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ABSTRACT

The automaticacquisitionof usabledomain knowl-
edgeis a challengingissue. Suchknowledgecanbe
employedto assistauserin searchingadocumentcol-
lection. This canbe doneby suggestingquerymod-
ification optionsbasedon the knowledgeuncovered
by analyzing the documentcollection. We acquire
suchknowledgeby simply exploiting thedocuments’
markupstructure.This givesus a domainmodel tai-
lored to the particularcollection. But how good is
sucha model? This paperwill presentresultsof two
evaluations.The first onelooks at the actualdomain
model. We will discusshow usersjudged the rela-
tionsencodedin themodel. Thesecondevaluationis
task-basedandgoesa stepfurther. It investigateshow
a searchsystemthat appliesthe automaticallycon-
structeddomainmodelperformscomparedto a stan-
dardsearchsystem.
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1 INTRODUCTION

Searchesin documentcollectionsoften return either
large numbersof matchesor no suitablematchesat
all. That is not just truefor Websearchin generalbut
alsoif the collectionis only a fraction thesizeof the
Webandthedocumentscoveramuchsmallerrangeof
topics. This typeof datasourcesis everywhere,from
corporateintranetsto localWebsites.

Someexplicit knowledgeaboutthe domain,i.e. a
domainmodel, could be useful to help the userfind
the right documents.A possibledomainmodelcould
encoderelationsbetweenwordsor phrasesthat have

beenuncoveredby analysingthedocumentcollection.
Thesimplegraphin figure1 is anactualexamplefrom
oneof our sampledomainsthat givesan ideaof how
such a model may be structured. We seea simple
treeof relatedtermsthat canbe usedto eitherassist
a userin thesearchprocess,performsomeautomatic
queryrefinementsor allow theuserto browsethecol-
lection. Note, that the typesof relationin thesample
tree are not formally specified. This is significantly
different from formal ontologiesor linguistic knowl-
edgesourcessuchasWordNet[4].
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Figure1: Partialdomainmodel

However, typically adomainmodelis notavailable.
Existing linguistic knowledgesourcesandontologies
tend to be either too generic(e.g. WordNet) or very
knowledge-intensive andtailoredspecificallyto some
well-defineddomains(e.g. [1, 5]). In other words,
they do not reflect the particularitiesof a newly se-
lecteddocumentcollection and are thereforenot the
bestcandidatesfor assistingusersin a searchprocess.
Furthermore,changesin the collectionor an entirely
new domainwould requirechangesin the ontology,



whichcanbeacomplex task[10].
What can be done about that? A tremendous

amountof implicit knowledgeis storedin themarkup
of documents.But notmuchhasbeendoneto usethis
particularknowledge. We constructa domainmodel
automaticallyby exploiting themarkupof documents.
Detailedinformationon this processaswell as links
to relatedwork canbe found in [8] and[9]. We will
however briefly review this processto give the reader
enoughbackgroundinformation.

Having built themodelit cannow easilybe incor-
poratedinto our genericframework which is an on-
line searchsystemthathasaccessto astandardsearch
engineand the domainmodel [9]. This searchsys-
tem is a specializeddialoguesystemthat offers and
makes choicesaboutsearchthrough the set of doc-
umentsbasedon the domain model. This dialogue
systemis unlike singleshotsystemssuchasstandard
searchor questionansweringin that it interactswith
theuserby offeringoptionsto refineor relaxthequery.
With anew documentcollectioncomingalongwe just
have to pressa button to createthe appropriatedo-
mainmodel.Therestof theframework canbeleft un-
changed.However, therearetwo questionsthat need
to beanswered:

1. How good is the automaticallyconstructeddo-
mainmodel?

2. How does the outlined search systemperform
againstalternativeapproaches?

We will discussboth questionsin this paper. But
beforewe cando thatwe will presentanoverview of
how thedomainknowledgeis extractedandorganized
in amodel(section2). Wewill thenlook atanevalua-
tion thatfocusesonthesuitabilityof ourautomatically
constructeddomainmodel for ad hoc search(section
3). Our ultimategoal is to usethepotentialthatsome
assistancein the searchprocessoffers by incorporat-
ing our domainmodel in the searchsystem. Section
4 comparessucha systemwith abaselineapproachto
find outhow muchof thisaimwe canachieve.

