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Abstract

We describe an approachto two areas of
biomedicalinformationextraction,drugdevel-
opmentandcancergenomics.We have devel-
opedaframework whichincludescorpusanno-
tationintegratedat multiple levels: a Treebank
containingsyntacticstructure,aPropbankcon-
taining predicate-argumentstructure,and an-
notationof entitiesandrelationsamongtheen-
tities. Crucial to this approachis the proper
characterizationof entitiesasrelationcompo-
nents,whichallowstheintegrationof theentity
annotationwith the syntacticstructurewhile
retainingthe capacityto annotateand extract
more complex events. We are training statis-
tical taggersusingthis annotationfor suchex-
tractionaswell asusingthemfor improving the
annotationprocess.

1 Intr oduction

Work over the last few yearsin literaturedatamining
for biologyhasprogressedfrom linguisticallyunsophisti-
catedmodelsto theadaptationof NaturalLanguagePro-
cessing(NLP) techniquesthat usefull parsers(Park et
al., 2001;Yakushiji et al., 2001)andcoreferenceto ex-
tract relationsthat spanmultiple sentences(Pustejovsky
et al., 2002; Hahn et al., 2002) (For an overview, see
(Hirschmanetal.,2002)).In thiswork wedescribeanap-
proachto two areasof biomedicalinformationextraction,
drugdevelopmentandcancergenomics,that is basedon
developinga corpusthat integratesdifferentlevelsof se-
manticandsyntacticannotation. This corpuswill be a
resourcefor trainingmachinelearningalgorithmsuseful
for information extraction and retrieval and other data-
mining applications. We are currently annotatingonly

abstracts,althoughin thefutureweplanto expandthis to
full-text articles.We alsoplanto makepublicly available
thecorpusandassociatedstatisticaltaggers.

We arecollaboratingwith researchersin the Division
of Oncologyat TheChildren’s Hospitalof Philadelphia,
with thegoalof automaticallymining thecorpusof can-
cer literature for thoseassociationsthat link specified
variationsin individual geneswith known malignancies.
In particularwe areinterestedin extractingthreeentities
(Gene,VariationEvent, andMalignancy) in the follow-
ing relationship:GeneX with genomicVariationEvent
Y is correlatedwith Malignancy Z. For example,WT1is
deletedin WilmsTumor#5. Suchstatementsfoundin the
literaturerepresentindividualgene-variation-malignancy
observables. A collection of such observablesserves
two important functions. First, it summarizesknown
relationshipsbetweengenes,variation events,and ma-
lignanciesin the cancerliterature. As such, it can be
usedto augmentinformationavailablefrom curatedpub-
lic databases,aswell asserve asan independenttestfor
accuracy andcompletenessof suchrepositories.Second,
it allowsinferencesto bemadeaboutgene,variation,and
malignancy associationsthatmaynot beexplicitly stated
in the literature,both at the factandentity instancelev-
els.Suchinferencesprovidetestablehypothesesandthus
futureresearchtargets.

The other major areaof focus, in collaborationwith
researchersin the Knowledge Integration and Discov-
ery SystemsgroupatGlaxoSmithKline(GSK), is theex-
tractionof informationaboutenzymes,focusinginitially
on compoundsthataffect the activity of the cytochrome
P450(CYP) family of proteins.For example,thegoal is
to seea phraselike

Amiodarone weakly inhibited CYP2C9,
CYP2D6, and CYP3A4-mediatedactivities
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with Ki valuesof 45.1–271.6���
andextractthefacts

amiodarone inhibits CYP2C9 with
Ki=45.1-271.6

amiodarone inhibits CYP2D6 with
Ki=45.1-271.6

amiodarone inhibits CYP3A4 with
Ki=45.1-271.6

Previouswork at GSK hasusedsearchalgorithmsthat
arebasedonpatternmatchingrulesfilling templateslots.
Therulesrely onidentifyingtherelevantpassagesby first
identifying compoundnamesandthenassociatingthem
with a limited numberof relationaltermssuchasinhibit
or inactivate. This is similar to otherwork in biomedical
extractionprojects(Hirschmanet al., 2002).

Creatinggoodpattern-actionrulesfor anIE problemis
far from simple.Therearemany complexities in thedif-
ferentwaysthata relationcanbeexpressedin language,
suchas syntacticalternationsand the heavy useof co-
ordination.While sufficiently complex patternscandeal
with theseissues,it requiresa goodamountof time and
effort to build suchhand-craftedrules,particularlysince
suchrules are developedfor eachspecificproblem. A
corpusthat is annotatedwith sufficient syntacticandse-
manticstructureoffersthepromiseof trainingtaggersfor
quickerandeasierinformationextraction.

