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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 documentgelevantto a set
of userneedsrepresentethy pro®les. Unlike the traditionalsearchquery userpro®lesarepersistentand
tendto re ect a long term information need. With userfeedbackthe systemcanlearna betterpro®le,
andimprove its performancever time. The TREC®ltering tracktriesto simulateon-linetime-critical text
®ltering applicationswherethe value of a documentdecaysapidly with time. This meanghatpotentially
relevantdocumentanustbe presentedmmediatelyto the user Thereis no time to accumulateandranka
setof documentsEvaluationis basednly onthe quality of theretrieved set.

Filtering differsfrom searchin thatdocumentsarrive sequentiallyover time. The TREC ®ltering track
consistsof threesubtasks:adaptve ®ltering, batch®ltering, androuting. In adaptve ®ltering, the system
startswith only a userpro®le anda very smallnumberof positve examples(relevantdocuments) It must
begin ®ltering documentswithout ary other prior information. Eachretrieved documentis immediately
judgedfor relevance,and this information can be usedby the systemto adaptvely updatethe ®Iltering
pro®le. In batch®ltering androuting, the systemstartswith a larger setof evaluatedtraining documents
which canbeusedto help constructhe searchpro®Ile. For batch®Itering, the systemmustdecideto accept
or rejecteachdocumentwhile routing systemscanreturna ranked list of documents.The coretasksfor
TREC-11arevery similarto thoseinvestigatedn TREC-7throughTREC-10.

Traditionalad hoc retrieval and routing simulatea non-interactie processwhereuserslook at docu-
mentsonceat the endof systemprocessing.This allows for rankingor clusteringof theretrieved set. The
®ltering modelis basedon the assumptiorthat usersexaminedocumentgperiodically over time. The ac-
tual frequeny of userinteractionis unknavn andtask-dependenRatherthancreatea comple simulation
which includespartial batchingandranking of the documenset,we malke the simplifying assumptiorthat
userswantto be noti®edaboutinterestingdocument@ssoonasthey arrive. Therefore a decisionmustbe
madeabouteachdocumentvithout referenceo future documentsandtheretrieved setis orderedby time,
not estimatedikelihood of relevance. The history and developmentof the TREC Filtering Track canbe
tracedby readingthe yearly®nal reports:



TREC-10http://trec.nist.g@/pubs/trecLlO/t10_proceedings.htm{#3) [9]
TREC-9http://trec.nist.ga/pubstrecdt9_proceedings.htn{#3) [8]
TREC-8http://trec.nist.ga/pubstrec8t8_proceedings.htn{#3 - 2 ®les)[4]
TREC-7http://trec.nist.ga/pubgtrec?/t7_proceedings.htn{#3- 2 ®les)[3]
TREC-6http://trec.nist.ga/pubgtrec6/t6_proceedings.htnm#4 and#5) [2]
TREC-5http://trec.nist.ga/pubstrecyt5_proceedings.htn#5) [6]
TREC-4http://trec.nist.ga/pubgitrecd/t4_proceedings.htn{#11)[5]

Informationontheparticipatinggroupsandtheir ®ltering systemsanbefoundin theindividual sitereports,
alsoavailablefrom the TRECwebsite.

2 TREC-11TaskDescription

For thosefamiliar with previous TRECSs,the basic®Itering tasksin TREC—11aresimilar to thoseinvesti-
gatedin TREC—7throughTREC-10.The corpusis the sameasfor TREC—-10,but a newn setof topicshas
beenpreparedln this sectionwe review the corpusthe threesub-tasksthe submissiorrequirementsand
the evaluationmeasuresk-or morebackgroundandmotivation, pleaseconsultthe TREC—7trackreport[3].

