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Abstract

We describe an approachto two areas of
biomedicalinformationextraction,drugdevel-
opmentandcancergenomics.We have devel-
opedaframevork whichincludescorpusanno-
tationintegratedat multiple levels: a Treebank
containingsyntacticstructure a Propbanicon-
taining predicate-agumentstructure,and an-
notationof entitiesandrelationsamongtheen-
tities. Crucial to this approachis the proper
characterizatiorof entitiesasrelationcompo-
nentswhich allowstheintegrationof theentity
annotationwith the syntactic structurewhile
retainingthe capacityto annotateand extract
more complex events. We are training statis-
tical taggersusingthis annotatiorfor suchex-
tractionaswell asusingthemfor improving the
annotatiorprocess.

1 Intr oduction

Work over the last few yearsin literature datamining
for biology hasprogressedfom linguistically unsophisti-
catedmodelsto the adaptatiorof NaturalLanguagePro-
cessing(NLP) techniqueghat usefull parsers(Park et
al., 2001; Yakushiji et al., 2001) and coreferenceo ex-
tractrelationsthat spanmultiple sentence¢Pustejosky
et al., 2002; Hahn et al., 2002) (For an overview, see
(Hirschmaretal.,2002)).In thiswork we describeanap-
proachto two areaf biomedicalinformationextraction,
drug developmentandcancergenomicsthatis basedon
developinga corpusthatintegratesdifferentlevels of se-
mantic and syntacticannotation. This corpuswill be a
resourceor training machinelearningalgorithmsuseful
for information extraction and retrieval and other data-
mining applications. We are currently annotatingonly

abstractsalthoughin thefuturewe planto expandthisto
full-text articles.We alsoplanto make publicly available
the corpusandassociatedtatisticattaggers.

We are collaboratingwith researcherg the Division
of Oncologyat The Children's Hospitalof Philadelphia,
with the goal of automaticallymining the corpusof can-
cer literature for those associationghat link specified
variationsin individual geneswith known malignancies.
In particularwe areinterestedn extractingthreeentities
(Gene,Variation Event, and Malighang) in the follow-
ing relationship: GeneX with genomicVariation Event
Y is correlatedwvith Malignang Z. For example, WT1is
deletedn WIims Tumor#5. Suchstatementfoundin the
literaturerepresenindividual gene-ariation-malignang
obsenables. A collection of such obsenablessenes
two importantfunctions. First, it summarizesknown
relationshipsbetweengenes,variation events, and ma-
lignanciesin the cancerliterature. As such,it canbe
usedto augmeninformationavailablefrom curatedpub-
lic databasesaswell assene asanindependentestfor
accuray andcompletenessf suchrepositoriesSecond,
it allowsinferenceso bemadeaboutgene variation,and
malignang associationshatmaynot beexplicitly stated
in the literature,both at the factand entity instancelev-
els. Suchinferencegprovide testablehypotheseandthus
futureresearchargets.

The other major areaof focus, in collaborationwith
researchersn the Knowledge Integration and Discov-
ery Systemgroupat GlaxoSmithKling(GSK), is the ex-
tractionof informationaboutenzymesfocusinginitially
on compoundghat affect the actiity of the cytochrome
P450(CYP) family of proteins.For example,thegoalis
to seeaphrasdike

Amiodarone weakly inhibited CYP2C9,
CYP2D6, and CYP3A4-mediatedactiities



with Ki valuesof 45.1-271.quM

andextractthefacts

am odarone inhibits CYP2C9 with
Ki =45, 1-271. 6

am odarone inhibits CYP2D6 with
Ki =45, 1-271. 6

am odarone inhibits CYP3A4 with
Ki =45, 1-271. 6

Previouswork at GSK hasusedsearchalgorithmsthat
arebasedn patternmatchingrulesfilling templateslots.
Therulesrely onidentifyingtherelevantpassageby first
identifying compoundnamesandthenassociatinghem
with alimited numberof relationaltermssuchasinhibit
or inactivate Thisis similarto otherwork in biomedical
extractionprojects(Hirschmaretal., 2002).

