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ABSTRACT

Teachingfilesarewidelyusedbyradiologistsinthediagnosticprocessandforstudent
education.Mosthospitalsmaintainanactivecollectionofteachingfilesforinternal
purposes,butmanyteachingfilesarealsopubliclyavailableonline,somelinkedto
secondarysources.However,publicsourcesofferverylimited(andad-hoc)search
capabilities.Basedonthepreviousworkondataintegrationandtext-basedsearch,
theauthorsextendedtheirIntegratedRadiologyImageSearch(IRIS1.1)enginewith
anewmedicalontology,SNOMEDCT,andtheICD10dictionary.IRIS1.1integrates
publicdatasourcesandappliesqueryexpansionwithexactandpartialmatches to
findrelevant teachingfiles.Usingasetof28representativequeries frommultiple
sources,thesearchenginefindsmorerelevantteachingcasesversusotherpublicly
availablesearchengines.
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1. INTRODUCTION

Aradiologyteachingfilerepositoryisacollectionof importantcasesfor teaching
and clinical follow-up, and references to better understand the classification of
diseases(Dashevskyetal.,2015).Allteachingfilesshareasimilargeneralstructure
butsignificantvariationsexist,evenwithinthesamedatasource.Teachingfilesmay
includeinformationsuchaspatienthistory,findings,diagnosis,differentialdiagnosis,
and imagesrelated toclinical reports.Teachingfilescanbecategorized into three
types:(1)personalteachingfilesthataremeantforthegeneraluseoftheteaching
fileowner,(2)sharedin-houseteachingfilesinwhichtheownermakestheteaching
filecontentavailableforviewingwithintheirinstitution,and(3)publicteachingfiles
builtona sharedmodelbutwithmorecomprehensivecontent thatmayundergoa
formalreviewbeforepublication(De-Arteagaetal.,2015).

A recent national survey assessing the role and desired features of radiology
teachingfilesfoundthat,amongthe396respondentsfrom115institutions,89%use
someformofteachingfilefromwhich76%keepapersonalteachingfilecontaining
avarietyofmediaand67%useasharedin-houseteachingfile,while83institutions
hadpaidsubscriptionstoapublicteachingfilerepository(Dashevskyetal.,2015).
Publicteachingfilesolutionshavebecomeincreasinglypopular,providinguserswith
instantaccesstothousandsofcases(althoughofinconsistentdata)(Seitzetal.,2003),
sometimesforafee.Whileallofthesepublicandcommercialsolutionsareavailable,
most donot permit users to (1) easily submit personal cases to their libraries, (2)
performefficientquerying,categorizationandsearchforparticularcases,(3)simulate
basicPACS(picturearchivingandcommunicationsystem)functionality,or(4)enable
self-directedandassessedlearning–allimportantteachingfilerepositoryfeaturesas
identifiedbyatleast50%ofthesurveyrespondents(Dashevskyetal.,2015).

Therefore,asthefirststeptoorganizeandextractmedicalknowledgefromlarge
teachingfilerepositories,wehave1)developedadatabaseschemaforteachingfile
integrationandaframeworkforaradiologyimagesearchengineand2)evaluatedthe
frameworkontheRadiologySocietyofNorthAmericaMedicalImagingResource
Community(RSNAMIRC)(2018)andMyPacs(Group,2018)repositoriesindexed
usingtheRadiologyLexicon(RadLex)(RSNA,2018).Wenormalizedalldatasources
andaugmentedtheintegrationprocesswithdatacleaningandvalidationtoaccount
fordifferent format representations.Manydata sources includenoisyentries– for
example,differentteachingfiles,eventhoughstoredinthesamedatarepository,do
notusethesametextcategorynames.Fortheteachingfilesthatdidnotcomeindexed
byRadLex(asisdoneforMIRC),weannotatedallimporteddatawithRadLexterms.

Inthispaper,weproposeanextensionofthedatarepositoryindexingbyintegrating
UnifiedMedicalLanguageSystem(UMLS)SystematizedNomenclatureofMedicine
–ClinicalTerms (SNOMEDCT) (2017)usingUMLSMetamorphosis (SNOMED,
2017)andshowthatthisextensionimprovessearchresults,particularlyforqueries
thatoriginallyretrievedfewteachingfiles.Toevaluateandquantifysearchresults,we
proposeanewevaluationcriterioninconsultationwithmedicalexpertsthatmeasures
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theaccuracyofsearchresultsbasedonthetermappearanceindifferentcategoriesof
teachingfiletext.Basedondomainknowledgeandsurveys,wefoundthatfindings
anddiagnosisarethemostrelevantsearchcategoriesinteachingfiles.Ouroriginal
searchengineisreferredtoasIntegratedRadiologyImageSearch(IRIS)(Deshpande,
2017)IRIS1.0,andtheproposedimprovementasIRIS1.1.

The rest of the paper is organized as follows. In Section 2 we present related
relevantdata sourcesandother research thatmotivatedourwork. InSection3we
presentourdatabaseschema,architectureofIRIS1.1,teachingfilerepositorieswe
integrated, RadLex and SNOMED CT ontologies, Natural Language Processing
(NLP)techniquesweappliedtoperformthesmartsearch,andIRIS1.1evaluation
metric.InSection4wepresentacomparativeanalysisofourproposedwork(IRIS
1.1)totheprevioussystem(IRIS1.0),theMIRCandMyPacssearchenginesaswell
ascustomizedGooglesearches.InSection5wesummarizetheproposedapproach
andoutlinenewavenuesforexpandingthiswork.

2. ReLATeD WORK

Inthissectionwepresentaliteraturereviewofpapersthatdiscusstheneedfordata
integrationofradiologicalsources.Wealsosummarizeexistingradiologicalsources
alongwith their searchenginecapabilities,advantages,and limitations.Whileour
current implementation integrates MIRC and MyPacs data sources, we intend to
integratethedatasourcesdescribedhereintooursystem.

Severalstudieshavehighlightedtheneedtointegrateclinicalreportsandimages
intoanintegrateddatabasewithadvancedsearchcapabilities.Gutmarketal.(2007)
arguedforbuildingasystemthatreduceserrorsinradiologicalimages’interpretation
usingteachingfiledatabases.Easy-to-usecomputer-basedteachingfilesareuseful
for trainingphysiciansandasa reference tool forexperiencedphysicianswith the
long-term goal of improving diagnostic accuracy. Talanow et al. (2009) discussed
howradiological imagesarecritical fordiagnosis,whyteachingfilearehelpful in
radiological diagnosis, and how they developed internet-based radiology teaching
filesystems.Dos-Santosetal.(2012)discussedhowtheavailabilityofalargeand
diversesetofclinicalcasesdrivestheneedfortheintegrationofprofilespublished
byIntegratingtheHealthcareEnterprise(IHE).Margoliesetal.(2016)foundthata
repositoryofpathology-provencasesinadashboardhasthepotentialtoenhanceand
encouragetheformationofaccurateteachingfiles,aswellaseducationalpublications
in the form of case series or “case of the day” submissions. Hwang et al. (2016)
discussed how the use of Positron Emission Tomography Computed Tomography
(PET-CT) increased theneed to retrieve relevantmedical images thatcanassist in
diagnosis.Hwangetal.designedadatabaseusingannotationandimagemarkupas
wellasanimagesearchengine.Thispaperfurthermotivatedourresearchwork–to
designalogicalschemaforadatabasewithstoredimagefeaturesandtodevelopa
searchenginethatsupportsbothtextandimage-basedsearch.Furthermore,Kansagra
etal.(2016)presentedtheideaofhavingaglobaldatabasethatintegratesmultiple



International Journal of Knowledge Discovery in Bioinformatics
Volume 8 • Issue 2 • July-December 2018

21

datasources(suchasclinicaldata,patienthistory,physicalexamfindings,laboratory
data,orimagingdata)formorepreciseandaccuratediagnosis.

