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Thetaskof questionanswering QA) isto nd theaccurateandpreciseanswelto a natural
languageguestionn someprede nedtext. Most existing QA systemdandlefact-basedjues-
tionsthatusuallytake namedentitiesastheanswersin this thesis we focuson adifferenttype
of QA—non-factoid QA (NFQA) to dealwith morecomple informationneeds.The goal of
the presenstudyis to proposeapproachethattackleimportantproblemsn non-factoidQA.

We proposedan approachusingsemanticclassanalysisasthe organizingprinciple to an-

swernon-factoidquestionsThis approactcontainsfour majorcomponents:
Detectingsemanticlassesn questionsandanswersources
Identifying propertiesof semanticclasses

Question-answematching: exploring propertiesof semanticclassedo nd relevant

piecesof information

Constructinganswerdy meging or synthesizingelevantinformationusingrelations

betweersemanticlasses

We investigatedNFQA in the context of clinical questionansweringandfocusedonthree
semanticlasseshatcorrespondo rolesin thecommonlyacceptedPICOformatof describing
clinical scenarios.The threeclassesare: the problemof the patient,the interventionusedto

treatthe problem,andtheclinical outcome.



We usedrule-basedapproacheso identify clinical outcomesand relationsbetweenin-
stance®f interventionsin sentences.

We identi ed an importantproperty of semanticclasses—theicores. We shaved how
coresof interventions problemsandoutcomesn asentenceanbeextractedautomaticallyby
developinganapproachexploring semi-supervisetéarningtechniquesAnotherpropertythat
We analyzedis polarity, aninherentpropertyof clinical outcomes.We developeda method
usingasupervisedearningmodelto automaticallydetectpolarity of clinical outcomes.

We built explicit connectionbetweentext summarizatiorandidentifying answercompo-
nentsin NFQA andconstructech summarizatiorsystemthatexploresa supervisedlassi ca-

tion modelto extractimportantsentencefor answerconstruction We investigatedthe role of

clinical outcomeandtheir polarity in this task.
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Chapter 1

Intr oduction

1.1 What is QuestionAnswering?

As moreandmoreinformationis accessibléo usersmoresupportfrom advancedechnologies
is requiredto help obtainthe desiredinformation. This bringsnew challengego the areaof
informationretrieval (IR) in boththe queryandthe answerprocessing.To free the userfrom
constructinga complicatedbooleankeywords query the systemshould be able to process
gueriesrepresenteth naturallanguage Insteadof replyingwith somedocumentselevantto
thequery thesystenmshouldanswetthe questionsaccuratelyandconcisely Systemswith such
characteristicare Question-AnsweringQA) systemswhich take advantageof high-quality
naturallanguageprocessin@ndmaturetechnologiesn IR. Thetaskof a QA systemisto nd
theanswerto a particularnaturallanguageguestionin someprede nedtext.

Generally currentQA taskscanbe classi edinto two categories: fact-base@A (FBQA)
andnon-factoid QA (NFQA). In FBQA, answersare usuallynamedentities,suchas person

name time, andlocation For example:

Q: WhowastheUS presidenin 19997
A: Bill Clinton

Q: Whichcity is thecapitalof China?
A: Beijing

NFQA aimsto answerguestionsvhoseanswersarenot just namedentities,suchasquestions



CHAPTER 1. INTRODUCTION 2

posedby cliniciansin patienttreatment:

Q: In apatientwith ageneralizednxietydisorder doescognitive behaiour or relaxationtherapy

decreassymptoms?

Clinical outcomesof cognitve behaiour or relaxationtherapy could be complicated. They
could be bene cial or harmful; they could have differenteffectsfor differentpatientgroups;
someclinical trialsmayshaw they arebene cialwhile othersdon't. Answersto thesequestions
canonly be obtainedby synthesizingelevantinformation.

Both FBQA and NFQA needto addresssomemajor researchproblems,andthey t into
the samegeneralQA framenork. This thesisfocuseson NFQA, and our working domainis

medicine.

1.2 What arethe newreseach problemsposedby QA?

The rst problemfor QA is to understandhe task. Sincethereare mary differenttypesof
guestionsijt is very importantfor a QA systemto know what a particularquestionis asking
for. Sometechniquedave beenrecognizedo be effective in FBQA, which arediscussedn
sectionl.4.1on the question-processinghase.ln NFQA, however, it is muchmoredif cult

to understandheinformationneeds.

Matchingthe answerto the questionis anotherbig challenge.Questionsandthe answers
often have very different phrasings. Matching techniquesneedto nd the correspondence
betweerthem.Comparedo FBQA, suchcorrespondenc& NFQA is usuallylessexplicit.

Answergenerations the lastproblemin QA. After the bestcandidatesreselectedy the

matchingtechniquesthey needto be processedo obtainaccurateandconciseanswers.

1.3 Question-Answeringframework

Thearchitectureof atypical QA systemis shavn in Figure 1.1.

1. QuestiorprocessingTheaimof thequestiornprocessings to understandhequestion.

In mostFBQA systemsthisincludes:
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Figurel.1: QA Architecture

determiningwhattype of questionis beingaslked(e.g.,where)

inferring whatkind of answeris expected(e.g.,location)
determiningthefocusof the question—itscentralpoint

formulatinga queryon the documentcollectionby usingkeywordsin the ques-
tion

SomeNFQA systemssuggesto clarify the questionby communicatingvith users.

2. Documentprocessing.Beforethe matchingof questionand answerstarts,the docu-
mentsin the collectionmay be transformedo someotherrepresentatiorso that ef-
cient searchcanbe performed. Many systemamportedindex technologyfrom IR

systemsn this step.

3. Question-Answematching. Beforedoing detailedanalysisto nd the answer a rel-
atively smallsetof candidateshouldbe found. Conventionalkeyword matchingand

expectedanswettype checkingareofteninvolvedin this step. Unmatchedcandidates
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will be ltered outdirectly.

To nd the bestanswey differenttechniquesare usedto analyzethe relationshipbe-
tween the questionand candidateanswerthoroughly Knowledge-intensie, data-

intensve, andstatisticalapproacheaddresshe problemwith differentemphasis.

4. Answergenerationlt hasnotbeenfully addresseth mostcurrentsystemsMost sys-
temsjust extractsmallfragmentghatcontainthe answerinformationfrom theanswer
candidatessthe nal answers.Eventhe extractionprocesss not discussedn detail

in mary works.

In the following two sectionsfelatedwork in FBQA andNFQA is reviewed respectrely

to furtherunderstandheir differenceandconnectionsandstate-of-the-arin QA.

1.4 Fact-basedquestions

The main problemin QA is the greatvariationin expressingthe questionand the answer

Accordingto how it is addressed;urrentwork in FBQA canbe partitionedinto two classes.

Knowledgeintensve. Theintuition of the knowledge-intensie approachess to nd
a propermeta-formsothatboththe questionandthe answercanberepresentety it.
The constructiorof the form usuallyexploits naturallanguageprocessingechnology

aswell asrelatedreal-world knowledge.

Dataintensve. The data-intensie approachegut the emphasison predictionof the
answerby usingthe evidencefrom the dataset. For eachquestion,someapproaches
try to composaall the possibleansweformatsandthencomparehemwith theanswer
candidateso nd the onethatmeetsthe prediction. Someapproachegstimatehow
likely a candidateis the expectedanswerby collecting statisticaldatafrom a large

candidateset.

Thefollowing two subsectionsvill discusssometypical FBQA work in detail.
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1.4.1 Knowledge-Intensve Approaches

Theproblemghatareemphasizeth knowvledge-intensie systemsarediscussedh thissection.

For eachproblem,methodsexploredin differentsystemsarecompared.

Answer-type identi cation  Thetype of the answertells us the generalcategyory of the ex-
pectedansweywhetherit is a personalocation,or atime etc. To determinethe answertype,
thetype of the questionshouldbeidenti ed rst. As mentionedearlietr knowing the question
typeaddressethe“whatto nd” problem.SincemostFBQA systemdocuson wh- questions
(who,when,whet, why, wha, it is naturalto classifythe typesaccordingto the stemof the
guestion:thewh-words.

Most answerdor wh- questionsarerelatedto namedentities(NE); thusmostFBQA sys-
temsclassifytheanswerdy differenttypesof NE, suchas:time, product,organization person,
etc. TheNE identi cation techniquerom informationextraction(lE) is quite helpfulandusu-
ally is importedinto this process.Thereare someotheranswercateyoriesthatdo not belong
to NE. As in Paga's work [Pagca and Harabagiu2001b], type reasonis appliedto the why
guestionsandtypede nition is includedfor questionsaskingfor thede nition of aconcept.

A parseiis ofteninvolvedto nd theanswertype. For example,in Paga'swork, it depends

onaconceptierarcly “AnswerType Taxonomy”anda special-purposparser

Answertype taxonomy The taxonomyis a tree structureconstructedff-line which
containsall the answertypesthatcanbe processedby the system.lIt is built in atop-
down mannerwith generalconceptson the top and more-speci cconceptson lower

levels. A subsebf thetaxonomyis shavn in Figure 1.2.

Thetop level of the hierarcly containsthe mostrepresentate conceptuahodese.g.
person, location, money, nationality, etc. Someof theseare further cateyorized
to more speci ¢ concepts. For instance,the location nodeis divided into univer-
sity, city, country, etc. Someconceptsare connectedo correspondingynsetdrom
WordNet. As an example,person is linked to several sub-treegootedseparatelyat
scientist, performer, European, etc. It is worth noticing that althoughmost con-

ceptsin thetaxonomyarenouns thereareverbsandadjectvesaswell. A concepican
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Top

|
| | | |
product nationality mammal 3

; person | : 3
money ' |ocation ‘ - numerical value landmark

uniyersity country other_loc degree duration

|
time

city ~ province - dimension

Figurel.2: A subsebf theansweftypetaxonomy[PagaandHarabagiu2001b]

be connectedo the WordNetnounsub-hierarchiesjerb sub-hierarchiesr, adjectval
satellites. For example,the product nodeis connectedo nounsf artifact, artefacg
andverbsf manufactue, fabricate construct). Thewholetaxonomywasconstructed

manuallyandwasadaptedo the sampleguestions.

Parser The wh- word in a questioncannotalways provide enoughinformationon
the type of the expectedanswer For example,whatcanaskfor mary differenttypes
of things. To solwe this problem,Pagaimplementeda parserto nd the word(s)in

a questionthat help determinethe expectedanswertype. The questionis parsedto

locatethe word(s)thathasa head-modi erdependengto the questionstem(the wh-
word). For instancejn the questionwWhatdo peopleusuallybuy in HongKong?, what
is a dependenbf the verb buy. The word buy is then mappedonto the answeitype

taxonomyto obtainthe expectedanswertype,e.g. product

Thismethods effectivein determiningheanswetypeatabove 90%accurayg in theTREC
testquestions.However, thereis a lot of manualwork involved. Currently the answeittype
taxonomyencodes8707 English conceptswvith 153 connectiondo WordNetsub-hierarchies
[PagcaandHarabagiu2001b]. It will be quite burdensomeo include moreandmorenodes
into thetaxonomyfor the systemto be adaptve to new expression®f questionsandanswers.

The approachexploredby [Hovy et al., 2000]is similar to Paga's work. In their “Web-
clopedia”’systemthey alsobuilt ataxonomyof 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 answeitype identi cation, which containssomesemanticback-
groundknowledge.A setof manuallyconstructedulesis includedin the parserto determine
the correctanswertype. The answertype producedby the parsercanbe the conceptsn the
QA Typology, P-O-Stags,rolesproducedn theparsetree,or conceptsrom the semantiaype

ontologyof theparser

Identi cation of question (answer)focus As de ned by [Moldovanetal., 1999],“a focus
is aword or a sequenc®f wordswhich de ne the questionanddisambiguatet in the sense
that it indicateswhat the questionis looking for, or what the questionis all about” (page
176). For example,the questionWhattype of bridge is the GoldenGateBridge? [Pagaand
Harabagiu,2001a]hasbridge asthe answertype and type as the answerfocus. From the
de nition, the focusis very importantfor answeringa question. Somesystemsmentioned
the conceptexplicitly [Moldovanetal., 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 addresshe

problemparticularly

Query generation The query-generatioprocessusuallyinvolveskeyword extractionfrom
the original questionwith or without weightsattachedo them. For example,a querycorre-
spondingto the questionWhoinventedthe paperclip? is [paper AND clip AND invented].
Later, the querycanbe expandedoy usinga knowledgebasesuchasWordNet. In somesys-
tems,after removing stopwords, the keywordsare selectedoy a setof heuristicsiMoldovan
andHarabagiu2000;Leeet al., 2001; Alpha et al., 2001]. Differentsystemshave different
preferences whethelemmataor stemmedvordsshouldbe usedaskeywords.
Queryexpansionis oftenappliedto make surethatthe correctanswemwill not be missed.
Most systemausesynoryms of the selectedkeywordsin WordNetto expandthe query More
sophisticatedjuery-expansiontechniquesreexploredin Harabagius work [Harabagiuvet al.,

2001a],whichincludethreelevelsof alternations:

Morphologicalalternations.Whenno answeris found by matchingthe original key-
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wordsfrom the questionthe morphologicaklternationsareconsideredFor example,

thenouninventorwill beaddedo the querybecausef the original verbinvent

Lexical alternations WordNetis a sourcefor addinglexical alternationgo the query
In mostcasessynoryms of a word areadded althoughotherrelationshipanay also
be consideredFor example,killer hasa synorym assassirwhich shouldbeincluded

in thequeryexpansion.

SemantialternationsThe semantialternationsarede ned as“the wordsor colloca-
tionsfrom WordNetthat (a) arenot membersf arny WordNetsynsetsontainingthe
original keyword; and(b) have a chainof WordNetrelationsor bigramrelationsthat
connecit to theoriginalkeyword” [Harabagiuetal., 2001a](page278). For example,
the candidatavordscanbe hyperrymsor hyporyms of the original word, or evenjust
relatedto it in somesituation. To answerthe questionHow manydogs pull a sledin

thelditarod?, sincesledandcart arefoundto beformsof vehiclesthe word harness

thatis relatedto pull cart is includedin the queryexpansion.

Threeheuristicsare constructedo decidewhenandhow to performthesealternations.
However, for the semantialternationsthe heuristicdoesnot specifywhich semantiaelations
shouldbe consideredn a particularsituation(in fact, it is almostimpossibleto do so). This

kind of problemseemdgo beaninherentiimitation of knowledge-basedpproaches.

Matching of Question and Answer Keyword matchingis the rst criterionto lter out
irrelevantanswersn almostall FBQA systemsTo make thesystemef cient, usuallyonly text
fragmentsthat containthe query keywordswill be returnedinsteadof the whole documents.
The numberof returnedfragmentss fairly large, althoughit variesin differentsystems.The
guerykeywordsareexpandedor shrunkto make surethatthe propernumberof fragmentsare
returned.

In the next step, further matchingis performed. Fragmentghat do not meetthe strict
requirementsare Itered out. The Iter canbe usedto verify the semanticrelationsor can

be usedas someranking scheme.In Harabagius work, the lter is executedat threelevels
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[Harabagiuetal., 2001a].At the rst level, fragmentghatdo not containat leastoneconcept
of thesamesemanticatayory asthe expectedanswettypeare Iltered out.

At thesecondevel, thequestiorrepresented its semantidorm producedoy the parseiin
thequestion-processinghasds uni ed with the semantidormsof the fragmentghatcontain
the possibleanswerganswercandidates)Theaim of the uni cation is to checkhow muchin-
formationcontainedn thequeryis alsocontainedn theanswercandidatesThus,thequestion
conceptaswell asthedependenciesf thequerytermswhich arerepresentely thesemantic
form arecomparedvith the semantidorms of theanswercandidates.

The semantidorm of a sentences derived from its syntacticparsetree. To constructthe
semanticdorm, the semanticconceptthat the sentenceas about(the answertype) is addedto
the tree (which works asa slot in the questionrepresentatioandthe slot ller in theanswer
representation)Unimportantwordsareremoved. Figure 1.3 is an exampleof the semantic

forms:

Question:

What company sells most greeting cards?

i I

ORGANIZATION sells greeting cards most

Answer:

Hallmark remains the largest maker of greeting cards

| [—— |
maker greeting cards  largest

ORGANIZATION(Hallmark)

Figurel.3: Semantidormsof sentence§PagcaandHarabagiu2001b])

At thethird level, thequestiorandanswercandidategrerepresenteth theirlogical forms.
Thelogical relationsheld by thetermsin the queryareevaluatedin the abductionof answers.
As anexampleof thelogical form, the questionWhydid HongLi bring an umbeella? canbe

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

In this example,Hong andLi areidenti ed asthe sameentity by usingthe samesymboly.
A candidateas selectedto be an answerif it canbe proved by usingthe logical form. The
prover processeghetermsin the querylogical form from theleft to theright. For eachterm,
it triesto identify correspondingnformationcontainedn theansweilogical form. Real-world
knowledgeis needechere. For example,in the above questionit may be helpful to know that
HongLi is apersons name.

In thework of [Hovy etal., 2001],answertype andanswerfocusarechecledin the parse
treesof the questionand candidateanswerdn the matchingprocess.Whenit is not enough
for selectinga goodanswey severalheuristicsareappliedwhich considerthe expectedanswer
range knowledgeof abbreviation, andknowledgeof someformatsof specialinformation(e.g.
e-mailaddresspostcode)etc.

Somesystemdry to choosethe answerby ranking the candidateanswers. The ranking
often dependson heuristicrules abouthow the answercandidatesontainthe queryterms,
e.g.,theorderof thequerytermsin the answercandidatesthe numberof querytermsthatare
matchedthe distancefrom the positionof the embeddednswertypeto the querytermsetc.
SomesystemgFerretetal., 2001;Prageretal., 2000;SrihariandLi, 1999;Alphaetal.,2001]
implementhematchingoy rankingthe passageaccordingo weightedfeaturesor termswhich
arechoseroff-line. Machinelearningtechniquesreimportedin therankingin somesystems.
PagaandHarabagiy2001b]useaperceptrormodelto comparewo candidateswhile Prager

etal.[2000] applylogistic regressiorto scoreNEs containedn the candidates.

Answer Extraction The taskis to extract a conciseanswerfrom the answercandidates.
In somesystemsthe candidatesrestringsin text windows of speci edsize[Moldovanetal.,
1999]. Someothersconsidersentenceasthecandidate§Ferretetal.,2001;Hovy etal.,2001].
The candidatesvith the highestscoresobtainedin the matchingprocessare extractedasthe
nal answersln knowledge-basedystemsno particulartechniquesreappliedto extractthe

answer
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Evaluation In the TREC-10evaluation,the LCC systemdevelopedby Harabagiuet al.
[2001b]performswell in both the main task andthe list questiontask with the meanrecip-
rocalrank(MRR)! of 0.57in themaintaskandaccurag (no. of distinctinstances/tayetno. of
instancespf 0.76in thelist task. LCC is ranked secondn the maintaskand rst in thelist
task. Thework of [Hovy etal., 2001]and[Alpha etal., 2001]arealsoin thetop ve ranked

systems.

1.4.2 Data-Intensive Approaches

IE-based QA The NE identi cation techniquedrom IE are exploited in mostFBQA sys-
tems. Somesystemsdemonstratedhat othertechniquesnay also be helpful in QA. In the
TREC-10maintask,thesystenthathadthebestperformancavasthe onefrom InsightSoft-M
[Soubbotin2001]. 1t appliesasetof pre-de nedpatternggeneratedy analyzingthedocument
collectionto theanswercandidate$o matchparticulartypesof questions.

Theideais similar to pattern-matchingndslot- lling in IE. Sincevarioustasksshouldbe
addressedn a QA system,to take advantageof the pattern-matchingechnique the Insight
systemclassi esthe questiongnto differentcategyoriesandthen constructgpatternsfor each

catgory. Therearetwo catgoriesof patternan thesystem:

patterngepresenting completestructure

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

patternccomposedy speci ¢ patternelements

Example:
[number]+[termfrom curreng list]
would match“5 cents”

In the system,questionamustbe analyzedto obtainthe accurateanswertype so thatthe

correctpatternswill betriggeredlater Relevantpassageareobtainedby searchingor query

IMRR is anaccurag measure.To calculatethe MRR, “an individual questionreceivesa scoreequalto the
reciprocalof therankatwhichthe rst correctresponsés returnedor zeroif noneofthe veresponsesontained
acorrectanswer’[Voorhees2001].
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keywordsin the documentcollection. Only thesepassageare comparedwith the patternso

identify potentialanswersAs the patternsshouldadaptto variousphrasingof answersagreat
numberof patternsareconstructednanuallyfor eachquestiontype (e.g.,23 patternsarebuilt

for the who-author type of questions)As in |IE systemsmanuallyconstructingpatternds a
very time-consumingask. So automaticpatternconstructionmay be the future work of the
pattern-matching-baseystems.

As showvn in the above examples,the systemcontainsa setof patternelementssuchas
curreng, personnames,country names,etc. It seemsthatif an NE recognizeris usedto
replacetheseelementsthe patternscanbe simpler

We canseethatalmostno deepknowledgeanalysiss involvedin the patternconstruction.
However, properknowledgeis necessaryn the systemto processcomplicatedquestions.For
example,the ambiguougquestionWho is Bill Gates? is actuallyaskingfor the reasonwhy
Bill Gatesis famous.As in the knowledge-intensie approachegheidenti cation of the cor-
rectanswertypeis importantin nding the correctanswerhere.lt is declaredoy [Soubbotin,
2001] that detailedcategorizationof questiontypesis a preconditionfor effective useof the
method.

Sinceit is not possibleto construcicompletepatterndor atype of questionfor thosecases
in which the questionsdo not matchary patternsthe systemtries to selectthe answersby
comparindexical similarity of the questiorandanswercandidates.

AnotherlE-basedsystemwasdescribedn [SrihariandLi, 1999]. Theideais to answer

guestiondy executinglE in threelevels:

Namedentity: extractnamedentitiesasanswercandidates
Correlatecentity: extractpre-de nedrelationshipsbetweerthe entities

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

when andwhere)

However, only the rst level wascompletedn thesystem.
From the above analysiswe can seethat IE-basedsystemslie someavhere betweenthe

knowledge-intensie andthe data-intensie methods The adwantageof themis thatthe burden
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of derving andcomparinghe semantia@andlogic similarity of questiorandanswelis released

to somedegree.

Redundancy-basedQA The two other systemshat alsoimportedpattern-matchingech-
niquesinto thequeryanswermatchingprocessareMultiText [Clarke etal.,2000]andAskMSR
[Dumaisetal.,2002]. In MultiText, thepatternsisedconsistof regularexpressionsvith simple
hand-code@xtensions.

AskMSRjustappliessimplestring-basednanipulationsn thequeryrewriting to formulate
the patterns.The rewrite 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 query string (left, right or anywhere)and“weight” is a
con dence gure for a particularquery If a querypatternis morelikely to nd the correct
answerit will have a higherweightthanothers.Thefollowing is anexample[Dumaisetal.,
2002]:

Question Who createdhe characteof Scrooge?
Rewritel: [created+ thecharacter+ of Sciooge, left, 5]
Rewrite2: [+the character+ of Sciooge + wascreated+ by, right, 5]

However, the matchingprocesss notthe only componenthathelps nd theanswerin the
two systemsTheredundang of thedatais furtherexploredto obtaintheanswer Theideathat
dataredundang canbe appliedto questiomranswerings basicallythe samen thetwo systems
with slight differences.As indicatedby [Clarke et al., 2001], the hypothesiswvasthat correct
answerscould be distinguishedrom othercandidatesolely by their repeatedccurrencan
relevantpassages.

The hypothesidgs implementedoy assigningweightsto the candidateanswers.In Multi-
Text, afterthe patternmatching,the retrieved answercandidatesreranked accordingto the
sum of the weightsof the candidateanswertermsthat they contain. To calculatethe term
weights,[Clarke et al., 2001]usedanidf -like formulawith a redundang parameterThere-
dundang parameters de ned asthe numberof retrieved passages which a particularterm
appearsin theanswemeneratiorprocessthe sggmentin a passagéhatmaximizeshe sumof
thetermweightsit containsis extracted. MultiText rankedamongthetop ve systemsn the

TREC-10maintaskandlist taskevaluation.
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In AsSkMSR, the n-grams(1-, 2-, 3- grams)in the retrieved passagesare the candidates
to beranked. The weight of ann-gramdependson the con dencevalue of the rewrite rules
thatgeneratedt (“5” in the above exampleof rewrite rules). The con dencevaluesin all the
uniqueretrieved passages which then-gramoccurredaresummedup to obtainthe scoreof
the n-gram. The n-gramsarethen Itered andre-weightedby a setof manuallyconstructed
heuristics Finally, theremainingonesaretiled to gettheanswer Tiling formslongern-grams
by meging overlappingshortem-grams.For example,“A B C” and“B CD” istiledinto“A B
C D.” Comparedvith MultiText, the systemdoesnot needthe corpusto be full-text indexed,
nor doesit needglobalterm weights. However, ASkMSR performsworsethenMultiText. It
wasnotin thetop eightsystemsn the TREC-10evaluation.

Although AskMSR was not so successfubs MultiText in TREC-10,the ideathatredun-
dany canhelp nd the answerby using only simple patternsis veri ed by Dumaiset al.
[2002]. Their resultsshowv that the systemperformsmuch betteron Web datathan on the
TREC data(the formeris muchlargerthanthe latter). It is the samein MultiText. Compared
with otherapproachesa majorcontritution of redundang-basednethodss thatthey explore
the relationshipsamonggood answercandidates.The correctanswerof a questionmay be
very dif cult to identify becausef its complicatedormulation.However, it maybe promoted
by mary relevantanswercandidateshat have simplerphrasings.This importantinformation

is ignoredin otherapproaches.

Statistical QA Not mary systemsexploredstatisticalapproache$or FBQA. This might be
becausehe potentialof statisticalmodelshadnot beenrealizedin late 90's. Amongthe top-
ranked systemsn TREC-10,only onesystem([lttycheriahet al., 2001] includeda statistical
model.

