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Abstract
Despite the large variety of corpora in the biomedical domain their annogadiifler in many respects, e.g., the coverage of different,
highly specialized knowledge domains, varying degrees of granuldrityectargeted relations, the specificity of linguistic grounding
of relations and named entities referred to in the documents, etc. We eduice GNEREG (Gene Regulation Corplisthe result
of an annotation campaign led by the Jena University Language & lafttorn Engineering (JULIE) Lab. The EMEREG corpus
consists of 314 abstracts dealing with the regulation of gene expressioa indttel organisni. coli. Our emphasis in this paper is
on the compatibility and, thus, linkage, of thee@EREG corpus with the alternative BNIA event corpus and with several in-domain
and out-of-domain lexical resources, e.g., ttrESIALIST LEXICON, FRAMENET, and WORDNET. The links we established from
the GENEREG corpus to these external resources will help improve the perfornafrtbe automatic relation extraction engine JRE
trained and evaluated onEGEREG.

1. Introduction coN,2 WoRDNET,3 FRAMENET,? etc., on the other hand.

We currently witness a proliferation of semantically anno- 1 nese efforts will be described in Section 4.

tated corpora, containing named entity and relation annota

tions, particularly in the area of biomedical language pro- 2. Related Work

cessing. As examples, we here only mention the AV One of the key issues in the BioNLP domain is the extrac-
corpus (Bunescu et al., 2005), thelLcorpus (Nedellec, tion and interpretation of relations (RE) between named en-
2005), the BoINFER corpus (Pyysalo et al., 2007), and, tities. For the development and evaluation of RE method-
most recently, th&ioNLP’'09 Shared Taskorpus (Kim et  ologies, a large variety of RE annotated corpora were de-
al., 2009) gathered from theeBilA event corpus (Kim et veloped in different labs. Most of these corpora contain
al., 2008) for theBioNLP'09 Shared Task Challenge on protein-protein interaction (PPI) annotations, e.g., Ali/
Event Extractiort BIOINFER, LLL, but they also differ in many respects
These corpora are characterized by highly specialize@Pyysalo et al., 2008). While some corpora provide untyped
named entity or relation types still covering only tiny lit- undirected annotations (AlIkD), other corpora employ
tle bits of the vast domain knowledge in the life sciencesannotations based on ontological definitionsdBIFER).
While this seems inevitable for such supersized domaing&nother major difference between these corporais the level
with a huge span of ‘interesting’ entities and relations on of detall, i.e., the granularity of annotations. Finallyly
might think of docking such specialized corpora to comple-few corpora provide the marking of key words that stand at
mentary resources in order to increase their usability. the textual level for the conceptualization of an interacti
We, first, introduce GNEREG (Gene Regulation Corplis  between named entities (e.g.JdBNFER, GREC (Thomp-

the result of an annotation campaign led by the Jena Unison et al., 2009)).

versity Language & Information Engineering (JULIE) Lab. In recent challenges such as tB®wNLP’09 Shared Task
The corpus, a preliminary version was described by Buykdhese issues gained further attention. While the granylarit
et al. (2008), is suited for the extraction of relations be-of relations used for corpus annotation is increasing ,(e.g.
tween entities whose focus is on the regulation of gene exfrom PPI to Binding Regulation etc.), the annotations are
pression. Its structure and some quantitative charatiteris also grounded in the explicit linguistic expressions being
will be described in Section 3. used for the denotation of relations (e.g., various int&wac

In an effort to consolidate our work onEBIEREG, we fur-  types are linked to the key interaction words).

