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Abstract

ReuterLLCorpusVolumel (RCV1)is anarchive of over800,000manuallycateyorizednevswire
storiesrecentlymadeavailableby Reutersl td. for researchpurposesUseof this datafor research
ontext cateyorizationrequiresa detailedunderstandingf the realworld constraintaunderwhich
the datawasproduced.Drawing on interviews with Reutergpersonnelhndaccesgo Reutersdoc-
umentationwe describethe coding policy and quality control proceduresisedin producingthe
RCV1 data,the intendedsemanticof the hierarchicalcatgyory taxonomiesandthe corrections
necessaryo remove errorful data.We referto the original dataasRCV1-v1,andthecorrecteddata
asRCV1-v2. We benchmarilsereralwidely usedsupervisedearningmethodson RCV1-v2,illus-
trating the collection’s properties suggestingnew directionsfor researchandproviding baseline
resultsfor future studies We malke availabledetailed percatagory experimentaresultsaswell as
correctedversionsof the catgyory assignmentandtaxonomystructuresyia onlineappendices.

Keywords: applicationsautomatedndexing, controlledvocalulary indexing, effectivenesanea-
sures.evaluation,featureselection k-NN, methodology multiclass,multilabel, nearesneighbor
news articles, operationalsystems,Rocchio, SCut, SCutFBR,supportvector machines,SVMs,
termweighting,testcollection,text classi cation,thresholding
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1. Intr oduction

Text catgyorizationis the automatedassignmenof naturallanguageexts to prede nedcateyories
basedntheircontent.lt is asupportingechnologyin severalinformationprocessingasks,nclud-

ing controlledvocalulary indexing, routingandpackagingof news andothertext streamsgontent
Itering (spampornograpl, etc.),informationsecurity helpdeskautomationandothers.Closely
relatedtechnologyis applicableto other classi cationtaskson text, including classi cation with

respectto personalizedr emeging classedqalerting systemstopic detectionandtracking), non-
contentbasedclasseqauthoridenti cation, languagedenti cation), andto mixturesof text with

otherdata(multimediaandcross-mediandexing, text mining).

Researclinterestin text catayorizationhasbeengrowing in machinelearning,informationre-
trieval, computationalinguistics,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,and Papka,1996;Lewis, 1997;Yang,
1999; Sebastiani2002). Theseare collectionsof documentg¢o which humanindexers have as-
signedcategoriesfrom a prede nedset. Testcollectionsenableresearchero testideaswithout
hiring indexers,and(ideally) to objectively compareesultswith publishedstudies.

Existing text cateyorizationtest collectionssuffer from one or more of the following weak-
nessesfew documentslack of the full documentext, inconsistenbr incompletecateyory assign-
ments,peculiartextual propertiesand/orlimited availability. Thesedif culties areexacerbatedby
alack of documentatioron how the collectionswere producedandon the natureof their cateyory
systems. The problemhasbeenparticularly severe for researchermterestedn hierarchicaltext
catgyorizationwho, dueto the lack of good collectionsandgooddocumentationhave oftenbeen
forcedto imposetheir own hierarchieson cateyories(Koller and Sahami,1997; Weigend,Wiener
andPedersenl999).

Evenif currentcollectionswere perfect, however, therewould be an ongoingneedfor new
ones. Justas machinelearningalgorithmscanover t by tuning a classi er's parameterdo the
accidentapropertiesof atrainingset,aresearclttommunitycanover t by re ning algorithmsthat
have alreadydonewell on the existing datasets. Only by periodicallytestingalgorithmson new
testcollectionscanprogresdeveri ed.

A datasetrecentlymadeavailable, ReutersCorpusVolume 1 (RCV1) (Rose,Stevensonand
Whitehead2003), hasthe potentialto addressnary of the above weaknesseslt consistsof over
800,00newswirestoriesthathave beenmanuallycodedusingthreecategyory sets. However, RCV1
asdistributedis simply a collection of newvswire stories,not a testcollection. It includesknown
errorsin category assignmentprovideslists of category descriptionghat are not consistentvith
the catgyoriesassignedo articles,andlacksessentiadocumentatioron the intendedsemantic®of
catgyory assignment.

This paperattemptgo provide the necessarglocumentationandto describehow to eliminate
miscodingswvherepossible.We bagin in Section2 by describingthe operationakettingin which
RCV1 wasproducedwith particularattentionto the categjoriesandhow they wereassigned Be-
sidesbeing crucial to understandinghe semanticof the category assignmentsthe insight into
operationatext catgyorizationmaybe of independeninterest.Section3 examinegheimplications
of the productionprocesdor the useof RCV1in researchandSection4d summarizeshe changes
we recommendo produceabettertestcollection,whichwe call RCV1-v2. (Wereferto theoriginal
dataasRCV1-vl.)
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Appendix | Description

1 Valid Topic cateyories

2 Original Topicshierarcly

3 Expandedlopicshierarcty

4 Valid Industrycateyories

5 Best-guessndustrieshierarcly

6 Valid Region categyories

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 Contingeng tablesfor experimentakesults
16 RBB Topicslist

17 RBB Industriedist

18 RBB Regionslist

Tablel: List of online appendicesaccompaning this paper They provide datasetsusedin or
producedby the experimentsaswell asadditionalinformationon the RCV1 collection,
andareexplainedlaterin the paper

Section to 4 arebasedn Reuterslocumentationntervievs with Reutergpersonnelandsta-
tistical analysisof the documentsandcateyories. To complementhis analysiswe provide bench-
mark resultson RCV1-v2 for well-known supervisedearningapproacheso text cateyorization.
Theseresultsprovide future userswith a standardor comparisonaswell asreassurancéatthe
tasksposedby the correcteccollectionareneithertrivial norimpossible . Section5 givesthedesign
of our experiments,Sectionst & 7 discussthe algorithmsandtext representationand Section8
presentshebenchmarkesultsandobsenations.We endwith somethoughtsonresearcldirections
thenew collectionmay support.

Severalonlineappendiceaccompan this paperandarelistedin Tablel.

2. Coding the RCV1 Data

Apartfromtheterrible memorieghis stirs up for mepersonally(codingstoriesthrough
thenightetc.),l can't nd fault with youraccount.
— Reuterseditorcommentingon a draft of this section.

The RCV1 datawasproducedn anoperationakettingat Reuters)td., underprocedureshat

have sincebeensuperceded Only later was useof the datain researchcontemplated.Informa-
tion thatin aresearchsettingwould have beenretainedwasthereforenot recorded.In particulay
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no formal speci cationremainsof the coding practicesat the time the RCV1 datawas produced.
However, by combiningrelateddocumentatiorandinterviews with Reuterspersonnelve believe
we have largely reconstructethoseaspect®f codingrelevantto text cateyorizationresearch.

2.1 The Documents

Reuterds the largestinternationaltext andtelevision nens ageng. Its editorial division produces
somel1,000storiesa day in 23 languages. Storiesare both distributedin real time and made
availablevia online databaseandotherarchial products.

RCV1is drawvn from oneof thoseonline databaseslt wasintendedto consistof all andonly
Englishlanguagestoriesproducediy ReutergournalistsbetweenAugust20,1996,andAugust19,
1997.Thedatais availableontwo CD-ROMs andhasbeenformattedin XML. ! Boththearchiing
processandlaterpreparatiorof the XML datasetnvolvedsubstantialeri cation andvalidationof
the content,attemptsto remove spuriousor duplicateddocumentsnormalizationof datelineand
byline formats,additionof copyright statementsandsoon.

Thestoriescovertherangeof contentypical of alarge Englishlanguagenternationahewswire.
They varyfrom afew hundredo severalthousandvordsin length. Figurel shavs anexamplestory
(with somesimpli cation of the markupfor brevity).

2.2 The Categories

To aid retrieval from databaseroductssuchasReutersBusinesBrie ng (RBB), catgjory codes
from threesets(Topics,IndustriesandRegions)wereassignedo stories.The codesetswereorig-
inally designedo meetcustomerrequirementgor accesdo corporate/bsinesgnformation, with
themainfocuson comparny codingandassociatetbpics. With theintroductionof theRBB product
the focusbroadenedo the end userin large corporationspanks, nancial servicesconsultang,
marketing,adwertisingandPR rms.

2.2.1 Topric CODES

Topic codeswereassignedo capturethe majorsubjectf astory They wereorganizedin four hi-
erarchicalgroups:CCAT (Corporate/IndustriallECAT (Economics)GCAT (Government/Social),
andMCAT (Markets). Thiscodesetprovidesagoodexampleof how controlledvocatularyschemes
represent particularperspectie on a dataset. The RCV1 articlesspana broadrangeof content,
but the codesetonly emphasizedistinctionsrelevantto Reuters'customersFor instancethereare
threedifferentTopic codesfor corporateownershipchangesbut all of scienceandtechnologyis a
singlecateyory (GSCI).

2.2.2 INDUSTRY CODES

Industry codeswere assignedbasedon types of businessesliscussedn the story They were
groupedn 10subhierarchiesuchasl2 (METALS AND MINERALS) andl5 (CONSTRJCTION).
Thelndustrycodesmake up thelargestof thethreecodesets,supportingmary ne distinctions.

1. Furtherformattingdetailsareavailableat http://about.euters.com/eseachandstandads/corpus/
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<?xml version="1.0" encoding="is0-8859-1" ?>
<newsitem itemid="2330" id="root" date="1996-08-20" xml:lang="en">
<tite>USA:  Tylan stock jumps; weighs sale of company.<fitle>
<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 Nasdag 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="hip:countries:1.0">

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

<code code="134420">  </code>
</codes>
<codes class="hip: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 DIEGOQ"/>

<dc element="dc.creator.location.country.name" value="USA"/>
<dc element="dc.source" value="Reuters"/>

</metadata>

</newsitem>

Figurel: An exampleReutersCorpusVolumel document.

365



LEWIS, YANG, ROSE, AND LI

2.2.3 REGION CODES

Regioncodesncludedbothgeographidocationsandeconomic/politicagjroupings.No hierarchical
taxonomywasde ned.

2.3 Coding Policy

Explicit policies on codeassignmenpresumedlyincreaseconsisteng and usefulnesf coding,
thoughcomingup with precisepoliciesis dif cult (Lancasterl998,pp. 30-32).Reuters'guidance
for codingincludedtwo broadpolicies,amongothers. We have namedthesepoliciesfor corve-
nience thoughthey werenotsonamedby Reuters:

1. Minimum CodePolicy: Eachstory wasrequiredto have at leastone Topic codeand one
Region code.

2. Hierarcly Policy: Codingwasto assignthe mostspeci ¢ appropriatecodesfrom the Topic
andIndustrysets,aswell as(usuallyautomatically)all ancestor®f thosecodes.In contrast
to somecodingsystemstherewasno limit onthe numberof codeswith the sameparentthat
couldbeapplied.

Thesepolicies were (imperfectly) implementedby a combinationof manualand automated
meangduringcoding,asdiscussedbelov andin Section3.3.

