
Towards Automatic Evaluation of Question/Answering Systems

Bernardo Magnini, Matteo Negri, Roberto Prevete,
and Hristo Tanev

ITC-irst, Centroperla RicercaScientificae Tecnologica,
Via Sommarive,3850POVO (TN), Italy�

magnini,negri,prevete,tanev � @itc.it

Abstract
This paperpresentsaninnovativeapproachto theautomaticevaluationof QuestionAnsweringsystems.Themethodologyrelieson the
useof theWeb,consideredasan“oracle”containingall theinformationneededto checktherelevanceof acandidateanswerwith respect
to a given question.Theprocedureis completelyautomatic(i.e. no humaninterventionis required)andit is basedon theassumption
that theanswers’relevancecanbe assessedfrom a purely quantitative perspective. The methodologyis basedon a Web searchusing
patternsderived both from thequestionandfrom theanswer. Differentkinds of patternshave beenidentified,rangingfrom “lenient”
(i.e. booleancombinationsof singlewords),to “strict” patterns(i.e. wholesentencesor combinationsof phrases).A statistically-based
algorithmhasbeendevelopedwhichconsidersboththekindsof patternsusedin thesearchandthenumberof documentsreturnedfrom
theWeb. ExperimentscarriedoutontheTREC-10corpusshow thattheapproachachievesahighlevel of performance(i.e. 80%success
rate).

1. Introduction
Textual QuestionAnswering(QA) aimsat identifying

the answerto a questioneitheron the Web or in a local
documentcollection.QA systemsarepresentedwith natu-
ral languagequestionsandtheexpectedoutputis eitherthe
actualansweridentified in a text or small text fragments
containingtheanswer.

Automaticor semi-automaticevaluationtechniquesare
of greatinterestfor QA for several reasons.On onehand,
mostQA systemsrely on complex architecturesincluding
modulesin chargeof thelinguistic processingof theques-
tion, searchin textual databases,andextractionof relevant
text portions. Performanceevaluationof suchsystemsre-
quiresa hugeamountof work. As a consequence,from
the softwareengineeringpoint of view, the automaticas-
sessmentof an answerwith respectto a givenquestionis
importantin the phasesof algorithmrefinementandtest-
ing. On theotherhand,theavailability of a completelyau-
tomaticevaluationproceduremakesfeasibleQA systems
which arebasedon generateand testapproaches.In this
way, the systemwill carry out differentrefinementsof its
searchcriteriacheckingtherelevanceof new candidatean-
swersuntil a given answeris automaticallyproved to be
correctfor a question.

Althoughthereis somerecentworkaddressingtheeval-
uationof QA systems,it seemsthat the idea of usingan
automaticapproachhasstill not beenfully explored.

(Brecketal., 2000)presentsasemi-automaticapproach
which relieson computingtheoverlapbetweenthesystem
responseto a questionandthe stemmedcontentwordsof
an answerkey. Answerkeys aremanuallyconstructedby
humanannotatorsusingtheTRECquestioncorpusandex-
ternalresourceslike theWeb.

Several systemsapply automatic answer validation
techniqueswith the goal of filtering out impropercandi-
datesby checkinghow adequateanansweris with respect
to a givenquestion.Theseapproachesrely on discovering
semanticrelationsbetweenthequestionandtheanswer. As
anexample,(HarabagiuandMaiorano,1999)describesan-

swervalidationasanabductiveinferenceprocess,wherean
answeris valid with respectto a questionif a logical justi-
ficationof its correctnesscanbeprovided.Thejustification
is basedon a backchainingproof from the logical form of
the answerto the logical form of the question. Although
theoreticallywell motivated,theuseof semantictechniques
on opendomaintasksis quite expensive both in termsof
the involvedlinguistic resourcesandin termsof computa-
tional complexity, thusmotivating researchon alternative
solutionsto theproblem.

The approachwe presentattacksthe problemfrom a
new point of view, exploiting the amountof information
presentin theWebfor a fully automaticanswervalidation
process.Our methodologyconsidersboth thesearchcrite-
ria usedfor queryingtheWebandthenumberof hits. The
underlyingintuition is that, given a question/answerpair,
thenumberof Web-retrieveddocumentsin which theques-
tion andtheanswerkeywordsco-occurcanbeconsidereda
significantclueto thevalidity of theanswer. Following this
intuition, differentqueryformulationcriteriarangingfrom
strict (i.e. closeto the actualform of a question)to more
lenient (i.e. traditionalword level queries)searchpatterns
are possible. The trade-off betweenthe useof different
searchpatternsandthe numberof documentsretrieved is
thoroughlyinvestigatedin orderto maximizetheeffective-
nessof a statisticalapproach.

