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Abstract
This paperpresentaninnovative approacho the automaticevaluationof QuestionAnsweringsystemsThe methodologyreliesonthe
useof theWeb, consideredsan“oracle” containingall theinformationneededo checktherelevanceof a candidatenswemvith respect
to a given question.The procedurds completelyautomatic(i.e. no humaninterventionis required)andit is basedon the assumption
thatthe answers’relevancecanbe assesseffom a purely quantitatve perspectie. The methodologyis basedon a Web searchusing
patterngderived both from the questionand from the answer Differentkinds of patternshave beenidentified,rangingfrom “lenient”
(i.e. booleancombinationf singlewords),to “strict” patterngi.e. wholesentencesr combination®f phrases)A statistically-based
algorithmhasbeendevelopedwhich considerdoththekinds of patternausedin the searchandthe numberof documentseturnedrom
theWeh Experimentsarriedoutonthe TREC-10corpusshaw thattheapproactachie/esa highlevel of performancdi.e. 80%success

rate).

1. Introduction

Textual QuestionAnswering(QA) aimsat identifying
the answerto a questioneitheron the Web or in a local
documentollection. QA systemsarepresentedvith natu-
ral languageguestionsandthe expectedoutputis eitherthe
actualansweridentified in a text or small text fragments
containingtheanswer

Automaticor semi-automatievaluationtechniquesre
of greatinterestfor QA for severalreasonsOn onehand,
mostQA systemgely on comple architecturesncluding
modulesin chage of thelinguistic processingf the ques-
tion, searchn textual databasesandextractionof relevant
text portions. Performancesvaluationof suchsystemgse-
quiresa hugeamountof work. As a consequencdrom
the softwareengineeringpoint of view, the automaticas-
sessmenbf an answerwith respectto a given questionis
importantin the phasef algorithmrefinementandtest-
ing. Ontheotherhand theavailability of acompletelyau-
tomatic evaluationproceduremakesfeasibleQA systems
which are basedon generateandtestapproachesin this
way, the systemwill carry out differentrefinementsof its
searclcriteriacheckingtherelevanceof new candidatean-
swersuntil a given answeris automaticallyproved to be
correctfor aquestion.

Althoughthereis somerecentwork addressingheeval-
uation of QA systemsjt seemshat the ideaof usingan
automaticapproacthasstill not beenfully explored.

(Brecketal., 2000)presents semi-automati@pproach
which relieson computingthe overlapbetweerthe system
responseo a questionandthe stemmedcontentwords of
an answerkey. Answerkeys aremanuallyconstructedy
humanannotatorsisingthe TREC questioncorpusandex-
ternalresourcetike theWeh

Several systemsapply automatic answer validation
technigueswith the goal of filtering out impropercandi-
datesby checkinghow adequatenansweris with respect
to a givenquestion.Theseapproachesely on discovering
semantiaelationsbetweerthe questiorandtheanswer As
anexample,(HarabagitandMaiorano,1999)describesn-

swervalidationasanabductieinferenceprocessywherean
answeiis valid with respecto a questionif alogicaljusti-
ficationof its correctnessanbe provided. Thejustification
is basedon a backchainingoroof from the logical form of
the answerto the logical form of the question. Although
theoreticallywell motivated theuseof semantidechniques
on opendomaintasksis quite expensve both in termsof
the involved linguistic resourcesindin termsof computa-
tional compleity, thus motivating researclon alternatie
solutionsto the problem.

The approachwe presentattacksthe problemfrom a
new point of view, exploiting the amountof information
presenin the Webfor a fully automaticanswervalidation
process.Our methodologyconsiderdoth the searctcrite-
ria usedfor queryingthe Webandthe numberof hits. The
underlyingintuition is that, given a question/answepair,
thenumberof Web-retriz#ed documentén whichtheques-
tion andtheanswelkeywordsco-occurcanbeconsiderec
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-of betweenthe use of different
searchpatternsandthe numberof documentgetrieved is
thoroughlyinvestigatedn orderto maximizethe effective-
nessof a statisticalapproach.

