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ABSTRACT
In retrieving medical free text, usersare often interestedin an-
swersrelevant to certainscenarios,scenariosthat correspondto
commontasksin medicalpractice,e.g., “treatment” or “diagno-
sis” of a disease.Consequently, the queriesthey poseare often
scenario-speci�c,e.g., “lung cancer, treatment.” A fundamental
challengein handlingsuchqueriesis that scenarioterms in the
query(e.g.“treatment”)aretoogeneralto matchspecializedterms
in relevantdocuments(e.g.“lung excision”). In this paperwe pro-
posea knowledge-basedqueryexpansionmethodthatexploits the
UMLS knowledgesourceto appendthe original querywith addi-
tional termsthatarespeci�cally relevantto thequery'sscenario(s).
We comparethe proposedmethodwith statisticalexpansionthat
only exploresstatisticalterm correlationand expandstermsthat
arenotnecessarilyscenariospeci�c. OurstudyontheOHSUMED
testbedshows that the knowledge-basedmethodwhich resultsin
scenario-speci�cexpansionis ableto improve morethan5% over
the statisticalmethodon average,andabout10% for queriesthat
mentioncertainscenarios,suchas “treatmentof a disease”and
“dif ferentialdiagnosisof asymptom/disease.”

Categoriesand SubjectDescriptors
H.3.3 [Inf ormation Storageand Retrieval]: InformationSearch
andRetrieval

Keywords
Knowledge-BasedApproach,Medical Free-Text Retrieval, Auto-
maticQueryExpansion

1. INTRODUCTION
Recentyearshavewitnessedaphenomenalgrowth of Web-based

medicaldocumentcollections. Suchcollections,e.g., PubMed1

andHarrison's Online,2 provide comprehensive coverageof medi-
cal literatureandteachingmaterials.In searchingthesecollections,

1http://www.ncbi.nlm.gov/entrez/query.fcgi?db=PubMed
2http://harrisons.accessmedicine.com
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it is oftendesirableto retrieve only thosedocumentspertainingto
a speci�c medical“scenario,” wherea scenariois typically de�ned
asa frequently-reappearingmedicaltask.For example,in diagnos-
ing a potentiallung cancerpatient,a physicianmay posea query
“lung cancer, diagnosis”in order to �nd out the latestdiagnostic
techniquesaboutthisdisease.Here“diagnosis”is themedicaltask
that marksthe scenarioof this query. Recentstudies[1, 2, 3, 4,
5] reveal that in clinical practice,asmany as60% of physicians'
queriescenterarounda limited numberof scenarios,e.g. “treat-
ment,” “diagnosis,” “etiology,” etc. While thecontextual informa-
tion in suchqueries(e.g.,theparticulardiseaseof apatientsuchas
“lung cancer,” theagegroupof thatpatient,etc.) variesfrom case
to case,thesetof frequently-askedmedicalscenariosremainsun-
changed.Retrieving documentsthatarespeci�cally relatedto the
query's scenariois referredto asscenario-speci�cretrieval.

Scenario-speci�cretrieval is not adequatelyaddressedby tradi-
tional text retrieval systems(e.g. SMART [6] or INQUIRY [7]).
Such systemssuffer from the fundamentalproblem of query-
documentmismatch [8] when handlingscenario-speci�cqueries.
Scenariotermsin thesequeriesaretypically general,e.g., “treat-
ment” in the query“lung cancer, treatment,” while full-text med-
ical documentsoften discussthe sametopic using much more
specializedterms,e.g.,“lung excision” or “chemotherapy.” Such
generalscenariotermsfail to matchwith the specializedtermsin
relevant documents,resultingin poor retrieval performance.Be-
causeof suchineffectiveness,searchingonline documentcollec-
tionsfor clinical usageis still frustrating,labor-intensiveandtime-
consuming,asreportedby recentstudies[9, 10,11,2,3]. Although
aboutonethird of a physician's clinical questionscanpotentially
beansweredby suchonlineinformationresources[12], theoverall
usageof themin medicalpracticeremainsrelatively low [1, 3].

Therehasbeenrecentresearchon queryexpansion[13, 14, 15,
16] to amelioratethe query-documentmismatchproblem. How-
ever, such techniquesalso have dif�culties handling scenario-
speci�c queries.In principle,queryexpansiontechniquesappend
theoriginal querywith specializedtermsthathave a statisticalco-
occurrencerelationshipwith original querytermsin medicalliter-
ature. Although appendingsuchspecializedtermsmakesthe ex-
pandedquerya bettermatchwith relevant documents,the expan-
sion is not scenario-speci�c.For example,in handlingthe query
“lung cancer, treatment,” existing queryexpansiontechniqueswill
appendnot only termssuchas“lung excision” or “chemotherapy”
that are relevant to the “treatment” scenario,but also irrelevant
termslike “smoking” and“lymph node,” simply becausethelatter
termsco-occurwith “lung cancer”in medicalliterature. Append-
ing non-scenario-speci�ctermsleadsto theretrieval of documents
that areirrelevant to the original query's scenario,diverging from
ourgoalof scenario-speci�cretrieval.



