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Abstract

Whetherusing Booleanqueriesor ranking documentsusing documentand
term weightswill resultin betterretrieval performancenasbeenthe subjectof
considerablaliscussiormmongdocumentetrieval systemusersandresearchers.
We suggest methodthatallows oneto analyticallycomparethetwo approaches
to retrieval and examinetheir relatve merits. The performanceof information
retrieval systemanay be determineceitherby usingexperimentalsimulation,or
throughthe applicationof analytictechniqueghat directly estimatethe retrieval
performancegiven valuesfor query and databaseharacteristics.Using these
performancepredictingtechniquessampleperformancdiguresare provided for
gueriesusingthe Booleanand andor, aswell asfor probabilisticsystemsassum-
ing statisticalterm independencer term dependenceThe variation of perfor
manceacrosssublanguagefusedin differentacademidisciplines)and queries
is examined. The performanceof modelsfailing to meetstatisticaland otheras-
sumptionds examined.

1 Intr oduction

Informationretrieval is the scienceandart of locatingandobtainingdocumentdased
on information needsexpressedo a systemin a querylanguage.Retrieval systems
often orderdocumentsn a mannerconsistentvith the assumptionsf Booleanlogic,
by retrieving, for example,documentghat have the termsdogs and cats, and by not
retrieving documentswvithout one of theseterms. Systemsconsistenwith the prob-
abilistic model of retrieval locatedocumentdasedon a querylist of terms,suchas
{dogs, cats}, or may acceptasinput a naturallanguageguery suchas| want infor-
mation on dogs and cats. A probabilisticsystemthenranksdocumentsor retrieval by
assigninganumericvalueto eachdocumentpbasedn theweightsfor querytermsand
thefrequencie®f termoccurrences documents.

Many lecturesandtextbookscoveringonlineand CD-ROM searchinghave taught
how to “best” formulatea query given the searches knowledge of the query and
databaseharacteristics Both practitionersand experimentersdave long known that
someretrieval techniquesvork betteron certainqueriesanddocumentshando other
techniques. Realizingthis, someresearchersncluding this author have combined
(with varying degreesof successj)he Booleanandtermweightingmodelsto produce
more generalmodelsthat are flexible and, ideally, more effective. Therehave been
mary theoreticaandimplementatiororienteddiscussionselatingtermweightingsys-
temsand Boolean-lile retrieval, with representatie works including [BR84, Cro86,
Eva94 EC92,FW90, Lee94,Los94h LB88, LBY86, Nie89, Rad82,Rad79,RT90,
Sal84,Sme84,Tur94. Thesemodelsandsystemsemphasize&ombiningBooleanand
probabilisticor vectorbasedsystemsnto asinglesystem.Our discussiorbelow differs
in thatit trys to keepseparatdooleanandtermweightingsystemshatassumeserm



independenceGiven this knowledge,the bettersearchenginefor a particularquery
anddatabaseombinationcanbe selected.

As retrieval researcthasmatured,it hasbecomemore obvious that differentre-
trieval techniqueave differentstrengthandweaknessesyith somedocumentsnost
easily retrieved using one techniqueand other documentseing bestretrieved using
othermethod9dBCB94, BCCC93 Lee95]. Usingthesetechniquesa systemor indi-
vidualmightbeableto chooseoneof severaldifferentmatchingprocedurebasedipon
how eachprocedurewill perform.

Ourapproacho comparingBooleanandtermweightingmodelshasbecomepossi-
ble becausef thedevelopmenbf analyticmodelsof informationretrieval performance
[Los91, Los95a Los9q. While moststudiesof retrieval systemsprovide experimental
resultsthe ability to preciselydescribeandexplain the operationof Booleanandterm
weightingsystemsenablesaus to calculatethe expectedperformanceof eithersystem
undera variety of assumptionsin addition,usingtechniqueglescribedelaw, it will
be possibleto understandind describetraditional Booleanretrieval asa specialcase
of a term weighting system,enablingus to analyticallycomparethe performanceof
Booleanandtermweightingsystems.

This article containslittle formal mathin the body of the article, with equations
providedin theappendixhatwill beof interestto themoreseriousstudenbf retrieval.

2 Modelsof Retrieval and Term Weighting

Several differentmodelsof informationretrieval systems,ncluding thoseaccepting
Booleanexpressionsasqueries have beenpopularwith commerciavendorsandwith
theinformationretrieval researcicommunity While the majority of commercialsys-
temshave usedBooleanquerylanguageghoseinterestedn formal modelsof retrieval
have probablypublishedmore on the probabilisticandvectormodelsof retrieval than
on Booleanretrieval. The modelsof probabilisticretrieval provide searchersvith a
decisionrule statingthata documentshouldbe retrievedif a calculatedvaluethatis
basedon severalparameterss lessthana costbasedvalue;if the calculatedvalueex-
ceedghecost,thedocumenshouldnotberetrieved. Thesecostsareoftendifficult for
patrongo articulate,in partbecausgatronshave little experiencevaluingor shopping
for information,whichis sooftenprovidedatlittle or nocostin mary societies.
Thevaluescalculatedn the decisionrule provided by the probabilisticmodelusu-
ally requireestimatingseveral parametersgenotedhereas: p, the probability that a
particulartermis presentin a relevant document;q, the probability that a particular
termis presenin anon-releantdocumentandt, the probabilitythata particularterm
is presenin adocumenti(ignoring the questionof documentrelevance).A full list of
variabless givenin AppendixC. Knowledgeaboutparameterss oftenlearnedhrough
two processesThefirst, the query provides someinformation externalto the query
aboutwhatthe userexpectsto find in relevantdocuments.The informationprovided



by the queryis examinedin Losee[Los88. The secondway thatparametersvalues
may be estimateds throughrelevancefeedbackjnformationprovidedby the searcher
aboutwhat the userfindsto be of interest[Boo83,CY82, Los88 M0093 RTMBS6,
Sme84 Spigs].