Intherestofthissection,wepresentalistofcurrentlyorpreviouslyavailabledata
repositoriesandmedicalsearchenginesalongwiththeiradvantagesandlimitations
(summarized in Table 1). We marked some entries with “*,” indicating that these
searchenginesprovidelinkstoteachingfilerepositoriesfromexternaldatasources.
Forexample,GoogleprovideslinkstoMyPacsorMIRCteachingfilesbutdoesnot
showresultsintermsofteachingfiles.

Radiology Society of North America (RSNA) Medical Imaging Resource
Community(MIRC)(2018)isalargerepository(over2,000publicteachingfileswith
more than 12,000 images) with teaching files including patient history, diagnosis,
differentialdiagnosis,findings,discussion,andexternalreferencestojournalarticles.
RadiologicaltermsarehighlightedandlinkedtoRadLextermsasdescribedinsection
3.1.MIRC links to theRadioGraphics andRadiology journals,which canprovide
additionaldataformedicalknowledgeextraction.Althougharichsourceofmedical
knowledge,theMIRCrepositorysearchenginedoesnotsupportspecializedsearch
fields(suchasanatomy,age,andimagingmodality),doesnotrecognizenegation,and
doesnothavetheabilitytoperformqueryexpansionthroughsynonyms.

MyPacsdatarepository(with17,000publiclyavailableteachingfiles)hasover
33,000casesintotal.UsingthesearchengineofMyPACS,userscansearchrecords
basedonanatomy,pathology,imagemodality,age,gender,etc.Thedatarepository
alsolinkstoMedScape(LLC,2017)foradditionalsupplementalinformation;however,
thebuilt-insearchenginedoesnotsupportsearchingthroughsynonymsandnegation,
and,similartotheMIRCsearchengine,isnotabletoperformimage-basedsearch.
Although beyond the scope of this paper, our database schema and engine design
includefacilitiestosupportimage-basedsearch.

CTisus(Hospital,2017)isalargerepositoryofradiologicalimages,quizzes,and
CTprotocols.Although thereare237,000 imagesavailablealongwithvideofiles,
therepositorydoesnotcontaincasediagnosis,patientmedicalhistoryordifferential
diagnosis,andthereisnosupportforimage-basedsearches.Medscape(LLC,2017)
isthelatestmedicalnewsandinformationsourceaboutdrugsanddiseasesavailable
forradiologystudentsandphysicians.EventhoughMedscapeisrichinmedicaldata,
thereisnosearchengineavailablenordoanyteachingfilescontainimages,differential
diagnosisorothervaluablecaseinformation.

Radiopaedia(Jones,2017)isanopen-editradiologyresourcewith25,000cases
and 10,000 articles. As with all the other data sources, no image-based search is
provided.Gamuts(Reeder,2017)containsacomprehensivelistofimagedifferential
diagnosesthatarelinkedtosymptoms,diseasenames,andcauses.Althoughimages
arelinkedtotheGoldMinerRadiologysearchengine,Gamutsdoesnotofferatext-
based searchas ithasno searchengine.TheCasimagedatabasewithin the IRMA
framework(Thies,etal.,2004)integratesmultimediateachingandreferencedatainto
thePACSenvironment.Thedatabaseincludesonly8,000imagesanditdoesnotfeature
concept-basedimageretrieval.ImageCLEFmedTeachingFiles(Mulleretal.,2010)
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isacollectionofdomain-specificphotographsforthemedicalfield,whichwasused
inmedicaladhocretrievaltasksfrom2004to2007.Thismedicalarchivecomprises
atotalof66,000imagesandseveralcompositemedicalsub-collectionsprovidedby
independentmedicalinstitutionsandhospitals.

RadiologyTeacher(Talanow,2009)isaweb-basedteachingfiledevelopmentand
distributionprogram,whichallowsauthorstocreate,edit,anddeletecasesandimages
withdescriptionsandannotations.Aquizmechanismandanimageannotationfeature
integrateaninterfacetotheMedicalIllustratorsoftwarearealsoprovided.Presently,
theRadiologyTeachersystemcontainslessthan350cases.

RADTF (Doet al., 2010) is a teaching file solution,which is compatiblewith
RadLex.Differentialdiagnosisandquizmodesareavailable.RADTFusesRadLex
anatomyconcepttermsandprovidesNLPfeaturestoprocessradiologicreports(Doet
al.,2010),includingstemming,rankingofresultsbasedondetectednegation,hedge,
anduncertaintyexpressions.AlthoughRADTFhasbeendescribedasopen-source
(Doetal.,2010),othershaveconcludedthatRADTFisnotpublicallyavailable(De-
Artegaetal.,2015)andtherefore,wecannotevaluatethefeaturesitsupports.

EURORAD (European Society of Radiology) (Neutorgasse, 2017) is a peer-
reviewededucational toolbasedonteachingcases.Itcontains6,000teachingfiles
with clinical history, image findings, discussion, final diagnosis and differential
diagnosis.EURORADcurrentlysupportsthreedifferentlanguages(English,Spanish,
and French). Users can search on anatomical body structure but, similar to other
teachingfilesources, there isnosupport fornegations, synonyms,or image-based
search.AnotherradiologicalteachingfilesystemthatcanbeintegratedintoaPACS
environment isRadPix (Weadock,2017).Complete radiological teaching files can
becreatedbyaddingtext,annotationsandimages.Thecurrentpublicuserinterface
onlyhas11teachingcases.

Inadditiontotheworkdescribedsofar,therewereseveraleffortsmadetoallow
image search to use the text associated with the images through captions or text
embedded in the images.Someof these systemsproposed for themedicaldomain
aresummarizedbelow.

The Biomedical Image Metadata Manager (BIMM) (Korenblum et al., 2011)
systemprovidesretrievalofsimilarimagesusingsemanticfeaturesofimagemetadata.
Basedontheimagingobservation,2Dregionsofinterestarestoredasmetadata,and
thesystemofferscontent-basedimageretrievalcapabilitiesalthoughthiscouldnot
betestedasitisnolongeravailableinthepublicdomain(Korenblumetal.,2011).