In this paper, we proposea knowledge-basedqueryexpansion
techniqueto supportscenario-speci�cretrieval. Our techniqueex-
ploits domainknowledgein order to restrict query expansionto
scenario-speci�cexpansionterms,thusimproving upontraditional
queryexpansionapproaches.The following arechallengesin de-
velopingsuchaknowledge-basedtechnique:

² Using domain knowledge to automatically identify
scenario-speci�c expansion terms. It is impractical to
askusersor domainexpertsto manuallyidentify scenario-
speci�c terms for every query and all possiblescenarios,
and thereforean automaticapproachis highly desirable.
However, the distinction betweenscenario-speci�cexpan-
sion termsandnon-scenario-speci�conesmayseemappar-
entto ahumanexpert,but canbeverydif�cult for aprogram.
To addressthis problem,we proposea methodthatexploits
adomain-speci�cknowledgesourceto treatthisdistinction.

² Incompletenessof knowledgesources.Knowledgesources
are usually not speci�cally designedfor the purposeof
scenario-speci�cretrieval. As a result,scenariosfrequently
appearingin medical queriesmay not be adequatelysup-
portedby thoseknowledgesources.To addressthisproblem,
weproposeaknowledge-acquisitionmethodologyto supple-
menttheexisting knowledgesourceswith additionalknowl-
edgethatsupportsunde�nedscenarios.

The rest of this paperis structuredas follows. A framework
for knowledge-basedquery expansionis presentedin Section2,
anddetailedmethodsin this framework aredescribedin Section3.
Weexperimentallyevaluatetheframework andreporttheresultsin
Section4. Section5 discussesrelatedworks andSection6 con-
cludesthepaper.

2. A FRAMEW ORK FOR KNOWLEDGE­
BASED QUERY EXPANSION

Figure 1 depictsthe componentsin a knowledge-basedquery
expansionandretrieval framework. Given an original query, Sta-
tistical QueryExpansion(whosescopeis markedby theinnerdot-
ted rectangle)will �rst derive candidateexpansionconcepts3 that
arestatisticallyco-occurringwith theoriginalqueryconcepts(Sec-
tion3.1),andassignweightstoeachcandidateconceptaccordingto
thestatisticalco-occurrence.Suchweightswill becarriedthrough
theframework.

Basedon the candidateconceptsderived by statisticalexpan-
sion,Knowledge-basedQueryExpansion(whosescopeis marked
by theouterdottedrectangle)furtherderivesthescenario-speci�c
expansionconcepts,with the aid of domainknowledgesuchas
UMLS [19] (Section3.2). Suchknowledgemaybe incompleteto
includeall possiblequeryscenarios.Therefore,in anoff-line pro-
cess,weuseaKnowledgeAcquisitionandSupplementationmodule
to supplementtheincompleteknowledge(Section3.3).

After thequeryis expandedwith scenario-speci�cconcepts,we
useaVectorSpaceModel(VSM) tocomparethesimilaritybetween
theexpandedqueryandeachdocument,andfurtheroutputthetop-
rankeddocuments.

3. METHOD
In this section, we �rst describe existing methods to de-

rive statistically-relatedconcepts. Afterwards, we proposea
knowledge-basedmethodto automaticallydetectscenario-speci�c
3In therestof thispaper, aconceptis referredto asawordor awordphrasethathasa
concretemeaningin aparticularapplicationdomain.In themedicaldomain,concepts
in freetext canbeextractedusingexistingtools,e.g.MetaMap[17], IndexFinder[18],
etc.

conceptsamongthosestatistically-relatedconcepts.Thisaddresses
the�rst challengeidenti�ed in theintroductionsection.In theend,
we describea knowledge-acquisitionmethodologyto supplement
the incompleteknowledgesourceso as to handlepreviously un-
supportedscenarios,whichaddressesthesecondchallenge.

3.1 Deriving statistically­related expansion
concepts

Statisticalexpansionis also referredto asautomaticqueryex-
pansion[8, 16]. Thebasicideais to deriveconceptsthatarestatisti-
cally relatedto theoriginalqueryconceptsin adocumentcollection
(e.g. OHSUMED [20]). Appendingsuchconceptsto theoriginal
querymakesthe queryexpressionmorespecializedandhelpsthe
querybettermatchwith relevant documents.Dependingon how
suchstatistically-relatedconceptsarederived,statisticalexpansion
methodsfall into two majorcategories:

² Co-occurrence-thesaurus-basedexpansion[13, 14, 15]. In
this method,a conceptco-occurrencethesaurusis �rst con-
structedautomaticallyof�ine. Givenavocabularyof M con-
cepts,the thesaurusis an M £ M matrix, wherethe hi; j i
elementquanti�es theco-occurrencebetweenconcepti and
conceptj . Whena queryis posed,we look up thethesaurus
to �nd all conceptsthat statisticallyco-occurwith concepts
in thegivenquery, andassignweightsto thoseco-occurring
conceptsaccordingto the valuesin the co-occurrencethe-
saurus.A detailedprocedureto computethe co-occurrence
thesaurusandto assignweightsto expansionconceptscanbe
foundin [13].

² Pseudo-relevance-feedback-basedexpansion[21, 22,23,24,
16]. In pseudorelevancefeedback,theoriginalqueryis used
to performaninitial retrieval. Conceptsextractedfrom top-
ranked documentsin the initial retrieval areconsideredsta-
tistically relatedandareappendedto theoriginalquery. This
approachresemblesthe well-known relevancefeedback ap-
proach[25, 26] exceptthat, insteadof askingusersto iden-
tify relevant documentsasfeedbacks,top-ranked (e.g. top-
10) documentsare automaticallytreatedas “pseudo” rele-
vantdocuments,andsubsequentlyinsertedinto thefeedback
loop. Weightassignmentin pseudorelevancefeedback[22]
typically follows the sameweightingscheme(h®; ¯ ; ° i ) as
conventionalrelevancefeedbacktechniques[25].

