
Training in Image Description and Diagnosis for MR Radiology of the
Brain

Key intellectual contribution

The key intellectualcontribution is the design,implementationandtestingof a computer-basedtraining andde-
cisionsupportsystemfor neuroradiologythat is basedon a well-foundedImageDescriptionLanguageandnovel
methodof visualisingthedistributionof caseswithin andacrossdiseases.

Previous publications

Thework hasbeenextensively publishedin journalsandproceedingsof neuroradiology, medicalinformatics,and
artificial intelligenceandeducation.This paperis anupdatedandabridgedversionof a paperthatwaspresented
at theJointEuropeanconferenceon Artificial Intelligencein MedicineandMedicalDecisionMaking. It provides
a concisesummaryof work to dateon theproject.

Related work

The most closely relatedwork is that of Azevedo and colleagueson the designof a computer-basedtraining
systemfor mammography, informedby studiesof thecognitionandpracticeof radiology. Someof thetechniques
employed in our work, suchasthe useof Multiple CorrespondenceAnalysisto producevisualisationsof high-
dimensionaldata,have beenemployedelsewhere,but their applicationto computer-basedtrainingin radiologyis
novel,asthedevelopmentandusein computer-basedtrainingof astructuredImageDescriptionLanguagefor MR
radiologyof thebrain.

Association with Clinical Practice

TheImageDescriptionLanguagehasbeendevelopedthrougha closecollaborationover many yearswith anem-
inentneuroradiologist.It hasevolvedthrougha processof critical appraisalwith otherseniorneuroradiologists.
Therequirementsfor thetrainingsystemarebasedonatwo-yearinvestigationof thepracticeof neuroradiologyre-
portingandtrainingin two teachinginstitutions.Theoverview plot hasbeentestedthrougha formativeevaluation
involving seventeensubjects,comprisingfour novices(with no knowledgeof radiology),nine intermediates(4th
yearmedicsandradiographerswith someknowledgeof anatomyandimaging)andfour expertneuroradiologists.
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Abstract. We have developeda systemthataimsto helptraineeslearna systematicmethodof describingMR
brainimagesby meansof a structuredimagedescriptionlanguage(IDL). Thetrainingsystemmakesuseof an
archive of casespreviously describedby anexpertneuroradiologist.Thesystemutilisesavisualisationmethod
– an Overview Plot – which allows the traineeto accessindividual casesin the databaseaswell asview the
overall distributionof caseswithin a diseaseandtherelative distributionof differentdiseases.

1 Introduction

We havedevelopeda trainingsystem[10–13] thataimsto helptraineesto learnhow to describeMR brainimages
in a systematicway by meansof a structuredimagedescriptionlanguage(IDL). This languageallows clinically
meaningfulfeaturesof MR brainimagesto berecorded,suchasthelocation,shape,margin andinterior structure
of lesions.Thetrainingsystemmakesuseof imagesfrom anarchiveof about1200cases,previouslydescribedin
detailby anexpertneuroradiologist.

The imagedescriptiontraining systememploys a visualisationmethod– an Overview Plot – which allows the
traineeto view andaccess(i) the imagesthemselves,(ii) thewritten descriptionsof the individual lesionsin the
image,and (iii) two dimensionalrepresentationsof the multi-dimensionaldistribution of all casesof a disease
chosenfrom thearchive. Thetwo dimensionalrepresentationsrelateto, andarecalculatedfrom, thedescriptions
of thelesionsasseenin eachimagesequenceof a case.Thusonecanview theoverall distribution of appearance
of caseswithin adiseaseandtherelativedistributionof differentdiseases,oneagainstanother. To thisextentit is a
kind of case-basedtrainingsystemthatprovidesavisualindexing mechanismto casessimilar to thecasein hand.

Two principleshaveguidedthedevelopmentof thesystemsofar. First, thesystemis deliberatelyaimedto support
andtrain theradiologist’s inferencesfrom whatcanbeobserved in theimages. In particular, thetwo dimensional
representationsarecurrentlybasedon lesionappearanceandconfirmeddiagnosis,but not on clinical signsand
symptoms. The reconciliationof thoseinferenceswith other sourcesof data,suchas the clinical history, is a
matterfor theuser. Second,thedesignexploits asfar aspossibleradiologists’visual-spatialreasoningratherthan
simply offeringnumericalinformationaboutdiagnosticprobabilities.

