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ABSTRACT

In retrieving medicalfree text, usersare often interestedin an-
swersrelevant to certain scenariosscenarioghat correspondo
commontasksin medical practice,e.g., “treatment” or “diagno-
sis” of a disease. Consequentlythe queriesthey poseare often
scenario-speci ¢.e.g., “lung cancey treatment. A fundamental
challengein handling such queriesis that scenariotermsin the
query(e.g.“treatment”)aretoo generako matchspecializederms
in relevantdocumentge.g. “lung excision”). In this papemwe pro-
posea knowledge-basedueryexpansionmethodthatexploits the
UMLS knowledgesourceto appendhe original querywith addi-
tionaltermsthatarespeci cally relevantto thequery's scenario(s).
We comparethe proposedmethodwith statisticalexpansionthat
only explores statisticalterm correlationand expandstermsthat
arenotnecessarilgcenarispeci c. Our studyonthe OHSUMED
testbedshaws that the knowledge-basedanethodwhich resultsin
scenario-speci expansionis ableto improve morethan5% over
the statisticalmethodon average,and about10% for queriesthat
mention certain scenarios such as “treatmentof a disease”and
“dif ferentialdiagnosisof a symptom/diseask.

Categoriesand Subject Descriptors

H.3.3[Information Storageand Retrieval]: InformationSearch
andRetrieval

Keywords

Knowledge-Basedh\pproach,Medical Free-Bxt Retrieval, Auto-
matic QueryExpansion

1. INTRODUCTION

Recentyearshave withessed phenomenajrowth of Web-based
medical documentcollections. Such collections,e.g., PubMed
andHarrisons Online? provide comprehensi coverageof medi-
calliteratureandteachingmaterials.In searchinghesecollections,

1http://www.ncbi.nIm.gov/entrez/query.fcgi?db=PubMed
2http://harrisons.accessmedicine.com
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it is often desirableto retrieve only thosedocumentgertainingto
aspeci ¢ medical‘scenarid, wherea scenarids typically de ned
asafrequently-reappearingiedicaltask.For example,in diagnos-
ing a potentiallung cancerpatient,a physicianmay posea query
“lung cancey diagnosis”in orderto nd out the latestdiagnostic
techniquesboutthis diseaseHere“diagnosis”is themedicaltask
that marksthe scenarioof this query Recentstudies|[1, 2, 3, 4,
5] revealthatin clinical practice,as mary as60% of physicians'
queriescenterarounda limited numberof scenariosg.g. “treat-
ment; “diagnosis; “etiology,” etc. While the contextual informa-
tion in suchquerieqe.g.,the particulardiseasef a patientsuchas
“lung cancef the agegroupof thatpatient,etc.) variesfrom case
to case the setof frequently-askd medicalscenariogemainsun-
changed.Retrieving documentshat are speci cally relatedto the
query's scenarids referredto asscenario-speci aetrieval.

Scenario-speci aetrieval is not adequatelyaddressedy tradi-
tional text retrieval systemge.g. SMART [6] or INQUIRY [7]).
Such systemssuffer from the fundamentalproblem of query-
documentmismatt [8] when handlingscenario-speci cqueries.
Scenariotermsin thesequeriesaretypically generale.g., “treat-
ment” in the query“lung cancer treatment, while full-text med-
ical documentsoften discussthe sametopic using much more
specializederms,e.g.,“lung excision” or “chemotherap” Such
generalscenariatermsfail to matchwith the specializedermsin
relevant documentsresultingin poor retrieval performance.Be-
causeof suchineffectiveness searchingonline documentcollec-
tionsfor clinical usages still frustrating,Jaborintensive andtime-
consumingasreportedy recentstudieq9, 10,11,2, 3]. Although
aboutonethird of a physician’s clinical questionscan potentially
beansweredy suchonlineinformationresource$12], the overall
usageof themin medicalpracticeremaingrelatively low [1, 3].

Therehasbeenrecentresearchon queryexpansion[13, 14, 15,
16] to amelioratethe query-documenimismatchproblem. How-
ever, such techniquesalso have dif culties handling scenario-
speci ¢ queries.In principle, query expansiontechniquesappend
the original querywith specializedermsthathave a statisticalco-
occurrenceelationshipwith original querytermsin medicalliter-
ature. Although appendingsuchspecializedermsmalesthe ex-
pandedquery a bettermatchwith relevant documentsthe expan-
sion is not scenario-speci c.For example,in handlingthe query
“lung cancertreatment, existing queryexpansiontechniqueswill
appendhot only termssuchas“lung excision” or “chemotherap’
that are relevant to the “treatment” scenario,but also irrelevant
termslik e “smoking” and“lymph node’, simply becauséhe latter
termsco-occurwith “lung cancer”’in medicalliterature. Append-
ing non-scenario-speci termsleadsto theretrieval of documents
thatareirrelevantto the original query's scenariodiverging from
our goalof scenario-speci getrieval.