2.1 Data

Thisyear thetrackhasagainusedthe RCV1 corpusprovidedby Reuterdor researctpurpose$7]. Thisisa
collectionof about800,000news stories,coveringatime periodof ayearin 1996-7.l1temsin thecollection
have uniqueidenti®ersandare datedbut not timed. For the purposeof the experiment,it is assumedhat
thetime-orderof itemswithin onedayis the sameasidenti®erorder (Itemid onits own is insuf®cient for
ordering,asthereis somecon ict acrossdays). The ®rst 6 weeks'items,20 Augustthrough30 September
1996,weretaken asthetraining set(which could be usedin waysspeci®edbelon). The remainderof the
collectionformedthetestset.

A new setof 100 topicswaspreparedor this year Fifty of thesewereconstructedn the traditional
TRECfashion,by the assessorat NIST. In orderto provide the necessaryelevancejudgementdor train-
ing (includingadaptve ®ltering), extensive searchesisingmultiple retrieval andclassi®catiorsystemavere
conductecat NIST afterinitial de®nitionof thetopics,andthe assessomnaderelevancejudgement®n the
fusedoutput. This processncludedseveralfeedbaclkstagessothatafteroneroundof suchassessmentel-
evanceinformationwasusedto improve the queriesandanotheroundof assessmentgasmade.Feedback
continueduntil no morerelevantdocumentsverefoundin a givenround,or until ®ve roundshadpassed.
Eachtopic receved betweentwo andsesenroundsof judging (sometopicshadmorethan®ve roundsdue
to glitchesin thefeedbaclksystem).

Additional relevancejudgementsvere madefor theseassessotopics after submissionof resultsby
the participants,on documentgaken from the pooledsubmissiongor eachtopic. Theseresultedin the
identi®cationof additionalrelevantdocumentswhichwerenot availableto the adaptve systemsbut which
were includedfor the purposeof evaluatingall systems. All resultsbelov are basedon the full set of
relevancejudgements.Furtherdetailsand analysison this post-submissiophaseof judgementds given
below (section4.1). Additional discussionof both pre- and post-submissiofjudgementsandthe whole
procesf constructinghe new topic sets,s givenin [10].



The remaining®fty topics were constructedas intersectionsof pairs of Reuterscategories. Pairs of
cate@jorieswerechoseno be apparentlymeaningfulassearchopics,to have a minimum of threerelevant
documentgn the training set, andto have an overall numberof relevant documentsn the rangeof the
assesseluilt topics. (Relevantdocumentareherede®nedasdocumentsassignedoth cateyory labelsin
the Reuterscollection.) For the purposesf training for batch®Iltering androuting, andin orderto make
this setof topicssimilarto the previous setof 50, a selectionof non-rel&antdocumentsvasincludedin the
setof relevancejudgementrovidedfor eachtopic. Thesenon-rel@antdocumentsverechoserrandomly
from thoseassigneckitherof the cateyory labels,but not both. This placesthe non-releant documentsn
the“neighbourhood’of the intersectionhopefully similar to highly-ranked documentsn a pool which are
judgedirrelevantby anassessor

This secondsetof topicsrepresents trial of arelatively cheapway of constructingopicsfor retrieval
experiments,given a collectionwith cateyory labelsassigned.It is regardedas an experimentto assess
whethersucha methodologyis likely to be usefulfor future experiments.

2.2 Tasks

The adaptve ®ltering taskis designedo modelthetext ®ltering processrom the momentof pro®le con-
struction. In TREC-11,following the idea®rst usedin TREC-9,we modelthe situationwherethe user
arriveswith asmallnumberof known positive exampleg(relevantdocuments)For eachtopic, thelastthree
relevant documentsn the training setwere madeavailable to the participantsfor this purpose;no other
relevancejudgementgrom the training setcould be used. Subsequentjyoncea documents retrieved, the
relevanceassessmelfivhenoneexists)is immediatelymadeavailableto thesystem.Unfortunatelyit is not
feasiblein practiceto have interactve humanassessmery NIST. Instead assessmeris simulatedby re-
leasingthe pre-«isting relevancejudgemenfor thatdocument.Judgementfor unretrie?’ed documentsre
neverrevealedo thesystem.Oncethesystenmakesa decisionaboutwhetheror notto retrieve adocument,
thatdecisionis ®nal. No back-trackingor temporarycachingof documentss allowed. While not always
realistic, this condition reducesthe complity of the task and malkesit easierto compareperformance
betweerdifferentsystems.

