. Giventhe setof characteristicef a setof documentsthe performance
may be directly computed. The analysishere computeshe parametersassoci-
atedwith rankedlists of documentgrom searchegroducingranked outputusing
commerciakearchenginesUsingthis modelcanleadto anunderstandingf the
directrelationshipbetweerretrieval performanceand changesn queries,docu-
mentsrelevancgudgmentsdatabassize,anddocumentankings.

Following the developmentin Losee[L0s98], the averagesearchlength,for
thecaseof asinglebinaryfeature,is

ASL=N[QA+(1-Q)(1 - A)] (1)

where N is the numberof documentsn the database() is the probability that
ranking is optimal (the quality measure)and A is the expectedproportion of
documentg&xaminedin anoptimalrankingif oneexaminesall thedocumentsip



to the documentin the averagepositionof a relevantdocument,or the optimal
ASL re-scaledo therangefrom 0 to 1. We compute

1—p+t

A= ,
2

(2)
wherep is the probability that the featureoccursin relevantdocumentsandt is
theunconditionaprobabilitythatthefeatureoccurs.

When A = 0, for example,the relevant documentsvould be at the front of
the orderedlist of documentswhile when A = .5, the averagepositionfor a
relevantdocuments in themiddleof the orderedist of documentsinterestingly
averybadA value,suchasA = 1, workswell with aworst-caseetrieval engine,
with Q@ — 0. Thisis equivalentto placingthe bestdocumentsat the end of the
list of ranked documentg A = 1) andthenretrieving thembackwards(@Q = 0.)
Whendiscussingesultsbelow, only thepositiveresultsaregiven,with thosecases
wherea “double nggative” producesa positive resultbeingignored,andthe twin
positive-positve process,producinga positive retrieval result, being presented
instead.

We will usethis simple retrieval model to capturethe performanceof the
searchenginesand queriesbeing studied. If we considerthe queriesas each
representingan information needor conceptcluster we may treatthis concept
clusterasasinglefeatureuponwhich we desireto discriminate.This clusteralso
hasprobabilitiesof occurringin variousclassesof documents.One could ex-
aminethe numberof termsin queriesandattemptto modelthe systemusingthis
mary @ valueswhichmightthenbeaveragedn someway, but accurateestimates
would requirefar greatemumbersof documentswith relevancejudgmentsthan
aretypically availablein experimentaldatabasesWe believe that usingthis sin-
gle conceptmodelis anadequatapproximatiorof whatwould be obtainedwith
amultivariatemodel,whereaccurateestimatesvould requirevery large numbers
of documentankings.

5 DocumentRankings from Commercial Retrieval
Engines
Any experimentsnvolving FreestyleandTargetmustof necessitye “black box”

experiments[RHB92], sincethe algorithmsusedin theseretrieval systemsare
tradesecrets.Basedon systemdocumentationhowever, we canconcludethat



bothsystememploy algorithmsbasednthevectorspaceandprobabilisticmod-
els, althoughthe exact valuesusedto calculaterelevanceremaina mystery In

their evaluationof Target, TenopirandCahn[TC94] statethatdocumeniveights
areadjustedor documentength,but Keen[K ee94]assertshathe did not detect
ary clearevidenceof suchadjustment.IngwersenIng96] suggestshat “Tamet
is applyingquorumlogic (in thetraditionalway), documentermfrequenciesand
collectiontermfrequenciesselementsf its rankingalgorithm? (p. 45) but pro-
vides no evidencefor this claim. We do know, however, that Target’s ranking
algorithmincludesatleastfour variablegK ee94:

1. numberof searchtermsin eachrecord,

2. proximity of searchtermsto eachotherin arecord,
3. frequeng of atermin the databaseand

4. lengthof thedocument.

