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Thetaskof questionanswering(QA) is to �nd theaccurateandpreciseanswerto anatural

languagequestionin someprede�nedtext. MostexistingQA systemshandlefact-basedques-

tionsthatusuallytakenamedentitiesastheanswers.In this thesis,wefocusonadifferenttype

of QA—non-factoidQA (NFQA) to dealwith morecomplex informationneeds.Thegoalof

thepresentstudyis to proposeapproachesthattackleimportantproblemsin non-factoidQA.

We proposedanapproachusingsemanticclassanalysisastheorganizingprinciple to an-

swernon-factoidquestions.Thisapproachcontainsfour majorcomponents:

� Detectingsemanticclassesin questionsandanswersources

� Identifyingpropertiesof semanticclasses

� Question-answermatching:exploring propertiesof semanticclassesto �nd relevant

piecesof information

� Constructinganswersby merging or synthesizingrelevantinformationusingrelations

betweensemanticclasses

We investigatedNFQA in thecontext of clinical questionanswering,andfocusedon three

semanticclassesthatcorrespondto rolesin thecommonlyacceptedPICOformatof describing

clinical scenarios.The threeclassesare: the problemof the patient,the interventionusedto

treattheproblem,andtheclinical outcome.
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We usedrule-basedapproachesto identify clinical outcomesand relationsbetweenin-

stancesof interventionsin sentences.

We identi�ed an importantpropertyof semanticclasses—theircores. We showed how

coresof interventions,problems,andoutcomesin asentencecanbeextractedautomaticallyby

developinganapproachexploringsemi-supervisedlearningtechniques.Anotherpropertythat

We analyzedis polarity, an inherentpropertyof clinical outcomes.We developeda method

usingasupervisedlearningmodelto automaticallydetectpolarityof clinical outcomes.

We built explicit connectionbetweentext summarizationandidentifying answercompo-

nentsin NFQA andconstructeda summarizationsystemthatexploresa supervisedclassi�ca-

tion modelto extract importantsentencesfor answerconstruction.We investigatedtherole of

clinical outcomeandtheirpolarity in this task.
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Chapter 1

Intr oduction

1.1 What is QuestionAnswering?

As moreandmoreinformationis accessibleto users,moresupportfrom advancedtechnologies

is requiredto help obtainthe desiredinformation. This bringsnew challengesto the areaof

informationretrieval (IR) in both thequeryandtheanswerprocessing.To free theuserfrom

constructinga complicatedbooleankeywords query, the systemshouldbe able to process

queriesrepresentedin naturallanguage.Insteadof replyingwith somedocumentsrelevant to

thequery, thesystemshouldanswerthequestionsaccuratelyandconcisely. Systemswith such

characteristicsareQuestion-Answering(QA) systems,which take advantageof high-quality

naturallanguageprocessingandmaturetechnologiesin IR. Thetaskof aQA systemis to �nd

theanswerto aparticularnaturallanguagequestionin someprede�nedtext.

Generally, currentQA taskscanbeclassi�ed into two categories:fact-basedQA (FBQA)

andnon-factoidQA (NFQA). In FBQA, answersareusuallynamedentities,suchasperson

name, time, andlocation. For example:

Q: WhowastheUSpresidentin 1999?

A: Bill Clinton

Q: Whichcity is thecapitalof China?

A: Beijing

NFQA aimsto answerquestionswhoseanswersarenot just namedentities,suchasquestions

1
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posedby cliniciansin patienttreatment:

Q: In apatientwith ageneralizedanxietydisorder, doescognitivebehaviour or relaxationtherapy

decreasesymptoms?

Clinical outcomesof cognitive behaviour or relaxationtherapy could be complicated.They

could be bene�cial or harmful; they could have differenteffectsfor differentpatientgroups;

someclinical trialsmayshow they arebene�cialwhileothersdon't. Answersto thesequestions

canonly beobtainedby synthesizingrelevantinformation.

Both FBQA andNFQA needto addresssomemajor researchproblems,andthey �t into

the samegeneralQA framework. This thesisfocuseson NFQA, andour working domainis

medicine.

1.2 What are the newresearch problemsposedby QA?

The �rst problemfor QA is to understandthe task. Sincetherearemany different typesof

questions,it is very importantfor a QA systemto know what a particularquestionis asking

for. Sometechniqueshave beenrecognizedto beeffective in FBQA, which arediscussedin

section1.4.1on thequestion-processingphase.In NFQA, however, it is muchmoredif�cult

to understandtheinformationneeds.

Matchingtheanswerto thequestionis anotherbig challenge.Questionsandtheanswers

often have very different phrasings. Matching techniquesneedto �nd the correspondence

betweenthem.Comparedto FBQA, suchcorrespondencein NFQA is usuallylessexplicit.

Answergenerationis thelastproblemin QA. After thebestcandidatesareselectedby the

matchingtechniques,they needto beprocessedto obtainaccurateandconciseanswers.

1.3 Question-Answeringframework

Thearchitectureof a typicalQA systemis shown in Figure 1.1.

1. Questionprocessing.Theaimof thequestionprocessingis to understandthequestion.

In mostFBQA systems,this includes:



CHAPTER 1. INTRODUCTION 3

Question

Set

Question 

Processing

Document

Collection

Document

Processing

Q-A Matching Answer Generation

Figure1.1: QA Architecture

� determiningwhattypeof questionis beingasked(e.g.,where)

� inferringwhatkind of answeris expected(e.g.,location)

� determiningthefocusof thequestion—itscentralpoint

� formulatinga queryon thedocumentcollectionby usingkeywordsin theques-

tion

SomeNFQA systemssuggestto clarify thequestionby communicatingwith users.

2. Documentprocessing.Beforethe matchingof questionandanswerstarts,the docu-

mentsin the collectionmay be transformedto someotherrepresentationso that ef-

�cient searchcanbe performed.Many systemsimportedindex technologyfrom IR

systemsin thisstep.

3. Question-Answermatching.Beforedoingdetailedanalysisto �nd theanswer, a rel-

atively smallsetof candidatesshouldbefound. Conventionalkeyword matchingand

expectedanswer-typecheckingareofteninvolvedin this step.Unmatchedcandidates
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will be�ltered outdirectly.

To �nd the bestanswer, differenttechniquesareusedto analyzethe relationshipbe-

tween the questionand candidateanswerthoroughly. Knowledge-intensive, data-

intensive,andstatisticalapproachesaddresstheproblemwith differentemphasis.

4. Answergeneration.It hasnotbeenfully addressedin mostcurrentsystems.Mostsys-

temsjustextractsmallfragmentsthatcontaintheanswerinformationfrom theanswer

candidatesasthe�nal answers.Eventheextractionprocessis not discussedin detail

in many works.

In the following two sections,relatedwork in FBQA andNFQA is reviewedrespectively

to furtherunderstandtheirdifferenceandconnections,andstate-of-the-artin QA.

1.4 Fact-basedquestions

The main problemin QA is the greatvariation in expressingthe questionand the answer.

Accordingto how it is addressed,currentwork in FBQA canbepartitionedinto two classes.

� Knowledgeintensive. The intuition of theknowledge-intensive approachesis to �nd

a propermeta-formsothatboththequestionandtheanswercanberepresentedby it.

Theconstructionof theform usuallyexploits naturallanguageprocessingtechnology

aswell asrelatedreal-world knowledge.

� Dataintensive. The data-intensive approachesput the emphasison predictionof the

answerby usingtheevidencefrom thedataset. For eachquestion,someapproaches

try to composeall thepossibleanswerformatsandthencomparethemwith theanswer

candidatesto �nd the onethat meetsthe prediction. Someapproachesestimatehow

likely a candidateis the expectedanswerby collecting statisticaldatafrom a large

candidateset.

Thefollowing two subsectionswill discusssometypicalFBQA work in detail.



CHAPTER 1. INTRODUCTION 5

1.4.1 Knowledge-IntensiveApproaches

Theproblemsthatareemphasizedin knowledge-intensivesystemsarediscussedin thissection.

For eachproblem,methodsexploredin differentsystemsarecompared.

Answer-type identi�cation The typeof theanswertells us thegeneralcategory of theex-

pectedanswer, whetherit is a person,a location,or a time etc. To determinetheanswertype,

thetypeof thequestionshouldbeidenti�ed �rst. As mentionedearlier, knowing thequestion

typeaddressesthe“what to �nd” problem.SincemostFBQA systemsfocuson wh- questions

(who,when,where, why, what), it is naturalto classifythe typesaccordingto thestemof the

question:thewh-words.

Most answersfor wh- questionsarerelatedto namedentities(NE); thusmostFBQA sys-

temsclassifytheanswersby differenttypesof NE,suchas:time,product,organization,person,

etc.TheNE identi�cation techniquefrom informationextraction(IE) is quitehelpfulandusu-

ally is importedinto this process.Therearesomeotheranswercategoriesthatdo not belong

to NE. As in Paşca's work [Paşca andHarabagiu,2001b],type reasonis appliedto the why

questionsandtypede�nition is includedfor questionsaskingfor thede�nition of aconcept.

A parseris ofteninvolvedto �nd theanswertype.For example,in Paşca'swork, it depends

onaconcepthierarchy “Answer-TypeTaxonomy”andaspecial-purposeparser.

� Answer-type taxonomy. The taxonomyis a treestructureconstructedoff-line which

containsall theanswertypesthatcanbeprocessedby thesystem.It is built in a top-

down mannerwith generalconceptson the top andmore-speci�cconceptson lower

levels.A subsetof thetaxonomyis shown in Figure 1.2.

Thetop level of thehierarchy containsthemostrepresentative conceptualnodes,e.g.

person, location, money, nationality, etc. Someof theseare further categorized

to more speci�c concepts. For instance,the location nodeis divided into univer-

sity, city, country, etc. Someconceptsareconnectedto correspondingsynsetsfrom

WordNet. As an example,person is linked to several sub-treesrootedseparatelyat

scientist, performer, European, etc. It is worth noticing that althoughmostcon-

ceptsin thetaxonomyarenouns,thereareverbsandadjectivesaswell. A conceptcan
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Figure1.2: A subsetof theanswer-typetaxonomy[PaşcaandHarabagiu,2001b]

beconnectedto theWordNetnounsub-hierarchies,verbsub-hierarchiesor, adjectival

satellites.For example,the product nodeis connectedto nounsf artifact, artefactg

andverbsf manufacture, fabricate, constructg. Thewholetaxonomywasconstructed

manuallyandwasadaptedto thesamplequestions.

� Parser. The wh- word in a questioncannotalways provide enoughinformation on

the typeof theexpectedanswer. For example,whatcanaskfor many differenttypes

of things. To solve this problem,Paşca implementeda parserto �nd the word(s) in

a questionthat help determinethe expectedanswertype. The questionis parsedto

locatetheword(s)thathasa head-modi�erdependency to thequestionstem(thewh-

word). For instance,in thequestionWhatdopeopleusuallybuy in HongKong?, what

is a dependentof the verb buy. The word buy is thenmappedonto the answer-type

taxonomyto obtaintheexpectedanswertype,e.g.product.

Thismethodiseffectivein determiningtheanswertypeatabove90%accuracy in theTREC

testquestions.However, thereis a lot of manualwork involved. Currently, the answer-type

taxonomyencodes8707Englishconceptswith 153 connectionsto WordNetsub-hierarchies

[Paşca andHarabagiu,2001b]. It will be quiteburdensometo includemoreandmorenodes

into thetaxonomyfor thesystemto beadaptive to new expressionsof questionsandanswers.

The approachexploredby [Hovy et al., 2000] is similar to Paşca's work. In their “Web-

clopedia”system,they alsobuilt a taxonomyof answertypes(“QA Typology”) but WordNet
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is not involved. The typology contains94 nodes[Hovy et al., 2000]. An extendedparseris

alsousedin the processof answer-type identi�cation, which containssomesemanticback-

groundknowledge.A setof manuallyconstructedrulesis includedin theparserto determine

the correctanswertype. The answertype producedby the parsercanbe the conceptsin the

QA Typology, P-O-Stags,rolesproducedin theparsetree,or conceptsfrom thesemantictype

ontologyof theparser.

Identi�cation of question(answer) focus As de�ned by [Moldovanet al., 1999],“a focus

is a word or a sequenceof wordswhich de�ne the questionanddisambiguateit in the sense

that it indicateswhat the questionis looking for, or what the questionis all about” (page

176). For example,thequestionWhattypeof bridge is theGoldenGateBridge? [Paşcaand

Harabagiu,2001a]hasbridge as the answertype and type as the answerfocus. From the

de�nition, the focus is very importantfor answeringa question. Somesystemsmentioned

theconceptexplicitly [Moldovanet al., 1999;Harabagiuet al., 2000;Ferretet al., 2001;Lee

et al., 2001], othersmay includeit in the generalanswertype identi�cation processwithout

discussingit separately. In both cases,no methodor techniqueis provided to addressthe

problemparticularly.

Query generation Thequery-generationprocessusuallyinvolveskeyword extractionfrom

the original questionwith or without weightsattachedto them. For example,a querycorre-

spondingto thequestionWhoinventedthepaperclip? is [paper AND clip AND invented].

Later, thequerycanbeexpandedby usinga knowledgebasesuchasWordNet. In somesys-

tems,after removing stopwords,the keywordsareselectedby a setof heuristics[Moldovan

andHarabagiu,2000;Lee et al., 2001;Alpha et al., 2001]. Differentsystemshave different

preferencesin whetherlemmataor stemmedwordsshouldbeusedaskeywords.

Queryexpansionis oftenappliedto make surethat thecorrectanswerwill not bemissed.

Most systemsusesynonymsof theselectedkeywordsin WordNetto expandthequery. More

sophisticatedquery-expansiontechniquesareexploredin Harabagiu's work [Harabagiuet al.,

2001a],which includethreelevelsof alternations:

� Morphologicalalternations.Whenno answeris foundby matchingtheoriginal key-
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wordsfrom thequestion,themorphologicalalternationsareconsidered.For example,

thenouninventorwill beaddedto thequerybecauseof theoriginal verbinvent.

� Lexical alternations.WordNetis a sourcefor addinglexical alternationsto thequery.

In mostcases,synonymsof a word areadded,althoughotherrelationshipsmayalso

beconsidered.For example,killer hasa synonym assassinwhich shouldbeincluded

in thequeryexpansion.

� Semanticalternations.Thesemanticalternationsarede�ned as“the wordsor colloca-

tions from WordNetthat (a) arenot membersof any WordNetsynsetscontainingthe

original keyword; and(b) have a chainof WordNetrelationsor bigramrelationsthat

connectit to theoriginalkeyword” [Harabagiuetal.,2001a](page278).For example,

thecandidatewordscanbehypernymsor hyponymsof theoriginalword,or evenjust

relatedto it in somesituation.To answerthequestionHow manydogspull a sledin

theIditarod?, sincesledandcart arefoundto beformsof vehicles, theword harness

thatis relatedto pull cart is includedin thequeryexpansion.

Threeheuristicsare constructedto decidewhen and how to perform thesealternations.

However, for thesemanticalternations,theheuristicdoesnotspecifywhichsemanticrelations

shouldbeconsideredin a particularsituation(in fact, it is almostimpossibleto do so). This

kind of problemseemsto beaninherentlimitation of knowledge-basedapproaches.

Matching of Question and Answer Keyword matchingis the �rst criterion to �lter out

irrelevantanswersin almostall FBQA systems.To makethesystemef�cient, usuallyonly text

fragmentsthat containthe querykeywordswill be returnedinsteadof the whole documents.

Thenumberof returnedfragmentsis fairly large,althoughit variesin differentsystems.The

querykeywordsareexpandedor shrunkto make surethatthepropernumberof fragmentsare

returned.

In the next step, further matchingis performed. Fragmentsthat do not meet the strict

requirementsare �ltered out. The �lter canbe usedto verify the semanticrelationsor can

be usedassomerankingscheme.In Harabagiu's work, the �lter is executedat threelevels
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[Harabagiuet al., 2001a].At the�rst level, fragmentsthatdo not containat leastoneconcept

of thesamesemanticcategoryastheexpectedanswertypeare�ltered out.

At thesecondlevel, thequestionrepresentedin its semanticform producedby theparserin

thequestion-processingphaseis uni�ed with thesemanticformsof thefragmentsthatcontain

thepossibleanswers(answercandidates).Theaimof theuni�cation is to checkhow muchin-

formationcontainedin thequeryis alsocontainedin theanswercandidates.Thus,thequestion

conceptsaswell asthedependenciesof thequerytermswhicharerepresentedby thesemantic

form arecomparedwith thesemanticformsof theanswercandidates.

Thesemanticform of a sentenceis derived from its syntacticparsetree. To constructthe

semanticform, the semanticconceptthat the sentenceis about(the answertype) is addedto

the tree(which worksasa slot in thequestionrepresentationandtheslot �ller in theanswer

representation).Unimportantwordsareremoved. Figure 1.3 is an exampleof the semantic

forms:

What company sells most greeting cards?

Question:

Answer:

Hallmark remains the largest maker of greeting cards

ORGANIZATION(Hallmark)

maker    greeting cards      largest

ORGANIZATION sells greeting cards most

Figure1.3: Semanticformsof sentences([PaşcaandHarabagiu,2001b])

At thethird level, thequestionandanswercandidatesarerepresentedin their logical forms.

Thelogical relationsheldby thetermsin thequeryareevaluatedin theabductionof answers.

As anexampleof the logical form, thequestionWhydid HongLi bring an umbrella? canbe

representedas:



CHAPTER 1. INTRODUCTION 10

[REASON(x)& Hong(y)& Li (y)& bring(e;x; y; z)& umbrella(z)]

In this example,Hong andLi are identi�ed asthe sameentity by usingthe samesymboly.

A candidateis selectedto be an answerif it canbe proved by using the logical form. The

prover processesthetermsin thequerylogical form from theleft to theright. For eachterm,

it triesto identify correspondinginformationcontainedin theanswerlogical form. Real-world

knowledgeis neededhere.For example,in theabove questionit maybehelpful to know that

HongLi is aperson'sname.

In thework of [Hovy et al., 2001],answertypeandanswerfocusarecheckedin theparse

treesof the questionandcandidateanswersin the matchingprocess.Whenit is not enough

for selectingagoodanswer, severalheuristicsareappliedwhichconsidertheexpectedanswer

range,knowledgeof abbreviation,andknowledgeof someformatsof specialinformation(e.g.

e-mailaddress,postcode)etc.

Somesystemstry to choosethe answerby ranking the candidateanswers.The ranking

often dependson heuristicrules abouthow the answercandidatescontainthe query terms,

e.g.,theorderof thequerytermsin theanswercandidates,thenumberof querytermsthatare

matched,thedistancefrom thepositionof theembeddedanswertype to thequerytermsetc.

Somesystems[Ferretetal.,2001;Prageretal.,2000;SrihariandLi, 1999;Alphaetal.,2001]

implementthematchingby rankingthepassagesaccordingto weightedfeaturesor termswhich

arechosenoff-line. Machinelearningtechniquesareimportedin therankingin somesystems.

PaşcaandHarabagiu[2001b]useaperceptronmodelto comparetwo candidates,while Prager

etal. [2000]applylogistic regressionto scoreNEscontainedin thecandidates.

Answer Extraction The task is to extract a conciseanswerfrom the answercandidates.

In somesystems,thecandidatesarestringsin text windows of speci�edsize[Moldovanet al.,

1999].Someothersconsidersentencesasthecandidates[Ferretetal.,2001;Hovy etal.,2001].

The candidateswith the highestscoresobtainedin the matchingprocessareextractedasthe

�nal answers.In knowledge-basedsystems,no particulartechniquesareappliedto extractthe

answer.
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Evaluation In the TREC-10 evaluation, the LCC systemdevelopedby Harabagiuet al.

[2001b]performswell in both the main taskand the list questiontaskwith the meanrecip-

rocalrank(MRR)1 of 0.57in themaintaskandaccuracy (no.of distinctinstances/targetno.of

instances)of 0.76in the list task. LCC is ranked secondin themain taskand�rst in the list

task. Thework of [Hovy et al., 2001]and[Alpha et al., 2001]arealsoin the top � ve ranked

systems.

1.4.2 Data-IntensiveApproaches

IE-based QA The NE identi�cation techniquesfrom IE areexploited in mostFBQA sys-

tems. Somesystemsdemonstratedthat other techniquesmay alsobe helpful in QA. In the

TREC-10maintask,thesystemthathadthebestperformancewastheonefrom InsightSoft-M

[Soubbotin,2001]. It appliesasetof pre-de�nedpatternsgeneratedby analyzingthedocument

collectionto theanswercandidatesto matchparticulartypesof questions.

Theideais similar to pattern-matchingandslot-�lling in IE. Sincevarioustasksshouldbe

addressedin a QA system,to take advantageof the pattern-matchingtechnique,the Insight

systemclassi�es the questionsinto differentcategoriesandthenconstructspatternsfor each

category. Therearetwo categoriesof patternsin thesystem:

� patternsrepresentingacompletestructure

Example:
capitalizedword;parenthesis;four digits;dash;four digits;parenthesis
wouldmatch“Mozart (1756- 1791)”

� patternscomposedby speci�c patternelements

Example:
[number]+[termfrom currency list]
wouldmatch“5 cents”

In the system,questionsmustbe analyzedto obtainthe accurateanswertype so that the

correctpatternswill betriggeredlater. Relevantpassagesareobtainedby searchingfor query

1MRR is anaccuracy measure.To calculatetheMRR, “an individual questionreceivesa scoreequalto the
reciprocalof therankatwhichthe�rst correctresponseis returned,or zeroif noneof the� veresponsescontained
acorrectanswer”[Voorhees,2001].
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keywordsin thedocumentcollection. Only thesepassagesarecomparedwith thepatternsto

identify potentialanswers.As thepatternsshouldadaptto variousphrasingof answers,agreat

numberof patternsareconstructedmanuallyfor eachquestiontype(e.g.,23 patternsarebuilt

for thewho-author typeof questions).As in IE systems,manuallyconstructingpatternsis a

very time-consumingtask. So automaticpatternconstructionmay be the future work of the

pattern-matching-basedsystems.

As shown in the above examples,the systemcontainsa setof patternelementssuchas

currency, personnames,country names,etc. It seemsthat if an NE recognizeris usedto

replacetheseelements,thepatternscanbesimpler.

Wecanseethatalmostnodeepknowledgeanalysisis involvedin thepatternconstruction.

However, properknowledgeis necessaryin thesystemto processcomplicatedquestions.For

example,theambiguousquestionWho is Bill Gates? is actuallyaskingfor the reasonwhy

Bill Gatesis famous.As in theknowledge-intensive approaches,theidenti�cation of thecor-

rectanswertypeis importantin �nding thecorrectanswerhere.It is declaredby [Soubbotin,

2001] that detailedcategorizationof questiontypesis a preconditionfor effective useof the

method.

Sinceit is notpossibleto constructcompletepatternsfor a typeof question,for thosecases

in which the questionsdo not matchany patterns,the systemtries to selectthe answersby

comparinglexical similarity of thequestionandanswercandidates.

AnotherIE-basedsystemwasdescribedin [Srihari andLi, 1999]. The ideais to answer

questionsby executingIE in threelevels:

� Namedentity: extractnamedentitiesasanswercandidates

� Correlatedentity: extractpre-de�nedrelationshipsbetweentheentities

� Generalevents:extractdifferentrolesin generalevents(e.g.who did what to whom

when andwhere)

However, only the�rst level wascompletedin thesystem.

From the above analysiswe can seethat IE-basedsystemslie somewherebetweenthe

knowledge-intensiveandthedata-intensivemethods.Theadvantageof themis thattheburden



CHAPTER 1. INTRODUCTION 13

of deriving andcomparingthesemanticandlogic similarity of questionandansweris released

to somedegree.

Redundancy-basedQA The two othersystemsthat also importedpattern-matchingtech-

niquesinto thequeryanswer-matchingprocessareMultiText [Clarkeetal.,2000]andAskMSR

[Dumaisetal.,2002].In MultiText, thepatternsusedconsistof regularexpressionswith simple

hand-codedextensions.

AskMSRjustappliessimplestring-basedmanipulationsin thequeryrewriting to formulate

thepatterns.Therewrite rule is a triple of the form [string, L/R/-, weight], where“string” is

the reformulatedsearchquery, “L/R/-” indicatesthe positionin the text wherethe answeris

expectedto �nd with respectto the querystring (left, right or anywhere)and“weight” is a

con�dence�gure for a particularquery. If a querypatternis more likely to �nd the correct

answer, it will have a higherweight thanothers.Thefollowing is anexample[Dumaiset al.,

2002]:

Question: Whocreatedthecharacterof Scrooge?
Rewrite1: [created+ thecharacter+ of Scrooge, left, 5]
Rewrite2: [+the character+ of Scrooge+ wascreated+ by, right, 5]

However, thematchingprocessis not theonly componentthathelps�nd theanswerin the

two systems.Theredundancy of thedatais furtherexploredto obtaintheanswer. Theideathat

dataredundancy canbeappliedto questionansweringis basicallythesamein thetwo systems

with slight differences.As indicatedby [Clarke et al., 2001], thehypothesiswasthatcorrect

answerscould be distinguishedfrom othercandidatessolely by their repeatedoccurrencein

relevantpassages.

Thehypothesisis implementedby assigningweightsto thecandidateanswers.In Multi-

Text, after the patternmatching,the retrieved answercandidatesareranked accordingto the

sum of the weightsof the candidateanswertermsthat they contain. To calculatethe term

weights,[Clarke et al., 2001]usedan idf -like formulawith a redundancy parameter. There-

dundancy parameteris de�ned asthenumberof retrievedpassagesin which a particularterm

appears.In theanswergenerationprocess,thesegmentin apassagethatmaximizesthesumof

the termweightsit containsis extracted.MultiText rankedamongthetop � ve systemsin the

TREC-10maintaskandlist taskevaluation.
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In AskMSR, the n-grams(1-, 2-, 3- grams)in the retrieved passagesare the candidates

to be ranked. The weightof an n-gramdependson the con�dencevalueof the rewrite rules

thatgeneratedit (“5” in theabove exampleof rewrite rules). Thecon�dencevaluesin all the

uniqueretrievedpassagesin which then-gramoccurredaresummedup to obtainthescoreof

the n-gram. The n-gramsarethen�ltered andre-weightedby a setof manuallyconstructed

heuristics.Finally, theremainingonesaretiled to gettheanswer. Tiling formslongern-grams

by mergingoverlappingshortern-grams.For example,“A B C” and“B C D” is tiled into “A B

C D.” Comparedwith MultiText, thesystemdoesnot needthecorpusto befull-text indexed,

nor doesit needglobal termweights. However, AskMSRperformsworsethenMultiText. It

wasnot in thetopeightsystemsin theTREC-10evaluation.

Although AskMSR wasnot so successfulasMultiText in TREC-10,the ideathat redun-

dancy can help �nd the answerby using only simple patternsis veri�ed by Dumaiset al.

[2002]. Their resultsshow that the systemperformsmuch betteron Web datathan on the

TRECdata(theformer is muchlarger thanthelatter). It is thesamein MultiText. Compared

with otherapproaches,a majorcontribution of redundancy-basedmethodsis thatthey explore

the relationshipsamonggoodanswercandidates.The correctanswerof a questionmay be

verydif�cult to identify becauseof its complicatedformulation.However, it maybepromoted

by many relevantanswercandidatesthathave simplerphrasings.This importantinformation

is ignoredin otherapproaches.

