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Abstract

We describea set of supervisedma-
chine learning experimentscentering
on the constructionof statisticalmod-
els of WH-questions. Thesemodels,
which are built from shallow linguis-
tic featuresof questions,areemployed
to predicttarget variableswhich repre-
senta user's informationalgoals. We
report on different aspectsof the pre-
dictive performanceof our models,in-
cludingthein�uenceof varioustraining
andtestingfactorsonpredictive perfor-
mance,and examine the relationships
amongthetargetvariables.

1 Intr oduction

Thegrowth in popularityof theInternethighlights
theimportanceof developingmachineryfor gen-
eratingresponsesto queriestargetedat large un-
structuredcorpora.At thesametime, theaccess
of World Wide Web resourcesby large numbers
of usersprovidesopportunitiesfor collectingand
leveragingvastamountsof dataaboutuseractiv-
ity. In thispaper, wedescriberesearchonexploit-
ing datacollectedfrom logs of users'queriesin
order to build modelsthat can be usedto infer
users'informationalgoalsfrom queries.

Wedescribeexperimentswhichusesupervised
machinelearning techniquesto build statistical
modelsof questionsposedto theWeb-basedEn-
cartaencyclopediaservice. We focus on mod-
els and analysesof completequestionsphrased
in English. Thesemodelspredicta user's infor-
mational goals from shallow linguistic features
of questionsobtainedfrom a natural language
parser. We decomposethesegoals into (1) the
type of information requestedby the user(e.g.,

de�nition, valueof anattribute,explanationfor an
event),(2) thetopic,focalpointandadditionalre-
strictionsposedby thequestion,and(3) thelevel
of detailof theanswer. Thelong-termaimof this
projectis to usepredictionsof theseinformational
goalsto enhancetheperformanceof information-
retrieval andquestion-answeringsystems.In this
paper, wereportondifferentaspectsof thepredic-
tiveperformanceof ourstatisticalmodels,includ-
ing the in�uence of varioustraining and testing
factorson predictive performance,and examine
therelationshipsamongtheinformationalgoals.

In thenext section,we review relatedresearch.
In Section 3, we describethe variablesbeing
modeled. In Section4, we discussour predic-
tive models.We thenevaluatethepredictionsob-
tainedfrom modelsbuilt underdifferenttraining
andmodelingconditions.Finally, we summarize
thecontribution of thiswork anddiscussresearch
directions.

2 RelatedResearch
Our researchbuilds on earlier work on the use
of probabilistic models to understandfree-text
queriesin searchapplications(Heckerman and
Horvitz, 1998;Horvitz et al., 1998),andon work
conductedin the IR arenaof questionanswering
(QA) technologies.

HeckermanandHorvitz (1998)andHorvitz et
al. (1998) usedhand-craftedmodelsand super-
visedlearningto constructBayesianmodelsthat
predictusers'goalsandneedsfor assistancein the
context of consumersoftwareapplications.Heck-
erman and Horvitz' models consideredwords,
phrasesandlinguistic structures(e.g.,capitaliza-
tion andde�nite/inde�nite articles)appearingin
queriesto a helpsystem.Horvitz et al.'s models
consideredauser's recentactionsin his/heruseof
software,togetherwith probabilisticinformation
maintainedin adynamicallyupdateduserpro�le.



QA researchcenterson the challengeof en-
hancingtheresponseof searchenginesto auser's
questionsby returningpreciseanswersratherthan
returningdocuments,which is themorecommon
IR goal. QA systemstypically combinetradi-
tional IR statisticalmethods(SaltonandMcGill,
1983)with “shallow” NLP techniques.Oneap-
proachto theQA taskconsistsof applyingtheIR
methodsto retrievedocumentsrelevantto auser's
question,andthenusingtheshallow NLP to ex-
tract featuresfrom both the user's questionand
the mostpromisingretrieved documents.These
featuresarethenusedto identifyananswerwithin
each documentwhich best matchesthe user's
question.This approachwasadoptedin (Kupiec,
1993; Abney et al., 2000; Cardie et al., 2000;
Moldovanetal., 2000).