In this paper we proposea knowled@-basedquery expansion
techniqueto supportscenario-speci aetrieval. Our techniqueex-
ploits domainknowledgein orderto restrict query expansionto
scenario-speci expansionterms,thusimproving upontraditional
gueryexpansionapproachesThe following arechallengesn de-
velopingsucha knowledge-basetechnique:

2 Using domain knowledge to automatically identify
scenario-speci ¢ expansion terms. It is impractical to
askusersor domainexpertsto manuallyidentify scenario-
speci ¢ termsfor every query and all possiblescenarios,
and thereforean automaticapproachis highly desirable.
However, the distinction betweenscenario-speci cexpan-
siontermsandnon-scenario-speci onesmay seemappar
entto ahumanexpert,but canbevery dif cult for aprogram.
To addresghis problem,we proposea methodthat exploits
adomain-speci cknowvledgesourceto treatthis distinction.

2 Incompletenesof knowledgesources.Knowledgesources
are usually not speci cally designedfor the purpose of
scenario-speci aetrieval. As aresult,scenariosrequently
appearingin medical queriesmay not be adequatelysup-
portedby thoseknowledgesourcesTo addresshis problem,
we proposea knowledge-acquisitiomethodologyto supple-
mentthe existing knowledgesourceswith additionalknowl-
edgethatsupportaunde nedscenarios.

The rest of this paperis structuredas follows. A framework
for knowledge-basedjuery expansionis presentedn Section2,
anddetailedmethodsn this framework aredescribedn Section3.
We experimentallyevaluatetheframewvork andreporttheresultsin
Section4. Section5 discusseselatedworks and Section6 con-
cludesthepaper

2. A FRAMEW ORK FOR KNOWLEDGE-
BASED QUERY EXPANSION

Figure 1 depictsthe componentsn a knowledge-basedjuery
expansionandretrieval framevork. Givenan original query Sta-
tistical QueryExpansionwhosescopes markedby theinnerdot-
ted rectanglewill rst derive candidateexpansionconcepts that
arestatisticallyco-occurringwith theoriginal queryconceptgSec-
tion 3.1),andassigrnweightsto eachcandidateeonceptccordingo
the statisticalco-occurrenceSuchweightswill be carriedthrough
theframework.

Basedon the candidateconceptsderived by statisticalexpan-
sion, Knowledg-basedQuery Expansion(\whosescopeis marked
by the outerdottedrectangle¥urther derivesthe scenario-speci ¢
expansionconcepts,with the aid of domainknowledge suchas
UMLS [19] (Section3.2). Suchknowledgemay be incompleteto
includeall possiblequeryscenariosTherefore,jn an off-line pro-
cessweuseaKnowledg AcquisitionandSupplementatiomodule
to supplementheincompleteknowledge(Section3.3).

After the queryis expandedwith scenario-speci conceptsye
usea\ectorSpaceModel(VSM) to comparehesimilarity between
theexpandedjueryandeachdocumentandfurtheroutputthetop-
rankeddocuments.

3. METHOD

In this section, we rst describe existing methodsto de-
rive statistically-relatedconcepts. Afterwards, we proposea
knowledge-basedhethodto automaticallydetectscenario-speci ¢

31n therestof this paperaconcepis referredto asaword or aword phrasethathasa
concretemeaningn a particularapplicationdomain.In the medicaldomain,concepts
in freetext canbeextractedusingexistingtools,e.g. MetaMap[17], IndexFinder[18],
etc.

conceptaimongthosestatistically-relate@¢onceptsThisaddresses
the rst challengddenti ed in theintroductionsection.In theend,
we describea knowledge-acquisitiormethodologyto supplement
the incompleteknowledge sourceso asto handlepreviously un-
supportedscenarioswhich addressethe seconctchallenge.

3.1 Deriving statistically-related expansion
concepts

Statisticalexpansionis alsoreferredto asautomaticquery ex-
pansion8, 16]. Thebasicideais to derive conceptdhatarestatisti-
cally relatedto theoriginal queryconceptsn adocumentollection
(e.g. OHSUMED [20]). Appendingsuchconceptdo the original
query makesthe query expressionmore specializecand helpsthe
query bettermatchwith relevant documents.Dependingon how
suchstatistically-relatedonceptsarederived, statisticalexpansion
methoddall into two major categories:

2 Co-occurence-thesaurus-basestpansion[13, 14, 15]. In
this method,a conceptco-occurencethesauruss rst con-
structedautomaticallyof ine. Givenavocatularyof M con-
cepts,the thesauruss anM £ M matrix, wherethe h; j i
elementguanti es the co-occurrencdetweenconcept and
concepf . Whena queryis posedwe look up thethesaurus
to nd all conceptghat statisticallyco-occurwith concepts
in the givenquery andassignweightsto thoseco-occurring
conceptsaccordingto the valuesin the co-occurrencehe-
saurus.A detailedprocedureo computethe co-occurrence
thesaurugandto assignveightsto expansiorconceptsanbe
foundin [13].

2 Pseudo-elevance-feedbdebasedxpansion21, 22,23, 24,
16]. In pseudaelevancefeedbackthe original queryis used
to performaninitial retrieval. Conceptsxtractedfrom top-
ranked documentsn theinitial retrieval are consideredsta-
tistically relatedandareappendedo the original query This
approachresembleghe well-known relevancefeedbak ap-
proach[25, 26] exceptthat, insteadof askingusersto iden-
tify relevantdocumentsasfeedbackstop-ranled (e.g. top-
10) documentsare automaticallytreatedas “pseudo” rele-
vantdocumentsandsubsequentlinsertednto thefeedback
loop. Weightassignmenin pseudarelevancefeedbaci22]
typically follows the sameweightingscheme(h®; ;°i) as
cornventionalrelevancefeedbackechnique$25].

