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Abstract

We presentan approachusingsyntacto-
semantiaqulesfor the extractionof rela-
tional informationfrom biomedicalab-
stracts. The resultsshav that by over
coming the hurdle of technicaltermi-
nology high precision results can be
achied. From abstractsrelated to
baler's yeast,we manageto extract a
regulatory network comprisedof 441
pairwiserelationsfrom 58,664abstracts
with anaccurayg of 83-90%.To achieve
this, we made use of a resourceof
gene/proteimamesconsiderablyarger
thanthoseusedn mostotherbiologyre-
latedinformationextractionapproaches.
This list of nameswas includedin the
lexicon of our retrainedpart-of-speech
taggerfor useon molecularbiology ab-
stracts. For the domainin questionan
accurag of 93.6—-97.7%wvasattainedon
POS-tagsThemethodis easilyadapted
to otherorganismsthanyeast,allowing
usto extractmary morebiologicallyrel-
evantrelations.

1 Intr oduction and relatedwork

A massie amount of information is buried in
scienti ¢ publications(more than 500,000 pub-
lications per year). Therefore,the needfor in-
formation extraction (IE) and text mining in the
life sciencesis drastically increasing. Most of
the ongoingwork is beingdedicatedo dealwith
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PubMed abstracts The technicalterminologyof
biomedicinepresentshemainchallengeof apply-
ing IE to suchacorpus(Hobbs,2003).

The goal of our work is to extract from bio-
logical abstractswhich proteins are responsible
for regulatingthe expression(i.e. transcriptionor
translation)of which genes This meando extract
a speci ¢ type of pairwiserelationsbetweenbio-
logicalentities. Thisdiffersfrom theBioCreAtlVE
competitiontaskg that aimed at classifying en-
tities (geneproducts)into classedasedon Gene
Ontology(Ashkurneretal., 2000).

A task closely relatedto ours, which hasre-
ceived some attention over the past ve years,
is the extraction of protein—proteininteractions
from abstractsThis problemhasmainly beenad-
dresseddy statistical“bag of words” approaches
(Marcotteetal., 2001),with the notableexception
of Blaschleetal. (1999. All of the approaches
differ signi cantly from oursby only attempting
to extract the type of interactionand the partici-
patingproteins disreggardingagensandpatiens.

Most NLP basedstudiestendto have beenfo-
cusedon extraction of eventsinvolving one par
ticularverb, e.g. bind (Thomasetal., 2000)or in-
hibit (Pustejesky etal., 2002). Fromabiological
point of view, therearetwo problemswith such
approachesl) themeaningof theextractedevents

!pubMedis a bibliographic databasecovering life sci-
enceswith afocuson biomedicinecomprisingaround12
10P articles,roughly half of themincludingabstrachttp:
/www.ncbi.nlm.nih.gov/PubMed/ ).

2Critical Assessmentof Information Extraction sys-
temsin Biology, http://www.mitre.org/public/
biocreative/



will dependstronglyontheselectionatestrictions
and2) the samemeaningcanbe expressedising
a numberof differentverbs. In contrastandalike

(Friedmaretal., 2001),we insteadsetout to han-
dle only one speci ¢ biological problemand, in

return, extractthe relatedeventswith their whole
rangeof syntacticvariations.

The variety in the biological terminologyused
to describeregulationof geneexpressiormpresents
a major hurdleto an IE approachjn mary cases
the information is buried to such an extent that
evena humanreaderis unableto extractit unless
having a scienti ¢ backgroundn biology. In this
paperwe will shav thatby overcomingthe termi-
nologicalbarrier high precisionextractionof en-
tity relationscan be achieved within the eld of
molecularbiology.

2 The biological task and our approach

To extract relations, one should rst recognize
the named entities involved. This is patrticu-
larly dif cult in molecularbiology where mary

forms of variation frequentlyoccur Synorymy

is very commondueto lack of standardizatiorof

genenamesBYP1, CIF1, FDP1, GGS], GLC6,

TPS], TSS], andYBR126C areall synorymsfor

the samegene/protein Additionally, thesenames
are subjectto orthographicvariation originating
from differencesn capitalizatiorandhyphenation
aswell assyntacticvariation of multiword terms
(e.g. ribo avin synthetaséetachain= betachain

of ribo avin synthetase Moreover, mary names
arehomoryms sincea geneandits geneproduct
areusuallynamedidentically causingcross-oer

of termsbetweersemantiaclasses Finally, para-
grammaticalvariationsare more frequentin life

sciencepublicationsthanin commonEnglishdue
to the large numberof publicationsby non-natve

speakrs(Netzeletal., 2003).

