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Manually searching the web for medical literature and teach-
ing materials is labor-intensive and time-consuming. Content
Correlation automatically creates semantic links among doc-
uments from different collections. As a result, navigating from
a patient report to online medical documents is much easier
for the user. In this paper, we present a knowledge-based
(e.g. UMLS) approach for content correlation. First, we in-
dex each medical document using phrases (a combination of
word stems and concepts). We illustrate how phrase-based
indexing greatly ameliorates the problem of vocabulary mis-
match among multiple document collections. Second, we use
a phrase-indexed patient report to automatically form a query,
and expand the query with scenario-specific phrases derived
from a knowledge base. Experimental results reveal that the
phrase-based indexing and the knowledge-based query expan-
sion together, yield scenario-specific content correlation.

1 INTRODUCTION

A largenumberof medicalinformationsystemsave emeged
on the Web with comprehensie coverageof medicallitera-
tureandteachingﬂaterials;e.gPubMed% Harrisons Online?
However, the searchinterfacesof thesewebsiteshinderusers
from fully utilizing themin health care applications. Con-
sideratypical clinical erwvironmentin which a physiciantries
to nd diagnosisor therafy optionsfor a patients disease
basedon the patients pastclinical reportsand major com-
plaints.In orderto ef ciently locatethe mostrelevantmedical
literatureon the Web, the physicianhasto manuallyform a
shortquerymadeup of a few keywords. The keywordsneed
to be carefully selectedo bestsummarizethe patients past
history and symptoms,and to clearly de ne the physician's
speci ¢ informationneedse.gregarding “diagnosis, “treat-
ment” or “cause” of the patients disease.Recentstudiesre-
veal that searchingthe Web for clinical usageis frustrating,
laborintensive andtime-consumingl, 2, 3, 4, 5]. Although
aboutonethird of a physician’s clinical questionanbe an-
sweredby online informationresource$6], the overall usage
of theWebin medicalpracticeis relatively low [1, 7].

Content Correlation is atechniquehatautomaticallygen-
eratessemantidinks betweera documenin onecollectionto
relevant documentsn other collections[8]. Figure 1 illus-
tratesthis processn a Medical Digital Library. Using con-
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Figure 1: ContentCorrelationin aMedical Digital Library

tentcorrelation,a physician rst formshis queryby selecting
onepatientreport(Step@®). The Content Correlation Engine

(CCE) automaticallynavigatesfrom the seedingeportto on-

line informationresourcesformsaqueryusingpertinentcon-
ceptsto theoriginal patientreport(Step@), submitsthequery
to eachresourceandcollectsthe correspondinginswergStep
®). Comparedo manualsearchingContentCorrelationpro-

videsamorecorvenientmethodfor theuserto ef ciently nav-

igateamongvariousinformationsourceg8].

Two mainchallengesxist in designinga CCE. First, dif-
ferentinformationresourcesendto usedifferentexpressions
for the sameconcept. This is often referredto asthe vocab-
ulary mismatch problem. For example,“cancer”is usedfre-
quentlyin patientreportswhile its alternatve expressioricar-
cinoma” often appearsn literaturearticles. Using the origi-
nal stringformsfails to link the patientreporton “cancer”to
a literaturereferencediscussing‘carcinomd. Conceptshave
beenproposedo replaceword stemsto index documentsso
that different expressionsare matchedto the sameconcept.
However, becaus&nowledgesourcesareoftenincompletein
de ning concepts,concept-basethdexing hasnot achieved
signi cant improvement[9, 10, 11]. In this paper we pro-
posea phrase-basethdexing techniquethat usesboth word
stemsandconceptgo index a medicaldocument.This tech-
nigue compensatefor the incompletenessf conceptsusing
word stems,and greatly enhance®ur systems capabilityto
correlatedocumentdgrom differentcollections[12].

