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Abstract

The TREC–11 filtering track measures the ability of systems to build persistent user profiles which
successfully separate relevant and non-relevant documents in an incoming stream. It consists of three
major subtasks: adaptive filtering, batch filtering, and routing. In adaptive filtering, the system begins
with only a topic statement and a small number of positive examples, and must learn a better profile
from on-line feedback. Batch filtering and routing are more traditional machine learning tasks where
the system begins with a large sample of evaluated training documents. This report describes the track,
presents some evaluation results, and provides a general commentary on lessons learned from this year’s
track.

1 Intr oduction

A text ®ltering systemsifts througha streamof incominginformationto ®nd documentsrelevant to a set
of userneedsrepresentedby pro®les. Unlike the traditionalsearchquery, userpro®lesarepersistent,and
tend to re�ect a long term informationneed. With userfeedback,the systemcan learna betterpro®le,
andimprove its performanceover time. TheTREC®ltering tracktriesto simulateon-linetime-criticaltext
®ltering applications,wherethevalueof a documentdecaysrapidly with time. This meansthatpotentially
relevantdocumentsmustbepresentedimmediatelyto theuser. Thereis no time to accumulateandranka
setof documents.Evaluationis basedonly on thequalityof theretrievedset.

Filtering differs from searchin thatdocumentsarrive sequentiallyover time. TheTREC®ltering track
consistsof threesubtasks:adaptive ®ltering, batch®ltering, androuting. In adaptive ®ltering, thesystem
startswith only a userpro®leanda very smallnumberof positive examples(relevantdocuments).It must
begin ®ltering documentswithout any otherprior information. Eachretrieved documentis immediately
judgedfor relevance,and this information can be usedby the systemto adaptively updatethe ®ltering
pro®le. In batch®ltering androuting, the systemstartswith a larger setof evaluatedtraining documents
whichcanbeusedto helpconstructthesearchpro®le.For batch®ltering, thesystemmustdecideto accept
or rejecteachdocument,while routingsystemscanreturna ranked list of documents.The coretasksfor
TREC–11areverysimilar to thoseinvestigatedin TREC–7throughTREC–10.

Traditionalad hoc retrieval androuting simulatea non-interactive processwhereuserslook at docu-
mentsonceat theendof systemprocessing.This allows for rankingor clusteringof theretrievedset. The
®ltering modelis basedon the assumptionthat usersexaminedocumentsperiodicallyover time. The ac-
tual frequency of userinteractionis unknown andtask-dependent.Ratherthancreatea complex simulation
which includespartialbatchingandrankingof thedocumentset,we make thesimplifying assumptionthat
userswantto benoti®edaboutinterestingdocumentsassoonasthey arrive. Therefore,a decisionmustbe
madeabouteachdocumentwithout referenceto futuredocuments,andtheretrievedsetis orderedby time,
not estimatedlikelihoodof relevance. The history anddevelopmentof the TREC Filtering Track canbe
tracedby readingtheyearly®nal reports:



� TREC–10http://trec.nist.gov/pubs/trec10/t10 proceedings.html(#3) [9]

� TREC–9http://trec.nist.gov/pubs/trec9/t9 proceedings.html(#3) [8]

� TREC–8http://trec.nist.gov/pubs/trec8/t8 proceedings.html(#3 - 2 ®les)[4]

� TREC–7http://trec.nist.gov/pubs/trec7/t7 proceedings.html(#3 - 2 ®les)[3]

� TREC–6http://trec.nist.gov/pubs/trec6/t6 proceedings.html(#4and#5) [2]

� TREC–5http://trec.nist.gov/pubs/trec5/t5 proceedings.html(#5) [6]

� TREC–4http://trec.nist.gov/pubs/trec4/t4 proceedings.html(#11)[5]

Informationontheparticipatinggroupsandtheir®lteringsystemscanbefoundin theindividualsitereports,
alsoavailablefrom theTRECwebsite.

