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Abstract
In this paperwe discusshe utility anddeficiencief existing ontologyresource$or anumberof languageprocessingpplications We
describea techniquefor increasinghe semantidype coverageof a specificontology the NationalLibrary of Medicines UMLS, with
theuseof robustfinite statemethodsusedin conjunctionwith large-scalecorpusanalyticsof the domaincorpus.We call this technique
"semanticrerendering’of the ontology This researcthasbeendonein the context of Medstract,a joint Brandeis-Tfts effort aimed
at developingtools for analyzingbiomedicallanguage(i.e., Medline), aswell ascreatingtargeteddatabasesf bio-entities,biological
relations,and pathway datafor biological researchergPustejosky et al., 2002). Motivating the currentresearchis the needto have
robust and reliable semantictyping of syntacticelementsn the Medline corpus,in orderto improve the overall performanceof the

informationextractionapplicationamentionedabore.

1.

Datamining andinformationextractionrely onanum-
ber of naturallanguageasksthat requiresemantiayping;
thatis, the ability of anapplicationto accuratelydetermine
the conceptuakategoriesof syntacticconstituents.Accu-
rate semantictyping senestaskssuchas relation extrac-
tion by improving anaphoraesolutionandentity identifica-
tion. Domain-specificsemanticyping alsobenefitsstatis-
tical categorizationanddisambiguatiortechniqueghat re-
quiregeneralizationacrossemanticlasseso make upfor
the sparsityof data. This appliesfor example,to the prob-
lem of prepositionalattachmentas well asidentification
of semantiaelationsbetweenconstituentswithin nominal
compoundgsee for example relateddiscussionn Rosario
& Hearst(2002)). Semantidyping hasotherdirectappli-
cations suchasqueryreformulation thefiltering of results
accordingto semantidyperestrictionsandsoon.

The setof catgyoriesusedin semantictyping mustbe
adequatenoughto sene suchtasks.In the biomedicaldo-
main, therearea numberof efforts to develop specialized
taxonomiesandknowledgebase{UMLS, GeneOntology,
SWISS-PROT, OMIM, DIP). In this paper we describea
methodfor adaptingexisting ontologyresource$or thenat-
ural languageprocessindgasksandillustratethis technique
onthe NationalLibrary of Medicines UMLS.

The UMLS, like mary industry-standardaxonomies,
containsa large number of word-conceptpairings (over
1.5M typedterms),makingit potentiallyattractve asare-
sourcefor semantictagginginformation. However, these
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typesare inadequatdor NL tasksfor two major reasons.

First, the overall type structureis very shallav. For exam-
ple,for the semantidag“Amino Acid, Peptideor Protein”
(henceforthAAPP), there are 180,998entries,for which
thereare dozensof functional subtypesthat are routinely
distinguishedy biologists,but notin the UMLS.
Onespecificexampleof thetype systendeficienciesl-

lustrateshis point very clearly: the extractionof relations
andtheir algumentsrom text is greatlyimprovedwith en-
tity andanaphoraesolutioncapabilities. However, entity
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andeventanaphoraesolutionrely on (amongotherthings)
the semantictyping of the anaphorand its potential an-
tecedentsparticularly with sortal and event anaphoraas
shovnin (1) below.
(1) a. “Forseparatiorof nonpolarcompoundsthe pre-
run canbeperformedwith hexang; ... Theselec-
tion of this solveni mightbe considered.”

b. [p21; inhibits the regulation of ...]
inhibitor; bindsto ...]

c. [A phosphorylatesB.] ... [Thephosphorylatior
of B ..]

[This

Strict UMLS typing presentsa problem for our
anaphoraesolutionalgorithm (Castdio et al., 2002). For
example, for the caseof anaphorain (1a), the UMLS
Metathesaurusypeshexaneas either ‘Organic Chemical’
or ‘Hazardousor PoisonousSubstance’ However, solvent
is typedas‘Indicator, Reagentpr DiagnosticAid’. In the
UMLS Semantid\Network, thesesemantidypesarenotre-
lated. Thereforetheresolutionof thesortalanaphoravould
fail, dueto the type mismatch.The factis thathexaneis a
solvent,andthis is simply notreflectedn UMLS.

