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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 medicalinformationsystemshaveemerged
on the Web with comprehensive coverageof medicallitera-
tureandteachingmaterials,e.gPubMed,1 Harrison'sOnline.2

However, thesearchinterfacesof thesewebsiteshinderusers
from fully utilizing them in healthcareapplications. Con-
sidera typical clinical environmentin which a physiciantries
to �nd diagnosisor therapy options for a patient's disease
basedon the patient's pastclinical reportsand major com-
plaints.In orderto ef�ciently locatethemostrelevantmedical
literatureon the Web, the physicianhasto manuallyform a
shortquerymadeup of a few keywords. Thekeywordsneed
to be carefully selectedto bestsummarizethe patient's past
history and symptoms,and to clearly de�ne the physician's
speci�c informationneeds,e.g regarding“diagnosis,” “treat-
ment” or “cause”of the patient's disease.Recentstudiesre-
veal that searchingthe Web for clinical usageis frustrating,
labor-intensive andtime-consuming[1, 2, 3, 4, 5]. Although
aboutonethird of a physician's clinical questionscanbean-
sweredby onlineinformationresources[6], theoverall usage
of theWebin medicalpracticeis relatively low [1, 7].

Content Correlation is atechniquethatautomaticallygen-
eratessemanticlinks betweenadocumentin onecollectionto
relevant documentsin other collections[8]. Figure 1 illus-
tratesthis processin a Medical Digital Library. Using con-
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Figure 1: ContentCorrelationin aMedicalDigital Library

tentcorrelation,a physician�rst formshis queryby selecting
onepatientreport(Step 1©). TheContent Correlation Engine
(CCE) automaticallynavigatesfrom theseedingreportto on-
line informationresources,formsaqueryusingpertinentcon-
ceptsto theoriginalpatientreport(Step 2©), submitsthequery
to eachresourceandcollectsthecorrespondinganswers(Step
3©). Comparedto manualsearching,ContentCorrelationpro-
videsamoreconvenientmethodfor theuserto ef�ciently nav-
igateamongvariousinformationsources[8].

Two mainchallengesexist in designinga CCE.First,dif-
ferentinformationresourcestendto usedifferentexpressions
for the sameconcept.This is often referredto asthe vocab-
ulary mismatch problem. For example,“cancer” is usedfre-
quentlyin patientreports,while its alternativeexpression“car-
cinoma” often appearsin literaturearticles. Using the origi-
nal string formsfails to link thepatientreporton “cancer” to
a literaturereferencediscussing“carcinoma.” Conceptshave
beenproposedto replaceword stemsto index documents,so
that different expressionsare matchedto the sameconcept.
However, becauseknowledgesourcesareoftenincompletein
de�ning concepts,concept-basedindexing hasnot achieved
signi�cant improvement[9, 10, 11]. In this paper, we pro-
posea phrase-basedindexing techniquethat usesboth word
stemsandconceptsto index a medicaldocument.This tech-
niquecompensatesfor the incompletenessof conceptsusing
word stems,andgreatlyenhancesour system's capability to
correlatedocumentsfrom differentcollections[12].

Second,users' information needsare scenario-speci�c.
Ely etal [1, 13] andHaynesetal [7] discover thatphysicians'
clinical questionslargely focuson certainspeci�c aspectsof
a particulardisease,e.g therapy options,drug usageor diag-
nosticwork up. This requiresthe CCE to generatescenario-
speci�c queriesthat focuson a speci�c aspectof the disease
concept. Simply using the diseaseconceptto form a query
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Figure 2: Theinternalstructureof theCCE

cannotserve this purpose,becausethis methodendsup re-
trieving relateddocumentswith all possibletopics,e.g gen-
eral review, treatment-related,diagnose-related,etc. To rem-
edy this shortcoming,we proposea knowledge-basedquery
expansiontechniquethat automaticallyappendsquery terms
in a speci�c topic area.As a result,only documentsrelatedto
theuser'sapplicationscenarioarecorrelatedandretrieved.

