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Abstract

ReutersCorpusVolumeI (RCV1)is anarchiveof over800,000manuallycategorizednewswire
storiesrecentlymadeavailableby Reuters,Ltd. for researchpurposes.Useof thisdatafor research
on text categorizationrequiresa detailedunderstandingof therealworld constraintsunderwhich
thedatawasproduced.Drawing on interviews with Reuterspersonnelandaccessto Reutersdoc-
umentation,we describethe codingpolicy andquality control proceduresusedin producingthe
RCV1 data,the intendedsemanticsof the hierarchicalcategory taxonomies,andthe corrections
necessaryto removeerrorfuldata.Wereferto theoriginaldataasRCV1-v1,andthecorrecteddata
asRCV1-v2.We benchmarkseveralwidely usedsupervisedlearningmethodson RCV1-v2,illus-
trating the collection's properties,suggestingnew directionsfor research,andproviding baseline
resultsfor futurestudies.Wemakeavailabledetailed,per-categoryexperimentalresults,aswell as
correctedversionsof thecategoryassignmentsandtaxonomystructures,via onlineappendices.

Keywords: applications,automatedindexing, controlledvocabulary indexing, effectivenessmea-
sures,evaluation,featureselection,k-NN, methodology, multiclass,multilabel, nearestneighbor,
news articles,operationalsystems,Rocchio,SCut, SCutFBR,supportvector machines,SVMs,
termweighting,testcollection,text classi�cation,thresholding
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1. Intr oduction

Text categorizationis theautomatedassignmentof naturallanguagetexts to prede�nedcategories
basedontheircontent.It is asupportingtechnologyin severalinformationprocessingtasks,includ-
ing controlledvocabulary indexing, routingandpackagingof news andothertext streams,content
�ltering (spam,pornography, etc.),informationsecurity, helpdeskautomation,andothers.Closely
relatedtechnologyis applicableto otherclassi�cation taskson text, including classi�cationwith
respectto personalizedor emerging classes(alertingsystems,topic detectionandtracking),non-
contentbasedclasses(authoridenti�cation, languageidenti�cation), andto mixturesof text with
otherdata(multimediaandcross-mediaindexing, text mining).

Researchinterestin text categorizationhasbeengrowing in machinelearning,informationre-
trieval, computationallinguistics,andother�elds. This partly re�ects the importanceof text cat-
egorizationas an applicationareafor machinelearning,but also resultsfrom the availability of
text categorizationtestcollections(Lewis, Schapire,Callan,andPapka,1996;Lewis, 1997;Yang,
1999;Sebastiani,2002). Thesearecollectionsof documentsto which humanindexershave as-
signedcategoriesfrom a prede�nedset. Testcollectionsenableresearchersto test ideaswithout
hiring indexers,and(ideally) to objectively compareresultswith publishedstudies.

Existing text categorizationtest collectionssuffer from one or more of the following weak-
nesses:few documents,lack of thefull documenttext, inconsistentor incompletecategory assign-
ments,peculiartextual properties,and/orlimited availability. Thesedif�culties areexacerbatedby
a lack of documentationon how thecollectionswereproducedandon thenatureof their category
systems.The problemhasbeenparticularlysevere for researchersinterestedin hierarchicaltext
categorizationwho, dueto the lack of goodcollectionsandgooddocumentation,have oftenbeen
forcedto imposetheir own hierarchieson categories(Koller andSahami,1997;Weigend,Wiener
andPedersen,1999).

Even if currentcollectionswere perfect,however, therewould be an ongoingneedfor new
ones. Justas machinelearningalgorithmscan over�t by tuning a classi�er's parametersto the
accidentalpropertiesof a trainingset,a researchcommunitycanover�t by re�ning algorithmsthat
have alreadydonewell on the existing datasets. Only by periodicallytestingalgorithmson new
testcollectionscanprogressbeveri�ed.

A dataset recentlymadeavailable,ReutersCorpusVolume1 (RCV1) (Rose,Stevensonand
Whitehead,2003),hasthepotentialto addressmany of theabove weaknesses.It consistsof over
800,000newswirestoriesthathavebeenmanuallycodedusingthreecategorysets.However, RCV1
asdistributedis simply a collectionof newswire stories,not a testcollection. It includesknown
errorsin category assignment,provides lists of category descriptionsthat arenot consistentwith
thecategoriesassignedto articles,andlacksessentialdocumentationon theintendedsemanticsof
categoryassignment.

This paperattemptsto provide thenecessarydocumentation,andto describehow to eliminate
miscodingswherepossible.We begin in Section2 by describingthe operationalsettingin which
RCV1 wasproduced,with particularattentionto thecategoriesandhow they wereassigned.Be-
sidesbeing crucial to understandingthe semanticsof the category assignments,the insight into
operationaltext categorizationmaybeof independentinterest.Section3 examinestheimplications
of theproductionprocessfor theuseof RCV1 in research,andSection4 summarizesthechanges
werecommendto produceabettertestcollection,whichwecall RCV1-v2.(Wereferto theoriginal
dataasRCV1-v1.)
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Appendix Description
1 Valid Topiccategories
2 OriginalTopicshierarchy
3 ExpandedTopicshierarchy
4 Valid Industrycategories
5 Best-guessIndustrieshierarchy
6 Valid Regioncategories
7 IDs of RCV1-v2documents
8 RCV1-v2Topicassignments
9 RCV1-v2Industryassignments
10 RCV1-v2Regionassignments
11 SMART stopword list
12 TokenizedRCV1-v2data
13 VectorizedRCV1-v2data(LYRL2004training/testsplit)
14 Termdictionaryfor vectorizeddata
15 Contingency tablesfor experimentalresults
16 RBB Topicslist
17 RBB Industrieslist
18 RBB Regionslist

Table1: List of online appendicesaccompanying this paper. They provide datasetsusedin or
producedby the experiments,aswell asadditionalinformationon the RCV1 collection,
andareexplainedlaterin thepaper.

Sections2 to 4 arebasedonReutersdocumentation,interviewswith Reuterspersonnel,andsta-
tistical analysisof thedocumentsandcategories.To complementthis analysis,we provide bench-
mark resultson RCV1-v2 for well-known supervisedlearningapproachesto text categorization.
Theseresultsprovide futureuserswith a standardfor comparison,aswell asreassurancethat the
tasksposedby thecorrectedcollectionareneithertrivial nor impossible.Section5 givesthedesign
of our experiments,Sections6 & 7 discussthe algorithmsandtext representation,andSection8
presentsthebenchmarkresultsandobservations.Weendwith somethoughtsonresearchdirections
thenew collectionmaysupport.

Severalonlineappendicesaccompany thispaper, andarelistedin Table1.

2. Coding the RCV1 Data

Apart fromtheterrible memoriesthisstirsupfor mepersonally(codingstoriesthrough
thenightetc.),I can't �nd fault with youraccount.

– Reuterseditorcommentingonadraft of this section.

TheRCV1 datawasproducedin anoperationalsettingat Reuters,Ltd., underproceduresthat
have sincebeensuperceded.Only later wasuseof the datain researchcontemplated.Informa-
tion that in a researchsettingwould have beenretainedwasthereforenot recorded.In particular,
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no formal speci�cationremainsof the codingpracticesat the time the RCV1 datawasproduced.
However, by combiningrelateddocumentationandinterviews with Reuterspersonnelwe believe
wehave largely reconstructedthoseaspectsof codingrelevantto text categorizationresearch.

2.1 The Documents

Reutersis the largestinternationaltext andtelevision news agency. Its editorialdivision produces
some11,000storiesa day in 23 languages.Storiesare both distributed in real time and made
availablevia onlinedatabasesandotherarchival products.

RCV1 is drawn from oneof thoseonlinedatabases.It wasintendedto consistof all andonly
Englishlanguagestoriesproducedby ReutersjournalistsbetweenAugust20,1996,andAugust19,
1997.Thedatais availableon two CD-ROMsandhasbeenformattedin XML. 1 Both thearchiving
processandlaterpreparationof theXML datasetinvolvedsubstantialveri�cation andvalidationof
the content,attemptsto remove spuriousor duplicateddocuments,normalizationof datelineand
byline formats,additionof copyright statements,andsoon.

Thestoriescovertherangeof contenttypicalof alargeEnglishlanguageinternationalnewswire.
They varyfrom afew hundredto severalthousandwordsin length.Figure1 showsanexamplestory
(with somesimpli�cation of themarkupfor brevity).

2.2 The Categories

To aid retrieval from databaseproductssuchasReutersBusinessBrie�ng (RBB), category codes
from threesets(Topics,Industries,andRegions)wereassignedto stories.Thecodesetswereorig-
inally designedto meetcustomerrequirementsfor accessto corporate/businessinformation,with
themainfocusoncompany codingandassociatedtopics.With theintroductionof theRBB product
the focusbroadenedto the enduserin large corporations,banks,�nancial services,consultancy,
marketing,advertisingandPR�rms.

2.2.1 TOPIC CODES

Topiccodeswereassignedto capturethemajorsubjectsof astory. They wereorganizedin four hi-
erarchicalgroups:CCAT (Corporate/Industrial),ECAT (Economics),GCAT (Government/Social),
andMCAT (Markets).Thiscodesetprovidesagoodexampleof how controlledvocabularyschemes
representa particularperspective on a dataset. TheRCV1 articlesspana broadrangeof content,
but thecodesetonly emphasizesdistinctionsrelevantto Reuters'customers.For instance,thereare
threedifferentTopic codesfor corporateownershipchanges,but all of scienceandtechnologyis a
singlecategory (GSCI).

2.2.2 INDUSTRY CODES

Industry codeswere assignedbasedon typesof businessesdiscussedin the story. They were
groupedin 10subhierarchies,suchasI2 (METALS AND MINERALS) andI5 (CONSTRUCTION).
TheIndustrycodesmakeup thelargestof thethreecodesets,supportingmany �ne distinctions.

1. Furtherformattingdetailsareavailableathttp://about.reuters.com/researchandstandards/corpus/.
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<?xml version="1.0" encoding="iso-8859-1" ?>
<newsitem itemid="2330" id="root" date="1996-08-20" xml:lang="en">
<title>USA: Tylan stock jumps; weighs sale of company.</title>
<headline>Tylan stock jumps; weighs sale of company.</headline>
<dateline>SAN DIEGO</dateline>
<text>
<p>The stock of Tylan General Inc. jumped Tuesday after the maker of
process-management equipment said it is exploring the sale of the
company and added that it has already received some inquiries from
potential buyers.</p>
<p>Tylan was up $2.50 to $12.75 in early trading on the Nasdaq market.</p>
<p>The company said it has set up a committee of directors to oversee
the sale and that Goldman, Sachs &amp; Co. has been retained as its
financial adviser.</p>
</text>
<copyright>(c) Reuters Limited 1996</copyright>
<metadata>
<codes class="bip:countries:1.0">

<code code="USA"> </code>
</codes>
<codes class="bip:industries:1.0">

<code code="I34420"> </code>
</codes>
<codes class="bip:topics:1.0">

<code code="C15"> </code>
<code code="C152"> </code>
<code code="C18"> </code>
<code code="C181"> </code>
<code code="CCAT"> </code>

</codes>
<dc element="dc.publisher" value="Reuters Holdings Plc"/>
<dc element="dc.date.published" value="1996-08-20"/>
<dc element="dc.source" value="Reuters"/>
<dc element="dc.creator.location" value="SAN DIEGO"/>
<dc element="dc.creator.location.country.name" value="USA"/>
<dc element="dc.source" value="Reuters"/>
</metadata>
</newsitem>

Figure1: An exampleReutersCorpusVolume1 document.
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2.2.3 REGION CODES

Regioncodesincludedbothgeographiclocationsandeconomic/politicalgroupings.No hierarchical
taxonomywasde�ned.

