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Abstract

Answer Validation is an emeging topic
in QuestionAnswering, where opendo-
main systemsare often requiredto rank
hugeamountsof candidateanswers.We
presentinovel approactio answewalida-
tion basentheintuition thattheamount
of implicit knowledgewhich connectsan
answelto a questioncanbe quantitatvely
estimatedy exploiting theredundang of

Webinformation.Experimentgarriedout
onthe TREC-2001judged-answecollec-
tion showv that the approachachie/es a
high level of performancdi.e. 81% suc-
cessrate). The simplicity and the effi-

cieng of thisapproachmakeit suitableto

beusedasa modulein QuestionAnswer

ing systems.

1 Introduction

Open domain question-answeringQA) systems
searchfor answersto a naturallanguageguestion
either on the Web or in a local documentcollec-
tion. Differenttechniquesyaryingfrom surfacepat-
terns(SubbotinandSubbotin 2001)to deepseman-
tic analysigZajac,2001),areusedto extractthetext
fragmentscontainingcandidateanswers. Several
systemapplyanswewalidationtechniquesvith the
goal of filtering out impropercandidatesy check-
ing how adequatea candidateansweris with re-
spectto a given question. Theseapproachesely
ondiscoveringsemantiagelationsbetweerthe ques-
tion and the answer As an example, (Harabagiu
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andMaiorano,1999)describeanswelvalidationas
an abductve inferenceprocesswherean answeris

valid with respecto a questionf anexplanationfor

it, basedon backgroundcknowledge,canbe found.
Althoughtheoreticallywell motivated theuseof se-
mantictechniqgue®n opendomaintasksis quite ex-

pensve bothin termsof the involved linguistic re-
sourcesandin termsof computationatompleity,

thus motivating a researchon alternatve solutions
to theproblem.

This paperpresentsa novel approachto answer
validationbasedon the intuition thatthe amountof
implicit knowledgewhich connectsan answerto a
guestioncanbe quantitatvely estimatedy exploit-
ing the redundang of Web information. The hy-
pothesisis that the numberof documentghat can
beretrievedfrom theWebin which thequestiorand
the answerco-occurcanbe considereda significant
clue of the validity of the answer Documentsare
searchedn the Web by meansof validation pat-
terns, which are derived from a linguistic process-
ing of the questionandthe answer In orderto test
this ideaa systemfor automaticanswervalidation
hasbeenimplementedanda numberof experiments
have beencarriedout on questionandanswergro-
vided by the TREC-2001patrticipants. The advan-
tagesof this approachareits simplicity on the one
handandits efficiengy ontheother

Automatic techniquesfor answervalidation are
of greatinterestfor the developmentof opendo-
main QA systems.The availability of a completely
automatic evaluation proceduremakesit feasible
QA systemdasedn generateandtestapproaches.
In this way, until a given answeris automatically
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provedto be correctfor a question the systemwill
carryoutdifferentrefinement®f its searchingrite-
riacheckingherelevanceof new candidatenswers.
In addition,giventhatmostof the QA systemgely
on comple architecturegandthe evaluationof their
performancesequiresa hugeamountof work, the
automaticassessmerf the relevanceof ananswer
with respecto a givenquestionwill speedup both
algorithmrefinemenandtesting.

The paperis organizedas follows. Section?2
presentshemainfeaturef theapproachSection3
describeiow validationpatternsareextractedfrom
aquestion-answerair by meanof specificquestion
answeringechniques.Section4 explainsthe basic
algorithmfor estimatingthe answervalidity score.
Section5 givesthe resultsof a numberof experi-
mentsand discusseshem. Finally, Section6 puts
our approachn the contet of relatedworks.

2 Overall Methodology

Givenaquestiony anda candidateanswera thean-
swervalidationtaskis definedasthe capabilityto as-
sesgherelevanceof a with respecto ¢g. We assume
opendomainquestionsand that both answersand
guestionsaretexts composeaf few tokens(usually
lessthan100). This is compatiblewith the TREC-
2001data thatwill beusedasexamplesthroughout
this paper We also assumehe availability of the
Web, consideredo be the largestopendomaintext
corpuscontaininginformation aboutalmostall the
differentareaof thehumanknowledge.