Thesystemarchitecturen [Ittycheriahetal.,2001]is similarto thegenerahkrchitectureale-
scribedin sectionl.3. Thestatisticamodelis notappliedto thewholesystembut ratherontwo
component®f the system:answeitype predictionandanswerselection.The NE recognition
is alsoimplementedy usingthe statisticalmethod.All threetasksareviewedasclassi cation
problemsandthe maximum-entrop modelsare constructedvith threedifferentfeaturesets.

The answertypesincludethe standardccategyoriesof NE in the MessagdJnderstandingCon-
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ference(MUC) plustwo moretypes:reason for why questionsaandphrase for all the others.
Thefeaturegake careof unigrams bigrams,PoS,the positionof the questionwords,aswell
assomeexpansionin WordNet. In answerselection,31 featuresrelatedto sentencegentity,
de nition, andlinguistics(e.g. theanswercandidatas eitherin the subjector objectposition
etc.) areconstructed.The NE annotationcaresaboutthe words, morphs,PoS,andgrammar
ags.

Fortheanswettypeclassi cation,3300questionsvereannotateananuallybeforetraining.
Thetraining setfor the answerselectiontaskis 400 question—answerairsfrom TREC-8and
TREC-9. Becausef the availability of the training datafor the cateyoriesof NE, the answer
typesarealmostcon nedto theMUC classesThedif culty of obtainingenoughtrainingdata
is oneproblemthataffectsthe systemperformance.

The statisticalmodelworks well in the answettype identi cation task (accurag 90.5%).
Theresultsfor NE recognitionare not reportedin the paper althoughit is indicatedby error
analysighatthe performances good. This systemis oneof thetop-ranked systemsn TREC-

10, whichindicateshe effectivenesf usingstatisticalmodelsin FBQA.

1.4.3 Summary

Data-intensie approachesy to answerquestionsvithout deeplyunderstandinghe meaning
of thequestionsandthe answertext. This reduceghe compleity of the systemmodel. How-

ever, aswe seefrom theabove discussiona puredata-basedethodis notenoughto construct
a systemwith high accurag, becausgroperknowledgeplaysanimportantrole in question

analysiswhich formstheguidein answersearching.

1.5 Non-factoid QA

In comparisorio FBQA, NFQA is muchlessunderstoodby researcherddowever, it is suchan
importantareathatit is attractingmoreandmoreresearchnterest{Niu etal., 2003;Diekema
etal., 2003;Stoyanor etal., 2005;DUC, 2005].

NFQA dealswith morecomplex informationneeds We obsene two distinctcharacteristics

of NFQA ascomparedo FBQA.
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Non-factoid questionsusually cannotbe answeredusing a word or phrase,suchas
namedentities.Instead answergo theseguestionaremuchmorecomple, andoften

consistof multiple piecesof informationfrom multiple sources.

Comparedo FBQA, in which ananswercanbejudgedastrue or false NFQA needs

to determinevhatinformationis relevantin answerconstruction.

Someexamplesof non-factoidquestionsareasfollows.

In a patientwith a generlized anxietydisorder, doescognitive behaviouror relaxationtherapy

decreasesymptom?

Wasthemostrecentpresidentialelectionin Zimbabweegardedasa fair electior? [Stoyanor etal.,

2005]

Whatadvantages/disadvantgesdoesan Aluminumalloy haveover Ti alloy asthe core for a hon-

eycombdesigr? [Diekemaetal., 2003]

Symptoms the rst questionis ageneraktonceptary clinical outcomeof cognitive behaiour
or relaxationtherayy in anxietydisordercould be relevant. Theseoutcomesouldbe different
for differentpatientgroups(e.g. differentagegroups);they may be positive in someclinical
trials while negative in someothers. All this evidenceshouldbe taken into accountin con-
structingthe answer For the secondguestion,it is not easyto reachan answerof yesor no.
In fact,it mightnotbe possibleto do so,asit is very likely thatbothanswerdave supporters.
Neitherof themshouldbeignoredin theanswer In addition,to eitherpositive or negative atti-
tude,informationdescribinghereasonsanbehighly desirable To answeltthethird question,
we needto synthesizenformationon variousaspectshatthetwo metalsarecompared.
Becausef the complex answerscurrentFBQA techniquesvill have dif culty in answer
ing non-factualquestions.Thereforejt is importantto develop new stratgiesandtechniques

to addressiew challengesn NFQA.

1.5.1 Clinical questionansweringasNFQA

Cliniciansoftenneedto consultliteratureon thelatestinformationin patientcare,suchasside

effectsof a medicationsymptomsof a diseasepr time constraintsn the useof a medication.
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The publishedmedicalliteratureis an importantsourceto help clinicians make decisionsin
patienttreatmentSaclett and Straus,1998; Strausand Saclett, 1999]. Studieshave shavn
that searchinghe literaturecan help clinicians answerquestionsegarding patienttreatment
[Gormanet al., 1994; Cimino, 1996; Mendon@ et al., 2001]. It hasalsobeenfound that if
high-qualityevidenceis availablein thisway atthe point of care—e.g.the patients bedside—
clinicianswill useit in theirdecisionmaking,andit frequentlyresultsin additionalor changed
decisions[Saclett and Straus,1998; Strausand Saclett, 1999]. The practiceof usingthe
currentbestevidenceto help cliniciansin making decisionson the treatmentof individual

patientds calledevidence-basethedicine(EBM).

Questionsposedby cliniciansin patienttreatmentpresentinterestingchallengesto an
NFQA system. For a clinical question,it is often the casethat more than one clinical trial
with differentexperimentalsettingswill have beenperformed. Resultsof eachtrial provide
someevidenceon the problem.To answersucha question all this evidenceneeddso betaken
into account,astheremay be duplicateevidence,partially agreed-orevidence,or even con-
tradictions.A completeanswercanbe obtainedonly by synthesizinghesemultiple piecesof
evidence,asshavn in Figure1.4. In our work, we take EBM asan exampleto investicate

NFQA. Ourtargetsarequestiongposedoy physiciansin patienttreatment.

Clinical question Are calciumchanneblockerseffective in reducingmortality in acute

myocardialinfarctionpatients?

Evidencel ::: calciumchanneblockersdo notreducemortality, : : : mayincreasamortality.
Evidence? ::: verapamilversusplaceba : : hadno signi cant effect on mortality.
Evidence3d ::: diltiazemsigni cantly increasedleathor reinfarction.

Evidence4 ::: investigatingthe useof calciumchanneblockersfoundanon-signi cant

increasean mortality of about4% and6%.

Figure 1.4: Exampleof a clinical question,with correspondingevidencefrom Clinical Evi-

dence
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1.5.2 Currentreseachin NFQA

Unlike FBQA, in whichthemainresearctiocusesonwh- questionge.g.when wher, who) in
arathergeneralomainmostwork in NFQA startswith aspeci c domain,suchasterrorism,or
aspeci ¢ type of questionsuchasopinion-relatedquestions.The complity of NFQA tasks
may accountfor this difference.In this section,currentwork in NFQA is reviewed according

to differentresearctproblemsof the QA taskthatit addresses.

Questionprocessing Becausgheinformationneedsaremorecomple, somework putmore
efforts on understandingiuestionsHickl etal. [2004], Smallet al. [2004] andDiekemaet al.
[2003] suggestnsweringguestionsn aninteractve way to clarify questionsstepby step.In
addition,Hickl et al. arguethatdecompositiorof complex scenariosnto simplequestionss
necessaryn aninteractve system.As an example,the comple« questionWhatis the current
statusof India's Prithvi ballistic missileproject? is decomposedhto the following questions

[Hickl etal.,2004]:

1. Howshould'India' beidenti ed?

2. Pre-independencer post-independeng¢post-colonial or post-1947ndia?
3. Whatis "Prithvi'?

4. WhatdoesPrithvi mean?

5. Whatclassof missilesdoesPrithvi belongto?

6. Whatis its range/payloadand othertechnical details?

They proposetwo approacheso the decomposition:by approximatingthe domain-speci ¢
knowledgefor a particularset of domains,and by identifying the decompositiorstrategies
emplog/edby humanusers.Preliminaryresultsfrom two dialog pilot experimentssuggest ve
stratg@iesfor questiondecompositioremplo/ed by expertsthat could be helpful in automatic

decomposingomple« questions.
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Following thatwork, Harabagiwet al. [2004] derivedintentionalstructureandtheimplica-
turesenabledy it for decomposin@f complex questionssuchasWhatkind of assistancdas
North Koreareceivedrom the USSR/Russi#or its missileprogram? The authorsclaim that
intentionsthattheuserassociatavith thequestiormayexpressa setof intendedjuestionsand
eachintendedquestionmay be expressedasimplied questions Theintendedquestionsof this
exampleincludeWhatis the USSR/RussiaWhatis assistanceWhatare the missilesin the
North Koreaninventory?Then,theseintendedquestiondurther have implied questionssuch
asls this the Saviet/Russiargovernment? Doesit include private rms, state-ownedrms,
educationalnstitutions,andindividuals?ls it thetraining of personnel?Whatwasthe devel-
opmenttimeline of the missiles?Questiondike Wil Prime Minister Mori survivethe crisis?
and Doeslraq havebiological weapons?are also questiongthat this paperis interestedn

[Harabagiuetal., 2004].

Two methodf generatingheintentionalstructureof questionsareexplainedby two ex-
amplesin the paper Oneis basedon lexico-semantiknowvledgebaseqe.g. WordNet),and
theotheruseshepredicate-agumentstructureof questionsTheauthorsclaim thattheinten-
tional structuremay determinea differentinterpretatiorof the questionandanswerextraction
dependon the semantiaelationsbetweerthe coercednterpretation®of predicateandargu-

ments althoughno detailsof evaluationaredescribedn the paper

The systemHITIQA (High-Quality Interactve QuestionAnswering)[Small et al., 2004]
alsoemphasizesteractionwith userto understandheinformationneedsalthoughit doesnot
attemptto decomposejuestions During the interaction the systemasksquestiongo con rm
the users needs.After receving yesor no from the user the goal of searchings clearer The
interactionis data-drven in that questionsaslked by the systemare motivatedfrom previous

resultsof informationsearchingwhich form theanswerspace).

Diekemaetal. alsosuggesto have aquestiomegotiationprocesgor complex QA [Diekema
etal., 2003]. The QA systemdealswith real-timequestiongelatedto “ReusableLaunchVe-
hicles”. For example,broad-ceeragequestiondike How doesthe shuttle y?, andquestions
aboutcomparisorof two elementsuchasWhatadvantayes/disadvantgesdoesan Aluminum
alloy haveover Ti alloy asthe core for a hongzcombdesign? aretypical in the domain. A

guestion-answeringystemarchitecturewith a module of questionnegotiation betweenthe
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systemandthe questioners proposedn the paper

Matching of questionand answer Bergeretal. [2000] describesereralinterestingmodels

to nd theconnectiorbetweermuestiontermsandanswertterms.

tf idf . Thismodelis differentfrom thestandardf idf calculation.Thecorventional
IR vectorspacemodelis appliedin QA by takingthe questiomandanswerasdifferent

documents.
Givenanm-wordquestiorg = fq;; &; :::; n g, andann-wordanswela = fay; a; :::; ang,
theadaptectosinesimilarity betweerthe questionrandthe answeris given by the fol-

lowing formula[Bergeretal., 2000]:

o

w2q;a \%v fCI(lN) fa(W)

w2qfq(W)2 ; w2a f a(W)2

swre(g, a) = ¢ (1.1)
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P
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(1.2)

wheref 4(w) is thenumberof timesword w appearsn documentd. Hereadocument

isananswerD is theentiresetof answers.

Mutual information for query expansion. Insteadof searchingfor termsfor query
expansionin a large knowledgetaxonomysuchasWordNet,a modelfor calculating
the mutualinformationof querytermsandanswertermsis built. In this model,the
mutualinformationof ary pairof termsappearingn thetrainingsetof pairedquestions
andanswerds calculated. This canbe usedto locatethe mostrelevanttermsin the
answetthatarecorrelatedvith ary questionterm. Theseermsareexpectedo begood

candidategor expandingthe query

Statisticaltranslationmodel. Taking a machinetranslationview of the QA problem,
the questionandanswercanbetreatedastwo differentlanguagesThe modelis built

to learnhow ananswera correspond$o a questiong by calculatingp(gja).



CHAPTER 1. INTRODUCTION 21

As indicatedby [Berger et al., 2000], thesemodelsare presentedor a problemslightly
differentfrom a typical QA task. It is to nd answerswithin a large collectionof candidate
responsesTheresponsearesupposedo be correctanswerdo the questions.It is not men-
tionedin the paperif thereareonly one-to-oneelationsbetweemuestionandanswersSince
the answersare createdaccordingto the questionsjt may be the casethat the phrasingof
guestionandanswerhasmoreoverlapthanit doesin the generalQA task. Also, answergo
differentquestionsnay be easierto distinguish. Although suchdifferencexist, the essence
of theanswer nding taskandthe QA taskarethe same.Modelsexploredby theformermay
adaptto thelatteraswell. SoricutandBrill [2006] extendBerger's work to answerFAQ-like
guestionsin theirwork, althoughFAQ questionrandanswelpairsareusedastrainingdata,the
goalis to extractanswerdrom document®n theweb,insteadof pairingup existing questions
andanswersn FAQ corpora.Takingquestionsandanswersastwo differentlanguagesa ma-
chinetranslationmodelis appliedin the answerextractionmoduleto extractthreesentences
thatmaximizethe probabilityp(qj a) (qis thequestionanda is theanswer)rom theretrieved

documentastheanswer

In systemHITIQA, frame structureis usedto representhe text, whereeachframe has
someattributes.For example,a generaframehasframetype topic, andorganization During
the processingframeswill be instantiatedby correspondinghamedentitiesin the text. In
answergenerationtext in theanswerspacds scoredoy comparingheir framestructureswvith
the correspondingoal structuregyeneratedby the systemaccordingto the question. Answers
consistof text passagefom whichthezerocon ict framesarederived. Thecorrectnessf the
answersverenotevaluateddirectly. Insteadthe systemwasevaluatedoy how effectiveit isin
helpingusergo achiese theirinformationgoal. Theresultsof athree-dayevaluationworkshop

validatedthe overall approach.

Cardieetal. [2003] aimsto answerguestionsaaboutopinions(multi-perspectie QA), such
as: Wasthe mostrecentpresidentialelectionin Zimbabweregardedasa fair election? What
wasthe world-widereactionto the 2001 annualU.S.reporton humanrights? They devel-
opedan annotationschemeor low-level representationf opinions,andthenproposedising
opinion-orientedscenaridemplateso actasa summaryrepresentatioof the opinions.Possi-

ble waysof usingthe representations multi-perspectie QA arediscussedIn relatedwork,
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Stoyanor et al. [2005] analyzedcharacteristicof opinion questionsand answersand shaov
that traditional FBQA techniquesare not enoughfor multi-perspectie QA. Resultsof some
initial experimentsshaw thatusing Iters thatidentify subjectve sentencess helpfulin multi-

perspectie QA.

Summary

Thetypicalwork discussedhereshavs the state-of-the-aiin NFQA. Most systemsareinvesti-
gatingcomplex questionsn speci ¢c domainsor of particulartypes.Althoughinterestingviews
andapproachefiave beenproposedmostwork is at the initial stage,describingthe general
framework or potentialusefulapproacheto addressharacteristicef NFQA.

As mentionedn sectionl.1, our work on NFQA is in the medicaldomain. Clinical QA
asan NFQA task, presentxhallengessimilar to thoseof the tasksdescribedn the previous
subsection.Our work is to investigate thesechallengedy addressinga key issue: whatin-
formationis relevant? We do not attemptto elicit suchinformation by deriving additional
guestionssuchasperformingquestiondecompositiorfHickl etal., 2004] or throughinterac-
tive QA [Small et al., 2004]. Instead,we aim to identify the bestinformationavailablein a
designatedourceto constructthe answerto a given question.The next chaptemwill describe

our approactbasedn semanticlassanalysis.

1.6 Overview of contributions of thesis

This thesisfocuseson a new branchof the question-answeringask— NFQA. We show the
differencebetweenNFQA and FBQA by analyzingnew characteristico®f NFQA. We claim
thatanswerdo NFQA areusuallymorecomplex thannamedentities,and multiple piecesof
informationareoftenneededo constructa completeanswer We proposea novel approacho
addresghesecharacteristicsilmportantsubtasksn differentmodulesof the new approactare
identi ed, andautomatianethodsaredevelopedto solve the problems.

To achieve thesegoals,we proposeo usesemanticclassanalysisn NFQA anduseframe
structureto represensemanticlassesWe developrule-basedpproachew identify instances

of semanticclassesn text. Two importantpropertieof semanticclassegcoresandpolarity)
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areidenti ed automatically We shawv thatthe problemof relevanceandredundang in con-
structinganswerss closelyrelatedto text summarizatiorandbuild asummarizatiorsystemo

extractim portantsentences.

The QA approach basedon semanticclassanalysis An eventor scenariodescribesela-
tions of severalroles. Thereforerolesandtheir relationsrepresenthe gist of a scenario.We
usesemanticclassedo referto the essentialolesin a scenarioand proposean approachus-
ing semanticclassanalysisasthe organizing principle to answemon-factoidquestions.This

approactcontainsfour majorcomponents:
Detectingsemanticlassesn questionsandanswersources
Identifying propertiesof semanticlasses

Question-answematching: exploring propertiesof semanticclasseso nd relevant

piecesof information

Constructinganswerdy meiging or synthesizingelevantinformationusingrelations

betweersemantiaclasses

WeinvesticgateNFQA in thecontext of clinical questioransweringandfocusonthreesemantic
classeghatcorrespondo rolesin the commonlyaccepted®|CO formatof describingclinical
scenarios.The threeclassesare: the problemof the patient,the interventionusedto treatthe
problem,andthe clinical outcome. Interpretationof ary treatmentscenariocan be derved

usingthethreeclassesThis semanticlass-basedpproachs describedn Chapter2.

Extracting semanticclassesand analyzing their relations We userule-basedapproaches
to identify clinical outcomesandrelationsbetweennstance®f interventionsin sentencesin
QA, extractedclinical outcomescanbe useddirectly to answerquestionsaboutoutcomesof
interventions.In the combinationapproachof outcomeidenti cation thatwe developed,a set
of cuewordsthatsignalthe occurrencef anoutcomearecollectedandclassi ed accordingo
their PoStags.For eachPoScategyory, the syntacticcomponents suggestaresummarizedo

deriverulesfor identifyingboundarie®f outcomesThisapproacltanpotentiallybeappliedto



CHAPTER 1. INTRODUCTION 24

identify or extractany semanticclass.We identify six commonrelationship$etweerdifferent
instancesf interventionsin a sentenceand develop a cue-word basedapproachto identify
the relationsautomatically Theserelationshipswill improve accurag of matchingbetween
guestionsandtheiranswersThey canalsoimprove documentetrieval. After theindex is built
for theseelationsthey canbequerieddirectly. Instance®f semanticlassesindtheirrelations
canbe lled in prede nedframestructuresSuchinformationin freetext is thenrepresentetly
amore-structuredlataformatthatis easierfor further processingThe combinationapproach

andrelationanalysisarepresentedn Chapter3.

Identifying coresof semanticclasses We usethe term core to refer to the smallestfrag-
mentof aninstanceof a semanticclassthat exhibits informationrich enoughfor derving a
reasonablyaccurateunderstandingf the class. We found that coresare an importantprop-
erty of semanticclassesasthey canbetheonly cluesto nd theright answers.In Chapter4,
we shav how coresof interventions,problems,andoutcomesn a sentenceanbe identi ed
automaticallyby developinganapproactexploring semi-supervisetéarningtechniquesThis
approaclkcanbe appliedto identify coresof othersemanticclasseshat have similar syntactic
constituentsandit canbe adaptedo othersemanticclasseghathave differentsyntacticcon-
stituents. This approachcan potentially be appliedto otherclassi cation problemsthat aim
to groupsimilar instancesaswell, e.g.,word sensedisambiguation.The conceptof coresof
semanticclassegds pertinentto mary tasksin computationalinguistics. For example,cores
arerelatedto namedentities. Somecoresof semanticclassesare namedentities,while mary
arenot. Coresasanew type of semantiainit extendstheideaof namedentitiesandthe appli-

cationsthatrely on namedentity identi cation.

Detecting polarity of clinical outcomes A clinical outcomemay be positive, negative or
neutral. Polarityis aninherentpropertyof clinical outcomes.This informationis mandatory
to answerquestionsaboutbene ts and harmsof an intervention. Information on negative
outcomess oftencrucialin clinical decisionrmaking.We developa methodusinga supervised
learningmodelto automaticallydetectpolarity of clinical outcomesWe show thatthis method

hassimilar performanceon differentsourcesof medicaltext. We alsoidentify a causeof the
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bottleneckof performancaisingsupervisedearningapproaches polarity classi cation. The

polarity detectiontaskis discussedn Chapters.

Extracting componentsfor answers We built explicit connectiorbetweertext summariza-
tion andidentifying answercomponentsn NFQA, andconstructa summarizatiorsystemthat
exploresa supervisealassi cationmodelto extractimportantsentencefor answerconstruc-
tion. We investicatetherole of clinical outcomesandtheir polarity in this task. The systemis

presentedn Chapter6.



Chapter 2

Our approachfor NFQA: semanticclass

analysis

As discussedn Chapterl, answersn NFQA arenot namedentitiesandoften consistof mul-
tiple piecesof information. In responsdo thesemajor characteristice®f NFQA, we propose
to useframe-basedemanticclassanalysisasthe organizing principle to answemon-factual

guestions.

We investicgatedNFQA in the context of clinical questionanswering.In this chapter we
discusgheapproactof semanticlassanalysisandhow ourwork ts in thegeneraQA frame-

work.

2.1 Our approachof semanticclassanalysis

Clinical questionsoftendescribescenariosFor example,they may describerelationshipde-
tween clinical problems,treatmentsand correspondingclinical outcomes,or they may be
aboutsymptoms hypothesizedliseaseand diagnosisprocesses.To answerthesequestions,

essentiallywe needan effective scheméao understandgcenariadescriptions.

26
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2.1.1 Representingscenariosusing frames

Semanticroles Our principlein answeringhon-factualquestionsglevelopedfrom the view-
point that semanticf a scenarioor an eventis expressedy the semanticrelationshipshe-
tweenits participantsandsuchsemantiaelationshipsarede ned by therole thateachpartic-
ipant playsin the scenario.Theserelationshipsarereferredto assemantiaoles[Gildeaand
Jurafsly, 2002], or conceptualoles[Riloff, 1999]. This viewpoint candatebackto framese-
mantics posedoy Fillmore [1976] aspartof the natureof language Framesemanticprovides
a schematiaepresentationf events/scenariothat have variousparticipantsasroles. In our
work, we useframesasour representatioschemdor the semantiaolesinvolvedin questions
andanswersources.

Researclon semanticroles has proposeddifferent setsof roles ranging from the very
generalto the very speci c. The mostgeneralrole setconsistsof only two roles: PROTO-
AGENT and PROTO-FATIENT [Dowty, 1991; Valin andRobert,1993]. Rolescanbe more
domain-speci c,suchasperpetratorsyictims, andphysical targetsin aterrorismdomain. In
guestion-answerintasks,speci ¢ semantiaolescanbe moreinstructive in searchingor rel-
evantinformation,andthusmore precisein pinpointingcorrectanswers.Therefore we take

domain-speci crolesasour targets.

The treatmentframe Patient-speci cquestionsn EBM usuallycanbedescribedy the so-
calledPICO format[Saclett et al., 2000] in the medicaldomain. In a treatmentscenariq P
refersto the statusof the patient(or the problem) I meansanintervention C is acomparison
intervention(if relevant), andO describeghe clinical outcome For example,in thefollowing

guestion:

Q: In a patientwith a suspectednyocardialinfarction doesthrombolysisdecreasehe risk of
death?

thedescriptiornof the patientis patientwith a suspectednyocadial infarction, theintervention
is thrombolysisthereis no comparisorinterventionin this question andthe clinical outcome
is decreasethe risk of death Originally, PICO format was developedfor therafy questions
describingreatmenscenariofndwaslaterextendedo othertypesof clinical questionsuch

asdiagnosis,prognosis,andetiology Representinglinical questionswith PICO format is
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widely believed to be the key to ef ciently nding high-quality evidence[Richardsonret al.,
1995; Ebell, 1999]. Empirical studieshave shavn thatidentifying PICO elementsn clinical
scenariosmprovesthe conceptuactlarity of clinical problemgCheng,2004].

We foundthat PICO formathighlightsseveralimportantsemantiaolesin clinical scenar
ios,andcanbeeasilyrepresentedsingtheframestructure. Therefore we constructed frame
baseddnit. SinceC mainlyindicatesacomparisomrelationto I, we combinedthe comparisons
asone ller of thesameslotinterventionin theframe,connectedy aspeci c relation. We fo-
cusontherapy-relatedquestionsandbuilt atreatmenframethatcontainghreeslots,asshavn

in Table2.1.

Table2.1: Thetreatmenframe

P: adescriptionof the patient(or the problem)

I: anintervention

O: theclinical outcome

A slotin aframedesignateasemanticlass(correspondso asemantigole oraconceptual
role), andrelationsbetweensemanticclassesn a scenarioareimplied by the designof the
framestructure Thetreatmenframeexpresses cause-dectrelation: theinterventionfor the
problemresultsin theclinical outcome

Whenapplyingthis frameto a sentencewe extract constituentsn the sentencdo |l in
the slotsin the frame. Theseconstituentareinstancef semanticclasses In this thesis,the
termsinstancesof semanticclassesandslot ller s areusedinterchangeablySomeexamples

of theinstantiatedreatmenframeareasfollows.

Sentence OneRCT [randomizedclinical trial] found no evidencethatlow molecularweighthep-
arin is superiorto aspirinalonefor the treatmentof acuteischaemicstroke in peoplewith atrial
brillation.