The corpusthat we aredevelopingfor the two differ-
entapplicationdemandsconsistsof threelevelsof anno-
tation: theentitiesandrelationsamongtheentitiesfor the
oncologyor CYPdomain,syntacticstructure(Treebank),
andpredicate-argumentstructure(Propbank). This is a
novel approachfrom thepoint-of-view of NLP sincepre-
viousefforts at TreebankingandPropbankinghave been
independentof thespecialstatusof any entities,andpre-
vious efforts at entity annotationhave beenindependent
of correspondinglayersof syntacticandsemanticstruc-
ture. The decompositionof larger entitiesinto compo-
nentsof a relation, worthwhile by itself on conceptual
groundsfor entity definition,alsoallows the component
entitiesto be mappedto the syntacticstructure. These
entitiescanbeviewedassemantictypesassociatedwith
syntacticconstituents,andso our expectationis thatau-
tomatedanalysesof theserelatedlevelswill interactin a
mutuallyreinforcingandbeneficialway for development
of statisticaltaggers.Developmentof suchstatisticaltag-
gersis proceedingin parallelwith the annotationeffort,
andthesetaggershelp in theannotationprocess,aswell
asbeingstepstowardsautomaticextraction.

In this paperwe focus on the aspectsof this project
that have beendevelopedand are in production,while
alsotrying to give enoughof the overall vision to place
the work that hasbeendonein context. Section2 dis-
cussessomeof the main issuesaroundthe development

of the guidelinesfor entity annotation,for both the on-
cologyandinhibition domains.Section3 first discusses
theoverallplanfor thedifferentlevelsof annotation,and
thenfocusesontheintegrationof thetwo levelscurrently
in production,entity annotationandsyntacticstructure.
Section4 describesthe flow of the annotationprocess,
includingthedevelopmentof thestatisticaltaggersmen-
tionedabove. Section5 is theconclusion.

2 Guidelinesfor Entity Annotation

Annotationhasbeenproceedingfor both the oncology
andthe inhibition domains.Herewe give a summaryof
the main featuresof the annotationguidelinesthat have
beendeveloped.We have beeninfluencedin this by pre-
viouswork in annotationfor biomedicalinformationex-
traction(Ohtaetal.,2002;Gaizauskasetal.,2003).How-
ever, we differ in thedomainswe areannotatingandthe
designphilosophyfor the entity guidelines. For exam-
ple, we have beenconcentratingon explicit conceptsfor
entities like genesrather than developing a wide-range
ontologyfor thevariousphysicalinstantiations.

2.1 OncologyDomain

Gene Entity For the sake of this project the defini-
tion for ”GeneEntity” hastwo significantcharacteristics.
First, ”Gene” refersto a compositeentity asopposedto
thestrict biologicaldefinition.As hasbeennotedby oth-
ers, thereare often ambiguitiesin the usageof the en-
tity names. For example,it is sometimesunclearas to
whetherit is thegeneor proteinbeingreferenced,or the
samenamemight refer to the geneor the proteinat dif-
ferentlocationsin the samedocument.Our approachto
this problemis influencedby the namedentity annota-
tion in the AutomaticContentExtraction(ACE) project
(Consortium,2002),in which “geopolitical” entitiescan
havedifferentroles,suchas“location” or “organization”.
Analogously, weconsidera “gene” to beacompositeen-
tity thatcanhave differentrolesthroughouta document.
Standardizationof ”Gene” referencesbetweendifferent
texts and betweengenesynonyms is handledby exter-
nally referencingeachinstanceto a standardontology
(Ashburneret al., 2000).

In the context of this project,”Gene” refersto a con-
ceptualentity asopposedto thespecificmanifestationof
a gene(i.e. analleleor nucleotidesequence).Therefore,
weconsidergenesto beabstractconceptsidentifyingge-
nomic regionsoften associatedwith a function, suchas
MYC or TrkB; we do not consideractual instancesof
suchgeneswithin thegene-entitydomain. Sincewe are
interestedin the associationbetweenGene-entitiesand
malignancies,for this projectgenesareof interestto us
whenthey have anassociatedvariationevent.Therefore,
the combinationof Geneentities and Variation events



providesus with an evoked entity representingthe spe-
cific instanceof a gene.

