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•V́ıctorSúarez-Paniagua,IsabelSegura-Bedmar,Paloma Mart́ınez,(2017). LABDAat

SemEval-2017 Task10: Relation Classificationbetweenkeyphrasesvia Convolutional

NeuralNetwork,Proceedingsofthe11thInternational WorkshoponSemanticEvaluations

(SemEval),Vancouver,Canada,August,2017,AssociationforComputationalLinguistics,

pp:938-941,partiallyincludedinChapter6.

https://www.aclweb.org/anthology/S17-2169.
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Abstract

The mainhypothesisofthisPhDdissertationisthatnovel DeepLearningalgorithmscan

outperformclassical MachineLearning methodsforthetaskofInformationExtractioninthe

BiomedicalDomain.Contrarytoclassicalsystems,DeepLearningmodelscanlearntherepre-

sentationofthedataautomaticallywithoutanexpertdomainknowledgeandavoidthetedious

andtime-consumingtaskofdefiningrelevantfeatures.

ADrug-DrugInteraction(DDI),whichisanessentialsubsetofAdverseDrugReaction(ADR),

representsthealterationsintheeffectsofdrugsthatweretakensimultaneously. Theearly

recognitionofinteractingdrugsisavitalprocessthatpreventsserioushealthproblemsthatcan

causedeathintheworstcases.Health-careprofessionalsandresearchersinthisdomainfindthe

taskofdiscoveringinformationabouttheseincidentsverychallengingduetothevastnumber

ofpharmacovigilancedocuments.Forthisreason,severalsharedtasksanddatasetshavebeen

developedinordertosolvethisissuewithautomatedannotationsystemswiththecapability

toextractthisinformation.Inthepresentdocument,theDDIcorpus,whichisanannotated

datasetofDDIs,isusedwithDeepLearningarchitectureswithoutanyexternalinformation

forthetasksof NameEntity Recognitionand RelationExtractioninordertovalidatethe

hypothesis.Furthermore,someotherdatasetsaretestedtoevidencetheperformanceofthese

systems.

Tosumup,theresultssuggestthatthe mostcommonDeepLearning methodslikeConvolu-

tionalNeuralNetworksandRecurrentNeuralNetworksovercomethetraditionalalgorithms

concludingthatDeepLearningisarealalternativeforaspecificandcomplexscenariolikethe

InformationExtractionintheBiomedicaldomain. Asafinalgoal,acompletearchitecturethat

coversthetwotasksisdevelopedtostructurethenamedentitiesandtheirrelationshipsfrom

rawpharmacologicaltexts.
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Chapter1

Introduction

1.1 Motivation

ArtificialIntelligence(AI)hasgrowntoperformhumantasksautomatically.Inthiseffort,

scientistshadfocusedonbuilding MachineLearningarchitecturesinordertoemulatehuman

behaviour. Thevastofthesesystemsneedtonsof manuallyannotateddatainordertolearn

thecommonpatternsandextractinformationfromtheselabelleddatasets.Thus,themachines

canfinallypredictapossiblesolutionfornewdatathroughstatisticalanalysis.

Previously,thesystemsusedfor MachineLearningweretrainedwithpredefinedfeaturesbythe

researchesthatcouldcontaintherelevantinformationforeachsample(featureengineering).

Thisstepisavitalprocessfortheperformanceofthesystemsbecauseaninadequaterepresen-

tationofthedata maycarrywrongpredictions. Forthatreason,thisdomainrequiresexpert

knowledgeinordertodefinethehand-craftedfeaturescarefully. Thistaskisaverytedious

andtime-consumingtask. DeepLearningstartedfromtheideaofautomaticallytransforming

therawdataintoafeaturerepresentation(featurelearning)(Goodfellowetal.,2016).Tothis

end, Neural Networks(NNs)areusedin DeepLearningforcapturingtheinformationfrom

thedataandtryingtoprocessitasthehumanbraindoes. Furthermore, multiplelayersof

NNsareappliedindeeparchitecturestocreateamoreabstractiverepresentationoftheinputs.

Thisprocessisverynaturalinthehumanunderstandingwhereaproblemisdecomposedinto

1



2 Chapter1.Introduction

sub-problemswithmultiplelevelsofrepresentationinordertocreateacompleteknowledgeof

it(Bengio,2009).

NaturalLanguageProcessing(NLP)isthefieldofstudythatconcernswiththeinteraction

betweenacomputerandhumanlanguages.TheprimarygoalofNLPistoanalyseandsynthe-

sizenaturallanguagedatainordertocommunicatewith machinesandperformthefollowing

tasksamongothers: Naturallanguageunderstanding, Naturallanguagegeneration,Speech

recognition, Text-to-speech,InformationExtraction,Informationretrieval, Machinetransla-

tion,QuestionansweringandSpokendialoguesystem.Theunderstandingandusageofhuman

languageisacomplexprocessduetothehighlevelofambiguityandinterpretabilityofcommu-

nication. Forthatreason,creatinga machinethatcomputesnaturallanguageperfectlyisan

AI-completetaskorstrongAI(Yampolskiy,2013),i.e. makingcomputersassmartashumans

(Shapiro,1992). Thus,interpretinghumancommunicationbycomputersisaverycomplex

topicbecauseofitsambiguityandconstantchanges. Concretely,thegoaloftext miningisto

understandthenaturallanguagefromacollectionofwrittendocumentsasinputdata. Mainly,

thetopicofInformationExtraction(IE)istotransformsunstructureddataintostructured

datainordertoextracttheinternalinformationfromtexts. Twobasicsprocessesarepro-

posedforthisend,NamedEntityRecognition(NER),whichgetsthe morerelevantwordsof

thesentencesthatarecalledentities,andRelationExtraction(RE),whichdefinesthepossi-

blerelationshipsbetweentheentities. Thesourcedataforthesetasksareusuallytakenfrom

generalpurposedocuments,suchasletters,newspapersorreviews. However,oneofthe most

valuableknowledgeofhumanityismedicalknowledge,anditwouldbebeneficialinusingthese

techniquestointerpretthisinformation. Thecompleteunderstandingofthiskindoftextsis

difficultbecausetheypresentveryrareorunknownwordsandcomplexstructures. Therefore,

applyingthesetaskstobiomedicaltextsisverychallengingfortheNLPcommunity.

NowadaysthereisagrowingconcernaboutAdverseDrugReactions(ADRs)sincetheyarea

severerisktopatientsafety(BondandRaehl,2006)aswellasacauseofrisinghealthcarecosts

(vanDerHooftetal.,2006). ADrug-DrugInteraction(DDI),atypeofAdverseDrugReaction

(ADR),occurswhenadrugisco-administratewithanotheraffectingtheirlevelsofactivity.

Unfortunately, mostDDIsarenotdetectedduringclinicaltrials, mainlybecausethesetrials
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aredesignedtoassesstheeffectivenessofdrugsratherthantheirsafety(StrickerandPsaty,

2004). TheInstituteOf Medicine(IOM)reportedin2009thateachyearatleast1.5 million

ADRsoccurandover4billiondollarsarespentinordertotreattheirpreventable(Council

andof Medicine,2009). Concretely,ADRscause morethan300,000deathsintheUSAand

Europeperyear(Lazarouetal.,1998). Accordingto(MakaryandDaniel,2016),medicalerror

hasbecomethethirdmostcommoncauseofdeathintheUSAbeingmedicationerrorthemost

significantmedicalerrorbecauseoftheadversedrugeffects.

Ideally,prescribinginformationaboutadrugshouldlistitspotentialinteractions,togetherwith

thefollowinginformationabouteachinteraction:itsmechanism,itsrelationtothedosesofboth

drugs,itstimecourse,thefactorsthatalteranindividual’ssusceptibilitytoit,itsseriousness

andseverity,andtheprobabilityofitsoccurrence(Aronson,2004;FernerandAronson,2006).

Inpractice,however,thisinformationisrarelyavailable(Aronson,2007).

Anenormousamountofthe mostcurrentandvaluableinformationisunstructured,written

innaturallanguageandhiddeninpublishedarticles,scientificjournals,booksandtechnical

reports. Druginteractionsarebreadandbuttertojournalsofclinicalpharmacologyduetothe

vastnumberofinteractionsthatcanhappen(Aronson,2007).Concretely,thenumberofarticles

publishedin MedLineaboutthebiomedicaldomainisincreasingbetween10,000and20,000

documentsperweek(Medline,2007). Additionally,300,000articlesarepublishedeachyear

withinthepharmacologydomain(Dudaetal.,2005).Forthisreason,therearenodrug-drug

interactionsdatabasesup-to-datebecausebiomedicalscientistsdiscovernewdrugsandpublish

newstudiesoftheireffectscontinuously.Thus,themanagementofDDIsisacriticalissuedue

totheoverwhelmingamountofinformationavailableonthem(Hansten,2003).Consequently,

health-careprofessionalshavetospendalongtimereviewing DDIdatabasesaswellasthe

pharmacovigilanceliteratureinordertocheckifthereisanewADR.

Theintroductionofnewtechnologiesinprimarycareandhospitalshasledtothedevelopment

ofelectronic medicalrecordsystems,whichhasopenedtheopportunityofincorporatingdeci-

sionsupportsystemstopreventDDIsandinformonpossibleactionstotake. However,the

deploymentofthesesystemsisnotwidespreadyet(Rodŕıguez-Teroletal.,2009),and most
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systemsinprimarycaredonotsupportthe managementofDDIs. Therefore,cliniciansand

pharmacists mustbeableto managebythemselvestherichnessofinformationavailableon

DDIs.

IEcanbeofgreatbenefitinthepharmaceuticalindustryallowingidentificationandextraction

ofrelevantinformationandprovidinganexcitingwayofreducingthetimespentbyhealth

careprofessionalsonreviewingtheliterature. Therefore,thedevelopmentofanautomated

annotationsystemofDDIswhichextractstheinformationofpharmacovigilancedocumentsis

vitalforimprovingandupdatingthedrugknowledgedatabases.

TheDDIExtractionTask(Segura-Bedmaretal.,2013,2011)wasanNLPchallengetopromote

thedevelopmentoftechniquesappliedtothebiomedicaldomain,inparticular,tothepharma-

covigilancesubjectandprovidingacommonframeworkfortheevaluationoftheparticipating

systemsandotherresearchersinterestedinthistopic. Besides,thesignificantcontribution

ofDDIExtractionTaskhasbeentoprovidetheDDIcorpus(Herrero-Zazoetal.,2013)asa

benchmarkfordevelopingsystems. Thisdatasetisavaluableannotatedcorpusthatprovides

goldstandarddatafortrainingandevaluatingsupervised machinelearningalgorithmstoex-

tractDDIsformtexts.ItcontainsabstractsaboutDDIsfrom MedLineandcommentsfrom

theDrugBankdatabase(Wishartetal.,2006).Thetaskisdividedintotwomainsubtasksthe

detectionandclassificationofdrugsandtheirrelationsinthedataset. Theresultsobtained

inthesharedtaskshowedthatsupervisedmachinelearningtechniques(Segura-Bedmaretal.,

2014),suchasSupportVector Machines(CortesandVapnik,1995)withhand-craftedfeatures

andkernel-based methodsarethetechniques mostusedfortheextractionandrecognitionof

thedrugnamesandthedetectionandclassificationofinteractionsbetweendrugs. Mostofthe

participatingsystemsuselargeandrichsetsoflinguisticfeatures,whichhavetobedefinedby

domainexpertsandtextminers,andwhichrequireconsiderabletimeandeffort.

Deeplearning methodscanbeanexcitingalternativetotheclassicalsupervised machine-

learningalgorithmssincetheycanautomaticallyextractthe mostappropriatefeaturesfrom

representingaproblemforagiventask(Goodfellowetal.,2016).Thus,thehypothesisisthat

DeepLearningarchitecturescanoutperformclassical MachineLearningapproacheswithout
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usingalargepredefinedsetoffeaturesforIEintheparticularcaseofbiomedicaldocuments.

1.2 Objectives

Themainobjectivesofthisthesisare:

•Exploringstate-of-the-art DeepLearningarchitectureswithwordembeddings,suchas

RecursiveNeuralNetwork(RecNN)(Socher,Pennington,Huang,NgandManning,2011),

ConvolutionalNeuralNetwork(CNN)(Lecunetal.,1998)andRecurrentNeuralNetwork

(RNN)(Rumelhartetal.,1986).

•Proposing methodsbasedon DeepLearningforNERandREtasksinthebiomedical

domain.

•Studyingtheirperformanceintheproblemofextractinginformationoftextsthatcontain

interactionsbetweendrugsusingtheDDICorpus.

•BuildingacompletesystemthatinvolvestheNERandREtasks.

•Testingthelanguageanddomainindependenceofthemodelsusingotherdatasets.

•Identifyingopenissuesfromtheconclusionsinordertoproposefutureresearches.

1.3 Contributions

ThepresentdocumentexploresnovelneuralmodelsforthetasksofNERandREinbiomedical

texts.Concretely,themaincontributionsofthisthesisare:

•Acompletedescriptionandreviewofthestate-of-the-artsystemsforNERandREwith

aspecialfocusonthebiomedicaltextsforDDIinteractions.
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•TheexplorationofthewordembeddingsandtheirclustersasfeaturesusingaCRFclas-

sifierforrecognizingmentionsofdrugs,chemicalcompounds,anddiseasesinbiomedical

documents.

•Theuseofthe MV-RNN,whichisthefirstDeepLearningsystemforRE,appliedtothe

extractionofdruginteractions.

•ThepropositionofthefirstCNNwithattentionpoolingfortheDDIExtractionTask.

•ApplyingtheCNNarchitecturetodealsimilartasksuchasSemEval2017Task10:Scien-

ceIE-ExtractingKeyphrasesandRelationsfromScientificPublicationsandatSemEval

2018Task7:SemanticRelationExtractionandClassificationinScientificPapersinorder

tochecktheirefficiency.

•Thedefinitionofthefirstend-to-end modelusingtheDDICorpus,whichinvolvesthe

NERandREfromrawdata.

•Testingthelanguageanddomainindependenceoftheend-to-end modelusinganother

languagedatasetliketheSemanticAnalysisatSEPLN(TASS-2018)(Mart́ınez-Ćamara

etal.,2018).

Thestudyofthesesystemsisabaselineforfutureworksandcouldbeimplementedasamedical

resourcebecauseoftheirexcellentperformance. ThisthesisdemonstratesthatDeepLearning

architecturesarearealalternativetoclassical MachineLearning methodssincethattheycan

learntherepresentationofthetexts.Furthermore,thesemodelscanbeusedinotherdomains

becausenobackgroundknowledgeofthetopicisrequiredtocapturetherelevantinformation

ofthetexts.

1.4 Outline

Therestofthisthesisisorganizedasfollows:



1.4. Outline 7

•Chapter2introducesthetheoreticalbackgroundoftheNLP,thedifferenttechniquesfor

wordrepresentation,the mostused MachineLearningalgorithmsfortext mining,and

thedescriptionofthemainDeepLearningarchitecturesanditsprecedents.

•Chapter3depictsanoverviewoftheInformationExtractiontasksinthebiomedical

domainincludingadetaileddescriptionofthedatasetusedfortheproposedsystems.

Also,thesectionsummarizesthestate-of-the-art modelsforNamedEntityRecognition

andRelationExtractionsubtaskswithanemphasisonDeepLearningsystems.

•Chapter4showsaCRFarchitectureusingwordembeddingsforthecaseofDrugNER

Task. Also,twoothertasksfocusedonthediseaseandchemicalmentionsrecognitionare

presentedapplyingthesamemodel.

•Chapter5presentstheadaptationofthe Matrix-VectorRecursiveNeuralNetworkfor

theextractionofdrug-druginteractions.

•Chapter6showsanexplorationofthe Convolutional Neural Networkarchitecturein

ordertosetthebesthyper-parametersfortheDDIExtactionTask. Moreover,thesection

describestheperformanceintheextractionofdruginteractionsusingtheConvolutional

NeuralNetworkwithdifferentpoolingoperationsuchasmaximum,averageandattention

mechanism. Furthermore,thearchitectureisalsoappliedtosolvetwoSharedTasksat

SemEval,SemEval2017Task10:ScienceIE-ExtractingKeyphrasesandRelationsfrom

ScientificPublications(Augensteinetal.,2017)andatSemEval2018Task7:Semantic

RelationExtractionandClassificationinScientificPapersinordertochecktheirefficiency

(Ǵaboretal.,2018).

•Chapter7depictsacompletesystemthatinvolvestheNamedEntityRecognitionand

RelationExtractionsubtasksinbiomedicaltextsfromrawdataasanend-to-endarchitec-

ture.ThismodelperformsthetasksforEnglishandSpanishdocuments,theDDICorpus

andtheSemanticAnalysisatSEPLN(TASS-2018)(Mart́ınez-Ćamaraetal.,2018),in

ordertotestitslanguageindependencecapability.

•Chapter8drawssomeconclusionsofthestudiesandproposessomefutureworkstobe
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takenintoconsiderationinordertoimprovetheresultsthatcanbeappliedtorealscenario

systems.

1.5 Funding

Thisthesishasbeensupportedby:

•Pre-doctoralresearchtrainingscholarshipoftheCarlosIII Universityof Madrid(PIF

UC3M02-1415)forfouryears.

•ResearchProgramofthe MinistryofEconomyand Competitiveness- Governmentof

Spain,(DeepEMRprojectTIN2017-87548-C2-1-R).

•ResearchProgramofthe MinistryofEconomyand Competitiveness- Governmentof

Spain,(eGovernAbility-AccessprojectTIN2014-52665-C2-2-R).

•DoctoralstayTEAM-Technologiesforinformationandcommunication,Europe-east

Asia Mobilitiesproject(Erasmus MundusAction2-Strand2Programme)fundedbythe

EuropeanCommissionrealizedintheUniversityofTokyo,Japan,fortheAizawaLabo-

ratoryinNationalInstituteofInformatics(NII)forsevenmonths.
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Background

MachineLearningisthefieldofstudythatgivescomputerstheabilitytolearnwithoutbeing

explicitlyprogrammed(Samuel,1959).Themainalgorithmsofmachinelearningareclassified

intofourclasses. Unsupervisedlearninggeneratesknowledgefromsampleswithoutacategory

assigned.Supervisedlearninglearnsfromsampleswithlabelsthatrepresentacategory.Semi-

supervisedlearningsolvestasksthatonlyafewsamplesarelabelledtakingknowledgefrom

non-categorizedsamples.InReinforcementlearning,anagenttakesactionsdependingonthe

actualstateandarewardgivenfromtheenvironment.

Supervisedlearningmodelsaresubdividedinregressionandclassificationtechniquesdepending

onwhattheypredict,arealnumberorasetofpredefinedcategories,respectively.Insidethe

classificationsystems,thereisadistinctionbetween modelsthatlearnthejointprobability

distributionofthesamplesandtheirlabels(generativeclassifiers)and modelsthatlearna

functionthatseparatesthecategoriesaccordingtosomeweights(discriminativeclassifiers).

Aclassification modelusedinsupervisedlearningtakesasetofinputvariablesxcalledob-

servationsorfeaturesandgivesasetofoutputvariablesycalledclassesorlabels. Formally,

thegoalofthesupervisedlearningalgorithmsistofinda mappingfunctionthatpredictsthe

correctoutputsyofasetofinputsxas

y=f(x) (2.1)

9
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Fromapracticalpointofview,thedatasetstobeusedinsupervisedmodelscontainM instances

aspairsofinformation(x,y)wherex∈RN isavectorofN attributesthatdefineeachsample

andyrepresentstheclassofthesample.

2.1 Artificial Neural Networks

ThebasicarchitectureoftheArtificialNeuralNetworks(ANN)isthesingleartificialneuron

whichisbiologicallyinspiredbytheoperationsofthesecellsinthebrain(McCullochandPitts,

1943). Theseunitsaresimplepatterndetectorsthatlearnsynapticweightsofeachattribute

togenerateaprediction.Figure2.1representstheweightedfunctionthatanartificialneuron

computesas

y=f(

N

i=1

wixi+b)=f(wTx+b) (2.2)

wherefisanactivationfunction,w∈RN isavectoroftheweightsfortheN attributesand

bisanoffsettermcalledbias.

Σf

x1

x2

...
xN

+1

w
1

w
2

wN

b

y=f(
N

i=1

wixi+b)

Figure2.1:Thearchitectureofanartificialneuron.

2.1.1 ActivationFunctions

Theactivationfunctiondefinesthethresholdwhereaneuronisworkingtogeneratethepre-

dictioninitsoutput. Concretely,thisfunctionindicateshow muchinformationtotransfer

fromaneuroninarangeofactivation. The mostcommonactivationfunctionsareshowedin

Table2.1. The majorityofthemarenon-linearfunctionswhichareadesirablecapabilityfor

computinginherentlynon-linearinputs.
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Table2.1: Mostcommonlyusedactivationfunctionsfortheartificialneuroncomputation.

Activation
Function

Equation Derivatite Plot

Identity f(x)=x f(x)=1

−4 −2 2 4

−4

−2

2

4

x

f(x)=x

Heaviside
step

H(x)=
1,x>0

0, otherwise
H(x)=0,x=0

−4 −2 2 4

−0.5

0.5

1

1.5

x

f(x)=H(x)

Sigmoid σ(x)= 1
1+e−x

σ(x)=σ(x)(1−σ(x))

−4 −2 2 4

−0.5

0.5

1

1.5

x

f(x)=σ(x)

Softmax Softmax(x)= ex
i

K

i=1
exi

Softmax(x)=
Softmax(x)(1−Softmax(x))

Multi-classSigmoid

Tanh tanh(x)=ex−e−x

ex+e−x
tanh(x)=1−tanh(x)2

−4 −2 2 4

−1

−0.5

0.5

1

x

f(x)=tanh(x)

ReLu ReLU(x)=
x, x>0

0, otherwise
ReLU(x)=

1, x>0

0, otherwise

−4 −2 2 4

2

4

x

f(x)=ReLU(x)



12 Chapter2. Background

2.1.2 MultilayerPerceptron

ThesimplestactivationfunctiontocreatealinearseparationofbinarycategoriesistheHeavi-

sidestepfunction.ThisfunctionimplementedwithanartificialNeuronisknownlikePerceptron

(Rosenblatt,1958).Thearchitecturecancomputethedifferentbooleanfunctionsasaweighted

combinationoftwobinaryinputs(A,B)asy=H(Aw1+Bw2+b)wherebisthebiasterm

andw1andw2aretheweightsofAandB,respectively(seeFigure2.2).

A

B

+1

w
1

w2

b

Figure2.2: APerceptron whichrepresentsthedifferentbooleanfunctions withtwobinary
inputsandabiasterm.

ItisnotpossibleforthisarchitecturetoperformafunctionfortheXOR booleanfunction

withthePerceptronduetothefactthattwoboundariesarerequiredinordertoclassifythe

points. However,XOR isdefinedbythecombinationofotherbooleanfunctions. Thus,the

solutiontoperformthisbooleanoperationistobuildaconcatenationoftwofunctionswith

thePerceptronandtocomputetheiroutputswithanotherPerceptron. Thisnetworkwasthe

firstimplementationofa MultilayerPerceptron(MLP)whose mainideaistoconnectneuron

outputstootherneuronslikethehumanbraindoestogeneratemorecomplexfunctions.

Thegeneralarchitectureforthis modelwithanarbitraryactivationfunctionandaninter-

mediatelayerofneuronsisknownasNeuralNetworkwithahiddenlayer. Thehiddenlayer

performsacomputationwiththeweightedvaluesoftheinputsineachneuron. Then,afully

connectedlayercombinestheoutputsofalltheneuronstoafinalneurontogiveaprediction.

Figure2.3representsthefeed-forwardcomputationas:

a=f(W Tx+b)

y=f(uTa+bu)

(2.3)
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whereW ∈RN×H isthe matrixofweightsfortheinputsandtheH neurons,b∈RH isthe

offsetofthehiddenlayer,u∈RH isthevectorofweightsfortheneuronoutputandbuisthe

offsetofthefinalneuron.

x1

x2

...

xN

+1

Σf

Σf

Σf

...

+1

Σf

a=f(W Tx+b)
W

b

u

bu

y=f(uTa+bu)

Figure2.3: AconcatenationofPerceptronsforbuildinga MultilayerPerceptronwithahidden
layer.

TheuniversalapproximationtheoremstatesthataNeuralNetworkusingasinglehiddenlayer

withafinitenumberofneurons witharbitraryactivationfunctionandalinearneuronin

theoutputlayercanapproximateanycontinuousfunctionusingtheappropriateparameters

(Cybenko,1989;Hornik,1991). However,theNeuralNetworksrequirealossfunction,asearch

optimizationalgorithmanda modelvalidationinorderto measuretheerror madeduring

thetraining,findtheoptimalvaluesoftheweights,andfittheoptimalnumberofneurons,

respectively.

2.1.3 LossFunctions

Lossfunctions,costfunctionsorobjectivefunctionsJ(θ)areusedintheoptimizationproblems

toestimatetheparameterθofthemodelthatgeneratetheleastlosses.Concretely,itmeasures

theerrorbetweenthepredictionofthe modelyandtheexpectedvalueŷinordertofitthe

parametersinthetrainingphase.Table2.2showsthecommonlossfunctionstosolvesupervised

optimizationproblems.
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2.1.4 Learningalgorithm

Theback-propagation(Brysonetal.,1963)isthelearningalgorithmthatupdatestheweights

oftheANNmodelsaccordingtotheerrorfromthelossfunction.Contrarytotheforwardcom-

putationtogeneratetheprediction,thismethodpropagatestheerrorinabackwarddirection.

Thus,theparametersθofthemodelwillbeupdatedwithanoptimizationalgorithmcalled

GradientDescent(GD)thatassurestheconvergencetothelocalminimumofthelossfunction

as:

θNEW ←θOLD−α
∂J(θ)

∂θOLD
(2.4)

Thismethodreducestheerrorwithastepcalledlearningratedecayαinthedirectiongiven

bythegradient. Forthisend,derivativesofthelossfunctionwithrespecttotheweights

needtobecalculatedforapplyingthelearningprocess.Eachtimeoftraininginthisstageis

calledanepoch,andtheweightsareupdatedinordertodecreasethelossfunction.Besides,

itisarequirementtoback-propagatethatactivationandlossfunctionsaredifferentiable.An

exampleofminimizingafunctionwithaGDisshowedinFigure2.4whereafirstinitialpoint

iscorrectedeachstep(3timesorepochsintheexample)toreachtheminimumvalueofthe

function.

−1 1 2 3 4 5

2

4

θ

J(θ)

•

•

•

•

α
θ0

θ1

θ2

θ3
θ∗

Figure2.4:3stepsofaGradientDescentwithlearningdecayrateαstartingfromtheinitial
pointθ0whereθ∗representsthelocalminimum.
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Figure2.5showsthederivativeofeachparameterina MLPwheres= uTa+bu andz=

W Tx+b.Theactivationfunctionoutputsarefirstlytakenfromthefeed-forwardcomputation

usingtheEquation2.3,thenthegradientforeachparameteriscalculatedandfinallytheerror

ispropagatedfromthederivativeofthelossfunction. Thus,thederivativeofaparameter

canbeseenasthreeparts multiplication,theforwardedsignal,thelocalgradientandthe

back-propagatederror.

x1

x2

...

xN

+1

Σf

Σf

Σf

...

+1

Σf

∂J(θ)
∂y

∂f(s)
∂s

∂f(z)
∂z

∂uTa+bu

∂a

∂uTa+bu

∂u

∂uTa+bu

∂bu

∂W Tx+b
∂W

∂W Tx+b
∂b

Figure2.5:Thederivativesofeachparameterofa MLPfortheback-propagationalgorithm.

Theback-propagationalgorithmneedsthederivativesoftheparametersthatdependsonpre-

viouslayerderivatives. Forthisreason,thechainrulecanpropagatetheerrorinabackward

mannerstartingfromthelossfunctionderivativeuntiltheweightsofthefirstlayer.Following

thearchitectureofFigure2.5,thefirstderivativetobecalculatedisthelossfunctionoutput

as:

∂J(θ)

∂y
=J(θ) (2.5)

Theoutputoftheactivationfunctiontakesthederivativeofthelossfunctionandcomputes

thelocalgradientgivenby:

∂J(θ)

∂s
=

∂J(θ)

∂y

∂f(s)

∂s
=[J(θ)]×f(s) (2.6)
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Then,thepreviousderivativeispropagatedtotheoutputlayerweights,biasandtheoutput

ofthehiddenlayerforcalculatingthederivativesandupdatingtheirvalueswiththe GDas

follows:

∂J(θ)

∂u
=

∂J(θ)

∂s

∂uTa+bu

∂u
=[J(θ)×f(s)]×a

∂J(θ)

∂bu

=
∂J(θ)

∂s

∂uTa+bu

∂bu

=[J(θ)×f(s)]×1

∂J(θ)

∂a
=

∂J(θ)

∂s

∂uTa+bu

∂a
=[J(θ)×f(s)]×u

(2.7)

Similarly,thederivativeoftheoutputinthehiddenlayeristakentopropagatetheerrortothe

activationfunctionofthehiddenlayeras:

∂J(θ)

∂z
=

∂J(θ)

∂a

∂f(z)

∂z
=[J(θ)×f(s)×u]×f(z) (2.8)

Finally,thisderivativeisusedinthehiddenlayer weightsandbiastoobtaintheirpartial

derivativesandupdatetheirvalueswiththelearningalgorithmwiththefollowingequations:

∂J(θ)

∂W
=

∂J(θ)

∂z

∂W Tx+b

∂W
=[J(θ)×f(s)×u×f(z)]×xT

∂J(θ)

∂b
=

∂J(θ)

∂z

∂W Tx+b

∂b
=[J(θ)×f(s)×u×f(z)]×1

(2.9)

2.1.5 Optimization

TheGDhasthreevariantsdependingonthenumberofdatausedineachstep:

•BatchGradientDescentupdatestheparametersofthenetworkθusingtheentiredataset.

•StochasticGradientDescentcomputesthederivativeofthelossfunctionwithrespectto

theparameterswitheachsample(xi,yi).
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•Mini-BatchGradientDescentisanintermediatesolutionwhichtakes m samplesofthe

datasettocomputethelearningalgorithmofGDeachtime.

ThechoiceofthelearningstepiscriticalforthetrainingbecausesmallαmakestheGDvery

slowbecause manystepsareneededtoreachthe minimum,atthecontrary,largeαmakes

the GDjumpoverthelocal minimumandthe minimizationgetsstuck. Moreimportantly,

thelearningalgorithmcouldreachasuboptimallocalminimumornonconvergetoanoptimal

solutionduetoahighlynon-convexlossfunction.Tosolvetheseissuessomeimprovementsto

theGDareproposed:

•Momentum(Qian,1999):acceleratesGDtothegradientdirectioninordertogainfaster

convergenceandpreventtheoscillationsaroundlocaloptima.TheEquation2.10addsa

momentumparameterγthattakesapercentageofthepreviousmomentumtermv.

vNEW ← γvOLD −α
∂J(θ)

∂θOLD

θNEW ← θOLD −vNEW

(2.10)

•Nesterovacceleratedgradient(NAG)(Nesterov,1983):anticipateswheretheparameters

aregoingtobeinthe momentumtermcalculatingthegradients withrespecttothe

nextpositionθOLD −γvOLD (seeEquation2.11). Thus,itcanspeeduptheGDbyan

adaptationaccordingtotheslopeposition.

vNEW ← γvOLD −α
∂J(θ)

∂(θOLD −γvOLD)

θNEW ← θOLD −vNEW

(2.11)

•Adaptive Gradient(Adagrad)(Duchietal.,2011): updatesthelearningratesizeau-

tomaticallydependingonthecommonnessofthedata.It makeslargerupdatesifthe

featuresareinfrequentandsmallerupdatesifthefeaturesare morefrequent.InEqua-

tion2.12,G representsadiagonalmatrixwiththesumofthesquaresofthegradientof
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eachparameter t
τ

∂J(θτ)
∂θOLD

τ

2

and isasmallnumberthatavoidsthedivisionbyzero.

αNEW ←
αOLD

√
G+

θNEW ← θOLD −αNEW ∂J(θ)

∂θOLD

(2.12)

•Root MeanSquareProp(RMSProp):reducestheuniformlydecreasingofthelearning

rateinAdagradwiththeaverageofallpastsquaredgradientssmultipliedbyaparameter

γinthesamewaythatthemomentum(seeEquation2.13).

sNEW ← γsOLD +(1−γ)
∂J(θ)

∂θOLD

2

αNEW ←
αOLD

√
sNEW +

θNEW ← θOLD −αNEW ∂J(θ)

∂θOLD

(2.13)

•AdaptiveLearningRate(Adadelta)(Zeiler,2012): proposestoaddthe rtermtothe

RMSPropthat multipliestheaverageofallpastupdatesrulewiththelearningrateas

theEquation2.14.

sNEW ← γsOLD +(1−γ)
∂J(θ)

∂θOLD

2

αNEW ← αOLD

√
rOLD +

√
sNEW +

rNEW ← γrOLD +(1−γ) αNEW ∂J(θ)

∂θOLD

2

θNEW ← θOLD −αNEW ∂J(θ)

∂θOLD

(2.14)

•Adaptive MomentEstimation(Adam)(Kingmaand Ba,2014): keepstheaverageof

allpastgradientvandsquaredgradientssestimatedwiththe meanandthevariance,

respectively.InEquation2.15,γ1andγ2representsthepercentageofdecayingaverage
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ofpastgradientsandsquaredgradientsandbiascorrectedforvands,respectively.

vNEW =γ1v
OLD +(1−γ1)

∂J(θ)

∂θOLD

sNEW =γ2s
OLD +(1−γ2)

∂J(θ)

∂θOLD

2

v̂NEW =
vNEW

1−γ1

ŝNEW =
sNEW

1−γ2

θNEW ← θOLD −α
v̂NEW

√
ŝNEW +

(2.15)

2.1.6 WeightInitialization

Neuralnetworksneedtoinitializethelearningalgorithmfromaninitialvalueforeachweight.

Choosingthestartingpointiscrucialfortheconvergenceofthegradientdescentforreachinga

localminimumintheerrorfunction. Onepossibleconsiderationisstartingwithalltheweights

atzero. However,this makesthederivativesandtheweightsupdatesbethesameinallthe

neuronsoftheNeuralNetwork.Thus,allthehiddenunitaresymmetric,andtheperformance

oftheNeuralNetworkwouldbethesameasasingleneuronandnobetterthanalinearmodel.

Shouldbenotedthatthereisnoproblemsettingbiasestozerobecausethevaluesintheneurons

willbedifferent.

Forbreakingthissymmetry,thebestsolutionistoinitializetheweightsrandomlyveryclose

tozero,andtherebyeachneuroncancomputedifferentfunctions. The mostcommonchoice

istouseaprobabilitydistributionwithzero mean,suchasuniformornormaldistribution.

Inaddition,twoinitialization methodscanadjustthevarianceofthaccordingtotheselected

non-linearactivationfunction.

•Xavierinitialization(GlorotandBengio,2010),definedas 1
s
,isrecommendedfortanh

orsigmoidfunctions.

•Heinitialization(Heetal.,2015),definedas 2
s
,isrecommendedforReLUfunctions.
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Forbothcases,sisthesizeofthepreviouslayer. Thisinitializationisthemainsourceof

randomnessofNeuralNetworks.Forthisreason,itishighlyrecommendedinpracticetheuse

ofrandomseedsinordertoobtainthesameresults.

2.1.7 Validation

ThedefinitionofastoppingruleisvitaltodeterminatewhenaNeuralNetworkhastostop

training.Thisstoppingpointmustassurethegeneralizationofthemodelwithoutfittingthe

trainingdataperfectlyinordertoavoidcapturingthenoisyinformation.Tothisend,itisvery

conveniencetodefineavalidationsetthatteststhemachineeachepoch.Inthecaseswhere

thissetisnotpredefined,theoriginaltrainingsetcanbesplittoformthenewtrainingsetand

thevalidationsetwhichmustbeasrepresentativeasthetrainingset.

Theearlystoppingcriteriaisarulethatfindstheoptimalnumberofepochsfortraininga

NeuralNetwork.Ineachepoch,thevalidationsetteststheperformanceofthetrainedmodel.

Thus,theminimumvalueoferrorinthevalidationsetgivestheoptimalnumberofepochsfor

trainingthenetwork. Beforethispoint,themodelisconsiderednottotallytrained(under-

fitting),andafterthispoint,themodelcannotgeneralizewell(over-fitting).

200 400 600 800 1,000

0.2

0.4

0.6

0.8

1

Epochs

J(θ)

ErroronTrainingSet
ErroronValidationSet

Figure2.6:ThetrainingstageofaNeuralNetworkwherethelossfunctionisdecreasingin
eachepochs.Theoptimalnumberofepochs(redcross)islocatedbytheminimumvalueinthe
validationset(redpoint).
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2.1.8 Regularization

Regularizationisamathematicaltechniqueappliedtomachinelearningmodelstopreventover-

fittinginthetrainingphase. The mostcommonofthesetechniquesisusingaregularization

termintheobjectivefunctionfor makingthelearningprocess moreflexibleandavoiding

capturingtheirrelevantdata. Concretely,weaddatuningparameterλthat multipliesand

constraintsthevaluesoftheweightsinordertopenalizethecomplexityofthemodelandmake

smootherfunctions.Twodifferentregularizationtermcanbeapplied:

•L1-norm,whichusetheabsolute meanoftheweightsasJ(θ)+λ |w|,alsoknownas

LASSOestimator.

•L2-norm,whichusethesquared meanoftheweightsasJ(θ)+λ w2,alsoknownas

Ridgeregression.

ThemaindifferencesarethatL1regularizationproducesasparseoutputmakingsomeweights

tozeroiftheyarenotrelevantincontrast,L2regularizationhasanalyticalsolutionsandis

computationallymoreefficient.

Anotherregularization methodspeciallyforNeuralNetworkisDropout(Hintonetal.,2012).

Thistechniquepreventstheco-adaptationsofneuronsonthetrainingstagebyrandomlysetting

theneuronstozerowithaprobabilitypfollowingaBernoullidistribution.Intheteststage,p

iszeroforusingthewholelayerofneurons.

2.2 ClassicalInformationExtractionclassifiers

The mostcommon machinelearning methodsforIEtaskswithlabelledexampledinafinite

numberofclassesaretheclassification modelswithsupervisedlearning.Figure2.7illustrates

someotherclassicalmachinelearningsystemsusedforthesetaskspresentedasfollowing:
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Figure2.7: Diagramoftraditionalsupervisedclassificationsystemwhichshowstherelation-
shipsbetweenthem.Imageextractedfrom(Suttonetal.,2012).

