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

Key intellectual contribution

The key intellectualcontribution is the design,implementatiorandtestingof a computerbasedraining andde-
cisionsupportsystemfor neuroradiologythatis basedon a well-foundedimageDescriptionLanguageandnovel
methodof visualisingthe distribution of caseswvithin andacrosgliseases.

Previous publications

Thework hasbeenextensiely publishedn journalsandproceeding®f neuroradiologymedicalinformatics,and
artificial intelligenceandeducation.This paperis anupdatedandabridgedversionof a paperthatwaspresented
attheJointEuropearconferencen Artificial Intelligencein MedicineandMedical DecisionMaking. It provides
a concisesummaryof work to dateon the project.

Related wor k

The most closely relatedwork is that of Azevedo and colleagueson the designof a computerbasedtraining
systemfor mammographyinformedby studiesof the cognitionandpracticeof radiology Someof thetechniques
employedin our work, suchasthe useof Multiple Correspondenc@nalysisto producevisualisationsof high-
dimensionabata,have beenemplosed elsevhere,but their applicationto computerbasedrainingin radiologyis
novel, asthedevelopmentndusein computerbasedrainingof a structuredmageDescriptionLanguagdor MR
radiologyof thebrain.

Association with Clinical Practice

The ImageDescriptionLanguagénasbeendevelopedthrougha closecollaborationover mary yearswith anem-
inentneuroradiologistIt hasevolved througha procesf critical appraisalwith otherseniorneuroradiologists.
Therequirement$or thetrainingsystemarebasedn atwo-yearinvestigatiorof the practiceof neuroradiologye-
portingandtrainingin two teachingnstitutions.The overview plot hasbeentestedhrougha formative evaluation
involving seventeersubjectscomprisingfour novices(with no knowledgeof radiology),nine intermediateg4th
yearmedicsandradiographersvith someknowledgeof anatomyandimaging)andfour expertneuroradiologists.
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Abstract. We have developeda systemthataimsto helptraineedearna systematianethodof describingMR
brainimagesby meansof a structuredmagedescriptionanguaggIDL). Thetraining systemmakesuseof an
archie of casegreviously describedy anexpertneuroradiologistThe systemutilisesa visualisatiormethod
—an Overview Plot — which allows the traineeto accessndividual casedn the databasaswell asview the
overall distribution of caseswithin a diseaseandtherelative distribution of differentdiseases.

1 Introduction

We have developeda training system10-13] thataimsto helptraineego learnhow to describeMR brainimages
in a systematiovay by meansof a structuredmagedescriptionlanguagg(IDL). This languageallows clinically
meaningfulfeaturesof MR brainimagesto berecordedsuchasthelocation,shapemamgin andinterior structure
of lesions.Thetraining systemmakesuseof imagesfrom anarchive of about1200casespreviously describedn
detailby anexpertneuroradiologist.

The imagedescriptiontraining systememploys a visualisationmethod— an Overvien Plot — which allows the
traineeto view andaccesgi) theimagesthemseles,(ii) the written descriptionof the individual lesionsin the
image,and (ii) two dimensionalrepresentationsf the multi-dimensionaldistribution of all casesof a disease
choserfrom the archive. Thetwo dimensionafepresentationselateto, andare calculatedrom, the descriptions
of thelesionsasseenin eachimagesequencef a case.Thusonecanview the overall distribution of appearance
of casewithin adiseasandtherelative distribution of differentdiseasesyneagainstanother To this extentit is a
kind of case-basettainingsystenthatprovidesa visualindexing mechanisnto casesimilar to the casein hand.

Two principleshave guidedthe developmenbf the systermsofar. First,the systemis deliberatelyaimedto support
andtrain theradiologists inferencedrom whatcanbe obseredin theimages In particular the two dimensional
representationare currently basedon lesionappearancand confirmeddiagnosis but not on clinical signsand
symptoms. The reconciliationof thoseinferenceswith other sourcesof data,suchasthe clinical history; is a
matterfor the user Secondthe designexploits asfar aspossibleradiologists’visual-spatiateasoningatherthan
simply offering numericalinformationaboutdiagnosticprobabilities.