Systemsareallowedto usethewholeof thetrainingsetof documentgbut no otherrelevanceudgements
thanthethreeprovidedfor eachtopic) to generateollectionfrequeng statistic§suchasinversedocument
frequenciespr auxiliary datastructureqsuchasautomatically-generatl thesauri). Resourcesutsidethe
Reuterscollectioncouldalsobeused.As documentsvereprocessedhetext could be usedto updateterm
frequeny statisticsandauxiliary documenstructuresvenif thedocumentvasnot matchedo ary pro®le.
Groupshadthe optionto treatunevaluateddocumentsasnot relevant.

In batch®lItering, all the training setdocumentsandall relevancejudgementn that setare available
in adwance. Oncethe systemis trained,the testsetis processedh its entirety For eachtopic, the system
returnsasingleretrieved set. For routing, thetraining datais the sameasfor batch®ltering, but in this case
systemgeturnarankedlist of thetop 1000retrieveddocumentérom thetestset. Batch®Itering androuting
areincludedin orderto encourag@articipationto asmary differentgroupsaspossible.

2.3 Evaluation and optimisation

For the TREC experiments ®ltering systemsare expectedto malke a binary decisionto acceptor rejecta
documentfor eachpro®le. Therefore,the retrieved set consistsof an unranled list of documents.This
fact hasimplicationsfor evaluation,in thatit demandsa measureof effectivenesswhich canbe applied
to suchan unranled set. Many of the standardmeasuresisedin the evaluationof ranked retrieval (such
asaverageprecision)arenot applicable.Furthermorethe choiceof primary measuref performancewill

impactthe systemsn away thatdoesnot happerin rankedretrieval. While goodrankingalgorithmsseem



to be relatively independentf the evaluationmeasuraised,good classi®catioralgorithmsneedto relate
very stronglyto themeasuret is desirecto optimise.

Two measuresvereusedin TREC-11for this purpose(asalternatve sub-tasks) Onewasessentially
thelinearutility measureausedin previous TRECs,anddescribedelon. The otherwasa versionof thevan
Rijsbegenmeasuref retrieval performance®rstusedin TREC-10.

F-beta

This measurebasedon onede®nedby van Rijsbegen,is a functionof recallandprecision,togetherwith
a free parameteibetawhich determineghe relative weighting of recall and precision. For ary beta,the
measurdies in therangezero(bad)to 1 (good). For TREC-11(asfor TREC-10),a valueof beta=0.5has
beenchosengcorrespondingo anemphasion precision(beta=1is neutral). The measurgwith this choice
of beta)maybe expressedasfollows:

1:25 No: of relevant docsretrieved

TLLF = No: of retrieved docs+ 0:25 No: of relevant docs

(T11Fis de®nedaszeroif thenumberof retrieved documentss zero.)

Linear utility

Theideaof alinearutility measurénasbeendescribedn previous TRECreports(e.g.[4]). The particular
parameterdeingusedarea creditof 2 for arelevantdocumentetrieved anda debitof 1 for anon-releant
documentetrieved:

T11U = 2 No: of relevant docsretrieved No: of non relevant docsretrieved
which correspondso theretrieval rule:
retrieveif P(rel) > :33

Filtering accordingto alinear utility functionis equvalentto ®ltering by estimatedorobability of rele-
vancethe correspondingprobabilitythresholds shavn.

Whenevaluationis basedn utility, it is dif®cult to comparegrerformancecrosdopics. Simpleaverag-
ing of the utility measureayiveseachretrieved documentqualweight,which meanghatthe averagescores
will be dominatedby the topicswith large retrieved sets(asin micro-averaging). Furthermorethe utility
scaleis effectively unboundedbelon but boundedabove; a singlevery poorgquerymightcompletelyswamp
ary numberof goodqueries.