2.2.1 Naive Bayes

NaiveBayesisagenerative modelthatdescribesthejointdistribution p(y,x)bytheprior

probabilityp(y)andthelikelihoodfunctionp(x|y)asEquation2.16. This modelpredictsa

classlabelŷgivenavectorofindependentfeaturesxusingthe maximumaposteriorirule

ŷ=argmaxk∈{1,...,K}p(y,x).

p(y,x)=p(y)
M

m=1

p(xm|y) (2.16)

2.2.2 Hidden Markov Models

Hidden Markov Models(HMM)(Baumetal.,1970)isthesequentialversionofthe Naive

Bayesthatdescribesthejoindistributionp(y,X)asEquation2.17. Eachtime,the model

predictsaclasslabelŷn givenavectorofindependentfeaturesxn ofthecurrentinputand

theoutputofthepreviousstepyn−1likea MarkovChainusingthemaximumaposteriorirule

ŷn=argmaxk∈{1,...,K}p(y,xn).

p(y,X)=
N

n=1

p(yn|yn−1)p(xn|yn) (2.17)
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2.2.3 Logistic Regression

LogisticRegressionisadiscriminativemodelthatdescribestheconditionalprobabilityofp(y|x)

asEquation2.18. This modelusesthesigmoidfunctionwiththeweightsλm offeaturesfm

definedwithrespecttoyandxtogenerateaclassprediction. Thefeaturesaredefinedfor

state-observationpairsfm(y,x).

p(y|x)=

exp
M

m=1

λmfm(y,x)

y exp
M

m=1

λmfm(y,x)

(2.18)

2.2.4 Conditional RandomFields

ConditionalRandomFields(CRF)(Laffertyetal.,2001)isthesequentialversionoftheLogistic

Regressionthatdescribestheconditionalprobabilityp(y|X)asEquation2.19.Thismodeluses

thesigmoidfunctionwiththeweightsλm offeaturesfm definedwithrespecttoyn,yn−1andxn

togenerateaclasspredictionlikea MarkovChain.Itisneededtodefinedatleastonefeature

foreachstatetransitionfm(yn,yn−1)andoneforeachstate-observationpairfm(yn,xn).

p(y|X)=

exp
M

m=1

λmfm(yn,yn−1,xn)

y exp
M

m=1

λmfm(yn,yn−1,xn)

(2.19)

2.2.5 Support Vector Machines

SupportVector Machines(SVM)(CortesandVapnik,1995)isasupervised machinelearning

algorithmfordataclassification.Itdefinesahyper-planewx+b=0thatseparatestwoclasses

whichobtainsthelargestdistanceormaximummarginbetweenthenearestdatapointstothe

otherclass(supportvectors). Figure2.8showsdatapointswithtwovariablesx=[x1,x2]of

twoclassesy=−1,1wherethe maximum marginisdefinedbythe marginswx+b≤1and

wx+b≥−1whicharetheboundariesoftheclassesyi=1andyi=−1,respectively.
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Figure2.8: AnSVMseparatingtwoclassesbyanhyperplanewx+b=0.

Theparameter b
||w||

representstheoffsetofthehyperplaneandthe margindistanceis 2
||w||

.

Inorderto maximizethisdistancethatrepresentsthe margin,itisnecessaryto minimize

||w||. Thus,the maximum margincanberewrittentogetanoptimizationproblemasthe

Equation2.20,calledHard-margin.

minimize
1

2
||w||2

subjecttoyi(wxi+b)≤1

(2.20)

Consideringcaseswherethedatacannotbelinearlyseparable,aggregatingaslackvariableξi

tothe marginsallowssomedeviationinordertoclassifythenon-separablesamples. Equa-

tion2.21representstheSoft-margin minimizationfunctionwhereCisthepenaltyparameter

thatbalancestheincreasingofthe marginsizeandthewrongsidedata. Onepossiblechoice

fortheslackvariableistheHingeLoss,ξi=max(0,1−yi(wxi+b)),whichiszeroifthedata

isnotinthecorrectboundary.
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Figure 2.9: Kernel trick applied to a non-linear decision problem.

minimize
1

2
||w||2+C

i=1

ξi

subject toyi(wxi+b)≤1−ξi

ξi≥0;C≥0

(2.21)

SVM cannot build a non-linear decision boundaries like Figure 2.9a. However, the kernel trick

(Aizerman et al., 1964) maps the dataxinto a higher dimensional space with a kernel function

defined asK(xi,xj)=Φ(xi)
TΦ(xj) to create a linear separating hyperplane in this space (see

Figure 2.9b). There are four basic kernels defines as follows:

•Linear:K(xi,xj)=x
T
ixj

•Polynomial:K(xi,xj)=(γx
T
ixj+r)

d

•Gaussian radial basis function (RBF):K(xi,xj)=e
−γ||xi−xj||

2
forγ>0

•Hyperbolic tangent or sigmoid:K(xi,xj)=tanh(γx
T
ixj+r) forγ>0 andr<0

2.3 Deep Learning

Deep Learning is a set of techniques for machine learning that uses Neural Networks architec-

tures (Goodfellow et al., 2016). Currently, they provide the best performance to many data
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processing tasks (LeCun et al., 2015). The original idea was to create MLPs connected with

more than one hidden layer in order to generate higher abstraction levels with deeper archi-

tectures (see Figure 2.10) (Bengio, 2009). Similarly, to the human brain, the information is

processed by multiples transformations and learned higher and complex representations of the

input in each hidden layer.

x1

x2

...

xM

+1

Σf

Σf

Σf

...

+1

Σf

Σf

Σf

...

+1

Σf

Σf

Σf

...

+1

Σf y.. .

Figure 2.10: A Deep Neural Network with multiple layers.

Historically, the focus of data processing has moved from manually rule-based systems to au-

tomated systems. Figure 2.11 shows that classical machine learning approaches need hand-

designed features while the representation learning models extract the representation of these

features automatically. Currently, Deep Learning algorithms create complex knowledge from

simplex feature representations using more layers that can compute functions with different

levels of abstraction.

Figure 2.11: Historical view of the data processing.

The main advantages of Deep Learning are that the universal approximation theorem also

applies to take the advantage that the functions can be approximated using fewer neurons
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becausethenetworkcomputesanewrepresentationoftheoutputsforeachlayerbycomposition

(Goodfellowetal.,2016). Additionally,thetrainingofdeeparchitecturesismadebytheback-

propagationasinArtificialNeuralNetworks.Thus,thechainrulecantransferthehigherlayers

derivativestothefirstlayerslikein MLPs.

DeepLearningrepresentsasetoftechniquesbasedonNeuralNetworks.Themaintwoarchitec-

turesdesignedforclassificationaretheConvolutionalNeuralNetworksandRecurrentNeural

Networks.Thesetwotechniquesdifferinthekindofinputtheypredict,ConvolutionalNeural

Networksarepreparedtoclassifyspatialsignals,andRecurrentNeuralNetworksareprepared

toclassifytemporalsignals.Thefollowingsectionsdescribethedetailsofthesenetworks.

2.3.1 Convolutional Neural Networks

Inthecaseswhereinputsarehighdimensional, MLPshavetonsoftrainingparameters. The

mainideatoovercomethisproblemistotakethelocalrepresentationwhichdescribesthe

wholeinputinsteadoftakingtheglobalrepresentation. Thislocalinformationisrepresented

inConvolutionalNeuralNetwork(CNN)(Lecunetal.,1998)usingaNeuralNetworkwithlittle

partsoftheinputasEquation2.22,

h(c,r)=f(W x(c−∆c:c+∆c,r−∆r:r+∆r)+b) (2.22)

whereh(c,r)representstheoutputtakingaregionofshape(2∆×2∆)intheposition(c,r)

oftheinputx,fisanon-linearfunction,W andbaretheweightsandbiasofthe Neural

Network,respectively. ThesameNeuralNetworkisappliedovertheentireinputslidingthe

regionasafilter. Furthermore,apoolinglayerappliedtotheconvolutionoutputsimplifies

andreducestheinformationofthefilters.Inthisstage,thelayerneedstocapturethe more

relevantfeaturestopreservetheinformationoftheinput.

CNNwasfirstlyproposedforhandwrittencharacterrecognitioninComputerVision. Thus,

Figure2.12representstheproposed CNNtakingathreechannelimage(RGB) wherethe
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convolution generates different filters and pooling is applied to extract the relevant parts of the

inputs. Moreover, a new convolution and pooling layers are applied to the previous output for

generating more complex features and create a better representation of the raw image. Ideally,

the deeper layers of the network capture complex shapes of the image starting from straight

lines until detecting complete forms like faces. Once the input is simplified to a vector, a

Softmax layer performs the classification of the picture.

Figure 2.12: Convolutional Neural Network applied to a RGB image for its classification.

Similarly, CNN can be applied to NLP tasks where the inputs are the vector representation of

each word in a sentence (Kim, 2014). However, the shape of the filters has to be the dimension

of the word vector and a predefined context window for computing the convolution operations.

Then, the same operation is applied sliding the filter for the context window of each word in

the sentence. Different sizes of context window could be selected for discovering new feature

representations. After the convolution layer calculates the resulting matrices, the pooling and

classification layers perform the same process previously defined.

2.3.2 Recurrent Neural Networks

In the cases where inputs are sequences, MLPs cannot capture the temporal dependencies of

the input dynamically. The main idea to overcome this problem is to take the information given

by the previous step in order to compute the current input in a sequential manner. Recurrent

Neural Network (RNN) (Rumelhart et al., 1986) uses two different weights for the input and

for the previous output as Equation 2.23,
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h(t)=f(Wx(t)+Uh(t−1) +b) (2.23)

whereh(t) represents the output in the timetof the inputx,fis a non-linear function,W

are the weights for the current input,Uare the weights for the previous output, andbthe

bias term of the Neural Network. Concretely, the weights and bias are shared over the entire

input. Optionally, a pooling layer can simplify all the time-step outputs and reduce the global

representation into a vector. The output of the pooling layer needs to capture the more relevant

features to preserve the input information.

The image on the left of Figure 2.13 represents the definition of a simple RNN where the

current state is computed with the input and the previous output. The image on the right of

Figure 2.13 represents the unfolded RNN version where each time-step the system performs an

output.

Figure 2.13: Recurrent Neural Network and its unfolded version.

The simple RNN cannot capture the long dependencies because it loses the information of the

gradients as long as the back-propagation is applied to the previous states. For this reason,

the incorporation of cell units into the RNN computation solves the long propagation of the

gradient problem. These unit cells introduce a gating mechanism to remember the values of

previous intervals (see Figure 2.14).

The Long Short-Term Memory cell (LSTM) (Hochreiter and Schmidhuber, 1997) defines three

gates in order to control the information that flows into the cell and a cell state that is trans-

ferred to the next step. The input gateit, the forget gateftand the output gateotfor the
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(a) Long Short-Term Memory cell. (b) Gated Recurrent Unit cell.

Figure 2.14: Recurrent Neural Networks cells.

currenttstep transform the input vectorxttaking the previous outputht−1using its cor-

responding weights and bias computed with a sigmoid function. The cell statecttakes the

information given from the previous cell statect−1regulated by the forget cell and the informa-

tion given from the current cellctregulated by the input cell using the element-wise represented

as∗in the Equation 2.24. Finally, the current outputhtis defined by the hyperbolic function

of the cell state and regulated by the output gate.

ft=σ(Wf·[ht−1,xt]+bf)

it=σ(Wi·[ht−1,xt]+bi)

ct=tanh(Wc·[ht−1,xt]+bc)

ct=ft∗ct−1+it∗ct

ot=σ(Wo·[ht−1,xt]+bo)

ht=ot∗tanh(ct)

(2.24)

The Gated Recurrent Unit cell (GRU) (Cho et al., 2014) defines the input gateztand the

reset gateztwhich take the input vectorxtof the currentttime and the previous outputht−1

using its corresponding weights and bias computed with a sigmoid function. The current cell

information is captured by the vectorhtusing the input and the previous output regulated by

the reset gate with the hyperbolic function as Equation 2.25. Then, the output vectorhtis
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regulatedbytheresetgatechoosingthemostsignificantinformationbetweenthecurrentand

previouscells.

zt=σ(Wz·[ht−1,xt]+bz)

rt=σ(Wr·[ht−1,xt]+br)

ht=tanh(Wh·[rt∗ht−1,xt]+bh)

ht=(1−zt)∗ht−1+zt∗ht

(2.25)

Ontheonehand,LSTMhasamemoryunitandacellstatethatretaintheinformationofthe

previoussteps. Ontheotherhand,GRUis moreefficientbecauseithasfewerparametersto

betrained. However,theperformanceofbothcellsisverysimilarto(Chungetal.,2014).

2.3.3 VanishinggradientandExplodinggradient

ThemainprobleminDeepLearningarchitecturesisthecomputationoftheback-propagation.

Themultiplicationbythechainruleofthederivativesofpreviouslayersobtainedfromhigher

layersmakesgradientsunstablysmallerorlargerateachstep(Nielsen,2015).

Commonly,thesmallderivatives multiplythenewderivativesand makethemsmallerasthe

back-propagationisperformedlosingtheinformationoftheerror madebythefirstlayers.

Thisproblemisknownasthevanishinggradientand makesDeepNeuralNetworksconverge

veryslowly(Hochreiteretal.,2001).TheReLUactivationfunctionsolvesthisissuebecauseit

makesgradientzerofornegativevalues.

Contrary,themultiplicationoflargederivativeswiththeweightsmakesthatthecostfunction

changesinlongranges. Thisproblemisknownasexplodinggradientand makesthe Deep

NeuralNetworksoscillateswithbigstepsbeforeconverging(Pascanuetal.,2013). Thisissue

issolvedtrimmingthegradientsobtainedbyeachlayerwithapredefinedthreshold(gradient

clipping).
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Inaddition,choosingthecorrectweightinitialization,optimizationandregularizationforthe

specificproblemcanpreventtheseproblems.
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Chapter3

Related Work

ThischapterdescribesthesystemsproposedforNERandREinbiomedicaltexts.Concretely,

thedescriptionofthe methods willbefocusedonthepharmacovigilancedomain. Current

attemptstoaddressthesetaskswillbepresentedtakingintoaccountthecorearchitecture

theyuse. Thus,thedescriptionofthesystemsforthetwoNLPtasksaredividedbyFeature

engineeringandDeepLearningmodels.

Moreover,theDDIExtractionSharedTaskwillbepresentedtogetherwiththedatasetofthis

task,the DDICorpus, whichwillbethebenchmarkforcomparingtheperformanceofthe

modelsandestablishingwhichonesarebetterandwhy. TheDDIExtractionSharedTaskis

composedofNERandREtasks,theDrugNameRecognition(DrugNER)andtheDrug-drug

InteractionExtraction(DDI),respectively. Attheendofthischapter,afinalremarkofthe

currenttechniquesandadiscussionaboutthemwillbepresented.

3.1 SemEval-2013 Task9: DDIExtractionShared Task

Themaingoalofthepharmacovigilanceistheearlydetectionofadversedrugreactions,which

isavitalprocessinordertopreventtheincreasingdrugsafetyincidentsaswellastheirhigh

associatedcostsfordrugagenciesandpharmaceuticalcompanies(Bondand Raehl,2006).

35



36 Chapter3. Related Work

Drug-druginteractionsarealterationsinthelevelofactivityandtheeffectsofadrugwhenan-

otherdrugisco-administrated.IEtechniquescanbeappliedtomedicalliteratureextractingthe

importantinformationaboutthedrugentitiesandtheirpossiblerelationshipsinthesentences

andreducingthetime-consumingofreviewingthesedocumentsbyhealthcareprofessionals.

NLPchallengesareusuallyorganizedtodevelopIEsysteminthebiomedicaldomainandto

provideacommonframeworkwherethedifferenttechniquescanbeevaluatedandcompared.

Concretely,the DDIExtractionSharedTask2013(Segura-Bedmaretal.,2013,2014)isthe

secondeditionoftheDDIExtractionSharedTaskseries,acommunity-wideefforttopromote

theimplementationandcomparativeassessmentofNLPtechniquesfocusedonthefieldofthe

Pharmacovigilancedomain. Thiscompetitionproposestwo mainsubtasks:therecognitionof

pharmacologicalsubstances(DrugNERtask)andthedetectionandclassificationofdrug-drug

interactions(DDItask)frombiomedicaltexts.

TheDDIExtractionSharedTaskprovidesabenchmarkdataset,theDDICorpus(Herrero-Zazo

etal.,2013),whichisa manuallyannotatedtextcollection. Thiscorpusisagoldstandard

datafortrainingandevaluatingsupervisedmachine-learningalgorithmstoextractDDIsfrom

texts. The DDI Corpuscontains233selectedabstractsabout DDIsfrom MedLine(DDI-

MedLine)aswellas792othertextsfromtheDrugBankdatabase(DDI-DrugBank)for18,502

pharmacologicalsubstancesand5,028interactions.Table3.1showsthebasicstatisticsonthe

trainingandtestdatasetsfortheDrugNERandDDItasks.

Thecreationofguidelinesguaranteedthequalityoftheannotations. Besides,theinter-

annotatoragreement(IAA) measurestheconsistencyoftwoannotators, whichisanupper

boundfortheperformanceoftheautomaticsystems. Theagreementoftheannotatorswas

veryhighforthe DDI-DrugBankdataset(91.04%fortheentitiesand83.85%fortherela-

tionships)and moderateforthe DDI-MedLine(79.62%fortheentitiesand65.13%forthe

relationships)because MedLineabstractshaveahighercomplexitythanDrugBanktextsthat

usuallyhavesimplersentences.

Therecognizeddrugsinthesentencesarecategorizedintofourdifferententitytypes. The

descriptionofeachtypeandanexampleareshownasfollows:
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Table3.1:StatisticsonthetrainingandtestdatasetfortheDDIExtractionSharedTask.

Training Testfor Testfor
DrugNER task DDI task

D
DI

-
Dr

u
g

B
a

n
k

documents 572 54 158
sentences 5675 145 973
drug 8197 180 1518
group 3206 65 626
brand 1423 53 347
drugn 103 5 21
mechanism 1260 - 279
effect 1548 - 301
advice 819 - 215
int 178 - 94

D
DI

-
M
e

d
Li

n
e

documents 142 58 33
sentences 1301 520 326
drug 1228 171 346
group 193 90 41
brand 14 6 22
drugn 401 115 119
mechanism 62 - 24
effect 152 - 62
advice 8 - 7
int 10 - 2

•drugtypedescribesthegenericnameofhumanmedicines(e.g.Penicillin).

•brandtyperepresentshuman medicinesknownbyatradeorbrandname(e.g. ERGO-

MAR).

•grouptypeincludesthegroupsofdrugs(e.g.Bacteriostaticantibiotic).

•drugntypeisanactivesubstancenotapprovedforhumanuse(e.g. Heroin).

Additionally,theDDICorpusdescribesfourdifferenttypesofDDIrelationships.Bellow,some

sentencesoftheDDICorpusillustratesthedifferenttypesofDDIs:

•mechanism:ThisDDItypedescribesapharmacokinetic(PK)mechanism(e.g. Grepafloxacin

mayinhibitthemetabolismoftheobromine).

•effect: ThisDDItyperepresentsaneffect(e.g.Inuninfectedvolunteers,46%developed

rashwhilereceivingSUSTIVAandclarithromycin)orapharmacodynamic(PD)mecha-

nism(e.g.Chlorthalidonemaypotentiatetheactionofotherantihypertensivedrugs).
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•advice: Thistypeofrelationshipincludesarecommendationoradviceaboutadrug

interaction(e.g. UROXATRALshouldnotbeusedincombinationwithotheralpha-

blockers).

•int: Thistypeofrelationshipisa DDIwithoutanyadditionalinformation(e.g. The

interactionofomeprazoleandketoconazolehasbeenestablished).

Thecorpuswassplitintothetrainingandtestdatasetsinordertoevaluatethedifferentpartic-

ipatingsystems.Thetrainingdatasetwastakenrandomlyfromaround77%ofthedocuments,

andtheremainingwasselectedforthetestdataset.ThesedocumentswereannotatedinXML

followingtheunifiedformatforPPIcorporaproposedin(Pyysaloetal.,2008)(seeFigure3.1).

(Herrero-Zazoetal.,2013)presentsadetaileddescriptionandanalysisoftheDDICorpusand

itsmethodology.

Figure3.1: ExampleofanannotateddocumentoftheDDICorpusextractedfrom(Segura-
Bedmaretal.,2014).

Figure3.2showssomeexamplesinbratformat(Stenetorpetal.,2012)ofannotatedtexts

extractedfromtheDDICorpus. Thefirstexample(A),takenfromthe MedLineDDIdataset,

describesaDDIof mechanismtypebetweenadrug(namedusingasynonymdifferentfrom

its mostcommongenericname,fomepizole)thatinhibitsthe metabolismofasubstancenot

approvedforhumans(1,3-difluoro-2-propanol).Thesecondexample(B)isalsoasentencetaken

from MedLineanddescribestheconsequenceofaDDI(effecttype)betweenestradiol(ageneric

drug)andendotoxin(asubstancenotapprovedtoforhumans)inanexperimentperformed

inanimals. Thelastexample(C)isaparagraphfromtheDDI-DrugBankdataset.Itsfirst
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sentencedescribestheconsequenceoftheinteraction(effecttype)ofadrug,denominatedby

itsbrandname(Inapsine)whenitisco-administeredwithfivedifferentgroupsofdrugs. The

thirdsentenceinCshowsarecommendationtoavoidtheseDDIs(advicetype).

Figure3.2:Someexamplesofsentencesinthe DDICorpusextractedfrom(Segura-Bedmar
etal.,2014).

Acommonevaluation metric mustbedefinedinorderto measuretheperformanceofthe

participantsystemsand makeatoprankingleaderboardfromthisofficialscore. Besides,the

performanceofeachclassindividuallyisalsomeasuredforthetwosubtasks.Takingtheright

labelsandthepredictionsgeneratedbythemodels,themeasuresappliedfortheclassification

aredefinedasfollows:

•TruePositives(TP)arethetrueinstancespredictedaspositives.

•TrueNegatives(TN)arethefalseinstancespredictedasnegatives.

•FalsePositives(FP)arethefalseinstancespredictedaspositives.

•FalseNegatives(FN)arethetrueinstancespredictedasnegatives.

•Accuracy(Acc)istheproportionoftrueresultsamongthetotalofresultscalculatedas

Equation3.1.

Acc=
TP+TN

TP+TN+FP+FN
(3.1)

•Precision(P)istheproportionoftruepositivesamongthetotalofpredictedaspositives

calculatedasEquation3.2.

P=
TP

TP+FP
(3.2)
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•Recall(R)istheproportionoftruepositivesamongthetotaloftrueinstancescalculated

asEquation3.3.

R=
TP

TP+FN
(3.3)

•F-measure(F1)istheharmonicmeanofprecisionandrecallcalculatedasEquation3.4.

F1=2
R∗P

R+P
(3.4)

Concretely,theofficialscorefortheDrugNERtaskistheStrictevaluation,whichincludesthe

recognized mentionswiththesameboundariesandclass.Inthecaseofthe DDIExtraction

subtask,theevaluation metrics mustscoretheabilityofthe modelsfordetectingthepossible

interactionsbetweendrugsandtheclasstheybelong. Todoso,the Micro-Averageischosen

astheofficialscorewhosemetricsarecalculatedgloballyaddingtheindividualstatisticsofall

theclasses(TP,FP,FN).

3.2 State-of-the-artforNamedEntityRecognitioninthe

biomedicaldomain

ThissectionshowstherelatedworksfortheDrugNERtaskoftheDDIExtractionSharedTask

withadescriptionoftheproposedsystemsandtheresultsobtainedandtheconclusionsofthe

study. Firstly,the methodsbasedonfeatureengineeringaredescribedafterwards,theDeep

Learningsystemsarepresented.

3.2.1 FeatureEngineeringsystems

The winnersystemofthe DrugNERsubtaskof DDIExtractionShared Task2013 wasthe

systemof(Rockẗascheletal.,2013). The modelusesaCRFwithgeneraldomainfeatures,

whichwasappliedto manyother NERtasks(Klingeretal.,2008;Linand Wu,2009;Sha

andPereira,2003). However,theauthorsconcludethataddingspecificdomainfeaturescan
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improvetheresults. Firstly,theauthorscreateanindependent-domainfeaturesetcollected

from(Klingeretal.,2008;LeamanandGonzalez,2008;Settles,2005).Inaddition,thefour

precedingtokens,thefourfollowingtokensandtheappearanceofupper-casecharactersin

thesentenceareextractedtocomposethegeneralfeaturesetforthefirstrun. Secondly,a

domain-specificfeaturesetthatcontainsinformationfromtheChemSpotsystem(Rockẗaschel

etal.,2012),Jochemdictionary(Hettneetal.,2009),PHARE(Couletetal.,2011)andChEBI

(de Matosetal.,2010)ontologiesisaddedtotheprevioussetforthesecondrun. 10-fold

cross-validationisperformedfortrainingtheCRFmodelwiththeDrugNERdataset. Athird

systemistrainedusingthebestfeaturesgivenbycross-validationthatcontainsthedatasetsof

theDrugNERandDDIsubtasks. Theperformanceoftheconfigurationwiththeselectionof

featuresgivenbythecross-validationreaches71.5%inF-measure.Themainconclusionofthis

workisthatdefiningaspecificdomainfeaturesetextractedfromhealthresourcesandadding

ittoageneralpurposefeaturesetboosttheperformanceintheDrugNERtask.

Thesystemof(Liu,Tang,Chen, WangandFan,2015)uses8typesofmanuallydefinedfeatures

withaCRFforthe DrugNERtask. Thefeaturesetincludesthewords,POStags,chunks,

orthographical,affixes(prefixesandsuffixesoflengthsof3,4and5),wordshapes(generalized

andbriefwordclass),dictionaryfrequencies(usingDugBank,Drugs@FDAandJochem)and

wordembeddings. This methodisthefirst CRF modelthattakesthe wordembeddingof

eachwordinthesentenceasthefeaturesfortheextractionofdrugentities. Theskip-gram

modelof Word2vectoolistrainedover MedLineabstractinordertoextracta50-dimensional

vectorrepresentationofeachword. Afterthat,ak-means modelperformstheclusteringin

400semanticclassesofthesevectorstobeusedasthefeatures. Experimentswithdifferent

featuresconcludethatusingacombinationwithpairsoffeaturesobtains78.37%inF-measure

andusingthefeatureselectionreachesto79.36%,whichchoosesthebestfeaturesubsetofthe

conjunctions. Concretelythebestfeatureselection methodisgivenbytheInformationGain

methodwhenthenumberoffeaturesisreducedto40%(from294782to117913).Theauthors

provideresultsforthewholeDDICorpusdividedbytypeofentitiesobtainingastate-of-the-

artperformanceof79.36%inF-measurefortheclassificationofdrugentities. However,the

performanceoftheirsystemoneachdatasetofthecorpusisunknownandwhetherthissystem



42 Chapter3. Related Work

canovercomethesystemof(Rockẗascheletal.,2013)onthe MedLinedataset.

Theauthorsof(Liu,Tang,Chen, WangandFan,2015)presentedaworkofthesamearchi-

tecturewithoutusingthefeatureselection(Liu,Tang,Chenand Wang,2015). Thearticle

presentstheperformanceof89.7%and68.25%inF-measureforthedatasetsofDrugBankand

MedLine,respectively. Despitebeingalaterwork,thereisnonoveltyinthissystem.Themain

ideaoftheworkof(Zengetal.,2016)istoextenddrugdictionarieswithasemi-supervised

learningtechniqueinordertoenrichthedictionaryfeaturesusedfortheclassificationofdrug

entitieswithaCRF.Forthisend,aCRFwithfeaturesextractedfromthewords,suchas

POStags,affixes,affixesthatappearinthedictionary,one-worddrugname,wordshape,word

embeddingas(Liu,Tang,Chen, WangandFan,2015)andtheenlargeddictionariesofDrug-

Bank,Drugs@FDAandJochemperformstheclassificationofnamedentitiesinDrugNERof

DDIExtractionSharedTask. Thesystemreaches89.26inF-measureusingtheexternalfea-

tures,addingthedictionaryfeaturesandthewordembeddingfeature. However,itisnotclear

iftheresultsaregivenonlyinthetypeofentityDrug becausethesystemperformshigher

thanthe(Liu,Tang,Chen, WangandFan,2015)system,whichincludesthesamefeatureset

withthesameclassifier. Aproofofthisisthatthecomparisontableusedintheirstudyfor

theresultsof(Liu,Tang,Chen, WangandFan,2015)and(Rockẗascheletal.,2013)arethe

sameastheyindividuallyreportedfortheDrug type. Thus,itisnotpossibletoclaimthat

thissystemisthestate-of-the-artinDrugNER.

3.2.2 DeepLearningsystems

Theauthorsof(Sadikinetal.,2016)proposethreedifferentdatarepresentationtakingthe

informationaboutthedistributionandsimilaritiesofthewordembeddings. Then,eachdata

representationisevaluatedwithan MLP,andthreedifferentdeeplearningtechniques Deep

BeliefNetwork(DBN),StackedAutoEncoder(SAE)andRNN-LSTM.Thisarticleisthefirst

workthatusesdeeplearningtechniquesfortheDrugNERtask. Allthearchitecturesuseword

embeddingsfrom Word2vecusingCBOWinacontextwindowlength5andavectordimension

100. TheLSTMisbetterthanthe MLP, DBNorSAEsystemsforextractingdrugnames
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andhas78.59%and94.3%inF-measureover MedLineandDrugBankdatasets,respectively.

However,theauthorsclaimthattheyonlyextractthetypesofDrug andDrugntoevaluate

theexperiments,wherebytheresultsareonlygivenfortheDrug type. Thefinalresultsare

measuredwiththeaverageofthe MedLineandDrugBankwhichisnotafaircomparisonwith

therestofstate-of-the-arttechniques.

Thepaper(Chalapathyetal.,2016)explorestheuseofthreeRNNsarchitecturesforthetask

ofdrugnamerecognition,Elmannetwork(Elman,1990),Jordannetwork(Jordan,1997)anda

bidirectionalRNNwithLSTMcellstogetherwithaCRFclassifier(Lampleetal.,2016).This

isthefirstworkthatappliedtheRNN modeltothewholecorpusofDDIgivingtheresults

foreachdrugtypeinDrugBankand MedLine.Theauthorssplitthedatasetusing30%ofthe

trainingsetforvalidationandfine-tuningthehyper-parametersofthenetworksforobtaining

thenumberofhiddenlayersnodes25,50,100,thecontextwindowsize1,3,5,thedimension

oftheembeddings50,100,300,500,1000andthedropoutratesampledfromanuniform

distributionwithintherange[0.05,0.1]. Earlystoppingcriteriaover100epochswasusedto

determinatethebestperforming modelonthevalidationset. ThebidirectionalLSTM-CRF

issignificantlybetterthantheothertwoRNN modelsobtaining52.75%inF-measureforthe

MedLinedatasetand85.19%forthe DrugBankset. Theresultsforbothdatasetsarevery

closetothetaskwinnersystemintheDrugNERTask(Rockẗascheletal.,2013)withoutthe

externalknowledgeandrandomembeddinginitialization.

Thesystemproposedin(Zengetal.,2017)definesthecharacterembeddingsofeachword

togetherwiththewordembeddingsfortheDrugNERtask. Concretely,abidirectionalRNN

withLSTMextractsavectorrepresentationofthewordstakingtheircharactersastheinput

ofthenetwork.Firstly,thesystemtakeseachsentenceanddivideseachwordintocharacters.

ThesecharactersaretheinputofabidirectionalLSTMwhosefinalcomputedvectorsofboth

directionsareconcatenatedtoformthecharlevelrepresentationoftheword(seeFigure3.3a).

Theauthorscollectacharactersetthatconsistsof26upperandlowercaseletters,10numbers

and33punctuation. Then,theimputofthebidirectionalLSTMistheconcatenationofthe

characterembeddingsofeach wordandthe wordembeddings. Finally,theoutputofthe

bidirectionalLSTMistheinputforaCRFclassificationlayerinordertoidentifythosetokens
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whicharedrugsandclassifytheirtypes(seeFigure3.3b). Theperformanceofthe model

obtains79.26%inF-measurebeinghigherthanthe winnersysteminthe DrugNER Task

(Rockẗascheletal.,2013). However,theauthorsdonotprovideresultsfor DrugBankand

MedLineindividually.

(a) Characterembeddingrepresentationofthe
word”acid”. (b)BidirectionalLSTMwithaCRFclassifier.

Figure3.3:AbidirectionalLSTMwithwordandcharacterembeddingwithaCRFclassification
layer.Imagesextractedfrom(Zengetal.,2017).

Theperformanceofthe modelobtains79.26%inF-measurebeinghigherthanthe winner

systemintheDrugNERTask(Rockẗascheletal.,2013). However,theauthorsdonotprovide

resultsforDrugBankand MedLineindividually.

Themodeldescribedin(Unanueetal.,2017)isanextensionoftheworkof(Chalapathyetal.,

2016). ApartfromabasicbidirectionalLSTM-CRF,theauthorsexploretheuseofaCRF

andanLSTMwithaSoftmaxclassificationlayerincorporatingcharacterrepresentationlearnt

byabidirectionalLSTMappliedtoeachword. Figure3.3representsthewholeframeworkof

thebidirectionalLSTM-CRF.Thissystemconcatenatesthewordembeddingandacharacter

embeddingrepresentedbythetwooutputvectorsofabidirectionalLSTM model. Asword

features,thewordembeddingmodelistrainedusingGloveoverthegeneralpurposecorpus,the

CommonCrawl(cc)(Penningtonetal.,2014). Additionally,the modelisextendedwiththe

concatenationofccwiththehealthdomaindataset MIMIC-IIIembeddings(cc/mimic)(John-

sonetal.,2016).Furthermore,theinputembeddingofthemodelincorporatesmorphological,

semanticandclusteringfeaturesofthewordsgivinga146-dimensionalvector(features).
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Figure3.4: ThedrugnamesdetectionsystemusingabidirectionalLSTM-CRFandcharacter
embeddinginformationlearntbyabidirectionalLSTM.Imageextractedfrom(Unanueetal.,
2017).

TheexperimentalresultssuggestthatthebidirectionalLSTM-CRFmodeloutperformstheoth-

ersbeing60.66%and88.38%itsperformanceinF-measure MedLineandDrugBankdatasets,

respectively.Itseemsthataddingthefeaturesdonotimprovetheresults. Moreover,theuse

oftheextendedmodelwith MIMICembeddingincreasestheresultsoftheLSTMmodels.Fur-

thermore,itisbettertoaggregatecharacterembeddingsthanonlyusingthewordembeddings.

Contraryto(Chalapathyetal.,2016),the modeldoesnotperformaconcatenationofthe

wordembeddingsinawindowofthecontext. Besides,theauthorstestthepre-trainedword

embeddingmodelsovergeneralandspecificdomaincorpus,andtheyevaluatetheperformance

ofaggregatingthecharacterembeddings. Consequentially,thesechangesimprovetheresults

inthetaskofclassifyingdrugnameentities.

3.3 State-of-the-artforRelationExtractioninthebiomed-

icaldomain

Thissectionshowstherelated worksforthe DDItaskofthe DDIExtractionShared Task

withadescriptionoftheproposedsystemsandtheresultsobtainedandtheconclusionsof

thestudy. Firstly,the methodsbasedonfeatureengineeringaredescribedafterwards,the
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DeepLearningsystemssuchasConvolutionalNeuralNetworks, RecurrentNeuralNetworks

andHybridNetworksarepresented.

3.3.1 FeatureEngineeringsystems

Thewinnersystemofthe DDIsubtaskof DDIExtractionSharedTask2013wasthe model

of(ChowdhuryandLavelli,2013b). Theauthorscreateatwo-stagesystemforrecognizing

andclassifyingdrug-druginteractioninbiomedicaldocuments. The mainideasaretotake

thescopenegationcuesandthesemanticrolesinformationinordertodiscardthenegative

instances,andtousetwoSVMmodelswithahybridkernelthatperformstherecognitionand

theclassificationsub-sequentially.

Asapreprocessingstep,thesentencesaretokenized,taggedandparsedusingtheCharniak-

Johnsonparser(CharniakandJohnson,2005) withabiomedicalparsing modelfrom(Mc-

Closkyetal.,2010). Furthermore,thesyntacticdependenciesareextractedfromtheparse

tree withtheStanfordparser(Manningetal.,2014). Firstly,thescopeofnegationdis-

cardsthelessinformativesentences(LIS)andthesemanticroles,andcontextualevidence

discardsthelessinformativeinstances(LII).Secondly,ahybridkernel, whichisdefinedas

KHybrid(R1,R2)=KHF(R1,R2)+KSL(R1,R2)+w∗KPET(R1,R2),determinestherepresen-

tationofarelationbetweenentities. ThiskerneliscomposedbyafeaturebasedkernelKHF

from(ChowdhuryandLavelli,2013a),theShallowLinguistickernelKSLfrom(Giulianoetal.,

2006),andthePath-enclosedTreekernelKPET from(Moschitti,2004)wherewisaweight

thatassignstheinformationtakenfromthiskernel. The modelcomputestheSVM-Light-TK

toolkit(Joachims,1999)inordertoobtainthekernel.Then,cross-validationof5-foldtunesthe

SVMhyper-parametersforperformingthedetectionoftheinteractionsbetweendrugs.Finally,

fourseparateonevsallSVMrecongnizesandclassifieseachdrugrelationship.

Thesystemoutperformstheotherparticipantsinthe DDIExtractionTask(Segura-Bedmar

etal.,2014)obtaining65.1%inF-measure. Theworkshowsthatthe multi-phaseREsystem

performingtheidentificationandclassificationofDDIswithdifferenttrainedmodelovercomes
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thesinglestepsystems. Moreover,theproposedhybridkernelisveryusefulforthisspecific

task.

The workof(Kimetal.,2015)exploresthedetectionandclassificationof DDIs withtwo

SVMswithlinearkernelfunctions.Forthisend,arichsetoffeaturesaredesignedtocapture

thelexicalandsyntacticinformationofthesentences. Additionally,the modelsimplement

theone-vs-onestrategyfortheclassificationofDDIs,whichisveryeffectivefordealingwith

imbalanceddatasets.

Inthefirststep,apreprocessingphaseisperformedovertheDDIcollectionthatinvolvessen-

tencesegmentation,tokenization,POStaggingandsyntacticparsingthatgeneratesconstituent

parsestreeanddependencygraphs. Aspartofthepreprocessing,numbersarereplacedtothe

tag”NUM”,andthedrug mentionsareanonymizedtoensuregeneralizationfothefeatures

usingacommonnameforthetwotargetdrugs,”DRUG”,andanothernamefortherestof

thenameddrugsinthesentence,”DRUGOTHER”.Furthermore,someinstancesareremoved

whetherthetwotargetdrugsrefertothesamenameandthedetaileddescriptionsentences

whereadrugisnamedfollowedbyacolonandadescription,inthiscasestheleftpartofthe

colonisremoved.Thefeaturesusedfortherepresentationofeachinteractionare Wordfeature,

Wordpairfeature,Dependencygraphfeature,ParsetreefeatureandNounphrase-constrained

coordinationfeature.

AnSVMclassifierwithalinearkernelperformstherecognitionofdrugpairsthatinteract

takingthesetoffeaturesforeachinstance.Sub-sequentially,thepairsdetectedareclassified

byamulti-classSVMwithone-against-onestrategy. Contrarytotheone-against-allstrategy

whereaclassiscomparedwiththeremainingclasses,one-against-onestrategycomparesonly

twoclassesandthepredictedclassisdeterminedbya majorityvotingofalltheclassifiers.