Whenestimatingprobabilitiesfor usein the probabilisticmodel, it is necessaryo
eitherassumestatisticalindependencef termsor to formally incorporatesomeform
of statisticaldependencéetweendocumentfeatures[Coo095, CL68, Cro86, LY82,
Los94a Los95a VR77, YBLS83]. Termsare consideredo be independenin most
commercialand experimentakerm weightingsystemswhentermfrequenciesrebi-
nary, this form of systemwill bereferredto asconsistentvith thetermindependence
(IND) model. This assumeshat, giventwo terms,oneterm containsno information
aboutthe probability or likelihoodthat the otherterm beingconsideredwill occurin
the samedocumentr in the samerelevanceclass. Differentforms of theseassump-
tions have beenexamined[RSJ76,Rob77, with the mostrecentdiscussiorprovided
by Cooper[Co0095]. The term independencassumptioris obviously an inaccurate
assumptionthetermcats in a queryis obviously morelikely to co-occurwith terms
like fur anddogs thanit is to co-occurwith termssuchastortellini or ravioli. Yet,
makingtheindependencassumptiorallows for the timely andaccurateestimationof
parametevaluesandtheretrieval of documents.

Theprobability of two termsco-occurringmay be computedrom the probabilities
of the termsoccurringindependentlyas well as a factor representinghe degree of
dependencéetweerthe terms(Equation2 in the Appendix.) This factorincludesc,
which representshe expectedproportionof documentscontainingboth terms. This
variableis similar to a correlation,but it is not the traditional correlationcoeficient
foundin socialsciencestatistics It is theaverageproductof thetermfrequencieswhat
might be calledthe “active component’in the morecommonlyfound Pearsorproduct
momentcorrelationcoeficient[Los944.

Vectorretrieval modelstake a geometricapproacho theretrieval problem,with a
gueryandeachdocumenbeingrepresentedsa documentectoror arrov moving out
from the origin (0,0) pointin a space.A documentthatis very similar to the query
will have it's documentwectorat a smallangleto the queryvector Theanglebetween
them (computedby a cosinemeasurewill be relatvely small, while documentdess
similar will have alargeranglebetweerthemselesandthe query Eachdimensionin
the“space”’maybeusedo representhefrequencie®f a specificterm. Assumingterm
dependencen the vectorretrieval modelresultsin the adoptionof a somavhatmore
elaboratanodelof thetermspaceandthe relationshipbetweenvectors.Interestingly
in mary casesthe formulasdevelopedby thoseusingthe probabilisticmodelarethe
sameasthe formulasproducedoy thoseusingthe vectorapproact{Boo82]. For this
reasonwe feel comfortabledeveloping our modelunifying term weighting systems
with Boolearretrieval system$y usingtheprobabilisticmodel. A similardevelopment
usingthevectormodelmay be performedalthoughthe interpretatiorof the processes



will bedifferent.

3 Analytic Models of Retrieval Performance

Probabilisticand vectormodelsof retrieval have traditionally beenevaluatedby sim-
ulating retrieval systemsusing testdatabasesontainingsamplequeries,documents,
andrelevancejudgements.In an analogousnanney one could determinethe areaof
arectanglehrougha numberof experimentaimethodsjncludingthe simplecounting
of the numberof tiny square®f a givensizethat onecanphysicallyfit in the rectan-
gle. However, mary tenyearsolds, usinga formulaic, analyticmethod,can multiply
the heightof therectangldgimesthewidth of therectangleo determingherectangles
area. The performanceof retrieval systemssimilarly may be determinedanalytically
with the expectedperformancéeingbasedon a numberof factorsthatdirectly deter
mine performanceincludingp, ¢, andc for thetermsincludedin the query

The model of retrieval performancausedherepredictsthe average search length
(ASL), thepositionof theaveragerelevantdocumentn therankedlist of documentsin
situationswhereretrieval is random for example the ASL will betherankpositionof
themediandocumentn thedatabaseThe ASL is usedherein lieu of moretraditional
measuresuchasprecisionandrecallbecausét is easyto understandthe ASL is the
averagenumberof documentonewill needto examineto getto the averagerelevant
documentandbecaus®f the easewith whichit canbe predicted.

The ASL maybe computedor the simplecasewherethereis asingletermin the
gueryby estimatingwherethe averagerelevantdocumentwould be (probabilistically)
in the ranked list of weighteddocumentsthe proportionof the way throughthe unit
spaceonewould needto move to getto the averagepositionfor a relevantdocument.
The ASL in therangefrom 0 to 1 is referredto asthe “raw ASL.” We begin by esti-
matingthe percentof documentsvithout the term andthe percentof documentswith
theterm. For eachof thesecateoriesof documentsye calculatethe midpointof the
“percentrange”’anduseit asthe representate point for the range. Eachof the two
pointsis thenmultiplied by the percentof relevantdocumentswith the corresponding
characteristicThis hasthe effect of finding the proportionof relevantdocumentsvith
andwithouttheterm,aswell astheirrelative position,in the scaledrangefrom 0 to 1.
Thisvalueis thenmultiplied by the numberof documentsn thedatabasendthen1/2
is added A similar proceduranaybe usedfor largernumbersof terms.

If thereare 100 documentsfor example, spreadingthe relevant documentgan-
domly throughoutthe databasevould resultin an ASL of 50.5. If therewere5 doc-
uments,all with the sameterm, andthe orderingwas perfect,the ASL would be 3.
Considera more complicatedcasewherethe queryis a singleterm andthereare 10
documents4 of themrelevant, with 3 of the relevant documentsaand 1 non-releant
documenthaving the singletermin the query Then,p = .75 andt = .4. The“raw
ASL” (scaledin therangefrom 0 to 1) may be computedby noting the midpoint for



the documentswith thetermis .2. This canrepresen?5% of therelevantdocuments,
while the mid point for the documentsith theterm,.7, canrepresenthe 25% of the
documentwithout theterm. Summing.2 x .75 and.7 x .25 producesa raw ASL of
.325. This,whenmultiplied by the 10 documentg3.25) canbe addedo 1/2, resulting
in anASL of 3.75

Thesdechniquesreappliedthroughtherestof thearticleto ahypothesizedatabase
of 100 documentsRandonperformancdor thisdatabasevill haveanASL of 50.5. As
termsbecomepositivediscriminatorf relevancethatis, p increasedeyondt, theper
formancewill move away from thisrandomASL value.For all thegraphsshown here,
the variablet wassetto .1, thatis, 10% of the documentsave thetermin question.
All resultsreportedherealsousetwo termsto simplify discussionwith p and¢ being
the samefor bothterms. This sameness not requiredby our model, but accepting
the sameparametewaluesfor both termsdecreasethe numberof variablespresent,
allowing us to examineand make strongerstatement@boutsomeother variablesof
interest(e.g.,c.)