2.3 Coding Policy

Explicit policieson codeassignmentpresumedlyincreaseconsistency andusefulnessof coding,
thoughcomingup with precisepoliciesis dif�cult (Lancaster, 1998,pp. 30-32).Reuters'guidance
for codingincludedtwo broadpolicies,amongothers. We have namedthesepoliciesfor conve-
nience,thoughthey werenotsonamedby Reuters:

1. Minimum CodePolicy: Eachstory was requiredto have at leastoneTopic codeandone
Regioncode.

2. Hierarchy Policy: Codingwasto assignthemostspeci�c appropriatecodesfrom theTopic
andIndustrysets,aswell as(usuallyautomatically)all ancestorsof thosecodes.In contrast
to somecodingsystems,therewasno limit on thenumberof codeswith thesameparentthat
couldbeapplied.

Thesepolicies were (imperfectly) implementedby a combinationof manualand automated
meansduringcoding,asdiscussedbelow andin Section3.3.

2.4 The Coding Process

During theyears1996and1997,theperiodfrom which thecorpusis drawn, Reutersproducedjust
over800,000Englishlanguagenewsstoriesperyear. Codingwasasubstantialundertaking.At one
point Reutersemployed90 peopleto handlethecodingof 5.5million Englishlanguagestoriesper
year. However, this �gure includesbothEnglishlanguagestoriesproducedby Reutersjournalists
andonesobtainedfrom othersources,andincludedadditionalcodesetsnot presentin theRCV1
data.Therefore,theexacteffort devotedto documentsandcodesof thesortrepresentedin RCV1is
unclear, thoughoneestimateis around12person-years(Rose,StevensonandWhitehead,2003).

Codingof Reuters-producedstorieswasaccomplishedin threestages:autocoding,manualedit-
ing, andmanualcorrection.

2.4.1 AUTOCODING

Stories�rst passedthrougha rule-basedtext categorizationsystemknown as TIS (Topic Identi-
�cation System),a descendantof thesystemoriginally developedfor Reutersby Carnegie Group
(HayesandWeinstein,1990).Mostcodeshadatleastonerulethatcouldassignthem,but automated
codingwasnot attemptedfor somecodesbelieved to be beyond the capabilityof the technology.
Two of thecodesperceived to bedif�cult wereGODD (humaninterest)andGOBIT (obituaries).
It is interestingto notethat thesetwo categoriesproved in our experimentsto be two of the most
dif�cult to assignautomatically.

In additionto their text, somestoriesenteringthe systemalreadyhadcodes,from a different
codeset (the “Editorial codes”), that had beenmanuallyassignedby journalists. Somesimple
“sourceprocessing”ruleswereusedthatmappedthesecodesto equivalentcodesin the �nal code
set. For example,a story with the Editorial codeSPO(Sport)would automaticallybe assigned
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the �nal codeGSPO.Other sourceprocessingrules triggeredon other partsof the markup,for
instanceassigningany story whoseslug (a brief line of identifying information on a newswire
story)containedthestring“BC-PRESSDIGEST” to themostgeneralnewscode(GCAT).

Finally, asdiscussedin Section3, someTopic,Industry, andRegioncodeswereassignedonthe
basisof othercodesof thesameor differenttype,to enforcetheHierarchy Policy or captureother
relationships.

2.4.2 MANUAL EDITING

Theoutputof TIS wasautomaticallycheckedfor compliancewith theMinimum Codepolicy. If so,
thestorywassentto a holdingqueue.If not, thestorywas�rst sentto a humaneditor. This editor
would assignthe codesthey felt applied,while ensuringthe story got at leastoneTopic andone
Regioncode.Editorscouldalsodeleteorchangeautomaticallyassignedcodes.Editorsoccasionally
�x ed errorsin the formattingof the story during this phase,but their primary responsibilitywas
correctionof coding.Theeditedstorythenwentto theholdingqueuefor �nal review.

2.4.3 MANUAL CORRECTION IN THE HOLDING QUEUE

Every six hours,the holding queuewasreviewed by editors,who hadthe opportunityto correct
mistakes in coding. Oncestoriespassedthroughthe holding queue,they were batchedup and
loadedinto thedatabasein blocks.

2.5 Coding Quality

Humancodingis inevitably a subjective process.Studieshave shown considerablevariationin in-
terindexer consistency ratesfor differentdatasets(Cleverdon,1991).Theprocessdescribedabove
wasanattemptto achievehighconsistency andcorrectnessfor theReuterscodes.Storiesweresam-
pledperiodicallyandfeedbackgivento coderson how to improve their accuracy. Theconsistency
of coderswith eachotherandwith standardswasevaluatedfrom samplesandfound to be high,
thoughwewerenotableto obtainquantitativedatafrom theseevaluationsfor publication.

Table2 providessomeadditionalevidenceof consistency of thecoding. It shows, for theyear
1997,how many storieshadautocodingthat failed the Minimum Codetest and thusunderwent
manualediting,aswell ashow many hadat leastonecodecorrectedin theholdingqueue.Notethat
RCV1 containsstoriesspanningpartsof 1996and1997,so thenumberof storiesin thecorpusis
not thesameasthenumberof storiesin Table2.

A total of 312,140storieshadautocodingthat failed the Minimum Codetestandwere thus
manuallyedited. All of thesestorieswerealsoreviewedby a secondeditor in theholdingqueue,
but only 23,289or 13.4%hadcodeschangedby thatsecondeditor. In contrast,334,975(66.2%)of
the505,720storieswhoseautocodingpassedtheMinimum Codetestwerechangedin theholding
queue. In other words, a manuallyeditedcoding was much lesslikely to be overriddenin the
holdingqueuethanacodingassignedby theautomatedsystem.

It shouldbenotedthatanannotationlet editorsreviewing theholdingqueueknow whichstories
hadbeenmanuallyedited,andthis undoubtedlyin�uenced their choiceof storiesto correct. Ta-
ble 2 thereforecannotbeconsideredanobjective measureof interindexer consistency. However, it
providessomeadditionalevidencethatthedifferenthumancodersweremostlyin agreementonthe
meaningof thecodes.Rose,StevensonandWhitehead(2003)presentadditionaldataoncorrections
by editors.
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ManuallyCorrected
No Yes

ManuallyEdited No 170,745 334,975
Yes 288,851 23,289

Table2: Numberof storiesproducedbyReutersin 1997thatreceivedmanualeditingand/ormanual
correction.

2.6 The Evolution of Coding at Reuters

It shouldbementionedthattheaboveapproach,basedonTIS andmanualcorrection,hassincebeen
supercededatReuters.Therule-basedapproachof TIS hadseveraldrawbacks:

� Creatingrulesrequiredspecializedknowledge,thusslowing down theadditionof new codes
andtheadaptationof rulesto changesin theinput.

� The rulesdid not provide an indicationof the con�dencein their output. Therewas thus
no way to focuseditorial correctionon the mostuncertaincases,nor any way of detecting
(exceptby violation of codingpolicy) that new typesof storieswereappearingthat would
suggestchangesor additionsto thecodeset.

Reutersnow usesa machinelearningapproachfor text categorization.Classi�ersareinduced
from large amountsof training data,with a feedbackloop to trigger the involvementof human
editors(basedon autocodingcon�dencescores)andanalysistools to indicatewhennew training
data/categoriesmayberequired.

3. RCV1 and Text CategorizationResearch

A testcollectionis morethanacorpus.In thissectionweconsiderhow theproductionandcharacter
of RCV1 impactits usefor text categorizationresearch.In Section4 we go on to describehow to
correcterrorsin theraw RCV1 data(which we call RCV1-v1)to producea text categorizationtest
collection(which we call RCV1-v2). Thereforeherewe presentstatisticsfor bothversionsof the
data,indicatingwhenthey aredifferent.

3.1 Documents

RCV1contains35 timesasmany documents(806,791for RCV1-v1,and804,414for RCV1-v2)as
the popularReuters-21578collectionandits variants(Lewis, 1992,1997),and60 timesasmany
with reliablecoding. Indeed,the only widely availabletext categorizationtestcollectionof com-
parablesizeis OHSUMED(Hersh,Buckley, Leone,andHickman,1994;Lewis, Schapire,Callan,
and Papka,1996; Yang and Pedersen,1997; Yang,1999) at 348,566documents.While useful,
OHSUMEDhasdisadvantages:it doesnot containthefull text of documents,its medicallanguage
is hardfor non-expertsto understand,andits category hierarchy (MeSH) is hugeandstructurally
complex.

RCV1 is also“cleaner”thanpreviouscollections.Storiesappearoneto a �le, andhave unique
documentIDs. IDs rangefrom 2286to 810597for RCV1-v1,and2286to 810596for RCV1-v2.
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Therearegapsin the rangeof IDs in the original RCV1-v1, andadditionalgaps(dueto deleted
documents)in RCV1-v2. Regrettably, the ID order doesnot correspondto chronologicalorder
of the stories,even at the level of days. Fortunately, the documentsdo have time stamps(in the
<newsitem> element),andchronologicalorderat the level of dayscanbedeterminedfrom those.
The time stampsdo not give a time of daysincethestoriesweretaken from anarchival database,
not from theoriginal streamsentoutover thenewswire.

XML formattingof both text andmetadatain RCV1 simpli�es useof the data. The fact that
thestoriesarefrom anarchival databasemeansfewer brief alerts(theinfamous“blah, blah,blah”
storiesof Reuters-21578),correctionsto previousstories,andotheroddities.RCV1 containsall or
almostall storiesof a particulartype from an interval of oneyear. For temporalstudies,this is a
majoradvantageoverReuters-21578,whichhadburstycoverageof a fractionof ayear.

Theprocessesthatproducedthearchivaldatabaseand,later, theresearchcorpus,wereinevitably
imperfect.Khmelev andTeahan(2003)discussa numberof anomaliesin thecorpus,includingthe
presenceof approximately400foreignlanguagedocuments.They alsoemphasizethepresenceof
duplicateandnear-duplicatearticles.Someof thesesimply re�ect thefact thatvery similar stories
dooccasionallyappear, particularlyonescontaining�nancial data.In othercasesmultipledraftsof
thesamestorywereretained.Somesimpleaccidentsundoubtedlyoccurredaswell.

We found between2,500and30,000documentsthat could be consideredduplicatesof some
otherdocument,dependingon thede�nition of duplication.Our analysisis consistentwith thatof
TeahanandKmelev, who found 27,754duplicateor substantiallyoverlappingdocumentsin their
analysis.

Whetherthenumberof duplicates,foreignlanguagedocuments,andotheranomaliespresentin
RCV1is problematicdependsonthequestionsaresearcheris usingRCV1to study. Webelieve the
numberof suchproblemsis suf�ciently small, or suf�ciently similar to levels seenin operational
settings,thatthey canbeignoredfor mostpurposes.

3.2 Categories

RCV1 documentsarecategorizedwith respectto threecontrolledvocabularies:Topics,Industries,
andRegions. In thissection,wediscussthethreeRCV1categorysetsandtheir implicationsfor text
categorizationexperiments.In particular, wedescribeour interpretationof thehierarchicalstructure
for eachcodeset,somethingthatis notmadeclearin thedocumentationon theRCV1CD-ROMs.

3.2.1 TOPIC CODES

The �le topic codes.txton the RCV1 CD-ROMs lists 126 Topic codes. However, someof these
codeswerenot actuallyusedby editorsat the time the RCV1 datawascategorized. Variousevi-
dence,including Reutersdocumentationon an alternateversionof the Topicshierarchy, suggests
thatthesecodeswerenotused:

1POL,2ECO,3SPO,4GEN,6INS,7RSK,8YDB, 9BNX, ADS10,BRP11,ENT12,
PRB13,BNW14,G11,G111,G112,G113,G12,G13,G131,G14,GEDU,MEUR.