2.4 The Coding Process

Duringtheyears1996and1997,the periodfrom which the corpusis dravn, Reuterproducedust
over 800,000Englishlanguagenews storiesperyear Codingwasa substantialindertaking At one
point Reutersemplo/ed 90 peopleto handlethe codingof 5.5 million Englishlanguagestoriesper
year However, this gure includesboth Englishlanguagestoriesproducedby Reutergournalists
andonesobtainedfrom othersourcesandincludedadditionalcodesetsnot presentin the RCV1
data.Thereforetheexacteffort devotedto documentandcodesof thesortrepresenteth RCV1is
unclearthoughoneestimatds aroundl12 person-yeargRose SterensonandWhitehead 2003).

Codingof Reuters-producestorieswasaccomplishedh threestagesautocodingmanualedit-
ing, andmanualcorrection.

2.4.1 AUTOCODING

Stories rst passedhrougha rule-basedext categyorizationsystemknown as TIS (Topic Identi-
cation System),a descendantf the systemoriginally developedfor Reutersby Carnegjie Group
(HayesandWeinstein,1990).Mostcodeshadatleastonerule thatcouldassigrthem,but automated
codingwasnot attemptedor somecodesbelieved to be beyond the capability of the technology
Two of the codespercevedto be dif cult were GODD (humaninterest)Jand GOBIT (obituaries).
It is interestingto notethatthesetwo cateyoriesprovedin our experimentsto be two of the most
dif cult to assignautomatically

In additionto their text, somestoriesenteringthe systemalreadyhad codes,from a different
code set (the “Editorial codes”),that had beenmanually assignedby journalists. Somesimple
“sourceprocessingtuleswereusedthatmappedhesecodesto equivalentcodesin the nal code
set. For example,a story with the Editorial code SPO (Sport) would automaticallybe assigned
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the nal code GSPO.Other sourceprocessingules triggeredon other partsof the markup, for
instanceassigningary story whoseslug (a brief line of identifying information on a nevswire
story)containedhestring“BC-PRESSDIGEST" to the mostgenerahews code(GCAT).

Finally, asdiscussedh Section3, someTopic, Industry andRegion codeswvereassigneanthe
basisof othercodesof the sameor differenttype, to enforcethe Hierarcty Policy or captureother
relationships.

2.4.2 MANUAL EDITING

Theoutputof TIS wasautomaticallychecledfor compliancewith the Minimum Codepolicy. If so,

the storywassentto a holding queue.If not, the storywas rst sentto a humaneditor. This editor

would assignthe codesthey felt applied,while ensuringthe story got at leastone Topic andone

Regioncode.Editorscouldalsodeleteor changeautomaticallyassignedodes Editorsoccasionally
x ed errorsin the formatting of the story during this phase but their primary responsibilitywas

correctionof coding. The editedstorythenwentto the holdingqueuefor nal review.

2.4.3 MANUAL CORRECTION IN THE HOLDING QUEUE

Every six hours,the holding queuewas reviewed by editors,who hadthe opportunityto correct
mistalesin coding. Once storiespassedhroughthe holding queue,they were batchedup and
loadedinto thedatabasén blocks.

2.5 Coding Quality

Humancodingis inevitably a subjectve process.Studieshave shavn considerablevariationin in-
terindexer consisteng ratesfor differentdatasets(Cleverdon,1991). The processlescribedabore
wasanattemptto achieve high consisteng andcorrectnesfor theReutersodes.Storiesweresam-
pled periodicallyandfeedbackgivento coderson how to improve their accurag. The consisteng
of coderswith eachotherandwith standardsvas evaluatedfrom samplesandfound to be high,
thoughwe werenot ableto obtainquantitatve datafrom theseevaluationsfor publication.

Table2 providessomeadditionalevidenceof consisteng of the coding. It shavs, for the year
1997, how mary storieshad autocodingthat failed the Minimum Codetestand thus underwent
manualediting,aswell ashow mary hadatleastonecodecorrectedn theholdingqueue Notethat
RCV1 containsstoriesspanningpartsof 1996and1997,sothe numberof storiesin the corpusis
notthe sameasthe numberof storiesin Table2.

A total of 312,140storieshad autocodingthat failed the Minimum Codetestand were thus
manuallyedited. All of thesestorieswerealsoreviewed by a secondeditorin the holding queue,
but only 23,289or 13.4%hadcodeschangedy thatsecondeditor In contrast334,97566.2%)of
the 505,720storieswhoseautocodingpassedhe Minimum Codetestwerechangedn the holding
gueue. In otherwords, a manually edited coding was much lesslikely to be overriddenin the
holdinggueuethana codingassignedy theautomatedystem.

It shouldbenotedthatanannotatioret editorsreviewing the holdingqueueknow which stories
had beenmanuallyedited,andthis undoubtedlyin uenced their choiceof storiesto correct. Ta-
ble 2 thereforecannotbe consideredin objective measuref interindexer consisteng. However, it
providessomeadditionalevidencethatthedifferenthumancodersveremostlyin agreemenbnthe
meaningof thecodes Rose StevensorandWhitehead2003)presentadditionaldataon corrections
by editors.

367



LEWIS, YANG, ROSE, AND LI

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

Table2: Numberof storiesproducedy Reutersn 1997thatreceivedmanuakditingand/ommanual
correction.

2.6 The Evolution of Coding at Reuters

It shouldbementionedhattheabove approachbasedn TIS andmanualkcorrection hassincebeen
supercededt Reuters.Therule-basedpproactof TIS hadseveraldravbacks:

Creatingrulesrequiredspecializecknowledge,thusslowing down the additionof new codes
andthe adaptatiorof rulesto changesn theinput.

The rulesdid not provide an indication of the con dencein their output. Therewasthus
no way to focus editorial correctionon the mostuncertaincasesnor ary way of detecting
(exceptby violation of codingpolicy) that new typesof storieswere appearinghat would
suggesthange®r additionsto the codeset.

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

3. RCV1 and Text Categorization Reseach

A testcollectionis morethanacorpus.In this sectionwe considetow the productionandcharacter
of RCV1impactits usefor text cateyorizationresearchln Section4 we go on to describehow to
correcterrorsin theraw RCV1 data(which we call RCV1-v1)to produceatext catayorizationtest
collection(which we call RCV1-v2). Thereforeherewe presentstatisticsfor both versionsof the
data,indicatingwhenthey aredifferent.

3.1 Documents

RCV1 contains35timesasmary document806,791for RCV1-vl,and804,414for RCV1-v2)as
the popularReuters-21578ollectionandits variants(Lewis, 1992,1997),and 60 timesasmary
with reliablecoding. Indeed,the only widely availabletext cateyorizationtestcollectionof com-
parablesizeis OHSUMED (Hersh,Buckley, Leone,andHickman,1994;Lewis, SchapireCallan,
and Papka,1996; Yang and Pedersen1997; Yang, 1999) at 348,566documents. While useful,
OHSUMED hasdisadwantagesit doesnot containthefull text of documentsits medicallanguage
is hardfor non-expertsto understandandits cateyory hierarcty (MeSH)is hugeandstructurally
comple.

RCV1is also“cleaner’thanprevious collections.Storiesappeamoneto a le, andhave unique
documentDs. IDs rangefrom 2286to 810597for RCV1-v1,and2286to 810596for RCV1-v2.
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Thereare gapsin the rangeof IDs in the original RCV1-v1, and additionalgaps(dueto deleted
documentsjn RCV1-v2. Regrettably the ID orderdoesnot correspondo chronologicalorder
of the stories,even at the level of days. Fortunately the documentsio have time stamps(in the
<newsitem> element)andchronologicalorderat the level of dayscanbe determinedrom those.
Thetime stampsdo not give a time of day sincethe storiesweretaken from anarchival database,
notfrom the original streamsentout over the newswire.

XML formattingof bothtext and metadatan RCV1 simpli es useof the data. The factthat
the storiesarefrom anarchval databaseneandewer brief alerts(the infamous'blah, blah, blah”
storiesof Reuters-21578)orrectiongo previous stories,andotheroddities.RCV1 containsall or
almostall storiesof a particulartype from aninterval of oneyear For temporalstudies.thisis a
majoradvantageover Reuters-21578yhich hadbursty coverageof afractionof ayear

Theprocessethatproducedhearchival databasand,later, theresearcltorpuswereinevitably
imperfect.Khmeler andTeahan2003)discussa numberof anomaliesn the corpus,includingthe
presencef approximately400 foreignlanguagedocumentsThey alsoemphasizéhe presencef
duplicateandnearduplicatearticles. Someof thesesimply re ect thefactthatvery similar stories
do occasionallyappearparticularlyonescontaining nancial data.In othercasesnultiple draftsof
the samestorywereretained.Somesimpleaccidentsindoubtedlyoccurredaswell.

We found between2,500and 30,000documentghat could be consideredduplicatesof some
otherdocumentdependingon the de nition of duplication. Our analysisis consistentvith that of
Teahanand Kmelev, who found 27,754duplicateor substantiallyoverlappingdocumentsn their
analysis.

Whetherthe numberof duplicatesforeignlanguagelocumentsandotheranomaliegpresenin
RCV1is problematicdepend®nthequestionsaresearcheis usingRCV1to study We believe the
numberof suchproblemsis sufciently small, or sufciently similar to levels seenin operational
settingsthatthey canbeignoredfor mostpurposes.

3.2 Categories

RCV1 documentsarecatagorizedwith respecto threecontrolledvocalularies: Topics, Industries,
andRaions In thissectionwe discusghethreeRCV1 catgory setsandtheirimplicationsfor text
cateyorizationexperimentslin particular we describeourinterpretatiorof thehierarchicaktructure
for eachcodeset,somethinghatis not madeclearin the documentatiomnthe RCV1 CD-ROMs.

3.2.1 Toric CODES

The le topic_codes.txton the RCV1 CD-ROMs lists 126 Topic codes. However, someof these
codeswerenot actuallyusedby editorsat the time the RCV1 datawas cateyorized. Variousevi-
dence,including Reutersdocumentatioron an alternateversionof the Topicshierarcly, suggests
thatthesecodeswerenot used:

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

This leaves103Topic codeswe believe wereactuallyavailablefor coding,andwhich we there-
fore recommende usedin text catgyorizationexperiments.We provide a list of valid Topic codes
asOnlineAppendix1. As it happensall of thesel03codesoccuratleastoncein boththeRCV1-v1
andRCV1-v2datasetsTheir corpusfrequenciespan ve ordersof magnitudefrom 5 occurrences

369



LEWIS, YANG, ROSE, AND LI

for GMIL (MILLENNIUM ISSUES),to 374,3160ccurrence$381,327in RCV1-v2) for CCAT
(CORPORAE/INDUSTRIAL). NotethatsomeTopic categyory frequenciearehigherin RCV1-v2
thanin RCV1-v1, despiteRCV1-v1 having fewer documentsphecausdRCV1-v2 lIs in missing
hierarchicalkexpansionf Topic cateyories(Sectiord).

The codesymbolsinsertedin articlesto indicatetheir membershipn categorieswere chosen
sothat relatedcategorieswould have relatedcodes. This “morphologicalstructure”of the codes
re ects two distinctneeds:

1. De ning ahierarcly to supportautomatedgssignmendf moregeneralcodeson the basisof
(manualor automatedpassignmendf morespeci ¢ codegSection3.3).