Thepaperis organizedasfollows. Section2 presentsthe
internalstructureof a CCEwhich consistsof a Phrase-based
Indexer, a Query Generator and a Knowledge-based Query
Expander. The two techniquesof phrase-basedindexing and
knowledge-basedqueryexpansionarediscussedin Section3
andSection4, respectively. Section5 providesvalidationof
theproposedtechniques.Section6 discussesrelatedwork and
Section7 concludesthepaper.

2 CONTENT-CORRELATION ENGINE (CCE)
In this section,we presentthe internalstructureof the CCE.
As shown in Figure2, theuser�rst selectsapatientreportand
inputsit into the CCE.The Phrase-based Indexer parsesthe
report and identi�es all the phrasesin the report. The con-
ceptsin eachphrasecomefrom a domain-speci�cknowledge
source.TheQuery Generator selectsthephrasesthataremost
representative of theoriginal reportto form a query. Theuser
caninteractwith theQueryGeneratorto furthernarrow down
thephraseselection.TheKnowledge-based Query Expander
expandstheoriginal querywith phrasesthatbelongto a par-
ticular topic area,accordingto the currentuser's operating
scenario,e.g. seekingtreatment-relatedor diagnosis-related
information. The expandedquery is submittedto electronic
informationresourcesto collectrelevantmedicaldocuments.

3 PHRASE-BASED INDEXING TO RESOLVE
VOCABULARY MISMATCH

As we have discussedin the previous section,the concepts
in eachphraseare de�ned by a domain-speci�cknowledge
source.In ourstudy, weusetheUMLS Metathesaurus[14] as
theknowledgesource.

In ourde�nition, aphraseis representedasa [conceptID,
wordstems]pair. To index amedicaldocumentusingphrases,
we scanthroughthe documentstring, identify eachconcept
that appearsin the text and save the concepttogetherwith
its word stemsasonephrase.For example,the phrasesde-
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tectedfor a text fragment“60 yearold with lung cancer”will
be[242379,3 (“lung,” “cancer”)].

Indexing medical documentsusing phrasesgreatly en-
hancesour capability to correlatepatientreportswith medi-
cal literaturearticlesor teachingmaterials.With simpleword
stemindexing, a patientreportusing“lung cancer”cannotbe
linkedto a researcharticleon “lung carcinoma,” becausethey
have differentstring forms. However, thesetwo expressions
are synonyms in UMLS and are assignedthe sameconcept
ID. As a result,the two documentsarelinked togetherin our
phrase-basedindexing, becausethey containphraseswith the
sameconceptID. (Figure3(a))

Besidesgrouping synonyms togetherinto one concept,
the UMLS Metathesaurusalsoorganizesrelatedconceptsin
a hierarchy whereupperlevel conceptshave broadermean-
ings,andlower level conceptsaremorespeci�c. For example,
“lung cancer”is de�ned asa broaderconceptthan“lung neo-
plasm.” Using the hierarchicalrelationships,we areable to
link patientreportsandresearcharticleswhoseconceptshave
“general/speci�c”or “broader/narrower” relationships.As a
result,apatientreportusing“lung cancer”is linkedto anarti-
cleusing“lung neoplasm.” (Figure3(b))

Although UMLS incorporatesquite a numberof medi-
cal thesauri,it is still incompleteregarding the relationships
betweencertainconcepts. For example, the concept“lung
cancer”is totally unrelatedwith “lung cancerprevention”4 in
UMLS. Ourphrase-basedindexingsolvesthisproblembypre-
servingthe word stemsin eachphrase,and linking phrases
with eachotherusingboth conceptsaswell asword stems.
In thisexample,althoughconcept242379and281194arenot
relatedin UMLS, we still considerthe two phrases[242379,

3242379 is the UMLS concept ID for “lung cancer”
4Concept ID 281194
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(“lung,” “cancer”)] and[281194,(“lung,” “cancer,” “preven-
tion”)] asrelatedsincethey sharetheword stems“lung” and
“cancer.” (Figure3(c))As a result,wecanlink patientreports
with potentiallyrelatedliteraturearticles,evenwhenthey use
conceptsuncorrelatedin UMLS.