2 MODEL CONSTRUCTION

This sectionpresentsa shortsummaryof the domain
modelconstructionprocess.Thisprocessstartsby au-

tomaticallyselectinga small numberof terms(nouns
andnounphrases)from thedocumentcollection. We
thenorganizetheseterms(which will be calledcon-
cepts) asa setof simplehierarchieswhich will form
thedomainmodel.

In documentsmarkedup in HTML we canidentify
a numberof frequentlyusedmarkupcontexts suchas
documenttitles, bold text, certaintext found in meta
tags,underlinedtext etc. If the documentswere ar-
ticles in a newspaperarchive, we might distinguish
markupcontexts likearticleheadings, captionsof pic-
tures,summariesetc.We thendefine:

Definition 1 An index term c is a conceptterm (or
simplyconcept)of typen for documentd, if c occurs
in at leastn differentmarkupcontexts.

We argue,that this abstractionseparatesimportant
termsfrom lessimportantonesin a very efficient and
domain-independentway (see[9] for a detaileddis-
cussionandsupportingevidencethatthis is indeedthe
case).

The identificationof conceptualterms is the first
steptowardstheconstructionof a domainmodel.The
next stepis to arrangetheextractedtermsin somesim-
ple usablestructures.

Oneof the main motivationsfor automaticallyac-
quiringadomainmodelis theinadequacy of adomain-
independentknowledgesourcelike WordNetin search
applicationsfor limited domains.Having saidthat,the
structure of a knowledgesourcelike WordNet looks
very promisingfor adhocsearchassistance.Therea-
sonsincludetheclearandsimpleorganization,its ap-
plicability, andtheadvantagethat themodeldoesnot
have to be rebuilt every time thedocumentcollection
needsto be re-indexed. The modelis independentof
theactualdocuments.

The world model we constructis a set of simple
concepthierarchies.Theinterpretationof thesehierar-
chiesis very differentfrom a numberof othermodels.
In WordNetfor examplethelinks betweentwo setsof
termsareclearly 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 structurally similar modelsaredescribed



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

Theconstructionof our world modelis straightfor-
wardandis performedfully automaticallyin anoffline
process.Theprocessis basedonasimplerelation:

Definition 2 Two concepts��� and ��� are relatedcon-
ceptsof typen for document

�
, if ��� and ��� are con-

ceptsof typen for documentd.

Each of the hierarchiesin our model consistsof
nodesrepresentedby a concept(seefor examplefig-
ure 1). We have found that the conceptsthat have
beenidentifiedin theindexing processarelikely to be
amongthosetermsthat userssubmit as real queries
whenthey searchthedocumentcollection[9]. Based
on this finding themodelconstructionprocessis a se-
quenceof simulationsof userrequeststhat doesnot
uselive userqueriesbut the conceptsthat have been
identifiedin thedocuments.Eachconceptis a poten-
tial query. Therefore,we constructa hierarchyfor ev-
ery singleconcept,in otherwordsevery conceptrep-
resentsthe root nodeof onehierarchy. We startwith
a singleconceptasa possibleuserquery(e.g. cancer
in figure1). Utilizing the relatedconceptsdetectedin
thesourcedataonecanthenexploreall possibleways
of constrainingthis queryby addinga singleconcept
to thequeryin a queryrefinementstep. The interest-
ing termswhich couldbeaddedto thequeryin sucha
stepareall theconceptsthatwerefoundto be related
to theoriginal query(concept)term. A new daughter
nodeis createdif therearedocumentsin thecollection
thatmatchtherefinedquery. In theexample,wecreate
a daughternodemedicalnotesbecausemedicalnotes
andcancerarerelatedconceptsandthe querythat is
aconjunctionof boththesetermsreturnsanon-empty
documentset.

The modelconstructionis an iterative processthat
canbeappliedto thenew queriesuntil eventuallyone
endsup in leaf nodes,i.e. nodesthat typically rep-
resentvery specificqueriesfor which only small sets
of documentscanbefound. In eachof thoseiterative
stepsone would expandthe currentquery by a sin-
gle conceptthat is relatedto all querytermscollected
sofar (figure1 shows that therearedocumentsin the
collectionthat matchthe query“cancer AND cancer
research AND skincancers” ).