The papeiis structuredasfollows. Section? introduces
the problemof the evaluation of QA systemsfixing the
context of this work. Section3 illustratesthe conceptof
validation patterns and presentshe basicdistinction be-
tweenlenient andstrict patterns Sectiond describes sim-
ple patternextraction technigue. Section5 addressethe
problemof statisticalanswervalidation, presentingan al-
gorithm for estimatingan answers relevance. Section6
discussesheresultsof anautomaticevaluationexperiment
carriedoutusingthe TREC-10questioncorpusasdataset.



2. Answer Relevance

The evaluationof QA systemscanbe carriedout from
differentperspecties,takinginto consideratiorithertheir
usability andthe time of executionor the “quality” of the
outputthey provide. Until now, mostof the effort in de-
veloping QA systemsstill dealswith the secondaspecof
thechallengefocusingontheproblemof ananswers“cor-
rectness”. Althoughthe QA roadmap(Burgeretal., 2001)
includesthe analysisof otheraspect®f thetask(real-time
QA, interactve QA, userprofiling, etc.)in thefuture,sofar
theTRECcompetitionguidelinesonly askedarticipantso
provide“correct” answergo open-domaimaturallanguage
guestions.

The definition of correctnesslependsoth on the kind
of questionssystemshave to dealwith, and on the com-
plexity of therequiredanswers.Somequestionsaremuch
harderthan othersbecauseahey requireexplanations(e.g.
“How to assemble computer?”)or definitions(e.g. “Who
wasGalileo?”). In thesecasest is not clearwhatmakesa
goodanswembecausef theinherentambiguityof theques-
tions. (Harabagiuet al., 2000) pointsout thatfor the same
guestionthe answemay be easieror moredifficult to ex-
tractdependingnhow it is phrasedn thetext. Forinstance
lists (eg. “Name 9 countriesthat import Cubansugar”),
opinions(eg. “Should the Fedraiseinterestratesat their
next meeting?”) andsummariegeg. “What arethe ar
gumentdor andagainstprayerin school?”)aredifficult to
provide because¢hey requiredealingwith informationscat-
teredthroughouadocumenbr acrossnultiple documents.
In thesecasesthe problemof finding answerslepend®n
factors(for examplereasoningnechanismandknowledge
of theworld) that exceedtraditionalnaturallanguagepro-
cessingechniquesAs a consequencehe definition of an
answers correctnesss alsoquite problematichecausdt is
not a simple text portion found verbatimin sentence®r
paragraphs.

Sofar, thedifficulty of dealingwith suchkindsof ques-
tionsandanswerdasconfinedmostof theresearclefforts
to the study of questionswith shortfactualanswerge.g.
“When did Elvis Preslg die?”). Different criteria have
beenproposedfor judging this kind of answers. For in-
stance (Hirschmanand Gaizauskas2001) considergele-
vance,correctnessconcisenesssompleteness;oherence
andjustificationaspossiblefeaturesof a goodanswerand
pointsout that,accordingto the TREC evaluationcriteria,
sofar evaluationshave focusedprimarily on relevance(i.e.
is theansweractuallyresponsie to the question?andpar
tially on justification(i.e. is the answersuppliedwith suf-
ficient contet to allow a readerto determinewhy this was
chosemasananswerto thequestion?).

This work is focusedon the first of thesetwo aspects:
givenaquestiony anda candidateanswera, we definethe
answervalidationtask asthe capabilityto assessherele-
vanceof a with respecto q. We assumdact-basedpen-
domainquestionsandthatboth answersand questionsare
texts composeaf few tokens(usuallylessthan100). This
is compatiblewith the TREC-10data,which will be used
asan examplethroughoutthis paper We alsoassumehe
availability of the Web, consideredo be the largestopen
domaintext corpuscontaininginformationaboutalmostall

areaf thehumanknowledge.