KhresmoiforEveryone(Khresmoi,2017)isamedicalinformaticsandretrieval
system that provides an access system for online biomedical information and
documents.Theresultofasearchisaweblinktoadiscussionforumaboutdiseases
andquizzes.However,thereisnounifiedsolutionwithclinicalreportswithcategories,
suchaspatienthistoryordifferentialdiagnosis.Furthermore,thesearchcapabilities
arelimited;forexample,itdoesnotsupportsynonym-andnegation-basedsearch.

GoldMiner (Society, 2017) helps users search images and articles from peer-
reviewedbiomedicaljournals.ItusestheNationalLibraryofMedicinetodiscover
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medicalconceptsinfigurecaptionswiththefinalgoalofretrievingrelevantimages.
GoldMiner recognizes abbreviations, synonyms, and types of diseases but search
resultsdependontheexplicitpresenceofspecificwordsinfigure’scaptions.

Yottalook (Solutions, 2017) is a radiologist-targeted search engine powered
by Google Custom Search that searches a variety of sources such as radiopaedia.
org, American Journal of Radiology, University of Michigan Medical School, and
MyPacs.Itprovidesuserswiththeabilitytochoosethecategoryofsearch(e.g.,CT,
ultrasound).AlthoughYottalooksearchesmultiplesourcesitdoesnotintegratethem:
userssearchingacategory(e.g.,X-ray)arethenredirectedtotheoriginalsourcein
itsspecificformat(e.g.,anexternalwebpageoraPower-Pointfile).

Open-i(NIH,2017)(OpenAccessBiomedicalImageSearchEngine)isaservice
oftheNationalLibraryofMedicinethatenablessearchandretrievalofabstractsand
images(includingcharts,graphs,clinicalimages,etc.)fromtheopensourceliterature
andbiomedicalimagecollections.Searchingmaybedoneusingtextqueriesaswell
asimages.Open-iprovidesaccesstoover3.7millionimagesfromabout1.2million
PubMedCentral®articles; 7,000 chest x-rayswith3,000 radiology reports; 6,000
imagesfromNLMHistoryofMedicinecollection;and2,000orthopedicillustrations.
However,thesearticlesarenotteachingfilesandthereforedonotincludeimportant
categoriessuchaspatienthistory,diagnosisorfindings.

3. MATeRIALS AND MeTHODS
3.1. Creation of Logical Schema, Data Integration, and Indexing
Wedesignedageneralizeddatabase(usedtocombineheterogeneousdatasources)
logical schema (Figure 1) and populated the database from public teaching file
repositories.Thebaseentryinthecenteroftheschemaisacombinationofteaching
filerecordandanimageentrysinceteachingfilesarenaturallybuiltaroundvisual
examples(e.g.,MRI,digitalradiographimages).Eachentryisthenannotatedwitha
varietyofrelatedinformation,bothfromthedatasource(e.g.,differentialdiagnosis,
patienthistoryanddiscussionfieldsoftheteachingfile)andderiveddata(e.g.,image
properties,indicesorimagefeatureextracts).Eachteachingfileentryisfurtherlinked
withreferencesanddiagnosisinformationaswellaspatientdata,physiciandataand
apathologyreport(whenavailable).

To implement the database schema, we considered many relational databases
including MySQL, SQL Server, Oracle and PostgreSQL. Based on the radiology
teachingfiles’typesofdata,wedeterminedthatthePostgreSQLdatabaseisbetter
suitedforheterogeneousdatabaseconnectivity,userdefinedfunctions(UDFs),support
for low-level image features,anddata integration.Aftercleaningand loadingdata
intoaPostgreSQLdatabase,basedonthelogicalschemawedeveloped,weenforced
HealthInsurancePortabilityandAccountabilityAct(HIPAA)constraintsbycensoring
patients’ protected health information. We searched for matching patterns such as
date of birth, bank account number, or social security number to identify patient
personalinformationandblankeditoutinteachingfileswithinourdatabase.Insome
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cases,thematchingpatternapproachhasthelimitationofnotdifferentiatingbetween
personalinformation(e.g.,patientdateofbirth)andnon-personalinformation(e.g.,
dateofpublicationofateachingcase);wecurrentlyeliminatealldatesevenifthey
arenotpartofpatientpersonalrecords.Inournextimplementation,weplantouse
theHIPAASecurityRuleToolkitbyNIST(NISTHIPAA,2017).TheNISTHIPAA
SecurityRuleToolkitApplicationisintendedtohelporganizationsbetterunderstand
the requirements of the HIPAA security rules, implement those requirements, and
assessthoseimplementationsintheiroperationalenvironment.Furthermore,weplan
todetectpotentialHIPPAcomplianceviolationsnotonlyintext,butalsoinimages
associatedwiththeteachingfilesbymodelingprivatedatastampedorwrittenwithin
theimage.

WeinitiallyintegratedRSNAMIRCdatasourceintoIRIS1.0.AftertheMIRC
dataset integration, we added the content from MyPacs.net data repository. When
querying large bodies of unstructured text (e.g., teaching file patient history and
discussion categories), indexing is necessary tooptimizequery response time and
tosupportcustomanalysis.Text indexing isparticularlyeffectivewhenapplied to
frequently used words in data repositories and guided by medical ontologies. An
ontology isawayof representing the termsand their relationships inadomain; it

Table 1. A comparative study of available data sources and search engines NLP capabilities

Search Engine Keyword 
Search

Synonyms RBT SEC RB Publicly 
Available

TF

RadTF ✓ ✓ ✓ X X X X

GoldMiner ✓ X X ✓ * ✓ X

Yottalook ✓ ✓ X ✓ * ✓ X

Google ✓ X X ✓ ✓ ✓ X

MIRC ✓ X X X X ✓ ✓

MyPacs ✓ X X X X ✓ ✓

Gamuts X X X X X ✓ X

CTisus ✓ X X ✓ X ✓ X

Casimage X X X X X X X

RadICS X X X X X X X

BIMM ✓ X X X X X X

RadiologyTeacher ✓ X X X X ✓ X

Medscape ✓ X X ✓ X ✓ X

ImageCLEFmed X X X X X X X

Khresmoi ✓ ✓ X X X ✓ X

Openi ✓ ✓ X ✓ ✓ ✓ X

EURORAD ✓ X X X X ✓ ✓

Abbreviations: Relationships between terms (RBT): Hierarchical relation between terms – is a/has a, relevance feedback (RB): Based on 
results and feedback from user, retrieve relevant results, Spelling Error Correction (SEC): Prompt user with correct spelling, Teaching Files (TF) 
– data source in terms of categories: history, findings, diagnosis, and discussion.
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givesthedescriptionoftermconceptsandtherelationsthatconnectthem.Ourcurrent
indexingimplementationintegratestwopopularontologies,RadLexandSNOMEDCT.