By limiting the numberof branchesoriginating in
a nodeonegetsa usablemodel in which eachof the
daughternodescanbeinterpretedasqueryrefinements
of thequeryrepresentedby themothernode.Weights
areassociatedwith eacharc indicatingthenumberof
matchesthateachnoderepresents(notdisplayedin the
example).

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

3 EVALUATING THE MODEL

A userstudyhasbeenconductedto find out whether
the relationsbetweentermpairsuncoveredin thedo-
main model constructionprocessare indeedsensible
relations. For this study we adoptedan approach
usedin [11]. That study investigatedhow “interest-
ing” userswouldfind pairsof wordsautomaticallyex-
tractedin a processthat constructsterm hierarchies.
Ourstudyaimedatfindingoutwhethersucharelation
couldbe“relevant” in anadhocsearchsystemor not.

Userswere asked to judge for term pairs whether
they foundthemrelevant,not relevantor whetherthey
did not know. They weretold thatrelevantmeansthat
assumingthey havesubmittedthefirst termasaquery,
they wouldfind thecorrespondingsecondtermto bea
sensiblequeryrefinementin thespecifieddomain.

We usedtwo sampledomains:theWeb site of the
University of Essex1 and the BBC News Web site2.
For eachof thesedomainsuserswereasked to judge
50 termpairs- 25 of thempairsfoundin theautomat-
ically constructeddomainmodel, the other 25 pairs
were pairs selectedusing a baselineapproach.Sub-
jectsdid notknow whichtechniquewasusedfor which
termpair. Thetermpairswerepresentedin randomor-
der.

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

1http://www.essex.ac.uk
2http://news.bbc.co.uk



model to find the hierarchieswhoseroot nodescon-
tainedthequery(queriesconsistingof morethanone
querytermweretreatedascompounds,trivial hierar-
chieswereignored).We thenselectedthearcwith the
highestweightto find acorrespondingterm(e.g.med-
ical notesfor cancerin figure1).

For eachof the terms(i.e. queries)we also con-
structeda “randompair”. For this baselineapproach
we usedGoogle’s API3 to submita queryspecifying
thedomain,selectedthefirst pageof matchesGoogle
returned,downloadedthesedocumentsand selected
the most frequentterm found (applying the samein-
dexing stepsaswedid for building thedomainmodel).

For theBBC Newsdomainwedid nothavelog files.
Nevertheless,earlierwe indicatedastrongoverlapbe-
tweenconceptsandfrequentlysubmittedqueriesin the
Essex domain. Therefore,we decidedto selectthe
most frequentconceptsfound in the BBC News do-
main.For theconstructionof relatedpairsandrandom
pairswefollowedexactly theapproachusedin theEs-
sex domain.

In total 31 subjectswererecruitedfor this experi-
ment,19 of themmembersof staff in theDepartment
of ComputerScience,12 of themstudentsfrom var-
ious departments.This is how usersjudgedthe term
pairsfor their relevance:

� BBC News domain: 64% of the potentialquery
refinementsusing the conceptbasedapproach
wereconsideredrelevant(baseline:48%).

� Essex domain: 59% of the potential query re-
finementsusingtheconceptbasedapproachwere
consideredrelevant(baseline:50%).

Thereis someinterestingresemblancewith thefig-
uresreportedin [11]: 67%judgedthetermpairsin the
concepthierarchiesto be “interesting”. The baseline
approachgave51%.But note,thatthetwo approaches
arefundamentallydifferent,oneconstructsamodelin
an offline process,the 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

3http://www.google.com/apis

we founda significancewith �
	���
�������� andfor the
Essex data��	���
������ . Significancecanalsobeshown
whenanalyzingtheresultsobtainedfor eitherstudents
or staff membersonly.

4 TASK-BASED EVALUATION

We have just seenthat the automaticallyconstructed
domainmodelshave the potential of being sensible
knowledgesourcesto assista userin adhocsearches.
Thenext stepis to actuallyincorporatesucha domain
modelin asearchsystem.Evaluatingsuchsearchsys-
temsis an importantresearchissue. A problemthat
ariseshereis the interpretationof the results.Results
thatcannotbe re-validatedor comparedagainstalter-
native approachesarenot very useful.That is why we
adoptedanexistingframework for thisevaluation.The
TREC4 conferenceserieshasbeensuccessfulat set-
ting thestandardsfor comparingsystemsagainsteach
other. Sincewe are interestedin comparingtwo dif-
ferentsearchsystemsthat work on thesamedomain,
we adoptedtheevaluationmethodsdevelopedfor the
TRECInteractive Track.