Statistical QA Not many systemsexploredstatisticalapproachesfor FBQA. This might be

becausethepotentialof statisticalmodelshadnot beenrealizedin late90's. Amongthe top-

ranked systemsin TREC-10,only onesystem[Ittycheriahet al., 2001] includeda statistical

model.

Thesystemarchitecturein [Ittycheriahetal.,2001]is similar to thegeneralarchitecturede-

scribedin section1.3.Thestatisticalmodelis notappliedto thewholesystembut ratherontwo

componentsof thesystem:answer-typepredictionandanswerselection.TheNE recognition

is alsoimplementedby usingthestatisticalmethod.All threetasksareviewedasclassi�cation

problemsandthemaximum-entropy modelsareconstructedwith threedifferentfeaturesets.

Theanswertypesincludethestandardcategoriesof NE in theMessageUnderstandingCon-
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ference(MUC) plustwo moretypes:reason for why questionsandphrase for all theothers.

Thefeaturestake careof unigrams,bigrams,PoS,thepositionof thequestionwords,aswell

assomeexpansionin WordNet. In answerselection,31 featuresrelatedto sentence,entity,

de�nition, andlinguistics(e.g. theanswercandidateis eitherin thesubjector objectposition

etc.) areconstructed.TheNE annotationcaresaboutthewords,morphs,PoS,andgrammar

�ags.

For theanswer-typeclassi�cation,3300questionswereannotatedmanuallybeforetraining.

Thetrainingsetfor theanswer-selectiontaskis 400question–answerpairsfrom TREC-8and

TREC-9. Becauseof theavailability of the trainingdatafor thecategoriesof NE, theanswer

typesarealmostcon�ned to theMUC classes.Thedif�culty of obtainingenoughtrainingdata

is oneproblemthataffectsthesystemperformance.

Thestatisticalmodelworkswell in theanswer-type identi�cation task(accuracy 90.5%).

The resultsfor NE recognitionarenot reportedin thepaper, althoughit is indicatedby error

analysisthattheperformanceis good.This systemis oneof thetop-rankedsystemsin TREC-

10,which indicatestheeffectivenessof usingstatisticalmodelsin FBQA.

1.4.3 Summary

Data-intensive approachestry to answerquestionswithout deeplyunderstandingthemeaning

of thequestionsandtheanswertext. This reducesthecomplexity of thesystemmodel.How-

ever, asweseefrom theabovediscussion,apuredata-basedmethodis notenoughto construct

a systemwith high accuracy, becauseproperknowledgeplaysan importantrole in question

analysis,which formstheguidein answersearching.

1.5 Non-factoid QA

In comparisonto FBQA,NFQA is muchlessunderstoodby researchers.However, it is suchan

importantareathat it is attractingmoreandmoreresearchinterest[Niu et al., 2003;Diekema

etal., 2003;Stoyanov etal., 2005;DUC, 2005].

NFQA dealswith morecomplex informationneeds.Weobservetwo distinctcharacteristics

of NFQA ascomparedto FBQA.
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� Non-factoid questionsusually cannotbe answeredusing a word or phrase,suchas

namedentities.Instead,answersto thesequestionsaremuchmorecomplex, andoften

consistof multiplepiecesof informationfrom multiplesources.

� Comparedto FBQA, in which ananswercanbejudgedastrue or false, NFQA needs

to determinewhatinformationis relevantin answerconstruction.

Someexamplesof non-factoidquestionsareasfollows.

In a patientwith a generalizedanxietydisorder, doescognitive behaviouror relaxationtherapy

decreasesymptoms?

Wasthemostrecentpresidentialelectionin Zimbabweregardedasa fair election? [Stoyanov etal.,

2005]

Whatadvantages/disadvantagesdoesan Aluminumalloy haveover Ti alloy as thecore for a hon-

eycombdesign? [Diekemaetal., 2003]

Symptomsin the�rst questionis ageneralconcept,any clinical outcomeof cognitivebehaviour

or relaxationtherapy in anxietydisordercouldberelevant.Theseoutcomescouldbedifferent

for differentpatientgroups(e.g. differentagegroups);they maybepositive in someclinical

trials while negative in someothers. All this evidenceshouldbe taken into accountin con-

structingtheanswer. For thesecondquestion,it is not easyto reachananswerof yesor no.

In fact,it might not bepossibleto do so,asit is very likely thatbothanswershave supporters.

Neitherof themshouldbeignoredin theanswer. In addition,to eitherpositiveor negativeatti-

tude,informationdescribingthereasonscanbehighly desirable.To answerthethird question,

weneedto synthesizeinformationonvariousaspectsthatthetwo metalsarecompared.

Becauseof thecomplex answers,currentFBQA techniqueswill have dif�culty in answer-

ing non-factualquestions.Therefore,it is importantto developnew strategiesandtechniques

to addressnew challengesin NFQA.

1.5.1 Clinical questionansweringasNFQA

Cliniciansoftenneedto consultliteratureon thelatestinformationin patientcare,suchasside

effectsof a medication,symptomsof a disease,or time constraintsin theuseof a medication.
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The publishedmedicalliteratureis an importantsourceto help cliniciansmake decisionsin

patienttreatment[Sackett andStraus,1998;StrausandSackett, 1999]. Studieshave shown

that searchingthe literaturecanhelp cliniciansanswerquestionsregardingpatienttreatment

[Gormanet al., 1994;Cimino, 1996;Mendonça et al., 2001]. It hasalsobeenfound that if

high-qualityevidenceis availablein thiswayat thepointof care—e.g.,thepatient'sbedside—

clinicianswill useit in theirdecisionmaking,andit frequentlyresultsin additionalor changed

decisions[Sackett and Straus,1998; Strausand Sackett, 1999]. The practiceof using the

currentbestevidenceto help clinicians in making decisionson the treatmentof individual

patientsis calledevidence-basedmedicine(EBM).

Questionsposedby clinicians in patient treatmentpresentinterestingchallengesto an

NFQA system. For a clinical question,it is often the casethat more thanoneclinical trial

with differentexperimentalsettingswill have beenperformed.Resultsof eachtrial provide

someevidenceon theproblem.To answersucha question,all this evidenceneedsto betaken

into account,astheremay be duplicateevidence,partially agreed-onevidence,or even con-

tradictions.A completeanswercanbeobtainedonly by synthesizingthesemultiple piecesof

evidence,asshown in Figure1.4. In our work, we take EBM asan exampleto investigate

NFQA. Our targetsarequestionsposedby physiciansin patienttreatment.

Clinical question: Are calciumchannelblockerseffective in reducingmortality in acute

myocardialinfarctionpatients?

Evidence1: : : : calciumchannelblockersdonot reducemortality, : : : mayincreasemortality.

Evidence2: : : : verapamilversusplacebo: : : hadnosigni�cant effectonmortality.

Evidence3: : : : diltiazemsigni�cantly increaseddeathor reinfarction.

Evidence4: : : : investigatingtheuseof calciumchannelblockersfoundanon-signi�cant

increasein mortalityof about4%and6%.

Figure1.4: Exampleof a clinical question,with correspondingevidencefrom Clinical Evi-

dence.
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1.5.2 Curr ent research in NFQA

UnlikeFBQA, in whichthemainresearchfocusesonwh-questions(e.g.when, where, who) in

arathergeneraldomain,mostwork in NFQAstartswith aspeci�c domain,suchasterrorism,or

a speci�c typeof question,suchasopinion-relatedquestions.Thecomplexity of NFQA tasks

mayaccountfor this difference.In this section,currentwork in NFQA is reviewedaccording

to differentresearchproblemsof theQA taskthatit addresses.

Questionprocessing Becausetheinformationneedsaremorecomplex, somework putmore

efforts on understandingquestions.Hickl et al. [2004],Smallet al. [2004] andDiekemaet al.

[2003] suggestansweringquestionsin aninteractive way to clarify questionsstepby step.In

addition,Hickl et al. arguethatdecompositionof complex scenariosinto simplequestionsis

necessaryin an interactive system.As anexample,thecomplex questionWhatis thecurrent

statusof India's Prithvi ballistic missileproject? is decomposedinto thefollowing questions

[Hickl etal., 2004]:

1. Howshould`India' beidenti�ed?

2. Pre-independenceor post-independence, post-colonial,or post-1947India?

3. Whatis `Prithvi'?

4. WhatdoesPrithvi mean?

5. Whatclassof missilesdoesPrithvi belongto?

6. Whatis its range/payload,andothertechnicaldetails?

7. ...

They proposetwo approachesto the decomposition:by approximatingthe domain-speci�c

knowledgefor a particularset of domains,and by identifying the decompositionstrategies

employedby humanusers.Preliminaryresultsfrom two dialogpilot experimentssuggest� ve

strategiesfor questiondecompositionemployedby expertsthatcouldbehelpful in automatic

decomposingcomplex questions.
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Following thatwork, Harabagiuet al. [2004]derivedintentionalstructureandtheimplica-

turesenabledby it for decomposingof complex questions,suchasWhatkindof assistancehas

North Korea receivedfromtheUSSR/Russiafor its missileprogram? Theauthorsclaim that

intentionsthattheuserassociatewith thequestionmayexpressasetof intendedquestions; and

eachintendedquestionmaybeexpressedasimpliedquestions. Theintendedquestionsof this

exampleincludeWhatis theUSSR/Russia?Whatis assistance?Whatare themissilesin the

North Koreaninventory?Then,theseintendedquestionsfurtherhave implied questions,such

as Is this the Soviet/Russiangovernment?Doesit includeprivate �rms, state-owned�rms,

educationalinstitutions,andindividuals?Is it thetraining of personnel?Whatwasthedevel-

opmenttimelineof themissiles?Questionslike Will PrimeMinister Mori survivethecrisis?

andDoesIraq havebiological weapons?are also questionsthat this paperis interestedin

[Harabagiuetal., 2004].

Two methodsof generatingtheintentionalstructureof questionsareexplainedby two ex-

amplesin the paper. Oneis basedon lexico-semanticknowledgebases(e.g. WordNet),and

theotherusesthepredicate-argumentstructuresof questions.Theauthorsclaimthattheinten-

tionalstructuremaydetermineadifferentinterpretationof thequestion,andanswerextraction

dependson thesemanticrelationsbetweenthecoercedinterpretationsof predicatesandargu-

ments,althoughnodetailsof evaluationaredescribedin thepaper.

The systemHITIQA (High-Quality Interactive QuestionAnswering)[Small et al., 2004]

alsoemphasizesinteractionwith userto understandtheinformationneeds,althoughit doesnot

attemptto decomposequestions.During theinteraction,thesystemasksquestionsto con�rm

theuser's needs.After receiving yesor no from theuser, thegoalof searchingis clearer. The

interactionis data-driven in that questionsasked by the systemaremotivatedfrom previous

resultsof informationsearching(which form theanswerspace).

Diekemaetal. alsosuggesttohaveaquestionnegotiationprocessfor complex QA [Diekema

et al., 2003]. TheQA systemdealswith real-timequestionsrelatedto “ReusableLaunchVe-

hicles”. For example,broad-coveragequestionslike How doestheshuttle�y? , andquestions

aboutcomparisonof two elementssuchasWhatadvantages/disadvantagesdoesanAluminum

alloy haveover Ti alloy as the core for a honeycombdesign? aretypical in the domain. A

question-answeringsystemarchitecturewith a moduleof questionnegotiation betweenthe
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systemandthequestioneris proposedin thepaper.

Matching of questionand answer Bergeret al. [2000] describeseveral interestingmodels

to �nd theconnectionbetweenquestiontermsandanswerterms.

� tf � idf . Thismodelis differentfrom thestandardtf � idf calculation.Theconventional

IR vectorspacemodelis appliedin QA by takingthequestionandanswerasdifferent

documents.

Givenanm-wordquestionq = f q1; q2; :::; qmg, andann-wordanswera = f a1; a2; :::; ang,

theadaptedcosinesimilarity betweenthequestionandtheansweris givenby thefol-

lowing formula[Bergeretal., 2000]:

score(q; a) =

P
w2 q;a � 2

w � f q(w) � f a(w)
q P

w2 q f q(w)2 �
P

w2 a f a(w)2
; (1.1)

where

� w = idf (w) = log
�

jD j
jf d 2 D : f d(w) > 0gj

�
: (1.2)

wheref d(w) is thenumberof timesword w appearsin documentd. Herea document

is ananswer;D is theentiresetof answers.

� Mutual information for query expansion. Insteadof searchingfor termsfor query

expansionin a largeknowledgetaxonomysuchasWordNet,a modelfor calculating

the mutual informationof querytermsandanswertermsis built. In this model, the

mutualinformationof any pairof termsappearingin thetrainingsetof pairedquestions

andanswersis calculated.This canbe usedto locatethe mostrelevant termsin the

answerthatarecorrelatedwith any questionterm.Thesetermsareexpectedto begood

candidatesfor expandingthequery.

� Statisticaltranslationmodel. Taking a machinetranslationview of the QA problem,

thequestionandanswercanbetreatedastwo differentlanguages.Themodelis built

to learnhow ananswera correspondsto aquestionq by calculatingp(qja).
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As indicatedby [Berger et al., 2000], thesemodelsarepresentedfor a problemslightly

differentfrom a typical QA task. It is to �nd answerswithin a large collectionof candidate

responses.Theresponsesaresupposedto becorrectanswersto thequestions.It is not men-

tionedin thepaperif thereareonly one-to-onerelationsbetweenquestionsandanswers.Since

the answersare createdaccordingto the questions,it may be the casethat the phrasingof

questionandanswerhasmoreoverlapthanit doesin thegeneralQA task. Also, answersto

differentquestionsmaybeeasierto distinguish.Althoughsuchdifferencesexist, theessence

of theanswer-�nding taskandtheQA taskarethesame.Modelsexploredby theformermay

adaptto the latteraswell. SoricutandBrill [2006] extendBerger's work to answerFAQ-like

questions.In theirwork, althoughFAQ questionandanswerpairsareusedastrainingdata,the

goalis to extractanswersfrom documentson theweb,insteadof pairingupexistingquestions

andanswersin FAQ corpora.Takingquestionsandanswersastwo differentlanguages,a ma-

chinetranslationmodelis appliedin theanswerextractionmoduleto extract threesentences

thatmaximizetheprobabilityp(qj a) (q is thequestionanda is theanswer)from theretrieved

documentsastheanswer.

In systemHITIQA, frame structureis usedto representthe text, whereeachframe has

someattributes.For example,a generalframehasframetype, topic, andorganization. During

the processing,frameswill be instantiatedby correspondingnamedentitiesin the text. In

answergeneration,text in theanswerspaceis scoredby comparingtheir framestructureswith

thecorrespondinggoalstructuresgeneratedby thesystemaccordingto thequestion.Answers

consistof text passagesfrom whichthezerocon�ict framesarederived.Thecorrectnessof the

answerswerenotevaluateddirectly. Instead,thesystemwasevaluatedby how effective it is in

helpingusersto achievetheir informationgoal.Theresultsof a three-dayevaluationworkshop

validatedtheoverall approach.

Cardieet al. [2003]aimsto answerquestionsaboutopinions(multi-perspective QA), such

as: Wasthemostrecentpresidentialelectionin Zimbabweregardedasa fair election?, What

wasthe world-widereactionto the 2001annualU.S.report on humanrights?. They devel-

opedanannotationschemefor low-level representationof opinions,andthenproposedusing

opinion-orientedscenariotemplatesto actasasummaryrepresentationof theopinions.Possi-

ble waysof usingtherepresentationsin multi-perspective QA arediscussed.In relatedwork,
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Stoyanov et al. [2005] analyzedcharacteristicsof opinion questionsand answersand show

that traditionalFBQA techniquesarenot enoughfor multi-perspective QA. Resultsof some

initial experimentsshow thatusing�lters thatidentify subjectivesentencesis helpful in multi-

perspectiveQA.

Summary

Thetypicalwork discussedhereshowsthestate-of-the-artin NFQA. Mostsystemsareinvesti-

gatingcomplex questionsin speci�c domainsor of particulartypes.Althoughinterestingviews

andapproacheshave beenproposed,mostwork is at the initial stage,describingthe general

framework or potentialusefulapproachesto addresscharacteristicsof NFQA.

As mentionedin section1.1, our work on NFQA is in the medicaldomain. Clinical QA

asan NFQA task,presentschallengessimilar to thoseof the tasksdescribedin the previous

subsection.Our work is to investigate thesechallengesby addressinga key issue: what in-

formation is relevant? We do not attemptto elicit suchinformation by deriving additional

questions,suchasperformingquestiondecomposition[Hickl et al., 2004]or throughinterac-

tive QA [Small et al., 2004]. Instead,we aim to identify the bestinformationavailablein a

designatedsourceto constructtheanswerto a givenquestion.Thenext chapterwill describe

ourapproachbasedonsemanticclassanalysis.

1.6 Overview of contributions of thesis

This thesisfocuseson a new branchof the question-answeringtask– NFQA. We show the

differencebetweenNFQA andFBQA by analyzingnew characteristicsof NFQA. We claim

thatanswersto NFQA areusuallymorecomplex thannamedentities,andmultiple piecesof

informationareoftenneededto constructa completeanswer. We proposea novel approachto

addressthesecharacteristics.Importantsubtasksin differentmodulesof thenew approachare

identi�ed, andautomaticmethodsaredevelopedto solve theproblems.

To achieve thesegoals,we proposeto usesemanticclassanalysisin NFQA anduseframe

structureto representsemanticclasses.Wedeveloprule-basedapproachesto identify instances

of semanticclassesin text. Two importantpropertiesof semanticclasses(coresandpolarity)
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areidenti�ed automatically. We show that the problemof relevanceandredundancy in con-

structinganswersis closelyrelatedto text summarizationandbuild asummarizationsystemto

extractimportantsentences.

The QA approachbasedon semanticclassanalysis An eventor scenariodescribesrela-

tionsof several roles. Therefore,rolesandtheir relationsrepresentthegist of a scenario.We

usesemanticclassesto refer to theessentialrolesin a scenarioandproposeanapproachus-

ing semanticclassanalysisastheorganizingprinciple to answernon-factoidquestions.This

approachcontainsfour majorcomponents:

� Detectingsemanticclassesin questionsandanswersources

� Identifyingpropertiesof semanticclasses

� Question-answermatching:exploring propertiesof semanticclassesto �nd relevant

piecesof information

� Constructinganswersby merging or synthesizingrelevantinformationusingrelations

betweensemanticclasses

WeinvestigateNFQAin thecontext of clinicalquestionanswering,andfocusonthreesemantic

classesthatcorrespondto rolesin thecommonlyacceptedPICOformatof describingclinical

scenarios.Thethreeclassesare: theproblemof thepatient,the interventionusedto treatthe

problem,and the clinical outcome. Interpretationof any treatmentscenariocanbe derived

usingthethreeclasses.Thissemanticclass-basedapproachis describedin Chapter2.

Extracting semanticclassesand analyzing their relations We userule-basedapproaches

to identify clinical outcomesandrelationsbetweeninstancesof interventionsin sentences.In

QA, extractedclinical outcomescanbe useddirectly to answerquestionsaboutoutcomesof

interventions.In thecombinationapproachof outcomeidenti�cation thatwe developed,a set

of cuewordsthatsignaltheoccurrenceof anoutcomearecollectedandclassi�edaccordingto

theirPoStags.For eachPoScategory, thesyntacticcomponentsit suggestsaresummarizedto

deriverulesfor identifyingboundariesof outcomes.Thisapproachcanpotentiallybeappliedto
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identify or extractany semanticclass.Weidentify six commonrelationshipsbetweendifferent

instancesof interventionsin a sentenceanddevelop a cue-word basedapproachto identify

the relationsautomatically. Theserelationshipswill improve accuracy of matchingbetween

questionsandtheiranswers.They canalsoimprovedocumentretrieval. After theindex is built

for theserelations,they canbequerieddirectly. Instancesof semanticclassesandtheirrelations

canbe�lled in prede�nedframestructures.Suchinformationin freetext is thenrepresentedby

a more-structureddataformatthat is easierfor furtherprocessing.Thecombinationapproach

andrelationanalysisarepresentedin Chapter3.

Identifying coresof semanticclasses We usethe term core to refer to the smallestfrag-

mentof an instanceof a semanticclassthat exhibits informationrich enoughfor deriving a

reasonablyaccurateunderstandingof the class. We found that coresarean importantprop-

erty of semanticclassesasthey canbetheonly cluesto �nd theright answers.In Chapter4,

we show how coresof interventions,problems,andoutcomesin a sentencecanbe identi�ed

automaticallyby developinganapproachexploringsemi-supervisedlearningtechniques.This

approachcanbeappliedto identify coresof othersemanticclassesthathave similar syntactic

constituents,andit canbeadaptedto othersemanticclassesthathave differentsyntacticcon-

stituents. This approachcanpotentiallybe appliedto otherclassi�cationproblemsthat aim

to groupsimilar instancesaswell, e.g.,word sensedisambiguation.Theconceptof coresof

semanticclassesis pertinentto many tasksin computationallinguistics. For example,cores

arerelatedto namedentities.Somecoresof semanticclassesarenamedentities,while many

arenot. Coresasa new typeof semanticunit extendstheideaof namedentitiesandtheappli-

cationsthatrely onnamedentity identi�cation.

Detecting polarity of clinical outcomes A clinical outcomemay be positive, negative or

neutral.Polarity is an inherentpropertyof clinical outcomes.This informationis mandatory

to answerquestionsaboutbene�ts and harmsof an intervention. Information on negative

outcomesis oftencrucialin clinical decisionmaking.Wedevelopamethodusingasupervised

learningmodelto automaticallydetectpolarityof clinical outcomes.Weshow thatthismethod

hassimilar performanceon differentsourcesof medicaltext. We alsoidentify a causeof the
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bottleneckof performanceusingsupervisedlearningapproachesin polarityclassi�cation.The

polaritydetectiontaskis discussedin Chapter5.

Extracting componentsfor answers Webuilt explicit connectionbetweentext summariza-

tion andidentifyinganswercomponentsin NFQA, andconstructa summarizationsystemthat

exploresa supervisedclassi�cationmodelto extract importantsentencesfor answerconstruc-

tion. We investigatetherole of clinical outcomesandtheir polarity in this task.Thesystemis

presentedin Chapter6.



Chapter 2

Our approachfor NFQA: semanticclass

analysis

As discussedin Chapter1, answersin NFQA arenot namedentitiesandoftenconsistof mul-

tiple piecesof information. In responseto thesemajor characteristicsof NFQA, we propose

to useframe-basedsemanticclassanalysisasthe organizingprinciple to answernon-factual

questions.

We investigatedNFQA in the context of clinical questionanswering.In this chapter, we

discusstheapproachof semanticclassanalysisandhow ourwork �ts in thegeneralQA frame-

work.

2.1 Our approachof semanticclassanalysis

Clinical questionsoftendescribescenarios.For example,they maydescriberelationshipsbe-

tweenclinical problems,treatments,and correspondingclinical outcomes,or they may be

aboutsymptoms,hypothesizeddiseaseanddiagnosisprocesses.To answerthesequestions,

essentially, weneedaneffectiveschemato understandscenariodescriptions.

26
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2.1.1 Representingscenariosusing frames

Semanticroles Our principle in answeringnon-factualquestionsdevelopedfrom theview-

point that semanticsof a scenarioor an event is expressedby the semanticrelationshipsbe-

tweenits participants,andsuchsemanticrelationshipsarede�ned by therole thateachpartic-

ipantplaysin thescenario.Theserelationshipsarereferredto assemanticroles[Gildeaand

Jurafsky, 2002],or conceptualroles[Riloff, 1999]. This viewpoint candatebackto framese-

mantics,posedby Fillmore[1976]aspartof thenatureof language.Framesemanticsprovides

a schematicrepresentationof events/scenariosthat have variousparticipantsasroles. In our

work, weuseframesasour representationschemafor thesemanticrolesinvolvedin questions

andanswersources.

Researchon semanticroles hasproposeddifferent setsof roles ranging from the very

generalto the very speci�c. The mostgeneralrole setconsistsof only two roles: PROTO-

AGENT andPROTO-PATIENT [Dowty, 1991;Valin andRobert,1993]. Rolescanbe more

domain-speci�c,suchasperpetrators,victims, andphysical targetsin a terrorismdomain. In

question-answeringtasks,speci�c semanticrolescanbemoreinstructive in searchingfor rel-

evant information,andthusmoreprecisein pinpointingcorrectanswers.Therefore,we take

domain-speci�crolesasour targets.

The tr eatmentframe Patient-speci�cquestionsin EBM usuallycanbedescribedby theso-

calledPICO format [Sackett et al., 2000] in the medicaldomain. In a treatmentscenario, P

refersto thestatusof thepatient(or theproblem), I meansanintervention, C is a comparison

intervention(if relevant), andO describestheclinical outcome. For example,in thefollowing

question:

Q: In a patientwith a suspectedmyocardialinfarction doesthrombolysisdecreasethe risk of

death?

thedescriptionof thepatientis patientwith a suspectedmyocardial infarction, theintervention

is thrombolysis, thereis no comparisoninterventionin this question,andtheclinical outcome

is decreasethe risk of death. Originally, PICO format wasdevelopedfor therapy questions

describingtreatmentscenariosandwaslaterextendedto othertypesof clinical questionssuch

asdiagnosis,prognosis,andetiology. Representingclinical questionswith PICO format is
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widely believed to be the key to ef�ciently �nding high-qualityevidence[Richardsonet al.,

1995;Ebell, 1999]. Empiricalstudieshave shown that identifying PICO elementsin clinical

scenariosimprovestheconceptualclarity of clinical problems[Cheng,2004].

We foundthatPICO formathighlightsseveral importantsemanticrolesin clinical scenar-

ios,andcanbeeasilyrepresentedusingtheframestructure.Therefore,weconstructedaframe

basedonit. SinceC mainly indicatesacomparisonrelationto I, wecombinedthecomparisons

asone�ller of thesameslot interventionin theframe,connectedby aspeci�c relation.Wefo-

cuson therapy-relatedquestionsandbuilt a treatmentframethatcontainsthreeslots,asshown

in Table2.1.

Table2.1: Thetreatmentframe

P: adescriptionof thepatient(or theproblem)

I: anintervention

O: theclinical outcome

A slotin aframedesignatesasemanticclass(correspondstoasemanticroleoraconceptual

role), andrelationsbetweensemanticclassesin a scenarioare implied by the designof the

framestructure.Thetreatmentframeexpressesacause-effect relation:theinterventionfor the

problemresultsin theclinical outcome.

Whenapplyingthis frameto a sentence,we extract constituentsin the sentenceto �ll in

theslotsin theframe. Theseconstituentsareinstancesof semanticclasses. In this thesis,the

termsinstancesof semanticclassesandslot �ller s areusedinterchangeably. Someexamples

of theinstantiatedtreatmentframeareasfollows.

Sentence: OneRCT [randomizedclinical trial] foundno evidencethat low molecularweighthep-

arin is superiorto aspirinalonefor the treatmentof acuteischaemicstroke in peoplewith atrial

�brillation.

P: acuteischaemicstroke in peoplewith atrial �brillation

I : low molecularweightheparinvs. aspirin

O: noevidencethatlow molecularweightheparinis superiorto aspirin
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Sentence: Subgroupanalysisin peoplewith congestive heartfailure found that diltiazemsigni�-

cantlyincreaseddeathor reinfarction.

P: peoplewith congestiveheartfailure

I : diltiazem

O: signi�cantly increaseddeathor reinfarction

Sentence: Thrombolysisreducestherisk of dependency, but increasestherisk of death.