Wenotethatthechoiceof statisticalexpansionmethodis orthog-
onal to the designof the knowledge-basedexpansionframework
(Figure1). In our currentexperimentalevaluation,we usetheco-
occurrence-thesaurus-basedmethodasdescribedin [13] to derive
statistically-relatedconcepts.

3.2 Deriving scenario­speci�cexpansioncon­
cepts

Usingthemethodin theprevioussectionwederivecandidateex-
pansionconceptsthatarestatisticallyrelatedto theoriginal query.
Only asub-setof thesecandidateconceptsis relevantto theoriginal
query'sscenario.In thissectionwe�rst presentaknowledge-based
methodto selectsuchscenario-speci�cconcepts.Furtherwe dis-
cusshow to adjustthe weightsof theseselectedscenario-speci�c
conceptsto increasetheir signi�cancein theexpandedquery.

A knowledge-basedmethodto identify scenario-speci�cexpan-
sion concepts. The basic idea of our knowledge-basedmethod
is the following: A scenario-speci�cqueryconsistsof two parts:
a key conceptck (e.g., “lung cancer”)and several scenariocon-
ceptscs 's (e.g.,“treatment,” “diagnosis,” etc.). Given a scenario-
speci�c queryin free-text format,we candetectck usingconcept
indexing methodsexisting in the literature,e.g.,IndexFinder[18],
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Figure1: A knowledge-basedquery expansionand retrieval framework

MetaMap[17], etc. The scenarioconceptscan be indicatedby
theuserby selectingfrom a list of scenarios,sincethenumberof
frequently-askedscenariosis limited.

Usingstatisticalexpansion,we obtaincandidateexpansioncon-
ceptsco-occurringwith thekey conceptck , e.g.,“smoking,” “lung
excision,” etc., for ck = “lung cancer.” Afterwards,we explore
a domain-speci�cknowledgesourceto identify possiblerelation-
shipsbetweeneachcandidateexpansionconceptandck . For exam-
ple, the knowledgesourcemay indicatethat “smoking” is a “risk
factor” for “lung cancer,” whereas“lung excision” is a “treatment”
methodfor this disease.Amongtheseidenti�ed relationships,cer-
tain relationshipsare“desirable”becausethey matchwith scenar-
ios of theoriginal query. Thus,our knowledge-basedmethodwill
keeponly thecandidateconceptsthathave a desirablerelationship
with ck . Sincesuchconceptsshouldbespeci�cally relevantto the
original query's scenarios,appendingsuchconceptsshouldleadto
scenario-speci�cexpansion.

To develop the ideaabove in full details,in the following, we
�rst introducetheknowledgestructureusedin our study, andthen
describeourknowledge-basedmethodasa5-stepprocedure.

For freetext retrieval in themedicaldomain,we chooseUMLS
to be our domain-speci�cknowledge. UMLS is a comprehensive
medicalknowledgesourcedevelopedby the National Library of
Medicine (NLM) [19]. It consistsof the following major com-
ponents:the Metathesaurus,the SemanticNetwork andthe SPE-
CIALIST Lexicon, and our methodrelies on the �rst two com-
ponents.The Metathesauruscontainsover 800,000medicalcon-
cepts(small circles in Figure2). A groupof concepts(enclosed
by a dottedcircle in Figure 2) in the Metathesaurusbelongto a
SemanticType (rectanglesin Figure2) in the SemanticNetwork.
For example,“lung cancer”andotherdiseaseconceptsbelongto
oneSemanticType called“Diseaseor Syndrome.” The Semantic
Network is modelledasanEntity-Relationdiagramin which each
SemanticType is anentity andSemanticTypesareassociatedvia
relationships.In Figure2, for example,SemanticTypes“Thera-
peuticandPreventive Procedures,” “Medical Device” and“Phar-
macologicSubstance”have a “treats” relationshipwith Semantic
Type“Diseaseor Syndrome.”

Given this knowledgestructure,we proposethe following pro-
cedureto identify thescenario-speci�cexpansionconcepts:

1. Weidentify thekey conceptck in thescenario-speci�cquery
andlocateits positionin theMetathesaurus.

2. Wenavigatefrom ck to theSemanticTypeit belongsto (e.g.

 

Semantic Network 

  
treats 

Metathesaurus 

Concept Disease or 
Syndrome 

Therapeutic or 
Preventive 
Procedure 

Medical 
Device 

Pharmacologic 
Substance 

ck, lung cancer 

Semantic Type 

treats 

treats 

Body 
Part 

lung excision 

scenario-specific expansion concepts 

A group of 
concepts that 
belong to the 
same Semantic 

cisplatin lymph node 
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from “lung cancer”to “Diseaseor Syndrome”in Figure2).
3. Startingfrom ck 's SemanticType, we follow the relation-

shipsasindicatedby thescenarioconceptscs 's,e.g.,follow-
ing “treats” if a cs is “treatment,” and reacha set of rele-
vant SemanticTypes(e.g.,“Medical Device,” “Therapeutic
or PreventiveProcedure”and“PharmacologicSubstance”in
Figure2).

4. Among all thesecandidateexpansionconceptsderived by
statisticalexpansion(Section3.1),thoseconceptsthatbelong
to theserelevant SemanticTypesare selectedas scenario-
speci�c expansionconcepts(e.g., the shadedcircular areas
in Figure2).