WecompareUKSearch - aninstanceof ourgeneric
searchsystemthat incorporatesthe domainmodel -
anda baselinesystem.Both systemsaccessthesame
documentcollection,theUniversityof Essex Website.
OurbackendsearchengineisGooglewhichhasagood
coverageof thesampledomainandgivesa very good
baseline.Thetwo systemscanbecharacterizedasfol-
lows:

� SystemA is thebaselinesystemwhich functions
likeastandardsearchengine:thequeryissubmit-
tedby theuser, Google(accessedvia theGoogle
API) returnsthe resultsandthefirst tenmatches
are displayed. A user can then either modify
thequery, go backto starta new searchor click
throughtheresultsetvia a link thattakestheuser
to thenext 10matches.

� SystemB is the UKSearch systemthat usesthe
automaticallyconstructeddomain model to as-
sista userin thesearchprocessby offering ways
to relax or constrain the query. It also uses

4http://trec.nist.gov



Figure2: SystemB: auserhastypedin “phd”

Google’s API to displaythebestmatchingdocu-
mentsalongsidetheoptionsthathavebeenfound.

Both systemslook almostidentical, the difference
is only thatin SystemA no querymodificationoptions
areconstructed.Apart from thattheGUI andfunction-
ality is exactly thesamein bothsystems.Figure2 is a
screenshotof theactualUKSearch systemshowing the
system’s responseto theuserquery“phd” .

16subjectsand8 searchtasksareneededtoperform
anevaluationaccordingto theguidelinesoriginallyde-
velopedfor theTREC-9Interactive Track[7]. Wewill
first discusstheexperimentalsetupin moredetail.Af-
ter thatwe will discusstheresults.

4.1 Search Tasksand Procedure

Apart from adopting the TREC Interactive Track
guidelineswe also wanted to addressone particu-
lar limitation of the experimentalsetupin that track,
namelythe fact that for the experimentsthe “condi-
tionsareartificial” [6]. Unlike in theTRECInteractive
Trackwedid notwantto constructhypotheticalsearch
tasksbut usethelogfilesof queriessubmittedto theex-
istingsearchengineat theUniversityof Essex to make

thesearchtasksasrealisticaspossible.Therefore,we
constructedsearchtaskswhich:

� arebasedon frequentlysubmittedqueries;

� seemrealistic(althoughwe cannotbesureabout
the actual information needa user had by just
lookingat loggeduserqueries,wecantry to con-
structtasksthat could have resultedin thequery
thetaskwasderivedfrom);

� aim at singledocumentsthatcontaintheanswers
for theparticulartasks;

� arenot trivial, in thesensethatwetriedto prevent
queriesthat returnan appropriateanswerfor the
searchtaskamongthetop10rankeddocuments.

Thelastpoint in particularprovedverydifficult due
to thefact thatwe usedGoogleasthebackendsearch
engine.

The following taskswereconstructedfor this eval-
uation(thequerythat thetaskis basedon is shown in
bracketsandis notpartof theactualsearchtask).

� Search Task 1 (accommodation): Your depart-
ment invites a seminarspeaker from Edinburgh.
The speaker will needaccommodationfor one
night. Locatea documentwhich containsinfor-
mationaboutsuitableaccommodation.

� Search Task 2 (password): You have forgotten
thepassword for yourEssex account.Findadoc-
umentthattells youwho to contact.

� Search Task 3 (scholarships): You want to find
out what external scholarshipsare available for
postgraduatestudentsfrom Asia - that is schol-
arshipsotherthanthoseofferedby theUniversity
or theindividualdepartments.Locateadocument
that hasinformationaboutsuchscholarshipsfor
studyin theUK.

� Search Task 4 (football): You wantto play foot-
ball usingoneof theUniversity football pitches.
Find a documentwhich tells you what you need
to do to bookthefootball pitch.