Functionalsubtypingis alsomissing,as(1b)illustrates.
This exampleshavs a known protein (p21) being subse-
quently referredto asan ‘inhibitor’ (a functional classof
proteins). This type doesnot exist in UMLS andthe noun
‘inhibitor’ is merelytypedas‘ChemicalViewed Function-
ally’, while p21litselfis typedas'Geneor Genome’ AAPP,
or ‘Biologically Active Substance’lt is thereforedifficult
to discriminatep21 from other proteins(as potential an-
tecedentsjor the sortalanaphoft‘this inhibitor”.

A relateddifficulty is encounteredvith eventanaphora
casessuchas(1c), wherean eventnominalanaphotinds
to atenseceventasits antecedentyoth of which areof dif-
ferenttypesin the UMLS. Hence the existing UMLS sys-
temdoesnotallow for recognitionof type-subtypeelations
of thekinds thatareneededn orderto identify anaphoric
bindingsin Medlinetexts.



Given thesemotivations, we have developeda set of
techniquegor “rerendering”anexisting semanticontology
to satisfytherequirement®f specificfeaturesof a (setof)
application(s). For the presentcase(i.e., the UMLS and
bio-entity and relation extraction), we identify candidate
subtypesfor inclusionin the type systemby two means:
(a) corpusanalysison compoundhominalphraseghat ex-
presauniquefunctionalbehavior of thecompounchead;(b)
identificationof functionallydefinedsubtypesierivedfrom
bio-relation parsingand extraction from the corpus. The
resultsof rerenderingare evaluatedfor correctnessgainst
theoriginaltypesystemandagainstidditionattaxonomies,
shouldthey exist, suchasthe GO ontology: In our prelimi-
naryexperimentswe haddomainexpertspartially verify it
agansthe GeneOntology Full automaticverificationwill
bedonein thefuture.

2. SemanticRerendering

Many NLP tasksin the serviceof information extrac-
tion canbenefitrom moreaccuratesemanticyping of the
syntacticconstituentsn thetext. As mentionedabove, the
semantidaxonomyavailablefrom UMLS is lackingin sev-
eral respects. With specificapplicationssuchas content
summarizationanaphoraesolution,and accuraterelation
identificationin mind, we describehow an existing type
systemcanbe systematicallyadaptedo bettersene these
needspsingatechniqueve call semantiaerendering Se-
manticrerenderings a procesghat takesasinput an ex-
isting type system(suchasUMLS) andatext corpus,and
proposegefinementdo the taxonomyon the basisof two
stratajies:

e Linguistic Reendering Syntacticandsemanticanal-
ysisof NP structuresn thetext;

e DatabaseReendering Analysisof “ad hoc abstrac-
tions” from a databasef relationsautomaticallyde-
rivedfrom thecorpus.

In the first strateyy, we usethe syntaxof noungroupsto
identify candidatesubtypego anexisting UMLS type. For
example, categories that are of interestto biologists but
which arenot explicitly representeéh the type systemare
functional cateyories such as phosphorylatos, receptos,
andinhibitors. Theseareeachsignificantcateyoriesin their
own right but alsohave arich numberof subtypesaswell,
asillustratedin (2) below.

(2) CB(2) receptor
cannabi noi d receptor
cell receptor
D1 dopami ne receptor
epi dermal growth factor receptor
functional GABAB receptor
gastrin receptororphan receptor
or phan nucl ear receptor
maj or fibronectin receptor
mammal i an skel etal muscl e acetyl choline receptor
normal receptor
PTHr P recept or
protein-coupl ed receptor
ryanodi ne receptor

If individual proteinscan be identified (i.e., semantically
tagged)as belongingto a functionally definedclass,such
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asreceptor thenricher information extractionandtextual
bindingis enabled.

Therehasbeensomerecentresearchon extractinghy-
porym and other relations from corpora (Hearst, 1992;
Pustejaosky etal.,1997;Campbell& Johnson1999;Mani,
2002). Our work extends the techniguesdescribedin
(Pustejosky etal., 1997)usingmoreextensive corpusan-
alytic techniquesas developedin Pustejosky & Hanks
(2001).