RadLex(RSNA,2017) isanontologicalsystemthatprovidesacomprehensive
lexiconvocabularyforradiologists.Aradiology-specificlexiconwasneededtomake
moreefficientuseofthegrowingamountofelectronicinformationintheradiology
environment, in particular in the creation of electronic teaching materials, and to
moreaccuratelysearchreportsandperformdata-mining.TheRadLexbrowserwas
developed by the RSNA and links to articles from journals including the British
InstituteofRadiologyandAmericanJournalofNeuroradiology.

TheSystematizedNomenclatureofMedicineClinicalTerms(SNOMEDCT)(2017)
ontologyprovidesastandardized,multilingualvocabularyofclinicalterminologythat
isusedbyphysiciansandotherhealthcareprovidersfortheelectronicexchangeof
clinicalhealthinformation.TheSNOMEDCTontologyfollowstheNationalLibrary
ofMedicine(NLM)UnifiedMedicalLanguageSystem(UMLS)format(SNOMED,
2017); it has a hierarchical structure and includes clinical findings, anatomy, test
findings,andmorphologicalconnections.Thisontologycoversmore than311,000
termswithpreferredname,synonyms,definition,andsemanticmeaning.

We used UMLS (2017) Metathesaurus to build vocabulary dictionaries using
ontologiessuchasSNOMEDCTandInternationalClassificationofDiseases(ICD).
The UMLS includes the Metathesaurus, the Semantic Network, and the specialist
LexiconandLexicalTools.TheMetathesaurusisalargebiomedicalthesaurusthat
isorganizedbyconcept,ormeaning,andlinkssimilarnamesforthesameconcept
from nearly 200 different vocabularies. The Metathesaurus also identifies useful

Figure 1. Logical schema used in IRIS 1.1
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relationships between concepts and defines the meanings (using the definition of
terms),conceptnames,andrelationshipsfromeachvocabulary.

TheICDisawidelyrecognizedinternationalsystemforrecordingdiagnoseswith
standardizedcodes.Itisdeveloped,monitored,andcopyrightedbytheWorldHealth
Organization(WHO).WehaveexpandedourmedicaldictionarybybuildingaICD10
(10threvision)(2017)dictionary.WehaveusedUMLSSNOMEDCT,whichprovides
uswithconceptidsthataremappedtotheICD10dictionary;thiscodingstandardcan
beusedtoanalyzethetextbydiseasename,forexample,“Neoplasm”correspondsto
theICD10codeC00-D49.ICD10codescanenrichsearchvocabularybecausethey
grouptogetherdiseases,proceduresandentityrelationshipinformationintocategories.

Figure2summarizestheIRIS1.1architecture:thetwodatasources(MIRCand
MyPACS),theRadLexlexiconandSNOMEDCTontology(whichintegratedICD10
standards through UMLS), the NLP modules, and the display of the query results
includingtextcategoriesandimagesassociatedwiththeteachingfile.TheIRIS1.1
evaluationmodulestoresuser’sfeedbackinanaccuracymeasuretablethatincludes
userfeedbackrankingofthesearchresults.

TokeepIRIS1.1contentup-to-date,weintendtoupdatethedatabasebi-monthly
bylookingatthe“DateofModification”attributeofeachteachingfile;ifthedata
repositoryismorerecent,IRIS1.1willupdatethecorrespondingstoredteachingfile
andallofitsassociatedindexes.Similarly,IRIS1.1contentwillbeupdatedbasedon
anychangesintheSNOMEDCTandRadLexontologies.IRIS1.1expandedvocabulary
includes a large number of defined terms (300,000), further improving our search
resultsfrompreviouswork.Forexample,Angiosarcomaisatermwhichbelongsto
one typeofdisease;usingourpreviousdictionary (in IRIS1.0),wewerenotable
tofindrelatedresults.UsingSNOMEDCT,anIRIS1.1searchfor“Angiosarcoma”
wasconsideredalongwithsynonymssuchas“malignantHemangioendothelioma,”
“hemangio-sarcoma,” “hemangio-endothelial sarcoma,” and “haemangiosarcoma”;
asaresult,IRIS1.1found30teachingcasesrelatedto“angiosarcoma”whichwere
missingfromtheIRIS1.0search.ThisIRIS1.1improvementisparticularlysignificant
inminoritysearchcases(i.e.,veryfewmatches)whicharemostsensitivetomissing
searchresults.

3.2. Smart Search Through Synonyms and Negation Interpretation
3.2.1. Synonym Expansion
Rather than limitingsearches toanexactmatchbetween thequeryand thedata in
the integrated database, our search engine performs automatic query expansion,
augmenting the search with term synonyms found using medical ontologies. For
example, if a user searches for “paranephric,” IRIS 1.1 will expand the query,
augmenting the searchwith synonymous terms suchas“adrenalgland,”“glandula
suprarenalis,”“nebenniere”.



International Journal of Knowledge Discovery in Bioinformatics
Volume 8 • Issue 2 • July-December 2018

27

3.2.2. Negation
Wecurrentlyhandlenegationbyexpandingthesearchfromexactmatchestoqueries
that contain synonyms for that negation; for example, a typical search for “no X”
isexpandedwith“missingX,”“lackingX,”“absentX,”and“withoutX.”Wealso
substitute negation expressions with antonyms: for example, query such as “no
abnormalreninsecretion”willbesubstitutedwith“normalreninsecretion”.

We surveyed Clinical Text Analysis Knowledge Extraction Terms (CTAKES)
(Apache,2017),awell-knownNaturalLanguageProcessing (NLP) tool.CTAKES
canbeusedforextractionofinformationfromelectronicmedicalrecordclinicalfree-
textbyidentifyingtheclinicalentities,suchasdiagnosis,procedure,diseases,and
anatomicalstructures.Eachentityhasmappingcodecontextandrelatedinformation
aboutthatentity.CTAKESwithnegExlibrary(Apache,2017)canidentifynegation
insearchqueryterms.However,thistooldoesnotassistwithreplacingnegationwith
antonymsandthereforeweimplementedourownalgorithmtointerpretnegationin
searchterms.

Currently, we are using the nltk library to pre-process search queries, apply
stemming,andremovestopwords.Weremovednegationstopwordsfromthestandard
stopwordlist(e.g.,with,without,not,between,below)tokeeptheminoursearch,
becausethesesearchtermsaremedicallyrelevant.IRIS1.1identifiesnegationterms,
findsconceptsassociatedwitheachterm,andintroducesantonymsfornegatedterms,
implemented through our own algorithm and an integrated antonym dictionary.
For example, for “no cardiomegaly” IRIS 1.1 will search for cases with “normal

Figure 2. IRIS 1.1 architecture
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heart,”“noenlargedheart,”and“nocardiomegaly”.Ourresultsshowthatbyadding
antonymsbasedonontology’definitionstorecognizenegationandhandlingnegation
queries, the recall for thesearch is improved.Forexample,Table5shows that for
“no cardiomegaly” query, there are seven relevant retrieved teaching files without
theuseofantonyms.Whenusingtheantonymfor“cardiomegaly”(“normalstructure
ofheart”basedontheSNOMEDCTontologydefinitions),thereareelevenrelevant
teachingfilesretrieved.Sincenegation,justasanyotherNLsearchqueryconstruct,
isinherentlyambiguous(Korenblumetal.,2011)–theinterpretationofthenegation,
inparticularoftheantonym,canbeambiguousaswell.Toreducethisambiguity,as
partofourfutureworkwewillimplementacontext-awaresearchfeaturetoselectan
appropriatemeaningbasedoncontext.