This leaves103Topiccodeswebelievewereactuallyavailablefor coding,andwhichwethere-
fore recommendbeusedin text categorizationexperiments.We provide a list of valid Topic codes
asOnlineAppendix1. As it happens,all of these103codesoccurat leastoncein boththeRCV1-v1
andRCV1-v2datasets.Theircorpusfrequenciesspan� veordersof magnitude,from 5 occurrences
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for GMIL (MILLENNIUM ISSUES),to 374,316occurrences(381,327in RCV1-v2) for CCAT
(CORPORATE/INDUSTRIAL). NotethatsomeTopiccategory frequenciesarehigherin RCV1-v2
than in RCV1-v1, despiteRCV1-v1 having fewer documents,becauseRCV1-v2 �lls in missing
hierarchicalexpansionsof Topiccategories(Section4).

The codesymbolsinsertedin articlesto indicatetheir membershipin categorieswerechosen
so that relatedcategorieswould have relatedcodes.This “morphologicalstructure”of the codes
re�ects two distinctneeds:

1. De�ning a hierarchy to supportautomatedassignmentof moregeneralcodeson thebasisof
(manualor automated)assignmentof morespeci�c codes(Section3.3).

2. Imposinganalphanumericsortorderthatgroupedrelatedcodes,aidingmanuallookup.

For instance,thecodeC311(DOMESTICMARKETS) is a child in thehierarchy of its truncation,
codeC31 (MARKETS/MARKETING). CodeC311alsoappearsnearrelatedcodes,suchasC32
(ADVERTISING/PROMOTION), in analphanumericlisting.

Theoriginalhierarchy usedfor automatedassignmentcanbereconstructedasfollows:

1. TreatthecodesCCAT, ECAT, GCAT, andMCAT asactuallybeingthecorrespondingsingle
lettersC, E, G, andM.

2. To �nd theparentof a code,remove theminimal suf�x suchthat the resultis anothercode.
ThecodesC, E, G, andM haveasparenttherootof thetree.

However, thereareotherversionsof thehierarchy thatmight beof interest. In particular, one
couldintroduceanadditionallevel of thehierarchy correspondingto thehigh level numericgroup-
ingsthataidedlookup.This canbedoneby �rst addingto thehierarchy thearti�cial codesC1-C4,
E1-E7,G1,andM1, andthenfollowing theaboveprocedure.Takinginto accountthisnew hierarchy
level might (or might not) improve theeffectivenessof hierarchy-basedalgorithmswhenassigning
theoriginal 103categories. (We doubtit is interestingto actuallyassignthe13 arti�cial codesto
documentsor to measureclassi�ers' accuracy atassigningthem.)

Online Appendix2 speci�es the original versionof the hierarchy. It containsa total of 104
nodes:103 for assignableTopic codesand1 root node. Online Appendix3 speci�esa hierarchy
that includesthe two-charactertruncationsasa new intermediatelayer. It containsa total of 117
nodes:103for assignableTopic codes,13 nodesin thenew non-assignableintermediatelayer, and
1 rootnode.

Editorswereableto assignany of the103Topiccodesto astory, not just codesat leafnodesof
thehierarchy. They wereinstructedto usethemostspeci�c codeapplicableto a particularaspect
of a story, a commonindexing principle (Lancaster,1998,pp. 28-30). Codesat internalnodesof
thehierarchy thusactedmuchlikenamed“Other” categories,implicitly formingacontrastsetwith
their child codes.

However, in theRCV1dataanon-leafcodemaybepresentnotbecauseit wasdirectly foundto
beapplicable,but becauseit wastheancestorof a codefoundto beapplicable.We call this “Other
+ expansion”semantics,to distinguishit from pure“Other” semantics.Wediscusstheimplications
of this for researchuseof RCV1 in Section3.3.
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3.2.2 INDUSTRY CODES

The�le industrycodes.txton theRCV1 CD-ROMs lists a total of 870codes.Most do not appear
in thedocumentsandat �rst glancethey appearconfusingandredundant.As discussedbelow, only
354of thesecodesappearto have beenavailablefor useby thecoders.We thereforerecommend
thatonly these354codes(whichwe list in OnlineAppendix4) beusedin experiments.

Of the354valid Industrycodes,350haveatleastoneoccurrencein thecorpus(in bothRCV1-v1
andRCV1-v2). Nonzerocategory frequenciesrangefrom two for I5020030(RESERVOIR CON-
STRUCTION) andI5020050(SEADEFENCECONSTRUCTION) to 34,788(34,775in RCV1-v2)
for I81402(COMMERCIAL BANKING). In contrastto Topic andRegion codes,Industrycodes
werenot requiredto beassigned.Only a subsetof documents(351,812for RCV1-v1and351,761
for RCV1-v2)have them.

TheIndustrycodesincorporatemany �ne-graineddistinctionsin subjectmatter. (For instance,
thereare� ve variationson therealestateindustry.) They maythereforeprovidea testof theability
of text categorizationsystemsto distinguishsmalldifferencesin content.

As with Topics,the Industrycodesymbolsencodeboth a hierarchy anda numericsort order.
Thehierarchy wasusedfor automatedassignmentof ancestorcategories,thoughtheseautomated
assignmentswereimperfectlypreservedin RCV1(Section3.5.2).In addition,someuseof relation-
shipsbetweencodesfor companies(not presentin theRCV1 CD-ROMs) andcodesfor Industries
wasusedduringautomatedassignmentof Industries.

Severalanomaliesof themorphologyof the Industrycodesymbols,andin theway thecodes
wereused,make therelationshipsamongcodeshardto discern.We �rst discusstheseanomalies,
andthenhow to dealwith themfor experimentalpurposes.

Anomaly 1: The legacy editing interfaceusedby codersrequiredIndustrycodesymbolsto
beeithersix or eightcharacters,regardlessof hierarchy position. For instance,hereis a subsetof
the codesin the form that editorsapparentlyconceived of them(we indent the codesto indicate
hierarchicalstructure):

I8 FINANCIAL AND BUSINESS SERVICES
I82 INSURANCE

I82001 COMPOSITEINSURANCE
I82002 LIFE INSURANCE
I82003 NON-LIFE INSURANCE

I8200316 MOTORINSURANCE
I8200318 REINSURANCE

However, the editing interfacerequiredthat the codesbe paddedto six or eight characterswith
trailing digits. Thetrailing digitsareusually(but notalways)0's. Thustheabovecodesarepresent
in industrycodes.txtin this form:

I80000 FINANCIAL AND BUSINESS SERVICES
I82000 INSURANCE

I82001 COMPOSITEINSURANCE
I82002 LIFE INSURANCE
I82003 NON-LIFE INSURANCE

I8200316 MOTORINSURANCE
I8200318 REINSURANCE
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The6- or 8-characterpaddedversionsof thecodesaretheonesfoundin theRCV1documents.We
refer to theseas“padded”codes,andtheraw versions(which moredirectly encodethehierarchy)
as“unpadded”codes.

Anomaly 2: The hierarchicalexpansionsoftware apparentlyrequireda codelist containing
codesin bothunpaddedandpaddedforms,andthe intermediateformsaswell. So the �le indus-
try codes.txtactuallycontains:

I8 FINANCIAL AND BUSINESS SERVICES
I80 FINANCIAL AND BUSINESS SERVICES
I800 FINANCIAL AND BUSINESS SERVICES
I8000 FINANCIAL AND BUSINESS SERVICES
I80000 FINANCIAL AND BUSINESS SERVICES

I82 INSURANCE
I820 INSURANCE
I8200 INSURANCE
I82000 INSURANCE

I82001 COMPOSITEINSURANCE
I82002 LIFE INSURANCE
I82003 NON-LIFE INSURANCE

I8200316 MOTORINSURANCE
I8200318 REINSURANCE

Anomaly 3: Therearenine7-charactercodes(suchasI815011)in industrycodes.txt. Codes
with sevencharacterswerepurelya navigationalaid to editorsin searchingthecodeset. These7-
charactercodeswerenotassignedto documentseitherby editorsor duringhierarchicalexpansion.

Anomaly 4: ThereareninecodeslabeledTEMPORARY, eightwith 6 charactersandonewith
� ve characters.Therearealsotwo codeslabeledDUMMY CODE(I9999andI99999). Theseap-
pearto beplaceholderswherenew, meaningfulcodes(or navigationalaids)mighthavebeenadded
but weren't. Thesecodeswerenot assignedto documentseitherby editorsor duringhierarchical
expansion.

Anomaly 5: Thetop level of codes,I0 throughI9 in unpaddedform (I00000throughI90000in
paddedform), wereapparentlynotallowedto beassignedto documents.

Anomaly 6: The codeI50000wasassignedto documents.It is a 6-characterpaddingof un-
paddedcodeI500 (GENERAL CONSTRUCTION AND DEMOLITION), not a paddingof disal-
lowedunpaddedcodeI5 (CONSTRUCTION).

Anomaly 7: Therearesix cases(excludingTEMPORARY andDUMMY codes)wheretwo or
moredistinct 6- or 8-characterpaddedcodeshave the samenamein industrycodes.txt. Eachof
thesecasesappearsto haveadifferentinterpretation,asdescribednext.

Anomaly 7a: TheunpaddedcodeI161 (ELECTRICITY PRODUCTION) hastwo padded
forms,I16100andI16101,listed in industrycodes.txt. ThecodeI16100is assignedto many doc-
uments,but I16101to none. OtherdocumentationsuggestsI16101shouldnot be consideredan
assignablecode,andthatthechildrenof I16101shouldinsteadbeconsideredchildrenof I16100.

Anomaly 7b: The paddedcodesI22400 and I22470 both have the nameNON FER-
ROUS METALS. Otherdocumentationsuggeststhe original namefor I2247 (paddedto I22470)
wasOTHER NON FERROUS METALS andthat it is a child of I224 (paddedto I22400). Both
I22400andI22470areassignedto documents,sobothshouldbeviewedasassignable.
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Anomaly 7c: ThepaddedcodesI45500(HOUSEHOLDTEXTILES)andI64700(HOUSE-
HOLD TEXTILES) aredistinctcodeswith thesamename.TheI455versionis in thesubhierarchy
for I4 (PROCESSINGINDUSTRIES),while I647 is in thesubhierarchy for I6 (DISTRIBUTION,
HOTELSAND CATERING).Bothshouldbeviewedasassignable,andbotharein factassignedto
documents.

Anomaly 7d: The 6-charactercodeI47521 (TRADE JOURNAL PUBLISHING) hasa
single child code, I4752105(TRADE JOURNAL PUBLISHING). Thereare no occurrencesof
I47521onthecorpus,but severaloccurrencesof I4752105.Otherdocumentationalsosuggeststhat
I4752105is theunpaddedversionof thecode,while I47521wasnotavailablefor use.

Anomaly 7e: ThecodesI64000andI65000have thenameRETAIL DISTRIBUTION. At
onepoint theseapparentlyreferredto “RETAIL - GENERAL” (I64000)and“RETAIL - SPECIAL-
IST” (I65000). Later the two weremerged,andit appearsthat for theRCV1 datathey shouldbe
consideredto bethesamecode.ThecodeI64000is assignedto documents,while I65000is not,so
thechildrenof I65000shouldinsteadbeconsideredchildrenof I64000,andI65000ignored.

Anomaly 7f: Similarly to Anomaly7a,theunpaddedcodeI974 (TELEVISION AND RA-
DIO) hastwo 6-characterpaddings:I97400and I97411. The codeI97400 is assignedto many
documents,while I97411is assignedto none.OtherdocumentationalsosuggestsI97411wasnot
availablefor use. I97411shouldbeconsideredunavailable,andits childrenshouldbeconsidered
childrenof I97400.

Anomaly 8: The paddedcodeI16300 hasthe name“ALTERNATIVE ENERGY” which is
slightly different than the name(“ALTERNATIVE ENERGY PRODUCTION”) for the apparent
unpaddedversionof it (I163). Otherdocumentationsuggeststhereis not meantto bea distinction
betweenthese,sowerenameI16300to “ALTERNATIVE ENERGYPRODUCTION”.

Giventheseanomalies,we believe thesetof Industrycodesthatwereavailableto beassigned
to documentsarethosefrom industrycodes.txtthatsatisfythesecriteria:

� Havesix or eightcharacters(i.e., � veor sevendigits)

� Are notnamedDUMMY or TEMPORARY

� Are notof theform Ix0000,exceptfor I50000

� Are notany of I16101,I47521,I65000,or I97411.