3. Validation Patterns

The useof patternshasrecentlyemeged as an inter-
estingapproacho the QA task. For example(Soubbotin
and Soubbotin,2001) describesa QA systembasedon
searchindor predefinegatternf textual expressionsghat
maybeinterpretedasanswergo certaintypesof questions.
Givenaquestiorandalist of candidateinswersthesystem
considersascorrectonly thetext portionsmatchingary of
the patternstringscorrespondingo the questiontype cate-
gory.

Ourapproacho answewalidationbenefitgreatlyfrom
usingpatternsThemotivationfor apattern-basedpproach
isthatpatterngepresenaneffective wayfor capturingooth
explicit andimplicit informationfrom text documentsAn-
swers,in fact, may occurin text passagesvith low sim-
ilarity with respectto the question. Passagegontaining
facts’ descriptionsmay use different syntactic construc-
tions,sometimesirespreadn morethanonesentencemay
reflectopinionsandpersonahttitudesandoftenuseellip-
sisandanaphoraFor instanceconsidethequestiorfWhat
is the capital of the USA?” andthe answer‘Washington”.
Usingpatternsve canfind Webdocumentgontainingpas-
sagedike thosereportedn Tablel, which containa signif-
icantamountof knowledgeabouttherelationsbetweerthe
guestionandthe answer We will referto thesetext frag-
mentsasvalidation fragments.

1. Capital Rggion USA: Fly-Drive Holidays in and
AroundWashingtorD.C.

2. thelnsider's Guideto the Capital AreaMusic Scene
(WashingtorD.C.,USA).

3. TheCapitalTanguerogWashingtonDC Area,USA)
4.1 livein the Nation’s Capital, WashingtorMetropoli-
tanArea(USA).

5. in 1790 Capital (also USAs capital): Washington
D.C. Area: 179squarekm

Tablel: Validationfragments

Given a question/answepair, we usethe term valida-
tion patternsto indicatequeriesbuilt with differentcombi-
nationsof wordsextractedbothfrom the questiorandfrom
theanswer Theunderlyingintuition is thatif a certainan-
sweris relevantwith respecto agivenquestionthenaWeb
searchusingvalidationpatternswill resultin alarge setof
documentgonnectingguestionand answerconcepts.On
the contrary validationpatternsbuilt combiningthe ques-
tion keywordswith keywordsextractedfrom a wrong an-
swerwill leadto few documents.

Consideringthe abore example, the problem of vali-
datingthe answer“Washington”canbe tackledsearching
the Web for documentsn which the concepts‘capital of
the USA?” and “Washington”co-occur Our hypothesis
is thatthe co-occurrencéendenyg of questionandanswer
conceptgi.e. the numberof retrieved documentsyanbe
considered significantclueto thevalidity of theanswer

Different kinds of patternscan be usedin order to
cover a large portion of validation fragments,including



those lexically similar to the questionand the answer
(eg. fragments4 and5 in Table 1) andalsothosethatare
not similar (eg. fragment2 in Table1). A searchquery
covering all the validationfragmentsof our example can
begeneralizedy the pattern:

[capital<text> USA <text> Washington

where<text> is a placeholderfor ary portionof text.

The constructiorof a validationpatternis not straight-
forward. Theadwancedsearcimodalitiesof modernsearch
enginesallow the userto puttogetherquerykeywordsin a
numberof ways, narrawving or enlaging the searchspace.
Validationpatternscan be classifiedaccordingto their de-
gree of generality and rangefrom lenient (i.e. boolean
compositionf singlewords)to strict (i.e. searchqueries
usingstrings)patterns.

3.1. Lenient Patterns

Lenient patterns,or word level patterns representhe
easieswvay of combiningthesearctkeywords.At thislevel
guestionand answerkeywords are simply put togetheras
separatavordsusingboolean(i.e. AND/ OR operators)or
more sophisticatedperatorge.g. the NEAR operatompro-
vided by AltaVista, which searchedor pageswheretwo
wordsappeaiin a distanceof no morethan10tokens).