� Search Task 5 (three frequentqueries: vacan-
cies, jobshopand jobs): You are looking for a



job as a studentto work at the University. Lo-
cateadocumentwhichhasa list of jobscurrently
available. Documentsthat only list jobs outside
theUniversityor jobsnotavailableto studentsare
not relevant.

� Search Task6 (gallery): Essex Universityhasits
own art gallery. Find a documentwhich hasin-
formationaboutwhatis currentlybeingshown at
thegallery(or hasbeenshown earlierthis year).

� Search Task 7 (phd): The University offers a
number of different researchdegree schemes.
Imagineyou areinterestedin doinga PhDat Es-
sex University. Locatea documentthat informs
you aboutwhatareayou cando your PhDin and
how longit typically takesto doaPhDhere.Doc-
umentsthatinform you aboutPhDsin individual
departmentsonly arenot relevant.

� Search Task 8 (studentsupport): Find a docu-
mentwith contactdetailsabouthelp for students
who have problemswith their landlordandneed
support. Documentsthat indicatehelp for Uni-
versityaccommodationonly arenot relevant.

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

Theprocedurethatevery subjecthadto go through
hasbeenadoptedfrom [3]: Subjectsstartedby fill-
ing in theentryquestionnaire.This wasfollowedby a
demonstrationof thetwo systems.Theuserswerein-
formedthatthey will beusingtwo differentsearchen-
gines,but they werenot told anything aboutthe tech-
nology behindthem,nor aboutthe useof Googleas
thebackendsearchengine.

Userswerethenaskedto performfour searchtasks
ononesystemfollowedby four taskson theotherone
accordingto a searcher-by-question matrix (see[7]).
After eachtask userswere asked to fill in the post-
searchquestionnaire.After completingall four search
tasksononesystemuserswereaskedto fill in thepost-
systemquestionnaire.Finally, afterfinishingall search
tasksusershadto fill in theexit questionnaire.

4.2 Results

Due to spacerestrictionswe will concentrateon the
mostinterestingresults.In all cases,t-testshave been
usedfor significancetesting.

Wehad16volunteersfor thisexperiment,8 of them
maleand8 female. The majority of the testpersons
(14) werepostgraduatestudents(Masteror PhD stu-
dents)with variousbackgrounds,theotherswereun-
dergraduatestudents.All subjectsarecurrentlystudy-
ing atEssex University.

Whenasked for their searchingbehaviour, the av-
eragevaluewas4.75, where5 meansdaily, 4 means
weekly. No oneselectedvalues1, 2 or 3. An interest-
ing observationis thatonly onesubjectstronglyagreed
(i.e. valueof 5) with thestatement“I enjoycarrying
out informationsearches.” , two othersselected3, ev-
erybodyelseselected4 (i.e. averageof 3.94).

Theaveragelengthof theinitial userquerywas2.35
words(SystemA: 2.41, SystemB: 2.30). This figure
is very similar to 2.3 that wascalculatedasthe aver-
agelengthof Websearchqueriesin astudythatevalu-
atednearlyabillion queriessubmittedto theAltaVista
searchengine[12].

Overall, theaveragetime spenton a searchtaskon
SystemA was277.5seconds,on SystemB 293.7sec-
onds(no significantdifferencehasbeenfound). The
figuresshow that in averageuserswere able to find
answersquicker with UKSearch for half of thesearch
tasks,whereasthestandardsearchsystemwasquicker
for the other half. However, the searchtime is only
oneaspectandtheresultsdonotcorrelateexactlywith
usersatisfactionaswe will seeshortly.

We also looked 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
thenext tenmatchesor following a hyperlinkto open
adocument.We foundthatin generalif a userneeded
moretime on onesystemto completea task,thenthe
userwould go throughmoreturnsthana useron the
othersystem.Thereis only onesignificantresult.For
task2 usersneededsignificantlyfewerturnsonSystem
B (��	���
���� ).

After finishingeachsearchtaskapost-searchques-
tionnairehadto befilled in. Most interestingly, users
were overall slightly (thoughnot significantly) more



satisfiedwith SystemB thanwith SystemA (4.05 vs.
3.95). For searchtask8 usersweresignificantlymore
satisfiedwith SystemB (��	���
���� ). Theotherdiffer-
encesarenot significant.Theresultsindicatetheten-
dency that themoredifficult questionsarebetterhan-
dledby SystemB, whereasthebasicsystemis betterat
dealingwith themorestraightforwardquestions.