Thereare 354 suchIndustry codes,of which 350 appearin the corpus(both RCV1-v1 and
RCV1-v2). Thefour availablecodesthatdo not appearin any document(I32753,I3302018,I841
paddedto I84100,andI84802)areleafnodesof thehierarchy. They havenarrow enoughmeanings
that thereplausiblywasno RCV1 documentto which they wereapplicable.We provide a list of
these354IndustrycodesasOnlineAppendix4.

Reproducingthe hierarchicalstructurein which the codeswere embeddedis more dif�cult.
In producingour bestguessat the hierarchy, we madeuseboth of documentation(of uncertain
vintage)from Reutersandof theUK Standard IndustrialClassi�cationof EconomicActivities(UK
SIC(92))(GreatBritain Of�ce for National Statistics,1997,2002), sinceit is known that some
versionof theUK SIC wasconsultedby Reuterspersonnelduringdesignof the Industriescodes.
Oneof our informantsalsosuggestedthatsomecodesfrom a setde�ned by theInternationalPress
TelecommunicationsCouncil (http://www.iptc.org/) may have beenusedaswell, but we have not
beenableto determinewhichcodesthesewere.
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We alsohadto choosewhat kinds of codesto include in the hierarchy. We decidedto omit
TEMPORARY, DUMMY, and7-charactercodes,aswell asothercodesthat weren't availableto
editors.Theonly exceptionto requiringthatcodeshave beenassignablewasthatwe includedthe
unassignablesecondlevel codesI0 throughI9.

OnlineAppendix5 containsourhierarchy. It has365nodes:oneroot,the10secondlevel codes
I0 throughI9, andthe354assignablecodes.As partof thehierarchy �le, we includethenameof
eachnode. We renameI22470to OTHER NON FERROUS METALS, I45500to HOUSEHOLD
TEXTILES PROCESSING,andI64700to HOUSEHOLDTEXTILES DISTRIBUTION, sothatall
valid codeshaveauniquename.

3.2.3 REGION CODES

The �le region codes.txton the RCV1 CD-ROMs contains366 geographiccodes,of which 296
occurat leastoncein thecorpus.TheReutersdocumentationwe couldobtainsuggeststhatall 366
of thesecodeswereavailableto Reuterseditors,andsoareappropriateto usein experiments.We
providealist of these366valid RegioncodesasOnlineAppendix6. Nonzeroclassfrequenciesspan
therangefrom one(for 10codesin RCV1-v1andeightcodesin RCV1-v2)to 266,239(265,625in
RCV-v2) for USA.

In addition,threecodeswith a totalof four occurrencesarepresentin theRCV1articlesbut not
in the�le region codes.txt, bringingthetotal numberof Regioncodesactuallypresentin RCV1-v1
articlesto 299. ThesecodesareCZ - CANAL ZONE (oneoccurrence),CZECH- CZECHOSLO-
VAKIA (two occurrences),andGDR - EAST GERMANY (oneoccurrence).Thesecodesappear
to beerrors,so in producingRCV1-v2relevancejudgment�les we replacedthemby whatappear
to bethecorrespondingcorrectcodesfrom region codes.txt: PANA (PANAMA), CZREP(CZECH
REPUBLIC),andGFR(GERMANY).

While no formal category hierarchy is providedwith theRCV1 data,someReuterspersonnel
did view theRegioncodesasfalling into threeinformalgroups:Countries,RegionalGroupings,and
EconomicGroupings.Otherpersonnelviewed the latter two groupsasnot beingclearly distinct.
Wedid not�nd documentationde�ning thegroupings,andsodonotincludeahierarchy or grouping
of Regioncategoriesin ouronlineappendices.

Hierarchiesor networksof Regioncategoriescouldbede�ned basedongeographic,economic,
political, or othercriteria. Indeed,oneReutersinformanthasindicatedthat therewasautomatic
assignmentof somecountrycodesbasedon company codes(not presentin RCV1),andautomated
assignmentof someregional or economicgroupingcodes(suchasGSEVEN)basedon country
codesof membercountries.Wehavenot investigatedthis issue.

WhetherassigningRCV1 Region codesis a goodtestof text categorizationcapabilityasop-
posedto namedentity recognitioncapability(GrishmanandSundheim,1995),is debatable.It is
clear, however, thatassigningRegion codesis not solelya namedentity task. Therearemany sto-
ries thatmentiontheUnitedStates,for instance,thatarenot assignedto theUSA code,andthere
areRegion codeswhich arenot namedentities,suchasWORLD andDEVGCO(DEVELOPING
COUNTRIES).

3.2.4 RBB FILES

Justas the �nal versionof this paperwasbeingsubmitted,Reutersgave permissionto publicly
releasesomeof thedocumentationwe usedin theabove analysis.We thereforeinclude,asOnline
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Appendices16, 17, and18, theRBB lists of Topics,Industries,andRegion codes.RBB refersto
theReutersBusinessBrie�ng archival databaseoffering (Section2.2).

The RBB �les presentcodesetsthat are relatedto the codesappearingin the RCV1 docu-
ments,andto thecodesspeci�ed in theCD-ROM �les industrycodes.txt, topic codes.txt, andre-
gion codes.txt. Noneof the correspondingsetsof codesis exactly identical to any of the others,
however, andthe time periodduringwhich any particularsetof codeswasin useis not clear. We
have slightly editedtheTopicsandIndustriesRBB �les to �x someinconsistenciesin codenames,
andto adddescriptionsfor two codesmissingfrom theRBB data,to make theresulting�les more
consistentwith the RCV1 data. (Note that the Industries�les alsocontainsthe RBB descriptions
for theintermediatenon-codenodesI0 throughI9.) WehavenoteditedtheRegionsRBB �le, since
it hassigni�cant differencesfrom theRCV1data.

Despitethesedifferences,theRBB �les shouldproveausefulsupplementto theCD-ROM �les,
particularlysincetheRBB �les givemoreextensivedescriptionsof somecategories.

3.3 Coding Policy

Codingpoliciesspecifycertainrequirementsfor how codingshouldbe done,beyond an editors'
judgmentof which codescapturethe contentof a particulartext. As mentionedin Section2.3,
at leasttwo codingpolicies,which we call the Hierarchy Policy andthe Minimum CodePolicy,
wereusedby Reutersduring the period the datain RCV1 wasproduced.We discussheretheir
implicationsfor theuseof RCV1asa testcategorizationtestcollection.

3.3.1 IMPLICATIONS FOR CORPUS PROPERTIES

The Hierarchy Policy requiredthat whena Topic or Industrycodewasassignedto an article, all
thecodeswhich wereancestorsof it in theTopic codehierarchy shouldbeassignedaswell. (The
applicationof this policy in producingthedatathatbecameRCV1 wasimperfect,asdiscussedin
Section3.5.) Adding ancestorcodescreatessomevery high frequency codes(CCAT is assignedto
46%of thecorpus),aswell asstrong,partially deterministic,dependenciesbetweenhierarchically
relatedcodes.

The Minimum CodePolicy requiredthat articlesget at leastoneRegion codeandoneTopic
code.Thispolicy probablydid notgreatlyaffect thecodesassigned,sincethecodesetsthemselves
weredesignedto cover the likely contentof thenewswire. However, unlike theHierarchy Policy,
theMinimum CodePolicy did requirehumancodersto changetheir behavior: in caseswherethey
might otherwisedecidethatno codeapplies,they wereforcedto choosesomeassignment.Froma
statisticalstandpoint,theMinimum CodingPolicy introducesa weakdependenceamongall codes
in aset.

3.3.2 IMPLICATIONS FOR ALGORITHM DESIGN

If oneknows that the correctcategorizationof a documentobeys codingpolicies, it is naturalto
attemptto modify a text categorizationalgorithmsoits outputobeys thosepolicies.Whetherdoing
thiswill actuallyimprove theeffectivenessof agivensystemis, however, lessclear.

Theobviousapproachto implementingtheHierarchy Policy is to runacategorizerasusual,and
thenaddtheancestorsof all assignedcategoriesif not alreadypresent.This runstherisk, however,
of addingahigh level categorywhichwasrejectedby awell-trainedclassi�er, on thebasisof a low
level categoryassignedby a lesswell-trainedclassi�er.
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How easy(and desirable)it is to implementthe Minimum CodePolicy varieswith the text
categorizationmethod. For instance,a commonstrategy in text categorizationis to createa sep-
aratebinary classi�er for eachcategory. This approachis likely to assignno categoriesto some
documents,andsowouldsometimesviolatetheMinimum CodePolicy.

3.3.3 IMPLICATIONS FOR EVALUATION

Whentestingalgorithmsonacorpusproducedusingaparticularcodingpolicy, shouldonedisallow
outputsthatviolate thatpolicy? This is oftendonewhentestingalgorithmsfor multiclass(1-of-k)
categorization:only algorithmsthatassignexactlyonecategoryfor eachtestdocumentareallowed.
In anoperationalsettingthedatamodel,softwareinterfaces,or otherconstraintsmightrequirestrict
adherenceto codingpolicy.

On the otherhand,if we view the system's outputassomethingwhich will be reviewed and
correctedby a humaneditor, a morerelaxedapproachmaybeappropriate.Ratherthanforbidding
outputsthat violate coding policy, one can insteadmeasurethe effort that would be requiredto
correctthesepolicy violations,alongwith correctingany othererrorfulassignments.

Oneway to measuretheeffort thatwouldberequiredto correcterrorsis simply to computethe
usualmicroaveragedor macroaveragedeffectivenessmeasuresfrom binarycontingency tablesfor
thecategories.This is theapproachweadoptin reportingbenchmarkresultsin Section8.

3.4 WasEachDocumentManually Coded?

Therearetwo somewhat con�icting worriesthat onemight have aboutthe RCV1 corpus.Oneis
thata portionof thecorpusmight have beenmissedduringcoding,aswasthecasewith Reuters-
21578(Lewis,1997).Conversely, onemightworry thattheuseof autocoding(Section2.4.1)means
thatachieving goodeffectivenessonRCV1 is anexercisein rediscoveringthe(possiblysimpleand
uninteresting)rulesusedby theautomatedcategorizer.

We believe neitherworry is justi�ed. Reutersproceduresassuredthat eachstory wascoded
automatically, andthenhadthosecodescheckedby at leastone,andsometimestwo humaneditors.
Further, a simplecheckof theraw RCV1-v1corpusshows no documentsthataretotally lackingin
codes,thoughsomearemissingoneor anothertypeof obligatorycode(Section3.5.2).

On thesecondquestion,we notethat for eachdocumenta humaneditoralwaysmadethe�nal
decisionon the codesto be assigned.Indeed,Table2 shows that on average79% of storieshad
at leastoneautocodingdecisionoverruled.This arguesthat,despitetheuseof automatedcoding,
RCV1canbeconsideredamanuallycategorizedtestcollection.

Webelievethattheonly codewhoseautomatedassignmentwasnotcheckedin thisprocesswas
GMIL, for millennium-relatedstories.This wasautomaticallyassigned,possiblywithout manual
checking,sometimeaftertheperiodthedocumentswereoriginally archived.Theremayhave been
averysmallnumberof othersuchcodes,but wehavenot foundevidencefor this.

3.5 Coding Err ors

TheReuters-suppliedinterindexer consistency datapresentedin Section2.5suggestslow levelsof
disagreementsbetweenindexers,andlow levelsof simpleerrors.However, therearealsowaysto
studyinterindexer consistency directly on thecollection. We investigatetwo suchmethodsbelow,
aswell asdiscussingamorefundamentaldif�culty with theconceptof codingerrors.
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3.5.1 DETECTING CODING ERRORS USING DUPLICATE DOCUMENTS

Oneway to detectcodingerrorsis to take advantageof documentswhich areduplicatesof each
otherandsopresumedlyshouldhave thesamecodesassigned.Usinga substring-basedmeasure,
Khmelev andTeahan(2003)foundatotalof 27,754identicalor highly similardocumentsin RCV1-
v1. They observedthat52.3%of suchdocumentshadthesamesetof Topics,80.1%hadthesame
set of Industries,and 86.8%had the sameset of Regions. They suggestthat the percentageof
matchingTopicsis worrisomelylow.