For example, considerthe TREC-10question: “Who
discovered X rays?” andthe correctanswer‘Roentgen”.
The following lenient patterns, in decreasingorder of
generality canbe createdcombiningquestionand answer
keywords:

[discoreredOR X OR raysOR Roentgeh
[discoreredAND X AND raysAND Roentgeh
[discoreredNEAR X NEAR raysNEAR Roentgeh

Thefirst two patternsarethe mostgeneral andretrieve re-

spectvely pagescontainingat leastone of the keywords
and pagescontainingall the searchkeywords. The third

patternrepresents further narraving of the searchspace,
andleadsto documentgontainingall the querykeywords,
eachof which separatethy at most10 tokens.

A common feature of lenient patternsis that they
usually produce a large number of hits but presenta
low degree of reliability. Even in the caseof retrieved
documentsontainingall the searchkeywords,thereis no
guaranteethat the relation betweentheseconceptsis of
the expectedtype. As an example, lenient patternsbuilt
with the AltaVista NEAR operatorleadrespectrely to 414
documentgustifying the right answer(i.e. “Roentgen”)
andfive documentdgor thewrong answerEinstein”. One
of thephrasesoveredby thewronganswerpatternis:

“Historical Timeline. 1895- Wilhelm Roentgerdiscovered
X-rays. 1905- Albert Einsteindevelopedthe theoryabout
therelationshipof massandenegy”.

The fact that “Einstein” is in proximity of “discovered”,
“X” and* rays” is enoughfor the word level patternto
cover thetext evenif the co-occurrencef 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
considerablyeducedwhile co-occurrencesesultingfrom
a semanticrelation betweentheseconceptswill tend to
remainstable. For instance,consideringthe verb-phrase
“discovered X rays” asa searchunit, our questionabout
X-rayscanbecombinedwith therespectie correctanswer
into thefollowing strict patterns:

[“discoveredX rays” OR Roentgeh
[“discoveredX rays” AND Roentgeh
[“discoveredX rays” NEAR Roentgeh

Sincethe string “discovered X rays” is lesslikely to ap-
pearin a written text with respecto ary of the unordered
combinationf thewords“discover”, “X” and“rays”, we
would expectthat strict patternswill cover a smallerpor-
tion of Web documentsHowever, we expectthattheright
answef'Roentgen’will continueto appeain thecontext of
the verb-phrasewhile the wronganswer‘Einstein” would
disappeaor rarelyappeatn the samecontet. A new Web
searchusingthe NEAR operatomprovidedby AltaVistacon-
firmsourhypothesisin fact,theverb-phrasédiscoveredX
rays” appeargloseto the answer‘Roentgen”in 215 doc-
uments,while it appearscloseto “Einstein” only in one
document.

Furtherrefinement®f thesearclcriteriaarepossiblen
orderto createmoreandmorestrict patterns For example,
the questionanalysisof “Who discoreredX rays?” shavs
thatwe arelooking for a personwhich maybethe subject
of a sentencevhoseverb phraseis “discovered X rays”.
Using syntacticinformationwe canmaove from the phrase
level to the sentencdevel in orderto build the following
stricterpatterns:

[“‘RoentgendiscoveredX rays’]
[“EinsteindiscoveredX rays’]

A Websearclusingthefirst patternreturnsl06documents,
while thesecondpatternis notfoundontheWeh

The trade-of betweenthe useof differentsearchpat-
terns and the numberof documentsretrieved hasto be
consideredor statistically-basednswervalidation. The
longer the phrasesor sentenceshat the patternscontain,
the lessprobablethey becomeand the risk of missinga
right answerincreasesMoreover, the smallnumberof text
fragmentscoveredby strict patternsmakesthe application
of ary statisticalapproactdifficult. Onthe otherhand,the
lessprobablehepatternis, thehighertheinformationvalue
of its appearancé a text collection. Therefore,the ap-
pearanceof a low-probability patterncan be considereda
significantclue to the validity of ananswer The different
waysin which facts can be reformulatedmakesthe very
strict patterngnapplicablein somecases.