The intuition underlying our approachto an-
swervalidationis that,givena question-answepair
([g,a]), it is possibleto formulatea set of valida-
tion statements whosetruthfulnessis equivalentto
the dggreeof relevanceof « with respecto ¢. For
instance giventhe question“What is the capital of
the USA?”, the problemof validating the answer
“Washington”is equivalentto estimatingthe truth-
fulnessof the validation statementThe capital of
the USA is Washington”. Therefore,the answer
validationtask could be reformulatedasa problem
of statementeliability. Therearetwo issuesto be
addressedh orderto makethis intuition effective.
First, theideaof avalidationstatemenis still insuf-
ficient to catchthe richnessof implicit knowledge
that may connectan answerto a question:we will

attackthis problemdefining the moreflexible idea
of a validation pattern. Secondwe have to design
aneffective andefficientway to checkthereliability
of avalidationpattern:our solutionrelieson a pro-
cedurebasedn a statisticalcountof Web searches.

Answers may occur in text passagesvith low
similarity with respectto the question. Passages
telling facts may use different syntacticconstruc-
tions, sometimesare spreadin more thanone sen-
tence,may reflect opinionsand personalattitudes,
andoftenuseellipsisandanaphoraFor instancejf
the validation statements “The capital of USA is
Washington”,we have Web documentscontaining
passagetike thosereportedin Table 1, which can
not be foundwith a simple searchof the statement,
but thatneverthelesgontaina significantamountof
knowledgeabouttherelationsbetweerthe question
andtheanswerWewill referto theseext fragments
asvalidation fragments.

1. Capital Rggion USA: Fly-Drive Holidaysin

andAroundWashingtorD.C.

2. thelnsider's Guideto the CapitalArea Music
ScengWashingtorD.C.,USA).

3. The Capital Tangueros(Washington, DC

Area,USA)

4. | live in the Nation’s Capital, Washington
MetropolitanArea(USA).

5. in 1790 Capital (also USA's capital): Wash-
ingtonD.C. Area: 179squarekm

Tablel: WebsearcHor validationfragments

A commonfeaturein the abose examplesis the
co-occurrenceof a certain subsetof words (i.e
“capital”,"USA’ and“Washington”).We will make
useof validation patterns thatcover alargerportion
of text fragments,ncluding thoselexically similar
to thequestiorandtheanswer(e.g. fragmentst and
5in Tablel) andalsothosethatarenot similar (e.g.
fragment2 in Table1). In the caseof our example
a setof validationstatementsanbe generalizedy
thevalidationpattern:

[capital <text> USA <text> Washington]

where<text> is aplaceholderfor arny portionof
text with afixedmaximallength.



To checkthe correctnes®f a with respectto ¢
we proposea procedurethat measureshe number
of occurrence®n the Web of a validation pattern
derivedfrom « andq. A usefulfeatureof suchpat-
ternsis that whenwe searchfor themon the Web
they usuallyproducemary hits, thusmakingstatis-
tical approachespplicable. In contrast,searching
for strict validationstatementgenerallyresultsin a
smallnumberof documentgif ary) andmakessta-
tistical methoddrrelevant. A numberof techniques
usedfor finding collocationsand co-occurrencesf
words, such as mutual information, may well be
usedto searchco-occurrencéendenyg betweerthe
guestiorandthe candidateanswerin theWeh If we
verify that suchtendeny is statisticallysignificant
we may considerthevalidationpatternasconsistent
andthereforeve mayassume highlevel of correla-
tion betweerthe questiorandthe candidateanswer

Startingfrom the above considerationsndgiven
aquestion-answepair [¢, a], we proposeananswer
validationproceduréasedn thefollowing steps:

1. Computethe set of representatie keywords
K g andK a bothfrom ¢ andfrom «; this stepis
carriedout usinglinguistic techniquessuchas
answertype identification(from the question)
and namedentitiesrecognition(from the an-
swer);

2. Fromthe extractedkeywordscomputethe vali-
dationpatternfor thepair[¢, al;

3. Submitthe patterngo the Webandestimatean
answer validity score consideringthe number
of retrieveddocuments.

3 Extracting Validation Patterns

In our approacha validationpatternconsistsof two
components:a questionsub-pattern(Qsp) and an
answersub-patterrfAsp).