Extractingthat a protein regulatesthe expres-
sionof ageneis achallengingoroblemasthis fact
canbe expressedn a variety of ways—possibly
mentioningneitherthebiological procesgexpres-
sion) nor ary of thetwo biological entities(genes
andproteing. Figurel shavs a simpli ed ontol-
ogy providing an overviev of the biological en-
tities involved in geneexpression their ontologi-
cal relationshipsand how they caninteractwith
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Figure1: A simplied ontology for transcrip-
tion regulation. The backgroundcolor usedfor
eachterm signi es its semanticrole in relations:
regulator(white), tamget (black),or either(gray).

one another An ontologyis a greathelp when
writing extraction rules, as it immediately sug-
gestsa large numberof relevant relationsto be
extracted. Examplesinclude “promoter contains
upsteamactivatingsequenceand*“transcription
regulator bindsto promotef, both of which fol-
low from indirectrelationshipsia binding site

It is often not knowvn whetherthe regulation
takes place at the level of genetranscriptionor
translationor by anindirectmechanism.For this
reasonandfor simplicity, we decidedagainstry-
ing to extract how the regulation of expression
takesplace. We do, however, strictly requirethat
theextractedrelationsprovide informationabouta
protein(theregulator R) regulatingtheexpression
of agene(thetamet, X), for whichreasorthreere-
guirementsnustbeful lled:

1. It mustbeascertainethatthe sentencenen-
tions geneexpression. “The proteinR acti-
vatesX” fails this requirementas R might
insteadactivate X post-translationallyThus,
whetherthe event shouldbe extractedor not
dependsn the type of the accusatie object
X (e.g. geneor geneproduc). Withoutahead
nounspecifyingthetype, X remainsambigu-
ous, leaving the whole relation underspeci-



ed, for which reasonit shouldnot be ex-
tracted. It shouldbe notedthattwo thirds of
thegene/proteimamesmentionedn our cor
pusareambiguoudor thisreason.

2. The identity of the regulator (R) must be
known. “The X promoteractivates X ex-
pression”fails this requirementasit is not
known which transcriptionfactor actvates
the expressionwhen binding to the X pro-
moter Linguistically this implies that noun
chunksof certainsemantictypesshouldbe
disallovedasagens.

3. Theidentity of thetamget(X) mustbeknown.
“The transcriptionfactor R actvatesR de-
pendenexpression’failsthisrequirementas
it is notknow which genes expressioris de-
pendenbnR. Thesemantid¢ypesallowedfor
patiensshouldthusalsoberestricted.

The two lastrequirementsreimportantto avoid
extractionfrom non-informatie sentenceshat—
despitethem containing no information—occur
quite frequentlyin scienti ¢ abstracts.The color
ing of the entitiesin Figurel helpsdiscernwhich
relationsaremeaningfulandwhich arenot.
Theability to geneticallymodify anorganismin
experimentsbrings aboutfurther complicationto
IE: biologicaltexts oftenmentionwhattakesplace
whenanorganismis arti cially modi ed in apar
ticular way. In somecasessuchmodi cation can
reversepart of the meaningof the verb: from the
sentencéDeletion of R increasedX expression”
one canconcludethat R repressegxpressionof
X. The key point is to identify that “deletion of
R” implies that the sentencalescribesan exper
imentin which R hasbeenremored, but that R
would normally be presentandthatthe biological
impactof R is thusthe oppositeof whatthe verb
increasedalonewould suggestln othercaseghe
verb will lose part of its meaning: “Mutation of
R increasedX expression”implies that R regu-
latesexpressionX, but we cannotinfer whether
R is an activator or a repressor In this casemu-
tation is dealtin a mannersimilar to deletionin
the previous example. Finally, therearethosere-
lationsthat shouldbe completelyavoidedasthey
exist only becausehey have beenarti cially in-

troducedthroughgeneticengineering.In our ex-
tractionmethodwe addressll threecases.