One-against-onestrategyproducesbetterperformanceinthefewerrepresentativeclassesthan

theone-against-allstrategyobtaining67%intheclassificationofDDIs,whichishigherthan

thewinneroftheDDIExtractionSharedTask(ChowdhuryandLavelli,2013b). Theauthors

concludethatthelinearkernelwiththerichfeaturesetisenoughtoperformthedetection

andclassificationofdrug-druginteractionandtheuseofone-against-onestrategysolvesthe
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imbalancedproblemsofthisdataset.

Thesystemof(Zhengetal.,2016)createsanewtypeofnonlinearkernel,calledcontextvector

graphkernel. Thisgraphkernelextractsthesurroundinginformationofeachtokeninthe

dependencygraphandthelinearsequenceofthesentences.

Atfirststep,thetextsarecleanedandnormalizedfilteringoutsomenegativeinstanceslike

relationshipsthatinvolvethesameentityname,replacingthe multi-tokenentitiesbyasingle

tokenandnumbersto”NUM”. Moreover,thetargetdrugsarereplacedto”DRUG1”and

”DRUG2”,andtheremainingentity mentionsto”DRUG0”. Oncethesentencesareprepro-

cessed,twographsrepresentationsextractthecontextsofeachtokenindifferentdistances. On

theonehand,theStanfordparsergivesthedependencysubgraph0fthesentenceandthePOS

tagsofthewords. Theedgesintheshortestpathbetweentheinteractingdrugsareweighted

to0.9andtheremainingedgesaresetto0.3. Ontheotherhand,thesequentialorderofthe

wordsandtheirPOStagsinthesentencearetakenasalinearsubgraph. Thethreeedges

fromthethreeprevioustokensof”DRUG1”untilthethreefollowingtokensof”DRUG2”are

weightedto0.9,andtheremainingaresetto0.3. Aftertakingthesesubgraphs,agraphkernel

basedonthecontextofeachnodeiscomputedbasedonthesimilarityofeachgraph. This

similarityisthesumoftheweightsofallpathsofcontextvectorpairsofalllayers.

TwoSVMswiththecomputedkernelsperformsthedetectionandtheclassificationof DDI

sentences,whicharetrainedby5-foldcross-validationtoadjusttheparameterofthe models.

Theperformanceofthismodelreaches68.4%inF-measurefortheclassificationofDDIs.The

contextualinformationextractedfromtheproposedkernelbasedongraphsis moreeffective

thantheperformanceofpreviouskernelapproaches.

Theauthorsof(RaihaniandLaachfoubi,2016)defineatwo-stagesystemthatfirstly,performs

thedetectionusinganSVMwithlexicalfeatures,correctionpatternsandtriggerwords,and

secondly,performstheclassificationwithmultipleone-vs-allSVMwhichworksequentiallyand

takethelexicalfeaturesofthesentenceasinput.

Thissystemproposesthreeenhancementswithrespecttothesystemof(Buietal.,2014)for
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thedetectionofthe DDIs. Atitlecorrectionpreprocessingisdefinedwithrulestoidentify

correctlythesentencesstructuresthatinvolvethedefinitionofdrugsas(Kimetal.,2015).In

addition,203newtriggerwordsareaddedtothepreviouslistincreasingto501thenumberof

triggerwords.Finally,thedefinitionofnewfeatureshelpstocapturemoreinformationabout

possibledruginteractions. Unigramsandbigramsoflemmatizedtokensandgrammaticaltags

areextractedasfeatures.Inaddition,somefeaturesareaddedifanydependencytypedescribes

anegation,ifapathexistsbetweentheinteractingdrugsandifthetargetdrugsbelongtothe

samecoordinatestructure.

Byanalysingthespeciallexicalfieldcomparingaclasswithotherclasses,theauthorssuggeststo

buildthreesubsequentone-vs-allclassifiersfortheclassificationofeachdetectedDDI:Advice-

vs-allSVMwithRBFkernel,Mechanism-vs-(Effect+Int) SVMwithlinearkernelandEffect-

vs-IntSVMwithlinearkernel(System1).Inaddition,afourthInt-vs-allSVMclassifierwith

linearkernelseparatestheIntclassatthebeginninginordertohavehighprecisioninthisclass

(System2).

Theresultssuggestthatthesubsequentarchitectures(System1andSystem2)arebetterthan

the multi-classSVM modelandthattheperformanceofthehighprecisionclassifieratthe

beginningofthearchitectureobtainsbetterresultswith71.14%inF-measure.

Thesystemproposedin(RaihaniandLaachfoubi,2017)isanadaptationoftheirpreviouswork

(RaihaniandLaachfoubi,2016). The maindifferenceisthattheauthorscreateanewsetof

featuresforthedetectionofsentencesinvolvingdruginteractions.

Thepreprocessingoftextsisverysimilartotheprevioussystem,butthetwointeractingdrugs

arereplacedtothestring”ARG”inthedrugblindingstep. Comparedtothepreviouswork,

thissystemdefinesadifferentfeaturesettakingtheunigramsandbigramsofthelemmatized

tokensandthe main-verbwiththepositioninformation,thesurroundingwordsofeachdrug

mention,andthen-gramswindows.Inaddition,somefeaturesareaddedifanydependency

typedescribesanegationandifthetargetdrugsareinthesamechunk.

The DDIclassificationisacascadeofone-against-allSVMclassifierswhichisthesamear-
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chitecturedefinedin(RaihaniandLaachfoubi,2016). Theexperimentalresultsshowthatthe

richfeaturesetdefinedbythisworkoutperformstheprevioussystembasedonkernels. The

two-stage methodreaches71.79% whichisstate-of-the-artforthesetechniquesinthe DDI

classificationtask.

TheworksforextractionofDDIsonlyexploittheinformationaboutdruginteractionsinthe

sentencelevel. However,somedrugsintheDDIsentences,suchasbrandednameorgeneric

name,appearfrequentlyandtheirinformationisveryvaluableforothersentences. Forthis

reason,thestudypresentedin(Tuetal.,2017)takescorpus-levelfeaturestoperformthe

classificationintheDDICorpus.

Theproposedsysteminvolvesadrugnamenormalizationandthecalculationofoddsratio,

whichisthenumberofoccurrencesofadrugdividedbythetimesthisdruginteractswith

otherdrugs. Fortheclassificaitonstep,5SVMclassifiers with RBFkernelincludesbasic

featurestogetherwithtemplatefeautesfromtheoddsratiocalculation. A majorityvotingof

theclassifieroutputsgivesthefinalclassprediction.

ThismodelachievesanF-measureof65.3%intheclassificationsubtaskandisbetterthanthe

winnersystemoftheDDIExtrationTask(ChowdhuryandLavelli,2013b). Theworkshows

thatthecorpus-levelfeaturesareimportantandcouldbeappliedforfutureworks,butthe

experimentalresultsarequitefarfromthestate-of-the-artresultsonthistask.

3.3.2 Convolutional Neural Networksystems

Theauthorsof(Liu,Tang,Chenand Wang,2016)exploreaConvolutionalNeuralNetworks

(Lecunetal.,1998)for DDIExtractionTask, whichconsistsoffourlayers:alook-uptable

layer,aconvolutionallayer,amaxpoolinglayer,andaSoftmaxlayer.

Thesentencesofthecorpusaretokenized,convertedtolower-caseandpreprocessedusing

drugblinding,whichreplacesmentionsbylabels. Additionally,paddingtokensareaddeduntil

reachthemaximallengthoftokensgivenbythelongestsentenceinthecorpus.Furthermore,

anegativeinstancefilteringdiscardsthenon-interactingdrugpairsinthecasesthattwodrugs
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havethesamename,onedrugistheabbreviationoracronymoftheother,twodrugsappear

inthesamecoordinatestructurethathas morethantwodrugsaselementsoronedrugisa

specialcaseofanotherone.

Afterthepreprocessingphase,thelook-uptablegeneratestherepresentationoftheDDIin-

stancesconcatenatingthewordembeddingsandtwopositionembeddingswhichdescribesthe

distanceswithrespecttoeachdrugofinterest.Intheconvolutionallayer,thematrixofaDDI

sentencegeneratesfeaturesinacontextwindowofkwordswithfiltersofdifferentsize.Then,

thesefiltersgenerateafeaturevectorinallthecontextwindows.Inthe maxpoolinglayer,

themaximumvalueofthefeaturesforeachfiltercreatesthenewvectoroffeatures.Thus,the

dimensionalityofthevectorisreducedtothelengthoffilters.

Afterwards,intheSoftmaxclassificationlayer,eachfeatureisselectedrandomlywithaBernoulli

probabilityinorderpreventover-fittingduringthetrainingphase. Oncethetraininghasfin-

ished,thefeaturevectorofthe maxpoolinglayerisfeddirectlytotheSoftmaxlayerwithout

dropoutinthetestphase.

The modelobtains65.00%withoutpositionembeddingsandnegativeinstancefiltering. The

architecturethataggregatesbothtechniquesachievesa69.75%inF-measure.Thisworkdemon-

stratesthatDeepLearningtechniquescanoutperformfeatureengineeringsystemlikeSVMfor

DDIExtractionTask.

ThemajorlimitationofCNNisthelackofgoodrepresentationinlong-distancedependencies

forDDIinstances. Thecaptureofthisrepresentationishelpfulforagoodperformancewhere

theinteractionhaslongdistancesbetweenthedrugsinthesentence.Toovercomethisproblem,

theworkof(Liu,Chen,ChenandTang,2016)proposesaDependency-basedConvolutional

Neural Network(DCNN)toimprovethe CNN modelusingconvolutionoperationoverthe

dependencyparsetreeoftheDDIinstances.

Thesamepreprocessingof(Liu,Tang,Chenand Wang,2016)isdefinedincludingthepadding

ofthesentences,thedrugblinding,thenegativeinstancefilteringandthepositionembedding.

ThetokenizerofNLTK(Bird,2006)performsthedependencyparsetreeofasentence,then
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theCharniak-JohnsonParser(Charniak,2000)generatestheconstituentparsetreeandthen

thePyStandfordDependenciesoftheStanford CoreNLP(Manningetal.,2014)createsthe

dependencyparsetreefromtheconstituentparsetree.

Thesystemisbasedontheirpreviouswork(Liu,Tang,Chenand Wang,2016),whereaCNN

withpre-trainedwordembeddingclassifiestheDDIsentences. Besides,threeparallelconvo-

lutionallayersaredefinedinthis modelregardingtheconcatenationofthewordembeddings.

Thefirstoperationtakestheembeddingsofthekadjacentwordsinthesamewayas(Liu,

Tang,Chenand Wang,2016),thesecondoperationtakestheembeddingsofthewordandtheir

aancestornodesinthedependencyparsetreeandthirdoperationtakestheembeddingsof

theword,theirancestorandtheirbsiblingnodesinthedependencyparsetree.Incasethe

numberofancestorsandsiblingsarelessthanthesizeofthewindow,the modelappendsto

theconcatenationthewordsROOT andSIBLINGrespectivelyuntilfillingthewindow.

ThedependencyparserproduceswrongtreesforlongDDIinstanceswhichaffectstheresultsin

performance. Toovercomethisproblem,theauthorsalsoproposeacombined methodtaking

theoutputsofCNNandDCNN.TheCNNclassifiesthesentenceslongerthan30words,while

theDCNNclassifiesthesentencesshorterthanthisthreshold. TheresultsshowthatDCNN

obtains70.19%inF-measureand70.81%forthecombinationsystem.

In(Zhaoetal.,2016),theauthorscreateasystemcalledSyntaxConvolutionalNeuralNetwork

(SCNN).Inthisarticle,anewsyntaxwordembeddingisproposedtocapturethesyntactic

informationoftheDDIsentences.

Thewordembeddingsofthepreviousworksarebasedonthesurroundingwordsinthelinear

orderofthesentence. Therefore,theseembeddingsignorethesyntacticinformationofthe

words. Forthatreason,theauthorsof(Zhaoetal.,2016)proposetopre-trainthe word

embeddingswiththe Word2vectool(Mikolov,Sutskever,Chen,CorradoandDean,2013)of

the wordsintheshortestpathfromthedependencyparsetree(SDP)givenfortheEnju

parser(MiyaoandTsujii,2008). Thus,thesyntaxwordembeddingcapturesthesyntactic

structureofthesentenceinashortsyntaxwordsequence.Theprocessesofthismodelincludea

negativeinstancefiltering,abiomedicaltokenizer(JiangandZhai,2007),andatransformation
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ofnumbersregardingiftheyareintegersordecimals.

FeatureextractionphasegeneratestwokindsofrepresentationforeachDDIsentence.Firstly,

aCNNwith max-poolingcomputesanoutputvectorwiththeconcatenationofsyntaxword

embeddings,therelativedistancesofeach word withrespecttothetwointeractingdrugs

andPOStagembeddingfromEnjuparser. Additionally,ahiddenlayergeneratesthefinal

vectorfortherepresentationofthe DDIsentence. Secondly,asinglehiddenlayercreates

otherrepresentationtakingtheconcatenationofthesyntaxvectorsgivenbythetwotarget

drugnames,theirpredicatewords,theirsurroundingwords,thepredicateoftheirsurrounding

words,thewordsintheSDPandtheirdependenciestypes.Finally,theserepresentationsare

concatenatedtobeclassifiedbyaSoftmaxlayer. Furthermore,theauthorscomparetheone-

stageclassification,whichonlyperformsthedetectionandclassificationofdruginteractions

withoneclassifier,andthetwo-stageclassification,whichperformsthetwosubtaskswithtwo

classifiers.

Theexperimentalresultsshowthatmodelsreach67%and68.6%inF-measureusingtheSCNN

withtheone-stage methodandtheSCNNwiththetwo-stage method,respectively. Despite

thesecomplexmethods,themodeldoesnotreachtheperformanceofasimpleCNNlikein(Liu,

Tang,Chenand Wang,2016).However,thisarticleshowsthatatwo-stageclassificationmethod

improvestheresultsagainstaone-stageclassification methodintheDDICorpusbecauseof

theirimbalancedinstances.

Theworkof(Quanetal.,2016)proposesaCNNmodelthattakesmultiplechannelsforrepre-

sentingeachwordinthesentences(MCCNN).Basedontheideaofaddingthethreeparallel

channelsoftheimage(RGB)totheirclassificationwithCNNs,thesystemintegratesmultiple

wordembeddingsfromdifferentsourcestoincreasethesemanticinformationofeachword.

FivedifferentwordembeddingmodelsareextractedusingthearticlesofPubMed,PMC, Med-

Line,and Wikipediafrom(Pyysaloetal.,2013)andanotherwordembeddingusing MedLine

withCBOWmodel.Figure3.5showstheCNNarchitectureforthefivechannels.

Liketheprevious worksthe modelusesanegativeinstancefilteringstepandreplacesthe
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Figure3.5: The MultichannelCNNarchitecturewithfivedifferentwordembedding.Image
extractedfrom(Quanetal.,2016).

twotargetentitiesandtheremainingentitieswith”Entity1”,”Entity2”and”EntityOther”,

respectively. The MCCNNsystemwiththefivechannelsprovidesanF-measureof70.21%,

a10%higherthantherandomlyinitialized wordembeddings. This modelobtainsagood

performance withoutthepositionembeddingsorsyntacticinformationlikeintheprevious

works(Liu,Chen,ChenandTang,2016;Liu,Tang,Chenand Wang,2016;Zhaoetal.,2016).

Somepreviousworksapplytheattention mechanismwith RNN,buttheperformancewith

CNNhasnotbeenexploredfortheDDIExtractionTask. Similarlyto(Wang,Cao,de Melo

andLiu,2016a),theauthorsof(Asadaetal.,2017)applyaninputattentionmechanismtothe

representationoftheembeddingsfortheDDIsentencesbeforeaCNNmodel.

ThewholesystemisabasicCNN,withembeddinglayer,convolutionlayer, max-poolingand

classificationlayer. Textsarepreprocessedwithdrugblindingtoreplacesthe mentionsbya

predefinedname. The modelpre-trainsthewordembeddingswithSkip-gramusingPubMed

articles.Incontrasttopreviousworks(Liu,Chen,ChenandTang,2016;Liu,Tang,Chenand

Wang,2016;Quanetal.,2016;Zhaoetal.,2016),theembeddingrepresentationistransformed

byanattention mechanismbeforetheconvolutionaloperation.Inthiscase,eachwordinthe
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sentencereceivesanattentionweightsbasedonthetwotargetdrugentityembeddings{e1,e2},

whichare

αi=
αi,1+αi,2

2
+bα where,αi,j=






Softmax(βi,j), if i/∈{e1,e2}

adrug, otherwise

(3.5)

βi,jisthedot multiplicationofthewordembeddingsiandj,adrugisanattentionparameter

fortheentitiesandbα isthebiasterm. Afterthat,eachwordembeddingismultipliedbytheir

correspondingattentionweightgivenbyαandfedtotheconvolutionallayer(seeFigure3.6).

Figure3.6: Theproposed modelofCNNwithaninputattentionappliedtothewordembed-
dings.Imageextractedfrom(Asadaetal.,2017).

Additionally,theauthorsdefinetwodifferentobjectivefunctionsforgeneratingthepredictions,

thetraditionalSoftmaxlayerandtheranking-basedproposedby(dosSantosetal.,2015).

TherankingCNNishigherthantheSoftmaxCNNwith69.12%and67.94%inF-measure,

respectively. Thissystemisverycompetitivetothestate-of-the-art-techniqueswithoutthe

negativeinstancefiltering.Concretely,thispreprocessingmethodcouldincreasetheresultsfor

thismodelintheclassificationofDDIsentences.

FewworksarefocusedondeeparchitectureswithmultiplelayersfortheDDIExtractionTask,

suchas(Huangetal.,2017; Kavuluruetal.,2017;Rajetal.,2017). Theseauthorsexplore
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theadditionoftwoorthreelayersinordertogeneratethevectorrepresentationofthecur-

rentsentence. However,theauthorsof(Dewietal.,2017)proposeadeeparchitectureof10

CNNlayerstogetherwithmultichannelwordembeddings(DeepCNN)inordertolearnhigher

abstractionrepresentationfortheDDIinstancesthanpreviousworks.

Firstly,thesentencesareconvertedtolower-case,drugblindedandnegativeinstancefiltered.

Five-wordembeddingsareincludedinthe modelastherepresentationofeachword, which

includesPMC,PubMed,PMCandPubMed, WikipediaandPubMed, Medline.Then,aCNN

withamax-poolinglayergeneratesavectorforafixedwindowlengthfromtheseembeddings.

Alltheresultingvectorsforthedifferentwindowsizesareconcatenatingasa matrixtobe

theinputforanewCNNwitha max-poolinglayer. TheSoftmaxlayertransformsthelast

matrixintoavectorwhichrepresentstheprobabilityofeachDDIclassforthecurrentinstance.

Figure3.7showsanoverviewofthemodelforonechannelandonewindowsize.

Figure3.7:ThedeeparchitectureofaCNN,wherethefiltersareconcatenatedtobetheinput
ofasecondCNNlayer.Imageextractedfrom(Dewietal.,2017).

Thestudyconcludesthat10layerswithdropoutreach86.27%, whichishighlysuperiorto

thestate-of-the-arttechniques. Thisworkshowsthatadding morelayerstogenerate more

abstractionforDDIinstancesboosttheperformancefortheirclassification.

ApartfromthefeaturevectorgeneratedbyDeepLearningmodels,externalknowledgecanbe

addedbeforetheclassificationlayertoextendthevectorinformationrepresentingeachDDI

sentence.Theauthorsof(Asadaetal.,2018)proposetotakethemoleculargraphstructureof
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thetwointeractingdrugsintoaGraphConvolutionalNetwork(GCN)inordertoencodetheir

internalchemicalcompoundsinformation.

Inordertotransformthe molecularstructureinformationintoavector,twokindsof GCN

areproposed: CNNsforfingerprints(NFP)(Duvenaudetal.,2015)andGatedGraphNeural

Networks(GGNN)(Lietal.,2015).Furthermore,aninteractionpairsdatasetiscreatedfrom

DrugBankfortrainingthese methods. Figure3.8showsthe moleculargraphstructuresof

a DrugBankentrygiventhetransformationtotheRDKit(Landrum,2013)oftheSMILES

encoding(Weininger,1988).TheresultingvectorisfedtoafullyconnectedlayerandaSoftmax

layerwhichpredictsiftwodrugsinteractfromtheirmolecularstructureinformation.

Figure3.8: Extractingthe moleculargraphstructuresfromthe DrugBankentries. Image
extractedfrom(Asadaetal.,2018).

Figure3.9showsanoverviewoftheproposed model. Firstly,sentencesarepreprocessedby

thedrugblindingandaretokenizedby Geniatagger(Tsuruokaetal.,2005). Eachwordis

describedbyitswordembeddingspre-trainedwith Word2vecon MedLinearticlesandposition

embeddings,whoseconcatenationisfedtoaCNN.The max-poolingoperationisappliedto

theresulting matrixtogetherwiththeGCNoutput. Then,afullyconnectedlayeraggregates

moreabstractiontotherepresentationofthisvector.Finally,aSoftmaxlayerpredictsaDDI

classtakingthefullyconnectedoutput.

NFC methodobtains72.21%, while GGNNobtains72.55%,bothinF-measure, whichare

betterthanonlytakingthetextinformation. The molecularstructureinformationhasshown
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Figure3.9: Thearchitectureofthe Graph Convolutional Network. Imageextractedfrom
(Asadaetal.,2018).

veryvaluableandusefulintheDDIclassificationthatshouldbeincludedinfutureworks.The

mainimprovementofthissystemistoreachastate-of-the-arttechniqueusingasinglelayerof

convolutionwithoutnegativeinstancefiltering.

TheTurkuEventExtractionSystem(TEES)(Bj̈orneetal.,2014)isaframeworkforrelation

andeventextractionforthebiomedicaldomain.Thissystemrepresentstheentitiesandevent

triggersasnodesandrelationsandeventargumentsasedgesinagraph.Forthisend,themodel

includesapipelineoffourclassificationtasks,namedentitydetection,relationshipdetection

ofthedetectedentities,unmergingofoverlappingentitiesandthe modifierdetectionsuchas

speculationornegation.Intheoriginalmodel,amulti-classSVMperformstheclassificationof

eachpahse.Theworkof(Bj̈orneandSalakoski,2018)proposesanextensionofTEESreplacing

theSVMclassifiersbytheCNNarchitecture.

ThefourCNNclassifiershavethesamearchitecture(seeFigure3.10).Theinputofthemodelis

composedbythewordembeddings,POStagembeddings,entitytypeembeddings,distancesto

thetokensofinterest,relativelocationsinthesentence(Before, MiddleorAfter),dependency

pathtypeembeddings,SDPsequencewordsandeventargument.Firstly,sentencesarecentred

withpaddingfrombothsides. Later,thewordsofthesentencearetransformedintovectors
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of200-dimensionalfromthewordembeddingsconcatenatedwith8-dimensionalforeachem-

beddinggivenbyPOStag,entitytypeandposition. Afterthat,fourconvolutionlayersof512

filtersareappliedwithfiltersizesof1,3,5and7givingavectorofsize2048. A max-pooling

layerreducestheresulting matrixoffeaturestoavector. Additionally,adenselayerof400

neuronsisbuilttothisvectorbeforetheSoftmaxclassificationlayer.

Figure3.10: TurkuEventExtractionSystemimplementedwithCNNclassifiers.Imageex-
tractedfrom(Bj̈orneandSalakoski,2018).

Theauthorsevaluatethesystemon12differentNER,REandeventextractionsharedtasks

corporaincludingthe DDI Corpus. Theimplementationofthe TEES with CNNsobtains

68%and73.51%inF-measureforDrugNERTaskandDDIExtractionTask,respectively.This

systemachievesthestate-of-the-artresultsonseveralcorporaandhighperformanceforthe

DDIExtractionTask.

Similarlyto(Dewietal.,2017),thesystemof(Sunetal.,2018)explorestheadditionofmultiple

layersforaCNNmodelinordertoclassifytheDDIsentences(DDNet).Followingtheideaof

deeparchitecturesinthefieldofcomputervision,theoutputofaconvolutionoperationisthe

inputofthenextlayer.
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Theauthorsofthemodelincludeapreprocessingofdrugblindingandconverttolower-casethe

sentencesfromtheDDICorpus. Thewordembeddingsarepre-trainedwith300dimensions

using Glove wheretheunknown wordsareinitializedasanall-zerovector. The matrices

thatrepresentthe DDIsentencesaccordingtotheembeddingsoftheir wordsarefedinto

ahierarchicalCNNwithconvolutionalblocksappliedsequentially. Aconvolutionalblockis

composedbyaconvolutionallayerappliedtotheinputwithanactivationlayerandabatch

normalizationlayerthatscalestheinputsandacceleratethetrainingofthenetwork. Then,

aSoftmaxlayerperformstheclassificationofthesentencesovera max-poolinglayerapplied

tothelastconvolutionalblock.Figure3.11representsthecompleteframeworkfortheDDNet

system.

Figure3.11: ThewholesystemoftheDDNetwithconvolutionalblocksappliedsequentially.
Imageextractedfrom(Sunetal.,2018).

Thenetworkwith16layersofdepthobtainsthebestperformancewithanF-measureof84.5%in

theclassificationofDDIsentences.Thisstudyand(Dewietal.,2017)validatesthatincreasing

thenumberoflayersusedsequentiallyintheclassificationnetworksovercomestheperformances

oftheshallowDeepLearningtechniques.
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3.3.3 Recurrent Neural Networksystems

Theworkof(EbrahimiandDou,2015)demonstratesthatusingdependencyparseinsteadof

constituencyparseinaRecursiveNeuralNetwork(RecNN)model(Socher,Lin,Ngand Man-

ning,2011)improvestheperformanceandreducesthetrainingtimeforthetaskofrelation

classification. The mainhypothesisisthatdependencygraphscangivea morecompactrep-

resentationoftherelationship. Thearchitectureisa modificationofaRecNNtoincorporate

dependencygraph(DG)nodeswherearelationshipbetweenentitieshasauniquecommonan-

cestor.Thus,thischainistransformedintoabinarytreestructureandcanapplycompositions

onthewordsthatbelongtotheshortestpathbetweenentities.InFigure3.12a,thesentence

”Thechildwascarefullywrappedintothecradle”,whichcontainsarelationshipbetweenthe

entitieschildandcradle,istransformedintoaDG.

(a)
(b)

(c)

Figure3.12: TheDirectedAcyclicGraphrepresentationforthedependencygraphofthesen-
tence”Thechildwascarefullywrappedintothecradle”in(a):thetreebasedchain RNN
(C-RNN)in(b)andthe DAGbasedchainRNN(DC-RNN)in(c).Imagesextractedfrom
(EbrahimiandDou,2015).

Tothisend,twomodelsareproposedwithafixedstructureaswellasamodelwithapredicted

treestructure. The modelswithafixedstructurearebuiltwithtwoDirectedAcyclicGraph

(DAG)structuresbyheuristics,accordingtothetreatmentofawordwithtwodependencies.

Therepresentationofthiswordisincludedinonecomposition,tree-basedchainRNN(C-RNN)

(seeFigure3.12b),ortwocompositionsandthensumtheirresults,DAGbasedchainRNN(DC-

RNN)(seeFigure3.12b). Moreover,aRecursiveAutoencoders(RAE)(Socher,Pennington,

Huang,Ngand Manning,2011)predictsthebesttreestructureofthechain(C-RNN-RAE).

Forallthemodels,someinternalfeaturesareaddedtotheclassificationlayer:thedepthofthe
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tree,thedistancebetweenentities,contextwordsandthetypeofdependencies. Theauthors

evaluatethesystemsfortheDDIExtractionTaskwhereC-RNNobtainsa68.64%inF-measure

versus67.68%obtainedby MV-RNN.

Theworkof(SahuandAnand,2018)proposesthreedifferent modelswithRNNs(Rumelhart

etal.,1986)basedonLSTMandexplorestheuseoftheattentionpooling. UnlikeCNN,RNN

capturestheinformationofdatainsequencesreceivingtheoutputofthepreviouscomputation

ineachstep. Concretely,LSTMcellsdeal withthelongdependenciesdefininga memory

mechanism.

Asapreprocessing, Geniataggertool(Tsuruokaetal.,2005)isperformedtotokenizethe

sentences,alldigitsarereplacedwithaspecialtoken,andalllettersareconvertedtolower-

case. Moreover,thedrugblindingprocesstotransformthedrugnamesintocommonnames

andasimilarnegativeinstancefilteringisdefinedasinthepreviousworks.Later,thesystem

createsalayerwiththewordembeddingsandthepositionembeddingstodescribeeachwordin

aDDIsentence. Then,abidirectionalLSTMlayer(Bi-LSTM)extractsavectorineachword

takingthetwodirectionsofthesentence,forwardandbackward. The modelsimplifiesthis

setofresultingvectorswithapoolinglayer.Theauthorsevaluatetwodifferentpoolinglayers:

thetraditionalmax-poolinglayer(Figure3.13adescribesthemodelB-LSTM),whichtakesthe

maximumvalueofeachfeaturedimension,andanovelattentivepooling,whichhasaparallel

NNtotakeaweightedlinearcombinationofthefeaturevectors(Figure3.13bdescribesthe

modelAB-LSTM).ThefinalvectorisfedtoaSoftmaxlayertogenerateapredictionofaDDI

class.Furthermore,themodelJointAB-LSTMconsistsoftwoparallelarchitecturesusingthe

twokindsofpoolingandconcatenatingtheoutputsfortheclassificationlayer(Figure3.13c).

Fortheexperiments,wordembeddingsarepre-trainedwithGloVemethod(Penningtonetal.,

2014)onPubMedarticles(THetal.,2015)withalengthof100.Thedimensionoftheposition

embeddingsaresetto10andarerandomlyinitialized.Theexperimentalresultsshowsthatthe

joint modelperformsbetterthanthewinnersystemintheDDIExtractionTask(Chowdhury

andLavelli,2013b)witha71.48%inF-measure,concludingthatattention modelsshouldbe

beneficialfortheDDIExtractionTask.
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Figure3.13:TheRNNwithLSTMcellsarchitectureswithmax-poolingandattentivepooling.
Imageextractedfrom(SahuandAnand,2018).

Attention modelshaveshowngoodperformanceinRelationExtractiontaskssuchas(Wang,

Cao,de MeloandLiu,2016b;Zhouetal.,2016). Concretely,theworkof(Linetal.,2016)

proposesaselectiveattentionlayeroverinstanceswhichexploitstheinformationofallsentences

thatsharethesameentitypair. Basedonthiswork,theauthorsof(Yietal.,2017)propose

thesameattentionmechanismappliedtotheDDIExtractionTask.

Figure3.14showsanoverviewoftheproposedmodel.Firstly,eachwordoftheDDIinstances

arerepresentedbytheirpre-trainedwordembeddingswith GloVe(Penningtonetal.,2014)

andthepositionembeddings. Then,theseembeddingsarefedtoabidirectionalRNNwith

GRUcellstogeneratetherepresentationofeachwordwiththeadditionoftheforwardandthe

backwardoutputvectors. Afterthat,anattentive-poolinglayerisappliedtocreatethebest

linearcombinationoftheresultingGRUoutputs. Anotherattentionlayerisappliedtocapture

thefeaturesofsentencesthathavethesamedrugpair.Finally,aSoftmaxclassifiercalculates



64 Chapter3. Related Work

theprobabilityofeachclassforthecurrentDDIinstance.

Figure3.14:ThebidirectionalRNNmodelproposedwithmultipleattentions.Imageextracted
from(Linetal.,2016).

Theexperimentalresultspresentedforthismodelreachto72.2%inF-measure. However,the

predictionresultspresentedinaconfusionmatrixfromthearticleobtains67,58%inF-measure

withmicro-average,whicharefewerthanotherstate-of-the-arttechniques.

Theworkof(Zhengetal.,2017)appliestheinputattentionmechanismoverwordembeddings

ofanRNNwithLSTMcellsfortheDDIExtractionTask. Thesystemisverysimilartothe

modelof(Asadaetal.,2017),buttheyconcatenatethepositionembeddingsandPOStag

embeddingaftertheperformingoftheattentionmechanism.

ThesystemperformsabasicpreprocessingoftheDDIsentenceswhichinclude:drugentity

blinding,replacingeachdigitstringwithaspecialtokenandremovingbracketcharacters.Two

patternsaredefinedtosolvetheco-referenceresolution,whichcontributestodecreasingthe

numberofFalseNegatives. Besides,thesentencesareprunedtoafixedinputlengthlonger

thanthe maximalseparationbetweendrugs,exceptthetextbetweenthem,inordertoavoid

theredundantinformation.Shortersentencesarepaddedwithaspecialtokenuntilfillingthis
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length.

Afterthepreprocessing,allthewordsintheprunedsentencesarerepresentedbytheirword

embeddings,positionembeddingsandPOStagembeddingsobtainedwithStanfordParser.In

ordertodeterminewhichwordsarethemostrepresentativefortheDDIrelationship,themodel

appliesaninputattentionmechanismtothewordembeddingsmatrixcalculatedas

αi=
αi,1+αi,2

2
(3.6)

whereαi,j= Softmax(score(uwi
,uej

))beinguwi
anduej

thewordembeddingsoftheword

wiandthetargetentitydrugej,respectively. However,theattentionparameterforentities

andthebiastermarenotusedinthisarticlelikein(Asadaetal.,2017). Theoutputofthe

attentionlayerismultipliedtothewordembeddingvectorandisconcatenatedtotheposition

embeddingsandPOStagembeddingswhicharetheinputoftheneuralarchitecture.

ThemodeldefinesabidirectionalRNNwithLSTMcellstogeneratetwovectorsattheendof

theforwardandthebackwarddirections.Finally,aSoftmaxlayergeneratesapredictionofa

DDIclasswiththeconcatenationofthevectors(seeFigure3.15). Thepoolinglayerinthis

systemisavoidedforcalculatingthevectorrepresentationofeachsentence.

Fortheexperiments,wordembeddingsarepre-trainedusing Word2vecwithacorpusobtained

fromPubMed. Furthermore,POStagembeddingsarealsopre-trainedusing Word2vecwith

theDDICorpus,whilepositionembeddingsarerandomlyinitialized.Theexperimentalresults

suggestthattheco-referenceresolutionrulesandtheprunedsentencesincreasetheresults.

Comparedwithotherworks,this modelreaches77.3%inF-measurebeingthehighestperfor-

manceinthestate-of-the-artfortheDDIExtractionTaskapplyingtheattentionmechanisms.

Thesystemof(Wangetal.,2017)integratesthedependencyparsetreegeneratedwithStanford

ParseofthesentencesintoanRNNtoperformtheclassificationofDDIinstances.Theauthors

proposethreechannelsforthe model:thelinearchannel, whichtakesthesequenceofthe

sentence,the DFSchannel,whichgoesthroughthedependencyparsetreeusingthe Depth

FirstSearchalgorithm,theBFSchannel,whichgoesthroughthedependencyparsetreeusing
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Figure3.15: TheoverallsystemofabidirectionalRNNwithLSTMandaninputattention.
Imageextractedfrom(Zhengetal.,2017).

theBreadthFirstSearchalgorithm.

Theembeddinglayerappliesthewordembeddingsrandomlyinitialized(DLSTM1)orthesyn-

taxwordembeddingbasedon Word2vecbytheSkip-gramalgorithm(DLSTM2)foreachword

inthesequence.Inaddition,thelinearchannelconcatenatesthepositionembeddingsofeach

word,whiletheembeddinglayeroftheDFSandBFSchannelsconcatenatetwodistanceem-

beddingsthatrepresentthedifferencesbetweenthedistancetotherootandthedistancesto

thetargetdrugentitiesofthecurrentword. Similarly,to(Zhaoetal.,2016),theposition

andthedistanceembeddings,arerepresentedbyaten-bitbinaryvector. Eachchannelhasa

separatedbidirectionalRNNwithLSTMcellswhichtakestheembeddinglayerasinput. The

resultingvectorsofthetwodirectionsRNNsareaveragedinsteadofconcatenatingthem.Then,

a max-poolinglayerisappliedtotheaveragingoutputstobuildthevectorrepresentationof

eachchannel. ASoftmaxlayerpredictsthe DDIclassfromtheconcatenationofthethree

channelsoutputs.Figure3.16illustratestheframeworkofthemodel.

Duetotheimbalanceddataset,atrainingsetsamplingisperformedtoincreasethenumberof
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Figure3.16:TheframeworkofthethreechannelsbidirectionalLSTMmodel.Imageextracted
from(Wangetal.,2017).

instancesfortheclassIntanddecreasetheinstancesfortheclassNone. Fundamentalsam-

plingtechniquestothisendaretheRandomunder-samplingandtheRandomover-sampling,

whichtakeafixednumberofsampleschosenrandomlyinthesetsanddiscardorrepeatthem,

respectively. Additionally,thepreprocessingstepincludesdrugblindingandnegativeinstance

filteringasinpreviousworks. Thedimensionforwordembeddingsis100,forthedistance

embeddingsis10andforthehiddenlayerintheRNNis300. Thepercentageschosenforthe

Randomunder-samplingis50%andfortheRandomover-samplingis50%.

DLSTM1 obtains72%, while DLSTM2 obtains71.37%inF-measureshowingthatrandom

wordembeddingsarebetterthansyntax wordembeddings. Theexperimentalresultsalso

showthatthesamplingtechniquesareveryeffectiveoverDDICorpusduetoitsimbalanced

nature. Moreover,averagingtheoutputsofthebidirectionalRNNwithLSTMcellsisbetter

thanconcatenatingthem.Furthermore,DFSandBFSchannelsincreasetheresultsalmost3%

points,showingthatthedependencyinformationisalsovaluablefortheDDIExtractionTask.

Thearticle(Jiangetal.,2017)proposesamethodtodefinethestructureoftheDDIinstances,
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whichisintegratedwithanLSTMcalledSkeleton-LSTM.Fourkindof”bones”aredefinedfor

eachwordinthesentence:redbone(R)whetherthetokenisatargetdrug,bluebone(B)for

wordsbetweentheinteractingdrugs,greenbone(G)forsurroundingwordsofthetwodrugsof

theDDI,andblue-greenbone(BG)whicharethesurroundingwordsbetweentheinteracting

drugs.

Each wordisembeddedinarealvaluevectorusing Word2vec. Theconcatenationofthe

positionembeddingsandthe”bone”embeddingscreatestheskeletonembeddingsx
(skeleton)
t

ofthe wordt. Thus,an RNN withLSTMcellscomputestheconcatenationofthe word

embedding,thehiddenlayeroutputofthepreviousword,andtheoutputofaskeletongate

definedasSt=g(W Sx
(skeleton)
t +bS).Figure3.17showsanexampleofthesystem.

Figure3.17: TheskeletonstructureincludedintoanRNNwithLSTMcells.Imageextracted
from(Jiangetal.,2017).

Thissystemperforms71.4%inF-measureusingasimpleRNNwithLSTMcellsdefiningan

embeddingthatdefinesthestructureofeachDDIsentence.

Mostofthepreviousworkstakethewordembeddingsastherepresentationofeachwordin

thesentence. However,modelscouldexploitlowerlevelinformationprovidedbythecharacters

ofeachword. Thus,theauthorsof(Kavuluruetal.,2017)investigatetheeffectsofanRNN

thattakestheinformationfromthecharacterlevel(Char-RNN)fortheDDIExtractionTask.