Creatinggoodpattern-actiomulesfor anlE problemis
far from simple. Therearemary compleitiesin thedif-
ferentwaysthata relationcanbe expressedn language,
suchas syntacticalternationsand the heavy useof co-
ordination. While sufiiciently complex patternscandeal
with theseissuesijt requiresa goodamountof time and
effort to build suchhand-craftedules,particularlysince
suchrules are developedfor eachspecificproblem. A
corpusthatis annotatedvith sufficient syntacticandse-
manticstructureoffersthe promiseof trainingtaggerdor
quicker andeasierinformationextraction.

The corpusthat we aredevelopingfor the two differ-
entapplicationdemandsonsistsof threelevels of anno-
tation: theentitiesandrelationsamongtheentitiesfor the
oncologyor CYP domain,syntacticstructurg(Treebank),
and predicate-agumentstructure(Propbank). This is a
novel approacHrom the point-of-view of NLP sincepre-
vious efforts at Treebankingand Propbankinghave been
independentf the specialstatusof ary entities,andpre-
vious efforts at entity annotatiorhave beenindependent
of correspondindayersof syntacticandsemanticstruc-
ture. The decompositiorof larger entitiesinto compo-
nentsof a relation, worthwhile by itself on conceptual
groundsfor entity definition, alsoallows the component
entitiesto be mappedto the syntacticstructure. These
entitiescanbe viewed assemantidypesassociatedvith
syntacticconstituentsandso our expectationis that au-
tomatedanalyse®f theserelatedlevelswill interactin a
mutually reinforcingandbeneficialway for development
of statisticaltaggers Developmenbf suchstatisticaltag-
gersis proceedingn parallelwith the annotationeffort,
andthesetaggershelpin the annotationprocessaswell
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-
cussesomeof the mainissuesaroundthe development

of the guidelinesfor entity annotation for both the on-
cology andinhibition domains. Section3 first discusses
theoverall planfor thedifferentlevelsof annotationand
thenfocusentheintegrationof thetwo levelscurrently
in production,entity annotationand syntacticstructure.
Section4 describeghe flow of the annotationprocess,
includingthe developmentof the statisticaltaggersmen-
tionedabove. Section5 is the conclusion.

2 Guidelinesfor Entity Annotation

Annotation hasbeenproceedingfor both the oncology
andtheinhibition domains.Herewe give a summaryof
the main featuresof the annotationguidelinesthat have
beendeveloped.We have beeninfluencedn this by pre-
viouswork in annotatiorfor biomedicalinformationex-
traction(Ohtaetal.,2002;Gaizauskastal.,2003). How-
ever, we differ in the domainswe areannotatingandthe
designphilosophyfor the entity guidelines. For exam-
ple, we have beenconcentratingon explicit conceptgor
entitieslike genesratherthan developing a wide-range
ontologyfor thevariousphysicalinstantiations.

2.1 OncologyDomain

Gene Entity  For the sale of this project the defini-
tion for "GeneEntity” hastwo significantcharacteristics.
First, "Gene” refersto a compositeentity asopposedo
thestrict biologicaldefinition. As hasbeennotedby oth-
ers, there are often ambiguitiesin the usageof the en-
tity names. For example, it is sometimesunclearasto
whetherit is the geneor proteinbeingreferencedor the
samenamemight referto the geneor the proteinat dif-
ferentlocationsin the samedocument.Our approacho
this problemis influencedby the namedentity annota-
tion in the Automatic ContentExtraction(ACE) project
(Consortium,2002),in which “geopolitical” entitiescan
have differentroles,suchas"location” or “organization”.
Analogouslywe considera “gene”to bea compositeen-
tity thatcanhave differentrolesthroughouta document.
Standardizatiorof "Gene” referencedetweendifferent
texts and betweengenesynoryms is handledby exter-
nally referencingeachinstanceto a standardontology
(Ashhkurneretal., 2000).