Figure3 shows the flowof IRIS1.1withqueryexpansion:onceuser inputsa
query, IRIS1.1will applybasic stemmingandpass thequery to thenextmodule.
Next,anegationmodulewillidentifyifnegationispresent;ifthereisnegationIRIS
1.1willsearchforantonymsinthemedicaldictionary,otherwiseIRIS1.1willsearch
for term synonyms. Next, the synonym/negation module will look for synonym/
antonymoptionsforthesearchquery,usingintegratedmedicalontologies(RadLex
andSNOMEDCT).Ifsynonymsorantonymsarepresent,IRIS1.1performsquery
expansionandforwardstheresultstothesearchmodule.Basedonbothoriginaland
expandedquery terms, IRIS1.1 retrievesanddisplays teaching files imagesalong
withtheassociatedtext.InFigure3,weillustratedthesynonymsubstitutionprocess
using“Angiosarcoma”queryterm.

Figure 3. IRIS 1.1 Search Flow: IRIS 1.1 identifies that there is no negation term in query search term “Angiosarcoma” and 
returns teaching cases with “Angiosarcoma” along with teaching files that contain term synonyms such as “Malignant 
Hemangioendothelioma” and “Hemangio-sarcoma”
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3.3. Search Methodology
Weextendedourpreviousstudybyimprovingsearchresultsthroughqueryexpansion
andbyconsideringpartialmatchesandsearchtermfrequencyintargettext.Inour
evaluation,weusedqueries received fromour radiologist collaborators at amajor
medicaluniversityandfromaliteraturesurvey.Whenmedicallyrelevantphrasesdo
notgenerateexactmatchresults,oursearchenginesplits thesearchtextandlooks
for individualwordsfromthequery.Partial textmatchingis likelytoproduceless
relevantresults,butisneverthelessgreatlypreferabletohavingnoresults.IRIS1.1
ranksanddisplaysfinalsearchresultsbasedonthefrequencyofquerytermoccurrence
infoundteachingfiles.Weusethedateofmodificationinteachingfilestobreakties
inrelevanceranking;themostrecentteachingfilewillgetahigherrank.

3.4. User Study for IRIS 1.1 evaluation
InordertofurthervalidatetheIRIS1.1search,wedesignedauserstudytocreate
referencetruthforquantifyingsearchresultaccuracy.Fourhumanannotatorsprovided
feedback on search results by annotating the retrieved teaching files as irrelevant,
relevant,morerelevant,mostrelevant,orbestresult(assummarizedinTable2).

OriginalIRIS1.0resultsweretestedbasedonRelevant,Notrelevant,orNotsure
ratings,whichweresufficientas IRIS1.0resultswerenot rankedbasedonsearch
relevance.Weselectedascalefrom0to4toratetherelevanceoftheresultsbasedon
previousworkonevaluatingsearchenginesandgatheringreferencetruthfordiagnostics
interpretationinthemedicaldomain.Inparticular,astudybyKushniruketal.(2002)
presentedacomparativeevaluationofanexperimentalautomatedtextsummarization
systemandthreeconventionalsearchengines–Google,YahooandAbout.com,and
showedthat,evenwhenaratingsystembasedonratingsfrom1to10wasused,only
afewratingswereused.Furthermore,inanotherstudybyArmatoetal.(2011),when
askedtointerpretthelevelofmalignancyforlungnodules,theratingsusedbytheNIH/
NCILungImageDatabaseConsortium(LIDC)wereonascalefrom1to5(1=“most
likelybenign,”2=“somehowbenign,”3=“indeterminate,”4=“somehowmalignant,”
and5=“mostlikelymalignant”),showingtheneedforincludingdifferentlevelsof
uncertaintyintheratings.Sincethereisaninherentuncertaintywhenevaluatingthe
relevanceandrankingretrievalresults,ourproposedevaluationmetricincorporates
thisuncertaintybychoosingthescaleof0=“irrelevant”to4=“bestresult.”InIRIS
1.1,weextendoursearchmoduleandevaluatethesearchrelevancewiththehelpof
four computing experts with experience in medical imaging retrieval (but without
medical training). According to surveyed medical domain experts, when a query
termappearsinfindingsordiagnosiscategory,ateachingfileismorerelevanttothe
searchthantheteachingfilewithaquerymatchinthediscussioncategory.Experts
alsoprovidedexemplarresultsforsamplequeries,whichwereusedasthebaselinefor
theevaluationofourresults.IRIS1.1searchresultevaluationscoresaresummarized
inTable7.Evaluatorswereaskedtomarkthereturnedteachingfilesasirrelevant,
relevant,morerelevant,mostrelevant,orbestresultbasedonaqueryterm,synonym
orthedefinitionofterm,andwhich(term/synonyms)appearinanycategorytext.If
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thequerytermwasnotinanycategoryoftheteachingfile,evaluatorswereaskedto
checkforsynonymsoftheterm–includingboththesynonymsandthedefinitionof
termsbasedontheintegratedmedicalontologies.Forevaluationweusedasubsetof
28queries,asexplainedinSection4.4.Wefocusedon5queries(ACLTear,Bronchus
intermedius,Megacisternmagna,Angiosarcoma,andNoAngiosarcoma)foramore
detailedevaluation.Wechosequeriesthatreturnfewresultsbecauseevaluatingthe
relevanceofdozensormoreresultsisharder(fortheevaluators)toquantify.Allchosen
queriesresultedinevenfewerteachingfilesintheoriginalIRIS1.0search,further
emphasizingthebenefitofintegratinganadditionalontology.Weprovideddetailed
documentationfortheevaluatorsincludingrelevantsynonyms/antonyms,parentterm
information,termconcept,anddefinitionsofquerytermsdrawnfromontologies.

4. ReSULTS

Wecomparedthebuilt-insearchenginesthatareassociatedwithMIRCandMyPacs,
Googlesearchengine,andIRIS1.1searchenginebasedonsixqueriesformulatedby
medicalexpertsatamajormedicaluniversityandtwenty-twosamplequeriesfrom
relatedworkbyDe-Arteagaetal.(2015).AsGoogledoesnotofferintegratedsearch
forteachingfilerepositories,weperformedcustomsearches(e.g.,Googlesearchfor
“renalsite:www.mypacs.net”tofindcontentrelatedto“renal”inMyPacs.netteaching
file repository).ThissearchwaschosenbecausearegularGooglesearchreturnsa
widevarietyofirrelevant(forourpurposes)resultssuchasPowerPointpresentations,
videos, andPDFdocumentsmixed inwith the teaching files.Table3 summarizes
thesignificantdifferencesbetweenIRIS1.0andIRIS1.1.Asdiscussedabove,the
integrationofSNOMEDCTontologyimprovedthesearchresults.