Besides,theyproposeabootstrapping methodtoaverage multiple modelsandincreasetheir

performancejointly.

Textsarepreprocessedconvertingalltheletterintolower-caseandperformingthedrugblinding.

Moreover,thesentencesaretokenizedandrepresentedasasequenceofwords. Thesentences
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arezeropaddedtothelongestsentenceinthedataset. Twodifferentembeddingsaredefined

torepresenteachword,thewordembeddingandthecharacterembedding. Thewordembed-

dingsarepre-trainedusing Word2vecwith MedLinecitations,while128ASCIIcharactersare

transformedintoavector,andthentheyarefedtoasimpleRNNwithLSTMcellsinorderto

createthevectortakingtheoutputofthelastcharacter. Additionally,apositionembedding

isconcatenatedtothefinalvector. Afterthat,abidirectionalRNNwithLSTMcellsanda

max-poolinglayergeneratethevectorthatrepresentsthesentence. Finally,aSoftmaxlayer

performstheclassification(seeFigure3.18).

Figure3.18: CharandwordembeddingsastheinputofabidirectionalLSTMlayerforthe
classificationinaDDItype.Imageextractedfrom(Kavuluruetal.,2017).

Additionally,topreventthe modelreachesalocal minimum,10,000ensemblesof10 models

(5ofeachgroup)arechosenfrom20 RNN with wordembeddingsand20 RNN withchar

embeddingstrainedwithdifferentparameterinitializationwith10%ofthetrainingsetasthe

validationset.

Theensemblemethodwithnegativeinstancefilteringobtainsthebestperformancewith72.13%

inF-measure. Thisarticleisthefirstworkthatexploresthecharacter-levelinformationand

theaggregationofmultiplemodelsknowledgefortheclassificationintheDDIsentences.Fur-

thermore,itdemonstratedthat128charactersembeddingsareenoughtorepresentthewords

andreachasimilarperformanceofstate-of-the-arttechniques. Moreover,anotherconclusion

isthatensemblemethodsshouldbeconsideredtoincreasetheresultsintheDDICorpus.

Thearticle(Zhang,Zheng,Lin, Wang, Yangand Dumontier,2018)describesa modelthat
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integratesthesentencesanditsSDPsequencetoahierarchicalRNNwithaninputattention

mechanism. Similarlyto(XiaoandLiu,2016),thesentenceisdividedintofiveparts:the

subsequenceofwordsbeforethefirstdrugtarget(S0),thefirsttargetdrugname(e1),the

subsequenceofwordsbetweenthetargetdrugs(S1),thesecondtargetdrugname(e2),and

thesubsequenceofwordsaftertheseconddrugtarget(S2).

Figure3.19presentstheoverallsystemarchitectureofthehierarchical modelproposed. Each

wordinthesentenceisrepresentedbyitswordembeddingstrainedonPubMedabstractswith

Word2vec,POStagembeddingsandpositionembeddings.ThePOStagsoftheentitiesareset

toNoun,andthewordembeddingformulti-wordentitiesisthemeanofthewordembeddings

ofalltheirwords. The modelgetsthedependencyparsetreeandthePOStagsequenceof

thesentencefromtheStanfordparser. Afterthat,aninputattention mechanismtransforms

therepresentationoftheentiresentenceandtheirSDP.Then,theresultingwordembeddings

withattentioninthesentenceisdividedintothefiveparts,wherethethreesubsequencesand

theSDPsequencearefedtofourdifferentbidirectionalRNNlayers.Theconcatenationofthe

twodirectionsoutputvectorsoftheRNNcreatesthevectorrepresentationofthesequences.

AnotherbidirectionalRNNisappliedtotheoutputvectorsofS0,thewordembeddingofe1,

S1,thewordembeddingofe2,S2andSDPsequence. Thetwodirectionsoutputvectorsof

thisRNNareconcatenatedandfedtoaSoftmaxclassificationlayertogenerateaprediction.

Theauthorsperformexperiments withdifferent RNNarchitecturessuchassimple,LSTM

andGRU.ThehierarchicalbidirectionalRNNwithLSTMappliedtotheSDPsequenceand

thesentencewiththeattentionmechanismobtainsaperformanceof72.9%inF-measure.The

resultsofthemodelsconcludethatSDPcontributesvaluablesyntacticinformationandreduces

thecomplexityofthesentence.

MostoftheworksfortheDDIExtractionTaskarefocusedonDeepLearningtechniques,con-

cretelyintwoofthem,RNNandCNN.RecNNmodelsarelessusedduetothedifficultiesofthe

parsersforcapturingtheinformationinbiomedicalsentences. However,theauthorsof(Lim

etal.,2018)developasystembasedontheparsetreestructureoftheinstanceswithLSTM

cellsandperformanensemblemethodtoimprovetheperformanceintheDDIExtractionTask.
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Figure3.19: TheoverviewofthesystemtakingtheSDPandthefivepartsofthesentences
dividedbythetwoentities.Imageextractedfrom(Zhang,Zheng,Lin, Wang,YangandDu-
montier,2018).

Firstly,thesentencesaretokenized,filteredoutsomenegativeinstancesandreplacedentities

withdrugblinding,andnumberswiththespecialtoken”#”.Inaddition,theBiomedicalEntity

SearchTool(BEST)(Leeetal.,2016)findsallentitieswithoutannotationinthesentences.

TheStanfordParsergetsthebinarizedconstituencyparsetree,whichisthestructureofthe

modelforeachsentence. Wordembeddingsarepre-trainedusing Word2vecofgensimtool

(̌Reh̊ǔrekandSojka,2010)withPubMed-and-PMC-w2vdatasetfrom(Pyysaloetal.,2013).

ThearchitectureofthemodelisbasedontheChild-SumTree-LSTMfrom(Taietal.,2015)(see

Figure3.20).Concretely,ifanodeisnotaleaf,itswordrepresentationisrandomlyinitialized,

otherwiseitswordembeddingistaken. EachnodeinthetreestructurecomputesanLSTM

cellforthetwochildren,andtheiroutputsarecombinedinthenextnode. Finally,theDDI

classpredictionisgeneratedbyaSoftmaxlayerthattakestheresultingvectoroftherootin
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eachtree.Similarlytothe modelof(Zhaoetal.,2016),positionembeddingsareabitvector

regardingsomepositionranges.Inaddition,asubtreecontainmentfeatureisdefined,which

indicateswhetherthecurrentnodecontainsatargetdruginitssubtree. Thismodelisatwo-

stage method,whichusestwoclassifiersforthedetectionandclassificationsub-sequentially,

andasaone-stagemethod,whichusesoneclassifierforbothtasks.Furthermore,anensemble

methodgeneratesapredictionaggregatingtheoutputprobabilitiesof10 modelstrainedwith

differentinitialization.

Figure3.20:IllustrationofthetreearchitectureofRNNwithLSTMcells.Imageextracted
from(Limetal.,2018).

TheexperimentalresultsreporttheF-measurefortheone-stagemethodusingasinglemodel,

71.7%,andtheensemble model,73.5%,andforthetwo-stage methodusingasingle model,

71.4%,andtheensemblemodel,72.7%.Thisarticleconfirmesthattheensemblemodeloutper-

formsthesinglemodelbecauseitpreventstoreachinalocalminimum. However,contraryto

previousstudies(ChowdhuryandLavelli,2013b;Huangetal.,2017;Kimetal.,2015;Raihani

andLaachfoubi,2016,2017;Zhaoetal.,2016),theone-stage methodforthisarchitectureis

betterthanthetwosystemsforthetwotasks. TheTree-LSTMdoesnotseemtobebetter

thantheRNNwithLSTMcellsfortheDDICorpus.

Positionembeddingsandtheinputattention mechanismincreasetheresultsin mostofthe

previousarticlesonDDICorpus. Forthisreason,the modeldescribedin(Zhouetal.,2018)

isthefirstworkthatcombinestheattention mechanismoverthepositionembeddingsand
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theoutputsofabidirectionalRNNwithLSTMcells. Furthermore,thesystemperformsthe

detectionandtheclassificationofDDIclasseswithtwoparallelsclassificationlayers. Thus,a

multi-tasklearningframeworkislearnedatthesametimeinordertotakeinter-tasksknowledge.

Textsarepreprocessedwithdrugblindingandnegativeinstancefiltering. Wordembeddings

pre-trainedusing Word2vecwithPubMedandpositionembeddingsdefinethevectorrepresen-

tationofeachwordinaDDIsentence. AbidirectionalLSTMisappliedtothesevectors,and

theconcatenationofthelastvectorsinthetwodirectionsaretakenasthefeaturevectorofthe

sentence. Anattention mechanismperformsaweightedcombinationofallthehiddenstates

andthepositionembedding.TwoSoftmaxlayersperformsthedetectionandtheclassification

separatelyovertheresultingvectortogetherwiththeRNNrepresentation.Figure3.21shows

thecompletesystemforaDDIinstance.

Figure3.21: Overviewofthe wholeprocessfortheposition-aware multi-taskbidirectional
LSTM.Imageextractedfrom(Zhouetal.,2018).

Theexperimentalresultsofthreevariantsofthemodel,theposition-awareattentionmechanism

(P-BLSTM),themulti-tasklearning(M-BLSTM)andthecombinationofbothtechniques(PM-

BLSTM)obtains72.25%,71.75%and72.99%inF-measure,respectively. Theposition-aware

attention mechanismandthe multi-tasklearningcontributetoincreasingtheperformance

obtaininga72.99%inF-measure.
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Therecentdeeplearningtechniquesappliedtobiomedicaltextsdonotconsiderthevaluable

informationthatontologiescontainaboutthespecificwordsinthesedocuments. Thesystem

proposedin(Lamuriasetal.,2018)integratestheknowledgeofeachentityasthesequenceof

itsancestorsfromadomain-specificontology.Concretely,theauthorsimplementanRNNwith

LSTMcellsusingwordembeddingsofeachconceptextractedfrom WordNet(Fellbaum,1998)

andChemicalEntitiesofBiologicalInterest(ChEBI)(Degtyarenkoetal.,2008).

ThearchitectureisverysimilartotheSDP-LSTM modelof(Xuetal.,2015), wherethe

informationoftheSDPsequenceareincludedintomultiplechannels,suchaswordembedding,

WordNethypernyms,POStagsandthegrammaticalrelations.Firstly,textsfromDDICorpus

aretokenizedandparsed withSpacylibrary(Explosion AI,2017). Then,thedependency

parsergivestheSDPofthesentence,andadrugblindingprocessreplacesthetargetentities

bygenericstrings. The WordNethypernymisextractedfromeachtokenintheSDPwith

thetooldevelopedin(CiaramitaandAltun,2006). Moreover,somerulesfilteroutthe most

commonnegativeinstances,suchascandidateentitieswiththesamename,candidatesthatare

enumeratedinalistwithpunctuationsbetweenthem,andthecasewherebothentitieshave

anti-positivegovernorsasin(ChowdhuryandLavelli,2013b).

Figure3.22showsthedifferentprocessesfollowedtobuildthesystemfromtheSDPsequence.

Figure3.22(A)takesthewordsembeddingof200dimensionsandFigure3.22(B)transforms

the WordNetrepresentationofeachtokenintoa50dimensionalvector. Tworepresentations

fortheChEBIancestorsareconsidered,andtheirconceptsfromtheontologyareembeddedto

a50-dimensionalvector.Figure3.22(C)representstheconcatenationoftheancestorsforthe

twotargetentityconceptsandFigure3.22(D)takesthecommonancestorsofthetwotarget

entityconcepts. AllofthemuseanRNNwithLSTMcellof200dimensionsandamax-pooling

layertoencodethevectorrepresentationoftheDDIsentence. Afterthat,adenselayerof50

unitsandaSoftmaxlayerperformsthefinalclassification.

TheexperimentalresultsdemonstratethattheadditionofChEBIancestorinformationand

WordNethypernymsincreasestheperformancefortheDDIExtractionTaskobtaininga57.49%

inF-measureagainst55.42%takingonlythewordembeddings.However,theseresultsarelower
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Figure3.22: Thesystemsproposedfortheextractionof DDIsusingBO-LSTM.Imagesex-
tractedfrom(Lamuriasetal.,2018).

thanthestate-of-the-arttechniquesthatuseanRNN.

Theauthorsin(Xuetal.,2018)proposetoaddaBiomedicalResourceConceptembeddings

intotherepresentationofeach word. Similarlytothe modelproposedin(De Vineetal.,

2014),abiomedicalresourceinformationismappedintoembeddingsusingtheSkip-grammodel

withthecollectionsof OHSUMED(MedLineabstracts)(Hershetal.,1994)and MedTrack

(clinicalpatientrecords)(Voorhees,2013), whichareconvertedto UMLSconceptsequence

with Metamap(Aronson,2001)(seeFigure3.23a).

Thepreprocessingstepincludesnegativeinstancefiltering,drugblindingandtokenization

withGeniatagger(Tsuruokaetal.,2005). Wordembeddingspre-trainedusing Word2vecwith

PubMedandPMC,andpositionembeddingsaretakentogetherwiththeconceptembedding

tocreatetheinputofabidirectionalRNNwithLSTMcells. Thetwodirectionoutputsare

thevectorrepresentationofthesentencesandareclassifiedbyaSoftmaxlayertogeneratea

prediction(seeFigure3.23b).

The modelreaches71.15%inF-measure,whichisasimilarperformanceincomparisonwith

thestate-of-the-artsystemsbeingasimpleapproach.Experimentalresultssuggestthattaking
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(a)Conceptembedding (b)BR-LSTM

Figure3.23: Theprocessofextractingtheconceptembeddingsandthearchitectureofthe
BR-LSTM.Imagesextractedfrom(Xuetal.,2018).

staticconceptembeddingscandecrease2.45%pointsinF-measureagainsttakingdynamic

conceptembeddings,buttheoptimizationspeedisfasterduetothefactthatthesevectors

havenottobeupdated.

3.3.4 Hybrid Neural Networksystems

Thepaperof(Rajetal.,2017)introducestheideaof mixingtwolayersofCNNandRNNin

sequence(CRNN)fortheDDIExtractionTask. Thisarchitectureiscreatedtoextractlocal

andglobalcontextsofthesentenceswithCNNandRNN,respectively.Followingtheirprevious

work(SahuandAnand,2018),twokindsofpoolinglayeraretested:themax-pooling(CRNN-

Max)andtheattentivepooling(CRNN-Att).

Firstly,abidirectionalRNNwithLSTMcellsisappliedtothevectorrepresentationofeach

wordinthesentence. Then,a max-poolingreducessomeoutputvectorsofthebidirectional

LSTMaccordingtoawindowsize.ThesevectorsaretheinputtoaCNN,andtheoutputsare

fedtoamax-poolingoranattentivepooling.Finally,aSoftmaxlayerclassifieseachresulting

vectorintoaDDIclass(seeFigure3.24).

Thepreprocessingissimilartotheworkof(SahuandAnand,2018),includingdrugblinding,

replacingnumberswiththetoken”NUM”andanegativeinstancefiltering. Moreover,the
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Figure3.24:ArchitecturesfortheCRNNwithmax-pooling(CRNN-Max)andattentivepooling
(CRNN-Att).Imageextractedfrom(Rajetal.,2017).

authorstraina100-dimensionalwordembeddingmodel.

Thehybridsystemwith max-pooling,CRNN-Max,obtains65.89%inF-measurebeingbetter

thantheattentivepooling, whichobtains63.24%. Furthermore,theauthorstrydifferent

initializationandupdateofthewordembeddingconcludingthattherandominitializationand

non-trainableembeddingsarebeneficialforCRNN-MaxwhilethePubMedinitializationand

trainableembeddingsarebeneficialforCRNN-Att.Themodelsshowhighperformancewithout

definingpositionembeddingswhichcanboosttheirresults.

SVMmodelshaveshowngoodresultsforthedetectionandclassificationintheDDIExtraction

Task(ChowdhuryandLavelli,2013b;Kimetal.,2015;RaihaniandLaachfoubi,2016,2017).

Currently,DeepLearningsystemsobtainthestate-of-the-artperformancefortheDDICorpus,

butfewofthemperformatwo-stage methodwheretwoclassifiersforthedetectionandthe

classificationasin(Zhaoetal.,2016).Thesystemproposedin(Huangetal.,2017)isthefirst

workthatusesaclassicalalgorithmsuchasSVMforthedetectionofDDIsinsentencesand

aDeepLearningsystemsuchasRNNfortheclassificationofthedetectedDDIs. Two-stage

methods mayoutperformthe multi-classclassifiersintheone-stage methodbecausetheDDI

typesareveryimbalanced,mostlyforthenegativeclass.

ThesetoffeaturesdefinesforthedetectionstagewiththeSVMincludestheleftandright

threewordsofthetwotargetdrugs,threepatternsthatindicatethetriggeroftherelationand

theunigramsandbigramsfromtheverbchunk,thesyntacticstructureoftheDDI. Moreover,
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someauxiliaryfeaturesaredefinedtoindicatetherealnamesorpronounsofthetargetdrugs,

iftheirnamesarethesameandiftheyareinthesamechunk.

A multi-classRNNwithLSTMcellsclassifiestheinstancesdetectedbytheSVM.Firstly,the

modelgeneratesthewordembeddings,thepositionembeddings,stemembeddings,POStag

embeddings,chunkembeddingandentityembeddingsextractingthesefeatureswiththemodel

of(Jiangetal.,2015)foreach word,andthedependencyparsetreeofthesentenceusing

GDEP(SagaeandTsujii,2007),whichistrainedontheGeniaTreebank(Kimetal.,2003).

Concretely,anon-linearfunctiontransformstherelativedistancestothetwointeractingdrugs

ineachwordintothepositionembeddingsass(d) =tanh(d/A)wheredisthedistanceto

theinteractingdrug,andAistheaveragenumberoftokensinalltheDDIsentences. Allthe

embeddingsareconcatenatedandaretheinputtothebidirectionalRNNwithLSTMcells.

Figure3.25showstheentiresystemfortheclassificationofDDIinstances,wheretheblocks‘A’

representthreecomponents:amaxoutlayer,ahighwaylayerandabidirectionalLSTMlayer.

Beforetheblock‘A’,adropoutlayerrandomlydropssomeunitsoftheinput. Aftertheblock

‘A’,a mean-poolinglayerisappliedtoalltheoutputs.Finally,aSoftmaxlayerclassifiesthis

vectorintooneoftheDDIcategories.Besides,thisworkalsoexploresadeepersystemadding

morethanonelayerwithmultiple‘A’blocks.

TheauthorsconcludethatthebidirectionalLSTMisbetterthanasingleLSTM.Besides,

theembeddingsofstem,chunkandentitydonotimprovetheresults,whiletheembeddings

oftheword,positionandPOStagsareenoughtohaveagoodperformance. Moreover,the

two-stagemethodisbetterthantheRandomover-samplingtogenerateduplicatesoftheleast

representativeclass,i.e.the”Int”class.Furthermore,thearchitecturewiththetwolayershas

ahigherperformancethanonelayeroreventhreelayers.Thus,thebestperformanceof60%in

F-measureisobtainedwiththetwo-stagemethodoftwobidirectionalRNNlayerswithLSTM

cells,whichtakestheembeddingsoftheword,relativedistancestothetwointeractingdrugs

andthePOStags.

Thisworkisthefirstoneinexploring morethanonelayerandthecombinationofSVMwith

RNN.However,thesystemonlyreportsF-measurewithmacro-averageandcannotbecompared
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Figure3.25: The modelforclassificationofDDIsentenceswhere‘A’representsablockwith
maxout,highwayandbidirectionalLSTMlayers.Imageextractedfrom(Huangetal.,2017).

withthestate-of-the-arttechniquesbecausetheyappliedtheF-measurewith micro-average,

whichistheofficialmeasureintheDDIExtractionTask2013.

Thesystemof(Zhang,Lin, Yang, Wang,Zhang,Sunand Yang,2018)proposesahybrid

modelthatcombinesRNNandCNNwiththewordsequenceandtheSDPsequenceoftheDDI

sentencesasinputs.Contraryto(Rajetal.,2017)themodelperformsthecombinationofRNN

andCNNinaparallel manner. Apartfromthedependencygraphofeachword,theStanford

Parsergetsthedependencyrelationsofeachedgeofthegraphwhichisnotfrequentlyusedfor

theneuralmodels.Thisinformationisaddedtothemodeltoobtainabetterunderstandingof

thesyntacticpartofthesentence.

Figure3.26illustratesthreeparallelnetworksdefinedforbuildingthearchitecture. Firstly,

abidirectionalRNNwithLSTMcellsthattakesthewordembeddingsandthepositionem-

beddingsofthesentenceasinput.Secondly,aCNNwiththewordembeddingsandpositions

embeddingsoftheSDPsequenceofthesentence. Thirdly,a CNN whoseinputisthede-

pendencyrelationsoftheSDPrepresentedbyadependencyrelationembeddings.Inboth
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representations,a max-poolinglayerreducesthe matricesintotheoutputvectors. Further-

more,theconcatenationofthetwodirectionalRNNoutputsandthetwomax-poolingvectors

areappliedtotwodifferentsingleNN.Thus,thefinalclassifierlayercomputestheSoftmax

operationofthetwoconcatenatedNNoutputs.

Figure3.26:Theoverviewofthesystemwiththesentence,thedependencywordandrelation
sequencesfromtheSDP.Imageextractedfrom(Zhang,Lin, Yang, Wang,Zhang,Sunand
Yang,2018).

Thehybridmodelreaches75.1%inF-measuresuggestingthattheSDPandtheirdependency

relationshipsareavaluablesourceofinformationinordertoclassifytheDDIinstances.

TheRecurrentHybridConvolutionalNeuralNetwork(RHCNN)proposedin(Sunetal.,2019)

isacombinationofanRNN,whichcapturesthesemanticembeddingofeachwordfromits

context,andtwoCNNlayers,whichbuildsthesentence-levelfeatureinordertoperformthe

classification. This methodisthefirstsystemthatappliesdilatedconvolutionsfortheDDI

Corpus. Additionally,thecross-entropylossfunctionisreplacedbythefocallossfunctionthat

ismoresuitableforimbalanceddatasets.
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Firstly,theentitiesinthesentencesaretransformedusingthedrugblindingtechnique,and

somenegativeinstancesarefilteredoutwithbasicmanually-designedrules.Twobidirectional

RNNswithLSTMcellscapturethesemanticinformationofthewordinthedatasetaccording

totheirleftcontextandrightcontext(seeFigure3.27a). Todothis,thepre-trainedword

embeddingsfrom(Pyysaloetal.,2013)areusedinthisarchitecture. Thewordembeddings

andtheembeddingsextractedfrombothcontextsareconcatenatedandfedintoasingleNeural

Network. Afterthat,aCNNappliestheconvolutionandthedilatedoperationstotheoutput

vectorofeachwordconcatenatedwithitspositionembedding.Inthis model, max-pooling

performsthedimensionalityreductionoftheresulting matrixfromtheconvolutionsfilters.

Then,anotherCNNwithmax-poolingcreatesamoreabstractivesentencerepresentation(see

Figure3.27a).Finally,aSoftmaxlayerclassifieseachvectorrepresentationinoneoftheDDI

types. Anothercontributioninthisworkistheuseofthefocallossfunction(Linetal.,2017)

fordealingwiththeimbalancedDDICorpus.

(a)TwobidirectionalRNNswithLSTMcellsfor
theleftcontextandtherightcontextofeachword.

(b)CNNwithconvolutionanddilatedoperations
togeneratethesentencerepresentation.

Figure3.27:ThearchitectureofthesystemRHCNN.Imageextractedfrom(Sunetal.,2019).

TheRHCNNresultsforthe DDIExtractionTaskreachesto75.48%inF-measurebeingthe

state-of-the-arttechniqueforhybridsystems. The methodincludesanovelextractionofthe

wordembeddingwithanRNNappliedoverthecontextofeachword,andtheuseofaCNN

combined withconvolutionanddilatedoperations. Furthermore,the workshowsthatthe

definitionofalossfunctionfortheimbalanceddatasetsimprovestheresultsontheDDICorpus.

ThesetechniquesboosttheperformancefortheclassificationsofDDIsentenceswithoutusing

externaltoolsandshouldbeexploredforfutureresearches.
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3.4 Conclusions

Thischapterpresentsthestate-of-the-arttechniquesforthetasksofDrugNERandDDIExtrac-

tion.Someconclusionscanbeextractedanalysingtheperformanceofthesystemsovertime.

Alltheparticipantsofthe DDIExtractionSharedTaskappliedsupervised machinelearning

with manuallygeneratedfeatures. Thebestresultsofthe DrugNERTaskparticipantswas

the WBIsystem(Rockẗascheletal.,2013)(StrictF-measure =71.5%), whichusesaCRF

withfeaturesgeneratedfromtheoutputofChemSpot(Rockẗascheletal.,2012),anexisting

chemicalnamedentityrecognitiontool,aswellasacollectionofdomain-specificresources.The

bestresultsoftheDDIExtractionTaskparticipantswastheFBK-irstsystem(Chowdhuryand

Lavelli,2013b)(Micro-averageF-measure =65.1%),whichdesignsatwo-stageclassification

systemusingtwoSVMsbasedonahybridkernelcomposedbyafeature-basedkernel,shallow

linguistickernelandthePath-enclosedTreekernel.

Ingeneral,theresultsonthe DDI-DrugBankdatasetarebetterthanthoseobtainedonthe

DDI-MedLinedatasetforbothsubtasks. The mainreasonisthatthe MedLinedatasethas

alowersizeandgreatercomplexityintheirtextsthanDrugBankdataset. Anotherreasonis

thatDrugBanktextsinvolvedescriptionsofdrugsandtheirinteractions,whilethemaintopic

of MedLinetextsdoesnotnecessarilyinvolveDDIs.

Currently,DeepLearningmodelshavebeensuccessfullyappliedfortheDrugNERandDDIEx-

tractiontasksobtainingthebestperformancewith79.36%(Unanueetal.,2017)and86.27%

(Dewietal.,2017)inF-measure,respectively. These methodsnotonlyreachtheclassical

machinelearningmethods,buttheyoutperformthem.Besides,DeepLearningtechniquesau-

tomaticallydefinethefeaturestobeused,andnoexpertknowledgeinaspecificdomainis

required. Thearchitecturesusuallyonlytakethewordembeddingsofthewordsasinputto

generateapredictionofthesentences. Oneofthe mainconclusionsisthatthepre-trained

wordembeddingwithspecificdomaincollectionsperformsbetterthantherandomlyinitialized

embeddingsinmostoftherelatedworks.

Table3.2, Table3.3, Table3.4and Table3.5showthecompilationofallthe modelsthat
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werebuiltfortheDDIExtractionTaskusingFeatureEngineering,ConvolutionalNeuralNet-

work,RecurrentNeuralNetworkandHybridNeuralNetwork,respectively. Entityblinding,

negativeinstancefilteringandpositionembeddingsarecommonlyadoptedforthebestDDI

systemsbecauseithasbeentestedthatincreasetheresultsforRelationExtractionarchitec-

tures. Moreover,the modelsthatperformthedetectionandtheclassificationintwo-stages

havebetterperformancethantheone-stage models. Generally,thetwo-stagesystemsinthe

firststepfilterthenegativeinstancesagainstallthepositiveinstancesbeingmorebalancedin

thenumberofsamplesandreducingthenumberofFPandFNforthesecondstep. Onthe

contrary,mostofDeepLearningmodelspresentedperformtheclassificationofDDIsentences

inone-stagebecausethey mustbeabletocreatetherightfeaturesforitsdetectionandclas-

sification.ItisnotclearwhichkindofDeepNeuralNetworkisbetter,butthebestsystem

onDDIExtractionTask(Dewietal.,2017)showsthathavingdeeperarchitecturesofneural

modelsincreasestheirperformance.Furthermore,thecombinationofhybridneuralmodelsand

theensembleofsystemsusuallyoutperformthebasicconfigurations. Concretely,the models

thataggregatedifferentlinguisticinformationasembeddingsimprovetheirperformance.
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Chapter4

Biomedical Named Recognitionusing

WordEmbeddings

Thischapterdescribesa machinelearning-basedapproachthatuseswordembeddingasfea-

turestorecognizenamedentitiesfrombiomedicaltexts. Asastartingpoint,abaselinesystem

isdevelopedbasedonCRFtrainedwithstandardfeaturesusedinNERsystems(Laffertyetal.,

2001;Liand McCallum,2003;ShaandPereira,2003).Then,thesystemwasextendedtoincor-

poratenewfeatures,suchaswordvectorsandwordclustersgeneratedbythe Word2vectool.

Additionally,alexiconfeaturefromtheDINTOontology1(Herrero-Zazoetal.,2015)orfrom

theDNormtool(Leamanetal.,2013)isaggregateddependingonthetask.The Word2vectool

istrainedovertwodifferentcorpora: Wikipediaand MedLine. Thissectionstudiestheeffec-

tivenessofusingwordembeddingsasfeaturestoimproveperformanceonthebaselinesystem,

aswellastoanalysewhetherthedescribedlexiconfeaturescouldbeavaluablecomplementary

datasourceintegratedintoamachinelearningNERsystemproposedin(Segura-Bedmaretal.,

2015a;Segura-Bedmaretal.,2015b;Súarez-Paniaguaetal.,2015). Toevaluatethisapproach

andcompareitwithpreviousworks,aseriesofexperimentsareconductedontheDDICorpus

(Herrero-Zazoetal.,2013),theChemicalEntity MentioninPatents(CEMP)subtaskofthe

BioCreativeVChemicalCompoundandDrugNameRecognition(CHEMDNER)patentstask

1http://www.obofoundry.org/cgi-bin/detail.cgi?id=DINTO
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(Krallinger,Leitner,Rabal,Vazquez, OyarzabalandValencia,2015)andtheDiseaseNamed

EntityRecognitionandNormalizationsubtaskoftheBioCreativeVChemical-DiseaseRelation

(CDR)task(Weietal.,2015).

4.1 Introduction

Analogueaudioandimagedatacanbedigitalizedandprocessedbycomputerfrompixelinten-

sitiesandvoltagechanges,respectively.Contrarytotheseprocessingsystems,naturallanguage

andmoreconcretelywordsdonothavehigh-dimensionalrepresentationencodedintoavector.

Typically,thewordsarerepresentedasanindexinlargevocabulary,butthisrepresentation

lacksinformationabouttherelationshipsbetweenwords.

Thebasicrepresentationofwordsaretheone-hot-encodingvectors. Thesearevectorswitha

lengthofthevocabularyfilledwithzerosexceptintheindexofthewordthatfireswhichis

one. Thisdiscreterepresentationofwords makesvectorspacewithhighdimensionalityand

verysparsesufferingthecurseofdimensionality(Bellmanetal.,1957),i.e.statistical models

needavastamountofsamplesthatrepresentthedifferentvaluesofallthedimensionsin

thedatasetfortraining(Trunk,1979). Forthisreason,itisdesirabletohaveadensevector

representationwithalowdimensionalitysizeforeachwordthatbelongstoaconcretemeaning

inthesemanticspace(Bengioetal.,2003).

Wordembeddingistherepresentationof wordsintoarealvaluevector withrespecttoa

semanticspace. Thesevectorspace modelsarebuiltaccordingtothecontextinwhereeach

wordappearsbasedontheideaofdistributionalhypothesis(Harris,1954a)whichstatesthat

lexicalitemswithsimilardistributionshavesimilarmeanings.

Takingthisidea,the Word2vecmodel(Mikolov,Chen,CorradoandDean,2013)wasthefirst

systemthatusesaneuralnetworktoencodethemeaningofawordintoavector(auto-encoder)

accordingtothecontextitappears.Twoarchitectureswereproposedtoproduceadistributed

representationofwordsin Word2vecmodel. Thecontinuousbag-of-words(CBOW)(Mikolov,

Chen,CorradoandDean,2013)takesawindowofthesurroundingwordsandusestheword
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asthelabeltolearnitsprojectioninthespace(seeFigure4.1a). ThecontinuousSkip-gram

(Mikolov,Sutskever,Chen,CorradoandDean,2013)takesthewordandusesthewindowofthe

surroundingwordsasthelabeltolearnitsprojectioninthespace(seeFigure4.1b).Themain

differenceisthatCBOWisfasterthanskip-gram,butskip-gramlearnsabetterrepresentation

ofinfrequentwordsthanCBOW.

Input Projection Output

wordt−2

wordt−1

wordt+1

wordt+2

wordt

(a)CBOW

Input Projection Output

wordt−2

wordt−1

wordt+1

wordt+2

wordt

(b)Skip-gram

Figure4.1: Word2vecarchitecturesforwordrepresentation.

Thesedistributedvectorscapturethesemantic meaningofthewordsavoidingtoprovidethis

informationwithanexternalresourceortool. Apropertyoftheseembeddingsisthatthey

preservethedistancesimilaritiesbetweenwordswiththesamesemanticrelationshipsinthe

space.Forinstance,Figure4.2showsthatsubtractingtovector(‘King’)the male meaningof

vector(‘Man’)andaddingthefemale meaningofvector(‘Woman’)resultsinapositioninthe

spaceclosetovector(‘Queen’)(Mikolov,YihandZweig,2013).

NamedEntityRecognition(NER)isacrucialcomponentformanyNaturalLanguageProcess-

ing(NLP)systemssuchasrelationextraction,textclassificationorsentimentanalysissystems,

amongmanyothers.Theautomaticrecognitionofbiomedicalentitiesfromscientifictextscan

markedlyreducethetimethatexpertsspendpopulatingbiomedicalknowledgebasesaswellas
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Man

Woman

Uncle

Aunt

King

Queen

Figure4.2: Wordembeddingsofmasculine-femininepairs.

annotatingpapersandpatents.ConditionalRandomFields(CRF)(Suttonetal.,2012)often

showbestresultsintherecognitionofdrugsandchemicalnames(Krallinger,Leitner,Rabal,

Vazquez,OyarzabalandValencia,2015;Segura-Bedmaretal.,2013).Sofarthemostpopular

featuresforCRF-basedNERsystemsconcernsyntacticandsemanticpropertiesofwords(such

astokens,POStags,lemmas,orthographicandlexiconfeatures,amongothers). Tothisend,

asystembasedonaCRFtorecognizedrug,chemicalanddisease mentionsoccurringinthe

biomedicaltextsisdeveloped.

OneofthegoalsofthischapteristostudywhetherthelexiconfeaturesfromDINTOontol-

ogyandDNormtoolcanprovideavaluablesourceofinformationforthesetasks. Moreover,

thislexiconbinaryfeatureindicateswhetherthecurrenttokenwasfoundinagazetteerof

diseasesprovidedbytheDINTOontologyorDNormtool. Asfarasweknow,DINTOisthe

firstontologyprovidingacomprehensiveandaccuraterepresentationofdrug-druginteractions

knowledge. TheDINTOontologycontainsatotalof25,809classes,inparticular,8,786drugs

and11,555DDIs.SeveraldomainresourcessuchastheCheBIontology(Degtyarenkoetal.,

2008),theDrugBankdatabase(Wishartetal.,2006)ortheOAEontology(Heetal.,2014)

havebeenreusedtocreateDINTO.Furthermore,itwasdesignedtobeusedbythecomputer

sciencecommunityworkingontheDDIdomain.(HerreroZazo,2015)describestheDINTO

ontologyindetail.

Asthemaincontribution,thischapterexplorestheeffectivenessofnewfeaturesforthebiomed-
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icalNERtasks,concretely,wordvectorsandwordclustersgeneratedusingthe Word2vectool

(Mikolov, Chen, Corradoand Dean,2013). The mainhypothesisisthatthe wordembed-

dingfeaturescanrepresentthesemanticinformationofthebiomedical mentionsintohigh-

dimensionalvectorsinordertoaccuratelydetectthem. Wordembeddingshaveshownpromis-

ingresultsin NLPtasks,suchasnamedentityrecognition,sentimentanalysisorparsing

(Socher,Bauer, ManningandAndrewY.,2013;Socher,Perelygin, Wu,Chuang, Manning,Ng

andPotts,2013;Turianetal.,2010). Theessentialassumptionofwordembeddingsisthat

semanticallynearbywordshavesimilarvectors(Bengioetal.,2003).

Incontrastto(Liu,Tang,Chen, WangandFan,2015),theproposed modelcreatestheword

embeddingfeatures(wordclustersandwordvectors)usingthelatest Wikipediadump2,which

contains morethan3billionwords,aswellasthe2013releaseof MedLine3,whichtheyused

forgeneratingtheir wordrepresentations. Thisreleasecontainsapproximatelyone million

words,beingthusmuchsmallerthanthe Wikipediacollection. While MedLineisabiomedical

literaturedatabase, Wikipediacovers manydifferentdomainsofknowledge. However,the

hypothesisofthischapteristhatthelargerthedatasetusedfortrainingthe Word2vecmodels,

thebetterwordembeddingsshouldbeobtained. Thus,theeffectivenessofwordembeddings

featurestrainedonaspecificdomaincorpus,suchas MedLine,canbecomparedtothose

trainedona moreextensivecollection,suchas Wikipedia. Anotherkeydifferencewith(Liu,

Tang,Chen, WangandFan,2015)isthatwhiletheauthorsonlygaveresultsforthewhole

DDIcorpus,thischapteranalysesanddiscusstheeffectoftheDINTOand Word2vecfeatures

oneachoneofthedatasets: DDI-DrugBankandDDI-MedLine. Thisanalysisisnecessaryin

ordertoknowwhatfeaturesare moreefficientoneachdataset. MedLineabstractsarevery

differentfromDrugBanktexts. WhileabstractsfromDDI-MedLineare mainlyaddressedto

scientistsinlifesciences,textsfromDDI-DrugBankarewritteninalanguageunderstandable

topatients.

2http://dumps.wikimedia.org/
3http://www.nlm.nih.gov/databases/journal.html



94 Chapter4. BiomedicalNamedRecognitionusing WordEmbeddings

4.2 Method

Thissectiondescribestheproposedsystemandthedatasetsusedfortheevaluation.

4.2.1 Datasets

TheDDICorpusconsistsoftwodifferentdatasets: DDI-DrugBank(792textsselectedfrom

theDrugBankdatabase)andDDI-MedLine(233 MedLineabstractsonthesubjectofDDIs).

ThiscorpuswillallowustocomparethesystemtotheparticipatingsystemsintheDrugNER

Task.

TheCHEMDNERcorpuscontaining10,000PubMedabstractsannotatedwith84,355chem-

istryandchemicalentity mentionswasgeneratedwith19,805uniquechemicalnamestrings

(Krallinger,Rabal,Leitner, Vazquez,Salgado,Lu,Leaman,Lu,Ji,Loweetal.,2015). The

annotatorsfocusedonthetypesof mentionsthatrepresentthechemicalstructuralinforma-

tionfrompatentstoannotatethechemicalentities. (Krallinger,Leitner, Rabal, Vazquez,

OyarzabalandValencia,2015)anoverviewofthetaskandthemainrelevantcharacteristicsof

participatingsystems.

The CDRtaskprovidedanewcorpusfortheevaluationthatcontainspiecesoftext with

diseaseannotationsselectedfromCTD-Pfizerset(Davisetal.,2013). Thedatasetisdivided

intoatrainingsetandadevelopmentset,whichcontains500articleseachone. However,the

testingphaseusesrawPubMedabstractsfortheextractionofthedisease mentionsandtheir

normalized MeSHidentifiers.

