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Abstract

SemantictaxonomiessuchasWordNetprovide a rich sourceof knowl-
edgefor naturallanguageprocessingapplications,but areexpensive to
build, maintain,andextend. Motivatedby theproblemof automatically
constructingandextendingsuchtaxonomies,in this paperwe presenta
new algorithmfor automaticallylearninghypernym (is-a)relationsfrom
text. Our methodgeneralizesearlierwork thathadreliedon usingsmall
numbersof hand-craftedregular expressionpatternsto identify hyper-
nym pairs.Using“dependency path” featuresextractedfrom parsetrees,
weintroduceageneral-purposeformalizationandgeneralizationof these
patterns.Givena trainingsetof text containingknown hypernym pairs,
ouralgorithmautomaticallyextractsusefuldependency pathsandapplies
themto new corporato identify novel pairs.On our evaluationtask(de-
terminingwhethertwo nounsin anewsarticleparticipatein ahypernym
relationship),our automaticallyextracteddatabaseof hypernymsattains
bothhigherprecisionandhigherrecallthanWordNet.

1 Intr oduction
SemantictaxonomiesandthesaurisuchasWordNet[5] area key sourceof knowledgefor
naturallanguageprocessingapplications,andprovidestructuredinformationaboutseman-
tic relationsbetweenwords. Building suchtaxonomies,however, is an extremely slow
andlabor-intensive process.Further, semantictaxonomiesareinvariably limited in scope
anddomain,and the high costof extendingor customizingthemfor an applicationhas
often limited their usefulness.Consequently, therehasbeensigni�cant recentinterestin
�nding methodsfor automaticallylearningtaxonomicrelationsandconstructingsemantic
hierarchies.[1, 2, 3, 4, 6, 8, 9, 13, 15, 17, 18, 19, 20, 21]
In this paper, we build anautomaticclassi�er for thehypernym/hyponymrelation.A noun
X is a hyponym of a nounY if X is a subtypeor instanceof Y. Thus“Shakespeare”is a
hyponym of “author” (andconversely“author” is a hypernym of “Shakespeare”),“dog” is
ahyponym of “canine”, “desk” is ahyponym of “furniture”, andsoon.
Much of thepreviouswork on automaticsemanticclassi�cationof wordshasbeenbased
onakey insight�rst articulatedby Hearst[8], thatthepresenceof certain“lexico-syntactic
patterns”canindicateaparticularsemanticrelationshipbetweentwo nouns.Hearstnoticed
that, for example,linking two nounphrases(NPs)via the constructions“Such NP Y as
NP X ”, or “NP X andotherNP Y ”, oftenimpliesthatNP X is ahyponym of NP Y , i.e.,that
NP X isakindof NP Y . Sincethen,severalresearchershaveusedasmallnumber(typically
lessthanten)of hand-craftedpatternslike theseto try to automaticallylabelsuchsemantic



relations[1, 2,6, 13, 17, 18]. While thesepatternshavebeensuccessfulat identifyingsome
examplesof relationshipslike hypernymy, this methodof lexicon constructionis tedious
andseverelylimited by thesmallnumberof patternstypically employed.
Our goal is to usemachinelearningto automaticallyreplacethis hand-built knowledge.
We�rst useexamplesof known hypernym pairsto automaticallyidentify largenumbersof
usefullexico-syntacticpatterns,andthencombinethesepatternsusinga supervisedlearn-
ing algorithmto obtaina high accuracy hypernym classi�er. More precisely, our approach
is asfollows:

1. Training:

(a) Collect noun pairs from corpora,identifying examplesof hypernym pairs
(pairsof nounsin ahypernym/hyponym relation)usingWordNet.

(b) For eachnounpair, collectsentencesin whichbothnounsoccur.
(c) Parsethesentences,andautomaticallyextractpatternsfrom theparsetree.
(d) Trainahypernym classi�er basedon thesefeatures.

2. Test:

(a) Givena pair of nounsin thetestset,extractfeaturesandusetheclassi�er to
determineif thenounpair is in thehypernym/hyponym relationor not.

Therestof thepaperis structuredasfollows. Section2 introducesourmethodfor automat-
ically discoveringpatternsindicative of hypernymy. Section3 thendescribesthesetupof
our experiments.In Section4 we analyzeour featurespace,andin Section5 we describe
a classi�er usingthesefeaturesthatachieveshigh accuracy on thetaskof hypernym iden-
ti�cation. Section6 shows how this classi�er canbeimprovedby addinga new sourceof
knowledge,coordinateterms.