ther explored ways to link the metadata it contains to otherPyysalo et al. (2008) showed that the majority of annotated
independently developed annotated corpora or lexical reinteractions from various RE corpora fall under @ausal-
sources. Such concerns for empowering the interoperabilChangesub-tree of the BOINFER ontology (Pyysalo et

ity of language resources were made concrete by linkingl., 2007). These interactions correspond to events occur-
GENEREG with the GENIA event corpus on the one hand,

and with lexicon resources such as tleeSIALIST LEXI- 2htt p: // www. nl m ni h. gov/ pubs/ f act sheet s/
un sl ex. htm
http://wmwtsujii.is.s.u-tokyo.ac.jp/ htt p: // wor dnet . pri ncet on. edu/
GENI A/ Shar edTask/ “http://framenet.icsi.berkel ey. edu/
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ring as part of biochemical processes in cells. The interac- 3. Corpus Annotation

tion annotations from different corpora vary thereby at the.l_he GENEREG Corpus consists of 314BMEDS abstracts

level of granularity. Let us consider an example from the . . ) o
) _— o : dealing with the regulation of gene expression in the model
AIM ED corpus. H53 transcriptional activation mediated ; . - :
) . organismE. coli. The regulation of gene expression can
by co-activators TAFII40 and TAFIIB0 contains an an- .

. . ! . be described as the process that modulates the frequency,
notation of two PPI interaction relations, nam@&Rl(p53, rate or extent of dene expression. DUFNG gene expression
TAFI1140) and PPI(p53, TAFII60) However, more specif- ; 9 P - g gene exp ’

the coding sequence of a gene is converted into a mature

ically, TAFI140 and TAFII60 regulate the transcription of ene product or products, namely proteins or RNA (taken
p53 The interactions mentioned in the sentence finally boil? b P ' yp

down to two molecular events, namé®gsitive Regulation from the definition of the Gene Ontology claBegula-
- . ' o 9 tion of Gene Expressiors0:0010468f. GENEREG pro-
and Transcription which are more specific than the more

general interpretation &Pl. It is exactly this kind of more vides three types of semantic annotationamed entities

o . . : . involved in gene regulatory processes, such as transcrip-
precise information biologists are looking for. . 7 r .
tion factors and genes, pairwisglationsbetween regula-

molecular events and even cascades of events are involvedsential for the description of, e.g., gene expression and
both of which are hard to sort out. This observation holdsyene regulation eventsFor all three annotation levels, the
for the GENEREG corpus as well. For example, the sen- gnnotation vocabulary was taken from tBene Regulation

tence XapR regulates the expression of xanthosine phospntology(Gro) (Beisswanger et al., 2008).
phorylase (XapA) contains aRegulation of Gene Expres-

sion relation betweerKapRand XapAthat can be repre- 31 Event Triggers
sented by means of two cascade@N&A corpus events,

i.e., RegulatioiTheme:Gene Expressiditheme:XapA) After an extensive manual analysis of biomedical texts,
Cause:XapR). events classified as relevant for the process of gene expres-

sion regulation were grouped into nine categories based on
GRO conceptsyiz. Gene Expressigranscription Reg-
ulation of Gene Expression (ROGBositive ROGENeg-
tive ROGE andExperimental Interventiowith subtypes
enetic ModificationArtificial Increase andArtificial De-

Given the inherent complexity of relation extraction attsuc
a fine level of distinction RE may benefit from a method-
ological approach which deals with the extraction of molec-
ular events in a bottom-up manner. This way, the gener
PP problem can b_e decomposed into more Spec'f'(_: aNrease? Trigger words indicating textual mentions of the
poss_lt_)ly, more feasible subtasks. To pgt this work on flrmerIisted events were annotated with the corresponding cat-
empirical ground, we wanted to consolidate our work on the