2 Visual Decision Support

2.1 Image Description Language

The basicdomainrepresentationunderpinningthe systemis an archive of caseswith confirmeddiagnoses,all
describedby the sameexpert (G. du Boulay)usingthe IDL. Theseincludeseparatedescriptionsfor eachimage
sequence/echoincludingdetaileddescriptions(e.g. the region, major position,exact location,margin, structure,
shape, area,conformityto anatomicalfeature, interior pattern(if any), andits intensity) of thelesion(or thelargest
of eachtypeof lesionvisible,wheretherearemultiple lesions),aswell ascorrespondencebetweendescribedparts
of lesionsseenunderdifferentsequencesanddescriptionsof atrophy, othersignsandotherabnormalsignalsfor
thecaseasawhole[3].

For thepurposesof theprototypedescriptiontrainingsystema simplifiedversionof thedescriptionlanguagehas
beenused. It providesan initial setof termsto supportdiscussionandsharingof knowledgeamongsttrainee
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Figure 1. Thesmallworld of Glioma,MeningiomaandInfarct.

neuroradiologistsand their supervisors.It also servesasa structuredrepresentationof knowledgefor the MR
Tutor, enablingit to generateremedialresponsesto studenterrors.

2.2 Display of Small Worlds

Wecanconsideraeachimagesequencefor acaseasoccupyingapoint in amany-dimensionedspaceof description
features.For thecurrentversionof thesimplifiedlanguagethisspacehassome50dimensions,whereeachpointis a
vectorof binaryvalues,eachrepresentingthepresenceor absenceof aparticularfeature.Multiple Correspondence
Analysis(MCA) is a statisticaltechniquefor datareductionandvisualisation[6]. It is usedhereto reducethe
dimensionalitydown to two soasto provide a readymeansof overviewing the data. It doesthis for eachimage
sequenceby finding thatplanewhich bestspreadsout thesubsetof casesunderconsideration.MCA is similar to
principalcomponentsanalysis(PCA)but is appliedto categorical/binarydataasopposedto scalardataandallows
for all possiblepairwiseassociationsin thedata.PCAis thenusedto amalgamatetheindividualMCA analysesof
eachimagesequenceinto anoverview plot for thecaseasa whole.

A propertyof theMCA andPCAanalysesis thatdiseasecontourscanbesuperimposedonthe2-D plotsindicating
degreesof typicality for casesof eachdisease[13]. A casenearthecentreof thediseasecontoursis highly typical
whereascasesnearerto the peripheryare lesstypical. A further propertyof the plots is that the proximity of
two casesof a particulardiseasein the plot, i.e. their perceptualproximity, indicatesthe similarity of the two
descriptionsin theoriginalmulti-dimensionalspace,seeFig. 1 andalsoSection3.2.

In displayingcasesfor many diseaseswe adopta largely hierarchicalapproachexploiting the “small worlds”
metaphor[1, 9]. We divide the diseasesup into small setsknown as “small worlds” correspondingto setsof
confusablediseases,andcomputeseparatecompositeweightingsfor eachsmallworld. At present,subdivisionof
diseasesinto smallworlds is basedon the opinionof a singleexpert,but empiricalwork is in progressto verify
thesechoices[7]. Having computedtheMCA andPCAweightingsfor thediseasesin aparticularsmallworld, we
canthenusetheanalysesto computetheseparatelikelihoodcontoursfor eachdiseasein thechosensmallworld,
seeFig. 1. Thesmallworld shown involvesthreebroadcategoriesof pathology. For moreexpertusersthesmall
world wouldneedto beat afiner level of diagnosticdiscrimination.

By repeatingthis analysisfor severalsmallworlds,we have a setof possibilitiesagainstwhich a new casecanbe
viewed. Justasa singlesmallworld canbe displayedasa setof overview plots (onefor imageimagesequence
andonefor casestakenasa whole),soa setof smallworldscan(in principle)bedisplayedin a compositeform
which presentsthespatialrelationshipof onesmallworld with another.



2.3 Decision Support Methodology

Thefollowing decisionsupportmethodologycanbeapplied(with minor variations)whetherthesystemis acting
in the modeof “tutor” andoffering a traineeananalysedcasefrom the archive to diagnose,or whetherthe user
(possiblymoreexpert)is attemptingto diagnosea casethatis unknown to thesystem,essentiallyby comparingit
to theothersin thearchive.