In the context of this project,”Gene” refersto a con-
ceptualentity asopposedo the specificmanifestatiorof
agene(i.e. anallele or nucleotidesequence)Therefore,
we considemgenedo beabstractonceptsdentifying ge-
nomic regions often associatedvith a function, suchas
MYC or TrkB; we do not consideractual instancesof
suchgeneswithin the gene-entitydomain. Sincewe are
interestedin the associatiorbetweenGene-entitiesand
malignanciesfor this projectgenesare of interestto us
whenthey have anassociatedariationevent. Therefore,
the combinationof Geneentities and Variation events



providesus with an evoked entity representinghe spe-
cific instanceof agene.

Variation Events as Relations Variationscomprisea
relationshipbetweenthe following entities: Type (e.qg.
point mutation translocation or inversion), Location
(e.g.codon14, 1p36.1 or basepair 278), Original-State
(e.g. Alaning), andAltered-Statge.g. Thyming. These
four componentgepresenthe key elementsnecessary
to describeary genomicvariationevent. Variationsare
often underspecifiedn the literature, frequently having
only two or threeof thesespecifications Characterizing
individual variationsas a relation amongsuch compo-
nentsprovidesuswith a greatdealof flexibility: 1) it al-
lowsusto capturghecompletevariationeventevenwhen
specificcomponentarebroadlyspacedn thetext, often
spanningnultiple sentenceer evenparagraphs?) it pro-
vides us with a corvenientmeansof tracking anaphora
betweendetaileddescriptionge.g. a point mutationat
codonl14 and summaryreferencege.g. this variation);
and3) it providesa singlestructurecapableof capturing
the breadthof variation specificationge.g. A->T point
mutationat basepair 47, A48->G or t(11;14)(q13;33).

Malignancy Theguidelinesfor malignang annotation
areunderdevelopment.We areplanningto defineit in a

manneranalogougo variation,wherebya Malignangy is

composeaf variousattributetypes(suchasdevelopmen-
tal stage pbehavior, topographicsite,andmorphology).

2.2 CYP Domain

In the CYP Inhibition annotationtask we are tagging
threetypesof entities:

1. CYP450enzymegcyp
2. othersubstanceéubs}
3. quantitatve measurementguan

Each category hasits own questionsand uncertain-
ties. Nameslike CYP2C19and cytochrome P450 en-
zymesproclaim their membershipbut there are mary
aliasesand synoryms that do not proclaim themseles,
suchas 17,20-lyase We are compiling a list of such
names.

Other substancess a potentially huge and vaguely-
delimitedset,whichin thecurrentcorpusincludesgrape-
fruit juice andred wine aswell asmore obviously bio-
chemicalentitieslik e polyunsatuatedfatty acidsandery-
thromycin The quantitatve measurementsve are di-
rectlyinterestedn arethosedirectly relatedto inhibition,
suchasIC50 andK(i). We tagthe nameof the measure-
ment,the numericalvalue,andthe unit. For example,in
thephrase..wasinhibited by troleandomycifED50= 1
microM), ED50is thename,1 thevalue,andmicroM the

unit. We are alsotaggingother measurementsinceit
is easyto do and may provide valuableinformationfor
futurelE work.

3 Integrated Annotation

As hasbeennotedin theliteratureonbiomedicalE (e.g.,
(Pustejarsky et al., 2002; Yakushiji et al., 2001)), the
samerelationcantake a numberof syntacticforms. For
example, the family of words basedon inhibit occurs
commonlyin MEDLINE abstractsaaboutCYP enzymes
(asin the examplein the introduction)in patterndike A
inhibited B, A inhibitedthe catalyticactivity of B, inhibi-
tion of B by A, etc.