2. Imposinganalphanumerisortorderthatgroupedrelatedcodes aiding manuallookup.

For instancethecodeC311(DOMESTICMARKETS) is achild in the hierarcly of its truncation,
codeC31 (MARKETS/MARKETING). CodeC311alsoappearsiearrelatedcodes,suchasC32
(ADVERTISING/PROMOTION), in analphanumeridisting.

Theoriginal hierarcly usedfor automategssignmentanbereconstructedsfollows:

1. Treatthe codesCCAT, ECAT, GCAT, andMCAT asactuallybeingthe correspondingingle
lettersC, E, G, andM.

2. To nd theparentof a code,remove the minimal sufx suchthatthe resultis anothercode.
ThecodesC, E, G, andM have asparenttheroot of thetree.

However, thereare otherversionsof the hierarcly that might be of interest. In particular one
couldintroduceanadditionallevel of the hierarcly correspondingo the high level numericgroup-
ingsthataidedlookup. This canbedoneby rst addingto the hierarcly thearti cial codesC1-C4,
E1-E7,G1,andM1, andthenfollowing theabore procedureTakinginto accounthisnew hierarcly
level might (or might not) improve the effectivenessof hierarcly-basedalgorithmswhenassigning
the original 103 cateyories. (We doubtit is interestingto actuallyassignthe 13 arti cial codesto
document®r to measurelassi ers' accurag atassigninghem.)

Online Appendix 2 speci esthe original versionof the hierarcly. It containsa total of 104
nodes: 103 for assignablélopic codesand1 root node. Online Appendix3 speci esa hierarcly
thatincludesthe two-charactetruncationsasa new intermediatdayer. It containsa total of 117
nodes:103for assignabldopic codes,13 nodesin the nen non-assignabletermediatdayer, and
1rootnode.

Editorswereableto assignary of the 103 Topic codesto a story, notjust codesat leaf nodesof
the hierarcly. They wereinstructedto usethe mostspeci ¢ codeapplicableto a particularaspect
of a story, acommonindexing principle (Lancaster,1998,pp. 28-30). Codesat internalnodesof
thehierarcly thusactedmuchlike named'Other” categories,implicitly forming a contrastsetwith
their child codes.

However, in the RCV1 dataa non-leafcodemaybe presennot becausét wasdirectly foundto
beapplicable but becausdt wasthe ancestoof a codefoundto be applicable. We call this “Other
+ expansion”semanticsto distinguishit from pure“Other” semanticsWe discusgheimplications
of thisfor researcluseof RCV1in Section3.3.
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3.2.2 INDUSTRY CODES

The le industry.codes.txbn the RCV1 CD-ROMs lists a total of 870 codes.Most do not appear
in thedocumentandat rst glancethey appearconfusingandredundantAs discussedbelow, only
354 of thesecodesappearto have beenavailablefor useby the coders.We thereforerecommend
thatonly these354 codegwhichwelist in Online Appendix4) beusedin experiments.

Of the354valid Industrycodes 350have atleastoneoccurrencen thecorpusin bothRCV1-vl
andRCV1-v2). Nonzerocatayory frequenciesangefrom two for 15020030(RESER/OIR CON-
STRUCTION) andI5020050(SEADEFENCECONSTRJCTION) to 34,788(34,775n RCV1-v2)
for 181402 (COMMERCIAL BANKING). In contrastto Topic and Region codes,Industrycodes
werenot requiredto be assignedOnly a subsebf document$351,812for RCV1-vland351,761
for RCV1-v2)have them.

The Industrycodesincorporatemary ne-graineddistinctionsin subjectmatter (For instance,
thereare ve variationsontherealestatandustry) They maythereforeprovide atestof the ability
of text categyorizationsystemdo distinguishsmalldifferencesn content.

As with Topics,the Industry codesymbolsencodeboth a hierarcty anda numericsortordet
The hierarcly wasusedfor automatedassignmenbf ancestorcateyories,thoughtheseautomated
assignmentwe/ereimperfectlypreseredin RCV1 (Section3.5.2).In addition,someuseof relation-
shipsbetweercodesfor companiegnot presenin the RCV1 CD-ROMs) andcodesfor Industries
wasusedduringautomatedssignmentf Industries.

Severalanomaliesof the morphologyof the Industry codesymbols,andin the way the codes
wereused,make the relationshipsamongcodeshardto discern.We rst discusgheseanomalies,
andthenhow to dealwith themfor experimentapurposes.

Anomaly 1: The legacy editing interfaceusedby codersrequiredindustry code symbolsto
be eithersix or eightcharacterstegardlessof hierarcly position. For instance hereis a subsebf
the codesin the form that editorsapparentlyconceved of them (we indentthe codesto indicate
hierarchicaltructure):

18 FINANCIAL AND BUSINESS SERVICES
182 INSURANCE
182001 COMPOSITEINSURANCE
182002 LIFE INSURANCE
182003 NON-LIFE INSURANCE

18200316 MOTORINSURANCE
18200318 REINSURANCE

However, the editing interfacerequiredthat the codesbe paddedto six or eight charactersvith
trailing digits. Thetrailing digits areusually(but not always)0's. Thusthe above codesarepresent
in industry codes.txin this form:

180000 FINANCIAL AND BUSINESS SERVICES
182000 INSURANCE
182001 COMPOSITEINSURANCE
182002 LIFE INSURANCE
182003 NON-LIFE INSURANCE

18200316 MOTORINSURANCE
18200318 REINSURANCE
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The6- or 8-charactepaddedversionsof thecodesarethe onesfoundin the RCV1 documentsWe
referto theseas“padded”’codesandtheraw versions(which moredirectly encodethe hierarcly)
as“unpadded’codes.

Anomaly 2. The hierarchicalexpansionsoftware apparentlyrequireda codelist containing
codesin both unpaddedaindpaddedforms, andthe intermediateforms aswell. Sothe le indus-
try_codes.txtactuallycontains:

18 FINANCIAL AND BUSINESS SERVICES
180 FINANCIAL AND BUSINESS SERVICES
1800 FINANCIAL AND BUSINESS SERVICES
18000 FINANCIAL AND BUSINESS SERVICES
180000 FINANCIAL AND BUSINESS SERVICES
182 INSURANCE
1820 INSURANCE
18200 INSURANCE
182000 INSURANCE
182001 COMPOSITEINSURANCE
182002 LIFE INSURANCE
182003 NON-LIFE INSURANCE
18200316 MOTORINSURANCE
18200318 REINSURANCE

Anomaly 3: Therearenine 7-charactecodes(suchas1815011)in industry codes.txt Codes
with sesen charactersverepurely a navigationalaid to editorsin searchinghe codeset. Theser-
charactecodeswerenotassignedo documentitherby editorsor during hierarchicakexpansion.

Anomaly 4: Therearenine codedabeledTEMPORARY, eightwith 6 characterandonewith

ve charactersTherearealsotwo codesabeledDUMMY CODE (19999 and199999). Theseap-
pearto be placeholdersvherenew, meaningfulcodegor navigationalaids)might have beenadded
but werent. Thesecodeswerenot assignedo documentitherby editorsor during hierarchical
expansion.

Anomaly 5: Thetop level of codes]O0 throughl9 in unpaddedorm (100000throughl90000in
paddedorm), wereapparentlynot allowedto be assignedo documents.

Anomaly 6: The codel50000wasassignedo documents.It is a 6-charactepaddingof un-
paddedcodel500 (GENERAL CONSTRJICTION AND DEMOLITION), not a paddingof disal-
lowedunpaddedodel5 (CONSTRJCTION).

Anomaly 7: Therearesix casegexcludingTEMPORARY andDUMMY codes)wvheretwo or
more distinct 6- or 8-charactepaddedcodeshave the samenamein industry codes.txt Eachof
thesecasesappeardo have a differentinterpretationasdescribechext.

Anomaly 7a: Theunpaddectodell61 (ELECTRICITY PRODUCTION) hastwo padded
forms,116100andi16101,listedin industry.codes.txt The codel16100is assignedo mary doc-
uments,but 116101 to none. Other documentatiorsuggestd16101 shouldnot be considerecan
assignableode,andthatthe childrenof 116101shouldinsteadoe consideredhildrenof 116100.

Anomaly 7b: The paddedcodesl|22400 and 122470 both have the nameNON FER-
ROUS METALS. Otherdocumentatiorsuggestghe original namefor 12247 (paddedto 122470)
was OTHER NON FERROUS METALS andthatit is a child of 1224 (paddedto 122400). Both
122400andl22470areassignedo documentssobothshouldbe viewedasassignable.
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Anomaly 7c: Thepaddedcoded45500(HOUSEHOLDTEXTILES) andi64700(HOUSE-
HOLD TEXTILES) aredistinctcodeswith thesamename.Thel455 versionis in the subhierarci
for 14 (PROCESSINGINDUSTRIES),while 1647 is in the subhierarci for 16 (DISTRIBUTION,
HOTELS AND CATERING). Both shouldbeviewedasassignableandbotharein factassignedo
documents.

Anomaly 7d: The 6-charactercodel47521 (TRADE JOURMNAL PUBLISHING) hasa
single child code, 14752105(TRADE JOURMNAL PUBLISHING). Thereare no occurrence®f
147521 0onthecorpusbut severaloccurrencesf 14752105.0therdocumentatiomlsosuggestshat
14752105is theunpaddedrersionof the code,while 147521wasnot availablefor use.

Anomaly 7e: The codesl64000andI65000have thenameRETAIL DISTRIBUTION. At
onepointtheseapparentlyeferredio “RETAIL - GENERAL’ (164000)and“RETAIL - SPECIAL-
IST” (165000). Laterthe two weremeged,andit appearshatfor the RCV1 datathey shouldbe
consideredo bethesamecode.The codel64000is assignedo documentswhile 165000is not, so
thechildrenof 165000shouldinsteadbe consideredhildrenof 164000,and165000ignored.

Anomaly 7f: Similarly to Anomaly7a,theunpaddedodel974 (TELEVISION AND RA-
DIO) hastwo 6-charactepaddings:197400and 197411. The codel97400is assignedo mary
documentsyhile 197411is assignedo none. Otherdocumentatioralsosuggest$97411wasnot
availablefor use. 197411 shouldbe consideredinavailable,andits childrenshouldbe considered
childrenof 197400.

Anomaly 8: The paddedcodel16300 hasthe name“ALTERNATIVE ENERGY” which is
slightly differentthanthe name(“ALTERNATIVE ENERGY PRODUCTION") for the apparent
unpaddedrersionof it (1163). Otherdocumentatiorsuggestshereis not meantto be a distinction
betweerthese sowe renamd16300to “ALTERNATIVE ENERGY PRODUCTION".

Giventheseanomalieswe believe the setof Industrycodesthatwereavailableto be assigned
to documentsrethosefrom industry codes.txthatsatisfythesecriteria:

Have six or eightcharactergi.e., ve or sevendigits)
Are notnamedDUMMY or TEMPORARY

Are not of theform 1x0000, exceptfor I50000

Are notary of 116101,147521,165000,0r 197411.