Freestyleon the otherhand,providesa little moreinformationaboutthe in-
formationretrieval processised.For example the WHEREand.WHY screensn
Freestyleshav thataterm’sweightis inverselyproportionakoits frequeng in the
databaseln fact,theFreestyleHELP explanationaboutquerytermweightsstates
that“term importances basedon how frequentlythe termappearsn thefile(s)
you aresearching.Themoreoftenatermoccursthelower its termimportancé.
Thesefacts,then,suggesthatthe systememploys someversionof inversedoc-
umentfrequeny to calculatetermweights[SJ72]. Whencalculatingthe inverse
documenfrequeng weight(IDF), “termswith mediumto low collectionfrequen-
ciesareassignedigh weightsasgooddiscriminatorswhile frequenttermshave
low weights”[RSJ76 pp. 129-30]. Thematchingalgorithmfor Freestyleappears
to be derived from the vector spaceand probabilisticmodels,wherethe weight
of eachdocumenis the sumof the productsof termweightsandfrequencieof
thetermsin thedocument.Therankingalgorithmfor Freestylethen,appeardo
involve aminimumof threevariables:

1. frequeny of asearchtermwithin thedatabase,
2. frequeng of asearchtermin arecord,and

3. numberof searchtermsin arecord.



5.1 Experimental Rankings

A seriesof documentrankingswere obtainedand then analyzedto determine
both the retrieval performanceof differentsearchmechanisms&ndthe difficulty
or quality of individual queriesandtopics. Thedocumentankingswerefrom the
subset®f document®ntheappropriatesystenthatcontainedhemedicalsubject
headingCYSTIC FIBROSIS (CF) in the MEDLINE databaseluring the period
from 1974to 1979[SWWT91,Par98,PT98]. Theoriginal CF querieswerepro-
ducedby subjectspecialistandaredescribedn Shav etal. [SWWT91]. Differ-
entformsfor the querieshave beenproducedy Tibbo, asdescribedn Parisand
Tibbo [PT98]. Exhaustve relevancejudgmentshave beenobtainedfor this data,
makingit anattractve subseof MEDLINE for studiesof retrieval performance.

Paris [Par98] developedthe six setsof documentrankingsreferredto belon
as Boolean, Freestylel, Freestyle2, Freestyle3, Targetl and Target2. The first,
referredto below asBoolean, representshe retrieval performancebtainedwith
a setof Booleanqueriesdevelopedby Helen Tibbo for her work with the CF
databaseln herstudy Tibbo foundwhich of severalformsfor a queryproduced
thebestresults,andthis form of the queryis usedin this study

FreestylelandTamgetlrepresentocumentankingsproducedy searchesn
thecorrespondingystemusingtermsfrom the original naturallanguagegueries.
FreestyleZand Tamget2 represengueriesconstructedrom the termsusedin the
optimal queriesdevelopedby Helen Tibbo. For FreestyleZand Tamget2, terms
wereplacedin asinglesetof quotesf they werelinkedusingtheadjaceng oper
atorin the optimal Booleanquery e.g. information ADJ retrieval would become
“information retrieval” Termsconnectedy an OR wereplacedin parentheses,
which areusedto approximateOR in Targetand Freestyle.FreestyleXontains
thefull naturallanguagdorm of thequery e.g.,“"What arethe hepaticcomplica-
tionsor manifestationef CF?”

Minor changeshathadto bemadein afew specificcaseslueto systenlimita-
tionsaredescribedn Paris[Par9g. Of greatesinteresthereis thatFreestyleank-
ings arelimited to 1000 documentsyhile thoseof the Booleansystemincludes
all 1239documentsn the CF databaseTargetretrievesupto 50 documents.

Notethatourexaminationof thesecommerciakearctenginesaswell assome
earlierstudiesarebasedon retrieval usingtitles, abstractsandthe sophisticated
controlledvocahulary usedby the NationalLibrary of Medicine. Thosesearch
engineausingtechnique®ptimizedfor full-text retrieval will performsomavhat
differentlywith entiredocumentshanthey dowith the CF database.
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6 SystemQuality and Query or Subject Difficulty

Given the analytic model of retrieval, we may computethe A valuesfor each
query(4; representshe A valuefor the it query)andthe @ for eachretrieval
enginewhereQ); representthe quality (probabilityof optimalranking)of search
enginej. The A valuesmay be interpretedasthe level of difficulty associated
with retrieving therelevantdocument®n thetopic representebly variousformu-
lationsof thequery The(@ valuesmaybeinterpretecasthequality of eachsearch
mechanism.

