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ABSTRACT

The automaticacquisitionof usabledomain knowl-
edgeis a challengingissue. Suchknowledgecanbe
emplo/edto assista userin searchingadocumentol-
lection. This canbe doneby suggestingquery mod-
ification options basedon the knovledge uncovered
by analyzingthe documentcollection. We acquire
suchknowledgeby simply exploiting the documents’
markupstructure. This gives us a domainmodeltai-
lored to the particular collection. But how good is
sucha model? This paperwill presentresultsof two
evaluations. The first onelooks at the actualdomain
model. We will discusshow usersjudgedthe rela-
tionsencodedn the model. The secondevaluationis
task-basedndgoesa stepfurther It investigatediow
a searchsystemthat appliesthe automaticallycon-
structeddomainmodel performscomparedo a stan-
dardsearchsystem.

Keywords: Knowledge extraction, Evaluation,
Websearch

1 INTRODUCTION

Searchesn documentcollectionsoften return either
large numbersof matchesor no suitable matchesat
all. Thatis notjusttrue for Web searchin generalbut
alsoif the collectionis only a fractionthe size of the
Webandthe documentgover amuchsmallerrangeof
topics. This type of datasourcess everywhere from
corporatdantranetso local Web sites.

Someexplicit knovledgeaboutthe domain,i.e. a
domainmode] could be usefulto help the userfind
the right documents A possibledomainmodelcould
encoderelationsbetweenwords or phraseghat have

beenuncoreredby analysinghedocumentollection.
Thesimplegraphin figure 1 is anactualexamplefrom
oneof our sampledomainsthat givesanideaof how
sucha model may be structured. We seea simple
tree of relatedtermsthat can be usedto eitherassist
a userin the searchprocessperformsomeautomatic
gueryrefinement®r allow the userto browvsethe col-
lection. Note, thatthe typesof relationin the sample
tree are not formally specified. This is significantly
differentfrom formal ontologiesor linguistic knowl-
edgesourcesuchasWordNet[4].
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Figurel: Partialdomainmodel

However, typically adomainmodelis notavailable.
Existing linguistic knowledge sourcesand ontologies
tendto be eithertoo generic(e.g. WordNe) or very
knowledge-intensie andtailoredspecificallyto some
well-defineddomains(e.g. [1, 5]). In otherwords,
they do not reflectthe particularitiesof a nenly se-
lecteddocumentcollection and are thereforenot the
bestcandidategor assistingusersin a searchprocess.
Furthermorechangesn the collectionor an entirely
nev domainwould require changesn the ontology



which canbea comple task[10].

What can be done about that? A tremendous
amountof implicit knowledgeis storedin the markup
of documentsBut not muchhasbeendoneto usethis
particularknowledge. We constructa domainmodel
automaticallyby exploiting the markupof documents.
Detailedinformation on this processaswell aslinks
to relatedwork canbe foundin [8] and[9]. We will
however briefly review this procesdo give thereader
enoughbackgroundnformation.

Having built the modelit cannow easilybeincor
poratedinto our genericframewvork which is an on-
line searchsystenthathasaccesdo astandardsearch
engineand the domainmodel [9]. This searchsys-
tem is a specializeddialogue systemthat offers and
makes choicesabout searchthroughthe set of doc-
umentsbhasedon the domain model. This dialogue
systemis unlike single shotsystemssuchasstandard
searchor questionansweringin thatit interactswith
theuserby offering optionsto refineor relaxthequery
With anew documentollectioncomingalongwe just
have to pressa button to createthe appropriatedo-
mainmodel. Therestof theframevork canbeleft un-
changed.However, therearetwo questionghat need
to beanswered:

1. How good is the automaticallyconstructeddo-
mainmodel?

2. How doesthe outlined seach systemperform
againstalternativeappmoades?

We will discussboth questionsn this paper But
beforewe cando thatwe will presentan overviev of
how the domainknowledgeis extractedandorganized
in amodel(section2). We will thenlook atanevalua-
tion thatfocusesn thesuitability of ourautomatically
constructeddomainmodelfor ad hoc search(section
3). Our ultimategoalis to usethe potentialthatsome
assistancén the searchprocessoffers by incorporat-
ing our domainmodelin the searchsystem. Section
4 comparesucha systemwith a baselineapproacho
find outhow muchof this aimwe canachieve.