Thepaperis structuredasfollows.Section2 introduces
the problemof the evaluationof QA systems,fixing the
context of this work. Section3 illustratesthe conceptof
validation patterns and presentsthe basicdistinction be-
tweenlenient andstrict patterns.Section4 describesasim-
ple patternextraction technique. Section5 addressesthe
problemof statisticalanswervalidation,presentingan al-
gorithm for estimatingan answer’s relevance. Section6
discussestheresultsof anautomaticevaluationexperiment
carriedoutusingtheTREC-10questioncorpusasdataset.



2. Answer Relevance
Theevaluationof QA systemscanbecarriedout from

differentperspectives,takinginto considerationeithertheir
usability andthe time of executionor the “quality” of the
output they provide. Until now, mostof the effort in de-
velopingQA systemsstill dealswith thesecondaspectof
thechallenge,focusingontheproblemof ananswer’s“cor-
rectness”.AlthoughtheQA roadmap(Burgeret al., 2001)
includestheanalysisof otheraspectsof thetask(real-time
QA, interactiveQA, userprofiling,etc.) in thefuture,sofar
theTRECcompetitionguidelinesonlyaskedparticipantsto
provide“correct”answersto open-domainnaturallanguage
questions.

Thedefinitionof correctnessdependsbothon thekind
of questionssystemshave to dealwith, andon the com-
plexity of therequiredanswers.Somequestionsaremuch
harderthanothersbecausethey requireexplanations(e.g.
“How to assemblea computer?”)or definitions(e.g. “Who
wasGalileo?”). In thesecasesit is not clearwhatmakesa
goodanswerbecauseof theinherentambiguityof theques-
tions. (Harabagiuet al., 2000)pointsout that for thesame
question,theanswermaybeeasieror moredifficult to ex-
tractdependingonhow it is phrasedin thetext. For instance
lists (e.g. “Name 9 countriesthat import Cubansugar”),
opinions(e.g. “Should the Fedraiseinterestratesat their
next meeting?”) andsummaries(e.g. “What are the ar-
gumentsfor andagainstprayerin school?”)aredifficult to
providebecausethey requiredealingwith informationscat-
teredthroughoutadocumentor acrossmultipledocuments.
In thesecases,theproblemof finding answersdependson
factors(for examplereasoningmechanismsandknowledge
of theworld) thatexceedtraditionalnaturallanguagepro-
cessingtechniques.As a consequence,thedefinitionof an
answer’s correctnessis alsoquiteproblematicbecauseit is
not a simple text portion found verbatimin sentencesor
paragraphs.

Sofar, thedifficulty of dealingwith suchkindsof ques-
tionsandanswershasconfinedmostof theresearchefforts
to the studyof questionswith short factualanswers(e.g.
“When did Elvis Presley die?”). Dif ferent criteria have
beenproposedfor judging this kind of answers. For in-
stance,(HirschmanandGaizauskas,2001)considersrele-
vance,correctness,conciseness,completeness,coherence
andjustificationaspossiblefeaturesof a goodanswerand
pointsout that,accordingto theTRECevaluationcriteria,
sofar evaluationshave focusedprimarily on relevance(i.e.
is theansweractuallyresponsiveto thequestion?)andpar-
tially on justification(i.e. is theanswersuppliedwith suf-
ficient context to allow a readerto determinewhy this was
chosenasananswerto thequestion?).

This work is focusedon the first of thesetwo aspects:
givena question� anda candidateanswer� , we definethe
answervalidationtaskasthe capabilityto assessthe rele-
vanceof � with respectto � . We assumefact-basedopen-
domainquestionsandthatbothanswersandquestionsare
texts composedof few tokens(usuallylessthan100). This
is compatiblewith the TREC-10data,which will be used
asan examplethroughoutthis paper. We alsoassumethe
availability of the Web, consideredto be the largestopen
domaintext corpuscontaininginformationaboutalmostall

areasof thehumanknowledge.