. ) ) egories. An event trigger is any literal verbal form that
SvEeﬁleerEzrpus by making it compatible with thesia explicitly signals the occurrence of a particular molecula

event. Trigger words are basically main verbs, verb nomi-
In the BioNLP'09 Challenge, the tagging of key words najizations and adjectives. For example, the sentéidee
(called triggers) has been shown to be particularly usefuNs and StpA proteingimulate expression of the maltose
for the extraction and interpretation of fine-grained inter regulon in Escherichia coli.” contains two triggers: first,
actions between entities. Slmllarly, Buyko et al. (2008)‘Stimu|ate’ is a trigger for a process in the Categ@gsi_
gathered evidence that the extraction of trigger words contiye ROGE second expression'is a trigger for a process

siderably boosts an RE system’s performance in terms gbelonging to the categoi@ene Expression
its f-score. Thus, the need arises to link the annotations of

trigger words from different corpora in a standardized way.3 2. Gene Expression Regulation Relations

Some attempts have already been made in this direGyyiying the direct linking of arguments to atomic events
tion in the PASBO (Wattarujeekrit et aI._, 2004) and anchored by trigger words in the text, in the second step,
B'QFRAMENET (Dolbey et al., 2006) projects bo.th of a domain expert directly annotated pairwise relations be-
W.h'Ch’ ynfortunately, cover only a very small PO”'OT‘ of tween genes and regulators affecting the expression of the
biomedical verbs. We here advocate the consideration Oéenes. This annotation was based on th®@lassROGE

larger-scale lexical resources such as thE@ALIST LEXT with its two subclasseRositive ROGEndNegative ROGE
ICON and the BoOLEXICON (Sasaki et al., 2008) which A relation instance contains two argumentiz. Agent ,

offer a substantial number of subcategorization frames fO{he entity that plays the role of modifying gene expression,
biomedical verbs. Turning our attention to the general Ian'and Pat i ent , the entity whose expression is modified
guage domain, we additionally find lexical resources Sucr}xgents can be occupied by transcription factors (in core

as WORDNET, VERBNET, FRAMENET that (though dif- o5 15101y relations), or by polymerases and chemicals (in
fering in the scope of their lexical coverage) might be ben-

eficial for the biomedical domain as well.

In this study, we consolidate theEREREG corpus by elab-

orating on its compatibility with the En1a event corpus "The annotation process and IAA figures for named entities,

annotation guidelines and by linking the most freque_m; trlg_ event triggers and semantic relations are described by Buyko et
ger words from both corpora to selected in-domain (i.e., bi-; (2008).

ological) and out-of-domain (non-biological) lexicon and  sgyperimental Interventionevents extend the original
corpus resources. GENEREG version presented by Buyko et al. (2008).

Shtt p: // www. pubred. or g
Shtt p: // www. geneont ol ogy. or g/
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auxiliary regulatory relations). The sentencéH-NSand  Thereby, the participants of EMEREG relations have to be
StpA proteins stimulate expression of th&ltose regulon linked to various events, e.g.ranscriptionor Gene expres-
in Escherichia coli” contains twdPositive ROGHEnstances sionevents (see the example in Section 2.).

with H-NSandStpAas regulators anmalf[ose reguloras For 19 relations (12%), we annotatbtiitagenesigvents.
regulgted gene group. Table 1 summarizes the overall arg Mutagenesisevent denotes the process by which ge-
notation results. netic material undergoes a detectable and heritable struc-

‘ Core\ Auxiliary ‘ TOTAL ‘ tura_l change. . Eexperirnental environments fqr gene reg-
ulation detection often involve genetic modifications of

| Semantic Category

RO(.;.E 417 192 609 genetic material. By means of these genetic modifi-
Posm\(e ROGE 465 325 790 | cations and the expression levels of other genes, re-
Negative ROGE 282 89 371 searchers implicitly draw conclusions about the role of
TOTAL 1164 606 1770 the transcription factor in the gene regulation processes.