2 Representinglexico-syntacticpatternswith dependencypaths
The �rst goalof our work is to automaticallyidentify lexico-syntacticpatternsindicative
of hypernymy. In order to do this, we needa representationspacefor expressingthese
patterns.We proposethe useof dependencypathsasa general-purposeformalizationof
the spaceof lexico-syntacticpatterns.Dependency pathshave beenusedsuccessfullyin
thepastto representlexico-syntacticrelationssuitablefor semanticprocessing[11].
A dependency parserproducesa dependency tree that representsthe syntacticrelations
betweenwordsby a list of edgetuplesof theform:
(word1;CATEGORY1:RELATION:CATEGORY2, word2). In this formulationeachword is
thestemmedform of thewordor multi-wordphrase(sothat“authors” becomes“author”),
andcorrespondsto a speci�c nodein the dependency tree; eachcategory is the part of
speechlabel of the correspondingword (e.g., N for nounor PREP for preposition);and
the r elation is the directedsyntacticrelationshipexhibited betweenword1 and word2
(e.g., OBJ for object, MOD for modi�er, or CONJ for conjunction),andcorrespondsto a
speci�c link in thetree.Wemaythende�ne ourspaceof lexico-syntacticpatternsto beall
shortestpathsof four links or lessbetweenany two nounsin a dependency tree. Figure1
showsthepartialdependency treefor thesentencefragment“...suchauthorsasHerrickand
Shakespeare”generatedby thebroad-coveragedependency parserMINIPAR [10].

... authors

such-N:pre:PreDet

as

-N:mod:Prep Herrick-Prep:pcomp-n:N

Shakespeare
-Prep:pcomp-n:N

and
-N:punc:U

-N:conj:N

Figure1: MINIPAR dependency treeexamplewith transform



NP X andotherNP Y : (and,U:PUNC:N),-N:CONJ:N, (other,A:MOD:N)
NP X or otherNP Y : (or,U:PUNC:N),-N:CONJ:N, (other,A:MOD:N)
NP Y suchasNP X : N:PCOMP-N:PREP,such as,such as,PREP:MOD:N
SuchNP Y asNP X : N:PCOMP-N:PREP,as,as,PREP:MOD:N,(such,PREDET:PRE:N)
NP Y includingNP X : N:OBJ:V,include,include,V:I :C,dummynode,dummynode,C:REL :N
NP Y , especiallyNP X : -N:APPO:N,(especially,A:APPO-MOD:N)

Table1: Dependency pathrepresentationsof Hearst's patterns

We thenremove theoriginal nounsin thenounpair to createa moregeneralpattern.Each
dependency pathmaythenbepresentedasanorderedlist of dependency tuples.Weextend
this basicMINIPAR representationin two ways: �rst, we wish to capturethefactthatcer-
tainfunctionwordslike“such” (in “suchNPasNP”) or “other” (in “NP andotherNP”) are
importantpartsof lexico-syntacticpatterns.We implementthis by addingoptional“satel-
lite links” to eachshortestpath,i.e., singlelinks not alreadycontainedin thedependency
pathaddedon eithersideof eachnoun.Second,we capitalizeon thedistributive natureof
thesyntacticconjunctionrelation(nounslinkedby “and” or “or”, or in comma-separated
lists) by distributing dependency links acrosssuchconjunctions.For example,in thesim-
ple 2-memberconjunctionchainof “Herrick” and“Shakespeare”in Figure1, we addthe
entrancelink “as, -PREP:PCOMP-N:N” to the singleelement“Shakespeare”(asa dotted
line in the �gure). Our extendeddependency notationis ableto capturethepower of the
hand-engineeredpatternsdescribedin theliterature.Table1 shows thesix patternsusedin
[1, 2, 8] andtheir correspondingdependency pathformalizations.