We computethesevaluesby performingaratherlengthyregressionOur goal
is to solve for the variousvaluesof A; and @, for eachqueryandeachsearch
engine,finding the setof A and(@ valuesthat minimize the errorsmadein es-
timatingthe ASL values. This is a comple problem,andthereareno standard
simple proceduredor solvingit. We cantreatthe problemasbeingto solve a
non-linearregressiorof theform

ASL = N[(x1A1 + 294 + - - + T100A100)

(1@Q1 + y2Q2 + - - - + ysQs)
+ (1 = (141 + 2242 + - -+ + 2100 A100))

(1= (@1 +y2Q2+-- -+ y6Q6))]-

Herethe ASL is the dependentariableandthe parameter€),, 2, ... , Qs and
Ay, Ay, ..., Aig areindependentariablego beestimatedy theregressiorpack-
age.Thevariablez; is anindicatorvariablethathasthevaluel whenthequeryin
questions queryi, and0 otherwise Thevariabley; similarly is anindicatorvari-
ablethathasthe value1 whenthe retrieval enginebeingusedis retrieval engine
numberi, and0 otherwise.The datasetcontainsg500documentankings,onefor
eachcombinationof the six searchtechniquesandfor eachof the 100 queries.
The N valuesaresetto thecorrectnumberof documentgor eachdatabase.

The numbersthat are obtainedfrom theseregressionsareinexact. They are
estimateghat would be betterwith a larger sampleof queriesand documents
from which to make the estimates.The standarderrorsfor estimating@ values
areall approximately.014, while the standarcerrorsfor estimatingA valuesare
approximatelyd.056.

The @ valuesreflectthe databasérom which they arederived. The A values
arequeryspecificandreflectthe natureof therelevancejudgmentsandthe docu-
mentsavailable. The ) valuesarecomputedsoasto mathematicalllcomplement
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Q; for queries
Engine 1-100 1-50 51—100
Boolean 1.000 1.000 1.000
Freestylel 0.871 0.868 0.873
Freestyle2 1.000 1.000 1.000
Freestyle3 0.913 0.919 0.907
Tametl 0.744 0.751 0.738
Target2 0.956 0.927 0983

SO W N .

Tablel: @) valuesfor full retrieval for the 6 differentretrieval engines.

the A valuesso the regressionformula producesan ASL valueswith minimal
error. While @ valuesclearly will vary dueto the characteristic®of a specific
databasethe varianceshouldbe relatively small comparedo the variation ob-
tainedwith othermeasuresf retrieval performancejuality, suchasprecision.In
thefollowing sectionwe examinethe () valuesandtheir robustness.

7 Comparing Retrieval or Search Engines

Thedatain Tablel containthesetof () valueshatareobtainedvhenfull retrieval
is usedwith no cutoffs. We noticethatthe valuesfor Booleanandfor Freestyle2
shav that the enginesappearto be optimal at this point, with Target2 beinga
someavhat lower performingengine. The columnson the right side of Table 1
shav the Q valuesfor the first andthe seconds0 queries,shaving the relative
robustnes®f the( values.

The quality or difficulty associatedvith retrieving documentgor eachquery
is provided by the query-specifiscoregrovidedin Table2. Interestingly some
gueriesshav that relevantdocumentsre easilymovedto the front of thelist of
rankeddocumentge.g.queried throughl1) while the A valuesfor otherqueries,
suchas8 and24, represensituationswvhereit is far moredifficult to discriminate
betweerrelevantandnon-releantdocuments.

Thesenumberamay be interpretedeasilyby notingthatthereareabout1000
documentdeingconsideredor retrieval. If eachA valueis multiplied by 1000,
we obtainthe expectedpositionof arelevantdocumentif rankingis optimal. For
queryl, A; = .02, suggestinghatthe averagepositionof a relevantdocument
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Query: A; | Queryi A; | Query: A; | Queryi A;