The sentenceTranscription of the chromosomal asr was
Table 1: Number of regulation of gene expression (ROGE)”‘bOl,',Shed in the presence of a phoB-phoR deletion mu-
relation annotations per semantic category tant” contains suc'h an mferred reIapon asr with phoB

and phoR respectively. This relation would be repre-
sented according to theeBilA guidelines, e.g., fophoB

GENEREG relations are represented by at least thirteen Sta-sNegative Regulatiqfheme: Transcriptior{There:as)
ble semantico-syntactic patterns (Buyko et al., 2008). Th . : : K
! y P (Buy ) %ause(Mutagenes@Thene:phoB))).

patterns range from the most frequent ones containing th
mention of regulation verbs, adjectives and nominaliza+or 15 relations (approximately 10%), we annotated a cas-
tions (e.g.,regulator’), to uncertain expressions suchlas  cade ofRegulationevents. For example, the senten&es”
essential, ‘be involved in; adjectives indicating require- protein is a major factor responsible for catabolite re-
ments or dependencies (e.glependeny, and causal re- pression at the nrf promotér contains aRegulation of
lation constructions between molecular processes in whiclsene Expressiorelation betweerfis andnrf that can be

gene and transcription factors are involved. represented by means of two casca&egjulationevents,
) N i.e., RegulatiofiThene:Negative RegulatigqiThene:nrf),
4. Studies on the Interoperability of Cause:Fis).
GENEREG

In 10% of the annotations we could not provide thenega

4.1. Linking to the GENIA Event Corpus annotations, where 7 relations (about 5%) are statements
The BioNLP’09 Shared TasKocused on the extraction and not events, and 8 relations (again, about 5%) are too
of detailed behavior of proteins, characterized as biocomplex and cannot be represented &\ events. For
molecular events, and provided annotations of selecte@xample the sentenc®timer extension analysis of the asr
events from the GNIA events corpus (Kim et al., 2008). transcript revealed a region similar to the Pho box (the con-
The main difference betweene®1A events and GNEREG ~ Sensus sequence found in promoters transcriptionally acti
relations is the level of detail of annotations. While vated by the PhoB protein) upstream from the determined
GENEREG provides only shallow event annotations an- transcription start: contains such a relation annotation be-
chored through trigger words in the texte@IA links the  tweenasrandPhoBthat would not be annotated in theeG
event arguments to their trigge’$The two GENEREGan-  NIA event corpus according to its guidelines.

notation layersyiz. event triggersand relations are cur-

rently not inter-linked. The second main difference is the

use of biomedical knOWledge for inference IrEREREG 4.2. L|nk|ng to Biomedical and General Language

(in contrast to the &NIA guidelines). GNEREG annota- Lexicon and Corpus Resources

tors frequently used the knowledge about experimental con-
ditions for drawing conclusions about the role of the tran-, 5 1
scription factor in the gene regulation processes. The sec-
ond difference can be explained considering the sentenc@lthough event trigger annotation and collection is cru-
“In absence of H-NS and StpA proteins we detected théial for biomedical information extraction, there is stll
loss of the maltose regulon expression in Escherichia’coli. need for lexical resources containing specific verbs and
Here an annotator will infer that-NS and StpAproteins ~ houns which express molecular events in texts. Up un-
positively regulatenaltose operogenes. til now, some home-grown verb lists have been compiled
We explored about 150 (about 13%) of the relations anno(€.g., by Fundel et al. (2007)), while theid EXICON
tated in the GNEREG corpus. For 142 relations (approxi- and the $ECIALIST LEXICON currently constitute per-
mately 90%), we can provide&mIA event annotations and haps the most comprehensive repositories for ‘biological

automatically infer the correspondingeGEREG relations.  Verbs. The most frequent triggers of thee@EREG and
BioNLP’09 Shared Taskorpora can almost completely be

*Auxiliary regulatory relations (606 instances) extend the orig-found in both of these lexicons. The extracted frames of

Linking to Biomedical Lexicons

inal GENEREG corpus. trigger verbs are either just syntactic (as with theeS
%N GENEREG the additional linkage annotation costs could be CIALIST LEXICON) or automatically gathered syntactico-
avoided by automatically connecting triggers to relations. semantic ones (as with tha®&_EXICON).
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Event (lemma) [ Verbs [ Nouns | Other [ FRAMENET [ VERBNET/PROPBANK | NOMBANK | WORDNET | Total |