The NLP componentsof thesesystemsem-
ployedhand-craftedrulesto infer thetypeof an-
swer expected. Theserules were built by con-
sidering the �rst word of a questionas well as
largerpatternsof wordsidenti�ed in thequestion.
For example, the question“How far is Mars?”
mightbecharacterizedasrequiringareplyof type
DISTANCE. Our work differs from traditionalQA
researchin its use of statisticalmodelsto pre-
dict variablesthatrepresentauser's informational
goals. Thevariablesunderconsiderationinclude
the type of the informationrequestedin a query,
thelevel of detailof theanswer, andtheparts-of-
speechwhich containthe topic the queryandits
focus(which resemblesthe type of the expected
answer).In thispaper, we focuson thepredictive
models,ratherthanontheprovisionof answersto
users'questions.We hopethat in theshortterm,
the insightsobtainedfrom our work will assist
QA researchersto �ne-tunetheanswersgenerated
by their systems.

3 Data Collection
Our models were built from questionsidenti-
�ed in a log of Web queriessubmittedto the
Encartaencyclopediaservice. Thesequestions
include traditional WH-questions, which begin
with “what”, “when”, “where”, “which”, “who”,
“why” and “how”, as well as imperative state-
mentsstartingwith “name”, “tell”, “�nd”, “de-
�ne” and“describe”. We extracted97,640ques-
tions (removing consecutive duplicates),which
constituteabout6% of the 1,649,404queriesin
the log �les collectedduring a period of three

weeksin theyear2000.A totalof 6,436questions
weretaggedby hand.Two typesof tagswerecol-
lectedfor eachquestion:(1) tagsdescribinglin-
guisticfeatures,and(2) tagsdescribinghigh-level
informationalgoalsof users.Theformerwereob-
tainedautomatically, while thelatterweretagged
manually.

We consideredthreeclassesof linguistic fea-
tures:word-based,structuralandhybrid.
Word-basedfeatures indicate the presenceof
speci�c words or phrasesin a user's question,
whichwebelievedshowedpromisefor predicting
componentsof his/herinformationalgoals.These
arewordslike “make”, “map” and“picture”.
Structural features include information ob-
tained from an XML-encoded parse tree gen-
eratedfor eachquestionby NLPWin (Heidorn,
1999)– a naturallanguageparserdevelopedby
the Natural LanguageProcessingGroup at Mi-
crosoftResearch.Weextractedatotalof 21struc-
tural features,including the numberof distinct
parts-of-speech(PoS)– NOUNs, VERBs, NPs,
etc– in aquestion,whetherthemainnounis plu-
ral or singular, which noun (if any) is a proper
noun,andthePoSof theheadverbpost-modi�er.
Hybrid features areconstructedfrom structural
and word-basedinformation. Two hybrid fea-
tureswereextracted:(1) thetypeof headverbin
a question,e.g., “know”, “be” or action verb ;
and(2) theinitial componentof aquestion,which
usuallyencompassesthe �rst word or two of the
question,e.g., “what”, “when” or “how many”,
but for “how” may be followed by a PoS,e.g.,
“how ADVERB” or “how ADJECTIVE.”

We consideredthe following variables rep-
resentinghigh-level informationalgoals: Infor-
mationNeed,Coverage Asked, Coverage Would
Give, Topic, Focus,Restrictionand LIST. Infor-
mationaboutthestateof thesevariableswaspro-
videdmanuallyby threepeople,with themajority
of thetaggingbeingperformedundercontractby
aprofessionaloutsidetheresearchteam.
Inf ormation Need is a variable that repre-
sents the type of information requestedby a
user. We provided fourteentypes of informa-
tion need, including Attribute, IDentifica-

tion, Process, Intersection andTopic It-

self (which,asshown in Section5, arethemost
commoninformationneeds),plus the additional
categoryOTHER. As examples,thequestion“What



is a hurricane?” is an IDentification query;
“What is thecolorof sandin theKalahari?” is an
Attribute query(theattributeis “color”); “How
doeslightningform?” is aProcess query;“What
are the biggest lakesin New Hampshire?” is an
Intersection query(atypeof IDentification ,
wherethe returneditem mustsatisfya particular
Restriction– in this case“biggest”); and“Where
canI �nd a pictureof a bay?” is aTopic Itself

query (interpretedas a requestfor accessingan
objectdirectly, ratherthanobtaininginformation
abouttheobject).