2 TREC–11 TaskDescription

For thosefamiliar with previousTRECs,thebasic®ltering tasksin TREC–11aresimilar to thoseinvesti-
gatedin TREC–7throughTREC–10.Thecorpusis thesameasfor TREC–10,but a new setof topicshas
beenprepared.In this section,we review thecorpus,thethreesub-tasks,thesubmissionrequirements,and
theevaluationmeasures.For morebackgroundandmotivation,pleaseconsulttheTREC–7trackreport[3].

2.1 Data

Thisyear, thetrackhasagainusedtheRCV1corpusprovidedby Reutersfor researchpurposes[7]. Thisis a
collectionof about800,000news stories,coveringa timeperiodof ayearin 1996-7.Itemsin thecollection
have uniqueidenti®ersandaredatedbut not timed. For thepurposeof theexperiment,it is assumedthat
thetime-orderof itemswithin onedayis thesameasidenti®erorder. (Item id on its own is insuf®cient for
ordering,asthereis somecon�ict acrossdays).The®rst 6 weeks'items,20 Augustthrough30 September
1996,weretakenasthe trainingset(which couldbeusedin waysspeci®edbelow). Theremainderof the
collectionformedthetestset.

A new setof 100 topicswaspreparedfor this year. Fifty of thesewereconstructedin the traditional
TRECfashion,by theassessorsat NIST. In orderto provide thenecessaryrelevancejudgementsfor train-
ing (includingadaptive ®ltering),extensivesearchesusingmultipleretrieval andclassi®cationsystemswere
conductedatNIST afterinitial de®nitionof thetopics,andtheassessorsmaderelevancejudgementson the
fusedoutput.Thisprocessincludedseveralfeedbackstages,sothatafteroneroundof suchassessment,rel-
evanceinformationwasusedto improve thequeriesandanotherroundof assessmentswasmade.Feedback
continueduntil no morerelevantdocumentswerefound in a given round,or until ®ve roundshadpassed.
Eachtopic receivedbetweentwo andsevenroundsof judging(sometopicshadmorethan®ve roundsdue
to glitchesin thefeedbacksystem).

Additional relevancejudgementswere madefor theseassessortopics after submissionof resultsby
the participants,on documentstaken from the pooledsubmissionsfor eachtopic. Theseresultedin the
identi®cationof additionalrelevantdocuments,whichwerenotavailableto theadaptive systems,but which
were includedfor the purposeof evaluatingall systems. All resultsbelow are basedon the full set of
relevancejudgements.Furtherdetailsandanalysison this post-submissionphaseof judgementsis given
below (section4.1). Additional discussionof both pre- andpost-submissionjudgements,and the whole
processof constructingthenew topicsets,is givenin [10].



The remaining®fty topics wereconstructedas intersectionsof pairsof Reuterscategories. Pairs of
categorieswerechosento beapparentlymeaningfulassearchtopics,to have a minimumof threerelevant
documentsin the training set,and to have an overall numberof relevant documentsin the rangeof the
assessor-built topics. (Relevantdocumentsareherede®nedasdocumentsassignedbothcategory labelsin
the Reuterscollection.) For the purposesof training for batch®ltering androuting,andin orderto make
thissetof topicssimilar to theprevioussetof 50,aselectionof non-relevantdocumentswasincludedin the
setof relevancejudgementsprovidedfor eachtopic. Thesenon-relevantdocumentswerechosenrandomly
from thoseassignedeitherof thecategory labels,but not both. This placesthenon-relevant documentsin
the“neighbourhood”of theintersection,hopefullysimilar to highly-ranked documentsin a pool which are
judgedirrelevantby anassessor.

This secondsetof topicsrepresentsa trial of a relatively cheapway of constructingtopicsfor retrieval
experiments,given a collectionwith category labelsassigned.It is regardedas an experimentto assess
whethersuchamethodologyis likely to beusefulfor futureexperiments.