3. Validation Patterns
The useof patternshasrecentlyemerged as an inter-

estingapproachto the QA task. For example(Soubbotin
and Soubbotin,2001) describesa QA systembasedon
searchingfor predefinedpatternsof textualexpressionsthat
maybeinterpretedasanswersto certaintypesof questions.
Givenaquestionandalist of candidateanswers,thesystem
considersascorrectonly thetext portionsmatchingany of
thepatternstringscorrespondingto thequestiontypecate-
gory.

Ourapproachto answervalidationbenefitsgreatlyfrom
usingpatterns.Themotivationfor apattern-basedapproach
is thatpatternsrepresentaneffectivewayfor capturingboth
explicit andimplicit informationfrom text documents.An-
swers,in fact, may occur in text passageswith low sim-
ilarity with respectto the question. Passagescontaining
facts’ descriptionsmay use different syntacticconstruc-
tions,sometimesarespreadin morethanonesentence,may
reflectopinionsandpersonalattitudes,andoftenuseellip-
sisandanaphora.For instance,considerthequestion“What
is thecapitalof the USA?” andtheanswer“Washington”.
Usingpatternswecanfind Webdocumentscontainingpas-
sageslike thosereportedin Table1, whichcontainasignif-
icantamountof knowledgeabouttherelationsbetweenthe
questionandthe answer. We will refer to thesetext frag-
mentsasvalidation fragments.

1. Capital Region USA: Fly-Drive Holidays in and
AroundWashingtonD.C.
2. theInsider’sGuideto theCapitalAreaMusic Scene
(WashingtonD.C.,USA).
3. TheCapitalTangueros(Washington,DC Area,USA)
4. I live in theNation’sCapital,WashingtonMetropoli-
tanArea(USA).
5. in 1790 Capital (also USA’s capital): Washington
D.C.Area:179squarekm

Table1: Validationfragments

Given a question/answerpair, we usethe term valida-
tion patterns to indicatequeriesbuilt with differentcombi-
nationsof wordsextractedbothfrom thequestionandfrom
theanswer. Theunderlyingintuition is thatif a certainan-
sweris relevantwith respectto agivenquestion,thenaWeb
searchusingvalidationpatternswill resultin a largesetof
documentsconnectingquestionandanswerconcepts.On
the contrary, validationpatternsbuilt combiningthe ques-
tion keywordswith keywordsextractedfrom a wrong an-
swerwill leadto few documents.

Consideringthe above example, the problemof vali-
datingthe answer“Washington”canbe tackledsearching
the Web for documentsin which the concepts“capital of
the USA?” and “Washington”co-occur. Our hypothesis
is that the co-occurrencetendency of questionandanswer
concepts(i.e. the numberof retrieved documents)canbe
considereda significantclueto thevalidity of theanswer.

Dif ferent kinds of patternscan be used in order to
cover a large portion of validation fragments,including



those lexically similar to the questionand the answer
(e.g. fragments4 and5 in Table1) andalsothosethatare
not similar (e.g. fragment2 in Table1). A searchquery
covering all the validationfragmentsof our examplecan
begeneralizedby thepattern:

�
capital � text � USA � text � Washington�

where � text � is a placeholderfor any portionof text.
Theconstructionof a validationpatternis not straight-

forward.Theadvancedsearchmodalitiesof modernsearch
enginesallow theuserto put togetherquerykeywordsin a
numberof ways,narrowing or enlarging the searchspace.
Validationpatternscanbeclassifiedaccordingto their de-
greeof generality, and rangefrom lenient (i.e. boolean
compositionsof singlewords)to strict (i.e. searchqueries
usingstrings)patterns.

3.1. Lenient Patterns

Lenientpatterns,or word level patterns,representthe
easiestwayof combiningthesearchkeywords.At this level
questionandanswerkeywordsaresimply put togetheras
separatewordsusingboolean(i.e. AND/OR operators)or
moresophisticatedoperators(e.g. theNEAR operatorpro-
vided by AltaVista, which searchesfor pageswheretwo
wordsappearin a distanceof nomorethan10 tokens).

For example,considerthe TREC-10question: “Who
discoveredX rays?” and the correctanswer“Roentgen”.
The following lenient patterns, in decreasingorder of
generality, canbecreatedcombiningquestionandanswer
keywords:

�
discoveredOR X OR raysOR Roentgen��
discoveredAND X AND raysAND Roentgen��
discoveredNEAR X NEAR raysNEAR Roentgen�

Thefirst two patternsarethemostgeneral,andretrieve re-
spectively pagescontainingat leastone of the keywords
and pagescontainingall the searchkeywords. The third
patternrepresentsa furthernarrowing of thesearchspace,
andleadsto documentscontainingall thequerykeywords,
eachof whichseparatedby atmost10 tokens.