.020| 26 075| 51 .345| 76 .000
500 27 .048| 52 .000| 77 .087
.087| 28 .000| 53 .000| 78 199
.064| 29 240 54 .044| 79 .080
102 30 .000| 55 .187| 80 .002
027 31 074| 56 .000| 81 104
122 32 023| 57 .076| 82 .106
326 33 109| 58 151 83 165
.000| 34 142 59 279 84 .000
10 .000| 35 106 60 .094| 85 123
11 .000| 36 022 61 .047| 86 153
12 .054| 37 141 62 226 | 87 101
13 196 38 200 63 .169| 88 .000
14 092 39 118 64 .045| 89 .061
15 147\ 40 248 65 1551 90 .000
16 220 41 012 66 107 91 .346
17 .034| 42 169 67 162 92 .068
18 .060| 43 123 68 324 93 .056
19 A101| 44 150 69 .000| 94 194
20 .043| 45 .083 70 .000| 95 .075
21 .000| 46 035 71 .000| 96 .061
22 149 47 106 72 .032| 97 .000
23 228| 48 .053 73 .000| 98 .089
24 .318| 49 026 74 .055| 99 .000
25 132 50 .069 75 .000| 100 .500

oo ~NOOUITh~WNPE

Table2: Thesetof A valuesobtainedwith retrieval of all documents.

13



would beataboutthe 20thdocumentetrieved. A querysuchas24, whereA,, =
.318, suggestshatthe averagepositionof arelevantdocumenivould be atabout
the 318" documentetrieved. Clearly mostsearchersvho wanthigh-recallwill
find an A valuefor this datasebver.1 to beunacceptable.

Theeasyinterpretatiorof measuresuchasA is oneof thereasongor its use.
If A remainsconstante.g. A = .001, one caneasily seethe practicalimpact
for the searchenof retrieving thesedocumentdrom a databasef a thousanda
million, or hundred=f millions of documents.

8 Performance Superiority over a Range of Situa-
tions

Retrieval performancanay be measuredt a singlepoint, aswasdoneabove, or
performancemight be measureaver a rangeof valuesfor a variable.For exam-
ple, examiningthe performancecharacteristicever a rangeof cutoffs from 2 to
N, thenumberof documentsn thedatabasezanshov how agivensearchengine
performsat differentpointsin the searchprocess A searchengineoptimizedfor
high-precisioower-recallsearchedpr example mighthave a higher( atcutoff
10 thanat cutoff V. Thesevariationsmay be computedexperimentally comput-
ing performanceatindividual cutoff points,or analytically shaving throughproof
methodghatoneretrieval engineis superiorto anotherover a rangeof cutoffs or
othervalues.

Figurel shavsthe valuescomputedor 4 retrieval enginesThereis clearly
noisein thefiguresfor low cutoffs, with trendsonly appearingvith highercutoffs,
wherelargeramountsof dataareavailablefor computation.

Figure 2 shavs in more detail the @ valuesfor low cutoffs. The Tamget 2
retrieval engine which performedverywell for largercutoffs, shovs alowerlevel
of performancdor small cutoffs, suggestinghatit is probablybetterfor higher
recallsearches.

9 Query Difficulty and Corr elateswith Other Per-
formance Characteristics

Theddifficulty associatedvith anindividual query A, may be comparedo other
guery-specifiperformancdiguresin an effort to validatethe useof the A mea-
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sure. A strongcorrelationbetweenthe measuresvould supportthe validity of

the proposed4d measure While a correlationbetweend anda measureM may
shaw a relationship,it doesnot necessarilymply that A is measuringhe same
phenomenoras.

In ParisandTibbo [PT98], a setof E valuesarereportedthatwerecorrelated
in our studywith A values.The F valueswereobtainedatthehighestrecallavail-
ablefor thatparticularqueryfrom the CF databaseAn E valuewasunreported
for querynumber2 which hadno relevantdocuments We conseratively chose
to usetheworst-casel value(1) asthe F valuefor this queryin this study The
Spearmamankcorrelationbetweerthe A valuesandthe F valuesis .523, andthe
Pearsomproductmomentcorrelationis .407. We may interpretthesestrongcor-
relationsasindicatingthe degreeto which the valueof a traditionalperformance
measuresuchasE is dueto thedifficulty of theindividual queries.