For the purposeof averagingacrosdopics,themethodusedfor TREC—11is a slightly modi®edversion
of oneusedin TREC-9(modi®cationproposedy Ault). First, utilities are normalisedoy the maximum
possibleutility for thetopic, namely

MaxU = 2 (No: of relevant docs)

T11U
T1IINU= ———
MaxU

Thelower limit is somenegative normalisedutility, MinNU, which may be thoughtof asthe minimum

(maximumnegatie) utility thata userwould tolerate,over the lifetime of the pro®le. If the T11NU value



falls belav this minimum, it will be assumedhat the userstopslooking at documentsandthereforethe
minimumis used.For eachtopic,

max(T11INU; MinNU) ~ MinNU

Tisu= 1 MinNU

andMeanT11SUs themeanof T11SUover topics.
Differentvaluesof MinNU maybechosen.The primaryevaluationmeasurdas

MinNU = 05

Other measues

In the of®cial resultstables,a numberof measuresre includedas well asthe measurgfor which ary
particularrun wasspeci®callyoptimised.Therangeis asfollows:
For adaptve andbatch®ltering:

MeanT11SU (scaledutility) overtopics,overthewhole periodandbrokendown by time periodfor
adaptve ®ltering. Notethatthisis referredto in thetablesasT11U, butis in factT11SU.

MeanT11F (F-betawith beta= 0.5) overtopics.

Meansetrecall

Meansetprecision

Zeros(numberof topicsfor which no documentsvereretrieved over the period)

All meansaremacro-&eragesthatis, averagedacrosgopics. For routing, the usualrangeof ranked-
outputperformanceneasuresomputedoy trec_eval  aregiven.

2.4 SubmissionRequirements

Eachparticipatinggroup could submita limited numberof runs, in eachcateory: Adaptve ®ltering 4;
Batch®Itering 2; Routing?2.

Any of the®ltering runscouldbeoptimisedfor eitherT11For T11SU-adeclaratiorwasrequiredof the
measurdor which eachrun wasoptimised.Therewereno requiredruns,but participantsvereencouraged
to provide anadaptve ®ltering runwith T11SUoptimisation.

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

3 TREC-11results

Twentyonegroupsparticipatedn the TREC-11®ltering track (two morethanin TREC-10)andsubmitted
atotal of 73 runs(seven morethanin TREC-10)). Thesebreakdown asfollows: 14 groupssubmitted
adaptve ®ltering runs,10 submittedto batch®Itering, and10to routing.

Hereis a list of the participatinggroups,including abbreiationsandrun identi®ers. Participantswill
generallybe referredto by their abbraiationsin this paper The run identi®erscanbe usedto recognise
which runsbelongto which groupsin the plottedresults.



Abbreviation Runidenti®er
University of North Texas north.texas UNTextCat
KerMIT Consortium kerMIT KerMIT
Carngyie Mellon University cmulti CMUDIR
University of Hertfordshire hertfordshire UHcl
Microsoft ResearciCambridge microsoftcambridge| ok11l,msPUM
Moscav Medical Academy moscav_med mma2002
RutgersUniversity rutgers-kantor dimacsll
David D. Lewis, IndependenConsultant Lewis dimacsdd
SUNY Buffalo buffalo_cedar cedar02
CLIPSLaoratory IMAG clips-imag relief
Nationallnstituteof Informatics nii kNII11
ClairvoyanceCorporation clairvoyance CCT11
Institut de Recherchen Informatiquede Toulouse| irit iritsig
TamperdJniversity of Technology tampere Visa
FudanUniversity Fudan FDUT11
Queengollege, City Universityof New York cury pirc2
ChineseAcademyof Sciences chineseacademy ICT
Queenslandlniversity of Technology gueensland QUT
JohnsHopkinsUniversity Applied PhysicsLab jhu_apl aplll
TsinghualJniversity tsinghua thuT11
University of lowa uiowa Ulowa02

3.1 Summary of approaches

Thesebrief summarieareintendedonly to pointreaderdoward otherwork. Not all groupshave a paperin
theproceedings.