BuildingtheQsp. A Qspisdervedfromtheinput
questioncutting off non-contentvordswith a stop-
words filter. The remainingwords are expanded
with both synoryms and morphologicalforms in

order to maximize the recall of retrieved docu-
ments. Synoryms are automaticallyextractedfrom

the most frequentsenseof the word in WordNet
(Fellbaum,1998), which considerablyreducesthe

risk of addingdisturbingelementsAs for morphol-
ogy, verbsare expandedwith all their tenseforms
(i.e. presentpresentontinuouspasttenseandpast
participle). Synorymsandmorphologicaformsare
addedo the Qsp andcomposedn anOR clause.

The following example illustrateshow the Qsp
is constructed. Given the TREC-2001 question
“Whendid Elvis Preslg die?”, the stop-worddilter
removes “When” and “did” from the input. Then
synorymsof thefirst senseof “die” (i.e. “decease”,
“perish”, etc.) areextractedfrom WordNet. Finally,
morphologicalformsfor all the correspondingerb
tensesareaddedto the Qsp. TheresultantQsp will
bethefollowing:

[Elvis <text> Presly <text> (die OR died OR
dying OR perishOR...)]

Building the Asp. An Asp is constructedn two
steps.First, the answer type of the questioris iden-
tified consideringboth morpho-syntacti¢a part of
speechtaggeris usedto processhe question)and
semantideatureg by meansof semantigredicates
definedon the WordNettaxonomy;see(Magnini et
al., 2001) for details). Possibleanswertypesare:
DATE, MEASURE, PERSON, LOCATION, ORGANI-
ZATION, DEFINITION and GENERIC. DEFINITION
is the answertype peculiarto questiondike “What
is an atom?” which representa considerableart
(around25%) of the TREC-2001corpus. The an-
swertype GENERIC is usedfor nondefinitionques-
tionsaskingfor entitiesthatcannot be classifiedas
namedentities(e.g. the questions*Material called
linen is madefrom whatplant?” or “What mineral
helpspreventosteoporosis?”)

In the secondstep, a rule-basechamedentities
recognitionmoduleidentifiesin the answerstring
all thenamedentitiesmatchingthe answeitype cat-
egory. If the catgory correspondso a nameden-
tity, an Asp for eachselectednamedentity is cre-
ated. If the answertype cateyory is either DEFINI-
TION Or GENERIC, the entire answerstring except
the stop-wordsis considered.In addition,in order
to maximizethe recall of retrieved documentsthe
Asp is expandedwith verb tenses. The following
exampleshaws how the Asp is created. Given the
TREC question*When did Elvis Preslg die?” and



thecandidateanswer‘thoughdiedin 19770f course
somefansmaintain”,sincetheanswetypecateory
iS DATE the namedentitiesrecognitionmodulewill
selec1977]asananswersub-pattern.

4 Estimating Answer Validity

The answervalidation algorithm queriesthe Web
with the patternscreatedrom the questionandan-
swerand after that estimateghe consisteng of the
patterns.

4.1 Queryingthe Web

We usea Web-miningalgorithmthat considerghe
numberof pagesetrieved by the searchengine. In
contrastgualitatve approache Web mining (..
(Brill et al., 2001)) analyzethe documentcontent,
asaresultconsideringonly a relatively smallnum-
ber of pages.For informationretrieval we usedthe
AltaVistasearchengine.lts advancedsyntaxallows
the useof operatorghatimplementtheideaof vali-
dationpatterngntroducedn Section2. Queriesare
composedisingNEAR, OR andAND boolearnopera-
tors. The NEAR operatorsearchepagesvheretwo
wordsappearin a distanceof no morethan10 to-
kens:it is usedto puttogetherthe questionandthe
answersub-patternsn a single validation pattern.
The OR operatorintroducesvariationsin the word
orderandverb forms. Finally, the AND operatoris
usedasan alternatve to NEAR, allowing moredis-
tanceamongpatternelements.