Second,users' information needsare scenario-speci c.
Ely etal[1, 13] andHaynesetal [7] discover thatphysicians'
clinical questiondargely focuson certainspeci ¢ aspectof
a particulardiseaseg.gtheray options,drug usageor diag-
nosticwork up. This requiresthe CCE to generatescenario-
speci ¢ queriesthat focuson a speci ¢ aspecof the disease
concept. Simply using the diseaseconceptto form a query
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Figure 2: Theinternalstructureof the CCE

cannotsene this purpose,becausehis methodendsup re-
trieving relateddocumentswith all possibletopics, e.g gen-
eralreview, treatment-relatedjiagnose-relatedstc. To rem-
edy this shortcoming,we proposea knowledge-basedjuery
expansiontechniquethat automaticallyappendsjueryterms
in aspeci c topic area.As aresult,only documentselatedto
theusers applicationscenaricarecorrelatedandretrieved.

The paperis organizedasfollows. Section2 presentghe
internalstructureof a CCE which consistsof a Phrase-based
Indexer, a Query Generator and a Knowledge-based Query
Expander. Thetwo techniqueof phrase-basemhdexing and
knowledge-basedjueryexpansionarediscussedn Section3
and Section4, respectiely. Section5 providesvalidationof
theproposedechniquesSection6 discusseselatedwork and
Section?7 concludeghe paper

2 CONTENT-CORRELATION ENGINE (CCE)

In this section,we presenthe internal structureof the CCE.
As shavnin Figure2, theuser rst selects patientreportand
inputsit into the CCE. The Phrase-based Indexer parseshe
reportandidenti es all the phrasesn the report. The con-
ceptsin eachphrasecomefrom a domain-speci cknowledge
source.TheQuery Generator selectshephraseshataremost
representate of the original reportto form a query Theuser
caninteractwith the QueryGeneratoto furthernarrav down
the phraseselection. The Knowledge-based Query Expander
expandsthe original querywith phraseghatbelongto a par
ticular topic area,accordingto the currentusers operating
scenario,e.g. seekingtreatment-relatedr diagnosis-related
information. The expandedqueryis submittedto electronic
informationresourceso collectrelevantmedicaldocuments.

3 PHRASE-BASED INDEXING TO RESOLVE
VOCABULARY MISMATCH

As we have discussedn the previous section,the concepts
in eachphraseare de ned by a domain-speci cknowledge
source.In our study we usethe UMLS Metathesaurufl4] as
theknowledgesource.

In ourde nition, aphrasés representedsa[conceptiD,
word stems]pair. To index amedicaldocumentsingphrases,
we scanthroughthe documentstring, identify eachconcept
that appearsn the text and save the concepttogetherwith
its word stemsas one phrase. For example,the phrasedle-
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tectedfor atext fragment‘60 yearold with lung cancer"will
be[242379% (“lung,” “cancer”)].

Indexing medical documentsusing phrasesgreatly en-
hancesour capabilityto correlatepatientreportswith medi-
cal literaturearticlesor teachingmaterials.With simpleword
stemindexing, a patientreportusing“lung cancer’cannotbe
linkedto aresearclarticle on “lung carcinomd, becausehey
have differentstring forms. However, thesetwo expressions
are synoryms in UMLS and are assignedhe sameconcept
ID. As aresult,thetwo documentsarelinkedtogetherin our
phrase-baseithdexing, becausehey containphrasesith the
sameconceptD. (Figure3(a))

Besidesgrouping synoryms togetherinto one concept,
the UMLS Metathesauruslso organizesrelatedconceptsn
a hierarcly whereupperlevel conceptshave broadermean-
ings,andlowerlevel conceptaremorespeci c. For example,
“lung cancer”is de ned asa broaderconcepthan®“lung neo-
plasm’ Using the hierarchicalrelationshipswe are able to
link patientreportsandresearclarticleswhoseconcepthave
“general/speci c” or “broader/narraver” relationships.As a
result,a patientreportusing“lung cancer’is linkedto anarti-
cle using“lung neoplasni. (Figure3(b))