We have optedfor a rule basedapproach(im-
plementedas nite stateautomata}o extractthe
relationsfor two reasons.The rst is, thatarule
basedapproachallows us to directly ensurethat
the three requirementsstatedabove are ful lled
for theextractedrelations.Thisis desiredo attain
high accurag on the extractedrelations,whichis
whatmattersto the biologist. Hence we focusin
our evaluationon the semanticcorrectnessf our
methodratherthanonits grammaticatorrectness.
As long asgrammaticakrrorsdo not resultin se-
manticerrors,we do not consideiit anerror. Con-
versely evenagrammaticallycorrectextractionis
consideredanerrorif it is semanticallywrong.

Oursecondeasorfor choosingarule basedap-
proachis that our approachis theory-drven and
highly interdisciplinary involving computational
linguists, bioinformaticians,and biologists. The
rule basedapproachallows us to benet more
fromtheinterplayof scientistavith differentback-
grounds,as known biological constraintscan be
explicitly incorporatedn the extractionrules.

3 Methods

Table 1 shavs an overview of the architectureof
our IE system. It is organizedin levels suchthat
the outputof onelevel is theinput of the next one.
The following sectionsdescribeeachlevel in de-
tail.

3.1 Thecorpus

The PubMedresourcewas dowvnloadedon Jan-
uary 19, 2004. 58,664 abstractsrelatedto the
yeast Sactiaromycescervisiae were extracted
by looking for occurrencesof the terms “Sac-
charomycesereisiae”, “S. cerevisiae”, “Baker's

yeast”,“Brewer's yeast”,and“Budding yeast”in

the title/abstractor as headof a MeSH tern®.

Theseabstractsvere ltered to obtainthe 15,777
that mentionat leasttwo nameg(seesection3.4)

and subsequenthdivided into a training and an
evaluationsetof 9137and6640abstractsespec-
tively.

3Medical SubjectHeadings(MeSH) is a controlledvo-
calulary for manuallyannotingPubMedarticles.



Level Component

LO Tokenizationand multiw ords
Word and sentencéoundariesare de-
tectedand multiwords are recognized
andrecomposedo onetoken.

L1 POS-Tagging
A part-of-speechagis assignedo each
word (or multiword) of the tokenized

corpus.
L2 Semanticlabeling

A manuallybuilt taxonomyis usedto
assignsemanticlabelsto tokens. The
taxonomyconsistof genenamesgcue
words relevant for entity recognition,
andclasse®f verbsfor relationextrac-

tion. _ _
L3 Namedentity chunking

Based on the POS-tagsand the se-
manticlabels,a cascaded¢dhunkgram-
mar recognizesnoun chunksrelevant
for the genetranscriptiondomain,e.g.
[nxgene The GAL4 genel.

L4 Relation chunking
Relationsbetweenentities are recog-
nized, e.g. The expressionof the cy-
tochromegenesCYC1 and CYCY7 is

controlledby HAP1.
L5 Output and visualization

Informationis gatheredrom therecog-
nised patternsand transformedinto
pre-de nedrecords.Fromtheexample
in L4 we extractthat HAP1 regulates
theexpressiomf CYC1 andCYC7.

Tablel: Overviewn overtheextractionarchitecture

3.2 Tokenizationand multiw ord detection

The procesof tokenizationconsistsof two steps
(Grefenstetteand Tapanainen;1994): segmenta-
tion of the input text into a sequenceof tokens
and the detectionof sententialboundaries. We
usethetokenizerdevelopedby Helmut Schmidat
IMS (University of Stuttgart)becausét combines
a high accurag (99.56%o0n the Brown corpus)
with unsupervisedearning(i.e. no manuallyla-
belleddatais needed)Schmid,2000).

The determinatiorof token boundariesn tech-
nical or scienti c texts is one of the main chal-

lengeswithin information extraction or retrieval.

On the one hand, technical terms contain spe-
cial charactersuchasbraclets, colons,hyphens,
slashesgetc. On the other hand, they often ap-
pear as multiword expressionswhich males it

hard to detectthe left and right boundariesof

the terms. Although a lot of work hasbeenin-

vestedin the detectionof technicaltermswithin

biology relatedtexts (seeNenadt etal. (2003 or

Yamamotcetal. (2003 for representate results)
thistaskis notyet solvedto a satisfyingextent. As

we are interestedn very specialtermsand high

precisionresultswe optedfor multiword detection
basedon semi-automaticahcquisitionof multi-

words(seesections3.4and3.5).