2 MODEL CONSTRUCTION

This sectionpresents shortsummaryof the domain
modelconstructiomprocessThis processstartsby au-

tomatically selectinga small numberof terms(nouns
andnounphrasesfrom the documentcollection. We
thenorganizetheseterms(which will be called con-
ceptd asa setof simple hierarchieswhich will form
thedomainmodel.

In documentsnarked upin HTML we canidentify
a numberof frequentlyusedmarkupcontets suchas
documentitles, bold text, certaintext foundin meta
tags,underlinedtext etc. If the documentswere ar
ticles in a newvspaperarchive, we might distinguish
markupcontets like article headingscaptionsof pic-
tures,summariegtc. We thendefine:

Definition 1 An index term ¢ is a conceptterm (or
simply concept)of typen for documend, if ¢ occurs
in at leastn differentmarkupcontexts.

We amgue, that this abstractiorseparategmportant
termsfrom lessimportantonesin a very efficient and
domain-independentay (see[9] for a detaileddis-
cussiomandsupportingevidencethatthisis indeedthe
case).

The identification of conceptualtermsis the first
steptowardsthe constructiorof adomainmodel. The
next stepis to arrangeheextractedtermsin somesim-
ple usablestructures.

One of the main motivationsfor automaticallyac-
quiringadomainmodelis theinadequag of adomain-
independenknowledgesourcdike WordNetin search
applicationdor limited domains.Having saidthat,the
structue of a knowledge sourcelike WordNet looks
very promisingfor ad hoc searchassistanceTherea-
sonsincludethe clearandsimple organization,ts ap-
plicability, andthe advantagethatthe modeldoesnot
have to berehuilt every time the documentcollection
needsto bere-indexed. The modelis independenbf
theactualdocuments.

The world model we constructis a setof simple
concephierarchiesTheinterpretatiorof thesehierar
chiesis very differentfrom a numberof othermodels.
In WordNetfor examplethe links betweenwo setsof
termsare clearly definedsemanticrelations(e.g. hy-
pernymy antonymyetc.). Our aim is not to capture
the actualsemanticrelationsthat exist betweencon-
ceptsbut the fact that thereis somerelation,onethat
canbe usedto guidea userin a searchprocess.Two
examplesof structumlly similar modelsaredescribed



in [11] and[2]. The constructionprocesss however
differentto thework presentedhere.

The constructiorof our world modelis straightfor
wardandis performedully automaticallyin anoffline
processTheprocesss basednasimplerelation:

Definition 2 Two concepts:; and ¢, are relatedcon-
ceptsof typen for document, if ¢; and ¢y are con-
ceptsof typen for document.

Each of the hierarchiesin our model consistsof
nodesrepresentedy a concept(seefor examplefig-
ure 1). We have found that the conceptsthat have
beenidentifiedin theindexing processarelikely to be
amongthosetermsthat userssubmit as real queries
whenthey searchthe documentcollection[9]. Based
onthis finding the modelconstructiorprocesss a se-
guenceof simulationsof userrequestghat doesnot
uselive userqueriesbut the conceptghat have been
identifiedin the documents Eachconceptis a poten-
tial query Therefore we constructa hierarchyfor ev-
ery singleconcept,in otherwordsevery conceptrep-
resentghe root nodeof onehierarchy We startwith
a singleconceptasa possibleuserquery(e.g. cancer
in figure 1). Utilizing therelatedconceptsietectedn
the sourcedataonecanthenexploreall possibleways
of constrainingthis queryby addinga single concept
to the queryin a queryrefinementstep. The interest-
ing termswhich couldbe addedto thequeryin sucha
stepareall the conceptghatwerefoundto berelated
to the original query(concept)term. A new daughter
nodeis createdf therearedocumentsn thecollection
thatmatchtherefinedquery In theexample we create
adaughtemodemedicalnotesbecausenedicalnotes
andcancerarerelatedconceptsandthe querythatis
a conjunctionof boththesetermsreturnsa non-empty
documenset.

The modelconstructionis aniterative procesghat
canbe appliedto the new queriesuntil eventuallyone
endsup in leaf nodes,i.e. nodesthat typically rep-
resentvery specificqueriesfor which only small sets
of documentganbe found. In eachof thoseiterative
stepsone would expandthe currentquery by a sin-
gle conceptthatis relatedto all querytermscollected
sofar (figure 1 shaws thattherearedocumentsn the
collectionthat matchthe query“cancer AND cancer
reseach AND skincances”).