Although UMLS incorporatesquite a numberof medi-
cal thesauri,it is still incompleteregarding the relationships
betweencertain concepts. For example, the concept‘lung
cancer”is totally unrelatedwith “lung cancerprevention™ in
UMLS. Ourphrase-baseiddexing solvesthis problemby pre-
servingthe word stemsin eachphrase,and linking phrases
with eachotherusing both conceptsaswell asword stems.
In this example althoughconcept242379and281194arenot
relatedin UMLS, we still considerthe two phraseg§242379,

3242379 is the UMLS concept ID for “lung cancer”
4Concept ID 281194



(“lung,” “cancer”)] and[281194,(“lung,” “cancel’ “preven-
tion”)] asrelatedsincethey sharethe word stems‘lung” and
“cancer’ (Figure3(c))As aresult,we canlink patientreports
with potentiallyrelatedliteraturearticles,evenwhenthey use
conceptaincorrelatedn UMLS.

4 KNOWLEDGE-BASED SCENARIO-
SPECIFIC CONTENT CORRELATION

In this section, we presentthe techniquethat generates
scenario-speci ccorrelationfrom phrase-indeed patientre-
ports.

Recentstudiesreveal that physicians' clinical questions
representlifferentscenario$l, 13,7]. Forexample,n[1, 13],
themostfrequentlyasked questionsare“What is the causeof
symptomX,” “How shouldl managediseaseY,” etc. These
questionstypically consistof two parts: a key concept,cy,
e.g.“symptomX” or “diseaseY,” andascenaricconceptcs,
e.g. “cause”or “managemernit. Currently reviewed patient
reportsonly provide the key conceptci, e.g. “lung cancef
Therefore to correlatea reportto online medicaldocuments
accordingto a particularscenariothe physicianhasto Il in
the scenaricconceptc,, e.g.,“treatment.® We canthenform
a scenario-speci @ueryusingthe ¢;, provided by patientre-
portsandc; indicatedoy theuser andissuethequeryto online
medicalresources.The Content Correlation problemis thus
corvertedinto Query Answering.

In practice however, directly usingscenariacconceptdike
“cause”or “treatmentoptions”to form aqueryfailsto retrieve
relevantliteraturearticles becauseelevantdocumentsendto
use different scenarioconcepts. For example, literature ar
ticles that discuss‘treatmentoptions” for “lung cancer’sel-
dom mentionthe termsof “treatment” or “option” directly,
but ratheruse “chemotherap’ or “radiotheray.” To solve
this mismatchproblem,we needto replacethe scenariocon-
ceptsgiven by the user with the ¢, thatareactuallyusedin
medicalliterature. Asking the userto replacethe concepts
is laborintensive andtime-consuming Further a knowledge
sourcege.g.UMLS, doesnotindicatewhethera concretecon-
cept“chemotherapit’ “treats” “lung cancef® In thefollow-
ing, we proposea knowledge-baseduery expansionmethod
thatsolvesthis problem.

Knowledge-based Query Expansion Our methodis lever
agedon the UMLS Metathesauruandthe UMLS Semantic
Network. As indicatedin Figure 4, a group of conceptsin
the Metathesauruss abstractednto onesemantidypein the
SemantidNetwork. AlthoughUMLS doesnot specifythe po-
tentialrelationshipsamongthe Metathesaurusonceptsit in-
dicatesthe relationshipshetweensemantictypesin the Se-
mantic Network level. For example, UMLS doesnot pro-
vide a “treats” link between‘radiotherap” and “lung can-
cer” Nevertheless'radiotheragy” belongsto “Therapeuticor
Preventive Procedure’which treats“Diseaseor Syndromé,
the semantictype that “lung cancer’belongsto. Using this
knowledge structure, we derive the following knowledge-

5In our prototype, the physician selects one or more scenario con-
cepts from a pre-compiled scenario concept list

6There are certain relationships defined in the latest version of
UMLS and SNOWMED, yet they are far from complete
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Figure 4. Mappingfrom conceptgo semantidypesandthe
relationshipsamongsemantiaypes