We notethatthechoiceof statisticalexpansiormethods orthog-
onal to the designof the knowledge-basedxpansionframevork
(Figurel). In our currentexperimentalevaluation,we usethe co-
occurrence-thesaurus-basedthodasdescribedn [13] to derive
statistically-relate@oncepts.

3.2 Deriving scenario-speci cexpansioncon-
cepts

Usingthemethodn theprevioussectionwe derive candidatesx-
pansionconceptghatarestatisticallyrelatedto the original query
Only asub-setf thesecandidateonceptss relevantto theoriginal
qguerysscenarioln thissectiorwe rst presenaknowledge-based
methodto selectsuchscenario-speci acconcepts.Furtherwe dis-
cusshow to adjustthe weightsof theseselectedscenario-speci ¢
conceptgo increaseheir signi cancein the expandedjuery

A knowledge-basednethodto identify scenario-speci cexpan-
sion concepts. The basicidea of our knowledge-basedanethod
is the following: A scenario-speci oquery consistsof two parts:
a key conceptcq (e.g., “lung cancer”)and several scenariocon-
ceptscs's (e.q., “treatment, “diagnosis; etc.). Givena scenario-
speci ¢ queryin free-text format, we candetectc, usingconcept
indexing methodsexisting in the literature,e.g.,IndexFinder[18],
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Figure 1: A knowledge-basedjuery expansionand retrieval framework

MetaMap[17], etc. The scenarioconceptscan be indicatedby
the userby selectingfrom a list of scenariossincethe numberof
frequently-askdscenarioss limited.

Using statisticalexpansionwe obtaincandidateexpansioncon-
ceptsco-occurringwith thekey conceptc, e.g.,“smoking; “lung
excision; etc., for ¢ =“lung cancef Afterwards, we explore
a domain-speci cknowledgesourceto identify possiblerelation-
shipsbetweereachcandidatexpansiorconceptndcy . For exam-
ple, the knowledgesourcemay indicatethat “smoking” is a “risk
factor”for “lung cancef whereaslung excision” is a “treatment”
methodfor this diseaseAmongtheseidenti ed relationshipscer
tain relationshipsare “desirable”becausehey matchwith scenar
ios of the original query Thus,our knowvledge-basednethodwill
keeponly the candidateconceptghathave a desirablerelationship
with ¢ . Sincesuchconceptshouldbe speci cally relevantto the
original query's scenariosappendinguchconceptshouldleadto
scenario-speci expansion.

To develop the ideaabove in full details,in the following, we
rst introducethe knowledgestructureusedin our study andthen
describeour knowledge-basedhethodasa 5-stepprocedure.

For freetext retrieval in the medicaldomain,we chooseUMLS
to be our domain-speci cknowledge. UMLS is a comprehensie
medicalknowledge sourcedevelopedby the National Library of
Medicine (NLM) [19]. It consistsof the following major com-
ponents:the Metathesaurughe SemanticNetwork andthe SPE-
CIALIST Lexicon, and our methodrelies on the rst two com-
ponents. The Metathesaurusontainsover 800,000medicalcon-
cepts(small circlesin Figure2). A group of conceptyenclosed
by a dottedcircle in Figure 2) in the Metathesaurugelongto a
SemanticType (rectanglesn Figure2) in the SemanticNetwork.
For example,“lung cancer”’and otherdiseaseconceptsbelongto
one SemanticType called“Diseaseor Syndromé. The Semantic
Network is modelledasan Entity-Relationdiagramin which each
SemanticTypeis an entity and SemanticTypesare associatedia
relationships.In Figure 2, for example, SemanticTypes“Thera-
peutic and Preventive Procedures,“Medical Device” and “Phar
macologicSubstance’have a “treats” relationshipwith Semantic
Type“Diseaseor Syndromé.

Given this knowledgestructure we proposethe following pro-
cedureto identify the scenario-speci axpansionconcepts:

1. Weidentify thekey conceptck in thescenario-speci query
andlocateits positionin the Metathesaurus.

2. We navigatefrom ¢, to the SemanticTypeit belonggo (e.g.
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cancer” asde ned by the UMLS Metathesaurus
from “lung cancer’to “Diseaseor Syndrome’in Figure?2).

. Startingfrom c¢¢'s SemanticType, we follow the relation-

shipsasindicatedby the scenaricconceptss's, e.g.,follow-
ing “treats” if a cs is “treatment, andreacha setof rele-
vant SemanticTypes(e.qg., “Medical Device; “Therapeutic
or Preventive Procedure’and“PharmacologicSubstancein
Figure2).

. Among all thesecandidateexpansionconceptsderived by

statisticalexpansion(Section3.1),thoseconceptshatbelong
to theserelevant SemanticTypes are selectedas scenario-
speci ¢ expansionconceptge.g., the shadedcircular areas
in Figure2).