P: acuteischaemicstroke in peoplewith atrial brillation

I low moleculamnweightheparinvs. aspirin

O: noevidencethatlow molecularweightheparinis superiorto aspirin
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Sentence Subgroupanalysisin peoplewith congestre heartfailure found that diltiazem signi -
cantlyincreasedleathor reinfarction.

P: peoplewith congestie heartfailure

I diltiazem

O: signi cantly increasedleathor reinfarction

Sentence Thrombolysisreducegherisk of dependeng but increasesherisk of death.
P.—
I': thrombolysis

O: reducegherisk of dependeng but increasesherisk of death

The rst example statesthe result of a clinical trial, while the secondand third depict
clinical outcomesWe do notdistinguishthetwo casesn this study andtreatthemin thesame

manner

How is it relatedto information extraction (IE)? Ourapproactof semantiaclassanalysis
hasacloserelationto IE, in whichdomain-speci csemantigolesareoftenexploredto identify
prede nedtypesof informationfrom text [Riloff, 1999]. Our approactshareshe sameview
with |IE thatsemanticlasses/rolearethekeysto understandcenarialescriptionsFramesare
alsousedin |IE astherepresentatioschemeNeverthelessin ourwork, asshaovn by theabove
examplesof treatmenframes the syntacticconstituent®f aninstanceof a semanticclasscan
bemuchmorecomple thanthoseof traditionallE tasksin whichslot llers areusuallynamed
entities[Riloff, 1999; TREC,2001]. Therefore approachebasedn suchsemanticlassego
beyondnamed-entitydenti cation, andthuswill betteradaptto NFQA. In addition,extracting
instance®f semanticlassegrom text is notthe ultimategoal of QA. Framerepresentatioof
semanticclassegprovidesa platformfor matchingbetweenquestionsaandanswersn our QA
system.We proposeto conductfurther analysison semanticclassego searchfor answergo

non-factualquestionsyhich will bedescribedn thefollowing subsection.
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2.1.2 Main componentsof a QA systemguided by semanticclassanalysis

We proposeto usesemanticclassanalysisto guide the processof searchingor answerso
non-factualquestions.
With semanticlassanalysisastheorganizingprinciple,weidentify four maincomponents

of our QA system:
Detectingsemanticlassesn questionsandanswersources
Identifying propertiesof semanticlasses

Question-answematching: exploring propertiesof semanticclassedo nd relevant

piecesof information

Constructinganswergy meiging or synthesizingelevantinformationusingrelations

betweersemantiaclasses

To searchfor the answerto a question,the questionand the text in which the answermay
occurwill be processedo detectthe semanticclasses. A semanticclasscan have various
properties. Thesepropertiescan be extremely valuablein nding answerswhich we will
discusdn detailin Chapter4, 5, and6. In the matchingprocessthe questionscenariowill be
comparedo ananswercandidateandpiecesof relevantinformationshouldbe identi ed by
exploring propertieof thesemanticlassesTo constructheansweysrelevantinformationthat
hasbeenfoundin the matchingprocesswill be mergedor synthesizedo generateanaccurate
andconciseanswer The processof synthesizingscenariogelieson comparinginstancesof
semanticclassesn thesescenariosFor example,two instancesreexactly the sameor oneis
the hyperrym of the other

Scenarioquestionsare commonin otherdomainsaswell. For instance questionsabout
shipping eventsoften depict relationsbetweenprovider, receiver and means questionson
eventslik e criticizing often containa reviewer, an object thereason andthe manner Frame
semanticss agenerakepresentatioschemdor scenariosThereforewe expectthatthemain
componentsn our QA approaclkcanbe appliedto scenarioquestionsn otherdomainsrather

easily
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2.1.3 The EPoCare Project

Our work is part of the EPoCareproject (“Evidence at the Point of Care”) at the Univer-
sity of Toronto. The projectaimsto provide cliniciansfastaccesst the point of careto the
bestavailable medicalinformationin publishedliterature. Clinicianswill be ableto query
sourcesthat appraisethe evidenceaboutthe treatment,diagnosis,prognosis,etiology, and
prevalenceof medicalconditions. In orderto make the systemavailable at the point of care,
thequestion-answeringystermwill beaccessibleisinghand-heldcomputersTheprojectis an
interdisciplinarycollaborationthat involvesresearchin several disciplines. Projectmembers
in IndustrialEngineeringandCognitive Psychologyareinvestigating the designof the system
throughausercenteredlesignprocessin which requirementsreelicitedfrom enduserswvho
arealsoinvolvedin theevaluationof the prototypesProjectmembersn KnowledgeManage-
mentandNaturalLanguageProcessingim to ensurehatthe answergo queriesareaccurate
andcomplete And projectmembersn Healthinformaticswill testthein uence of thesystem
on clinical decision-makingndclinical outcomes.

Figure 2.1 shavs the architectureof the system. Therearethreemain componentsn the
system. The data sourcesare storedin an XML documentdatabase.The EPoCare server
usesthis databaseo provide answergo queriesposedby clinicians. The knowledgebaseis

the sourceof medicalterminologies.

Data sources The currentdatasourcesncludethe reviews of experimentalresultsfor clin-
ical problemsthat are publishedin Clinical Evidence(CE) (version7) [Barton, 2002], and
Evidence-base®n Call (EBOC)[Ball andPhillips,2001].

CE is a publicationthat reviews the currentstateof knowledgeaboutthe prevention
andtreatmenof clinical conditions.It is a sourceof evidenceon theeffectsof clinical
interventionsandit is updatedevery six months.The maincontentof CE is described
in naturallanguage.Evidencein CE is organizedby a hierarcly structureof disease
catgyories. In this structure,speci c diseasesre groupedtogetherundereachgen-
eral categyory of diseaseasshovn in gure 2.2. For eachspeci c diseasethe effects
of variousinterventionsare summarized.CE is the text sourcethatis usedin most

experimentgeportedn thisthesis.
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Client Application

clinical query clinical answers

EPoCare Server

> Retriever

expansioni of keywords

candidate
documents

Query-Answer
Matcher

candidate answers

Answer Generator

EBOC

Data Sources D 1

Figure2.1: EPoCaresystemarchitecture.
EBOC is anothersourcethat supportsEBM. It providesthe bestavailable evidence

on importanttopicsin clinical practiceby reviewing andsummarizingknowledgein
severaldatabasesncludingthe ‘BestEvidence'CD-ROM, the Cochrand.ibrary, and
PubMed.Topicsin EBOCarearrangedlphabeticallyindexedby diseasarea.Unlike
CE,whichhasafocusontreatmentsEBOCcoversprevalenceclinical featues inves-
tigations therapy, prevention andprognosis Summarie®f the evidencearewritten
in naturallanguageandareoftenaccompanietby tablescontainingdataderivedfrom

theoriginal studies.

Both datasourcesare storedwith XML mark-upin the database.The XML databases
manipulatedoy ToX, arepositorymanagefor XML data[Barbosaetal., 2001]. Repositories

of distributedXML documentsnaybestoredn a le systemarelationaldatabaseyr remotely
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Acute atrial fibrilation

) ) Acute myocardial infarction
Cardiovascular disorders

Stroke management

Heart failure

Acute gastroenteritis in children

Acute otitis media

Child health

Asthma in children

Acute appendicitis

Digestive system disorders| Anal fissure

Colonic diverticular disease

Figure2.2: Diseasecatayoriesin Clinical Evidence

ontheWeh ToX supportslocumentegistration,collectionmanagemenstorageandindexing

choice,andquerieson documentontentandstructure.

EPoCare sewer In the EPoCaresener, the Knowledge Managementeamtakes care of
keyword-basedsearching. A clinical queryfrom the client is processedo form a database
query of keywords. The queryis sentby the retriever to the XML documentdatabaseo
retrieve relevantdocumentge.g.,a completeor partialsectionin CE) in thedatasourcesising
keyword matching.Theresultsarethenpassedo thequery—answematcherto nd theanswer

candidatesFinally, the bestansweris determinedandreturnedo theuser

Therole of naturallanguagerocessings to allow thesystento acceptjueriesxpressedn



CHAPTER 2. OUR APPROACH FOR NFQA: SEMANTIC CLASS ANALYSIS 34

naturallanguageandto betteridentify answersn its natural-languagdatasourcesAfter rele-
vantdocumentareretrievedusingthekeyword-basednatching sentences thesedocuments
will be processedising naturallanguageprocessingechniquedo nd accurateandconcise
answers.Our work describedn the following chapterscanbe adaptedo several modulesof

the EPoCaresystemjncludingthe query-answematder andthe answerextractor.

Knowledgebase The Unied Medical LanguageSystem(UMLS) is a knowledge baseof
medicalterminologies. It is the major knowledgebasein our work. UMLS containsthree

knowledgesources.

TheMetathesauruis thecentralvocalulary componenthatcontaingnformationabout
biomedicalandhealth-relatedonceptsandthe relationshipsamongthem. More than
onenamecanbeusedto referto thesameconceptMetathesaurubnks themtogether
Thereare11typesof relationshipsetweerconceptsn Metathesaurusncludingsyn-
onymy broader and narrower. Eachconceptin the Metathesaurusgs assignedo at

leastonesemantidypefrom anothercomponentf UMLS —the SemantidNetwork.

The Semantid\Network is a network of the generalcategoriesor semantidypes,such
asmentaldisability andpatholaical functions to which all conceptsn the Metathe-
saurushave beenassignedlt providesaconsistentateyorizationof all conceptsepre-
sentedn theUMLS Metathesauruandtheimportantrelationshipbetweerthem.The
2003AA releaseof the SemantidNetwork containsl35 categoriesand54 relations.In
the Network, the categoriesarethe nodes andtherelationshipetweerthemarethe
links. The primarylink in the Network is theisa link. In addition,non-hierarchical
relationsarealsoidenti ed, which belongto ve major cateyories: physicallyrelated
to, spatiallyrelatedto, tempoally relatedto, functionallyrelatedto, andconceptually

relatedto.

The SPECIALIST lexicon containssyntacticinformationaboutbiomedicalterms. It
coverscommonlyoccurring Englishwords and biomedicalvocalulary. The lexicon
entry for eachword or term recordsthe syntactic,morphological,and orthographic

information.
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Thefollowing chaptersliscusourwork in threeof themaincomponentsf our QA system.

Figure2.3shavs how thiswork ts in thegeneralQA architecture.

Question
Set

I’ Identifying

| SemanticClasses
: (Chapter3)

| ExtractingCores
: (Chapter)

: DetectingPolarity
\ (Chapters) \
[ Y Extracting |
Answer :
Components |
(Chapter6) /I

Document
Set

Figure2.3: Ourwork in the QA framework



Chapter 3

ldentifying semanticclassesn text:

lling the frame slots

Thischaptediscusseswo problemsn lling thetreatmenframe:identifyingsemanticlasses
in text andanalyzingrelationsbetweennstance®f a semanticclass. In semanticclassiden-
ti cation, we focuson clinical outcomesasoutcomesare often expressedy morecomple
syntacticstructuresandaremoredif cult to label. In medicaltext, morethanoneintervention
is often mentionedin the treatmentof a diseaseand varioustypesof relationsare involved
betweenheinterventions. Theserelationsareanalyzedautomatically We userule-basedp-

proachesn thesetasks.

3.1 Identifying clinical outcomesusing

a combination approach

In medicaltext, the appearancef somewordsis found oftento be a signalof the occurrence
of an outcome,andusually several words signalthe occurrenceof onesingle outcome. The
combinationapproachthat we appliedfor identifying outcomess basedon this obsenration.
Our approachdoesnot extract the whole outcomeat once. Instead,it tries to identify the
differentpartsof anoutcomethatmay be scatteredn the sentenceandthencombineghemto

form the completeoutcome.

36
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In the combinationapproachdifferentpiecesof an outcomeareidenti ed by somelexi-
cal identi ers, which arereferredto ascuewords. Eachoccurrenceof a cueword suggests
a portion of the expressiorof the outcome.Detectingall of themwill increasethe chanceof
obtainingthe completeoutcome.Also, differentoccurrencesf cuewordsprovide moreevi-
denceof the existenceof an outcome.We evaluatethe two phasef outcomeidenti cation
separatelyThe rst stepis detectingheoccurrencef outcomesandtheseconds determining
theboundarie®f outcomes.

In the experiment,the text we useis from Clinical Evidence(CE). Two sectionsof CE
wereanalyzedor detectionof outcome.Outcomeinformationin the text wasannotatedy a
clinician. About two-thirdsof eachsection(267 sentences total) wastaken asthe analysis

examplesto constructherules,andtherest(156 sentencesdsthetestset.

3.1.1 Detectingclinical outcomesin text

Collecting cue words We manually analyzedthe analysisexamples,and found that cue
words of clinical outcomesbelongto three PoS cateyories: noun, verb, and adjectve. The
cuewordswe foundin theanalysisarelistedin Figure3.1. All thein ectional variantsof the

cuesareusedasidenti ers in theexperiment.

Nouns deathbene t dependengcoutcomeevidenceharmdifferencerisk deterioration
mortality disability independencsurvival signi cance
Verbs: improve reducepreventproduceincreasalecreasaffect

Adjectives bene cial harmfulnegative adwersesuperioreffective

Figure3.1: Cuewordsfor detectingclinical outcomes

In thefollowing examplescuewordsarehighlighted.

(1) Thrombolysisreducegherisk of dependencybut increasegherisk of death

(2) Lubeluzolehasalsobeennotedto have advesseoutcomeespeciallyat higherdoses.
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Table3.1: Resultsof identifying outcomesn CE

False False
Method Correct Positves Negatives Precision% Recall% F-score% Accuray%
baseline 81 75 0 52(81/156) 100 68 52
combinatiomrapproach 67 14 14 83(67/81) 83 83 82

(3) Several small comparatre RCTs[randomizedclinical trials] have found sodiumcro-
moglicateto be lesseffectivethaninhaledcorticosteroidsn improving symptomsand

lung function.

(4) In the systematiaeview of calcium channelantagonistsindirect and limited com-
parisonsof intravenousversusoral administrationfound no signi cant differencein

adveseevents.

Thelasttwo examplesaredifferentfrom otherexamplesin thatthey expressthe outcomes
of clinical trials, which we referto as“results” in thefollowing descriptionwhennecessaryA
“result” might containaclinical outcomewithin it, asresultsofteninvolve a comparisorof the

effectsof two (or more)interventionson adisease.

Evaluating the outcomedetectiontask We evaluatedthe cueword methodof detectingthe
outcomeon the testset. The resultis shavn in Table3.1. A sentencehat containsa clinical
outcomeis a positive case. Eighty-onesentence# the testsetcontainoutcomeswhich is
52% of all the testsentencesThis wastaken asthe baselineof the evaluation: assigninggall
sentence thetestsetto positive. By contrasttheaccurag of thecueword approachs 82%.

In erroranalysiswe foundtwo mainreasonshatsomeoutcomesveremissedn theiden-

ti cation. Oneis thatsomeoutcomesio not have ary cueword:

(5) Gastointestinalsymptomsandheadabeshave beenreportedwith both montelukast

andza rlukast.
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This exampledescribeghattwo adwerseeventsare associatedvith the treatmentwhich im-
plies a negative clinical outcome. This outcomeis only expressedmplicitly, and therefore
missedby the cueword-baseapproach.

Theotherreasons thatalthoughsomewordsmight be regardedascuewords,we did not
includethemin our set;for example fewerandhigher. Adjectiveswerefoundto have themost
irregularusagesn identifying outcomeslt is commonfor themto modify bothinterventions

andoutcomesasshaown in thefollowing examples:

(6) Growth wassigni cantly slower in childrenreceving higher doseinhaledcorticos-

teroids.

(7) At 12 weeks,meanmorningPEFR(peakexpiratory o w rate)was4% higherin the

salmeterofyroup.

Theword higheronly signalsa clinical outcomein the secondexample.Otheradjectvessuch
asless,more, lower, shorterandlonger have similar problems.If they aretakenasidenti ers
of outcomeghensomefalsepositvesarevery likely to be generated.However, if they are
excluded,sometrue outcomeswill be missed.

Therewerel4falsepositvesin theresultof theexperiment.Themaincausevasthatsome

sentencesontaincuewords,andyetthey did not provide ary usefulinformation:

(8) Wefoundthatthebalanceébetweerbene tsandharmshasnotbeenclearlyestablished

for theevacuationof supratentoriahaematomas.
(9) Thethird systematigeview did not evaluatetheseadveseoutcomes

As mentionedat the beginning of this subsectioncurrently the cue wordsfor detecting
clinical outcomeswere collectedmanually In the next stepof our work, we will investicate

automaticapproachesuchasbootstrappingo nd cues.

3.1.2 Determining the textual boundary of clinical outcomes

After the occurrenceof clinical outcomess detectedusingthe cuewords, the next problem

is to determinetheir textual boundaries.Again, we rely on cuewordsto nd the clue. As
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mentionedefore,asingleclinical outcomeoftenhasseveralcuewordsin its expressionsThe
ideais thatif the fragmentof clinical outcomesuggestedby eachcueword s identi ed, then
thecompleteoutcomecanbe obtainedoy combiningor merging thesefragments Because¢he
cuewordsbelongto threePoSgroups,we investicatethe syntacticstructureof the fragments

in aclinical outcomethatmay be suggestedby eachof thegroups.

Developingboundary detectionrules Intheanalysisset,we obtainedhesyntacticstructure
of eachsentenceaswell asthe PoStagsof wordsin the sentencaisingthe Apple Pie parser
[Sekine,1997]. This parsemproducephraseandPoSinformationthatis neededor our work.

It hasvariousoutputformats,andoneof them(shavn in the following example) ts our task
well andis easyto process.Someexamplesof the outputof the parserwith PoSandphrase

informationarelistedin Figure3.2. In the parsingtrees syntactictagsareall capitalizedwhile

Sentence

Thrombolysisreducegherisk of dependeng but increasesherisk of death.

Output of the parser:

(S (NPL (NNPX Thrombolysis)XVP (VP (VBZ reduces\NP (NPL (DT the) (NN risk)) (PP
(IN of) (NPL (NN dependeng)))) (, -COMMA-) (CC but) (VP (VBZ increasesjNP (NPL

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

Sentence

Lubeluzolehasalsobeennotedto have adwerseoutcome gspeciallyat higherdoses.

Output of the parser:

(S (NPL (NNPX Lubeluzole)XVP (VBZ has)(ADVP (RB also))(VP (VBN been)VP (VBN
noted)(TOINF (VP (TO to) (VP (VB have) (NPL (JJadwerse)(NN outcome)), -COMMA-)
(PP(ADVP (RB especially)XIN at) (NPL (JJRhigher)(NNS doses)))))))X. -PERIOD-))

Figure3.2: Examplesof outputof Apple Pie Parser

wordsarenot. Eachword is attachedvith a PoStag, which immediatelyprecedeshe word.
Phrasesremarkedby higherlevel parenthesestartingwith phrasetags. Syntactictagsin the

gure areexplainedin AppendixB.
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Threegenerakulesarederivedto guidetheboundarydeterminatiorfrom the parsingtrees

of all sentences theanalysisexampleset:

If acueis anoun:Thenounphrasethatcontainghe nounwill be partof theoutcome.

If acueis averb: Theverbandits object(if theverbis in active voice) or its subject

(if theverbisin passve voice)togetherconstituteoneportionof theoutcome.

If acueis anadjectve: Thecorrespondin@djectve phraseor thenounphrasebelongs

to theoutcome.

In the rst sentencen Figure 3.2, the verb reducess a cue. Accordingto the rule for
verbs,thenounphrasehatimmediatelyfollowsit is partof theoutcome.Thereforetherisk of
dependencis includedin the outcome.Similarly, the cueword increasesdenti es therisk of
deathaspartof theoutcome By combiningthetwo parts,thecompletedescriptiorof outcome
is detected.

Cuewordsfor the resultsof clinical trials are processedn a slightly differentway. For
example,for differenceandsuperior, ary immediatelyfollowing prepositionalphraseis also
includedin theresultsof thetrial, asshavn in Figure 3.3. The algorithmof the combination

approachs describedn AppendixD.

Sentence

In the systematiaeview of calciumchannelantagonistsindirectandlimited comparison®f
intravenousversusoral administratiorfound no signi cant differencein adwerseevents.
Output of the parser:

(S (PP(IN In) (NP (NPL (DT the) (JJsystematicYNN review)) (PP (IN of) (NPL (NN
calcium) (NN channel)(NNS antagonists))))§, -COMMA-) (NP (NPL (ADJP (JJindirect)
(CCand)(JJlimited)) (NNS comparisons)JPP(IN of) (NPL (ADJP (JJintravenous)(CC
versus)(JJoral)) (NN administration))))(VP (VBD found) (NPL (DT no) (JJ signi -
cant) (NN difference))(PP (IN in) (NPL (JJ adverse) (NNS events)))) (. -PERIOD-))

Figure3.3: An exampleof cueword difference
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Table3.2: Resultsof boundarydetectionof correctlyidenti ed outcomesn CE

Typeof Overlap Number Percentage
Exactmatch 26 39
A entirelywithin B 19 28
B entirelywithin A 13 19
Both partially within the other 8 12
No match 1 1

A: ldenti ed fragmentsB: trueboundary

Evaluating the boundary detectiontask Table3.2 shawvs theresultof boundarydetection
for thoseoutcomeghatwerecorrectlyidenti ed (i.e.,thetruepositivesin thepreviousoutcome
detectiortask). Thetrueboundaryis theboundaryof anoutcomethatwasannotateananually
Thenomatd casemeanghatthereis atrueoutcomen thesentencéut theprogrammissedhe
correctportionsof text andmarkedsomeotherportionsastheoutcome.Theprogramidenti ed
39%of theboundariegxactly thesameasthetrueboundariesin 19%of thesamplesthetrue
boundariesvereentirely within the identi ed fragments.The spurioustext in them (the text
that was not in the true boundary)was found to be smallin mary casesbothin termsof
numberof wordsandin termsof theimportanceof the content.The averagenumberof words
correctlyidenti ed was7 for eachoutcomeandthe numberof spuriouswordswas3.4. The
mostfrequentcontentin the spurioustext wasthe interventionusedto obtainthe outcome.In
thefollowing examplestext in “hi” is theoutcome(result)identi ed automaticallyandtext in

“fg” is spurious.
(10) TheRCTsfoundmo signi cant adwerseeffectsf associateavith salmeterati.

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

lubeluzoleversusplacebai.

In theboundarydetectiontask,again, adjectvesaremostproblematidoecaus®f thegreat
variationin the expressionof outcomesthey suggest. In the following examples,the true

boundarie®f outcomesareindicatedby “[ |’, andadjectvesarehighlighted.
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(12) Small RCTswith physiologicalratherthanclinical end pointsfound that giving 2
agonistsby metereddoseinhalerwith spacerto wheezyinfantswas [h effective i],

[with lesslikelihood]thannehulisation[to shav htransientreductionof lung function

il.

(13) Nehulised 2 agonistsareknown to causeftachycardia,tremot and hypokalaemia],

but [ hseriousadverseeffectsi arerare].

In sentenc€12), the adjectve effectiveis partof the outcome.ln sentenc€13), theclause
thatcontaingheadjectve advesseis partof theoutcome.
The correctnes®f the outputof the parseralsoaffectsthe performanceasshown in the

following example:

Sentence
RCTsfoundno evidencethatlubeluzoleimprovedclinical outcomesn 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-))

Theverbimprovewasincorrectlyassignedo beanadjectvein anounphrase Thusimproveas
averbcueword wasmissedn identifying the outcome However, anothercueword outcomes
wasfound,sothewholenounphrasecontainingoutcomesvasidenti ed astheoutcome.This
examplealsoshavs thatmissingonecueword in identifying the outcomecanbe correctedby

theoccurrencef othercuewordsin thecombinationapproach.

Relatedwork

Machine-learningapproachesind rule-basednethodshave beenusedfor similar problems.
GildeaandJurafsly [2002] useda supervisedearningmethodto learnboththe 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 the unseerdatato detectthe roles. The performanceof the systemwasquite
good. However, it requiresa large training setfor relatedroles. It is usually expensve and
time-consumingo obtainalarge manuallyannotatedlataset.

Rule-basednethodsare exploredin informationextraction(IE) to identify rolesto Il in
slotsin somepre-de nedtemplategCatak et al., 2003]. The rulesarerepresentedy a set
of patterns,andtemplaterole identi cation is usually conductedby patternmatching. Slots
indicatingrolesareembeddedn thesepatterns.Text thatsatis esthe constraintf a pattern
will beidenti ed, andthe contentscorrespondingo the slots are extracted. This approach
hasbeenprovedto be effective in mary IE tasks.However, patternconstructions very time-
consuming.In orderto extractthe rolesandonly the rolesfrom text, their expressionhave
to becustomizedspeci cally in patterns.Targetsconsistingof comple« syntacticconstituents,
e.g., clinical outcomeswill resultin increasingdif culties in patternconstruction,andless
coverageof the patterns.

In our combinationapproach nsteadof building one patternto extract completeinfor-
mation of a target,aswasdonein mostIE systemswe constructedsimplerrulesto identify
portionsof thetargetandthencombinethemto getthe completeinformation. We expectthis
strat@y to releasesomeburdenof manuallycreatingpatternsespeciallyfor taskshaving com-
plex tamgets. In addition,sinceit is a rule-basedapproachjt doesnot needa large manually
annotatedrainingset. A limitation of this approachs that someconnectiondetweendiffer-
entportionsof anoutcomemay be missing.Also, a differentsetof cuewordsmay needto be

collectedwhenadaptingto a new domain.

3.2 Analysisof Relations

More thanoneinstanceof semanticclasse®ftenoccursin a sentencesomeinstancesre of
the sameclass,while someof themarenot. For thoseof differentsemanticclassesi.e., inter-
vention,diseaseand outcome they oftenfollow the relationimplied by the frame structure.
In our treatmentirame, it is a cause-dect relation: the useof theinterventionto the disease
resultsin the outcome.For thoseof the samesemantiaclass,e.g.,intervention,we foundthat

variousrelationsoccur As discussedn Section2.1, scenariosreaboutsemanticlassesand
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their relations.In our approachof semanticclassanalysis,understandinguchrelationsis an
importantpart of interpretingscenarios. Theserelationsare the target of this section. We
only evaluaterelationsbetweendifferentinstance®f interventionin asentenceaswe obsene
thata sentenceften mentionsmorethanoneintervention. Relationsbetweerdiseasesanbe
analyzedn asimilar way althoughthey occurmuchlessoftenthaninterventions.