3 Experimental paradigm
Our goal is to build a classi�er which, whengiven an orderedpair of nouns,makesthe
binarydecisionof whetherthenounsarerelatedby hypernymy.
All of our experimentsarebasedon a corpusof over 6 million newswiresentences.1 We
�rst parsedeachof thesentencesin thecorpususingMINIPAR. We extractevery pair of
nounsfrom eachsentence.
752,311of the resultinguniquenounpairswerelabeledasKnown Hypernym or Known
Non-Hypernym usingWordNet.2 A nounpair (n i ; nj ) is labeledKnown Hypernym if n j
is anancestorof the�rst senseof n i in theWordNethypernym taxonomy, andif theonly
“frequently-used”3 senseof eachnounis the�rst nounsenselistedin WordNet.Notethat
nj is consideredahypernym of n i regardlessof how muchhigherin thehierarchy it is with
respectto n i . A nounpair may be assignedto the secondsetof Known Non-Hypernym
pairsif both nounsarecontainedwithin WordNet,but neithernounis an ancestorof the
otherin theWordNethypernym taxonomyfor any sensesof eithernoun.Of our collected
noun pairs, 14,387were Known Hypernym pairs, and we assignthe 737,924most fre-
quentlyoccurringKnown Non-Hypernym pairsto thesecondset;this numberis selected
to preserve the roughly 1:50 ratio of hypernym-to-non-hypernym pairs observed in our
hand-labeledtestset(discussedbelow).
Weevaluatedourbinaryclassi�ersin two ways.For bothsetsof evaluations,ourclassi�er
wasgivena pair of nounsfrom anunseensentenceandhadto make a hypernym vs. non-
hypernym decision. In the �rst style of evaluation,we comparedthe performanceof our
classi�ersagainsttheKnown Hypernym versusKnown Non-Hypernym labelsassignedby

1The corpuscontainsarticlesfrom the AssociatedPress,Wall StreetJournal,andLos Angeles
Times, drawn from the TIPSTER 1, 2, 3, and TREC 5 corpora[7]. Our most recentexperiments
(presentedin Section6) include articlesfrom Wikipedia (a popularweb encyclopedia),extracted
with thehelpof TeroKarvinen'sTero-dumpsoftware.

2WeaccessWordNet2.0via JasonRennie'sWordNet::QueryDatainterface.
3A nounsenseis determinedto be“frequently-used”if it occursat leastoncein thesense-tagged

Brown CorpusSemanticConcordance�les (asreportedin the cntlist �le distributedaspart of
WordNet2.0). This determinationis madesoasto reducethenumberof falsehypernym/hyponym
classi�cationsdueto highly polysemousnouns(nounswhichhavemultiplemeanings).



Figure2: Hypernym pre/refor all features
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Figure3: Hypernym classi�ers

WordNet.Thisprovidesametricfor how well ourclassi�ersdoat “recreating”WordNet's
judgments.
For the secondset of evaluationswe hand-labeleda test set of 5,387 noun pairs from
randomly-selectedparagraphswithin our corpus(with part-of-speechlabelsassignedby
MINIPAR). The annotatorswere instructedto label eachorderednoun pair as one of
“hyponym-to-hypernym”, “hypernym-to-hyponym”, “coordinate”,or “unrelated”(theco-
ordinaterelation will be de�ned in Section6). As expected,the vast majority of pairs
(5,122)werefound to beunrelatedby thesemeasures;the restweresplit evenly between
hypernym andcoordinatepairs(134and131,resp.).
Interannotatoragreementwasobtainedbetweenfour labelers(all native speakersof En-
glish) on a setof 511nounpairs,anddeterminedfor eachtaskaccordingto theaveraged
F-Scoreacrossall pairsof thefour labelers.Agreementwas83%and64%for thehyper-
nym andcoordinatetermclassi�cationtasks,respectively.

4 Features: pattern discovery

Our�rst studyfocusedondiscoveringwhichdependency pathsmightproveusefulfeatures
for our classi�ers.We createda featurelexicon of 69,592dependency paths,consistingof
everydependency paththatoccurredbetweenat least� veuniquenounpairsin ourcorpus.
To evaluatethesefeatures,weconstructedabinaryclassi�er for eachpattern,whichsimply
classi�esanounpairashypernym/hyponym if andonly if thespeci�c patternoccursatleast
oncefor thatnounpair. Figure2 depictstheprecisionandrecallof all suchclassi�ers(with
recallat least.0015)on theWordNet-labeleddataset.4 Usingthis formalismwehavebeen
able to capturea wide variety of repeatablepatternsbetweenhypernym/hyponym noun
pairs;in particular, we have beenableto rediscover thehand-designedpatternsoriginally
proposedin [8] (the �rst � ve features,marked in red)5, in addition to a numberof new
patternsnot previously discussed(of which four are marked as blue trianglesin Figure
2 andlisted in Table2. This analysisgivesa quantitative justi�cation to Hearst's initial
intuition asto thepowerof hand-selectedpatterns;nearlyall of Hearst'spatternsareat the
high-performanceboundaryof precisionandrecallfor individual features.