University of North Texas participatedin the batch®Iltering androuting tasks. Their TextCat system
emplo/s multiple simple text classi®ers(an n-grambasedone and Ripper) which may be combinedby
stackingthemin seriesor usingavoting scheme.

KerMIT Consortiumparticipatedin all threetasks. Their focusis on supportvector machine(SVM)
kernelmethods. For routing, they useda linear SVM, andfor batch®Itering usedthe sameSVM with a
thresholdselectionmechanism.For adaptve ®ltering, they usedsecond-ordeperceptronsand combined
SVMs andperceptronsvith unezenmaigins.

CMU patrticipatedn the adaptve ®ltering task. Their systemwasthe sameasusedin TREC9 and10
andusesRocchios algorithmfor pro®le updating. Their thresholdingand term selectionprocessesvere
choserandtunedusingpastTREC ®ltering data.

University of Hertfordshireparticipatedn the routing task. They manuallyselectedsetsof keywords
usingthetopic descriptionsandthe adaptve trainingexamples.

Microsoft ResearctCambridgeparticipatedn the adaptve ®ltering androutingtasks.Their probabilis-
tic Okapi/Keenbav systenis very similarto thatusedn previousyears put theadaptve ®lteringcomponent
wasrewritten for this year The new ®ltering componentllows updatingof pro®lesandthresholdsat each
documentetrieved. For routing,a new systemusingperceptronsvith unevenmarginswasused.

RutgersUniversityparticipatedn theadaptve andbatch®ltering tasks. Their adaptve systenis based
on a Rocchioclassi®erand pseudo-relancefeedback. For batch®ltering, they usedrank-basedeature

!David Lewis, part of the Rutgers group, submitted runs two adaptive fi Itering runs as a separate group. Hisresults are presented
in the Rutgers proceedings paper.



selectionto identify a very small setof featuresto representhe collectionandtraineda simple classi®er
usingthesefeatures.

StateUniversityof New York at Buffalo participatedn theadaptve andbatch®Itering tasks.They used
two mainapproachessVMs with weightedmarginsandlanguagemodeling.

CLIPS participatedin the adaptve ®ltering task. Their RELIEFS system,introducedin TREC9, is
basedn a probabilisticmodelof termsandrelevance. This year they focusedon thresholdadaptatiorand
estimatingrelevance.

Nationallnstituteof Informaticsparticipatedn thebatch®Ilteringtask. Theirapproachnvolvedreweight-
ing termsco-occurringin relevant training documentsand modelingtheseterm setsas“virtual” relevant
documentsThey thenusedSVMsto learna decisionboundarybasedn theenlagedtrainingset.

Clairvoyance Corporationparticipatedin the batch®ltering task. Their experimentsfocusedon the
performanceof the monolithic ®Iters which in their CLARIT systemcanbe arrangedo createensemble
®lters. Their paperdescribepost-TRECexperimentcomparingheir IR-basedapproacheto SVMs.

IRIT participatedn all threetasks.Their Mercuresystemis basedon a connectionistmodel. This year
their experimentdocusedon thresholdcalibration.

TampereUniversity of Technologyparticipatedin the routing task. Their approachs basedon word
codingandcharacterizinghe histogramsf encodediocuments.

FudanUniversity participatedn the adaptve ®ltering task. They usedthe topic andtraining samples
to createaninitial Winnow classi®er andwith that gathereda larger setof pseudo-relant documentgo
furthertraintheclassi®er

QueensCollege, CUNY patrticipatedin the adaptve ®ltering task. They useda two-stageapproach;
initially, a simplepro®le reweightingandthresholdadjustmenschemaes used;but asmorerelevanceinfor-
mationis available,the pro®leis expanded.

ChineseAcademyof Sciencegarticipatedin all threetasks. Their experimentsin adaptve ®Iltering
focusedon makinguseof retrieved documentsvhoserelevanceis unknavn in pro®le adaptation.