CoverageAskedandCoverageWould Give are
variablesthat representthe level of detail in an-
swers. Coverage Asked is the level of detail of
a direct answerto a user's question. Coverage
Would Give is the level of detail that an infor-
mation provider would include in a helpful an-
swer. For instance,althoughthedirectanswerto
the question“When did Lincoln die?” is a sin-
gledate,ahelpfulinformationprovidermightadd
otherdetailsaboutLincoln, e.g.,that he wasthe
sixteenthpresidentof theUnitedStates,andthat
he wasassassinated.This additionallevel of de-
tail dependson therequestitself andon theavail-
ableinformation.However, herewe considerthe
former factor, viewing it as an initial �lter that
will guidethecontentplanningprocessof anen-
hancedQA system.The distinctionbetweenthe
requestedlevel of detailandtheprovidedlevel of
detail makes it possibleto model questionsfor
which the preferredlevel of detail in a response
differs from thedetail requestedby theuser. We
consideredthreelevelsof detailfor bothcoverage
variables:Precise, Additional andExtended ,
plus the additionalcategory OTHER. Precise in-
dicatesthat an exact answerhasbeenrequested,
e.g.,a nameor date(this is the valueof Cover-
age Asked in the above example); Additional

refersto a level of detail characterizedby a one-
paragraphanswer(this is the valueof Coverage
WouldGivein theaboveexample);andExtended

indicatesa longer, moredetailedanswer.

Topic, FocusandRestriction containa PoSin
theparsetreeof auser'squestion.Thesevariables
representthe topic of discussion,the type of the
expectedanswer, and information that restricts
thescopeof theanswer, respectively. Thesevari-
ablestake 46 possiblevalues,e.g.,NOUN� , VERB�

andNP� , plusthecategory OTHER. For eachques-

tion, thetaggerselectedthemostspeci�c PoSthat
containsthe portion of the questionwhich best
matcheseachof theseinformationalgoals.For in-
stance,giventhequestion“Whatarethemaintra-
ditional foodsthat Brazilianseat?”, the Topic is
NOUN� (Brazilians), theFocusis ADJ� +NOUN� (tra-
ditional foods) andtherestrictionis ADJ� (main).
As shown in this example,it wassometimesnec-
essaryto assignmorethanonePoSto thesetar-
getvariables.At present,thesecompositeassign-
mentsareclassi�edasthecategory OTHER.

LIST is a boolean variable which indicates
whetherthe useris looking for a single answer
(False ) or multipleanswers(True ).

4 Predictive Model
We built decision trees to infer high-level in-
formational goals from the linguistic features
of users' queries. One decisiontree was con-
structedfor eachgoal: Information Need,Cov-
erage Asked, Coverage Would Give, Topic, Fo-
cus,RestrictionandLIST. Ourdecisiontreeswere
built using dprog (Wallace and Patrick, 1993)
– a procedurebasedon the Minimum Message
Lengthprinciple(WallaceandBoulton,1968).

Thedecisiontreesdescribedin this sectionare
thosethat yield the bestpredictive performance
(obtainedfrom atrainingsetcomprisedof “good”
queries,asdescribedSection5). Thetreesthem-
selvesaretoo large to be includedin this paper.
However, we describethe main attributes iden-
ti�ed in eachdecisiontree. Table 2 shows, for
eachtarget variable,the sizeof the decisiontree
(in numberof nodes)andits maximumdepth,the
attributeusedfor the �rst split, andtheattributes
usedfor thesecondsplit. Table1 showsexamples
anddescriptionsof theattributesin Table2.1

We notethat the decisiontreefor Focussplits
�rst on the initial componentof a question,e.g.,
“how ADJ”, “where” or “what”, andthat oneof
thesecond-splitattributesis thePoSfollowing the
initial component.Theseattributeswerealsoused
to build the hand-craftedrulesemployed by the
QA systemsdescribedin Section2, which con-
centrateon determiningthe type of theexpected

1The meaningof “Total PRONOUNS” is peculiar in
our context, becausethe NLPWin parsertagswords such
as “what” and “who” as PRONOUNs. Also, the clue at-
tributes,e.g.,Comparison clues , representgroupingsof dif-
ferentcluesthatat designtime whereconsideredhelpful in
identifying certaintargetvariables.