Thereare 354 suchIndustry codes,of which 350 appearin the corpus(both RCV1-v1 and
RCV1-v2). Thefour availablecodesthatdo not appeaiin any documen{132753,13302018,1841
paddedo 184100,andI184802)areleaf nodesof the hierarcly. They have narrov enoughmeanings
that thereplausiblywasno RCV1 documento which they wereapplicable. We provide a list of
these354 IndustrycodesasOnline Appendix4.

Reproducingthe hierarchicalstructurein which the codeswere embeddeds more dif cult.
In producingour bestguessat the hierarcly, we madeuseboth of documentatior{of uncertain
vintage)from Reutersandof the UK Standad Industrial Classi cation of EconomicActivities(UK
SIC(92)) (GreatBritain Of ce for National Statistics,1997,2002), sinceit is known that some
versionof the UK SIC wasconsultedoy Reuterspersonnebluring designof the Industriescodes.
Oneof ourinformantsalsosuggestethatsomecodesfrom a setde ned by theInternationalPress
Telecommunication€ouncil (http://wwwiptc.org/) may have beenusedaswell, but we have not
beenableto determinevhich codesthesewere.
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We also hadto choosewhat kinds of codesto includein the hierarcly. We decidedto omit
TEMPORARY, DUMMY, and7-charactecodes,aswell asothercodesthat werent availableto
editors. The only exceptionto requiringthat codeshave beenassignablevasthatwe includedthe
unassignablsecondevel codes0 throughl9.

Online Appendix5 containsour hierarcly. It has365nodes:oneroot,the 10 secondevel codes
10 throughl9, andthe 354 assignableodes.As partof the hierarcly le, we includethe nameof
eachnode. We renamel22470to OTHER NON FERROUS METALS, 145500to HOUSEHOLD
TEXTILES PROCESSINGandI64700to HOUSEHOLDTEXTILES DISTRIBUTION, sothatall
valid codeshave auniquename.

3.2.3 REGION CODES

The le region codes.txion the RCV1 CD-ROMs contains366 geographiccodes,of which 296
occuratleastoncein the corpus.The Reutersdocumentationwve could obtainsuggestshatall 366
of thesecodeswereavailableto Reuterseditors,andso areappropriatedo usein experiments.We
providealist of these366valid Region codesasOnlineAppendix6. Nonzeroclassfrequenciespan
therangefrom one(for 10 codesn RCV1-vlandeightcodesn RCV1-v2)to 266,239265,625n
RCV-v2) for USA.

In addition,threecodeswith atotal of four occurrencesrepresenin theRCV1 articlesbut not
in the le region_codes.txtbringingthetotal numberof Region codesactuallypresenin RCV1-vl
articlesto 299. ThesecodesareCZ - CANAL ZONE (oneoccurrence)CZECH- CZECHOSLO-
VAKIA (two occurrences)andGDR - EAST GERMANY (oneoccurrence).Thesecodesappear
to beerrors,soin producingRCV1-v2relevancejudgment les we replacedhemby whatappear
to bethe correspondingorrectcodesfrom region_codes.txt PANA (PANAMA), CZREP(CZECH
REPUBLIC),andGFR (GERMANY).

While no formal category hierarcly is provided with the RCV1 data,someReuterspersonnel
did view theRegion codesasfalling into threeinformal groups:Countries RegionalGroupingsand
EconomicGroupings. Other personneliewed the latter two groupsasnot beingclearly distinct.
Wedid not nd documentationle ning thegroupingsandsodonotincludeahierarcly or grouping
of Region cateyoriesin our onlineappendices.

Hierarchiesor networks of Region categyoriescouldbe de ned basedn geographiceconomic,
political, or othercriteria. Indeed,one Reutersinformanthasindicatedthat therewas automatic
assignmenof somecountrycodeshasedon compary codesnot presenin RCV1), andautomated
assignmenbf someregional or economicgroupingcodes(suchas GSEVEN) basedon country
codesof membercountries We have notinvestigatedthisissue.

WhetherassigningRCV1 Region codesis a goodtestof text catgorizationcapability asop-
posedto namedentity recognitioncapability (Grishmanand Sundheim,1995),is debatable.lt is
clear however, thatassigningRegion codesis not solelya namedentity task. Therearemary sto-
riesthat mentionthe United States for instance that are not assignedo the USA code,andthere
areRegion codeswhich arenot namedentities,suchasWORLD andDEVGCO (DEVELOPING
COUNTRIES).

3.2.4 RBB FILES

Justasthe nal versionof this paperwas being submitted,Reutersgave permissionto publicly
releasesomeof the documentationve usedin the above analysis.We thereforeinclude,asOnline
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Appendicesl6, 17, and 18, the RBB lists of Topics, Industries,andRegion codes.RBB refersto
the ReutersBusines®Brie ng archial databaseffering (Section2.2).

The RBB les presentcode setsthat are relatedto the codesappearingn the RCV1 docu-
ments,andto the codesspeci edin the CD-ROM les industry codes.txttopic_codes.txtandre-
gion_codes.txt None of the correspondingetsof codesis exactly identicalto any of the others,
however, andthe time periodduringwhich ary particularsetof codeswasin useis not clear We
have slightly editedthe TopicsandindustriesRBB les to x someinconsistencies; codenames,
andto adddescriptiondor two codesmissingfrom the RBB data,to make theresulting les more
consistentwith the RCV1 data. (Note thatthe Industries les alsocontainsthe RBB descriptions
for theintermediatenon-codenoded0 throughl9.) We have not editedthe RegionsRBB le, since
it hassigni cant differencedrom the RCV1 data.

DespitethesedifferencestheRBB les shouldprove ausefulsupplemento the CD-ROM les,
particularlysincethe RBB les give moreextensve descriptionof somecateayories.

3.3 Coding Policy

Coding policies specify certainrequirementgor how coding shouldbe done,beyond an editors'
judgmentof which codescapturethe contentof a particulartext. As mentionedin Section2.3,
at leasttwo coding policies, which we call the Hierarcly Policy andthe Minimum CodePolicy,
were usedby Reutersduring the periodthe datain RCV1 was produced. We discussheretheir
implicationsfor theuseof RCV1 asatestcatajorizationtestcollection.

3.3.1 IMPLICATIONS FOR CORPUS PROPERTIES

The Hierarcly Policy requiredthat whena Topic or Industry codewas assignedo an article, all

the codeswhich wereancestor®f it in the Topic codehierarcly shouldbe assignedaswell. (The
applicationof this policy in producingthe datathat becameRCV1 wasimperfect,asdiscussedn

Section3.5.) Adding ancestocodescreatessomevery high frequeng codeg(CCAT is assignedo

46% of the corpus),aswell asstrong,partially deterministicdependenciesetweerhierarchically
relatedcodes.

The Minimum CodePolicy requiredthat articlesget at leastone Region codeand one Topic
code.This policy probablydid not greatlyaffectthe codesassignedsincethe codesetsthemseles
weredesignedo cover the likely contentof the newswire. However, unlike the Hierarcly Policy,
the Minimum CodePolicy did requirehumancodersto changetheir behaior: in casesvherethey
might otherwisedecidethatno codeapplies they wereforcedto choosesomeassignmentFroma
statisticalstandpointthe Minimum CodingPolicy introducesa weakdependencamongall codes
in aset.

3.3.2 IMPLICATIONS FOR ALGORITHM DESIGN

If oneknows thatthe correctcategyorizationof a documentobeys coding policies, it is naturalto
attemptto modify atext cateyorizationalgorithmsoits outputobeys thosepolicies. Whetherdoing
thiswill actuallyimprove the effectivenesf a givensystemis, however, lessclear

Theolviousapproacho implementingheHierarcly Policy is to runacateyorizerasusual,and
thenaddthe ancestor®f all assignedtateyoriesif not alreadypresent.This runstherisk, however,
of addinga high level category which wasrejectedoy awell-trainedclassi er, on the basisof alow
level categyory assignedy alesswell-trainedclassi er.
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How easy(and desirable)it is to implementthe Minimum Code Policy varieswith the text
cateyorizationmethod. For instance,a commonstrat@y in text catejorizationis to createa sep-
aratebinary classi er for eachcategory. This approachs likely to assignno catgoriesto some
documentsandsowould sometimewiolatethe Minimum CodePolicy.

3.3.3 IMPLICATIONS FOR EVALUATION

Whentestingalgorithmsona corpusproducedisingaparticularcodingpolicy, shouldonedisallov
outputsthatviolate thatpolicy? This is oftendonewhentestingalgorithmsfor multiclass(1-of-k)
cateyorization:only algorithmsthatassigrexactly onecateyory for eachtestdocumentareallowed.
In anoperationakettingthe datamodel,softwareinterfacespr otherconstraintsnightrequirestrict
adherencéo codingpolicy.

On the otherhand,if we view the systems$ outputas somethingwhich will be reviewed and
correctedoy a humaneditor, a morerelaxed approachmay be appropriate Ratherthanforbidding
outputsthat violate coding policy, one caninsteadmeasurethe effort that would be requiredto
correctthesepolicy violations,alongwith correctingary othererrorfulassignments.

Oneway to measurehe effort thatwould berequiredto correcterrorsis simply to computethe
usualmicroaveragedor macro&eragedeffectivenesaneasure$rom binary contingeng tablesfor
thecateyories.Thisis theapproachwe adoptin reportingbenchmarkesultsin Section8.

3.4 WasEach DocumentManually Coded?

Therearetwo somevhat con icting worriesthat one might have aboutthe RCV1 corpus. Oneis

thata portion of the corpusmight have beenmissedduring coding,aswasthe casewith Reuters-
21578(Lewis, 1997).Corversely onemightworry thattheuseof autocoding Section2.4.1)means
thatachieving goodeffectivenesn RCV1is anexercisein rediscoveringthe (possiblysimpleand
uninterestingyulesusedby the automatedateyorizer

We believe neitherworry is justi ed. Reutersproceduresassuredhat eachstory was coded
automaticallyandthenhadthosecodeschecledby atleastone,andsometimeswo humaneditors.
Further a simplecheckof theraw RCV1-v1corpusshovs no documentshataretotally lackingin
codesthoughsomearemissingoneor anotheitype of obligatory code(Section3.5.2).

Onthe secondquestionwe notethatfor eachdocumenta humaneditoralwaysmadethe nal
decisionon the codesto be assigned.Indeed, Table 2 shavs that on average79% of storieshad
at leastoneautocodingdecisionoverruled. This arguesthat, despitethe useof automatedtoding,
RCV1 canbeconsidereca manuallycateyorizedtestcollection.

We believe thatthe only codewhoseautomatedssignmenivasnot checledin this processvas
GMIL, for millennium-relatedstories. This wasautomaticallyassignedpossiblywithout manual
checking,sometimeafterthe periodthe documentsvereoriginally archved. Theremay have been
avery smallnumberof othersuchcodes put we have not found evidencefor this.