2.2 Tasks

Theadaptive ®ltering taskis designedto modelthe text ®ltering processfrom themomentof pro®le con-
struction. In TREC–11,following the idea®rst usedin TREC–9,we modelthe situationwherethe user
arriveswith asmallnumberof known positive examples(relevantdocuments).For eachtopic, thelastthree
relevant documentsin the training setweremadeavailable to the participantsfor this purpose;no other
relevancejudgementsfrom thetrainingsetcouldbeused.Subsequently, oncea documentis retrieved, the
relevanceassessment(whenoneexists)is immediatelymadeavailableto thesystem.Unfortunately, it is not
feasiblein practiceto have interactive humanassessmentby NIST. Instead,assessmentis simulatedby re-
leasingthepre-existing relevancejudgementfor thatdocument.Judgementsfor unretrieveddocumentsare
neverrevealedto thesystem.Oncethesystemmakesadecisionaboutwhetheror notto retrieveadocument,
thatdecisionis ®nal. No back-trackingor temporarycachingof documentsis allowed. While not always
realistic, this condition reducesthe complexity of the task and makes it easierto compareperformance
betweendifferentsystems.

Systemsareallowedto usethewholeof thetrainingsetof documents(but nootherrelevancejudgements
thanthethreeprovidedfor eachtopic) to generatecollectionfrequency statistics(suchasinversedocument
frequencies)or auxiliary datastructures(suchasautomatically-generated thesauri).Resourcesoutsidethe
Reuterscollectioncouldalsobeused.As documentswereprocessed,thetext couldbeusedto updateterm
frequency statisticsandauxiliarydocumentstructuresevenif thedocumentwasnotmatchedto any pro®le.
Groupshadtheoptionto treatunevaluateddocumentsasnot relevant.

In batch®ltering, all the trainingsetdocumentsandall relevancejudgementson thatsetareavailable
in advance.Oncethesystemis trained,the testsetis processedin its entirety. For eachtopic, thesystem
returnsasingleretrievedset.For routing,thetrainingdatais thesameasfor batch®ltering,but in this case
systemsreturnarankedlist of thetop1000retrieveddocumentsfrom thetestset.Batch®lteringandrouting
areincludedin orderto encourageparticipationto asmany differentgroupsaspossible.

2.3 Evaluation and optimisation

For the TREC experiments,®ltering systemsareexpectedto make a binary decisionto acceptor rejecta
documentfor eachpro®le. Therefore,the retrieved set consistsof an unranked list of documents.This
fact hasimplicationsfor evaluation,in that it demandsa measureof effectivenesswhich canbe applied
to suchan unranked set. Many of the standardmeasuresusedin the evaluationof ranked retrieval (such
asaverageprecision)arenot applicable.Furthermore,thechoiceof primarymeasureof performancewill
impactthesystemsin a way thatdoesnot happenin rankedretrieval. While goodrankingalgorithmsseem



to be relatively independentof the evaluationmeasureused,goodclassi®cationalgorithmsneedto relate
verystronglyto themeasureit is desiredto optimise.

Two measureswereusedin TREC–11for this purpose(asalternative sub-tasks).Onewasessentially
thelinearutility measureusedin previousTRECs,anddescribedbelow. Theotherwasa versionof thevan
Rijsbergenmeasureof retrieval performance,®rst usedin TREC–10.

F-beta

This measure,basedon onede®nedby vanRijsbergen,is a functionof recallandprecision,togetherwith
a free parameterbetawhich determinesthe relative weightingof recall andprecision. For any beta,the
measurelies in therangezero(bad)to 1 (good).For TREC–11(asfor TREC–10),a valueof beta=0.5has
beenchosen,correspondingto anemphasison precision(beta=1is neutral).Themeasure(with this choice
of beta)maybeexpressedasfollows:

T11F =
1:25� No: of relevant docsretrieved

No: of retrieved docs+ 0:25� No: of relevant docs

(T11Fis de®nedaszeroif thenumberof retrieveddocumentsis zero.)

Linear utility

Theideaof a linearutility measurehasbeendescribedin previousTRECreports(e.g. [4]). Theparticular
parametersbeingusedarea creditof 2 for a relevantdocumentretrievedanda debitof 1 for anon-relevant
documentretrieved:

T11U = 2 � No: of relevant docsretrieved � No: of non � relevant docsretrieved

whichcorrespondsto theretrieval rule:

retrieve if P(rel) > :33

Filtering accordingto a linearutility functionis equivalentto ®ltering by estimatedprobabilityof rele-
vance;thecorrespondingprobabilitythresholdis shown.