NP Y likeNP X : N:PCOMP-N:PREP,like,like,PREP:MOD:N
NP Y calledNP X : N:DESC:V,call,call,V:VREL :N
NP X is aNP Y : N:S:VBE,be,be,-VBE:PRED:N
NP X , aNP Y (appositive): N:APPO:N

Table2: Dependency pathrepresentationsof otherhigh-scoringpatterns

4Redundantfeaturesconsistingof anidenticalbasepathto anidenti�ed patternbut differingonly
by anadditional“satellitelink” aremarkedin Figure2 by smallerversionsof thesamesymbol.

5We mark the singlegeneralized“conjunctionother” pattern-N:CONJ:N, (other,A:MOD:N) to
representbothof Hearst'soriginal “andother”and“or other”patterns.



BestLogisticRegression(Buckets): 0.3480
BestLogisticRegression(Binary): 0.3200
BestMultinomial NaiveBayes: 0.3175
BestComplementNaiveBayes: 0.3024
HearstPatterns: 0.1500
“And/OrOther”Pattern: 0.1170

Table3: AveragemaximumF-scoresfor crossvalidationonWordNet-labeledtrainingset

5 A hypernym-only classi�er
Our �rst hypernym classi�er is basedon the intuition that unseennoun pairs are more
likely to bea hypernym pair if they occurin thetestsetwith oneor morelexico-syntactic
patternsfound to be indicative of hypernymy. We recordin our nounpair lexicon each
nounpair thatoccurswith at least� ve uniquepathsfrom our featurelexicon discussedin
theprevioussection.We thencreatea featurecountvectorfor eachsuchnounpair. Each
entryof the69,592-dimensionvectorrepresentsaparticulardependency path,andcontains
thetotal numberof timesthat thatpathwastheshortestpathconnectingthatnounpair in
somedependency treein ourcorpus.Wethusde�ne asour taskthebinaryclassi�cationof
anounpairasahypernym pairbasedon its featurevectorof dependency paths.
We usetheWordNet-labeledKnown Hypernym / Known Non-Hypernym trainingsetde-
�ned in Section3. We train a numberof classi�erson this dataset,includingmultinomial
Naive Bayes,complementNaive Bayes[16], andlogistic regression.We performmodel
selectionusing10-fold crossvalidationon this training set,evaluatingeachmodelbased
on its maximumF-Scoreaveragedacrossall folds. The summaryof averagemaximum
F-scoresis presentedin Table3, andthe precision/recallplot of our bestmodelsis pre-
sentedin Figure3. For comparison,we evaluatetwo simpleclassi�ersbasedon pastwork
usingonly a handfulof hand-engineeredfeatures;the �rst simply detectsthepresenceof
at leastoneof Hearst's patterns,arguably the previous bestclassi�er consistingonly of
lexico-syntacticpatterns,andasimplementedfor hypernym discovery in [2]. Thesecond
classi�er consistsof only the “NP and/orotherNP” subsetof Hearst's patterns,asused
in the automaticconstructionof a noun-labeledhypernym taxonomyin [1]. In our tests
we foundgreatestperformancefrom a binarylogistic regressionmodelwith 14 redundant
thresholdbucketsspacedat theexponentiallyincreasingintervals f 1; 2; 4; :::4096; 8192g;
our resultingfeaturespaceconsistsof 974,288distinctbinary features.Thesebucketsare
de�ned suchthat a featurecorrespondingto patternp at thresholdt will be activatedby
a nounpair n if andonly if p hasbeenobserved to occurasa shortestdependency path
betweenn at leastt times.
Our classi�er shows a dramaticimprovementover previousclassi�ers;in particular, using
our best logistic regressionclassi�er trainedon newswire corpora,we observe a 132%
relative improvementof averagemaximumF-scoreover the classi�er basedon Hearst's
patterns.