Text from CE wasanalyzedmanuallyto understandvhatrelationsare ofteninvolved and
how they are represented.Then, an approachwas developedto automaticallyidentify the
relations. The text for the analysisandtestis the sameasin the outcomeidenti cation task.

Interventionsin thetext wereannotatedy a clinician.

Collecting cuewords and symbols As with outcomeidenti cation, we foundthatthesere-
lationscanbeidenti ed by agroupof cuewordsor symbols.For example theword plusrefers
to thecoMBINATION of two or moreinterventions theword or, aswell asacommaoftensug-
geststhe ALTERNATIVE relation,andthe word versus(or v) usuallyimpliesa COMPARISON

relation,asshavn in thefollowing examples:

(14) The combinationof aspirin plus streptokinasesigni cantly increasednortality at 3

months.

(15) RCTsfound no evidencethat calciumchannelantagonistslubeluzole aminolutyric
acidagonistsglycine antagonistsor N-methyl-D-aspartatentagonistsmprove clin-

ical outcomesn peoplewith acuteischaemicstroke.

(16) Onesystematiaeview found no shortor long termimprovementin acuteischaemic
stroke with immediatesystemicanticoagulantgunfractionatedheparin low molecular
weightheparin heparinoidsor speci ¢ thrombininhibitors)versususualcarewithout

systemicanticoagulants.

It is worth notingthatin CE, the experimentakonditionsareoftenexplainedin thedescription

of theoutcomesfor example:

(17) Growth was signi cantly slower in childrenreceving higher doseinhaledcorticos-
teroids(3.6cm,95% CI 3.0to 4.2 with doubledosebeclometasone 5.1cm,95% Cl
4.5t0 5.7 with salmeteol v 4.5cm,95% CI 3.8to 5.2 with placebo)



CHAPTER 3. IDENTIFYING SEMANTIC CLASSES IN TEXT: FILLING THE FRAME SLOTS 46

(18) It foundthatthe additionfor 4 weeksof oral theoplylline versusplaceboincreased
the meannumberof symptomfree days(63% with theophyllinev 42% with placebo;
P=0.02)

(19) Studiesof adultswith poorcontrolon low doseinhaledsteroid(seesalmeteol v high
doseinhaledcorticostepids underadult asthma)have found greaterbene t with ad-

ditionallong-acting 2 agonistghanwith higherdosesof inhaledsteroid.

Theseconditionsareusuallyin parenthesesThey are often phrasesandeven just fragments
of stringsthatarenotrepresenteth a uniformway with the otherpartsof the sentenceTheir
behaior is moredif cult to captureandthereforeherelationsamongtheconceptsn thesede-
scriptionsaremoredif cult to identify. Becauseahey usuallyareexamplesanddata,omission
of themwill notaffecttheunderstandingf thewhole sentencen mostcases.

Six commonrelationsandtheir cuewordswerefoundin thetext whichareshavnin Table
3.3. Cuewordsandsymbolsbetweerninterventionswere rst collectedfrom thetrainingtext.
Thenthe relationsthey signalwereanalyzed.Somecuewordsare ambiguousfor example,
and andwith. It is interestingto nd thatandin thetext whenit connectdwo interventions

usuallysuggestsinalternatve relationratherthanacombinatiorrelation,asin theexample:

(20) Both salmeteroland beclometasonanproved FEV1 comparedwith placebo but the

differencebetweerbeclometasonandsalmeterolvasnot signi cant.

Comparedvith versus plus etc., andandwith areweakcuesasmary of theirappearances

in thetext do notsuggesa relationbetweertwo interventions.

Experiment Onthebasisof thisanalysisanautomatiaelationanalysigprocessvasapplied
to the testset. The testsetis the sameasin outcomeidenti cation. In the experiment,if a
cuepresentdbetweenwo interventionsin a sentencethe relationof the interventionswill be
detected.To dealwith the casethatmorethanonecueappeambetweertwo interventions,we
assignedgrioritiesto cuewords/symbolsaccordingto how strongthey are. A cuewith higher
priority determinegherelation. And andwith getlower priority comparedo othercues.And

hashigherpriority thanwith. For*®,” and“(”, they arecuesonly whenthey aretheonly symbols
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Table3.3: Cuewords/symbolgor relationsbetweennterventions

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 substitutedor

PREFERENCE ratherthan

betweentwo interventions. Thereforethey do not needto be assignedriorities. Othercues
arenot assignedriorities sincethey usuallydo not co-occurbetweentwo interventions. For
ambiguouscuesand with, and“(” , we assignthe mostfrequentrelationthey indicatein the
analysissxamplego ary occurrencef themin thetestset. Thereforeandsuggestsilternatve

relationswith and“(” indicatespeci cationrelations.

The testprocesswasdivided into two parts: onetook parentheticatlescriptiongnto ac-
count(casel) andthe otheronedid not (case2). In the evaluation,for sentencethatcontain
atleasttwo interventions,‘correct” meanghattherelationidenti ed automaticallyis thesame
asmarked by theannotator“wrong” indicatesthatthe two aredifferent. In a“missing” case,
arelationis ignoredby the automaticapproach We did not evaluatethe relationbetweenrary
two interventionsin a sentenceinsteadwe only consideredwo interventionsthatarerelated
to eachotherby a cueword or symbot (includingthoseconnectedy cuewordsotherthanthe
setcollectedfrom thetrainingtext). Theresultsof thetwo casesareshavn in Table3.4. Most
errorsarebecausef the weakindicatorswith andand As in the outcomeidenti cation task,

boththetrainingandtestsetsarerathersmall,asno standardannotatedext is available.

Someof the surfacerelationshipsn Table3.3re ect deeperrelationshipof the semantic

1Thereis only oneimplicit relation(arelationwithoutacuewordidenti er) for casel andcase respectiely.
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Table3.4: Resultsof relationanalysis

Correct Wrong Missing FalsePositve
casel 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(sjhat are treated. The
SPECIFICATION relation,on the otherhand,suggests hierarchicalrelationbetweenthe rst
interventionandthefollowing onesjn whichthe rst interventionis ahigherlevel conceptand
thefollowing interventionsareatalower level. For example,in example(16), systemi@ntico-
agulantsis a higherlevel conceptunfractionatedheparin,low molecularweightheparin etc.,

areexamplesof it thatlie atalower level.

3.3 Summary

This chapterdescribesour work in identifying clinical outcomesandanalyzingrelationsbe-
tweeninterventions. In question-answeringhis informationwill be extractedto Il in the
guestionframe andframesof potentialanswers.In addition, the relationscanbe indexed to
improve documentretrieval by supportingdirect relation search. For example,if a useris
interestedn a comparisonstudy of two interventions,then specifyingboth the relationand
theinterventionsasthe searchingstrat@y will getmoreaccurateesultsthanjustlooking for
theinterventions.It canbe very importantfor medicalinformationretrieval, assuchrelations

occurfrequentlyin thetext.



Chapter 4

Coresof semanticclasses

In this chapterwe discussa propertyof semanticlasses- their cores.

In aframestructuretheslotsin questionandanswerframescanbe lled with eithercom-
pleteor partial information. Considerthe following example,whereparenthesedelimit each
instanceof asemanticlass(aslot ller) andthelabelsP (problemdescription)) (aninterven-

tion), O (theclinical outcome)indicatethetypeof theinstance:

Sentence:
Two systematiceviewsin (peoplewith AMI) p investigatingthe useof (calciumchanneblockers)

founda (non-signi cantincreasan mortality of about4% and6%)o.

Completeslot ller s
P: peoplewith AMI
I: calciumchanneblockers

O: anon-signi cantincreasen mortality of about4% and6%

Partial slot ller s:
P: AMI
I: calciumchanneblockers

O: mortality

The partial slot llers in this example containthe smallestfragmentsof the corresponding
completeslot llers that exhibit information rich enoughfor deriving a reasonablyprecise

answer We usethetermcore to referto suchafractionof aslot ller (instanceof a semantic

49
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class).

4.1 Importance of cores

As discussedn Chapterl, beforethe matchingprocesskeyword-basedlocumentetrieval is
usuallyperformedo nd relevantdocumentshatmay containtheanswerto a givenquestion.
Keywordsin the retrieval are derved from the question. Coresof semanticclassescan be
extremelyvaluablein searchingor suchdocumentgor complex questionscenariosasshown
in thefollowing example?
Questionscenario:
A physicianseesa 7-yearold child with asthmain herof ce. Sheis on o ventandventolin
currentlyandwasrecentlydischagedfrom hospitalfollowing herfourthadmissiorfor asthma
exacerbationDuringthemostrecentadmissionthedoseof o ventwasincreasedHer mother
is concernedibouttheimpactof theadditionaldoseof steroidson herdaughters growth. This

is the questionto which the physicianwantsto nd theanswer

For a complex scenariadescriptionlik e this, the answercould be missedor drownedin irrel-
evant documentdound by inappropriatekeywords derived from the question. However, the
searclcanbemuchmoreeffective if we have theinformationof coresof semantiaclassesfor
example,P: asthma]: steoids,O: growth

Similarly, semanticpresentedh corescanhelp lter outirrelevantinformationthatcannot

beidenti ed by searchingnethodsbasedon simplestringoverlaps.

(21) In patientswith myocardial infar ction, do blockersreduceall causemortality and

recurrent myocardial infar ction withoutadwerseeffects?

(22) In someonavith hypertensionandhigh cholesteol, what managemenbptionswill

decreaséisrisk of stroke andcardiac events?

In question(21),the rst occurrencef myocadial infarctionis adiseasendtheseconds part
of the clinical outcome.In question(22), stroke is part of the clinical outcomeratherthana

diseaséo betreatedasit usuallyis. Obviously, stringmatchingcannotistinguishbetweerthe

1Thescenarids anexampleusedin usabilitytestingin the EPoCareprojectat the University of Toronto.



CHAPTER 4. CORES OF SEMANTIC CLASSES 51

two casesBY identifyingandclassifyingcoresof semanticlassestherelationsbetweerthese
importantsemantiainitsin thescenario@revery clear Thereforedocument®r passagethat
do not containmyocadial infarction or stroke asclinical outcomesanbediscarded.

In addition,identifying coresof semantiaclassesn documentsanfacilitatethe question-
answematchingprocess Someevidencerelevantto theabove questionscenariocon asthmais

listed below, whereboldfaceindicatesa core:

Evidencel:A morerecentsystematiaeview (searchdate1999)found threeRCTscompar
ing the effectsof becolmetasoneandnon-stemidal medication on lineargrowth in children
with asthma (200 g twice daily, durationup to maximumb4 weeks)suggesting short-term

decreasén lineargrowth of -1.54cmayeat

Evidence2Two systematiceviews of studieswith longtermfollow up anda subsequerbng-
termRCT have found no evidenceof growth retardation in asthmatic childr en treatedwith

inhaledsteroids.

Theevidencesentenceblerearefrom CE [Barton,2002]. Theclinical outcomesnentionedn
theevidencehave very differentphrasings— yetbothpiecesof theevidencearerelevantto the
guestion.The piecesof evidencedescribawo distinctoutcomes— thatshort-termdecreasén
growth is foundandthatthereis no effecton growth in somelong-termstudies Missingary of
the outcomeswill leadto anincompleteanswerfor the physician.Here,coresof the semantic
classegprovide the only clue thatboth piecesof this evidencearerelevantto this questionand
shouldbeincludedin the answer Hence,a completedescriptionof semantiaclassesloesnot
have to be found. In fact,sucha descriptionwith moreinformationcould make the matching
harderto nd becaus®f thedifferentexpression®f the outcomes.

Finally, coresof semantiaclassesn a scenaricareconnectedo eachotherby therelations
embeddedn the framestructure.The frameof the treatmenscenariccontainsa cause-gect
relation: aninterventionusedto treata problemresultsin a clinical outcome.

In this chaptey we proposea methodto automaticallyidentify and classify the coresof
semanticclassesaccordingto their contect 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 descriptionwe will usethetermsintervention-coe, disease-ca, and

outcome-ca to refer to the correspondingcores. We work at the sentencdevel, i.e., we
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identify coresin a sentenceatherthana clauseor paragraph.Two principlesare followed
in developingthe method. First, completeslot llers do not have to be extractedbeforecore
identi cation. Secondwe aim to reducethe needfor expensve manualannotatiorof training

databy usinga semi-supervisedpproach.

4.2 Architecture of the method

In our approachye rst collectcandidate®f thetargetcoresfrom sentencesinderconsider
ation. For eachcandidatewe classifyit asoneof thefour classesintervention-cog, disease-
core, outcome-cag, or other. In theclassi cation,a candidatewill geta classlabelaccording
to its contet, its UMLS semantictypes,andthe syntacticrelationsin which it participates.

Figure4.1shavsthearchitectureof theapproach.

Preprocessing Classi cation
4 ) 4 A
PoSTagging SyntacticRelations
words candidates cores
EEEE——— p(cjn)ortf idf Contet Features EEE——
(nounphrases)

UMLS DomainFeatures

- J . J

Figure4.1: Architectureof theapproachof coreidenti cation

4.3 Preprocessing

In the preprocessingall wordsin the datasetareexamined.The rst two stepsareto reduce
noise,in which someof the wordsthat are unlikely to be part of real coresare ltered out.
Then,therestaremappedo their correspondingonceptsandtheseconceptsarecandidates
of targetcores.

PoStagging Ourobsenationis thatcoresof thethreetypesof slot llers areusuallynouns
or nounphrasesThereforewordsthatarenot nounsare rst removedfrom the candidateset.

PoStagsareobtainedby usingBrill' stagger{Brill, 1993].
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Filtering out somebad nouns This stepis the secondattemptto remaove noisefrom the
candidateset. Nounsthatareunlikely to be partof realcoresareconsideredsbadcandidates.

Two researcloptionsof measureareusedto evaluatehow goodanounis.

Extendedf idf.

LetDocSet = fDy; ; Dqg beasetof documentsandN ounSet = fNy; 'Nnhg
bethesetof nounsin DocSet. Forary i 2 [1::n] andj 2 [1::.d], let oﬁ bethenumber
of occurrence®f N; in Dj, andq# be the numberof documentsvhereN; appears.

Thescoreof N; is de ned as
score; = maxjppug (1 + thy) idf;

where 8
g, = 9% A0 = toga=¢ ).
-0 1 o =0

Theformula(1+tf;) idf; istakenfrom [ManningandScHutze, 1999],andit isthe
traditionalmeasuref informatvenesof aword with regardto adocumentAfter this
valueis calculatedor anounin eachdocumentthehighestvalueof all thedocuments
is takenasthe nal scoreof the noun. Nounswith scoredower thana thresholdare
removed from the candidateset. The thresholdwas setmanuallyafter observingthe
scorenf somenounsthatfrequentlyoccurin thetext. CE text is usedto getthescore
of a noun. For this, 47 sectionsin CE areseggmentedto 143 les of aboutthe same
size.Each le is treatedasa document.This measuras referredto astf idf in later

description.

Domainspeci city. We calculatethe conditionalprobability p(cj n)= p(c; n)=p(n),
wherec is the medicalclass,andn is anoun. It is the probability thata documents
in the medicaldomainc givenit containsthe nounn. Intuitively, intervention-coes,
disease-cars andoutcome-cagsare domain-speci c,i.e., a documenthat contains
themis verylikely to bein themedicaldomain.For example,morbidity, mortality, as-
pirin, andmyocadial infarction arevery likely to occurin amedicine-relatedontext.

This measurantendsto keephighly medicaldomain-speci cnounsin the candidate
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set. A nounis a bettercandidatdf the correspondingrobabilityis high. Text from
two domainss neededn this measuremedicaltext, andnon-medicatext. In our ex-
periment,we usethe same47 sectionsn CE asthe medicalclasstext (separatednto
143 les of aboutthe samesize). For the non-medicaklass,we useReuters-21578
text collection. The collectionhas21,578documents.Thesedocumentsappearewn
theReutersnewswirein 1987,andthey arecollected1000to a le. We useit because
newswire storiesaremainly in the generaldomain. One le (1000documents)n the
Reutersollectionarerandomlyselectedor the calculation.Nounswhoseprobability
valuesarebelow athreshold determinedn thesamemannerasin thetf idf measure)

are ltered out.

Mapping to conceptsTo this point, the candidatesetconsistsof nouns. In mary cases,
nounsarepartof nounphrasegconceptsjhatarebettercandidate®f cores.For example,the
phrasemyocadial infarction is a bettercandidateof a disease-coréhanthe nouninfarction.
Therefore,a nounis mappedto its correspondindJMLS conceptin the sentence.All the
conceptdorm the candidate®f coresto beclassi ed.

To nd the conceptsa sentences processedy the software MetaMap[Aronson,2001].
MetaMapmapsbiomedicaltext to conceptan the UMLS Metathesauruand nds their se-
mantictypesin the semantimetwork of UMLS. The majorstepsn the mappingconductedy

MetaMapis outlinedasfollows.

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

minimal commitmenfparseffNationalLibrary of Medicine,2004].

2. VariantgenerationFor eachphraseyariantsaregeneratedisingtheknowledgein the
SPECIALISTlexiconin UMLS andadatabasef synoryms. Varioustypesof variants
are generatedor a phraseword, including its acroryms, abbreiations, synoryms,

derivationalvariants,in ectional andspellingvariants.

3. Candidateetrieval. Any stringin Metathesaurusontainingatleastoneof thevariants

Is retrievedasa candidateconcept.
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4. Candidateevaluation. Eachcandidatds evaluatedagainstthe original phraseaccord-
ing to someweightingschemaThe candidatesrethenorderedaccordingo themap-

ping strength.

5. Mappingconstruction.Candidatesnvolved in the phraseare combinedto construct
completemappings,and the strengthof the mappingsis computedusing the same
scheman candidateevaluation.Mappingswith the higheststrengthrepresenthe best

interpretatiorof MetaMapof the original phrase.

Figure 4.2 shavs an exampleof the output of MetaMap. The sentencen the gure is
processedy MetaMapand only part of the outputis shovn. The completeoutputis listed
in AppendixE. In this example,MetaMapidenti ed a conceptmyocadial infarction in the
sentencewhichis in correspondence the candidatenouninfarction. Therefore the phrase
myocadial infarctionis usedasa candidateyhile the original nouninfarctionis notincluded

in thenew candidateset.

4.4 Representingcandidatesusing features

We expectthat candidatesn the samesemanticclasswill have similar behaior. Therefore,
theideaof the classi cationis to grouptogethersimilar candidatesThe similarity is charac-
terizedby syntacticrelations,contet information,andsemantiadypesin UMLS. All features

arebinaryfeaturesj.e., afeaturetakesvaluel if it is presentptherwisejt takesvalueO.

Global syntactic relations Syntacticrelationshave beenexploredto group similar words
[Lin, 1998]andwordsof the samesensdn word sensedisambiguatiofK ohombarandLee,
2005].

Giventhefollowing sentencef_in, 1998]:

A bottle of tezguinas onthetable.

Everyonelikestezguino

Tezguinomakesyou drunk.
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Sentence

It foundthatthe combinedrateof myocardialinfarction,stroke, or deathwasslightly lower in
thelower dosethanin the higherdosegroupsat 3 months.

Output of MetaMap:

Phrase:of myocardialinfarction”

Meta Candidate$6)

1000Myocardiallnfarction[Diseaseor Syndrome]
861Infarction[Finding,RathologicFunction]

861 Myocardial[FunctionalConcept]

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

789MIS (Mullerian ductinhibiting substance)Amino Acid, Peptide or Protein,Hormone]
789Myocardium[Tissue]

MetaMapping(1000)

1000Myocardiallnfarction[Diseaseor Syndrome]

Phrase!‘stroke”

MetaCandidategl)

1000Stroke (CerebreascularaccidentDiseaseor Syndrome]
MetaMapping(1000)

1000Stroke (Cerebroascularaccident)Diseaseor Syndrome]

Phrase'or”
MetaCandidate$0): <none>

MetaMappings:< none>

Figure4.2: Exampleof outputof MetaMap
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We malke tezguinocout of corn.

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

Kohombanand Lee [2005] determinethe senseof a word in a context by observinga
subsefof all syntacticrelationsin the corpusthatthe word participatesn. The hypothesiss
thatdifferentinstance®f the samesensewill have similarrelations.

In ourwork, we needto groupcoresof thesamesemanticlass.Suchcoresmayparticipate
in similar syntacticrelationswhile thoseof differentclasseswill have differentrelations.For
example, intervention-coresoften are subjectsof sentenceswhile outcome-coresre often
objects.

Candidatesn our task are phrasesjnsteadof wordsasin [Lin, 1998] and [Kohomban
andLee, 2005]. Thus,we extendtheir approachesf analyzingrelationsbetweenwo words
to extract relationsbetweena word and a phrase. This is doneby consideringall relations
betweena candidatenoun phraseand other words in the sentence.To do that, we ignore
relationsbetweerary two wordsin thephrasenvhenextractingsyntactiaelations.Any relation
betweena word not in the phraseanda word in the phraseis extracted. We usethe Minipar
parser[Lin, 1994]to getthe syntacticrelationsbetweenwords. After a sentences parsed,
we extractrelevantsyntacticrelationsfrom the outputof the parser A relationis represented
usinga triple thatcontainstwo words(oneof themis in the nounphraseandthe otheris not)
andthe grammaticarelationbetweenthem. Figure 4.3 shaws relevant triples extractedfrom
a sentence.The outputof Minipar on this sentences shavn in AppendixF . Becausdong
distanceelationsareconsideredtherelationbetweerthrombolysisandincreasess captured.

In thefeatureconstructionatriple is takenasafeature.Thesetof all distincttriplesis the

syntacticrelationfeaturesetin theclassi cation.

Local context Context of candidatess alsoimportantin distinguishingdifferentclassesFor
example,a disease-corenay often have peoplewith in its left context. However, it is very
unlikely thatthe phrasepeoplewith mortality will occurin thetext.

As we mentioneda sentenceften containsseveral instancesof semanticclasseghence

severalcores)thatwe areinterestedn. Wide-windav context is not of muchusein differenti-
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Sentence

Thrombolysisreducegherisk of dependeng but increaseshe chanceof death.
Candidates

thrombolysisdependeng death

Relations

(thrombolysissubj—ofincrease)(thrombolysissubj—ofreduce)
(dependengpcomp-n—ofof)

(deathpcomp-n—ofof)

Figure4.3: Exampleof dependengtriplesextractedfrom outputof Minipar parser

atingthesecores.In our experimentwe consideredhetwo wordson bothsidesof acandidate
(stopwordswere excluded). When extracting context features,all punctuationmarkswere
removed exceptthe sentencéoundary Thewindow did not crossboundarie®f sentences.
We evaluatedtwo representationsf contet: with andwithout order In the orderedcase,
local context to theleft of the phrases marked by -LLL, thatto theright is markedby RRR-
Symbols-LLL andRRR-areusedonly to indicatethe orderof text. For the candidatedepen-
dencyin Figure4.3,thecontet featuresvith orderare:reduces-LLLrisk-LLL, RRR-inceases
andRRR-tiance Thecontet featuresvithout orderare:reducesrisk, increasesandchance
This exampleshawvs a casewhereorderedcontet helpsdistinguishan intervention-core
from an outcome-core.If orderis not consideredcandidategshrombolysisand dependency
have overlappectontet: reducesndrisk. Whentakingorderinto accountthey have no over-
lappedfeaturesatall —thrombolysidasfeatureqRRR-educeandRRR-riskwhile dependency

hasfeatureseduces-LLLlandrisk-LLL.

Domain features As describedn the mappingto conceptsstepin the preprocessingat the
sametime of mappingtext to conceptsan UMLS, MetaMapalso nds their semantictypes.
Eachcandidatehasa semantiadype de ned in the SemantidNetwork of UMLS. For example,
thesemantiaypeof deathis organismfunction, thatof disability is pathologic function, and

that of dependencys physical disability. Thesesemantictypesare usedasfeaturesin the
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Table4.1: Numberof Instance®f Coresin the Whole DataSet

Intervention-core Disease-core Outcome-core Total
501 153 384 1038

classi cation.

4.5 Data set

Two sectionsof CE wereusedin theexperimentsA clinician labeledthetext for intervention-
coresanddisease-coresCompleteclinical outcomesarealsoidenti ed. Usingthe annotation
asabasis,outcome-corewerelabeledby theauthor The numberof instance®f eachclassis

shavnin Table4.1.

Data analysis In our approachthe designof the featureds intendedto groupsimilar cores
togetherAs a rst stepto verify how well theintentionis captureddy thefeatureswe obsere
thegeometricstructureof the data.

In theanalysiscandidatesrederived usingthe domainspeci city measurg(cj n). Each
candidatas representethy a vectorof dimensionalityD , whereeachdimensioncorresponds
to asinglefeature.Thefeaturesetconsistf syntacticfeaturesprderedcontet, andsemantic
types. We mapthe high-dimensionatlataspaceto a low-dimensionakpaceusingthe locally
linearembeddingLLE) algorithm[Roweis andSaul,2000]for easyobsenation. LLE maps
high-dimensionatiatainto a singleglobal coordinatesystemof low dimensionalityby recon-
structingeachdatapoint from its neighbors.The contrikution of the neighborssummarized
by the reconstructionveights, capturesintrinsic geometricpropertiesof the data. Because
suchpropertiesare independentf linear transformationghat are neededto map the origi-
nal high-dimensionatoordinatef eachneighborhoodo the low-dimensionalcoordinates,
they areequallyvalid in the low-dimensionalspace. In Figure 4.4, the datais mappedto a
3-dimensionabkpace(the coordinateaxesin the gure do not have speci ¢ meaningsasthey

do not representoordinatesof real data). Candidate®f the four classegintervention-core,
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disease-coreputcome-coreand other) arerepresentedby (red) stars,(blue) circles, (green)
crossesand (black) triangles,respectrely. We canseethat candidatesn the sameclassare

closeto eachother andclustersof datapointsareobseredin the gure.