The deggreeof dependencéetweentwo termsis capturedin part by the average
productof the binary term frequenciedor the two terms(in all documents).This ¢
value,whenusedto estimateheunconditionedoint probability (alongwith the proba-
bility ¢ for asingleterm)is denotedasc;, while thecorresponding usedin estimating
the conditionalprobabilitythata termpair occursin arelevantdocumentis denotedas
Cp-

The performanceesultsshovn in Figure 1 vary parameterg and c¢;. Thesere-
trieval surfacesshaw the effect of changesn parametewralues,somethingnot easily
shavn using more traditional experimentalmethodologiessuchas simulationusing
testdatabasesSettingp = .1 resultsn thetermbeinganeutraldiscriminator(resulting
in anASL of 50.5) while ac; = .01 is effectively a Pearsormproductmomentcorrela-
tion of 0, with a “negative” correlationrepresentetly ¢; < (.01 = ¢?) anda positive
correlationby ¢; > .01. Thesurfacewith the meshrepresentperformanceassuming
thatthetermsareindependerandthe performanceurfacewithoutthemeshrepresents
retrieval performancessumingermdependenceror theindependencenodel,thec,
componenis computedusing Equation5 in the Appendixso thata Pearsomproduct
momentcorrelationof 0 is modeledbetweenquerytermsin relevantdocuments.The
dependencéasedprobability is computedwith ¢, numericallysetto that value that
resultsin the lowestASL, providing anindicationof the greatestiegreeof difference
thatmight befound.

For theretrieval surfacesshown in Figurel, increasinghe c value(c;) slightly po-
larizesthe documentsincreasingthe proportionof documentswith both termseither
presenbor both absentresultingin a setof documentghatare easierto separatento
relevantandnon-releantclasses A strongereffect seenin the Figureis thatwhenp
increaseshe ASL steadilyandmorestronglydecreasegjueto theincreasen thedis-
criminationability of theterms. Performanceinderdependencen this caseis always



0.015

—
]
<

0.13
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superiorto or equalsthat with independenceThe worst caseperformanceobtained
consistentwith dependencassumptionsvould be that obtainedconsistentvith inde-
pendencassumptions.

This and someotherperformancedescriptionsusedherecanbe saidto “mix ap-
plesandoranges’in the sensehatthec, valuesfor two differentretrieval surfacesare
seldomthe samefor a givenc; value,thatis, thosepointsthataredirectly abose one
anotherandhave matchingc; andp valuesoften have differentc, values. This is be-
causewe aredisplayingthebestperformingdependencealueconsistentith theother
parametersisedin determininghe performancef theindependenceodel.

Whencomparingermdependencandtermindependenceodels,t seemsappro-
priateto assumehatthe probabilitiescomputedassumingerm dependencareaccu-
rate,while thoseassumindermindependencareoftenlessaccurate\WWhenestimating
the ASL, it is necessaryhenconsideringeachpossibledocumenprofile (bothterms
presentboth termsabsent.etc.) thatthe probability be computedthat the profile is
foundin relevantdocumentsinderthe modelof interestandusingits assumptionsA
secondprobability mustbe computedhat describeghe proportionof documentghat
have this profile; this latter probability is always computedassumingthe (accurate)
termdependenceodel.

4 BooleanOperators and Probabilistic Ranking

Retrieval systemsbasedon Booleanlogic have long sened asthe cornerstonef the
commercialdocumentretrieval systemmarket andremainvery importantbecauseof
therelative simplicity of the querylanguageandthe easewith which it canbe under
stoodandimplementedThemostcommonusefor aBooleanexpressions to statewhat
characteristiceustbe presenin materialto beretrievedin a systemthatretrievesand
presentdo usershibliographicrecordsor full-text. A seconduseof Booleanexpres-
sionslikely to increasen importanceover thenext decades in rulesincorporatednto
documentandemailfiltering systems.Sucha rule might take the form of a statement,
“If the documentcontainsterm foo, then placedocumentin folder bar and display
noticeof arrival onthescreen.

Booleanexpressiongypically usethreeoperators:and, or, andnot. A searchfor
documentsaboutboth dogsand catsmight be expressedas dogs and cats. Logical
implications,suchasdog implies mammal, if somethings a dogthenit is a mammal,
may be expressedvithout usingthe implication operatoy e.g.,usinga statementik e
“It is notthe casethatsomethings a dog andis nota mammal.”

If we areto applytheanalyticmodelof retrieval performanceif becomesecessary
to treatBooleansystemsas specialforms of probabilisticretrieval systems.We sug-
gesta way to do this here,by comparingthe rankingprovided by individual Boolean
operatorsvith therankingprovided by systemsconsistentvith probabilisticmodels.



4.1 Conjunctive Normal Form

Any Booleanquerymay be expressedn eitherof the commonnormalizedforms for
Booleanexpressions:Conjunctive Normal Form (CNF), or Digunctive Normal Form
(DNF). CNF representghe conjunctionof disjunctions,thatis, a seriesof “anded”
componentsvith thesecomponentsn turn, consistof the“oring” of individualterms
(or the negationsof theseterms.) Any Booleanexpressiorncanbe corvertedinto CNF
[KK84]. Similarly, alogical expressionin DNF is a disjunctionof conjunctionsa set
of “ored” componentsyhereeachcomponentonsistof andedterms.Expression
CNFmaybetreatedastheconjunctionof statisticallyindependentomponentf80085,
LB88] andmay appeamore“natural” in somecircumstancesalthoughDNF appears
to beappropriaten someothercircumstancefCro8q.
An expressionin DNF suchas

(dogs and rabies) or (cats and rabies)
may betransformednto CNF by regroupingthetermsandBooleanoperators
(dogs or cats) and rabies.

Anotherexpression,
not (dogs and cats),

may betransformednto a queryin CNF:
( not dogs) or ( not cats).

By corvertinga Booleanexpressiorof any compleity into oneof thesenormalforms,

arankingof documentsisingtheseprobabilisticmethodsmay be easilyimplemented
throughthe simplecombinationof the methodgor the Booleanor, not, andand. We

assumebelow that all our querieshave beencorvertedto CNF, thus simplifying the

typesof operand®achof our Booleanoperatorgnustaccept.