4.1. Comparison Results Between IRIS 1.1 With and 
Without SNOMeD CT Integration on MIRC
OurcurrentsearchengineresultsareshowninTable4.Theresultsshowthatoutof
28searchqueries,IRIS1.1searchengineimprovedresultsfor11queriesusingquery
expansionwithexactmatch;5morequerieswere improvedbyusingpartialquery
match.Forexample,forexactmatchifweconsidertheexampleof“trachealdilation,”
IRIS1.1willsearchfor“trachealdilation”andalsosearchfor“Bronchoscopywith
trachealdilation,”returning69and159additionalteachingfilesforMIRC(2k)and
MyPacs(17k)datasetsrespectively.

IRIS1.0searchretrieved59caseswhile IRIS1.1retrieved63cases,as italso
searchedfor“enlargementofheart”and“enlargedheart”whicharesynonymouswith
“cardiomegaly”.UsingtheSNOMEDCTontology,IRIS1.1enginealsosearchedfor
“cardiacdilation”and“congenitalcardiomegaly,”“corbovinum,”and“megalocardia”.
Theexactsearchcountdependsonthedataset,butourenhanceddictionaryenabled
IRIS1.1toidentifynewteachingfilesthatwerecloselyrelatedtothesearchterms.
Forexample,the“cardiomegaly”searchmatchedateachingfilewiththetitle“Ebstein
Anomaly”–where“cardiomegaly”doesnotappearinanyofthecategories.Inthis
teachingfileonlysynonymsof“cardiomeglay”areused,suchas“cardiacenlargement”



International Journal of Knowledge Discovery in Bioinformatics
Volume 8 • Issue 2 • July-December 2018

31

whichappearsonceinfindings,“enlargedheart”indifferentialdiagnosis,and“cardiac
enlargement”inthediscussioncategory.ThisexampleshowshowIRIS1.1searches
wereimprovedthroughtheintegrationofmedicalontologiesandsynonymexpansion.

4.2. Comparison of IRIS 1.1 With Other Search engines
Ourin-depthevaluationofIRIS1.1enginecomparesqueryresults,using6queries
with theonesproducedby theMIRCandMyPacs searchenginesaswell as those
producedbytheGooglesearch.

Wechose6queries(relatedtodiagnosis)fromdifferentsourcesincluding(De-
Artegaetal.,2015)(queriesaresummarizedinTable5)andaddedanegationtermto
thosequeriestomeasurehowoursearchengineandotherengineshandlenegation-
basedsearch.Thegoalinchoosingthese6querieswastodesignaworkloadthatis
easytoevaluatebynon-medicalexperts.Forexample,withouttheuseofnegationin
thesearch,resultsshouldberelatedtoabnormalstructureofheart,enlargementof
heart,andcardiacenlargement.Withnegation-basedsearch,e.g.“nocardiomegaly,”
resultsshouldberelatedtonormalstructureofheart,nosymptomsofheartfailure,
andnoenlargementofheart.

We used “cardiomegaly” and “no cardiomegaly” from Table 4 for a detailed
illustrationofIRIS1.1incomparisonwithothersearchengines(showninFigure4).
Query search results were significantly improved through applying synonyms and
negationinterpretationwhencomparedwiththeothersearchengines.Forexample,

Table 2. IRIS 1.1 evaluation metric

Relevance Score Score Term Definition

0 Irrelevant Notrelevant

1 Relevant Theterm/synonymsappearinanycategory

2 Morerelevant Theterm/synonymsappearindiscussioncategory

3 Mostrelevant Theterm/synonymsappearindifferentialdiagnosisorhistorycategory

4 Bestresult Theterm/synonymsappearintitle,findings,ordiagnosiscategory

Table 3. Comparison between IRIS 1.0 and IRIS 1.1

Categories IRIS 1.0 IRIS 1.1

Ontology RadLexontology RadLexandSNOMEDCTontologies

Typeofsearch Anexactmatchforquery
keywords/synonyms

Bothexactmatchesandpartialmatchesforquery
keywords/synonyms

Relevancerank No Relevancerankbasedonkeywords/synonymsappearance
inteachingfiletextcategories

#ofqueries 10 22

Evaluationmetric
scale

1-3(relevant/notrelevant/
notsure)

0-4(irrelevant/relevant/morerelevant/mostrelevant/best)
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Table 4. A comparative study of IRIS 1.1 search with previous IRIS 1.0 search on MIRC (2k) and MyPacs (17k) dataset 
with results improved (highlighted in bold) through the use of (4A) enhanced synonym dictionary and (4B) partial 
match for MIRC dataset queries and search term “Double duct sign” MyPacs (17k); (4C) shows no improvement in 
results

A. Query 
(Enhanced Synonym 

Dictionary)

IRIS 1.1 
MIRC (2k)

IRIS 1.0 
MIRC (2k)

IRIS 1.1 MyPacs 
(17k)

IRIS 1.0 MyPacs 
(17k)

Trachealdilation 200 131 786 627

Cardiomegaly 63 59 106 99

Bronchusintermedius 3 1 2 2

Chiari 38 19 154 134

Angiosarcoma 30 1 96 26

Cystitiscystica 3 0 2 0

Cystitis 10 7 96 95

Cystitisglandularis 5 2 2 0

Innominatevein 39 39 95 68

Innominateartery 238 238 866 855

Varicocele 4 2 28 24

B. Query
(Partial Match)

IRIS 1.1
MIRC (2k)

IRIS 1.0
MIRC (2k)

IRIS 1.1
MyPacs (17k)

IRIS 1.0
MyPacs (17k)

Baastrupdisease 868 0 1 1

Limbusvertebra 243 0 5 5

Thornwaldtcyst 577 0 6 6

Splenichemangioma 89 0 2 2

Doubleductsign 1003 0 4355 0

C. Query
(No Improvement)

IRIS 1.1
MIRC (2k)

IRIS 1.0
MIRC (2k)

IRIS 1.1
MyPacs (17k)

IRIS 1.0
MyPacs (17k)

Irregularlyshaped 11 11 20 20

Acltear 9 9 145 145

Study 117 117 776 776

Appendicitis 40 40 176 176

ACLgrafttear 7 7 85 85

Hepaticadenoma 74 74 360 360

Annularpancreas 14 14 36 36

Perthe 20 20 63 63

Megacisternamagna 3 3 9 9

Vertebra 243 243 753 753

Toxic 48 48 165 165

Bufordcomplex 43 43 178 178
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while thebuilt-insearchengines forMIRCandMyPacs retrieved thesameresults
for“cardiomegaly”and“nocardiomegaly”(effectivelyignoringnegation)showing
56teachingfilesand110teachingfilesrespectively,oursearchenginedifferentiated
betweenthesetwosearchesbyrecognizingnegationandreturningdifferentanswers
inthenegation-basedquery.