3.5 Coding Err ors

The Reuters-suppliethterindexer consisteng datapresentedin Section2.5 suggestsow levels of
disagreementbetweenindexers,andlow levels of simpleerrors. However, therearealsowaysto
studyinterindexer consisteng directly on the collection. We investigatetwo suchmethodsbelow,
aswell asdiscussinga morefundamentadlif culty with the concepiof codingerrors.
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3.5.1 DETECTING CODING ERRORS USING DUPLICATE DOCUMENTS

Oneway to detectcodingerrorsis to take advantageof documentsvhich are duplicatesof each
otherandso presumedlyshouldhave the samecodesassigned.Using a substring-basetheasure,
Khmeler andTeahar(2003)foundatotal of 27,754identicalor highly similardocumentsn RCV1-
v1. They obsenedthat52.3%of suchdocument$iadthe samesetof Topics,80.1%hadthe same
setof Industries,and 86.8% had the sameset of Regions. They suggesthat the percentageof
matchingTopicsis worrisomelylow.

We have donea similar studywhich suggestsesscausefor concern.We identi ed the 14,347
documentsn RCV1-v2whose<headline> and<text> elementsareidenticalto thoseof another
document(ignoring variationsin whitespace).We then computedclassi cation effectivenessfor
eachcatgyorybasedntreatingall copiesof adocumengassupplyingfractionalrelevancgudgments
for thatdocumentFor instancejf therewerethreecopiesof a documenteachwould be evaluated
againstthe othertwo, with eachof the othertwo contributing arelevancegudgmentwith weightO0.5.
We computedheF;.g measurdor eachcategorythatappearedtleastoncein the 14,34 7duplicated
documentsandtook the macroaerageof thesevalues.(SeeSection5.3for thismeasure.)

The resultingmacroaeragedr;.q valueswere 0.69 for Topics (with 102 out of 103 possible
cateyoriesbeingobsenredin the duplicates)0.57 for Industries(262 of 354 cateyoriesobsered),
and0.74for Regions (206 of 366 catgyoriesobsered). Thesevaluesareall higherthanthe best
macro&eragedr.o valuesseenin our experimentqSection8) on cateyorieswith atleastonepos-
itive testexample(0.61 for Topics,0.27for Industriesand0.47for Regions). Soevenif duplicate
documentgave anaccurateneasuraf thelimitationsoninterindexeragreementye arenotreach-
ing this limit.

Further we suspecthatthe duplicateddocumentsave a higherproportionof errorful assign-
mentsthando nonduplicatedlocuments A surprisinglyhigh proportionof duplicateddocuments
have catggory assignmentshat are a supersedf the assignmentsf oneof their duplicates. This
is mostclearin caseswheretherewere exactly two documentswith the same<headline> and
<text> . Therewere6,271suchpairs. Of these 4,182hadsomedifferencein their Topicsassign-
ments,andin 1,8400f thesecasewne setof assignmentss a supersebdf the other For Regions,
967 pairshave somedifference and801 of thesehave a supersetelationship.And for Industries,
1,500pairshave somedifference and1,3280of thesehave a supersetelationship.

The proportionof supersetelationshipseemsigherthanwould be expectedfor independent
indexings of the documentsthougha precisestatisticalmodelis hardto pose. One hypothesis
is thatthe duplicatedocumentsare presenipreciselybecauseneeditor was correctingan assign-
mentproducedby a previous editor (or by the automatedcoder). While therewas an attemptto
remove duplicatedstoriesbeforearchiving, this wasnot doneperfectly so boththe correctedand
uncorrectedrersionsmay have beenarchived. If this wasthe casethenthe disagreementateseen
amongduplicatedstorieswill be muchhigherthanfor independenindexings of storiesin general.

3.5.2 DETECTING CODING ERRORS BY VIOLATIONS OF CODING POLICIES

Anotherapproacho identifying codingerrorscomesfrom knowledgeof Reuterscodingpolicies.
Thereare2,377document$0.29%o0f RCV1-v1)whichviolatetheMinimum CodePolicy by having
eitherno Topic codes(2,364documentspr no Region codes(13 documents).Thereare 14,786
documentg1.8%o0f RCV1-v1l)whichviolatetheHierarcly Policy on Topic codesj.e.,anancestor
of someassignedopic codeis missing.Of the 103 Topic codeshatwereusedfor the RCV1 data,

377



LEWIS, YANG, ROSE, AND LI

21 have at leastonechild in the Topic hierarcly. Eachof these21 codesis missingfrom at least
onedocumento which the Hierarcty Policy saysit shouldhave beenassignedA total of 25,402
occurrencesf these?1 codesaremissingin RCV1-v1.

With respecto Industrycodes applicationof the Hierarcly Policy wasalsoimperfect:

The immediateparentof an 8-charactercodewas automaticallyaddedto the documentin
mostcaseshut thesecasesveremissed:

— Some8-charactercodeswith one or more appearances the corpushad (assuming
we have inferredthe hierarcly correctly) an immediateparentcodethatis not the 6-
charactertruncationof the 8-characteicode. These8-characteicodesare (with par
entshavn in parentheses)1610107(116100),11610109(116100),14752105(147520),
19741102(197400), 19741105(197400), 19741109(197400), 19741110(197400), and
19741112(197400). Three parentsaccountfor thesecaseg116100, 147520, 197400)
andthey areassignedn only 7.1%to 46.6%of documentsontainingthe child code,
dependingntheparticularchild cateyory. This contrastavith essentiallyl00%assign-
mentof parentcodeswhich were6-charactetruncationsof 8-charactecodes.

— A single documentcontainingtwo childrenof 101001is missingl01001itself. This
appeardo be a simpleerror By contrastall 12,782otheroccurrence®f childrenof
101001arein documentghatalsocontainl01001.

No grandparentsr higherlevel ancestoref 8-charactecodesappeato have beenautomati-
cally addednorary ancestoref 6-charactecodes.Thefew casesvherebothacodeandone
of theseotherancestor@reassignedo a documentppeaitto resultfrom a manualeditorial
decisionto assigrboth.

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

In Sectiord we proposeanapproacho correctingtheseerrors wherepossible beforeusingthe
corpusfor experimentajpurposes.

3.5.3 ERRORFUL CODES AND PLAUSIBLE CODES

While Reutersdid computemeasure®f consisteng betweenindexersworking independentlyas
well astraditional effectivenessmeasuredor categorizationsoftware, thesewere not necessarily
the mostimportantmeasuregor them. When evaluatingvendorsfor eventualselectionof a new
automatectategorizationsystem(Section2.6), Reutersuseda measurédasedon the rateat which
a humanexpertactively disagreedvith the codingchoicemadefor the document.Theideais that
therearesomecodesthatplausiblymight be assignear might not beassigned.

In ourexperiencethisis notanunusuaktancdor usersof text classi cationto take. It suggests,
unfortunatelythatwe shouldreally considerthe codespresenin mary corpora(includingRCV1)
to bethosefound necessaryy theindexer, plussome(but not all) of thosefound plausiblebut not
necessaryHow this ambiguityshouldbestbe handledin text classi cationevaluationsis anopen
question.
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4. RCV1-v2: A New Text Categorization TestCollection

Sinceall evidencesuggestshatviolationsof the Hierarcly Policy andMinimum CodingPolicy are
simpleerrors,remaoving theseviolationswherepossiblewill producemoreaccurateresultsin ary
classi cationexperimentamadeusingRCVL1. In this sectionwe describehe proceduresmiecessary
to remove theseerrors. We call theresultingcorrectedext categorizationtestcollectionRCV1-v2
(for version2), while referringto the uncorrecteariginal versionasRCV1-vl.

Thefollowing correctionconvert RCV1-vlto RCV1-v2:

1. Remaove from the corpusthe 13 documentghat violate the Minimum CodePolicy dueto
missingall Region codesandthe 2,364documentghatviolate the policy dueto missingall
Topics. This leavesa total of 804,414documents. Online Appendix7 providesa list of the
IDs of the804,414documentsn RCV1-v2.

2. For eachTopic codepresenin adocumentaddall missingancestor®f the code. This adds
25,402Topic codeassignments.

3. Replacehefour errorful occurrencesf Region codesasdescribedn Section3.2.3.

We appliedthesecorrectiongo the corpusbeforeproducingtheresultsreportedn Section8.

We decidednot to try to correctviolations of the Hierarcty Policy for Industry codes. One
reasoris thatwe areunsureof theexactindustryhierarcly atthetimetheRCV1datawasproduced.
In addition,it is not clearthatthe codingresultingfrom anexpansionwvould actuallybe superiorfor
researctpurposesTherearethreeclasse®f codeso consider:

Leafcodeq(i.e., all 8-charactecodesandsome6-charactecodes).Theirassignmentsould
not beaffectedunderary hierarchicalexpansionscheme.

Non-leaf6-characteccodeswith 8-charactechildren. All but 4 of these6-charactecodes
areassignedn 100%of the casesoneor more of their childrenare present.One (101001)
is missingfrom only oneof the 12,783documentghat containone or more of its children.
The threeremainingcodes(116100, 147520, and 197400) are assignedo a fraction of the
documentgo which their childrenareassignedTheseareexactly the threecodeswherethe
unpaddedodefor the parentis not a truncationof the unpaddedtodefor oneor moreof its
child codesWe donotknow if theassignmentef thesecodeswhicharepresentn thecorpus
represena partially successfuhutomateagssignmenor, corversely anintendedomissionof
automatedassignmenin combinationwith manualdecisionsto assignthe codesin certain
caseslf we modi ed the corpusby assigninghesecodeswhentheir childrenarepresentjt
is unclearwhethemwe would berespectingheintendedsemanticsor washingit out.

Non-leaf 6-characteccodesthat only have 6-charactecchildren. Thereseemso have been
little or no assignmenbf thesecodesbasedon expansionof children. Occurrencesf these
codesappearto correspondo a manualjudgmentthat this codeis appropriate. Automated
expansionwould swamp thesemanualjudgmentswith large numbersof expansion-based
assignmentéup to 100-foldmore),producinganarguablylessinterestingclassi cationtask.

We thereforedecidednot to attempthierarchicalexpansionof Industrycodes.This meanghat
somenon-leafindustrycateyories(6-charactecodeswith 8-charactechildren)have “Other + ex-
pansion”semanticssome(116100,147520,and197400)have unclearsemanticsandtherestappar
ently have pure“Other” semantic§Section3.2.1).
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4.1 Availability of RCV1-v2 Data

Online Appendix 7 givesthe completelist of RCV1-v2 documentDs. The completesetsof cor-
rectedRCV1-v2cateyory assignmentareprovidedin Online Appendices8, 9, and10. In addition,
two versionsof the completesetof RCV1-v2 documentdn vectorform are provided as Online
AppendicegseeSection?).

5. Benchmarking the Collection: Methods

An importantpartof thevalueof a machingearningdatasetis the availability of publishedbench-
markresults.Amongotherthings,goodbenchmarkesultssene to ensurehatapparentlysuperior
new methodsarenotbeingcomparedo arti cially low baselinesWethereforeranthreeof themost
popularsupervisedearningapproachesn the RCV1-v2 data,bothto provide sucha benchmark,
andasa checkthatour correctiongo thedatadid notintroduceary nev anomalies.