5. Conceptsin theMetathesaurusareinterconnectedby parent-
child relationships,formingageneral-to-speci�cconcepthi-
erarchy (which is not displayedin Figure2). To matchrele-
vantdocumentsdiscussingconceptsthataremoregeneralor
specializedthanthekey conceptck , weaddck 'ssurrounding
conceptsin thishierarchy (parents,childrenandsiblingcon-



Concept Weight  Concept Weight  Concept Weight 
nonsmall cell lung cancer  2.77  nonsmall cell lung cancer  2.77  nonsmall cell lung cancer  2.77 
large cell carcinoma 2.28  small cell lung cancer  2.15  small cell lung cancer  2.15 
small cell lung cancer  2.15  lung carcinoma 1.64  lung carcinoma 1.64 
cancer 1.84  excision of lung 1.36  bronchial carcinomas 1.2 
radon daughters 1.76  incision of lung 1.25  lung tumor 1.14 
mediastinal lymph node 1.71  bronchial carcinomas 1.20  mediastinoscopy 1.08 
non small cell  1.68  lung tumor 1.14  thoracotomy 0.87 
lung carcinoma 1.64  mediastinoscopy 1.08  ipomeanol 0.86 
sputum cytology 1.62  pneumonectomy 0.99  repairmen 0.83 
adenocarcinoma 1.57  resection of trachea 0.95  mediast lymph nodes sampling 0.79 
lung adenocarcinoma 1.38  lung cancer screening 0.89  carotenoid 0.7 
excision of lung 1.36  thoracotomy 0.87  beta carotene 0.63 
suspected lung cancer  1.36  lung collapse therapy  0.84  pleura cancer 0.62 
smoking 1.35  percutaneous cordotomy  0.71  fiberoptic bronchoscopy with biopsy 0.59 
histological type 1.34  lung cancer prevention  0.71  mediastinal metastasis 0.57 
staging 1.3  remote afterloaders  0.70  chest x ray 0.57 
incision of lung 1.25  stages microscope  0.69  hospital porter 0.57 
radon 1.23  neoadjuvant therapy 0.68  platinol 0.57 
squamous carcinoma 1.22  lobectomy 0.66  diagnosis 0.57 
stage iiia 1.20  beta carotene 0.63  staging 0.55 
 (a)    (b)    (c)  

 

 Figure 4: (a) Statistical expansionconceptsfor query “lung cancer, treatment.” (b) Knowledge-basedexpansionconceptsfor query
“lung cancer, treatment.” (c) Knowledge-basedexpansionconceptsfor query “lung cancer, diagnosis.”

cepts)to theexpandedquery. Thesurroundingconceptsfor
“lung cancer,” for example,areillustratedin Figure3.

In ourstudy, wehavealsotriedexpandingmorethantheim-
mediatesurroundingconcepts,e.g.,ancestorsor descendants
morethantwo levelsfrom ck . Our resultsrevealthatenlarg-
ing the scopeof surroundingconceptsyields degradedper-
formance,which is consistentwith resultsreportedby Hersh
et al. [27]. As a result, in our experiments,we restrict the
scopeto parents,childrenandsiblingsof ck only.

For illustration purposes,for the samplequery “lung cancer,
treatment,” we �rst usestatisticalexpansiontechniqueto derive
candidateexpansion concepts,and then identify the scenario-
speci�c expansionconceptsusingthe proceduredescribedabove.
The top-20 heavily-weighted statistical expansionconceptsare
listed in Figure 4(a), where the weights are assignedaccording
to the co-occurrencethesaurus(Section3.1). The shadedcon-
ceptsin Figure 4(a) are the onesidenti�ed as scenario-speci�c,
correspondingto the conceptsin the shadedcircles of Figure 2.
Thesescenario-speci�cconcepts,togetherwith othertop-weighted
scenario-speci�cconcepts,areshown in Figure4(b). Somecon-
ceptsdown the list of Figure4(b) (e.g., “lung collapsetherapy”)
do not appearin the list of Figure4(a), simply becausethey have
relatively smaller weights and we are only showing the top-20
statistically-relatedconceptsin Figure4(a).

Similar to Figure 4(b), we have also derived scenario-speci�c
expansionconceptsfor anotherquery“lung cancer, diagnosis,” and
show resultsin Figure4(c). The following observationsaremade
from theseresults.

² By comparingFigure4(a) with Figure4(b), we canclearly
see that knowledge-basedexpansion identi�es expansion
conceptsthataremuchmorerelevantto theoriginal query's
scenario(“treatment”)comparedto statisticalexpansion.

² By comparingFigure4(b) with Figure4(c), we canseethat
theresultsof knowledge-basedexpansiondiffer underdiffer-
entscenarios,i.e., “treatment”and“diagnosis,” thusachiev-
ing thegoalof scenario-speci�cqueryexpansion.

Adjusting the weights of the scenario-speci�c expansioncon-
cepts to increasetheir signi�cance. By comparingthe weights
of scenario-speci�cexpansionconceptswith thoseof statistical
expansionconcepts(e.g., comparingthe weights in Figure 4(b)
with thosein Figure4(a)), we canseethat scenario-speci�ccon-
ceptsgenerallyhave lessweights. This happensbecausewe have
�ltered out certainheavily-weighted concepts,conceptsthat are

statistically-relatedbut not scenario-speci�c.Becauseof their rel-
atively smallerweights, the scenario-speci�cconceptsappended
by theknowledge-basedmethodbring lessimpactto theexpanded
query, comparedto thatin thestatisticalmethod.