Such alternationshave led to the use of pattern-
matchingrules(oftenhand-written}o matchall therele-
vantconfigurationsandfill in templateslotsbasednthe
resultingpatternmatches.As discussedn the introduc-
tion, dealingwith suchcomplicationsn patternsantake
muchtime andeffort.

Our approachinsteadis to build an annotateccorpus
in whichthepredicate-agumentinformationis annotated
ontop of the parsingannotationsn the Treebankthere-
sultingcorpusbeingcalleda “propositionbank” or Prop-
bank.This newly annotatedorpusis thenusedfor train-
ing processorshatwill automaticallyextract suchstruc-
turesfrom new examples.

In a Propbankfor biomedicaltext, the typesof in-
hibit exampledistedabove would consistentlyhave their
compoundgabeledasArg0andtheirenzymedabeledas
Argl, for nominalizedforms suchasA is an inhibitor of
B, A causednhibition of B, inhibition of B by A, aswell
the standardA inhibits B. We would alsobe ableto la-
bel adjunctsconsistently suchasthe with prepositional
phrasein CYP3Adactivity wasdecreasedcby L, SandF
with IC(50) valuesof about200mM. In accordancevith
other Calibratableverbssuchasrise, fall, decline etc,
this phrasewould be labeledas an Arg2-EXTENT, re-
gardlesof its syntacticrole.

A Propbankhasbeenbuilt on top of the PennTree-
bank,andhasbeenusedto train “semantictaggers” for
extracting agumentroles for the predicatesof interest,
regardlessf the particularsyntacticcontext.

Suchsemantictaggershave beendevelopedby using
machinelearningtechniquegrainedon the PennProp-
bank (Surdeantet al., 2003; Gildea and Palmer, 2002;
Kingshury andPalmer, 2002). However, the PennTree-
bankandPropbankinvolve the annotatiorof Wall Street
Journaltext. This text, beinga financialdomain,differs
in significantwaysfrom the biomedicaltext, andsoit is

1The Penn Propbankis complementedby NYU's Nom-
bank project (Meyers, October2003), which includestagging
of nominal predicatestructure. This is particularrelevant for
the biomedicaldomain,given the heary useof nominalssuch
mutationandinhibition.



necessaryor this approacho have a corpusof biomed-
ical texts suchasMEDLINE articlesannotatedor both
syntacticstructure(Treebanking)and shallov semantic
structureg(Propbanking).

In this project,the syntacticandsemanti@nnotatioris
beingdoneon acorpuswhichis alsobeingannotatedor
entities,asdescribedn Section2. Sincesemantictag-
gersof the sortdescribedabove resultin semanticroles
assignedo syntactictree constituentsjt is desirableto
have the entitiescorrespondo syntacticconstituentso
thatthe semanticrolesare assignedo entities. The en-
tity informationcanfunctionastype informationandbe
takenadvantageof by learningalgorithmsto helpcharac-
terizethe propertiesof thetermsfilling specifiedrolesin
agivenpredicate.

This integrationof thesethreedifferentannotatioriev-
els,includingtheentities,is beingdonefor thefirst time?,
andwe discussherethreemain challengego this corre-
spondencéetweerentitiesandconstituents{1) entities
thatarelarge enoughto cut acrossmultiple constituents,
(2) entitieswithin prenominalmodifiers,and(3) coordi-
nation3

Relationsand Lar ge Entities Onemajor areaof con-
cernis the possibility of entitiesthat containmorethan
one syntacticconstituentand do not matchary nodein
thesyntaxtree.For example,asdiscussedn Section2, a
variationeventincludesmaterialonavariation'stype,lo-
cation,andstate andcancutnotonly acrossonstituents,
but evensentenceandparagraphsA simpleexampleis
pointmutationsat codon12, containingboththenominal
(the type of mutation)and following NP (the location).
Notethatwhile in isolationthis could alsobe considered
onesyntacticconstituentthe NP andPPtogetherthe ac-
tual context is ...pointmutationsat codon12 in duode-
nal lavage fluid.... Sinceall PPsareattachecatthesame
level, at codon12 andin duodenallavage fluid are sis-
ters,andsothereis no constituentonsistingof just point
mutationsat codon12.