3.3 Part-of-speechtagging

To improve the accurag of POS-taggingon
PubMed abstracts, TreeTagger (Schmid, 1994)
was retrainedon the GENIA 3.0 corpus(Kim et
al., 2003). Furthermorewe expandedthe POS-
taggerlexicon with entriesrelevant for our appli-
cation suchas genenames(seesection3.4) and
multiwords (seesection3.5). As tag setwe use
the UPenntag set(Santorini,1991)plus somemi-
nor extensiondor distinguishingauxiliary verbs.

The GENIA 3.0corpusconsistoof PubMedab-
stractsand has 466,179 manually annotatedto-
kens. For our applicationwe madetwo changes
in the annotation. The rst oneconcernsseem-
ingly undecideableasesdlike in/for annotatedas
in jcc. Theseweresplit into threetokens: in, /,
andor eachannotatedvith its own tag. This was
donebecauselreeTaggeris not able to annotate
two POS-tagdor onetoken. The secondset of
changesvasto adaptthetagsetsothatvb... is
usedfor derivatesof to be, vh...  for derivatesof
to have andvv...  for all otherverbs.

3.4 Recognizinggene/potein names

To be able to recognizegene/proteinnamesas
such, and to associatethem with the appropri-
ate databaseidenti ers, a list of synorymous
namesand identi ers in six eukaryotic model
organismswas compiled from several sources
(available from http://www.bork .e mh.
de/synonyms/ ). For S.cervisiaespeci cally,
51,640 uniquely resohable names and identi-



ers wereobtainedfrom SaccharomyceGenome
Databas¢SGD)andSWISS-PROT (Dwight etal.,
2002;Boeckmanretal., 2003).

Beforematchingthesenamesagainsthe POS-
taggedcorpus, the list of hameswas expanded
to include differentorthographicvariantsof each
name. Firstly, the nameswere allowed to have
variouscombinationof uppercasandlowercase
letters:all uppercaseall lowercase,rst letterup-
percaseand (for multiword names)rst letter of
eachword uppercase.ln eachof theseversions,
we allowed whitespaceo be replacedby hyphen,
andhyphento be removed or replacedoy whites-
pace.In addition,from eachgenenamea possible
proteinnamewasgeneratedy appendinghe let-
terp. Theresultinglist containingall orthographic
variationscomprise$16,79%ntries.

The orthographicallyexpandednamelist was
fed into the multiword detection the POS-tagger
lexicon,andwassubsequentlypnatchedhgainsthe
POS-taggedorpusto retaggene/proteimamesas
such(nnpg ). By acceptingonly matchedo words
taggedas commonnouns(nn), the problem of
homorymy wasreducedsincee.g. thenameMAP
canoccurasaverbaswell.

3.5 Semantictagging

In additionto the recognitionof the geneandpro-
tein nameswe recognizeseveral othertermsand
annotatehemwith semantidags. This setof se-
manticallyrelevanttermsmainly consistof nouns
andverbs,aswell assomefew prepositiondike
from , oradjectieslike dependentThe rst main
setof termsconsistof nounswhich areclassi ed
asfollows:

Relevant conceptsin our ontology: gene
protein promoter bindingsite, transcription
factor, etc. (153entries).

Relational nouns, like nouns of actiation
(e.g. derepressionand positive regulatior),
nouns of repression(e.g. suppessionand
neggativeregulation), nounsof regulation(e.g.
affectandcontiol) (69 entries).

Triggeringexperimental(arti cial) contets:
mutation deletion fusion defect vector
plasmidsetc. (11 entries).

Enzymesygyrase kinase etc. (569entries).

Organismnamesextracted from the NCBI
taxonomy of organisms (Wheeler et al.,
2004)(20,746entries).

Thesecondsetof termscontainb0verbsandtheir
in ections. They wereclassi edaccordingo their
relevancein genetranscription. Theseverbsare
crucialfor the extractionof relationsbetweeren-
tities:

Verbsof activatione.g. enhanceincreasein-
duce andpositivelyregulate

Verbs of repressione.g. blok, decease
downegulate anddownregulate

Verbsof regulatione.g. affectandcontrol.

Other selectedverbslike code (or encodg
andcontainwheregiventheir own tags.

Each of the terms consistingof more than one
word wasutilized for multiword recognition.