JHU/APL participatedn all threetasks. For ®ltering, they usedlinear SVMs, with systemparameters
tunedusingthe TREC-8®Itering data.For routing,onerun usedSVMs andthe otherrun mergedthe SVM
runwith anunsubmittedanguagemodeling-basedun.

TsinghualJniversity participatedn theadaptve ®ltering task. Theirincrementalearningapproactuses
pseudo-relancefeedbacko form theinitial pro®leandthreshold.They alsoexperimentedvith alanguage
modelingrun usingthe Lemurtoolkit.

University of lowa participatedin the adaptve ®ltering task. Their systemusestwo-level dynamic
clustering. Documentsplacedinto a topics ®rst-level clusterare further divided into secondaryclusters
which areresponsibldor determiningwhetheradocumenwill beretrieved.

3.2 Evaluation Results

Someresultsare presentedn the following graphs.Figuresl and2 shav the adaptve ®ltering resultsfor
theutility andF measuresin eachgraphthehorizontalline insidearun's boxis themediantopic score the
box shaws interquartiledistancethe whiskersextendto the furthesttopic within 1.5timestheinterquartile
distance andthe circlesareoutliers. In all graphsof T11SUscoresthe horizontalline throughthe graph
shavs the baselinautility which canbe achieved by retrieving no documents.

Figures3 and4 shaw the utility andF-betaresultsfor batch®Iltering. Figure5 shavs meanuninterpo-
latedaverageprecisionfor routing.



Adaptive filtering, T11SU, assessor topics Adaptive filtering, T11SU, intersection topics
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Figurel: Adaptive ®ltering— T11SU

4 General Commentary

4.1 Post-submissionudgements

Although morethan 21,000relevancejudgementsvere madeduring topic creationandreleasedwith the
topics, we were concernedhat participantswould still ®nd more relevant documents.In orderto make
suresystemswere measuredairly, NIST pooledparticipants'runs and judgedary previously unjudged
documentsn thepool. Poolingwasdoneasfollows. Eachparticipatinggroupwasallotteda ®xedbudgetof
documentgo be pooledfrom their runs. If the grouphadary routingruns,we addedunjudgeddocuments
from thetop 100ranksto thepool. If thegroupalsohad®Itering runs,at mosthalf thebudgetwasexpended
on routing documents.We thenmeiged all batchand adaptve ®ltering runsfrom that groupandtook a
randomsampleof documentsrom the combinedrunsto ®IlI out the pool budget. In all, another42,000
documentsverejudgedduringthis secondoundof assessment.

Figure 6 shavs the numbersof relevant documentgound for eachtopic in the ®rst andsecondrounds
of judging. Note that overall the topics have between9 and 599 relevant documentsapiece,muchfewer
thanthe TREC 2001 cataeyoriesandcloserto TREC ad hoc scale.For mosttopicsonly a few new relevant
documentsverefoundin the secondound(median= 8.5), but seventopicshadmorethan®fty new. Four
of thesetopicshadmorethantwenty new relevantdocumentgoundin their lastroundof feedbaclkduring
the creationphase.Althoughour pooling processs radically different,these®ndingsagreewith Harmans
analysisof the TREC-3relevancejudgementgl], aswell asthoseof Zobel[11] thatthe “largest” topics
(thosewith themostrelevantdocumentsendto yield evenmorerelevantdocumentsiponfurthersearching.
We have seenthatsuchtopicstendto have a greatemumberof relevantdocumentsoundin thelastround
of judging. In retrospectt probablywould have beena goodideato discardthesetopics.

Anotherimportantfactoris that®ve topicswerejudgedby a differentassessan the second-oundthan
the onewho hadcreatedit. Although asa generalrule assessoralwaysjudgedtheir own topics, dueto
time constraintswe were forcedto mave thesetopicsto differentassessorsin thesecasesthe assessor
wasshawn all of the relevantdocumentdoundin the ®rst roundasorientationto the topic. Four of these
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Figure6: Relevantdocumentfoundin the ®rstandsecondoundsof judging.