P: —

I: thrombolysis

O: reducestherisk of dependency, but increasestherisk of death

The �rst examplestatesthe result of a clinical trial, while the secondand third depict

clinical outcomes.Wedonotdistinguishthetwo casesin thisstudy, andtreatthemin thesame

manner.

How is it relatedto information extraction (IE)? Our approachof semanticclassanalysis

hasacloserelationto IE, in whichdomain-speci�csemanticrolesareoftenexploredto identify

prede�nedtypesof informationfrom text [Riloff, 1999]. Our approachsharesthesameview

with IE thatsemanticclasses/rolesarethekeysto understandscenariodescriptions.Framesare

alsousedin IE astherepresentationscheme.Nevertheless,in ourwork, asshown by theabove

examplesof treatmentframes,thesyntacticconstituentsof aninstanceof a semanticclasscan

bemuchmorecomplex thanthoseof traditionalIE tasks,in whichslot�llers areusuallynamed

entities[Riloff, 1999;TREC,2001].Therefore,approachesbasedonsuchsemanticclassesgo

beyondnamed-entityidenti�cation, andthuswill betteradaptto NFQA. In addition,extracting

instancesof semanticclassesfrom text is not theultimategoalof QA. Framerepresentationof

semanticclassesprovidesa platformfor matchingbetweenquestionsandanswersin our QA

system.We proposeto conductfurtheranalysison semanticclassesto searchfor answersto

non-factualquestions,whichwill bedescribedin thefollowing subsection.
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2.1.2 Main componentsof a QA systemguidedby semanticclassanalysis

We proposeto usesemanticclassanalysisto guide the processof searchingfor answersto

non-factualquestions.

With semanticclassanalysisastheorganizingprinciple,weidentify four maincomponents

of ourQA system:

� Detectingsemanticclassesin questionsandanswersources

� Identifyingpropertiesof semanticclasses

� Question-answermatching:exploring propertiesof semanticclassesto �nd relevant

piecesof information

� Constructinganswersby merging or synthesizingrelevantinformationusingrelations

betweensemanticclasses

To searchfor the answerto a question,the questionand the text in which the answermay

occur will be processedto detectthe semanticclasses.A semanticclasscan have various

properties. Thesepropertiescan be extremely valuablein �nding answers,which we will

discussin detail in Chapter4, 5, and6. In thematchingprocess,thequestionscenariowill be

comparedto ananswercandidate,andpiecesof relevant informationshouldbe identi�ed by

exploringpropertiesof thesemanticclasses.To constructtheanswer, relevantinformationthat

hasbeenfoundin thematchingprocesswill bemergedor synthesizedto generateanaccurate

andconciseanswer. The processof synthesizingscenariosrelieson comparinginstancesof

semanticclassesin thesescenarios.For example,two instancesareexactly thesameor oneis

thehypernym of theother.

Scenarioquestionsarecommonin otherdomainsaswell. For instance,questionsabout

shippingeventsoften depict relationsbetweenprovider, receiver, and means; questionson

eventslike criticizing oftencontaina reviewer, anobject, thereason, andthemanner. Frame

semanticsis ageneralrepresentationschemafor scenarios.Therefore,weexpectthatthemain

componentsin our QA approachcanbeappliedto scenarioquestionsin otherdomainsrather

easily.
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2.1.3 The EPoCareProject

Our work is part of the EPoCareproject (“Evidenceat the Point of Care”) at the Univer-

sity of Toronto. The projectaimsto provide cliniciansfastaccessat the point of careto the

bestavailable medical information in publishedliterature. Clinicians will be able to query

sourcesthat appraisethe evidenceabout the treatment,diagnosis,prognosis,etiology, and

prevalenceof medicalconditions. In orderto make thesystemavailableat thepoint of care,

thequestion-answeringsystemwill beaccessibleusinghand-heldcomputers.Theprojectis an

interdisciplinarycollaborationthat involvesresearchin several disciplines. Projectmembers

in IndustrialEngineeringandCognitive Psychologyareinvestigatingthedesignof thesystem

throughauser-centereddesignprocess,in whichrequirementsareelicitedfrom enduserswho

arealsoinvolvedin theevaluationof theprototypes.Projectmembersin KnowledgeManage-

mentandNaturalLanguageProcessingaim to ensurethat theanswersto queriesareaccurate

andcomplete.And projectmembersin HealthInformaticswill testthein�uence of thesystem

onclinical decision-makingandclinical outcomes.

Figure2.1 shows thearchitectureof thesystem.Therearethreemaincomponentsin the

system.The data sourcesarestoredin an XML documentdatabase.The EPoCare server

usesthis databaseto provide answersto queriesposedby clinicians. Theknowledgebaseis

thesourceof medicalterminologies.

Data sources Thecurrentdatasourcesincludethereviews of experimentalresultsfor clin-

ical problemsthat are publishedin Clinical Evidence(CE) (version7) [Barton, 2002], and

Evidence-basedOnCall (EBOC)[Ball andPhillips,2001].

� CE is a publicationthat reviews the currentstateof knowledgeaboutthe prevention

andtreatmentof clinical conditions.It is asourceof evidenceontheeffectsof clinical

interventionsandit is updatedevery six months.Themaincontentof CE is described

in naturallanguage.Evidencein CE is organizedby a hierarchy structureof disease

categories. In this structure,speci�c diseasesaregroupedtogetherundereachgen-

eralcategory of disease,asshown in �gure 2.2. For eachspeci�c disease,theeffects

of variousinterventionsaresummarized.CE is the text sourcethat is usedin most

experimentsreportedin this thesis.
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Figure2.1: EPoCaresystemarchitecture.

� EBOC is anothersourcethat supportsEBM. It provides the bestavailableevidence

on importanttopicsin clinical practiceby reviewing andsummarizingknowledgein

severaldatabases,includingthe`BestEvidence'CD-ROM, theCochraneLibrary, and

PubMed.Topicsin EBOCarearrangedalphabetically, indexedby diseasearea.Unlike

CE,whichhasafocusontreatments, EBOCcoversprevalence, clinical features, inves-

tigations, therapy, prevention, andprognosis. Summariesof theevidencearewritten

in naturallanguage,andareoftenaccompaniedby tablescontainingdataderivedfrom

theoriginal studies.

Both datasourcesarestoredwith XML mark-upin the database.The XML databaseis

manipulatedby ToX, a repositorymanagerfor XML data[Barbosaet al., 2001]. Repositories

of distributedXML documentsmaybestoredin a�le system,arelationaldatabase,or remotely
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Acute atrial fibrilation

Acute myocardial infarction

Heart failure

Acute gastroenteritis in children

Acute otitis media

Asthma in children

...

...

Acute appendicitis

Anal fissure

Colonic diverticular disease

...

...

Cardiovascular disorders

Child health

Digestive system disorders

Stroke management

Figure2.2: Diseasecategoriesin Clinical Evidence

ontheWeb. ToX supportsdocumentregistration,collectionmanagement,storageandindexing

choice,andqueriesondocumentcontentandstructure.

EPoCare server In the EPoCareserver, the KnowledgeManagementteamtakes careof

keyword-basedsearching.A clinical query from the client is processedto form a database

query of keywords. The query is sentby the retriever to the XML documentdatabaseto

retrieverelevantdocuments(e.g.,acompleteor partialsectionin CE) in thedatasourcesusing

keywordmatching.Theresultsarethenpassedto thequery–answermatcherto �nd theanswer

candidates.Finally, thebestansweris determinedandreturnedto theuser.

Theroleof naturallanguageprocessingis to allow thesystemto acceptqueriesexpressedin
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naturallanguageandto betteridentify answersin its natural-languagedatasources.After rele-

vantdocumentsareretrievedusingthekeyword-basedmatching,sentencesin thesedocuments

will be processedusingnaturallanguageprocessingtechniquesto �nd accurateandconcise

answers.Our work describedin the following chapterscanbeadaptedto severalmodulesof

theEPoCaresystem,includingthequery-answermatcherandtheanswerextractor.

Knowledgebase The Uni�ed Medical LanguageSystem(UMLS) is a knowledgebaseof

medicalterminologies. It is the major knowledgebasein our work. UMLS containsthree

knowledgesources.

� TheMetathesaurusis thecentralvocabularycomponentthatcontainsinformationabout

biomedicalandhealth-relatedconceptsandtherelationshipsamongthem.More than

onenamecanbeusedto referto thesameconcept.Metathesauruslinks themtogether.

Thereare11 typesof relationshipsbetweenconceptsin Metathesaurus,includingsyn-

onymy, broader, andnarrower. Eachconceptin the Metathesaurusis assignedto at

leastonesemantictypefrom anothercomponentof UMLS – theSemanticNetwork.

� TheSemanticNetwork is a network of thegeneralcategoriesor semantictypes,such

asmentaldisability andpathological functions, to which all conceptsin theMetathe-

saurushavebeenassigned.It providesaconsistentcategorizationof all conceptsrepre-

sentedin theUMLS Metathesaurusandtheimportantrelationshipsbetweenthem.The

2003AAreleaseof theSemanticNetwork contains135categoriesand54 relations.In

theNetwork, thecategoriesarethenodes,andtherelationshipsbetweenthemarethe

links. The primary link in the Network is the isa link. In addition,non-hierarchical

relationsarealsoidenti�ed, which belongto � ve majorcategories:physicallyrelated

to, spatiallyrelatedto, temporally relatedto, functionallyrelatedto, andconceptually

relatedto.

� The SPECIALISTlexicon containssyntacticinformationaboutbiomedicalterms. It

coverscommonlyoccurringEnglishwordsandbiomedicalvocabulary. The lexicon

entry for eachword or term recordsthe syntactic,morphological,andorthographic

information.
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Thefollowingchaptersdiscussourwork in threeof themaincomponentsof ourQA system.

Figure2.3showshow thiswork �ts in thegeneralQA architecture.
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Figure2.3: Ourwork in theQA framework



Chapter 3

Identifying semanticclassesin text:

�lling the frame slots

Thischapterdiscussestwo problemsin �lling thetreatmentframe:identifyingsemanticclasses

in text andanalyzingrelationsbetweeninstancesof a semanticclass.In semanticclassiden-

ti�cation, we focuson clinical outcomes, asoutcomesareoften expressedby morecomplex

syntacticstructuresandaremoredif�cult to label. In medicaltext, morethanoneintervention

is often mentionedin the treatmentof a disease,andvarioustypesof relationsare involved

betweentheinterventions.Theserelationsareanalyzedautomatically. We userule-basedap-

proachesin thesetasks.

3.1 Identifying clinical outcomesusing

a combination approach

In medicaltext, theappearanceof somewordsis foundoftento bea signalof theoccurrence

of an outcome,andusuallyseveral wordssignalthe occurrenceof onesingleoutcome.The

combinationapproachthatwe appliedfor identifying outcomesis basedon this observation.

Our approachdoesnot extract the whole outcomeat once. Instead,it tries to identify the

differentpartsof anoutcomethatmaybescatteredin thesentence,andthencombinesthemto

form thecompleteoutcome.

36
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In the combinationapproach,differentpiecesof an outcomeareidenti�ed by somelexi-

cal identi�ers, which arereferredto ascuewords. Eachoccurrenceof a cueword suggests

a portionof theexpressionof theoutcome.Detectingall of themwill increasethechanceof

obtainingthecompleteoutcome.Also, differentoccurrencesof cuewordsprovide moreevi-

denceof the existenceof an outcome.We evaluatethe two phasesof outcomeidenti�cation

separately. The�rst stepis detectingtheoccurrenceof outcomes,andthesecondis determining

theboundariesof outcomes.

In the experiment,the text we useis from Clinical Evidence(CE). Two sectionsof CE

wereanalyzedfor detectionof outcome.Outcomeinformationin thetext wasannotatedby a

clinician. About two-thirdsof eachsection(267sentencesin total) wastakenastheanalysis

examplesto constructtherules,andtherest(156sentences)asthetestset.

3.1.1 Detectingclinical outcomesin text

Collecting cue words We manuallyanalyzedthe analysisexamples,and found that cue

wordsof clinical outcomesbelongto threePoScategories: noun,verb, andadjective. The

cuewordswe foundin theanalysisarelistedin Figure3.1. All thein�ectional variantsof the

cuesareusedasidenti�ers in theexperiment.

Nouns: deathbene�t dependency outcomeevidenceharmdifferencerisk deterioration

mortalitydisability independencesurvival signi�cance

Verbs: improve reducepreventproduceincreasedecreaseaffect

Adjectives: bene�cial harmfulnegativeadversesuperioreffective

Figure3.1: Cuewordsfor detectingclinical outcomes

In thefollowing examples,cuewordsarehighlighted.

(1) Thrombolysisreducestherisk of dependency, but increasestherisk of death.

(2) Lubeluzolehasalsobeennotedto haveadverseoutcome, especiallyathigherdoses.
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Table3.1: Resultsof identifyingoutcomesin CE

False False

Method Correct Positives Negatives Precision% Recall% F-score% Accuracy%

baseline 81 75 0 52 (81/156) 100 68 52

combinationapproach 67 14 14 83 (67/81) 83 83 82

(3) Several small comparative RCTs[randomizedclinical trials] have found sodiumcro-

moglicateto belesseffectivethaninhaledcorticosteroidsin improving symptomsand

lung function.

(4) In the systematicreview of calcium channelantagonists,indirect and limited com-

parisonsof intravenousversusoral administrationfound no signi�cant differencein

adverseevents.

Thelasttwo examplesaredifferentfrom otherexamplesin thatthey expresstheoutcomes

of clinical trials,whichwereferto as“results” in thefollowing descriptionwhennecessary. A

“result” mightcontainaclinical outcomewithin it, asresultsofteninvolveacomparisonof the

effectsof two (or more)interventionsonadisease.

Evaluating the outcomedetectiontask Weevaluatedthecuewordmethodof detectingthe

outcomeon the testset. Theresultis shown in Table3.1. A sentencethatcontainsa clinical

outcomeis a positive case. Eighty-onesentencesin the testsetcontainoutcomes,which is

52% of all the testsentences.This wastaken asthe baselineof the evaluation: assigningall

sentencesin thetestsetto positive. By contrast,theaccuracy of thecuewordapproachis 82%.

In erroranalysis,we foundtwo mainreasonsthatsomeoutcomesweremissedin theiden-

ti�cation. Oneis thatsomeoutcomesdonothaveany cueword:

(5) Gastrointestinalsymptomsandheadacheshave beenreportedwith bothmontelukast

andza�rlukast.
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This exampledescribesthat two adverseeventsareassociatedwith the treatment,which im-

plies a negative clinical outcome. This outcomeis only expressedimplicitly, and therefore

missedby thecueword-basedapproach.

Theotherreasonis thatalthoughsomewordsmight beregardedascuewords,we did not

includethemin ourset;for example,fewerandhigher. Adjectiveswerefoundto havethemost

irregularusagesin identifying outcomes.It is commonfor themto modify bothinterventions

andoutcomes,asshown in thefollowing examples:

(6) Growth wassigni�cantly slower in children receiving higher doseinhaledcorticos-

teroids.

(7) At 12 weeks,meanmorningPEFR(peakexpiratory �o w rate)was4% higher in the

salmeterolgroup.

Thewordhigheronly signalsaclinical outcomein thesecondexample.Otheradjectivessuch

asless,more, lower, shorterandlonger have similar problems.If they aretakenasidenti�ers

of outcomesthensomefalsepositivesarevery likely to be generated.However, if they are

excluded,sometrueoutcomeswill bemissed.

Therewere14falsepositivesin theresultof theexperiment.Themaincausewasthatsome

sentencescontaincuewords,andyet they did notprovideany usefulinformation:

(8) Wefoundthatthebalancebetweenbene�tsandharmshasnotbeenclearlyestablished

for theevacuationof supratentorialhaematomas.

(9) Thethird systematicreview did notevaluatetheseadverseoutcomes.

As mentionedat the beginning of this subsection,currently, the cuewordsfor detecting

clinical outcomeswerecollectedmanually. In the next stepof our work, we will investigate

automaticapproachessuchasbootstrappingto �nd cues.

3.1.2 Determining the textual boundary of clinical outcomes

After the occurrenceof clinical outcomesis detectedusingthe cuewords,the next problem

is to determinetheir textual boundaries.Again, we rely on cuewords to �nd the clue. As
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mentionedbefore,asingleclinical outcomeoftenhasseveralcuewordsin its expressions.The

ideais that if thefragmentof clinical outcomesuggestedby eachcueword is identi�ed, then

thecompleteoutcomecanbeobtainedby combiningor merging thesefragments.Becausethe

cuewordsbelongto threePoSgroups,we investigatethesyntacticstructureof thefragments

in aclinical outcomethatmaybesuggestedby eachof thegroups.

Developingboundary detectionrules In theanalysisset,weobtainedthesyntacticstructure

of eachsentence,aswell asthePoStagsof wordsin thesentenceusingtheApple Pieparser

[Sekine,1997]. This parserproducesphraseandPoSinformationthatis neededfor our work.

It hasvariousoutputformats,andoneof them(shown in thefollowing example)�ts our task

well andis easyto process.Someexamplesof theoutputof theparserwith PoSandphrase

informationarelistedin Figure3.2. In theparsingtrees,syntactictagsareall capitalizedwhile

Sentence:

Thrombolysisreducestherisk of dependency, but increasestherisk of death.

Output of the parser:

(S (NPL (NNPX Thrombolysis))(VP (VP (VBZ reduces)(NP (NPL (DT the)(NN risk)) (PP

(IN of) (NPL (NN dependency))))) (, -COMMA-) (CC but) (VP (VBZ increases)(NP (NPL

(DT the)(NN risk)) (PP(IN of) (NPL (NN death))))))(. -PERIOD-))

Sentence:

Lubeluzolehasalsobeennotedto haveadverseoutcome,especiallyathigherdoses.

Output of the parser:

(S (NPL (NNPX Lubeluzole))(VP (VBZ has)(ADVP (RB also))(VP (VBN been)(VP (VBN

noted)(TOINF (VP (TO to) (VP (VB have) (NPL (JJadverse)(NN outcome))(, -COMMA-)

(PP(ADVP (RB especially))(IN at) (NPL (JJRhigher)(NNS doses)))))))))(. -PERIOD-))

Figure3.2: Examplesof outputof ApplePieParser

wordsarenot. Eachword is attachedwith a PoStag,which immediatelyprecedestheword.

Phrasesaremarkedby higherlevel parenthesesstartingwith phrasetags.Syntactictagsin the

�gure areexplainedin AppendixB.
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Threegeneralrulesarederivedto guidetheboundarydeterminationfrom theparsingtrees

of all sentencesin theanalysisexampleset:

� If acueis anoun:Thenounphrasethatcontainsthenounwill bepartof theoutcome.

� If a cueis a verb: Theverbandits object(if theverb is in active voice)or its subject

(if theverbis in passivevoice)togetherconstituteoneportionof theoutcome.

� If acueis anadjective: Thecorrespondingadjectivephraseor thenounphrasebelongs

to theoutcome.

In the �rst sentencein Figure3.2, the verb reducesis a cue. According to the rule for

verbs,thenounphrasethatimmediatelyfollows it is partof theoutcome.Therefore,therisk of

dependencyis includedin theoutcome.Similarly, thecueword increasesidenti�es therisk of

deathaspartof theoutcome.By combiningthetwo parts,thecompletedescriptionof outcome

is detected.

Cuewordsfor the resultsof clinical trials areprocessedin a slightly differentway. For

example,for differenceandsuperior, any immediatelyfollowing prepositionalphraseis also

includedin theresultsof the trial, asshown in Figure3.3. Thealgorithmof thecombination

approachis describedin AppendixD.

Sentence:

In thesystematicreview of calciumchannelantagonists,indirectandlimited comparisonsof

intravenousversusoraladministrationfoundnosigni�cant differencein adverseevents.

Output of the parser:

(S (PP(IN In) (NP (NPL (DT the) (JJsystematic)(NN review)) (PP(IN of) (NPL (NN

calcium)(NN channel)(NNS antagonists)))))(, -COMMA-) (NP (NPL (ADJP(JJindirect)

(CC and)(JJlimited)) (NNS comparisons))(PP(IN of) (NPL (ADJP(JJintravenous)(CC

versus)(JJoral)) (NN administration))))(VP (VBD found) (NPL (DT no) (JJ signi�-

cant) (NN differ ence))(PP (IN in) (NPL (JJ adverse)(NNS events)))) (. -PERIOD-))

Figure3.3: An exampleof cueworddifference



CHAPTER 3. IDENTIFYING SEMANTIC CLASSES IN TEXT: FILLING THE FRAME SLOTS 42

Table3.2: Resultsof boundarydetectionof correctlyidenti�ed outcomesin CE

Typeof Overlap Number Percentage

Exactmatch 26 39

A entirelywithin B 19 28

B entirelywithin A 13 19

Bothpartiallywithin theother 8 12

No match 1 1

A: Identi�ed fragments;B: trueboundary

Evaluating the boundary detectiontask Table3.2 shows theresultof boundarydetection

for thoseoutcomesthatwerecorrectlyidenti�ed (i.e.,thetruepositivesin thepreviousoutcome

detectiontask).Thetrueboundaryis theboundaryof anoutcomethatwasannotatedmanually.

Thenomatchcasemeansthatthereisatrueoutcomein thesentencebut theprogrammissedthe

correctportionsof text andmarkedsomeotherportionsastheoutcome.Theprogramidenti�ed

39%of theboundariesexactly thesameasthetrueboundaries.In 19%of thesamples,thetrue

boundarieswereentirelywithin the identi�ed fragments.The spurioustext in them(the text

that was not in the true boundary)was found to be small in many cases,both in termsof

numberof wordsandin termsof theimportanceof thecontent.Theaveragenumberof words

correctlyidenti�ed was7 for eachoutcomeandthe numberof spuriouswordswas3.4. The

mostfrequentcontentin thespurioustext wastheinterventionusedto obtaintheoutcome.In

thefollowing examples,text in “hi” is theoutcome(result)identi�ed automatically, andtext in

“ fg ” is spurious.

(10) TheRCTsfoundhnosigni�cant adverseeffectsf associatedwith salmeterolgi .

(11) ThesecondRCT alsofoundhno signi�cant differencein mortality at 12 weeksf with

lubeluzoleversusplacebogi .

In theboundarydetectiontask,again,adjectivesaremostproblematicbecauseof thegreat

variation in the expressionof outcomesthey suggest. In the following examples,the true

boundariesof outcomesareindicatedby “[ ]”, andadjectivesarehighlighted.
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(12) Small RCTswith physiological ratherthanclinical endpoints found that giving � 2

agonistsby metereddoseinhalerwith spacerto wheezyinfantswas [h effective i ],

[with lesslikelihood]thannebulisation[to show htransientreductionof lung function

i ].

(13) Nebulised� 2 agonistsareknown to cause[tachycardia,tremor, andhypokalaemia],

but [ hseriousadverseeffectsi arerare].

In sentence(12), theadjective effectiveis partof theoutcome.In sentence(13), theclause

thatcontainstheadjectiveadverseis partof theoutcome.

The correctnessof the outputof the parseralsoaffectsthe performance,asshown in the

following example:

Sentence:

RCTsfoundnoevidencethatlubeluzoleimprovedclinical outcomesin peoplewith acuteischaemic

stroke.

Output of the parser:

(S (NPL (NNPX RCTs)) (VP (VBD found) (NPL (DT no) (NN evidence))(NPL (DT that) (JJ

lubeluzole)(JJimproved)(JJclinical) (NNS outcomes))(PP(IN in) (NP (NPL (NNS people))(PP

(IN with) (NPL (JJacute)(JJischaemic)(NN stroke)))))) (. -PERIOD-))

Theverbimprovewasincorrectlyassignedto beanadjectivein anounphrase.Thusimproveas

averbcuewordwasmissedin identifying theoutcome.However, anothercuewordoutcomes

wasfound,sothewholenounphrasecontainingoutcomeswasidenti�ed astheoutcome.This

examplealsoshows thatmissingonecueword in identifying theoutcomecanbecorrectedby

theoccurrenceof othercuewordsin thecombinationapproach.

Relatedwork

Machine-learningapproachesandrule-basedmethodshave beenusedfor similar problems.

GildeaandJurafsky [2002] useda supervisedlearningmethodto learnboth the identi�er of

the semanticroles de�ned in FrameNetsuchas theme,target, goal, and the boundariesof

the roles [Baker et al., 2003]. A setof featureswere learnedfrom a large training set,and
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thenappliedto theunseendatato detectthe roles. Theperformanceof thesystemwasquite

good. However, it requiresa large training set for relatedroles. It is usuallyexpensive and

time-consumingto obtaina largemanuallyannotateddataset.

Rule-basedmethodsareexploredin informationextraction(IE) to identify rolesto �ll in

slots in somepre-de�nedtemplates[Catal�a et al., 2003]. The rulesarerepresentedby a set

of patterns,andtemplaterole identi�cation is usuallyconductedby patternmatching. Slots

indicatingrolesareembeddedin thesepatterns.Text thatsatis�estheconstraintsof a pattern

will be identi�ed, and the contentscorrespondingto the slotsareextracted. This approach

hasbeenprovedto beeffective in many IE tasks.However, patternconstructionis very time-

consuming.In orderto extract the rolesandonly the rolesfrom text, their expressionshave

to becustomizedspeci�cally in patterns.Targetsconsistingof complex syntacticconstituents,

e.g.,clinical outcomes,will result in increasingdif�culties in patternconstruction,and less

coverageof thepatterns.

In our combinationapproach,insteadof building one patternto extract completeinfor-

mationof a target,aswasdonein mostIE systems,we constructedsimplerrulesto identify

portionsof thetargetandthencombinethemto get thecompleteinformation.We expectthis

strategy to releasesomeburdenof manuallycreatingpatterns,especiallyfor taskshaving com-

plex targets. In addition,sinceit is a rule-basedapproach,it doesnot needa large manually

annotatedtrainingset. A limitation of this approachis thatsomeconnectionsbetweendiffer-

entportionsof anoutcomemaybemissing.Also, a differentsetof cuewordsmayneedto be

collectedwhenadaptingto anew domain.

3.2 Analysisof Relations

More thanoneinstanceof semanticclassesoftenoccursin a sentence;someinstancesareof

thesameclass,while someof themarenot. For thoseof differentsemanticclasses,i.e., inter-

vention,disease,andoutcome,they often follow the relationimplied by the framestructure.

In our treatmentframe,it is a cause-effect relation: theuseof the interventionto thedisease

resultsin theoutcome.For thoseof thesamesemanticclass,e.g.,intervention,we foundthat

variousrelationsoccur. As discussedin Section2.1,scenariosareaboutsemanticclassesand
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their relations.In our approachof semanticclassanalysis,understandingsuchrelationsis an

importantpart of interpretingscenarios.Theserelationsare the target of this section. We

only evaluaterelationsbetweendifferentinstancesof interventionin asentence,asweobserve

thata sentenceoftenmentionsmorethanoneintervention.Relationsbetweendiseasescanbe

analyzedin asimilarwayalthoughthey occurmuchlessoftenthaninterventions.

Text from CE wasanalyzedmanuallyto understandwhatrelationsareoften involvedand

how they are represented.Then, an approachwas developedto automaticallyidentify the

relations.The text for theanalysisandtestis thesameasin theoutcomeidenti�cation task.

Interventionsin thetext wereannotatedby aclinician.