Table1: Attributesin thedecisiontrees
Attrib ute Example/Meaning

Attribute clues e.g.,“name”, “type of”, “called”

Comparison clues e.g.,“similar”, “dif fer”, “relate”

Intersection clues superlative ADJ, ordinalADJ, relative clause

Topic Itself clues e.g.,“show”, “picture”, “map”

PoS after Initial component e.g.,NOUNin “which countryis thelargest?”

verb-post-modifier PoS e.g.,NP without PP in “what is a choreographer”

Total PoS numberof occurrencesof PoSin a question,e.g.,Total NOUNs

First NP plural? Booleanattribute

Definite article in First NP? Booleanattribute

Plural quantifier? Booleanattribute

Length in words numberof wordsin a question

Length in phrases numberof NPs+ PPs+ VPsin a question

Table2: Summaryof decisiontrees

Target Variable Nodes/Depth First Split SecondSplit

InformationNeed 207/13 Initial component Attribute clues, Comparison clues, Topic Itself

clues, PoS after Initial component, verb-post-

modifier PoS, Length in words

Coverage Asked 123/11 Initial component Topic Itself clues, PoS after Initial component,

Head verb

Coverage Would Give 69/6 Topic Itself clues Initial component, Attribute clues

Topic 193/9 Total NOUNs Total ADJs, Total AJPs, Total PRONOUNs

Focus 226/10 Initial component Topic Itself clues, Total NOUNs, Total VERBs,

Total PRONOUNs,Total VPs, Head verb, PoS after

Initial component

Restriction 126/9 Total PPs Intersection clues, PoS after Initial component,

Definite article in First NP?, Length in phrases

LIST 45/7 First NP plural? Plural quantifier?, Initial component

answer(which is similar to our Focus). How-
ever, our Focusdecisiontreeincludesadditional
attributesin its secondsplit (theseattributesare
addedby dprog becausethey improve predictive
performanceon thetrainingdata).

5 Results

Our reporton the predictive performanceof the
decisiontreesconsiderstheeffectof varioustrain-
ing andtestingfactorsonpredictive performance,
andexaminesthe relationshipsamongthe target
variables.

5.1 Training Factors

We examinehow the quality of the training data
and the size of the training set affect predictive
performance.

Quality of the data. In our context, thequality
of thetrainingdatais determinedby thewording
of the queriesand the outputof the parser. For
eachquery, the taggercould indicatewhetherit
wasa BAD QUERY or whethera WRONG PARSE

had beenproduced. A BAD QUERY is incoher-
ent or articulatedin sucha way that the parser
generatesa WRONG PARSE, e.g.,“Whenits hot it
expand?”. Figure1 shows the predictive perfor-
manceof the decisiontreesbuilt for two train-
ing sets: All5145 and Good4617 . The �rst set
contains5145queries,while thesecondsetcon-
tainsa subsetof the�rst setcomprisedof “good”
queriesonly (i.e., bad queriesand querieswith
wrong parseswereexcluded). In both cases,the
same1291 querieswere usedfor testing. As a
baselinemeasure,wealsoshow thepredictive ac-



Figure1: Performancecomparison:trainingwith
all queries versus training with good queries;
prior probabilitiesincludedasbaseline

Small Medium Lar ge X-Lar ge
Train/All 1878 2676 3765 5145
Train/Good 1679 2389 3381 4617
Test 376 662 934 1291

Table3: Four trainingandtestingsetsizes

curacy of usingthemaximumprior probabilityto
predicteachtargetvariable.Theseprior probabil-
itieswereobtainedfrom thetrainingsetAll5145 .
TheInformationNeedwith thehighestpriorprob-
ability is IDentification , thehighestCoverage
Asked is Precise , while the highestCoverage
Would Give is Additional ; NOUN� containsthe
mostcommonTopic; themostcommonFocusand
RestrictionareNONE; andLIST is almostalways
False . As seenin Figure1, theprior probabilities
yield a high predictive accuracy for Restriction
andLIST. However, for theothertargetvariables,
the performanceobtainedusingdecisiontreesis
substantiallybetterthanthatobtainedusingprior
probabilities.Further, thepredictive performance
obtainedfor thesetGood4617 is only slightly bet-
ter thanthatobtainedfor thesetAll5145 . How-
ever, sincethesetof goodqueriesis 10%smaller,
it is consideredabetteroption.

Sizeof the training set. The effect of the size
of thetrainingseton predictive performancewas
assessedby consideringfour sizesof training/test
sets: Small, Medium, Large, and X-Large. Ta-
ble 3 shows the number of training and test
queriesfor eachsetsizefor the“all queries”and
the“goodqueries”trainingconditions.

Figure2: Predictiveperformancefor four training
sets(1878,2676,3765and5145)averagedover5
runs– All queries

Figure3: Predictiveperformancefor four training
sets(1679,2389,3381and4617)– Goodqueries

The predictive performancefor theall-queries
andgood-queriessetsis shown in Figures2 and3
respectively. Figure2 depictsthe averageof the
resultsobtainedover � ve runs, while Figure 3
shows the resultsof a singlerun (similar results
wereobtainedfrom otherrunsperformedwith the
good-queriessets).As indicatedby theseresults,
for bothdatasetsthereis a generalimprovement
in predictive performanceasthesizeof thetrain-
ing setincreases.