Concept ID | Concept String |

34618 Radiotherapy

8838 Cisplatin

3393 Antineoplastic Agents, Combined
9429 Combined Modality Therapy
13216 Chemotherapy

79172 Cranial Irradiation

15133 Etoposide

42679 Vincristine

38903 Surgery, Lung

58928 ECHO protocol

Figure 5: Scenarioconceptsrelatedto the “treatment” of
“lung cancef automaticallyderived by our knowledge-based
methodfor queryexpansion

basedquery expansionmethodto expandscenarioconcepts
¢s for agivency:

1. Navigatefrom ¢y to its semantidype (e.g. from “lung
cancer'to “Diseaseor Syndrome”).

2. Startingfrom c's semantictype, follow the relation-
shipsasindicatedby the query's original cs, andreach
asetof relevantsemantidypes(e.g.startingrom “Dis-
easeor Syndromé, following “treats” if ¢, is “treat-
mentoptions; and reaching“Therapeuticor Preven-
tive Proceduré, “Medical Device; and “Pharmaco-
logic Substance”).

3. Includeall conceptghatbelongto therelevantseman-
tic typesas candidatecs. For a samplequery “lung
cancertreatmenbptions; we reachthe shadectircu-
lar areasn Figure4 asthe setof candidate:,.

4. Assignweightsto eachderived ¢ accordingto how it
co-occurswith ¢, in a samplecorpus. ¢ is assigned
a higherweight if it highly co-occurswith ¢;. The
weightsdistinguishc, that are truly semanticallyre-
latedto ¢, (sincethey co-occumoreoften)from those
thatareonly mamginally related.For example,although
both conceptsbelong to “Therapeuticor Preventive
Procedure(theleftmostshadedirclein Figure4), “ra-
diotheray” co-occurswith “lung cancer’more often
than “heart sugery” As a result, “radiotherapy” re-
ceivesamuchhigherweightthan“heartsugery” when
appendedio thequery“lung cancertreatment. Details
of weightcomputatiorcanbefoundin [15].

Following the above procedurewe can derive the sce-
nario conceptsc; for the query“lung cancer treatmentop-



recall 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 Average
precision (stem baseline, no expansion) | 0.80 | 0.66 | 0.56 | 0.46 | 0.41 | 0.37 | 0.33 | 0.28 | 0.24 | 0.19 | 0.08 | 0.40
precision (statistical expansion) 0.84 | 0.70 | 0.62 | 0.54 | 050 | 0.46 | 041 | 0.37 | 0.32 | 0.23 | 0.08 | 0.46
precision (knowledge-based expansion) | 0.92 | 0.73 | 0.63 | 0.58 | 053 | 0.50 | 0.45 | 041 | 0.36 | 0.28 | 0.12 | 0.50

Figure 6: Retrieval effectivenessknowledge-baseexpansionvs. statisticalexpansion

| Query ID | Original Query Form |

14 PANCYTOPENIA IN AlIDS, workup and etiology

15 THROMBOCYTOSIS, treatment and diagnosis

64 prevention, risk factors, pathophysiology of
HYPOTHERMIA

Figure 7. SampleOHSUMED queries. Key conceptsare
shavn in capitallettersandscenaricconceptsrein italics

[ Document ID | Document Title |
90313852 Optic disk elevation in Down’s syndrome
88131226 Ischemic optic neuropathy in sickle cell disease
90075918 Small cell lung cancer
91069110 Radiotherapy for lung cancer
88191922 Optic nerve swelling secondary to the

obstructive sleep apnea syndrome

(a) Stem-basedocumentetrieval

[ Document ID | Document Title |

90172011 Ten-year survival of patients with small-cell
lung cancer treated with combination
chemotherapy with or without irradiation

91132695 Preoperative chemotherapy (cisplatin and
fluorouracil) and radiation therapy in stage I11
non-small-cell lung cancer: a phase Il study of
the Lung Cancer Study Group

90075918 Small cell lung cancer

87320019 Preoperative and adjuvant chemotherapy in
locally advanced non-small cell lung cancer

89289246 How should thoracic radiotherapy be given in
limited small cell lung cancer?

(b) Knowledge-basedueryexpansion
Figure 8: Comparingtop 5 documentgor query*“lung can-

cer, treatment options,” retrieved by the stem-basedetrieval
methodandthe knowledge-basedueryexpansiormethod

tions” Welist tensuche, with thehighestweightsin Figure5.