Castingthe variationevent as a relation betweendif-
ferentcomponententitiesallows the componententities
to correspondo treeconstituentsyhile retainingthe ca-
pacity to annotateand searchfor more complex events.
In this case,one componentntity point mutationscor-

2An influentialprecursoto thisintegrationis thesysterde-
scribedin (Miller etal., 1996). Our work is in muchthe same
spirit, althoughthe representatiorof the predicate-agument
structurevia Propbankandthe linkage to the entitiesis quite
different,aswell asof coursethe domainof annotation.

3Therearecasesvherethe entitiesaresominimal thatthey
arecontainedwithin aNP, notincludingthedeterminersuchas
CpGsiteintheNP a CpGsite entities.Wearenotasconcerned
aboutthesecasessincewe expectthat suchentity information
properlycontainedwithin a baseNP canbe associatedvith the
full baseNP.

responddo a (base)NP node,andat codon12 is corre-
spondgo the PPnodethatis the NP’s sister At thesame
time, therelationannotationcontainsthe informationre-
lating thesetwo constituents.

Similarly, while themalignang entity definitionis cur-
rently underdevelopmentasmentionedn Section2.1,a
guidingprincipleis thatit will alsobetreatedasarelation
andbrokendown into componengentities.While thisalso
hasconceptuabenefitsfor the annotationguidelines,it
hasthefortunateeffect of makingsuchotherwisesyntax-
unfriendlymalignanciesscolorectaladenomasontain-
ing early cancerandacutemyelomonocytiteukemiain
remissioramenabldor mappingthe componenpartsto
syntacticnodes.

Entities within Prenominal Modifiers While we are
for the most part following the Penn Treebankguide-
lines (Bies et al., 1995), we are modifying themin two
importantaspects. One concernsthe prenominalmod-
ifiers, which in the PennTreebankwere left flat, with
no structureput in this biomedicaldomaincontainmuch
of theinformation- e.g.,cancerassociatecautoimmune
antigen Not only would this have had no annotation
for structure but evenmorebizarrely cancerassociated
would have beena single token in the PennTreebank,
thusmakingit impossibleto capturethe informationas
to whatis associatedvith what. We have developednewn
guidelinesto assignstructureto prenominalentitiessuch
as breast cancer as well as changedthe tokenization
guidelinesto breakup tokenssuchascancerassociated

Coordination We have alsomodifiedthe treebankan-
notationto accountfor the well-known problemof enti-

tiesthatarediscontinuousvithin a coordinatiorstructure
- e.g.,K- and H-ras wherethe entitiesareK-rasandH-

ras Ourannotatiortool allowsfor discontinuougntities,
sothatbothK-rasandH-rasareannotatecsgenes.

UnderstandardPennTreebanlguidelinedor tokeniza-

tion and syntacticstructure,this would receve the flat
structure

NP

K- and H-ras

in whichthereis nowayto directly associat¢he entity
K-raswith a constituennhode.

We have modifiedthetreebanlguidelinesothatK-ras
andH-rasarebothconstituentswith theraspartof K-ras
representedvith anempty category co-indexedwith ras
in H-ras*.

“This is relatedto the approachto coordinationin the GE-
NIA project.



NP
NP and NP
K - NX-1 H - NX-1
| |
*p* ras

4 Annotation Process

We arecurrentlyannotatingEDLINE abstract$or both
the oncologyand CYP domains. The flowchartfor the
annotationprocesss showvn in Figure 1. Tokenization,
POS-taggingentity annotationbothdomains) andtree-
bankingarein full production.Propbankannotatiorand
the meming of the entitiesandtreebankingemainto be
integratedinto the currentworkflow. The tablein Fig-
ure 2 shaws the numberof abstractszompletedfor each
annotatiorarea.