5.1 Training/TestSplit

We splittheRCV1-v2documentghronologicallyinto atrainingset(articlespublishedrom August
20, 1996to August31, 1996; documentiDs 2286to 26150)andtestset(Septembed, 1996to
August19, 1997;documentDs 26151to 810596). The resultis a split of the 804,414RCV1-v2
documentsnto 23,149trainingdocument&nd781,265estdocumentsWe call thisthe LYRL2004
split. (NoticethatID orderdoesnot alwayscorrespondo chronologicalorderin eitherRCV1-vl
or RCV1-v2,sochronologicaksplitsin generakhouldbe basedon the datetagin the <newsitem>
elementnoton|Ds.)

The chronologicalboundarywe usedis the sameusedin the TREC-10/2001 Itering track
(Robertsorand Soborof, 2002). However the TREC-10/2001Itering track usedthe raw RCV1
data(806,791uncorrectedRCV1-v1l documentsplit into 23,307training documentsand 783,484
testdocumentsandraw cateyory labels,sothe TREC resultsarenot comparablavith ours.

A chronologicabplit, ratherthanarandomone,is realisticsincethe majority of operationatext
catgyorizationtasksrequiretraining on currentlyavailable material,andthenapplyingthe system
to materialthatis receved later. A chronologicalsplit alsoreduceghe tendeng of duplicateand
nearduplicatedocumentso in ate measure@ffectivenessThechronologicabreakpointve chose
hasthe advantageof giving almostall Topic cateyoriestwo or moretraining examples,while still
retainingmostof a completeyearastestdata.

5.2 Categories

We provide benchmarkdataon all categyoriesthat evidenceindicateswere available to Reuters
indexers, eventhosewith few or no positive examples. Thereare 103 Topic cateyories,101 with
oneor morepositive trainingexamplesonourtrainingset.All 103(includingall the101,0bviously)
have oneor morepositive testexampleson our testset. Thereare354 Industrycatayories,313with
positive trainingexamplesand350(includingall of the313)with positive testexamples.And there
are 366 Region cateyories,228 with positive training examplesand296 (including all of the 228)
with positive testexamples.(All countsarethe samefor RCV1-vi,if thefour invalid assignments
of threeinvalid Region categyoriesin RCV1-vlareignored.)
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5.3 EffectivenesdMeasures

We measurethe effectivenessof a text classi er on a single category with the F, measurgvan
Rijsbegen,1972,1979;Lewis, 1995):

R = (b*+ DA
~ (b2+ 1)A+ B+ b2C’

whereA is the numberof documents systemcorrectlyassigngdo the cateyory (true positves),B
is the numberof documentsa systemincorrectlyassigndo the catgyory (falsepositives),andC is
the numberof documentghat belongto the categyory but which the systemdoesnot assignto the
catgyory (falsenggatives). We reportvaluesfor b = 1.0, which correspondso the harmonicmean
of recallandprecision:

: 2A _ 2RP

" 2A+B+C R+ P’

whereR is recall,i.e., A/(A+C), andPis precisionj.e., A/(A+B).
TheF-measuraspresente@bove is unde nedwhenA= B= C= 0. Theexperimentgeported
heretreatF;.g asequalto 0:0 in this case thougha strongargumentcould be madefor a value of
1.0 insteadpr possiblyothervalues(Lewis, 1995).
To measureffectivenessacrossa setof catejorieswe useboththe macioaveage (unweighted
meanof effectivenessacrossll catgyories)andthe microavemlge (effectivenessomputedrom the
sumof percateyory contingeng tables)(Lewis, 1991;Tague, 1981).

I:1:0

6. Benchmarking the Collection: Training Algorithms

We benchmarkd threesupervisedearningapproacheshat have beenwidely studiedin text cat-

egorizationexperiments:supportvectormachinegdSVMs) (Joachims1998), weightedk-Nearest
Neighbor (k-NN) (Yangand Liu, 1999), and Rocchio-stylealgorithms(lttner, Lewis, and Ahn,

1995; Yang, Ault, Pierce,andLattimer, 2000;Ault andYang,2002). We describethesecore su-

pervisedearningalgorithmsbelow, aswell asthe supervisedhresholdsettingandfeatureselection
proceduresisedwith someof them.

6.1 SVM

SVM algorithms nd alineardecisionsurface(hyperplanewith maximummaigin betweent and
the positive and the negative training examplesfor a class(Joachims1998). SVMs using non-
linear kernelfunctionsare also possible,but have not shavn a signi cant advantagein pasttext
catgyorizationstudiesandarenotinvestigatedhere.

SVMs have outperformeccompetingapproachem a numberof recentext cateyorizationstud-
ies, but therehasbeensomesuggestiorthatthey choosea poordecisionthresholdwhenthe num-
bersof positive andnegative examplesarevery different,asthey arefor low frequeny cateyories
in randomor systematiccamplesof documentg§ZhangandOles,2001). We thereforeusedin our
baselineswo SVM variantsthatadjustfor category frequeng:

SVM.1: A single SVM classi er was trainedfor eachcateyory. SVM training usedthe
SVMLLight (Joachims,1998,1999, 2002) package version3.50. All parametersvere left
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atdefaultvalues.This meant,n particular thatwe usedalinearkernel(by leaving -t unspec-
i ed), equalweightingof all exampleswhetherpositive or negative (by leaving -j unspeci-
ed), andsetthetradeof C betweertrainingerrorandmaurgin to thereciprocalof theaverage
Euclideamormof trainingexamplegby leaving -c unspeci ed).Sincewe wereusingcosine-
normalizedtraining examples Jeaving -c unspeci edmeantC wassetapproximatelyto 1:0.
SVM.Light wasusedto producescoringmodels but the SVM Light thresholdsverereplaced
with oneschoserby the SCutFBR.lalgorithm(Section6.4).

SVM.2: In thisapproachLewis, 2002),SVM.Light, version3.50,wasrun multiple timesfor
eachcategory, oncefor eachof thesesettingsof its -j parameter0.1,0.2,0.4,0.6,0.8,0.9,
1.0,1.25,1.5,2.0,3.0,4.0,6.0,8.0,10.0,and 15.0. The -j parametercontrolsthe relative
weightingof positive to negative examplesin choosingan SVM classi er, andthusprovides
away to compensatéor unbalancedlassesl eave-one-outcross-alidation(LOO) (turned
on by SVMLight's -x 1 parameterwas usedto computea training set contingeng table
correspondingo eachsettingof -j. All otherSVM.Light parametersvereleft attheir default
values.

For eachcategory, the F1.g valuefor eachsettingof -j wascomputedirom its LOO contin-
geng table.The-j settinggiving the highestLOO-estimated1.o for a cateyory wasselected
for thatcategory. (In caseof ties, the valueof -j closestto 1.0 wasused,with -j valuesless
than 1.0 replacedby their reciprocalswhencomputingclosenesslf a value had beentied
only with its reciprocalfor bestandclosestwe plannedio choosehevaluegreaterthan1.0,
but this situationdid not arise.)

As expectedthealgorithmtendedo choosevaluesof -j thatgave additionalweightto positive

examples.Thevalue0.8 waschoseroncefor -j, 1.0waschosen ve times,1.25waschosen
eighttimes,1.5waschoserlltimes,2.0waschoser27 times,3.0waschoser27 times,4.0

waschosenl? times,6.0waschoserfour times,and8.0waschoseronce.

A nal classi er wastrainedon all training datafor the catgyory usingthe chosersettingof
-j. Thethresholdchoserby SVM.Light basedon the selectedsettingof -j wasusedasis for
thatcatgyory (SCutFBR.Iwasnotused).Dueto its expense SVM.2 wastried only for Topic
catayories.

SVM.2 wasthetop-ranked approachn the batch Itering androutingtasksin the TREC-10
evaluation(RobertsorandSoborof, 2002).

6.1.1 PARAMETER TUNING

The SVM.1 approacthadonefree parameterthe valueof fbr in the SCutFBR.1thresholdsetting
algorithm (Section6.4). We comparedhe values0.1,0.2,0.3,0.4,0.5,0.6, 0.7, and 0.8 for fbr
using ve-fold cross-alidationon the training setand picked the bestvaluefor eachcateyory set
(Topics, Industries,Regions) and effectivenessmeasurgmicroaveragedr;.o and macro&eraged
F1.0). (Notethis ve-fold cross-alidationloop calledthe SCutFBR.IJprocedurewhichin turnused
its own ve-fold cross-alidationinternally) The nal classi ersfor eachcatayory in a cateyory
setwerethentrainedusingall training dataand the chosenfbr value for their cateyory setand
effectivenessneasure.
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The SVM.2 algorithmitself incorporateduning of its only free parametei(-j) so no outside
tuning was needed. Given the robustnessf SVMs to high dimensionalfeaturesets,no feature
selectionwasusedwith eitherof the SVM algorithms.

6.2 k-NN

Weightedk-NN (k-neaestneighboj classi ers have beenconsistentlystrongperformersin text
cateorizationevaluations(Yang,1999; YangandLiu, 1999). Thevariantwe usedherechoosesas
neighborsof atestdocumentthek training documentghat have the highestdot productwith the
testdocumentThen,for eachcateyory, thedot productsof theneighbordelongingto thatcateyory
aresummedo producethe scoreof the cateyory for thedocumentThatis, the scoreof cateyory c;
with respecto testdocument (a vectorof termweights)is

sci;® = a cogxd) I(d;c));
a2 Re()

whered is atraining document;Rx (%) is the setconsistingof the k training documentsearesto
%, and|l(d;c;) is indicatorfunction whosevalueis 1.0if d is a memberof categyory c;j, and0.0
otherwise Sincex andd werenormalizedto have Euclideamormof 1.0,their dot productis equal
to the cosineof the anglebetweenthem, so we write the dot productascogx; @). The resulting
scoreis thencomparedo the categyory thresholdo determinenvhetheror notto assigrthe cateyory
to thetestdocumentThresholdsverechoserby SCutFBR.1(Section6.4).

Thek-NN methodis moresensitve to nonreleantfeatureshanSVMs are,sothe vectorsused
with it rst hadfeatureselectionapplied(Section6.5).

6.2.1 PARAMETER TUNING

Thek-NN algorithmhadthreefree parameterdbr, k (neighborhoodize),andthe featuresetsize.
Five-fold cross-alidationon thetrainingsetwasusedto selectvaluesfor theseparameterfor each
catgyory setandeffectivenessneasureThefollowing valuesweretried:

for: 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 combinationof valuesweretried. Insteadparameteralueswere rst initial-
izedto defaults:0.3for fbr, 50for k, andthenumberof termswith nonzerovaluesin thetrainingset
(47,152terms)for featuresetsize. Thenoneparametevalueat a time wasoptimizedwhile holding
theothers x ed: rst k (holdingdefaultfor andfeaturesetsize x ed),thenfeaturesetsize(holding
thechoserk anddefaultfbr x ed),and nally fbr (holdingthe choserk andchoserfeaturesetsize
x ed). Table3 shavsthek-NN parametewralueschoserby this cross-@lidationprocess.