4 KNOWLEDGE-BASED SCENARIO-
SPECIFIC CONTENT CORRELATION

In this section, we present the technique that generates
scenario-speci�ccorrelationfrom phrase-indexed patientre-
ports.

Recentstudiesreveal that physicians' clinical questions
representdifferentscenarios[1, 13,7]. Forexample,in [1, 13],
themostfrequentlyaskedquestionsare“What is thecauseof
symptomX,” “How shouldI managediseaseY,” etc. These
questionstypically consistof two parts: a key concept,ck,
e.g. “symptomX” or “diseaseY,” anda scenarioconcept,cs,
e.g. “cause” or “management.” Currently reviewed patient
reportsonly provide the key conceptck, e.g. “lung cancer.”
Therefore,to correlatea report to online medicaldocuments
accordingto a particularscenario,thephysicianhasto �ll in
thescenarioconceptcs, e.g.,“treatment.” 5 We canthenform
a scenario-speci�cqueryusingtheck providedby patientre-
portsandcs indicatedby theuser, andissuethequeryto online
medicalresources.The Content Correlation problemis thus
convertedinto Query Answering.

In practice,however, directlyusingscenarioconceptslike
“cause”or “treatmentoptions”to form aqueryfails to retrieve
relevantliteraturearticles,becauserelevantdocumentstendto
usedifferent scenarioconcepts. For example, literaturear-
ticles that discuss“treatmentoptions” for “lung cancer”sel-
dom mentionthe termsof “treatment” or “option” directly,
but ratheruse“chemotherapy” or “radiotherapy.” To solve
this mismatchproblem,we needto replacethescenariocon-
ceptsgiven by the user, with the cs that areactuallyusedin
medical literature. Asking the user to replacethe concepts
is labor-intensive andtime-consuming.Further, a knowledge
source,e.g.UMLS, doesnot indicatewhetheraconcretecon-
cept“chemotheraphy” “treats” “lung cancer.” 6 In the follow-
ing, we proposea knowledge-basedqueryexpansionmethod
thatsolvesthisproblem.

Knowledge-based Query Expansion Our methodis lever-
agedon the UMLS Metathesaurusand the UMLS Semantic
Network. As indicatedin Figure 4, a group of conceptsin
theMetathesaurusis abstractedinto onesemantictype in the
SemanticNetwork. AlthoughUMLS doesnot specifythepo-
tential relationshipsamongtheMetathesaurusconcepts,it in-
dicatesthe relationshipsbetweensemantictypes in the Se-
mantic Network level. For example, UMLS doesnot pro-
vide a “treats” link between“radiotherapy” and “lung can-
cer.” Nevertheless,“radiotherapy” belongsto “Therapeuticor
Preventive Procedure”which treats“Diseaseor Syndrome,”
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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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 cancer,” automaticallyderivedby our knowledge-based
methodfor queryexpansion

basedquery expansionmethodto expandscenarioconcepts
cs for agivenck:

1. Navigatefrom ck to its semantictype(e.g. from “lung
cancer”to “Diseaseor Syndrome”).

2. Startingfrom ck 's semantictype, follow the relation-
shipsasindicatedby thequery's original cs, andreach
asetof relevantsemantictypes(e.g.startingfrom “Dis-
easeor Syndrome,” following “treats” if cs is “treat-
ment options,” and reaching“Therapeuticor Preven-
tive Procedure,” “Medical Device,” and “Pharmaco-
logic Substance”).

3. Includeall conceptsthatbelongto therelevantseman-
tic typesas candidatecs. For a samplequery “lung
cancer, treatmentoptions,” we reachtheshadedcircu-
lar areasin Figure4 asthesetof candidatecs.