4.2.2 Proposedsystem

Mostsuccessfulapproachesfor NERhaveused machinelearningalgorithmssuchas CRFs

trainedwithlinguisticfeatures(tokens,lemmasorPOStags,amongothers)andsemanticfea-

turesfromdomainresourcessuchasontologiesordictionaries.Encouragedbythegoodresults
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oftheCRF-basedmethods,asystembasedonCRFandalsoexplorewordembeddingfeatures

providedbythe Word2vectoolisproposed.Inparticular,apythonbinding4 to CRFsuite

(Okazaki,2007)isusedasthecoreofthismachinelearningtechnique.

CRFperformstheNERtaskasaclassificationtaskoneachtoken,determiningwhetheritisan

entityornot.Inordertorepresenttheclassofeachtoken,theBIOtaggingschemeistakenasa

reference. Accordingtothisscheme,eachtokenistaggedaseitherbeginningentitytoken(B),

insideentitytoken(I)oroutsidetoken(O).Forthedetectionsubtask(exactcriterion),three

typesofentitiesareconsidered:B-ENTITY,I-ENTITYandOwhereENTITYrepresentsone

ofthedifferentclasses.

Asafirststage,abaselinesystemisdevelopedusingaCRFalgorithminwhicheachtokenis

representedwiththefollowingfeatures:

•Thecontextwindowofthreetokenstoitsrightanditsleftinthesentence.Thecontext

windowalsoincludesthecurrenttoken.

•POStagsandlemmasinthecontextwindowarealsoconsidered.

•Anorthographyfeature whichcantakethefollowingvalues: upperInitial(thetoken

beginswithanuppercaseletter,andtherestarelowercase),allCaps(allitslettersare

uppercase),lowerCase(allitslettersarelowercase)and mixedCaps(thetokencontains

anymixtureofupperandlowercaseletters).

•Afeaturerepresentingthetypeoftoken:word,number,symbolorpunctuation.

ThegoalsaretostudythecontributionofthelexiconinformationfromDINTOontologyand

DNormtoolfortheNERtaskandbuildingabinaryfeaturethatindicatedwhetherthecurrent

tokenwasfoundornotinthem.

Figure4.3showsapipelinewiththeGeneralArchitectureforTextEngineering(GATE)com-

ponentsusedtoprocessthetextsandtoobtainthefeaturesetusedtotraintheCRF model.

4http://python-crfsuite.readthedocs.org/en/latest/



96 Chapter4. BiomedicalNamedRecognitionusing WordEmbeddings

Therearefivemainprocessingmodules:sentencesplitter,tokenizer,POStagger,morphological

analyzerandtheGateontorootgazetteer,whichlinkstexttotheDINTOontology.Theontol-

ogyisprocessedtoproduceaflexiblegazetteertakingintoaccountalternative morphological

formsoftheinstancesoftheontology.

Figure4.3:SystemarchitectureandthepipelineforNERofbiomedicalentitieswithaCRF
classifier.

The mainhypothesisofthischapteristhattheincorporatingofwordembeddingsasfeatures

intoaCRFmodelcouldhelptorecognizeunseenorsporadicmentionsinthetrainingset.For

thisreason,thewordembeddingsweretrainedusingthe Word2vectool. Word2vecrequiresa

largecorpusofsentencesasinputdatasetinordertogeneratewordvectorsbytraininganNN

languagemodel.TheNNmodelcanlearnfromthedifferentcontextsinwhichawordappears

andthentocomputeitsrepresentationasavector. Thisstudyexploresthe Word2vectool

trainedontwodifferentcorpora. Asthefirstoption,thelatest Wikipediadumpwastaken,

whichcontainsmorethan3billionwords.Then,the Word2vecmodelistrainedon Wikipedia

toobtainthewordvectorsforalltokensintheDDIcorpus.

Basedonthedistributionalhypothesis(Harris,1954b),similarwordswillhavesimilarvectors

becausetheyoccurinsimilarcontexts. Thewordvectorforthecurrenttokenwasconsidered

asanewfeatureintoaCRFsystemwithdifferentdimensionsofvectors(50,100and200)(see
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Table4.2).Thesewordrepresentationsaredesirableinputs,notonlyforNERbutalsoinmany

otherNLPtasks(POStagging,wordnamedisambiguation,andlexicalsimplification,among

others).

Moreover,the Word2vectoolcontainsautilitytocompute wordclustersusingak-means

clusteringalgorithm. Thus,wordclustersareincludedinthecurrenttokenrepresentationas

anewfeaturefortheCRF-basedsystem. Wordclustersrepresentwordsatahigherlevelof

abstractionthatmayhelptorecognizeeventhosementionsthatarenotobservedinthetraining

set. Theexperimentsevaluatedifferentvaluesofkinthek-meansinordertofine-tunethe

numberofclusters.

4.3 Evaluation

4.3.1 DrugNER Task

Table4.1summarizesalltheexperimentswithwordvectorsandwordclusterstrainedwith

Wikipediaand MedLinewhereCRFisthebaselinesystemandCRFDonlyusesthebaseline

withtheDINTOfeature.

Table4.1:ListofexperimentsfortheDrugNERTaskwithdifferentfeaturesconfigurations.

System Featureset

CRF standardfeatureset
CRFD CRF+DINTOfeature
CRFclusterK50Wiki CRFD+wordclustertrainedwithk=50on Wikipedia
CRFclusterK50MedLine CRFD+wordclustertrainedwithk=50on MedLine
CRFclusterK150Wiki CRFD+wordclustertrainedwithk=150on Wikipedia
CRFclusterK150MedLine CRFD+wordclustertrainedwithk=150on MedLine
CRFclusterK500Wiki CRFD+wordclustertrainedwithk=500on Wikipedia
CRFclusterK50MedLine CRFD+wordclustertrainedwithk=500on MedLine
CRFvec50Wiki CRFD+wordvectorsofdimension50trainedon Wikipedia
CRFvec50MedLine CRFD+wordvectorsofdimension50trainedon MedLine
CRFvec100Wiki CRFD+wordvectorsofdimension100trainedon Wikipedia
CRFvec100MedLine CRFD+wordvectorsofdimension100trainedon MedLine
CRFvec200Wiki CRFD+wordvectorsofdimension200trainedon Wikipedia
CRFvec200MedLine CRFD+wordvectorsofdimension200trainedon MedLine
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Table4.2showstheresultsforthedifferentsettingsstudiedforthedetectionsubtask(exact

criterion)andtheclassificationsubtask(strictcriterion). Thescorescorrespondtothemicro-

averagevalues,whichwerecalculatedwithregardingallclasses(B-andI-)ofeachcorresponding

subtask.Theresultsofthedetectionandtheclassificationarepresentedanddiscussedforeach

dataset: DDI-DrugBankandDDI-MedLine.

Table4.2:ExperimentalresultsfortheDrugNERTaskusingaCRF.

Exactcriterion Strictcriterion
Systems P R F1 P R F1

D
DI

-
Dr

u
g

B
a

n
k

WBI 0.90 0.89 0.90 0.88 0.87 0.87
CRF 0.70 0.85 0.77 0.69 0.82 0.75
CRFD 0.72 0.84 0.77 0.68 0.81 0.74
CRFclusterK50Wiki 0.72 0.89 0.79 0.68 0.83 0.75
CRFclusterK150Wiki 0.73 0.89 0.80 0.68 0.83 0.74
CRFclusterK500Wiki 0.72 0.89 0.80 0.68 0.83 0.74
CRFclusterK50MedLine 0.72 0.86 0.79 0.69 0.82 0.75
CRFclusterK150MedLine 0.72 0.86 0.79 0.68 0.82 0.74
CRFclusterK500MedLine 0.72 0.86 0.79 0.69 0.82 0.75
CRFvec50Wiki 0.71 0.84 0.77 0.69 0.81 0.74
CRFvec100Wiki 0.72 0.84 0.77 0.69 0.81 0.74
CRFvec200Wiki 0.72 0.85 0.78 0.68 0.80 0.74
CRFvec50MedLine 0.72 0.84 0.78 0.69 0.82 0.75
CRFvec100MedLine 0.73 0.86 0.79 0.68 0.81 0.74
CRFvec200MedLine 0.73 0.85 0.79 0.68 0.80 0.74

D
DI

-
M
e

d
Li

n
e

WBI 0.81 0.74 0.77 0.61 0.56 0.58
CRF 0.69 0.54 0.61 0.62 0.44 0.52
CRFD 0.79 0.57 0.66 0.70 0.47 0.56
CRFclusterK50Wiki 0.74 0.63 0.68 0.66 0.48 0.56
CRFclusterK150Wiki 0.73 0.63 0.68 0.67 0.49 0.57
CRFclusterK500Wiki 0.72 0.64 0.68 0.65 0.51 0.57
CRFclusterK50MedLine 0.74 0.59 0.66 0.64 0.46 0.53
CRFclusterK150MedLine 0.75 0.63 0.68 0.66 0.49 0.56
CRFclusterK500MedLine 0.73 0.62 0.67 0.67 0.49 0.57
CRFvec50Wiki 0.77 0.57 0.66 0.68 0.47 0.56
CRFvec100Wiki 0.78 0.56 0.66 0.66 0.46 0.54
CRFvec200Wiki 0.77 0.57 0.66 0.68 0.46 0.55
CRFvec50MedLine 0.79 0.57 0.66 0.66 0.45 0.54
CRFvec100MedLine 0.81 0.57 0.66 0.69 0.46 0.55
CRFvec200MedLine 0.78 0.57 0.66 0.68 0.46 0.55
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Resultson DDI-DrugBank

Forthedetectiontask,thelexiconfeaturefromDINTOachievedanincreaseinbothPrecision

andRecall(andconsequently,animprovementof1%inF1score). Theresultssuggestthat

Word2vecfeaturescanpotentiallyleadtoimproveddetectionperformance.Ingeneral,theuse

ofwordclustersshowedasignificantincreaseinRecallvalues(from84%to89%)andhencea

gainof3%inF1. However,wordclustersdidnotseemsignificanttoaltertheoverallPrecision

values. Asexpected,the wordclusterisarelevantfeaturetoimprovethecoverageofthe

system.

Theinitialhypothesiswasthat Word2vecfeaturestrainedon MedLineshouldprovidebetter

performancebecausethesetextsarefocusedonthebiomedicaldomain. However,theresults

demonstratethatwordclustersfrom Wikipedia,ingeneral,hadabetterperformancethan

thosefrom MedLine. Themainreasonisthatthesizeofthe Wikipediacorpusissignificantly

largerthanthereleaseof Medlineusedinthiswork. Therefore, Wikipediaisthebestoption

totrain Word2vec modelsinthecurrentsettings,though Wikipediacoversavastarrayof

subjects,notnecessarilyrelatedtothebiomedicaldomain.

Wordclusterfeaturestrainedon MedLinealwaysseemtoprovidethesamescores,thatis,there

isnodifferencebetweentouseaclusterwhichwascalculatedusingk=50,k=150ork=500.

Wordclusterstrainedon Wikipediaproducedbetterresultswhenthenumberofclustersis

larger. Moreexperimentswithadifferentnumberofclustersarenecessarytoconfirmordeny

theseresults.Ingeneral,wordclustersperformedbetterthanwordvectors. Tosumup,the

resultssuggestthatwordclustersarethe mostimportantfeaturesforthedetectionsubtask,

achievinganimprovementof4%inRecalloverthebaselinesystem.

Regardingtheresultsoftheclassificationtaskonthe DDI-DrugBankdataset,theuseof

Word2vecfeaturesdidnotnecessarilygivebetterresultsthanthebaselinesystemand might

evenbeworse(seeTable4.2). ThebestF1(75%)wasobtainedbyfivedifferentstrategies

(seeTable4.2): baseline, wordclusters(k=50)on Wikipedia, wordclusters(k=50,k=500)

on MedLineandwordvectors(d=50)on MedLine. Similarly, DINTOdidnotovercomethe
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baselinesystemyet.Therefore,whiletheexperimentsonthedetectiontaskshowthattheuse

ofDINTOand Word2vecfeaturescouldhelptoimprovetheperformance,thispositiveeffect

doesnotseemtobepresentfortheclassificationtask.

Resultson DDI-MedLine

Inthedetectiontask,theuseofDINTOledtoanincreaseinPrecision,achieving10%overthe

baselinesystem,andanincreaseof3%inRecall. Thus,F1-scorewentupfrom61%to66%.

Wordclusterfeaturesgeneratedfrom Wikipediaprovidedsignificantimprovementof6%in

Recall,butwithworsePrecisionthanthecombinationofbaselinewithDINTO.Asthecaseon

DDI-DrugBank,thewordclusterstrainedon MedLineobtainslowerimprovements. Moreover,

wordclustersseemedtoperformbetterthanwordvectors. Ontheotherhand,wordvectors

trainedon MedLineshowedPrecisionvaluesveryclosetothoseobtainedbythebaselinesystem

withDINTO.

Contrarytotheevaluationofthe DDI-DrugBankdataset,theuseof DINTOincreasedthe

baselinePrecisionby8%andthebaselineRecallby3%fortheclassificationtask. Thisim-

provementisbecauseDINTOincorporatesvaluableinformationfromseveralresourcessuchas

theChEBIontology,theDrugBankdatabaseandtheATCclassificationsystem5(adrugclas-

sificationsystemdevelopedby WHO). Wordclusters(k=500)achievedthebestperformance

byincreasingtheRecall(by7%)andthustheF1accordingly. However,wordvectorsdonot

seemtoprovideanimprovementovertheresultsachievedbyDINTO.

Althoughthissystemdoesnotprovidebetterperformancethanthe WBIsystem,theuseof

theDINTOfeatureshowsasignificantimprovementby9%inPrecisionoverthe WBIsystem,

butwithasharpreductioninRecall.

5http://www.whocc.no/atc/structureandprinciples/
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4.3.2 CEMP Task

EncouragedbythegoodresultsoftheCRF-basedmethodsinthepreviouseditionofCHEMD-

NER(Krallinger,Leitner,Rabal,Vazquez,OyarzabalandValencia,2015),theproposedCRF

systemisbuiltforthistaskwiththestandardfeatureset,DINTOfeatureandthefollowing

features:

•Afeaturerepresentingthelongwordshapeofthecurrenttoken. Thisfeatureisdefined

bymappinganyuppercaseletter,lowercaseletter,digit,andothercharactersto‘X’,‘x’,

‘0’,and‘O’respectively.Forexample,thelongwordshapeof‘C1-6alkyl’is‘X0O0xxxxx’.

•Afeaturerepresentingthebrief wordclassofthecurrenttoken. Consecutiveupper-

caseletters,lowercaseletters,digits,andothercharacters mapto‘X’,‘x’,‘0’,and‘O’

respectively.Forexample,thebriefwordshapeof‘C1-6alkyl’is‘X0O0x’.

ThecombinationofDINTOplus Word2vecclusterswithk=100,itisthebest modelwithan

F1of83%inthedevelopmentset. Usingthenumberofclustersk=400,theRecalldecreases

a1%. Both Word2vecclustersfrom MedLineand Wikipediaachieveverycloseresults. Thus,

basedonthepreviousobservations,thefollowingsettingswerechosenfortheruns:

•Run1: DINTO-W2VMD-100K(thewordclustersweretrainedon MedLine).

•Run2: W2VMD-100K(DINTOisnotusedinthisrun).

•Run3: W2VWIKI-200K(DINTOisnotusedinthisrun).

•Run4: DINTO-W2VWIKI-200K(thewordclustersweretrainedon Wikipedia).

•Run5:CRF+DINTO(Thisrundoesnotincludethewordclusters).

Table4.3showstheresultsobtainedonthetestdatasetbyalltheruns. Thebestrun(run1)

achievedaRecallof82.15%andPrecisionof86.3%(F1of84.17%). Alltherunsachieveresults

veryclosebetweenthem.
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Table4.3:CEMPresultsonthetestdataset.

Systems P R F1

Run1 86.3% 82.15% 84.17%
Run2 86.32% 81.95% 84.08%
Run3 86.21% 81.99% 84.04%
Run4 86.3% 81.85% 84.02%
Run5 86.27% 82.02% 84.09%

Asaresultoftheranking,thefiverunswereplacedinthepositions44to49overatotalof93

submissions.TherunsandthetopsystemachieveverycloseperformanceintermsofPrecision

(onlyonepointofdifference).However,theRecallofthetopsystemisalmost9%higher.

4.3.3 CDRTask

Inthefeatureextractionphase,eachtokenisrepresentedwiththebasicfeatureset,DNorm

toolfeatureandsomespecialfeaturesareincluded:

•Abinaryfeaturethatindicateswhetherthecurrenttokenwasfoundinagazetteerof

diseases,providedbytheDNormtool.

•Afeaturerepresentingthelongwordshapeofthecurrenttoken.Thisfeatureisdefined

bymappinganyuppercaseletter,lowercaseletter,digit,andothercharactersto‘X’,‘x’,

‘0’,and‘O’respectively. Forexample,thelongwordshapeof‘d-glycericacidemia’is

‘xOxxxxxxxxxxxxxxxx’.

•Afeaturerepresentingthebriefwordclassofthecurrenttoken.Inthisfeature,consecu-

tiveuppercaseletters,lowercaseletters,digits,andothercharactersmapto‘X’,‘x’,‘0’,

and‘O’respectively.Forexample,thebriefwordshapeof‘d-glycericacidemia’is‘xOx’.

ThepipelineinGATEwasalsousedtopreprocessthesentences,andthe Word2vectoolwas

trainedusingthe WikipediaandMedLinecorpora.Differentexperimentsonthedevelopment

datasetareconductedinordertochoosethebestconfigurationforthissystem.Theresultsof

thevalidationsetshowthattheuseofDNormseemstoachieveaslightimprovementinthe
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baselinesystem.However,thecombinationofWord2vecfeatureswithDNormdoesnotseemto

overcomethesystemusing Word2vecfeaturesalone.Thatis,thesystemcouldignoreDNorm.

Furthermore,thesystemthatuses Word2vecfeaturestrainedonMedLinewithouttheDNorm

gazetteerprovidesbetterresultsthanthosetrainedonWikipedia. Moreover,ifthesystemdoes

notusetheDNormgazetteer,clustersprovidebetterresultsthanvectors.Inparticular,the

bestresultsareachievedusing Word2vecclusters(k=200ork=300)withMedLine.Apart

fromthat,theDNormonlyseemstohelpwhenDNormiscombinedwith Word2vec Wikipedia

vectors.

ThreedifferentconfigurationsweresentasthethreerunsfortheDNERtask,therebythethree

bestresultsonthedevelopmentdatasetwerechosen.Thus,eachrunusestheMedLinedata

totrainthe Word2vec,andthreedifferentkvaluesfortheclustering(Run1uses200,Run2

uses300andRun3uses100).NoneofthemusestheDNormgazetteer.

Table4.4showsthefinalresultsoftheDNERtaskforthedifferentrunsoftheproposed

system.ThebestF-scoreisobtainedbytherun1,whichisalsothebestonthedevelopment

datasetandimproves0.5%overtheothersruns. TheRun2andRun3obtainveryclose

results.Theperformancesuggeststhatitisnotsuitabletousekvalueshigherthan100.This

systemprovidesasignificantimprovementinPrecisionoverthebaselinesystemprovidedbythe

organizers(almost49%),thedifferenceinRecallistheopposite,sincethismodelgetsaround

32%less. TheprimarysourceofthisdecreaseisthehighnumberofFalseNegatives(FN),

mainlyduetothelackofanaccuratenormalizationsystem.Forthisreason,Table4.5shows

theanalysisoftheresultsobtainedinthediseasementionrecognitionphase. Asexpected,

theresultsinthisevaluationachieve77%inF-scoreinallrunswhichisverysimilartothe

validationresults.

Table4.4:CDRresultsofnormalizationevaluateonthetestset(500documents).

Systems TP FP FN P R F1

Run1 708 66 1280 91.47% 35.61% 51.27%
Run2 703 69 1285 91.06% 35.36% 50.94%
Run3 703 67 1285 91.30% 35.36% 50.98%
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Table4.5:CDRresultsofdiseasementionrecognitionevaluateonthetestset(500documents).

Systems TP FP FN P R F1

Run1 3223 718 1201 81.78% 72.85% 77.06%
Run2 3207 747 1217 81.11% 72.49% 76.56%
Run3 3210 711 1214 81.87% 72.56% 76.93%

4.4 Conclusions

Themaincontributionofthischapteristheincorporationofwordembeddingfeaturesintoa

CRF-basedNERsystemfordrugentities.Besides,theDINTOontologyfeatureisavaluable

resourceforthedrugandchemicalcompoundsnamesrecognition.However,theDNormtool

featureisnotrelevantforthedetectionandtheclassificationofdiseaseentities.

TheresultssuggestthatDINTOcanleadtoimprovingtheperformanceoverthedetection

subtask. Asaconclusionfromtheexperiments,theDINTOontologyisausefulresourcefor

thedrugnamerecognitiontaskfromscientifictexts.Forthisreason,futureworkonhowto

betteruseDINTOinordertoincreasetheperformanceofthetaskistakenintoconsideration.

Moreover,theinclusionofadditionalsemanticfeaturesfrombiomedicalresources(suchas

DrugBank,CheBI,ChemIDPlus,theATCclassificationsystem,Drugs@FDA6amongothers)

isessentialinordertoimproveperformancefortheclassificationsubtask.

ContrarytotheDINTOfeatureresults,theuseoftheDNormfeatureproduceslowerperfor-

manceandcouldbediscarded. Moreover,using MedLineinsteadof Wikipediaenhancethe

resultsandthek-meansmodeisbetterthanthewholevectorwithoutDNorm.Thefinalre-

sultsshowthatwordembeddingclusteringfeaturesachieveanimprovementinPrecisionfor

thenormalizationtask.Precisely,anincreaseofalmost49%overthebaselinesystemprovided

bytheorganizers.However,itisslightlylessinF-scorebecausethepresentedapproachonly

usesalistofdiseasesandtheirMeSHidentifiersprovidedbytheDNormtool.Onthecontrary,

intherecognitiontask,thesystemovercomes28%duetothelownumberofFalsePositives.

Intheinitialhypothesiswasconfirmedand Word2vecfeaturesachieveamarkedimprovement

inRecallforthedetectiontask. WordclusterfeaturestrainedonWikipediaseemtoprovidethe

6http://www.accessdata.fda.gov/scripts/cder/drugsatfda/
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mostsatisfactoryresults. Moreexperimentsarenecessarytodeterminetheoptimumnumber

ofclustersforthetask. Althoughingeneral,theseresultsarenotbetterthanthoseachieved

bythetopsystemintheDrugNERTask,theuseofwordembeddingsforthistaskisworth

furtherresearch.

TheexperimentsconductedontheDDIcorpuscomparethisapproachwiththeparticipating

systemsoftheDrugNERTaskintheDDIExtractionTask.Ingeneral,theproposedsystem

doesnotperformbetterthanthetopsystem(WBI)inthissharedtask. However,theresults

fortheclassificationtaskontheDDI-MedLinedatasetshowthatDINTOcouldbeavaluable

resourcetoimprovePrecision. The WBIsystemprovidedanF1of87.8%onDDI-DrugBank

(whichisveryclosetotheIAA(0.91)),butperformedworseonthe DDI-MedLinedataset

(showinganF1of58.1%).Itstandstoreasonthatthissystemcouldhavealreadyreachedthe

maximumthresholdresultsfortheDDI-DrugBankdataset. Ontheotherhand,thereismuch

roomforimprovementintheDDI-MedLinedataset.Theresultsreportedin(Liu,Tang,Chen,

WangandFan,2015)arebetterthanthoseprovidedbythe WBIsystem. However,sincethe

authorsonlyprovideresultsforthewholeDDIcorpus,theperformanceoftheirsystemoneach

datasetisunknownandwhethertheirsystemovercomesthe WBIsystemontheDDI-MedLine

dataset.

Asfuturework,the Word2vectoolshouldbetrainedusingalargesetof MedLineabstracts.

Itcouldprovidebetterresultsthanthoseobtainedfromthe Word2vec modeltrainedon

Wikipedia.Since MedLineisabiomedicalliteraturedatabase, Medlineabstractsshouldpro-

videbetterwordrepresentationsfordrugentitiesthanthoseobtainedfrom Wikipediaarticles.

Besides,anothertoolsuchastheGlobalVectorsfor WordRepresentation(GloVe)(Pennington

etal.,2014)shouldbetestedinfutureworkstoinvestigatetheirperformanceinthebiomedical

domain.Furthermore,anerroranalysistodeterminetheleadingcausesofwrongdetectionand

classificationshouldbecarriedout.
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Chapter5

Matrix-Vector Recursive Neural

Networksfor Drug-DrugInteraction

Extraction

ThepurposeofthischapteristoexploreindetailhowaRecursiveNeuralNetwork(RecNN)

canbeappliedtoclassifydrug-druginteractionsfrombiomedicaltexts(Súarez-Paniaguaand

Segura-Bedmar,2016). Thehypothesisisthat DeepLearningarchitecturescanoutperform

classical machinelearningapproacheswithoutusingalargesetofhuman-definedfeaturesfor

the DDIExtractionTask. Precisely,thesystemisbasedon Matrix-VectorRecursiveNeural

Network(MV-RNN)(Socheretal.,2012)builtfromtheStanfordconstituencytreesofthe

sentences.TheexperimentsshowalowperformancethatmaybeprobablyduetotheStanford

parser(KleinandManning,2003)cannotcapturethestructuralcomplexityofsentencesbecause

thatDDIsareusuallydescribedbylongsentenceswithcomplexstructures(suchassubordinate

clauses,appositions,andcoordinatestructures,amongothers).

107
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5.1 Introduction

MostofthesystemsdevelopedfortheDDIExtractionTaskhavebeenbasedonSupportVector

Machines(SVM)usinglinearandnonlinearkernels. These modelsarethestate-of-the-art

performanceobtaining77.5%F-scorefordetectionand67%F-scoreforclassification(Kim

etal.,2015). Allofthemuselargeandrichsetsoflinguisticfeaturesproposedbytextminers

anddomainexperts.

DeepLearningmethodscanbeanexcitingalternativetoclassicalmethodssincetheycanlearn

thebestfeaturestorepresentaproblem.Furthermore,theprominentuseofthesetechniques

for NaturalLanguageProcessingtasksanditsexcellentperformanceonthisfield makesit

apromisingtechniqueinRelationExtraction,suchasConvolutionalNeuralNetwork(CNN)

(Zengetal.,2014)orRecurrentNeuralNetwork(Xuetal.,2015). RecursiveNeuralNetwork

(RecNN)isaDeepLearningarchitecture,whichiscreatedfromtheconstituencyparsetree,that

capturesthesemantic meaningforphrasesandsentences. Precisely,RecNNusedin Matrix-

Vectorspaces(MV-RNN)wasthefirstDeepLearningarchitecturethatobtainedimprovements

inRelationExtraction(Socheretal.,2012).ThismodelintroducesaRecNNthatcapturesthe

compositionalvectorrepresentationoflongphrasesorsentences. Thecompositionalityisby

definitiontheimportantqualityofnaturallanguagethatdeterminesthemeaningofitswords

andtherulesusedtocombinethem. Tothisend,the modelassignsavectoranda matrixto

everyword,anditlearnsacompositionalfunctionthatcaptureshowthisconstituentchanges

themeaningoftheirneighboursthroughmatrix-vectorspaces.

Fromthereviewoftherelatedwork,itseemsthatanyworkhasperformedafullanddetailed

studyoftheDDIclassificationbyusing MV-RNN.Therefore,theaimistoexplorethisarchi-

tectureinthebiomedicaldomainandworkinamulti-classclassificationsettingforreportinga

completeanalysisontheDDIcorpus,studyingindepthitsperformanceforeachtypeofDDI.

The mainadvantageofthisapproachoverotherDeepLearningarchitecturesisthatcaptures

thesemanticinformationinthewholesentenceandeachwordthroughthe matrixandthe

vector,respectively.
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5.2 Method

TheapproachisbasedontheRecursive Neural Networks, whichtaketheparsetreeofthe

sentencesasthestructureofthenetwork.Inparticular,aRecNNwith Matrix-Vectorspaces

wasthefirst DeepLearningarchitecturethatobtainedimprovementsintheclassificationof

semanticrelationships(Socheretal.,2012). This modelcandeterminethe meaningofeach

wordandtherulesusedtocombinetheminlongsentences. Tothisend,the modelassignsa

vectorandamatrixtoeveryword,anditlearnsacompositionalfunctionforcomputingthese

representations(Figure5.1).

Figure5.1: Anexampleofhow MV-RNNarchitecturelearnsthevectorsinthenodesofthe
pathbetweenthetwoentities(dottedline)toclassifytheirrelationship(Socheretal.,2012).

Firstly, MV-RNNusesasinputabinaryparsetreeofphrasesandsentencesofarbitrarysyntac-

tictypeandlengthfromtheStanfordParser(Kleinand Manning,2003)astheRNNstructure.

Then, MV-RNNlearns,ineverynodeofthetree,avectorthatrepresentsthe meaningofa

constituent(awordorasentence)anda matrixthatcaptureshowthisconstituentchanges

themeaningoftheirneighbours.Initially,itusesthepre-trained50-dimensionalwordvectors

from(Collobertand Weston,2008)andtheword matricesasanidentity matrixwithasmall

Gaussiannoise. Afterwards,the MV-RNNarchitecturecomputestheparentvectorpofeach

nodeasasinglelayerneuralnetwork:

p=g(W






C1c2

C2c1




+b) (5.1)

wherec1andc2arethewordvectorsoftheirchildreninthebinarizedtreewithdimensionality

n,C1andC2∈Rn×n are matricesforsinglewords,W ∈Rn×2n isa matrixthat mapsboth
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wordsbackintothesamen-dimensionalspace,gisanonlinearityfunctionandbisthebias

term. Moreover,anotherfunctioncomputesthenon-terminalphrasematrices:

P=WM






C1

C2




 (5.2)

whereWM ∈Rn×2n aretheweight matrices.Finally,the MV-RNNusesthecomputedvector

ofthehighestnodesinthepathbetweenthepairsofwordsasfeaturesforpredictingaDDI

typelabelusingasimpleSoftmaxclassifier.

MV-RNN wasadaptedin(Socheretal.,2012)fortheSemEval-10task8, whosegoal was

theclassificationofrelationshipsbetweennominals. Thus,theinitialstepistotransformthe

DDIcorpustotheformatoftheSemEval-2010task8.Sincetheimplementationof MV-RNN

doesnotdealwithdiscontinuousentities, DDIcandidatesinvolvingthiskindofentitiesare

removed. Besides,whetherasentencecontains morethanoneinteractiontheyareseparated

intoindependentsentences,i.e.oneinstanceperinteraction. Followingthisprocess,atotal

of33351sentencesarecreated. However,tehsentencesfromtheSemEval-2010task8dataset

are muchsimplerthanthesentencesintheDDIcorpus. Drug-druginteractionsareusually

describedbylongsentenceswithcomplexstructures(suchassubordinateclauses,appositions,

andcoordinatestructures,amongothers). Moreover,manydrugshaveverylongandcomplex

names,likechemicalcompounds(forexample,1,3-difluoro-2-propanol). Thesedrugnames

poseasignificantchallengeforthetokenizationtaskofthebiomedicaltexts. Concretely,the

StanfordparsercannotprovideaccuratetokenizationofthesentencesintheDDIcorpus. Wrong

tokenizationcancauseawrongsyntactictreeparser,andthereby,abadinputforthe MV-

RNN.Forthisreason,chemicalcompoundnameswerereplacedbyeasiernamesofcommon

drugs.Forexample,1,3-difluoro-2-propanolwassubstitutedbyRifampin.Similarly,numerical

expressionswerealsosimplifiedbyacommontokenaspartofthepre-processingphase.
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5.3 Evaluation

ThissectionsummarizestheevaluationresultswiththemethodMV-RNNwiththeDDIcorpus

andprovidesdetailedanalysisanddiscussion.Precision(P),Recall(R)andF-score(F1)are

themeasuresoftheresultsforallthecategoriesintheclassification.

Table5.1showstheperformanceofMV-RNNovertheDDIcorpustestdataset. Themodel

achievesanF-scoreof46%usingsyntacticinformationforbuildingtheRNNarchitecture.In

general,PrecisionishigherthanRecallduetoalargenumberofFalseNegativesineachclass

causedbythemisclassification. Theclassadviceachievesthebestperformance(54%inF-

measure)fortheotherclassesbecausetheserecommendationsfollowspecificpatternsandare

easytolearn.

Table5.1:ResultsonDDICorpususingMV-RNNwithoutexternalfeatures.

Classes TP FP FN P R F1

Effect 163 206 197 0.44 0.45 0.45
Mechanism 105 102 194 0.51 0.35 0.42
Advice 108 71 113 0.60 0.49 0.54
Int 36 18 60 0.67 0.38 0.48
Overall 412 397 564 0.51 0.42 0.46

Table5.2showstheresultsaddingexternalfeaturessuchasPOStags,theWordNethypernyms

andthenameentitytagsofthetwowordstothecomputedvectorofthehighestnodein

therelationshipfortheclassificationintheSoftmaxlayer. Thesethreefeaturesincreasethe

performanceF-measure(+4%)andtheRecallforalltheclasses.Althoughthefeaturesraisethe

numberofinstancesclassifiedcorrectly,theFalsePositivesare38instancesbiggerthanwithout

usingexternalfeatures.Itmaybeduetoanover-fittingintheSoftmaxlayerbecauseinall

thecasesthenumberofFalseNegativesdecreaseswhereasthattheFalsePositivesincreases

fortheTable5.1causingatrade-offproblem.

TheleadingcauseofthelowperformanceiscausedbytheStanfordparserwhichcannotbuild

thesyntactictreesofsentencesfromtheDDIcorpuscorrectly. Mainly,thesentencesthat

involvedruginteractionsusuallyhavecomplexstructures(suchassubordinateclauses,apposi-

tionsandcoordinatestructures,complexnamedentitiesamongothers).Thus,wrongsyntactic
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Table5.2:ResultsonDDICorpususingMV-RNNwithexternalfeatures.

Classes TP FP FN P R F1

Effect 193 232 167 0.45 0.54 0.49
Mechanism 121 110 178 0.52 0.40 0.46
Advice 119 76 102 0.61 0.54 0.57
Int 37 17 59 0.69 0.39 0.49
Overall 470 435 506 0.52 0.48 0.50

treesinvolvewrongRNNstructuresthatcannotcapturethecompositionalityofsentences.

5.4 Conclusions

Inthiswork,aRecursiveNeuralNetworkusedin Matrix-Vectorspacesisexploredforthe

extractionofinteractionsbetweendrugsintheDDIcorpus. Fromthereviewoftherelated

work,DeepLearningarchitecturesoutperformthemostcommonmachinelearningalgorithms

appliedtorelationextractionsofar. MV-RNNcanlearnthemeaningofawordandhowthat

wordmodifiesthecontextofthesentencethroughthecombinationofvectorsandmatrices.

Thisrecursivenetworkcontainstheparsinginformationofeachsentenceregardlessoflength

andgrammaticalstructure.

However,MV-RNNdoesnotseemtoprovidesatisfactoryresultsfortheclassificationofDDIs.

Thus,theexperimentalresultsaremuchlowerthanthosereportedusingaCNN(Liu,Tang,

Chenand Wang,2016).ThislowperformanceismainlybecausetheStanfordparsercannot

capturethestructuralcomplexityofsentencesinthebiomedicalliterature.Theexperiments

showthatblindingtheentitiesisnotenoughtoreducethecomplexityofdrug mentions.

Thus,abiomedicalparsercapablecanprovideaccuratetokenizationandsyntactictreesof

thesentences. Furthermore, MV-RNNusesthe WordNetdictionaryinordertoachievethe

hypernymsforinteractingdrugs.However,mostdrugsarenotincludedin WordNetsinceitis

notabiomedicaldomainspecificresource.

Asfuturework,replacingtheinitialwordvectorsfrom(Collobertand Weston,2008)bythose

fromanewwordvectormodelgeneratedusingastate-of-the-artwordembeddingsystem,
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like Word2vec(Mikolov,Sutskever,Chen,CorradoandDean,2013)trainedonanextensive

collectionofbiomedicaltexts(forexample,thelatestversionof MedLine)couldimprovethe

semanticrepresentationofeachwordbecauseofitwillalsoincludebiomedicaltechnicalterms

andjargon,whicharenotgenerallyrepresentedin(Collobertand Weston,2008). Moreover,

thepositionembeddingsandnegativeinstancefilteringtechniquescouldimprovethepresented

results. Alternatively,insteadoftheStanfordparser,itisalsoplannedtouseabiomedical

parsercapableofcapturingthecomplexstructuresofthebiomedicalsentencesinordertobuild

theRNNstructures.Insteadofusing WordNet,otherbiomedicalterminologicalresourcescould

includethehypernymssuchastheUMLS Methatesaurus(Aronson,2001)ortheATCdrug

classificationsystem1.

1http://www.whocc.no/atcdddindex/
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Chapter6

Convolutional Neural Networksfor

Biomedical RelationExtraction

The MV-RNNpoorlycapturesthesyntacticinformationofthe DDICorpusgiventhatthe

Stanfordparserisnotpreparedforbiomedicaltexts.Forthisreason,thepropagationoferrors

fromthefirststepmakesalowperformanceintheDDIExtractionTaskusingthisarchitecture.

Thus,thepurposeofthischapteristoexamineaConvolutionalNeuralNetwork(CNN)for

classifying DDIsfrombiomedicaltexts, whichonlyuseswordembeddingsasinputfeatures

withouttheuseofexternalresources. TheproposedsystemisaCNNarchitecturewithone

convolutionallayerforcreatinga morecomputationallyefficient model. Therefore,individual

experimentscandeterminethebestconfigurationforthisarchitecture(Súarez-Paniaguaetal.,

2017)intheDDIExtractionTask. Oneofthegoalsofthissectionistosetthebestparameter

ofthisbasicCNNthatshouldbeconsideredforfutureresearches.

Consequently,theproposedCNNarchitectureistestedontwodifferentdatasetsfromscientific

publications. Concretely,thissectiondescribestwoparticipationsatSemEval2017Task10:

ScienceIE-ExtractingKeyphrasesandRelationsfromScientificPublicationsandatSemEval

2018Task7:SemanticRelationExtractionandClassificationinScientificPapers.Thesubtask

ofextractionofrelationshipsbetweentwoidentifiedkeyphrasesoftheSemEval2017Task10

canbeveryhelpfulinimprovingsearchenginesforscientificarticles. Theextractionandthe

115
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classificationofrelationshipsbetweenentitiesinscientificpapersoftheSemEval2018Task7

areperformedbytheCNNclassifierusingPOStagsandthedistancestothetargetentitiesas

partoftheembeddingforeachword.

MostCNNarchitecturesincorporateapoolinglayertoreducethedimensionalityoftheconvolu-

tionlayeroutput,preservingrelevantfeaturesandremovingirrelevantinformation.Concretely,

allthepreviousCNNsfortheDDIExtractionTaskusedmax-poolinglayers. Additionally,this

chaptershowsanevaluationoftheperformanceforvariouspooling methods(max-pooling,

average-poolingandattentivepooling)andtheircombinationsforthe DDIExtraction Task

(Súarez-PaniaguaandSegura-Bedmar,2018).