Variation Events as Relations Variationscomprisea
relationshipbetweenthe following entities: Type (e.g.
point mutation, translocation, or inversion), Location
(e.g.codon14, 1p36.1, or basepair 278), Original-State
(e.g. Alanine), andAltered-State(e.g. Thymine). These
four componentsrepresentthe key elementsnecessary
to describeany genomicvariationevent. Variationsare
often underspecifiedin the literature,frequentlyhaving
only two or threeof thesespecifications.Characterizing
individual variationsas a relation amongsuchcompo-
nentsprovidesuswith a greatdealof flexibility: 1) it al-
lowsustocapturethecompletevariationeventevenwhen
specificcomponentsarebroadlyspacedin thetext, often
spanningmultiplesentencesorevenparagraphs;2) it pro-
videsus with a convenientmeansof trackinganaphora
betweendetaileddescriptions(e.g. a point mutationat
codon14 andsummaryreferences(e.g. this variation);
and3) it providesa singlestructurecapableof capturing
the breadthof variationspecifications(e.g. A- � T point
mutationat basepair 47, A48-� G or t(11;14)(q13;32)).

Malignancy Theguidelinesfor malignancy annotation
areunderdevelopment.We areplanningto defineit in a
manneranalogousto variation,wherebya Malignancy is
composedof variousattributetypes(suchasdevelopmen-
tal stage,behavior, topographicsite,andmorphology).

2.2 CYP Domain

In the CYP Inhibition annotationtask we are tagging
threetypesof entities:

1. CYP450enzymes(cyp)

2. othersubstances(subst)

3. quantitativemeasurements(quant)

Each category has its own questionsand uncertain-
ties. Nameslike CYP2C19and cytochromeP450 en-
zymesproclaim their membership,but there are many
aliasesand synonyms that do not proclaim themselves,
such as 17,20-lyase. We are compiling a list of such
names.

Other substancesis a potentially hugeand vaguely-
delimitedset,whichin thecurrentcorpusincludesgrape-
fruit juice and red wine aswell asmoreobviously bio-
chemicalentitieslikepolyunsaturatedfattyacidsandery-
thromycin. The quantitative measurementswe are di-
rectly interestedin arethosedirectly relatedto inhibition,
suchasIC50 andK(i). We tagthenameof themeasure-
ment,thenumericalvalue,andtheunit. For example,in
thephrase...wasinhibitedby troleandomycin(ED50= 1
microM), ED50 is thename,1 thevalue,andmicroM the

unit. We are also taggingother measurements,sinceit
is easyto do andmay provide valuableinformationfor
futureIE work.

3 Integrated Annotation

As hasbeennotedin theliteratureonbiomedicalIE (e.g.,
(Pustejovsky et al., 2002; Yakushiji et al., 2001)), the
samerelationcantake a numberof syntacticforms. For
example, the family of words basedon inhibit occurs
commonlyin MEDLINE abstractsaboutCYP enzymes
(asin theexamplein the introduction)in patternslike A
inhibitedB, A inhibitedthecatalyticactivity of B, inhibi-
tion of B byA, etc.

Such alternationshave led to the use of pattern-
matchingrules(oftenhand-written)to matchall therele-
vantconfigurationsandfill in templateslotsbasedon the
resultingpatternmatches.As discussedin the introduc-
tion, dealingwith suchcomplicationsin patternscantake
muchtime andeffort.

Our approachinsteadis to build an annotatedcorpus
in whichthepredicate-argumentinformationis annotated
on top of theparsingannotationsin theTreebank,there-
sultingcorpusbeingcalleda “propositionbank”or Prop-
bank.Thisnewly annotatedcorpusis thenusedfor train-
ing processorsthatwill automaticallyextractsuchstruc-
turesfrom new examples.

In a Propbankfor biomedical text, the types of in-
hibit exampleslistedabovewouldconsistentlyhavetheir
compoundslabeledasArg0andtheirenzymeslabeledas
Arg1, for nominalizedformssuchasA is an inhibitor of
B, A causedinhibition of B, inhibition of B by A, aswell
the standardA inhibits B. We would alsobe able to la-
bel adjunctsconsistently, suchasthe with prepositional
phrasein CYP3A4activity wasdecreasedby L, SandF
with IC(50) valuesof about200mM. In accordancewith
otherCalibratableverbssuchas rise, fall, decline, etc.,
this phrasewould be labeledas an Arg2-EXTENT, re-
gardlessof its syntacticrole.