4.2 Boolean“and”

Theuseof theBooleanand maybeemulatedn a probabilisticretrieval systenthrough
the useof joint probabilitiesandassumingpecifictermdependenciesAssumea user
desiresto retrieve documentsaboutpoodles and allergies, with thosedocumentsot
containingboththesetermsbeingaccorded secondarylacein arankedlist of docu-
ments. The sameorderingmay be desiredand obtainedusinga probabilisticretrieval
systemif the joint probabilitiesof poodles andallergies are estimatedn sucha way
thatthe documentsare orderedso thatthosewith bothtermsaretreatedasonesetof
documentsandthosewithout bothtermsareretrieved afterward. It is alsonecessary
thata probabilisticsystemtreatdocumentswith eitheror neitherof the terms(but not

9



with bothterms)asthoughthey hadthe samerankingvalue. Therankingmustbe:

Term1l Term?2

1 1
1 0
0 1 (these3 aretreatecthesame.)
0 0

For a givenp, t, andc;, thereis a uniquec, suchthatthe orderingrequiredby the
Booleanand is obtained It maybecomputedusingEquation9, thevaluefor ¢, which
produceshe ranking of documentsdescribedabove for the Booleanand, given the
valuesp, t, andc;.

Figure 2 shaws the level of performancenbtainedwhen comparinga querysuch
asX andY with a probabilisticquerycontainingthe sametwo terms,giventhatthec,
valuesarecomputedsothatthey areconsistentvith the assumptionslescribedabore,
i.e. Equatiom. In thisfigure,theresultsbeingcomparedor agivenc; usetwo different
valuesfor ¢,. Thec, valuefor the Booleanand is computedasabore, while the ¢, for
thetermdependenceodelis chosersothatthe ASL is minimized.

Therelationshipbetweerthe performancebtainedwith the Booleanand andthe
termindependencenodelis shavn in Figure3. The valuesof ¢, for bothmodelsare
computedasdescribeckarlier(Equations and9). Interestinglythetermindependence
modelis sometimesuperiorto the Booleanmodelandsometimesnferior. The“break
even” point at which both producethe sameperformances shovn graphicallyin the
figureandmaybe computedalgebraicallyEquation10.)

As onewould expect,theseresultsillustratethatthe Booleanand is notasgoodas
probabilisticretrieval takingadwantageof all termdependencaformationexceptin a
smallsetof circumstancesAt the sametime, the and resultsin performancesuperior
to whatis obtainedassumingermindependenceshenp is notmuchgreatetthant and
for lower valuesof ¢;. We arecomparingthe performancexpectedirom two different
retrieval models,eachof which makes assumptionshat are often not met. Figure 3
illustrateswhich model,with its assumptiongperformsbetterin particularsituations.

The Booleanand's performances ofteninferior to whatwe obtainwith a system
consistentwith term independencassumptiondecausehe and modeltreatsdocu-
mentsthesamewhetherthey have only onetermor theotheror whenthey have neither
term. However, documentsvith only oneof thetermsaremorelikely to be of interest
to the userthana documentvith neitherterm. The probabilisticmodelcanrankthose
documentsvith only asingletermin commonwith thequerybetweerthosedocuments
with bothtermsandthosewith neitherterm, resultingin performancesuperiorto that
obtainedwith the Booleanmodel.

The term independencenodelis sometimesnferior dueto the performanceob-
tainedwhenthec valuedrops.Whenthereis a nggative correlationbetweerterms(i.e.,

10
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c: < t?), fewer documentghathave onetermwill have the other makingit harderto
discriminatebetweertherelevantandnon-rel&antdocuments.

4.3 Boolean“not”

The Booleannot may be emulatedthroughthe reversalof the probabilisticranking
for thetermin question.For example,processinghe Booleanqueryquilting may be
emulatedy retrieving documentdasedntheprobabilisticmethodappliedto theterm
quilting. TheBooleanguerynot quilting maybeemulatedasthereverseof theordering
obtainedwith the queryquilting. This is the sameasorderingthe documentdy the
probability that a documentdoesnt have the term. Whenqueriesarein conjunctve
normalform, aswe areassuminghey are,they will beat mostonetermastheoperand
for eachnot operatorandthuswe needonly addressingletermsasoperandgor not.
The performanceof the termindependencand Booleanmodelswill be the samefor
simplenot operationbecauséhey eachhaveasingletermor concepusedn document
ordering.

4.4 Boolean“or”

The useof the Booleanor alsomay be emulatedby a probabilisticinformation re-
trieval system(aswith the Booleanand) throughthe useof joint probabilitiesandby
assumingspecifictermdependenciesA queryconsistingof two termsconnectedvith
the Booleanor operatorretrievesdocumentshaving eitheroneor both of the terms.
The sameorderingmay be obtainedusinga probabilisticretrieval systemif the joint
probabilitiesof the two termsare selectedso that the documentsare orderedso that
documentswith either(or both) of thetermsaretreatedasonesetof documentsand
thosedocumentswith neitherterm constitutea secondsetto be retrieved afterward.
Therankingmustthenbe:

Terml1l Term?2

1 1
1 0 these3 aretreatedthe same
0 1
0 0

As with the Booleanand, thereis a uniquec, for a givensetof parametersThis
¢, may be computeausing Equation13, which determineghe necessaryaluefor c,
which producegherankingof documentslescribedbove for the Booleanor.

Figure4 shavsthelevel of performancebtainedvhencomparinga querysuchas
X orY with a probabilisticquerycontainingthe sametwo termsandthatthe c, values
are computedso that they are consistentwith the assumptionglescribedabore, i.e.
Equation13. Two differentvaluesfor ¢, areusedin producingthis figure. Thec, value

13



0.015

0.13

Figure4: The meshedsurfacerepresentshe performancebtainedwith a Booleanor

andthe unmeshedsurfacerepresentshe (superior)performanceobtainedwith term

dependence.
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for the Booleanor is computedconsistentvith Equation13, while the ¢, for theterm
dependencenodelis againchosersothatthe ASL is minimized.

The relationshipbetweenthe performanceobtainedwith the Booleanor andthe
termindependenceiodelis shavnin Figure5. Performanceisingthetermindepen-
dencemodelis sometimesuperiorto the Booleanmodelandsometimesnferior. The
“break even” point at which both producethe sameperformancas shovn graphically
in thefigureandmaybe computedalgebraicallyEquationl14.)

As one would expect, theseresultsillustrate that the Booleanor is not as good
asprobabilisticretrieval taking advantageof all term dependencenformation. At the
sametime, the or sometimegesultsin performancesuperiorto whatis obtainedas-
sumingtermindependence.