2.1. Linguistic Rerendering

We first describethe linguistic rerenderingprocedure
for inducing subtypesfrom corpusdata, given an exist-
ing taxonomysuchasthe UMLS. We beingby taking the
stringsclassifiedas <supertype- in the currenttype sys-
tem. On the basisof their behavior in the corpus,we iden-
tify candidatesubtypes,derived from an analysisof the
structureof nominalcompoundsandclusters. We usethe
RHHR (righthandheadrule, cf. Pustejosky etal. (1997))
for compoundnominals(CN) and createsubtype<head-
of-CN> from the type of the headof CN. We thencreate
a nodefor type N’ andinsertit into the existing UMLS
hierarchy

More explicitly, the procedurdor identifying candidate
subtypedrom the structureof nominalcompoundss given
below.

(1) AcquirecorpusC.

(2) Apply existingtype systemUMLS, overC:
TS-UMLS(C) = Cs—7qg-

(3) Selectfrom the resultingsemanticallytaggedcorpus
Cs_1qy all NPswith semantictag A with 8 > 4,
whered is ameasuref how interestingsemantidype
is for rerendering:

(4) For agivennounN thatis the headvord of a phrase
with semantidag A, proposeN asnameof a subtype
of S-ag A, N' C A, if:

¢ N appearssheadin a certainnumberof NPsof
lengthl > 2;

N falls under the threshold set for the head-
words above, but is an LCS (longestcommon
subsequence)f anumberof syntacticheadghat
achieve it whencombined';

thereis sufficient variationin words comprising
the remainderof phrase(so asto exclude using
collocationsassubtypes).

(We will referto the nodesinsertedinto the ontology
atthis stagefirst-level extension

(5) Nounsin the residueof NP with N as heada as
modifier can be proposedas subtypesof aN' C N’
(second-lgel extension).

1E.g. For AAPP, oxidasemight not achiere the thresholdby
itself. However, it doeswhenall headverds containingit asa
subsequencare combined(i.e. myelopeoxidase peroxidase de-
epoxidaseetc.)



Furthersubcatgorizationof inducedtypes, basedon the
analysisof modifiers within the nominal phrasesusesa
combinationof templatefiltering of nounphrasesandthe
LCS (longestcommonsubsequencea)lgorithm(Cormenet
al.,1990).Noticethatonemustusedifferentthresholdgor
headvordsand modifiers(in step(4) or step(5) of theal-
gorithm). However, at step(4), a candidatesubtypemay
replicateexactly the parentnode(receptor C Receptor).
In that case first-level extensiontypesmustderived from
subphrasanalysis but usingthe thresholdestablishedor
step(4).

Oncethe candidatesubcatgoriesareselectedthe next
stepis to obtain the instancesfor the inducedsubtypes.
Theseinstancesand their type bindings can be identified
from the corpususing a numberof standardmethodolo-
giesdevelopedin the field for the expansionof ontology
coverageg(Hearst,1992;Campbell& Johnson1999;Mani,
2002). For the moment,in the experimentswve conducted,
we usedsyntacticpatterntemplateso identify the strings
that mapto the proposedextensionsof UMLS types(see
examplesin Tablel below).

This procedurewill result in differential depth of
UMLS extension for functionally defined vs. nam-
ing categories. For example no strings should map to
{head, neck,arm,leg} C <BodyLocationor Region>,
while string mappings are easily obtained for rela-
tional nounssuchas {solvent, antibody, conjugate} T
<Indicator, Reagent,or DiagnosticAid>.

2.2. DatabaseRerendering

The secondstratgly usesa databasef biologicalrela-
tions constructedhroughthe applicationof robust natural
languageechniquessoutlinedin Pustejasky etal. (2002)
andCastéoetal. (2002).Overthisdatabaseé'ad hoc” cat-
egoriesare createdby projecting statistically thresholded
argumentsMore formally, for a particularrelation,atyped
projectionis obtained:

7 X ={X:T1|R(X,Y)ANT1 e UMLS:}

LR B R |
phosphorylate] “TNIK” “Gelsolin”
phosphorylate] “GSK-3” “NF-ATc4”
phosphorylate, “IKK-beta” “IkappaB”
inhibit “PD-ECGF” “DNA synthesis”
inhibit “BMP-7" “terminal chondro-

cyte differentiation”
block “DFMO” “ODC actwity”
abrogate “Interleukin-4” | “hydrocortisone-

inducedapoptosis”

Table2: A samplesggmentof relationsdatabase

The nounforms for suchad hoc catgyoriesare deter
minedby checkingeachrelationagainstthe first-level ex-
tensionsubtypedderived throughNP structureanalysisas

outlinedaborve. Thus,

e For relation R andeachsubtypeN’ C Ti, associate
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N'with 7X if Sim(N,7R) > e.