We have donea similar studywhich suggestslesscausefor concern.We identi�ed the14,347
documentsin RCV1-v2whose<headline> and<text> elementsareidenticalto thoseof another
document(ignoring variationsin whitespace).We thencomputedclassi�cation effectivenessfor
eachcategorybasedontreatingall copiesof adocumentassupplyingfractionalrelevancejudgments
for thatdocument.For instance,if therewerethreecopiesof a document,eachwould beevaluated
againsttheothertwo, with eachof theothertwo contributingarelevancejudgmentwith weight0.5.
WecomputedtheF1:0 measurefor eachcategorythatappearedat leastoncein the14,347duplicated
documents,andtook themacroaverageof thesevalues.(SeeSection5.3for thismeasure.)

The resultingmacroaveragedF1:0 valueswere0.69 for Topics (with 102 out of 103 possible
categoriesbeingobserved in theduplicates),0.57for Industries(262of 354categoriesobserved),
and0.74 for Regions(206 of 366 categoriesobserved). Thesevaluesareall higherthanthe best
macroaveragedF1:0 valuesseenin our experiments(Section8) on categorieswith at leastonepos-
itive testexample(0.61for Topics,0.27for Industries,and0.47for Regions).Soevenif duplicate
documentsgaveanaccuratemeasureof thelimitationsoninterindexeragreement,wearenotreach-
ing this limit.

Further, we suspectthat theduplicateddocumentshave a higherproportionof errorful assign-
mentsthando nonduplicateddocuments.A surprisinglyhigh proportionof duplicateddocuments
have category assignmentsthat area supersetof the assignmentsof oneof their duplicates.This
is most clear in caseswheretherewereexactly two documentswith the same<headline> and
<text> . Therewere6,271suchpairs. Of these,4,182hadsomedifferencein their Topicsassign-
ments,andin 1,840of thesecasesonesetof assignmentsis a supersetof theother. For Regions,
967pairshave somedifference,and801of thesehave a supersetrelationship.And for Industries,
1,500pairshavesomedifference,and1,328of thesehaveasupersetrelationship.

Theproportionof supersetrelationshipsseemshigherthanwould beexpectedfor independent
indexings of the documents,thougha precisestatisticalmodel is hard to pose. One hypothesis
is that theduplicatedocumentsarepresentpreciselybecauseoneeditorwascorrectinganassign-
mentproducedby a previous editor (or by the automatedcoder). While therewasan attemptto
remove duplicatedstoriesbeforearchiving, this wasnot doneperfectly, soboth thecorrectedand
uncorrectedversionsmayhave beenarchived. If this wasthecase,thenthedisagreementrateseen
amongduplicatedstorieswill bemuchhigherthanfor independentindexingsof storiesin general.

3.5.2 DETECTING CODING ERRORS BY V IOLATIONS OF CODING POLICIES

Anotherapproachto identifying codingerrorscomesfrom knowledgeof Reuterscodingpolicies.
Thereare2,377documents(0.29%of RCV1-v1)whichviolatetheMinimumCodePolicy byhaving
eitherno Topic codes(2,364documents)or no Region codes(13 documents).Thereare14,786
documents(1.8%of RCV1-v1)whichviolatetheHierarchy Policy onTopiccodes,i.e.,anancestor
of someassignedTopiccodeis missing.Of the103Topiccodesthatwereusedfor theRCV1data,
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21 have at leastonechild in the Topic hierarchy. Eachof these21 codesis missingfrom at least
onedocumentto which theHierarchy Policy saysit shouldhave beenassigned.A total of 25,402
occurrencesof these21codesaremissingin RCV1-v1.

With respectto Industrycodes,applicationof theHierarchy Policy wasalsoimperfect:

� The immediateparentof an 8-charactercodewasautomaticallyaddedto the documentin
mostcases,but thesecasesweremissed:

– Some8-charactercodeswith one or more appearancesin the corpushad (assuming
we have inferredthe hierarchy correctly)an immediateparentcodethat is not the 6-
charactertruncationof the 8-charactercode. These8-charactercodesare (with par-
entshown in parentheses):I1610107(I16100),I1610109(I16100),I4752105(I47520),
I9741102(I97400), I9741105(I97400), I9741109(I97400), I9741110(I97400), and
I9741112(I97400). Threeparentsaccountfor thesecases(I16100, I47520, I97400)
andthey areassignedin only 7.1%to 46.6%of documentscontainingthe child code,
dependingontheparticularchild category. Thiscontrastswith essentially100%assign-
mentof parentcodeswhichwere6-charactertruncationsof 8-charactercodes.

– A singledocumentcontainingtwo childrenof I01001 is missingI01001 itself. This
appearsto be a simpleerror. By contrast,all 12,782otheroccurrencesof childrenof
I01001arein documentsthatalsocontainI01001.

� No grandparentsor higherlevel ancestorsof 8-charactercodesappearto havebeenautomati-
cally added,norany ancestorsof 6-charactercodes.Thefew caseswherebothacodeandone
of theseotherancestorsareassignedto a documentappearto resultfrom a manualeditorial
decisionto assignboth.

Theseviolationsresultfrom somecombinationof humanerror, glitchesin thehierarchicalex-
pansionsoftware,and/oromissionsof somecodesfrom thearchival datawhenproducingRCV1.
Someerrorsappearto have resultedfrom manualadditionsof codesafter hierarchicalexpansion
hadalreadybeenrun.

In Section4 weproposeanapproachto correctingtheseerrors,wherepossible,beforeusingthe
corpusfor experimentalpurposes.

3.5.3 ERRORFUL CODES AND PLAUSIBLE CODES

While Reutersdid computemeasuresof consistency betweenindexersworking independently, as
well as traditionaleffectivenessmeasuresfor categorizationsoftware, thesewerenot necessarily
the most importantmeasuresfor them. Whenevaluatingvendorsfor eventualselectionof a new
automatedcategorizationsystem(Section2.6),Reutersuseda measurebasedon therateat which
a humanexpertactively disagreedwith thecodingchoicemadefor thedocument.Theideais that
therearesomecodesthatplausiblymightbeassignedor mightnotbeassigned.

In ourexperience,this is notanunusualstancefor usersof text classi�cationto take. It suggests,
unfortunately, thatwe shouldreally considerthecodespresentin many corpora(includingRCV1)
to bethosefoundnecessaryby theindexer, plussome(but not all) of thosefoundplausiblebut not
necessary. How this ambiguityshouldbestbehandledin text classi�cationevaluationsis anopen
question.
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4. RCV1-v2: A NewText CategorizationTestCollection

Sinceall evidencesuggeststhatviolationsof theHierarchy Policy andMinimum CodingPolicy are
simpleerrors,removing theseviolationswherepossiblewill producemoreaccurateresultsin any
classi�cationexperimentsmadeusingRCV1. In this sectionwe describetheproceduresnecessary
to remove theseerrors.We call theresultingcorrectedtext categorizationtestcollectionRCV1-v2
(for version2), while referringto theuncorrectedoriginal versionasRCV1-v1.

Thefollowing correctionsconvertRCV1-v1to RCV1-v2:

1. Remove from the corpusthe 13 documentsthat violate the Minimum CodePolicy due to
missingall Region codes,andthe2,364documentsthatviolatethepolicy dueto missingall
Topics. This leavesa total of 804,414documents.OnlineAppendix7 providesa list of the
IDs of the804,414documentsin RCV1-v2.

2. For eachTopic codepresentin a document,addall missingancestorsof thecode.This adds
25,402Topiccodeassignments.

3. Replacethefour errorfuloccurrencesof Regioncodes,asdescribedin Section3.2.3.

Weappliedthesecorrectionsto thecorpusbeforeproducingtheresultsreportedin Section8.
We decidednot to try to correctviolationsof the Hierarchy Policy for Industrycodes. One

reasonis thatweareunsureof theexactIndustryhierarchy atthetimetheRCV1datawasproduced.
In addition,it is notclearthatthecodingresultingfrom anexpansionwouldactuallybesuperiorfor
researchpurposes.Therearethreeclassesof codesto consider:

� Leafcodes(i.e.,all 8-charactercodesandsome6-charactercodes).Theirassignmentswould
notbeaffectedunderany hierarchicalexpansionscheme.

� Non-leaf6-charactercodeswith 8-characterchildren. All but 4 of these6-charactercodes
areassignedin 100%of the casesoneor moreof their childrenarepresent.One(I01001)
is missingfrom only oneof the12,783documentsthat containoneor moreof its children.
The threeremainingcodes(I16100, I47520,and I97400)areassignedto a fraction of the
documentsto which their childrenareassigned.Theseareexactly thethreecodeswherethe
unpaddedcodefor theparentis not a truncationof theunpaddedcodefor oneor moreof its
child codes.Wedonotknow if theassignmentsof thesecodeswhicharepresentin thecorpus
representapartiallysuccessfulautomatedassignmentor, conversely, anintendedomissionof
automatedassignmentin combinationwith manualdecisionsto assignthe codesin certain
cases.If we modi�ed thecorpusby assigningthesecodeswhentheir childrenarepresent,it
is unclearwhetherwewouldberespectingtheintendedsemantics,or washingit out.

� Non-leaf6-charactercodesthat only have 6-characterchildren. Thereseemsto have been
little or no assignmentof thesecodesbasedon expansionof children. Occurrencesof these
codesappearto correspondto a manualjudgmentthat this codeis appropriate.Automated
expansionwould swamp thesemanualjudgmentswith large numbersof expansion-based
assignments(up to 100-foldmore),producinganarguablylessinterestingclassi�cationtask.

We thereforedecidednot to attempthierarchicalexpansionof Industrycodes.This meansthat
somenon-leafIndustrycategories(6-charactercodeswith 8-characterchildren)have “Other + ex-
pansion”semantics,some(I16100,I47520,andI97400)haveunclearsemantics,andtherestappar-
entlyhavepure“Other” semantics(Section3.2.1).
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4.1 Availability of RCV1-v2 Data

OnlineAppendix7 givesthecompletelist of RCV1-v2documentIDs. Thecompletesetsof cor-
rectedRCV1-v2categoryassignmentsareprovidedin OnlineAppendices8, 9, and10. In addition,
two versionsof the completesetof RCV1-v2 documentsin vector form areprovided asOnline
Appendices(seeSection7).

5. Benchmarking the Collection: Methods

An importantpartof thevalueof amachinelearningdatasetis theavailability of publishedbench-
markresults.Amongotherthings,goodbenchmarkresultsserve to ensurethatapparentlysuperior
new methodsarenotbeingcomparedto arti�cially low baselines.Wethereforeranthreeof themost
popularsupervisedlearningapproacheson theRCV1-v2data,both to provide sucha benchmark,
andasacheckthatourcorrectionsto thedatadid not introduceany new anomalies.

5.1 Training/TestSplit

Wesplit theRCV1-v2documentschronologicallyinto atrainingset(articlespublishedfrom August
20, 1996to August31, 1996; documentIDs 2286to 26150)andtestset (September1, 1996to
August19, 1997;documentIDs 26151to 810596).The resultis a split of the804,414RCV1-v2
documentsinto 23,149trainingdocumentsand781,265testdocuments.Wecall this theLYRL2004
split. (Notice that ID orderdoesnot alwayscorrespondto chronologicalorderin eitherRCV1-v1
or RCV1-v2,sochronologicalsplits in generalshouldbebasedon thedatetagin the<newsitem>
element,noton IDs.)