6.3 Rocchio-StylePrototype Classi er

The Rocchiomethodwasdevelopedfor queryexpansionusingrelevancefeedbackn text retrieval
(Rocchio,1971;SaltonandBuckley, 1990). Applied to text classi cation,it computesa prototype

383



LEWIS, YANG, ROSE, AND LI

Parameters
Neighborhood
Effectiveness|| Features| size
Categyory Set | Measure selected (k) for
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: Parametershosenby cross-alidationfor our weightedk-NN algorithm, for eachof the
six combinationf cateyory setandaveragedeffectivenessneasure.

vectorfor eachcateory asa weightedaverageof positive and negative training examples(lttner,
Lewis, andAhn, 1995).

Our Rocchioprototypefor categyory c; was

1 o 1 o
PO=x5 A & G575 a o
IDE)i yopey DB 400
whered; is atrainingdocumentD(c;) andD(&) are,respectiely, the setof positive andnegative
trainingexamplesfor categyory cj; andgis theweightof the negative centroid.

Marny enhancementlave beenproposedo the original Rocchioalgorithm (Schapire Singer
andSinghal,1998;Ault andYang,2002).We usedonly thefollowing ones:

1. Aswith k-NN, we doaninitial featureselectiorfor eachcategyory setandaverageceffective-
nessmeasureysingthe c?_maxcriterion (Section6.5).

2. We thendo afurtherfeatureselectionon a percateyory basisby zeroingout all but the pmax
largestnonzerocoefcients in the Rocchiovector This keepsall positive coefcients before

ary negative ones. It is uncommon put possible for negative coefcients to remainin the
Rocchiovectorafterthis procedure.

3. TheRocchioalgorithmproducesa scoringmodelonly. We choosea thresholdfor this model
usingthe SCutFBR.lalgorithm(Section6.4).

6.3.1 PARAMETER TUNING

Our modi ed Rocchioalgorithmhadfour free parameterstbr, g, pmax andthe featuresetsize.
However, preliminary experimentson the training datafor Topicsshaved thatthe choiceof pmax
hadlittle impacton effectiveness. A value of 3000for pmax wasfound to be bestin the Topics
run, andsowasusedin all runsfor all catgyory setsandeffectivenessmeasuresFive-fold cross-
validation on the training datawas usedto selectvaluesfor the otherthree parametergor each
category setandeffectivenessneasureThefollowing valuesweretried:
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Parameters
Features| Nonrelezant

Initial retained| centroid

Effectiveness|| features| in model weight
Catgyory Set | Measure selected| (Pmax 9 for
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: Parameterghoserby cross-alidationfor ourmodi ed Rocchioalgorithm,for eachof the
six combinationf catgyory setandaveragedeffectivenesaneasure.The value of pmax
waschosenn aninitial run on Topics,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 thethreeparameterto default values(0.3for fbr, 1 for g, and
47,152for featuresetsize),andthenoptimizedoneparameteatatime: rst g thenfeaturesetsize,
and nally fbr. Theselectedpbarameteraluesareshavn in Table4.

6.4 Supervised ThresholdSetting

Eachof our algorithmsproducesfor eachcateyory, a modelthatassignsscoreso documents.To
usethesemodelsfor classi cation,we usethe SCutstrat@y (Yang,2001),i.e., simply associating
a thresholdvalue with eachcateyory, and assigningthe category to a documentwhenthe score
for that cateyory exceedghethreshold.Othercateyory assignmenstratgies(Yang,2001)besides
SCutwereevaluatedon the training data,but Scutwasconsistentlysuperiorsoonly it wasusedto
produceclassi ersevaluatedonthetestdata.

The SVM.2 algorithmincorporatests own methodfor choosinga thresholdto be usedin the
SCutapproachTheothercoretrainingalgorithms(SVM.1, k-NN, andRocchio)wereusedto train
scoringmodels. Thresholdsfor thosescoringmodelswere found by wrappingthe core training
algorithmwithin Yang's SCutFBR.lalgorithm(Yang,2001). The .1 refersto the rank of the val-
idation documentwhosescorebecomeghe thresholdif the cross-alidatedthresholdgives poor
estimatecdeffectivenesgseebelow). The core SCutFBRalgorithmcanbe usedwith otherfallback
ranksaswell (Yang,2001).

SCutFBR.1luses ve-fold cross-alidationwith randomassignmendf documentgo folds (i.e.,
no balancingof positive andnegative examples).In eachfold, a scoringmodelwastrainedon four-
fths of the dataandits thresholdwastunedontheremainingone- fth. If thetunedthresholdgave
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anFp.¢ valuelessthanaspeci ed minimumvaluefbr, thenthatthresholdwvasreplacedy the score
of the top-ranled validationdocument. The nal thresholdfor the catayory is the averageof the
thresholdsacrosghe vefolds.

6.5 SupervisedFeature Selection

Our text representatiompproachproduceda setof 47,236features(stemmedwords), of which
47,152occurredn oneor moretrainingsetdocument@ndsopotentiallycouldbeincludedin clas-
si ers (Section7). Two of thealgorithmsstudied k-NN andRocchio,areknowvn to besigni cantly
hamperedy irrelevantfeatures.Featureselectionbasedon labeleddatawas usedwith thesetwo
algorithms. A separatdeaturesetwas chosenfor eachcombinationof algorithm (k-NN or Roc-
chio), categgory set(Topics,Industries or Regions),andeffectivenessneasurgdmicroaveraged-1.o
or macroa&eragedr;.g).

The featureset for a combinationwas chosenby rst ranking the 47,152featuresby their
c?_maxscore(YangandPedersen] 997; Rogati and Yang,2002)with respecto the cateyory set.
To computethis scorewe rst separatelyomputethe c? statistic(Altman, 1991, Section10.7)for
thefeaturewith respecto eachcateyory in the cateyory set:

5 n(ad bc) _
¢ = @ro)a+ oo+ dy(ct d)’

wherenis thetotalnumberof exampleausedn calculatingthestatistic,a is thenumberof examples
with both the featureandthe catayory, b is the numberof exampleswith the featureand not the

cateory, c is thenumberof exampleswith the category andnot thefeature andd is the numberof

exampleswith neitherthefeaturenor the category.

The features c2_max scoreis the maximumvalue of the ¢? statisticacrossall categoriesin
the catayory set. Note that the useof c?_max featureselectionmeansthat training datafrom all
catgyoriesin a catayory setin uencesthe setof featuresusedwith eachindividual catgyory in the
set.

The c?_max scoreproducesa ranking of all featuresfrom bestto worst. To choosea feature
set,we thenhadto choosea sizefor the featuresetto know how far down thatrankingto go. This
wasdoneby evaluatingeachof 23 correspondindeaturesetsusing ve-fold cross-alidationonthe
trainingdata,andpicking the best(Sections.2.1and6.3.1).

7. Benchmarking the Collection: Text Representation

The samesetsof training andtestdocumenfeaturevectorswereprovidedto eachalgorithm. The
featurevectorfor adocumeniwasproducedrom the concatenatiomwf text in the<headline> and
<text> XML elements. It is importantto note that the <title>  elementof RCV1 documents
containsa “country code” string that was semi-automaticallynserted,possiblybasedon the Re-
gioncodes.Thec<title> elementshouldthereforenot be usedin experimentgredictingcatejory
membership(The<headline> elementwasaddedby Reutersduringthe productionof the RCV1
corpus.It containghe sametext asthe<title>  elementhut stripsoutthe countrycode.)

Text wasreducedto lower casecharactersafter which we appliedtokenization,punctuation
removal and stemming,stopword removal, termweighting, featureselection,andlengthnormal-
ization,asdescribedelow.
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We de nedtokensto bemaximalsequencesf nonblankcharactersTokensconsistingpurelyof
digits werediscardedaswerewordsfoundon the stopword list from the SMART system(Salton,
1971). Thelist is found at ftp://ftp.cs.cornell.edu/pub/smart/english.stapdwe alsoincludeit as
Online Appendix11.

The remainingtokens were stemmedwith our own implementationof the Porter stemmer
(Porter,1980). Our implementationdid considerablgpunctuationremoval aswell as stemming.
As the authorof the PorterstemmerhasdiscussedPorter,2003)it is very rarefor two implemen-
tationsof the Porterstemmetto behae identically To enablereproducingour results we therefore
provide our stemmedokensin Online Appendix12, asdiscusseatthe endof this section.

Documentvectorsbasedn the stemmedutputwerethencreatedwith eachcoordinateof the
vectorscorrespondingo a uniqueterm (stemmedword). Only termswhich occurredin one or
moreof the 23,307RCV1-v1documentdalling beforeour chronologicalbreakpointwere usedin
producingvectors.Termswhich hadtheir only occurrenceg post-breakpointiocumentgi.e., our
testdocumentsylid not affect vectorformationin ary way. In particulay they werenot takeninto
accouniduringcosinenormalization(belaw).

We hadintendedto useonly our training set(the 23,149pre-breakpoinRCV1-v2 documents)
for featurede nition, notall 23,307pre-breakpoinRCV1-vldocumentsTheeffectof accidentally
including stemsfrom thesel58 additionaldocumentsn documentvectorsis that a few features
whosevalueis 0.0on all of ourtrainingdocument@renonethelesallowedto have nonzerovalues
in testdocuments(Exceptfor wordsin thesel58documentswordsthatshov upin thetestsetput
not the training set,do not participatein ary vectors.) Theseadditionalfeatureswill occasionally
have nonzerovalueson testdocumentsthusslightly impacting(throughcosinenormalization)the
valueof theotherfeaturesTheimpacton overall resultsshouldbe negligible. No labelinformation
from thesel58 mistalendocumentsvasused.

The numberof uniquetermspresentin the 23,307 pre-breakpoinRCV1-v1 documentsvas
47,236. Of these,only 47,2190ccurin RCV1-v2 training and/ortestdocumentsso 47,219is
sizeof thecompletefeaturesetfor RCV1-v2. Of these47,219%terms,only 47,152have oneor more
occurrences theRCV1-v2trainingset,andsowereavailableto beincludedin classi ers. Average
documentengthfor RCV1-v2documentsvith our text representatiois 123.9terms,andaverage
numberof uniquetermsin adocumenis 75.7.

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

Wy(t) = (1+ logen(t;d)) loge(iDj=n(t));

wheren(t) is the numberof documentghatcontaint, n(t;d) is the numberof occurrencesf term
t in documentd, andjDj is the numberof documentausedin computingthe inversedocument
frequeng weights(idf weights).

The idf weightsusedwere computedfrom all 23,307RCV1-v1 documentsvhich fall before
ourchronologicabreakpointnotjustthe23,149RCV1-v2documentsve usedfor training. Again,
while unintentionalthis alegitimateuseof additionalunlabeleddata.Only the documentext from
theadditionaldocumentsvasused hottheircodes.Theresultingidf valuesarein mostcasesalmost
identicalto theintendedones.

For the k-NN and Rocchioalgorithms(but not SVM.1 and SVM.2) we then appliedfeature
selectiorto thevectorsasdescribedn Section6.5. Thisimplicitly replacedvgy(t) with vvg(t), where
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wi(t) wasequalto wy(t) for featureschoserby featureselectionbut equalto 0:0 for nonselected
features.

Finally, ltc weightinghandledifferencesn documentengthby cosinenormalizingthefeature
vectors(normalizingthemto have a Euclideamormof 1.0). Theseresulting nal weightswere

Wi
Auwh) Wi

wilt) = p

Sincecosinenormalizationwasdoneafterfeatureselection boththe setof nonzerofeaturevalues,
andthefeaturevaluesthemseles,differ amongtheruns.