The Booleanor’s performancas often inferior to what we obtainwith a system
consistentvith termindependencassumptionbecaus¢heor modeltreatsdocuments
the samewhetherthey have only oneterm or both terms. The modelcanbe saidto
“throw away” the obviousinformationthata documentwith two querytermsis more
likely to be of interestto the searcherThe probabilisticmodelsarenot limited by this
constraintandcantake advantageof this information.

5 Retrieval Variations acrossDisciplinesand Queries

Academicdisciplinesvary in how their scholarsexpressideas,varying from highly
guantitatve expressionsn mathematicséo complex nominalexpressiongoundin bi-
ological literatureto the unique and preciseuse of commontermssuchas “truth,”
“knowledge; and“beauty” by philosophers.The differencesetweenthe languages
usedn academidisciplines(sublanguages)ave beenthe objectof considerablstudy
[Bec87 Bon84 Haa95,LH95, Sag81,Tih92]. Someof thedifferencedetweendisci-
plinesmay be viewed on a spectrumfrom the hardto the soft science§LH95]. The
disciplinesmayalsobeviewedin termsof thosefieldsthatcreateanddonateconcepts
andtermsasagainsthosedisciplinesthatarenetborrovers[Los954.

Usingthe analytictechniquesiescribedcabove, we have attemptedo examinethe
effectivenes®f differentretrieval proceduresndifferentdisciplines.Usinga database
developedby StephaniHaas[Haa95 LH95], term frequenciesandthe relationships
betweentermsare computedand examinedin the light of the requirementdor each
of several differentretrieval procedures.The databaseonsistsof approximatelytwo
hundreditles andabstractérom eachof eightdisciplines:biology, economicselectri-
calengineeringhistory, mathematicsphysicspsychologysociology For theresearch
describedn LoseeandHaag[LH95], lists of termswererandomlyextractedfrom each
of the eight databaseandtheir statusas sublanguagéermsstudied. Termson these
lists arecategorized(for purposesere)assublanguageermswhenthey matchin part
adictionaryentry from a subjectdictionaryandarelabeledasgeneralanguagegerms
if they do not matchin partanentryin the subjectdictionary Sublanguagéermsare
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Discipline p ¢ t ¢ Disc
Seeprintedarticlefor takular data

Tablel: Parametewraluesfor differentdisciplines.Disc. representthetraditionalIND
termweight(discriminationvalue)computedisingthe p andt values.

considerechereasa pool of subjectrelatedtermslikely to be foundin a query and
theseermsareusedbelov assamplequerytermsfrom which all possiblepairsof sub-
languagdermsarederived. Thesesublanguagéerm pairsmay be usedin estimating
p andc, parametersyhile a randomsetof tensof thousand®f term pairswereused
in estimatingt andc; parameterskor this study termswerestemmedisingthe Porter
[Por80]stemmingalgorithm.

Table 1 presentghe averagep andt valuesfor the eight disciplines,along with
the correlation-relategharameters,, andc,. The valueon the right handside of the
tableis the discriminationvalue of the “average”term, which is at its maximumfor
mathematicsand sociology with its low point for biology. The highestvaluesfor p
are similarly found in mathematicandsociology The variablec; is highestfor the
fields of biology and economics. An examinationof a ranked list of the ¢; values
for term pairsfrom all disciplinesfoundthat of the top twenty five term pairs,fifteen
werefrom biology andeightwerefrom economicswith only two comingfrom other
disciplines(psychologyandelectricalengineering. Becausef the smallsamplesizes
for the“sublanguageterms,we don't make strongclaimsaboutspecificdisciplinesor
aboutthe characteristicef hardor soft sciencesTheresultsherearemeantto provide
examplesof whatmaybe anticipatedrom a diversesetof disciplines.

Differentretrieval modelsmay be evaluatedafter makingexplicit the assumptions
of eachparticularretrieval model. If the assumptionsare met, suchasthosemade
by Equations9 or 13 for the Booleanand andor, respectrely, thenBooleanmodels
canbe describedorobabilistically Performancas estimatedoy computingthe ASL
for a particularmodeland comparingtheseASL valuesfor eachmethod,givena set
of parametersWhencomputingthe ASL (Equationl), two typesof probabilitiesare
used: thosedescribingthe actualdata (unconditionalprobabilities)and probabilities
conditioneduponrelevance.The conditionalprobabilitiesmayreflectthe probabilities
as seenby the model being evaluated,while the unconditionalprobabilitiesmay be
understoodisdescribinghe actualdistribution of datain all documentsas(precisely)
predictedby thetermdependencenodel. In casesvherewe know the degreeof term
dependencacrossll documentsi,e., c;, we maycalculatehe performancef amodel
assuminghe ¢, valuesuggestedy the model. This performancenay be compared
with the performancebtainedwith theactualc, value,with termdependence.

Using the assumptiongbove, the type of retrieval model(e.g.,and, or, or IND)
only effectstheretrieval performancenodelthroughthe parameteestimatesor c,. For
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Discipline IND and or

Soc 6.56 92.51 0.93
Math 8.51 87.89 3.60
Econ 10.48 85.44 4.08
Bio 10.55 84.92 4.52
EE 11.18 85.34 3.48
Phys 12.84 83.78 3.39
Psych 15.05 81.58 3.37
Hist 17.78 78.19 4.03

Table2: The percentof randomlyselectedsublanguagéerm pairsfor differentdisci-
plinesin which the retrieval modelindicatedis best. This assumeshe parametersf
themodelareconsistentvith theretrieval model(i.e., Equationss, 9, or 13).

UseMethod (Assuming) When
Booleanand Equationd | Ad) <0, Equationll &
Ao, > 0, Equationl6
Booleanor Equation13 | Ay, < 0, Equationl5 &

A2, <0, Equationl6

TermWeighting(IND) | Equation5 | A%, > 0, Equationl5 &
Amd > (), Equation1l

Figure6:

eachsetof valuesfor ¢;, t andp, thereis ac, valuethatprovidesoptimal performance.
Using anothervaluefor ¢,, suchasonelikely to be assignedoy one of the various
retrieval models,may provide performancesignificantly belon that which could be
obtainedwith optimalmodels.Examiningthedifferenceébetweerretrieval performance
with the actualparameter,, andthe parametersestimatedy the modelcanprovide
anindicatorof the performancédevel usinga models parameteestimateof c,,.