To increasetheimpactof thescenario-speci�cconcepts,we can
“boost” their weightsby multiplying a linear factor, so that the
overall “signi�cance” of the scenario-speci�cconceptsis compa-
rableto thatof thestatistical-expansionconcepts.To quantify the
“signi�cance” of a setof expansionconcepts,we usethelengthof
theexpansionvectorcomposedby theseconcepts.Formally, let jV j
representthe lengthof a l-dimensionvectorV = (v1 ; v2 ; :::; vl ),
wherejV j is computedas:

jV j =
q

v2
1 + v2

2 + ¢¢¢+ v2
l

Further, let Vstat representthevectorof statisticalexpansioncon-
ceptsandVK B representthevectorof scenario-speci�cexpansion
conceptsgeneratedby theknowledge-basedmethod.Becausecer-
tain heavily weightedcomponentsin Vstat hasbeen�ltered out to
generateVK B , for any querywehave:

jVstat j ¸ jVK B j

Wede�ne theboostingfactor for VK B to be:

1 + ® ¢(
jVstat j
jVK B j

¡ 1) (1)

Here® is a positive real numberthat controlsthe lengthof the
scenario-speci�cexpansionvectorafter boosting. If ® = 0, the
boostingfactoris reducedto 1 which essentiallymeansno boost-
ing; If ® = 1, theboostingfactoris reducedto j Vstat j

j VKB j whichmakes
theboostedvectorhave exactly thesamelengthasthatof thesta-
tistical expansionvector.

In theexperimentssection,wewill discusshow thisparameter®
affectstheretrieval result.

3.3 Knowledgeacquisition
The quality of our knowledge-basedmethoddescribedin Sec-

tion 3.2is largelydependentonthequalityandcompletenessof the
domain-speci�cknowledgesource.Theknowledgesourceusedin
our study, UMLS, is not speci�cally designedfor the purposeof
scenario-speci�cretrieval. As a result, in our studywe have ob-
served somefrequently-asked scenarios(e.g. query scenariosin
OHSUMED [20]) that areunde�ned in UMLS. To supportthese
scenarios,we proposethe following methodologyfor knowledge
acquisitionto supplementtheUMLS knowledgesource.
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Figure 5: Supplementing the UMLS Semantic Network with
relationshipgraphs for previously unde�ned scenarios

First, we identify the scenariosthat arenot currentlysupported
by UMLS. By studyingsamplemedicalqueries,e.g.,queriesin the
OHSUMEDtestcollection,wehave identi�ed thefollowing list of
scenariosthat are frequentlyusedbut unde�ned by UMLS: “dif-
ferentialdiagnosis,” “etiology,” “risk factors,” “pathophysiology,”
“prognosis,” “epidemiology,” “research,” “organisms”of adisease,
“complications”of a disease/medication,“criteria” of or “when to
perform” a medication,and“preventive healthcare” for a type of
patients.By “unde�ned,” wemeanthatsuchscenarioshavenocor-
respondingrelationshipgraphsin the UMLS SemanticNetwork,
suchasthe graphshown in Figure2. Therefore,we plan to sup-
plementtheUMLS SemanticNetwork with additionalrelationship
graphsto supporttheabove frequently-usedscenarios.

We use the following method for this supplementationtask:
First, we presentto medicalexpertsa blank SemanticType rela-
tionshipgraphsuchas the oneshown 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 theetiologyof a wide varietyof diseases,theSemantic
Type “Virus” will be �lled into oneof the rectanglesin 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.Ourexperimentis basedontheOHSUMED[20] testcol-
lection thathasbeenwidely usedin medical-information-retrieval
research.OHSUMEDconsistsof 1) a corpus,2) a queryset,and
3) relevancejudgmentsfor eachquery.

² Corpus.Thecorpusconsistsof 348,000MEDLINE articles
from 1988to 1992. Eachdocumentcontainsa title, an op-
tional abstract,a setof MeSHheadings,authorinformation,
publicationtype,source,aMEDLINE identi�er, andadocu-
mentID.

² Query set. The query set consistsof 106 queries. Each
querycontainsa patientdescription,aninformationrequest,
and a query ID. Sincewe are interestedin short and gen-
eral queries,we usethe information-requestsub-portionto
representeachquery. To study scenario-speci�cretrieval,
we focus on all queriesin the form of “hkey concept(s)i ,
hscenarioconcept(s)i .” Among the 106 queries,57 queries
satisfythis criterionandareincludedin our study.4 Therest
of the queriesskippedin our studytypically askfor the re-
lationshipamongseveral key conceptswithout mentioning
scenarioconcepts,e.g.,“use of beta-blockersfor thyrotoxi-
cosisduringpregnancy” or “chemotherapy advancedfor ad-
vancedmetastaticbreastcancer.”

4In fact thereis anadditionalquery, query#8, which alsosatisfythis criteria. How-
ever, OHSUMEDprovidesno relevancejudgementsfor this query, andthereforewe
excludethisqueryfrom ourexperiments.