A Propbankhasbeenbuilt on top of the PennTree-
bank,andhasbeenusedto train “semantictaggers”,for
extracting argumentroles for the predicatesof interest,
regardlessof theparticularsyntacticcontext.1

Suchsemantictaggershave beendevelopedby using
machinelearningtechniquestrainedon the PennProp-
bank (Surdeanuet al., 2003; Gildea andPalmer, 2002;
Kingsbury andPalmer, 2002). However, the PennTree-
bankandPropbankinvolve theannotationof Wall Street
Journaltext. This text, beinga financialdomain,differs
in significantwaysfrom thebiomedicaltext, andso it is

1The Penn Propbankis complementedby NYU’s Nom-
bankproject (Meyers,October2003),which includestagging
of nominalpredicatestructure. This is particularrelevant for
the biomedicaldomain,given the heavy useof nominalssuch
mutationandinhibition.



necessaryfor this approachto have a corpusof biomed-
ical texts suchasMEDLINE articlesannotatedfor both
syntacticstructure(Treebanking)and shallow semantic
structure(Propbanking).

In thisproject,thesyntacticandsemanticannotationis
beingdoneon acorpuswhich is alsobeingannotatedfor
entities,asdescribedin Section2. Sincesemantictag-
gersof the sort describedabove result in semanticroles
assignedto syntactictreeconstituents,it is desirableto
have the entitiescorrespondto syntacticconstituentsso
that the semanticrolesareassignedto entities. The en-
tity informationcanfunctionastype informationandbe
takenadvantageof by learningalgorithmsto helpcharac-
terizethepropertiesof thetermsfilling specifiedrolesin
a givenpredicate.

This integrationof thesethreedifferentannotationlev-
els,includingtheentities,is beingdonefor thefirst time2,
andwe discussherethreemainchallengesto this corre-
spondencebetweenentitiesandconstituents:(1) entities
thatarelargeenoughto cut acrossmultiple constituents,
(2) entitieswithin prenominalmodifiers,and(3) coordi-
nation.3

Relationsand Lar geEntities Onemajorareaof con-
cern is the possibility of entitiesthat containmore than
onesyntacticconstituentanddo not matchany nodein
thesyntaxtree.For example,asdiscussedin Section2, a
variationeventincludesmaterialonavariation’stype,lo-
cation,andstate,andcancutnotonly acrossconstituents,
but evensentencesandparagraphs.A simpleexampleis
pointmutationsat codon12, containingboththenominal
(the type of mutation)and following NP (the location).
Notethatwhile in isolationthis couldalsobeconsidered
onesyntacticconstituent,theNPandPPtogether, theac-
tual context is ...point mutationsat codon12 in duode-
nal lavage fluid.... Sinceall PPsareattachedat thesame
level, at codon12 and in duodenallavage fluid aresis-
ters,andsothereis noconstituentconsistingof justpoint
mutationsat codon12.

Castingthe variationevent asa relationbetweendif-
ferentcomponententitiesallows the componententities
to correspondto treeconstituents,while retainingtheca-
pacity to annotateandsearchfor morecomplex events.
In this case,onecomponententity point mutationscor-

2An influentialprecursorto this integrationis thesystemde-
scribedin (Miller et al., 1996). Our work is in muchthesame
spirit, although the representationof the predicate-argument
structurevia Propbankand the linkage to the entitiesis quite
different,aswell asof coursethedomainof annotation.

3Therearecaseswheretheentitiesaresominimal thatthey
arecontainedwithin aNP, not includingthedeterminer, suchas
CpGsitein theNPa CpGsite. entities.Wearenotasconcerned
aboutthesecasessincewe expectthat suchentity information
properlycontainedwithin a baseNPcanbeassociatedwith the
full baseNP.

respondsto a (base)NP node,andat codon12 is corre-
spondsto thePPnodethatis theNP’ssister. At thesame
time, therelationannotationcontainstheinformationre-
lating thesetwo constituents.

Similarly, while themalignancy entitydefinitionis cur-
rentlyunderdevelopment,asmentionedin Section2.1,a
guidingprincipleis thatit will alsobetreatedasarelation
andbrokendown into componententities.While thisalso
hasconceptualbenefitsfor the annotationguidelines,it
hasthefortunateeffectof makingsuchotherwisesyntax-
unfriendlymalignanciesascolorectaladenomascontain-
ing early cancerandacutemyelomonocyticleukemiain
remissionamenablefor mappingthecomponentpartsto
syntacticnodes.