We also have have two additional classesof
words to prevent false positive extractions. The
rst containswordsof neggation,like not, cannot
etc. Theothercontainsnounsthatareto bedistin-
guishedfrom othercommonnounsto avoid them
beingallowed within namedentitities, e.g. allele
anddiploid.

3.6 Extraction of namedentities

In theprecedingstepswe classi edrelevantnouns
accordingto semanticcriteria. This allows usto
chunknounphrasegeneralizingover both POS-
tagsandsemantidags. Syntacto-semantichunk-
ing wasperformedo recognizenamedentitiesus-
ing cascadesf nite staterulesimplementedasa
CASSgrammai(Abney, 1996).As anexamplewe
recognizegenenounphrases:

[nx _gene

[at the]

[nnpg CYC1]

[gene genf}

[in in]

[yeast Saccharomyceserevisiag|]
Othersyntacticvariants,asfor example“the glu-
cokinasegeneGLK1" arerecognizedoo. Simi-
larly, we detectat this earlylevel nounchunksde-



noting other biological entities such as proteins,
activators,repressordranscriptiorfactorsetc.

Subsequently we recoghize more comple
noun chunkson the basisof the simpler ones,
e.g. promotersupstreanmactivating/repressim se-
guenceqUAS/URS),binding sites. At this point
it becomesmportantto distinguishbetweeragens
andpatiendormsof certainentities.Sinceabind-
ing siteis partof atargetgenejt canbereferredio
eitherby the nameof this geneor by the nameof
theregulatorproteinthatbindsto it. It is thusnec-
essaryto discriminatebetween'binding site of”
and“binding sitefor”.

As already mentioned,we have annotateda
classof nounsthat trigger experimentalcontext.
On the basisof thesewe identify noun chunks
mentioning,asfor exampledeletion,mutation,or
overexpressionof genes. At afairly late stagewe
recognizeeventsthat can occurasargumentsfor
verbslik e “expressiorof”.

3.7 Extraction of relationsbetweenentities

This stepof processingconcernsthe recognition
of threetypesof relationsbetweertherecognized
namedentities: up-regulation, dovn-regulation,
and(underspeci edYegulationof expressionWe
combine syntactic properties (subcatgorization
restrictions)and semanticproperties(selectional
restrictions)of the relevant verbsto mapthemto
oneof thethreerelationtypes.

Thefollowing shavs areduceddracletedstruc-
ture constingof threeparts,a promoterchunk, a
verbal complex chunk, anda UAS chunkin pa-
tiens:

[nx _prom the ATR1 promoterregion]

[contain CONtaing

[nx _uas_pt

[dt a a] [bs bindingSitq [f or fOI‘]

[nx _activator the GCN4 activator proteir].
Fromthis we extractthatthe GCN4 proteinacti-
vatesthe expressiorof the ATR1 gene.We iden-
tify passie constructgoo e.g. “RNR1 expression
isreducedoy CLN1 or CLN2 overexpression”.In
this casewe extracttwo pairwiserelations pamely
thatbothCLN1 andCLN2 down-regulatethe ex-
pressiorof theRNR1 gene. We alsoidentify nom-
inalized relationsas exempli ed by “the binding
of GCN4 proteinto the SER1 promoterin vitro”.

4 Results

Using our relation extractionrules, we were able

to extract 422 relation chunks from our com-

plete corpus. Since one entity chunk can men-
tion several differentnamedentities, thesecorre-

spondedo atotal of 597 extractedpairwiserela-

tions. However, as sereral relation chunksmay

mentionthe samepairwiserelations,this reduces
to 441 uniquepairwiserelationscomprisedf 126

up-regulations, 90 down-regulations,and225reg-

ulationsof unknawvn direction.

Figure2 displaysthese441 relationsasa regu-
latory network in whichthenodesrepresengenes
or proteinsandthe arcsare expressiorregulation
relations. Known transcriptionfactorsaccording
to the Saccharomyce§enomeDatabasgSGD)
(Dwight et al., 2002)aredenotedby black nodes.
From a biological point of view, it is reassuring
that thesetendto correspondo proteinsserving
asregulatorsin ourrelations.

Figure2: The extracted network of generegu-
lation The extractedrelationsare shawvn asa di-

rectedgraph,in which eachnodecorrespondso a
geneor proteinandeacharcrepresents pairwise
relation. The arcspoint from the regulatorto the
targetandthetypeof regulationis speci ed by the
type of arrav head. Known transcriptionfactors
arehighlightedasblacknodes.