2 Visual Decision Support
2.1 Image Description Language

The basicdomainrepresentatiomnderpinningthe systemis an archive of caseswith confirmeddiagnosesall

describedby the sameexpert (G. du Boulay) usingthe IDL. Theseinclude separatalescriptionsfor eachimage
sequence/echiocluding detaileddescriptionge.g. the region, major position, exactlocation, mamgin, structure,

shapearea,conformityto anatomicalfeatute, interior pattern(if ary), andits intensity of thelesion(or thelargest
of eachtypeof lesionvisible, wheretherearemultiple lesions)aswell ascorrespondencbetweerdescribegarts
of lesionsseenunderdifferentsequenceanddescriptionsof atrophy other signsandotherabnormalsignalsfor

thecaseasawhole|[3].

For the purpose®f the prototypedescriptiontraining systema simplified versionof the descriptionlanguagehas
beenused. It providesaninitial setof termsto supportdiscussionand sharingof knowledgeamongsttrainee

*This paperis anupdatecandabridgedversionof [2]
tEmail: bend@cogs.susx.ac.uk



Figure 1. Thesmallworld of Glioma,MeningiomaandInfarct.

neuroradiologistand their supervisors.It also senesas a structuredrepresentatiorf knowledgefor the MR
Tutor, enablingit to generateemedialresponseto studenterrors.

2.2 Display of Small Worlds

We canconsidelaeachimagesequenc#or acaseasoccupying apointin amary-dimensionegpaceof description
featuresForthecurrentversionof thesimplifiedlanguagehis spacehassomes50dimensionswhereeachpointis a
vectorof binaryvaluesgachrepresentinghepresencer absencef aparticularfeature.Multiple Correspondence
Analysis (MCA) is a statisticaltechniquefor datareductionand visualisation[6]. It is usedhereto reducethe
dimensionalitydown to two so asto provide a readymeansof overviewing the data. It doesthis for eachimage
sequencdy finding that planewhich bestspreadout the subsebf caseainderconsiderationMCA is similar to
principalcomponentsinalysigPCA) but is appliedto categorical/binarydataasopposedo scalardataandallows
for all possiblepairwiseassociations thedata.PCA s thenusedto amalgamat¢heindividual MCA analyse®f
eachimagesequencénto anoverview plot for the caseasawhole.

A propertyof theMCA andPCA analysess thatdiseaseontourscanbe superimposednthe2-D plotsindicating
degreesof typicality for casef eachdiseasg13]. A casenearthe centreof thediseasecontourss highly typical
whereascasesnearerto the peripheryare lesstypical. A further propertyof the plotsis that the proximity of
two casesof a particulardiseasen the plot, i.e. their perceptuaproximity, indicatesthe similarity of the two
descriptionsn the original multi-dimensionabpaceseeFig. 1 andalsoSection3.2.

In displayingcasesfor mary diseasese adopta largely hierarchicalapproachexploiting the “small worlds”
metaphor1, 9]. We divide the diseasesip into small setsknown as “small worlds” correspondingo setsof
confusablaliseasesandcomputeseparateompositeveightingsfor eachsmallworld. At presentsubdvision of
diseasento smallworldsis basedon the opinion of a single expert, but empiricalwork is in progresgo verify
thesechoiceq7]. Having computedhe MCA andPCA weightingsfor thedisease# a particularsmallworld, we
canthenusethe analyseto computethe separatdik elihoodcontoursfor eachdiseasen the chosersmallworld,
seeFig. 1. Thesmallworld shovn involvesthreebroadcateyoriesof pathology For moreexpertusersthe small
world would needto beat afiner level of diagnostiadiscrimination.

By repeatinghis analysisfor severalsmallworlds, we have a setof possibilitiesagainstwhich a newv casecanbe
viewed. Justasa singlesmallworld canbe displayedasa setof overview plots (onefor imageimagesequence
andonefor casedakenasawhole), soa setof smallworlds can(in principle) be displayedin a compositeform
which presentshe spatialrelationshipof onesmallworld with another



2.3 Decision Support M ethodology

Thefollowing decisionsupportmethodologycanbe applied(with minor variations)whetherthe systemis acting
in the modeof “tutor” andoffering a traineean analysedcasefrom the archive to diagnosepr whetherthe user
(possiblymoreexpert)is attemptingto diagnosea casethatis unknawvn to the system essentiallypby comparingit

to the othersin thearchie.