Whenevaluationis basedon utility, it is dif®cult to compareperformanceacrosstopics.Simpleaverag-
ing of theutility measuregiveseachretrieveddocumentequalweight,which meansthattheaveragescores
will be dominatedby the topicswith large retrieved sets(asin micro-averaging).Furthermore,theutility
scaleis effectively unboundedbelow but boundedabove; asingleverypoorquerymightcompletelyswamp
any numberof goodqueries.

For thepurposeof averagingacrosstopics,themethodusedfor TREC–11is aslightly modi®edversion
of oneusedin TREC–9(modi®cationproposedby Ault). First, utilities arenormalisedby the maximum
possibleutility for thetopic,namely

MaxU = 2 � (No: of relevant docs)

I.e.

T11NU =
T11U
MaxU

Thelower limit is somenegative normalisedutility, MinNU, which maybethoughtof astheminimum
(maximumnegative) utility thata userwould tolerate,over the lifetime of thepro®le. If theT11NU value



falls below this minimum, it will be assumedthat the userstopslooking at documents,andthereforethe
minimumis used.For eachtopic,

T11SU =
max(T11NU; MinNU ) � MinNU

1 � MinNU

andMeanT11SUis themeanof T11SUover topics.
Differentvaluesof MinNU maybechosen.Theprimaryevaluationmeasurehas

MinNU = � 0:5

Other measures

In the of®cial resultstables,a numberof measuresare includedas well as the measurefor which any
particularrunwasspeci®callyoptimised.Therangeis asfollows:

For adaptive andbatch®ltering:

� MeanT11SU(scaledutility) over topics,over thewholeperiodandbrokendown by time periodfor
adaptive ®ltering. Notethatthis is referredto in thetablesasT11U,but is in factT11SU.

� MeanT11F(F-beta,with beta= 0.5)over topics.

� Meansetrecall

� Meansetprecision

� Zeros(numberof topicsfor whichnodocumentswereretrievedover theperiod)

All meansaremacro-averages,that is, averagedacrosstopics. For routing, theusualrangeof ranked-
outputperformancemeasurescomputedby trec_eval aregiven.

2.4 SubmissionRequirements

Eachparticipatinggroupcould submita limited numberof runs, in eachcategory: Adaptive ®ltering 4;
Batch®ltering 2; Routing2.

Any of the®lteringrunscouldbeoptimisedfor eitherT11For T11SU– adeclarationwasrequiredof the
measurefor which eachrunwasoptimised.Therewereno requiredruns,but participantswereencouraged
to provide anadaptive ®ltering runwith T11SUoptimisation.

Groupswere also asked to indicatewhetherthey usedother partsof the TREC collection, or other
externalsources,to build termcollectionstatisticsor otherresources.

3 TREC–11 results

Twentyonegroupsparticipatedin theTREC–11®ltering track(two morethanin TREC–10)andsubmitted
a total of 73 runs(seven more than in TREC–10)). Thesebreakdown as follows: 14 groupssubmitted
adaptive ®ltering runs,10submittedto batch®ltering,and10 to routing.

Hereis a list of the participatinggroups,includingabbreviationsandrun identi®ers.Participantswill
generallybe referredto by their abbreviations in this paper. The run identi®erscanbe usedto recognise
which runsbelongto whichgroupsin theplottedresults.