Transcription(14) 3 10 1 2 (14%) 1 (7%) 6 (42%) 7(50%) [ 7 (50%) |
Gene expressiofl7) 5 11 1 6 (35%) 2 (11%) 2 (11%) 10 (59%) 10 (59%) |
Regulation(21) 10 6 5 13 (62%) 8 (38%) 4 (19%) 18 (86%) | 18 (86%)
Positive regulatior(43) 19 13 11 22 (51%) 12 (28%) 5(11%) | 31 (72%)| 32 (74%)
Negative regulatiorf29) 15 13 1 20 (69%) 9 (31%) 5 (17%) 19 (66%) | 19 (66%)
TOTAL(124) 52 53 19 |[ 63(50.1%) 32 (25.8%)| 22 (17.7%)| 85 (68.5%)] 86 (69.3%)

Table 2: Number of trigger words matching general languageurces per event category

| Event Frames in RAMENET \

Transcription Causat i on (inductior), Beconm ng awar e (detec}

Gene Expression | Causati on (inductio), Becom ng aware (detecj, Creati on (producs,
Pr esence (preseny

Regulation oj ective influence (effect affect influencg, Control (control),
Participation (involve involvemer), Cause change (change alter),
Cont i ngency (dependent Response (responsg

Positive regulation | Causat i on (induce, lead, result, causeCause change position on a
scal e (increase, enhance, promojerBei ng necessary (require, essen-
tial, necessary Contingency (dependent Cause to start (stimulatg,
Amassi ng (accumulatiof, Rel ati ve ti ne (after), Ti ne vect or (through,
| mpor t ance (importand, Ext r emre val ue (high), Bei ng acti ve (active
Negative regulation Hi nderi ng (inhibit), Cause change position on a scal e (decrease,
reduce, reduction, diminigh Change position on a scal e (decling,
Preventi ng (prevenj, Possessi on (lack)

Table 3: Frames in RAMENET corresponding to GBNEREG's event categories

4.2.2. Linking to General Language Lexicons and NET/PROPBANK with 25.8% matches. At the bottom of
Corpora the list appears NMBANK with 17.7% matches. The most
Directing our attention now to the non-biomedical do- difficult event to link is theTranscriptionevent as it is ex-
main we find large manually created lexico-semantic repressed through compounds sucHrasna levels®, "tran-
sources such as WRDNET, VERBNET (Kipper et al., scriptional activity”, “mrna expression’ Transcription
2000), RAMENET (Baker et al., 2003) that might be use- and Gene expressioevents share a set of frames, e.g.,
ful in the biomedical domain as well. We explore, in this Causat i on andBecomnm ng awar e, that represent dif-
section, the linking of event triggers (similar to the woifk o ferent views on the production of proteins from the DNA
Uematsu et al. (2009)) from E&VEREG and BioNLP'09  strain: the view of regulation by proteins and the view of
Shared Taskannotations fofTranscription Gene expres- a biologist in experiments (see Table 3). The sharing of
sion, Regulation Positive regulatiorand Negative regula- frames can be explained by the fact that Tmanscription
tion eventst? event is a part of th&ene expressioevent (see 8o (Beis-
We manually linked the most frequent triggers to the mosswanger et al., 2008)).
prominent general language lexical resourees, WORD-