View MR caseimages. Thefirst stageis to view theset(s)of imageslices.Thesetis shown in thetop left of Fig.
1. If casenotesareavailable,e.g.for animagein thearchive,thesewill not beaccessiblein thetrainingsystemat
this point,soasto reinforcetheprimacy of theimageoverotherdata.
Selectandview smallworld frommenu. In thecurrentversionof thesystemtheoverview plot candisplayonly a
singlesmallworld, but otherswill beadded[7]. Therapid initial selectionof hypotheseswill accommodatedby
theuserselectingandclicking on asinglebuttonto bring thechosensmallworld into theoverview plot.
Compare relatedcasesfromdatabase. Theoverview plot is populatedby dots,eachdot representinga casefrom
the archive. Thesedotsaremousesensitive andcanbe clicked on to bring the set(s)of imageslicesup on the
screen(seethetop right of Fig. 1). Theusercanvisually comparetheimagesfor casesfrom thearchivewith the
caseunderexamination. Moreover the positionof the dot in the overview plot(s) indicatesthroughits distance
from thecentroidfor aparticulardiseasehow typical thatcaseis of thepopulationfor thatdisease.
Readclinical andpresentationdata. At this point it is importantthat theradiologisttakesall theavailableinfor-
mationinto account,if s/hehasnot alreadydoneso.
If caseis no longer problematicthenexit. Theimagesandthecasedatamayrenderthecasein handunambiguous
to the traineeandat this point the usercanexit, without further actionother than to discriminatebetweenthe
diseasesin theselectedsmallworld if s/hecan.Wheretheuseris a trainee,andwhenthecaseunderexamination
is known to the system,we plan to generatea reflective follow-up commentarythat is sensitive to the trainee’s
history of interactionwith the system,the accuracy of their final diagnosticchoice(s)andthe processthey went
throughin arriving at their decision.
Describecaseto system. Wherethecaseis moreproblematic,eitherbecauseof thetrainee’s lackof experienceor
becauseof its inherentdifficulty, theusercanengagein themoretimeconsumingtaskof describingtheappearance
of thelesion(s)on differentsequencesusingthemenu-drivenstructuredimagedescriptionlanguage.
Seewhere the descriptionlies in the smallworld. Using the samecoefficientsderivedfrom the MCA andPCA
analyses,thepositionof thecasecanbeshown in theoverview plot. Nearbyanddistantcasescanthenbeexam-
inedby clicking on themto examinepointsof similarity anddifference.
Check whetheranyothersmallworld offerscompetingpossibilities. It maybethatthecurrentcaselies in a region
of difficulty suchthatit is eitherfaroutsidetherangeof typicality for any of thediseasesin thesmallworld, or in a
regionequidistantfrom two or morediseasecentres.In theformercase,theusercaninvestigateothersmallworlds
to seeif thereareany whicharebothplausible.In thelattercase,theambiguouscase,thesystemwill beextended
to offer adviceasto which partsof thedescriptionhave led to diagnosticuncertaintyand/orto which furthertests
might beemployedto reduceambiguity.
Readoff relativelikelihoodsfromchosensmallworld. Whentheuseragreesthedescriptionfor thecaseundercon-
siderationandthebestfitting smallworld is in view in theoverview plot, thentherelativediagnosticprobabilities
aredisplayedin a smallbarchart.

3 Evaluation

3.1 Description Language

Theanalyticalpowerof theIDL hasbeenpartly testedby its applicationto thedifferentiationof multiplesclerosis
(MS) from vasculardisease[4] andtheeffectsof HIV infectiononthebrain[5]. Furtherinsightsinto thepredictive
power of combinationsof featureswill emergeaspartof thecontinuingstatisticalanalysisof thedata,including
theapplicationof Multiple CorrespondenceAnalysis.

3.2 Overview Plot

Wehaveconductedalimited evaluationof theoverview plot, basedonthedisplayof casesfor asingledisease.The
evaluation[8] wascarriedout to investigatewhetherthestatisticallyderivedmeasuresof typicality andsimilarity
presentedin theoverview plot matchthe typicality andsimilarity judgementsof radiologistsof differentdegrees
of expertise.This involvedseventeensubjects,comprisingfour novices(with no knowledgeof radiology),nine



intermediates(4th yearmedicsandradiographerswith someknowledgeof anatomyandimaging)andfour expert
neuroradiologists.The averagedegreeof agreementbetweenhumanandMCA placementwas in the expected
order of expert (0.97), intermediate(0.95), novice (0.94). Interviews with the subjectsbasedon a structured
questionnaireindicatedthatthey foundtheoverview plot easyto useandacceptableasameansfor retrieving cases
from the imagearchive. The evaluationsuggeststhat the overview plot canprovide a usefulteachingdevice, to
assista traineein formingamentalrepresentationof thedistributionof casesof adiseasecomparableto thatof an
expert.

4 Conclusion

We have describedthe main componentsof a largely visual decisionsupporttraining systemderived from an
existingsystemto teachMR imagedescription.This is basedon implementingthenotionof asmallworld asaset
of interactiveoverview plots,basedon MCA andPCA analysesof casesfrom anarchive. Much work is yet to be
done.This includesdetermininghow useof thesystemaffectsusers’managementof uncertainty, evaluatingthe
decision-makingleverage(if any) providedby thesystem,andevaluatingthetrainingpotentialof thesystem.
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