” o

e.g. Sim( “kinase”, “phosphorylate™,
Sim( “inhibitor”, “inhibit” ), etc.

Notethattheadhoccateyory createdhroughprojectionof
therelation’s agumentcanbe matchedwith the typesob-
tainedatthe second-lgel of NP-basedntologyextension.

The similarity measureis constructedas a weighted
combinationof string similarity (e.g. LCSbasedscore),
and an integrated composite measurederived from the
training corpusand the outsideknowledge sources. The
latter might use standardiR similarity measuren con-
texts of occurrenceof R and N in Medline abstractsjn
definitionsof R and N in domain-specificMRDs (suchas
the On-lineMedicalDictionary),etc. Thus,we have:

Sim(N,7R) =
= 29 * LCS-scorg N, wR) + XF_, z; x Sim;(N, 7 R)

where Sim;(N,wR) is the similarity scorederived from
thesourcei, andz; is theweightassignedo the sourcei.

3. Methodology
3.1. SeedOntology

The Unified Medical LanguageSystem(UMLS) which
was usedasthe seedontology hasthreecomponentsthe
UMLS Metathesaurughe UMLS Semantid\Network, and
the SPECIALIST Lexicon (UMLS Knowledge Sources,
2001). TheUMLS Metathesaurusiapssinglelexical items
and complex nominal phrasesinto unique conceptIDs
(CUIs) which arethenmappedo the semantictypesfrom
the UMLS SemantidNetwork. Thelattertypetaxonomyis
whatwasusedin theexperimentabpplicationf rerender
ing procedure.lt consistsof 134 semantidypeshierarchi-
cally arrangedria the‘isa’ relationandinterlinkedby a set
of secondarynon-hierarchicatelations. UMLS Metathe-
saurusin the UMLS 2001 distribution containsover 1.5
million stringmappings.

In the Metathesaurugnultiple semantictype bindings
are specifiedfor mary of the concepts. Due to this am-
biguity of UMLS conceptsandto a lesserextent, the am-
biguity of the stringsthemseles, the mappingsobtained
from the Metathesaurugive a numberof semantictypes
for eachlexical item or phrase.We intentionallyavoid su-
perimposingary disambiguatiormechanismon this typ-
ing informationwhile applyingit in corpusanalysis.Since
corpus-basederivation of subtypeausesa frequeng cut-
off, this ambiguityessentiallyresohesitself. For example,
if a given lexical item is typedasboth T; and T, in the
seedontology andoccursasaheadvordin > 1% of nom-
inal phrasedypedasT;, butin < 1% of nominalphrases
typedasT,, it will only beproposedisa candidatesubtype
of T1. Thus,underthe 1% cutoff, isozymewhich the seed
UMLS typesaseither Enzyme or AAPP, will only be
identifiedasa goodcandidatesubtypefor Enzyme

3.2. Corpuspreprocessingvith UMLS types

The experimentalapplicationof the rerenderingproce-
durewas conductedon a relatively small corpusof Med-



PatternType TEMPLATE
apposition “X, aY inhibitor” “X, the solvent

“X, aninhibitor of Y” “the solvent, X”

“X, aninhibitor of Y” “X, acommonsolventfor Y”
nominalcompounds “Y inhibitor” “the solventX”

definitionalconstructions

“X is aninhibitor of Y”

aliasingconstructions

“X (inhibitor of Y)”
“an inhibitor of Y (X)”

“X (thesolvent)”
“the solvent(X)”

enumeration

“Y inhibitorssuchasX, ..”