. Conceptdn the Metathesauruareinterconnectedty parent-

child relationshipsforming a general-to-speci concepthi-
erarcly (whichis notdisplayedin Figure2). To matchrele-
vantdocumentsliscussingonceptghataremoregeneralor
specializedhanthekey concepty, weaddc, 's surrounding
conceptsn this hierarcly (parentschildrenandsibling con-
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Figure 4: (a) Statistical expansionconceptsfor query “lung cancerg treatment’ (b) Knowledge-basedexpansionconceptsfor query
“lung cancer treatment” (c) Knowledge-basedxpansionconceptsfor query “lung cancer diagnosis’

cepts)to the expandedquery The surroundingconceptdor
“lung cancef for example,areillustratedin Figure3.

In our study we have alsotried expandingmorethantheim-
mediatesurroundingconceptse.g.,ancestorer descendants
morethantwo levelsfrom ci . Ourresultsrevealthatenlag-
ing the scopeof surroundingconceptsyields degradedper
formancewhichis consistentvith resultsreportedoy Hersh
etal. [27]. As aresult,in our experiments,we restrictthe
scopeto parentschildrenandsiblingsof ¢k only.

For illustration purposesfor the samplequery “lung cancer
treatment, we rst use statisticalexpansiontechniqueto derive
candidateexpansion concepts,and then identify the scenario-
speci ¢ expansionconceptausingthe proceduredescribedaborve.
The top-20 heavily-weighted statistical expansionconceptsare
listed in Figure 4(a), where the weights are assignedaccording
to the co-occurrenceahesaurugSection3.1). The shadedcon-
ceptsin Figure 4(a) are the onesidenti ed as scenario-speci c,
correspondingo the conceptsin the shadedcircles of Figure 2.
Thesescenario-speci @onceptstogethewith othertop-weighted
scenario-speci cconceptsare shavn in Figure4(b). Somecon-
ceptsdown the list of Figure 4(b) (e.g., “lung collapsetherapy”)
do not appeaiin thelist of Figure4(a), simply becausehey have
relatively smaller weights and we are only shaving the top-20
statistically-relatedonceptsn Figure4(a).

Similar to Figure 4(b), we have also derived scenario-speci ¢
expansiorconceptgor anotheruery“lung canceydiagnosis, and
shaw resultsin Figure4(c). The following obserationsaremade
from theseresults.

2 By comparingFigure4(a) with Figure 4(b), we canclearly
see that knowledge-basedexpansionidenti es expansion
conceptghataremuchmorerelevantto the original query's
scenariq“treatment”’)comparedo statisticalexpansion.

2 By comparingFigure4(b) with Figure4(c), we canseethat
theresultsof knowledge-basedxpansiordiffer underdiffer-
entscenariosi.e., “treatment”’and“diagnosis; thusachiev-
ing thegoalof scenario-speci @ueryexpansion.

Adjusting the weights of the scenario-speci c expansioncon-
ceptsto increasetheir signi cance. By comparingthe weights
of scenario-speci cexpansionconceptswith thoseof statistical
expansionconcepts(e.g., comparingthe weightsin Figure 4(b)
with thosein Figure 4(a)), we canseethat scenario-speci ccon-
ceptsgenerallyhave lessweights. This happendecauseve have
Itered out certain heavily-weighted concepts,conceptsthat are

statistically-relatedut not scenario-speci c.Becausef their rel-
atively smallerweights, the scenario-speci cconceptsappended
by the knowvledge-basedhethodbring lessimpactto the expanded
guery comparedo thatin the statisticalmethod.

To increaseheimpactof the scenario-speci @wonceptsyve can
“boost” their weightsby multiplying a linear factor so that the
overall “signi cance” of the scenario-speci aconceptds compa-
rableto that of the statistical-&pansionconcepts.To quantify the
“signi cance” of a setof expansionconceptsye usethelengthof
theexpansionvectorcomposedy theseconceptsFormally, letjV j
representhe lengthof al-dimensionvectorV = (vi;Vvz;:v),
wherejVj is computedas:

jVi= vZ+ vZ+ e+ v?
Further let Vsiar  representhe vectorof statisticalexpansioncon-
ceptsandVk g representhe vectorof scenario-speci expansion
conceptgeneratedby the knowledge-basedhethod.Becauseer
tain hearvily weightedcomponentsn Vs hasbeen ltered outto
generaté/k g , for any querywe have:

jVstat J, jVks]
We de ne theboostingfactor for Vk g to be:

JVstat | . 1) @

1+ ®¢( Vi o] i

Here® is a positive real numberthat controlsthe length of the
scenario-speci cexpansionvector after boosting. If ® = 0, the
boostingfactoris reducedo 1 which essentiallymeansno boost-
ing; If ® = 1, theboostingfactoris reducedo R’,ﬁ whichmales
the boostedvectorhave exactly the samelengthasthat of the sta-
tistical expansiornvector

In theexperimentssectionwe will discusshow this paramete®
affectstheretrieval result.

3.3 Knowledgeacquisition

The quality of our knowledge-basednethoddescribedn Sec-
tion 3.2is largely dependenbn thequalityandcompletenessf the
domain-speci cknowledgesource.The knowledgesourceusedin
our study UMLS, is not speci cally designedor the purposeof
scenario-speci aetrieval. As aresult,in our studywe have ob-
sened somefrequently-askd scenarioge.g. query scenariosn
OHSUMED [20]) thatare unde nedin UMLS. To supportthese
scenarioswe proposethe following methodologyfor knowledge
acquisitionto supplementhe UMLS knowledgesource.