4. Using Patternsfor Answer Validation

In the experimentsreportedin this paperwe have used
only one type of the patternsmentionedabore, namely
phrase-leel patternsThiskind of patterrrepresentagood
testfor checkingthe validity of the statisticalanswerval-
idation technique. Moreover, phrase-leel patternsallow
for agoodcompromiseébetweerthe numberof documents
returnedfrom the Web and the possibility of casualco-
occurrencef thequerykeywords.

Fromthis pointon, we will useQsp to denotetheques-
tion sub-patterri.e. the portionof patternderivedfrom the
input question)and Asp to denotethe answersub-pattern
(i.e. theportionof the patternderived from a candidatean-
swer).

Question sub-pattern (Qsp). During the constructiorof
the Qsp phrasesreidentifiedby meanf ashallov parser
Keywordsarethenexpandedvith bothsynorymsandmor-
phological forms in order to maximize the recall of re-
trieved documents.Synoryms are automaticallyextracted
from themostfrequentsensef thewordin WordNet(Fell-
baum,1998),which considerablyeducesherisk of adding
disturbing elements. As for morphology verbs are ex-
pandedwith all theirtenseforms(i.e. presentpresenton-
tinuous pasttenseandpastparticiple). Synorymsandmor-
phologicalformsareaddedo the Qsp andcombinedn an
OR clause.As anexample,considerthe following TREC-
10 question: “George Bush purchaseda small interestin
which baseballteam?” There are two uninterruptedse-
guencego be consideredere:“George Bushpurchasea
smallinterest”and“baseballteam”. After the keyword ex-
pansiongphasedescribedabore, the two tokensequences
arecombinedn thefollowing Qsp:

[Geoge Bush (purchasedR purchaseOR purchasingOR
buy OR bought...) (small OR little) (interestOR involve-
ment) <text> (baseballOR ball-game)teamOR squad)

Answer sub-pattern (Asp). An Aspis constructedn two
steps. First, the answer type of the questionis identified
consideringboth morpho-syntacti¢a part of speechtag-
geris usedto procesghe question)and semanticfeatures
(by meansof semantigredicatesiefinedon the WordNet
taxonomy;see(Magninietal., 2001)for details).Possible
answertypesare: DATE, MEASURE, NAME, DEFINITION
and GENERIC. Thefirst two catgoriesare obviously re-
lated to questionsaskingrespectiely for datesand mea-
sures.NAME is abroadclassrelatedto questionsaskingfor
personporganizatioror locationnames.DEFINITION is the
answertype peculiarto questiondike “What is anatom?”
which represent considerablepart (around25%) of the
TREC-10corpus. The answertype GENERIC is usedfor
non-definitionquestionsaskingfor entitiesthatcannot be
classifiedasnamesdatesor measurege.g. the questions:
“Material calledlinenis madefrom whatplant?” or “What
mineralhelpspreventosteoporosis?”)

In the secondstep, a rule-basechamedentitiesrecog-
nition moduleidentifiesin the answerstringall thenamed
entitiesmatchingthe answertype cateory. If the catgory
iS NAME, DATE Or MEASURE, this stepof thealgorithmcre-
atesan Asp for every selectechamedentity. If the answer
typecatgoryis DEFINITION Or GENERIC, theentireanswer

string exceptthe stop-worddgs considered.n addition,in

orderto maximizethe recall of retrieved documentsthe
Asp is expandedwith verb tenses.The following example
shavs how the Asp is created. Given the TREC question
“When did Elvis Preslg die?” andthe candidateanswer
“thoughdiedin 1977of coursesomefansmaintain”,since
theanswettypecategory is DATE thenamedentitiesrecog-
nition modulewill selec{1977]asananswersub-pattern.