Table2 shavsthepercenbf randomlyselectedublanguageermpairsthatarebest
retrievedwith eachof thethreeretrieval models giventhattheassumptionaboutc, for
eachof themodelqe.g.Equation® or 13) hold. Thevariablep is thedisciplineaverage
shavn in Table1 andthevaluesc; andt aretakenfrom theindividualterm pairs. The
decisionrulesusedareprovidedin Figure6. ThevalueA%; denoteghedifferencen
performancéetweerretrieval modell andmodel2. Whenthis differenceis positive,
thefirst modelhasa higher(worse)performancehanthe secondone,while whenit is
negative, performancewith the secondmodelexceedsthe first, measuredn termsof
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ASL, andthefirst modelis the betterperformer Thesearethe rulesusedto produce
theresultsshovn in Table2.

As anexampleof usingthesedecisionrules,let usassumehatbothtermshavet =
.1. Onemaythencalculatehe A valuegandthebettermodel,indicatedn parentheses)
for thesetwo cases:

p=t+.01 | p=t+.05
A ¢ =12 ¢ =12+ .01
Aend 10,0038 (IND) | 40.0208 (IND)

A% | —0.0004 (or) | 4+0.0003 (IND)

AOT‘

and

+0.0040 (or) +0.0178 (or)

Whenthedeggreeof dependencbetweertermsis increasedmoving from theleft col-
umn to theright), alongwith anincreasan the discriminationvalue of the terms, it
becomeglearthattheretrieval performanceaisingthe Booleanand dropscomparedo
thatobtainedwith thetermindependencenodelor the Booleanor. Herethe Boolean
or is superiorto theand.

Usingadifferentapproactwith theeightdatabasedescribedbore andwith thepa-
rametewvaluesshavnin Tablel, wefind thatwhenall theassumptionsf eachBoolean
modelaremet, andignoring Equationss, 9, and 13, the resultsshowvn in Table3 are
obtained Heretheactualparameter$or the dataareusedandthedocumengroupings
imposedby the differentmodelsaremethere. Insteadof usingthe estimatef ¢, for
the Booleanmodels,provided by Equationss, 9, and 13, the averageexperimentally
determinedvaluefor ¢, for eachdisciplineis used. Using the discipline averagedor
¢, insteadof thevaluesfor eachindividual pair may have a significantinfluenceon the
performanceesultsobtained.

Whenretrieving usingtheBooleanor, for example thevaluedfor parameters, ¢, c,
andc; areobtainedfrom the data,unlike the earliertechniquesisedin producingTa-
ble 2 thatgenerated, sothatit fit certainassumptionsDocumentswith or areranked
sothatdocumentswith either(or both) of the querytermsaretreatedasbeingof the
samerank, while thosedocumentswvith neitherterm areranked after thesefirst docu-
ments.Thisis differentthanthe methodusedin producingTable2, which usedEqua-
tions9 and13to estimate:, for theBooleanmodels andall differentdocumenprofiles
aretreatedasunique.Whenthe valuesfor parametersneettherequirementsf Equa-
tions 9 or 13, rankingobtainedfrom a dependencbasedorobabilisticsystemwill be
thesameaswith a Booleansystembecaus®f the parametewralues.Thedatain Table
3 arenot producedby assuminghat Equations9 or 13 hold but, instead the iteration
(summationthroughthe documentss modified so that the propergroupingsare ob-
tained(requiredfor theprobabilisticmodelto providerankingidenticalto thatprovided
by asystemusingthe Booleanmodel.) This modificationcomputeshe ASL (Equation
1), collapsingcertainsetsof termstogetherfor specificBooleanmodels.
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Discipline IND and or
fboxSeeprintedarticlefor takular data

Table3: The percentof randomlyselectedsublanguagéerm pairsfor differentdisci-
plinesin which the modelindicatedis the mostappropriateretrieval model. All the
requirement®f eachmodelaremet.

6 Summary and Conclusions

Severaldecisionmakingtechniqueave beensuggestedor the practitionerwho has
the option of choosingwhich searchlanguageor retrieval modelto usefor a given
databasein situationssuchaswhena databasés searchabléhroughmorethanone
vendors searchengine.Theindividual searchemay selectthe searchmechanisnex-
pectedo performbest,or anautomatedgystemmay make the decisionfor the useror
assistheuser

Themostimportantrecommendatiowe canmalke to searchers thatsystemson-
sistentwith termdependencmodelsshouldbeusedwheneer possible While perfor
mances improvedby takingadwantageof the statisticaldependencbetweertermfre-
guenciesit maybecomputationallffoo expensvein mary instancegor systendesign-
ersandimplementorgo incorporatdéermdependencasanoption[Los94a LBY86]

Searcherseedto carefullyconsidertheassumptionthataremadeby the Boolean
models.For example,in the caseof and, all documentsvithout boththe termsbeing
anded areassumedo have the samechanceof beingof interestto the user which is
usuallyabadassumptiorito make. Similarly, the Booleanor treatsall documentsvith
eitherof the oredtermsasbeingidenticalin importancewhich is alsounrealistic.In
generaldocumentswith only oneof a pair of termsare somevhatlessvaluablethan
a documentwith both termsandare correspondinglynorevaluablethana document
with neitherof the terms. As wasseenabove, the documentsareonly equalin value,
having differentsetsof characteristicswhenspecificparameteraluesexist, whichis
seldomthecase.

Table3 suggestthattheBooleanand producesuperiomperformanceéo theBoolean
or in mary but not in all cases.This superiority if it canbe shovn to hold in other
databaseandwith morerealisticquery sets,would suggesthat systemshat supply
their own operatorshouldusuallysupplythe Booleanand ratherthantheor. Expres-
sionsin CNF may be morenaturalfor enduserswho might be furtherencouragedo
useand. Thisis consistentith thehistoricalemphasi®ntheconjunctve normalform
andthefrequentuseof theBooleanand by searcher§Gup87 MC81].

The relationshipbetweenthe Booleanand, the or, andthe IND model may be
understoodn termsof the natureof the correlationsbetweenterms. For example,
the Booleanand requiresthat documentswith eitherterm or neitherterm be treated
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identically by the ranking process. The rankingsof disciplineswith regardsto the
differentmodelsin Table3 seemdo berelatedto the orderingobtainedwith p or ¢, in
Tablel.