5.2 TestingFactors
We examinetheeffect of two factorson thepre-
dictive performanceof our models: (1) query
length(measuredin numberof words),and(2) in-
formationneed(asrecordedby thetagger).These
effects were studiedwith respectto the predic-
tions generatedby the decision trees obtained
from the set Good4617 , which had the bestper-
formanceoverall.



Figure4: Querylengthdistribution – Testset

Figure5: Predictive performanceby querylength
– Goodqueries

Query length. The querieswere divided into
four length categories (measuredin numberof
words):length��� , ��� length��� , ��� length���	�

and �	�
� length. Figure4 displaysthe distribu-
tion of queriesin the testsetaccordingto these
lengthcategories. Accordingto this distribution,
over 90%of thequerieshave lessthan11 words.
Thepredictive performanceof our decisiontrees
broken down by query length is shown in Fig-
ure5. As shown in this chart,for all target vari-
ablesthereis a downward trendin predictive ac-
curacy asquerylengthincreases.Still, for queries
of lessthan11 wordsandall target variablesex-
ceptTopic, the predictive accuracy remainsover
74%.In contrast,theTopicpredictionsdropfrom
88% (for queriesof less than 5 words) to 57%
(for queriesof 8, 9 or 10words).Further, thepre-
dictive accuracy for InformationNeed,Topic,Fo-
cusandRestrictiondropssubstantiallyfor queries
thathave 11 wordsor more.This dropin predic-
tive performancemay be explainedby two fac-
tors. For one, the majority of the training data

Figure6: Informationneeddistribution – Testset

Figure 7: Predictive performancefor � ve most
frequentinformationneeds– Goodqueries

consistsof shorterquestions.Hence,theapplica-
bility of the inferredmodelsto longerquestions
maybelimited. Also, longerquestionsmayexac-
erbateerrorsassociatedwith someof theindepen-
denceassumptionsimplicit in ourcurrentmodel.

Inf ormation need. Figure 6 displaysthe dis-
tribution of the queries in the test set ac-
cording to Information Need. The � ve
most common Information Need categories
are: IDentification, Attribute, Topic It-

self, Intersection and Process , jointly ac-
countingfor over 94% of the queries. Figure 7
displaysthepredictiveperformanceof ourmodels
for these� ve categories. The bestperformance
is exhibited for the IDentification and Topic

Itself queries.In contrast,thelowestpredictive
accuracy wasobtainedfor the InformationNeed,
Topic and Restrictionof Intersection queries.
Thiscanbeexplainedby theobservationthat In-

tersection queriestendto bethelongestqueries
(asseenabove,predictiveaccuracy dropsfor long



Figure8: Performancecomparisonfor four pre-
dictionmodels:PerfectInformation, BestRe-

sults, PredictionOnly andMixed ; prior prob-
abilitiesincludedasbaseline

queries). The relatively low predictive accuracy
obtainedfor bothtypesof Coverage for Process

queriesremainsto beexplained.

5.3 Relationsbetweentarget variables
To determinewhether the statesof our target
variablesaffect eachother, we built three pre-
diction models,eachof which includessix tar-
get variablesfor predicting the remainingvari-
able. For instance,InformationNeed,Coverage
Asked,Coverage Would Give, Focus,Restriction
andLISTareincorporatedasdata(in additionto
the observable variables)whentraining a model
that predictsFocus. Our threemodelsare: Pre-

dictionOnly – which usesthe predictedvalues
of thesix targetvariablesbothfor thetrainingset
andfor thetestset;Mixed – whichusestheactual
valuesof the six target variablesfor the training
setandtheir predictedvaluesfor thetestset;and
PerfectInformation – which usesactualvalues
of the six target variablesfor both training and
testing. This modelenablesus to determinethe
performanceboundariesof our methodologyin
light of thecurrentlyobservedattributes.