Abbreviation Runidenti®er
Universityof NorthTexas north texas UNTextCat
KerMIT Consortium kerMIT KerMIT
CarnegieMellon University cmu lti CMUDIR
Universityof Hertfordshire hertfordshire UHcl
MicrosoftResearchCambridge microsoft cambridge ok11,msPUM
Moscow MedicalAcademy moscow med mma2002
RutgersUniversity rutgers-kantor dimacs11
David D. Lewis, IndependentConsultant Lewis dimacsdd
SUNY Buffalo buffalo cedar cedar02
CLIPSLaoratory, IMAG clips-imag relief
NationalInstituteof Informatics nii kNII11
ClairvoyanceCorporation clairvoyance CCT11
InstitutdeRechercheenInformatiquedeToulouse irit iritsig
TampereUniversityof Technology tampere Visa
FudanUniversity Fudan FDUT11
QueensCollege,City Universityof New York cuny pirc2
ChineseAcademyof Sciences chineseacademy ICT
QueenslandUniversityof Technology queensland QUT
JohnsHopkinsUniversityAppliedPhysicsLab jhu apl apl11
TsinghuaUniversity tsinghua thuT11
Universityof Iowa uiowa UIowa02

3.1 Summary of approaches

Thesebrief summariesareintendedonly to point readerstowardotherwork. Not all groupshave apaperin
theproceedings.

University of North Texasparticipatedin the batch®ltering androuting tasks. Their TextCat system
employs multiple simple text classi®ers(an n-grambasedone and Ripper) which may be combinedby
stackingthemin seriesor usingavotingscheme.

KerMIT Consortiumparticipatedin all threetasks. Their focusis on supportvectormachine(SVM)
kernelmethods.For routing, they useda linear SVM, andfor batch®ltering usedthe sameSVM with a
thresholdselectionmechanism.For adaptive ®ltering, they usedsecond-orderperceptronsandcombined
SVMsandperceptronswith unevenmargins.

CMU participatedin theadaptive ®ltering task. Their systemwasthesameasusedin TREC9 and10
andusesRocchio's algorithmfor pro®le updating. Their thresholdingandterm selectionprocesseswere
chosenandtunedusingpastTREC®ltering data.

University of Hertfordshireparticipatedin the routing task. They manuallyselectedsetsof keywords
usingthetopicdescriptionsandtheadaptive trainingexamples.

MicrosoftResearchCambridgeparticipatedin theadaptive ®ltering androutingtasks.Theirprobabilis-
tic Okapi/Keenbow systemis verysimilarto thatusedin previousyears,but theadaptive®lteringcomponent
wasrewritten for this year. Thenew ®ltering componentallows updatingof pro®lesandthresholdsat each
documentretrieved.For routing,anew systemusingperceptronswith unevenmarginswasused.

RutgersUniversityparticipatedin theadaptive andbatch®ltering tasks.1 Theiradaptive systemis based
on a Rocchioclassi®erandpseudo-relevancefeedback.For batch®ltering, they usedrank-basedfeature

1David Lewis, part of the Rutgers group, submitted runs two adaptive filtering runs as a separate group. His results are presented
in the Rutgers proceedings paper.



selectionto identify a very small setof featuresto representthe collectionandtraineda simpleclassi®er
usingthesefeatures.

StateUniversityof New York atBuffaloparticipatedin theadaptive andbatch®ltering tasks.They used
two mainapproaches,SVMswith weightedmarginsandlanguagemodeling.

CLIPS participatedin the adaptive ®ltering task. Their RELIEFSsystem,introducedin TREC 9, is
basedon a probabilisticmodelof termsandrelevance.This year, they focusedon thresholdadaptationand
estimatingrelevance.

NationalInstituteof Informaticsparticipatedin thebatch®lteringtask.Theirapproachinvolvedreweight-
ing termsco-occurringin relevant training documents,andmodelingtheseterm setsas“virtual” relevant
documents.They thenusedSVMsto learnadecisionboundarybasedon theenlargedtrainingset.

ClairvoyanceCorporationparticipatedin the batch®ltering task. Their experimentsfocusedon the
performanceof the monolithic ®lters which in their CLARIT systemcanbe arrangedto createensemble
®lters.Their paperdescribespost-TRECexperimentscomparingtheir IR-basedapproachesto SVMs.

IRIT participatedin all threetasks.Their Mercuresystemis basedon a connectionistmodel.This year
theirexperimentsfocusedon thresholdcalibration.

TampereUniversity of Technologyparticipatedin the routing task. Their approachis basedon word
codingandcharacterizingthehistogramsof encodeddocuments.