FortheMyPacsdatarepository,IRIS1.1retrieved106casesthatwereasubset
of110MyPacsresults;note that theMyPacssearchhasaccess toall33k teaching
filesversusabout17kteachingfilesthatarefreelyaccessible(withoutfees)thatwere
includedinIRIS1.1search(i.e.,weintegratedroughlyhalfoftheMyPacsteaching
files).WealsousedGooglesitesearchasoneofthealternativeswhichfound21and
72teachingfilesforMIRCandMyPacs,respectively.

Figure 4a summarizes the comparative performance of different searches with
“cardiomegaly”.IRIS1.1has50resultsthatoverlapwithMIRCresults,106results
thatoverlapwithMyPacsresults,and81overlappingresultswiththeGooglesearch
forthesamequery.Thereisanoverlapof21casesbetweenMIRCandGoogleand
81casesbetweenMyPacsandGoogle search. Ingeneral, for a simple single-term
searchquery,ourresultsaresimilartoothertestedsearchengines,withthenotable
advantageofbeingreturned throughasingle integratedsearch.Ournextsearch in
Figure4bsummarizesevaluationofnegationshowingresultsfor“nocardiomegaly”.
Surprisingly,nosearchengineofthosecomparedhereappliesnegationtothesearch.

Table 5. Examples of queries based on our own queries and De-Arteaga (2011) (improvements in number of results 
highlighted in bold, DS: an IRIS integrated dataset)

Query IRIS 1.1 
(MIRC DS 

2k)

MIRC 
(2k)

IRIS 1.1 
(MyPacs DS 

17 k)

MyPacs 
(33k)

Google 
Site: MIRC

Google 
Site: MyPacs

Cardiomegaly 63 56 106 110 21 64

No
Cardiomegaly

11 56 72 110 7 7

ACLTear 9 3 71 96 11 102

NoACLTear 0 3 14 96 0 95

Appendicitis 40 42 179 162 10 99

No
Appendicitis

3 42 1 162 4 100

Hepatic
adenoma

74 8 15 20 0 14

NoHepatic
adenoma

2 7 8 20 0 20

Annular
pancreas

14 16 35 28 4 40

NoAnnular
Pancreas

5 16 11 28 1 30

Toxic 48 53 166 99 9 90

NoToxic 12 53 2 99 4 60
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MIRC and MyPacs return the exact same teaching files as with “cardiomegaly,”
meaningthatthenegationtermwasnotconsideredinthequery.UsingtheSNOMED
CTontology,theIRIS1.1searchreplaced“nocardiomegaly”with“normalheart”as
“cardiomegaly”isdefinedas“morphologicallyabnormalstructureoftheheart”.IRIS
1.1alsoextendedthesearchwith“heartsizenormal”andretrieved11resultsfrom
MIRCand72fromMyPacsdatasets.Theseresultsincludeadifferentsetofcasesand
mustnotreturn“cardiomegaly”cases(whichwemanuallyverified).Onlytwocases
fromournegation-basedsearchmatchedwiththeoriginal“cardiomegaly”search;the
overlapoccurredbecausediscussionreferredto“usuallynormalheart”(i.e.,accidental
overlapthatcanbeeliminatedasafalse-positivewithadditionalanalysis).Evenif
othersearchenginesweretoconsidernegation,searchingforteachingfilesthatdo
notinclude“cardiomegaly”isnottherightstrategy–anontologyisnecessarytofind
correctresultsbyconsideringantonyms.Googlesearchshowed7and64resultsfor
MIRCandMyPacssitesearch,respectively.

There is an overlap between the IRIS 1.1 and MIRC search with one teaching
fileand two teaching fileswithMyPacs.All these teaching filesmention“normal
heart” inadifferentcontext(inaddition to“cardiomegaly”), thusweconsider this
afalsepositive.Forexample,inMIRCdatasetwehadoneoverlappingteachingfile
“D-Transpositionofthegreatarteries”;oncloserinspectionweobservedthat“normal
heart”and“cardiomegaly”werepartofthediscussioncategoryinwhichradiologists
wrote“theCXRmayappearnormal,withusuallyanormalheartsize…theCXR
maydemonstratemildcardiomegaly…”

Wemanuallyinspectedallsearchengineresults,includingIRIS1.1results,and
found that the teaching files retrieved by IRIS 1.1 were more relevant to the “no
cardiomegaly”queryascomparedwiththeothersearchengines.IRIS1.1furthermore
showedanimprovementinnumberofteachingfilematchesoverthepreviousIRIS
1.0(IRIS1.0returned54cases,whileIRIS1.1retuned83teachingcases)becauseof
theintegratedontologies.WenotethatMyPacsreturnsmoreresultsthananyother

Figure 4. Comparison of negation for “cardiomegaly” (the circles represent the sets of retrieved results and their 
overlapping sections show the counts of teaching files in the intersection, and the star indicates improvement in 
number of results)
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enginebecauseitwillalwayssearchforindividualtermsevenifthesearchphraseis
giveninquotationmarks.

From this comparative study we concluded that the MIRC, MyPacs, and even
Googledonotaccuratelydistinguishbetweensearchtermswithandwithoutnegation.
Oursearchenginerecognizesthepresenceofnegationinsearchtermsandretrieves
teachingfilesthataredifferentfrommatcheswithoutnegation.Notallqueryresults
fromIRIS1.0couldbeimproved;forexample,eventhoughIRIS1.1augmented“No
ACLTear”with “No tear ofACL” and “Noanterior cruciate ligament tear,” even
afterapplyingstemmingandconsideringantonyms,nonewcasesmatchedthesearch.

4.3. Synonym Coverage in RadLex and SNOMeD CT Ontologies
To further validate query expansion and qualify the importance of considering
synonymsinquerysearch,weperformedastudytodeterminesynonymcoveragein
differentontologies(summarizedinTable6).Weusedatotalof28queriesfromamajor
medicaluniversityandourownrelatedliteraturesurvey.Forthese28queries,RadLex
hassynonymsfor9queries(covering32%withsynonyms),whileSNOMEDCThas
synonymsfor18queries(covering64%ofoursearchterms).AunionoftheRadLex
andSNOMEDCTontologyresultsprovidessynonymcoveragefor75%ofourquery
dataset.SNOMEDCTalsohasmorethanonesynonymformostofthetermscompared
toRadLexontology.RadLexhas3overlappingterms(Brachiocephalicvein,Truncus
brachiocephalicus, Malignant hemangioendothelioma for terms Innominate vein,
Innominateartery,Malignanthemangioendothelioma,respectively)withSNOMEDCT.
Outof18synonymsfromSNOMEDCTonly3synonymsoverlap,whiletheother4
termshavedifferentsynonyms(Bronchusintermedius,Appendicitis,Chiari,Cystitis).
Thisdemonstratesthatbothontologiesareimportant,andthatasearchengineisless
effectivewhenrelyingonjustoneintegratedontology.