If the questionsub-patterny)sp doesnot return
ary documentor returnslessthana certainthresh-
old (experimentallysetto 7) the questionpattern
is relaxed by cutting oneword; in this way a new
queryis formulatedand submittedto the searchen-
gine. This is repeateduntil no morewordscanbe
cut or the returnednumberof documentdecomes
higherthanthe threshold.Patternrelaxationis per
formedusingword-ignoringrulesin a specifiedor-
der. Suchrules,for instancejgnorethefocusof the
question,becauset is unlikely thatit occursin a
validationfragment;ignoreadwerbsandadjecties,
becausearelesssignificant;ignorenounsbelonging
to the WordNet classesabstraction”,“psychologi-
calfeature”or “group”, becausesuallythey specify
finer detailsand humanattitudes. Names numbers
and measuresre preferredover all the lower-case

wordsandarecutlast.

4.2 Estimating pattern consistency

The Web-miningmodulesubmitsthreesearcheso
the searchengine:the sub-pattern§Qsp] and[Asp]

and the validation pattern[QAp], this last built as
the composition[Qsp NEAR Asp]. The searchen-
gine returnsrespectiely: hits(Qsp), hits(Asp)

and hits(()sp NEAR Asp). The probability P(A)

of apatternA in theWebis calculatedoy:

hits(A)
A) = ———
PiA) Mazx Pages

wherehits(A) is thenumberof pagesn the Web
where A appearsand M az Pages is the maximum
numberof pageghatcanbe returnedby the search
engine. We setthis constaniexperimentally How-
ever in two of the formulaswe use (i.e. Point-
wise Mutual InformationandCorrectedConditional
Probability) M axz Pages maybeignored.

Thejoint probability P(Qsp,Asp) is calculatedby
meansof thevalidationpatternprobability:

P(QAp) = P(Qsp NEAR Asp)

We have testedthreealternatve measureso es-
timate the degree of relevance of Web searches:
PointwiseMutual Information,Maximal Likelihood
RatioandCorrectedConditionalProbability a vari-
ant of ConditionalProbability which considerghe
asymmetryof the question-answerelation. Each
measurg@rovidesananswewalidity score:highval-
uesareinterpretedas strongevidencethatthe vali-
dationpatternis consistentThisis a clueto thefact
thatthe Web pageswherethis patternappearson-
tainvalidationfragmentswhichimply answerccu-
ragy.

Pointwise Mutual Information (PMI) (Manning
andScHitze,1999)hasbeenwidely usedto find co-
occurrencen large corpora.

P(Qsp,Asp)
(Qsp) * P(Asp)

PMI(Qsp,Asp)is usedas a clue to the internal
coherencef the question-answeralidationpattern
QAp. Substitutingthe probabilitiesin the PMI for-
mulawith the previously introducedWeb statistics,
we obtain:

PMI(QPAP) =



hits(Qsp NEAR Asp)
hits(Qsp) * hits(Asp)

Maximal Likelihood Ratio(MLHR) isalsoused
for word co-occurrencemining (Dunning, 1993).
We decidedto checkMLHR for answervalidation
becausét is supposedo outperformPMI in case
of sparsedata,a situationthat may happenin case
of questionsvith comple patternghatreturnsmall
numberof hits.

x* MaxPages

MLHR(Qsp, Asp) = —2log A

L(Z% khnl)L(P, k2,n2)
L(p1, k1,n1) L(p2, k2, n2)
whereL(p, k,n) = p*(1 — p)»F
PL= P2 = 5

ng
— kitko
ny+ng

ky = hits(Qsp, Asp), ko = hits(Qsp, —Asp)
ny = hits(Asp), ng = hits(—Asp)

A=

Here hits(Qsp, —Asp) is the number of
appearancesf Qsp when Asp is not presentand
it is calculatedashits(Q)sp) — hits((Q)sp NEAR Asp).

Similarly, hits(—Asp) is the numberof Web
pagesvhereAsp doesnotappeamandit is calculated
asMazxPages — Asp.