The chronologicalboundarywe usedis the sameusedin the TREC-10/2001�ltering track
(RobertsonandSoboroff, 2002). However the TREC-10/2001�ltering track usedthe raw RCV1
data(806,791uncorrectedRCV1-v1documentssplit into 23,307trainingdocumentsand783,484
testdocuments)andraw category labels,sotheTRECresultsarenotcomparablewith ours.

A chronologicalsplit, ratherthanarandomone,is realisticsincethemajorityof operationaltext
categorizationtasksrequiretrainingon currentlyavailablematerial,andthenapplyingthesystem
to materialthat is received later. A chronologicalsplit alsoreducesthe tendency of duplicateand
near-duplicatedocumentsto in�ate measuredeffectiveness.Thechronologicalbreakpointwechose
hastheadvantageof giving almostall Topic categoriestwo or moretrainingexamples,while still
retainingmostof acompleteyearastestdata.

5.2 Categories

We provide benchmarkdataon all categories that evidenceindicateswere available to Reuters
indexers,even thosewith few or no positive examples.Thereare103 Topic categories,101 with
oneor morepositivetrainingexamplesonourtrainingset.All 103(includingall the101,obviously)
haveoneor morepositive testexamplesonour testset.Thereare354Industrycategories,313with
positivetrainingexamples,and350(includingall of the313)with positivetestexamples.And there
are366Region categories,228with positive trainingexamples,and296(includingall of the228)
with positive testexamples.(All countsarethesamefor RCV1-v1,if thefour invalid assignments
of threeinvalid Regioncategoriesin RCV1-v1areignored.)
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5.3 EffectivenessMeasures

We measurethe effectivenessof a text classi�er on a single category with the Fb measure(van
Rijsbergen,1972,1979;Lewis, 1995):

Fb =
(b2 + 1)A

(b2 + 1)A+ B+ b2C
;

whereA is thenumberof documentsa systemcorrectlyassignsto thecategory (truepositives),B
is thenumberof documentsa systemincorrectlyassignsto thecategory (falsepositives),andC is
thenumberof documentsthatbelongto thecategory but which thesystemdoesnot assignto the
category (falsenegatives). We reportvaluesfor b = 1.0,which correspondsto theharmonicmean
of recallandprecision:

F1:0 =
2A

2A+ B+ C
=

2RP
R+ P

;

whereR is recall,i.e.,A/(A+C), andP is precision,i.e.,A/(A+B).
TheF-measureaspresentedaboveis unde�nedwhenA = B = C = 0. Theexperimentsreported

heretreatF1:0 asequalto 0:0 in this case,thougha strongargumentcouldbemadefor a valueof
1:0 instead,or possiblyothervalues(Lewis, 1995).

To measureeffectivenessacrossa setof categorieswe useboththemacroaverage (unweighted
meanof effectivenessacrossall categories)andthemicroaverage(effectivenesscomputedfrom the
sumof per-categorycontingency tables)(Lewis, 1991;Tague,1981).

6. Benchmarking the Collection: Training Algorithms

We benchmarked threesupervisedlearningapproachesthat have beenwidely studiedin text cat-
egorizationexperiments:supportvectormachines(SVMs) (Joachims,1998),weightedk-Nearest
Neighbor(k-NN) (Yang and Liu, 1999), and Rocchio-stylealgorithms(Ittner, Lewis, and Ahn,
1995;Yang,Ault, Pierce,andLattimer, 2000;Ault andYang,2002). We describethesecoresu-
pervisedlearningalgorithmsbelow, aswell asthesupervisedthresholdsettingandfeatureselection
proceduresusedwith someof them.

6.1 SVM

SVM algorithms�nd a lineardecisionsurface(hyperplane)with maximummargin betweenit and
the positive and the negative training examplesfor a class(Joachims,1998). SVMs usingnon-
linear kernel functionsarealsopossible,but have not shown a signi�cant advantagein pasttext
categorizationstudies,andarenot investigatedhere.

SVMshaveoutperformedcompetingapproachesin anumberof recenttext categorizationstud-
ies,but therehasbeensomesuggestionthat they choosea poordecisionthresholdwhenthenum-
bersof positive andnegative examplesarevery different,asthey arefor low frequency categories
in randomor systematicsamplesof documents(ZhangandOles,2001). We thereforeusedin our
baselinestwo SVM variantsthatadjustfor category frequency:

� SVM.1: A single SVM classi�er was trainedfor eachcategory. SVM training usedthe
SVMLight (Joachims,1998,1999,2002)package,version3.50. All parameterswere left
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atdefaultvalues.Thismeant,in particular, thatweuseda linearkernel(by leaving -t unspec-
i�ed), equalweightingof all exampleswhetherpositive or negative (by leaving -j unspeci-
�ed), andsetthetradeoff C betweentrainingerrorandmargin to thereciprocalof theaverage
Euclideannormof trainingexamples(by leaving -c unspeci�ed).Sincewewereusingcosine-
normalizedtrainingexamples,leaving -c unspeci�edmeantC wassetapproximatelyto 1:0.
SVMLight wasusedto producescoringmodels,but theSVMLight thresholdswerereplaced
with oneschosenby theSCutFBR.1algorithm(Section6.4).

� SVM.2: In thisapproach(Lewis, 2002),SVMLight, version3.50,wasrunmultiple timesfor
eachcategory, oncefor eachof thesesettingsof its -j parameter:0.1,0.2,0.4,0.6,0.8,0.9,
1.0, 1.25,1.5, 2.0, 3.0, 4.0, 6.0, 8.0, 10.0,and15.0. The -j parametercontrolsthe relative
weightingof positive to negative examplesin choosinganSVM classi�er, andthusprovides
a way to compensatefor unbalancedclasses.Leave-one-outcross-validation(LOO) (turned
on by SVMLight's -x 1 parameter)was usedto computea training set contingency table
correspondingto eachsettingof -j. All otherSVMLight parameterswereleft at their default
values.

For eachcategory, the F1:0 valuefor eachsettingof -j wascomputedfrom its LOO contin-
gency table.The-j settinggiving thehighestLOO-estimatedF1:0 for acategorywasselected
for thatcategory. (In caseof ties, thevalueof -j closestto 1.0 wasused,with -j valuesless
than1.0 replacedby their reciprocalswhencomputingcloseness.If a valuehadbeentied
only with its reciprocalfor bestandclosest,we plannedto choosethevaluegreaterthan1.0,
but this situationdid notarise.)

Asexpected,thealgorithmtendedtochoosevaluesof -j thatgaveadditionalweighttopositive
examples.Thevalue0.8waschosenoncefor -j, 1.0waschosen� ve times,1.25waschosen
eighttimes,1.5waschosen11 times,2.0waschosen27 times,3.0waschosen27 times,4.0
waschosen17 times,6.0waschosenfour times,and8.0waschosenonce.

A �nal classi�er wastrainedon all trainingdatafor thecategory usingthechosensettingof
-j. Thethresholdchosenby SVMLight basedon theselectedsettingof -j wasusedasis for
thatcategory (SCutFBR.1wasnotused).Dueto its expense,SVM.2 wastriedonly for Topic
categories.

SVM.2 wasthetop-rankedapproachin thebatch�ltering androutingtasksin theTREC-10
evaluation(RobertsonandSoboroff, 2002).

6.1.1 PARAMETER TUNING

TheSVM.1 approachhadonefreeparameter, thevalueof fbr in theSCutFBR.1thresholdsetting
algorithm(Section6.4). We comparedthe values0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and0.8 for fbr
using� ve-fold cross-validationon the trainingsetandpicked thebestvaluefor eachcategory set
(Topics, Industries,Regions) and effectivenessmeasure(microaveragedF1:0 and macroaveraged
F1:0). (Notethis � ve-foldcross-validationloopcalledtheSCutFBR.1procedure,which in turnused
its own � ve-fold cross-validationinternally.) The �nal classi�ers for eachcategory in a category
set were then trainedusing all training dataand the chosenfbr value for their category set and
effectivenessmeasure.
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The SVM.2 algorithmitself incorporatedtuning of its only free parameter(-j) so no outside
tuning was needed.Given the robustnessof SVMs to high dimensionalfeaturesets,no feature
selectionwasusedwith eitherof theSVM algorithms.

6.2 k-NN

Weightedk-NN (k-nearestneighbor) classi�ers have beenconsistentlystrongperformersin text
categorizationevaluations(Yang,1999;YangandLiu, 1999).Thevariantweusedherechooses,as
neighborsof a testdocument,thek trainingdocumentsthathave thehighestdot productwith the
testdocument.Then,for eachcategory, thedotproductsof theneighborsbelongingto thatcategory
aresummedto producethescoreof thecategory for thedocument.Thatis, thescoreof categoryc j

with respectto testdocument~x (avectorof termweights)is

s(c j ;~x) = å
~d2Rk(~x)

cos(~x; ~d) I (~d;c j );

where~d is a training document;Rk(~x) is the setconsistingof the k training documentsnearestto
~x; and I(~d;c j ) is indicator function whosevalue is 1.0 if ~d is a memberof category c j , and0.0
otherwise.Since~x and~d werenormalizedto haveEuclideannormof 1.0,theirdotproductis equal
to the cosineof the anglebetweenthem,so we write the dot productascos(~x; ~d). The resulting
scoreis thencomparedto thecategory thresholdto determinewhetheror not to assignthecategory
to thetestdocument.Thresholdswerechosenby SCutFBR.1(Section6.4).

Thek-NN methodis moresensitive to nonrelevantfeaturesthanSVMs are,sothevectorsused
with it �rst hadfeatureselectionapplied(Section6.5).

6.2.1 PARAMETER TUNING

Thek-NN algorithmhadthreefreeparameters,fbr, k (neighborhoodsize),andthefeaturesetsize.
Five-foldcross-validationon thetrainingsetwasusedto selectvaluesfor theseparametersfor each
categorysetandeffectivenessmeasure.Thefollowing valuesweretried:

� fbr : 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8

� k : 1, 3, 5, 10,20,40,60,80,100,130,160,200,400,600,800

� Featuresetsize: 50, 100,200,400,600,800,1000,2000,3000,4000,5000,6000,7000,
8000,9000,10000,12000,14000,16000,20000,25000,30000,47152

However, not all combinationsof valuesweretried. Insteadparametervalueswere�rst initial-
izedto defaults:0.3for fbr, 50for k, andthenumberof termswith nonzerovaluesin thetrainingset
(47,152terms)for featuresetsize.Thenoneparametervalueata timewasoptimizedwhile holding
theothers�x ed: �rst k (holdingdefault fbr andfeaturesetsize�x ed),thenfeaturesetsize(holding
thechosenk anddefault fbr �x ed),and�nally fbr (holdingthechosenk andchosenfeaturesetsize
�x ed).Table3 shows thek-NN parametervalueschosenby thiscross-validationprocess.

6.3 Rocchio-StylePrototypeClassi�er

TheRocchiomethodwasdevelopedfor queryexpansionusingrelevancefeedbackin text retrieval
(Rocchio,1971;SaltonandBuckley, 1990).Applied to text classi�cation,it computesa prototype
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Parameters
Neighborhood

Effectiveness Features size
CategorySet Measure selected (k) fbr
Topics Micro F1 8000 100 0.5

MacroF1 8000 100 0.1
Industries Micro F1 10000 10 0.4

MacroF1 10000 10 0.1
Regions Micro F1 10000 10 0.5

MacroF1 10000 100 0.1

Table3: Parameterschosenby cross-validationfor our weightedk-NN algorithm,for eachof the
six combinationsof categorysetandaveragedeffectivenessmeasure.

vectorfor eachcategory asa weightedaverageof positive andnegative training examples(Ittner,
Lewis, andAhn, 1995).

OurRocchioprototypefor categoryc j was

~p j (g) =
1

jD(c j )j
å

~di2D(c j )

~di � g
1

jDn( Åcj )j
å

~di2D(c̄ j )

~di ;

where~di is a trainingdocument;D(c j ) andD( Åcj ) are,respectively, thesetof positive andnegative
trainingexamplesfor categoryc j ; andgis theweightof thenegativecentroid.