Therankingin Table3 obtainedwith the Booleanor is only equialentto therank-
ing obtainedwith the Booleanand whenthereis a perfectpositive correlationbetween
thetwo terms. Whenthis occurs the presencer absencef onetermwill dictatethe
presencer absencef theother Therewill notbearny documentsvith only oneof the
terms.This providesthe samerankingunderBooleanand andor by effectively elimi-
nating all documentgxceptthosewith bothor with neitherterms:boththesetypesof
documenthave the samerelative rank positionunderorderingwith and andwith or.

Booleanretrieval systemscan be studiedanalytically as specialcasesof proba-
bilistic retrieval systems. Statementgomposedf a single Booleanoperatorcanbe
modeledprobabilisticallyand compoundBooleanstatementsanbe treatedasnested
simplerBooleanexpressionglacedinto CNF. Differentformsof queriesmaybecom-
paredandoptimality examined[Los944.

Due to the differencesn sublanguagessedin academicfields, we may expect
somedifferencedn the typesof queriesthat are bestsuitedto eachdiscipline. The
datadiscusseahow thatdisciplinesdo vary in the degreeto which differentretrieval
modelsshouldbeused.Dueto problemsassociateavith the smallnumberof abstracts
andthe smallnumberof sublanguagé&ermsusedin the samplejt would be unwiseto
malke ary generalizationsboutthosesearchtechniquesnostappropriatefor specific
disciplines.

In summarysituationsin which usingthe Booleanand or the or producethe best
resultscan be analytically determinedhroughthe useof appropriateformulaeusing
the valuesof individual andjoint term probabilitiesand frequencies.One methodof
determiningthe bestmodelto userequiresthat we take advantageof all the informa-
tion available aboutthe databasendthe statisticalevidenceaboutterm relationships
for thosetermsin the query Usingthis information,andgiventhe optionof the same
databaséeingavailableon multiple systemspnewith a Booleansearchmechanisms
and one with probabilisticsearchcapabilities,the systemwith the bestexpectedre-
trieval performancenaybe selectedWhile thetermdependenceodelwill almostal-
waysbesuperiorit is seldomthe casethatthis modelis availableon existing systems.
Instead onemustoften choosebetweersystemsconsistentvith simpletermindepen-
dencemodelsand systemsconsistentvith BooleanassumptionsUsing the methods
describechere,it becomegossibleto estimatewhich methodwill be superior given
actualor estimategarametevalues.

A Appendix—Computing Retrieval Performance

The AverageSearch_ength(ASL) may be computedn differentways,dependingon
the differentretrieval assumptionsvith which it is desiredthatthe ASL be consistent
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[Los953 Los9§g. For our two term model, bothtermsareassumedo have the same
probability of occurrencet) in all documentsandthe sameprobability of occurrence
(p) in relevantdocumentsWe maycomputethe ASL thus

ASL =N + .5, (1)

% Pr(d;|rel) (P%i(i) Pr(d;) + M)

i—11 j=11 2

wherePred(i) is thepredecessarf profiles, theiterationproceedén theorder11, 10, 01, 00,
and N is the numberof documentsn the databaseThis assumeshat bothtermsare
positive discriminatorsmakingthe orderprogressrom documentswith the termsto
documentsvithouttheterms.

Theprobabilitiegin Equationl) thatadocumenbccursn eitherrelevant(Pr(d;|rel))
orin all documentgPr(d;)) maybecomputedisingtheBahaduiLazarsfeldExpansion
(BLE), whichmaybeusedto estimatgor computeexactly) probabilitiesof termpairs,
triples,etc. Describedor thegenerakasein [YBLS83, Los94a],we considetherethe
BLE for the two term case thatis, whenwe wish to computePr(z, y). For this two
termcasetheBLE takesthefollowing form:

E((z-p)(y—q)(r—p)(y—q))

pe(1—p)(1 —q)

wherep andg aretheprobabilitiesthatthefirst andsecondermshave termfrequencies
x andy of 1, andwherec = E((a)(b)) is theexpectedvaluefor the producta andb.

If thetermsareindependenthe probability thattwo termsoccurwith frequencies
x andy, respectrely, is

P (1—p) (1 —q)"¥ |1+

(2)

p*(1 =)' ¢ (1 —q)' . 3)
Adding the assumptiorthatthe termsare dependentequiresthat the following com-
ponentbeaddedo (3):

E((z—p)y—1q))

pe(1 —p)(1—q)

Notethatthefractionon theright is a constanfor all documenprofiles.

Whencomputingthe probabilitiesof term pairsoccurringconsistentvith theterm
independenceodel,it is necessaryo estimateor computePr(d;|rel), usingc, asthe
¢ componentthe numeratorof the fraction on the right handside of Equation4, and
to computePr(d;) with thec componentepresentedly ¢;. Givenknowledgeof ¢;, we
may computer, consistentvith theindependencassumptions

p(1—p)'"¢(1—q)" ¥(z—p)(y—q) (4)

(NP 2 ©)

The true valuesof p, t, andc, areusedwhenc, is estimated.Using this estimateof
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¢p, thesamerankingis obtainedwith thetermdependencmodelaswould beobtained
usingthetraditionaltermindependencemodel.

B BooleanExpressions% Probabilistic Ranking

The ranking obtainedwith Booleanexpressionsnay be emulatedprobabilisticallyif
a documentweighting systemis usedthat is consistenwith probabilisticmodelsof
retrieval andincorporatedeaturedependenciesUsing the analyticmodelof retrieval
performancewe canlearnthosesituationswherea Booleanqueryor Booleansystem
would be superiorto using a probabilisticsystemand whenthe probabilisticsystem
would besuperiorto the Booleansystem.

We first considerthe simplestform of logical expressiona singletermsuchasz,
with no operatorsTherankingof documentsisingthe Booleanexpression: retrieves
firstdocumentsvith z, followedby documentsvithouttermz. We denotethis Boolean
rankingas B(z) This samerankingis obtainedby a probabilisticretrieval modelwith
asingleterm. The probabilisticrankingbasedn probabilisticweight P (z) is denoted
asRk (P (;r:)). For our purposeswe will denotethis equivalentranking by the <=
symbol,thus

B(z) <= R (P (). (6)

B.1 Negation

The simplestlogical operatoris negation. A Booleanquery suchasnot x (denoted
as —x) simply requiresthat the ranking be reversedfrom that obtainedwith x. The
probabilisticrankingis simply the inverserankingfrom thatobtainedwith P (z), that
is, therankingobtainedwith P (—z) = P (z). Rankingwith therule of logical negation
is thus

B(-z) <= R (P (z)). )

In somecircumstancesgnoddsformulationmaybe moremathematicallyractable
or useful.Onemightthencompute

B(-z) &5 R((1 - P(2)) /P ().
Similarly, the oddsformulationof equationg is
B(z) #8 R((P () /(1 - P (x)).