NET, FRAMENET, and VERBNET, but also included the Regulationand Positive regulationtriggers are the ones
lexical patterns used for general language proposition-ann yjith the highest coverage in general language lexicon re-
tations as Contained in th@PBANK(Palmer et al., 2005) sources. They Cou|d be Successfu”y ||nked in particu_
and the MMBANK (Meyers et al., 2004). The results are |3r to FRAMENET (see Table 3). These events are usu-
summarized in Table £ ally expressed by words that describe general regulation,
The resource with the highest number of matches (68.5%hfluence or control. Regulationevents are expressed by
is WORDNET where we found between 50%r@nscrip-  frames such a6bj ect i ve i nfl uence, Causati on,
tion) to 86% Regulation of all triggers. WORDNET is  and Control . Positive regulationand Negative regu-
followed by FRAMENET with 50.1% matches, andBRB-  |ation correspond to frames that express more outspo-
ken influence such aBause change position on
a scal e, andHi nderi ng. Still, many triggers could
events in GiNIA, respectively. not be connected tOFEWE_N ET. The linkage rati_o lies be-
2For many triggers, we could not find a corresponding lemm tween 14% (forTranscriptior) to 69% (forNegative regu-

or its sense in the screened resources. Accordingly, in Table 2, vi\a}@t'on)' Very specific biomedical triggers such aiown-

only counted the lemmata with correctly traceable and identified®gulation” or ‘up-regulation’ are not at all represented in
senses. any of the lexical resources we explored.

ROGE Positive and NegativROGEin GENEREG are sub-
types ofRegulation Positive regulatiorand Negative regulation
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5. Conclusion and Outlook Katrin Fundel, Robert Kffner, and Ralf Zimmer. 2007. B Ex
— relation extraction using dependency parse tré&isinfor-

We described and discussed the semantic complexity of the matics 23(3):365-371.

GENEREG corpus by I!nklng its metadata to an alltemat'veJin-Dong Kim, Tomoko Ohta, and Jun’ichi Tsujii. 2008. Corpus
event corpus in the life sciences g6ia), as well as to annotation for mining biomedical events from literatuBMC
biomedical and general language domain lexicons includ-  gjsinformatics 9(10).
ing lexical specifications from general language corpus ansin-pong Kim, Tomoko Ohta, Sampo Pyysalo, Yoshinobu Kano,
notations. We gave evidence for the coverage of resources and Jun'ichi Tsuijii. 2009. Overview of BNLP’'09 shared
such as RAMENET and WORDNET related to biomedi- task on event extraction. IRroceedings of the BioNLP 2009
cal triggers which are relevant for the extraction of gene Workshop — Companion Volume for Shared Tgsdges 1-9.
expression regulation events. While some overlap exists Boulder, CO, USA.
for all of the considered resources OADNET exhibits the ~ Karin Kipper, Hoa Trang Dang, and Martha Stone Palmer. 2000.
highest degree of coverage way beyond the 50% line. Class-basgd construction of a_verb lexiconARAI/IAAI 2000
Interlinking these resources toEREREG will help us im- — Proceedings of the 17th National Conference on Artificial In-
. . telligence and 12th Conference on Innovative Applications of
prove the RE performance on this corpus. Experiments on

. o Artificial Intelligence pages 691-696. Austin, TX, USA.
JREX, our most recent RE extraction pipeline (Buyko et Adam Meyers, Ruth Reeves, Catherine Macleod, Rachel Szekely,
al., 2009), are under way.

; o ) Veronika Zielinska, Brian Young, and Ralph Grishman. 2004.
The COI’pUS a.nd annotation gUIde|IneS are fl’ee|y ava"a.ble The NoMBANK project: An interim report_ |rProceedings of

for academic purposes dtttp://ww. j uli el ab. the Workshop on “Frontiers in Corpus Annotation” at HLT-
de.l® NAACL 2004 pages 24-31. Boston, MA, USA.
Claire Nedellec. 2005. Learning language in logic — genic inter-
Acknowledgements action extraction challenge. InLL’05 — Proceedings of the

) ) ) ] 4th Learning Language in Logic Workshqages 31-37.
We thank Jin-Dong Kim (Tsujii Lab, University of Tokyo) martha S. Palmer, Daniel Gildea, and Paul Kingsbury. 2005.
for fruitful communication concerning the EBIIA event The Proposition Bank: An annotated corpus of semantic roles.
corpus annotation guidelines. This research was partially Computational Linguistigs31(1):71-106.
funded by the EC within the CALBC project (FP7-231727) Sampo Pyysalo, Filip Ginter, Juho Heimonen, JaiirBg, Jorma
and within the BOOT $REP project (FP6-028099). Boberg, Jouni Jarvinen, and Tapio Salakoski. 20070lB-
FER: A corpus for information extraction in the biomedical do-
main. Bioinformatics 8(50).