6.1 Introduction

Informationextraction(IE)frombothstructuredandunstructureddatasources maysignifi-

cantlyassistthepharmaceuticalindustrybyenablingtheidentificationandextractionofrel-

evantinformationaswellasprovidinganovelwayofreducingthetimespentbyhealth-care

professionalstoreviewtheliterature. MostofthepreviousresearchontheextractionofDDIs

frombiomedicaltextsimplementsupervised machine-learningalgorithmswithextensivefea-

turesets,whichare manuallydefinedbytext minersanddomainexperts. Theprominentuse

ofDeepLearninginNLPanditsgoodperformanceinthisfieldmakesitapromisingtechnique

forthetaskofRE.DeepLearning methodsarepotentialalternativestoclassicalsupervised

machine-learningalgorithmsbecausetheycanautomaticallylearnthe mostappropriatefea-

turesforagiventask. Matrix-VectorRecursive Neural Network(MV-RNN)(Socheretal.,

2012),RecurrentNeuralNetwork(RNN)(Xuetal.,2015)andConvolutionalNeuralNetwork

(CNN)(Zengetal.,2014)havebeensuccessfullyappliedtoREtasks.

CNNisarobust DeepLearningarchitecture whichhasexhibitedexcellentperformancein

manyNLPtaskssuchassentenceclassification(Kim,2014),semanticclustering(Wang,Xu,

Xu,Tian,LiuandHao,2016)andsentimentanalysis(dosSantosand Gatti,2014). Oneof

itsmainadvantagesisthatitdoesnotrequirethedefinitionofhand-craftedfeatures;instead,
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itcanlearnthe mostsuitablefeaturesforthetaskautomatically. This modelcombinesthe

wordembeddingsofaninstance(i.e.asentenceoraphrasecontainingacandidaterelation

betweentwoentities)usingfiltersinordertoconstructavectorwhichrepresentsthisinstance.

Finally,aSoftmaxlayerassignsaclasslabeltoeachvector.(Zengetal.,2014)developedthe

firstworkthatusedCNNforREusingtheSemEval-2010Task8dataset(Hendrickxetal.,

2009). Thisworkconcatenatedthewordembeddingswithanewpositionembeddingwhich

representstherelativedistancesofeachwordtothetwoentitiesintheinstancerelationinan

embeddingvector. Moreover,theyaddedanonlinearlayeraftertheCNNarchitecturetolearn

morecomplexfeaturesobtaininganF1-scoreof69.7%.Theyobtainedanimprovementof13%

byaddingexternallexicalfeaturessuchasthewordembeddingsoftheentities,their WordNet

hypernymandthewordembeddingsofthecontexttokens.

Inparticular,thehypothesisisthatCNNmaybeaneffectivemethodtolearnthebestfeature

settoclassifyDDIswithouttheneedformanualandextensivefeatureengineering. Although

previousworkshavealreadyincorporatedtheuseofCNNs,noneofthemreportedadetailed

studyoftheinfluenceoftheCNNhyper-parametersontheperformancefor DDIExtraction

Task.

Concretely,differentwindowsizesshouldbetriedtoadaptthefiltersizeparameterforDDIs

sentencesbecausetheyareusuallyverylongandtheirinteractingdrugsareoftenfarfrom

eachother(theaveragedistancebetweenentitiesforalltheinstancesinthetrainsetis14.6).

Moreover,theperformanceofthesystemisprovidedforeachDDItypeonthewholetestset

andeachdatasetoftheDDIcorpus(DDI-DrugBankandDDI-MedLine).

Poolinglayersareusedtoachieve morecompactrepresentations,andthey mustpreserverel-

evantfeatureswhileremovingirrelevantdetails. Therearedifferentoperationsforappliying

asthepoolinglayer,suchastakingtheaverageorthe maximum,oralearnedlinearcombi-

nationofitsinputs. AllthepreviousCNNbasedsystemsfortheDDIExtractionTaskused

max-poolinglayers.Therefore,oneofthegoalsofthischapteristoevaluatetheeffectofseveral

poolingoperations(suchasmax-pooling,average-poolingandattentivepooling)ontheresults

ofthetaskseparately,butalsotheircombination. Summingup,thecomparisonofdifferent
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poolingoperationsandtheircombinationontheperformanceinaCNNarchitectureforDDI

classificationhadnotbeenevaluatedbefore,anditisoneofthesignificantcontributionsofthe

thesis.

Nowadays,adelugeofscientificarticlesispublishedeveryyear,whichdemonstratesthatweare

livinginanemergingknowledgeera. Anessentialdrawbackofthissituationisthatthestudy

ofagivenfieldorproblemrequiresreviewingaconsiderablenumberofscientificpublications,

becomingsuchaveryarduoustask. Thus,expertscannotdealwiththehighincreaseinthe

publicationofscientificarticlesanditisveryhardtobeuptodateaboutthestate-of-the-art

techniques. Theautomaticallyclassificationoftheconceptsorkeyphrasesandtheirrelation-

shipsfromscientificarticleswithNLPtechniquescanreducethevastoftimeforthisprocess.

Mostsearchenginesapplylinguisticnormalization(suchaslemmatizationorstemming),and

someofthemalsoexploitthesemanticanalysisoftextsinordertodetectconceptstoimprove

theirRecall.

ThegoaloftheScienceIETaskatSemEval2017(Augensteinetal.,2017)istheextractionof

keyphrases(suchas MATERIALS,PROCESSESandTASKS)andrelationshipsbetweenthem

fromscientificarticles.Thiscompetitionprovidesacommonevaluationframeworktoresearches

allowingafairwaytoevaluateandcomparetheirapproaches. Thisparticipationfocuseson

thesubtaskofextractingrelationshipsbetweenkeyphrases.Inparticular,theserelationships

are HYPONYM-OF(forexample,‘femur’is HYPONYM-OF‘bone’),SYNONYM-OF(for

example,‘ophthalmologist’isSYNONYM-OF‘oculist’)and NONE. Thedetectionofthese

relationshipsbetweenkeyphrasescanimprovetheperformanceofcurrentresearches. The

Semantic RelationExtractionand ClassificationinScientificPaperstaskatSemEval-2018

task7(Ǵaboretal.,2018)providesaframeworkfor measuringtheautomaticannotation

performancebymodelswhicharetrainedonscientificpublicationsabstracts.Thetaskdefines

sixcategoriesofrelationsbetweenconceptsandproposestwosubtasks:theclassificationof

therelationsbetweentwoentitiesinthepredefinedcategories,whichincludestwoscenarios

accordingtothedataused:cleanornoisy;andtheextractionoftherelationsgiventheentities

fromthecleandata, whichalsocouldinvolvetheirsubsequentclassification. Thissection

describestheparticipationinbothtasksusingtheCNNpreviouslyproposed.
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The modelusesastheinputofeachinstancethetransformationintorealvaluevectorsof

thewordsofthesentence,thedistancestothetargetentitiesofeachwordandthePart-of-

Speechtypes.Furthermore,asamplingtechniquealleviatestheimbalanceissuesofthedataset

equalizingthenumberofinstancesforalltheclasses.

6.2 Method

ThisapproachisbasedontheCNN modelproposedin(Kim,2014),whichwasthefirstwork

toexploitaCNNforthetaskofsentenceclassification. This modelinferstheclassofeach

sentenceandreachestogoodresultswithouttheneedforexternalinformation. Tothisend,

the modelappliesconvolutionalfilterstotheinputthroughseveralwindowsofdifferentsizes

andcomputesanoutputvectorthatdescribesthewholesentence.Finally,thisvectorisused

inaclassificationlayertoassignaclasslabel.Thissectionpresentsthemodelfortheparticular

caseofsentencesthatdescribeDDIs.InsteadofusingtextclassificationCNNimplementedby

in(Kim,2014)1withTheano(apythonlibraryfor mathematicalcomputation2,thesystemis

anadaptationoftheimplementationprovidedbyDennyBritz3basedonTensorFlow(anopen-

sourcelibraryformachinelearning4).TensorFlowhasagraphicvisualizationofthemodeland

generatessummariesoftheparameterstokeeptrackoftheirvalues,thus,simplifyingthestudy

oftheparameters.

Figure6.1showsthewholeprocessoftheCNNmodelfromitsinput,whichisasentencewith

markedentities,untiltheoutput, whichistheclassificationoftheinstanceintooneofthe

classes.

1https://github.com/yoonkim/CNNsentence
2http://deeplearning.net/software/theano/
3https://github.com/dennybritz/cnn-text-classification-tf
4https://www.tensorflow.org/
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Figure6.1:CNNmodelforclassifyingaDDIinstance.

6.2.1 Datasets

ThischapterexplorestheCNNperformacefortheDDICorpus. However,otherdatasets

fromscientificpublicationsareusedwiththesamemodelinordertoensuretheviabilityina

particulardomain.

SemEval2017Task10: ScienceIE-Extracting Keyphrasesand Relationsfrom

ScientificPublications

ThevaluablecontributionoftheScienceIEchallengewastoprovideanannotatedcorpusfor

trainingandevaluatingsupervisedalgorithmstoextractKeyphrasesfromScientificPubli-

cations. Thewholecorpuscontains500journalarticlesaboutComputerScience, Material

SciencesandPhysicsfromScienceDirect5.Thecorpusissplitintotraining,developmentand

5http://www.sciencedirect.com/
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testingsetswith350,50and100documents,respectively.Adetaileddescriptionofthemethod

usedtocollectandprocessdocumentscanbefoundin(Augensteinetal.,2017).

SemEval2018Task7:SemanticRelationExtractionandClassificationinScientific

Papers

TheSemEval-2018Task7providesanannotatedcorpusfortrainingandtestingthepartici-

patingsystems. Thedatasetcontains350and150abstractfromscientificarticlesfortraining

andtestingset,respectively.

Therelationinstancesaredividedintothefollowingclasses: USAGE,RESULT,MODEL,

PART WHOLE,TOPIC andCOMPARISON. AllofthemareasymmetricalexceptCOM-

PARISON, wherebothentitiesareinvolvedinthesamebidirectionalrelation. Adetailed

descriptionandanalysisofthecorpusandits methodologyusedtocollectandprocessthe

scientificabstractscanbefoundin(Ǵaboretal.,2018).

6.2.2 Pre-processingphase

Eachpairofdrugsinasentencerepresentsapossiblerelationinstance. The CNN model

classifieseachoftheseinstances.

TheDDIcorpuscontainsatinynumberofdiscontinuousdrugmentions(only47).Thefollowing

nounphraseshowsanexampleofdiscontinuous mention‘ganglionicorperipheraladrenergic

blockingdrugs’, whichcontainstwodifferentdrug mentions:ganglionicadrenergicblocking

drugsandperipheraladrenergicblockingdrugs,withthefirstonebeingadiscontinuousentity.

Asthiskindof mentionsonlyproducesatinypercentage(1.26%)ofthetotalnumberof

instances,theyareremovedforthetrainingset.

Firstly,followingasimilarapproachasthatdescribedin(Kim,2014),thesentences were

tokenizedandcleaned(convertingallwordstolower-case,replacingnumbersbythelabelNUM,

separatingspecialcharacterswithwhitespacesbyregularexpressionsandperformingthedrug
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blinding). Then,thetwo mentionsofeachinstancewerereplacedbythelabels‘entity1’and

‘entity2’forthetwointeractingentities,andby‘entity0’fortheremainingdrug mentions.

This methodisknownasentityblindingandverifiesthegeneralizationofthe model. For

instance,thesentence:‘Amprenavirsignificantlydecreasesclearanceofrifabutinand25-O-

desacetylrifabutin’shouldbetransformedintothefollowingrelationinstances:

1.‘drug1significantlydecreasesclearanceofdrug2anddrug0’fortherelation(Amprenavir,

rifabutin)

2.‘drug1significantlydecreasesclearanceofdrug0anddrug1’fortherelation(Amprenavir,

25-O-desacetylrifabutin)

3.‘drug0significantlydecreasesclearanceofdrug1anddrug2’fortherelation(rifabutin,

25-O-desacetylrifabutin)

However,therelationbetween(rifabutin,25-O-desacetylrifabutin)inthesentence:‘Ampre-

navirsignificantlydecreasesclearanceofrifabutinand25-O-desacetylrifabutin’cannotbea

DDIbecausethesedrugsareconjunctsinthesamecoordinatestructure. Therefore,allthe

instancesthattheirdrugsoccurincoordinationcanberuledout.Similarly,alltheinstances

thattheirdrugsoccurinahyponymousapposition(Meyer,2007)canbediscarded. Apposi-

tionisanounphrasethatfollowsanothernounphraseandfurtherdescribesorexplainsit.

Inahyponymousapposition,thenounphrasesarerelatedbytherelationofhyponymy. The

followingsentenceshowsanexampleofthiskindofstructurewherefirstpartofthesentenceis

anapposition:‘Anticoagulants,suchasheparinandwarfarin,areoftengivenprophylactically

topreventDVT.’Therelationinstances(Anticoagulants-heparin),(Anticoagulants-warparin)

and(heparin-warfarin)canbedirectlyremovedfromthesetofinstances.Followingtheben-

eficialresultsofusingnegativefilteringpreprocessingonDDI(ChowdhuryandLavelli,2013b;

Kimetal.,2015;Liu,Tang,Chenand Wang,2016),asetofregularexpressionsaredefined

tocapturethesentencesthatcontainthestructureofthe mostfrequentcoordinationandhy-

ponymousappositionintheDDIcorpus. Thus,theimbalanceproblemoftheDDIcorpusis

alsoalleviated(almost85%ofinstancesarenegatives).
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Theseregularexpressionsachievetoautomaticallyidentifyandruleoutaround35%ofnega-

tiveinstances(8,409)fromthetrainingdatasetandapproximately29%(1,670)fromthetest

dataset,whilemistakenlyfilterout150and32positiveinstancesfromtrainingandtestdatasets,

respectively. Attheendofthisprocess,19,233relationinstances(positivesandnegatives)are

extractedtotrainthenetworkand4018totestitsperformance.

6.2.3 Wordtablelayer

Afterthepre-processingphase,theinputmatrixiscreatedfortheCNNarchitecture.Theinput

matrixshouldrepresentalltraininginstancesfortheCNNmodel;therefore,theyshouldhave

thesamelength.Themaximumlengthofthesentenceinalltheinstancesisfixed(denotedby

n)andthenextendedthosesentenceswithlengthsshorterthannbypaddingwithanauxiliary

token‘0’.

Moreover,eachwordhastoberepresentedbyavector. Todothis,twodifferentoptionsare

considered:(a)torandomlyinitializeavectorforeachdifferentword,or(b)touseapre-trained

wordembeddingmodelwhichreplaceseachwordbyitswordembeddingvectorobtainedfrom

this model:W e ∈R|V|×me whereV isthevocabularysizeandme isthewordembedding

dimension.Finally,avectorisobtainedx=[x1;x2;...;xn]foreachinstancewhereeachwordof

thesentenceisrepresentedbyitscorrespondingwordvectorfromthewordembeddingmatrix.

p1andp2aredefinedasthepositionsofthetwointeractingdrugsmentionedinthesentence.

Thefollowingstepinvolvescalculatingtherelativepositionofeachwordtothetwointeracting

drugs,i−p1andi−p2,whereiisthewordpositioninthesentence.Forexample,therelative

distancesofthe word‘inhibit’inthesentenceshowninFigure6.1tothetwointeracting

drug mentions‘Grepafloxacin’and‘theobromine’are2and-4,respectively.Inordertoavoid

negativevalues,therange(−n+1,n−1)aretransformedintotherange(1,2n−1).Then,these

distancesaremappedintoarealvaluevectorusingtwopositionembeddingW d1∈R(2n−1)×md

andW d2 ∈ R(2n−1)×md. Finally,theinput matrixX ∈ Rn×(me+2md)isrepresentedbythe

concatenationofthewordembeddingsandthetwopositionembeddingsforeachwordinthe

instance.
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Oneoftheobjectivesofthisworkwastostudytheeffectofthepre-trainedwordembeddings

ontheperformanceofCNNs. Additionally,theCNNistrainedwithdifferentpre-trainedword

embedding modelsandcompared withtherandominitialization. First,thedifferent word

embeddingmodelsusingthetoolkit Word2vec(Mikolov,Sutskever,Chen,CorradoandDean,

2013)aretrainedontheBioASQ2016dataset(Kritharaetal.,2016),whichcontainsmorethan

12millionMedLineabstracts.Skip-gramandcontinuousbag-of-words(CBOW)architecturesof

Word2vecareappliedwiththedefaultparametersusedintheCversionofthe Word2vectoolkit

(i.e. minimumwordfrequency5,thedimensionofwordembedding300,samplethreshold10-5

andnohierarchicalSoftmax).Inaddition,differentvaluesfortheparameterscontextwindow

(5,8and10)andnegativesampling(10and25)arealsousedtopre-trainthe models. For

adetaileddescriptionoftheseparameters,referto(Mikolov,Sutskever,Chen,Corradoand

Dean,2013). AwordembeddingmodelontheXMLtextdumpoftheEnglish2016versionof

Wikipedia6isalsousedwiththedefaultparametersof Word2vec.

6.2.4 Convolutionallayer

Oncetheinputmatrixisdefined,afiltermatrixf=[f1;f2;...;fw]∈Rw×(me+2md)isappliedto

acontextwindowofsizewintheconvolutionallayertocreatehigherlevelfeatures.Foreach

filter,ascoresequences=[s1;s2;...;sn−w+1]∈R(n−w+1)×1isobtainedforthewholesentence

as

si=g(
w

j=1

fjx
T
i+j−1+b) (6.1)

wherebisabiastermandgisanonlinearfunction(suchastangentorsigmoid). Figure6.1

representsthemtotalnumberoffilterswiththesizewinthematrixS∈R(n−w+1)×m.However,

thesameprocesscanbeappliedtofilterswithdifferentsizesbycreatingadditional matrices

thatwouldbeconcatenatedinthefollowinglayer. Thefiltersizeisanimportantparameter

intheCNN model,and mayinfluenceitsperformancebecauseitdirectlydefinesthesizeof

thevector,whichrepresentseachinstance. Moreover,windowcontextshavebeentraditionally

exploitedby mostrelation-classificationsystems.Inparticular,awindowwithasizeof3is

6http://mattmahoney.net/dc/text8.zip
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widelyadopted(Giulianoetal.,2006).

6.2.5 Poolinglayer

Themaingoalofthepoolingoperationistoextractthemostrelevantfeaturesofeachfilterusing

anaggregatingfunction. Thislayerisacriticalpartofthearchitecturebecauseitcompacts

thefilteredinformationintoavectorrepresentation.Thisvectormaycapturethesalientparts

ofthetextandcanbedirectlyusedasinputoftheclassifierlayer. Forthisreason,the

selectionofacorrectpoolinglayerimprovesthefinalclassificationofthe model. Theaimof

thischapterisalsotoexploreandselectthebestpoolingoperationforDDIandcreateavector

z=[z1,z2,...,zm∗k],whosedimensionisthetotalnumberoffiltersmbythenumberofdifferent

filterlengthkthatrepresentstherelationinstance.Inthisstudy,threedifferentpoolinglayers

areappliedtotheoutputmatrixoftheconvolutionallayer.

Max-pooling

ThemaxfunctionisthemostcommonchoiceforthepoolinglayerinCNNarchitectures.This

operationproducesasinglevalueineachfilteras

zf=max{s}=max{s1;s2;...;sn} (6.2)

Average-pooling

Theaveragepoolingiscommonlyusedinimageclassificationtasks,butitisnotverypopular

inNLPtasks.Inthisstudy,itsperformancewasmeasurefortheDDIExtractionTask.Inthis

case,theoperationcomputestheaverageofeachfiltervalues:

zf=mean{s}=mean{s1;s2;...;sn} (6.3)
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Attentivepooling

Theattentivepoolingisaneuralattention mechanismwhichfocusesontherelevantwords,

capturingtheimportantsemanticinformationwithoutusinglexicalresourcesorNLPtools.

Forthiswork,theattentivepoolingmethodisthesameastheproposedby(Zhouetal.,2016)

forthetaskofrelationextractionwithLSTM.

InthecaseofCNN,theoperationusesaweightvectorwT ∈Rm×1whichis multipliedbya

filternormalizationM ∈R(n∗k)×m. Theresultingvectorα∈Rn×1determinatestherelevant

valuesofeachwordinthesentencefortheclassification.

M =tanh(S) (6.4)

α=Softmax(Mwα) (6.5)

Finally,thevectorαis multipliedbythefilter matrixStoreduceitsdimensionalitygivenby

therelevancyoftheirwords

z∗=tanh(αTS) (6.6)

6.2.6 Softmaxlayer

Beforeperformingtheclassification,adropoutpreventstheover-fittingofthenetwork. To

dothis,theelementsofzarerandomlysettozerowithaprobabilitypfollowingaBernoulli

distributioninordertogenerateareducedvectorzd. Afterthat,thisvectorisfedintoafully

connectedSoftmaxlayerwithweightsW s∈Rm×ktocomputetheoutputpredictionvaluesfor

theclassificationas

o=zdW s+d (6.7)

wheredisabiasterm;inthedataset,therearek=5classes(advice,effect,int,mechanism

andnon-DDI).Attesttime,thevectorzofanewinstanceisdirectlyclassifiedbytheSoftmax

layerwithoutadropout.
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6.2.7 Learning

Forthetrainingphase,theCNNparametersettobelearntisdefinedasθ=(W e,W d1,W d2,

W s,Fm),whereFm areallofthem filtersf.Forthispurpose,theconditionalprobabilityof

arelationrisobtainedbytheSoftmaxoperationas

p(r|x,θ)=
exp(or)
k
l=1exp(ol)

(6.8)

tominimizethenegativelog-likelihoodfunctionforallinstances(xi,yi)inthetrainingsetTas

follows

J(θ)=−

T

i=1

logp(yi|xi,θ) (6.9)

Besides,theobjectivefunctionisminimizedtolearntheparameterswiththestochasticgradient

descentusingtheAdamupdaterule(KingmaandBa,2014)appliedovershuffledmini-batches.

Finally,l2-regularizationisaddedtotheweightsoftheSoftmaxlayerW stopreventover-fitting.

6.3 Evaluation

ThissectiondescribestheevaluationresultswiththeCNNmodelonthedatasetsandprovides

adetailedanalysisanddiscussion. Theresultswere measuredusingthePrecision(P),Recall

(R)andF-measure(F1)forallofthecategoriesintheclassification.

6.3.1 DDI Corpus

Toinvestigatetheeffectofthedifferentparameters,anevaluationprocesstochoosethebest

modelwasfollowedbyselectingtheparametersseparatelyinavalidationsettoobtainthe

bestvalues.SincetheDDIcorpusisonlysplitintotrainingandtestdatasets,2748instances

(candidatepairs)(10%)areselectedfromthetrainingdatasetatthesentencelevel,forming

thevalidationset,whichwasusedforalltheexperimentstofine-tunethehyper-parametersof

thearchitecture.
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Inordertovalidateeachsetting,astatisticalsignificanceanalysisbetweenthe modelsisper-

formed. Forthispurpose,thesignificanceistestedwiththeχ2 andp-valuestatistics. Two

modelsproducedifferentlevelsofperformancewhether χ2isgreaterthan3.84andp-valueis

lowerthan0.05.

Firstly,theperformanceisshowninalearningcurvetofindtheoptimalnumberofepochs

forwhichthesystemachievesthebestresultswiththestoppingcriteria. Secondly,abasic

CNNwascomputedusingpredefinedparameterstocreateabaselinesystem,anditsresults

areanalysed.Thirdly,theeffectsofthefiltersizeandtheselectionofdifferentwordembeddings

andpositionembeddingswereobserved.Finally,aCNNmodelusingthebestparametersfound

intheabovestepswascreated.Foralltheexperiments,thevaluesoftheremainderparameters

forthesystemsaredefinedasfollows:

•Maximallength n=128.

•Filtersforeachwindowsizem=200.

•Dropoutratep=50%.

•l2-regularization=3.

•Mini-batchsize=50.

•RectifiedLinearUnit(ReLU)asthenonlinearfunctiong.

Theparameternisthemaximumlengthinthedatasetafterthepre-processingphase,misthe

sameasin(Liu,Tang,Chenand Wang,2016),andtherestoftheparametersarethesameas

in(Kim,2014).

Learningcurve

Figure6.2showsthelearningcurvefortheCNNmodelfromrandominitialization,i.e.instead

ofusingpre-trainedwordembeddingsasinputfeaturesforthearchitecture,randomvectorsof

300dimensionsaregeneratedusingauniformdistributionintherange(−1,+1). Thecurve
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Table6.1: Numberofinstancesineachdatasetofthe DDIcorpusafterthepre-processing
phase.TheclassOtherrepresentsthenon-interactionbetweenpairsofdrugmentions.

Classes DDI-DrugBank DDI-MedLine Total

Advice 1028 14 1042
Effect 1815 214 2029
Int 272 12 284
Mechanism 1535 83 1618
Other 26486 1892 28373
Total 31136 2215 33351
Train 25885 1778 27663
Test 5251 437 5688

showstheperformanceofeachiterationofalearningstep(epoch),andit measurestheF1

performancefortheclassificationoftheSoftmaxlayer. Accordingtothislearningcurve,the

bestvalidationF1isreachedwith27epochs(77.7%),whichistheoptimumnumberofepochs

totrainthenetwork(seethegreenpointinFigure6.2). Moreover,thetrainingF1isstill

around100%,andthevalidationF1doesnotimprovebyusing moreepochs. Thereisnota

largegapbetweenthetrainingandvalidationF1,andtherefore,themodeldoesnotappearto

produceover-fitting.Figure6.2alsoshowsthatthevalidationandtestvariationperformvery

similar,confirmingthatthechoiceoftheparametersinthevalidationsetisalsovalidforthe

testset. Finally,thenetworkistrainedwith25epochsinthefollowingexperimentsbecause

afterthispointthemodelstartstodecreaseitsperformance. Moreover,itwasthevaluechosen

by(Kim,2014).

Baselineperformance

Aspreviously mentioned,thebaselineCNN modelistrainedwithrandominitialization(i.e.

withoutpre-trainedwordembeddings)of300dimensions,filtersize(3,4,5)andnoposition

embeddings. Theperformanceofthis modelforeachoftheDDItypesisshowninTable6.2,

Table6.3andTable6.4. ThemodelachievesanF1of61.98%ontheDDI-DrugBankdataset,

whileitsF1ontheDDI-MedLinedatasetislower(43.21%).Thedifferencesbetweentheresults

aremainlybecausetheDDI-MedLinedataset(with327positiveinstances)ismuchsmallerthan

theDDI-DrugBankdataset(with4701positiveinstances).
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Figure 6.2: Learning curve of a CNN with random initialization. The blue line shows the
training-curve variation along the number of epochs, the green represents the validation and
the red one the testing curve.

Table 6.2: Results obtained for CNN from random initialization on the whole DDI corpus.

Classes TP FP FN Total P R F1

Advice 131 43 90 221 75.29% 59.28% 66.33%
Effect 239 220 121 360 52.07% 66.39% 58.36%
Int 27 3 69 96 90% 28.12% 42.86%
Mechanism 176 84 122 298 67.69 % 59.06% 63.08%
Overall 573 350 402 975 62.08% 58.77% 60.38%

Focussing on the results obtained for each DDI type on the whole DDI corpus, theadviceclass

is the type with the best F1. The main reason of this result is that these interactions are

typically described by very similar patterns such as‘DRUG should not be used in combina-

tion with DRUG’or‘Caution should be observed when DRUG is administered with DRUG’.

Thus, the model can easily learn these patterns because they are very common in the DDI

corpus, like in the DDI-DrugBank dataset. Themechanismtype is the second one with the

best performance (F1 = 63%), even though its number of instances is lower than theeffecttype

(see Table 6.1). While the systems which were involved in the DDIExtraction-2013 challenge

agreed that the second easiest type waseffect(Segura-Bedmar et al., 2014), this may have

been because it was the second type with more examples in the DDI corpus; the model appears
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toobtainbetterperformanceforthemechanism type. Asdescribedin(Herrero-Zazoetal.,

2013),oneofthe mostcommonreasonsfordisagreementbetweentheannotatorsoftheDDI

corpusisthe DDIsthatrepresentmechanism andeffectbecausesometimestheselectionof

thesetypesisnotobvious. Forexample,thesentence‘ConcomitantadministrationofTEN-

TRALandtheophylline-containingdrugsleadstoincreasedtheophyllinelevelsandtheophylline

toxicityinsomeindividuals’describesachangeinthemechanism oftheDDI(‘increasedtheo-

phyllinelevels’),aswellasaeffect(‘theophyllinetoxicity’).Inordertosolvethesecases,the

annotatorsdefinedthefollowingpriorityrule:firstmechanism,secondeffectandthirdadvice.

Whilethesystemsdevelopedsofarcannotlearnthisrule,theCNN modelappearstohave

acquireditcorrectly. Moreover,thesentencesthatdescribethetypemechanismincludethePK

parameterssuchasareaunderthecurve(AUC)ofbloodconcentration-time,clearance,maxi-

mumbloodconcentration(Cmax)and minimumbloodconcentration(Cmin). Thesekindsof

parameters,whichingeneralareexpressedbyasmallvocabularyoftechnicalwordsfromthe

pharmacologicaldomain,maybeeasilycapturedbytheCNNmodelbecausethewordvectors

arefine-tunedforthetraining.

Finally,theresultsshowthattheintclassisthe mostdifficulttypetoclassifybecausethe

proportionofinstancesintheDDIcorpus(5.6%)ismuchsmallerthanthoseoftheremainder

ofthetypes(41.1%foreffect,32.3%formechanism and20.9%foradvice).

Table6.3andTable6.4alsoshowthattheperformanceofeachtypeisdifferentdepending

ofthedataset. Thus,whiletheaboveexplanationcanbeextrapolatedtotheDDI-DrugBank

dataset,theconclusionsareentirelydifferentfortheDDI-MedLinedataset.Forexample,the

CNN modelobtainslowerresultsfortheadvicetype(F1=25%)comparedtotheeffectand

mechanism types(withanF1around43-45%). Thisdifferencecouldbecausedbecausethe

advicetypeisveryscarceinthe DDI-MedLinedataset. Likewise,the CNN modelcannot

classifytheinttype,whichisevenscarcerthantheadvicetypeinthisdataset.
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Table6.3:ResultsobtainedforCNNfromrandominitializationontheDDI-DrugBankdataset.

Classes TP FP FN Total P R F1

Advice 130 43 84 214 75.14% 60.75% 67.18%
Effect 212 190 86 298 52.74% 71.14% 60.57%
Int 27 2 67 94 93.1% 28.72% 43.9%
Mechanism 169 79 109 278 68.15% 60.79% 64.26%
Overall 538 314 346 884 63.15% 60.86% 61.98%

Table6.4: ResultsobtainedforCNNfromrandominitializationontheDDI-MedLinedataset.

Classes TP FP FN Total P R F1

Advice 1 0 6 7 100% 14.29% 25%
Effect 27 30 35 62 47.37% 43.55% 45.38%
Int 0 1 2 2 0% 0% 0%
Mechanism 7 5 13 20 58.33% 35% 43.75%
Overall 35 36 56 91 49.3% 38.46% 43.21%

Filter-sizeselection

Figure6.3showsthedistancesbetweenentitiesintheDDIcorpus,whichwereobtainedfrom

morethan100samples.Concretely,themostcommondistancesare2,4and6,with3205,1858

and1586samples,respectively.BecausebiomedicalsentencesdescribingDDIsareusuallyvery

longandtheirinteractingdrugsareoftenfarfromeachother(theaveragedistancebetween

entitiesis14.6),differentwindowsizesareusedtoadaptthisparametertobiomedicalsentences.

Table6.5showstheresultsoftheCNNbaselinetrainedwithdifferentfiltersizes. Withthe

exceptingofsomecases(e.g.filtersize=2),mostofthefiltersizesprovideverycloseresults.

Inthecaseofsinglefiltersize,14isthebestonebecauseitcancapturelongdependenciesin

asentencewithjustonewindow. Althoughitseemslogicaltoconsiderthatlargerfiltersizes

shouldgivebetterperformance,theexperimentsdidnotagreewiththisconclusion.Increasing

thesizeappearstocreateincorrectfilterweights,whichcannotcapturethemostcommoncases.

Concretely,thebestfiltersizewas(2,4,6),whichmaybebecausetheyarethemostcommon

distancesbetweenentitiesintheDDIcorpus.

Table6.6showsthesignificancetestsfortheexperimentsassessingtheeffectofthefiltersize

parameter.Ingeneral,mostofthecomparisonsarestatisticallysignificant,andespeciallythose

withthefilter-size(2,4,6)thatachievesthebestperformance.Therefore,thebestperformance
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Figure 6.3: Distance between entities in sentences describing DDIs.

Table 6.5: Results for several filter sizes.

Filter Size P R F1

2 56.89% 52.1% 54.39%
4 65.65% 52.92% 58.6%
6 75.35% 49.23% 59.55%
(2, 3, 4) 63.15% 57.13% 59.99%
(3, 4, 5) 62.08% 58.77% 60.38%
(2, 4, 6) 73.57% 52.82% 61.49%
(2, 3, 4, 5) 71.31% 52% 60.14%
14 71.23% 51.79% 59.98%
(13, 14, 15) 72.64% 49.03% 58.54%

is obtained using a filter-size of (2, 4, 6). Thus, the most common distances between entities

are the best choice to be used as the filter size parameter.

Effects of the embeddings

Table 6.7 shows the results for the different word embeddings as well as for several dimensions

(5, 10) of position embeddings with a filter size (3, 4, 5). As previously explained, position

embeddings represent the position of the candidate entities (which are involved in the DDI) as

a vector. Only the word embeddings are the input matrix when the position embeddings are
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Table6.6: χ2andp-valuestatisticsbetweenthedifferentfiltersizes. Asteriskdenotesresults
statisticallysignificant.

FilterSize 4 6 (2,3,4) (3,4,5) (2,4,6) (2,3,4,5) 14 (13,14,15)

2 13.22* 50.68* 155.88* 1.20 25.77* 119.71* 44.52* 5.28*
2.77e-04* 1.09e-12* 8.99e-36* 2.73e-01 3.84e-07* 7.32e-28* 2.52e-11* 2.16e-02*

4 20.01* 118.53* 21.92* 3.87* 97.79* 17.79* 0.14
7.71e-06* 1.33e-27* 2.84e-06* 4.91e-02* 4.66e-23* 2.46e-05* 7.12e-01

6 44.14* 73.39* 7.92* 26.78* 0.08 22.25*
3.06e-11* 1.06e-17* 4.89e-03* 2.28e-07* 7.73e-01 2.39e-06*

(2,3,4) 177.61* 69.08* 4.82* 33.78* 81.04*
1.61e-40* 9.48e-17* 2.81e-02* 6.18e-09* 2.21e-19*

(3,4,5) 33.25* 146.78* 67.70* 11.33*
8.12e-09* 8.75e-34* 1.91e-16* 7.65e-04*

(2,4,6) 51.97* 7.16* 5.06*
5.63e-13* 7.45e-03* 2.45e-02*

(2,3,4,5) 20.44* 67.10*
6.16e-06* 2.58e-16*

14 31.01*
2.57e-08*

notincludedinthemodel.

Ingeneral,theimplementationofpositionembeddingsappearstorealizeaslightimprovement

intheresults,providingthebestscoreswhenthedimensionis10.Forexample,theinclusion

ofpositionembeddingsachievesaslightincreaseinF1forrandominitialization(i.e.theword

vectorsarerandomlyinitializedandfine-tunedforthetraining).Inthiscase,theposition

embedding withadimensionof5achievesthebestF1. Onthecontrary,the CNN model

which wastrainedusinga wordembedding modelon Wikipedia(withadefaultsettingin

theCversionof Word2vec,whichisrepresentedas Wikibow8w25ninTable6.7)appears

tobenefitfromtheimplementationofpositionembeddings,achievingitsbestF1(60.91%)

withadimensionof10forthepositionembedding. Likewise,theCNN models,whichwere

trainedonthewordembeddingmodelfromtheBioASQcollectionwithskip-gramarchitecture

(Bioskip8w25nandBioskip10w10n),alsoprovidebetterresults whenthedimensionis

10.IfthearchitecturesareCBOW(Biobow8w25nandBiobow5w10n),thebestF1are

obtainedwithdimension5.

TheresultsoftrainingtheCNNmodelsonpre-trainedwordembeddingsmodelfrom Wikipedia

areslightlylowerthantherandominitializationbecausethewordembeddingslearnedfrom

Wikipedia,whichcontainstextsfromdifferentdomains,maynotbeappropriateforthephar-

macologicaldomain.NeitherofthewordembeddingmodelslearnedfromtheBioASQcollection
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(whichfocusesonthebiomedicalscientificdomain)appearstoprovidebetterresultsthanthe

CNN modelinitialized withrandomvectors. Apossiblereasonforthis maybethat most

textsintheDDIcorpusarenotscientifictextsbutalsofragmentsfromhealthdocumentsfor

patients,suchasdrugpackageinserts(whichcontaininformationaboutagivenmedication).

Furthermore,theeffectsofthe Word2vecparametersontheCNNperformancearealsoex-

plored.InTable6.7,thetwoarchitectures(skip-gramandCBOW)provideverysimilarscores.

However,theformerhasaveryhighcomputationalcomplexitywithaverylonggeneration

timecomparedtothelatter,therefore,CBOWappearstobethebestoptiontotraintheword

embedding modelsinsteadofskip-gram. FortheCBOWarchitecture,thebestF1is60.91%

(windowsize8andnegativesampling25,trainedon Wikipedia). Whenthesamemodeltrained

onBioASQ,themodelobtainsaverycloseF1(60.78%).

Table6.7: Performance withdifferent wordembeddingandpositionembeddingsize. The
prefix Wiki(Wikipediacorpus)orBio(BioASQdataset)referstothecorpususedtotrain
thewordembedding model. Thelabelbow(CBOW)orskip(skip-gram)referstothetypeof
architectureusedtobuildthemodel.Theprecedingnumberwandnindicatesthesizeofthe
contextwindowandthenegativesampling,respectively.

WordEmbedding PositionEmbedding P R F1

random
0 62.08% 58.77% 60.38%
5 69.34% 55.9% 61.9%
10 70.76% 54.36% 61.48%

Wiki bow8w25n
0 60.89% 54.46% 57.5%
5 59.2% 60.72% 59.95%
10 70.64% 53.54% 60.91%

Bioskip8w25n
0 62.39% 57.85% 60.03%
5 67.8% 53.33% 59.7%
10 66.92% 55.18% 60.48%

Bioskip10w10n
0 70.66% 49.64% 58.31%
5 61.84% 56.51% 59.06%
10 68.77% 54.87% 61.04%

Biobow8w25n
0 64.09% 54.36% 58.82%
5 69.43% 54.05% 60.78%
10 67.27% 49.95% 57.33%

Biobow5w10n
0 58.25% 59.38% 58.81%
5 60.18% 61.23% 60.7%
10 65.21% 56.72% 60.67%

Thesignificancetestsforthedifferentwordembeddingsandpositionembeddingsindicatethat
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manyofthecomparisonsaresignificant.Inparticular,thebest model(whosewordvectors

wererandomlyinitializedandthepositionembeddingwassetto5)isstatisticallysignificant

comparedtotheremaindermodels(seeTable6.8).