Disease or
Syndrome

27?7
is_aiology_of/
is diology of ___—

is_etiology of

/

[ Semantic
Type

Figure 5: Supplementingthe UMLS Semantic Network with
relationship graphs for previously unde ned scenarios

First, we identify the scenarioghat are not currently supported
by UMLS. By studyingsamplemedicalqueriesge.g.,queriesn the
OHSUMEDtestcollection,we have identi ed thefollowing list of
scenarioghat are frequentlyusedbut unde ned by UMLS: “dif-
ferentialdiagnosis, “etiology,” “risk factors; “pathoplysiology”
“prognosis, “epidemiology’ “researcH, “organisms”of adisease,
“complications”of a disease/medicatioficriteria” of or “whento
perform” a medication,and“preventive healthcare” for a type of
patients.By “unde ned; we meanthatsuchscenariohave no cor-
respondingrelationshipgraphsin the UMLS SemanticNetwork,
suchasthe graphshavn in Figure2. Therefore,we planto sup-
plementhe UMLS SemantidNetwork with additionalrelationship
graphgo supportthe above frequently-usedcenarios.

We use the following methodfor this supplementatiortask:
First, we presento medicalexpertsa blank SemanticType rela-
tionship graphsuchasthe one shovn in Figure5. Edgesin this
relationshipgrapharelabelledwith oneof theunde nedscenario,
e.g.,“etiology” The expertswill decidewhich UMLS Semantic
Typesshouldbe lled into theblankrectangles(CurrentlyUMLS
de nes 134 SemanticTypes.) For example, becausevirusesare
relatedto the etiology of a wide variety of diseasesthe Semantic
Type “Virus” will be lled into oneof therectanglesn Figure5.
Note that the numberof black rectanglesare not pre-determined
andwill be decidedby the expertsto make surethe relationship
graphis complete.

4. EXPERIMENT AL RESULTS

4.1 Datasetand experimental setup

Dataset.Our experimentis baseconthe OHSUMED[20] testcol-
lectionthathasbeenwidely usedin medical-information-retrieal
research OHSUMED consistsof 1) a corpus,2) a queryset,and
3) relevancejudgmentgor eachquery
2 Corpus.The corpusconsistof 348,000MEDLINE articles
from 1988to 1992. Eachdocumentcontainsa title, an op-
tional abstracta setof MeSH headingsauthorinformation,
publicationtype,sourceaMEDLINE identi er, andadocu-
mentID.

2 Query set. The query set consistsof 106 queries. Each
guerycontainsa patientdescription aninformationrequest,
anda query ID. Sincewe are interestedn shortand gen-
eral queries,we usethe information-requessub-portionto
representachquery To study scenario-speci cretrieval,
we focuson all queriesin the form of “hkey concept(s),
hscenarioconcept(s)” Amongthe 106 queries,57 queries
satisfythis criterionandareincludedin our study* Therest
of the queriesskippedin our studytypically askfor there-
lationshipamongseveral key conceptswithout mentioning
scenarioconceptse.g., “use of beta-bloclersfor thyrotoxi-
cosisduringpregnang” or “chemotherap adwancedfor ad-
vancedmetastatidoreastcancef

“In factthereis anadditionalquery query#8, which alsosatisfythis criteria. How-
ever, OHSUMED providesno relevancejudgementdor this query andthereforewe
excludethis queryfrom our experiments.

Scenario
treatmenof adisease

QueriedD's |
2,13,15,16,27,29,30,31,32,35,37,
38,39, 40, 42, 43, 45,53, 56, 57, 58,
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We list the queriesthat mentioneachscenarioin Figure 6.
Due to spaceconstraint,we only provide the query ID's.
The query stringscan be dovnloadedat OHSUMED's of-
cial Website?> Note that somequeriesdo not mentionthe
scenariotermssuchas “treatment” or “diagnosis” directly,
but “managementor “workup” instead.We consultexperts
in UCLA Medical Schoolto classifythesequeriesinto the
appropriatescenarios.

2 Relevancejudgements. For a given OHSUMED query a
documentis eitherjudgedby expertsas de nitely-relevant
(DR), partially-relezant (PR),irrelevantor not judgedat all.
In our experiments,we restrict the retrieval to the 14,430
judged documentsonly and countboth DR and PR docu-
mentsasrelevantansweraswe measureheprecision-recall
of aparticularretrieval method®

Indexing and VSM. We index both documentsand queriesus-

ing word stems andassignweightto eachstemusingthe standard
tf ¢idf weightingschemg6]. Word stemsare derived usingthe

Lovins stemmel[28]. Specialconsiderationgn this indexing pro-

cessinclude:

2 We usethe title andthe abstractto index eachdocument.
We have discardedhe MeSH headingsn indexing in order
to simulatea commonapplicationernvironmentin which no

5ftp://medir.ohsu.edu/pub/OHSUMED

6Treatingboth DR and PR documentsrerelevantdocumentss consistenwith the
settingsof existing studieq20, 27]



expert-assignethdexing termsareavailable.

2 To emphasizeheimportanceof title termsin representing
document contentwe countthetf of every singleappear
anceof atermin thetitle as3, while keepingthetf for terms
in otherpartsof adocumenunmodi ed.