Corrected Conditional Probability (CCP) in

contrast with  PMI and MLHR, CCP is not
symmetric (eg. generally CCP(Qsp, Asp) #

CCP(Asp,Qsp)). Thisis basedon the fact that
we searchfor the occurrenceof the answerpattern
Asponly in thecasesvhenQsp is present.Thesta-
tistical evidencefor this canbe measuredhrough
P(Asp|Qsp), however this valueis correctedwith

P(Asp)?/? in the denominatarto avoid the cases
when high-frequeng words and patternsare taken
asrelevantanswers.

P(Asp|Qsp)
P A = ——-
CC (Q8p7 Sp) P(A4Sp)2/3
For CCPwe obtain:
hits((Q)sp NEAR Asp)

MazP 2/3
hits(Qsp) * hits(Asp)2/3 rarages

4.3 Anexample

Consideran example takenfrom the questionan-
swer corpus of the main task of TREC-2001:
“Which riverin USis known asBig Muddy?”. The
guestionkeywords are: “river”, “US”, “known”,
“Big”, “Muddy”. The searchof the pattern[river
NEAR US NEAR (known OR know OR...) NEAR Big
NEAR Muddy] returnsO pagessothealgorithmre-
laxesthe patternby cutting the initial noun*river”,
accordingto the heuristicfor discardinga nounif it
is thefirst keyword of the question.The secondoat-
tern [US NEAR (known OR know OR...) NEAR Big
NEAR Muddy] alsoreturnsO pagessowe applythe
heuristicfor ignoring verbslike “know”, “call” and
abstractnounslike “name”. The third pattern[US
NEAR Big NEAR Muddy] returns28 pageswhichis
overtheexperimentallysetthresholdf sevenpages.

One of the 50 byte candidateanswersfrom the
TREC-2001answercollection is “recover Missis-
sippi River”. Takinginto accountthe answertype
LOCATION, the algorithmconsidersnly the named
entity: “Mississippi River”. To calculateanswer
validity score(in this example PMI) for [Missis-
sippi River], the procedureconstructghevalidation
pattern:[US NEAR Big NEAR Muddy NEAR Mis-
sissippiRiver] with the answersub-patterrjMissis-
sippi River]. Thesetwo patternsare passedo the
searchengine,and the returnednumbersof pages
aresubstitutedn the mutualinformationexpression
attheplacesof hits(()sp NEAR Asp) andhits(Asp)
respectiely; the previously obtainednumber(i.e.
28) is substitutedat the placeof hits(Qsp). In this
way an answervalidity scoreof 55.5is calculated.
It turns out that this value is the maximal validity
scorefor all theanswerf this question Othercor-
rect answersrom the TREC-2001collection con-
tain asnameentity “Mississippi”. Theiranswera-
lidity scoreis 11.8, which is greaterthan 1.2 and
alsogreaterthan0.2 x Maxzimal V alidity_Score
(= 11.1). This score(i.e. 11.8) classifiesthemas
relevantanswers.On the otherhand,all the wrong
answershasvalidity scorebelowv 1 andasa result
all of themareclassifiedasirrelevantanswercandi-
dates.



5 Experimentsand Discussion

A numberof experimentshave beencarriedout in
orderto checkthe validity of the proposedanswer
validationtechnique. As a dataset, the 492 ques-
tions of the TREC-2001databaséave beenused.
For eachquestionat mostthreecorrectanswerand
threewrong answershave beenrandomlyselected
from the TREC-2001participants’submissionste-
sulting in a corpusof 2726 question-answepairs
(someqguestiorhave lessthanthreepositive answers
in thecorpus).As saidbefore AltaVistawasusedas
searchengine.

A baselinefor the answervalidationexperiment
wasdefinedby consideringhow oftenananswetoc-
cursin the top 10 documentsamongthose (1000
for eachquestionprovidedby NIST to TREC-2001
participants. An answerwas judged correctfor a
guestionif it appearsat leastonetime in the first
10 documentsetrieved for thatquestion,otherwise
it wasjudgednot correct. Baselineresultsare re-
portedin Table2.