In the exit questionnaireuserswere asked to an-
swerthe question“Which of the two systemsdid you
like the bestoverall?” . 9 userspreferedSystemB, 6
preferedSystemA and1 foundno difference.This is
a very encouragingresult, also becausethe underly-
ing searchenginein bothsystemswasGoogle,which
meansthatSystemB essentiallycompetedwith a ver-
sionof Google.Note,however thattheuserswerenot
told anythingabouttheunderlyingsearchengine.

Sofarwehavemainlybeenconcernedwith thesta-
tistical evidence.We alsowantto discusssomeof the
otherissues,suchasfeedbackthatcamefrom thesub-
jectsaswell aspatternsin users’searchbehaviour.

Many usersliked thegeneralideaof having refine-
mentoptions(asthey wereofferedby SystemB). Some
problemswith theseoptionswerethatthey werenotal-
waysgoodandthat thereshouldbemorehelpso that
oneknows exactly what the optionsare. It wasalso
notedthatmoretimewouldberequiredto learnto use
thesystemmoreefficiently. Oneusercommentedthat
SystemB maybebetterwhensearchinga broadtopic
or searchinghugedocumentcollections.

Userstypically liked the simplicity of SystemA.
One usernoted “I like systemA becauseit more or
lessreflectsmy websearching habitsand feelsmore
natural to use.”

Misspellingsarea problem. The word accommo-
dation was misspelledfrequently(16 out of the 128
searchtaskscontainedquerieswith typos; of those
therewere 11 in tasks1 or 8, topics that had to do
with accommodation).Theactualproblemis the fact
thatthereis indeedasufficiently largenumberof doc-
umentsmatchingthemisspelledquery. A possibleso-
lution for suchproblemsis Google’s approach,i.e. to
presenttheresultsasusualbut alsoasktheuserexplic-
itly “Did youmean:...?”

Two usersignored all the options that UKSearch
proposedaltogetherand insteadusedthe systemjust
like a standardsearchengine. This is not a problem.
In fact, it is oneof the intendedfeaturesof the UK-

Search system- usersmayselectoneof theproposed
modificationoptionsor completelyignorethemif they
wish to.

Finally, it must be said that suchan evaluationis
a difficult task. On the one hand it is desirableto
have a selectionof real users(i.e. Essex studentsin
this case),on theotherhandtheir previousknowledge
will vary dramatically. An indicator are the queries
userssubmittedfor searchtasks1 (“Accommodation”
vs. “WivenhoeHouseHotel” ) andtask4 (“university
football pitches” vs. “Sports Centre” ). Larger scale
evaluationswill benecessaryto addressthisproblem.

5 CONCLUSIONS

Wediscussedtheusefulnessof automaticallyacquired
domainmodelsthat canbe constructedby exploiting
markup structurefound in documents. We concen-
tratedon the questionof how usefulsuchmodelsare
whenappliedto ad hoc searchtasks. We found that
termpairsencodedin theautomaticallyextractedhier-
archiesseemto besignificantlybettersuitedasquery
modificationtermsthan thoseconstructedon the fly
usingabaselineapproach.Wealsofoundthatthefirst
task-basedevaluationwhich appliedsucha modelhas
beensuccessful,althoughsignificancecould only be
shown for certainaspects.

Thetask-basedevaluationpresentedhereis thefirst
steptowardsa morecomprehensive investigationinto
theusefulnessof markup-basedknowledgeextraction
applied to ad hoc search. One aspectto be looked
into is the choiceof domain. Will usersbe happier
(or find documentsquicker) with a systemthatassists
themif thedocumentcollectionis muchlarger/smaller
or more/lesshomogeneousetc.?Theuserstudywhich
focusedon the quality of the domainmodelswould
suggestthat thedomainmodelfor theBBC News do-
main might leadto moreconclusive resultsin a task-
basedevaluation.

Anotherfuture issueis thequestionof how we can
bettercombinethebenefitsof astandardsearchengine
with the optionsproposedby UKSearch. The results
seemto suggestthateachof thesystemsis bettersuited
for a particulartype of tasks.The questionis how to
usethepotentialof bothsystemsto find asolutionthat
is betterthanany of thetwo individual systems.
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