Despitebeingfairly straightforvard by IR standardswe recognizethatthe above preprocess-
ing would be nontrivial to replicateexactly. We thereforehave madethe exact datausedin our
experimentsavailablein two forms.

Online Appendix12 containsdocumentghat have beentokenized,stopworded,andstemmed.
Online Appendix 13 containsdocumentsn nal vectorform, i.e., asltc weightedvectors. No
featureselectiorhasbeendonefor thesevectorsj.e., they areasusedfor SVM trainingandtesting.
(And thusaredifferentfrom thoseusedwith k-NN andRocchio,sincethosehadfeatureselection
applied.)Online Appendix13 usesnumericterm IDs ratherthanthe string form of words. Online
Appendix14 givesthe mappingbetweerthe numericterm|Ds andstringforms.

The vectorsin Online Appendix 13 are basedon termsthat occurredin our pre-breakpoint
documentsand so shouldonly be usedin experimentsbasedon the sametraining/testsplit as
in this paper In contrast,the tokenizedrepresentations1 Online Appendix 12 containall non-
stopwords,andso canbe usedwith ary training/testsplit. Online Appendix12 will be preferable
for mostpurposes.

ReutershasagreedRose,2002; Whitehead2002)to our distribution of thesetokenandvector
les without a licenseagreement.We neverthelessstrongly encourageall usersof these les to
licensetheof cial RCV1 CD-ROMs (seethe Acknowledgmentsectionatthe endof this paperfor
details).

8. Benchmarking the Collection: Results

Tables5 and 6 give microareragedand macroaeragedvaluesof Fi.g for the four classi cation
methods threecatayory sets,andthreesubsetof eachcatayory set. The resultslargely con rm
paststudies:SVMs aredominant,weightedk-NN is competitve, andthe Rocchio-stylealgorithm
is a plausiblebut lagging strav man. The choice of averaging,catejory set, and effectiveness
measuraffectsabsolutescoresbut rarelythe orderingof approaches.

We provide not only the averageddataof Tables5 and6, but alsothe full testsetcontingeng
tablesfor eachcategory as Online Appendix 15. This allows computingalternateeffectiveness
measure$or our classi ers,recognizingof coursethatthe classi ersweretrainedto optimizeFy..

For example, one might feel that only leaf nodesof the Topic hierarcly shouldbe usedfor
evaluation,sinceassignmentsf internalnodesare partially basedon automatedxpansionof leaf
assignmentsAveragedeffectivenesaneasuresisingonly leaf catggoriescould be computedrom
our contingeng tables.
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Category Set | 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(microaveragedF;.g) of classi ers trained with four supervisedearning
algorithms, with parametersettingschosento optimize microareragedF;.p on cross-
validationfolds of thetraining set. Classi ersweretrainedon our RCV1-v2training set
(23,149documentspndtestedon our RCV1-v2testset(781,265documents) The com-
putationallyexpensve SVM.2 algorithmwasrun only on Topics. Separaténicroaverages
arepresentedor cateyorieswith oneor moretraining setpositive examples(all of which
also have one or moretestset positive examples),catgorieswith one or moretestset
positive examplesbut no training setpositive examples andall cateyories. The numberof
catgyoriesin eachsubseis shovn in parentheses.

Cateyory Set | 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(macroaeragedFi.g) of classi ers trainedwith four supervisedearning
algorithms, with parametersettingschosento optimize macroaeragedFi.o on cross-
validationfolds of thetrainingset. Otherdetailsareasin Table5.
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8.1 Micr oaveraging vs. Macroaveraging

Microaveragedmeasuresredominatedoy high frequeng cateyories.For RCV1, this effect varies
amongthe catgory sets. For Topics, hierarchicalexpansionin ates the frequeng of all non-
leaf catggories. Non-leaf catgyoriesaccountfor only 20% (21/103)of Topic cateyoriesbut 79%
(2,071,530 2,606,875)pf all Topic codeassignmentsThefour top level Topic cateyories(CCAT,
ECAT, GCAT, andMCAT) aloneaccountfor 36% (945,334/ 2,606,875)f all Topic assignments.
Thus, microaveragedscoresfor Topicslargely measureeffectivenessat broad, perhapdessinter-
esting,contentdistinctions.In contrasthierarchicakexpansiorfor Industrycateyoriesaffectedonly
afew cateyories,andRegionsunderwenino hierarchicalexpansionat all. The mostfrequent(and
thusdominant)cateyoriesfor IndustriesandRegionsarenot necessarilfthe semanticallybroadest
cateyories.

Macroaveraging,on the otherhand,givesequalweightto eachcateyory, andthusis dominated
by effectivenesson low frequeng catejories. For Topics and Industriesthis is largely the leaf
catgyoriesin eachtaxonomy thus categyorieswith narrav meanings.For Regions, narravnessof
meanings lesstheissuethandegreeto whichtheparticulargeographi@ntityis coveredin thenews.
Macroarerageceffectivenessor Regionsis dominatedy categoriescorrespondingo countrieghat
arediscusseanly infrequentlyin internationahews.

8.2 Averaging Over Categorieswith No Positive Examples

Pastresearcthasvariedin how categyorieswith no training or testexamplesare handledin mea-
suringtext cateyorizationeffectiveness.We include averagesover all cateyories,over cataories
with at leastone positive training example,and over catgyorieswith at leastone positive training
examplesandat leastonepositive testexample. (For our training/testsplit of RCV1-v2therewere
no catgyoriesthathadoneor morepositive trainingexampleshut zeropositive testexamples.)Each
averages usefulfor differentpurposes:

Averaging over all categories: This bestre ects the operationatask. Suchanaverages also
themostappropriatdor comparisonsvith knowledge-basedndstring-matchingpproaches,
sincethesecanbe usedevenon cateyorieswith no positive trainingexamples.

Averaging over categgorieswith oneor mote positivetestexamples:This factorsout the im-
pactof choosingan arbitraryvalue (0.0 in our case)for F1.o whenthereareno positive test
exampleg(Section5.3). This impactcanoccasionallybelarge. For instancemacroaeraged
effectivenessgures for Regionson RCV1-v2 are strongly affectedby whethercateyories
with no positive testexamplesareincludedin the average(Table6).

Averaging over categorieswith oneor more positivetraining examples: This is appropriate
whenthe primarygoalis researclon supervisedearningmethods.

8.3 Effectivenesson Individual Categories

Past text cateyorizationresearcharguably has overemphasizedverageeffectiveness. This was
partly a necessity With the widely usedModApte split of Reuters-21578he medianfrequeng
Topic categyory (of 135 Topic categyoriesde ned on that collection) hasonly threetestsetoccur
rencessoaveragingwasnecessaryo produceeffectivenessgures thatwereatall accurate.
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F1 vs Category frequency on 103 topic categories
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Figure2: TestsetF;. for four classi er approachesn 103RCV1-v2 Topic catgories.Catejories

aresortedby training setfrequeng, which is shavn on the x-axis. The F1.¢ valuefor a
categyory with frequeng x hasbeensmoothedby replacingit with the outputof a local
linearregressiorovertheinterval x  200to x+ 200.
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In contrastthe medianfrequeng Topic cateyory for ourtestsethas?7,250testsetoccurrences:
biggerthanthe entireModApte testset. Only threecateyorieshave fewer than 100 testsetoccur
rencesso catejory-level effectivenessgures aremoremeaningful.

Figure2 shovs smoothedr;.o valuesfor ourfour classi ertrainingapproachesnthe 103 Topic
catgyories, sortedby training set frequeng of the catggory. While smoothingaids comparison
acrosgheclassi ers,it hidesagooddealof catgjory-to-catgory variation. Figure3 insteadshavs
raw Fy.o valuesfor the SVM.1 approacton all threecateyory sets.

Sinceourfocusis methodologicalve make only afew obsenationson this data:

Effectivenesgenerallyincreasesvith increasinglassrequeng, but thecatejory-to-catgory
variationis very large (Figure 3). This variationhasbeennotedfor previous collections,but
the large size of RCV1 givesmorecon dencein this obsenation. Further someof the de-
creasean variationattheright of thegraphresultsfrom thefactthatevenapoorclassi cation
onahighfrequeng cataeyory canyield a moderatelyhigh F-measurevalue(Lewis andTong,
1992). For instance the mostfrequentTopic catgyory hasa testsetfrequeny of 0:465. A
classi erthatsimply assignedll testdocumentso this cateyory would have anF1.g of 0:635.

AmongthetestedapproachessVM classi ersandin particularSVM.1 classi ers,aredomi-
nantat all cateyory frequenciesThis facthasbeenobscuredn someprevious SVM studies,
which restrictedexperimentsto a small setof high frequeng cateyoriesor presentednly
microaveragedeffectivenessneasures.

The SCutFBR.lapproacho thresholduningfor SVMs (SVM.1) is asgoodor betterthanthe
more computationallyexpensve leave-one-ouprocedurg SVM.2). Interestingly it appears
thatthedifferencen the effectivenesof SVM.1 andSVM.2 largely resultsfrom their choice
of thresholdratherthan from the orientationof the resulting hyperplanes. We did a test
(resultsnot reportedhere)in which we setboth SVM.1 and SVM.2 classi ersto their test
set optimal thresholds,and found the resulting effectivenessto be almostidentical. This
similarity of effectivenesds somevhat surprising,since SVM.2 often choosedyperplanes
with substantiallydifferentorientationsthanthosechosenby SVM.1. We found the angle
betweenthe normalsof the SVM.1 and SVM.2 hyperplanegqthe inversecosineof the dot
productof weightvectorsnormalizedio have Euclideanmnormof 1.0), averagedver the 103
Topic cateyories,to be 19.6degrees.

We nd somesupportfor previous suggestiongSchapire,Singerand Singhal, 1998) that
Rocchio-stylealgorithmsareattheirbestwhenrelatively few positve examplesareavailable,
thoughin all caseghey lag the othermethodgested.An interestingavenuefor future work,
now possiblewith RCV1, would be teasingapartthe impactof category narrovnessvs. the
numberof positive trainingexamplessupplied(perhapsisingstrati ed sampling).

9. Summary

Researchin machinelearningis heavily driven by available datasets,andsupervisedearningfor
text cateyorizationis no exception. We believe RCV1 hasthe potentialto supportsubstantiate-
searchadvancesdn hierarchicalcateyorization,scalingof learningalgorithms effectivenesson low
frequeng catgories,samplingstratgies,andotherareas As of Januarys, 2004,the collectionhad
beendistributedby Reuterdo 520groups suggestingt is likely to bewidely used.
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We hopethatby documentinghe dataproductionprocessthe natureof thecoding,andtheim-
pactof theseontheresultingtestcollection,we have contributedto the usefulnessf the collection.
Someof theinsightsheremay alsobe of useto thoseproducingfuture testcollectionsandmanag-
ing real-world text classi cationsystemsFinally, we hopethatour benchmarldatawill encourage
replicability andtransparengin futuretext catgorizationresearch.
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