A common feature of lenient patterns is that they
usually produce a large number of hits but presenta
low degree of reliability. Even in the caseof retrieved
documentscontainingall the searchkeywords,thereis no
guaranteethat the relation betweentheseconceptsis of
the expectedtype. As an example, lenient patternsbuilt
with theAltaVistaNEAR operatorleadrespectively to 414
documentsjustifying the right answer(i.e. “Roentgen”)
andfive documentsfor thewronganswer“Einstein”. One
of thephrasescoveredby thewronganswerpatternis:

“Historical Timeline.1895- Wilhelm Roentgendiscovered
X-rays. 1905- Albert Einsteindevelopedthetheoryabout
therelationshipof massandenergy”.

The fact that “Einstein” is in proximity of “discovered”,
“X” and “ rays” is enoughfor the word level patternto
cover thetext even if theco-occurrenceof thethesewords

is purelyaccidental.

3.2. Strict patterns

Strict patternsrepresenta refinementof the searching
criteria which combinesquestionand answerkeywords
ranging from the phrase level to the sentence level. As
a result, the casualco-occurrenceof query keywords is
considerablyreduced,while co-occurrencesresultingfrom
a semanticrelation betweentheseconceptswill tend to
remainstable. For instance,consideringthe verb-phrase
“discoveredX rays” as a searchunit, our questionabout
X-rayscanbecombinedwith therespective correctanswer
into thefollowing strict patterns:

�
“discoveredX rays”OR Roentgen��
“discoveredX rays”AND Roentgen��
“discoveredX rays”NEAR Roentgen�

Sincethe string “discoveredX rays” is lesslikely to ap-
pearin a written text with respectto any of the unordered
combinationsof thewords“discover”, “X” and“rays”, we
would expect that strict patternswill cover a smallerpor-
tion of Webdocuments.However, we expectthat theright
answer“Roentgen”will continueto appearin thecontext of
theverb-phrase,while thewronganswer“Einstein” would
disappearor rarelyappearin thesamecontext. A new Web
searchusingtheNEAR operatorprovidedby AltaVistacon-
firmsourhypothesis.In fact,theverb-phrase“discoveredX
rays” appearscloseto theanswer“Roentgen”in 215doc-
uments,while it appearscloseto “Einstein” only in one
document.

Furtherrefinementsof thesearchcriteriaarepossiblein
orderto createmoreandmorestrictpatterns.For example,
thequestionanalysisof “Who discoveredX rays?” shows
thatwearelooking for a person,which maybethesubject
of a sentencewhoseverb phraseis “discoveredX rays”.
Usingsyntacticinformationwe canmove from thephrase
level to the sentencelevel in order to build the following
stricterpatterns:

�
“RoentgendiscoveredX rays”��
“EinsteindiscoveredX rays”�

A Websearchusingthefirst patternreturns106documents,
while thesecondpatternis not foundon theWeb.

The trade-off betweenthe useof differentsearchpat-
terns and the numberof documentsretrieved has to be
consideredfor statistically-basedanswervalidation. The
longer the phrasesor sentencesthat the patternscontain,
the lessprobablethey becomeand the risk of missinga
right answerincreases.Moreover, thesmallnumberof text
fragmentscoveredby strict patternsmakestheapplication
of any statisticalapproachdifficult. On theotherhand,the
lessprobablethepatternis, thehighertheinformationvalue
of its appearancein a text collection. Therefore,the ap-
pearanceof a low-probabilitypatterncanbe considereda
significantclue to thevalidity of ananswer. Thedifferent
ways in which facts can be reformulatedmakesthe very
strict patternsinapplicablein somecases.



4. Using Patterns for Answer Validation
In theexperimentsreportedin this paperwe have used

only one type of the patternsmentionedabove, namely
phrase-level patterns.Thiskindof patternrepresentsagood
test for checkingthe validity of the statisticalanswerval-
idation technique. Moreover, phrase-level patternsallow
for a goodcompromisebetweenthenumberof documents
returnedfrom the Web and the possibility of casualco-
occurrenceof thequerykeywords.