Figure8 shows thepredictive accuracy of � ve
models: the above threemodels,our bestmodel
so far (obtainedfrom the training setGood4617 )
– denotedBestResult , and prior probabilities.
As expected, the PerfectInformation model
hasthe bestperformance.However, its predic-
tive accuracy is relatively low for Topic andFo-
cus, suggestingsomeinherentlimitations of our
methodology. The performanceof the Predic-

tionOnly modelis comparableto thatof BestRe-

sult , but the performanceof the Mixed model
seemsslightly worse. This differencein perfor-
mancemaybeattributedto thefact that thePre-

dictionOnly model is a “smoothed”versionof
the Mixed model. That is, the PredictionOnly

modelusesaconsistentversionof thetargetvari-
ables(i.e.,predictedvalues)bothfor trainingand
testing.This is not thecasefor theMixed model,
whereactualvaluesareusedfor training(thusthe
Mixed model is the sameasthe PerfectInfor-

mation model), but predictedvalues(which are
notalwaysaccurate)areusedfor testing.

Finally, InformationNeedfeaturesprominently
both in the PerfectInformation/Mixed model
and the PredictionOnly model, being usedin
the �rst or secondsplit of most of the decision
treesfor the other target variables. Also, asex-
pected,Coverage Asked is usedto predictCov-
erage Would Give and vice versa. Thesere-
sults suggestusing modeling techniqueswhich
can take advantageof dependenciesamongtar-
getvariables.Thesetechniqueswould enablethe
constructionof modelswhich take into account
the distribution of the predictedvaluesof oneor
moretargetvariableswhenpredictinganothertar-
getvariable.

6 Discussionand Future Work
We have introduced a predictive model, built
by applying supervisedmachine-learningtech-
niques,whichcanbeusedto infer auser's key in-
formationalgoalsfrom free-text questionsposed
to an Internet searchservice. The predictive
model,which is built from shallow linguistic fea-
turesof users'questions,infersa user's informa-
tion need,thelevel of detailrequestedby theuser,
thelevel of detaildeemedappropriateby aninfor-
mationprovider, andthetopic, focusandrestric-
tionsof theuser's question.Theperformanceof
ourmodelis encouraging,in particularfor shorter
queries,andfor querieswith certaininformation
needs. However, further improvementsare re-
quiredin orderto make thismodelpracticallyap-
plicable.

We believe thereis an opportunityto identify
additional linguistic distinctionsthat could im-
prove the model's predictive performance. For
example,we intendto representfrequentcombi-
nationsof PoS,suchasNOUN� +NOUN� , which are
currentlyclassi�edasOTHER(Section3). Wealso



proposeto investigatepredictive modelswhich
returnmoreinformativepredictionsthanthosere-
turnedby our currentmodel,e.g.,a distribution
of the probableinformationalgoals,insteadof a
singlegoal. This would enableanenhancedQA
systemto applya decisionprocedurein orderto
determinea courseof action.For example,if the
Additional value of the Coverage Would Give
variablehasa relatively high probability, thesys-
tem could considermore than one Information
Need,Topicor Focuswhengeneratingits reply.

In general,the decision-treegenerationmeth-
odsdescribedin this paperdo not have the abil-
ity to take into accountthe relationshipsamong
different target variables. In Section5.3, we in-
vestigatedthisproblemby building decisiontrees
which incorporatepredictedandactualvaluesof
target variables. Our results indicate that it is
worthexploringtherelationshipsbetweenseveral
of the target variables. We intendto usethe in-
sightsobtainedfrom this experimentto construct
modelswhich can captureprobabilistic depen-
denciesamongvariables.

Finally, as indicatedin Section1, this project
is part of a larger effort centeredon improv-
ing a user's ability to accessinformation from
large informationspaces.The next stageof this
project involves using the predictionsgenerated
by our modelto enhancetheperformanceof QA
or IR systems.One suchenhancementpertains
to queryreformulation,wherebythe inferredin-
formationalgoalscanbe usedto reformulateor
expand queriesin a mannerthat increasesthe
likelihoodof returningappropriateanswers.As
an exampleof queryexpansion,if Process was
identi�ed as the Information Needof a query,
wordsthat boostresponsesto searchesfor infor-
mationrelatingto processescouldbeaddedto the
query prior to submitting it to a searchengine.
Anotherenvisionedenhancementwould attempt
to improve the initial recall of the documentre-
trieval processby submittingquerieswhich con-
tain thecontentwordsin theTopicandFocusof a
user's question(insteadof includingall the con-
tentwordsin thequestion).In thelongerterm,we
planto exploretheuseof Coverage resultsto en-
ablean enhancedQA systemto composean ap-
propriateanswerfrom information found in the
retrieveddocuments.
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