FudanUniversity participatedin the adaptive ®ltering task. They usedthe topic andtraining samples
to createan initial Winnow classi®er, andwith that gathereda larger setof pseudo-relevant documentsto
furthertrain theclassi®er.

QueensCollege, CUNY participatedin the adaptive ®ltering task. They useda two-stageapproach;
initially, asimplepro®lereweightingandthresholdadjustmentschemeis used;but asmorerelevanceinfor-
mationis available,thepro®leis expanded.

ChineseAcademyof Sciencesparticipatedin all threetasks. Their experimentsin adaptive ®ltering
focusedon makinguseof retrieveddocumentswhoserelevanceis unknown in pro®leadaptation.

JHU/APL participatedin all threetasks.For ®ltering, they usedlinearSVMs, with systemparameters
tunedusingtheTREC-8®ltering data.For routing,onerunusedSVMs andtheotherrun mergedtheSVM
runwith anunsubmittedlanguagemodeling-basedrun.

TsinghuaUniversityparticipatedin theadaptive®ltering task.Their incrementallearningapproachuses
pseudo-relevancefeedbackto form theinitial pro®leandthreshold.They alsoexperimentedwith alanguage
modelingrunusingtheLemurtoolkit.

University of Iowa participatedin the adaptive ®ltering task. Their systemusestwo-level dynamic
clustering. Documentsplacedinto a topics ®rst-level clusterare further divided into secondaryclusters
whichareresponsiblefor determiningwhetheradocumentwill beretrieved.

3.2 Evaluation Results

Someresultsarepresentedin the following graphs.Figures1 and2 show theadaptive ®ltering resultsfor
theutility andF measures.In eachgraph,thehorizontalline insidearun'sbox is themediantopicscore,the
box shows interquartiledistance,thewhiskersextendto thefurthesttopic within 1.5 timestheinterquartile
distance,andthecirclesareoutliers. In all graphsof T11SUscores,thehorizontalline throughthegraph
shows thebaselineutility whichcanbeachievedby retrieving no documents.

Figures3 and4 show theutility andF-betaresultsfor batch®ltering. Figure5 shows meanuninterpo-
latedaverageprecisionfor routing.
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Figure1: Adaptive ®ltering – T11SU

4 GeneralCommentary

4.1 Post-submissionjudgements

Although morethan21,000relevancejudgementsweremadeduring topic creationandreleasedwith the
topics,we wereconcernedthat participantswould still ®nd morerelevant documents.In order to make
suresystemsweremeasuredfairly, NIST pooledparticipants'runs and judgedany previously unjudged
documentsin thepool. Poolingwasdoneasfollows. Eachparticipatinggroupwasallotteda®xedbudgetof
documentsto bepooledfrom their runs. If thegrouphadany routingruns,we addedunjudgeddocuments
from thetop100ranksto thepool. If thegroupalsohad®lteringruns,atmosthalf thebudgetwasexpended
on routing documents.We thenmergedall batchandadaptive ®ltering runs from that groupandtook a
randomsampleof documentsfrom the combinedruns to ®ll out the pool budget. In all, another42,000
documentswerejudgedduringthissecondroundof assessment.

Figure6 shows thenumbersof relevantdocumentsfoundfor eachtopic in the®rst andsecondrounds
of judging. Note that overall the topicshave between9 and599 relevant documentsapiece,muchfewer
thantheTREC2001categoriesandcloserto TRECadhocscale.For mosttopicsonly a few new relevant
documentswerefoundin thesecondround(median= 8.5),but seventopicshadmorethan®fty new. Four
of thesetopicshadmorethantwentynew relevantdocumentsfoundin their last roundof feedbackduring
thecreationphase.Althoughour poolingprocessis radicallydifferent,these®ndingsagreewith Harman's
analysisof the TREC-3relevancejudgements[1], aswell asthoseof Zobel [11] that the “largest” topics
(thosewith themostrelevantdocuments)tendto yieldevenmorerelevantdocumentsuponfurthersearching.
We have seenthatsuchtopicstendto have a greaternumberof relevantdocumentsfoundin thelastround
of judging. In retrospectit probablywouldhave beenagoodideato discardthesetopics.