Entities within Prenominal Modifiers While we are
for the most part following the PennTreebankguide-
lines (Bies et al., 1995),we aremodifying themin two
importantaspects.One concernsthe prenominalmod-
ifiers, which in the PennTreebankwere left flat, with
nostructure,but in thisbiomedicaldomaincontainmuch
of the information- e.g.,cancer-associatedautoimmune
antigen. Not only would this have had no annotation
for structure,but evenmorebizarrely, cancer-associated
would have beena single token in the PennTreebank,
thusmaking it impossibleto capturethe informationas
to whatis associatedwith what. We havedevelopednew
guidelinesto assignstructureto prenominalentitiessuch
as breast cancer, as well as changedthe tokenization
guidelinesto breakup tokenssuchascancer-associated.

Coordination We have alsomodifiedthe treebankan-
notationto accountfor the well-known problemof enti-
tiesthatarediscontinuouswithin acoordinationstructure
- e.g.,K- andH-ras, wheretheentitiesareK-rasandH-
ras. Ourannotationtool allowsfor discontinuousentities,
sothatbothK-rasandH-rasareannotatedasgenes.

UnderstandardPennTreebankguidelinesfor tokeniza-
tion and syntacticstructure,this would receive the flat
structure

NP

K- and H-ras

in whichthereis noway to directlyassociatetheentity
K-raswith a constituentnode.

WehavemodifiedthetreebankguidelinessothatK-ras
andH-rasarebothconstituents,with theraspartof K-ras
representedwith anemptycategory co-indexedwith ras
in H-ras:4.

4This is relatedto the approachto coordinationin the GE-
NIA project.
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4 Annotation Process

WearecurrentlyannotatingMEDLINE abstractsfor both
the oncologyandCYP domains. The flowchart for the
annotationprocessis shown in Figure 1. Tokenization,
POS-tagging,entity annotation(bothdomains),andtree-
bankingarein full production.Propbankannotationand
themerging of theentitiesandtreebankingremainto be
integratedinto the currentworkflow. The table in Fig-
ure2 shows the numberof abstractscompletedfor each
annotationarea.

Theannotationsequencebeginswith tokenizationand
part-of-speechannotating.While both aspectsaresimi-
lar to thoseusedfor the PennTreebank,therearesome
differences,partly alludedto in Section3. Tokensare
somewhatmorefine-grainedthanin thePennTreebank,
so that H-ras, e.g.,would consistof threetokens: H, -,
andras.

Tokenizedandpart-of-speechannotatedfiles arethen
sentto theentity annotators,eitherfor oncologyor CYP,
dependingonwhichdomaintheabstracthasbeenchosen
for. The entitiesdescribedin Section2 areannotatedat
this step.We areusingWordFreak,a Java-basedlinguis-
tic annotationtool5, for annotationof tokenization,POS,
andentities.Figure3 is ascreenshotof theoncologydo-
mainannotation,hereshowing a variationrelationbeing
createdout of componententitiesfor typeandlocation.

In parallel with the entity annotation,a file is tree-
banked - i.e., annotatedfor its syntacticstructure.Note
that this is doneindependentlyof the entity annotation.
This is becausethe treebankingguidelinesarerelatively
stable(oncethey were adjustedfor the biomedicaldo-
main asdescribedin Section3), while the entity defini-
tionscanrequirea significantperiodof studybeforesta-
bilizing, andwith the parallel treatmentthe treebanking
canproceedwithoutwaiting for theentity annotation.

However, this doesmeanthat to producethe desired
integratedannotation,theentity andtreebankingannota-
tionsneedto bemergedinto onerepresentation.Thecon-
siderationof the issuesdescribedin Section3 hasbeen
carriedout for the purposeof allowing this integration
of the treebankingandentity annotation.This hasbeen
completedfor somepilot documents,but thefull merging
remainsto beintegratedinto theworkflow system.

5http://www.sf.net/projects/wordfreak

As mentionedin the introduction, statisticaltaggers
arebeingdevelopedin parallelwith theannotationeffort.
Whilesuchtaggersarepartof thefinal goalof theproject,
providing the building blocksfor extractingentitiesand
relations,they arealso useful in the annotationprocess
itself, sothattheannotatorsonly needto performcorrec-
tion of automaticallytaggeddata,insteadof startingfrom
scratch.