Fromthispointon,wewill useQsp to denotetheques-
tion sub-pattern(i.e. theportionof patternderivedfrom the
input question)andAsp to denotethe answersub-pattern
(i.e. theportionof thepatternderivedfrom a candidatean-
swer).

Question sub-pattern (Qsp). During theconstructionof
theQsp phrasesareidentifiedby meansof ashallow parser.
Keywordsarethenexpandedwith bothsynonymsandmor-
phological forms in order to maximize the recall of re-
trieveddocuments.Synonymsareautomaticallyextracted
from themostfrequentsenseof thewordin WordNet(Fell-
baum,1998),whichconsiderablyreducestherisk of adding
disturbing elements. As for morphology, verbs are ex-
pandedwith all their tenseforms(i.e. present,presentcon-
tinuous,pasttenseandpastparticiple).Synonymsandmor-
phologicalformsareaddedto theQsp andcombinedin an
OR clause.As anexample,considerthe following TREC-
10 question: “George Bushpurchaseda small interestin
which baseballteam?” There are two uninterruptedse-
quencesto beconsideredhere:“GeorgeBushpurchaseda
small interest”and“baseballteam”. After thekeywordex-
pansionsphasedescribedabove, the two tokensequences
arecombinedin thefollowing Qsp:�
George Bush(purchasedOR purchaseOR purchasingOR

buy OR bought...) (small OR little) (interestOR involve-
ment) � text � (baseballOR ball-game)(teamOR squad)�
Answer sub-pattern (Asp). An Asp is constructedin two
steps. First, the answer type of the questionis identified
consideringboth morpho-syntactic(a part of speechtag-
ger is usedto processthe question)andsemanticfeatures
(by meansof semanticpredicatesdefinedon the WordNet
taxonomy;see(Magnini et al., 2001)for details).Possible
answertypesare: DATE, MEASURE, NAME, DEFINITION

and GENERIC. The first two categoriesareobviously re-
lated to questionsaskingrespectively for datesand mea-
sures.NAME is abroadclassrelatedto questionsaskingfor
person,organizationor locationnames.DEFINITION is the
answertypepeculiarto questionslike “What is anatom?”
which representa considerablepart (around25%) of the
TREC-10corpus. The answertype GENERIC is usedfor
non-definitionquestionsaskingfor entitiesthatcannot be
classifiedasnames,datesor measures(e.g. the questions:
“Material calledlinen is madefrom whatplant?”or “What
mineralhelpspreventosteoporosis?”)

In the secondstep,a rule-basednamedentitiesrecog-
nition moduleidentifiesin theanswerstringall thenamed
entitiesmatchingtheanswertypecategory. If thecategory
is NAME, DATE or MEASURE, thisstepof thealgorithmcre-
atesan Asp for every selectednamedentity. If theanswer
typecategoryis DEFINITION or GENERIC, theentireanswer

string exceptthe stop-wordsis considered.In addition,in
order to maximizethe recall of retrieved documents,the
Asp is expandedwith verb tenses.The following example
shows how the Asp is created.Given the TREC question
“When did Elvis Presley die?” and the candidateanswer
“thoughdiedin 1977of coursesomefansmaintain”,since
theanswertypecategory is DATE thenamedentitiesrecog-
nition modulewill select[1977]asananswersub-pattern.

5. Estimating Answer Validity
In contrastwith qualitative approachesto Webmining

(e.g. (Brill et al., 2001))basedon the analysisof the re-
trieveddocuments’content,weuseaquantitativealgorithm
that considersthe numberof hits. As a resultof this ap-
proach,weconsidera largenumberof pageswhereasqual-
itativeapproachescanonlywork onarelativelysmallnum-
ber.

5.1. Querying the Web
The answervalidationmodulesubmitsthreesearches

to thesearchengine:thesub-patterns[Qsp] and[Asp] and
thevalidationpattern[QAp] built asthecompositionof the
two sub-patternsusing the AltaVistaNEAR operator. Af-
terwards,a statisticalalgorithmconsiderstheoutputof the
Websearchfor estimatingtheconsistency of thepatterns.