5. Estimating Answer Validity

In contrastwith qualitative approacheso Web mining
(eg. (Brill etal., 2001))basedon the analysisof the re-
trieveddocumentstontentwe useaquantitatvealgorithm
that considersthe numberof hits. As a resultof this ap-
proachwe consideralarge numberof pagesvhereagjual-
itativeapproachesanonly work on arelatively smallnum-
ber

5.1. QueryingtheWeb

The answervalidation module submitsthree searches
to the searchengine:the sub-pattern§Qsp] and[Asp] and
thevalidationpattern[QAp] built asthe compositiorof the
two sub-patternsising the AltaVista NEAR operator Af-
terwardsa statisticalalgorithmconsiderghe outputof the
WebsearcHor estimatinghe consisteng of the patterns.

Several patternrelaxationheuristicshave beendefined
in orderto graduallyincreaseéhenumberof retrieveddocu-
ments.If the questionsub-patterr@)sp doesnotreturnary
documentor returnslessthana certainthreshold(experi-
mentallysetto 7) thequestiorpatternis relaxed by cutting
oneword; in this way a new queryis formulatedandsub-
mitted to the searchengine.This is repeatedintil no more
wordscanbe cut or thereturnednumberof documentde-
comeshigherthanthethreshold.

Pattern relaxationis performedusing word-ignoring
rulesin a specifiedorder Suchrules,for instancejgnore
the questionfocus,becausét is unlikely thatit occursin a
validationfragmentjgnoreadwerbsandadjectives,because
they arelesssignificant;andignorenounsbelongingto the
WordNetclassesabstraction”,“psychologicalfeature”or
“group”, becauseisuallythey specifyfiner detailsandhu-
manattitudes Namesnpumbersaandmeasurearepreferred
over all thelower-casewordsandarecutlast.

5.2. Estimating pattern consistency

As a result of the Web searchwith patterns, the
searchenginereturnsthreesetsof documentshits(Qsp),
hits(Asp) and hits(Qsp NEAR Asp). The probability
P(A) of apatternA in theWebis calculatedy:

hits(A)

Pl4) = NWeb — pages

wherehits(A) is the numberof pagesin the Web where
A appearand N Web—pages is themaximumnumberof
pagesthat can be returnedby the searchengine. We set
this constanexperimentally However in the bothformulas
we use(i.e. PointwiseMutual Informationand Corrected
ConditionalProbability) N T eb—pages maybeignored.

Thejoint probabilityP(Qsp,Asp) is calculatedby means
of thevalidationpatternprobability:



P(QAp) = P(QspNEARAsp)

We have testedwo alternatve measureto estimatehe
degreeof relevanceof WebsearchesPointwiseMutual In-
formationandCorrectedConditionalProbability a variant
of ConditionalProbabilitywhich considerghe asymmetry
of the question-answearelation. Eachmeasuregrovidesan
answevalidity score:high valuesareinterpretedasstrong
evidencethatthe validationpatternis consistent.Thisis a
clueto the fact that Web pageswherethis patternappears
containvalidation fragmentswhich supportthe candidate
answer

Pointwise Mutual Information (PMI). PMI (Manning
and ScHitze, 1999) has been widely usedto find co-
occurrencen large corpora.

P(Qsp.Asp)
PMI(Qsp, = v
(QPAP) = Pias) « Plas)
PMI(Qsp,Asp)is usedasa clue to the internal coher
enceof the question-answevalidationpatternQAp. Sub-
stituting the probabilitiesin the PMI formulawith the pre-
viously introducedWeb statisticswe obtain:

hits(Qsp NEAR Asp)

hits(Qsp) + hits(Asp) * WV ebpages
Corrected Conditional Probability (CCP). In con-
trast with PMI, CCP is not symmetric (eg. genef
ally CCP(Qsp, Asp) # CCP(Asp,Qsp)). 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
throughP (Asp|@sp), howeverthis valueis correctedvith
P(Asp)?/® in the denominatarto avoid the caseswhen
high-frequeng wordsandpatternsaretakenasrelevantan-
swers.