Collecting cuewords and symbols As with outcomeidenti�cation, we foundthatthesere-

lationscanbeidenti�ed by agroupof cuewordsor symbols.For example,thewordplusrefers

to theCOMBINATION of two or moreinterventions,thewordor, aswell asacomma,oftensug-

geststhe ALTERNATIVE relation,andthe word versus(or v) usuallyimplies a COMPARISON

relation,asshown in thefollowing examples:

(14) The combinationof aspirin plus streptokinasesigni�cantly increasedmortality at 3

months.

(15) RCTsfound no evidencethat calciumchannelantagonists, lubeluzole, aminobutyric

acidagonists, glycineantagonists, or N-methyl-D-aspartateantagonistsimprove clin-

ical outcomesin peoplewith acuteischaemicstroke.

(16) Onesystematicreview found no shortor long term improvementin acuteischaemic

strokewith immediatesystemicanticoagulants(unfractionatedheparin, low molecular

weightheparin, heparinoids, or speci�c thrombininhibitors)versususualcarewithout

systemicanticoagulants.

It is worthnotingthatin CE,theexperimentalconditionsareoftenexplainedin thedescription

of theoutcomes,for example:

(17) Growth wassigni�cantly slower in children receiving higherdoseinhaledcorticos-

teroids(3.6cm,95% CI 3.0 to 4.2 with doubledosebeclometasonev 5.1cm,95% CI

4.5to 5.7with salmeterol v 4.5cm,95%CI 3.8to 5.2with placebo).
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(18) It found that the additionfor 4 weeksof oral theophylline versusplaceboincreased

themeannumberof symptomfreedays(63%with theophyllinev 42%with placebo;

P=0.02).

(19) Studiesof adultswith poorcontrolon low doseinhaledsteroid(seesalmeterol v high

doseinhaledcorticosteroidsunderadult asthma)have foundgreaterbene�t with ad-

ditional long-acting� 2 agoniststhanwith higherdosesof inhaledsteroid.

Theseconditionsareusuallyin parentheses.They areoftenphrasesandeven just fragments

of stringsthatarenot representedin a uniform way with theotherpartsof thesentence.Their

behavior is moredif�cult to captureandthereforetherelationsamongtheconceptsin thesede-

scriptionsaremoredif�cult to identify. Becausethey usuallyareexamplesanddata,omission

of themwill notaffect theunderstandingof thewholesentencein mostcases.

Six commonrelationsandtheircuewordswerefoundin thetext whichareshown in Table

3.3. Cuewordsandsymbolsbetweeninterventionswere�rst collectedfrom thetrainingtext.

Thenthe relationsthey signalwereanalyzed.Somecuewordsareambiguous,for example,

and, andwith. It is interestingto �nd thatand in the text whenit connectstwo interventions

usuallysuggestsanalternativerelationratherthanacombinationrelation,asin theexample:

(20) Both salmeterolandbeclometasoneimprovedFEV1 comparedwith placebo,but the

differencebetweenbeclometasoneandsalmeterolwasnotsigni�cant.

Comparedwith versus, plus, etc., andandwith areweakcuesasmany of theirappearances

in thetext donotsuggesta relationbetweentwo interventions.

Experiment Onthebasisof thisanalysis,anautomaticrelationanalysisprocesswasapplied

to the testset. The testset is the sameasin outcomeidenti�cation. In the experiment,if a

cuepresentsbetweentwo interventionsin a sentence,therelationof the interventionswill be

detected.To dealwith thecasethatmorethanonecueappearbetweentwo interventions,we

assignedprioritiesto cuewords/symbolsaccordingto how strongthey are.A cuewith higher

priority determinestherelation.Andandwith get lower priority comparedto othercues.And

hashigherpriority thanwith. For “,” and“(”, they arecuesonly whenthey aretheonly symbols
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Table3.3: Cuewords/symbolsfor relationsbetweeninterventions

Relation(s) CueWords/Symbols

COMPARISON superiorto, morethan,versus,

comparewith, between. . .and. . .

ALTERNATIVE or, “,”, and

COMBINATION plus,addto, additionof . . . to . . . ,

combineduseof, and,with, “(”

SPECIFICATION with, “(”

SUBSTITUTE substitute,substitutedfor

PREFERENCE ratherthan

betweentwo interventions.Thereforethey do not needto be assignedpriorities. Othercues

arenot assignedprioritiessincethey usuallydo not co-occurbetweentwo interventions.For

ambiguouscuesand, with, and“(” , we assignthemostfrequentrelationthey indicatein the

analysisexamplesto any occurrenceof themin thetestset.Therefore,andsuggestsalternative

relations,with and“(” indicatespeci�cationrelations.

The testprocesswasdivided into two parts: onetook parentheticaldescriptionsinto ac-

count(case1) andtheotheronedid not (case2). In theevaluation,for sentencesthatcontain

at leasttwo interventions,“correct” meansthattherelationidenti�ed automaticallyis thesame

asmarkedby theannotator, “wrong” indicatesthat thetwo aredifferent. In a “missing” case,

a relationis ignoredby theautomaticapproach.We did not evaluatetherelationbetweenany

two interventionsin a sentence;instead,we only consideredtwo interventionsthatarerelated

to eachotherby acuewordor symbol1 (includingthoseconnectedby cuewordsotherthanthe

setcollectedfrom thetrainingtext). Theresultsof thetwo casesareshown in Table3.4. Most

errorsarebecauseof theweakindicatorswith andand. As in theoutcomeidenti�cation task,

boththetrainingandtestsetsarerathersmall,asnostandardannotatedtext is available.

Someof thesurfacerelationshipsin Table3.3 re�ect deeperrelationshipsof thesemantic

1Thereis only oneimplicit relation(arelationwithoutacueword identi�er) for case1 andcase2 respectively.
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Table3.4: Resultsof relationanalysis

Correct Wrong Missing FalsePositive

case1 49 7 10 9

case2 48 7 3 6

classes.For example,COMPARISON, ALTERNATIVE, and PREFERENCE imply that the two

(or more) interventionshave somecommoneffects on the disease(s)that are treated. The

SPECIFICATION relation,on theotherhand,suggestsa hierarchicalrelationbetweenthe �rst

interventionandthefollowing ones,in whichthe�rst interventionis ahigher-level conceptand

thefollowing interventionsareata lower level. For example,in example(16),systemicantico-

agulantsis ahigher-level concept,unfractionatedheparin,low molecularweightheparin, etc.,

areexamplesof it thatlie ata lower level.

3.3 Summary

This chapterdescribesour work in identifying clinical outcomesandanalyzingrelationsbe-

tweeninterventions. In question-answering,this informationwill be extractedto �ll in the

questionframeandframesof potentialanswers.In addition,the relationscanbe indexed to

improve documentretrieval by supportingdirect relation search. For example, if a user is

interestedin a comparisonstudyof two interventions,thenspecifyingboth the relationand

the interventionsasthesearchingstrategy will getmoreaccurateresultsthanjust looking for

theinterventions.It canbevery importantfor medicalinformationretrieval, assuchrelations

occurfrequentlyin thetext.



Chapter 4

Coresof semanticclasses

In thischapter, wediscussapropertyof semanticclasses– their cores.

In a framestructure,theslotsin questionandanswerframescanbe�lled with eithercom-

pleteor partial information.Considerthefollowing example,whereparenthesesdelimit each

instanceof asemanticclass(aslot �ller) andthelabelsP (problemdescription),I (aninterven-

tion), O (theclinical outcome)indicatethetypeof theinstance:

Sentence:

Two systematicreviews in (peoplewith AMI) P investigatingtheuseof (calciumchannelblockers)I

founda (non-signi�cantincreasein mortalityof about4%and6%)O.

Completeslot �ller s:

P:peoplewith AMI

I: calciumchannelblockers

O: anon-signi�cantincreasein mortalityof about4%and6%

Partial slot �ller s:

P:AMI

I: calciumchannelblockers

O: mortality

The partial slot �llers in this examplecontainthe smallestfragmentsof the corresponding

completeslot �llers that exhibit information rich enoughfor deriving a reasonablyprecise

answer. We usethetermcore to refer to sucha fractionof a slot �ller (instanceof a semantic

49
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class).

4.1 Importance of cores

As discussedin Chapter1, beforethematchingprocess,keyword-baseddocumentretrieval is

usuallyperformedto �nd relevantdocumentsthatmaycontaintheanswerto agivenquestion.

Keywords in the retrieval are derived from the question. Coresof semanticclassescan be

extremelyvaluablein searchingfor suchdocumentsfor complex questionscenarios,asshown

in thefollowing example.1

Questionscenario:

A physicianseesa 7-year-old child with asthmain herof�ce. Sheis on �o ventandventolin

currentlyandwasrecentlydischargedfrom hospitalfollowing herfourthadmissionfor asthma

exacerbation.Duringthemostrecentadmission,thedoseof �o ventwasincreased.Hermother

is concernedabouttheimpactof theadditionaldoseof steroidsonherdaughter'sgrowth. This

is thequestionto which thephysicianwantsto �nd theanswer.

For a complex scenariodescriptionlike this, theanswercouldbemissedor drownedin irrel-

evant documentsfound by inappropriatekeywordsderived from the question.However, the

searchcanbemuchmoreeffective if wehave theinformationof coresof semanticclasses,for

example,P: asthma,I: steroids,O: growth.

Similarly, semanticspresentedin corescanhelp�lter out irrelevantinformationthatcannot

beidenti�ed by searchingmethodsbasedonsimplestringoverlaps.

(21) In patientswith myocardial infar ction, do � blockers reduceall causemortality and

recurrent myocardial infar ction withoutadverseeffects?

(22) In someonewith hypertensionandhigh cholesterol, whatmanagementoptionswill

decreasehis risk of strokeandcardiac events?

In question(21),the�rst occurrenceof myocardial infarctionis adiseaseandthesecondis part

of the clinical outcome.In question(22), stroke is part of the clinical outcomeratherthana

diseaseto betreated,asit usuallyis. Obviously, stringmatchingcannotdistinguishbetweenthe

1Thescenariois anexampleusedin usabilitytestingin theEPoCareprojectat theUniversityof Toronto.
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two cases.By identifyingandclassifyingcoresof semanticclasses,therelationsbetweenthese

importantsemanticunitsin thescenariosareveryclear. Therefore,documentsor passagesthat

donotcontainmyocardial infarctionor strokeasclinical outcomescanbediscarded.

In addition,identifying coresof semanticclassesin documentscanfacilitatethequestion-

answermatchingprocess.Someevidencerelevantto theabovequestionscenarioonasthmais

listedbelow, whereboldfaceindicatesacore:

Evidence1:A morerecentsystematicreview (searchdate1999) found threeRCTscompar-

ing theeffectsof becolmetasoneandnon-steroidal medication on lineargrowth in children

with asthma(200�g twice daily, durationup to maximum54 weeks)suggestinga short-term

decreasein lineargrowth of -1.54cmayear.

Evidence2:Two systematicreviewsof studieswith longtermfollow upandasubsequentlong-

termRCT have foundno evidenceof growth retardation in asthmatic childr en treatedwith

inhaledsteroids.

Theevidencesentencesherearefrom CE [Barton,2002].Theclinical outcomesmentionedin

theevidencehaveverydifferentphrasings— yetbothpiecesof theevidencearerelevantto the

question.Thepiecesof evidencedescribetwo distinctoutcomes— thatshort-termdecreasein

growth is foundandthatthereis noeffectongrowth in somelong-termstudies.Missingany of

theoutcomeswill leadto anincompleteanswerfor thephysician.Here,coresof thesemantic

classesprovide theonly cluethatbothpiecesof this evidencearerelevantto this questionand

shouldbeincludedin theanswer. Hence,a completedescriptionof semanticclassesdoesnot

have to befound. In fact,sucha descriptionwith moreinformationcouldmake thematching

harderto �nd becauseof thedifferentexpressionsof theoutcomes.

Finally, coresof semanticclassesin ascenarioareconnectedto eachotherby therelations

embeddedin theframestructure.Theframeof thetreatmentscenariocontainsa cause-effect

relation:aninterventionusedto treataproblemresultsin aclinical outcome.

In this chapter, we proposea methodto automaticallyidentify andclassify the coresof

semanticclassesaccordingto their context in a sentence.We take the treatmentframe as

an example, in which the goal is to identify coresof interventions, problems, and clinical

outcomes. For easeof description,we will usethe termsintervention-core, disease-core, and

outcome-core to refer to the correspondingcores. We work at the sentencelevel, i.e., we
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identify coresin a sentenceratherthana clauseor paragraph.Two principlesare followed

in developingthemethod.First, completeslot �llers do not have to beextractedbeforecore

identi�cation. Second,we aim to reducetheneedfor expensive manualannotationof training

databy usingasemi-supervisedapproach.

4.2 Ar chitectureof the method

In our approach,we �rst collectcandidatesof thetargetcoresfrom sentencesunderconsider-

ation. For eachcandidate,we classifyit asoneof thefour classes:intervention-core, disease-

core, outcome-core, or other. In theclassi�cation,a candidatewill geta classlabelaccording

to its context, its UMLS semantictypes,andthe syntacticrelationsin which it participates.

Figure4.1shows thearchitectureof theapproach.

PoSTagging

p(c j n) or tf � idf

UMLS

SyntacticRelations

Context Features

DomainFeatures

words corescandidates

(nounphrases)

Preprocessing Classi�cation

Figure4.1: Architectureof theapproachof coreidenti�cation

4.3 Preprocessing

In thepreprocessing,all wordsin thedatasetareexamined.The�rst two stepsareto reduce

noise,in which someof the wordsthat areunlikely to be part of real coresare �ltered out.

Then,therestaremappedto their correspondingconcepts,andtheseconceptsarecandidates

of targetcores.

PoStaggingOurobservationis thatcoresof thethreetypesof slot �llers areusuallynouns

or nounphrases.Therefore,wordsthatarenot nounsare�rst removedfrom thecandidateset.

PoStagsareobtainedby usingBrill' s tagger[Brill, 1993].
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Filtering out somebad nouns This stepis the secondattemptto remove noisefrom the

candidateset.Nounsthatareunlikely to bepartof realcoresareconsideredasbadcandidates.

Two researchoptionsof measuresareusedto evaluatehow goodanounis.

� Extendedtf � idf .

Let DocSet = f D1; � � � ; Ddg bea setof documents,andN ounSet = f N1; � � � ; Nng

bethesetof nounsin DocSet. For any i 2 [1::n] andj 2 [1::d], let o#
ij bethenumber

of occurrencesof N i in D j , andc#
i be the numberof documentswhereN i appears.

Thescoreof N i is de�ned as

scorei = maxj 2 [1::d] (1 + tf ij ) � idf i

where

tf ij =

8
<

:
logo#

ij : o#
ij > 0

0 : o#
ij = 0

and idf i = log(d=c#i ):

Theformula(1+ tf ij ) � idf i is takenfrom [ManningandSch́'utze,1999],andit is the

traditionalmeasureof informativenessof awordwith regardto adocument.After this

valueis calculatedfor anounin eachdocument,thehighestvalueof all thedocuments

is takenasthe �nal scoreof thenoun. Nounswith scoreslower thana thresholdare

removed from thecandidateset. The thresholdwassetmanuallyafterobservingthe

scoresof somenounsthatfrequentlyoccurin thetext. CE text is usedto getthescore

of a noun. For this, 47 sectionsin CE aresegmentedto 143 �les of aboutthe same

size. Each�le is treatedasa document.This measureis referredto astf � idf in later

description.

� Domainspeci�city. We calculatethe conditionalprobability p(cj n)= p(c; n)=p(n),

wherec is themedicalclass,andn is a noun. It is theprobability thata documentis

in themedicaldomainc given it containsthenounn. Intuitively, intervention-cores,

disease-cores, andoutcome-coresaredomain-speci�c,i.e., a documentthat contains

themis very likely to bein themedicaldomain.For example,morbidity, mortality, as-

pirin, andmyocardial infarctionarevery likely to occurin amedicine-relatedcontext.

This measureintendsto keephighly medicaldomain-speci�cnounsin thecandidate
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set. A nounis a bettercandidateif the correspondingprobability is high. Text from

two domainsis neededin thismeasure:medicaltext, andnon-medicaltext. In ourex-

periment,we usethesame47 sectionsin CE asthemedicalclasstext (separatedinto

143 �les of aboutthe samesize). For the non-medicalclass,we useReuters-21578

text collection. Thecollectionhas21,578documents.Thesedocumentsappearedon

theReutersnewswirein 1987,andthey arecollected1000to a �le. We useit because

newswirestoriesaremainly in thegeneraldomain.One�le (1000documents)in the

Reuterscollectionarerandomlyselectedfor thecalculation.Nounswhoseprobability

valuesarebelow athreshold(determinedin thesamemannerasin thetf � idf measure)

are�ltered out.

Mapping to conceptsTo this point, the candidatesetconsistsof nouns. In many cases,

nounsarepartof nounphrases(concepts)thatarebettercandidatesof cores.For example,the

phrasemyocardial infarction is a bettercandidateof a disease-corethanthe nouninfarction.

Therefore,a noun is mappedto its correspondingUMLS conceptin the sentence.All the

conceptsform thecandidatesof coresto beclassi�ed.

To �nd theconcepts,a sentenceis processedby thesoftwareMetaMap[Aronson,2001].

MetaMapmapsbiomedicaltext to conceptsin the UMLS Metathesaurusand�nds their se-

mantictypesin thesemanticnetwork of UMLS. Themajorstepsin themappingconductedby

MetaMapis outlinedasfollows.

1. Parsing. Text is parsedto get (mainly) simplenounphrasesusingthe SPECIALIST

minimalcommitmentparser[NationalLibrary of Medicine,2004].

2. Variantgeneration.For eachphrase,variantsaregeneratedusingtheknowledgein the

SPECIALISTlexiconin UMLS andadatabaseof synonyms.Varioustypesof variants

are generatedfor a phraseword, including its acronyms, abbreviations, synonyms,

derivationalvariants,in�ectional andspellingvariants.

3. Candidateretrieval. Any stringin Metathesauruscontainingat leastoneof thevariants

is retrievedasacandidateconcept.
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4. Candidateevaluation.Eachcandidateis evaluatedagainsttheoriginal phraseaccord-

ing to someweightingschema.Thecandidatesarethenorderedaccordingto themap-

pingstrength.

5. Mappingconstruction.Candidatesinvolved in the phrasearecombinedto construct

completemappings,and the strengthof the mappingsis computedusing the same

schemain candidateevaluation.Mappingswith thehigheststrengthrepresentthebest

interpretationof MetaMapof theoriginalphrase.

Figure 4.2 shows an exampleof the output of MetaMap. The sentencein the �gure is

processedby MetaMapandonly part of the output is shown. The completeoutput is listed

in AppendixE. In this example,MetaMapidenti�ed a conceptmyocardial infarction in the

sentence,which is in correspondenceto thecandidatenouninfarction. Therefore,thephrase

myocardial infarction is usedasacandidate,while theoriginalnouninfarction is not included

in thenew candidateset.

4.4 Representingcandidatesusing features

We expectthat candidatesin the samesemanticclasswill have similar behavior. Therefore,

the ideaof theclassi�cationis to grouptogethersimilar candidates.Thesimilarity is charac-

terizedby syntacticrelations,context information,andsemantictypesin UMLS. All features

arebinaryfeatures,i.e.,a featuretakesvalue1 if it is present;otherwise,it takesvalue0.

Global syntactic relations Syntacticrelationshave beenexplored to groupsimilar words

[Lin, 1998]andwordsof thesamesensein word sensedisambiguation[KohombanandLee,

2005].

Giventhefollowing sentences[Lin, 1998]:

A bottleof tezguinois on thetable.

Everyonelikestezguino.

Tezguinomakesyoudrunk.
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Sentence:

It foundthatthecombinedrateof myocardialinfarction,stroke,or deathwasslightly lower in

thelowerdosethanin thehigherdosegroupsat3 months.

Output of MetaMap:

Phrase:“of myocardialinfarction”

MetaCandidates(6)

1000MyocardialInfarction[Diseaseor Syndrome]

861Infarction[Finding,PathologicFunction]

861Myocardial[FunctionalConcept]

805MI < 2> (Without) [Qualitative Concept]

789MIS (Mullerianductinhibiting substance)[Amino Acid, Peptide,or Protein,Hormone]

789Myocardium[Tissue]

MetaMapping(1000)

1000MyocardialInfarction[Diseaseor Syndrome]

Phrase:“stroke”

MetaCandidates(1)

1000Stroke (Cerebrovascularaccident)[Diseaseor Syndrome]

MetaMapping(1000)

1000Stroke (Cerebrovascularaccident)[Diseaseor Syndrome]

Phrase:“or”

MetaCandidates(0): < none>

MetaMappings:< none>

Figure4.2: Exampleof outputof MetaMap



CHAPTER 4. CORES OF SEMANTIC CLASSES 57

Wemake tezguinooutof corn.

Lin tried to infer that tezguinois similar to beer, wine, etc., i.e., it is a kind of drink, by

comparingsyntacticrelationsin whicheachwordparticipates.

Kohombanand Lee [2005] determinethe senseof a word in a context by observinga

subsetof all syntacticrelationsin thecorpusthat theword participatesin. Thehypothesisis

thatdifferentinstancesof thesamesensewill havesimilar relations.

In ourwork,weneedto groupcoresof thesamesemanticclass.Suchcoresmayparticipate

in similar syntacticrelationswhile thoseof differentclasseswill have differentrelations.For

example, intervention-coresoften are subjectsof sentences,while outcome-coresare often

objects.

Candidatesin our task are phrases,insteadof words as in [Lin, 1998] and [Kohomban

andLee,2005]. Thus,we extendtheir approachesof analyzingrelationsbetweentwo words

to extract relationsbetweena word anda phrase. This is doneby consideringall relations

betweena candidatenoun phraseand other words in the sentence.To do that, we ignore

relationsbetweenany two wordsin thephrasewhenextractingsyntacticrelations.Any relation

betweena word not in thephraseanda word in the phraseis extracted.We usetheMinipar

parser[Lin, 1994] to get the syntacticrelationsbetweenwords. After a sentenceis parsed,

we extract relevantsyntacticrelationsfrom theoutputof theparser. A relationis represented

usinga triple thatcontainstwo words(oneof themis in thenounphraseandtheotheris not)

andthegrammaticalrelationbetweenthem. Figure4.3 shows relevant triplesextractedfrom

a sentence.The outputof Minipar on this sentenceis shown in AppendixF . Becauselong

distancerelationsareconsidered,therelationbetweenthrombolysisandincreasesis captured.

In thefeatureconstruction,a triple is takenasa feature.Thesetof all distincttriplesis the

syntacticrelationfeaturesetin theclassi�cation.

Local context Context of candidatesis alsoimportantin distinguishingdifferentclasses.For

example,a disease-coremay often have peoplewith in its left context. However, it is very

unlikely thatthephrasepeoplewith mortalitywill occurin thetext.

As we mentioned,a sentenceoften containsseveral instancesof semanticclasses(hence

severalcores)thatwe areinterestedin. Wide-window context is not of muchusein differenti-
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Sentence:

Thrombolysisreducestherisk of dependency, but increasesthechanceof death.

Candidates:

thrombolysis,dependency, death

Relations:

(thrombolysissubj–ofincrease),(thrombolysissubj–ofreduce)

(dependency pcomp-n–ofof)

(deathpcomp-n–ofof)

Figure4.3: Exampleof dependency triplesextractedfrom outputof Minipar parser.

atingthesecores.In ourexperiment,weconsideredthetwo wordsonbothsidesof acandidate

(stopwordswereexcluded). Whenextractingcontext features,all punctuationmarkswere

removedexceptthesentenceboundary. Thewindow did notcrossboundariesof sentences.

We evaluatedtwo representationsof context: with andwithout order. In theorderedcase,

local context to the left of thephraseis markedby -LLL, that to theright is markedby RRR-.

Symbols-LLL andRRR-areusedonly to indicatetheorderof text. For thecandidatedepen-

dencyin Figure4.3,thecontext featureswith orderare:reduces-LLL, risk-LLL, RRR-increases,

andRRR-chance. Thecontext featureswithoutorderare:reduces, risk, increases, andchance.

This exampleshows a casewhereorderedcontext helpsdistinguishan intervention-core

from an outcome-core.If order is not considered,candidatesthrombolysisanddependency

haveoverlappedcontext: reducesandrisk. Whentakingorderinto account,they havenoover-

lappedfeaturesatall – thrombolysishasfeaturesRRR-reducesandRRR-risk, while dependency

hasfeaturesreduces-LLLandrisk-LLL.

Domain features As describedin themappingto conceptsstepin thepreprocessing,at the

sametime of mappingtext to conceptsin UMLS, MetaMapalso�nds their semantictypes.

Eachcandidatehasa semantictypede�ned in theSemanticNetwork of UMLS. For example,

thesemantictypeof deathis organismfunction, thatof disability is pathologic function, and

that of dependencyis physical disability . Thesesemantictypesareusedas featuresin the
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Table4.1: Numberof Instancesof Coresin theWholeDataSet

Intervention-core Disease-core Outcome-core Total

501 153 384 1038

classi�cation.

4.5 Data set

Two sectionsof CEwereusedin theexperiments.A clinician labeledthetext for intervention-

coresanddisease-cores.Completeclinical outcomesarealsoidenti�ed. Usingtheannotation

asabasis,outcome-coreswerelabeledby theauthor. Thenumberof instancesof eachclassis

shown in Table4.1.

Data analysis In our approach,thedesignof thefeaturesis intendedto groupsimilar cores

together. As a �rst stepto verify how well theintentionis capturedby thefeatures,weobserve

thegeometricstructureof thedata.

In theanalysis,candidatesarederivedusingthedomainspeci�city measurep(cj n). Each

candidateis representedby a vectorof dimensionalityD, whereeachdimensioncorresponds

to asinglefeature.Thefeaturesetconsistsof syntacticfeatures,orderedcontext, andsemantic

types.We mapthehigh-dimensionaldataspaceto a low-dimensionalspaceusingthe locally

linearembedding(LLE) algorithm[RoweisandSaul,2000] for easyobservation. LLE maps

high-dimensionaldatainto a singleglobalcoordinatesystemof low dimensionalityby recon-

structingeachdatapoint from its neighbors.The contribution of the neighbors,summarized

by the reconstructionweights,capturesintrinsic geometricpropertiesof the data. Because

suchpropertiesare independentof linear transformationsthat are neededto map the origi-

nal high-dimensionalcoordinatesof eachneighborhoodto the low-dimensionalcoordinates,

they areequallyvalid in the low-dimensionalspace. In Figure4.4, the datais mappedto a

3-dimensionalspace(thecoordinateaxesin the �gure do not have speci�c meaningsasthey

do not representcoordinatesof real data). Candidatesof the four classes(intervention-core,
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disease-core,outcome-core,andother)arerepresentedby (red) stars,(blue) circles, (green)

crosses,and(black) triangles,respectively. We canseethat candidatesin the sameclassare

closeto eachother, andclustersof datapointsareobservedin the�gure.
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Figure4.4: Manifold structureof data

4.6 The modelof classi�cation

Becauseour classi�cationstrategy is to grouptogethersimilar coresandtheclusterstructure

of the datais observed, we chosea semi-supervisedlearningmodeldevelopedby Zhu et al.

[2003] that exploresthe clusterstructureof datain classi�cation. The generalhypothesisof

thisapproachis thatsimilardatapointswill havesimilar labels.