We carried out several experimentsin order to
checka numberof working hypotheses.Threein-
dependenfactorswereconsidered:

Estimation method. We have implementedhree
measuregreportedn Sectiord.2)to estimateanan-
swervalidity score:PMI, MLHR andCCP

Threshold. Wewantedto estimateherole of two
differentkinds of thresholdsfor the assessmeruf
answelalidation.In the caseof anabsol ute thresh-
old, if the answervalidity scorefor a candidatean-
sweris below thethresholdtheansweiis considered
wrong,otherwiset is acceptedisrelevant. In asec-
ond type of experiment,for every questionand its
correspondin@nswerghe programchooseshe an-
swerwith the highestvalidity scoreandcalculatesa
relative threshold on that basis(i.e. threshold =
k * Max_Validity_score). However the relative
thresholdshouldbe larger thana certainminimum
value.

Question type. We wantedto checkperformance
variation basedon different types of TREC-2001
guestions. In particular we have separatedlefini-

tion andgenericquestiondrom true namedentities
guestions.

Tables2 and3 reportthe resultsof the automatic
answelwalidationexperimentobtainedespectiely
on all the TREC-2001questionsand on the subset
of definition and genericquestions.For eachesti-
mation methodwe reportprecision,recalland suc-
cessrate. Succesgate bestrepresentshe perfor
manceof thesystempeingthepercenbf [¢, ] pairs
wherethe resultgivenby the systemis the sameas
the TREC judges’opinion. Precisionis the percent
of [¢, a] pairs estimatedby the algorithm as rele-
vant,for whichthe opinionof TRECjudgeswasthe
same. Recallshaws the percentof the relevantan-
swerswhichthe systemalsoevaluatesasrelevant.

P (%) | R(%) | SR(%)
Baseline 50.86| 4.49| 52.99
CCP-rel. 77.85| 82.60| 81.25
CCP- abs. 74.12| 81.31| 78.42
PMI - rel. 77.40| 78.27| 79.56
PMI - abs. 70.95| 87.17| 77.79
MLHR -rel. | 81.23| 72.40| 79.60
MLHR - abs.| 72.80| 80.80| 77.40

Table2: Resultson all 492 TREC-2001questions

P (%) | R(%) | SR (%)
CCP-rel. | 85.12| 84.27| 86.38
CCP-abs. | 83.07| 78.81| 83.35
PMI-rel. | 83.78] 82.12| 84.90
PMI-abs. | 79.56| 84.44| 83.35
MLHR -rel. | 90.65| 72.75| 84.44
MLHR - abs.| 87.20| 67.20| 82.10

Table3: Resultson 249 namedentity questions

Thebestresultsonthe492questiongorpug CCP
measurevith relative thresholdshow asuccessate
of 81.25%,i.e. in 81.25%of the pairsthe system
evaluationcorresponds thehumanevaluation,and
confirmstheinitial workinghypothesesThisis 28%
above the baselinesuccesgate. Precisionand re-
call arerespectrely 20-30%and 68-87%above the
baselinevalues. Theseresultsdemonstratehatthe
intuition behindthe approachs motivatedandthat
the algorithm provides a workablesolutionfor an-
swervalidation.

Theexperimentsshaw thattheaveragedifference



betweenthe succesgatesobtainedfor the named
entity questiongTable 3) andthe full TREC-2001
guestionset(Table?2) is 5.1%. This meanghatour
approachperformsbetterwhenthe answerentities
arewell specified.

Another conclusionis that the relative threshold
demonstratesuperiorityover theabsoluteahreshold
in bothtestsets(average2.3%).Howeverif the per
centof theright answersn the answersetis lower,
thentheefficiencgy of thisapproachmaydecrease.

The bestresultsin both questionsets are ob-
tainedby applying CCP Suchnon-symmetricfor-
mulasmight turn out to be moreapplicablein gen-
eral. As conditionalcorrected(CCP)is not a clas-
sical co-occurrenceneasurdike PMI and MLHR,
we may considerits high performanceas proof
for the differencebetweenour taskand classicco-
occurrencenining. Anotherindicationfor thisis the
factthatMLHR andPMI performancesrecompa-
rable,however in the caseof classicco-occurrence
search,MLHR should shov much better success
rate. It seemghatwe have to develop other mea-
suresspecificfor thequestion-answero-occurrence
mining.