T11U TI11F
Adaptve 0.969 0.936
Batch 0.996 0.983
Routing  0.912(MAP)

Table 1: Correlationof the of®cial TREC resultsto a systemrankingmeasuredisingthe ®rst-roundrele-
vancejudgement®nly.

“moved” topicswerealsotopicswith morethan®fty new relevantfound, suggestinghatthesetopicswere
notjudgedaswell astheothers.

4.2 Intersection topics

Oneissuethis yearconcernedhe experimenton theintersectiormethodof building topicsandmakingrel-
evancejudgementsThis methodwould be considerablycheapethanthe usualmethodinvolving assessors
for both tasks: the processof making relevancejudgementds a substantiakffort. Our hopewasthat it
would prove to be a viable alternatve, providing a way of constructingtestcollectionswith muchlarger
numbersof topicsthanwe have at presentgvenif thequality is not quite asgood.

In the event, theimmediateimpressiorof the intersectiontopicsmustbe thatthey arenot useful. The
discrepang in performancebetweenassessoand intersectiontopicsis huge. We might be temptedto
hypothesisahat the intersectiontopics are simply much harderthanthe assessotopics, but nevertheless
represengrealistictask. However, it is hardto maintainthatview in thelight of the sizeof thediscrepang

Possiblehypotheses

Somehypothesehave beensuggestedby participantsandin subsequendiscussionfor why the perfor

manceon the intersectiontopicswas so poor  Roughly speaking,we may divide theminto two classes:
thosewhich focuson the individual classesandthosewhich focuson the intersectionoperation.In some
casest least,the hypothesisuggest&xperimentghat may helpto elucidatethe problem;failure analysis
on the of®cial or otherrunsmay alsobe informative. By andlarge theseexperimentsandanalyseshave



not yet beenperformed,althougha few participantshave donesomefailure analysis— they requiresome
thoughtandeffort, and beingdirectedat a methodologicabuestion,they are not aboutspeci®csystems,
modelsor approachesandthereforemaybeof lessimmediateinterestto participants. Neverthelessthe
methodologicafjuestionis of interestanddeseresinvestigation.

Onehypothesiss that Reuters'assignmenof categyory labelsis simply too inconsistentcomparedo
assessorelevancejudgementsio allow a systemto learn adequatelyhow to predictit. This hypothesis
would suggesthatthe sameproblemwould applyto topicsde®nedasindividual classessto topicsde®ned
asintersection®of pairs. However, the TREC 2001 experimentusedindividual classesandalthoughmary
systemdhadsigni®cantdif®culties,several systemgerformedadequatelyvell on thesetopics. This would
tendto suggesthatthe hypothesisasit standds nota suf®cientexplanation.

A seconds that Reuters'rulesfor catgory assignmenspecifythat at leastone catgjory mustbe as-
signedto eachdocument.Editorsarehapyy if they canassignone category; extra onesareonly assigned
if (a) they immediatelystandout asnecessaryor (b) thereis signi®cantdoubtaboutwhich is the correct
one? Eitherway, thereis likely to be signi®cantlymorenoisein secondcateyory assignmenthanin ®rst
cateyory assignmentwhich will adwerselyaffect theintersectiortopics. Experimentsould be designedo
substantiat¢his hypothesis.

A third is thatcateyoriesmay be of very differentsizes;anintersectiorof alarge catayory with a small
onemay be dif®cult to learn. A varianton this is qualitative ratherthanquantitatve: somecateoriesmay
bemuchharderto learnthanothers,andanintersectiormaybeashardasthe harderof thetwo cateyories.

4.3 Overall performance

Ontheutility measuremostof theadaptve systemsiow outperformthe baselinesystemwhichretrievesno

documentsver. Thisis awelcomeresult. Furthermorepn the wholethe adaptve systemsare performing
similarly to the batch®ltering systemsIn otherwords,despitestartingfrom considerablyessinformation
they canthroughadaptatiorpull themselesup to asimilarlevel overall. This suggestshatattheendof the

time period,they arelikely to performbetterthanthe batchsystems.
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