A graphis constructedin thismodel.In thegraph,nodescorrespondto bothlabeledandun-

labeleddatapoints(candidatesof cores),andanedgebetweentwo nodesis weightedaccording

to thesimilarity of thenodes.More formally, let (x1; y1); : : : ; (x l ; yl ) be labeleddata,where



CHAPTER 4. CORES OF SEMANTIC CLASSES 61

YL = y1; : : : ; yl arecorrespondingclasslabels.Similarly, let (x l+1 ; yl+1 ); : : : ; (x l+ u; yl+ u) be

unlabeleddata,whereYU = yl+1 ; : : : ; yl+ u are labelsto be predicted. A connectedgraph

G = (V; E) canbeconstructed,wherethesetof nodesV correspondto both labeledandun-

labeleddatapointsandE is the setof edges.The edgebetweentwo nodesi; j is weighted.

Weightswij areassignedto agreewith thehypothesis;for example,usinga radialbasisfunc-

tion (RBF) kernel: wij = exp(� d2(x i ; x j )=� 2), we canassignlarger edgeweightsto closer

pointsin Euclideanspace.

Zhu et al. developedtwo approachesof propagating labelsfrom labeleddatapoints to

unlabeleddatapointswhich have the samesolutionto the problem(the optimumsolutionis

unique).Oneof themfollowscloselytheintuition of thepropagation,while theotheris de�ned

within a betterframework. The �rst is describedhereto help understandthe intuition of the

model,andthesecondis depictedbecauseit is usedin theexperiment.

The iteration approach In the prediction,labelsare pushedfrom labeledpoints through

edgesto all unlabeledpointsusingaprobabilistictransitionmatrix,wherelargeredgeweights

allow labelsto travel througheasier. The(l + u) � (l + u) probabilistictransitionmatrix T is

de�ned as[Zhu andGhahramani,2002]:

Tij =
wij

P l+ u
k=1 wkj

whereTij is theprobabilitymoving from j to i . A labelmatrixB is a(l + u) � c matrix,where

c is thenumberof classesin thetask,andeachrow representsthelabelprobabilitydistribution

of adatapoint.

In thisproblemsetup,ZhuandGhahramaniproposedthelabelpropagationalgorithm:

1. PropagateB  TB;

2. Row-normalizeB to maintaintheprobabilityinterpretationof therow;

3. Clampthelabeleddatato keeptheknowledgeof originally labeleddata;

4. Repeatfrom step1 until B converges.

The label of a datapoint is determinedby the largestprobability in a row of B . It hasbeen

proved that the algorithm converges. In fact, the solution can be directly obtainedwithout

iterativepropagation.
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Label propagation using Gaussianrandom �elds In [Zhu et al., 2003], Zhu et al. for-

mulatedthe intuitive label propagation approachas a problem of energy minimization in

the framework of Gaussianrandom�elds, where the Gaussian�eld is over a continuous

statespace,insteadof over discretelabel set. The ideais to computea real-valuedfunction

f : V ! R on graphG thatminimizestheenergy functionE(f ) = 1
2

P
i;j wij (f (i ) � f (j ))2,

wherei and j correspondto datapoints in the problem. The function f = argmin f E(f )

determinesthe labelsof unlabeleddatapoints. This solutioncanbe ef�ciently computedby

direct matrix calculationeven for multi-label classi�cation, in which solutionsaregenerally

computationallyexpensive in otherframeworks.

This approachpropagateslabelsfrom labeleddatapointsto unlabeleddatapointsaccord-

ing to the similarity on the edges,thus it follows closely the clusterstructureof the datain

prediction.Weexpectit to performreasonablywell onourdataset.It is referredto as“SEMI”

in thefollowing description.

4.7 Resultsand analysis

WeuseSemiL[Huangetal.,2006],animplementationof thealgorithmusingGaussianrandom

�elds in theexperiment.SemiLprovidesdifferentoptionsfor classi�cation,amongthemsome

arepertinentto ourproblemsetting:

� Distancetype. The distancebetweentwo nodescanbe eitherEuclideandistanceor

Cosinedistance.

� Kernel type. The function usedto assignweightson the edge. We useRBF in our

experiment.TheSigmavaluein theRBF kernelis setheuristicallyusinglabeleddata

(Sigmais setto bethemedianof thedistancefrom eachdatapoint in thepositiveclass

to its nearestneighbourin thenegativeclass[Jaakkolaetal., 1999].).2

� Normalizationof the real-valuedfunction f . It is designedto minimize theeffect of

unbalanceddataset in the classi�cation. As our datais unbalanced,we turn on this

2For heuristicallysetSigmavaluesin the thesis,several otherSigmavalueswereusedto verify the setting,
andtheresultsshow thattheperformanceis stable.
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parameterto treateachclassequally.

The performanceof usingEuclideandistanceandCosinedistancein the similarity measure

is comparedin the experimentin Section4.7.4. Default valuesareusedfor the restof the

parameters.

We �rst evaluatethe performanceof the semi-supervisedmodelon differentfeaturesets.

Then, we comparethe two candidatesetsobtainedby using tf � idf and domainspeci�city

p(cj n), respectively. Finally, wecomparethesemi-supervisedmodelto asupervisedapproach

to justify theusageof asemi-supervisedapproachin theproblem.

In all experiments,the datasetcontainsall candidatesof cores. Unlessotherwisemen-

tioned,theresultreportedis achievedby usingthecandidatesetderivedby p(cj n), thefeature

setof thecombinationof syntacticrelations,orderedcontext, andsemantictypes,andthedis-

tancemeasureof cosinedistance.The resultof an experimentis the averageof 20 runs. In

eachrun, labeleddatais randomlyselectedfrom the candidateset,andthe rest is unlabeled

datawhoselabelsneedto bepredicted.Wemakesureall classesarepresentin labeleddata.If

any classis absent,weredothesampling.Theevaluationof thesemanticclassesis verystrict:

a candidateis givencredit if it getsthesamelabelasgivenby theannotator, andthetokensit

containsareexactly thesameasmarkedby theannotator. Candidatesthatcontainonly some

of the tokensmatchingthe labelsgivenby theannotatorsaretreatedastheotherclassin the

evaluation.

4.7.1 Experiment 1: Evaluation of featuresets

This experimentevaluatesdifferentfeaturesetsin the classi�cation. As describedin section

4.3,two optionsareusedin thesecondstepof preprocessingto pick upgoodcandidates.Here,

asour focusis on thefeaturesetwe reportonly resultson candidatesselectedby p(cj n). The

numberof instancesof eachof thefour targetclassesin thecandidatesetis shown in Table4.2

(Theperformanceof candidateselectionwill bediscussedin subsection4.7.2).

Figure4.5showstheaccuracy of classi�cationusingdifferentcombinationsof four feature

sets: syntacticrelations,orderedcontext, un-orderedcontext, andsemantictypes. We seta

baselineby assigninglabelsto datapointsaccordingto theprior knowledgeof thedistribution
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Table4.2: Numberof Instancesof TargetClassesin theCandidateSet

Intervention-core Disease-core Outcome-core Others Total

298 106 209 801 1414
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Figure4.5: Classi�cationResultsof Candidates

of the four classes,which hasaccuracy of 0.395. Anotherchoiceof baselineis to assignthe

labelof themajority class,others in this case,to eachdatapoint,which producesanaccuracy

of 0.567.However, all thethreeclassesof interesthave accuracy 0 accordingto this baseline.

Thus,thisbaselineis not very informative in thisexperiment.

It is clearin the�gure thatincorporatingnew kindsof featuresinto theclassi�cationresults

in alargeimprovementin accuracy. Only usingsyntacticrelations(rel in the�gure) asfeatures,
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thebestaccuracy is alittle lowerthan0.5,whichis muchhigherthanthebaselineof 0.395.The

additionof orderedcontext (orderco) or no-ordercontext features(co)) improvedtheaccuracy

by about0.1.Addingsemantictypefeatures(tp) furtherimproved0.1in accuracy. Combining

all threekinds of featuresachieves the bestperformance.With only 5% of dataas labeled

data,thewholefeaturesetachievesanaccuracy of 0.6,which is muchhigherthanthebaseline

of 0.395. Semantictype seemsto be a very powerful featuresetasit substantiallyimproves

theperformanceon top of thecombinationof theothertwo kindsof features.Therefore,we

took a closerlook at thesemantictypefeaturesetby conductingtheclassi�cationusingonly

semantictypes,andfoundthattheresultis evenworsethanusingonly syntacticrelations.This

observation revealsinterestingrelationsof the featuresets. In the spacede�ned by only one

kind of features,datapointsmay be closeto eachother, hencehardto distinguish. Adding

anotherkind setsapartdatapointsin differentclassestowarda moreseparablepositionin the

new space. It shows that every kind of featureis informative to the task. The featuresets

characterizethecandidatesfrom differentanglesthatarecomplementaryin thetask.

We alsoseethat thereis almostno differencebetweenorderedandunorderedcontext in

distinguishingthe target classes,althoughorderedcontext seemsto be slightly betterwhen

semantictypesarenotconsidered.

4.7.2 Experiment 2: Evaluation of candidatesets

In thesecondstepof preprocessing,oneof two researchoptionscanbeusedto �lter out some

badnouns– usingthetf � idf measureor thedomainspeci�city measurep(cj n). This exper-

imentcomparesthetwo measuresin thecoreidenti�cation task. A third optionusingneither

of the two measures(i.e., skip thesecondstepof preprocessing)is evaluatedasthebaseline.

The�rst threerows in Table4.3arenumbersof instancesremainingin thecandidatesetafter

preprocessing.The last row shows thenumbersof manuallyannotatedtruecores,which has

beenlisted in Table4.1 and is repeatedherefor comparison.We analyzethe classi�cation

resultsusingthecandidatesetsderivedby tf � idf , domainspeci�city, andbaselineto evaluate

thesecondstepof preprocessing.Then,wecomparethebaselineto themanuallyannotatedset

of coresto evaluatethe�rst andthird stepsof preprocessing.
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Table4.3: Numberof Candidatesin DifferentCandidateSets

Measures Intervention-core Disease-core Outcome-core Others

tf � idf 243 108 194 785

p(cj n) 298 106 209 801

baseline 303 108 236 1330

truecores 501 153 384 –

tf � idf , domain speci�city vs. baseline As shown in Table4.3, therearemuchfewer in-

stancesin theothersclassin thesetsderivedby tf � idf andtheprobabilitymeasureascompared

to thosederivedby thebaseline,whichshows thatthetwo measureseffectively removedsome

of thebadcandidatesof intervention-core,disease-core,andoutcome-core.At thesametime,

a small numberof real coreswere removed. Comparedto the baselinemethod,the prob-

ability measurekept almostthe samenumberof intervention-coresanddisease-coresin the

candidateset,while omitting someoutcome-cores.It indicatesthat outcome-coresare less

domain-speci�cthanintervention-coresanddisease-cores.Comparedto the tf � idf measure,

moreintervention-coresandoutcome-coreswerekeptby theconditionalprobabilitymeasure,

showing that the probability measuringthe domain-speci�cityof a nounbettercharacterizes

the coresof the threesemanticclasses. The probability measureis also more robust than

the tf � idf measure,astf � idf reliesmoreon the contentof the text from which it is calcu-

lated.For example,if aninterventionis mentionedin many documentsof thedocumentset,its

tf � idf valuecanbevery low althoughit is agoodcandidateof intervention-core.

The precision,recall, and F-scoreof the classi�cation shown in Table 4.4 con�rms the

above analysis. The domainspeci�city measuregetssubstantiallyhigherF -scoresthanthe

baselinefor all the threeclassesthat we areinterestedin, usingdifferentamountsof labeled

data.Comparedto tf � idf , theperformanceof thedomainspeci�city measureis muchbetteron

identifying intervention-core(notethatp(cj n)pickedupmorerealintervention-coresthantf �

idf ), andslightly betteron identifyingoutcome-cores,while thetwo aresimilaron identifying

disease-cores.
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Table4.4: Resultsof Classi�cationonDifferentCandidateSets

INT: intervention-coreDIS: disease-coreOUT: outcome-core

labeleddata 1% 5% 10% 30% 60%

P R F P R F P R F P R F P R F

INT baseline .44 .69 .53 .51 .83 .63 .53 .87 .66 .58 .90 .70 .59 .92 .72

tf � idf .44 .62 .51 .52 .74 .61 .55 .77 .64 .59 .84 .69 .60 .87 .71

p(cj n) .51 .65 .57 .60 .83 .69 .62 .86 .72 .65 .90 .75 .67 .91 .77

DIS baseline .16 .63 .25 .25 .68 .36 .31 .73 .43 .34 .84 .48 .35 .86 .49

tf � idf .20 .55 .29 .31 .64 .41 .34 .70 .46 .39 .82 .53 .41 .86 .55

p(cj n) .18 .56 .27 .30 .66 .41 .34 .73 .47 .39 .83 .53 .41 .87 .55

OUT baseline .22 .42 .28 .33 .53 .41 .39 .61 .48 .44 .66 .53 .46 .69 .55

tf � idf .30 .43 .35 .43 .56 .49 .47 .61 .53 .53 .66 .59 .55 .70 .61

p(cj n) .31 .46 .37 .43 .56 .49 .48 .62 .54 .54 .69 .60 .56 .71 .63

Baselinevs. the set of manually annotated cores As mentionedat the beginning of this

subsection,the baselinecandidateset was derived by the �rst (PoStagging)and third step

(mappingfrom nounsto concepts)in the preprocessing.As shown by Table4.3, 62.3%of

manuallyannotatedcoresarekept in thebaseline.We roughlycheckedaboutone-thirdof the

total true cores(manuallyannotatedcores)in the datasetandfound that 80% of lost cores

arebecauseMetaMapeitherextractedmoreor lesstokensthanmarkedby theannotator, or it

failed to �nd theconcepts.10%of missingcoresarecausedby errorsof thePoStagger, and

therestarebecausesomecoresarenotnouns.

4.7.3 Experiment 3: Comparisonof thesemi-supervisedmodelandSVMs

In thesemi-supervisedmodel,labelspropagatealonghigh-densitydatatrails,andsettledown

at low-densitygaps. If thedatahasthis desiredstructure,unlabeleddatacanbeusedto help

learning.In contrast,a supervisedapproachonly makesuseof labeleddata.This experiment

comparesSEMI to a state-of-the-artsupervisedapproach;thegoal is to investigatehow well

unlabeleddatacontributesto theclassi�cationusingthesemi-supervisedmodel.We compare
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theperformanceof SEMI to support-vectormachines(SVMs) whendifferentamountsof data

areusedaslabeleddata.

Support vector machines In SVMs, theprocessof classi�cationgivena setof trainingex-

amplesis an optimizationproceduresearchingfor the optimal rule that predictsthe label of

unseenexampleswith minimumerrors.Thegoalof classi�cationis to infer a rule from asam-

ple of labeledtrainingexamplessothat it recognizenew exampleswith high accuracy. More

formally, thelearneris givena trainingsampleof n examples

(~x1; y1); :::; (~xn ; yn )

drawn accordingto an unknown but �x ed distribution. Here~x i arepatterns,yi arelabelsor

targets.In theclassi�cation,a functionneedsto befoundbasedon trainingdata:

f : X ! f +
� 1g;

wherethedomainX is somenonemptysetthat thepatterns~x i aretaken from, so that it will

correctlyclassifyunseenexamples.

Thegoalof SVMs is to �nd anoptimalhyperplaneso thatexampleson thesamesideof

thehyperplanewill have thesamelabel.SVMs learndecisionfunctions:

f (~x) = sgn(( ~w � ~x) + b) =

8
<

:
+1 : ~w � ~x + b> 0

� 1 : otherwise:
(4.1)

Eachfunctioncorrespondsto a hyperplanein thefeaturespace.Theclassi�cationtaskis then

to determineonwhichsideof thehyperplaneadatapoint lies.

TheoptimalhyperplanethatSVMschoseis theonewith thelargestmargin. In thesepara-

ble case,supposewe have a hyperplanethatseparatesthepositive examplesfrom thenegative

examples.Let d+ (d� ) be the shortestdistancefrom the separatinghyperplaneto the closest

positive (negative)example.Themargin of suchahyperplaneis d+ + d� . For thelinearsepa-

rablecase,thereis a ~w0 anda b0, suchthatall positive trainingexampleslie on onesideof the

hyperplane,while all negative exampleslie on the otherside. In general,therecanbe more

thanonesuchhyperplanes,asshown in �gure 4.6. Supportvectormachineschoosethe one

with thelargestmargin (H 0 in the�gure).
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Figure4.6: Linearseparatinghyperplanesin two dimensions.Thesupportvectorsaremarked

by squares.

In this experiment,we useOSUSVM [Ma et al., 2003],a toolboxfor Matlabbuilt on top

of LIBSVM [ChangandLin, 2001]. LIBSVM is an implementationof SVMs. We useRBF

asthekernelmethod,andsettheSigmavalueheuristicallyusinglabeleddata.SVM addresses

theproblemof unbalanceddatausinga parameter, which assignsweightsto eachclassin the

task.A classwith largerweightwill getmorepenaltywhen�nding theoptimumhyperplane.

Wesettheparameteraccordingto theprior knowledgeof theclassdistributionandgive larger

weightto aclassthatcontainslessinstances.Default valuesareusedfor otherparameters.

Comparison of SEMI to SVMs As shown in Table4.5,whenthereis only a smallamount

of labeleddata(lessthan 5% of the whole dataset), which is often the casein real-world

applications,SEMI achievesmuchbetterperformancethanSVMs in identifying all the three

classes.For intervention-coreand outcome-core,with 5% dataas labeleddata,SEMI out-

performsSVMs with 10%dataaslabeleddata. With lessthan60%dataaslabeleddata,the

performanceof SEMI is eithersuperiorto or comparableto SVMs for intervention-coreand

outcome-core.It shows thatSEMI effectively exploits unlabeleddataby following theman-

ifold structureof the data. The promisingresultsachieved by SEMI show the potentialof

exploringunlabeleddatain classi�cation.
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Table4.5: F-scoreof Classi�cationUsingDifferentModels

Candidateset:producedby p(cj n)(seeTable4.2)

INT: intervention-coreDIS: disease-coreOUT: outcome-core

labeleddata 1% 5% 10% 30% 60%

INT SEMI .57 .69 .72 .75 .77

SVM .33 .60 .68 .74 .77

DIS SEMI .27 .41 .47 .53 .55

SVM .21 .38 .54 .62 .65

OUT SEMI .37 .49 .54 .60 .63

SVM .07 .27 .44 .56 .62

Table4.6: Accuracy usingdifferentdistancemeasures.

Fractionof dataaslabeleddata 10% 20% 30% 40% 50% 60%

Cosinedistance .647 .675 .687 .695 .701 .702

Euclideandistance .341 .372 .405 .413 .410 .440

4.7.4 Experiment 4: Evaluation of distancemeasures

In thesemi-supervisedmodel,theclusterstructureof thedatais speci�edby thesimilarity of

datapoints.Therefore,thechoiceof distancemeasureaffectstheperformanceof theclassi�-

cation.In this experiment,we comparetwo distancemeasures:cosinedistanceandEuclidean

distance.Table4.6shows theclassi�cationaccuracy usingthetwo distancemeasures.There-

sultsshow alargedifferencebetweenthem.Cosinedistanceis absolutelysuperiorto Euclidean

distancein theclassi�cationtask.

The� valuein theRBFkernelis ascaleparameterof thedistancebetweentwo datapoints.

Too-largea valuecanblur thedistancebetweentwo well-separatedpoints,while too-smalla

valuemayimproperlyenlargethegapbetweendatapoints. If � is within a reasonablerange,

the performanceof the classi�cationwill be relatively stable. Although parameterselection
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wasnot a focusof thecurrentwork, we plot the resultsof usingseveraldifferent� valuesin

theclassi�cationin AppendixC to havesomesenseof theits effect.

4.8 Relatedwork

Thetaskof namedentity(NE) identi�cation, similar to thecore-detectiontask,involvesidenti-

fying wordsor wordsequencein severalclasses,suchaspropernames(locations,persons,and

organizations),monetaryexpressions,datesandtimes.NE identi�cation hasbeenanimportant

researchtopic ever sinceit wasde�ned in MUC [MUC, 1995]. In 2003,it wastaken asthe

shared-taskin CoNLL [SangandMeulder, 2003]. Most statisticalapproachesusesupervised

methodsto addresstheproblem[Florian et al., 2003;ChieuandNg, 2003;Klein et al., 2003].

Unsupervisedapproacheshavealsobeentried in this task.CucerzanandYarowsky [1999]use

a bootstrappingalgorithmto learncontextual andmorphologicalpatternsiteratively. Collins

andSinger[1999] testedtheperformanceof severalunsupervisedalgorithmson theproblem:

modi�ed bootstrapping(DL-CoTrain)motivatedby co-training[Blum andMitchell, 1998],an

extendedboostingalgorithm(CoBoost),andthe ExpectationMaximization(EM) algorithm.

Theresultsshow thatDL-CoTrain andCoBoostaresuperiorto EM, while thetwo arealmost

thesame.

Much effort in entity extraction in the biomedicaldomainhasgenenamesasthe target.

VarioussupervisedmodelsincludingNaive Bayes,SupportVectorMachines,HiddenMarkov

Modelshave beenapplied[AnaniadouandTsujii, 2003]. Thework mostrelatedto our core-

identi�cation in biomedicaldomainis thatof RosarioandHearst[2004],which extractstreat-

mentanddiseasefrom MEDLINE andexaminessevenrelationtypesbetweenthemusinggen-

erative modelsanda neuralnetwork. They claim that thesemodelsmaybeusefulwhenonly

partially labeleddatais available,althoughonly supervisedlearningis conductedin thepaper.

ThebestF-scoreof identifyingtreatmentanddiseaseobtainedby usingthesupervisedmethod

is .71.Anotherpieceof work extractingsimilarsemanticclassesis in [RayandCraven,2001].

They reportan F-scoreof about.32 for extractingproteinsandlocations, andan F-scoreof

about.50for geneanddisorder.
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4.9 Summary

In thischapter, weidenti�ed animportantpropertyof semanticclasses– thecoreandexplained

its role in matchinga questionto its answer. Then,we proposeda novel approachto automat-

ically identify andclassifycoresof instancesof semanticclassesin scenariodescriptions.A

semi-supervisedlearningmethodwasexploredto reducetheneedfor manuallyannotateddata.

In thisapproach,candidatesof coreswere�rst extractedfrom thetext. Wetooktwo options

to obtainabettercandidatesetby removing noisefrom theoriginalset:tf � idf wasusedto �nd

informativenouns,while aprobabilitymeasurewasto �nd domain-speci�cnouns.Theresults

show thatbothmeasureseffectively remove somenoise,while theprobabilitymeasurebetter

capturesthe characteristicsof cores. To do the classi�cation, we designedseveral typesof

featuresandrepresentedeachcandidatewith thesyntacticrelationsin which it participates,its

context, andits semantictype,with thegoalthatcandidateswith similar representationsarein

thesameclass.Our experimentalresultsshow thatsyntacticrelationswork well togetherwith

othertypesof features.In theclassi�cation,a semi-supervisedmodelthatexploresthemani-

fold structureof thedatawasapplied.Theresultsshow thatthefeaturescharacterizethecluster

structureof thedata,andunlabeleddatais effectively used.Wecomparedthesemi-supervised

approachto a state-of-the-artsupervisedapproach,andshowed that the performanceof the

semi-supervisedapproachis muchbetterwhenthereis only a small amountof labeleddata,

andperformanceof thetwo arecomparableevenwhen60%of dataareusedaslabeleddata.

Our approachdoesnot requireprior knowledgeof semanticclasses,andit effectively ex-

ploits unlabeleddata. The promisingresultsachieved show the potentialof semi-supervised

modelsthatexploretheclusterstructureof datain similar tasks.Featuresof syntacticrelations

andlocal context aregeneralandcanbe useddirectly in tasksin otherdomain. The seman-

tic type featuresmake useof knowledgein UMLS, which is speci�c to medicaldomain.For

tasksthathavedomain-speci�cknowledgebaseslikeUMLS, similar featurescanbegenerated

easily. For a domainwithout suchknowledgebase,the hierarchicalinformationin WordNet

canbeusedasa replacement,althoughit wouldbemoredif�cult asthelevel of generalization

needsto bedetermined.

A dif�culty of usingthis approach,however, is in detectingboundariesof the targets. A
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segmentationstepthatpre-processesthetext is needed.Thiswill beour futurework, in which

weaim to investigateapproachesthatperformthesegmentationprecisely.

As a �nal point, we want to emphasizethe differencebetweencoresandnamedentities.

While the identi�cation of NEs in a text is an importantcomponentof many tasksincluding

questionansweringand informationextraction, its bene�ts are constrainedby its coverage.

Typically, it is limited to a relatively small setof classes,suchasperson, time, andlocation.

However, in sophisticatedapplications,suchas the non-factoidmedicalquestionanswering

that we consider, NEs areonly a small fraction of the importantsemanticunits discussedin

documentsor askedaboutby users.As shown by theexamplesin thischapter, coresof clinical

outcomesareoftennotNEs. In fact,many semanticrolesin scenariosandeventsthatoccurin

questionsanddocumentsdo not containNEsat all. For example,thetestmethodin diagnosis

scenarios,themeansin a shippingevent,andthemannerin a criticize scenariomayall have

non-NEcores.Therefore,it is imperativeto identify otherkindsof semanticunitsbesidesNEs.

Coresof semanticclassesis onesuchextensionthatconsistof a morediversesetof semantic

unitsthatgoesbeyondsimpleNEs.



Chapter 5

Polarity of Clinical Outcomes

One of the major concernsin patienttreatmentis the clinical outcomesof interventionsin

treatingdiseases:arethey positive,negativeor neutral?Thispolarityinformationis aninherent

propertyof clinical outcomes.An exampleof eachtype of polarity taken from CE is shown

below.

Positive: Thrombolysisreducedtherisk of deathor dependency at theendof thestudies.

Negative: In thesystematicreview, thrombolysisincreasedfatalintracranialhaemorrhagecompared

with placebo.

Neutral: The�rst RCTfoundthatdiclofenacplusmisoprostolversusplacebofor 25weeksproduced

nosigni�cant differencein cognitive functionor globalstatus.

Sentencesthatdonothave informationonclinical outcomesform anothergroup:nooutcome.

No outcome: We found no RCTscomparingcombinedpharmacotherapy andpsychotherapy with

eithertreatmentalone.

Polarityinformationis crucialto answerquestionsrelatedto clinical outcomes.Wehaveto

know thepolarity to answerquestionsaboutbene�tsandharmsof anintervention.In addition,

knowing whethera sentencecontainsa clinical outcomecanhelp�lter out irrelevantinforma-

tion in answerconstruction.Furthermore,informationon negative outcomescanbecrucial in

clinical decisionmaking.

74
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In this chapter, we discussthe problemof automaticallyidentifying outcomepolarity in

medicaltext [Niu et al., 2005]. More speci�cally, we focuson detectingthe presenceof a

clinical outcomein medicaltext, and,whenan outcomeis found, determiningwhetherit is

positive, negative, or neutral1. We observe that a singlesentencein medicaltext usuallyde-

scribesa completeclinical outcome. As a result,we performsentence-level analysisin our

work.

5.1 Relatedwork

Theproblemof polarity analysisis alsoconsideredasa taskof sentimentclassi�cation[Pang

etal.,2002;PangandLee,2004]or semanticorientationanalysis[Turney, 2002]:determining

whetheranevaluative text, suchasa movie review, expressesa “f avorable”or “unfavorable”

opinion.All thesetasksareto obtaintheorientationof theobservedtext onadiscussiontopic.