RadLexencompassesapproximately50%ofSNOMEDCTsynonymstermsfor
thesequeries,whichsuggestsopportunitiesforexpandingRadLexcontent.Thislack
ofcoveragecanbeovercomebycombiningRadLexwithothermedicallexiconssuch
asSNOMEDCT.CoveragewithSNOMEDCTontologyis50%higherthanthatof
RadLexforthese28queries.

4.4. User Study for IRIS 1.1 evaluation
WeperformedauserstudyevaluationofIRIS1.1resultswith5queries(ACLTear,
Bronchusintermedius,Megacisternmagna,Angiosarcoma,andNoAngiosarcoma).
We chose queries that return few results (as evaluating relevance of a large result
setislessinformative);samequeriesalsoresultedinveryfewteachingfilesinthe
originalIRIS1.0search.Wecollectedscoresforall5queriesfromour4evaluators
andaveragedtheseresults(Table7).

Average relevance scoreof these5queries (considering the top3 results from
eachquery)was2.6.For“Bronchusintermedius”query,noneof theteachingfiles
had“Bronchus intermedius” in findingsordiagnosiscategory, limitingachievable
search relevance results to at most 2. This term is an anatomical structure, so the
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results retrieved by IRIS 1.1 were about the diseases related to this anatomical
structure.The rest of thequeries scored in the rangeof2 to4.Fromour analysis
weconcludedtwoimportantthings.First,ateachingfiledatabaseisasupplemental
learningresourceandnotacomprehensivedecisionsupportsystemwhichcanoffer

Table 6. Synonyms in RadLex and SNOMED CT ontologies

Term Radlex Synonyms SNOMED CT Synonyms

Trachealdilation - Bronchoscopywithtrachealdilation

Cardiomegaly - Enlargedheart,cardiacenlargement

Bronchusintermedius Interlobarbronchus Truncusintermediusofrightmainbronchus

Innominatevein Brachiocephalicvein,vena
brachiocephalica

Injuryofinnominatevein,brachiocephalicvein

Innominateartery Truncusbrachiocephalicus,
brachiocephalicartery

Brachiocephalicartery,brachiocephalictrunk,
truncusbrachiocephalicus

Acltear Tearofacl -

Study - Study

Appendicitis Appendizitis Ecphyaditis

Hepaticadenoma - Livercelladenoma,hepatocellularadenoma

Annularpancreas - Annularpancreas

Varicocele - Venousvarices,pampinocele

Perthe - Pseudocoxalgia

Chiari Hindbrainhernia Congenitalabnormality

Angiosarcoma Malignanthemangioendothelioma,
angiosarkom

Malignanthemangioendothelioma,hemangio-
sarcoma,hemangio-endothelialsarcoma,
haemangiosarcoma

Megacisternamagna - Megacisternamagna

Baastrupdisease Lumbarinterspinousbursitis -

Vertebra - Structureofvertebra

Cystitiscystica - Cystitiscystic

Cystitis Zystitis Bladderinfection

Cystitisglandularis - Cystitisglandularis

Table 7. Evaluation results (X ̄ ± σ: X ̄ = average of ratings, σ = standard deviation between ratings)

Query X̄ ± σ Maximum Variation Between 
Ratings

ACLTear 4±0.5 1

Bronchusintermedius 3±0.5 1

Megacisternmagna 2±0.7 2

Angiosarcoma 2±0.5 1

NoAngiosarcoma 2±0.8 2
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an exact diagnosis. Teaching file databases can serve as reference resources to
augment the diagnostic interpretation process. Moreover, we observed that query
terms often appeared in the discussion category (rather than diagnosis category)
because this is where the radiologists provided their opinion about the diagnosis.
Forexample,for“angiosarcoma”queryretrievedresultscontainedthe“Pulmonary
zygomycosis” diagnosis; however, the discussion stated “…a broad spectrum of
diseaseprocesseshavebeen associatedwith thehaloCT sign includingvasculitic
entities,angiosarcomas…”Searchquerytermmatchingdiagnosiscategoryisthemost
relevantteachingfile,yetdiscussionorhistoryofthepatientmatchingthesearchis
alsousefulforradiologiststolearnmoreaboutsimilarcases.Oursecondimportant
observationwasthatwestillhavealimitedsetofdataintegratedintoIRIS1.1.Our
aimistoprovidealargerintegratedrepositorywithmanyteachingcases,soforfuture
IRIS1.1versionswearegoingtocontinueintegratingotherpubliclyavailabledata
sourcessuchasEURORADandGoldMiner.

5. CONCLUSION AND FUTURe WORK

Currently, radiologistsatbesthaveaccess toanad-hoc internal searchengine that
helpsthemfindtheinternalteachingfilesavailableattheirhospital.Thereference
coverageof internalengines is limited to the in-house teaching filesand lacks the
desiredadvancedanalyticalsearchcapabilities.Toourknowledge,noneoftheavailable
engines provide radiologists with the ability to integrate in-house data with other
datasources,evenifthesesourcesarepubliclyavailableandrichinmedicalcontent.

Inthispaper,wedescribedadatabaseandsearchframeworkforheterogeneousdata
integrationtofacilitatemedicalknowledgeextractionfrompubliclyavailableteaching
filerepositories.IRIS1.1supportsnegationandqueryexpansionthroughsynonyms;
the integration of SNOMED CT ontology further improved results by enhancing
synonyms dictionary. We are currently improving our search by incorporating the
contextofsearchintothequeryandranking.Furthermore,weareimprovingIRIS1.1
resultsby(increasingly)weightingontologytermsandconsideringco-occurrenceof
termsthatappearfrequentlywithquerytermswhichwillalsoleadtocontext-aware
search.Forfutureimplementationversions,weareworkingonimprovingresultsby
consideringhierarchicalstructureofterms(e.g.,“cardiomegaly”isacaseof“enlarged
heart”) and proximity of words in search augmentation, that will further expand
“cardiomegaly”with“heartproblem”and“cardiacfailure”.

Basedonourevaluation,wefoundthattheIRIS1.1improvesresultsintwoways:
1)searchqueriesproducemorerelevantresultscomparedwiththeexistingsearchtools,
and2)resultsfrommultipledatasourcescanbemergedintoasingleeasy-to-query
andinterpretdatasource.Furthermore,oursearchenginecanbehostedonacloudto
improveprocessingperformanceinadistributedcomputingenvironment.Ourcurrent
implementationcanbeaccessedthroughaprototypewebsiteandallowsintegration
withadditionalontologiesanddatasourcesforin-houseusebyotherinstitutions.
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Although our current implementation uses text-based search for images and
teaching files, the existing database schema makes it easy to incorporate image-
basedsearchusingimagefeaturesderivedfrompixelcontent.Wealsoplantoadd
functionality to the IRIS 1.1 enabling radiologists to mark regions of interest and
createimageannotations.Inthelongrun,oursearchenginewillprovidecapabilities
forbothtextandimagesearchthatwillbetailoredforavarietyofusers,including
radiologists,radiologyresidents,clinicians,andpatients.
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