2 Sincetheexpandedqueryis eventuallyrepresentedsavec-
tor of stems,we usethe following procedurego convert the
expansionconceptqderived eitherby our knowledge-based
methodor the statisticalmethod)to word stemsandappend
thesestemdo theoriginalquery: For eachexpansiorconcept
we rst look upits conceptsstringsfrom UMLS. We further
remove all stopwordsfrom theseconcepstringsandcorvert
all thewordsinto word stems. The weightsof theseexpan-
sionstemsareassignedbasedntheco-occurrencéhesaurus
computedrom thecorpusg[13].

After we index the documentsand the expandedquery using
word stems,we usethe standardstem-based/ector SpaceModel
(VSM) [6] to computequery-documensimilarities and generate
documentanking.

4.2 Knowledgeacquisition results

We follow the methodologyin Section3.3for this task. To sup-
plementthe SemantidNetwork with additionalrelationshipgraphs
for the currently unsupportedscenarioge.g. “etiology” of a dis-
ease),we intervieved two medical experts at UCLA Medical
School. During the interview we rst describedthe meaningof
relationshipgraphssuchas Figure 5, and then presentedhe en-
tire list of UMLS SemanticTypesto theexpertssothatappropriate
SemanticTypeswere lled into the questionmarks. We commu-
nicatedthe resultsby one expert with anotheruntil they reached
a consensus.Basic statisticsfor the knowledge acquiredin this
steparepresentedn Figure7. Thedetailedlist of SemanticTypes
for eachscenariois presentedn the extendedversionof this pa-
per[29].

4.3 Retrieval results

In this sectionwe studythe performancef knowledge-baseex-
pansionrcomparedo thatof statisticalexpansionWe rst compare
thetwo methodsunderdifferentexpansiorsizesthenstudytheper
formanceof theknowledge-basedethodunderdifferentboosting
factorsanddifferentqueryscenarios.

4.3.1 Comparison of the two methods under different
expansion sizes

For a givenexpansionsizen, we usebothknowledge-baseex-
pansionand statisticalexpansionto expandthe top-n stemsthat
have the heaviest weights. For knowledge-basedxpansion,no
weight boostingis appliedat this stage. We measurehe perfor
manceof both methodsusingthe 11-pointprecisionaverage,de-
notedasavgp We have also comparedthe two methodsusing
other metrics, suchas precisionamongthe top-10 or top-20 re-
trieved documentsandthe comparisomresultsaresimilar.

We computeavgpfor both methodson eachof the 57 queries,
and further averagethe resultsover the 57 queries. Figure 8(a)
shaws the performanceof the two methodswhereas~igure 8(b)
shaws the percentag®f improvementof knowledge-base@éxpan-
sion over statisticalexpansion. In these gures, “n=All" means
appendinall expansiontermsthathave non-zeroweightsinto the
original query Beforewe comparethe results,we emphasizehat
the baselinemethodin our comparison the statisticalexpansion
method,outperformsthe no-expansionretrieval methodby more
than 5% undermostof the settings. (The avgp for no-expansion
retrieval is 0.408.)
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4.0%
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25% 7
2.0%
15% -
1.0% 7
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I I I I I I 0.0%
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‘a) awgp of the o methods (b) percertage of mprovenent
Figure 8: Comparison of the two methodsusing avgp

n
10 20 30 40 50 | 100 | 200 | 300 | Al
0o | 0422 0431 0430 0432 0434 | 0438 | 0442 | 0443 | 0445
booding)| (1.2%) | (1.7%) | (0.5%) | (0.5%) | (1.2%) | (1.4%) | (3.0%) | (3.0%) | (4.7%)
025 | 0425| 0436 | 0435| 0436 | 0439 | 0443 | 0445 | 0448 | 0.450
(1.9%) | (2.8%) | (1.6%) | (1.4%) | (2.3%) | (2.5%) | (3.7%) | (4.2%) | (5.9%)
05 | 0426| 0435 0438] 0439) 0440 | 0444 0447] 0450} 0451
2.2%) | 2.6%) ] 2.3%) ] 2.19%) ) 2.6%) | (2.8%) ) (4.29%)} (4.79%) } (6.1%)
075 | 0428 0436 0437 | 0.439] 0.440] 0.444] 0.447 | 0.450 | 0.450
(2.6%) | (2.8%) | (2.1%) | (2.19%) ) 2.6%) ) 2.8%) ) (4.2%) | (4.7%) | (5.9%)
1 0428 0.436 | 0437 | 0437 0439 | 0443 | 0446 | 0450 ] 0.452
een] @8n| 21%)| (1L6%)| 23%) | 25%) | (%) | 4.7 |6.4%

125 | 0426 0436 0435 | 0437 | 0439 | 0442 | 0.445| 0449 | 0450
(2.29%) | 2.8%)§ (1.6%) | (1.6%) | (2.3%) | (2.3%) | (3.7%) | (4.4%) | (5.9%)

15 | 0425| 0435 0434 | 0436 | 0439 | 0.439 | 0.443 | 0.445 | 0.447
(L.9%) | (2.6%) | (1.4%) | (1.4%) | (2.3%) | (1.6%) | (3.3%) | (3.5%) | (5.2%)

Figure 9: The impact of differ ent weight-boostingsettingson
the performance of knowledge-based:xpansion

As the gure shaws, the performanceor knowledge-basedx-
pansiongenerallyincreasessn increasesandusuallyreacheshe
peakwhenn=All. On the otherhand,the performanceof the sta-
tistical methoddegradesafter n=100. This is dueto the fact that
statisticalexpansiondoesnot distinguishbetweerexpansionterms
that are scenario-speci cfrom thosethat are not. As a conse-
guenceasmoretermsareappendedo the original query the neg-
ative impactof thosenon-scenario-speci dermsbegins to accu-
mulateandafteracertainpointthe performancelrops.In contrast,
theknowledge-basedthethodappendscenario-speci cermsonly,
andconsequentlythe performancef theknowledge-basedethod
keepsincreasingasmore“useful” termsareappended.