Figure4.4: Manifold structureof data

4.6 The modelof classi cation

Becauseur classi cationstratgy is to grouptogethersimilar coresandthe clusterstructure
of the datais obsered, we chosea semi-supervisetearningmodeldevelopedby Zhu et al.
[2003] that exploresthe clusterstructureof datain classi cation. The generalhypothesisof
this approachs thatsimilar datapointswill have similarlabels.

A graphis constructedn thismodel.In thegraph,nodescorrespondo bothlabeledandun-

labeleddatapoints(candidatesf cores) andanedgebetweertwo nodess weightedaccording
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G = (V; E) canbeconstructedywherethe setof nodesV correspondo bothlabeledandun-
labeleddatapointsandE is the setof edges. The edgebetweentwo nodesi; j is weighted.
Weightsw; areassignedo agreewith the hypothesisfor example,usinga radial basisfunc-
tion (RBF) kernel: w; = exp( d?(x;;x;)= ?), we canassignlarger edgeweightsto closer
pointsin Euclideanspace.

Zhu et al. developedtwo approache®f propaating labelsfrom labeleddatapointsto
unlabeleddatapointswhich have the samesolutionto the problem(the optimumsolutionis
unique).Oneof themfollows closelytheintuition of thepropagtion,while theotheris de ned
within a betterframevork. The rst is describedhereto help understandhe intuition of the

model,andthe seconds depictedbecausét is usedin the experiment.

The iteration approach In the prediction,labelsare pushedfrom labeledpointsthrough
edgedo all unlabeledpointsusinga probabilistictransitionmatrix, wherelargeredgeweights
allow labelsto travel througheasier The(l + u) (I + u) probabilistictransitionmatrix T is
de ned as[Zhu andGhahramani2002]:

T = p Wij
= [+u
k=1 Wkj

whereT; is theprobabilitymoving fromj toi. A labelmatrixB isa(l + u) cmatrix,where
cis thenumberof classesn thetask,andeachrow representshelabelprobabilitydistribution
of adatapoint.

In this problemsetup Zhu andGhahramanproposedhelabelpropagtionalgorithm:
1. PropagteB  TB;
2. Row-normalizeB to maintainthe probabilityinterpretatiorof the row;
3. Clampthelabeleddatato keepthe knowledgeof originally labeleddata;
4. Repeafrom stepl until B corverges.
The label of a datapoint is determinedby the largestprobabilityin arow of B. It hasbeen
proved that the algorithm converges. In fact, the solution can be directly obtainedwithout

iterative propagtion.
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Label propagation using Gaussianrandom elds In [Zhu et al., 2003], Zhu et al. for-
mulatedthe intuitive label propa@tion approachas a problem of enegy minimization in
the framework of Gaussianrandom elds, wherethe Gaussianeld is over a continuous
statespace jnsteadof over discretelabel set. Theideais to computea real-valuedfunction
f :V ! R ongraphG thatminimizestheenegy functionE(f ) = %P g Wy (F@) (] )2,
wherei andj correspondo datapointsin the problem. The functionf = argminE(f)
determineghe labelsof unlabeleddatapoints. This solutioncanbe ef ciently computedby
direct matrix calculationeven for multi-label classi cation, in which solutionsare generally
computationallyexpensve in otherframeworks.

This approachpropagteslabelsfrom labeleddatapointsto unlabeleddatapointsaccord-
ing to the similarity on the edges thusit follows closelythe clusterstructureof the datain
prediction.We expectit to performreasonablyvell onour dataset.lt is referredto as*SEMI”

in thefollowing description.

4.7 Resultsand analysis

We useSemilL[Huangetal.,2006],animplementatiorof thealgorithmusingGaussiamandom
elds in theexperiment.SemilL providesdifferentoptionsfor classi cation,amongthemsome

arepertinentto our problemsetting:

Distancetype. The distancebetweentwo nodescan be either Euclideandistanceor

Cosinedistance.

Kerneltype. The function usedto assignweightson the edge. We useRBF in our
experiment.The Sigmavaluein the RBF kernelis setheuristicallyusinglabeleddata
(Sigmais setto bethemedianof thedistanceérom eachdatapointin the positive class

to its nearesheighbourin the negative class[Jaaklolaetal., 1999].)?

Normalizationof the real-valuedfunctionf . It is designedo minimize the effect of

unbalancedlatasetin the classi cation. As our datais unbalancedye turn on this

2For heuristicallyset Sigmavaluesin the thesis,several other Sigmavalueswere usedto verify the setting,
andtheresultsshav thatthe performances stable.
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parameteto treateachclassequally

The performanceof using Euclideandistanceand Cosinedistancein the similarity measure
is comparedn the experimentin Section4.7.4. Default valuesare usedfor the restof the
parameters.

We rst evaluatethe performanceof the semi-supervisethodelon differentfeaturesets.
Then, we comparethe two candidatesetsobtainedby usingtf idf and domainspeci city
p(cj n), respectiely. Finally, we comparghesemi-supervisethodelto asupervisedpproach
to justify the usageof a semi-supervisedpproachn the problem.

In all experiments the datasetcontainsall candidateof cores. Unlessotherwisemen-
tioned,theresultreporteds achievedby usingthe candidatesetderivedby p(cj n), thefeature
setof the combinationof syntacticrelations,orderedcontect, andsemantiaypes,andthedis-
tancemeasureof cosinedistance. The resultof an experimentis the averageof 20 runs. In
eachrun, labeleddatais randomlyselectedrom the candidateset,andthe restis unlabeled
datawhoselabelsneedto be predicted We make sureall classesrepresenin labeleddata. If
ary classis absentwe redothe sampling.The evaluationof the semanticclassess very strict:
a candidatas givencreditif it getsthe samelabelasgivenby the annotatorandthe tokensit
containsareexactly the sameasmarked by the annotator Candidateshat containonly some
of thetokensmatchingthe labelsgiven by the annotatorsare treatedasthe other classin the

evaluation.

4.7.1 Experiment 1: Evaluation of feature sets

This experimentevaluatesdifferentfeaturesetsin the classi cation. As describedn section
4.3,two optionsareusedin the secondstepof preprocessintp pick up goodcandidatesHere,
asour focusis onthefeaturesetwe reportonly resultson candidateselectedy p(cjn). The
numberof instance®f eachof thefour targetclassesn the candidatesetis shavnin Table4.2
(Theperformanceof candidateselectionwill bediscussedn subsectior.7.2).
Figure4.5shavstheaccurag of classi cationusingdifferentcombinationof four feature
sets: syntacticrelations,orderedcontect, un-orderedcontext, and semantictypes. We seta

baselineby assignindabelsto datapointsaccordingo the prior knowledgeof thedistribution
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Table4.2: Numberof Instance®f TargetClassesn the CandidateSet

Intervention-core Disease-core Outcome-core Others Total
298 106 209 801 1414

0.8

0.7

Accuracy
o
[62]
T

0.4

baseline using class prior
— — —baseline using majority label
0.3 . —*—rel : :
—+— rel+orderco

rel+co
—<— rel+orderco+tp
r?l+co+tp

0.2 | | | | | J
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Fraction of data used as labeled data

rel: syntacticrelations
orderco:orderedcontext
co: no-ordercontext

tp: semantiaypes

Figure4.5: Classi cationResultsof Candidates

of the four classeswhich hasaccurag of 0.395. Anotherchoiceof baselinés to assignthe
label of the majority class,others in this case to eachdatapoint, which producesanaccurag
of 0.567.However, all thethreeclasse®f interesthave accurag 0 accordingto this baseline.
Thus,this baselings notvery informative in this experiment.

It is clearin the gure thatincorporatingnew kindsof featuresnto theclassi cationresults

in alargeimprovementn accurag. Only usingsyntacticrelations(relin the gure) asfeatures,
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thebestaccuray is alittle lowerthan0.5,whichis muchhigherthanthebaselineof 0.395.The
additionof orderedcontext (orderco) or no-ordercontext featureqco)) improvedtheaccurayg
by about0.1. Adding semantidypefeatureqtp) furtherimproved0.1in accurag. Combining
all threekinds of featuresachievesthe bestperformance.With only 5% of dataaslabeled
data,thewholefeaturesetachievesanaccurag of 0.6,whichis muchhigherthanthebaseline
of 0.395. Semantidype seemdo be a very powerful featuresetasit substantiallimproves
the performanceon top of the combinationof the othertwo kinds of features.Therefore we
took a closerlook at the semantiaype featuresetby conductingthe classi cationusingonly
semantiaypes,andfoundthattheresultis evenworsethanusingonly syntacticrelations.This
obsenation revealsinterestingrelationsof the featuresets. In the spacede ned by only one
kind of features,datapoints may be closeto eachother hencehardto distinguish. Adding
anotherkind setsapartdatapointsin differentclassesoward a moreseparablgositionin the
new space. It shaws that every kind of featureis informatwve to the task. The featuresets

characterizehe candidate$rom differentangleshatarecomplementaryn thetask.

We alsoseethat thereis almostno differencebetweenorderedand unorderedcontext in
distinguishingthe tamget classesalthoughorderedcontext seemsto be slightly betterwhen

semantidypesarenot considered.

4.7.2 Experiment 2: Evaluation of candidatesets

In the secondstepof preprocessingyneof two researcloptionscanbeusedto Iter outsome
badnouns— usingthetf idf measureor the domainspeci city measurg(cjn). This exper

imentcompareghe two measurei the coreidenti cation task. A third option usingneither
of thetwo measuregi.e., skip the secondstepof preprocessings evaluatedasthe baseline.
The rst threerowsin Table4.3 arenumbersof instancesemainingin the candidatesetafter
preprocessingThelastrow shavs the numbersof manuallyannotatedrue cores,which has
beenlistedin Table4.1 andis repeatecherefor comparison. We analyzethe classi cation
resultsusingthe candidatesetsderivedby tf idf , domainspeci city, andbaselingo evaluate
thesecondstepof preprocessinglhen,we comparehebaselindo themanuallyannotatedget

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

Measures Intervention-core Disease-core Outcome-core Others
tf idf 243 108 194 785
p(cjn) 298 106 209 801
baseline 303 108 236 1330
truecores 501 153 384 -

tf idf , domain speci city vs. baseline As shavn in Table4.3, thereare muchfewer in-
stancesn theothersclassin thesetsderivedby tf idf andtheprobabilitymeasureascompared
to thosederived by the baselinewhich shavs thatthetwo measuregffectively remoredsome
of thebad candidate®f intervention-coredisease-coreggndoutcome-coreAt the sametime,
a small numberof real coreswere removed. Comparedto the baselinemethod,the prob-
ability measurekept almostthe samenumberof intervention-coresand disease-cores the
candidateset, while omitting someoutcome-cores.lt indicatesthat outcome-coresre less
domain-speci cthanintervention-coreanddisease-coresComparedo thetf idf measure,
moreintervention-coreandoutcome-coregverekeptby the conditionalprobability measure,
shaving that the probability measuringhe domain-speci cityof a nounbettercharacterizes
the coresof the three semanticclasses. The probability measures also more robust than
thetf idf measureastf idf reliesmoreon the contentof the text from which it is calcu-
lated.For example,if aninterventionis mentionedn mary document®f thedocumenset,its

tf  idf valuecanbeverylow althoughit is agoodcandidateof intervention-core.

The precision,recall, and F-scoreof the classi cation shovn in Table 4.4 con rms the
above analysis. The domainspeci city measuregetssubstantiallyhigher F -scoresthanthe
baselinefor all the threeclasseghatwe areinterestedn, usingdifferentamountsof labeled
data.Comparedotf idf , theperformancefthedomainspeci city measures muchbetteron
identifying intervention-corgnotethatp(cj n) picked up morerealintervention-coreshantf
idf ), andslightly betteron identifying outcome-coresyhile thetwo aresimilar onidentifying

disease-cores.
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Table4.4: Resultsof Classi cationon DifferentCandidateSets
INT: intervention-coe DIS: disease-car OUT: outcome-cae

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(cjn) | .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
tfidf 20 55 29|.31 64 41|.34 .70 46|.39 .82 53|.41 .86 .55
p(cjn) |.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(cin) | .31 .46 .37|.43 56 .49| .48 62 54| .54 69 .60|.56 .71 .63

Baselinevs. the setof manually annotated cores As mentionedat the beginning of this
subsectionthe baselinecandidateset was derived by the rst (PoStagging)and third step
(mappingfrom nounsto concepts)n the preprocessingAs shavn by Table 4.3, 62.3% of
manuallyannotatedoresarekeptin the baseline We roughly checled aboutone-thirdof the
total true cores(manuallyannotatectores)in the datasetand found that 80% of lost cores
arebecausdvietaMapeitherextractedmoreor lesstokensthanmarked by the annotatoror it
failedto nd theconcepts.10% of missingcoresare causedy errorsof the PoStagger and

therestarebecausesomecoresarenotnouns.

4.7.3 Experiment 3: Comparisonof the semi-superisedmodeland SVMs

In the semi-supervisedodel,labelspropagtealonghigh-densitydatatrails, andsettledown
at low-densitygaps. If the datahasthis desiredstructureunlabeleddatacanbe usedto help
learning. In contrasta supervisedpproactonly makesuseof labeleddata. This experiment
comparesSEMI to a state-of-the-arsupervisedapproachthe goalis to investicgate how well

unlabeleddatacontritutesto the classi cationusingthe semi-supervisedodel. We compare
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the performanceof SEMI to support-ectormachineSVMs) whendifferentamountsof data

areusedaslabeleddata.

Support vector machines In SVMs, the procesf classi cationgivena setof training ex-
amplesis an optimizationproceduresearchingor the optimal rule that predictsthe label of
unseerexampleswith minimumerrors.Thegoalof classi cationis to infer arule from asam-
ple of labeledtraining examplessothatit recognizenew exampleswith high accurag. More

formally, thelearnerns givenatrainingsampleof n examples
(%1, Y1); 155 (%n; Yn)

dravn accordingto an unknavn but x ed distribution. Herex; are patternsy; arelabelsor

targets.In theclassi cation,afunctionneedgo be foundbasedn trainingdata:

f X1 f71g;

wherethe domainX is somenonemptysetthatthe patternsk; aretakenfrom, sothatit will
correctlyclassifyunseerexamples.
Thegoalof SVMsis to nd anoptimal hyperplaneso that exampleson the sameside of

thehyperplanewill have the sameabel. SVMs learndecisionfunctions:
8

S +#1 : w x+b>0
fO6) =san((w %)+ b= (4.1)
: 1 : otherwise:

Eachfunctioncorrespond$o a hyperplanan thefeaturespace.The classi cationtaskis then
to determineon which sideof the hyperplanea datapointlies.
TheoptimalhyperplanghatSVMs choses the onewith thelargestmarmin. In the separa-
ble case supposeave have a hyperplanghatseparatethe positve examplesfrom the negative
examples.Let d. (d ) bethe shortestistancefrom the separatinghyperplaneto the closest
positive (negative) example. Themarmin of sucha hyperplanas d, + d . For thelinearsepa-
rablecasethereis aw® anda b, suchthatall positive trainingexampledie on onesideof the
hyperplanewhile all negative exampleslie on the otherside. In general therecanbe more
thanonesuchhyperplanesasshavn in gure 4.6. Supportvectormachinesshoosethe one

with thelargestmamgin (H %in the gure).
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Figure4.6: Linearseparatindiyperplanesn two dimensions.The supportvectorsaremarked

Origin

by squares.

In this experiment,we useOSU SVM [Ma et al., 2003],a toolboxfor Matlab built ontop
of LIBSVM [ChangandLin, 2001]. LIBSVM is animplementatiorof SVMs. We useRBF
asthekernelmethodandsetthe Sigmavalueheuristicallyusinglabeleddata.SVM addresses
the problemof unbalancedliatausinga parameterwhich assignsveightsto eachclassin the
task. A classwith largerweightwill getmorepenaltywhen nding the optimumhyperplane.
We setthe parameteaccordingo the prior knowledgeof the classdistribution andgive larger

weightto a classthatcontaindessinstancesDefault valuesareusedfor otherparameters.

Comparison of SEMI to SVMs As shavn in Table4.5,whenthereis only a smallamount
of labeleddata(lessthan 5% of the whole dataset), which is often the casein real-world
applications SEMI achiasesmuchbetterperformanceghan SVMs in identifying all the three
classes.For intervention-coreand outcome-corewith 5% dataas labeleddata, SEMI out-
performsSVMs with 10% dataaslabeleddata. With lessthan60% dataaslabeleddata,the
performanceof SEMI is eithersuperiorto or comparabléo SVMs for intervention-coreand
outcome-corelt shavs that SEMI effectively exploits unlabeleddataby following the man-
ifold structureof the data. The promisingresultsachiezed by SEMI shawv the potential of

exploring unlabeleddatain classi cation.
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Table4.5: F-scoreof Classi cationUsing DifferentModels

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

INT: intervention-coe DIS: disease-car OUT: outcome-cas

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: Accuray 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 the semi-supervisechodel,the clusterstructureof the datais speci ed by the similarity of
datapoints. Therefore the choiceof distancemeasureffectsthe performancef the classi -
cation. In this experimentwe compargwo distancemeasurescosinedistanceandEuclidean
distance.Table4.6 shavs theclassi cationaccurag usingthetwo distancemeasuresThere-
sultsshaw alargedifferencebetweerthem.Cosinedistancas absolutelysuperiorto Euclidean

distancdn theclassi cationtask.

The valuein theRBFkernelis ascaleparameteof thedistanceébetweertwo datapoints.
Too-lage a valuecanblur the distancebetweenwo well-separateghoints, while too-smalla
valuemayimproperlyenlage the gap betweerdatapoints. If  is within areasonableange,

the performanceof the classi cationwill be relatively stable. Although parametesselection
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wasnot a focusof the currentwork, we plot the resultsof usingseveral different valuesin

theclassi cationin AppendixC to have somesenseof theits effect.

4.8 Relatedwork

Thetaskof namedentity (NE) identi cation, similarto thecore-detectiotask,involvesidenti-
fying wordsor word sequencén severalclassessuchaspropernameglocations personsand
organizations)monetaryexpressionsgatesandtimes.NE identi cation hasbeenanimportant
researchopic ever sinceit wasde ned in MUC [MUC, 1995]. In 2003, it wastaken asthe
shared-taskn CoNLL [SangandMeulder 2003]. Most statisticalapproachesisesupervised
methodgo addresghe problem[Florian etal., 2003;ChieuandNg, 2003;Klein etal., 2003].
Unsupervise@pproachebave alsobeentriedin thistask. CucerzarandYarowsky [1999]use
a bootstrappingalgorithmto learncontextual and morphologicalpatternsteratively. Collins
andSinger[1999] testedthe performanceof severalunsupervise@lgorithmson the problem:
modi ed bootstrappindDL-CoTrain) motivatedby co-training[Blum andMitchell, 1998],an
extendedboostingalgorithm (CoBoost),and the ExpectationMaximization (EM) algorithm.
Theresultsshav thatDL-CoTrain andCoBoostaresuperiorto EM, while thetwo arealmost

thesame.

Much effort in entity extractionin the biomedicaldomainhasgenenamesas the target.
Varioussupervisednodelsincluding Naive Bayes,SupportVectorMachines HiddenMarkov
Modelshave beenapplied[Ananiadouand Tsuijii, 2003]. The work mostrelatedto our core-
identi cation in biomedicaldomainis thatof RosarioandHears2004], which extractstreat-
mentanddiseasdrom MEDLINE andexaminessevenrelationtypesbetweerthemusinggen-
eratve modelsanda neuralnetwork. They claim thatthesemodelsmay be usefulwhenonly
partially labeleddatais available,althoughonly supervisedearningis conductedn the paper
ThebestF-scoreof identifying treatmenanddiseasebtainedby usingthe supervisedanethod
is.71. Anotherpieceof work extractingsimilar semanticclassess in [Ray andCraven,2001].
They reportan F-scoreof about.32 for extracting proteinsandlocations and an F-scoreof

about.50for geneanddisorder.
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4.9 Summary

In thischapterweidenti ed animportantpropertyof semanticlasses-thecore andexplained
its role in matchinga questionto its answer Then,we proposed novel approacho automat-
ically identify andclassify coresof instance®f semanticclassesn scenariodescriptions.A

semi-superviselbarningmethodwasexploredto reducetheneedfor manuallyannotatediata.

In thisapproach¢andidatesf coreswere rst extractedfrom thetext. We took two options
to obtainabettercandidatesetby removing noisefrom theoriginal set:tf idf wasusedto nd
informative nounswhile aprobabilitymeasuravasto nd domain-speci cnouns.Theresults
shav thatboth measuregffectively remove somenoise,while the probability measureetter
capturegshe characteristicof cores. To do the classi cation, we designedsereral typesof
featuresandrepresentedachcandidatevith the syntacticrelationsin which it participatesits
contet, andits semantidype, with the goalthatcandidatesvith similar representationarein
the sameclass.Our experimentakesultsshav thatsyntacticrelationswork well togethemwith
othertypesof features.In the classi cation,a semi-supervisedodelthat exploresthe mani-
fold structureof thedatawasapplied.Theresultsshav thatthefeaturexharacterizéhecluster
structureof thedata,andunlabeledatais effectively used.We comparedhe semi-supervised
approachto a state-of-the-arsupervisecapproachand shaved that the performanceof the
semi-supervisedpproachs muchbetterwhenthereis only a small amountof labeleddata,

andperformancef thetwo arecomparablevenwhen60% of dataareusedaslabeleddata.

Our approactdoesnot requireprior knowledgeof semanticclassesandit effectively ex-
ploits unlabeleddata. The promisingresultsachieved shav the potentialof semi-supervised
modelsthatexploretheclusterstructureof datain similartasks.Feature®f syntacticrelations
andlocal contet aregeneralandcanbe useddirectly in tasksin otherdomain. The seman-
tic type featuresmake useof knowledgein UMLS, which is speci ¢ to medicaldomain. For
tasksthathave domain-speci cknowledgebasedike UMLS, similarfeaturesanbegenerated
easily For a domainwithout suchknowledgebase the hierarchicalinformationin WordNet
canbeusedasareplacementalthoughit would be moredif cult asthelevel of generalization

needgo bedetermined.

A dif culty of usingthis approachhowever, is in detectingboundariesf the targets. A
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segmentatiorstepthatpre-processethetext is neededThiswill beourfuturework, in which
we aimto investigateapproacheghatperformthe segmentatiorprecisely

As a nal point, we wantto emphasizehe differencebetweencoresand namedentities.
While the identi cation of NEsin atext is animportantcomponenbf mary tasksincluding
guestionansweringand information extraction, its bene ts are constrainedy its coverage.
Typically, it is limited to a relatvely small setof classessuchasperson time, andlocation
However, in sophisticatedapplications,suchasthe non-factoid medicalquestionanswering
thatwe consider NEs areonly a small fraction of the importantsemanticunits discussedn
document®r askedaboutby users.As shavn by theexamplesn this chapteycoresof clinical
outcomesareoftennotNEs. In fact,mary semantiaolesin scenarioandeventsthatoccurin
guestionsanddocumentsio not containNEsatall. For example,thetestmethodn diagnosis
scenariosthe meansn a shippingevent,andthe mannerin a criticize scenariomay all have
non-NEcores.Thereforejt isimperatve to identify otherkindsof semantianitsbesides\Es.
Coresof semantiaclassess onesuchextensionthatconsistof a morediversesetof semantic

unitsthatgoesbeyondsimpleNEs.



Chapter 5

Polarity of Clinical Outcomes

One of the major concernsin patienttreatmentis the clinical outcomesof interventionsin
treatingdiseasesarethey positive, negative or neutral?This polarity informationis aninherent
propertyof clinical outcomes.An exampleof eachtype of polarity takenfrom CE is shovn

below.

Positive Thrombolysiseducedherisk of deathor dependengcattheendof the studies.

Negative In thesystematiceview, thrombolysigncreasedatalintracraniahaemorrhageompared

with placebo.

Neutral: The rst RCTfoundthatdiclofenaglusmisoprostolversusplacebdor 25weeksproduced

no signi cant differencein cognitive functionor globalstatus.
Sentencethatdo not have informationon clinical outcomedorm anothergroup: no outcome

No outcome We found no RCTscomparingcombinedpharmacothergpand psychotherap with

eithertreatmentlone.

Polarityinformationis crucialto answerguestionselatedto clinical outcomesWe have to
know thepolarity to answerguestionaboutbene tsandharmsof anintervention.In addition,
knowing whethera sentenceontainsa clinical outcomecanhelp Iter outirrelevantinforma-
tion in answerconstruction Furthermoreinformationon negative outcomescanbe crucialin

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 focus on detectingthe presencenf a
clinical outcomein medicaltext, and, whenan outcomeis found, determiningwhetherit is
positive, negative, or neutrat. We obsere that a single sentencén medicaltext usuallyde-
scribesa completeclinical outcome. As a result, we performsentence-kel analysisin our

work.

5.1 Relatedwork

The problemof polarity analysisis alsoconsideredsa taskof sentimentlassi cation[Pang
etal.,2002;PangandLee,2004]or semanticorientationanalysig Turney, 2002]: determining
whetheran evaluatie text, suchasa movie review, expresses “f avorable” or “unfavorable”
opinion. All thesetasksareto obtainthe orientationof the obseredtext onadiscussiortopic.
They fall into threecatayories: detectionof the polarity of words,sentencesanddocuments.
Amongthem,asYu andHatzvassilogloy{2003] pointedout, the problematthe sentencéevel
is thehardesbne.

Turney [2002] hasemployed an unsupervisedearningmethodto provide suggestion®n
documentsasthumbsup or thumbsdown The polarity detectionis doneby averagingthe se-
manticorientation(SO) of extractedphrasegphrasesontainingadjectvesor adwerbs)from
atext. Thedocuments taggedasthumbsup if the averageof SO s positve, andotherwise
is taggedasthumbsdown The SOis calculatedoy the differencein mutualinformationbe-
tweenanobsenedphraseandthe positive word excellentandmutualinformationbetweerthe
obsenred phraseandthe negative word poor. Documentsare classi ed as either positive or
negative; no neutralpositionis allowed.