They fall into threecategories:detectionof thepolarity of words,sentences,anddocuments.

Amongthem,asYu andHatzivassiloglou[2003]pointedout, theproblemat thesentencelevel

is thehardestone.

Turney [2002] hasemployed an unsupervisedlearningmethodto provide suggestionson

documentsasthumbsup or thumbsdown. Thepolarity detectionis doneby averagingthese-

manticorientation(SO) of extractedphrases(phrasescontainingadjectivesor adverbs)from

a text. The documentis taggedasthumbsup if the averageof SO is positive, andotherwise

is taggedasthumbsdown. The SO is calculatedby thedifferencein mutualinformationbe-

tweenanobservedphraseandthepositivewordexcellentandmutualinformationbetweenthe

observed phraseandthe negative word poor. Documentsareclassi�ed aseitherpositive or

negative;noneutralpositionis allowed.

In morerecentwork, Whitelaw et al. [2005] exploreappraisal groupsto classifypositive

andnegativedocuments.Similar to phrasesusedin Turney'swork, appraisalgroupsconsistof

coherentwordsthat togetherexpressthepolarity of opinions,suchas“extremelyboring”, or

“not really very good”. Insteadof calculatingthemutualinformation,a lexicon of adjectival

1This partof thework wascarriedout in collaborationwith XiaodanZhu andJaneLi. They participatedin
themanualannotation.XiaodanZhucollectedtheBIGRAMS features,JaneLi collectedtheSEMANTIC TYPES.
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appraisalgroups(groupsheadedby anappraisingadjective)is constructedsemi-automatically.

Thesegroupsareusedasfeaturesin asupervisedapproachusingSVMsto detectthesentiment

of adocument.

Panget al. [2002] alsodealwith the taskat documentlevel. Thesentimentclassi�cation

problemwere treatedas a text classi�cation issueand a variety of machinelearningtech-

niqueswereexploredto classifymovie reviews into positiveandnegative. Threeclassi�cation

strategies,Naive Bayes,maximumentropy classi�cation,andsupportvectormachines,were

investigated,andaseriesof lexical featureswereemployedon theseclassi�cationstrategiesin

orderto �nd effective features.Panget al. foundthatmachinelearningtechniquescanalways

outperformahuman-generatedbaseline;amongthethreeclassi�cationstrategies,supportvec-

tor machinesperformthe bestandthe Naive Bayestendsto be the worst; unigramsare the

mosteffective lexical featureandindispensablecomparedwith theotheralternatives.

The main part of Yu and Hatzivassiloglou's work [Yu and Hatzivassiloglou,2003] is at

the sentencelevel, and is hencemostclosely relatedto our work. They �rst separatefacts

from opinionsusinga Bayesianclassi�er. Variousfeaturesderived from observingsemantic

orientationof wordsaretried in this step.After opinionsentencesareidenti�ed, they thenuse

anunsupervisedmethodto classifyopinionsinto positive, negative, andneutralby evaluating

the strengthof the orientationof wordscontainedin a sentence.A gold standardis built for

evaluation,which includes400sentenceslabeledby onejudge. On thetaskof distinguishing

opinionsfrom facts,thebestperformanceis recall=0.92,precision=0.70for theopinionclass.

Theperformanceis muchworsefor the factclass.Thebestrecallandprecisionobtainedare

0.13 and0.42. The unsupervisedapproachof detectingpolarity of sentencesachieves0.62

accuracy.

Thepolarity informationwe areobservingrelatesto clinical outcomesinsteadof theper-

sonalopinionsstudiedby thework mentionedabove. Therefore,we expectdifferencesin the

expressionsandthestructuresof sentencesin thesetwo areas.For thetaskin themedicaldo-

main,it will beinterestingto seeif domainknowledgewill help.Thesedifferencesleadto new

featuresin ourapproach.
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5.2 A supervisedapproachfor clinical outcomedetectionand

polarity classi�cation

As discussedin Section5.1, varioussupervisedmodelshave beenusedin sentimentclassi-

�cation. At document-level, SVMs performbetterthanothermodelsandachieve promising

results[Panget al., 2002]. In sentence-level analysis,Yu andHatzivassiloglou[2003] usea

Bayesianclassi�er to distinguishfactsfrom opinions. The resultsfor the fact classarenot

very satisfactory, which indicatesthat the taskat sentencelevel maybemoredif�cult. Since

SVMs have beenshown alsovery effective in many otherclassi�cationtasks,in our work, we

investigateSVMs in sentence-level analysisto detectthe presenceof a clinical outcomeand

determineits polarity.

In our approach,eachsentenceasa datapoint to beclassi�ed is representedby a vectorof

features.In the featureset,we usewordsthemselvesasthey arevery informative in related

taskssuchassentimentclassi�cationandtopic categorization.In addition,we usecontextual

informationto capturechangesdescribedin clinical outcomes,andusegeneralizedfeatures

thatrepresentgroupsof conceptsto build moreregularpatternsfor classi�cation.

We usebinary featuresin mostof theexperimentsexceptfor thefrequencyfeaturein one

of our experiments.Whena featureis presentin a sentence,it hasa valueof 1; otherwise,it

hasa valueof 0. Amongthefeaturesin our featureset,UNIGRAMS andBIGRAMS have been

usedin previoussentimentclassi�cationtasks,andtherestarenew featuresthatwedeveloped.

5.2.1 Unigrams

A sentenceis composedof words. Distinct words(unigrams)canbe usedasthe featuresof

a sentence.In previouswork on sentimentclassi�cation[Panget al., 2002;Yu andHatzivas-

siloglou,2003],unigramsarevery effective. Following this work, we alsotake unigramsas

features.We useunigramsoccurringmorethan3 timesin thedatasetin the featureset,and

they arecalledUNIGRAMS in thefollowing description.
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5.2.2 Context features

Our observation is that outcomesoften expressa changein a clinical value [Niu andHirst,

2004]. In thefollowing example,mortalitywasreduced.

(23) In thesethreepostinfarctiontrials ACE inhibitor versusplacebosigni�cantly reduced

mortality, readmissionfor heartfailure, andreinfarction.

The polarity of an outcomeis often determinedby how a changehappens:if a bad thing

(e.g.,mortality) was reduced, then it is a positive outcome;if a bad thing was increased,

thentheoutcomeis negative; if thereis no change,thenwe geta neutraloutcome.We tried

to capturethis observation by addingcontext features– BIGRAMS, two typesof CHANGE

PHRASES (MORE/LESS featuresandPOLARITY-CHANGE features),andNEGATIONS.

BIGRAMS Bigrams(two adjacentwords)arealsousedin sentimentclassi�cation. In that

task,they arenot so effective asUNIGRAMS. Whencombinedwith UNIGRAMS, they do not

improve theclassi�cationaccuracy [Panget al., 2002;Yu andHatzivassiloglou,2003]. How-

ever, in ourtask,thecontext of awordin asentencethatdescribesthechangein aclinical value

is importantin determiningthepolarityof a clinical outcome.Bigramsexpressthepatternsof

pairs,andwe expectthat they will capturesomeof the changes.Therefore,they areusedin

our featureset. As with UNIGRAMS, bigramswith frequency greaterthan3 areextractedand

referredto by BIGRAMS.

CHANGE PHRASES We developedtwo typesof new featuresto capturethetrendof changes

in clinical values.ThecollectivenameCHANGE PHRASES is usedto referto thesefeatures.

To constructthesefeatures,wemanuallycollectedfour groupsof wordsby observingsev-

eralsectionsin CE: thoseindicatingmore (enhanced,higher, exceed,...), thoseindicatingless

(reduce, decline, fall, ...), thoseindicating good (bene�t, improvement,advantage, ...), and

thoseindicatingbad (suffer, adverse, hazards,...).

� MORE/LESS features.This typeof featureemphasizestheeffect of wordsexpressing

“changes”. The way the featuresaregeneratedis similar to the way that Panget al.

[2002] addnegation features.We attachedthe tag MORE to all wordsbetweenthe
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more-words and the following punctuationmark, or betweenthe more-words and

anothermore(less) word, dependingon which onecomes�rst. The tag LESS was

addedsimilarly. Thisway, theeffectof the“change”wordsis propagated.

(24) The �rst systematicreview found that � blockers signi�cantly reducedLESS

the LESSrisk LESSof LESSdeathLESSandLESShospitalLESSadmissions

LESS.

(25) Anotherlargerct (randomclinical trial) foundmilrinoneversusplaceboincreased

MOREmortality MOREover MORE6 MOREmonthsMORE.

� POLARITY-CHANGE features. This type of featureaddressesthe co-occurrenceof

more/lesswords and good/bad words, i.e., it detectswhethera sentenceexpresses

the idea of “changeof polarity”. We usedfour featuresfor this purpose: MORE

GOOD, MORE BAD, LESS GOOD, and LESS BAD. As this type of featuresaims for

the “changes”insteadof “propagating thechangeeffect”, we useda smallerwindow

size to build thesefeatures.To extract the �rst feature,a window of four wordson

eachsideof a more-word in a sentencewasobserved. If a good-word occursin this

window, thenthefeatureMORE GOOD wasactivated(its valueis setto 1). Theother

threefeatureswereactivatedin asimilarway.

NEGATIONS Most frequently, negationexpressionscontainthewordnoor not. Weobserved

several sectionsof CE andfound that not often doesnot affect the polarity of a sentence,as

shown in thefollowing examples,soit is not includedin thefeatureset.

(26) However, disagreementfor uncommonbut seriousadversesafetyoutcomeshasnot

beenexamined.

(27) The �rst RCT found fewer episodesof infection while taking antibioticsthanwhile

not takingantibiotics.

(28) The ratesof adverseeffects seemedhigher with rivastigminethan with other anti-

cholinesterasedrugs,but directcomparisonshavenotbeenperformed.
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Thecasefor no is different:it oftensuggestsaneutralpolarityor noclinical outcomeatall:

(29) Thereareno shortor long termclinical bene�ts from theadministrationof nebulised

corticosteroids. . .

(30) Onesystematicreview in peoplewith Alzheimer'sdiseasefoundnosigni�cant bene�t

with lecithinversusplacebo.

(31) We found no systematicreview or RCTsof rivastigminein peoplewith vascularde-

mentia.

WedeveloptheNEGATION featuresto takeinto accounttheevidenceof thewordno. To extract

the features,all thesentencesin thedatasetare�rst parsedby theApple Pieparser[Sekine,

1997]to getphraseinformation.Then,in a sentencecontainingtheword no, thenounphrase

containingnois extracted.Everywordin thisnounphraseexceptnoitself is attachedby a NO

tag.

5.2.3 Semantictypes

Using category information to representgroupsof medical conceptsmay relieve the data

sparsenessproblemin the learningprocess.For example,we found that diseasesareoften

mentionedin clinical outcomesasbad things:

(32) A combinedend point of deathor disabling stroke was signi�cantly lower in the

accelerated-t-PA group. . .

Thus,all namesof speci�c diseasesin thetext arereplacedwith thetagDISEASE.

Intuitively, theoccurrencesof semantictypes,suchaspathologic function andorganism

function, maybedifferentin differentpolarityof outcomes,especiallyin thenooutcomeclass

ascomparedto theotherthreeclasses.To verify this intuition,wecollectall thesemantictypes

in thedatasetanduseeachof themasa feature.They arereferredto asSEMANTIC TYPES.

Thus,in additionto thewordscontainedin asentence,all themedicalcategoriesmentionedin

asentencearealsoconsidered.
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TheUni�ed MedicalLanguageSystem(UMLS) is usedasthedomainknowledgebasefor

extractingsemantictypesof concepts.ThesoftwareMetaMap[Aronson,2001]is incorporated

for mappingconceptsto their correspondingsemantictypesin theUMLS Metathesaurus.

5.3 Experiments

We carriedout several experimentson two text sources:CE and Medline abstracts.Com-

paredto CE text, Medlinehasa morediversewriting styleasdifferentabstractshave different

authors.Theperformanceof thesupervisedclassi�cationapproachon thetwo sourcesis com-

paredto �nd out if thereis any difference.Webelievethattheseexperimentswill leadto better

understandingof thepolaritydetectiontask.

5.3.1 Outcomedetectionand polarity classi�cation in CE text

UsingCE asthe text source,we evaluatea two-way classi�cationtaskof distinguishingpos-

itive from negative outcomes,and the four-way classi�cation of positive, negative, neutral

outcomes,andnooutcomes.

Positivevs. negativepolarity

Experimental setup In this experiment,we have two targetclasses:positive outcomesand

negative outcomes.Thetrainingandtestsetswerebuilt by collectingsentencesfrom different

sectionsin CE;772sentenceswereused,500for training(300positive,200negative),and272

for testing(95positive,177negative). All exampleswerelabeledmanuallyby theauthor.

We usedtheSVMl ight implementationof SVMs [Joachims,2002] to performtheclassi�-

cationandusedthedefault valuesfor theparameters.

Resultsand analysis Featuresusedin the experimentarelisted in the left-mostcolumnin

Table5.1. We constructfeaturesin two ways: usingpresenceof a feature,a binary feature

indicateswhethera featureis presentor not; andusingfrequency of a feature,thecountof the

numberof occurrencesof a featurein the sentence.The accuraciesachieved by presenceof
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Table5.1: Accuracy of positive/negative classi�cationusinga linearkernelin CE

Features Presence(%)

baseline 65.1

UNIGRAMS 89.0

UNIGRAMS with DISEASE 90.1

UNIGRAMS with MORE/LESS 91.5

UNIGRAMS with DISEASE andMORE/LESS 92.7

featuresusinga linearkernel(thedefault choiceof kernels)arelistedin Table5.1. Frequency

of featuresproducesapproximatelythesameresults.

Thebaselineis to assignthenegative label to all testsamplesasit is morefrequentin the

testset,which hastheaccuracy of 65.1%.As shown in thetable,combiningfeaturesachieves

an accuracy ashigh as92.7%. Using a moregeneralcategory DISEASE insteadof speci�c

diseaseshasa positive effect on theclassi�cation. It is clearin thetablethat the MORE/LESS

featuresimprove theperformance.Comparedto usingonly UNIGRAMS, thecombinedfeature

setimprovestheaccuracy by 0.037.TheDISEASE andMORE/LESS featuresbothcontributeto

distinguishingpositive from negativeclasses.

A non-linearkernelRBF(exp(� d2(x i ; x j )=� 2)) wasalsotestedin SVMs. Usingthefeature

setof presenceof combiningUNIGRAMS with DISEASE andMORE/LESS, theaccuracy of the

classi�cationobtainedwith several � valuesis shown in AppendixH. When� is large, the

performanceis not verysensitive to its change,andbecomesrelatively stable.

Four-way classi�cation

Experimental setup Thedatasetof sentencesin all thefour classeswasbuilt by collecting

sentencesfrom differentsectionsin CE(sentenceswereselectedsothatthedatasetis relatively

balanced).Thenumberof instancesin eachclassis shown in Table5.2.Thedatasetis labeled

manuallyby threegraduatestudents,andeachsentenceis labeledby oneof them. We used

theOSUSVM package[Ma etal., 2003]with anRBFkernelfor thisexperiment.The� value
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Table5.2: Numberof instancesin eachclass(CE)

Positive Negative Neutral No-outcome Total

472 338 250 449 1509

wassetheuristicallyusingtrainingdata.Default valueswereusedfor otherparametersin the

package.
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Figure5.1: Accuracy of classi�cationusingdifferentfractionsof trainingdata

Resultsand analysis

We �rst randomlyselect20%of thewholedatasetasthetestset(301sentences),andusethe

rest(1208sentences)asthetrainingset.In thetrainingprocess,wegraduallyaddtrainingsam-

plesuntil all of themareincluded,andobserve theperformanceon thetestset.Theresultsare

shown in Figure5.1.As the�gure indicates,accuracy goesupasmoretrainingdatais used,and

whenmorefeaturesareadded.Thecompletefeaturesetperformsconsistentlythebest.These

resultsmatchour intuition that context information(BIGRAMS and CHANGE PHRASES) and
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Table5.3: Resultsof thefour-wayclassi�cationwith differentfeaturesetsin CE

Features Accuracy (%) RelativeErrorReduction(%)

(to Unigrams)

(1)UNIGRAMS 76.9 –

(1)+(2)BIGRAMS 79.4 10.8

(1)+(2)+(3)CHANGE PHRASES 79.6 11.7

(1)+(2)+(3)+(4)NEGATIONS 79.6 11.7

(1)+(2)+(3)+(4)+(5)SEMANTIC TYPES 80.6 16.0

generalizations(SEMANTIC TYPES) areimportantfactorsin detectingthepolarity of clinical

outcomes.

Table5.3 shows theresultsof the � ve featuresetsusedfor classi�cation. Theaccuracy is

the averageof 50 runsof the experiment. In eachrun, 20% of the datais selectedrandomly

asthe testset,andthe rest is usedasthe training set. With just UNIGRAMS asfeatures,we

get 76.9%accuracy, which is taken asthe baseline.The additionof BIGRAMS in the feature

setresultsin an increaseof about2.5%in accuracy, which correspondsto 10.8%of relative

error reduction. CHANGE PHRASES leadto a very small improvementsand NEGATIONS do

not improve theperformanceon top of BIGRAMS. This resultseemsto bedifferentfrom the

previousexperimentof positive/negative classi�cation,wheretheMORE/LESS featuresreduce

the error rate. Note that CHANGE PHRASES intendto capturethe impactof context, andbi-

gramsalsocontaincontext information.It couldbethatsomeeffectof CHANGE PHRASES has

alreadybeencapturedby bigrams.Also, sincethetargetclassesaredifferentin thetwo tasks,

CHANGE PHRASES maybemoreimportantin distinguishingpositive from negativeoutcomes.

TheSEMANTIC TYPES featuresfurtherimprove theperformanceon topof thecombinationof

otherfeatures,whichshows thatgeneralizationis helpful.

Whichclassis themostdif�cult to detect,andwhy? To answerthesequestions,we further

examinetheerrorsin every class.Theprecision,recallandF-scoreof eachclassareshown in

Table5.4(it is theresultof onerun of theexperiment).It is clearin thetablethatthenegative

classhasthelowestprecisionandrecall. A lot of errorsoccurin distinguishingnegative from
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Table5.4: Classi�cationresultsof eachclassonCEdata

Positive Negative Neutral No Outcome

Precision(%) 86.8 73.1 79.2 76.8

Recall(%) 83.2 73.1 76.0 82.0

F-score(%) 85.0 73.1 77.6 79.3

no-outcomeclasses.Westudiedtheincorrectlyclassi�edsentencesandfoundsomeinteresting

cases.Someof theerrorsarebecausedescriptionsof diseasesin theno-outcomeclassareoften

identi�ed asnegative. Thesesentencesaredif�cult in that they containnegative expressions

(e.g.,increasedrisk), yetdonotbelongto thenegativeclass:

(33) Lewy body dementiais an insidiousimpairmentof executive functionswith Parkin-

sonism,visualhallucinations,and�uctuating cognitive abilitiesandincreasedrisk of

fallsor autonomicfailure.

Negative samplesaresometimesassigneda positive label whena sentencehasphrasings

thatseemto contrast,asshown in thefollowing example:

(34) The meanincreasein height in the budesonidegroup was 1.1 cm less than in the

placebogroup(22.7vs23.8cm,P=0005);. . .

In this sentence,the clinical outcomeof impairedgrowth is expressedby comparingheight

increasein two groups,which is lessexplicit andhardto capture.

5.3.2 Outcomedetectionand polarity classi�cation in Medline

With Medline abstracts,we evaluatetwo tasks: the �rst one is two-way classi�cation that

aimsto detectthepresenceof clinical outcomes.In this task,a sentenceis classi�ed into two

classes:containinga clinical outcomeor not. Thesecondtaskis the four-way classi�cation,

i.e.,identifyingwhetheranoutcomeispositive,negative,neutral,orasentencedoesnotcontain

anoutcome.
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Table5.5: Numberof instancesin eachclass(Medline)

Positive Negative Neutral No-outcome Total

469 122 194 1513 2298

Table5.6: Resultsof two-wayandfour-wayclassi�cationwith differentfeaturesets(Medline)

RER=RelativeErrorReduction(comparedto unigrams)

Features two-way four-way

Accuracy (%) RER(%) Accuracy (%) RER(%)

(1) UNIGRAMS 80.1 – 75.5 –

(1)+(2) BIGRAMS 81.7 8.0 77.4 7.8

(1)+(2)+(3)CHANGE PHRASES 82.0 9.5 77.6 8.6

(1)+(2)+(3)+(4)NEGATIONS 81.9 9.0 77.6 8.6

(1)+(2)+(3)+(4)+(5)SEMANTIC TYPES 82.5 12.1 78.3 11.4

Experimental setup We collected197 abstractsfrom Medline that werecited in CE. The

numberof sentencesin eachclassis listed in Table5.5. Thedatasetwasannotatedwith the

four classesof polarityinformationby two graduatestudents.Eachsinglesentenceis annotated

by oneof them. In this experiment,again, 20%of thedatawasrandomlyselectedastestset

andtherestwasusedasthetrainingdata.Theaveragedaccuracy wasobtainedfrom 50 runs.

We usedthesameSVM packageasin Section5.3.1for this experiment,parameterswereset

in thesamemanner.

Resultsand analysis Resultsof thetwo tasksareshown in Table5.6. Not surprisingly, the

performanceon thetwo-way classi�cationis betterthanon thefour-way task.For bothtasks,

we seea similar trend in accuracy as in CE text (seeTable5.3). The accuracy goesup as

morefeaturesareadded,andthe completefeaturesethasthe bestperformance.Compared

to UNIGRAMS, thecombinationof all featuressigni�cantly improvestheperformancein both

tasks(pairedt-test,p values< 0.0001).With just UNIGRAMS asfeatures,we get80.1%accu-
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racy for thetwo-way task.Theadditionof BIGRAMS in thefeaturesetresultsin a decreaseof

1.6%in the error rate,which correspondsto 8.0%of relative error reductionascomparedto

UNIGRAMS. Similar improvementsareobservedin thefour-way task.TheSEMANTIC TYPES

featuresalsoslightly reducetheerrorrate.

Comparedto theresultsonCEtext in Table5.3,thefour-wayclassi�cationtasktendsto be

moredif�cult onMedlinetext. Thiscanbeobservedby comparingtheimprovementof adding

all other featuresto UNIGRAMS. As we mentionedin section5.3, Medline abstractshave a

morediversewriting stylebecausethey arewrittenby differentauthors.Thiscouldbea factor

thatmakestheclassi�cationtaskmoredif�cult. However, thegeneralperformanceof features

onMedlineabstractsandCEtext is similar, whichshowsthatthefeaturesetis relatively robust.

In our outcomedetectionand polarity classi�cation task, UNIGRAMS are very effective

features,as hasbeenpreviously shown in the context of sentimentclassi�cation problems.

Thisshows thatinformationin wordsis very importantfor thepolaritydetectiontask.Context

informationrepresentedby BIGRAMS andCHANGE PHRASES is alsovaluablein our task(see

Table 5.1, Table 5.3, and Table 5.6). The effectivenessof BIGRAMS is different from the

resultsobtainedby Pang et al. [2002] and Yu and Hatzivassiloglou[2003]. In their work,

addingbigramsdoesnot make any differencein the accuracy, or even is slightly harmful in

somecases.This indicatesthedifferencein theexpressionof polarity in clinical outcomesand

thepolarity in opinions.Generalizationfeatures(DISEASE in Table5.1, SEMANTIC TYPES in

Table5.3andTable5.6)arealsohelpful in our task.

5.4 Discussion

The performancebottleneck in polarity classi�cation As describedin Section5.1,super-

visedapproacheshavebeenusedin sentimentclassi�cation.Featuresusedin theseapproaches

usually include: n-grams,PoStags,andfeaturesbasedon wordswith semanticorientations

(e.g., adjectivessuchasgood,bad). In all suchstudies,a commonobservation is that uni-

gramsareveryeffective,while addingmorefeaturesdoesnotgainmuch.

� In thetaskof detectingpolarityof documents[Pangetal.,2002],thebestperformance

is obtainedusingunigrams.
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� In thesentence-level opinion/factclassi�cationtask[Yu andHatzivassiloglou,2003],

asdescribedin section5.1, variousfeaturesbasedon semanticorientationof words

are tried, including countsof semanticallyorientedwords, the polarity of the head

verbsandtheaveragesemanticorientationscoreof thewordsin thesentence.A gold

standardsetis built which includes400sentenceslabeledby onejudge.In theopinion

class,theonly resultbetterthantheperformanceof unigramsis obtainedby combining

all features,which resultsin only 0.01improvementin precision.Similarly, not much

is achievedby addingall otherfeaturesin detectingfacts.

� In [Whitelaw et al., 2005], the bestperformanceof the approachis achieved by the

combinationof unigramswith the appraisalgroups,which is 3% higherin accuracy

thanusingunigramsalone.

Fromall thiswork, weobserveaperformancebottleneck problemin thepolarityclassi�ca-

tion task:variousfeatureshave beendeveloped;however, addingmorefeaturesdoesnot gain

muchin classi�cationaccuracy, andit mayevenhurt theperformance.In our task,although

thecontext andgeneralizationfeaturessigni�cantly improve theperformancecomparedto un-

igrams,weobserveasimilarperformancebottleneck problem.

Analysis of the problem Thebottleneckproblemshows thatadditionalfeatureshave much

overlapwith unigramfeatures,andthey mayaddnoiseto theclassi�cation.

We further analyzedthe data,andfound that mostwordsin a sentencedo not contribute

to the classi�cationtask. Instead,they canbe noisethat cannotbe removed by addingmore

features.Thiscouldbeacrucialreasonof thebottleneckdiscussedabove.

To verify thishypothesis,weconductedsomeexperimentson theMedlinedatasetof 2298

sentencesusedin Section5.3.2. From eachsentencein the dataset, we manuallyextract

somewords that fully determinethe polarity of the sentence.We refer to thesewords by

extractionsin the following description. For thosesentencesthat do not containoutcomes,

nothingis extracted.The following examplesaresomesentenceswith differentpolarity and

theextractionsfromthem.Theseextractionsformanotherdataset,whichwecall theextraction

set.
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Sentence:

Treatmentwith reperfusiontherapiesandachievementof TIMI 3 �o w areassociatedwith increased

short-andmedium-termsurvival afterinfarction.

Extraction:

increasedshort-andmedium-termsurvival

Sentence:

In all threestudies,a signi�cant decreasein linear growth occurredin children treatedwith be-

clomethasonecomparedto thosereceiving placeboor non-steroidalasthmatherapy.

Extraction:

decreasein lineargrowth occurred

Sentence:

Thedoxazosinarm,comparedwith thechlorthalidonearm,hadahigherrisk of stroke.

Extraction:

ahigherrisk of stroke

Sentence:

Prednisolonetreatmenthadnoeffectonany of theoutcomemeasures.

Extraction:

noeffect

Sentence:

Therewasnosigni�cant mortalitydifferenceduringdays0-35,eitheramongall randomisedpatients

or amongthe pre-speci�edsubsetpresentingwithin 0-6 h of pain onsetandwith ST elevation on

theelectrocardiogramin whom�brinolytic treatmentmayhavemostto offer.