4. Assignweightsto eachderivedcs accordingto how it
co-occurswith ck in a samplecorpus. cs is assigned
a higher weight if it highly co-occurswith ck. The
weightsdistinguishcs that are truly semanticallyre-
latedto ck (sincethey co-occurmoreoften)from those
thatareonly marginally related.For example,although
both conceptsbelong to “Therapeuticor Preventive
Procedure”(theleftmostshadedcirclein Figure4), “ra-
diotherapy” co-occurswith “lung cancer”moreoften
than “heart surgery.” As a result, “radiotherapy” re-
ceivesamuchhigherweightthan“heartsurgery” when
appendedto thequery“lung cancer, treatment.” Details
of weightcomputationcanbefoundin [15].

Following the above procedure,we can derive the sce-
nario conceptscs for the query “lung cancer, treatmentop-
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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 0.50 0.46 0.41 0.37 0.32 0.23 0.08 0.46
precision (knowledge-based expansion) 0.92 0.73 0.63 0.58 0.53 0.50 0.45 0.41 0.36 0.28 0.12 0.50

Figure 6: Retrieval effectiveness,knowledge-basedexpansionvs. statisticalexpansion

Query ID Original Query Form

14 PANCYTOPENIA IN AIDS, workup and etiology
15 THROMBOCYTOSIS, treatment and diagnosis
64 prevention, risk factors, pathophysiology of

HYPOTHERMIA

Figure 7: SampleOHSUMED queries. Key conceptsare
shown in capitallettersandscenarioconceptsarein 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-baseddocumentretrieval

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 III
non-small-cell lung cancer: a phase II 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-basedqueryexpansion

Figure 8: Comparingtop 5 documentsfor query“lung can-
cer, treatment options,” retrieved by the stem-basedretrieval
methodandtheknowledge-basedqueryexpansionmethod

tions.” Welist tensuchcs with thehighestweightsin Figure5.
By appendingthe original querywith thesecs, we obtaina
querythatmatchesbetterwith onlinemedicalresources.Issu-
ing this queryto online resourcesresultsin scenario-speci�c
(i.e. “treatment”scenario)correlationfrom apatientreporton
“lung cancer”to relatedliteraturearticles.

5 VALIDATION OF SCENARIO-SPECIFIC
CONTENT CORRELATION

Experimental Setup To illustratehow we achieve scenario-
speci�c contentcorrelationusingknowledge-basedqueryex-
pansion,we evaluateour techniqueon a standardtestsetOH-
SUMED [16]. The testsetconsistsof all MEDLINE bibliog-
raphy recordsfrom 1988to 1992.It alsoprovidesacollection
of medicalqueriesandall theexperts' judgementsindicating
which documentsare relevant to eachquery. Eachquery is
generatedfrom a real healthcarescenarioandcontainstwo
sections.The�rst section,a patientdescription,describesthe
realsituationof aclinical patientregardingwhich thequeryis
asked. Thesecondsection,an informationrequest,explicitly
statesthe physician's information needsin treating this 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 documentsretrieved from OHSUMED for
query“lung cancer, diagnostic options,” usingtheknowledge-
basedqueryexpansionmethod

asaminiatureof a realpatientreport,andcanbeusedto vali-
dateour techniquethatcorrelatespatientreportswith medical
literaturearticles.

We focus our study on 41 OHSUMED queriesthat are
scenario-speci�c,i.e. inquiring aboutthe “treatment,” “diag-
nosis,” “prevention”and“cause”of aparticulardisease.Some
of thesamplequeriesareshown in Figure7. For eachquery,
weusethemethodin Section4 to identify semanticallyrelated
conceptsandappendtheminto theoriginalquery.

We index eachof the 41 queriesandall the OHSUMED
documentsusing phrase-basedindexing. Query-document
similarity is computedusingthestandardVectorSpaceModel
(VSM) [17]. Themostsimilar documentsto eachqueryare
retrieved.