Many enhancementshave beenproposedto the original Rocchioalgorithm(Schapire,Singer
andSinghal,1998;Ault andYang,2002).Weusedonly thefollowing ones:

1. As with k-NN, wedoaninitial featureselectionfor eachcategorysetandaveragedeffective-
nessmeasure,usingthec2 maxcriterion(Section6.5).

2. We thendo a furtherfeatureselectionon a per-category basisby zeroingout all but the pmax

largestnonzerocoef�cients in theRocchiovector. This keepsall positive coef�cients before
any negative ones. It is uncommon,but possible,for negative coef�cients to remainin the
Rocchiovectorafterthisprocedure.

3. TheRocchioalgorithmproducesascoringmodelonly. Wechoosea thresholdfor thismodel
usingtheSCutFBR.1algorithm(Section6.4).

6.3.1 PARAMETER TUNING

Our modi�ed Rocchioalgorithmhad four free parameters,fbr, g, pmax, and the featuresetsize.
However, preliminaryexperimentson the training datafor Topicsshowed that the choiceof pmax

had little impacton effectiveness.A valueof 3000 for pmax was found to be bestin the Topics
run, andsowasusedin all runsfor all category setsandeffectivenessmeasures.Five-fold cross-
validationon the training datawas usedto selectvaluesfor the other threeparametersfor each
categorysetandeffectivenessmeasure.Thefollowing valuesweretried:
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Parameters
Features Nonrelevant

Initial retained centroid
Effectiveness features in model weight

CategorySet Measure selected (pmax) (g) fbr
Topics Micro F1 5000 3000 1 0.3

MacroF1 5000 3000 1 0.2
Industries Micro F1 10000 3000 2 0.4

MacroF1 10000 3000 6 0.1
Regions Micro F1 10000 3000 2 0.5

MacroF1 10000 3000 2 0.5

Table4: Parameterschosenby cross-validationfor ourmodi�ed Rocchioalgorithm,for eachof the
six combinationsof category setandaveragedeffectivenessmeasure.Thevalueof pmax

waschosenin aninitial runonTopics,andthenusedfor all combinations.

� fbr : 0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8

� g: 50,20,15,10,8, 6, 4, 3, 2, 1, 0, -1, -2

� Featuresetsize: 50, 100,200,400,600,800,1000,2000,3000,4000,5000,6000,7000,
8000,9000,10000,12000,14000,16000,20000,25000,30000,47152

As with k-NN, we �rst initialized thethreeparametersto default values(0.3for fbr, 1 for g, and
47,152for featuresetsize),andthenoptimizedoneparameterata time: �rst g, thenfeaturesetsize,
and�nally fbr. Theselectedparametervaluesareshown in Table4.

6.4 SupervisedThr esholdSetting

Eachof our algorithmsproduces,for eachcategory, a modelthatassignsscoresto documents.To
usethesemodelsfor classi�cation,we usetheSCutstrategy (Yang,2001),i.e., simply associating
a thresholdvalue with eachcategory, and assigningthe category to a documentwhen the score
for thatcategory exceedsthethreshold.Othercategory assignmentstrategies(Yang,2001)besides
SCutwereevaluatedon thetrainingdata,but Scutwasconsistentlysuperiorsoonly it wasusedto
produceclassi�ersevaluatedon thetestdata.

TheSVM.2 algorithmincorporatesits own methodfor choosinga thresholdto beusedin the
SCutapproach.Theothercoretrainingalgorithms(SVM.1,k-NN, andRocchio)wereusedto train
scoringmodels. Thresholdsfor thosescoringmodelswere found by wrappingthe core training
algorithmwithin Yang's SCutFBR.1algorithm(Yang,2001). The .1 refersto the rank of the val-
idation documentwhosescorebecomesthe thresholdif the cross-validatedthresholdgivespoor
estimatedeffectiveness(seebelow). ThecoreSCutFBRalgorithmcanbeusedwith otherfallback
ranksaswell (Yang,2001).

SCutFBR.1uses� ve-fold cross-validationwith randomassignmentof documentsto folds (i.e.,
nobalancingof positiveandnegativeexamples).In eachfold, ascoringmodelwastrainedon four-
�fths of thedataandits thresholdwastunedon theremainingone-�fth. If thetunedthresholdgave
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anF1:0 valuelessthanaspeci�edminimumvaluefbr, thenthatthresholdwasreplacedby thescore
of the top-ranked validationdocument.The �nal thresholdfor the category is the averageof the
thresholdsacrossthe� ve folds.

6.5 SupervisedFeatureSelection

Our text representationapproachproduceda set of 47,236features(stemmedwords), of which
47,152occurredin oneor moretrainingsetdocumentsandsopotentiallycouldbeincludedin clas-
si�ers (Section7). Two of thealgorithmsstudied,k-NN andRocchio,areknown to besigni�cantly
hamperedby irrelevant features.Featureselectionbasedon labeleddatawasusedwith thesetwo
algorithms. A separatefeaturesetwaschosenfor eachcombinationof algorithm(k-NN or Roc-
chio), category set(Topics,Industries,or Regions),andeffectivenessmeasure(microaveragedF1:0

or macroaveragedF1:0).
The featureset for a combinationwas chosenby �rst ranking the 47,152featuresby their

c2 maxscore(YangandPedersen,1997;Rogati andYang,2002)with respectto thecategory set.
To computethis score,we �rst separatelycomputethec2 statistic(Altman,1991,Section10.7)for
thefeaturewith respectto eachcategory in thecategoryset:

c2 =
n(ad� bc)

(a+ b)(a+ c)(b+ d)(c+ d)
;

wheren is thetotalnumberof examplesusedin calculatingthestatistic,a is thenumberof examples
with both the featureandthe category, b is the numberof exampleswith the featureandnot the
category, c is thenumberof exampleswith thecategory andnot thefeature,andd is thenumberof
exampleswith neitherthefeaturenor thecategory.

The feature's c2 max scoreis the maximumvalueof the c2 statisticacrossall categoriesin
the category set. Note that the useof c2 max featureselectionmeansthat training datafrom all
categoriesin a category setin�uencesthesetof featuresusedwith eachindividual category in the
set.

The c2 max scoreproducesa rankingof all featuresfrom bestto worst. To choosea feature
set,we thenhadto choosea sizefor thefeaturesetto know how far down thatrankingto go. This
wasdoneby evaluatingeachof 23correspondingfeaturesetsusing� ve-foldcross-validationonthe
trainingdata,andpicking thebest(Sections6.2.1and6.3.1).

7. Benchmarking the Collection: Text Representation

Thesamesetsof trainingandtestdocumentfeaturevectorswereprovidedto eachalgorithm. The
featurevectorfor a documentwasproducedfrom theconcatenationof text in the<headline> and
<text> XML elements. It is importantto note that the <title> elementof RCV1 documents
containsa “country code” string that wassemi-automaticallyinserted,possiblybasedon the Re-
gion codes.The<title> elementshouldthereforenot beusedin experimentspredictingcategory
membership.(The<headline> elementwasaddedby Reutersduringtheproductionof theRCV1
corpus.It containsthesametext asthe<title> element,but stripsout thecountrycode.)

Text wasreducedto lower casecharacters,after which we appliedtokenization,punctuation
removal andstemming,stopword removal, termweighting,featureselection,andlengthnormal-
ization,asdescribedbelow.
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Wede�nedtokensto bemaximalsequencesof nonblankcharacters.Tokensconsistingpurelyof
digits werediscarded,aswerewordsfoundon thestopword list from theSMART system(Salton,
1971).Thelist is foundat ftp://ftp.cs.cornell.edu/pub/smart/english.stop, andwe alsoincludeit as
OnlineAppendix11.

The remainingtokens were stemmedwith our own implementationof the Porter stemmer
(Porter,1980). Our implementationdid considerablepunctuationremoval aswell asstemming.
As theauthorof thePorterstemmerhasdiscussed(Porter,2003)it is very rarefor two implemen-
tationsof thePorterstemmerto behave identically. To enablereproducingour results,we therefore
provideourstemmedtokensin OnlineAppendix12,asdiscussedat theendof thissection.

Documentvectorsbasedon thestemmedoutputwerethencreated,with eachcoordinateof the
vectorscorrespondingto a uniqueterm (stemmedword). Only termswhich occurredin one or
moreof the23,307RCV1-v1documentsfalling beforeour chronologicalbreakpointwereusedin
producingvectors.Termswhich hadtheir only occurrencesin post-breakpointdocuments(i.e.,our
testdocuments)did not affect vectorformationin any way. In particular, they werenot taken into
accountduringcosinenormalization(below).

We hadintendedto useonly our trainingset(the23,149pre-breakpointRCV1-v2documents)
for featurede�nition, notall 23,307pre-breakpointRCV1-v1documents.Theeffectof accidentally
including stemsfrom these158 additionaldocumentsin documentvectorsis that a few features
whosevalueis 0.0onall of our trainingdocumentsarenonethelessallowedto havenonzerovalues
in testdocuments.(Exceptfor wordsin these158documents,wordsthatshow up in thetestset,but
not the trainingset,do not participatein any vectors.)Theseadditionalfeatureswill occasionally
have nonzerovalueson testdocuments,thusslightly impacting(throughcosinenormalization)the
valueof theotherfeatures.Theimpactonoverall resultsshouldbenegligible. No labelinformation
from these158mistakendocumentswasused.

The numberof uniquetermspresentin the 23,307pre-breakpointRCV1-v1 documentswas
47,236. Of these,only 47,219occur in RCV1-v2 training and/or test documents,so 47,219is
sizeof thecompletefeaturesetfor RCV1-v2.Of these47,219terms,only 47,152haveoneor more
occurrencesin theRCV1-v2trainingset,andsowereavailableto beincludedin classi�ers.Average
documentlengthfor RCV1-v2documentswith our text representationis 123.9terms,andaverage
numberof uniquetermsin adocumentis 75.7.

The weight of a term in a vector was computedusing Cornell ltc term weighting (Buckley,
Salton,andAllan, 1994),a form of TF � idf weighting.This givestermt in documentd aninitial
weightof

wd(t) = (1+ logen(t;d)) � loge(jDj=n(t)) ;

wheren(t) is thenumberof documentsthatcontaint, n(t;d) is thenumberof occurrencesof term
t in documentd, and jDj is the numberof documentsusedin computingthe inversedocument
frequency weights(idf weights).

The idf weightsusedwerecomputedfrom all 23,307RCV1-v1 documentswhich fall before
ourchronologicalbreakpoint,not just the23,149RCV1-v2documentsweusedfor training.Again,
while unintentional,thisa legitimateuseof additionalunlabeleddata.Only thedocumenttext from
theadditionaldocumentswasused,nottheircodes.Theresultingidf valuesarein mostcasesalmost
identicalto theintendedones.

For the k-NN andRocchioalgorithms(but not SVM.1 andSVM.2) we thenappliedfeature
selectionto thevectors,asdescribedin Section6.5.Thisimplicitly replacedwd(t) with w0

d(t), where
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w0
d(t) wasequalto wd(t) for featureschosenby featureselection,but equalto 0:0 for nonselected

features.

Finally, ltc weightinghandlesdifferencesin documentlengthby cosinenormalizingthefeature
vectors(normalizingthemto haveaEuclideannormof 1.0).Theseresulting�nal weightswere

w00
d(t) =

w0
d(t)

p
å uw0

d(u) � w0
d(u)

:

Sincecosinenormalizationwasdoneafterfeatureselection,boththesetof nonzerofeaturevalues,
andthefeaturevaluesthemselves,differ amongtheruns.

Despitebeingfairly straightforwardby IR standards,we recognizethat theabove preprocess-
ing would be nontrivial to replicateexactly. We thereforehave madethe exact datausedin our
experimentsavailablein two forms.