The annotatiorsequencdeginswith tokenizationand
part-of-speectannotating. While both aspectsare simi-
lar to thoseusedfor the PennTreebankthereare some
differences partly alludedto in Section3. Tokensare
somavhat morefine-grainedhanin the PennTreebank,
sothatH-ras e.g.,would consistof threetokens: H, -,
andras

Tokenizedand part-of-speectannotatediles arethen
sentto the entity annotatorseitherfor oncologyor CYP,
dependingpnwhich domaintheabstrachasbeenchosen
for. The entitiesdescribedn Section2 areannotatecht
this step.We areusingWordFreak a Jasa-basedinguis-
tic annotatiortool®, for annotatiorof tokenization,POS,
andentities.Figure3 is ascreershotof the oncologydo-
mainannotationhereshawving a variationrelationbeing
createcbut of componengentitiesfor typeandlocation.

In parallel with the entity annotation,a file is tree-
banlked - i.e., annotatedor its syntacticstructure. Note
that this is doneindependentlyof the entity annotation.
This is becausehe treebankingguidelinesarerelatively
stable(oncethey were adjustedfor the biomedicaldo-
main asdescribedn Section3), while the entity defini-
tions canrequirea significantperiodof studybeforesta-
bilizing, andwith the paralleltreatmentthe treebanking
canproceedvithoutwaiting for the entity annotation.

However, this doesmeanthatto producethe desired
integratedannotationthe entity andtreebankingannota-
tionsneedto bememgedinto onerepresentationThecon-
siderationof the issuesdescribedn Section3 hasbeen
carriedout for the purposeof allowing this integration
of the treebankingand entity annotation. This hasbeen
completedor somepilot documentsbut thefull memging
remainsto beintegratedinto theworkflow system.

htt p: // www. sf. net/ proj ect s/ wor df r eak

As mentionedin the introduction, statisticaltaggers
arebeingdevelopedn parallelwith theannotatioreffort.
While suchtaggersarepartof thefinal goalof theproject,
providing the building blocksfor extractingentitiesand
relations,they arealsousefulin the annotationprocess
itself, sothatthe annotator®nly needto performcorrec-
tion of automaticalljtaggeddata,insteacof startingfrom
scratch.

Until recently(Feh 10), the part-of-speeclannotation
was done by hand-correctinghe resultsof taggingthe
datawith a part-of-speechiaggertrainedon a modified
form of the PennTreebank Thetaggeris a maximum-
entrory model utilizing the opennlp packageavailable
athttp: //ww. sf. net/projects/opennlp. It
has now beenretrainedusing 315 files (122 from the
oncologydomain, 193 from the cyp domain). Figure 4
shaws theimprovementof the new vs. the old POStag-
geron the same294 files thathave beenhand-corrected.
Theseresultsarebasedon testingfiles that have already
beentokenized,and thus are an evaluationonly of the
POStaggerand not the tokenizer While not directly
comparabldo resultssuchas (Tateisiand Tsujii, 2004),
dueto the differenttag setsandtokenization they arein
the samegenerarange’

Theoncologyandcyp entity annotationaswell asthe
treebankingarestill beingdonefully manually although
thatwill changen thenearfuture. Initial resultsfor atag-
gerto identify the variouscomponent®f a variationre-
lation arepromising,althoughnot yet integratedinto an-
notationprocessThetaggeris basedntheimplementa-
tion of ConditionalRandomFields(Lafferty etal., 2001)
in the Mallet toolkit (McCallum, 2002). Briefly, Condi-
tional RandomFields are log-linearmodelsthat rely on
weightedfeaturego make predictionson the input. Fea-
turesusedby our systemincludestandardcatternmatch-
ing andword featuresaswell assomeexpert-createdeg-
ular expressiorfeature§. Using 10-fold cross-alidation
on 264 labelledabstractsontaining551 types, 1064 lo-

®Roughly PennTreebankokensweresplit athyphensith
theindividual componentshensentthrougha PennTreebank-
trainedPOStaggerto createtrainingdatafor anothePOStag-
ger For example(JJ Yor k- based) is treatedas ( NNP
York) (HYPH -) (JJ based). While this works rea-
sonablywell for tokenization the POStaggersufferedseverely
from beingtrainedon a corpuswith suchdifferentproperties.