Optimalparameterperformance

Fromtheobservationoftheresultsoverthevalidationset,thebest modelisobtainedwith

randomlyinitialized,filtersize(2,4,6)anddimensionofpositionembedding5. Table6.9

showstheresultsofthis modelforeachtype. ThetypewiththebestF1isadvice(71.25%),

followedbymechanism (58.65%)andeffect(58.65%).Theworsttypeappearstobeint,which

hasanF1ofonly41.22%.TheoverallF1is62.23%.Figure6.4showsthatthismodeldoesnot

achieveanewstate-of-the-artF1forDDIclassification. However,thismodelisverypromising,

anditsresultsarecomparabletothoseofprevioussystems.

Finally,thestatisticalsignificanceanalysisbetweenthebaselinesystemandthe modelgives

theoptimalparametervalueswiththeχ2andp-valuestatisticsbeing5.7y0.017,respectively.

Theseresultssuggestthatthetwomodelsproducedifferentlevelsofperformance.

Table6.9: ResultsobtainedforthebestCNNmodel(randominitialization,filtersize(2,4,6)
andpositionembeddingofdimension5)ontheDDIcorpustestset.

Classes TP FP FN Total P R F1

Advice 145 41 76 221 77.96% 65.61% 71.25%
Effect 183 81 177 360 69.32% 50.83% 58.65%
Int 27 8 69 96 77.14% 28.12% 41.22%
Mechanism 192 106 106 298 64.43% 64.43% 64.43%
Overall 547 236 428 975 69.86% 56.1% 62.23%

Differentpoolinglayersareexploredwiththeprovidedparametersinordertofindthebest

operationfortheDDIExtractionTask.Besides,acombinationofthetwobetterpoolingoper-

ationsisperformedtocompareitsperformance.
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Figure6.4:State-of-the-artF1-scoresforDDIclassification.Thedeepbluebarsrepresentthe
participatingsysteminDDIExtractionTask.Thelightblueistheworkof(Kimetal.,2015),
andthegreenbarsrepresentrecentsystemsbasedontheDeepLearningtechniquesforDDI
classification,whichwerepresentedsubsequently. Thebestmodelisrepresentedbythered
bar.

Max-pooling

Firstly,theeffectsofnegativefilteringaretestedonthemax-poolingoperationarchitecture.

Theresultsusingthemax-poolingCNNwithoutnegativefilteringareverysimilarto(Súarez-

PaniaguaandSegura-Bedmar,2016)becausethesameconfigurationisused(seeTable6.10).

However,ahigherF1(62.93%)isobtainedusingtheentiretrainingdataset.

Table6.10:Resultsobtainedformax-poolingCNNonthetestdatasetwithoutnegativefilter-
ing.

Classes P R F1

Advice 79.33% 64.25% 71.00%
Effect 68.90% 54.17% 60.65%
Int 81.08% 31.25% 45.11%
Mechanism 58.29% 70.57% 63.84%
Overall 67.13% 59.22% 62.93%

Table6.11showstheresultswiththenegativefiltering,whichincreasestheoverallperformance

inF1overthepreviousexperiment(+1.63%).Negativefilteringalsoimprovestheperformance

forthreeofthefourDDIclasses,exceptfortheadvicetype,whereF1isslightlylowerandnot

significant.Negativefilteringisappliedfortheremainingexperiments.
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Table6.11: Resultsobtainedformax-poolingCNNonthetestdatasetwithnegativefiltering.

Classes P R F1

Advice 80.36% 61.09% 69.41%
Effect 62.06% 64.15% 63.09%
Int 62.32% 44.79% 52.12%
Mechanism 67.24% 66.11% 66.67%
Overall 67.19% 62.14% 64.56%

Average-pooling

AscanbeseeninTable6.12,allperformance measurespresentadrasticdecrease,especially

inRecall,whenaveragepoolinglayerisusedinsteadofthemax-poolingoperation. Apossible

reason maybethepaddingoperation.Inshortersentences,theaverage-pooling maydisrupt

therepresentationcausedbytheappendingofthespecialpadtokens.

Table6.12: Resultsobtainedforaverage-poolingCNNonthetestdatasetwithnegativefilter-
ing.

Classes P R F1

Advice 66.99% 63.35% 65.12%
Effect 58.14% 63.03% 60.48%
Int 66.67% 31.25% 42.55%
Mechanism 61.90% 47.99% 54.06%
Overall 61.70% 55.35% 58.35%

Attentivepooling

Similarlytotheaverage-poolingresults,theattentivepoolinglayer(seeTable6.13)doesnot

achievebetterresultsthanthoseobtainedwith max-pooling. Evenso,theresultsarebetter

thantheaverage-poolingresults.Inthiscase,theadverseeffectofpaddingontheresultsmay

bemuchlowerthanintheaverage-poolingbecausetheweightofPADtokensispossiblymuch

smallerthantherestofthetokens.

Poolingcombination

Similarlyto(SahuandAnand,2018),twoseparatelyCNNmodelsaretrainedusingtwodifferent

poolingoperations(inparticular,max-poolingandattentive)toincreasetheperformanceofthe
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Table6.13: Resultsobtainedforattentivepooling CNNonthetestdataset withnegative
filtering.

Classes P R F1

Advice 78.74% 61.99% 69.37%
Effect 58.29% 57.14% 57.71%
Int 79.07% 35.42% 48.92%
Mechanism 60.75% 54.03% 57.19%
Overall 64.42% 55.14% 59.42%

model.Then,thetwopoolingvectorsareconcatenatedintoasinglevector,thatistheinputof

theSoftmaxlayerforthefinalclassificationoftheinstances.Table6.14showstheresultsofthis

combination. Neitherthecombinationofthemaxandattentivepoolingoperationsovercomes

theuseofasinglemax-poolinglayer.

Table6.14: Resultsobtainedforthecombinationof max-poolingandattentivepoolingCNN
onthetestdatasetcorpuswithnegativefiltering.

Classes P R F1

Advice 79.23% 65.61% 71.78%
Effect 65.28% 61.62% 63.40%
Int 80.49% 34.38% 48.18%
Mechanism 69.23% 60.40% 64.52%
Overall 70.40% 59.47% 64.47%

6.3.2 SemEval2017 Task10: ScienceIE- Extracting Keyphrases

and RelationsfromScientificPublications

Eachpairofkeyphrasesrepresentsapossiblerelationinstance.TheCNNmodelclassifieseach

oftheinstancesinthreeclassesHYPONYM-OF,SYNONYM-OFandNONE.Thecorpusis

annotatedintheparagraphlevel,thatiswhythesentencesplitterofthe NLTK7 separates

therelationsinthesentencelevelbecausetherelationsareannotatedwithinasentence. Once

eachinstanceisobtained,followingasimilarapproachpreviouslydescribedthesentencesare

cleanedandpreprocessedusingtheentityblinding.

Fortheparticularcaseofthe HYPONYM-OFclass,thedirectionality mustbeconsidered.

Forinstance,ifanentityAisHYPONYM-OFB,therelationofBwithAisannotatedas

7http://www.nltk.org
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NONE.Fortheremainderclasses,bothdirectionsareannotatedwiththesameclasslabel.

Thekeyphrasescorpuscontainssomeannotatedentitiesthatareoverlapped. Asthiskindof

mentionsproduceswrongentityblinding,theyareremoved. Theclassificationofkeyphrases

involvingoverlappedentitiesisachallengingtaskwhichwillbetackledinfuturework. One

possiblesolutionwillconsiderdifferentinstancesforeachoverlappedentities.

Firtsly,abasicCNNsystemwithpredefinedparametersclassifiesthesentencesintotherela-

tionshipscategories.Secondly,theeffectsofthepositionembeddingsareobservedassigninga

dimensionMd=10.Besides,theparametersarethesameasin(Kim,2014):wordembeddings

dimensionMe=300,filtersm=200withawindowsizew=(3,4,5).Forthetrainingphase,

thehyper-parametersaresetasfollows:dropoutratep=50%, mini-batchsizeofsize50and

theRectifiedLinearUnit(ReLU)asthenonlinearfunctiong.Theparametern=95whichis

determinedbythe maximumlengthsentenceinthedataset. Onlythenumberofepochswas

fine-tunedinthevalidationsetusingthestoppingcriteria.

Table6.15showstheresultsofthebasicCNNconfigurationwithoutpositionembeddings.The

Recallperformanceinbothclassesisverylowbecausetheparameterswerenotexploredin

detailandthe modelisnotfine-tunedforthisproblemcorrectly.Inaddition,removingthe

overlappedentitiesdiscardsmanyexamples,andimprovestheresults.

Table6.15: ResultsovertheSemEval2017Task10datasetusingabasicCNN.

Classes P R F1

HYPONYM-OF 0.27 0.07 0.12
SYNONYM-OF 0.65 0.32 0.43
Overall 0.53 0.21 0.30

Table6.16showstheofficialresultsobtainedbythe CNN withpositionembeddings. The

PrecisionincreasesconsiderablyinthecaseofHYPONYM-OFandtheRecallofSYNONYM-

OF.Thisresultprovesthatsentencesarebestrepresentedusingpositionembeddings(+8%in

F1-scoreagainsttoCNNwithoutpositionembeddings).

Forbothcases,theclassSYNONYM-OFisclassifiedbetterthantheclassHYPONYM-OF

becausetheexamplesintheformerclassaresimpler,e.g.inthesentence‘trajectorysurface

hoping(TSH)’thekeyphrase‘trajectorysurfacehoping’isaSYNONYM-OF‘TSH’,andthe
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doubleofinstancesareobtainedduetotheclassisthesameinbothdirections. Thatisthe

mainreasonwhytheclassHYPONYM-OFobtainedlowRecallinbothmodels.Forthisreason,

somepreprocessingareneededtocorrecttheseclassificationerrorswitharule-basedsystem.

Table6.16:ResultsovertheSemEval2017Task10datasetusingaCNNwithpositionembed-
dingsizeof10.

Classes P R F1

HYPONYM-OF 0.54 0.07 0.13
SYNONYM-OF 0.61 0.46 0.52
Overall 0.60 0.28 0.38

6.3.3 SemEval2018Task7:SemanticRelationExtractionandClas-

sificationinScientificPapers

Therelationsbetweenscientificconceptsareannotatedpairbypairintheabstracts. Allthe

annotationsspanwithinonesentence,butthecorpusisgivenintheparagraphlevel.Forthis

reason,theNLTKtool8 splitstheparagraphsoftheabstractsintosentencestogenerateall

thepossibleinstances.Then,theinstancesaretokenized,cleanedandpreprocessedwithentity

blinding.

FortheCOMPARISONclass,whichisabidirectionalrelationship,bothinstancesareannotated

withthesameclasslabel. Forexample,thesentence: ‘Wesuggesta methodthat mimicsthe

behaviouroftheoracleusinganeuralnetworkoradecisiontree.’shouldbetransformedinto

therelationinstancesshowedinTable6.17.

Table6.18showsthenumberofinstancesextractedinthetrainingsetpereachclass. The

Noneclassrepresentsthenumberofpairsofentitiesthatarenotrelated(negativeinstances).

Thenumberofpositiveinstancesisverylowcomparedtothenegativeones,1323over19210

(around7%), mainlybecause mostclassesareunidirectionaland weannotatedthereverse

instanceasNone.

Asamplingtechniquedescribedin(Wangetal.,2017)adjuststhesamenumbersofinstances

8http://www.nltk.org
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Table6.17:Instancesofasentenceinthecorpusafterapplyingthepre-processingphasewith
entityblinding.

(entity1,entity2) Instancesafterentityblinding

(oracle,neuralnetwork) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity1usingaentity2oraentity0.’

(neuralnetwork,oracle) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity2usingaentity1oraentity0.’

(oracle,decisiontree) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity1usingaentity0oraentity2.’

(decisiontree,oracle) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity2usingaentity0oraentity1.’

(neuralnetwork,decisiontree) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity0usingaentity1oraentity2.’

(decisiontree,neuralnetwork) ‘Wesuggestamethodthatmimicsthebehaviourof
theentity0usingaentity2oraentity1.’

pereachclass. Therefore,60%ofthenegativeinstancesarerandomlydiscarded,andthe

instancesineachclassareduplicateduntilhavingthesamenumberasthemorerepresentative

class,483correspondingtoUSAGE.Thus,thistechniquesolvespossibleissuesassociatedwith

theimbalanceddataset.

Table6.18: NumberofinstancesintheSemEval2018Task7dataset.

Classes Instances

COMPARE 190

MODEL-FEATURE 326

PART WHOLE 234

RESULT 72

TOPIC 18

USAGE 483

None 17887

Total 19210

TheproposedCNNistestedfortheclassificationofthesesentences. Additionally,thePOS

tagfeaturesofeachword(entitiesare markedascommonnouns)areextractedinorderto

createaPOSembedding matrixas(Zhaoetal.,2016)W POS ∈R|P|×mPOS whereP isthe

POStypesvocabularysizeandmPOS isthePOSembeddingdimension. Finally,theinput

matrixX∈Rn×(me+mPOS+2md)representstheconcatenationofthewordembeddings,thePOS

embeddingsandthetwopositionembeddingsforeachwordintheinstance.
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Figure6.5:CNNmodelforthesemanticrelationclassificationinscientificpapersofSemEval-
2018Task7.

Wordtablelayer

Fortheexperiments,theCNNusesMd=5forthepositionembeddingsandMPOS=10for

thePOStagembeddings. Moreover,theparametersarethesameasin(Kim,2014): word

embeddingsdimensionMe=300,filtersm=200withawindowsizew=(3,4,5).Forthe

trainingphasethehyper-parametersaresetasfollows:dropoutratep=50%,mini-batchsize

ofsize50andtheRectifiedLinearUnit(ReLU)asthenonlinearfunctiong.Theparameter

n=95whichisdeterminedbythemaximumlengthsentenceinthedataset.Onlythenumber

ofepochswasfine-tunedinthevalidationsetusingthestoppingcriteria.

TheCNNsystemobtainsanF1-scoreof35.4%fortherelationextractiontaskinwhichonly

thedetectionofrelationisconsidered.Table6.19showstheofficialresultsobtainedforthe

relationclassificationtask.ThismodelreachesanF1-scoreinMacro-averageof18.5%withone
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stepclassifier,which meansthattheextractionandclassificationareconsideredatthesame

time. Thisperformancewasexpectedbecausethevalidationset,whichwascreatedfromthe

trainingset,reachessimilarresults.Furthermore,147instanceswithcorrectdirectionalityover

367arecorrectlypredicted(i.e.40.05%incoverage).

The mainproblemisthehighnumberofFPinthe majorityofclasses,whicharetheNone

instancesclassifiedasaclass. Insomeclasses,suchasPART WHOLE andUSAGE,the

numberofFNcomparedishigherthanthetotalnumberofinstances.Themainreasonisthat

therepresentationsofthetwodirectionsofeachrelationareverysimilar,onlytheposition

distancesandthetargetentitynamesareinverted,andtheCNNcannotdistinguishbetween

them.

Table6.19: ResultsovertheSemEval2018Task7datasetusingaCNN model measuredby
TruePositives,FalsePositives,FalseNegatives,Precision,RecallandF1-measure,respectively.

Classes TP FP FN P R F1

COMPARE 8 116 11 6.45% 42.11% 11.19%
MODEL-FEATURE 36 185 37 16.29% 49.32% 24.49%
PART WHOLE 22 66 60 25% 26.83% 25.88%
RESULT 2 21 14 8.7% 12.5% 10.26%
TOPIC 0 0 3 0% 0% 0%
USAGE 41 96 133 29.93% 23.56% 26.37%
Micro-averaged - - - 18.38% 29.7% 22.71%
Macro-averaged - - - 14.39% 25.72% 18.46%

6.4 Conclusions

State-of-the-artmethodsfortheDDIExtractionTaskuseclassicalsupervisedmachine-learning

algorithms(suchasSVM)andintensivefeature-engineering.CNNmodelcanbeusedtoclassify

DDIsandautomaticallylearnsthebestfeaturerepresentation.Themaincontributionsofthis

sectionare:to makeadetailedcomparisonofpreviousworkfortheDDIExtractionTask;to

provideanin-depthstudyoftheinfluenceoftheCNNhyper-parametersontheresults;andto

evaluatetheperformanceofaCNNmodelfordifferenttypesoftextssuchasscientificarticles

anddrugpackageleafletsaswellasforthedifferenttypeofDDIs.
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UnlikesomepreviousworksbasedonDeepLearning(EbrahimiandDou,2015;Zhaoetal.,

2016),thisCNNmodeldoesnotemployanyexternalfeaturesintheclassificationlayer.Their

systemsusedexternalfeaturessuchasthedistancebetweentheentities,thedepthofthetree

oftheentities,thetypeofsyntacticdependenciesthatlinkstheentitiesorthecontextsaround

theentities,amongothers. Thereisanextensiveliteratureshowingthatthesefeaturescan

positivelycontributetosolvingtherelationextractiontask.Consequently,therealcontribution

ofaDeepLearningmodelasafeaturelearningmodelisnotclearifthearchitectureusesexternal

features. Despitethelowperformance,thesystemachievesverypromisingresultswithoutany

feature-engineering.TheclassificationofDDIsremainsanunsolvedchallengeinscientifictexts,

suchas MedLineabstracts,andthisisprimarilybecausethesizeofthetrainingdatasetisnot

enoughtolearnthefeatures, whichare moreappropriatefortheextractionof DDIsfrom

MedLineabstracts. Thus,itiscrucialtoincreasethesizeoftheDDI-MedLinedataset. The

sameproblemoccurswiththeclassificationoftheadviceandintDDItypes,whichhaveavery

lowfrequencyintheDDIcorpus,andtherefore,theirresultswereworsethanthoseobtained

forthemechanism andeffecttypes.

ComparingwithpreviousworksthatdidnotuseDeepLearningmethods,anautomaticfeature-

learning methodisproposedandobtains62.23%inF1thatisasuitablealternativeforthe

classificationtaskwithoutanyexternalinformation.Thesesystemshaveahigherclassification

rate(ChowdhuryandLavelli,2013b;Kimetal.,2015)usinganensembleofkernelmethodswith

anextensivefeaturesetbuiltfromademandingfeature-engineeringtask.Unlikepreviousworks,

anexhaustiveanddetailedstudyofpossiblesettingsisperformed(inparticular,thefiltersize,

wordandpositionembeddings)oftheCNNarchitecture,andalsoanin-depthanalysisofthe

resultsforeachtypeofDDIandovereachdatasetoftheDDIcorpus.Itisplannedtostudy

theeffectofaddingadditionallayerstothisarchitectureandusethetwo-stepclassification

(detectionandclassificationofeach DDI)as(Zhaoetal.,2016). Furthermore,other Deep

LearningarchitecturesforDDIclassification,e.g.recurrentneuralnetwork,andexploringits

parameterswithoutexternalfeaturescouldbeimplementedasinthepresentwork.

Theexperimentresultsshowedthattherandominitializationoftheinputwordvectorshave

abetterperformancethanthepre-trainedwordembedding modelsbecausethese modelsare
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learnedfromtextcollectionssuchas Wikipediaor MedLine,whichdonotcontaintextssimilar

tothoseondrugpackageinserts. Mosttextsofthe DDI-DrugBankdatasetwereobtained

fromthiskindofdocuments. Thus,thewordembedding modelcanbetrainedonanexten-

sivecollectionofdrugpackageinsertsinordertostudytheireffectsontheperformancefor

theproposedsystem. Theperfromanceof Word2vecwithdifferentparameterssuggeststhat

botharchitectures(i.e.skip-gramandCBOW)achievedverysimilarresults. However,itis

recommendedusingCBOWbecauseithasasignificantlylesscomputationalcomplexitycom-

paredtoskip-gram. Fortheother Word2vecparameters,thedefaultsettingusedintheC

versionof Word2vecappearstogivethebestperformance.Thefiltersizeisanotherparameter

thatsignificantlyaffectsthe modelperformance. Althoughtheearlyassumptionswerethata

largefiltersizewouldprovidebetterresultsbecausebiomedicalsentencesareusuallyverylong,

theexperimentsconfirmedthatthebestfilterwas(2,4,6). Furthermore,theaggregationof

positionembeddingsgenerallyimprovestheresults,being10dimensionsslightlybetterthan5.

Additionally,threedifferentpoolingoperationsarecomparedforthetaskofthe DDIEx-

traction Taskusinga CNNarchitecture. Theexperimentsshowthat max-poolingexhibits

ahigherperformance(F1=64.56%)thanattentivepooling(F1=59.92%)andthanaverage-

pooling(F1=58.35%). Attentiveandaveragepoolingoperationsprovideworseresultspossibly

causedbythenegativeeffectofspecialpadtokensthatareappendingtotheshortersen-

tences. Concretely,thecombinationof max-poolingandattentivepoolingdoesnotimprove

theperformanceascomparedwiththesinglemax-poolingtechnique.

TheofficialresultsfortheScienceIEkeyphrasesRelationClassificationtaskofSemEval2017

showthatthisarchitectureobtainedanF1-scoreof38%forKeyphrasesRelationClassification.

Thisperformanceispromising,buttheresultsarelowerincomparisonwithotherparticipant

results. However,this modelisabasicconfigurationwithagenericpreprocessingphaseand

withoutexternalfeatures.Theresultssuggestthattheuseofthepositionembeddingimproves

theperformanceinbothclasses.ThetopsystemfortherelationextractionsubtaskwasaCNN

withmax-poolingthatusedtheword,position,typeofentityandPOStagsembeddingsofthe

wordsbetweenthetargetentitiesinthesentenceinordertogeneratetheclassprediction(Lee

etal.,2017)andobtaining63.8%inF-measure.
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TheRelationClassificationtaskofSemEval2018datasetisbalancedusingsamplingtechniques,

blindedtheentitiesinthesentenceandaggregatedpositionembeddingandPOSembedding

tothewordembeddingofeachwordtohave morerepresentationofeachinstancewiththe

proposedCNN.ThisarchitectureobtainsanF1-scoreof35.4%fortherelationextractiontask

and18.5%fortherelationclassificationtaskwithabasicconfigurationoftheonestepCNN.

Thearchitectureof(Rotsztejnetal.,2018)rankedfirstintheclassificationsubtasksusingan

ensembleofCNNandLSTMwiththeword,POSandrelativepositionembeddingsofthewords

inthesentencewhichachieves49.3%inF1.

Infuturework,itisplannedtoavoidthepadtokensintheimplementationofattentiveand

averagepoolingoperations. Besides,usinga multi-channel wordembeddingbyintegrating

severalwordembeddingsmodelscanimprovetheperformanceofCNN. Moreover,atwosteps

modelthatovercomestheextractionoftherelationshipsbetweentwoconceptsandsubsequently

classifytheminthedifferentsemanticclassesisproposedbecauseitseemstoperformbetter

thanonestep modelsforrelationclassification(Kimetal.,2015; Wangetal.,2017;Zhao

etal.,2016). ForbothSemEvaltasks,itisplannedtoruleoutthereverseinstancesofeach

classasNone inordertoavoidhavingverysimilarrepresentationwithdifferentlabels. The

directionalityproblemcouldbesolvedwithsomepost-processingrulesaftertheclassification

ordefiningdifferentlabelsfortheclassesdependingonthedirection.
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End-to-endInformationExtraction

Systeminscientificandbiomedical

texts

Thischapterpresentsa multilingualend-to-endsystemfor NamedEntity Recognitionand

RelationExtractionfrombiomedicalandscientifictexts.Thissysteminvolvestheentireprocess

ofclassifyingrelationsfromrawdata.Concretely,theNERandREtasksappliedasend-to-end

isacrucialsteptocreatearealscenarioapplicationintheclinicaldomain.

7.1 Introduction

TheproposedsystemisbasedontwoDeepLearningmethodsforsolvingtheNERandREtasks.

Firstly,NERisperformedcombiningabidirectionalRNNwithLSTMcells(Bi-LSTM)anda

ConditionalRandomField(CRF).Secondly,REappliesaConvolutionalNeuralNetworkwith

thepositioninformationoftheentities. Theapproachisdomainandlanguageindependent,

andeasilyexpandabletosupportotherlanguagesandclinicalapplicationsthatrequirethe

exploitationofsemanticinformationfromtexts.Thisisoneofthemostrelevantcontributions

ofthisthesisbecausethisisthefirstend-to-endsystemfortheDDIExtractionTask. Moreover,

149
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thisarchitectureobtainsstate-of-the-artresultsontheeHealth-KDchallenge,whichwaspart

ofthe WorkshoponSemanticAnalysisatSEPLN(TASS-2018)(Mart́ınez-Ćamaraetal.,2018).

Duringthelastdecade,tremendousadvanceshavebeen madeinNLPandIEforbiomedical

andclinicaldomainsduetothenumeroussharedtasksorganized.Startingfromthepioneer

BioCreative(Hirschmanetal.,2005)untilthe mostrecent NLPclinicalChallenge(n2c2)1.

Recently,theInternational WorkshoponSemanticEvaluation(SemEval)organizedsomeeval-

uationsofcomputationalsemanticanalysissystemsforRelationExtraction. Concretely,the

goalofSemEval2017Task10:ScienceIEistheautomaticextractionofkeyphrasesandtheir

relationshipsfromscientificpublications(Augensteinetal.,2017).Inaddition,SemEval-2018

Task7(Ǵaboretal.,2018)isfocusedontheextractionofsemanticrelationshipsinscientific

papersanddefinedtwosubtasksfordetectionandclassification. Moreover,TAC2017ADR

(Robertsetal.,2017)proposedtheevaluationofsystemsforextractingadversedrugreactions

fromdruglabels.Furthermore,thesecondSocial Media MiningforHealthResearchandAp-

plications Workshopdealtwiththedetectionofadversedrugreactionsfromtweets(Sarkerand

Gonzalez,2017). AllthesecompetitionshavebeenfocusedonEnglish,whileeHealth-KDchal-

lenge(Mart́ınez-Ćamaraetal.,2018)hasbeenthefirstinitiativetopromotethedevelopmentof

informationextractiontechniquestoautomaticallyextractknowledgefromeHealthdocuments

writtenintheSpanishlanguage. Thesharedtaskproposestheidentificationandclassifica-

tionofkeyphrases,aswellasthedetectionofallrelevantsemanticrelationshipsbetweenthe

recognizedentities.

7.2 Method

Followingthestate-of-the-arttechniques,theproposedsystemforNERandREarebasedon

DeepLearning. Concretely,thecombininationofabidirectionalRNNwithLSTMcells(Bi-

LSTM)andaConditionalRandomField(CRF)andaCNNperformstheextractionofthe

entitiesandtheclassificationoftherelationships,respectively.Comprehensiveexperimentation

oftheapproachisprovidedforthedifferentdatasets,suchastheDDIcorpus(Herrero-Zazo

1https://n2c2.dbmi.hms.harvard.edu/
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etal.,2013)andthedatasetusedintheeHealth-KDchallenge.Tothebestofourknowledge,

thisisthefirstend-to-endsystemfortheDDIExtractionTask. Moreover,theproposedsystem

obtainsstate-of-the-artresultsontheeHealth-KDchallenge. Thisapproachisdomainand

languageindependent,andtherebyeasilyexpandabletosupportotherlanguagesandclinical

applicationsthatrequiretheexploitationofsemanticinformationfromtexts.Thissectionde-

scribesthedatasetsandtheproposedarchitectureforeachmoduleoftheinformationextraction

systemindependently.

7.2.1 Datasets

Theexperimentsarecalculatedtakentwobiomedicaldatasetswithdifferentlanguages,English

andSpanish. OneofthemistheDDIcorpuswhichhasbeenpreviouslydescribed. Theother

corpusistakenfromtheeHealth-KDchallengethatinvolveselectronichealthdocuments.

TheeHealth-KDchallenge,whichispartofthe WorkshoponSemanticAnalysisatSEPLN

(TASS-2018),providedtoparticipatingteamsanannotatedcollectionof MedlinePlusdocu-

ments. MedlinePlus2isaninformativewebsitedirectedtopatients,whichoffersinformation

abouthealthtopicssuchas medicinesanddiseases. Thedocuments wereannotated with

keyphrasesastheentitiesandtheirsemanticrelationships.Twodifferententitytypesarepro-

posedtoclassifythekeyphrases:ConceptandAction.Likewise,sixtypesofrelationshipsare

defined:is-a,part-of,property-ofandsame-as,whicharerelationshipsbetweenconcepts,and

subjectandtarget,whichcanrepresentrelationshipsbetweenactionsandconceptsorbetween

actionsthemselves.Table7.1andTable7.2showthestatisticsfortheentityandrelationtypes

intheeHealth-KDdataset,respectively.Thecorpuswassplitintothreesubsets:atrainingset

(559sentences),avalidationset(285sentences)andatestset(300sentences).Thetestsetis

dividedintothreedifferentsetsforeachscenario.

2https://medlineplus.gov/spanish/
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Table7.1:EntitytypesintheeHealth-KDchallengedatasets.

Classes Train Validation Scenario1 Scenario2 Scenario3
Test Test Test

Concept 2,427 849 432 439 434
Action 1,525 434 163 154 183
Total 3,952 1,283 595 593 617

Table7.2: RelationtypesintheeHealth-KDchallengedatasets.

Classes Train Validation Scenario1 Scenario2 Scenario3
Test Test Test

is-a 434 370 74 92 69
part-of 149 145 31 33 32
property-of 399 244 58 58 62
same-as 30 13 2 1 5
subject 693 339 147 117 137
target 991 504 180 195 212
Total 2,696 1,615 492 496 517

7.2.2 Systemoverview

Figure7.1presentsthetwo modulesthatcomposetheend-to-endIEsystem. Theapproach

dealswiththreedifferentsubtasks: A)entitydetection,B)entityclassificationandC)relation

extraction.Therefore,therearethreepossibleevaluationscenarios:

•Scenario1: Onlyplaintextisgiven(subtasksA,BandC).

•Scenario2:Plaintextwithmanuallyannotatedentityboundariesaregiven(subtasksB

andC).

•Scenario3:Plaintextwithmanuallyannotatedentitiesandtheirtypesaregiven(subtask

C).

7.2.3 NamedEntity RecognitionSystem

TheapproachforthemoduleofNERisbasedonaDeepNeuralNetworkwithabidirectional

RNNwithLSTMcellsandaclassificationlayerwithaCRF model(seethe NamedEntity
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Figure 7.1: Pipeline of the proposed end-to-end system.

Recognition module of Figure 7.2). The input for the first Bi-LSTM layer is the character

embeddings of each word of the sentence. In the second layer, the output of the first layer is

concatenated with word embeddings and sense embeddings, which takes into consideration the

word and its POS tag. Finally, the last layer uses a CRF to obtain the most suitable labels for

each token.

Pre-processing phase

Firstly, texts are preprocessed in order to create the input for this network. The sentences are

split and tokenized by Spacy (Explosion AI, 2017), an open source library for advanced natural

language processing with support for 26 languages. After that, each extracted token in the

sentence are labelled by BILOU-V extended tag encoding with the BRAT format annotations.

The B tag indicates the beginning token of an entity, the I tag indicates the inside token of an

entity, the L tag indicates the last token of an entity, the U tag indicates a unit-length entity

token, and the O tag represents other tokens that do not belong to any entity. BILOU tag
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schemeisreportedtobebetterthanBIO-encoding(RatinovandRoth,2009). Furthermore,

italsoallowedtherepresentationofdiscontinuousentities,overlappingornestedentitieswith

theVtag.Somepost-processingruleswillbeappliedtoannotatetokenoftheVtagfortheir

surroundingtokentags.Thus,thetotalnumberofclassestobepredictedfortheNERarethe

sameasthetagsBILU-VforeachcategoryandanotherclassfortheclassO.

Bi-LSTMlayer withcharacterembeddings

Althoughwordembeddingmodelscapturesyntacticandsemanticinformation,otherlinguistic

informationsuchas morphologicalinformation,orthographictranscriptionandPOStagsare

notexploited.Forthisreason,thecharacterembeddingrepresentationisusedintheproposed

systemtoobtainmorphologicalandorthographicinformationofthetokens.

Thetokensinthesentencesaredividedintotheircharacters.Thesecharactersarerepresented

byarandomlyinitializedvectorof25dimensions,whichwillbeupdatedinthetrainingstep.

ABi-LSTMtakesthecharacterrepresentationofatokenandconcatenatestheoutputsofthe

twodirectionsofthenetworktocreateawordrepresentation.

Bi-LSTMlayer withusingthe wordandsenseembeddings

Theoutputofthepreviouslayerisconcatenatedtogetherwiththewordembeddingsandthe

senseembeddingsofeachtoken. Theconcatenationofembeddingsistheinputforanother

Bi-LSTMlayerthattakesallthetokenrepresentationsofaninputsentence.

Themostpopularmethodstocreatewordembeddingsare Word2vec(Mikolov,Chen,Corrado

andDean,2013),theglobalaggregate modelofword-wordco-occurrencestatistics(Penning-

tonetal.,2014)andthe morphologicalrepresentationoffastText(Bojanowskietal.,2017).

Inaddition,thereare manypre-trainedwordembedding modelsfreelyavailablefortheNLP

communitytouse,whichweretrainedonlargecollectionsoftexts. Theembedding matrix

ofthesystemusestheSpanishBillion Words(Cardellino,2016),whichisa modelwordem-

beddings modelpre-trainedondifferenttextcorporawritteninSpanish(suchAncoraCorpus
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(Tauĺeetal.,2008), OPUSCorpus(Tiedemannand Nygaard,2004)and Wikipediaamong

others). Additionally,thesystemusesawordembeddingfrom GloVe modelpre-trainedon

2014 WikipediaandGigaword5editioncorpuswritteninEnglish(Parkeretal.,2011). Oneof

themostcriticallimitationsofwordembeddingsmodelsisthatasinglewordvectorrepresents

allitspossiblemeanings,knownaspolysemy.Forthisreason,Sense2Vec(Trasketal.,2015)is

appliedinordertoprovidemultiplewordvectorsforeachmeaningoftheword. Themeaning

ofthewordinthismodelisdefinedbythePOStagofawordbasedonitsdefinition,itscontext

anditsrelationtoadjacentandrelatedwordswithinaphrase,sentenceorparagraph.Inthe

Sense2Vec model,eachwordisconsideredasapaircomposedofthetargetwordanditsPoS

tagwiththecontextoftheword.Thismethodanalysesthecontextofawordandthenassigns

its moreadequatevector.Inthiswork,thesense-disambiguationwordrepresentationvectors

aregeneratedwiththesense2vectoolandtrainedonacollectionofcommentspublishedon

Reddit(correspondingtotheyear2015). Table7.3showsthedetailsofallthreepre-trained

models.

Table7.3:Pre-trainedmodelsusedintheproposedmodel.

Parameters Spanish Billion Words Glove.6B Reddit

Corpussize 1.5billion 6trillion 2billion
Vocabularysize 1,000,653 2million 1million
Arraysize 300 100 128
Algorithm Skip-gramBOW GloVe Sense2Vec

Alltheembeddingsareconcatenatedtogetherwiththecharacterembeddingoutputineach

tokenofthesentence.Then,aBi-LSTMlayercomputesalltheseembeddingsinordertoobtain

arepresentationofeachtokeninthesentence.

CRFclassifier

AConditionalRandomField modeltakestheoutputvectorofeachtokeninthesecondBi-

LSTMlayerastheinput. Thisclassificationlayerobtainsapredictionofthetagsequencefor

eachsentence.Finally,oncetokenshavebeenannotatedwiththeircorrespondinglabelsinthe

BILOU-Vencodingformat,somerulesaredescribedinordertodiscardthewrongannotations
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ofthetags.Forinstance,anItagcannotbefoundbeforeaBtagorafteranLtag.Additionally,

Vtags,whichidentifynestedoroverlappingentities,aregeneratedasnewannotationswithin

thescopeofothermentions.

7.2.4 RelationExtractionSystem

TheRelationExtractionmoduleofFigure7.2showsthesystemoverviewusedforthissubtask.

Themainprocessinvolvesapre-processingphaseforcleaningthesentencesandaconcatenation

ofthewordembeddings,thepositionembeddingsandtheentitytypeembeddingsofeachtoken

givenbythepreviousmodule.Then,aCNNclassifiersimilarto(Súarez-PaniaguaandSegura-

Bedmar,2016)performstheclassificationoftherelations.

Pre-processingphase

Thefirststepofthis modulegeneratesallthepossiblerelationinstances. Arelationinstance

iscomposedbyapairofannotatedentitiesthatareinthesamesentence. GiventhateHealth-

KDdatasetcontainsrelationsinbothdirections,pairsareunorderediftherelationshipis

symmetrical, whilepairsareorderediftherelationshipisasymmetrical. Figure7.3shows

asentencetakenfromtheeHealth-KDdataset withseveralentitiesandtheirrelationships

annotatedforbothdirections.

Figure7.3:ExampleofsentencetakenfromtheeHealth-KDdataset.Englishtranslation:‘An
asthmaattackoccurswhensymptomsgetworse.’.

Inthisexample,therelations,Target andSubject,areasymmetrical. Table7.4showsall

possiblerelationshipsinstancesandtheirrelationtypesgeneratedfromthissentence. ANone

typeisalsoconsideredforrepresentingthenon-relationshipbetweentheentities.

Oncetheinstanceswiththeirrelationsaregenerated,sentencesaretokenizedandcleanedwith

regularexpressionsconvertingthenumberstoacommonname‘NUM’,wordstolowercases
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Table7.4:PossiblerelationshipsforthesentenceshowninFigure7.3.

Relationinstances Relationtype

(ataquedeasma→ produce) None
(ataquedeasma← produce) target
(ataquedeasma→ śıntomas) None
(ataquedeasma← śıntomas) None
(ataquedeasma→ empeoran) None
(ataquedeasma← empeoran) None
(asma→ produce) None
(asma← produce) None
(asma→ śıntomas) None
(asma← śıntomas) None
(asma→ empeoran) None
(asma← empeoran) None
(produce→ śıntomas) None
(produce← śıntomas) None
(produce→ empeoran) subject
(produce← empeoran) None
(śıntomas→ empeoran) None
(śıntomas← empeoran) target

andreplacingspecialSpanishaccentstoUnicode,e.g.ñton.Inaddition,theapplicationof

theentityblindingprocessensuresthegeneralizationofthearchitecture.

Nestedentitiesarefrequentinbiomedicaltexts.Forthisreason,adeoverlappingmethodtakes

eachentitymentionthatcontainsanestedentityandcreatesanewinstancewithoutnestedor

overlappedentities. Moreover,allpossiblerelationinstancesthatinvolvearelationshipbetween

entitiesinthesamenestedentityareremoved. Tothisend,eachsentenceisconsideredasa

graphwheretheverticesaretheentitiesandtheedgesarethenon-overlappedentitieswith

itself.Thisgraphrecursivelyobtainsallthepossiblepathswithoutoverlapping.