Evaluation Metrics and Baseline We use the standard
precision-recallmeasurementto compareourmethodwith tra-
ditional ones. Whena certainnumberof documentsare re-
trieved,precision is thepercentageof theretrieveddocuments
that arerelevant, andrecall is the percentageof the relevant
documentsthathavebeenretrievedsofar. Weevaluatethere-
trieval accuracy by interpolatingtheprecisionvaluesateleven
recallpoints.

In this experiment,we comparewith two existing infor-
mationretrieval methods.In the�rst method,stem-baseddoc-
umentretrieval, both queriesanddocumentsare indexed by
stemsanddocumentsareretrieved usingthe standardVSM.
No expansionis madeto thequeries.

The second method, statistical-query-expansion-based
documentretrieval [18, 19, 20], appendsall termsthat sta-
tistically co-occurwith the original query termsin a sample
corpus,e.g. OHSUMED.No knowledgesourceis consulted
to �lter out termsthatarenotpertinentto thequerytopic. For
example,thismethodmayappendadiagnose-relatedterminto
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 about the “diagnosis”
or “treatment” of a disease. Our methodyields the high-
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est retrieval precision,which meansthat we are able to re-
trieve moredocumentsrelevant to the “diagnosis”or “treat-
ment” of thequerieddisease.Figure6 shows theaverage11-
pointprecision-recalloverthe41queriesstudied,generatedby
our knowledge-basedexpansionmethodandthe two existing
methods.In termsof averageretrieval precision,our method
improvesover the stembaselineby 25%, andimprovesover
thestatisticalexpansionmethodby 8.7%.As arguedin [21], if
a new retrieval methodimprovestheprecision-recallby more
than5% over traditionalmethods,on thebasisof no lessthan
25 queries,thenthe new methodis preferablefor future us-
age. Therefore,our approachis signi�cantly moreeffective
in termsof scenario-speci�ccontentcorrelation.To betterun-
derstandthe improvement,we retrieve the top 5 documents
from OHSUMEDfor query“lung cancer, treatmentoptions,”
using the stem-basedretrieval andour knowledge-basedex-
pansion(Figure8).7 ComparingFigure8(b) with Figure8(a),
theknowledge-basedqueryexpansionmethodretrievesmore
relevant documentsto the query. Also, to illustratehow the
retrieveddocumentsvary accordingto differentscenarios,we
usetheknowledge-basedmethodto selectthetop5 documents
for “lung cancer, diagnosticoptions” (Figure9). Comparing
Figure9 with Figure8(b),it canbeseenthatourmethodyields
scenario-speci�ccorrelation,e.g.treatmentor diagnosis.

6 RELATED WORK
ContentCorrelationis relatedto theresearchof mediatingdis-
tributedandheterogeneousdatabasesandsearchingfor sim-
ilar answersfor a given query [22, 23, 24]. Theseworks
mainly focusedon structureddatasources.In this paper, we
have studiedthe interoperabilityamonghighly unstructured
datasourcesof freetext documents.

Past researchon ContentCorrelationlargely focusedon
applying statistical or syntactical information to link doc-
uments[8, 25]. No scenario-speci�ccorrelationhas been
provided. In this paperwe proposea knowledge-basedap-
proachto correlatedatacontentsin varioustextual informa-
tion sources.Experimentalresultsreveal thatwe canprovide
effectivescenario-speci�ccontentcorrelation.

7 CONCLUSION
In thispaper, wepresentanew knowledge-basedapproachfor
scenario-speci�ccontentcorrelation.Thephrase-basedindex-
ing techniquehelpslink documentsfrom differentcollections
thatusedifferentconceptexpressions.Theknowledge-based
queryexpansiontechniqueformulatesthephrase-indexedpa-
tient reportsinto scenario-speci�cqueries. As a result, the
ContentCorrelationEngineis ableto searchfor relevantdoc-
umentsspeci�cally relatedto theuser's currentscenario.
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