In morerecentwork, Whitelaw et al. [2005] explore appraisal groupsto classifypositive
andnegative documentsSimilarto phrasesisedin Turney'swork, appraisal groupsconsistof
coherentwordsthattogetherexpressthe polarity of opinions,suchas“extremelyboring”, or

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

1This part of the work wascarriedoutin collaborationwith XiaodanZhu andJaneLi. They participatedn
themanualannotation XiaodanzZhu collectedthe BIGRAMS features,Janeli collectedthe SEMANTIC TYPES.
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appraisalgroups(groupsheadedy anappraisingadjectve)is constructegemi-automatically
Thesegroupsareusedasfeaturesn asupervise@dpproachusingSVMsto detecthe sentiment

of adocument.

Panget al. [2002] alsodealwith the taskat documentevel. The sentimentlassi cation
problemwere treatedas a text classi cation issueand a variety of machinelearningtech-
niqueswereexploredto classifymovie reviews into positive andnegative. Threeclassi cation
stratgies, Naive Bayes,maximumentrofy classi cation,andsupportvectormachineswere
investicated,anda seriesof lexical featuresvereemployedontheseclassi cationstratgiesin
orderto nd effective featuresPangetal. foundthatmachingearningtechniguesanalways
outperforma human-generatdohselineamongthethreeclassi cationstratgies,supportvec-
tor machinesperformthe bestandthe Naive Bayestendsto be the worst; unigramsare the

mosteffective lexical featureandindispensableomparedvith the otheralternatves.

The main part of Yu and Hatzivassiloglous work [Yu and Hatziassiloglou,2003] is at
the sentencdevel, andis hencemostcloselyrelatedto our work. They rst separatdacts
from opinionsusinga Bayesianclassi er. Variousfeaturesderived from observingsemantic
orientationof wordsaretried in this step.After opinionsentenceareidenti ed, they thenuse
anunsuperviseanethodto classifyopinionsinto positve, negative, andneutralby evaluating
the strengthof the orientationof wordscontainedn a sentence A gold standards built for
evaluation,which includes400 sentencetabeledby onejudge. On the taskof distinguishing
opinionsfrom facts,the bestperformancas recall=0.92 precision=0.7@or the opinionclass.
The performancas muchworsefor the factclass. The bestrecalland precisionobtainedare
0.13and0.42. The unsupervisedpproachof detectingpolarity of sentencesichieres 0.62

accurag.

The polarity informationwe are observingrelatesto clinical outcomesnsteadof the per
sonalopinionsstudiedby thework mentionedabove. Therefore we expectdifferencesn the
expressionandthe structureof sentences thesetwo areas.For thetaskin the medicaldo-
main, it will beinterestingo seeif domainknowledgewill help. Theseadifferencedeadto new

featuresn ourapproach.
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5.2 A supewisedapproachfor clinical outcomedetectionand

polarity classi cation

As discussedn Section5.1, varioussupervisednodelshave beenusedin sentimentclassi-
cation. At document-leel, SVMs performbetterthan othermodelsandachiare promising
results[Panget al., 2002]. In sentence-kel analysis,Yu and Hatzivassiloglou[2003] usea
Bayesianclassi er to distinguishfactsfrom opinions. The resultsfor the fact classare not
very satisfctory which indicatesthat the taskat sentencdevel may be moredif cult. Since
SVMs have beenshawn alsovery effective in mary otherclassi cationtasks,in our work, we
investigate SVMs in sentence-el analysisto detectthe presencef a clinical outcomeand

determinats polarity.

In our approacheachsentenceasa datapointto beclassi edis representetdy a vectorof
features.In the featureset, we usewordsthemselesasthey arevery informatve in related
taskssuchassentimentlassi cationandtopic cateyorization. In addition,we usecontetual
informationto capturechangesiescribedn clinical outcomesandusegeneralizedeatures

thatrepresengroupsof conceptgo build moreregularpatterndor classi cation.

We usebinaryfeaturesn mostof the experimentsexceptfor the frequencyfeaturein one
of our experiments.Whena featureis presentn a sentenceit hasa valueof 1; otherwise,it
hasavalueof 0. Amongthefeaturesn our featureset,UNIGRAMS andBIGRAMS have been

usedin previoussentimentlassi cationtasks andtherestarenew featureghatwe developed.

5.2.1 Unigrams

A sentences composedf words. Distinct words (unigrams)can be usedasthe featuresof
a sentenceln previouswork on sentimentlassi cation[Pangetal., 2002; Yu andHatzvas-
siloglou, 2003], unigramsarevery effective. Following this work, we alsotake unigramsas
features.We useunigramsoccurringmorethan3 timesin the datasetin the featureset,and

they arecalleduNiGRAMS in thefollowing description.
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5.2.2 Contextfeatures

Our obsenation is that outcomesoften expressa changein a clinical value [Niu and Hirst,

2004]. In thefollowing example,mortality wasreduced

(23) In thesethreepostinfarctiontrials ACE inhibitor versusplacebosigni cantly reduced

mortality, readmissiorior heartfailure, andreinfarction.

The polarity of an outcomeis often determinedoy how a changehappens:if a bad thing
(e.g., mortality) wasreduced thenit is a positve outcome;if a bad thing wasincreased
thenthe outcomeis negative; if thereis no changethenwe geta neutraloutcome.We tried
to capturethis obsenation by adding contect features— BIGRAMS, two typesof CHANGE

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

BIGRAMS Bigrams(two adjacentwords) are alsousedin sentimentclassi cation. In that
task,they arenot so effective asuNIGRAMS. Whencombinedwith UNIGRAMS, they do not
improve the classi cationaccurag [Pangetal., 2002; Yu andHatzivassiloglou,2003]. How-
ever, in ourtask,thecontet of awordin asentencéhatdescribeshechangean aclinical value
is importantin determiningthe polarity of a clinical outcome Bigramsexpressthe patternsof
pairs,andwe expectthatthey will capturesomeof the changes.Therefore they areusedin
our featureset. As with UNIGRAMS, bigramswith frequeng greaterthan3 areextractedand

referredto by BIGRAMS.

CHANGE PHRASES We developedtwo typesof new featurego capturethetrendof changes
in clinical values.Thecollective nameCHANGE PHRASES is usedto referto thesefeatures.
To constructhesefeaturesyve manuallycollectedfour groupsof wordsby observingsev-
eralsectionsn CE:thoseindicatingmore (enhancedhigher exceed,..), thoseindicatingless
(reduce decline fall, ...), thoseindicating good (bene t, improvement,advantae, ...), and

thoseindicatingbad (sufer, advese hazads,...).

MORE/LESS features.This type of featureemphasizethe effect of wordsexpressing
“‘changes”. The way the featuresare generateds similar to the way that Panget al.

[2002] add negation features.We attachedhe tag M ORE to all wordsbetweerthe
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more-words and the following punctuationmark, or betweenthe more-words and
anothemore(lesg word, dependingon which onecomesrst. Thetag _LESS was

addedsimilarly. Thisway, the effect of the “change”wordsis propagted.

(24) The rst systematicreview found that blockers signi cantly reducedLESS
the LESSrisk LESSof_ LESSdeathLESSand LESShospitalLESSadmissions
LESS.

(25) Anotherlargerct (randomclinical trial) foundmilrinoneversugplacebancreased
_MORE mortality MORE over MORE 6_ MORE monthsMORE.

POLARITY-CHANGE features. This type of featureaddresseshe co-occurrenceof
more/lesswords and goodbad words, i.e., it detectswhethera sentencexpresses
the idea of “changeof polarity”. We usedfour featuresfor this purpose: MORE
GOOD, MORE BAD, LESS GOOD, andLESS BAD. As this type of featuresaims for
the “changes’insteadof “propagating the changeeffect”, we useda smallerwindow
sizeto build thesefeatures. To extractthe rst feature,a window of four wordson
eachsideof a more-word in a sentencavasobsenred. If a goodword occursin this
window, thenthe featureM ORE GOOD wasactivated(its valueis setto 1). The other

threefeaturesvereactivatedin a similar way.

NEGATIONS Mostfrequently negationexpressiongontaintheword no or not We obsered
several sectionsof CE andfound that not often doesnot affect the polarity of a sentenceas

shavn in thefollowing examplessoit is notincludedin thefeatureset.

(26) However, disagreementor uncommonbut seriousadwersesafety outcomeshasnot

beenexamined.

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

nottakingantibiotics.

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

cholinesterasdrugs,but directcomparisonfiave not beenperformed.
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Thecasefor nois different:it oftensuggests neutralpolarity or no clinical outcomeatall:

(29) Thereareno shortor long termclinical bene ts from the administrationof nelulised

corticosteroids. .

(30) Onesystematiceview in peoplewith Alzheimers diseaséoundno signi cant bene t

with lecithin versusplacebo.

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

mentia.

We developtheNEGATION featuredo take into accountheevidenceof theword no. To extract
the featuresall the sentence# the datasetare rst parsedoy the Apple Pie parserf{Sekine,
1997]to getphrasenformation. Then,in a sentenceontainingthe word no, the nounphrase
containingnois extracted.Everywordin thisnounphrasesxceptnoitself is attachedy a _NO

tag.

5.2.3 Semantictypes

Using category information to representgroupsof medical conceptsmay relieve the data
sparsenesproblemin the learningprocess. For example,we found that diseasesre often

mentionedn clinical outcomesasbad things:

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

accelerated-tAR group. ..

Thus,all namesf speci ¢ disease# thetext arereplacedwith thetag DI SEA SE.
Intuitively, the occurrencesf semantiaypes,suchaspathologic function andorganism
function, maybedifferentin differentpolarity of outcomesespeciallyin theno outcomeclass
ascomparedo theotherthreeclassesTo verify thisintuition, we collectall thesemantidypes
in the datasetanduseeachof themasa feature. They arereferredto asSEMANTIC TYPES.
Thus,in additionto thewordscontainedn asentenceall the medicalcateyoriesmentionedn

asentencearealsoconsidered.
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TheUni ed MedicalLanguageSystem(UMLS) is usedasthe domainknowledgebasefor
extractingsemantiaypesof conceptsThesoftwareMetaMap[Aronson,2001]is incorporated

for mappingconceptgo their correspondingemantidypesin theUMLS Metathesaurus.

5.3 Experiments

We carriedout several experimentson two text sources:CE and Medline abstracts. Com-
paredto CE text, Medlinehasa morediversewriting style asdifferentabstracthave different
authors.The performancef thesupervisealassi cationapproacton thetwo sourcess com-
paredto nd outif thereis ary difference We believe thattheseexperimentswill leadto better

understandingf the polarity detectiontask.

5.3.1 Outcomedetectionand polarity classi cation in CE text

Using CE asthetext source we evaluatea two-way classi cationtaskof distinguishingpos-
itive from negative outcomes,and the four-way classi cation of positve, negative, neutral

outcomesandno outcomes.

Positive vs. negative polarity

Experimental setup In this experiment,we have two tamet classespositive outcomesand
negative outcomesThetrainingandtestsetswerebuilt by collectingsentencefrom different
sectionsn CE; 772sentencewereused 500for training (300 positive, 200negative),and272
for testing(95 positve, 177 negative). All exampleswerelabeledmanuallyby the author

We usedthe SVM'9" implementatiorof SVMs [Joachims2002] to performthe classi -

cationandusedthe default valuesfor the parameters.

Resultsand analysis Featuresisedin the experimentarelistedin the left-mostcolumnin
Table5.1. We constructfeaturesin two ways: using presenceof a feature,a binary feature
indicateswhethera featureis presenbr not; andusingfrequeng of afeature the countof the

numberof occurrence®f a featurein the sentence.The accuracieschiered by presenceof
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Table5.1: Accurag of positive/neative classi cationusingalinearkernelin CE

Features Presencé%)
baseline 65.1
UNIGRAMS 89.0
UNIGRAMS with DISEASE 90.1
UNIGRAMS with MORE/LESS 91.5
UNIGRAMS with DISEASE andMORE/LESS 92.7

featureausinga linearkernel(the default choiceof kernels)arelistedin Table5.1. Frequenyg
of featureproducesapproximateljthe sameresults.

Thebaselinds to assignthe negative labelto all testsamplesasit is morefrequentin the
testset,which hastheaccurag of 65.1%.As shavn in thetable,combiningfeaturesachieves
an accurag ashigh as92.7%. Using a more generalcategyory DISEASE insteadof speci ¢
disease$iasa positive effect on the classi cation. It is clearin thetablethatthe MORE/LESS
featureamprove the performanceComparedo usingonly UNIGRAMS, the combinedfeature
setimprovestheaccurag by 0.037.The DISEASE andMORE/LESS featuresoth contrituteto
distinguishingpositive from negative classes.

A non-lineakernelRBF (exp( d?(xi; xj)= ?)) wasalsotestedn SVMs. Usingthefeature
setof presencef combiningUNIGRAMS with DISEASE andMORE/LESS, the accurag of the
classi cation obtainedwith several valuesis shavn in AppendixH. When is large, the

performances notvery sensitve to its changeandbecomeselatively stable.

Four-way classi cation

Experimental setup Thedatasetof sentences all the four classesvashbuilt by collecting
sentencefom differentsectionsn CE (sentencewereselectedothatthedatasetis relatvely
balanced). Thenumberof instancesn eachclassis shavn in Table5.2. Thedatasetis labeled
manuallyby threegraduatestudentsand eachsentencas labeledby one of them. We used

the OSU SVM packagdMa etal., 2003]with anRBF kernelfor this experiment.The value
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Table5.2: Numberof instancesn eachclass(CE)

Positve Negative Neutral No-outcome Total
472 338 250 449 1509

wassetheuristicallyusingtraining data. Default valueswereusedfor otherparameterin the

package.
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Figure5.1: Accuragy of classi cationusingdifferentfractionsof trainingdata

Resultsand analysis

We rst randomlyselect20% of the whole datasetasthetestset(301 sentencesandusethe
rest(1208sentencesisthetrainingset.In thetrainingprocesswe graduallyaddtrainingsam-
plesuntil all of themareincluded,andobsenre the performancen thetestset. Theresultsare
shavnin Figure5.1. Asthe gure indicatesaccurag goesupasmoretrainingdatais usedand
whenmorefeaturesareadded.The completefeaturesetperformsconsistentiythe best. These

resultsmatchour intuition that context information (BIGRAMS and CHANGE PHRASES) and



CHAPTER 5. POLARITY OF CLINICAL OUTCOMES 84

Table5.3: Resultsof thefour-way classi cationwith differentfeaturesetsin CE

Features Accuray (%) Relatve Error Reduction(%)
(to Unigrams)
(1)UNIGRAMS 76.9 -
(1)+(2)BIGRAMS 79.4 10.8
(1)+(2)+(3CHANGE PHRASES 79.6 11.7
(1)+(2)+(3)+(4NEGATIONS 79.6 11.7
(1)+(2)+(3)+(4)+(53EMANTIC TYPES 80.6 16.0

generalization§SEMANTIC TYPES) areimportantfactorsin detectingthe polarity of clinical
outcomes.

Table5.3 shavs the resultsof the ve featuresetsusedfor classi cation. The accurag is
the averageof 50 runsof the experiment. In eachrun, 20% of the datais selectedandomly
asthetestset,andthe restis usedasthe training set. With just UNIGRAMS asfeatureswe
get76.9%accurag, which is taken asthe baseline.The additionof BIGRAMS in the feature
setresultsin anincreaseof about2.5%in accurag, which corresponds$o 10.8%of relatve
error reduction. CHANGE PHRASES leadto a very smallimprovementsand NEGATIONS do
notimprove the performanceon top of BIGRAMS. This resultseemdo be differentfrom the
previous experimentof positive/neayative classi cation,wherethe MORE/LESS featureseduce
the error rate. Note that CHANGE PHRASES intendto capturethe impactof contect, and bi-
gramsalsocontaincontext information. It couldbethatsomeeffect of CHANGE PHRASES has
alreadybeencapturedoy bigrams.Also, sincethetargetclassesaredifferentin thetwo tasks,
CHANGE PHRASES maybemoreimportantin distinguishingpositive from negative outcomes.
The SEMANTIC TY PES featuredurtherimprove the performancen top of the combinationof
otherfeatureswhich shavs thatgeneralizations helpful.

Which classis themostdif cult to detectandwhy? To answertthesequestionsyve further
examinethe errorsin every class.The precision recallandF-scoreof eachclassareshavn in
Table5.4 (it is theresultof onerun of the experiment).lt is clearin thetablethatthe negative

classhasthelowestprecisionandrecall. A lot of errorsoccurin distinguishingnegative from
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Tableb.4: Classi cationresultsof eachclasson CE data

Positve 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-outcomeclassesWe studiedtheincorrectlyclassi ed sentenceandfoundsomeinteresting
casesSomeof theerrorsarebecauseescription®f diseases theno-outcomeslassareoften
identi ed asnegative. Thesesentencesredif cult in thatthey containnegative expressions

(e.g.,increasedisk), yetdo notbelongto the negative class:

(33) Lewy body dementiais aninsidiousimpairmentof executve functionswith Parkin-
sonism,visual hallucinationsand uctuating cognitive abilitiesandincreasedisk of

falls or autonomidailure.

Negative samplesare sometimesassigned positive labelwhena sentencéasphrasings

thatseemto contrastasshavn in thefollowing example:

(34) The meanincreasein heightin the budesonidegroupwas 1.1 cm lessthanin the

placebogroup(22.7vs 23.8cm, P=0005);. ..

In this sentencethe clinical outcomeof impairedgrowth is expressedyy comparingheight

increasean two groupswhichis lessexplicit andhardto capture.

5.3.2 Outcomedetectionand polarity classi cation in Medline

With Medline abstractswe evaluatetwo tasks: the rst oneis two-way classi cation that
aimsto detectthe presencef clinical outcomes.n this task,a sentences classi edinto two
classescontaininga clinical outcomeor not. The secondaskis the four-way classi cation,
i.e.,identifyingwhetheranoutcomads positive, negative, neutral,or asentenceloesnotcontain

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

Positve Negative Neutral No-outcome Total
469 122 194 1513 2298

Table5.6: Resultsof two-way andfour-way classi cationwith differentfeaturesets(Medline)

RER=Relatve Error Reduction(comparedo unigrams)

Features two-way four-way
Accuray (%) RER(%) Accuray (%) RER(%)
(1) UNIGRAMS 80.1 - 75.5 -
(1)+(2) BiIGRAMS 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 abstractdrom Medline that were citedin CE. The
numberof sentencef eachclassis listedin Table5.5. The datasetwasannotatedvith the
four classe®f polarityinformationby two graduatestudentsEachsinglesentencés annotated
by oneof them. In this experiment,again, 20% of the datawasrandomlyselectedastestset
andtherestwasusedasthetraining data. The averagedaccurag wasobtainedfrom 50 runs.
We usedthe sameSVM packageasin Section5.3.1for this experiment,parametersvereset

in thesamemanner

Resultsand analysis Resultsof the two tasksareshawn in Table5.6. Not surprisingly the
performancen the two-way classi cationis betterthanon the four-way task. For both tasks,
we seea similar trendin accurag asin CE text (seeTable5.3). The accurag goesup as
more featuresare added,and the completefeaturesethasthe bestperformance.Compared
to UNIGRAMS, the combinationof all featuressigni cantly improvesthe performancen both

tasks(pairedt-test,p values< 0.0001).With justUNIGRAMS asfeatureswe get80.1%accu-
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racy for thetwo-way task. Theadditionof BIGRAMS in the featuresetresultsin a decreasef
1.6%in the errorrate,which corresponds$o 8.0% of relative error reductionascomparedo
UNIGRAMS. Similarimprovementsareobsenedin thefour-way task. The SEMANTIC TYPES
featuresalsoslightly reducetheerrorrate.

Comparedo theresultson CE text in Table5.3,thefour-way classi cationtasktendsto be
moredif cult onMedlinetext. This canbeobsenedby comparingheimprovementof adding
all otherfeaturesto UNIGRAMS. As we mentionedin section5.3, Medline abstracthave a
morediversewriting style because¢hey arewritten by differentauthors.This couldbeafactor
thatmalkestheclassi cationtaskmoredif cult. However, thegeneraperformancef features
onMedlineabstractandCE text is similar, which shavs thatthefeaturesetis relatively robust.

In our outcomedetectionand polarity classi cation task, UNIGRAMS are very effective
features,as hasbeenpreviously shavn in the contect of sentimentclassi cation problems.
This shawvs thatinformationin wordsis very importantfor the polarity detectiontask. Context
informationrepresentetdy 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 ary differencein the accurag, or evenis slightly harmfulin
somecasesThisindicateghedifferencan theexpressiorof polarity in clinical outcomesand
the polarity in opinions. GeneralizatiorfeaturegDISEASE in Table5.1, SEMANTIC TYPESin

Table5.3andTable5.6) arealsohelpful in ourtask.

5.4 Discussion

The performancebottleneckin polarity classi cation As describedn Section5.1, super
visedapproachebave beenusedin sentimentlassi cation. Featuresisedin theseapproaches
usuallyinclude: n-grams,PoStags,andfeaturesbasedon wordswith semanticorientations
(e.g., adjectvessuchasgood,bad. In all suchstudies,a commonobsenration is that uni-

gramsarevery effective, while addingmorefeaturesdoesnot gain much.

In thetaskof detectingpolarity of document$Pangetal., 2002],thebestperformance

is obtainedusingunigrams.



CHAPTER 5. POLARITY OF CLINICAL OUTCOMES 88

In the sentence-Mel opinion/factclassi cationtask[Yu andHatzivassiloglou,2003],
asdescribedn section5.1, variousfeaturesbasedon semanticorientationof words
aretried, including countsof semanticallyorientedwords, the polarity of the head
verbsandthe averagesemanticorientationscoreof the wordsin the sentenceA gold
standardsetis built whichincludes400sentencetbeledby onejudge.In theopinion
classtheonly resultbetterthanthe performancef unigramss obtainedoy combining
all featureswhich resultsin only 0.01limprovementin precision.Similarly, notmuch

is achieved by addingall otherfeaturesn detectingfacts.

In [Whitelaw et al., 2005], the bestperformanceof the approachs achiered by the
combinationof unigramswith the appraisalgroups,which is 3% higherin accurag

thanusingunigramsalone.

Fromall thiswork, we obsere a performancéottlene& problemin thepolarity classi ca-
tion task: variousfeatureshave beendeveloped;however, addingmorefeaturesdoesnot gain
muchin classi cationaccurag, andit may even hurt the performance.In our task,although
thecontet andgeneralizatiorfeaturessigni cantly improve the performanceomparedo un-

igrams,we obsere a similar performancebottlene& problem.

Analysis of the problem The bottleneckproblemshaws thatadditionalfeatureshave much
overlapwith unigramfeaturesandthey mayaddnoiseto theclassi cation.

We further analyzedthe data,and found that mostwordsin a sentencelo not contritute
to the classi cationtask. Instead they canbe noisethat cannotbe removed by addingmore
featuresThis couldbeacrucialreasorof the bottleneckdiscusse@bove.

To verify this hypothesiswe conductedsomeexperimenton the Medlinedatasetof 2298
sentencesisedin Section5.3.2. From eachsentencen the dataset, we manually extract
somewords that fully determinethe polarity of the sentence.We refer to thesewords by
extractionsin the following description. For thosesentenceshat do not containoutcomes,
nothingis extracted. The following examplesare somesentencesvith differentpolarity and
theextractionsfrom them. Theseextractionsform anothedataset,whichwe call theextraction

set
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Sentence

Treatmentvith reperfusiortherapiesandachiazementof TIMI 3 o w areassociateavith increased
short-andmedium-ternsurvival afterinfarction.

Extraction

increasedhort-andmedium-termsurvival

Sentence

In all threestudies,a signi cant decreasen linear growth occurredin children treatedwith be-
clomethasoneomparedo thosereceving placeboor non-steroidaasthmaheray.

Extraction

decreasén lineargrowth occurred

Sentence
Thedoxazosirarm,comparedvith the chlorthalidonearm, hada higherrisk of stroke.
Extraction

ahigherrisk of stroke

Sentence
Prednisolonéreatmentadno effect on ary of theoutcomemeasures.
Extraction

no effect

Sentence

Therewasnosigni cant mortality differenceduringdays0-35,eitheramongall randomisegbatients
or amongthe pre-speci edsubsetpresentingwvithin 0-6 h of pain onsetandwith ST elevationon
the electrocardiogranm whom brinolytic treatmenmay have mostto offer.

Extraction

no signi cant mortality difference

We performedthe four-way classi cationtaskon this extractionset. We constructedJNi-
GRAMS featurebasedon the extractionsetandusedthemin the classi cation. Using 80% of
the dataasthe training dataandthe restasthe testdata,we achieszed an accurag of 93.3%,
which is much higher than the accurag of the four-way classi cation task on the original
sentenceet(75.5%).

Thefactthatwe do not extractarny wordsfrom no-outcomesentencesnay make the task
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easier Therefore,we removed from the extraction setall sentenceshat do not containan
outcome,andreranthe experiment. This task hasthreetarget classes:positve, negative or
neutral.We obtainedanaccurag of 82.2%.However, performingthethree-way classi cation
ontheoriginal sentenceaetonly achiezes70.7%accurag.

Theresultsclearlyshaw thatirrelevantwordsactuallyintroducealot of noisein thepolarity
detectiortask. Thereforeanew directionof researclonthetaskis to conductfeatureselection

to remove wordsthatdo not contritute to the classi cation.

A possiblesolution We took a closerlook at the extraction setand found that the extrac-
tions usuallyform a sequencer several sequences a sentence.BecauseHidden Markov
Model and ConditionalRandomFieldsare effective modelsfor sequenceletection they will

be exploredin thefuturework of this research.

5.5 Summary

In this chaptey we discussedn approachof identifying aninherentpropertyof clinical out-
comes-their polarity. Polarityinformationis importantto answerguestiongelatedto clinical
outcomesWe exploreda supervise@pproacho detectthe presencef clinical outcomesand

their polarity. We analyzedhis problemfrom variousaspects:

We developedfeaturesto representontext informationandexploreddomainknowl-
edgeto getgeneralizedeatures.The resultsshav thataddingthesefeaturessigni -

cantlyimprovestheclassi cationaccurag.