6. References A~ : —
Sampo Pyysalo, Antti Airola, Juho Heimonen, Jardiie, Filip
Collin F. Baker, Charles J. Fillmore, and Beau Cronin. 2003. The = Ginter, and Tapio Salakoski. 2008. Comparative analysis of

structure of the RAMENET databaselnternational Journal of five protein-protein interaction corpor@MC Bioinformatics
Lexicography 16(3):281-296. 9(3), April.

Elena Beisswanger, Vivian Lee, Jung-jae Kim, Dietrich Rebholz-yytaka Sasaki, Simonetta Montemagni, Piotr Pezik, Dietrich
Schuhmann, Andrea Splendiani, Olivier Dameron, Stefan Rebholz-Schuhmann, John McNaught, and Sophia Ananiadou.
Schulz, and Udo Hahn. 2008. Gene Regulation Ontology 2008. BoLExICON: A lexical resource for the biology do-
(GRO): Design principles and use cases.MfE 2008 — Pro- main. InSMBM 2008 — Proceedings of the 3rd International
ceedings of the 21st International Congress of the European symposium on Semantic Mining in Biomedicipages 109—
Federation for Medical Informaticgpages 9-14. Gothenburg, 116. Turku, Finland.

Sweden. Paul Thompson, Syed A Igbal, John McNaught, and Sophia Ana-

Razvan Bunescu, Ruifang Ge, Rohit J. Kate, Edward M. Mar- njadou. 2009. Construction of an annotated corpus to sup-
cotte, Raymond J. Mooney, Arun K. Ramani, and Yuk Wah  port biomedical information extractiorBMC Bioinformatics
Wong. 2005. Comparative experiments on learning informa- 10(349).
tion extractors for proteins and their interactiodstificial In- Sumire Uematsu, Jin-Dong Kim, and Jun’ichi Tsujii. 2009.
telligence in Medicing33(2):139-155. Bridging the gap between domain-oriented and linguistically-

Ekaterina Buyko, Elena Beisswanger, and Udo Hahn. 2008. Test- oriented semantics. IRroceedings of the BioNLP 2009 Work-
ing different ACE-style feature sets for the extraction of gene  shop pages 162—170. Boulder, CO, USA.
regulation relations from MDLINE abstracts. I'SMBM 2008  Tyangthong Wattarujeekrit, Parantu Shah, and Nigel Collier.
— Proceedings of the 3rd International Symposium on Semantic 2004. PASBO: Predicate-argument structures for event ex-

Mining in Biomedicingpages 21-28. Turku, Finland. traction in molecular biologyBMC Bioinformatics5(155).
Ekaterina Buyko, Erik Faessler, Joachim Wermter, and Udo Hahn.

2009. Event extraction from trimmed dependency graphs. In
Proceedings of the BioNLP 2009 Workshop Companion Vol-
ume for Shared Taslpages 19-27, Boulder, Colorado, June.
Association for Computational Linguistics.

Andrew E. Dolbey, Michael Ellsworth, and Jan Scheffczyk. 2006.
BIOFRAMENET: A domain-specific RAMENET extension
with links to biomedical ontologies. IfProceedings of the
“Biomedical Ontology in Action” Workshop at KR-MED 2006
pages 87-94. Baltimore, MD, USA.

Blicensed under a Creative Commons Attribution-
Noncommercial 3.0 Germany.

2666