Anotherimportantfactoris that®ve topicswerejudgedby adifferentassessorin thesecondroundthan
the onewho hadcreatedit. Although asa generalrule assessorsalways judgedtheir own topics,dueto
time constraintswe wereforcedto move thesetopics to differentassessors.In thesecases,the assessor
wasshown all of the relevantdocumentsfound in the®rst roundasorientationto the topic. Four of these
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Figure6: Relevantdocumentsfoundin the®rst andsecondroundsof judging.

T11U T11F
Adaptive 0.969 0.936
Batch 0.996 0.983
Routing 0.912(MAP)

Table1: Correlationof theof®cial TRECresultsto a systemrankingmeasuredusingthe®rst-roundrele-
vancejudgementsonly.

“moved” topicswerealsotopicswith morethan®fty new relevant found,suggestingthatthesetopicswere
not judgedaswell astheothers.

4.2 Intersection topics

Oneissuethisyearconcernedtheexperimenton theintersectionmethodof building topicsandmakingrel-
evancejudgements.Thismethodwould beconsiderablycheaperthantheusualmethodinvolving assessors
for both tasks: the processof makingrelevancejudgementsis a substantialeffort. Our hopewasthat it
would prove to be a viable alternative, providing a way of constructingtestcollectionswith muchlarger
numbersof topicsthanwe have at present,evenif thequality is notquiteasgood.

In theevent, the immediateimpressionof the intersectiontopicsmustbe that they arenot useful. The
discrepancy in performancebetweenassessorand intersectiontopics is huge. We might be temptedto
hypothesisethat the intersectiontopicsaresimply muchharderthanthe assessortopics,but nevertheless
representa realistictask.However, it is hardto maintainthatview in thelight of thesizeof thediscrepancy.

Possiblehypotheses

Somehypotheseshave beensuggested(by participantsandin subsequentdiscussion)for why the perfor-
manceon the intersectiontopicswasso poor. Roughlyspeaking,we may divide theminto two classes:
thosewhich focuson the individual classesandthosewhich focuson the intersectionoperation.In some
casesat least,thehypothesissuggestsexperimentsthatmayhelpto elucidatetheproblem;failureanalysis
on the of®cial or other runsmay alsobe informative. By andlarge theseexperimentsandanalyseshave



not yet beenperformed,althougha few participantshave donesomefailure analysis– they requiresome
thoughtandeffort, andbeingdirectedat a methodologicalquestion,they arenot aboutspeci®csystems,
modelsor approaches,andthereforemaybeof lessimmediateinterestto participants. Nevertheless,the
methodologicalquestionis of interest,anddeservesinvestigation.

Onehypothesisis thatReuters'assignmentof category labelsis simply too inconsistent,comparedto
assessorrelevancejudgements,to allow a systemto learnadequatelyhow to predict it. This hypothesis
wouldsuggestthatthesameproblemwouldapplyto topicsde®nedasindividualclassesasto topicsde®ned
asintersectionsof pairs. However, theTREC2001experimentusedindividual classesandalthoughmany
systemshadsigni®cantdif®culties,severalsystemsperformedadequatelywell on thesetopics.This would
tendto suggestthatthehypothesisasit standsis notasuf®cientexplanation.

A secondis that Reuters'rulesfor category assignmentspecifythat at leastonecategory mustbe as-
signedto eachdocument.Editorsarehappy if they canassignonecategory; extra onesareonly assigned
if (a) they immediatelystandout asnecessary, or (b) thereis signi®cantdoubtaboutwhich is the correct
one.2 Eitherway, thereis likely to besigni®cantlymorenoisein secondcategory assignmentthanin ®rst
category assignment,which will adverselyaffect theintersectiontopics.Experimentscouldbedesignedto
substantiatethishypothesis.