4.1 Evaluation of relation extraction

To evaluatethe accurag of the extractedrelation,
we manuallyinspectedill relationsextractedfrom
the evaluationcorpususingthe TIGERSearchvi-
sualizatiortool (Lezius,2002).

The accurag of the relationswas evaluatedat
thesemanticdatherthanthegrammaticalevel. We
thuscarriedout the evaluationin sucha way that
relationswerecountedascorrectif they extracted
the correctbiologicalconclusiongvenif theanal-
ysis of the sentencés not asto be desiredfrom
a linguistic point of view. Corversely a relation
was countedasan error if the biological conclu-
sionwaswrong.

75 of the 90 relation chunks(83%) extracted
from the evaluationcorpuswere entirely correct,
meaningthattherelationcorrespondetb expres-
sionregulation,theregulator(R) andtheregulatee
(X) werecorrectlyidenti ed, andthe directionof
regulation (up or down) was correctif extracted.
Further6 relationchunksextractedthe wrong di-
rection of regulation but were otherwisecorrect;
our accurag increase$o 90%if allowing for this
minor typeof error Approximatelyhalf of theer
rors madeby our methodstemfrom overlooked
geneticmodi cations—althoughmentionedn the
sentencethe extractedrelationis not biologically
relevant.

4.2 Entity recognition

Forthesale of consisteng, we have alsoevaluated
our ability to correctlyidentify namedentitiesat
thelevel of semantiaatherthangrammaticaktor
rectness. Manual inspectionof 500 namedenti-
tiesfrom the evaluationcorpusrevealedl4 errors,
whichcorresponds anestimatediccuray of just
over97%. Surprisingly mary of theseerrorswere
commitedwhen recognizingproteins for which
our accurag was only 95%. Phrasessuch as
“telomeraseassociategrotein” (which got con-
fused with “telomeraseprotein” itself) were re-
sponsibldor abouthalf of theseerrors.
Amongthe 153 entitiesinvolvedin relationsno
errorsweredetectedwhichis fewerthanexpected
from our estimatedaccurag on entity recogni-
tion (99% con denceaccordingto hypegeomet-
ric test). This suggestshatthe templatesusedfor
relationextractionareunlikely to matchthosesen-

tenceconstructson which the entity recognition
goeswrong. Falseidenti cation of namedentities
arethusunlikely to have animpactontheaccurag
of relationextraction.

4.3 POS-taggingand tokenization

We comparedthe POS-taggingperformanceof
two parameteres on55,166tokensfrom the GE-
NIA corpusthatwerenot usedfor retraining.Us-
ing theretrainedaggey 93.6%o0f thetokenswere
correctly tagged,4.1% carried questionabldgags
(e.g. confusingpropernounsfor commonnouns),
and 2.3% were clear tagging errors. This com-
paresfavourablyto the 85.7%correct,8.5%ques-
tionabletags,and5.8% errorsobtainedwhenus-
ing the Standardenglishparameterle. Retrain-
ing thusreducedheerrorratemorethantwo-fold.

Of 198 sentencesvaluated, the correct sen-
tenceboundarywas detectedn all cases.In ad-
dition, threeabbreiations incorrectly resultedin
sentenceanarlker, correspondindgo an overall pre-
cisionof 98.5%.

5 Conclusions

We have developeda methodthatallows usto ex-
tractinformationon regulationof geneexpression
from biomedicalabstracts. This is a highly rel-
evant biological problem, since much is known
aboutit althoughthis knowledgehasyetto becol-
lectedin a database. Also, knowledge on how
geneexpressionis regulatedis crucial for inter
pretingthe enormousamountsof geneexpression
data producedby high-throughputmethodslike
spottedmicroarraysandGeneChips.

Although we developed and evaluated our
methodon abstractgelatedto baker's yeastonly,
we have successfullyappliedthe methodto other
organismsncludinghumangto bepublishectlse-
where). The main adaptatiorrequiredwasto re-
placethe list of synorymousgene/proteimames
to re ect the changeof organism. Furthermore,
we alsointendto reusethe recognitionof named
entitiesto extractother speci ¢ typesof interac-
tionsbetweerbiologicalentities.
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