6 Usingcoordinate terms to impr ovehypernym classi�cation
While our hypernym-only classi�er performedbetter than previous classi�ers basedon
hand-built patterns,thereis still muchroomfor improvement.As [2] pointsout,oneprob-
lem with pattern-basedhypernym classi�ers in generalis that within-sentencehypernym
patterninformationis quitesparse.Patternsareusefulonly for classifyingnounpairswhich
happento occurin thesamesentence;many hypernym/hyponym pairsmaysimplynotoc-
cur in thesamesentencein thecorpus.For this reason[2], following [1] suggestsrelying
on a secondsourceof knowledge: “coordinate”relationsbetweennouns. The WordNet
glossaryde�nescoordinatetermsas“nounsor verbsthathave thesamehypernym”. Here
we treatthecoordinaterelationasa symmetricrelationthatexistsbetweentwo nounsthat
shareat leastone commonancestorin the hypernym taxonomy, and are therefore“the
samekind of thing” at somelevel. Many methodsexist for inferring that two nounsare
coordinateterms(a commonsubtaskin automaticthesaurusinduction). We expect that



InterannotatorAgreement: 0.6405
DistributionalSimilarity VectorSpaceModel: 0.3327
ThresholdedConjunctionPatternClassi�er: 0.2857
BestWordNetClassi�er: 0.2630

Table4: Summaryof maximumF-scoresonhand-labeledcoordinatepairs
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usingcoordinateinformationwill increasetherecallof our hypernym classi�er: if we are
con�dent that two nounsn i , nj arecoordinateterms,andthatn j is a hyponym of nk , we
maytheninfer with higherprobabilitythatn i is similarly ahyponym of nk —despitenever
having encounteredthepair (n i , nk ) within asinglesentence.

6.1 Coordinate Term Classi�cation
Priorwork for identifyingcoordinatetermsincludesautomaticwordsenseclusteringmeth-
odsbasedondistributionalsimilarity (e.g.,[12,14]) or onpattern-basedtechniques,specif-
ically usingthecoordinationpattern“X, Y, andZ” (e.g.,[2]). We constructboth typesof
classi�er. First we constructa vector-spacemodelsimilar to [12] usingsingleMINIPAR
dependency links asour distributional features.6 We usethe normalizedsimilarity score
from this modelfor coordinatetermclassi�cation.We evaluatethis classi�er on ourhand-
labeledtestset,whereof 5,387total pairs,131arelabeledas“coordinate”. For purposes
of comparisonwe constructa seriesof classi�ers from WordNet,which make the binary
decisionof determiningwhethertwo nounsarecoordinateaccordingto whetherthey share
a commonancestorwithin k nounshigherup in thehypernym taxonomy, for all k from 1
to 6. Also, we comparea simplepattern-basedclassi�er basedon theconjunctionpattern,
whichthresholdssimplyonthenumberof conjunctionpatternsfoundbetweenagivenpair.
Resultsof thisexperimentareshown in Table4 andFigure4.
The strongperformanceof the simpleconjunctionpatternmodelsuggeststhat it may be
worthpursuinganextendedpattern-basedcoordinateclassi�eralongthelinesof ourhyper-
nym classi�er; for now, we proceedwith our distributional similarity vectorspacemodel
(with a 16%relative F-scoreimprovementover theconjunctionmodel)in theconstruction
of acombinedhypernym-coordinatehybrid classi�er.

6.2 Hybrid hypernym-coordinateclassi�cation
Wenow combineourhypernym andcoordinatemodelsin orderto improvehypernym clas-
si�cation. We de�ne two probabilitiesof pair relationshipsbetweennouns:P(n i <

H
nj ),

6We usethesame6 million MINIPAR-parsedsentencesusedin our hypernym trainingset. Our
featurelexiconconsistsof the30,000mostfrequentnoun-connecteddependency edges.Weconstruct
featurecountvectorsfor eachof themostfrequentlyoccurring163,198individualnouns.As in [12]
we normalizethesefeaturecountswith pointwisemutualinformation,andcomputeasour measure
of similarity thecosinecoef�cient betweenthesenormalizedvectors.