Theuseof suchoddsbasedormulaeaddressomeof the concernghathave been
raisedaboutterm independencenodels[C0095,RSJ76]. Theseconcernsare not an
issuein modelsthatassumendfully computetermdependence.
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B.2 Conjunction

Theretrieval characteristicef a Booleansystempresentedavith a Booleanquerycon-
sistingof the conjunctionof two termsmay be emulatedby the ranking provided by
probabilisticretrieval if oneacceptgherule of ranking conjoined features:

B(z Ny) = R(P (x,y)). (8)
In thisexpressionP (z,y) = Pr(rel|z,y). Theoddsform of Equation(8) is

P(z,y) )
(1-P(z,y))

Theextensionof theserankingsbeyondtwo termsis simple.

Therankingprovided by B(z A y) may be representedh a probabilisticranking
by usingthejoint probability P (z, y), thatis, the probability thatz andy will occur
together While this approachis intuitively appealingjt bringsup a problemthatoc-
curswith multiterm systems.Emulatingthe ranking of the Booleansystemwithin a
probabilisticsystemrequiresthat there only be two typesof documentsthosewith
both 2 andy, andthosewith either oneor the otheror neither It thusbecomesec-
essaryto find a probabilisticformulationconsistensuchthat R (P (x=1y= O)) =
R(P(z=0,y=1)) = R(P(=0,y=0)) # R(P(z =1,y =1)). Thisis ob-
tainedif we assumehatP (z =1,y=0) = P(z=0,y=1) = P(z =0,y =0) #
P(z =1,y =1). A simplesolutionto this begins with equatingthe probabilitiesof
termsz = 1 andy = 1, makingP (x =1,y =0) = P(z =0,y = 1). We thende-
terminea degreeof dependenceetweenthe two termssuchthat P (zr = 1,y = 0) =
P(zx=0,y=0) = P(z =0,y =1). Obviously, this canonly betrueif the second
orderdependencean“counter”thechangan oneof the otherparameters.

When computingthe term dependencéor term pairsin the Booleanmodelsde-
scribedin the body of the papey it becomesecessaryo computePr(d;|rel) using
¢, asthec componentdescribedn AppendixA, andto computePr(d;), wherethe ¢
components representetby c;. Beginningwith knowledgeof ¢, in the Booleanand,
we may computer, consistentvith theabove assumptionsas:

B(x/\y)<=>R<

_1 _
cand _ 1 4 +c+p cp.

» - (9)

Whenoneranksdocumentassumingerm dependencedhetrue valuesof p, ¢, andc;
areused,andc, is estimatedasin Equation9, giving the samerankingaswould be
obtainedwith a Booleanqueryusingtheand operator

Assumingthis methodfor computingc,, one can computethe breakeven point
betweerthe Booleanand andthetermindependencenodelassuming=quation5, that
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is, wherethetwo modelsproducethe sameretrieval ordering.We denotethis as

—p4 P’ +t+ 2pt — 3p°t — 2t% + 2p°1
Caand -0 = .

(10)
iND 1—p—2t+2pt

More generally the ¢; value neededwhen a differenceA%34, in the “raw ASL” on
the unit interval from 0 to 1 (thatis, the ASL beforeit is multiplied by the number
of documentsand.5 added)is desiredbetweernthe raw ASL obtainedwhenusingthe
Booleanand andthe raw ASL obtainedwhenusingthe termindependencenodel,is
computedas

P P° +t+ 2pt — 3p*t — 2t% 4 2p*t% + 2974 oA
Aan - .

(11)
iND 1—p—2t+2pt

Notethatotherkinds of break-&en pointsmay be computedconsistentvith different
assumptions.

B.3 Disjunction

Whenwe saythatz is trueor y is true,we canalsosaythatit is notthe casethatz is
falseandthaty is falseat the sametime, thatis, both cant befalseif x is trueor y is
true. We canthussaythat(z Vy) = —(—z A —y). Therule of ranking digjoined features
¥

B(xVy)(z)R(ﬁ(x:O,y:O)) (12)

Using methodssimilar to thoseusedwith the Booleanand, we may computethat
whenthe Booleanor operatorconnectghetwo terms,thec, valuemustbe

ey’ = cipft (13)

Assumingthatc, is this value(for the next threeequations)the breakevenlevel of
performancédetweena queryusingthe Booleanor andthe termindependencenodel
is

cagn =0 = Pt (14)

GivenA?y . thedifferencein theraw ASL performancédetweerthe Booleanor and
thetermindependencemodel,we maycomputec; as

t(p? — 2p%t + 2A7,
Cper — (p 14 IND) ) (15)
IND p— th

Usingasimilartechniquethec, valuemaybecomputedgiventhe (A% ,) by which

theraw ASL for the Booleanor exceedgheraw ASL for the Booleanand, andgiven
thatc, is computectonsistentvith theassumptionsf Equationsd or 13 in the caseof
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theBooleanand or or, respectrely. We computer; thus:

o — t(—p+t+2pt — 2% — 2A%"  + 2tA" ) (16)
Bana —p+1t+2pt — 207

Usingtheseequationdo determineA valuesallows oneto analyticallydeterminethe
degreeof performanceancreaseor decrease¢hat would be obtainedin circumstances
consistenwith theassumptiongescribectarlierby moving from onemodelto another
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C List of Variables

rel Of useto theuser

p Probabilityatermoccursin arelevantdocument.

t Probabilityatermoccursin adocument.

¢ Expectedrequeny of the productof two terms.

c: ¢ for thesetof all documents.

¢, cfor thesetof relevantdocuments.

A%; Differencen “raw ASL” betweerretrieval models,M; — M.

B(z) Theorderedsetof documentproducedy Booleanqueryz.

P (z) Theprobabilisticvalueattachedo adocumengivenqueryz.

Therankingbasedn thesetof probabilisticvaluesattachedo doc-
umentsgivenqueryz.

M, <= M, MethodM; produceshe samedocumentankingasmethod/,.
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