Someentitiescancontaingapsintheirmentions.Forexample,thenounphrase‘ganglionicor

peripheraladrenergicblockingdrugs’containstwodifferentdrugentities:ganglionicadrenergic

blockingdrugsandperipheraladrenergicblockingdrugs.Thefirstoneisadiscontinuousentity

becauseitcontainsagapinits mention.Inthesecases,theoverlappingpartoftheentities

isremovedinthesentence.Inthepreviousexample,thewordsadrenergicblockingdrugsare

discardedandtheganglionicandperipheralarekeptastheinteractingdrugs.
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CNNclassifier

Similarlyto(Súarez-Paniaguaetal.,2017),randomlyinitializedwordembeddingsrepresents

eachwordofthesentencestogetherwiththetwopositionembeddings.Besides,thetypesofthe

twointeractingentitiesfromtheNERmoduleareconvertedtoarealvaluevectorwithanentity

typeembedding matrixandconcatenatedwiththewordandpositionembeddings. Then,a

convolutionallayercomputesthisinputmatrixinordertocreateahigherlevelrepresentationof

thesentence.Afterthat,apoolinglayerextractsthemostrelevantfeaturesofeachfiltertaking

their maximumargument,andtheresultingfeaturesfordifferentfiltersizesareconcatenated

intoavector. Adropoutisperformedbeforetheclassificationtopreventoverfitting,whichwill

bedisabledintesttime.Finally,aSoftmaxlayerclassifiesthereducedvectorfromthepooling.

7.2.5 Learning

Duringthetraining,theparametersofthenetworksareupdatedaccordingtothenegative

log-likelihoodgivenbythepredictionsfortheNERandREtasks.Tolearntheparameters,the

minimizationoftheobjectivefunctionisperformedovershuffledmini-batchesbythestochastic

gradientdescentforNERandAdamupdaterule(KingmaandBa,2014)forRE. Mainly,train-

inganddecodingtheCRFmodelcanbesolvedefficientlybyadoptingtheViterbialgorithm.

Inthetestingphase,thesequencewiththehighestprobabilitygivenbythemaximumargument

oftheconditionallikelihoodwillbethepredictionintheNERsystem. Afterthat,theselabels

aretakenbytheREsystemtopredicttheclassoftherelationshipaccordingtothehighest

probabilityintheSoftmaxlayerofthismodule.

7.3 Evaluation

Thissectiondiscussestheresultsgivenbyeach moduleoftheinformationextractionsystem

independently. Finally,theend-to-endsystemisdevelopedtogivetheresultsoftheentire

process,whicheachmoduletakestheoutputoftheprevioussubsystemsastheinput.Precision
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(P),Recall(R)andF1arethestandardevaluation metricsusedfortheentityandrelation

extractiontasks.

7.3.1 NERresults

TheNERmodelisevaluatedintwodifferenttasks:i)thedetectionandclassificationofphar-

macologicalsubstancesintheDDIcorpus,andii)thedetectionandclassificationofkeyphrases

intheeHealth-KDchallengedataset.Table7.5summarizestheparametersofthesetsandthe

hyper-parametersfortheBi-LSTMCRFmodel:

Table7.5:ParametersforBi-LSTMCRFmodel.

Parameters DDI eHealth-KD

Senseembeddingdimension 100 128
Wordembeddingsdimension 100 300
Characterembeddingdimension 50 50
Hiddenlayersdimension(foreachLSTM) 100 100
Learningmethod SGD SGD
Dropoutrate 0.5 0.5
Learningrate 0.005 0.005
Epochs 100 100

Table7.6showstheperformanceofthe modelfortheentitydetectiontask. Table7.7and

Table7.8showstheresultsoftheclassificationforeachentitytypeinbothtasks.

Table7.6: Resultsfortheentitydetectiontask.

Datasets P R F1

DDI 87.24% 87.15% 87.19%
eHealth-KD 86.2% 88.2% 87.2%

Comparingtoprevious worksindrugnamedetectiononthe DDIcorpus,thissystemalso

achievesgoodresults,only0.6%worsethanthetopsystemoftheDDIExtractionTask(Rockẗaschel

etal.,2013),whichincludesarichlinguisticandsemanticfeaturesettotrainaCRFclassifier.

Anessentialadvantageofthisapproachoverpreviousworksisthattheproposedsystemdoes

notexploitanydomain-specificfeatures,andthereby,itcouldbeeasilyadaptedtoanyentity

type.Furthermore,thisapproachachievesanF1of87.2%fortheentitydetectiontaskonthe

eHealth-KDdataset,whichisthebestresultforentitydetectionintheeHealth-KDchallenge.
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Moreover,theNERmoduleprovidesbetterresultsontheeHealth-KDdatasetthanontheDDI

corpus. Apossiblereason maybethattheDDIcorpuscontainsseveraldiscontinuousnamed

entities,whileentitiesintheeHealth-KDdatasetdonotcontainanygapintheir mentions,

whicharehardtodisambiguatewiththeVtag.

RegardingtheresultsfortheentityclassificationtaskontheDDIcorpus,theGroup typeob-

tainsthebestperformance,followedbytheDrug andBrand types. F1fortheGroup type

(86.06%)isalmostninepointshigherthanthetopsysteminDDIExtractionTask. Groupof

drugsareusuallynamedby multi-wordexpressions,suchas‘NondepolarizingNeuromuscular

Blocker’ or‘HMG CoA ReductaseInhibitor’. Therefore,adeepnetworkbasedoncharac-

ter,wordandsenseembeddingsseemstoobtainbetterresultsintheclassificationof multi-

wordexpressionsthantherichlinguisticandsemanticfeaturesetusedbytheCRF modelin

(Rockẗascheletal.,2013).

Table7.7:EntityclassificationresultsontheDDIcorpus.

Classes P R F1

Drug 80.73% 89.22% 84.76%
Brand 75.00% 90.00% 81.82%
Group 84.06% 94.31% 88.89%
Non-humandrug 58.59% 35.21% 43.99%
Overall 76.11% 78.10% 76.21%

Theproposed modelobtainedthebestperformancefortheentityclassificationtaskinthe

eHealth-KDchallenge,withanF-measureof85%. Table7.8showstheresultsforeachentity

type.TheConcepttypeiseasiertoclassifythanActiontypebecausetheinstancesoftheAction

typealmosthalfoftheConcepttypeinstances.Furthermore,thereisambiguityinActiontype

entitiesthatcansometimesrepresentConcept.Forinstance,theentity‘cuidado’(‘dangerous’)

inthesentence‘Losempleadosdedicadosalcuidadodelasaludest́anexpuestosamuchosriesgos

laborales.’(‘Employeesdedicatedtohealthcareareexposedtomanyoccupationalhazards.’)is

anActiontype,butinthesentence‘Practicardeportespuedeserdivertido,perosinosetiene

cuidadotambíenpuedeserpeligroso.’(‘Playingsportscanbefunbutifyouarenotcareful,it

canalsobedangerous.’)isaConcepttype.
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Table7.8: ResultsfortheentityclassificationontheeHealth-KDdataset.

Classes P R F1

Concept 85.24% 86.77% 86.00%
Action 80.00% 83.22% 81.58%
Overall 84% 86% 85%

7.3.2 REresults

Table7.9summarizesthehyper-parametersfortheCNN modelwhereMe,Md,Mt,wandm

werefine-tuningwithagridsearchoneachdataset.

Table7.9:ParametersforCNNmodel.

Parameters DDI eHealth-KD

Maximallengthinthedataset, n 128 40
Wordembeddingsdimension, Me 300 300
Positionembeddingsdimension,Md 5 10
Typeembeddingsdimension,Mt 10 10
Filterwindowsizes,w 2,4,6 3,4,5
Filtersforeachwindowsize,m 200 200
Dropoutrate,p 0.5 0.5
nonlinearfunction,g ReLU ReLU
l2-regularization 3 0.1
Mini-batchsize 50 50
Learningrate 0.001 0.001

IntheeHealth-KDdataset,somesentencesdescriberelationshipsbetweennestedentities,that

is,betweenanentityanditsoverlappedentity.Itisnotpossibletoblindallpossibleentity

mentionsforminganestedentity.Forthisreason,theserelationinstancesarenotconsideredfor

thetrainingofthemodel. Moreover,therearerelationshipswithmorethanonetypeinwhich

onlythefirsttypeistakenbecausethesystemcannotcopewithamulti-labellingproblem.

Table7.10andTable7.11showtheresultsonScenario3orREsubtask,whentheannotated

entitiesandtheircorrespondingtypesareprovidedasinputfortheproposedsystem. These

tablessuggestthattherelationextractiontaskismorecomplexthanthenameentityrecognition

task.

FocusingontheDDIcorpus,theREmoduleobtainsthebestperformancefortheadvicetype

because mostoftheseinteractionsaretypicallydescribedbysimilarpatternssuchas‘DRUG
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shouldnotbeusedincombinationwithDRUG’or‘CautionshouldbeobservedwhenDRUG

isadministeredwith DRUG’.The modeleasilylearnsthesepatternsbecausetheyarevery

commonintheDDIcorpus.Themechanism typeisthesecondonewiththebestperformance

(68.68%),eventhoughitsnumberofinstancesislowerthantheeffecttype(seeTable7.10).

Finally,theinttypeisthemostdifficulttypetoclassifybecausethetraininginstancesforthis

typeare much morescarce(5.6%)thanthoseoftheremainderofthetypes(41.1%foreffect,

32.3%formechanism and20.9%foradvice).

Table7.10: RelationclassificationresultsontheDDIcorpus.

Classes P R F1

mechanism 74.23% 63.91% 68.68%
effect 65.57% 66.67% 66.12%
advice 75.12% 68.33% 71.56%
int 86.11% 32.29% 46.97%
Overall 71.26% 62.82% 66.78%

RegardingtheresultsontheeHealth-KDdataset,thesystemovercomesthetopsysteminthe

REsubtaskimprovingtheresultsfrom44.8%to54.23%. Besides,theyseemtobedirectly

correlatedtothenumberoftraininginstancesforeachrelationtypes.Inthisway,thesystem

obtainsthebestF1forthetargetrelation,followedbythesubjecttypewhichisthe most

representativeclassinthisdataset.

Table7.11: ResultsfortherelationclassificationontheeHealth-KDdataset.

Classes P R F1

is-a 44% 15.94% 23.4%
part-of 37.5% 9.38% 15%
property-of 57.45% 43.55% 49.54%
same-as 50% 20% 28.57%
subject 57.69% 43.8% 49.79%
target 67.58% 69.81% 68.68%
Overall 61.73% 48.36% 54.23%

7.3.3 End-To-Endresults

ThesameevaluationmetricsdefinedineHealth-KDTaskisperformedtoobtainacomparative

ofeachscenarioindependentlyfortheend-to-endperformance. TheresultsfortheScenario1
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arecalculatedwiththeaggregatedmetricsofthesubtaskA,BandCasfollows:

P=
correct(A)+1

2
partial(A)+correct(B)+correct(C)

correct(A)+partial(A)+spurious(A)+correct(B)+incorrect(B)+correct(C)+spurious(C)
(7.1)

R=
correct(A)+1

2
partial(A)+correct(B)+correct(C)

correct(A)+partial(A)+missing(A)+correct(B)+incorrect(B)+correct(C)+missing(C)
(7.2)

wherecorrectarethelabelsthat matchedtothetestsetandtheprediction(truepositives),

missing arethelabelsthatareinthetestsetbutnotintheprediction(falsenegatives),

spuriousarethelabelsthatareinthepredictionbutnotinthetestset(falsepositives),

partialarethedetectedentitieswhoseboundariesdonotexactlymatch,andincorrectarethe

entitieswronglyclassified.Inordertocalculatethesame metricsforScenarios2and3,the

instancesfortheprevioustasksarecancelledintheequations. TheF-measureiscalculated

fromthePrecisionandRecallofeachscenarioofthetask.Furthermore,thefinalscoreinthis

competitionistheaverageofallthreescenarios. DifferentlytoeHealth-KDwhichhasatest

setforeachscenario,inDDIcorpusthesametestistestedforallthescenarios.

Table7.12showstheresultsforeachScenariousingtheeHealth-KDdataset.Thefinalaveraged

scoreforalltheScenariosis67.62%,whichis21.2%higherthanthetopsysteminthistask.

ThemainreasonforthisimprovementisthatthewinnersystemdidnotuseaREsystemand

haslowerstatisticsforTaskCintheScenarios.Theend-to-endmodelobtainsastate-of-the-art

techniquewhichshowsahighPrecisioninthedifferentScenarios.Furthermore,itoutperforms

allthepreviousF1measureintheeHealth-KDchallenge.

Table7.13presentsallScenariostakingtheDDIcorpustestsetgivenanaverageof61.92%F1.

DespiteScenario3inDDIcorpusobtainsbetterresultsthanontheeHealth-KDdataset,the

finalscoreislowerbecauseitisdirectlyaffectedbytheperformanceoftheNERmodulewhich

affectstheremainingscenarios.Concretely,thenumberofspuriousandincorrectareveryhigh

fortaskAandBwhichcausingalowPrecisioninScenario1and2.
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Table7.12:eHealth-KDdatasetresultsforthedifferentscenarios.

Evaluation metrics Scenario1 Scenario2 Scenario3

CorrectA 505 - -
PartialA 40 - -
MissingA 50 - -
SpuriousA 64 - -
CorrectB 511 553 -
IncorrectB 34 40 -
CorrectC 168 205 250
MissingC 324 291 267
SpuriousC 240 183 155

Recall 73.78% 69.61% 48.36%
Precision 77.08% 77.27% 61.73%
F-measure 75.39% 73.24% 54.23%

Table7.13: DDIcorpusresultsforthedifferentscenarios.

Evaluation metrics Scenario1 Scenario2 Scenario3

CorrectA 2236 - -
PartialA 67 - -
MissingA 149 - -
SpuriousA 1488 - -
CorrectB 2149 2149 -
IncorrectB 1503 1503 -
CorrectC 559 559 615
MissingC 253 253 364
SpuriousC 951 951 248

Recall 71.97% 60.66% 62.82%
Precision 55.6% 52.46% 71.26%
F-measure 62.73% 56.26% 66.78%

7.4 Conclusions

Theend-to-endIEsystemforbiomedicalandclinicaltextsdealswiththreedifferenttasks:

A)entitydetection, B)entityclassificationandC)relationextraction. Thearchitectureis

composedoftwodifferent modulesbasedon DeepLearningarchitectures:onefordetecting

andclassifyingentities,andasecondoneforextractingrelationshipsbetweenthem.TheNER

moduleisbasedona Bi-LSTMnetwork,exploitingcharacter, wordandsenseembeddings

modelsasinput,andafinalCRF-layer. TheRE moduleisaCNN modelusingtheword,the

entitytypeandthepositionembeddingsasinputs,andaSoftmaxclassifierinitslastlayer.

Inthissection,adetailedexperimentationontwodifferentdatasetsispresentedfor:theDDI
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corpuscomposedofscientifictextsinEnglishandannotatedwithpharmacologicalsubstances

aswellastheirpossibledruginteractions;andtheeHealth-KDdatasetcomposedbyarticles

abouthealthforSpanishspeakingpatientsandannotatedwithconcepts,actionsandgeneral

semanticrelationssuchaspart-of,property-of,amongothers(seeTable7.2).First,eachmodule

ofthesystemisevaluatedseparately. Thus,theNER moduledoesnotrequireanyprevious

annotation,buttheRE moduletakesasinputthetextsannotatedwiththeentitiesfromthe

previousmodule.Finally,toassesstheend-to-endsysteminarealscenario,thepaintextsare

takingasinput.

Thepresentedsystemachievesthestate-of-the-artresultsforallsubtasks(NERandRE),when

itisevaluatedintheeHealth-KDdataset. Additionally,theend-to-endpipelineisthestate-of-

the-artsystemfortheeHealth-KDchallenge. FocusingontheDDIcorpus,theNER module

outperformsthesystemfordrugnamerecognitiontask withthe DDIcorpus(Rockẗaschel

etal.,2013),butthis moduleisfarfromthestate-of-the-artsystemforthe DDIExtraction

TaskbecauseisabasicCNNcomparedtothesystemwithtenCNNlayersfrom(Dewietal.,

2017).

Thischapterdoesnotonlyachievethestate-of-the-artresultsfortheeHealth-KDchallenge,to

thebestofourknowledge,thesystemisalsothefirstattempttodevelopanend-to-endsystem

forextractingDDIfromtexts. Anothersignificantcontributionisthattheapproachisatask

andlanguageindependent methodbecauseitdealswithdifferentlanguages(suchasSpanish

andEnglish)aswellasdifferententityandrelationtypes.

Thereismuchroomforimprovementoftheend-to-endsystem.Asfuturework,itisplannedto

studydifferentcombinationsofDeepLearningarchitecturesforNERandREmodules.Besides,

exploringdeeperlayerssystemsandtryingdifferentwordembeddingspre-trainedintheclinical

domaincouldimprovetheresultsforbothtasksinDDIcorpus.Furthermore,thearchitecture

couldinclude moresyntacticinformationofthesentence,suchasPOStags, Chunklabels,

dependencytypes,throughtheembeddings. Mainly,theaugmentationoftheclassinstances

withdistantsupervisiontechniquesorGenerativeAdversarialNeuralNetworkscoulddealwith

theproblemofimbalanceddatasetsfortheIEtasks.
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Conclusion

Thischapterpresentstheconclusionsofthe workrealized. Thisdocumentshowsdifferent

modelstotackleInformationExtractionintheBiomedical Domain. Theseapproachesare

basedon DeepLearningarchitecturescreatedfor NamedEntity Recognitionand Relation

Extraction.

Firstly,aCRF-basedNERsystemthatincorporateswordembeddingsasfeaturesandDINTO

ontologyinformationperformsthedrug mentiondiscovery,DrugNER.Theexperimentsshow

thatbothfeaturesimprovethedetectionperformancefortheextractionofdrugnames. Con-

cretely,theclustersofthewordembeddingsincreasetherecall,andtheuseofDINTOincrease

theprecisionofthemodel.Additionally,thissystemisevaluatedforotherbiomedicalchallenge

taskssuchasCHEMDNER-patents(CEMP)andChemical DiseaseRelation(CDR)obtain-

inggoodresultsinitsperformance. Asthe mainconclusion,wordclusterfeaturestrainedon

Wikipediacorpusseemtoprovidethemostsatisfactoryresults. Moreover,theinclusionofad-

ditionalembeddingsfrombiomedicalresourcesshouldimprovetheclassificationperformance.

Secondly,the Matrix-Vector Recursive Neural Network, which wasthefirst DeepLearning

architectureappliedtoRelationExtraction,isimplementedfortheclassificationofdruginter-

actionintheDDICorpus. TheStanfordparsetreeofeachsentencedefinesthestructureof

thenetwork. Thisparserisnotabletocapturethestructuralcomplexityofthebiomedical

sentences,andthearchitectureproduceslowperformanceinclassification.Thus,abiomedical

167
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parsershouldbeexploredfortheextractionofthetokensandthesyntactictreesfortheDDI

sentences. Despitethislackofrepresentation,thesystemoutperformsothersystemsofthe

participantintheDDIExtractionTaskthatemploymanuallydesignedfeatures.

Thirdly,theConvolutionalNeuralNetwork,whichisastate-of-the-artDeepLearningarchi-

tecture,istestedfortheDDIExtractionSharedTask.Tothisend,anexhaustiveanddetailed

studyoftheCNNhyper-parametersevaluatestheperformanceofthearchitectureandobtains

thebestconfigurationfortheclassificationoftheDDIsentences. ThisCNN modelonlyuses

thewordembeddingsandtherelativepositionofeachwordfortheinteractingentitiestrans-

formedintoarealvaluevectorasinputs. Theexperimentspresentpromisingresultswithout

addinganyexternalinformationorresourcetoperformtheclassification. Moreover,theCNN

performancewithanegativeinstancefilteringiscomparedfordifferentpoolingoperationsin

theextractionofDDIs: max-pooling,attentivepoolingandaverage-pooling.Theexperiments

exhibitthatthemaximumoperationperformshigherthantheremainingpoolinglayers,mainly,

becauseofthepaddingtokensappendedtothesentences.Furthermore,thebasicconfiguration

ofaCNNhasbeenvalidatedsatisfactorilyinotherRelationExtractionSharedTaskssuchas

theSemEval2017Task10:ScienceIEandSemEval2018Task7:SemanticRelationExtraction

andClassificationinScientificPapers.Theuseofpositionembeddingsincreasestheresultsfor

theformertask. AggregatingtotheCNNasamplingtechniquestounbalancethedataset,the

entitytypeembeddingsandPOSembeddingsimprovetheperformanceforthelattertask.

Finally,anend-to-endIEsystemisbuiltforarealscenariowheretheinputsofthesystem

aretherawtexts. Thus,the modeldetectsandclassifiestheentitiesandtheirrelationships

inbiomedicalandclinicaldocuments. Thesystemconsistsoftwo modulesbasedondeep

learning. Firstly,abidirectionalRNNwithLSTMcells,whichtakesthecharacter,wordand

senseembeddings,performstherecognitionofnamedmentionsusingaCRFclassificationlayer.

Secondly,aCNNwithaSoftmaxlayer,whichtakestheword,relativepositionandentitytype

embeddings,classifiestherelationshipsoftheentitiesgiveninthepreviousstep. Thissystem

obtainsthestate-of-the-artinsometasksfordifferentlanguagedatasets,EnglishandSpanish.

Besides,thearchitectureisthefirstattempttodevelopanend-to-endsystemforthe DDI

CorpusthatinvolvestheDrugNERandtheDDIExtraction.
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The mainobjectiveofthisthesisistoevaluate whether DeepLearningarchitecturesarea

realalternativetoclassical machinelearning modelsforInformationExtractioninthepar-

ticulardomainofthebiomedicaltexts. Thestartinghypothesisisthatprevioussupervised

modelsforIEinthebiomedicaldomainrequire muchexpertknowledgeinorderto manually

designagoodfeaturerepresentation,contrarytothisfact,DeepLearningarchitectureslearn

thefeaturerepresentationautomatically. Thus,thetime-consumingtaskandthedefinition

ofcomplexrepresentationsusedforfeatureengineering modelscanbeavoidedusingfeature

learningtechniqueswithoutanyexternalresource.

Themaincontributionofthisthesisistogiveacompletedescriptionofthecurrentsystemsfor

InformationExtractioninbiomedicaldocumentssofar. Concretely,thereviewpresentsDeep

Learning modelsappliedtotextsthatcontaindruginteractions. Thus,Chapter3concludes

withtablesthatsummarizethestate-of-the-artsystemsfortheDDIExtractionTask.Besides,

Chapter4investigatestheuseofthewordembeddingsandtheirclustersasfeaturesforthe

recognitionofdrugs,chemicalcompounds,anddiseaseswithaCRFclassifierinbiomedical

texts. Anothercontributionistheexplorationofthe Matrix-Vectorspacesfortheextraction

ofDDIsusingthe MV-RNN,whichisthefirstDeepLearningsystemforRE.Notably,Chap-

ter5describestheperformanceofthisarchitectureforeachDDItypeandthetwodatasets,

DDI-DrugBankandDDI-MedLine,inordertocheckthespecific misclassificationerrorrates.

Moreover,thisdocumentpresentsadetailedstudyofthehyperparametersusedintheCNN

fine-tuningthemuntilreachingthebestconfigurationforthe DDICorpus. Chapter6also

proposesandtestthefirstCNNwithattentionpoolingforthistask.Additionally,theCNNar-

chitectureisappliedtodealsimilartaskssuchasSemEval2017Task10:ScienceIE-Extracting

KeyphrasesandRelationsfromScientificPublicationsandatSemEval2018Task7:Semantic

RelationExtractionandClassificationinScientificPapersinordertochecktheirefficiencyin

otherdomains.Furthermore,Chapter7definesthefirstend-to-end modelforclassificationof

entitiesandtheirrelationshipsfromrawdatainsentencesthatinvolvedruginteractions.The

eHealthKnowledgeDiscoverydataset,whichcontainselectronichealthdocumentswrittenin

Spanish,isalsousedforthisarchitectureinordertotestitslanguageanddomainindependence

withsatisfactoryresults.
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Aftertestingtheproposedarchitecturesandreviewingthestate-of-the-arttechniques,thecon-

clusionisthat DeepLearningoutperforms machinelearningbasedonfeatureengineering.

Furthermore,theinputsofDeepLearningarchitecturesarethemappingofeachwordtoareal

valuevectorcalledembeddings.Forthisreason,theproposedsystemsaredomainandlanguage

independentwithouttheuseofexternalfeatures. Additionally,thesesystemscouldaddthe

availableinformationextractedwithexternalresourcesasinputembeddingsforimprovingthe

featurerepresentation.

DeepLearningisagrowingfieldthatprovidestopperformanceinthe majorityof machine

learningapplications. Theresearchonnewarchitectures,eventhecombinationofexisting

models,progressesveryfastinaconstant manner. Forthisreason,thereis muchroomfor

improvementinBiomedicalInformationExtraction. Thus,theexplorationofstate-of-the-art

techniquesinIEisavitalprocesstovalidatethesystemsinthisspecificdomain. Therefore,

combinationsofDeepLearningmodelsshouldbeimplementedforfurtherimprove,evenadding

deeperlayerstogeneratedifferentabstractionlevels.

Giventhattheinputsofthearchitecturesarewordembeddingspre-trainedonanextensive

collectionofbiomedicaltextsshouldprovidebetterperformancethanrandomlyinitializedword

embeddingsimprovingthesemanticrepresentationforeachword. Currently,thereisatrend

todiscoverauniversalwordembeddingsthatcanbeappliedinmultipletasks.Forthisreason,

usingthemintheextractionofbiomedicalinformationcouldvalidatetheirperformanceonthis

specifictaskadditionallytothegeneralpurposetaskbecausethisdomainincludesbiomedical

technicaltermsandjargon.Therelatedworksummarizesthatmulti-channelwordembedding

providesbetterresultsbecausetheseveralchannelsorembeddingmodelsincreasesthesemantic

spaceknowledgeofeachword.Furthermore,theaggregationofcharacterembeddingsprovide

morphologicalandorthographicinformationofthesub-wordunitsandincreasetheresultfor

thepresented models. Additionally,thearchitecturescouldinclude moreinformationabout

thesentencewiththeaggregationoflemmas,stems,POStags,Chunklabels,dependencyand

constituenttypes,amongothersastheinputembeddings.

Itisplannedtocreatetwo-step modelsfortheIEtasks(detectionandclassification)which
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performbetteraccordingtotherelatedworksthanthepresentedone-stage models.Inorder

toobtainbetterstructuresforthe MV-RNN,abiomedicalparsershouldbeusedinsteadof

theStanfordparser,whichistheleadingcauseofmisclassification.IEsystemsbasedonDeep

Learningmethodsshouldincorporateattentionmechanisms,buttheyshouldavoidthepadding

ofsentencesforthepoolinglayer.

MostofIEtasksareveryunbalancedwhichgeneratesdifferentperformanceforeachclassus-

ingsupervisedclassificationmodels.Forthisreason,theincorporationofsamplingtechniques

alleviatesthisproblem,suchastherandomundersamplingortherandomoversampling.Par-

ticularly,preparingnewexamplesforthelessrepresentativecategoriestoleadtoanincrease

inthevariabilityandtheperformanceofthemodelsfortheseclasses.Thus,theaugmentation

oftheclassinstances withdistantsupervisiontechniquesor Generative Adversarial Neural

Networkscoulddealwiththeproblemofimbalanceddatasets.

Finally,itisahardtaskforDeepLearningsystemscreatinganexhaustiveevaluationforthe

classificationofthesentencesduetothehighabstractiveinformationgeneratedbythenetworks.

However,performingacomprehensiveerroranalysisofthemisclassifiedinstancesbyanexpert

wouldhelptounderstandwhythearchitectureisfailing.
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Aizerman, M.A.,Braverman,E. M.andRozonóer,L.I.(1964),‘Theoreticalfoundationsofthe

potentialfunctionmethodinpatternrecognitionlearning’,AutomationandRemoteControl

25,821–837.

Aronson,A.R.(2001),Effective mappingofbiomedicaltexttotheumls metathesaurus:the

metamapprogram.,in‘ProceedingsoftheAMIASymposium’,AmericanMedicalInformatics

Association,p.17.

Aronson,J.(2004),‘Druginteractions-information,education,andtheBritishNationalFor-

mulary.’,BritishJournalofClinicalPharmacology57(4),473–86.

Aronson,J.(2007),‘Communicatinginformationaboutdruginteractions’,BritishJournalof

ClinicalPharmacology63,637–639.

Asada, M., Miwa, M.andSasaki,Y.(2017),Extractingdrug-druginteractionswithattention

cnns,in‘BioNLP2017’,AssociationforComputationalLinguistics,pp.9–18.

URL: http://aclweb.org/anthology/W17-2302

Asada, M., Miwa, M.andSasaki,Y.(2018),‘Enhancingdrug-druginteractionextractionfrom

textsbymolecularstructureinformation’,pp.680–685.

URL: http://aclweb.org/anthology/P18-2108

Augenstein,I.,Das, M.,Riedel,S.,Vikraman,L.and McCallum,A.(2017),Semeval2017task

10:Scienceie-extractingkeyphrasesandrelationsfromscientificpublications,in‘Proceed-

ingsofthe11thInternational WorkshoponSemanticEvaluation(SemEval-2017)’,Associa-

173



174 BIBLIOGRAPHY

tionforComputationalLinguistics,pp.546–555.

URL: http://aclweb.org/anthology/S17-2091

Baum,L.E.,Petrie,T.,Soules,G.and Weiss,N.(1970),‘Amaximizationtechniqueoccurring

inthestatisticalanalysisofprobabilisticfunctionsofmarkovchains’,TheAnnalsof Mathe-

maticalStatistics41(1),164–171.

URL: http://www.jstor.org/stable/2239727

Bellman,R.,Bellman,R.andCorporation,R.(1957),DynamicProgramming,RandCorpora-

tionresearchstudy,PrincetonUniversityPress.

URL: https://books.google.es/books?id=rZW4ugAACAAJ

Bengio,Y.(2009),LearningDeepArchitecturesforAI,Vol.2,NowPublishersInc.,Hanover,

MA,USA.

URL: http://dx.doi.org/10.1561/2200000006

Bengio,Y.,Ducharme,R.,Vincent,P.andJanvin,C.(2003),‘Aneuralprobabilisticlanguage

model’,J. Mach.Learn.Res.3,1137–1155.

URL: http://dl.acm.org/citation.cfm?id=944919.944966

Bird,S.(2006),Nltk:Thenaturallanguagetoolkit,in‘ProceedingsoftheCOLING/ACL2006

InteractivePresentationSessions’,AssociationforComputationalLinguistics,pp.69–72.

URL: http://aclweb.org/anthology/P06-4018

Bj̈orne,J.andSalakoski, T.(2018),Biomedicaleventextractionusingconvolutionalneural

networksanddependencyparsing,in‘ProceedingsoftheBioNLP2018workshop’,Associa-

tionforComputationalLinguistics,pp.98–108.

URL: http://aclweb.org/anthology/W18-2311

Bj̈orne,J.etal.(2014),‘Biomedicaleventextractionwithmachinelearning’.

Bojanowski,P., Grave,E.,Joulin, A.and Mikolov,T.(2017),‘Enrichingwordvectorswith

subwordinformation’,TransactionsoftheAssociationforComputationalLinguistics5,135–

146.

URL: http://aclweb.org/anthology/Q17-1010



BIBLIOGRAPHY 175

Bond,C.andRaehl,C.L.(2006),‘Adversedrugreactionsinunitedstateshospitals’,Pharma-

cotherapy:TheJournalofHumanPharmacologyandDrugTherapy26(5),601–608.

Bryson, A.E., Denham, W.F.and Dreyfus,S.E.(1963),‘Optimalprogrammingproblems

withinequalityconstraints’,AIAAjournal1(11),2544–2550.

Bui,Q.-C.,Sloot,P. M.,Van Mulligen,E. M.andKors,J.A.(2014),‘Anovelfeature-basedap-

proachtoextractdrug–druginteractionsfrombiomedicaltext’,Bioinformatics30(23),3365–

3371.

Cardellino,C.(2016),‘SpanishBillion WordsCorpusandEmbeddings’.

URL: https://crscardellino.github.io/SBWCE/

Chalapathy,R.,ZareBorzeshi,E.andPiccardi, M.(2016),‘Aninvestigationofrecurrentneural

architecturesfordrugnamerecognition’,pp.1–5.

URL: http://aclweb.org/anthology/W16-6101

Charniak,E.(2000),Amaximum-entropy-inspiredparser,in‘1st MeetingoftheNorthAmer-

icanChapteroftheAssociationforComputationalLinguistics’.

URL: http://aclweb.org/anthology/A00-2018

Charniak,E.andJohnson, M.(2005),Coarse-to-finen-bestparsingandmaxentdiscriminative

reranking,in‘Proceedingsofthe43rdAnnual MeetingoftheAssociationforComputational

Linguistics(ACL’05)’,AssociationforComputationalLinguistics,pp.173–180.

URL: http://aclweb.org/anthology/P05-1022

Cho, K.,van Merrienboer,B., Gulcehre,C.,Bahdanau, D.,Bougares,F.,Schwenk, H.and

Bengio,Y.(2014),‘Learningphraserepresentationsusingrnnencoder–decoderforstatistical

machinetranslation’,pp.1724–1734.

URL: http://aclweb.org/anthology/D14-1179

Chowdhury, M.F. M.andLavelli,A.(2013a),Exploitingthescopeofnegationsandheteroge-

neousfeaturesforrelationextraction: Acasestudyfordrug-druginteractionextraction,in

‘Proceedingsofthe2013ConferenceoftheNorthAmericanChapteroftheAssociationfor

ComputationalLinguistics: HumanLanguageTechnologies’,pp.765–771.



176 BIBLIOGRAPHY

Chowdhury, M.F. M.andLavelli,A.(2013b),Fbk-irst: Amulti-phasekernelbasedapproach

fordrug-druginteractiondetectionandclassificationthatexploitslinguisticinformation,

in‘SecondJointConferenceonLexicalandComputationalSemantics(*SEM),Volume2:

ProceedingsoftheSeventhInternational WorkshoponSemanticEvaluation(SemEval2013)’,

AssociationforComputationalLinguistics,pp.351–355.

URL: http://aclweb.org/anthology/S13-2057
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Klinger,R.,Koĺǎrik,C.,Fluck,J.,Hofmann-Apitius,M.andFriedrich,C.M.(2008),‘Detection

ofiupacandiupac-likechemicalnames’,Bioinformatics24(13),i268–i276.

Krallinger, M.,Leitner,F., Rabal, O., Vazquez, M., Oyarzabal,J.andValencia, A.(2015),

‘Chemdner: Thedrugsandchemicalnamesextractionchallenge.’,J.Cheminformatics7(S-

1),S1.

Krallinger, M., Rabal, O.,Leitner,F., Vazquez, M.,Salgado, D.,Lu,Z.,Leaman, R.,Lu,

Y.,Ji,D.,Lowe,D. M.etal.(2015),‘Thechemdnercorpusofchemicalsanddrugsandits

annotationprinciples’,Journalofcheminformatics7(Suppl1),S2.

Krithara, A., Nentidis, A.,Paliouras, G.and Kakadiaris,I.(2016), Resultsofthe4thedi-

tionofbioasqchallenge,in‘ProceedingsoftheFourthBioASQworkshop’,Associationfor

ComputationalLinguistics,Berlin,Germany,pp.1–7.

Lafferty,J.D., McCallum,A.andPereira,F.C.N.(2001),‘Conditionalrandomfields:Prob-

abilisticmodelsforsegmentingandlabelingsequencedata’,pp.282–289.

URL: http://dl.acm.org/citation.cfm?id=645530.655813



BIBLIOGRAPHY 183

Lample, G., Ballesteros, M.,Subramanian,S., Kawakami, K.and Dyer, C.(2016),‘Neural

architecturesfornamedentityrecognition’,pp.260–270.

URL: http://aclweb.org/anthology/N16-1030

Lamurias,A.,Clarke,L.A.andCouto,F. M.(2018),‘Bo-lstm: Classifyingrelationsvialong

short-termmemorynetworksalongbiomedicalontologies’,bioRxiv.

URL: https://www.biorxiv.org/content/early/2018/06/01/336719

Landrum,G.(2013),‘Rdkit: Open-sourcecheminformatics’.

URL: https://www.rdkit.org/docs/

Lazarou,J.,Pomeranz,B.H.andCorey,P.N.(1998),‘Incidenceofadversedrugreactionsin

hospitalizedpatients:ameta-analysisofprospectivestudies’,Jama279(15),1200–1205.

Leaman,R.andGonzalez,G.(2008),Banner: Anexecutablesurveyofadvancesinbiomedical

namedentityrecognition,in‘PacificSymposiumonBiocomputing2008,PSB2008’,pp.652–

663.

Leaman,R.,IslamajDŏgan,R.andLu,Z.(2013),‘Dnorm:diseasenamenormalizationwith

pairwiselearningtorank’,Bioinformatics29(22),2909–2917.

LeCun,Y.,Bengio,Y.andHinton,G.(2015),‘Deeplearning’,Nature521(7553),436–444.

Lecun,Y.,Bottou,L.,Bengio,Y.andHaffner,P.(1998),‘Gradient-basedlearningappliedto

documentrecognition’,ProceedingsoftheIEEE86(11),2278–2324.

Lee,J.Y.,Dernoncourt,F.andSzolovits,P.(2017),‘Mitatsemeval-2017task10: Relation

extractionwithconvolutionalneuralnetworks’,pp.978–984.

URL: http://aclweb.org/anthology/S17-2171

Lee,S.,Kim,D.,Lee,K.,Choi,J.,Kim,S.,Jeon, M.,Lim,S.,Choi,D.,Kim,S.,Tan,A.-C.

and Kang,J.(2016),‘Best: Next-generationbiomedicalentitysearchtoolforknowledge

discoveryfrombiomedicalliterature’,PLOSONE11(10),1–16.

URL: https://doi.org/10.1371/journal.pone.0164680



184 BIBLIOGRAPHY

Li, W.and McCallum,A.(2003),‘Rapiddevelopmentofhindinamedentityrecognitionusing

conditionalrandomfieldsandfeatureinduction’,2(3),290–294.

URL: http://doi.acm.org/10.1145/979872.979879

Li,Y.,Tarlow,D.,Brockschmidt, M.andZemel,R.S.(2015),‘Gatedgraphsequenceneural

networks’,CoRRabs/1511.05493.

URL: http://arxiv.org/abs/1511.05493

Lim,S.,Lee, K.and Kang,J.(2018),‘Drugdruginteractionextractionfromtheliterature

usingarecursiveneuralnetwork’,PLOSONE13(1),1–17.

URL: https://doi.org/10.1371/journal.pone.0190926

Lin,D.and Wu,X.(2009),Phraseclusteringfordiscriminativelearning,in‘Proceedingsofthe

JointConferenceofthe47thAnnual MeetingoftheACLandthe4thInternationalJoint

ConferenceonNaturalLanguageProcessingoftheAFNLP’,AssociationforComputational

Linguistics,pp.1030–1038.

URL: http://aclweb.org/anthology/P09-1116

Lin, T., Goyal, P., Girshick, R., He, K.and Dolĺar, P.(2017),Focallossfordenseobject
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