By appendinghe original query with thesec,, we obtaina

guerythatmatchedetterwith onlinemedicalresourceslssu-
ing this queryto online resourcesesultsin scenario-speci ¢
(i.e. “treatment’scenario)orrelationfrom a patientreporton

“lung cancer’to relatedliteraturearticles.

5 VALIDATION OF SCENARIO-SPECIFIC
CONTENT CORRELATION

Experimental Setup To illustrate how we achiese scenario-
speci ¢ contentcorrelationusingknowledge-basedueryex-
pansionwe evaluateour techniqueon a standardestsetOH-
SUMED [16]. Thetestsetconsistsof all MEDLINE bibliog-
raphy recordsfrom 1988to 1992.1t alsoprovidesacollection
of medicalqueriesandall the experts' judgementsndicating
which documentsare relevantto eachquery Eachqueryis
generatedrom a real healthcare scenarioand containstwo
sections.The rst section,a patientdescriptiondescribeghe
realsituationof aclinical patientregardingwhichthequeryis
asled. The secondsection,aninformationrequestgxplicitly
statesthe physician's information needsin treatingthis pa-
tient. Therefore,eachqueryin this testsetcanbe considered

[ Document ID | Document Title |
89100938 Prospective evaluation of fine needle aspiration
in the diagnosis of lung cancer

87070550 Bronchial brushing and bronchial biopsy:
comparison of diagnostic accuracy and cell
typing reliability in lung cancer

91335375 Value of washings and brushings at fibreoptic
bronchoscopy in the diagnosis of lung cancer

90247220 Pitfalls in the radiologic diagnosis of lung
cancer

87320022 Diagnostic and therapeutic uses of pleuroscopy
(thoracoscopy) in lung cancer

Figure 9: Top 5 documentgetrieved from OHSUMED for
query“lung cancerdiagnostic options,” usingtheknowledge-
basedjueryexpansionmethod

asaminiatureof arealpatientreport,andcanbeusedto vali-
dateourtechniquethatcorrelatepatientreportswith medical
literaturearticles.

We focus our study on 41 OHSUMED queriesthat are
scenario-speci cj.e. inquiring aboutthe “treatment, “diag-
nosis; “prevention”and“cause”of aparticulardiseaseSome
of the samplequeriesareshavn in Figure7. For eachquery
we usethemethodin Sectiord to identify semanticallyrelated
conceptandappendheminto the original query

We index eachof the 41 queriesandall the OHSUMED
documentsusing phrase-baseihdexing. Query-document
similarity is computedusingthe standard/ectorSpaceModel
(VSM) [17]. The mostsimilar documentgo eachqueryare
retrieved.

Evaluation Metrics and Baseline We use the standard
precision-recalineasuremerib compareour methodwith tra-
ditional ones. When a certainnumberof documentsare re-
trieved, precision is the percentagef theretrieveddocuments
that arerelevant, andrecall is the percentag®f the relevant
documentshathave beenretrievedsofar. We evaluatethere-
trieval accurag by interpolatingthe precisionvaluesateleven
recallpoints.

In this experiment,we comparewith two existing infor-
mationretrieval methodsIn the rst method stem-basedoc-
umentretrieval, both queriesand documentsare indexed by
stemsand documentsare retrieved using the standardvVSM.
No expansionis madeto thequeries.