Thereis a positive correlationbetweerthe A valuesandthe numberof natu-
ral languagdaermsin the query with the Pearsorcorrelationbeing.172 andthe
Spearmamankcorrelationbeing.126. This suggestshatshorterqueriesproduce
betterresultsthando longer queries,which is contraryto the ideathat the in-
creasedichnessobtainedwith longerqueriesmakesup for the additionalnoise
createdby addingterms.Severalfactorsmaybeatwork here.Someof thelonger
gueriesincludedetailsaboutwhatthe searchewants,for example,the clauseat
theendof query34, “... whataretheir relatve advantagesanddisadantages?”
Query 37 addsa secondquestion®... andwhat factorscontribute to erroneous
resultsof thesetests?"Theselongerqueriesexpressinformationneedsthat are
inherentlymoreabstractndarelesstopical. They addlittle to theperformancef
aterm-matchingr weightingsearchengine althoughtheseadditionalclausesare
certainlyhelpful to humansearcheren developingqueriesandevaluatingdocu-
ments.

The correlationbetweenthe numberof termsfrom a public domainmedical
dictionaryandthe A valueswasnegligible, suggestinghat querydifficulty isn’t
simply a matterof addingor deletingsublanguagéermsfrom naturallanguage
gueries. The unnamedmachinereadablemedicaldictionary was obtainedfrom
the PC-SIGlibrary of publicdomainsoftware(Disk 4160,13thedition, CDROM
version)andwasmanuallysupplementetb includemostof the specializedned-
ical termsfoundin the CF database.
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10 Discussionand Recommendations

Thework herehasaddressethe questionof the relative performanceof several
differentretrieval enginesandsystemsaswell asthedifficulty associateith re-
trieving documentdor specificqueriesor topics. We have developeda technique
for estimatingthe probability of optimal rankingfor a retrieval engine,allowing
usto isolatethis valuewhich characterizethe quality of a searchenginefrom the
guery-retrigal difficulty, associatewvith retrieving thespecificqueryandthedoc-
umentsrelevantto the query Thesequery-specificA valuescorrelatewith other
performanceneasuressuchasE, providing empiricalsupportfor theusefulness
of A.

Theresultssuggesthatdightly bettersubject-basedetrieval performancas
obtainedwith best-cas8oolearnsearchingrtherankingengineusedoy Freestyle
whencomparedo therankingengineusedby Target.

SembokandVan Rijsbegen[SV90] noted,beforethe introductionof Tamget
or Freestylethat“the keyword approactwith statisticatechniquesasreachedts
theoreticalimit andfurtherattemptsor improvementareconsidered wasteof
time? While this statementnaybe a bit strong,thereis little differencebetween
thetwo commercialsearchenginesn termsof performancedespitecommercial
pressures$o develop a bettersearchengine,andthis performancemay be about
thebestobtainablevithoutusingmuchmoresophisticatedechniquesndknowl-
edge thatis, withoutrevolutionarychangesn retrieval theoryor practice.

The researchdiscussechere hasbeenbasedon testsusing the CF dataset,
describedn Shav etal. [SWWT91]. This datasehasexhaustve relevancejudg-
mentsandis thusan excellentdatabasdor mary researchpurposes.While the
CFdatabaseanbeusedin experimentabystemsthe samesetof documentslso
canberetrievedfrom existing commerciabystemsmakingthedatasetnvaluable
for thestudyof commerciakystenperformanceHowever, full-text systemson-
taining entiredocumentsinsteadof just titles, abstractsanddescriptorscanbe
expectedo performsomavhatdifferently andthis studyprovidesonly anapprox-
imationof theperformancehatwould be obtainedwith retrieving full documents
usingtheseparticularcommerciakearcrengines.

Futureresearchmightaddresgurtheraspect®f thequeryandhow its charac-
teristicsaffect performanceBy computingthe correlationdbetweenA andother
factors,we canlook at measure®f query-specifiaetrieval difficulty and other
factorsthat may causethe queryto be effective or ineffective at separatinghe
documentghat the userconsidergo be relevantfrom thosedocumentghe user
considerdo be non-releant. We may alsoconsidemmoreelaborateanalyticmul-
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tivariateapproacheto the studyof retrieval performanceGivenmuchlargersets
of documentsmultivariatetechnique$Los98 canbeusedto moreaccuratelyes-
timate both the performanceof differentsearchenginesandthe querydifficulty

dueto specificcharacteristicef aquery
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