“solvents(e.g. X)”
“solvents,e.g. X"
“the following solvents:X, ..

relative clauses

“X whichis aninhibitor of Y”

“the solventusedwasX”
“X provedto beasuitablesolvent”

adjuncts

“in X andY assolvents”
“X assolvent”

Tablel: Samplesyntacticpatterngfor string-to-semantitype mappings

line abstractgaround40,000). Medline abstractavereto-

kenized,stemmed and tagged. They were then shallov-

parsedwith nounphrasecoordinationandlimited prepo-
sitional attachmenionly of-attachmentusing finite-state
techniquesTheshallav parsewasobtainedusingfive sep-
arateautomataeachrecognizinga distinctfamily of gram-
matical constructions,very muchin the spirit of Hindle
(1983), McDonald (1992) and Pustejosky et al. (1997).
The machineryusedin preprocessings describedn more
detailin Pustejasky etal. (2002).

Semantictype assignmentof the resulting nominal
chunkss determinedhroughlookupasfollows. Eachnoun
phraseis put througha cascadef hierarchicallyarranged
type-assignmertteuristics.Higher priority heuristicstake
absoluteprecedencethatis, if a semantictyping is possi-
ble, it is assignedIn this implementationwe usethe full
UMLS semantiaype hierarchyincludingthe mappingso
bothleavesandintermediatanodes.

During direct lookup, a string is assigneca given se-
mantictype if the UMLS Metathesaurusontainsa map-
ping of that string to a conceptso typed. If a semantic
type for the whole phraseis not found in UMLS, we at-
temptto identify its syntacticheadusinga modificationof
RHHR (righthand headrule), and determinethe semantic
typeof the headvord. For chunkswith OF-attachmenti.e.
phrasesf the form, <NP-1> of <NP-2>, the lookup is
first attemptedn NP-1lasawhole.

If the lookup on a particularprospectre headfails, it
is testedfor a matchwith morphologicalheuristicsrecog-
nizing semanticallywacantcateyories,suchas‘ NUMERIC’,
‘ABBREVIATION’, ‘SINGLE CAPITAL LETTER’, ‘SINGLE
LOWER-CASE LETTER’, etc. Theseandphrasefieadedy
commonwords occurringin a non-specializedlictionary
arefiltered out. The last layer of heuristicsappliedto a
prospectie syntacticheadsuccessiely attemptsto strip a
groupsof suffixesand prefixesand performlookup on the
remainingstem.

3.3. Inducing candidate subtypes

In theseinitial seriesof tests,we experimentedrimar
ily with the first part of the rerenderingorocedureasit is
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outlined in Section2.1. In the first stageof identifying

thesubtypesasedn the syntacticanalysisof nounphrase
structure,a headvord was considereda candidatesubtype
of type T if it occuredin more that 1% of all nominal

chunkstaggedasT'. Notethatthe samechunkis frequently
taggedwith several UMLS types.

The candidatesubtypesfor the second(NP modifier
based)level of UMLS extensionwere identified using a
combinationof templateand frequeng-basedfiltering of
nounphrasesaindthe LCS (longestcommonsubsequence)
algorithm. Thus,for agivenheadvord proposedissubtype
atfirst level of extension(e.g.,kinasg the LCS algorithm
wasrun on all phraseswith thatheadveord that matcheda
certaintemplate(e.g. <Indefinite Article> <Modifier>*
N). Thesubstringghatoccurredn thecorpusin morethan
a certainpercentagef phraseswith that headvord were
identifiedascandidatesubtypedor insertioninto the ontol-
ogy at the next level. The cut-off thresholdhadto be kept
verylow for this seriesof experimentsasit wasconducted
over a relatively small corpus. In working with a larger
corpusthe thresholdsare setseparatelyffor eachtemplate,
soe.g. it is muchhigherfor the unfilteredsetof nominal
compoundshanfor thoseoccurringwith anindefinitearti-
cle. Frequeng-basediltering involvesdiscardingaspoten-
tial candidatesyounphrasesvith modifiersthat occurfre-
quentlyin separat@on-specializedorpuswhichallowsto
automaticallydiscardphrasesuchas ‘multiple receptors’,
‘specifickinase’,etc.?

Identificationof sampleinstancedor theinducedtypes
was performedover shallov-parsedtext using syntactic
patterntemplates. The definitional constructionpatterns
were extracted using relation extraction machinery (see
Pustejosky et al. (2002)for details). It was appliedto
ourtestcorpusandanothersamplesetof Medlineabstracts
(approx.60,000).

4. Results

Semantictyping over our sampleset of Medline data
producedypebindingsfor over 1 million nounphrases.