6 Related Work

Althoughthereis somerecentwork addressinghe
evaluationof QA systemsjt seemghatthe ideaof
usinga fully automaticapproachto answervalida-
tion hasstill not beenexplored. For instance,the
approachpresentedn (Brecket al., 2000)is semi-
automatic. The proposedmethodologyfor answer
validationrelieson computingthe overlappingbe-
tween the systemresponseo a questionand the
stemmedcontentwords of an answerkey. All the
answeikeyscorrespondingp the 198 TREC-8ques-
tionshave beenmanuallyconstructedy humanan-
notatorsusing the TREC corpusand external re-
sourcedike theWeh

The idea of using the Web as a corpusis an
emeging topic of interestamongthe computational
linguists community The TREC-2001QA track
demonstratethatWebredundang canbe exploited
at differentlevelsin the proces=f finding answers
to naturallanguageguestions.Several studies(e.g.
(Clarkeetal.,2001)(Brill etal.,2001))suggesthat
theapplicationof Websearchcanimprove thepreci-

sionof a QA systemby 25-30%.A commonfeature
of theseapproachess the useof the Web to intro-

ducedataredundang for amorereliableanswerex-

tractionfrom local text collections. (Rade et al.,

2001)suggests probabilisticalgorithmthatlearns
thebestqueryparaphrasef aquestiorsearchinghe

Weh Otherapproachesuggestraininga question-
answeringsystemon the Web (Mann,2001).

The Web-miningalgorithm presentedn this pa-
per is similar to the PMI-IR (Pointwise Mutual
Information - Information Retrieval) describedin
(Turney, 2001). Turney usesPMI andWeb retrieval
to decidewhich word in alist of candidatess the
bestsynorym with respecto a tamgetword. How-
ever, the answervalidity task posesdifferent pe-
culiarities. We searchhow the occurrenceof the
questionwordsinfluencethe appearancef answer
words. Therefore we introduceadditionallinguis-
tic techniquesfor patternand query formulation,
suchaskeyword extraction,answertype extraction,
namedentitiesrecognitionandpatternrelaxation.

7 Conclusion and Future Work

We have presentech novel approactto answerval-
idation basedon the intuition that the amountof
implicit knowledgewhich connectsan answerto a
guestioncanbe quantitatvely estimatedy exploit-
ing theredundang of Webinformation.Resultsob-
tainedon the TREC-2001QA corpuscorrelatewell
with the humanassessmerdf answers’correctness
andconfirmthata Web-basedlgorithmprovidesa
workablesolutionfor answervalidation.
Severalactiities areplannedn thenearfuture.
First, the approachwe presentedis currently
basedon fixed validationpatternghatcombinesin-
glewordsextractedbothfrom the questiorandfrom
the answer Theseword-level patternsprovide a
broadcoverage(i.e. mary documentsaretypically
retrieved) in spiteof a low precision(i.e alsoweak
correlationsamongthe keyword are captured). To
increasehe precisionwe wantto experimentother
typesof patternswhich combinewordsinto larger
units (e.g. phraser whole sentences)We believe
thatthe answervalidationprocesscanbe improved
bothconsideringratternvariations(from word-level
to phraseandsentence-kzl), andthe trade-of be-
tweenthe precisionof the searchpatternand the



numberof retrieveddocumentsPreliminaryexperi-
mentsconfirmthevalidity of this hypothesis.

Then,agenerat@ndtestmodulebasedntheval-
idationalgorithmpresentedn this paperwill bein-
tegratedin the architectureof our QA systemunder
development.In orderto exploit the efficiengy and
thereliability of the algorithm,suchsystemwill be
designedrying to maximizethe recall of retrieved
candidateanswersinsteadof performingadeeplin-
guistic analysisof thesepassagesthe systemwiill
delggateto the evaluationcomponenthe selection
of theright answer
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