4.3.2 The impact of weight boosting on the perfor-
mance of knowledge-based expansion

In the next experiments, we multiply a boosting factor to
the weights of knowledge-basedxpansionterms. The boost-
ing factoris computedusing Eqg. 1, underthe different settings
of ® = 0:25;0:5;0:75; 1; 1:25; 1:5. Figure 9 shaws the impact
of differentboostingamounton the performanceof knowledge-
basedexpansion. Eachcell in the gure shavs 1) the perfor
manceof knowledge-basedxpansionand2) the improvementof
knowledge-basedxpansionover statisticalexpansionunder the
sameexpansionsize. Thick-borderedtells representhe bestper
formancewithin eachcolumn(i.e. underthe samesettingof ex-
pansionsize); Shadeccells representhe bestperformancewithin
eachrow (i.e. underthe samesettingof boostingfactor). The best
performancen the entire gure is highlightedin bold anditalic.

Thefollowing obsenationcanbe madefrom theseresults:

2 Boosting helps improve the performanceof knowledge-
basedxpansionunderall expansiorsizes.Settings® = 0:5
or = 0:75 generallyyield the bestboostingeffect.

2 Givena x edboostingsetting having alargerexpansiorsize
n helpsimprove the performanceThe bestperformancein-
derall ® settingsis consistentlyachiered by settingn=All.
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treatment of a| differential |diagnosis of a| complication | pathophysiology
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Figure 10: The performance of knowledge-basedexpansionin
differ ent scenarios.Expansionsizen=All

4.3.3 Performance of knowledge-based expansion in
different scenarios

In our next experiment,we studyhow knowledge-baseéxpan-
sion performin differentscenarios.To do this, we groupthe 57
queriesaccordingto the scenarioghey askfor, andwe selectthe
largest ve groups,namely“treatment, “diagnosis; “pathoplysi-
ology” of a disease!differentialdiagnosis”of a symptom/disease
and“complications” of a disease/medicatioriVe skip the restof
the scenariodecauseachof thesescenariohastoo few number
of queriesto derive reliablestatistics.(The numberof queriesthat
askfor eachscenarids shavn in Figure6.)

We furtheraveragethe performancef knowledge-baseéxpan-
sion within eachgroup of queries,and shav the avgp resultsin
Figurel0. Similarto theprevious gure, eachcell shavs 1) theper
formanceof knowledge-base@xpansionaveragedover the corre-
spondinggroupof queriesand?2) theimprovementof knowledge-
basedxpansionover statisticalexpansiorunderthe samesettings.
For example theshadedtell in Figure10 shawvsthat,amongthe 35
guerieghataskaboutthe“treatment’scenaricandundertheboost-
ing settingof ® = 0:75, knowledge-base@xpansionachiezesan
averageavgpof 0.474. This represents 6.0% improvementover
the statisticaimethodmeasuredavithin the samegroupof queries.

To derive the resultsin Figure 10, we set the expansionsize
n=All which allows the knowvledge-basedhethodto yield the best
performance.

Theseresultsgenerallysuggesthatknowvledge-basedxpansion
performsdifferently for querieswith different scenarios. More
speci cally, the methodyields more improvementsin the “treat-
ment, “differentialdiagnosis”and“diagnosis”scenarios.n con-
trast,it yieldslessimprovementsn the“complication” and“patho-
physiology” scenariosA possibleexplanationlies in the different
knowledgestructuredor these ve scenarios.In the relationship
graphsde ned for the latter two scenariog(i.e. “complication”
and “pathoplysiology”), thereare more relevant SemanticTypes
thanthosein the former threescenariogFigure 7). As a conse-
guence when handlingquerieswith the latter two scenariosthe
knowledge-basethethodkeepsmoreconceptasscenario-speci ¢
expansionconceptsduring the ltering step. Thusthe expansion
resultof the knowledge-basedhethodresembleshat of the statis-
tical expansionmethod,leadingto closeperformancéetweerthe
two methods.

5. RELATED WORKS

Queryexpansionasaneffective methodto amelioratehequery-
documentmismatchproblem, hasbeenstudiedfor decades.An
overview of various query expansiontechniquescan be found
in [8]. The basicideabehindall techniquess to supplementhe
original querywith additionaltermsrelatedto the original query
topic, sothatthe modi ed queryhasa betterchanceto matchrel-
evantdocuments.The following speci ¢ techniguesin a broader

sensefall underneattthe generaumbrellaof queryexpansion.
2 Manual expansion. A humanexpert or the usermanually
looks at the original query and selectsfrom a knowledge
source(e.g. WordNet)the besttermsto expand[30, 31].