P(Asp|Qsp)
P(Qsp, Asp) = —Ple5D)
COP(Qsp, Asp) P(Asp)2/3
For CCPwe obtain:
hits(Qsp NEAR Asp)

NWeb—pages*/®
hits(Qsp) * hits(Asp)2/3 * compages

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“river”, accordingto the heuristic
for discardinga nounif it is thefirst keyword in the ques-
tion. ThesecondQsp alsoreturnsO pagessowe applythe
heuristicfor ignoringverbslike “know”, “call” andabstract
nounslike “name”. The third Qsp [US NEAR “Big Mud-

dy”] returns28 pageswhichis overthe experimentallyset

thresholdof sevenpages.

One of the possible TREC-10 candidateanswersis
“MississippiRiver”. To calculateanswervalidity score(in
this examplePMI) for [“Mississippi River”], theprocedure
constructghevalidationpattern:

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

asa conjunctionof Qsp andthe answersub-patterr“Mis-
sissippi River”’]. Thesetwo patternsare passedto the
searchengine,andthereturnednumbersof pagesaresub-
stitutedin the mutualinformationexpressiorat the places
of hits(Qsp,NEAR, Asp) andhits(Asp) respectrely; the
previously obtainednumber(i.e. 28) is substitutedat the
placeof hits(@sp). In thiswayananswewalidity scoreof
55.5is calculated.

6. Experimentsand Discussion

A numberof experimentshave beencarriedoutin order
to checkthe correctnessf the proposedanswervalidation
technique.As a dataset,the 492 questionsof the TREC-
10 databasénave beenused. For eachquestion,at most
threecorrectanswersandthreewrong answershave been
randomlyselectedrom the TREC-10participantssubmis-
sions,resultingin a corpusof 2726 question/answepairs
(somequestionhave lessthanthreepositive answersn the
corpus). As mentionedpreviously, AltaVistawasusedas
thesearchengine.

A baselindor theanswewalidationexperimentwasde-
fined by considerinchow oftenanansweroccursin thetop
10 documentsamongthose(1000for eachquestion)pro-
vided by NIST to TREC-10participants. An answerwas
judgedcorrectfor a questionif it appearsat leastonetime
in thefirst 10 documentsetrievedfor thatquestionother
wiseit wasjudgedwrong. Baselineresultsarereportedin
Table2.

Threeindependenfiactorswereconsideredn theexper
iment:

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

Threshold. We wantedto estimateherole of two differ-

entkinds of thresholdsor the assessmerdf answervali-

dation. In the caseof an absolute threshold, if the answer
validity scorefor a candidateansweris below the thresh-
old, the answeris consideredwvrong, otherwiseit is ac-
ceptedas relevant. In a secondtype of experiment,for

every questionandits corresponding@nswerghe program
choosesheanswewith the highestvalidity scoreandcal-

culatesarelative threshold onthatbasis(i.e. threshold =

k x Mazx_Validity_score). Howevertherelative threshold
shouldbelargerthana certainminimumvalue.

Question type. We wantedto checkperformancevaria-
tion basedn differenttypesof TREC-10questionsin par
ticular, we have separatedlefinitionandgenericquestions
from factualquestionsvhoseactualanswelis anameden-
tity.

Tables2 and 3 reportthe resultsof the automatican-
swervalidationexperiment®btainedespectiely onall the
TREC-10questioncorpusand on the subsetof questions



askingfor namedentities. For eachestimationmethodwe
reportprecision,recallandsuccessate. Successate best
representthe performancef thesystempeingthepercent
of [¢, a] pairswherethe resultgiven by the systemis the
sameasthe TRECjudges’opinion. Precisions thepercent
of [q¢, a] pairs estimatedby the algorithm as relevant, for
which the opinion of TREC judgeswasthe same. Recall
shavsthe percenbf therelevantansweravhichthe system
alsoevaluatesasrelevant.