By limiting the numberof branchesoriginatingin
a nodeonegetsa usablemodelin which eachof the
daughtenodescanbeinterpretedasqueryrefinements
of thequeryrepresentetly the mothernode. Weights
areassociateavith eacharcindicatingthe numberof
matcheghateachnoderepresentgnotdisplayedn the
example).

Theresultinghierarchiesareappliedin asimpledi-
aloguesystemto assista userin ad hoc searchtasks.
Details abouthow the modelis usedexactly can be
foundin [9].

3 EVALUATING THE MODEL

A userstudy hasbeenconductedo find out whether
therelationsbetweernterm pairsuncoveredin the do-
main model constructionprocessare indeedsensible
relations. For this study we adoptedan approach
usedin [11]. That studyinvestigatedhow “interest-
ing” userswouldfind pairsof wordsautomaticallyex-
tractedin a processthat constructsterm hierarchies.
Ourstudyaimedat finding outwhethersucharelation
couldbe“relevant” in anadhocsearchsystemor not.

Userswere asled to judge for term pairs whether
they foundthemrelevant, notrelevantor whetherthey
did notknow. They weretold thatrelevantmeanghat
assuminghey have submittedthefirst termasaquery
they would find the correspondingecondermto bea
sensiblegueryrefinemenin the specifieddomain.

We usedtwo sampledomains:the Web site of the
University of Essa! and the BBC News Web site?.
For eachof thesedomainsuserswere asled to judge
50termpairs- 25 of thempairsfoundin the automat-
ically constructeddomain model, the other 25 pairs
were pairs selectedusing a baselineapproach. Sub-
jectsdid notknow whichtechniquevasusedfor which
termpair. Thetermpairswerepresentedh randomor-
der

Theselectiorprocesdor a pair of termswasasfol-
lows. Using log files of queriessubmittedto the ex-
isting searchengineinstalled at the Essex Web site,
we selectedthe most frequently submittedqueries.
For eachof thesequerieswe constructeda term pair
by first consultingthe automaticallycreateddomain

*htt p: / / waw. essex. ac. uk
2htt p: / / news. bbc. co. uk



modelto find the hierarchieswhoseroot nodescon-
tainedthe query(queriesconsistingof morethanone
guerytermweretreatedascompoundstrivial hierar
chieswereignored).We thenselectedhearcwith the
highestweightto find acorrespondingerm(e.g. med-
ical_notesfor cancerin figure 1).

For eachof the terms(i.e. queries)we also con-
structeda “random pair”. For this baselineapproach
we usedGoogles API® to submita query specifying
thedomain,selectedhefirst pageof matchesGoogle
returned,downloadedthesedocumentsand selected
the mostfrequentterm found (applying the samein-
dexing stepsaswe did for building thedomainmodel).

FortheBBC Newsdomainwedid nothave logfiles.
Neverthelessearlierwe indicateda strongoverlapbe-
tweenconceptandfrequentlysubmittedqueriesn the
Essa domain. Therefore,we decidedto selectthe
most frequentconceptsfound in the BBC News do-
main. For theconstructiorof relatedpairsandrandom
pairswe followed exactly theapproachusedin the Es-
sex domain.

In total 31 subjectswererecruitedfor this experi-
ment, 19 of themmembersof staf in the Department
of ComputerScience,12 of them studentsfrom var
ious departments.This is how usersjudgedthe term
pairsfor theirrelevance:

e BBC News domain: 64% of the potentialquery
refinementsusing the conceptbasedapproach
wereconsideredelevant(baseline48%).

e Essa domain: 59% of the potential query re-
finementausingtheconceptasedpproactwere
consideredelevant(baseline50%).

Thereis someinterestingresemblancevith thefig-
uresreportedn [11]: 67%judgedthetermpairsin the
concepthierarchiego be “interesting”. The baseline
approachgave 51%. But note,thatthetwo approaches
arefundamentallydifferent,oneconstructsa modelin
an offline processthe otherone retrieves documents
for a specificquery and then constructsterm hierar
chiesonline

The differencesin judging the term pairs con-
structedusing the two techniqueswere found to be
significantin pairedt-tests. For the BBC News data

Shtt p: / / www. googl e. cont api s

we found a significancewith p < 0.0005 andfor the

Essa datap < 0.003. Significancecanalsobe shavn

whenanalyzingtheresultsobtainedor eitherstudents
or staf memberonly.