Scenario QueriesID' s

treatmentof adisease 2,13,15,16,27,29,30,31,32,35,37,
38, 39, 40, 42, 43, 45, 53, 56, 57, 58,
62, 67, 69, 72, 74, 75, 76, 77, 79, 81,
85,93,98,102

diagnosisof adisease 15, 21, 37, 53, 57, 58, 72, 80, 81, 82,
97

preventionof adisease 64,85
differential diagnosis of a symp-
tom/disease

14, 23, 41, 43, 47, 51, 65, 69, 70, 74,
76,103

pathophysiologyof adisease 2, 3, 26,64,77
complicationsof adisease/medication 3, 30,52,61,62,66,79
etiologyof adisease 14,26,29
risk factorsof adisease 35,64,85
prognosisof adisease 45
epidemiologyof adisease 3
researchof adisease 75
organismsof adisease 81
criteriaof medication 49,52,94
whento performamedication 33
preventive healthcarefor a typeof pa-
tients

96

Figure6: Number of queriesmentioning eachscenario

Scenario # of relevant Semantic Types in the 
relation-ship graph for that scenario 
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symptom/disease 

10 

pathophysiology of a disease 56 
complications of a disease/medication 15 
etiology of a disease 40 
risk factors of a disease 40 
prognosis of a disease 15 
epidemiology of a disease 13 
research of a disease 28 
organisms of a disease 7 
criteria of medication 26 
when to perform a medication 5 
preventive health care for a type of 
patients 

10 

 Figure7: Number of SemanticTypesin the relationshipgraphs
after knowledgeacquisition

We list the queriesthat mentioneachscenarioin Figure6.
Due to spaceconstraint,we only provide the query ID' s.
The query stringscan be downloadedat OHSUMED's of-
�cial Website.5 Note that somequeriesdo not mentionthe
scenariotermssuchas “treatment”or “diagnosis”directly,
but “management”or “workup” instead.We consultexperts
in UCLA Medical Schoolto classify thesequeriesinto the
appropriatescenarios.

² Relevancejudgements. For a given OHSUMED query, a
documentis either judgedby expertsas de�nitely-relevant
(DR), partially-relevant (PR), irrelevantor not judgedat all.
In our experiments,we restrict the retrieval to the 14,430
judgeddocumentsonly and count both DR and PR docu-
mentsasrelevantanswersaswemeasuretheprecision-recall
of aparticularretrieval method.6

Indexing and VSM. We index both documentsand queriesus-
ing word stems,andassignweightto eachstemusingthestandard
tf ¢idf weightingscheme[6]. Word stemsarederived usingthe
Lovins stemmer[28]. Specialconsiderationsin this indexing pro-
cessinclude:

² We usethe title and the abstractto index eachdocument.
We have discardedtheMeSHheadingsin indexing in order
to simulatea commonapplicationenvironmentin which no

5ftp://medir.ohsu.edu/pub/OHSUMED
6Treatingboth DR andPR documentsarerelevant documentsis consistentwith the
settingsof existingstudies[20, 27]



expert-assignedindexing termsareavailable.
² To emphasizetheimportanceof title termsin representinga

document's content,we countthetf of every singleappear-
anceof atermin thetitle as3, while keepingthetf for terms
in otherpartsof adocumentunmodi�ed.

² Sincetheexpandedqueryis eventuallyrepresentedasavec-
tor of stems,we usethe following procedureto convert the
expansionconcepts(derivedeitherby our knowledge-based
methodor thestatisticalmethod)to word stemsandappend
thesestemsto theoriginalquery:Foreachexpansionconcept
we �rst look up its conceptsstringsfrom UMLS. We further
removeall stopwordsfrom theseconceptstringsandconvert
all thewordsinto word stems.Theweightsof theseexpan-
sionstemsareassignedbasedontheco-occurrencethesaurus
computedfrom thecorpus[13].

After we index the documentsand the expandedquery using
word stems,we usethe standardstem-basedVectorSpaceModel
(VSM) [6] to computequery-documentsimilarities and generate
documentranking.

4.2 Knowledgeacquisition results
We follow themethodologyin Section3.3 for this task.To sup-

plementtheSemanticNetwork with additionalrelationshipgraphs
for the currentlyunsupportedscenarios(e.g. “etiology” of a dis-
ease),we interviewed two medical experts at UCLA Medical
School. During the interview we �rst describedthe meaningof
relationshipgraphssuchas Figure 5, and then presentedthe en-
tire list of UMLS SemanticTypesto theexpertssothatappropriate
SemanticTypeswere�lled into the questionmarks. We commu-
nicatedthe resultsby oneexpert with anotheruntil they reached
a consensus.Basic statisticsfor the knowledgeacquiredin this
steparepresentedin Figure7. Thedetailedlist of SemanticTypes
for eachscenariois presentedin the extendedversionof this pa-
per[29].

4.3 Retrieval results
In thissectionwestudytheperformanceof knowledge-basedex-

pansioncomparedto thatof statisticalexpansion.We�rst compare
thetwomethodsunderdifferentexpansionsizes,thenstudytheper-
formanceof theknowledge-basedmethodunderdifferentboosting
factorsanddifferentqueryscenarios.

4.3.1 Comparison of the two methods under different
expansion sizes

For a givenexpansionsizen, we usebothknowledge-basedex-
pansionand statisticalexpansionto expandthe top-n stemsthat
have the heaviest weights. For knowledge-basedexpansion,no
weight boostingis appliedat this stage. We measurethe perfor-
manceof both methodsusingthe 11-pointprecisionaverage,de-
notedas avgp. We have also comparedthe two methodsusing
other metrics,suchas precisionamongthe top-10 or top-20 re-
trieveddocuments,andthecomparisonresultsaresimilar.