"Thetokenizerhasalsobeerretrainedandthenew tokenizer
is beingusedfor annotationalthoughalthoughwe do not have
theevaluationresultshere.

8e.qg., chr | chronmpsome [1-9]]|1[0-9]]| 2[0-
2] XY plq
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AnnotationTask StartDate | AnnotatedDocuments
Part-of-SpeecfTagging| 8/22/03 422
Entity Tagging 9/12/03 414
Treebanking 1/8/04 127

Figure2: CurrentAnnotationProductionResults
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Cncogene 1991 Aug;&(8):1352-62

mMutations of ras genes distinguish a subset of non-small-cell lung cancer cell
lines from small-cell lung cancer cell lines,

Mitsudami T, Yiallet ], Mulshine JL, Linnoila EI, Minna |D, Gazdar AF.

MCI-Mawy Medical Oncology Branch, National Cancer Institute, Bethesda, Mandand
20889-5105.

e screened a panel of 102 human lung cancer cell lines for the presence of
point mutations at codons 12, 12 or &1 of the human K-, H- and M-ras genes,
using restriction fragment length polymorphisms (RFLPY, created through
mismatched primers during paksmerase chain reaction (PCE) of genomic DA We
found ras mutations in 22 /61 (263 non-small-cell lung cancer (RSCLC) cell
lines, predominantly in K-ras codon 12, Identical mutations were present in
uncultured tumor materials carrespaonding to 11 cell lines containing mutated ras
genes. ras mutations were found not only in adenocarcinoma cell lines (9§32,
28%), but alsoin cell lines derived from other tyoes of MSCLC (12729, 45%). In
contrast, none of 27 small-cell lung cancer (SCLC) cell lines and five
extra-pulmonary small-cell cancer cell lines had ras mutations. ras mutations
were not correlated with sex of the patients, tumor extent, prior therapy status
ar in witro culture time. G to T or Ato T transversions were the maost commaon
base substitutions, occurring in codons 12 and &1 respectively. We conclude that
ras mutations play a role in the pathogenesis of a subset of MSCLC but are not
imvalved in SCLC.
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Tagger TrainingMaterial TokenlInstances
ol SectionD0-15PennTreebank 773832
New 315abstracts 103159
Tagger| Overall Accurag | NumberTokenlInstances| Accurag/ on | Accurag/ on
Unseerin TrainingData Unseen Seen
Old 88.53% 14542 58.80% 95.53%
New 97.33% 4096 85.05% 98.02%

(TestingMaterial: 294 abstractgrom the oncologydomain,with 76324tokeninstances.)

Figure4: Evaluationof Part-of-Speecfiaggers

cationsand557 stateswe obtainedhefollowing 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 considerectorrectlyidentifiedif andonly
if it matcheghe humanlabelingby both category (type,
locationor state)andspan(from positionato positionb).
At this stagewe have not distinguishedbetweeninitial
andfinal states.

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

5 Conclusion

We have describedhere an integrated annotationap-
proachfor two areasof biomedicalinformation extrac-
tion. We discussedereralissueghathave arisenfor this
integration of annotationlayers. Much effort hasbeen
spenton the entity definitionsandhow they relateto the
higherlevel conceptswhich are desiredfor extraction.
Therearepromisinginitial resultsfor trainingtaggerso
extracttheseentities.

Next stepsin the projectinclude: (1) continuedanno-
tation of the layerswe are currently doing, (2) integra-
tion of the level of predicate-agumentannotation,and
(3) furtherdevelopmentof the statisticaltaggersjnclud-
ing taggerdor identifying relationsovertheircomponent
entities.
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