Extraction:

nosigni�cant mortalitydifference

We performedthefour-way classi�cationtaskon this extractionset.We constructedUNI-

GRAMS featurebasedon theextractionsetandusedthemin theclassi�cation. Using80%of

the dataasthe trainingdataandthe restasthe testdata,we achieved an accuracy of 93.3%,

which is much higher than the accuracy of the four-way classi�cation task on the original

sentenceset(75.5%).

Thefact thatwe do not extractany wordsfrom no-outcomesentencesmaymake the task
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easier. Therefore,we removed from the extraction set all sentencesthat do not containan

outcome,andreranthe experiment. This taskhasthreetarget classes:positive, negative or

neutral.We obtainedanaccuracy of 82.2%.However, performingthethree-way classi�cation

on theoriginal sentencesetonly achieves70.7%accuracy.

Theresultsclearlyshow thatirrelevantwordsactuallyintroducealot of noisein thepolarity

detectiontask.Therefore,anew directionof researchonthetaskis to conductfeatureselection

to removewordsthatdonotcontributeto theclassi�cation.

A possiblesolution We took a closerlook at the extractionsetandfound that the extrac-

tions usually form a sequenceor several sequencesin a sentence.BecauseHiddenMarkov

Model andConditionalRandomFieldsareeffective modelsfor sequencedetection,they will

beexploredin thefuturework of this research.

5.5 Summary

In this chapter, we discussedan approachof identifying an inherentpropertyof clinical out-

comes– theirpolarity. Polarityinformationis importantto answerquestionsrelatedto clinical

outcomes.We exploreda supervisedapproachto detectthepresenceof clinical outcomesand

theirpolarity. Weanalyzedthisproblemfrom variousaspects:

� We developedfeaturesto representcontext informationandexploreddomainknowl-

edgeto get generalizedfeatures.The resultsshow that addingthesefeaturessigni�-

cantlyimprovestheclassi�cationaccuracy.

� Weshowedthatthefeaturesethasconsistentperformanceontwodifferenttext sources,

CEandMedlineabstracts.

� We evaluatedtheperformanceof the featureseton differentsubtasksof theoutcome

detectionto understandhow dif�cult eachsubtaskis.

� We comparedoutcomepolarity detectionto sentimentclassi�cationaccordingto dif-

ferentperformanceof context featuresonthetwo tasks.Wefoundthatbigramfeatures
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havealmostnoeffecton thesentimentclassi�cationtask,while they improve theclas-

si�cation accuracy of identifyingpresenceandpolarityof clinical outcomes.

� Weidenti�ed aperformancebottleneck problemin thepolarityclassi�cationtaskusing

a supervisedapproach.In both thesentimentclassi�cationandtheoutcomepolarity

detection,we observedthataddingmorefeatureson top of theunigramfeaturesdoes

not leadto major improvementin accuracy. We founda crucial reasonfor this – the

noisein thefeaturesetis not removedby addingmorefeatures.

� We proposedto useHiddenMarkov Model or ConditionalRandomFieldsto conduct

featureselectionandthusto removenoisefrom thefeatureset.



Chapter 6

SentenceExtraction usingOutcome

Polarity

As we have addressedin Section1.5,a crucialcharacteristicof NFQA is to identify multiple

piecesof relevantinformationto constructanswers.In thetwo previouschapters,wediscussed

propertiesof semanticclassesthat areimportantfor detectingthe relevanceof a pieceof in-

formation. In this chapter, we investigatetheproblemof relevancedetectionusingoneof the

properties:informationon thepolarity of clinical outcomes,which is discussedin Chapter5

[Niu etal., 2006].

6.1 Relatedwork

The work mostsimilar to oursis the multi-perspective questionanswering(MPQA) task, in

which Stoyanov et al. [2005] arguethat presenceof opinionsshouldbe identi�ed to �nd the

correctanswerfor a given question. Somepreliminaryresultsarepresentedto supportthis

claim. Stoyanov et al. [2005] manuallycreateda corpusof opinion and fact questionsand

answers,OpQA, which consistsof 98 documentsthatappearedin theworld press.Thedoc-

umentscover four generaltopics: PresidentBush's alternative to theKyoto protocol; theUS

annualhumanrightsreport;the2002coupd'etat in Venezuela;andthe2002electionsin Zim-

babweandMugabe's reelection.Eachtopic is coveredby between19 and33 documents.For

eachtopic, thereare3 to 4 opinionquestions,andthereare15 questionsin total for all topics.

92
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In their answerrank experiments, eachsentencein the whole documentsetis taken asa po-

tentialanswerto a question.Sentencesare�rst rankedby an informationretrieval algorithm

basedon tf � idf of wordsin thesentences(step1).Thenall factsentences(sentencesthatdo

not expressopinions)areremoved by somesubjectivity �lters that distinguishbetweenfacts

andopinions(step2). In the evaluation,the rank of the �rst answerto eachquestionin the

ranked list after step1is comparedto the rank of the �rst answerin the list after step2. The

meanreciprocalrank(MRR) is usedastheevaluationmetric.Their resultsshow thattheMRR

valueafterstep2is higherthanthevalueafterstep1.

Theresultsindicatethevalueof usingsubjectivity �lters in MPQA.Theexperimentalsoin-

spiresmorethoughtsonsimilarproblems.For example,thisexperimenttakesasinglesentence

asapotentialanswer, whichdoesnotmeetverywell theneedsof drawing onmultiplepiecesof

informationin constructinganswersto opinion-relatedquestions.Moreover, thestrategy of �l-

teringoutirrelevantinformationby removing any sentencethatdoesnotexpressopinionscould

be too simplefor the complex QA task. In our work, we addresstheseproblemsby exploit-

ing multi-documentsummarizationtechniquesto �nd sentencesthatarerelevant/importantfor

answeringquestionsaboutclinical outcomes,suchas“What aretheeffectsof interventionA

on diseaseB?”. More speci�cally, theproblemis: aftera setof relevantdocumentshasbeen

retrieved,how canwe locateconstituentsof theanswerin thesedocuments?1

We believe summarizationtechniquesaresuitablefor our taskfor two mainreasons.First,

simply �ltering out any information that doesnot containan outcomeis not appropriatein

answerconstruction.As we discussedin Section1.1, differentoutcomesmay be presentin

differentpatientgroupsor clinical trials. Therefore,besidesinformationon clinical outcomes,

explanationon conditionsof thepatientgroupsor theclinical trials canbevery importantas

well. Moreover, noteverypieceof clinical outcomeis important;unimportantoutcomesshould

be discarded. Second,the goal of the summarizationtask is to �nd important information

with the smallestredundancy, which agreeswith that of answerconstructionin non-factoid

QA. The connectionbetweenQA andsummarizationis attractingmoreattentionin the text

summarizationcommunity. In 2003,thedocumentunderstandingconferences(DUC) started

1This part of the work wascarriedout in collaborationwith XiaodanZhu. XiaodanZhu participatedin the
annotationandcalculatedthescoreof MMR.
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a new taskof building shortsummariesin responseto a question.This taskwascarriedon in

DUC 2004.In DUC 2005,theintentionof modeling“real world complex questionanswering”

is moreclearin thesystemtask. It is to “synthesizefrom asetof 25-50documentsabrief,well-

organized,�uent answerto meeta needfor informationthat cannotbe met by just statinga

name,date,quantity, etc” [DUC, 2005].However, accordingto ourknowledge,summarization

techniqueshavenotbeenexploredby currentQA systems.In our task,theinformationneeded

is the clinical outcomesof an interventionon a disease,and we expect that summarization

techniqueswill help.

On theotherhand,we alsonoticethatmulti-documentsummarizationcannotreplaceQA.

Oneimportantdifferencebetweenthem,aspointedoutin [Lin andDemner-Fushman,2005],is

thatsummariesarecompressiblein length,i.e.,summariescancontainvariouslevelsof details,

while answersarenot. It is dif�cult to �x thelengthof answers.

Becauseof the differencebetweenmulti-documentsummarizationand QA, we are not

taking the former as the full solutioneven in the answergenerationof a QA task. Instead,

we expectthatsomemulti-documentsummarizationtechniquescanbeadaptedto theanswer

generationmodulein somenon-factoidQA tasks.In this chapter, we exploresummarization

techniquesto identify importantpiecesof informationfor answerconstruction.

6.2 Clinical Evidenceasa benchmark

Evaluationof a multi-documentsummarizationsystemis dif�cult, especiallyin the medical

domainwherethereis no standardannotatedcorporaavailable. However, we observe that

Clinical Evidence(CE) providesa benchmarkto evaluateour work against. As mentionedin

Section1.5.1,CEis apublicationthatreviewsandconsolidatesexperimentalresultsfor clinical

problems;it is updatedevery six months. Eachsectionin CE covers a particularclinical

problem,and is divided into several subsectionsthat summarizethe evidenceconcerninga

particularmedication(or a classof medications)for theproblem,includingresultsof clinical

trials on the bene�ts andharmsof the medications.The informationsourcesthat CE draws

on includemedicaljournalabstracts,review articles,andtextbooks. Humanexpertsreadthe

collectedinformationandsummarizeit to getconciseevidenceoneveryspeci�c topic. This is
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theprocessof multi-documentsummarization.Thus,eachsubsectionof CE canberegarded

asahuman-writtenmulti-documentsummaryof theliteraturethatit cites.

Moreover, we observed that,generallyspeaking,the summariesin CE arecloseto being

extracts(asopposedto rewritten abstracts).A citationfor eachpieceof evidenceis givenex-

plicitly, andit is usuallypossibleto identify theoriginalMedlineabstractsentenceuponwhich

eachsentenceof theCEsummaryis based.Therefore,wewereableto createabenchmarkfor

our systemby converting the summariesin CE into their correspondingextractedsummary.

Thatis, we matchedeachsentencein theCE summaryto thesentencein theMedlineabstract

on which it wasbased(if any) by �nding the sentencethat containedmostof the samekey

conceptsmentionedin theCEsentence(this is similar to Goldsteinetal. [1999]).

Using CE in our work hasan additionaladvantage.As new resultsof clinical trials are

publishedfairly quickly, we needto provide thelatestinformationto clinicians.We hopethat

thiswork will contributeto semi-automaticconstructionof summariesfor CE.

6.3 Identifying important sentences

6.3.1 Method

We performsummarizationat the sentencelevel, i.e., we extract importantsentencesfrom a

setof documentsto form a summary. For this, we explorea supervisedapproach.Again, we

treattheproblemasa classi�cationtask,determiningwhethera sentenceis importantor not.

ThesameSVM packageasin Section5.3.2(parametersweresetin thesamemanner)is taken

asourmachinelearningsystem.

In theclassi�cation,eachsentenceis assignedanimportancevalueby theclassi�er (SVM)2

accordingto aprede�nedsetof features.Sentenceswith highervaluesaremoreimportantand

will beextractedto form asummaryof theoriginaldocuments.Differentlengthsof summaries

(at differentcompressionratios)areobtainedby selectingdifferentnumbersof sentencesac-

cordingto their rank in the outputof SVMs. In the summaries,the sequenceof sentencesis

2SVM outputfor eachdatapoint in thetestsetis a signeddistance(positive= important) from theseparating
hyperplane.A highervaluemeansthatasentenceis moreimportant.
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keptthesameasin theiroriginaldocuments.

6.3.2 Featuresto identify important sentences

We usethepresenceandpolarity of anoutcome,bothmanuallyannotatedanddeterminedby

the methoddescribedin the previous chapter, asfeaturesto identify importantsentences.In

addition,we considera numberof otherfeaturesthathave beenshown to beeffective in text

summarizationtasks:

Position of a sentencein an abstract Sentencesnearthestartor endof atext aremorelikely

to beimportant.Weexperimentedwith threedifferentwaysof representingsentenceposition:

1. Absoluteposition:sentencei receivesthevaluei � 1.

2. Thevaluefor sentencei is i=length-of-the-document(in sentence).

3. A sentencereceivesa valueof 1 if it is at thebeginning(�rst 10%)of a document,a

valueof 3 if it is at theend(last10%)of adocument,avalueof 2 if it is in between.

Sentencelength A scorere�ecting the numberof words in a sentence,normalizedby the

lengthof thelongestsentencein thedocument[Lin, 1999].

Numerical value A sentencecontainingnumericalvaluesmaybemorespeci�c andtherefore

morelikely to beimportant.We tried threeoptionsfor this feature:

1. Whetheror not thesentencecontainsanumericalvalue(binary).

2. Thenumberof numericalvaluesin thesentence.

3. Whetheror not thesentencecontainsthesymbol`%' (binary).

Maximum Mar ginal Relevancy (MMR) MMR is a measureof “relevant novelty”, andit

is formulatedusingterminologiesin informationretrieval. Its aim is to �nd a goodbalance

betweenrelevancy andredundancy. Thehypothesisis thatinformationis importantif it is both

relevant to the topic of interestand leastsimilar to previously selectedinformation, i.e., its
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marginal relevanceis high. MMR is de�ned asa linear combinationof a relevancemeasure

andanovelty measure[CarbonellandGoldstein,1998]:

M M R = argmax
D i 2 RnS

[� (Sim 1(D i ; Q) � (1 � � ) max
D j 2 S

Sim 2(D i ; D j ))]

whereR is therankedlist of theretrieveddocuments;Q is a query;S containsa setof docu-

mentsthathavebeenselectedfromR, therefore,S isasubsetof R; RnS is thesetof documents

in R thathave not beenselected;D is a document;Sim 1(D i ; Q) is thesimilarity betweenthe

documentD i andqueryQ; Sim 2(D i ; D j ) is thesimilarity betweentwo documents;Sim 1 can

bethesameasSim 2. Parameter� controlsthe impactof novelty andredundancy in summa-

rization.

We adaptthe original de�nition of MMR to our problem. In our task,R andQ are the

same—thelist of sentencesin all relevant documentsfrom which a summarywill be con-

structed.Becausewe do not have a speci�c queryset,we setQ to be the sameasR, which

is oftenthecasein multi-documentsummarizationsystems.S is thesubsetof sentencesin R

alreadyselected;R n S is thesetdifference,i.e., thesetof sentencesin R thatarenot selected

sofar;Sim 1 is asimilarity metric;andSim 2 is thesameasSim 1. Accordingto thede�nition

of MMR, when� = 1, no redundancy is consideredin rankingthesentences,i.e.,no sentence

will beexcludedfrom thesummarybecauseit containsredundantinformation. When� = 0,

diversitydominatestheconstructedsummary.

In our experiments,to calculateSim(D i ; Q), the sentenceD i and the setof documents

Q are representedby vectorsof tf � idf values((1 + tf ) � idf ) of the termsthey contain.

The similarity is measuredby the cosinedistancebetweentwo vectors. Similarly, we can

calculateSim(D i ; D j ). Thescoreof marginal relevanceof a sentenceis usedasa featurein

theexperiment(referredto asfeatureMMR).

6.4 Data Set

The dataset in this experimentis the sameas in 5.3.2; 197 Medline abstractscited in 24

subsections(summaries)in CE areused.Theaveragecompressionratio of the24 summaries

in CEis 0.25.Outof thetotal2298abstractsentences,784containaclinical outcome(34.1%).
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The total numberof sentencesin the24 summariesis 546,of which 295sentencescontaina

clinical outcome(54.0%). The percentageof sentencescontaininga clinical outcomein the

summariesis larger than in the original Medline abstracts,which matchesour intuition that

sentencescontainingclinical outcomesareimportant.

6.5 Evaluation

In our experiment,we randomlyselectMedlineabstractsthatcorrespondto 21 summariesin

CE asthetrainingset,andusetherestof theabstracts(correspondingto 3 summariesin CE)

asthe testset. The resultsreportedarethe averageof 50 runs. As the purposeis to observe

thebehavior of differentfeaturesets,theexperimentalprocesscanbeviewedasa glassbox.

Thesystemwasevaluatedby two methods:sentence-level evaluationandROUGE,ann-gram-

basedevaluationapproach.Bothof thetwo methodsarecommonlyusedin thesummarization

community. Randomlyselectedsentencesaretakenasbaselinesummaries.

To evaluatethe performanceof features,the subsectionsin CE areviewed asideal sum-

mariesof theabstractsthatthey cite. Thecorrespondingextractionsummariesareusedin the

sentence-level evaluation,andtheoriginalCEsummariesareusedfor ROUGEevaluation.

6.5.1 Sentence-level evaluation

In theexperiment,we�rst observetheperformanceof usingeverysinglefeaturein theclassi�-

cation.Then,wecombinedifferentfeaturesandinvestigatethecontributionof theinformation

onclinical outcomesandtheirpolarity in this task.

Comparisonof individual features

Theprecisionandrecallcurvesof summariesderivedby usingeverysinglefeatureatdifferent

compressionratiosareplottedin Figure6.1.

In the �gure, thesolid horizontalline shows thepurelychanceperformance,which is the

baseline.The baselinehasa precisionof 0.25becausethe averagecompressionratio of CE

summariesis 0.25, and the recall at different compressionratios is calculatedaccordingly.
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Figure6.1: Comparisonof features

The other four coloredsolid lines representthe performanceof manuallyor automatically

identi�ed clinical outcomeandpolarity. Althoughcompressionratio is notshown explicitly in

the�gure, lower compressionratioscorrespondto lower recall,andcompressionratio of 0.25

approximatelycorrespondsto recallof 0.38on thecurveof MMR in the�gure. Therefore,the

left-handpart of the �gure (recall lessthan0.5) is moremeaningful.Thus,our analysiswill

focuson thispartof the�gure.

On the left-handpart of the �gure, all four featuresof the presenceandpolarity of clini-

caloutcomesaresuperiorto thebaselineperformance.It is clearthatknowledgeaboutclinical

outcomeshelpsin thistask.Wecanseethatmanuallyobtainedinformationonpresenceof out-

comeoutperformsMMR. Whencompressionratiois relatively low, manuallyobtainedpolarity

informationalsoperformsbetterthanMMR.

For MMR measurement,different valuesof � are tested. Higher valuesproducebetter

summaries,which indicatesthat relevanceis muchmoreimportantthannovelty in this task.

The�gure shows thebestresultsof MMR (� = 0.9). Not surprisingly, MMR is quiteeffective
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Table6.1: F-scoreof thesummarizationwith differentfeaturesetsin sentence-level evaluation

CompressionRatio 0.1 0.2 0.25 0.3 0.4

Random .15 .22 .25 .27 .30

MMR .27 .34 .37 .39 .42

(1) .26 .36 .40 .42 .44

(2) .27 .38 .41 .43 .46

(3) .29 .40 .44 .46 .48

(4) .27 .38 .40 .43 .46

(5) .31 .41 .44 .46 .48

(1): MMR+position+numericalvalue+length

(2): (1)+automaticallyidenti�ed polarityof clinical outcomes

(3): (1)+manuallyidenti�ed polarityof clinical outcomes

(4): (1)+automaticallyidenti�ed presenceof clinical outcomes

(5): (1)+manuallyidenti�ed presenceof clinical outcomes

in thetask.Otherfeaturessuchaslengthandnumericalvalue(option1) alsohavegoodeffects

on theperformance.

Combining the features

Whenfeaturesarecombined,someof their effectswill beadditive, andsomewill cancelout.

Table6.1showstheF-scoreof usingdifferentcombinationsof featuresatdifferentcompression

ratios. The resultsof MMR, position,andnumericalfeatureslisted in the tablearethe best

resultsobtained(MMR (� = 0:9), position (option 2), and numericalfeatures(option 1)).

Theseresultsare comparedto the resultsof addinginformation on presenceor polarity of

clinical outcomes.

As shown in thetable,on top of thecombinationof MMR, position,numericalvalue,and

sentencelengthfeatures,manuallyannotatedoutcomeinformation(eitherpresenceor polarity)

resultsin 3 to 5 pointsof improvementin theF-score.Thisclearlyindicatestheimportanceof

thepresence/polarityinformationfor thetask.Nevertheless,automaticallyidenti�ed informa-
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tion regardingpresence/polarityimprovestheperformanceonly slightly whencombinedwith

all otherfeatures.Thissuggeststheneedfor developingmoreaccuratetechniquesfor outcome

andpolaritydetection.

Theadditionalbene�t from furtherdeterminingthepolarityof theoutcomeratherthanjust

detectingthe presenceof an outcomeis rathersmall. Intuitively, we hadexpectedpolarity

to provide moreinformationon contradictingclinical outcomesandthusto help improve the

performance.Looking closelyat thedata,however, we found thatoneaspectaccountingfor

theobservedresultcouldbethatalthoughsomesentencesaredifferentin polarity, they donot

form acontradiction.Rather, they maydescribedifferentclinical outcomes.Sincesomeof the

outcomesarenot important,they arenot includedin thesummaries:

(35) H pylori eradicationis highly effective in promotingulcerhealingandpreventingsub-

sequentulcerrecurrence.

(36) However, while ulcersymptomsareinfrequentduring follow-up, a proportionof pa-

tientsappearto developgastrooesophagealre�ux aftereradication.

Example(35) expressesa positive outcomeandit is includedin thesummary. Example(36)

describesa negative outcome.Althoughthepolarity in thetwo sentencesis different,they do

not contradicteachother. It turnsout that thesecondoutcomeis not importantenoughto be

includedin thesummary.

In somecases,althoughthe two differentoutcomesarecontradictions,they may not be

includedin thesummarybecauseoneor botharenotstrongevidence,asshown in thefollowing

examples:

(37) Resultsof North Americanstudiesof highestmethodologicalquality con�rm that H

pylori eradicationmarkedlydecreasesulcerrecurrence.

(38) Nevertheless,20%of patientsin thesestudieshadulcer recurrencewithin 6 months,

despitesuccessfulcureof infectionandno reporteduseof NSAIDs.

Example(38)showsnegativeevidenceonulcerrecurrence, while example(37)showspositive

evidenceon it. However, (37) is strongevidencewhile (38) is not. Hence,only the �rst

is includedin the summary. As a result, further determiningwhethera clinical outcomeis
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Table6.2: Comparisonof featuresetsin singlesummaryat compressionratio0.25

(1) : MMR+position+numericalvalue+length

> (1) = (1) < (1)

(1)+Polarity(auto) 10 7 7

(1)+Polarity(manual) 15 6 3

(1)+Outcome(auto) 11 6 7

(1)+Outcome(manual) 15 2 7

positive, negative, or neutraldoesnot have provide moreevidenceto supportthe importance

of asentence.

We alsoobserved the performanceof differentcombinationsof featureson every single

summaryatcompressionratio0.25,andshow theresultsof featuresetswith andwithoutpres-

enceor polarity informationin Table6.2.Thenumbersin thetablearenumbersof summaries.

For example,the numberin the secondrow, the �rst columnis 10, which meansthat in 10

summariestheperformance(F-score)of usingfeatureset(1)+Polarity(auto)is betterthanus-

ing featureset(1). Thecompleteresultis plottedin AppendixJ.

6.5.2 ROUGE

As analternative evaluation,we usethe ISI ROUGEpackage[Lin, 2004],which comparesa

summarygeneratedby a text summarizationsystemwith a benchmarksummaryby consider-

ing overlappingunitssuchasn-grams,word sequences,andword pairs(word sequencesand

word pairsallow gapsbetweenwords). Our evaluationwascarriedout with variousROUGE

parameters.Unlike the sentence-level evaluation,the resultsshowed little differencein the

performanceof differentcombinationsof features.Table6.3 shows the ROUGE-L scoreof

threefeaturesets. ROUGE-L is a measureof the longestcommonsubsequencein the two

texts to becompared,wherethelongestcommonsubsequenceof two sequencesX andY is a

commonsubsequencewith maximumlength. For example,let X = [there are four cats],

Y1 = [I have four cats] andY2 = [four cute cats are playing with a ball], thenROUGE-
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Table6.3: ROUGE-Lscoreof differentfeaturesets

CompressionRatio 0.1 0.2 0.3 0.4

P R F P R F P R F P R F

MMR .46 .18 .25 .40 .31 .33 .35 .40 .36 .30 .45 .35

(1) .46 .18 .25 .41 .31 .34 .35 .40 .36 .30 .45 .35

(2) .46 .18 .25 .41 .31 .34 .35 .39 .36 .30 .46 .35

(1): MMR+position+numericalvalue+length

(2): automaticallyidenti�ed presenceof clinical outcomes

L(X ; Y1) = ROUGE-L(X ; Y2).

As the tableshows, addingposition,numericalvalue,andlengthfeaturesto MMR does

not improve the F-scorecomparedto usingMMR alone. Furthermore,addingautomatically

identi�ed presenceof outcomesdoesnot make any differencein F-score.Onereasonfor the

resultthatdifferentcombinationsof featuresperformalmostthesamein ROUGEevaluation

couldbethatit is dif�cult for anoverlap-basedmetricto capturethedifferenceif thecontentof

two setsis similar. For example,only a smalldifferencemight bemeasuredby ROUGEwhen

comparingthe inclusionof botha positive anda negative clinical outcomeof an intervention

in treatmentof adiseasein thesummarywith theinclusionof only oneof them.

6.6 Summary

In this chapter, we proposedanapproachof identifying relevantpiecesof informationin an-

swerconstructionfor a speci�c task, i.e., answeringquestionsaboutclinical outcomes.We

exploredmulti-documentsummarizationtechniquesto rank sentencesaccordingto their im-

portancein thecontext of constructinganswersin QA. Our hypothesisis that informationon

presenceor polarity of clinical outcomesin a sentencewould help identify answercompo-

nents.Suchinformationis usedasfeatures,togetherwith someotherfeaturesthathave been

shown effective in previous summarizationtasks. We investigatedevery single featureand

show that in general,the performanceof the summarizationsystemusingoutcomeinforma-
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tion is superiorto thebaseline,especiallywhenthecompressionratio is relatively low (around

the averagecompressionratio of the CE summaries).This resultdemonstratesthe effective-

nessof suchinformation.Wealsofoundthatwhenfeaturesarecombined,manuallyannotated

presence/polarityinformationimprovestheperformanceachievedby usingall otherfeatures.

This further revealsthe valueof suchinformationin the task. However, usingautomatically

detectedpresence/polarityinformationresultsin only a slight improvement. Thus,our next

stepwill be to build a moreaccurateoutcomeinformationdetectionsystem.Another�nding

is that thereis almostno differencebetweenpresenceandpolarity of clinical outcomesin the

task. Nevertheless,polarity informationis mandatoryfor answeringsomequestions,suchas

questionsaboutsideeffectsof interventions.

In this experimentalsetting, the questionsare aboutgeneralclinical outcomessuchas

“What is theeffect of interventionA on diseaseB?”. For morespeci�c questionsasin Chap-

ter 4, �ner -grainedanalysisneedsto be performedto �nd the answer, e.g.,identifying cores

of semanticclasses.For any case,text summarizationtechniquesthataddresstheproblemof

�nding relevantinformationandavoiding redundancy, e.g.,MMR andvariousfeatures,canbe

usedto identify answercomponentsin NFQA.



Chapter 7

Conclusion

In theresearchthat this dissertationpresents,we have analyzedcharacteristicsof NFQA. We

foundthatanswersto non-factoidquestionsareusuallymorecomplex thannamedentities,and

multiple piecesof informationareoftenneededto constructa completeanswer. We proposed

a novel approachto addressthesecharacteristics.Importantsubtasksin differentcomponents

of thenew approachwereidenti�ed, andautomaticmethodsweredevelopedto solve theprob-

lems.

7.1 Summary of contributions

The contributionsof this researchhave beenpresentedin Section1.6. We summarizethem

here,addingemphasisonevaluationresults.