P(%) | R(%) | SR (%)
Baseline 50.86| 4.49| 52.99
PMI - abs. | 70.65| 84.36| 76.76
PMIl-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 492 TREC-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:249namedentity questions

Thebestresultsonthe492 questionsorpus({CCPmea-
surewith relative threshold)showv a successateof 80.5%,
i.e. in 80.5%o0f the pairsthesystemevaluationcorresponds
to the humanevaluation,and confirmsthe initial working
hypothesesThisis 27.5%above thebaselinesuccessate.
Precisionandrecall are respectiely 20-29%and 71-80%
above the baselinevalues. Theseresultsdemonstrat¢hat
theintuition behindtheapproactis well-motivatedandthat
the algorithmprovidesaworkablesolutionfor answewal-
idation.

The experimentsshav that the averagedifferencebe-
tweenthe successatesobtainedfor the namedentity ques-
tions (Table 3) andthe full TREC-10questionset(Table
2) is 4.4%. This meanghat our approachperformsbetter
whentheanswerentitiesarewell specified.

Anotherconclusioris thattherelative thresholddemon-
stratessuperiorityover the absolutethresholdin both test
sets(averagedifference?2%). However if the percenof the
right answersn the answersetis lower, thentheefficiengy
of this approachmaydecrease.

Thebestresultsin bothquestiorsetsareobtainedy ap-
plying CCPwith arelative threshold.Suchnon-symmetric
formulasmight turn out to be moreapplicablein general.
As CorrectedConditionalProbability (CCP)is not a clas-
sicalco-occurrenceneasurdike PMI, we may considelits
high performanceas proof of the differencebetweenour
taskand classicco-occurrencenining. It seemahatother
measuresirenecessaryor question-answero-occurrence
mining.

7. Related Work

Theideaof usingthe Web asa corpusis an emeging
topic of interestamongthe computationalinguisticscom-
munity. The TREC-10QA track demonstratedhat Web
redundang canbe exploited at differentlevelsin the pro-
cessof finding answergo naturallanguagejuestions Sev-
eral studies(eg. (Clarkeetal., 2001)(Brill etal., 2001))
suggesthatthe applicationof Web searchingcanimprove
the precisionof a QA systemby 25-30%.A commonfea-
ture of theseapproachess the useof the Webto introduce
dataredundang for amorereliableanswerextractionfrom
local text collections.(Rade etal., 2001)suggests prob-
abilistic algorithmthatlearnsthe bestqueryparaphrasef
a questionsearchingthe Weh Other approachesuggest
training a question-answeringystemon the Web (Mann,
2001).

The Web-mining algorithm presentedn this paperis
similar to PMI-IR (PointwiseMutual Information- Infor-
mation Retrieval) asdescribedn (Turney, 2001). Turney
usesPMI andWebretrieval to decidewhich word in a list
of candidatess the bestsynorym with respecto a target
word. However, theanswewalidity taskposedifferentpe-
culiarities. We searchhow the occurrenceof the question
wordsinfluencethe appearancef answerwords. There-
fore, we introduceadditionallinguistic techniquedor 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 connectananswerto a questioncanbe quan-
titatively estimatedby exploiting the redundang of Web
information. Resultsobtainedonthe TREC-10QA corpus
correlatewell with the humanassessmerf answers'’cor-
rectnessindconfirmthata statisticaMeb-basedlgorithm
providesa workablesolutionfor answervalidation.

Several activities are plannedin the nearfuture. First,
a deeperanalysisof the trade-of betweenthe useof dif-
ferentlevels of patternsandthe numberof documentge-
trieved from the web will be carriedout. We planto test
algorithmscapableof decidingaboutthe relevanceof an
answerconsideringooth the high valueof a smallnumber
of hits providedby avery strict patternandtheimplicit in-
formationcornveyed by the high numberof hits providedby
word-level patterns.

Seconda generateandtestmodulebasedon the vali-
dationalgorithmpresentedn this paperwill beintegrated
into the architectureof our QA systemunderdevelopment.
In orderto exploit the efficieng/ andthe reliability of the
algorithm,sucha systemwill be designedo maximizethe
recall of retrieved candidateanswers.Insteadof perform-
ing a deeplinguistic analysisof thesepassageghe system
will deleggateto the evaluationcomponenthe selectionof
theright answer
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