4 TASK-BASED EVALUATION

We have just seenthat the automaticallyconstructed
domain modelshave the potential of being sensible
knowledgesourcedo assista userin adhocsearches.
The next stepis to actuallyincorporatesucha domain
modelin a searchsystem Evaluatingsuchsearchsys-
temsis animportantresearchissue. A problemthat
ariseshereis theinterpretationof the results. Results
thatcannotbe re-validatedor comparedagainstalter
native approachearenotvery useful. Thatis why we
adoptedanexisting framework for thisevaluation.The
TREC? conferenceserieshasbeensuccessfuht set-
ting the standard$or comparingsystemsagainsteach
other Sincewe areinterestedn comparingtwo dif-
ferentsearchsystemghat work on the samedomain,
we adoptedthe evaluationmethodsdevelopedfor the
TREC Interactve Track.

We compardJKSeach - aninstanceof our generic
searchsystemthat incorporateghe domain model -
anda baselinesystem.Both systemsaccesghe same
documentollection,the Universityof Esse Website.
Ourbaclendsearctengineis Gogglewhichhasagood
coverageof the sampledomainandgivesa very good
baseline Thetwo systemsanbe characterizeasfol-
lows:

e SystemA is the baselinesystemwhich functions
likeastandardearchengine:thequeryis submit-
tedby the user Google(accessedia the Google
API) returnsthe resultsandthe first ten matches
are displayed. A usercan then either modify
the query go backto starta new searchor click
throughtheresultsetvia alink thattakestheuser
to thenext 10 matches.

e SystenB is the UKSeach systemthat usesthe
automaticallyconstructeddomain model to as-
sista userin the searchprocesdy offering ways
to relax or constrainthe query It also uses

“http://trec.nist.gov
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Figure2: SystemB: auserhastypedin “phd”

Googles API to displaythe bestmatchingdocu-
mentsalongsideheoptionsthathave beenfound.

Both systemdook almostidentical, the difference
is only thatin SystenA no querymodificationoptions
areconstructedApartfromthattheGUI andfunction-
ality is exactly the samein bothsystemsFigure2is a
screenshadf theactualUKSeach systenshaving the
systems responséo theuserquery“phd” .

16 subjectsand8 searchtasksareneededo perform
anevaluationaccordingo theguidelinesoriginally de-
velopedfor the TREC-9Interactve Track[7]. We will
first discusghe experimentaketupin moredetail. Af-
terthatwe will discusgheresults.

4.1 Search Tasksand Procedure

Apart from adopting the TREC Interactve Track
guidelineswe also wantedto addressone particu-
lar limitation of the experimentalsetupin that track,
namelythe fact that for the experimentsthe “condi-
tionsareartificial” [6]. Unlikein theTRECInteractve
Trackwe did notwantto construchypotheticakearch
tasksbut usethelogfilesof queriessubmittedo theex-
isting searctengineatthe Universityof Esse to make

the searchtasksasrealisticaspossible.Therefore we
constructedearchaskswhich:

e arebasedn frequentlysubmittedqueries

e seemrealistic(althoughwe cannotbe sureabout
the actual information needa user had by just
looking atloggeduserquerieswe cantry to con-
structtasksthat could have resultedin the query
thetaskwasderivedfrom);

e aim atsingledocumentghatcontaintheanswers
for the particulartasks;

e arenottrivial, in thesensahatwetriedto prevent
gueriesthatreturnan appropriateanswerfor the
searchtaskamongthetop 10 ranked documents.

Thelastpointin particularprovedvery difficult due
to thefactthatwe usedGoogleasthe baclendsearch
engine.

Thefollowing taskswere constructedor this eval-
uation(the guerythatthetaskis basedon is shavn in
bracletsandis not partof theactualsearcttask).

e Search Task 1 (accommodation Your depart-
mentinvites a seminarspealkr from Edinturgh.
The speakr will needaccommodatiorfor one
night. Locatea documentwhich containsinfor-
mationaboutsuitableaccommaodation.

e Search Task 2 (passwod): You have forgotten
thepasswrd for your Ess& account.Findadoc-
umentthattells youwhoto contact.

e Search Task 3 (scholarshipy: You wantto find
out what external scholarshipsare available for
postgraduatetudentsfrom Asia - thatis schol-
arshipsotherthanthoseofferedby the University
ortheindividualdepartmentsl.ocateadocument
that hasinformationaboutsuchscholarshipgor
studyin the UK.

e Search Task4 (football): Youwantto play foot-
ball usingoneof the University football pitches.
Find a documentwhich tells you whatyou need
to doto bookthefootball pitch.

e Search Task 5 (threefrequentqueries: vacan-
cies jobshopandjobs): You are looking for a



job as a studentto work at the University Lo-
catea documentvhich hasalist of jobscurrently
available. Documentghat only list jobs outside
theUniversityor jobsnotavailableto studentsre
notrelevant.

e Search Task6 (gallery): Ess& Universityhasits
own art gallery Find a documentwhich hasin-
formationaboutwhatis currentlybeingshavn at
thegallery(or hasbeenshavn earlierthis year).

e Search Task 7 (phd: The University offers a

number of different researchdegree schemes.