InterannotatorAgreement: 0.8318
TREC+WikipediaHypernym-onlyClassi�er (LogisticRegression): 0.3592
TRECHybrid LinearInterpolationHypernym/CoordinateModel: 0.3268
TRECHypernym-onlyClassi�er (LogisticRegression): 0.2714
BestWordNetClassi�er: 0.2339
HearstPatternsClassi�er: 0.1417
“And/OrOther”PatternClassi�er: 0.1386

Table5: MaximumF-Scoreof hypernym classi�ersonhand-labeledtestset

representingtheprobability thatnounn i hasnj asanancestorin its hypernym hierarchy,
andP(ni �

C
nj ), theprobability thatnounsn i andnj arecoordinateterms, i.e., that they

sharea commonhypernym ancestorat somelevel. De�ning the probabilityproducedby
ourbesthypernym-onlyclassi�er asPol d(ni <

H
nj ), andaprobabilityobtainedby normal-

izing thesimilarity scorefrom our coordinateclassi�er asP(n i �
C

nj ), we applya simple

linearinterpolationschemeto computeanew hypernymy probability. Speci�cally, for each
pairof nouns(n i ; nk ), we recomputetheprobabilitythatnk is ahypernym of n i as:7

Pnew (ni <
H

nk ) / � 1Pol d(ni <
H

nk ) + � 2
P

j P(ni �
C

nj )Pol d(nj <
H

nk )

7 Results
Our hand-labeleddatasetallows us to compareour classi�erswith WordNetandthepre-
viousfeature-basedmethods,now usingthehumanlabelsasgroundtruth. Figure5 shows
theperformanceof eachmethodin a precision/recallplot. We evaluatedseveralclassi�ers
basedon theWordNethypernym taxonomy.8 ThebestWordNet-basedresultsareplotted
in Figure5. Our logistic regressionhypernym-only model trainedon the newswire cor-
porahasa 16% relative F-scoreimprovementover the bestWordNetclassi�er, while the
combinedhypernym/coordinatemodelhasa40%relativeF-scoreimprovement.Ourbest-
performingclassi�er is a hypernym-only modeladditionallytrainedon theWikipediacor-
pus,with anexpandedfeaturelexiconof 200,000dependency paths;thisclassi�er showsa
54%improvementoverWordNet.In Table5 welist themaximumF-scoresof eachmethod.
In Table6 we analyzethe disagreementsbetweenthe highestF-scoreWordNetclassi�er
andourcombinedhypernym/coordinateclassi�er.9

8 Conclusions
Our experimentsdemonstratethat automaticmethodscanbe competitive with WordNet
for the identi�cation of hypernym pairsin newswirecorpora. In futurework we will use
the presentedmethodto automaticallygenerate�e xible, statistically-groundedhypernym
taxonomiesdirectly from corpora. Thesetaxonomieswill be madepublicly available to
complementexistingsemanticresources.

7Weconstrainourparameters� 1 , � 2 suchthat� 1 + � 2 = 1; wesettheseparametersusing10-fold
cross-validationonourhand-labeledtestset.For our �nal evaluationweuse� 1 = 0:7.

8We tried all combinationsof thefollowing parameters:themaximumnumberof sensesof a hy-
ponym for which to �nd hypernyms,themaximumdistancebetweenthehyponym andits hypernym
in theWordNettaxonomy, andwhetheror not to allow synonyms.TheWordNetmodelachieving the
maximumF-scoreusesonly the�rst senseof a hyponym andallows a maximumdistanceof 4 links
betweenahyponym andhypernym.

9Thereare31suchdisagreements,with WordNetagreeingwith thehumanlabelson5 andourhy-
brid modelagreeingontheother26. Weadditionallyinspectthetypesof nounpairswhereourmodel
improvesuponWordNet,and�nd thatat least30%of our model's improvementsarenot restricted
to NamedEntities;giventhatthedistributionof NamedEntitiesamongthelabeledhypernymsin our
testsetis over 60%, this givesushopethatour classi�er will performwell at thetaskof hypernym
inductionevenin moregeneral,non-newswiredomains.



Typeof NounPair Count ExamplePair
NE: Person 7 “JohnF. Kennedy/ president”,“Marlin Fitzwater/ spokesman”
NE: Place 7 “DiamondBar / city”, “France/ place”
NE: Company 2 “AmericanCan/ company”, “Simmons/ company”
NE: Other 1 “Is Elvis Ali ve / book”
Not NamedEntity: 9 “earthquake / disaster”,“soybean/ crop”

Table6: Analysisof improvementsoverWordNet
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