2Similarfiltering wasalsoappliedto thefirst-level extensions



4.1. NP analysis-basedsubtypes

Thechoiceof particulatUMLS cateyoriesassupertypes
for extensionof theseedJMLS semantidypetaxonomyis
dictatedby the particularnaturallanguageapplication.Se-
mantictypesgivenbelow arederivedfrom nominalphrase
analysisfor someof the supertypeshathave beenusedin
anaphoraesolutiontasks(cf Castdio et al. (2002)). Each
UMLS typeis shonvn with the numberof noun phrasesf
thattype which occurredin our testcorpus,followed by a
list of derived candidatesubtypeswith their respectie fre-
quencies.The subtypesshovn belowv werederived asde-
scribedabove in step4 of thererenderingorocedurespeci-
ficationin Section2.1.

Enzyne 4724

dehydr ogenase 140
prot ease 160
reductase 73

nmet al | opr ot ei nase 48
i sozyme 54

oxi dase 79
phosphat ase 111
enzyme 1142

ki nase 741
Acid, Peptide, or Protein 20830
receptor 2444

protein 4521

peptide 947

ki nase 741

cyt oki ne 287

i sof orm 412

Cel | 16348
macr ophage 251
clone 350
neuron 1094
| ynphocyte 412
fibroblast 257
cell 11586

Cel | Conponent 2508
cytosol 84
nucl eus 469
|'i posone 43
organel l e 40
vacuol e 35
ri bosone 28
cyt oskel eton 55
dendrite 53
cyt opl asm 195
sona 26
granul e 80
chromatin 36
m crotubul e 45
chronmosone 319
axon 99
m crosone 132

Noticethatthe catgyoriesderivedin this mannemwouldin-
cludefunctionally definedtypes(e.qg.isoforn).

4.2. NP modifier-basedextension(second-leel)

As mentionedabove, someof the UMLS extensioncan-
didateghatarederivedaccordingo theprocedurearerepli-
casof the supertypecategory, e.g. enzyme T Enzyme,
or receptor C Receptor. For example,amongthe lexi-
calitemstaggedasReceptoin UMLS Metathesaurus\Ps
headedby the word “receptor” comprise87% of all NPs
taggedasReceptotin ourtestcorpus:

Recept or 2820
integrin 91
receptor 2444
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The appropriateextensionsto the comparabldevel within
thetype taxonomyin this casearederived from subphrase
analysis.Thus,for the caseof enzyme, the candidatesub-
typessoderivedwould be:

cytosolic enzyne

het er ol ogous enzyne
mal e enzynme

et al | oenzynme

mul tifunctional enzyne
proof -readi ng enzyne
proteol ytic enzynme
rate-limting enzyne
reconbi nant enzyne
rotary enzynme
tetrameric enzyne

Theseare identified at step 5 of rerenderingprocedure
througha combinationof templatefiltering of nounphrases
and longestcommon substringidentification. They are
thenaddedto the samelevel of the type taxonomyasall
N' CE Enzyme (seeFigurel).

Enzyme

protease kinase isozyme cystolic proteolic

enzyme enzyme

protein
kinase

tyrosine
kinase

receptor
kinase

Figurel: Extensionsubtredor Enzyme (partial)

Theresultsproducedht this stageby theautomategbro-
cessingdescribedabove needfurther filtering beforegood
subtypecandidatesanbeidentified. This canbe achiered
by fine-tuningtheuseof corpusfrequenciesaswell astype
filtering of modifiersusingthe seedontologytype system.
Table3 belon shovsUMLS typesfor selectedP modifier
basedsubcatgoriesof receptor.

4.3. Corpus-baseddentification of the instancesof
induced semanticcategories

The rerenderingproceduregives different results for
differentsggmentsof thetaxonomy dependingntheclass
of supertypecategory. Thus,for functionally definedse-
mantic types, such as, “Chemical Viewed Functionally”,
or “Indicator, Reagentor DiagnosticAid”, corpus-based
derivation of instancesfor the induced subcatgories is
clearlymuchmorefeasible. Considerthe first level exten-
siontypesfor the catgyoriesbelow:

I ndi cator, Reagent
buffer 151
conj ugate 112
stain 75
agar 38
anti body 1640
i ndi cator 373
sol vent 38
tracer 53
dye 95
reagent 113
ni troprusside 51
hydr ogen peroxi de 58

or Diagnostic Aid 3424



Candidate SubtypesaN' C N' |

SeedUMLS Type for Modifier a

cell surfacereceptor

membraneeceptor ‘Tissue’

‘Cell Component’

adhesiorreceptor

‘AcquiredAbnormality’, ‘Diseaseor Syndrome’
‘Natural Phenomenowr Process’

activationreceptor notypebinding
contractiorreceptor ‘FunctionalConcept’
estrogeneceptor ‘Steroid’, ‘PharmacologicSubstance”Hormone’

dopaminereceptor

‘OrganicChemical’,'PharmacologicSubstance’,
‘Neuroreactve Substancer BiogenicAmine’

adenosineeceptors

‘Nucleic Acid, Nucleosidepr Nucleotide’,
‘PharmacologicSubstance”Biologically Active Substance’

insulin receptor

‘Amino Acid, Peptide or Protein’,
‘PharmacologicSubstance”Hormone’

TSHreceptor ‘Amino Acid, Peptide or Protein’,"Hormone’
‘Neuroreactve Substancer BiogenicAmine’
EGFreceptor ‘Amino Acid, Peptide or Protein’,"Hormone’,

‘PharmacologicSubstance’,

transferrinreceptor

‘Amino Acid, Peptide or Protein’,‘Biologically Active Substance’,
‘Indicator, Reagentor DiagnosticAid’, ‘LaboratoryProcedure’

receptor |

‘Amino Acid, Peptide,or Protein’, ‘Receptor’ |

Table3: UMLS Typing of modifiersa for somesamplesubtypesxN' C N' for N' =receptor

Chemi cal Viewed Functional ly 3494
i nhibitor 1668
prodrug 62
basi s 1075
vehicl e 107
radi cal 144
base 265
pi gnent 36
surfactant 36

Pat hol ogi ¢ Function 17752
i mpai rment 383
stenosis 274
ot her 450
illness 209
probl em 1133
dysfunction 493
bl ock 244
carrier 219
inflammati on 243
pat hogenesi s 497
cavity 273
henorrhage 180
occl usion 266
| esi on 1820
infarction 449
regression 237
pat hol ogy 242
infection 1782
conplication 1248
separation 320
degeneration 180
stress 487

Table4 shaws the derivation of instancedor the cate-
goriesinducedthroughnoun phraseanalysis(step5), us-
ing the definitionalconstructiortemplate.Thefirst column
shaws the actualstringsthat get the new type binding as
kinase (in blue)andtheir original UMLS types(in black).
Notice that for mary of the stringsthat can be so typed,
the seedUMLS typeis eithergenericAAPP or the type
bindingis absentltogether

If the candidatesubtypeis a valid semanticcategory,
suchcorpus-basedtentificationof instanceshouldwork
equallywell irrespectve of thelevel atatwhichtheinduced
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type is inserted. For example,seeTable 5 below for NP
modifierextensionof receptor

cell-surfacereceptors

polycystin-1is a cell surfacereceptor
Fasis acell surfacedeathreceptor
CD40is acell surfacereceptor

CD44is acell surfacereceptor

The scavengerreceptorBl is acell surface
lipoproteinreceptor

membraneeceptors

Neuropilin-1 is atransnembanereceptor
APJ is aseventransnembrane domain
G-protein-coupleaeceptor

HERZ2 is amembanereceptor

Table5: Samplesemantictype instancegerived with the
definitionalconstructiortemplatefor subtypef receptor

5. Evaluation of Rerendering Procedure

The evaluationof the performanceor rerenderinges-
sentiallyboils down to whateverimprovementis produced
in precisionand recall for the client applications. How-
ever, in orderto do an earnestevaluationof performance
of the rerenderingalgorithm, we would needto run it on
a much larger corpus. This would allow for bettercan-
didatechoicesfor the portionsof the procedurethat have
beenplaguedby sparsity(e.g.,in NP modifierbasedcan-
didatesubtypeselection). But mostimportantly it would
increasethe coveragein termsof instancegor which the
typebindingsareproducedn the new type system.