The second method, statistical-query-gpansion-based
documentretrieval [18, 19, 20], appendsall termsthat sta-
tistically co-occurwith the original querytermsin a sample
corpus,e.g. OHSUMED. No knowledgesourceis consulted
to lter outtermsthatarenotpertinentto the querytopic. For
example thismethodmayappendadiagnose-relategrminto
the query “lung cancer treatmentoptions; simply because
this diagnoseterm highly co-occurswith “lung cancer”in a
samplecorpus.

Results and Discussions In this experiment, we focus on
scenario-speci cqueriesthat inquire aboutthe “diagnosis”
or “treatment” of a disease. Our methodyields the high-



estretrieval precision,which meansthat we are able to re-
trieve more documentgelevant to the “diagnosis” or “treat-
ment” of the querieddisease Figure 6 shavs the averagel1-
pointprecision-recalbverthe41queriesstudied generatedy
our knowledge-basedxpansionmethodandthe two existing
methods.In termsof averageretrieval precision,our method
improvesover the stembaselineby 25%, andimprovesover
thestatisticalexpansiormethodby 8.7%.As arguedin [21], if
anew retrieval methodimprovesthe precision-recalby more
than5% over traditionalmethodspn the basisof no lessthan
25 queries,thenthe new methodis preferablefor future us-
age. Therefore,our approachis signi cantly more effective
in termsof scenario-speci @ontentcorrelation.To betterun-
derstandthe improvement,we retrieve the top 5 documents
from OHSUMED for query“lung cancertreatmeniptions,
using the stem-basedetrieval and our knowvledge-baseax-
pansion(Figure8).” ComparingFigure8(b) with Figure8(a),
the knowledge-basedueryexpansionmethodretrievesmore
relevant documentgo the query Also, to illustrate how the
retrieveddocumentyary accordingto differentscenariosye
usetheknowledge-basethethodo selecthetop5 documents
for “lung cancer diagnosticoptions” (Figure9). Comparing
Figure9 with Figure8(b), it canbeseerthatourmethodyields
scenario-speci correlation,e.g.treatmenor diagnosis.

6 RELATED WORK

ContentCorrelationis relatedto theresearclof mediatingdis-
tributed and heterogeneoudatabaseand searchingor sim-
ilar answersfor a given query [22, 23, 24]. Theseworks
mainly focusedon structureddatasources.In this paper we
have studiedthe interoperabilityamonghighly unstructured
datasourcef freetext documents.

Pastresearcton ContentCorrelationlargely focusedon
applying statistical or syntacticalinformation to link doc-
uments[8, 25]. No scenario-speci ccorrelationhas been
provided. In this paperwe proposea knowledge-basedp-
proachto correlatedatacontentsin varioustextual informa-
tion sources.Experimentaresultsreveal thatwe canprovide
effective scenario-speci contentcorrelation.

7 CONCLUSION

In this paperwe presentnew knowledge-basedpproactior
scenario-speci contentcorrelation. Thephrase-baseiddex-
ing techniquehelpslink documentgrom differentcollections
that usedifferentconceptexpressions.The knowledge-based
queryexpansiontechniqueformulatesthe phrase-indeed pa-
tient reportsinto scenario-speci cqueries. As a result, the
ContentCorrelationEngineis ableto searchor relevantdoc-
umentsspeci cally relatedto theusers currentscenario.

REFERENCES

[1] J.W. Ely, J.A. Osheroff, M.H. Ebell, G.R. Bergus, B.T. Levy,
M.L. Chambliss, and E.R. Evans. Analysis of questions asked
by family doctors regarding patient care. BMJ, 319(7):211-220,
1999.

“The stem-based method retrieves quite a few articles on “optic’-
related topics, because the term “optic” in the documents and the term
“options” in the query share the same word stem “opt”

[2]

[3]

(4]

[3]

[6]

[71

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]
[18]
[19]
[20]
[21]

[22]

[23]

[24]

[25]

D.G. Covell, G.C. Uman, and P.R. Manning. Information needs
in office practice: are they being met?  Ann Intern Med,
103:596-599, 1985.