The QA approachbasedon semanticclassanalysis We useframesto representsemantic

classesin scenariosandproposedanapproachtakingsemanticclassanalysisastheorganizing

principleto answernon-factoidquestions.Thisapproachcontainsfour majorcomponents:

� Detectingsemanticclassesin questionsandanswersources

� Identifyingpropertiesof semanticclasses

� Question-answermatching:exploring propertiesof semanticclassesto �nd relevant

piecesof information

105
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� Constructinganswersby merging or synthesizingrelevantinformationusingrelations

betweensemanticclasses

We investigatedNFQA in the context of clinical questionanswering,and focusedon three

semanticclassesthatcorrespondto rolesin thecommonlyacceptedPICOformatof describing

clinical scenarios.The threeclassesare: the problemof the patient,the interventionusedto

treattheproblem,andtheclinical outcome.

Extracting semanticclassesand analyzing their relations Weusedrule-basedapproaches

to identify clinical outcomesandrelationsbetweeninstancesof interventionsin sentences.In

thecombinationapproachof outcomeidenti�cation, a setof cuewordsthatsignaltheoccur-

renceof anoutcomewerecollectedandclassi�ed accordingto their PoStags. For eachPoS

category, the syntacticcomponentsit suggestsweresummarizedto derive rulesof identify-

ing boundariesof outcomes.This approachcanpotentiallybe appliedto identify or extract

othersemanticclasses.We identi�ed six commonrelationshipsbetweendifferent instances

of interventionsin a sentenceanddevelopeda cue-word-basedapproachto identify the rela-

tionsautomatically. Theseapproacheswereevaluatedon a smalldatasetannotatedby human

judges.

Identifying coresof semanticclasses Weshowedhow coresof interventions,problems,and

outcomesin a sentencecanbe identi�ed automaticallyby developingan approachexploring

semi-supervisedlearningtechniques.The evaluationshows that eachtype of featureusedin

theapproachmadecontributionsto theclassi�cation,andthey arecomplementaryin thetask.

Thestructureof thedatais followedby thesemi-supervisedmodel.Therefore,unlabeleddata

is effectively exploitedin theclassi�cation.

Detectingpolarity of clinical outcomes Wedevelopedamethodusingasupervisedlearning

model to automaticallydetectpolarity of clinical outcomes. The resultsshow that context

featuresandcategoryfeaturessigni�cantly improvedclassi�cationaccuracy comparedto using

unigramsalone.This methodhasstableperformanceon differentsourcesof medicaltext. We

also identi�ed a causeof the bottleneckof performanceof supervisedapproachin polarity
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detection,andshowedevidenceby theresultsof manualexperiments.

Extracting componentsfor answers Webuilt explicit connectionbetweentext summariza-

tion andanswerconstructionin NFQA, i.e., bothof themneedto identify importantinforma-

tion andavoid redundancy. Weconstructedasummarizationsystemthatexploredasupervised

classi�cationmodelto extract importantsentencesfor answerconstruction.We investigated

the role of presenceandpolarity of clinical outcomesin this task. Theevaluationshows that

presence/polarityof clinical outcomeshelpsthe summarization.However, accuracy of auto-

maticapproachesis not high enoughto make a substantialimprovementin theperformance.

An additionaladvantageof the polarity information is that it is mandatorywhenanswering

questionsaboutbene�tsor harmsof interventions.

Generalizationof the approachof semanticclassanalysis Our approachanalyzesseman-

tic classesinvolved in scenariosto �nd answersto non-factualquestions.The importanceof

semanticclasseshasbeenshown both in theoryof linguisticsandby the successof IE sys-

tems. The propertiesof semanticclassesthat we identi�ed for the medicaldomainapply to

otherdomainsaswell. A core is the essenceof an instanceof a semanticclass;hence,in-

stancesof any semanticclasshave cores.Polarityis a propertyfor any semanticclassthatcan

beevaluatedasgood, bad, or neutral, althoughmostof work on polarity analysisfocuseson

opinions. In eachsubproblemof analysisof semanticclassesdiscussedin the thesis,we use

generalrule-basedor machinelearningapproaches,althoughsomedomain-speci�cfeatures

areincorporatedin sometasks.Therefore,we expectthatour approachcanbeusedto answer

non-factualquestionsin otherdomainsaswell.

7.2 Futur ework

7.2.1 Extensions

Short-termfuturework includesovercomingsomelimitationsor extendingthecurrentwork.

� Re�ne rulesof usingadjectives to identify clinical outcomes.In both detectingthe

occurrenceof outcomesanddeterminingthe boundaries,the usageof adjective cue
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wordsis harderto describeascomparedto nounsandverbs.Finer-grainedruleswill

beableto handlethesecasesbetter.

� Extendrules of analyzingrelationsbetweeninstancesof interventionsto deal with

ambiguity. Althoughambiguouscuewordsfoundin therelationanalysisindicateone

relationmoreoften thanthe other, it will be helpful to have morespeci�c rulesthat

disambiguatetheoccurrenceof suchacue.

� Investigateapproachesto automaticallycollectwordsthatexpressmore or less, good

orbadtogeneratethechangephrasefeaturesin detectingpolarityof clinicaloutcomes.

� Exploremoresophisticatedtechniquesto handlenegationsin polaritydetection.Nega-

tion is averycomplex linguisticsphenomenon.In-depthanalysisof negations,for ex-

ample,categorizingexpressionsof negationsandinvestigating thesyntacticrelations

of theexpressions,canbeperformedto reduceerrors.

� Performfeatureselectionto remove redundantfeaturesin thepolaritydetectiontask.

� Improve boundarydetectionof the coreidenti�cation task. In our currentwork, de-

tectingboundariesof coresusestheUMLS knowledgebase.Sincesucha knowledge

basedoesnot exist for somedomains,machinelearningapproachescanbeexplored

to improve boundarydetectionby investigatingsyntacticconstituentsof cores.

� Usecoresof semanticclassesto identify answercomponents.Variousstrategiescan

be taken in calculatingthe similarity of a questionanda pieceof informationin the

answersource.For example,only coresmay be taken into account,or the complete

descriptionmaybeconsideredwhile giving moreweightsto cores.

� Exploreunsupervisedsummarizationtechniquesto extract answercomponents.Un-

supervisedmethodsareimportantwhenannotateddatais notavailable.

7.2.2 Dir ectionsfor futur ework

Onthebasisof our researchin non-factoidQA, weenvisionseveralmajordirectionsfor future

work.
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Impr oving polarity classi�cation Polarity is a propertyof many things, suchas clinical

outcomesandopinions.Automaticpolarityclassi�cation,asshown in this thesisandin there-

searchonsentimentanalysis,is acrucialissuein many applicationsincludingQA. To improve

polarityclassi�cation,we foundthreeresearchproblemsof greatinterest:

� Thegranularityof polarity analysis.As describedin Section5.1, currentpolarity re-

searchis at threelevels: words,sentences,anddocuments.Determiningpolarity of

wordswill contributeto higher-level analysis.Theadvantageof performingsentence-

level analysisis thata sentenceoftenexpressesa polarity that is rathercompleteand

independent.Nevertheless,the dif�culty at this level is that a sentencemay contain

morethanonepolarity unit andthey mayhave differentpolarity. In addition,thepo-

larity of a sentencemayberelatedto its adjacentsentences.For example,a sentence

maycontinuethesamepositive/negative polarity asits previoussentencealthoughits

own expressionis neutral. Document-level analysiscanbe too coarse-grained.Take

themainresearchat thedocument-level, movie reviews,asanexample.A review usu-

ally containsdiscussionson bothpositive andnegative aspectsof a movie. Although

thepolarityof thewholedocumentmayshow thegeneralview of areviewer, it will be

muchmoreinformative to identify what in themovie is successfulandwhat is not in

thereviewer'sopinion.Thiswill rely onsentence-level analysis.Therefore,webelieve

it is importantto investigatethedif�culty of sentence-level analysismentionedabove,

anddevelopnew approachesto addressit.

� Featureselectionin polarity classi�cation. As discussedin Section5.4, polarity of a

clinical outcomeis oftendeterminedby a sequenceof wordsin a sentence.It will be

interestingto seeif the sameobservation canbe obtainedfrom otherpolarity detec-

tion tasks,suchassentence-level sentimentclassi�cation.Currentwork in theopinion

domainoften usesthe semanticorientationof a setof wordsto detectpolarity. This

may indicatethe existenceof a setof words that fully determinethe polarity. This

observationmayalsohold at thedocumentlevel. Becausethegoalof document-level

sentimentclassi�cationis to get thegeneralview of the reviewer, it maynot benec-

essaryto considerall wordsor polarityexpressionsin thedocument,asit is in current
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work. Instead,thepolarity of thedocumentmaybesetby oneor a small amountof

sentences.

� Theroleof in-depthsemanticanalysisin polarityclassi�cation.As pointedoutin Pang

et al. [2002], the taskof sentimentclassi�cation is moredif�cult thanthe traditional

topic categorizationtask. Someexamplesin the papershow that in sentimentclas-

si�cation, even if a sentenceor a documentcontainsa lot of positive expressions,it

may turn out to be negative. This suggeststhat semanticsof languagesplay a more

importantrole in thepolarity classi�cationtaskcomparedto the topic categorization

task. However, dominantfeaturesin currentapproachesfor polarity classi�cationare

similarasin topiccategorization,i.e.,usingbag-of-words.Therefore,animportantre-

searchdirectionis to effectively incorporateappropriatefeaturescapturingsemantics

in text, suchasnegations.

Using topic detectionto �nd answercomponents In Chapter6, wedescribedtheapproach

of usingmulti-documentsummarizationtechniquesto identify relevantpiecesof information

in a setof relevantdocumentsto constructtheanswer. It will be interestingto further inves-

tigatethis approachin the casethat a relevant documentdiscussesmorediversetopics. For

suchdocuments,it maybeusefulto �rst identify which part in a documentis aboutthetopic

addressedby the question,andthento apply summarizationtechniquesto extract important

informationfrom thatparticularpart.Thiswill requiredetectingtopicsin adocument.

Theproblemof topic detectionhasbeeninvestigatedfor text summarization[Nomotoand

Matsumoto,2001,2003;Hardy et al., 2002]. The ideais to detectmajor topicsdiscussedin

a document,andthenextract importantinformationfrom eachtopic to composea summary.

Thisapproachaddressestheimportanceandredundancy by selectingsalientinformationfrom

diversetopics.Anotherrelatedresearchareais topicsegmentation[Caillet etal.,2004],which

recentlyis exploredmostly in speech,dialogue,andnews [Purver et al., 2006;Malioutov and

Barzilay,2006;Rosenberg andHirschberg, 2006].

We will usetopic areas(a topic areais a segmentof text discussingonetopic) to �nd the

answerto agivenquestion.Therefore,aftertopicareasin adocumentareidenti�ed, weneeda

similarity measureto selectthetopic thatis mostsimilar to thequestion.Then,wewill extract
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importantinformationfrom this topicarea.In QA, weusuallyhaveasetof documentsthatare

relevant to the question.Hence,this processwill be conductedfor every document,andthe

answerwill beconstructedon thebasisof theinformationextractedfrom eachdocument.

Exploring textual context of frames In our frame-basedsemanticclassanalysisapproach,

ananswerframein a documentwill bematchedto thequestionframeby comparingthecor-

respondingsemanticclassesin the two frames. Then, informationin the answerframewill

beextractedfrom thedocumentto constructtheanswer. However, it maynot beappropriate

to only extract the answerframeas it is usuallynot isolatedfrom its textual context in the

document.Instead,this context often describesrelatedinformationsuchasthe background,

thepreconditions,andtheexplanationof theanswerframe. Missing this informationcanre-

sult in misleadinganswers.Therefore,anotherresearchdirectionof locatingrelevantpiecesof

informationasanswercomponentsis to explorediscourseanalysis.

Oneof themostpopulardiscoursetheoriesis theRhetoricalStructureTheoryproposedby

Mann andThompson[1986]. The centralnotion in the theory is that of rhetorical relation,

which is a relation that holds betweentwo non-overlappingtext spans. Someexamplesof

rhetoricalrelationsare:justi�cation, equivalence, contrast, cause, condition, andchange-topic.

The text spanscanbe text sequenceswithin a sentence[Marcu andEchihabi,2002],or they

canbesentences[Saitoetal., 2006].

We canperformdiscourseanalysisto understandhow sentencesin the context of an an-

swerframearerelatedto eachother, i.e., if the sentencesareconnectedby someimportant

rhetoricalrelations. The setof rhetoricalrelationsthat areimportantin this taskcanbe col-

lectedmanuallyor via somesupervisedlearningapproaches.To constructtheanswer, boththe

answerframeandits importantcontext determinedby therhetoricalrelationswill beextracted

from theoriginaldocument.

Cross-sentencescenarioanalysis Currently, ourwork is atthesentencelevel, i.e.,slot �llers

of a frameareextractedfrom a singlesentence.Consequently, if a sentenceonly containsthe

instancesof somesemanticclassesin a frame,theframeextractedfrom thesentencewill have

someemptyslots.Becauseemptyslotsmaycauseconfusionin thematchingprocess,weneed

to resolve themby locatingthecorrectinstancesin thedocument.
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We identi�ed two causesof emptyslots. In onecase,instancesof a semanticclassare

simply omittedin a sentencebecausethey aredescribedin theprevioussentence(s).In such

case,the meaningof this sentenceis easyto interpretby taking into accountthe previous

sentence(s).Hence,it is easyto �ll theemptyslotsby examiningthecorrespondingsemantic

classesin theprevioussentence(s).In theothercase,in asentence,someinstancesof semantic

classesarereferredto by variousexpressions,e.g.,pronouns.Oneway to addressthis caseis

to explorecoreferenceresolutionto locatethecorrectslot �llers.

Coreferenceresolutionis a major researchareain computationallinguistics. Coreference

canbe tackledby exploring syntacticconstraints,semantics,anddiscourseinformation. Re-

cently, statisticalapproachesusingvariousmodelshave beendevelopedto improve theaccu-

racy of coreferenceresolution[BergsmaandLin, 2006;Yanget al., 2006]. We needto exam-

inecurrentapproachesin detailfor possiblesolutionsto ourproblemof resolvingemptyslots.

This problem,however, maypresentnew featuresthatrequirenew approachesto coreference

resolution.



Appendix A

List of abbreviations
CE Clinical Evidence

DUC DocumentUnderstandingConferences

EBM Evidence-basedMedicine

EBOC Evidence-basedOnCall

EPoCare Evidenceat thePointof Care

FBQA Fact-basedQuestionAnswering

HITIQA High-QualityInteractiveQuestionAnswering

IE InformationExtraction

IR InformationRetrieval

LLE Locally LinearEmbedding

MMR MaximumMarginalRelevancy

MPQA Multi-PerspectiveQuestionAnswering

MRR MeanReciprocalRank

MUC MessageUnderstandingConference

NE NamedEntities

NFQA Non-factoidQuestionAnswering

QA QuestionAnswering

RBF RadialBasisFunction

SO SemanticOrientation

SVM Support-VectorMachine

UMLS Uni�ed MedicalLanguageSystem
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Appendix B

A subsetof syntactic tagsin Apple Pie

Parser

PoStags:

CC:Coordinatingconjunction;DT: Determiner;IN: Prepositionor subordinatingconjunction;

JJ:Adjective; JJR:Adjective, comparative; NN: Noun,singularor mass;NNP: Propernoun,

singular;NNS:Noun,plural;NNPS:Propernoun,plural;NNPX: NNP+ NNPS;RB: Adverb;

TO: to; VB: Verb,baseform; VBN: Verb,pastparticiple;VBZ: Verb,3rd personsingular

present

Phrasetags:

ADVP: Adverbphrase;NP:Nounphrase;NPL: NPwhichhasnoNPin its decendents,lowest

NP;PP:Prepositionalphrase;VP: Verbphrase;S:Sentence
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Appendix C

The effectof � in the RBF kernel in core

identi�cation

Thisappendixshowstheclassi�cationresultsusingdifferent� valuesin theRBFkernel(cosine

distanceis usedhere).FigureC.1shows thatwhen� is in a reasonablerange,theperformance

of theclassi�cationis notsensitive to its change.
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Appendix D

Algorithm for Boundary Detectionof

Clinical Outcomes
Input : S = f S1; � � � Sng: asetof parsedsentences.

Output : O = f O1; � � � Ong: clinical outcomesidenti�ed from S.

Notations:[lP ; rP ] — theboundaryof awordsequenceP.

N P(w) — theinnermostnounphrasecontainingthewordw.

AP (w) — theinnermostadjectivephrasecontainingw.

C(w) — theclausecontainingw.

com([l1; r1]; [l2; r2]) — combinationof intersectingintervals;

return[min (l1; l2); max(r 1; r2)].

max([l1; r1]; [l2; r2]) — maximumcover; returnthelargerinterval.

1: For eachsentenceSi in S:

2: Initialize theboundarysetB ; setthepositioncounterpcto thestartof Si .

3: While pcdoesnot reachtheendof Si :

4: getnext wordw.

5: computetheextractionboundaryfor thefollowing casesof w:

6: (i) w 2 [difference; superior; effective]:

7: (a) identify N P(w).

8: (b) identify thepropositionalphrasePP which immediately

followsN P(w).

9: (c) recordtheextractionboundary[lN P (w) ; rP P ] in B .
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10: (ii) w is acueverb:

11: (a) checknegationof w andlabelthenegativestatusonw.

12: (b1) if w is active, then

identify E which is thenounphraseimmediatelyfollowing w.

13: (b2) if w is passive, then

identify E which is thewordsequencebetweenthestartof C(w) andw.

14: (c) recordtheboundary[lE ; rE ] in B .

15: (iii) w is acuenoun:

16: (a) identify N P(w).

17: (b) identify thephraseP̂ whichcontainsw andis onelevel higher

thanN P(w).

18: (c) if P̂ is anounphrase,thenrecord[l P̂ ; r P̂ ] in B ;

else,record[lN P (w) ; rN P (w) ] in B .

19: (iv) w is anadjective:

20: (a) identify N P(w).

21: (b) identify AP (w).

22: (c) recordmax([lN P (w) ; rN P (w) ]; [lAP (w) ; rAP (w) ]) in B ,

23: EndOfWhileLoop.

24: Combineboundariesin B usingcombinefunctionuntil thereareno intersectingboundaries.

25: OutputoutcomeOi – wordsequencesextractedfrom Si asindicatedby theboundariesin B .

26: EndOfForLoop.



Appendix E

Sampleoutput of MetaMap

Sentence:

It foundthatthecombinedrateof myocardialinfarction,stroke,or deathwasslightly lower in

thelowerdosethanin thehigherdosegroupsat3 months.

Output of MetaMap:

Phrase:“It”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“found”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“that”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“the”

MetaCandidates(0): < none>

MetaMappings:< none>
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Phrase:“combined”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“rate”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“of myocardialinfarction”

MetaCandidates(6)

1000MyocardialInfarction[Diseaseor Syndrome]

861Infarction[Finding,PathologicFunction]

861Myocardial[FunctionalConcept]

805MI < 2> (Without) [Qualitative Concept]

789MIS (Mullerianductinhibiting substance)[Amino Acid, Peptide,or Protein,Hormone]

789Myocardium[Tissue]

MetaMapping(1000)

1000MyocardialInfarction[Diseaseor Syndrome]

Phrase:“stroke”

MetaCandidates(1)

1000Stroke (Cerebrovascularaccident)[Diseaseor Syndrome]

MetaMapping(1000)

1000Stroke (Cerebrovascularaccident)[Diseaseor Syndrome]

Phrase:“or”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“death”
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MetaCandidates(3)

1000Death< 1> (Cessationof life) [Finding,OrganismFunction]

916LIQUEFACTION [Laboratoryor TestResult]

900Expired[FunctionalConcept]

MetaMapping(1000)

1000Death< 1> (Cessationof life) [Finding,OrganismFunction]

Phrase:“was”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“slightly lower”

MetaCandidates(4)

861Lower [FunctionalConcept]

805LO [PharmacologicSubstance]

694SLIGHTLY [Ideaor Concept]

623Slight [Qualitative Concept]

MetaMapping(888)

694SLIGHTLY [Ideaor Concept]

861Lower [FunctionalConcept]

Phrase:“in thelowerdose”

MetaCandidates(3)

789dosage(Dosages)[QuantitativeConcept]

694Lower [FunctionalConcept]

638LO [PharmacologicSubstance]

MetaMapping(853)

694Lower [FunctionalConcept]

789dosage(Dosages)[QuantitativeConcept]
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Phrase:“than”

MetaCandidates(0): < none>

MetaMappings:< none>

Phrase:“in thehigherdosegroups”

MetaCandidates(5)

827Groups[IntellectualProduct]

701High dose[Quantitative Concept]

627High [Qualitative Concept]

627High < 1> (Euphoricmood)[MentalProcess]

589dosage(Dosages)[QuantitativeConcept]

MetaMapping(879)

701High dose[Quantitative Concept]

827Groups[IntellectualProduct]

Phrase:“at 3 months”

MetaCandidates(1)

861months(month)[TemporalConcept]

MetaMapping(861)

861months(month)[TemporalConcept]



Appendix F

Sampleoutput of Minipar

This appendixshows theoutputof theMinipar parseron a sentence.Theoutputof theparser

is usedto constructthesyntacticrelationsfeaturesin thecoreidenti�cation task.
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Sentence:

Thrombolysisreducestherisk of dependency, but increasesthechanceof death.

Candidatesof cores:

thrombolysis,dependency, death

Output of Minipar :

(

E0 (() �n C * )

1 (Thrombolysis N 2 s (gov reduce))

2 (reducesreduceV E0 i (gov �n))

E2 (() ThrombolysisN 2 subj(gov reduce)(antecedent1))

3 (the Det4 det(gov risk))

4 (risk N 2 obj (gov reduce))

5 (of Prep4 mod(gov risk))

6 (dependency N 5 pcomp-n(gov of))

7 (, U 2 punc(gov reduce))

8 (but U 2 punc(gov reduce))

9 (increasesincreaseV 2 conj (gov reduce))

E3 (() ThrombolysisN 9 subj(gov increase)(antecedent1))

10 (the Det11det(gov chance))

11 (chance N 9 obj (gov increase))

12 (of Prep11mod(gov chance))

13 (death N 12pcomp-n(gov of))

14 (. U * punc)

)

Relations:

(thrombolysissubj–ofincrease),(thrombolysissubj–ofreduce)

(dependency pcomp-n–ofof)

(deathpcomp-n–ofof)

FigureF.1: Exampleof dependency triplesextractedfrom outputof Minipar parser.



Appendix G

List of words for building CHANGE

PHRASES features

Thisappendixshowsthelist of good, bad, more, andlesswordscollectedfromCEin detecting

polarityof clinical outcomes.

Good:

cured vitality relaxing bene�t tolerability improvement

right effective stable best better pleasurable

relaxation favour bene�cial safety prevents successful

satisfaction signi�cant superior contributions reliability robust

tolerated improving survival favourable reliable recovered

judiciously consciousnessef�cacy prevented satis�ed prevent

advantage encouraging tolerance success signi�cance improved

improves improve improvements

Bad:

depression acute sore outpatient disabling diabetes

dif�culties dysfunction distorted poorer unable prolonged

irritation disruptive pathological mutations disease infection
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harms dif�culty weakened inactive stressors hypertension

adverse insomnia relapsing malignant suffer exacerbate

dryness fever overestimate constipation deposition colic

tension hazards diarrhoea weakness irritability insidious

distress weak cancer emergency risk block

unsatisfactory blinding nausea traumatic wound intention

loses intensive relapse recurrent extension die

cancers malaise crying toxic injury confounding

complaints misuse insigni�cant poisoning anoxic amputation

death nightmares deteriorate fatal injuries fatigue

invasive suicide chronic relapsed disturbances confusion

died �uctuating severities delusions compulsions con�ict

trauma cried impair severe tremor weaker

illness inpatients worry rebound worse reversible

dizziness attacks pointless disorders dyskinesia risks

fatty negative con�icting upset �shy hard

harm bleeding in�ammatory hampered underpowered obstruction

headache problem bleeds panic loss odds

retardation dysfunctional render dif�cult drowsiness lack

suicidal obsessions impaired cough severity suffering

violent strokes virus stroke �atulence �brates

blind burning faintness suffered threatening misdiagnosing

bitter excessive diabetics malfunction abnormal deterioration

bad confounded sadness mortality disturbance agitated

attack infections negativistic deaths poor wrong

worsening adversely insuf�cient scarring headaches disability

overdose serious delayed discomfort sweating morbidity

nerve parkinson toxicity nervous pain stress
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weakens incorrect disorder worsened malformations blinded

rigidity prolong adversity abuse lacked dyspepsia

sads onset failure inadequate sensitivity impairment

dementia harmful

Incr ease:

increase enhance elevation higher exceed enhancement peaked more

excess

Decrease:

below lower decrease fall low reduce decline less little mild drop

fewer



Appendix H

Usingan RBF kernel in detectingpolarity

of clinical outcomes

This appendixshows theaccuracy of usinga non-linearkernel,RBF (exp(� d2(x i ; x j )=� 2), in

SVMs in the taskof detectingpositive andnegative clinical outcomesin CE text. Using the

featuresetof presenceof combiningUNIGRAMS with DISEASE andMORE/LESS, theaccuracy

of the classi�cationobtainedwith different� valuesis shown in TableH.1. We canseethat

small � stretchesthedistancebetweendatapointsandmakestheclassi�cationvery dif�cult.

When� is larger, theperformanceis not very sensitive to its change,andbecomesrelatively

stable.

TableH.1: Resultsof positive/negative classi�cationusinganRBFkernel

� 2 10� 2 10� 1 100 101 102 103 104 105

Accuracy (%) 34.9 34.9 34.9 87.9 91.9 92.3 92.7 92.7
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Appendix I

Resultsof the summarization with

differ ent featuresetsin sentence-level

evaluation

TableI.1: Resultsof thesummarizationwith differentfeaturesetsin sentence-level evaluation

CompressionRatio 0.1 0.2 0.25 0.3 0.4

P R F P R F P R F P R F P R F

Random .25 .11 .15 .25 .20 .22 .25 .26 .25 .25 .31 .27 .25 .40 .30

MMR .44 .19 .27 .38 .31 .34 .36 .38 .37 .36 .44 .39 .34 .57 .42

(1) .44 .19 .26 .40 .33 .36 .40 .41 .40 .38 .48 .42 . 36 .58 .44

(2) .45 .20 .27 .42 .35 .38 .40 .42 .41 .39 .49 .43 .37 .61 .46

(3) .45 .20 .27 .41 .35 .38 .40 .42 .40 .39 .48 .43 .37 .61 .46

(4) .49 .21 .29 .44 .38 .40 .43 .46 .44 .41 .52 .46 .38 .64 .48

(5) .51 .22 .31 .45 .38 .41 .43 .46 .44 .42 .53 .46 .39 .65 .48

(1): MMR+position+numericalvalue+length

(2): (1)+automaticallyidenti�ed polarityof clinical outcomes

(3): (1)+manuallyidenti�ed polarityof clinical outcomes

(4): (1)+automaticallyidenti�ed presenceof clinical outcomes

(5): (1)+manuallyidenti�ed presenceof clinical outcomes
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F-scoreof combinationsof featuresin

eachsinglesummary

TheF-scoreof eachsummaryat compressionratio 0.25is presentedin FigureJ.1to observe

theperformanceof differentcombinationsof featureson every singlesummary. Thediagram

at the top shows the resultsof featuresincluding presenceof outcomes,andthe oneon the

bottomshows theresultsof featuresincludingpolarityof outcomes.
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