Imagineyou areinterestedn doinga PhDat Es-
sex University Locatea documentthatinforms
you aboutwhatareayou cando your PhDin and
how longit typically takesto doaPhDhere.Doc-
umentsthatinform you aboutPhDsin individual
departmentsnly arenotrelevant.

e Search Task 8 (studentsuppor}: Find a docu-
mentwith contactdetailsabouthelpfor students
who have problemswith their landlordandneed
support. Documentgthat indicate help for Uni-
versityaccommodatiomnly arenotrelevant.

The questionnairesisedin this studyare basedon
the onesproposedby the TREC-9 Interactve Track
(usinga 5-point Likert scalewhereappropriate).We
used the following questionnaires: entry question-
naire, post-searchquestionnaire,post-systemques-
tionnaire,andexit questionnaire.

The procedurghatevery subjecthadto go through
hasbeenadoptedfrom [3]: Subjectsstartedby fill-
ing in theentry questionnaireThis wasfollowed by a
demonstratiorf thetwo systems.The userswerein-
formedthatthey will beusingtwo differentsearchen-
gines,but they werenot told anything aboutthe tech-
nology behindthem, nor aboutthe useof Googleas
thebaclendsearchengine.

Userswerethenasledto performfour searchtasks
on onesystemfollowed by four taskson the otherone
accordingto a searcheby-questbn matrix (see[7]).
After eachtask userswere asled to fill in the post-
searchguestionnaireAfter completingall four search
tasksononesystemnmusersvereaskedto fill in thepost-
systenquestionnaireFinally, afterfinishingall search
tasksusershadto fill in theexit questionnaire.

4.2 Results

Due to spacerestrictionswe will concentrateon the
mostinterestingresults.In all casest-testshave been
usedfor significancetesting.

We had16volunteerdor this experiment8 of them
male and 8 female. The majority of the testpersons
(14) were postgraduatstudents(Masteror PhD stu-
dents)with variousbackgroundsthe otherswere un-
degraduatestudentsAll subjectsarecurrentlystudy-
ing at Ess& University

When asled for their searchingoehaiour, the av-
eragevaluewas4.75, where5 meansdaily, 4 means
weekly No oneselectedraluesl, 2 or 3. An interest-
ing obserationis thatonly onesubjecistronglyagreed
(i.e. valueof 5) with the statement| enjoycarrying
outinformationseaches., two othersselecteds, ev-
erybodyelseselected (i.e. averageof 3.94).

Theaveragdengthof theinitial userquerywas2.35
words (SystemA: 2.41, SystenB: 2.30). This figure
is very similar to 2.3 that was calculatedasthe aver
agelengthof Websearchgueriesin a studythatevalu-
atednearlyabillion queriessubmittedto the AltaMista
searchengine[12].

Overall, the averagetime spenton a searchtaskon
SystemA was277.5secondspn SystenB 293.7sec-
onds(no significantdifferencehasbeenfound). The
figuresshawv thatin averageuserswere able to find
answergjuicker with UKSeach for half of the search
tasks whereaghe standardgearchsystemwasquicker
for the other half. However, the searchtime is only
oneaspectndtheresultsdo notcorrelateexactly with
usersatishctionaswe will seeshortly

We alsolooked at the numberof “turns”, i.e. the
stepsit took to find the answerfor a searchtask. A
turncanbeinputtingaquery(or modifyingthequery),
selectinga modificationoption, following the link to
the next tenmatchesor following a hyperlinkto open
adocumentWe foundthatin generalf auserneeded
moretime on onesystemto completea task,thenthe
userwould go throughmoreturnsthana useron the
othersystem.Thereis only onesignificantresult. For
task2 usersneededsignificantlyfewerturnson System
B (p < 0.05).