P.N. Gorman and M. Helfand. Information seeking in primary
care: How physicians choose which clinical questions to pursue
and which to leave unanswered. Med Decis Making, 15(2):113—
119, 1995.

W.R. Hersh, J. Pentecost, and D.H. Hickam. A task-oriented
approach to information retrieval evaluation. JAS'S 47(1):50-
56, 1996.

J. Marshall. The continuation of end-user on line searching by
health professionals: preliminary survey results. In Proceedings
of the Medical Library Association Annual Meeting, 1990.

P.N. Gorman, J. Ash, and L. Wykoff. Can primary care physi-
cians’ questions be answered using the medical literature? Bull
Med Lib Assoc, 82:140-146, 1994.

R. Haynes, K. McKibbon, C. Walker, N. Ryan, D. Fitzgerald,
and M. Ramsden. Online access to medline in clinical settings.
Ann Intern Med, 112:78-84, 1990.

W.W. Chu, D.B. Johnson, and H. Kangarloo. A medical digi-
tal library to support scenario and user-tailored information re-
trieval. 1EEE Tran. on Information Technology in Biomedicine,
4(2):97-107, 2000.

M. Mitra, C. Buckley, A. Singhal, and C. Cardie. An analysis
of statistical and syntactic phrases. In Proceedings of RIAO '97,
1997.

R. Richardson and A.F. Smeaton. Using WordNet in a
knowledge-based approach to information retrieval. In Proceed-
ings of 17t" BCSIRSG, 1995.

E.M. Voorhees. Using WordNet to disambiguate word sense for
text retrieval. In Proceedings of ACM SIGIR 93, 1993.

W. Mao and W.W. Chu. Free-text medical document retrieval
via phrase-based vector space model. In Proceedings of AMIA
Annual Symp 2002, 2002.

J.W. Ely, J.A. Osheroff, P.N. Gorman, M.H. Ebell, M.L. Cham-
bliss, E.A. Pifer, and P.Z. Stavri. A taxonomy of generic clinical
questions: classification study. BMJ, 321(12):429-432, 2000.
National Library of Medicine. UMLSKnowledge Sources. 12"
edition, 2001.

V.Z. Liu and W.W. Chu. Expanding queries with semantically
related terms derived from knowledge sources. Technical report,
Computer Science Department, UCLA, 2003.

W. Hersh, C. Buckley, T.J. Leone, and D. Hickam. Ohsumed:
an insteractive retrival evaluation and new large test collection
for research. In Proceedings of ACM SIGIR 94, 1994.

G. Salton and M.J. McGill. Introduction to Mordern I nformation
Retrieval. McGraw Hill, 1983.

Y. Jing and W.B. Croft. An association thesaurus for information
retrieval. In Proceedings of RIAO 94, 1994.

Y. Qiu and H.P. Frei. Concept-based query expansion. In Pro-
ceedings of ACM SIGIR 93, 1993.

J. Xu and W.B. Croft. Query expansion using local and global
document analysis. In Proceedings of ACM SIGIR’ 96, 1996.
C. Buckley and E.M. Voorhees. Evaluating evaluation measure
stabililty. In Proceedings of ACM SGIR 2000, 2000.

W.W. Chu, AF. Cardenas, and R.K. Taira. KMeD: A
knowledge-based multimedia medical distributed database sys-
tem. Inform. Syst., 10(2):75-96, 1995.

W.W. Chu, H. Yang, K. Chiang, M. Minock, G. Chow, and
C. Larson. CoBase: A scalable and extensible cooperative in-
formation system. J. Intell. Inform. Syst., 6(11), 1996.

S. Melnik, H. Garcia-Molina, and A. Paepcke. A mediation in-
frastructure for digital library services. In Proceedings of ACM
DL 2000, 2000.

S.L. Price, W.R. Hersh, D.D. Olson, and P.J. Embi. Smartquery:
Context-sensitive links to medical knowledge sources from the
electronic patient record. In Proceedings of AMIA Annual Symp
2002, 2002.