We computeavgpfor both methodson eachof the 57 queries,
and further averagethe resultsover the 57 queries. Figure 8(a)
shows the performanceof the two methods,whereasFigure8(b)
shows thepercentageof improvementof knowledge-basedexpan-
sion over statisticalexpansion. In these�gures, “n=All” means
appendingall expansiontermsthathave non-zeroweightsinto the
original query. Beforewe comparetheresults,we emphasizethat
the baselinemethodin our comparison,the statisticalexpansion
method,outperformsthe no-expansionretrieval methodby more
than5% undermostof the settings. (The avgpfor no-expansion
retrieval is 0.408.)
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Figure8: Comparisonof the two methodsusingavgp
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Figure 9: The impact of differ ent weight-boostingsettingson
the performanceof knowledge-basedexpansion

As the �gure shows, the performancefor knowledge-basedex-
pansiongenerallyincreasesasn increases,andusuallyreachesthe
peakwhenn=All. On theotherhand,theperformanceof thesta-
tistical methoddegradesafter n=100. This is dueto the fact that
statisticalexpansiondoesnotdistinguishbetweenexpansionterms
that are scenario-speci�cfrom thosethat are not. As a conse-
quence,asmoretermsareappendedto theoriginal query, theneg-
ative impactof thosenon-scenario-speci�ctermsbegins to accu-
mulateandafteracertainpoint theperformancedrops.In contrast,
theknowledge-basedmethodappendsscenario-speci�ctermsonly,
andconsequently, theperformanceof theknowledge-basedmethod
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-basedexpansionterms. The boost-
ing factor is computedusing Eq. 1, under the different settings
of ® = 0:25; 0:5; 0:75; 1; 1:25; 1:5. Figure 9 shows the impact
of different boostingamounton the performanceof knowledge-
basedexpansion. Each cell in the �gure shows 1) the perfor-
manceof knowledge-basedexpansionand2) the improvementof
knowledge-basedexpansionover statisticalexpansionunder the
sameexpansionsize. Thick-borderedcells representthebestper-
formancewithin eachcolumn(i.e. underthe samesettingof ex-
pansionsize);Shadedcells representthe bestperformancewithin
eachrow (i.e. underthesamesettingof boostingfactor).Thebest
performancein theentire�gure is highlightedin boldanditalic.

Thefollowing observationcanbemadefrom theseresults:

² Boosting helps improve the performanceof knowledge-
basedexpansion,underall expansionsizes.Settings® = 0:5
or = 0:75 generallyyield thebestboostingeffect.

² Givena�x edboostingsetting,having alargerexpansionsize
n helpsimprove theperformance.Thebestperformanceun-
derall ® settingsis consistentlyachievedby settingn=All.
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Figure 10: The performanceof 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-basedexpan-
sion performin differentscenarios.To do this, we group the 57
queriesaccordingto the scenariosthey askfor, andwe selectthe
largest� ve groups,namely“treatment,” “diagnosis,” “pathophysi-
ology” of a disease,“dif ferentialdiagnosis”of a symptom/disease
and“complications”of a disease/medication.We skip the restof
thescenariosbecauseeachof thesescenarioshastoo few number
of queriesto derive reliablestatistics.(Thenumberof queriesthat
askfor eachscenariois shown in Figure6.)

We furtheraveragetheperformanceof knowledge-basedexpan-
sion within eachgroup of queries,and show the avgp resultsin
Figure10. Similarto theprevious�gure, eachcell shows1) theper-
formanceof knowledge-basedexpansionaveragedover thecorre-
spondinggroupof queries,and2) theimprovementof knowledge-
basedexpansionoverstatisticalexpansionunderthesamesettings.
For example,theshadedcell in Figure10showsthat,amongthe35
queriesthataskaboutthe“treatment”scenarioandundertheboost-
ing settingof ® = 0:75, knowledge-basedexpansionachievesan
averageavgpof 0.474. This representsa 6.0%improvementover
thestatisticalmethodmeasuredwithin thesamegroupof queries.

To derive the resultsin Figure 10, we set the expansionsize
n=All which allows theknowledge-basedmethodto yield thebest
performance.

Theseresultsgenerallysuggestthatknowledge-basedexpansion
performsdifferently for querieswith different scenarios. More
speci�cally, the methodyields more improvementsin the “treat-
ment,” “dif ferentialdiagnosis”and“diagnosis”scenarios.In con-
trast,it yieldslessimprovementsin the“complication”and“patho-
physiology” scenarios.A possibleexplanationlies in thedifferent
knowledgestructuresfor these� ve scenarios.In the relationship
graphsde�ned for the latter two scenarios(i.e. “complication”
and “pathophysiology”), therearemore relevant SemanticTypes
than thosein the former threescenarios(Figure7). As a conse-
quence,whenhandlingquerieswith the latter two scenarios,the
knowledge-basedmethodkeepsmoreconceptsasscenario-speci�c
expansionconceptsduring the �ltering step. Thusthe expansion
resultof theknowledge-basedmethodresemblesthatof thestatis-
tical expansionmethod,leadingto closeperformancebetweenthe
two methods.

5. RELATED WORKS
Queryexpansion,asaneffectivemethodto amelioratethequery-

documentmismatchproblem,hasbeenstudiedfor decades.An
overview of various query expansiontechniquescan be found
in [8]. The basicideabehindall techniquesis to supplementthe
original querywith additionaltermsrelatedto the original query
topic, so that themodi�ed queryhasa betterchanceto matchrel-
evant documents.The following speci�c techniques,in a broader

sense,fall underneaththegeneralumbrellaof queryexpansion.
² Manual expansion. A humanexpert or the usermanually

looks at the original query and selectsfrom a knowledge
source(e.g.WordNet)thebesttermsto expand[30, 31].