Several patternrelaxationheuristicshave beendefined
in orderto graduallyincreasethenumberof retrieveddocu-
ments.If thequestionsub-pattern�
	�� doesnot returnany
documentor returnslessthana certainthreshold(experi-
mentallysetto 7) thequestionpatternis relaxedby cutting
oneword; in this way a new queryis formulatedandsub-
mittedto thesearchengine.This is repeateduntil no more
wordscanbecut or thereturnednumberof documentsbe-
comeshigherthanthethreshold.

Pattern relaxation is performedusing word-ignoring
rulesin a specifiedorder. Suchrules,for instance,ignore
thequestionfocus,becauseit is unlikely that it occursin a
validationfragment;ignoreadverbsandadjectives,because
they arelesssignificant;andignorenounsbelongingto the
WordNetclasses“abstraction”,“psychologicalfeature”or
“group”, becauseusuallythey specifyfiner detailsandhu-
manattitudes.Names,numbersandmeasuresarepreferred
over all thelower-casewordsandarecut last.

5.2. Estimating pattern consistency

As a result of the Web search with patterns, the
searchenginereturnsthreesetsof documents:
�����	����
	���� ,

�����	�����	���� and 
�����	����
	�� NEAR ��	���� . The probability� ����� of a pattern� in theWebis calculatedby:

� ����� � 
��!��	������"$#&%('*) ���,+ % 	
where 
��!��	-����� is the numberof pagesin the Web where
� appearsand

"$#&%('.) ���,+ % 	 is themaximumnumberof
pagesthat can be returnedby the searchengine. We set
thisconstantexperimentally. However in thebothformulas
we use(i.e. PointwiseMutual InformationandCorrected
ConditionalProbability)

"$#&%('�) ���,+ % 	 maybeignored.
Thejoint probabilityP(Qsp,Asp) is calculatedby means

of thevalidationpatternprobability:



� �����*���/� � ���
	��.021.3�45��	����
We have testedtwo alternativemeasuresto estimatethe

degreeof relevanceof Websearches:PointwiseMutual In-
formationandCorrectedConditionalProbability, a variant
of ConditionalProbabilitywhich considerstheasymmetry
of thequestion-answerrelation.Eachmeasureprovidesan
answervalidity score:highvaluesareinterpretedasstrong
evidencethat thevalidationpatternis consistent.This is a
clue to the fact thatWebpageswherethis patternappears
containvalidationfragmentswhich supportthe candidate
answer.

Pointwise Mutual Information (PMI). PMI (Manning
and Scḧutze, 1999) has been widely used to find co-
occurrencein largecorpora.

�
687 � Qsp,Asp � �
� � Qsp,Asp �� � Qsp �:9 � � Asp �

PMI(Qsp,Asp)is usedasa clue to the internalcoher-
enceof the question-answervalidationpatternQAp. Sub-
stitutingtheprobabilitiesin thePMI formulawith thepre-
viously introducedWebstatistics,weobtain:


�����	�� Qsp 0;1.3�4 Asp �

�����	�� Qsp �:9<
��!��	-� Asp � 9

"$#&%('=) ���,+ % 	
Corrected Conditional Probability (CCP). In con-
trast with PMI, CCP is not symmetric (e.g. gener-
ally >
> � ���
	��@?���	����BA� >C> � ����	��:?��C	���� ). This is
basedon the fact that we searchfor the occurrenceof
the answerpattern Asp only in the caseswhen Qsp is
present.The statisticalevidencefor this canbe measured
through

� ����	��/D �
	���� , however this valueis correctedwith� ����	�����EGF�H in the denominator, to avoid the caseswhen
high-frequency wordsandpatternsaretakenasrelevantan-
swers.

>
> � �=�
	��@?���	����/�
� ����	��ID �
	����� ����	���� EGF�H

For CCPweobtain:


��!��	-�=�
	��J02153�4���	����

�����	����
	����K9<
��!��	�����	���� EGF�H 9

"$#&%('=) ���,+ % 	 E�F�H
5.3. An Example

Considerthe TREC-10question: “Which river in US
is known as Big Muddy?”. The searchof the question
sub-pattern:

[river NEAR US NEAR (known OR know) OR NEAR
“Big Muddy”]

returns0 pages,so the algorithm relaxes the patternby
cutting the initial noun“ri ver”, accordingto the heuristic
for discardinga nounif it is thefirst keyword in theques-
tion. ThesecondQsp alsoreturns0 pages,soweapplythe
heuristicfor ignoringverbslike “know”, “call” andabstract
nounslike “name”. The third Qsp [US NEAR “Big Mud-
dy”] returns28pages,which is over theexperimentallyset
thresholdof sevenpages.