2 Relevancefeedbak. The expansiontermsareselectedrom
a few top-ranled documentghat are manually marked by
theuserasrelevantanswerg25, 26]. In certaincasesterms
from thosedocumentsnarkedasirrelevantwill alsobe“sub-
tracted"from the original query

2 Statisticalexpansion(or automaticexpansion). The expan-
siontermsareautomaticallyselecteckitherfrom a termco-
occurrencethesaurug13, 14, 15, 32] or pseudo-releance
feedbackesults[21, 22,23,24,32,16].

Thesepastresearchefforts do not attemptto automaticallyex-
ploit a domain-speci cknowledgesourceto re ne the query ex-
pansionresultsandprovide scenario-speci expansion.

Recentlywith the emegenceof UMLS, a full- edged knowl-
edgesourcein the medicaldomain,methodshave beenproposed
to automaticallyutilize this knovledgesourcein queryexpansion.
Aronsonetal. [33] proposedo useMetaMap[17], a programthat
mapsmedicalfree text to UMLS conceptsto rst identify con-
ceptsmentionedby the original query Their approacHurther ex-
pandssynoryms of the original queryconceptswith the guidance
of UMLS. Hershetal. [27] proposedo expandthe parentandchild
conceptof the original query conceptspbasedon the concepthi-
erarcly de ned in the UMLS Metathesauruge.g. Figure 3). Our
researchiffersfrom theseworksin thefollowing aspects:

2 Qur researchtargets one type of medical queries,namely
scenario-speci cgueries,that have beenshowvn to be pre-
dominantamongmedicalusers'searchrequestdl, 2, 3, 4,
5]. In dealingwith suchqueriesit is oftentoo narrav to ex-
pandjustthesynorymsor parent/chilcconceptsvithoutcon-
sideringthe scenarioinformationembeddedn the original
query For example previousmethodswill exclude“lung ex-
cision” from the expansionlist for query“lung canceytreat-
ment, simply becausélung excision” is neithera synorym
nor a parent/childconcepif ary original queryconcept.

In contrastour methodexploresthe scenarianformationin

the original query relatesthatinformationto certainknowl-

edgestructuresn UMLS (morespeci cally, the UMLS Se-
manticNetwork) andusesheidenti ed knowledgestructure
to guidethe selectionof scenario-speci aoncepts.There-
sulting expansionwill have a muchbroaderscopethanjust
synorymsand/orparent/childconcepts.

2 Previousworksonly compareagpinstabaselinegeneratethy
no queryexpansion.To thebestof ourknowledge we arethe
rst to compareagainststatisticalkexpansion.Sincestatistical
expansionhasalsobeenshawn to be effective in improving
retrieval performancg13, 14, 15, 21, 22, 23, 24, 32, 16],
it is crucialto make the secondype of comparisorin order
to studythe trueimpactof a knowledgesourcein queryex-
pansion.(In our experimentsve alsoobsere that statistical
expansionoutperformsthe no-expansionmethodby at least
5% in mostof the cases.)Our study shows that even when
comparingwith statisticalexpansion,the knowledge-based
methodyieldsreasonablémprovements.

In fact,thesamedatase{OHSUMED)hasbeenusedin both
our studyandthat of Hershet al. [27]. However, Hershet
al. reporteddegrading performanceby their query expan-
sion approachcomparedto the no-expansionmethod. We
attributethedifferencedetweerour resultsandtheirsto two
factors:1) We studya subsebf OHSUMED querieshatare
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scenario-speci c;2) We apply a knowledge-baseadnethod
thatis designedo effectively handlesuchscenario-speci ¢
queries.

CONCLUSION

Scenario-speci queriesrepresena specialtype of queriesthat
frequentlyappeain medicalfree-tet retrieval. In thisresearchwe
have proposed knowledge-basedueryexpansionmethodto im-
prove theretrieval performancedor suchqueries More speci cally,
the contritutionsof this work arethefollowing:

2 We have designeda method that automatically exploits
the knowledge structuresin the UMLS SemanticNetwork
andthe UMLS Metathesauruso identify conceptshat are
speci cally relatedto the scenario(s)n the original query
Appendingsuchidenti ed conceptdo theoriginal queryre-
sultsin scenario-speci expansion.

2 Giventhataknowledge-sourcés usuallyincompleten han-
dling all scenariosappearingn real queries,we have pro-
poseda methodologyto supplementhe knowledgesource.

2 We have performedextensive experimentakevaluationof the
knowledge-basednethodby comparingagainstthe statisti-
cal expansionmethod. Our experimentalstudy hasshovn
that:

— Our proposedknowledge-basednethodis ableto cre-
ate scenario-speci cquery expansion,and yields im-
provementsover statisticalexpansionwhen handling
scenario-speci @ueries.

— Since knowledge-basedexpansion tends to expand
terms with smaller weights into the original query
boostingthe weights of thesetermsis necessaryto
generateeasonablémprovementsover the statistical
method.

— Theknowledge-basedxpansionmethodperformsdif-
ferentlyfor differentqueryscenariosThis happendbe-
causethe knowledgestructuresde ned for thesesce-
nariosexhibit differentcharacteristics.
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