We shovedthatthefeaturesethasconsistenperformanc@ntwo differenttext sources,

CE andMedlineabstracts.

We evaluatedthe performanceof the featureseton differentsubtaskf the outcome

detectionto understandhow dif cult eachsubtasks.

We comparedutcomepolarity detectionto sentimentlassi cationaccordingto dif-

ferentperformancef context featureonthetwo tasks.We foundthatbigramfeatures
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have almostno effect onthe sentimentlassi cationtask,while they improve theclas-

si cation accurag of identifying presencendpolarity of clinical outcomes.

Weidenti ed aperformancéottlene& problemin thepolarity classi cationtaskusing
a supervisedapproach.In both the sentimentlassi cationandthe outcomepolarity
detectionwe obseredthataddingmorefeatureson top of the unigramfeaturesdoes
not leadto majorimprovementin accurag. We found a crucial reasorfor this — the

noisein thefeaturesetis notremoved by addingmorefeatures.

We proposedo useHiddenMarkov Model or ConditionalRandomFieldsto conduct

featureselectionandthusto remove noisefrom thefeatureset.



Chapter 6

SentenceExtraction using Outcome

Polarity

As we have addresseth Sectionl.5, a crucial characteristiof NFQA is to identify multiple
piecesof relevantinformationto constructanswersin thetwo previouschaptersye discussed
propertiesof semanticclassegshatareimportantfor detectingthe relevanceof a pieceof in-
formation. In this chapteywe investicatethe problemof relevancedetectionusingoneof the
properties:informationon the polarity of clinical outcomeswhich is discussedn Chapter5
[Niu etal., 2006].

6.1 Relatedwork

The work mostsimilar to oursis the multi-perspectie questionanswering(MPQA) task, in
which Stoyanor et al. [2005] arguethat presencef opinionsshouldbe identi ed to nd the
correctanswerfor a given question. Somepreliminary resultsare presentedo supportthis
claim. Stoyanos et al. [2005] manuallycreateda corpusof opinion and fact questionsand
answersOpQA, which consistsof 98 documentghat appearedn the world press.The doc-
umentscover four generattopics: PresidenBush's alternatve to the Kyoto protocol;the US
annualhumanrightsreport;the2002coupd'etatin Venezuelaandthe 2002electionsin Zim-
babweandMugabes reelection.Eachtopicis coveredby betweerl9 and33 documentsFor

eachtopic, thereare 3 to 4 opinionquestionsandthereare 15 questionsn total for all topics.

92
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In their answerrank experimentseachsentencen the whole documentsetis taken asa po-
tentialanswerto a question.Sentencesare rst ranked by aninformationretrieval algorithm
basedontf idf of wordsin the sentence¢stepl). Thenall factsentencegsentenceshatdo
not expressopinions)areremoved by somesubjectvity Iters thatdistinguishbetweenfacts
andopinions(step2). In the evaluation,the rank of the rst answerto eachquestionin the
ranked list after steplis comparedo the rank of the rst answerin thelist after step2. The
meanreciprocalrank(MRR) is usedastheevaluationmetric. Theirresultsshav thatthe MRR

valueafterstep2is higherthanthevalueafterstepl.

Theresultsndicatethevalueof usingsubjectvity Iters in MPQA. Theexperimentalsoin-
spiresmorethoughtsonsimilar problems.For example thisexperimentiakesasinglesentence
asapotentialanswerwhichdoesnotmeetvery well theneed=f draving onmultiple piecesof
informationin constructinganswergo opinion-relatedjuestionsMoreover, the strategy of |-
teringoutirrelevantinformationby remaving ary sentencéhatdoesnotexpressopinionscould
be too simplefor the complex QA task. In our work, we addresgheseproblemsby exploit-
ing multi-documensummarizatioriechniqueso nd sentencethatarerelevant/importantor
answeringquestionsaboutclinical outcomessuchas“What arethe effectsof interventionA
on diseaseB?”. More speci cally, the problemis: aftera setof relevantdocumentdiasbeen

retrieved,how canwe locateconstituent®f theanswetin thesedocuments®?

We believe summarizatiortechniquesresuitablefor our taskfor two mainreasonsFirst,
simply ltering out arny informationthat doesnot containan outcomeis not appropriatein
answerconstruction. As we discussedn Sectionl.1, differentoutcomesmay be presentin
differentpatientgroupsor clinical trials. Therefore pesidesnformationon clinical outcomes,
explanationon conditionsof the patientgroupsor the clinical trials canbe very importantas
well. Moreover, notevery pieceof clinical outcomeds important;unimportanbutcomeshould
be discarded. Second,the goal of the summarizatiortaskis to nd importantinformation
with the smallestredundanyg, which agreeswith that of answerconstructionin non-factoid
QA. The connectionbetweenQA and summarizations attractingmore attentionin the text

summarizatiorcommunity In 2003,the documentunderstandingonference¢DUC) started

1This partof the work wascarriedout in collaborationwith XiaodanZhu. XiaodanZhu participatedn the
annotatiorandcalculatedhe scoreof MMR.
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anew taskof building shortsummariesn responséo a question.This taskwascarriedonin
DUC 2004.In DUC 2005,theintentionof modeling“real world complex questioranswering”
is moreclearin thesystemntask It is to “synthesizérom asetof 25-50documents brief, well-
organized, uent answerto meeta needfor informationthat cannotbe met by just statinga
name date,quantity etc” [DUC, 2005]. However, accordingo our knowledge,summarization
techniquedave not beenexploredby currentQA systemsin our task,theinformationneeded
is the clinical outcomesof an intervention on a diseaseand we expectthat summarization
techniquewill help.

Ontheotherhand,we alsonoticethat multi-documensummarizatiorcannotreplaceQA.
Oneimportantdifferencebetweerthem,aspointedoutin [Lin andDemnefFushman2005],is
thatsummariesrecompressiblén length,i.e., summariegancontainvariouslevelsof details,
while answersarenot. It is dif cult to x thelengthof answers.

Becauseof the differencebetweenmulti-documentsummarizatiorand QA, we are not
taking the former asthe full solutionevenin the answergenerationof a QA task. Instead,
we expectthatsomemulti-documensummarizationnechniquesanbe adaptedo the answer
generatiormodulein somenon-factoid QA tasks. In this chapter we explore summarization

techniquedgo identify importantpiecesof informationfor answerconstruction.

6.2 Clinical Evidenceasa benchmark

Evaluationof a multi-documentsummarizatiorsystemis dif cult, especiallyin the medical
domainwherethereis no standardannotatedcorporaavailable. However, we obsene that
Clinical Evidence(CE) providesa benchmarko evaluateour work against. As mentionedn
Sectionl.5.1,CEis apublicationthatreviews andconsolidategxperimentatesultsfor clinical
problems;it is updatedevery six months. Eachsectionin CE covers a particularclinical
problem,andis divided into several subsectionghat summarizethe evidenceconcerninga
particularmedication(or a classof medications¥or the problem,including resultsof clinical
trials on the bene ts and harmsof the medications.The information sourceghat CE dravs
on include medicaljournal abstractsreview articles,andtextbooks. Humanexpertsreadthe

collectedinformationandsummarizet to getconciseevidenceon every speci c topic. Thisis
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the procesof multi-documentsummarization.Thus,eachsubsectiorof CE canberegarded
asa human-writtermulti-documensummaryof theliteraturethatit cites.

Moreover, we obsered that, generallyspeakingthe summariesn CE arecloseto being
extracts(asopposedo rewritten abstracts) A citationfor eachpieceof evidenceis given ex-
plicitly, andit is usuallypossibleto identify the original Medlineabstracsentenceiponwhich
eachsentencef the CE summaryis based.Therefore we wereableto createa benchmarKor
our systemby corverting the summariesn CE into their correspondingxtractedsummary
Thatis, we matchedeachsentencen the CE summaryto the sentencén the Medlineabstract
on which it wasbased(if ary) by nding the sentenceéhat containedmostof the samekey
conceptsnentionedn the CE sentencéthisis similar to Goldsteinetal. [1999]).

Using CE in our work hasan additionaladwantage. As new resultsof clinical trials are
publishedfairly quickly, we needto provide the latestinformationto clinicians. We hopethat

thiswork will contributeto semi-automaticonstructiornf summariesor CE.

6.3 ldentifying important sentences

6.3.1 Method

We performsummarizatiorat the sentencdevel, i.e., we extractimportantsentence$rom a
setof documentgo form a summary For this, we explore a supervisedpproach Again, we
treatthe problemasa classi cationtask,determiningwhethera sentences importantor not.
ThesameSVM packageasin Section5.3.2(parametersveresetin thesamemanner)s taken
asour machindgearningsystem.

In theclassi cation,eachsentencés assignednimportancevalueby theclassi er (SVM)?2
accordingo aprede nedsetof features Sentencewith highervaluesaremoreimportantand
will beextractedto form asummaryof theoriginaldocumentsDifferentlengthsof summaries
(at differentcompressiomatios) are obtainedby selectingdifferentnumbersof sentencesc-

cordingto their rankin the outputof SVMs. In the summariesthe sequenc®f sentencess

2SVM outputfor eachdatapointin thetestsetis a signeddistance(positive=importan) from the separating
hyperplane A highervaluemeanghata sentencés moreimportant.
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keptthesameasin their original documents.

6.3.2 Featuresto identify important sentences

We usethe presencendpolarity of an outcome poth manuallyannotatecanddeterminedoy
the methoddescribedn the previous chaptey asfeaturesto identify importantsentencesin
addition,we considera numberof otherfeatureshat have beenshawvn to be effective in text

summarizatioriasks:

Position of a sentencan an abstract Sentencerearthestartor endof atext aremorelikely
to beimportant.We experimentedvith threedifferentwaysof representingentenceosition:
1. Absoluteposition:sentence recevesthevaluei 1.
2. Thevaluefor sentence is i=length-of-the-documerfin sentence).

3. A sentenceecevesavalueof 1if it is atthe beginning ( rst 10%) of adocumenta

valueof 3if it is attheend(last10%)of adocumentavalueof 2 if it is in between.

Sentencelength A scorere ecting the numberof wordsin a sentencenormalizedby the

lengthof thelongestsentencen thedocumen{Lin, 1999].

Numerical value A sentenceontainingnumericalvaluesmaybemorespeci c andtherefore

morelikely to beimportant.We tried threeoptionsfor this feature:
1. Whetheror notthe sentenceontainsa numericalvalue(binary).
2. Thenumberof numericalvaluesin thesentence.

3. Whetheror notthe sentenceontainghe symbol %' (binary).

Maximum Mar ginal Relevancy (MMR) MMR is a measureof “relevant novelty”, andit
is formulatedusingterminologiesin informationretrieval. Its aimis to nd a goodbalance
betweerrelevang/ andredundang. Thehypothesids thatinformationis importantif it is both

relevant to the topic of interestand leastsimilar to previously selectednformation,i.e., its
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mamginal relevanceis high. MMR is de ned asa linear combinationof a relevancemeasure

andanovelty measurgCarbonellandGoldstein,1998]:

MMR = argmaxq (Sim1(D;;Q) (1 ) maxSimy(Di;D;))]
Di2RnS Dj2s

whereR is theranked list of theretrieved documentsQ is a query;S containsa setof docu-

mentsthathave beenselectedromR, therefore S isasubsetf R; RnS is thesetof documents
in R thathave notbeenselectedD is adocumentSim {(D;; Q) is the similarity betweerthe

documenD; andqueryQ; Sim,(D;; Dj) is thesimilarity betweertwo documentsSim ; can

bethe sameasSim,. Parameter controlstheimpactof novelty andredundang in summa-
rization.

We adaptthe original de nition of MMR to our problem. In our task,R andQ arethe
same—thdist of sentencesn all relevant documentsrom which a summarywill be con-
structed.Becausene do not have a speci ¢ queryset,we setQ to be the sameasR, which
is oftenthe casein multi-documensummarizatiorsystems.S is the subsebf sentences R
alreadyselectedR n S is thesetdifferencej.e., thesetof sentences R thatarenot selected
sofar; Sim is asimilarity metric;andSim , is thesameasSim ;. Accordingto thede nition
of MMR, when = 1, noredundang is consideredn rankingthe sentences,e., no sentence
will be excludedfrom the summarybecauseét containsredundantnformation. When = 0,
diversitydominateghe constructedummary

In our experiments,to calculateSim(D;; Q), the sentenceD; andthe setof documents
Q arerepresentedyy vectorsof tf idf values((1 + tf ) idf ) of the termsthey contain.
The similarity is measuredy the cosinedistancebetweentwo vectors. Similarly, we can
calculateSim(D;; Dj). Thescoreof maginal relevanceof a sentencés usedasa featurein

theexperiment(referredto asfeatureMMR).

6.4 Data Set

The datasetin this experimentis the sameasin 5.3.2; 197 Medline abstractscited in 24
subsectiongsummaries)n CE areused. The averagecompressiomatio of the 24 summaries

in CEis 0.25.0utof thetotal 2298abstracsentences]84 containaclinical outcomeg34.1%).
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Thetotal numberof sentences the 24 summariess 546, of which 295 sentencesontaina
clinical outcome(54.0%). The percentag®f sentencesontaininga clinical outcomein the
summariess larger thanin the original Medline abstractswhich matchesour intuition that

sentencesontainingclinical outcomesareimportant.

6.5 Evaluation

In our experiment,we randomlyselectMedline abstractghat correspondo 21 summariesn
CE asthetraining set,andusetherestof the abstractgcorrespondingo 3 summariesn CE)
asthetestset. Theresultsreportedarethe averageof 50 runs. As the purposeis to obsene
the behaior of differentfeaturesets,the experimentalprocessanbe viewed asa glassbox.
Thesystemwasevaluatedoy two methodssentence-kel evaluationandROUGE,ann-gram-
basedvaluationapproachBoth of thetwo methodsarecommonlyusedin the summarization
community Randomlyselectedsentencearetakenasbaselinesummaries.

To evaluatethe performanceof featuresthe subsectionsn CE areviewed asideal sum-
mariesof the abstractghatthey cite. The correspondingxtractionsummariesareusedin the

sentence-Mel evaluation,andthe original CE summariesreusedfor ROUGE evaluation.

6.5.1 Sentence-lgel evaluation

In theexperimentwe rst obsenetheperformancef usingevery singlefeaturein theclassi -
cation. Then,we combinedifferentfeaturesandinvestigatethe contrikution of theinformation

on clinical outcomesandtheir polarity in this task.

Comparison of individual features

Theprecisionandrecallcurvesof summarieslervedby usingevery singlefeatureat different
compressiomatiosareplottedin Figure6.1.

In the gure, the solid horizontalline shavs the purely chanceperformancewhich is the
baseline. The baselinehasa precisionof 0.25 becausdhe averagecompressiomatio of CE

summarieds 0.25, and the recall at different compressiorratiosis calculatedaccordingly
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Figure6.1: Comparisorof features

The other four coloredsolid lines representhe performanceof manually or automatically
identi ed clinical outcomeandpolarity. Althoughcompressiomatio is notshavn explicitly in

the gure, lower compressiomatioscorrespondo lower recall,andcompressiomatio of 0.25
approximatelycorrespondso recallof 0.38onthecurve of MMR in the gure. Thereforethe

left-handpartof the gure (recalllessthan0.5) is more meaningful. Thus, our analysiswill

focusonthis partof the gure.

Onthe left-handpart of the gure, all four featuresof the presenceand polarity of clini-
cal outcomesaresuperiorto thebaselingperformancelt is clearthatknowledgeaboutclinical
outcomedelpsin thistask.We canseethatmanuallyobtainednformationon presencef out-
comeoutperformsMMR. Whencompressiomatiois relatively low, manuallyobtainedpolarity

informationalsoperformsbetterthanMMR.

For MMR measurementlifferentvaluesof aretested. Higher valuesproducebetter
summariesyhich indicatesthat relevanceis much moreimportantthannovelty in this task.

The gure shavsthebestresultsof MMR (= 0.9). Not surprisingly MMR is quite effective
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Table6.1: F-scoreof the summarizatiorwith differentfeaturesetsin sentence-kel evaluation

CompressiofRatio | 0.1 | 0.2 | 0.25| 0.3 | 0.4
Random A5 .22 .25 | .27 | .30
MMR 271 .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+numericavalue+length

(2): (1)+automaticallydenti ed polarity of clinical outcomes
(3): (1)+manuallyidenti ed polarity of clinical outcomes

(4): (1)+automaticallydenti ed presencef clinical outcomes

(5): (1)+manuallyidenti ed presencef clinical outcomes

in thetask.Otherfeaturessuchaslengthandnumericalvalue(option1) alsohave goodeffects

ontheperformance.

Combining the features

Whenfeaturesarecombined,someof their effectswill be additve, andsomewill cancelout.
Table6.1shavstheF-scoreof usingdifferentcombination®f featuresatdifferentcompression
ratios. The resultsof MMR, position,and numericalfeaturedlistedin the table arethe best
resultsobtained(MMR (= 0:9), position (option 2), and numericalfeatures(option 1)).
Theseresultsare comparedto the resultsof addinginformation on presenceor polarity of
clinical outcomes.

As shavn in thetable,on top of the combinationof MMR, position,numericalvalue,and
sentencéengthfeaturesmanuallyannotatedutcomeanformation(eitherpresencer polarity)
resultsin 3 to 5 pointsof improvementin the F-score.This clearlyindicatesheimportanceof

the presence/polaritinformationfor thetask. Neverthelessautomaticallyidenti ed informa-
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tion regardingpresence/polaritymprovesthe performancenly slightly whencombinedwith
all otherfeatures.This suggestsheneedfor developingmoreaccuratéechniquegor outcome
andpolarity detection.

Theadditionalbene t from furtherdetermininghe polarity of the outcomeratherthanjust
detectingthe presenceof an outcomeis rathersmall. Intuitively, we had expectedpolarity
to provide moreinformationon contradictingclinical outcomesandthusto helpimprove the
performance Looking closelyat the data,however, we found that one aspectaccountingfor
theobseredresultcouldbethatalthoughsomesentencearedifferentin polarity, they do not
form a contradiction Rather they maydescribedifferentclinical outcomesSincesomeof the

outcomesarenotimportant,they arenotincludedin the summaries:

(35) H pylori eradicationis highly effective in promotingulcerhealingandpreventingsub-

sequentlcerrecurrence.

(36) However, while ulcer symptomsareinfrequentduring follow-up, a proportionof pa-

tientsappearo developgastrooesophagesd ux aftereradication.

Example(35) expresses positive outcomeandit is includedin the summary Example(36)
describes nggative outcome.Althoughthe polarity in the two sentencess different,they do
not contradicteachother It turnsout thatthe secondoutcomeis notimportantenoughto be
includedin thesummary

In somecasesalthoughthe two differentoutcomesare contradictionsthey may not be
includedin thesummarybecaus®neor botharenotstrongevidence asshovn in thefollowing

examples:

(37) Resultsof North Americanstudiesof highestmethodologicahuality con rm thatH

pylori eradicatiormarkedly decreaseslcerrecurrence.

(38) Nevertheless20% of patientsin thesestudieshadulcerrecurrencewithin 6 months,

despitesuccessfutureof infectionandno reporteduseof NSAIDs.

Example(38) shavs negative evidenceon ulcer recurrence while example(37) shawvs positive
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: Comparisorof featuresetsin singlesummaryat compressiomatio 0.25

(1) : MMR+position+numericavalue+length

>1) =(1) <@
(1)+Polarity(auto) 10 7 7

(1)+Polarity(manual) | 15 6 3
(1)+Outcome(auto) 11 6 7
2 7

(1)+Outcome(manual) 15

positive, negative, or neutraldoesnot have provide more evidenceto supportthe importance
of asentence.

We also obsened the performanceof differentcombinationsof featureson every single
summaryat compressiomatio 0.25,andshaw theresultsof featuresetswith andwithout pres-
enceor polarityinformationin Table6.2. Thenumbersn thetablearenumbersof summaries.
For example,the numberin the secondrow, the rst columnis 10, which meansthatin 10
summarieghe performancgF-score)of usingfeatureset(1)+Polarity(auto)s betterthanus-

ing featureset(1). Thecompleteresultis plottedin AppendixJ.

6.5.2 ROUGE

As an alternatve evaluation,we usethe ISI ROUGE packaggLin, 2004], which comparesa
summarygeneratedy a text summarizatiorsystemwith a benchmarksummaryby consider
ing overlappingunits suchasn-grams,word sequencesandword pairs(word sequenceand
word pairsallow gapsbetweenwords). Our evaluationwascarriedout with variousROUGE
parameters.Unlike the sentence-kel evaluation, the resultsshaved little differencein the
performanceof differentcombinationsof features. Table 6.3 shavs the ROUGE-L scoreof
threefeaturesets. ROUGE-L is a measureof the longestcommonsubsequenca the two
texts to be comparedwherethelongestcommonsubsequencef two sequenceX andY isa
commonsubsequenceith maximumlength. For example,let X = [there are four catg,

Y, = [I have four catgdandY, = [four cute cats are playing with a ball], thenROUGE-
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Table6.3: ROUGE-L scoreof differentfeaturesets

CompressiorRatio 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+numericavalue+length

(2): automaticallyidenti ed presencef clinical outcomes

L(X; Y1) = ROUGE-L(X; Y2).

As the table shavs, addingposition, numericalvalue, andlengthfeaturesto MMR does
not improve the F-scorecomparedo usingMMR alone. Furthermoreaddingautomatically
identi ed presencef outcomesloesnot make ary differencein F-score.Onereasorfor the
resultthat differentcombinationsf featuresperformalmostthe samein ROUGE evaluation
couldbethatit is dif cult for anoverlap-basedhetricto capturehedifferenceaf thecontentof
two setsis similar. For example,only a smalldifferencemight be measuredy ROUGEwhen
comparingthe inclusionof both a positive anda negative clinical outcomeof anintervention

in treatmenbf adiseasen thesummarywith theinclusionof only oneof them.

6.6 Summary

In this chapter we proposedan approaclof identifying relevant piecesof informationin an-
swer constructionfor a speci ¢ task, i.e., answeringquestionsaboutclinical outcomes.We
explored multi-documentsummarizatiortechniquego rank sentenceaccordingto their im-

portancen the contect of constructinganswersn QA. Our hypothesigs thatinformationon
presenceor polarity of clinical outcomesn a sentencevould help identify answercompo-
nents. Suchinformationis usedasfeaturestogethermwith someotherfeatureshathave been
shawn effective in previous summarizatiortasks. We investigatedevery single featureand

shav thatin generalthe performanceof the summarizatiorsystemusing outcomeinforma-
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tion is superiorto thebaselinegspeciallywhenthe compressiomatiois relatively low (around
the averagecompressiomatio of the CE summaries).This resultdemonstratethe effective-
nessof suchinformation.We alsofoundthatwhenfeaturesarecombinedmanuallyannotated
presence/polaritinformationimprovesthe performancechiezed by usingall otherfeatures.
This further revealsthe value of suchinformationin the task. However, usingautomatically
detectedpresence/polaritynformation resultsin only a slight improvement. Thus, our next
stepwill beto build a moreaccurateoutcomeinformationdetectionsystem.Another nding
is thatthereis almostno differencebetweenpresencandpolarity of clinical outcomesn the
task. Neverthelesspolarity informationis mandatoryfor answeringsomequestionssuchas
guestionsaboutsideeffectsof interventions.

In this experimentalsetting, the questionsare aboutgeneralclinical outcomessuchas
“What is the effect of interventionA on diseasdB?”. For morespeci ¢ questionsasin Chap-
ter 4, ner-grainedanalysisneedsto be performedto nd the answey e.g.,identifying cores
of semanticclassesFor ary casetext summarizatiortechniqueshataddresgshe problemof
nding relevantinformationandavoiding redundanyg, e.g.,MMR andvariousfeaturescanbe

usedto identify answercomponentsn NFQA.



Chapter 7

Conclusion

In the researctihatthis dissertatiorpresentsye have analyzedcharacteristicef NFQA. We
foundthatanswergo non-factoidquestionsareusuallymorecomple thannamedentities,and
multiple piecesof informationareoftenneededo constructa completeanswer We proposed
anovel approacho addresghesecharacteristicsimportantsubtasksn differentcomponents
of thenew approactwereidenti ed, andautomationethodsveredevelopedto solve the prob-

lems.

7.1 Summary of contributions

The contritutions of this researchhave beenpresentedn Section1.6. We summarizethem

here,addingemphasi®n evaluationresults.

The QA approachbasedon semanticclassanalysis We useframesto represensemantic
classesn scenario@ndproposednapproachakingsemanticlassanalysisasthe organizing

principleto answemon-factoidquestionsThis approactcontainsour majorcomponents:
Detectingsemanticlassesn questionandanswersources
Identifying propertiesof semanticclasses

Question-answematching: exploring propertiesof semanticclassedo nd relevant

piecesof information

105
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Constructinganswerdy meiging or synthesizingelevantinformationusingrelations

betweersemantiaclasses

We investicated NFQA in the context of clinical questionanswering,and focusedon three
semanticlasseshatcorrespondo rolesin thecommonlyacceptedICOformatof describing
clinical scenarios.The threeclassesare: the problemof the patient,the interventionusedto

treatthe problem,andtheclinical outcome.

Extracting semanticclassesand analyzingtheir relations We usedrule-base@pproaches
to identify clinical outcomesandrelationsbetweennstance®f interventionsin sentencesin
the combinationapproachof outcomeidenti cation, a setof cuewordsthat signalthe occur
renceof an outcomewere collectedandclassi ed accordingto their PoStags. For eachPoS
category, the syntacticcomponentst suggestaere summarizedo derve rulesof identify-
ing boundarief outcomes.This approachcan potentially be appliedto identify or extract
othersemanticclasses.We identi ed six commonrelationshipsbetweendifferentinstances
of interventionsin a sentenceinddevelopeda cue-word-basedapproacho identify the rela-
tionsautomatically Theseapproachewsereevaluatedon a smalldatasetannotatedy human

judges.