A third is thatcategoriesmaybeof very differentsizes;anintersectionof a largecategory with a small
onemaybedif®cult to learn. A varianton this is qualitative ratherthanquantitative: somecategoriesmay
bemuchharderto learnthanothers,andanintersectionmaybeashardastheharderof thetwo categories.

4.3 Overall performance

Ontheutility measure,mostof theadaptivesystemsnow outperformthebaselinesystemwhichretrievesno
documentsever. This is a welcomeresult.Furthermore,on thewholetheadaptive systemsareperforming
similarly to thebatch®ltering systems.In otherwords,despitestartingfrom considerablylessinformation
they canthroughadaptationpull themselvesupto asimilar level overall. Thissuggeststhatat theendof the
timeperiod,they arelikely to performbetterthanthebatchsystems.

Acknowledgements We give our thanksto all the peoplewho have contributed to the developmentof
theTREC®ltering trackover theyears,in particularDavid Lewis, David Hull, KarenSparckJones,Chris
Buckley, PaulKantor, EllenVoorhees,theTRECprogramcommittee,andtheteamat NIST.

References

[1] D K Harman. Overview of theThird Text REtrieval Conference(TREC–3). In D K Harman,editor,
Proceedingsof theThird Text REtrieval Conference(TREC–3), pages1–20.Gaithersburg, MD: NIST,
1994.NIST SpecialPublication500-225.

[2] D A Hull. TheTREC-6®ltering track: Descriptionandanalysis.In E M VoorheesandD K Harman,
editors,TheSixthText REtrieval Conference(TREC–6), pages45–68.Gaithersburg, MD: NIST, 1998.
NIST SpecialPublication500-240.

[3] D A Hull. TheTREC-7®ltering track:Descriptionandanalysis.In E M VoorheesandD K Harman,ed-
itors,TheSeventhText REtrieval Conference(TREC–7), pages33–56.Gaithersburg, MD: NIST, 1999.
NIST SpecialPublication500-242.

2Suggested by David Lewis (private communication)



[4] D A Hull andSRobertson.TheTREC-8®ltering track®nal report.In E M VoorheesandD K Harman,
editors,TheEighthText REtrieval Conference(TREC–8), pages35–56.Gaithersburg, MD: NIST, 2000.
NIST SpecialPublication500-246.

[5] D Lewis. TheTREC–4®ltering track. In D K Harman,editor, TheFourth Text REtrieval Conference
(TREC–4), pages165–180.Gaithersburg, MD: NIST, 1996.NIST SpecialPublication500-236.

[6] D Lewis. TheTREC-5®ltering track. In E M VoorheesandD K Harman,editors,TheFifth Text RE-
trieval Conference(TREC–5), pages75–96.Gaithersburg, MD: NIST, 1997.NIST SpecialPublication
500-238.

[7] Reuterscorpusvolume1. http://about.reuters.com/researchandstandards/corpus/. Visited26September
2002.

[8] SRobertsonandD A Hull. TheTREC-9®ltering track®nal report.In E M VoorheesandD K Harman,
editors,TheNinth Text REtrieval Conference(TREC–9), pages25–40.Gaithersburg, MD: NIST, 2001.
NIST SpecialPublication500-249.

[9] S RobertsonandI Soboroff. TheTREC2001®ltering trackreport. In E M VoorheesandD K Harman,
editors,TheTenthText REtrievalConference, TREC2001, pages26–37.Gaithersburg, MD: NIST, 2002.
NIST SpecialPublication500-250.

[10] I Soboroff and S Robertson. Building a Filtering Test Collection for TREC 2002. To appearin
Proceedingsof the26thAnnualInternationalACM SIGIRConferenceonResearch andDevelopmentin
InformationRetrieval (SIGIR'03).

[11] JZobel.How ReliablearetheResultsof Large-ScaleRetrieval Experiments?In W B Croft, A Moffat,
C J van Rijsbergen,R Wilkinson, andJ Zobel, editors,Proceedingsof the 21stAnnualInternational
ACM SIGIRConferenceon Research and Developmentin InformationRetrieval (SIGIR '98), pages
307–314.ACM Press:Melbourne,Australia,August1998.