OnlineAppendix12 containsdocumentsthathave beentokenized,stopworded,andstemmed.
Online Appendix 13 containsdocumentsin �nal vector form, i.e., as ltc weightedvectors. No
featureselectionhasbeendonefor thesevectors,i.e.,they areasusedfor SVM trainingandtesting.
(And thusaredifferentfrom thoseusedwith k-NN andRocchio,sincethosehadfeatureselection
applied.)OnlineAppendix13 usesnumerictermIDs ratherthanthestringform of words.Online
Appendix14givesthemappingbetweenthenumerictermIDs andstringforms.

The vectorsin Online Appendix 13 are basedon termsthat occurredin our pre-breakpoint
documents,and so shouldonly be usedin experimentsbasedon the sametraining/testsplit as
in this paper. In contrast,the tokenizedrepresentationsin Online Appendix12 containall non-
stopwords,andsocanbeusedwith any training/testsplit. OnlineAppendix12 will bepreferable
for mostpurposes.

Reutershasagreed(Rose,2002;Whitehead,2002)to ourdistributionof thesetokenandvector
�les without a licenseagreement.We neverthelessstronglyencourageall usersof these�les to
licensetheof�cial RCV1CD-ROMs(seetheAcknowledgmentssectionat theendof thispaperfor
details).

8. Benchmarking the Collection: Results

Tables5 and 6 give microaveragedand macroaveragedvaluesof F1:0 for the four classi�cation
methods,threecategory sets,andthreesubsetsof eachcategory set. The resultslargely con�rm
paststudies:SVMs aredominant,weightedk-NN is competitive, andtheRocchio-stylealgorithm
is a plausiblebut lagging straw man. The choiceof averaging,category set, and effectiveness
measureaffectsabsolutescoresbut rarelytheorderingof approaches.

We provide not only theaverageddataof Tables5 and6, but alsothe full testsetcontingency
tablesfor eachcategory as Online Appendix 15. This allows computingalternateeffectiveness
measuresfor ourclassi�ers,recognizingof coursethattheclassi�ersweretrainedto optimizeF1:0.

For example,one might feel that only leaf nodesof the Topic hierarchy shouldbe usedfor
evaluation,sinceassignmentsof internalnodesarepartially basedon automatedexpansionof leaf
assignments.Averagedeffectivenessmeasuresusingonly leaf categoriescouldbecomputedfrom
ourcontingency tables.
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CategorySet Subset SVM.1 SVM.2 k-NN Rocchio
1+ train (101) 0.816 0.810 0.765 0.693

Topics 1+ test(103) 0.816 0.810 0.765 0.693
all (103) 0.816 0.810 0.765 0.693
1+ train (313) 0.513 – 0.396 0.384

Industries 1+ test(350) 0.512 – 0.396 0.384
all (354) 0.512 – 0.395 0.384
1+ train (228) 0.874 – 0.792 0.794

Regions 1+ test(296) 0.873 – 0.791 0.793
all (366) 0.873 – 0.791 0.793

Table5: Effectiveness(microaveragedF1:0) of classi�ers trained with four supervisedlearning
algorithms, with parametersettingschosento optimize microaveragedF1:0 on cross-
validationfolds of the trainingset. Classi�ersweretrainedon our RCV1-v2 trainingset
(23,149documents)andtestedon our RCV1-v2testset(781,265documents).Thecom-
putationallyexpensiveSVM.2 algorithmwasrunonly onTopics.Separatemicroaverages
arepresentedfor categorieswith oneor moretrainingsetpositive examples(all of which
alsohave oneor more test setpositive examples),categorieswith oneor more test set
positiveexamplesbut no trainingsetpositiveexamples,andall categories.Thenumberof
categoriesin eachsubsetis shown in parentheses.

CategorySet Subset SVM.1 SVM.2 k-NN Rocchio
1+ train (101) 0.619 0.557 0.560 0.504

Topics 1+ test(103) 0.607 0.546 0.549 0.495
all (103) 0.607 0.546 0.549 0.495
1+ train (313) 0.297 – 0.235 0.170

Industries 1+ test(350) 0.266 – 0.210 0.152
all (354) 0.263 – 0.208 0.151
1+ train (228) 0.601 – 0.588 0.572

Regions 1+ test(296) 0.463 – 0.453 0.441
all (366) 0.375 – 0.366 0.356

Table6: Effectiveness(macroaveragedF1:0) of classi�ers trainedwith four supervisedlearning
algorithms,with parametersettingschosento optimize macroaveragedF1:0 on cross-
validationfoldsof thetrainingset.Otherdetailsareasin Table5.
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8.1 Micr oaveragingvs. Macroaveraging

Microaveragedmeasuresaredominatedby high frequency categories.For RCV1, this effect varies
amongthe category sets. For Topics, hierarchicalexpansionin�ates the frequency of all non-
leaf categories. Non-leafcategoriesaccountfor only 20% (21/103)of Topic categoriesbut 79%
(2,071,530/ 2,606,875)of all Topic codeassignments.Thefour top level Topic categories(CCAT,
ECAT, GCAT, andMCAT) aloneaccountfor 36%(945,334/ 2,606,875)of all Topic assignments.
Thus,microaveragedscoresfor Topicslargely measureeffectivenessat broad,perhapslessinter-
esting,contentdistinctions.In contrast,hierarchicalexpansionfor Industrycategoriesaffectedonly
a few categories,andRegionsunderwentno hierarchicalexpansionat all. Themostfrequent(and
thusdominant)categoriesfor IndustriesandRegionsarenot necessarilythesemanticallybroadest
categories.

Macroaveraging,on theotherhand,givesequalweightto eachcategory, andthusis dominated
by effectivenesson low frequency categories. For Topics and Industriesthis is largely the leaf
categoriesin eachtaxonomy, thuscategorieswith narrow meanings.For Regions,narrownessof
meaningis lesstheissuethandegreetowhichtheparticulargeographicentityis coveredin thenews.
Macroaveragedeffectivenessfor Regionsis dominatedby categoriescorrespondingto countriesthat
arediscussedonly infrequentlyin internationalnews.

8.2 AveragingOver Categorieswith No PositiveExamples

Pastresearchhasvariedin how categorieswith no training or testexamplesarehandledin mea-
suringtext categorizationeffectiveness.We includeaveragesover all categories,over categories
with at leastonepositive training example,andover categorieswith at leastonepositive training
examplesandat leastonepositive testexample.(For our training/testsplit of RCV1-v2therewere
nocategoriesthathadoneor morepositivetrainingexamplesbut zeropositivetestexamples.)Each
averageis usefulfor differentpurposes:

� Averagingoverall categories:Thisbestre�ects theoperationaltask.Suchanaverageis also
themostappropriatefor comparisonswith knowledge-basedandstring-matchingapproaches,
sincethesecanbeusedevenoncategorieswith nopositive trainingexamples.

� Averaging over categorieswith oneor more positivetestexamples:This factorsout the im-
pactof choosinganarbitraryvalue(0.0 in our case)for F1:0 whenthereareno positive test
examples(Section5.3). This impactcanoccasionallybelarge. For instance,macroaveraged
effectiveness�gures for Regionson RCV1-v2 arestronglyaffectedby whethercategories
with nopositive testexamplesareincludedin theaverage(Table6).

� Averaging over categorieswith oneor more positivetraining examples:This is appropriate
whentheprimarygoalis researchonsupervisedlearningmethods.

8.3 Effectivenesson Indi vidual Categories

Past text categorizationresearcharguably hasoveremphasizedaverageeffectiveness. This was
partly a necessity. With the widely usedModApte split of Reuters-21578,the medianfrequency
Topic category (of 135 Topic categoriesde�ned on that collection)hasonly threetestsetoccur-
rences,soaveragingwasnecessaryto produceeffectiveness�gures thatwereatall accurate.
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Figure2: TestsetF1:0 for four classi�er approacheson 103RCV1-v2Topic categories.Categories
aresortedby trainingsetfrequency, which is shown on thex-axis. TheF1:0 valuefor a
category with frequency x hasbeensmoothedby replacingit with the outputof a local
linearregressionover theinterval x� 200to x+ 200.
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Figure3: Raw testsetF1:0 valuesfor theSVM.1approachonall threecategorysets.Theline shows
correspondingsmoothed(asin Figure2) values.Trainingsetfrequency is shown on the
x-axis.
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In contrast,themedianfrequency Topic category for our testsethas7,250testsetoccurrences:
biggerthantheentireModApte testset. Only threecategorieshave fewer than100testsetoccur-
rences,socategory-level effectiveness�gures aremoremeaningful.

Figure2 showssmoothedF1:0 valuesfor ourfour classi�er trainingapproachesonthe103Topic
categories,sortedby training set frequency of the category. While smoothingaids comparison
acrosstheclassi�ers,it hidesagooddealof category-to-categoryvariation.Figure3 insteadshows
raw F1:0 valuesfor theSVM.1 approachonall threecategorysets.

Sinceour focusis methodologicalwemakeonly a few observationson thisdata:

� Effectivenessgenerallyincreaseswith increasingclassfrequency, but thecategory-to-category
variationis very large(Figure3). This variationhasbeennotedfor previouscollections,but
the largesizeof RCV1 givesmorecon�dencein this observation. Further, someof thede-
creasein variationat theright of thegraphresultsfrom thefactthatevenapoorclassi�cation
onahigh frequency categorycanyield amoderatelyhighF-measurevalue(Lewis andTong,
1992). For instance,the mostfrequentTopic category hasa testsetfrequency of 0:465. A
classi�er thatsimplyassignedall testdocumentsto thiscategorywouldhaveanF1:0 of 0:635.

� Amongthetestedapproaches,SVM classi�ersandin particularSVM.1 classi�ers,aredomi-
nantat all category frequencies.This facthasbeenobscuredin somepreviousSVM studies,
which restrictedexperimentsto a small setof high frequency categoriesor presentedonly
microaveragedeffectivenessmeasures.

� TheSCutFBR.1approachto thresholdtuningfor SVMs(SVM.1) is asgoodor betterthanthe
morecomputationallyexpensive leave-one-outprocedure(SVM.2). Interestingly, it appears
thatthedifferencein theeffectivenessof SVM.1 andSVM.2 largely resultsfrom theirchoice
of thresholdrather than from the orientationof the resultinghyperplanes. We did a test
(resultsnot reportedhere)in which we setboth SVM.1 andSVM.2 classi�ers to their test
set optimal thresholds,and found the resultingeffectivenessto be almost identical. This
similarity of effectivenessis somewhat surprising,sinceSVM.2 often chooseshyperplanes
with substantiallydifferentorientationsthanthosechosenby SVM.1. We found the angle
betweenthe normalsof the SVM.1 andSVM.2 hyperplanes(the inversecosineof the dot
productof weightvectorsnormalizedto have Euclideannormof 1.0),averagedover the103
Topiccategories,to be19.6degrees.

� We �nd somesupportfor previous suggestions(Schapire,Singerand Singhal,1998) that
Rocchio-stylealgorithmsareat theirbestwhenrelatively few positiveexamplesareavailable,
thoughin all casesthey lag theothermethodstested.An interestingavenuefor futurework,
now possiblewith RCV1, would beteasingapartthe impactof category narrownessvs. the
numberof positive trainingexamplessupplied(perhapsusingstrati�ed sampling).

9. Summary

Researchin machinelearningis heavily drivenby availabledatasets,andsupervisedlearningfor
text categorizationis no exception. We believe RCV1 hasthe potentialto supportsubstantialre-
searchadvancesin hierarchicalcategorization,scalingof learningalgorithms,effectivenesson low
frequency categories,samplingstrategies,andotherareas.As of January5, 2004,thecollectionhad
beendistributedby Reutersto 520groups,suggestingit is likely to bewidely used.
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Wehopethatby documentingthedataproductionprocess,thenatureof thecoding,andtheim-
pactof theseontheresultingtestcollection,wehavecontributedto theusefulnessof thecollection.
Someof theinsightsheremayalsobeof useto thoseproducingfuturetestcollectionsandmanag-
ing real-world text classi�cationsystems.Finally, wehopethatourbenchmarkdatawill encourage
replicabilityandtransparency in futuretext categorizationresearch.
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