² Relevancefeedback. Theexpansiontermsareselectedfrom
a few top-ranked documentsthat are manuallymarked by
theuserasrelevantanswers[25, 26]. In certaincases,terms
from thosedocumentsmarkedasirrelevantwill alsobe“sub-
tracted”from theoriginalquery.

² Statisticalexpansion(or automaticexpansion).Theexpan-
sion termsareautomaticallyselectedeitherfrom a termco-
occurrencethesaurus[13, 14, 15, 32] or pseudo-relevance
feedbackresults[21, 22,23,24,32,16].

Thesepastresearchefforts do not attemptto automaticallyex-
ploit a domain-speci�cknowledgesourceto re�ne the queryex-
pansionresultsandprovidescenario-speci�cexpansion.

Recentlywith the emergenceof UMLS, a full-�edged knowl-
edgesourcein the medicaldomain,methodshave beenproposed
to automaticallyutilize this knowledgesourcein queryexpansion.
Aronsonet al. [33] proposedto useMetaMap[17], a programthat
mapsmedical free text to UMLS concepts,to �rst identify con-
ceptsmentionedby theoriginal query. Their approachfurtherex-
pandssynonymsof theoriginal queryconcepts,with theguidance
of UMLS. Hershetal. [27] proposedto expandtheparentandchild
conceptsof the original queryconcepts,basedon the concepthi-
erarchy de�ned in theUMLS Metathesaurus(e.g. Figure3). Our
researchdiffersfrom theseworksin thefollowing aspects:

² Our researchtargetsone type of medicalqueries,namely
scenario-speci�cqueries,that have beenshown to be pre-
dominantamongmedicalusers'searchrequests[1, 2, 3, 4,
5]. In dealingwith suchqueries,it is oftentoo narrow to ex-
pandjustthesynonymsor parent/childconceptswithoutcon-
sideringthe scenarioinformationembeddedin the original
query. For example,previousmethodswill exclude“lung ex-
cision” from theexpansionlist for query“lung cancer, treat-
ment,” simply because“lung excision” is neithera synonym
noraparent/childconceptof any originalqueryconcept.

In contrast,our methodexploresthescenarioinformationin
theoriginal query, relatesthat informationto certainknowl-
edgestructuresin UMLS (morespeci�cally, theUMLS Se-
manticNetwork) andusestheidenti�ed knowledgestructure
to guidetheselectionof scenario-speci�cconcepts.There-
sulting expansionwill have a muchbroaderscopethanjust
synonymsand/orparent/childconcepts.

² Previousworksonly compareagainstabaselinegeneratedby
noqueryexpansion.To thebestof ourknowledge,wearethe
�rst to compareagainststatisticalexpansion.Sincestatistical
expansionhasalsobeenshown to beeffective in improving
retrieval performance[13, 14, 15, 21, 22, 23, 24, 32, 16],
it is crucial to make thesecondtypeof comparisonin order
to studythetrue impactof a knowledgesourcein queryex-
pansion.(In our experimentswe alsoobserve thatstatistical
expansionoutperformstheno-expansionmethodby at least
5% in mostof the cases.)Our studyshows that even when
comparingwith statisticalexpansion,the knowledge-based
methodyieldsreasonableimprovements.

In fact,thesamedataset(OHSUMED)hasbeenusedin both
our studyandthat of Hershet al. [27]. However, Hershet
al. reporteddegradingperformanceby their query expan-
sion approachcomparedto the no-expansionmethod. We
attributethedifferencesbetweenourresultsandtheirsto two
factors:1) Westudyasubsetof OHSUMEDqueriesthatare



scenario-speci�c;2) We apply a knowledge-basedmethod
that is designedto effectively handlesuchscenario-speci�c
queries.

6. CONCLUSION
Scenario-speci�cqueriesrepresenta specialtypeof queriesthat

frequentlyappearin medicalfree-text retrieval. In thisresearch,we
have proposeda knowledge-basedqueryexpansionmethodto im-
provetheretrieval performancefor suchqueries.Morespeci�cally,
thecontributionsof thiswork arethefollowing:

² We have designeda method that automatically exploits
the knowledgestructuresin the UMLS SemanticNetwork
andthe UMLS Metathesaurusto identify conceptsthat are
speci�cally relatedto the scenario(s)in the original query.
Appendingsuchidenti�ed conceptsto theoriginal queryre-
sultsin scenario-speci�cexpansion.

² Giventhataknowledge-sourceis usuallyincompletein han-
dling all scenariosappearingin real queries,we have pro-
posedamethodologyto supplementtheknowledgesource.

² Wehaveperformedextensiveexperimentalevaluationof the
knowledge-basedmethodby comparingagainstthe statisti-
cal expansionmethod. Our experimentalstudy hasshown
that:

– Our proposedknowledge-basedmethodis ableto cre-
ate scenario-speci�cquery expansion,and yields im-
provementsover statisticalexpansionwhen handling
scenario-speci�cqueries.

– Since knowledge-basedexpansion tends to expand
terms with smaller weights into the original query,
boosting the weights of theseterms is necessaryto
generatereasonableimprovementsover the statistical
method.

– Theknowledge-basedexpansionmethodperformsdif-
ferentlyfor differentqueryscenarios.Thishappensbe-
causethe knowledgestructuresde�ned for thesesce-
nariosexhibit differentcharacteristics.
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