Until recently(Feb. 10), thepart-of-speechannotation
was doneby hand-correctingthe resultsof taggingthe
datawith a part-of-speechtaggertrainedon a modified
form of thePennTreebank.6 The taggeris a maximum-
entropy model utilizing the opennlppackageavailable
at http://www.sf.net/projects/opennlp. It
has now beenretrainedusing 315 files (122 from the
oncologydomain,193 from the cyp domain). Figure4
shows the improvementof thenew vs. theold POStag-
geron thesame294files thathave beenhand-corrected.
Theseresultsarebasedon testingfiles thathave already
beentokenized,and thus are an evaluationonly of the
POS taggerand not the tokenizer. While not directly
comparableto resultssuchas(TateisiandTsujii, 2004),
dueto thedifferenttagsetsandtokenization,they arein
thesamegeneralrange.7

Theoncologyandcyp entity annotation,aswell asthe
treebankingarestill beingdonefully manually, although
thatwill changein thenearfuture. Initial resultsfor atag-
ger to identify thevariouscomponentsof a variationre-
lation arepromising,althoughnot yet integratedinto an-
notationprocess.Thetaggeris basedontheimplementa-
tion of ConditionalRandomFields(Lafferty etal., 2001)
in the Mallet toolkit (McCallum,2002). Briefly, Condi-
tional RandomFieldsare log-linearmodelsthat rely on
weightedfeaturesto make predictionson theinput. Fea-
turesusedby oursystemincludestandardpatternmatch-
ing andwordfeaturesaswell assomeexpert-createdreg-
ular expressionfeatures8. Using10-fold cross-validation
on 264 labelledabstractscontaining551 types,1064lo-

6Roughly, PennTreebanktokensweresplit athyphens,with
theindividual componentsthensentthrougha PennTreebank-
trainedPOStagger, to createtrainingdatafor anotherPOStag-
ger. For example(JJ York-based) is treatedas (NNP
York) (HYPH -) (JJ based). While this works rea-
sonablywell for tokenization,thePOStaggersufferedseverely
from beingtrainedona corpuswith suchdifferentproperties.

7Thetokenizerhasalsobeenretrainedandthenew tokenizer
is beingusedfor annotation,althoughalthoughwe do not have
theevaluationresultshere.

8e.g., chr|chromosome [1-9]|1[0-9]|2[0-
2]|X|Y p|q
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Figure1: AnnotationFlow

AnnotationTask StartDate AnnotatedDocuments
Part-of-SpeechTagging 8/22/03 422

Entity Tagging 9/12/03 414
Treebanking 1/8/04 127

Figure2: CurrentAnnotationProductionResults

Figure3: RelationAnnotationin WordFreak



Tagger TrainingMaterial TokenInstances
Old Sections00-15PennTreebank 773832
New 315abstracts 103159

Tagger OverallAccuracy NumberTokenInstances Accuracy on Accuracy on
Unseenin TrainingData Unseen Seen

Old 88.53% 14542 58.80% 95.53%
New 97.33% 4096 85.05% 98.02%

(TestingMaterial: 294abstractsfrom theoncologydomain,with 76324tokeninstances.)

Figure4: Evaluationof Part-of-SpeechTaggers

cationsand557states,weobtainedthefollowing results:

Entity Precision Recall F-measure
Type 0.80 0.72 0.76

Location 0.85 0.73 0.79
State 0.90 0.80 0.85

Overall 0.86 0.75 0.80

An entity is consideredcorrectlyidentifiedif andonly
if it matchesthehumanlabelingby bothcategory (type,
locationor state)andspan(from positionato positionb).
At this stagewe have not distinguishedbetweeninitial
andfinal states.

While it is difficult to compare taggers that tag
different typesof entities(e.g., (Friedmanet al., 2001;
Gaizauskaset al., 2003)), CRFshave beenutilized for
state-of-the-artresults in NP-chunking and gene and
protein tagging (Sha and Pereira, 2003; McDonald
and Pereira, 2004) Currently, we are beginning to
investigatemethodsto identify relationsover the varia-
tion componentsthatareextractedusingtheentitytagger.

5 Conclusion

We have describedhere an integrated annotationap-
proachfor two areasof biomedicalinformation extrac-
tion. We discussedseveralissuesthathavearisenfor this
integration of annotationlayers. Much effort hasbeen
spenton theentity definitionsandhow they relateto the
higher-level conceptswhich are desiredfor extraction.
Therearepromisinginitial resultsfor training taggersto
extracttheseentities.

Next stepsin theprojectinclude: (1) continuedanno-
tation of the layerswe arecurrentlydoing, (2) integra-
tion of the level of predicate-argumentannotation,and
(3) furtherdevelopmentof thestatisticaltaggers,includ-
ing taggersfor identifyingrelationsovertheircomponent
entities.
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