Identifying coresof semanticclasses We shavedhow coresof interventions problemsand
outcomesdn a sentenceanbeidenti ed automaticallyby developingan approachexploring
semi-supervisetearningtechniques.The evaluationshavs that eachtype of featureusedin
theapproachmadecontributionsto the classi cation,andthey arecomplementaryn thetask.
The structureof the datais followed by the semi-supervisechodel. Therefore unlabeleddata

is effectively exploitedin theclassi cation.

Detectingpolarity of clinical outcomes We developedamethodusingasupervisedearning
model to automaticallydetectpolarity of clinical outcomes. The resultsshav that context
featuresandcateyoryfeaturessigni cantly improvedclassi cationaccurag comparedo using
unigramsalone. This methodhasstableperformancen differentsourcef medicaltext. We

alsoidenti ed a causeof the bottleneckof performanceof supervisedapproachin polarity
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detectionandshavedevidenceby theresultsof manualexperiments.

Extracting componentsfor answers We built explicit connectiorbetweertext summariza-
tion andanswerconstructionn NFQA, i.e., both of themneedto identify importantinforma-
tion andavoid redundang. We constructed summarizatiorsystenthatexploreda supervised
classi cation modelto extractimportantsentence$or answerconstruction.We investicated
therole of presencandpolarity of clinical outcomesn this task. The evaluationshows that
presence/polarityf clinical outcomeshelpsthe summarization.However, accurag of auto-
matic approachess not high enoughto make a substantialmprovementin the performance.
An additionaladvantageof the polarity informationis thatit is mandatorywhenanswering

guestionsaboutbene tsor harmsof interventions.

Generalization of the approachof semanticclassanalysis Ourapproachanalyzeseman-
tic classesnvolvedin scenariogo nd answerdo non-factualquestions.The importanceof
semanticclassehasbeenshavn both in theory of linguisticsand by the succesof IE sys-
tems. The propertiesof semanticclasseghat we identi ed for the medicaldomainapply to
otherdomainsaswell. A coreis the essencef an instanceof a semanticclass;hence,in-
stance®f ary semanticclasshave cores.Polarityis a propertyfor ary semanticclassthatcan
be evaluatedasgood bad or neutial, althoughmostof work on polarity analysisfocuseson
opinions. In eachsubproblenof analysisof semanticclassesliscussedn the thesis,we use
generalrule-basedr machinelearningapproachesalthoughsomedomain-speci cfeatures
areincorporatedn sometasks.Therefore we expectthatour approactcanbe usedto answer

non-factualquestionsn otherdomainsaswell.

7.2 Futurework

7.2.1 Extensions

Short-termfuturework includesovercomingsomelimitations or extendingthe currentwork.

Re ne rulesof usingadjectiesto identify clinical outcomes.In both detectingthe

occurrenceof outcomesand determiningthe boundariesthe usageof adjectve cue
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wordsis harderto describeascomparedo nounsandverbs. Finergrainedruleswill

beableto handlethesecasedetter

Extendrules of analyzingrelationsbetweeninstancesof interventionsto deal with
ambiguity Althoughambiguousuewordsfoundin therelationanalysisndicateone
relationmore often thanthe other it will be helpful to have more speci c rulesthat

disambiguatéhe occurrencef suchacue.

Investicateapproacheso automaticallycollectwordsthat expressmore or less good

or badto generateéhechange phrasefeaturesn detectingpolarity of clinical outcomes.

Exploremoresophisticatedechniqueso handlenggationsin polarity detection Nega-
tion is avery comple linguisticsphenomenonin-depthanalysisof negations,for ex-
ample,cateyorizing expression®f negationsandinvestigating the syntacticrelations

of the expressionsgcanbe performedo reduceerrors.
Performfeatureselectionto remove redundanfeaturesn the polarity detectiortask.

Improve boundarydetectionof the coreidenti cation task. In our currentwork, de-
tectingboundarie®f coresusesthe UMLS knowledgebase.Sincesucha knowledge
basedoesnot exist for somedomains,machinelearningapproachesanbe explored

to improve boundarydetectionby investigating syntacticconstituent®f cores.

Usecoresof semanticclassedo identify answercomponentsVariousstratgiescan
be takenin calculatingthe similarity of a questionanda pieceof informationin the
answersource. For example,only coresmay be taken into account,or the complete

descriptiormay be consideredvhile giving moreweightsto cores.

Explore unsupervisedummarizatiortechniquego extractanswercomponents.Un-

supervisednethodsareimportantwhenannotatediatais not available.

7.2.2 Directionsfor futur e work

Onthebasisof ourresearchn non-factoidQA, we ervision severalmajordirectionsfor future

work.
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Impr oving polarity classi cation Polarity is a property of mary things, suchas clinical
outcomesandopinions.Automaticpolarity classi cation,asshawn in this thesisandin there-
searchon sentimentnalysisjs acrucialissuein mary applicationsncludingQA. To improve

polarity classi cation,we foundthreeresearclproblemsof greatinterest:

The granularityof polarity analysis.As describedn Section5.1, currentpolarity re-
searchis at threelevels: words, sentencesand documents.Determiningpolarity of
wordswill contributeto higherlevel analysis.The adwvantageof performingsentence-
level analysisis that a sentenceften expresses polarity thatis rathercompleteand
independent.Neverthelessthe dif culty at this level is thata sentencemay contain
morethanonepolarity unit andthey may have differentpolarity. In addition,the po-
larity of a sentencenay berelatedto its adjacensentencesFor example,a sentence
may continuethe samepositve/nayative polarity asits previous sentencalthoughits
own expressions neutral. Document-lgel analysiscanbe too coarse-grainedTake
themainresearctatthedocument-leel, movie reviews, asanexample.A review usu-
ally containsdiscussion®n both positve andnegative aspectof a movie. Although
thepolarity of thewholedocumeninmayshaowv thegeneralview of areviewer, it will be
muchmoreinformative to identify whatin the movie is successfuandwhatis notin
thereviewer'sopinion. Thiswill rely onsentence-kel analysis.Thereforewe believe
it is importantto investigatethedif culty of sentence-kel analysismentionedabove,

anddevelopnew approacheto addresst.

Featureselectionin polarity classi cation. As discussedn Section5.4, polarity of a
clinical outcomeis oftendeterminedy a sequenc®f wordsin a sentencelt will be
interestingto seeif the sameobsenration canbe obtainedfrom otherpolarity detec-
tion tasks,suchassentence-kel sentimentlassi cation. Currentwork in theopinion
domainoften usesthe semanticorientationof a setof wordsto detectpolarity. This
may indicatethe existenceof a setof wordsthat fully determinethe polarity. This
obsenation mayalsohold atthe documentevel. Becausehe goal of document-leel
sentimentclassi cationis to getthe generalview of the reviewer, it may not be nec-

essanto considerall wordsor polarity expressionsn thedocumentasit is in current
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work. Insteadthe polarity of the documentmay be setby oneor a small amountof

sentences.

Therole of in-depthsemanti@nalysign polarity classi cation. As pointedoutin Pang
et al. [2002], the task of sentimentclassi cationis moredif cult thanthe traditional
topic categyorizationtask. Someexamplesin the papershov thatin sentimentclas-
si cation, evenif a sentenceor a documentcontainsa lot of positve expressionsit
may turn out to be negative. This suggestdhat semanticof languageplay a more
importantrole in the polarity classi cationtaskcomparedo the topic cateyorization
task. However, dominantfeaturesin currentapproache$or polarity classi cationare
similar asin topic cateyorization,i.e., usingbag-of-words. Therefore animportantre-
searchdirectionis to effectively incorporateappropriatdeaturescapturingsemantics

in text, suchasnegations.

Usingtopic detectionto nd answercomponents In Chapter6, we describedheapproach
of usingmulti-documensummarizatiortechniquego identify relevant piecesof information

in a setof relevantdocumentgo constructthe answer It will beinterestingto furtherinves-

tigate this approachin the casethat a relevant documentdiscussesnore diversetopics. For

suchdocumentsit may be usefulto rst identify which partin a documenis aboutthe topic

addressedby the question,andthento apply summarizatiortechniquego extractimportant
informationfrom thatparticularpart. Thiswill requiredetectingtopicsin adocument.

The problemof topic detectionhasbeeninvesticatedfor text summarizatiogfNomotoand
Matsumoto,2001,2003; Hardy et al., 2002]. The ideais to detectmajor topicsdiscussedn
a documentandthenextractimportantinformationfrom eachtopic to composea summary
This approactaddressetheimportanceandredundang by selectingsalientinformationfrom
diversetopics.Anotherrelatedresearclareais topic sggmentatior{Caillet etal., 2004],which
recentlyis exploredmostly in speechdialogue,andnews [Purwer et al., 2006; Malioutov and
Barzilay,2006;Rosenbeay andHirschbeg, 2006].

We will usetopic areaga topic areais a sggmentof text discussingonetopic)to nd the
answerto agivenquestion.Therefore aftertopicareasn adocumentreidenti ed, we needa

similarity measurdo selectthetopicthatis mostsimilar to thequestion.Then,we will extract
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importantinformationfrom thistopic area.ln QA, we usuallyhave asetof documentshatare
relevant to the question. Hence,this processwill be conductedor every documentandthe

answewvill beconstructeadn the basisof theinformationextractedfrom eachdocument.

Exploring textual contextof frames In our frame-basedemanticclassanalysisapproach,
ananswerframein a documentwill be matchedo the questionframeby comparingthe cor-
respondingsemanticclassesn the two frames. Then,informationin the answerframe will
be extractedfrom the documento constructthe answer However, it may not be appropriate
to only extract the answerframe asit is usually not isolatedfrom its textual contet in the
document. Instead,this contet often describegelatedinformation suchasthe background,
the preconditionsandthe explanationof the answerframe. Missing this informationcanre-
sultin misleadinganswersTherefore anotheresearchirectionof locatingrelevantpiecesof
informationasanswercomponentss to explorediscourseanalysis.

Oneof themostpopulardiscourseheoriess the RhetoricalStructureTheoryproposedy
Mann and Thompson[1986]. The centralnotionin the theoryis that of rhetorical relation,
which is a relation that holds betweentwo non-overlappingtext spans. Someexamplesof
rhetoricalrelationsare:justi cation, equivalencecontrast cause condition andchange-topic
Thetext spanscanbe text sequencewithin a sentencgMarcu and Echihabi,2002], or they
canbesentencefSaitoetal., 2006].

We canperformdiscourseanalysisto understandow sentence# the context of anan-
swerframearerelatedto eachother i.e., if the sentencesre connectedy someimportant
rhetoricalrelations. The setof rhetoricalrelationsthat areimportantin this task canbe col-
lectedmanuallyor via somesupervisedearningapproacheslo constructheansweyboththe
answelframeandits importantcontect determinedy therhetoricalrelationswill beextracted

from the original document.

Cross-sentencscenarioanalysis Currently ourwork is atthesentencéevel, i.e.,slot llers

of aframeareextractedfrom a singlesentenceConsequentlyif a sentencenly containsthe
instance®f somesemanticlassesn aframe,theframeextractedfrom the sentencevill have
someemptyslots.Becausemptyslotsmaycauseconfusionin the matchingprocesswe need

to resole themby locatingthe correctinstancesn thedocument.
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We identi ed two causesf emptyslots. In one case,instancesof a semanticclassare
simply omittedin a sentencéecausdhey aredescribedn the previous sentence(s)In such
case,the meaningof this sentencds easyto interpretby taking into accountthe previous
sentence(s)Hence,it is easyto Il theemptyslotsby examiningthe correspondingemantic
classesn theprevioussentence(s)n theothercasejn asentencesomeinstance®f semantic
classesarereferredto by variousexpressionse.g.,pronouns.Oneway to addresshis caseis
to explore coreferenceesolutionto locatethe correctslot llers.

Coreferenceesolutionis a majorresearchareain computationalinguistics. Coreference
canbetackledby exploring syntacticconstraintssemanticsanddiscoursenformation. Re-
cently statisticalapproachesisingvariousmodelshave beendevelopedto improve the accu-
racy of coreferenceesolution[BergsmaandLin, 2006;Yangetal., 2006]. We needto exam-
ine currentapproaches detailfor possiblesolutionsto our problemof resolvingemptyslots.
This problem,however, may preseninew featureshatrequirenew approacheso coreference

resolution.



Appendix A

List of abbreviations

CE

DuC
EBM
EBOC
EPoCare
FBQA
HITIQA

RBF
SO
SVM
UMLS

Clinical Evidence
DocumentJUnderstandin@onferences
Evidence-baseledicine
Evidence-base®n Call
EvidenceatthePointof Care
Fact-based@uestionAnswering
High-Quality Interactve QuestionAnswering
InformationExtraction
InformationRetrieval

Locally LinearEmbedding
MaximumMarginal Relevangy
Multi-Perspectre QuestionAnswering
MeanReciprocaRank
MessagdJnderstandingConference
NamedEntities
Non-factoidQuestionAnswering
QuestionAnswering
RadialBasisFunction
SemantidOrientation
Support-\éctorMachine

Uni ed MedicalLanguageSystem
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Appendix B

A subsetof syntactictagsin Apple Pie

Parser

PoStags

CC: Coordinatingconjunction;DT: Determiner]N: Prepositioror subordinatingsonjunction;
JJ:Adjective; JJR:Adjective, comparatre; NN: Noun, singularor mass;NNP: Propemoun,
singular;NNS: Noun,plural; NNPS:Propemoun,plural; NNPX: NNP + NNPS;RB: Adverb;
TO: to; VB: Verb, baseform; VBN: Verb, pastparticiple; VBZ: Verb, 3rd personsingular

present
Phrasetags

ADVP: AdverbphraseNP: NounphraseNPL: NP which hasno NP in its decendentdpwest
NP; PP:PrepositionaphraseVP: VerbphraseS: Sentence
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Appendix C

The effectof In the RBF kernelin core

Identi cation

Thisappendixshavstheclassi cationresultsusingdifferent valuesn theRBFkernel(cosine
distancds usedhere).FigureC.1shavsthatwhen isin areasonableange theperformance

of theclassi cationis notsensitve to its change.

Accuracy of classification with different Sigma values
0.75

0.7 T T R
0.65 9 Ty
0.6
>
Q
I
5 055
Q i
Q
<
0.5
0.45F
0.44 —+— |abeled data: 10%
—— labeled data: 30%
—=— labeled data: 60%
| | | | | |

1 1 1 1
0'3-51 -0.5 0 0.5 1 15 2 25 3 35 4
Sigma (with a base 10 logarithmic scale)

FigureC.1: Classi cationresultswith differentvaluesfor
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Appendix D

Algorithm for Boundary Detection of

Clinical Outcomes

Input: S=1S;; S0 asetof parsedsentences.
Output: O=1f0;; 0O,g: clinical outcomesdenti ed from S.
Notations:[lp; rp ] — theboundaryof aword sequenc®.
N P (w) — theinnermostounphrasecontainingthe word w.
AP (w) — theinnermostadijectve phrasecontainingw.
C(w) — theclausecontainingw.
com([l; rq]; [l2; ro]) — combinationof intersectingntenals;
return[min (I1; 12); max(rqy;r2)].

max([l1; r1]; [I2; r2]) — maximumcover; returnthelargerinterval.

: For eachsentencé; in S:
Initialize the boundarysetB ; setthe positioncounterpcto thestartof S;.
While pcdoesnotreachtheendof S;:
getnext word w.
computethe extractionboundaryfor thefollowing caseof w:
(i) w 2 [difference superior, effective:
(a)identify N P (w).

© N o2 g A~ w DN R

(b) identify the propositionalphraseP P whichimmediately
follows N P (w).

9: (c) recordtheextractionboundary[ln p wy; rep] IN B.

116
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10: (i) wis acueverb:
11: (a) checknegationof w andlabelthe negative statuson w.
12: (b1)if wis actve, then

identify E whichis the nounphrasammediatelyfollowing w.

13: (b2)if wis passie,then
identify E whichis theword sequencéetweerthe startof C(w) andw.
14. (c) recordtheboundarylg;rg] in B.
15: (i) wisacuenoun:
16: (a) identify N P (w).
17: (b) identify the phrase® which containsw andis onelevel higher
thanN P (w).
18: (c)if Pis anounphrasethenrecord[ls;rs] in B;
else,record[ln pw); 'npw)] iN B.
19: (iv) wis anadjectve:
20: (a)identify N P (w).
21: (b) identify AP (w).
22: (c) recordmax([Inpwy; 'new)l [lap (wy: Fap wyl) INB,

23: EndOfWhileLoop.

24: Combineboundariesn B usingcombinefunctionuntil thereareno intersectingpooundaries.
25:  OutputoutcomeO; —word sequenceextractedirom S; asindicatedby the boundariesn B.
26: EndOfForLoop.



Appendix E

Sampleoutput of MetaMap

Sentence
It foundthatthe combinedrateof myocardialinfarction,stroke, or deathwasslightly lower in

thelower dosethanin the higherdosegroupsat 3 months.

Output of MetaMap:
Phrase’It”
MetaCandidate$0): <none>

MetaMappings:< none>

Phrase!found”
MetaCandidate$0): <none>

MetaMappings:< none>

Phrase!that”
MetaCandidate$0): <none>

MetaMappings:< none>

Phrase:the”
MetaCandidate$0): < none>

MetaMappings:< none>
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Phrasecombined”
MetaCandidate$0): <none>
MetaMappings:< none>
Phrase!rate”
MetaCandidate$0): <none>

MetaMappings:< none>

Phraseof myocardialinfarction”

MetaCandidateg6)

1000Myocardiallnfarction[Diseaseor Syndrome]

861 Infarction[Finding,RathologicFunction]

861 Myocardial[FunctionalConcept]

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

789MIS (Mullerian ductinhibiting substance)Amino Acid, Peptide por Protein,Hormone]
789Myocardium[Tissue]

MetaMapping(1000)

1000Myocardiallnfarction[Diseaseor Syndrome]

Phrase’stroke”

MetaCandidategl)

1000Stroke (Cerebr@ascularaccident]Diseaseor Syndrome]
MetaMapping(1000)

1000Stroke (Cerebroascularaccident)Diseaseor Syndrome]
Phrase!or”
Meta Candidate$0): <none>

MetaMappings:< none>

Phrase!death”
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Meta Candidate$3)

1000Death< 1> (Cessatiorof life) [Finding,OganismFunction]
916 LIQUEFACTION [Laboratoryor TestResult]
900Expired[FunctionalConcept]

MetaMapping(1000)

1000Death< 1> (Cessatiorof life) [Finding,OganismFunction]

Phrase’was”
MetaCandidate$0): <none>

MetaMappings:< none>

Phrase!slightly lower”
MetaCandidate$4)

861 Lower [FunctionalConcept]
805L0 [Pharmacologi©Substance]
694 SLIGHTLY [Ideaor Concept]
623 Slight[Qualitative Concept]
MetaMapping(888)

694 SLIGHTLY [Ideaor Concept]

861 Lower [FunctionalConcept]

Phrase’in thelowerdose”

Meta Candidate$3)
789dosagdgDosages)Quantitatve Concept]
694 Lower [FunctionalConcept]

638L0O [PharmacologiSubstance]
MetaMapping(853)

694 Lower [FunctionalConcept]

789dosaggDosages)Quantitatve Concept]
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Phrase:than”
Meta Candidate$0): <none>

MetaMappings:< none>

Phrase'in thehigherdosegroups”
MetaCandidateg5)

827 Groupg|IntellectualProduct]

701 High dose[Quantitatve Concept]

627 High [Qualitatve Concept]

627High <1> (Euphoricmood)[Mental Process]
589dosagdDosages)Quantitatve Concept]
MetaMapping(879)

701High dose[Quantitatve Concept]

827 Groupg|IntellectualProduct]

Phrase’at 3 months”
MetaCandidateg1)

861 months(month)[TemporalConcept]
MetaMapping(861)

861 months(month)[TemporalConcept]
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Appendix F

Sampleoutput of Minipar

This appendixshans the outputof the Minipar parseron a sentenceThe outputof the parser

is usedto constructthe syntacticrelationsfeaturesn the coreidenti cation task.
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Sentence

Thrombolysisreducegherisk of dependeng but increaseshe chanceof death.
Candidatesof cores

thrombolysisdependeng death

Output of Minipar :

(

EO() n C*)

1 (Thrombolysis N 2 s(gov reduce))

2 (reduceseduceV EOi (gov n))

E2 (() ThrombolysisN 2 subj(gov reduce)antecedent))
3 (the Det4 det(gov risk))

4 (risk N 2 obj(gov reduce))

5 (of Prep4 mod(gov risk))

6 (dependenc N 5 pcomp-n(gov of))

7 (, U 2punc(gov reduce))

8 (but U 2 punc(gov reduce))

9 (increasescreaseV 2 conj(gov reduce))

E3(() ThrombolysisN 9 subj(gov increase)antecedent))
10 (the Det11det(gov chance))

11 (chance N 9 obj (gov increase))

12 (of Prepllmod(gov chance))

13 (death N 12 pcomp-n(gov of))

14(. U* punc)

)

Relations
(thrombolysissubj—ofincrease)(thrombolysissubj—ofreduce)
(dependengpcomp-n—ofof)

(deathpcomp-n—ofof)

FigureF.1: Exampleof dependengtriplesextractedfrom outputof Minipar parser



Appendix G

List of words for building CHANGE

PHRASES features

Thisappendixshavsthelist of good bad, more, andlesswordscollectedfrom CEin detecting

polarity of clinical outcomes.

Good:

cured vitality relaxing bene t tolerability improvement
right effective stable best better pleasurable
relaxation favour bene cial safety prevents successful
satishction signi cant superior contrikutions reliability robust
tolerated  improving survial favourable  reliable recovered
judiciously consciousnessefcacy prevented satis ed prevent
adwvantage encouraging tolerance success signi cance improved
improves  improve improvements

Bad:

depression acute sore outpatient disabling diabetes

dif culties dysfunction distorted poorer unable  prolonged

irritation  disruptve  pathological mutations disease infection

124



APPENDIX G. LIST OF WORDS FOR BUILDING CHANGE PHRASES FEATURES

harms
adwerse
dryness
tension
distress
unsatiséctory
loses
cancers
complaints
death
invasve
died
trauma
illness
dizziness
fatty

harm
headache
retardation
suicidal
violent
blind

bitter

bad

attack
worsening
overdose

nene

dif culty
insomnia
fever
hazards
weak
blinding
intensve
malaise
misuse
nightmares
suicide
uctuating
cried
inpatients
attacks
negative
bleeding
problem
dysfunctional
obsessions
strokes
burning
excessve
confounded
infections
adwersely
serious

parkinson

wealened
relapsing
overestimate
diarrhoea
cancer
nausea
relapse
crying
insigni cant
deteriorate
chronic
severities
impair
worry
pointless
con icting
in ammatory
bleeds
render
impaired
virus
faintness
diabetics
sadness
negativistic
insufcient
delayed

toxicity

inactve
malignant
constipation
weakness
emegeny
traumatic
recurrent
toxic
poisoning
fatal
relapsed
delusions
severe
rebound
disorders
upset
hampered
panic

dif cult
cough
stroke
suffered
malfunction
mortality
deaths
scarring
discomfort

nenous

stressors
suffer
deposition
irritability
risk
wound
extension
injury
anoxic
injuries
disturbances
compulsions
tremor
worse
dyskinesia
shy
underpavered
loss
drowsiness
severity
atulence
threatening
abnormal
disturbance
poor
headaches
sweating

pain

125

hypertension
exacerbate
colic
insidious
block
intention

die
confounding
amputation
fatigue
confusion
con ict
wealer
reversible
risks

hard
obstruction
odds

lack
suffering
brates
misdiagnosing
deterioration
agitated
wrong
disability
morbidity

stress
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wealens

rigidity

sads

incorrect disorder

prolong adwersity

onset failure

dementia harmful

Increase

increase enhance elevation

excess

Decrease

belov

fewer

lower

decrease fall

worsened malformations blinded
aluse lacked dyspepsia

inadequate sensitvity impairment

higher exceed enhancement pealed

low reduce decline less little
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more

mild

drop



Appendix H

Using an RBF kernel in detectingpolarity

of clinical outcomes

This appendixshavs theaccurayg of usinga non-linearkernel,RBF (exp( d?(x;; x;)= 2), in
SVMs in the taskof detectingpositve andnegative clinical outcomesn CE text. Usingthe
featuresetof presenc®f combiningUNIGRAMS with DISEASE andMORE/LESS, theaccurayg
of the classi cation obtainedwith different valuesis shaovn in TableH.1. We canseethat
small stretchegshe distancebetweendatapointsandmakesthe classi cationvery dif cult.

When is larger, the performancas not very sensitve to its changeandbecomeselatively

stable.

TableH.1: Resultsof positive/nagative classi cationusingan RBF kernel

2 102 10! 10 100 1 10 100 10
Accuray (%) 34.9 349 349 87.9 919 923 92.7 92.7
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Resultsof the summarization with
differ ent feature setsin sentence-lgel

evaluation

Tablel.1: Resultsof the summarizatiorwith differentfeaturesetsin sentence-kel evaluation

CompressiorRatio 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
Q) 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+numericavalue+length

(2): (1)+automaticallydenti ed polarity of clinical outcomes
(3): (1)+manuallyidenti ed polarity of clinical outcomes

(4): (1)+automaticallydenti ed presencef clinical outcomes

(5): (1)+manuallyidenti ed presenc®f clinical outcomes

128



Appendix J

F-score of combinationsof featuresin

eachsinglesummary

The F-scoreof eachsummaryat compressiomatio 0.25is presentedn FigureJ.1to obsere
the performanceof differentcombinationsof featureson every singlesummary The diagram
at the top shaws the resultsof featuresincluding presenceof outcomesandthe oneon the

bottomshaows theresultsof featuresncluding polarity of outcomes.
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Hl VMR

B MMR+pos+num-+len

[0 MMR+pos+num-+len+outcome(auto)
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FigureJ.1: The performancef differentcombinationf featuresn eachsummary
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