One of the possibleTREC-10 candidateanswersis
“MississippiRiver”. To calculateanswervalidity score(in
thisexamplePMI) for [“MississippiRiver”], theprocedure
constructsthevalidationpattern:

[US NEAR “Big Muddy” NEAR “MississippiRiver”]

asa conjunctionof Qsp andtheanswersub-pattern[“Mis-
sissippi River”]. Thesetwo patternsare passedto the
searchengine,andthereturnednumbersof pagesaresub-
stitutedin themutualinformationexpressionat theplaces
of 
��!��	-�=�
	��@?L0;1.3�4@?���	���� and 
��!��	-����	���� respectively; the
previously obtainednumber(i.e. 28) is substitutedat the
placeof 
��!��	����
	���� . In thiswayananswervalidity scoreof
55.5is calculated.

6. Experiments and Discussion
A numberof experimentshavebeencarriedout in order

to checkthecorrectnessof theproposedanswervalidation
technique.As a dataset,the 492 questionsof the TREC-
10 databasehave beenused. For eachquestion,at most
threecorrectanswersandthreewrong answershave been
randomlyselectedfrom theTREC-10participants’submis-
sions,resultingin a corpusof 2726question/answerpairs
(somequestionhave lessthanthreepositiveanswersin the
corpus). As mentionedpreviously, AltaVista wasusedas
thesearchengine.

A baselinefor theanswervalidationexperimentwasde-
finedby consideringhow oftenanansweroccursin thetop
10 documentsamongthose(1000for eachquestion)pro-
vided by NIST to TREC-10participants.An answerwas
judgedcorrectfor a questionif it appearsat leastonetime
in thefirst 10 documentsretrievedfor thatquestion,other-
wise it wasjudgedwrong. Baselineresultsarereportedin
Table2.

Threeindependentfactorswereconsideredin theexper-
iment:

Estimation method. We have implementedtwo mea-
sures(reportedin Section5.2.) to estimatean answerva-
lidity score:PMI andCCP.

Threshold. We wantedto estimatetheroleof two differ-
ent kindsof thresholdsfor the assessmentof answervali-
dation. In the caseof an absolute threshold, if theanswer
validity scorefor a candidateansweris below the thresh-
old, the answeris consideredwrong, otherwiseit is ac-
ceptedas relevant. In a secondtype of experiment,for
every questionandits correspondinganswerstheprogram
choosestheanswerwith thehighestvalidity scoreandcal-
culatesa relative threshold on thatbasis(i.e. ��
�M % 	(
�N(O�PQ�R 9 6 �.S T
��O��=P5�!��U 	WVXNYM % ). However therelative threshold
shouldbelargerthana certainminimumvalue.

Question type. We wantedto checkperformancevaria-
tion basedondifferenttypesof TREC-10questions.In par-
ticular, we have separateddefinitionandgenericquestions
from factualquestionswhoseactualansweris a nameden-
tity.

Tables2 and3 report the resultsof the automatican-
swervalidationexperimentsobtainedrespectivelyonall the
TREC-10questioncorpusandon the subsetof questions



askingfor namedentities.For eachestimationmethodwe
reportprecision,recallandsuccessrate. Successratebest
representstheperformanceof thesystem,beingthepercent
of [ �.?G� ] pairswherethe resultgiven by the systemis the
sameastheTRECjudges’opinion.Precisionis thepercent
of
� �.?G�Y� pairsestimatedby the algorithmas relevant, for

which the opinion of TREC judgeswasthe same.Recall
showsthepercentof therelevantanswerswhichthesystem
alsoevaluatesasrelevant.

P (%) R (%) SR (%)
Baseline 50.86 4.49 52.99
PMI - abs. 70.65 84.36 76.76
PMI - rel. 79.27 73.61 79.08
CCP- abs. 76.96 75.30 78.35
CCP- rel. 79.36 77.71 80.52

Table2: Results:all 492TREC-10questions

P (%) R (%) SR (%)
PMI - abs. 80.13 79.77 82.01
PMI - rel. 86.40 73.67 83.05
CCP- abs. 85.19 73.34 82.38
CCP- rel. 87.71 76.82 84.83

Table3: Results:249namedentityquestions

Thebestresultsonthe492questionscorpus(CCPmea-
surewith relative threshold)show a successrateof 80.5%,
i.e. in 80.5%of thepairsthesystemevaluationcorresponds
to the humanevaluation,andconfirmsthe initial working
hypotheses.This is 27.5%above thebaselinesuccessrate.
Precisionandrecall arerespectively 20-29%and71-80%
above the baselinevalues. Theseresultsdemonstratethat
theintuition behindtheapproachis well-motivatedandthat
thealgorithmprovidesa workablesolutionfor answerval-
idation.