After finishingeachsearchtaska post-searclyjues-
tionnairehadto befilled in. Mostinterestingly users
were overall slightly (thoughnot significantly) more



satisfiedwith SystenB thanwith SystemA (4.05vs.
3.95). For searchtask8 usersweresignificantlymore
satisfiedwith SystenB (p < 0.01). The otherdiffer-
encesarenot significant. The resultsindicatethe ten-
dengy thatthe moredifficult questionsarebetterhan-
dledby SystenB, whereaghebasicsystemis betterat
dealingwith the morestraightforvard questions.

In the exit questionnaireuserswere asled to an-
swerthe question“Which of the two systemslid you
like the bestoverall?”. 9 userspreferedSystenB, 6
preferedSystenA and1 found no difference. This is
a very encouragingesult, also becausehe underly-
ing searchenginein both systemavasGoogle,which
meanghat SystenB essentiallycompetedwith a ver
sionof Google.Note,howvever thatthe userswerenot
told anything aboutthe underlyingsearctengine.

Sofarwe have mainly beenconcernedvith the sta-
tistical evidence.We alsowantto discusssomeof the
otherissuessuchasfeedbackhatcamefrom the sub-
jectsaswell aspatterngn users’'searchbehaiour.

Marny userdlikedthe generaideaof having refine-
mentoptions(asthey wereofferedby SystenB). Some
problemswith theseoptionswerethatthey werenotal-
waysgoodandthatthereshouldbe morehelp sothat
oneknows exactly what the optionsare. It wasalso
notedthatmoretime would berequiredto learnto use
the systemmoreefficiently. Oneusercommentedhat
SystenB may be betterwhensearchinga broadtopic
or searchinghugedocumentollections.

Userstypically liked the simplicity of SystemA.
Oneusernoted”l like systemA becauset more or
lessreflectsmy web searching habits and feelsmore
natural to use’

Misspellingsare a problem. The word accommo-
dation was misspelledfrequently (16 out of the 128
searchtasks containedquerieswith typos; of those
therewere 11 in tasks1 or 8, topicsthat hadto do
with accommodation)The actualproblemis the fact
thatthereis indeeda suficiently large numberof doc-
umentsmatchingthe misspelledquery A possibleso-
lution for suchproblemsis Googles approachi.e. to
presentheresultsasusualbut alsoasktheuserexplic-
itly “Did youmean:....?"

Two usersignoredall the optionsthat UKSeach
proposedaltogetherandinsteadusedthe systemjust
like a standardsearchengine. This is not a problem.
In fact, it is one of the intendedfeaturesof the UK-

Seach system- usersmay selectone of the proposed
modificationoptionsor completelyignorethemif they
wishto.

Finally, it mustbe said that suchan evaluationis
a difficult task. On the one handit is desirableto
have a selectionof real users(i.e. Esse& studentsn
this case) pon the otherhandtheir previousknowledge
will vary dramatically An indicator are the queries
userssubmittedfor searchtasksl (“Accommodation”
vs. “WivenhoeHouseHotel”) andtask4 (“university
football pitches” vs. “Sports Cente”). Larger scale
evaluationswill be necessaryo addresshis problem.

S5 CONCLUSIONS

We discussedhe usefulnessf automaticallyacquired
domainmodelsthat canbe constructedy exploiting
markup structurefound in documents. We concen-
tratedon the questionof how usefulsuchmodelsare
whenappliedto ad hoc searchtasks. We found that
termpairsencodedn theautomaticallyextractedhier
archiesseemto be significantly bettersuitedasquery
modificationtermsthan thoseconstructedon the fly
usingabaselineapproachWe alsofoundthatthefirst
task-basedvaluationwhich appliedsucha modelhas
beensuccessfulalthoughsignificancecould only be
shawn for certainaspects.

Thetask-basedvaluationpresentedhereis thefirst
steptowardsa morecomprehense investigationinto
the usefulnes®f markup-baseétnowledgeextraction
appliedto ad hoc search. One aspectto be looked
into is the choiceof domain. Will usersbe happier
(or find documentsjuicker) with a systemthatassists
themif thedocumentollectionis muchlarger/smaller
or more/lesshromogeneoustc.?Theuserstudywhich
focusedon the quality of the domainmodelswould
suggesthatthedomainmodelfor the BBC News do-
main might leadto more conclusve resultsin a task-
basedevaluation.

Anotherfuture issueis the questionof how we can
bettercombinethe benefitof astandardearcrengine
with the optionsproposedoy UKSeach. The results
seento suggesthateachof thesystemss bettersuited
for a particulartype of tasks. The questionis how to
usethe potentialof bothsystemgo find a solutionthat
is betterthanary of thetwo individual systems.
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