Metscape: e
File Edit Wiew Go Communicator Help
RING3 is [a novel protein kinase A
unknown Amino Acid, Peptide, or Protein
Raf-1 is |aserine-threonine protein kinase
Amino Acid, Peptide, or Protein Amino Acid, Peptide, or Protein
Ber-Abl is | tyrosine kinase
Gene or Genome Amino Acid, Peptide, or Protein
Csk is |a cytoplasmic tyrosine kinase
unknown Amino Acid, Peptide, or Protein
WPK4 is |a wheat protein kinase
unknown Amino Acid, Peptide, or Protein
p59(fym) is |a non-receptor tyrosine kinase of the Src family
unknown Family Group
FER is |avolume-sensitive kinase
Intellectual Product Amino Acid, Peptide, or Protein
The UL97 protein is a protein kinase
Amino Acid, Peptide, or Protein Amino Acid, Peptide, or Protein
Dbf2 is |a multifunctional protein kinase
unknown Amino Acid, Peptide, or Protein
the INK p54 isoform is jan ets—2 kinase
Amino Acid, Peptide, or Protein Amino Acid, Peptide, or Protein
Tyk2 is |a Janus kinase
Amino Acid, Peptide, or Protein Amino Acid, Peptide, or Protein
PYK2 is |an adhesion kinase
unknown Amino Acid, Peptide, or Protein
The product of the HER2 / Neu oncogene is | receptor tyrosine kinase
Gene or Genome Amino Acid, Peptide, or Protein
ERK3S is |a novel type of mitogen -activated protein kinase
unknown Amino Acid, Peptide, or Protein
H-Ryk is jan atypical receptor tyrosine kinase
unknown Amino Acid, Peptide, or Protein
FixL is |a sensor histidine kinase i
nmknmim Aminn Arid Pentide nr Prntein i
[ 1nne Hizelnri i am s o

Table4: Definitional constructiortemplateat work for the N’ = kinase

5.1. Usability in natural languageapplications

Oneof theclientapplicationgor theexperimentsvere-
porthereis coreferenceesolution.Theanaphoraxamples
in (3) below illustratetheimpactof usingthederivedtypes.
Even the test corpuswe usedactually containedenough
informationto producethe type bindingsfor someof the
stringsusedin (3).

(3) a. “Assayswereconductedn chloroform, toluene
amylacetate isopropyl ether and butanol ... In
ead solvenf’

b. “The extracts were prepared separately in
methanol, ethanol, phosphate buffer saline
(PBS),anddistilled wateraspartof our studyto
look at ... Our resultshave shavn thatall four
solventswvere..”

c. “A 47-yearold man was found deadin a fac-
tory wheredichloromethang DCM) tankswere
stocled. He was making an inventory of t he
annualstockof DCM containedn severaltanks
(5- to 8000-L capacity)by transferringthe sol-
ventinto anadditionaltankwith the helpof com-
presseair.”

(emphasisdded)

The seedontology inducesa type mismatchbetweenthe
anaphomndthe antecedent-or example,in (3c), the orig-
inal type bindingsare:

66

e TS-UMLS(solvent)=
‘Indicator, Reagentpr DiagnosticAid’;

e TS-UMLS(dichloromethane)#$‘OrganicChemical,
‘PharmacologicSubstance’,
‘Injury or Poisoning}

Thererendereantologyallows the inducedsemantidype
solventC < Indicator, Reayent, or DiagnosticAid> to be
includedin thetypebindingsfor “dicloromethane”.

5.2. Evaluation againstexisting ontologies

We performedsometestevaluationsof thesecond-lgel
extensionsubtypesagainsthe GeneOntology Despitethe
very modestside of our test corpus,we obsened signif-
icant overlapin somecateyories. Thus, for example,the
388 second-lgel extensionsubtypecandidatedor recep-
tor, 12%wereidentifiedasconceptnhamesn the GeneOn-
tology.

In generalthe preliminary resultsof applyingthe first
stepof the rerenderingprocedurealgorithmto the UMLS
semantictype taxonomy appearquite encouraging. In
the future, betterautomatednethodsfor the evaluationof
rerenderingesultsagainstthe existing ontologiesmustbe
developed. And mostimportantly, the utility and useful-
nessof the rerenderingalgorithmmustbe evaluatedvis-a-
vis achieving improvementin precisionandrecallfor client
NLP applications.
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