The experimentsshow that the averagedifferencebe-
tweenthesuccessratesobtainedfor thenamedentityques-
tions (Table3) and the full TREC-10questionset (Table
2) is 4.4%. This meansthat our approachperformsbetter
whentheanswerentitiesarewell specified.

Anotherconclusionis thattherelativethresholddemon-
stratessuperiorityover the absolutethresholdin both test
sets(averagedifference2%). However if thepercentof the
right answersin theanswersetis lower, thentheefficiency
of this approachmaydecrease.

Thebestresultsin bothquestionsetsareobtainedby ap-
plying CCPwith a relative threshold.Suchnon-symmetric
formulasmight turn out to bemoreapplicablein general.
As CorrectedConditionalProbability(CCP)is not a clas-
sicalco-occurrencemeasurelike PMI, wemayconsiderits
high performanceas proof of the differencebetweenour
taskandclassicco-occurrencemining. It seemsthatother
measuresarenecessaryfor question-answerco-occurrence
mining.

7. Related Work
The ideaof usingthe Web asa corpusis an emerging

topic of interestamongthecomputationallinguisticscom-
munity. The TREC-10QA track demonstratedthat Web
redundancy canbeexploitedat differentlevels in the pro-
cessof findinganswersto naturallanguagequestions.Sev-
eral studies(e.g. (Clarkeet al., 2001)(Brill et al., 2001))
suggestthat theapplicationof Websearchingcanimprove
theprecisionof a QA systemby 25-30%.A commonfea-
tureof theseapproachesis theuseof theWebto introduce
dataredundancy for amorereliableanswerextractionfrom
local text collections.(Radev et al., 2001)suggestsa prob-
abilistic algorithmthat learnsthebestqueryparaphraseof
a questionsearchingthe Web. Other approachessuggest
training a question-answeringsystemon the Web (Mann,
2001).

The Web-miningalgorithm presentedin this paperis
similar to PMI-IR (PointwiseMutual Information- Infor-
mationRetrieval) asdescribedin (Turney, 2001). Turney
usesPMI andWebretrieval to decidewhich word in a list
of candidatesis the bestsynonym with respectto a target
word. However, theanswervalidity taskposesdifferentpe-
culiarities. We searchhow the occurrenceof the question
words influencethe appearanceof answerwords. There-
fore, we introduceadditionallinguistic techniquesfor pat-
ternandqueryformulation,suchaskeywordextraction,an-
swertypeextraction,namedentitiesrecognitionandpattern
relaxation.

8. Conclusion and Future Work
We have presentedan approachto answervalidation

basedon the intuition that the amountof implicit knowl-
edgewhich connectsananswerto a questioncanbequan-
titatively estimatedby exploiting the redundancy of Web
information.Resultsobtainedon theTREC-10QA corpus
correlatewell with thehumanassessmentof answers’cor-
rectnessandconfirmthata statisticalWeb-basedalgorithm
providesa workablesolutionfor answervalidation.

Several activities areplannedin the nearfuture. First,
a deeperanalysisof the trade-off betweenthe useof dif-
ferent levelsof patternsandthe numberof documentsre-
trieved from the web will be carriedout. We plan to test
algorithmscapableof decidingaboutthe relevanceof an
answerconsideringboth thehigh valueof a smallnumber
of hits providedby a very strict patternandtheimplicit in-
formationconveyedby thehighnumberof hitsprovidedby
word-level patterns.

Second,a generateandtestmodulebasedon the vali-
dationalgorithmpresentedin this paperwill be integrated
into thearchitectureof ourQA systemunderdevelopment.
In orderto exploit the efficiency andthe reliability of the
algorithm,sucha systemwill bedesignedto maximizethe
recall of retrieved candidateanswers.Insteadof perform-
ing a deeplinguistic analysisof thesepassages,thesystem
will delegateto the evaluationcomponentthe selectionof
theright answer.
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