View MR caseimages Thefirst stageis to view the set(s)of imageslices. The setis shavn in thetop left of Fig.
1. If casenotesareavailable,e.g.for animagein thearchive,thesewill notbeaccessiblén thetrainingsystemat
this point, soasto reinforcethe primagy of theimageover otherdata.

Selectandview smallworld frommenu In the currentversionof the systemthe overview plot candisplayonly a
singlesmallworld, but otherswill be added[7]. Therapidinitial selectionof hypothesesvill accommodatety
theuserselectingandclicking on a singlebuttonto bring thechosersmallworld into the overview plot.
Compaerelatedcasedrom database The overview plot is populatedby dots,eachdot representing casefrom
the archive. Thesedotsare mousesensitve and canbe clicked on to bring the set(s)of imageslicesup on the
screen(seethetop right of Fig. 1). Theusercanvisually comparetheimagesfor casedrom the archive with the
caseunderexamination. Moreover the position of the dot in the overview plot(s) indicatesthroughits distance
from the centroidfor a particulardiseasénow typical thatcaseis of the populationfor thatdisease.

Readclinical and presentatiordata. At this pointit is importantthatthe radiologisttakesall the availableinfor-
mationinto accountjf s/hehasnotalreadydoneso.

If caseis nolonger problematicthenexit. Theimagesandthe casedatamayrenderthe casein handunambiguous
to the traineeand at this point the usercan exit, without further action otherthanto discriminatebetweenthe
disease theselectecsmallworld if s/hecan. Wherethe useris a trainee andwhenthe caseunderexamination
is known to the system,we plan to generatea reflective follow-up commentarythatis sensitve to the trainees
history of interactionwith the system the accurag of their final diagnosticchoice(s)andthe processhey went
throughin arriving at their decision.

Describecaseto systemWherethe caseis moreproblematic githerbecaus®f thetrainees lack of experienceor
becausef its inherentdifficulty, theusercanengagen themoretime consumingaskof describingheappearance
of thelesion(s)on differentsequenceasingthe menu-drvenstructuredmagedescriptionanguage.

Seewhete the descriptionlies in the smallworld. Using the samecoeficientsderived from the MCA and PCA
analysesthe positionof the casecanbe shavn in the overview plot. Nearbyanddistantcasesanthenbe exam-
inedby clicking onthemto examinepointsof similarity anddifference.

Che& whetherany othersmallworld offers competingpossibilities It maybethatthecurrentcasdiesin aregion
of difficulty suchthatit is eitherfar outsidethe rangeof typicality for any of thedisease@ thesmallworld, orin a
region equidistanfrom two or moredisease&entresin theformercasetheusercaninvestigateothersmallworlds
to seeif therearearny which arebothplausible.In thelattercase theambiguouscasethe systemwill beextended
to offer adviceasto which partsof the descriptionhave led to diagnosticuncertaintyand/orto which furthertests
might beemployedto reduceambiguity

Readoff relativelikelihoodsfromchosersmallworld. Whentheuseragreeshedescriptiorfor the caseundercon-
siderationandthe bestfitting smallworld is in view in the overview plot, thentherelative diagnosticprobabilities
aredisplayedn asmallbarchart.

3 Evaluation

3.1 Description Language

Theanalyticalpowerof theIDL hasbeenpartly testedby its applicationto thedifferentiationof multiple sclerosis
(MS) from vasculadiseasg4] andtheeffectsof HIV infectiononthebrain[5]. Furtherinsightsinto thepredictve
power of combinationsof featureswill emegeaspartof the continuingstatisticalanalysisof the data,including
theapplicationof Multiple Correspondencanalysis.

3.2 Overview Plot

We have conductedhlimited evaluationof theoverview plot, basednthedisplayof casedor asinglediseaseThe
evaluation[8] wascarriedout to investigatevhetherthe statisticallyderved measuresf typicality andsimilarity
presentedn the overview plot matchthe typicality andsimilarity judgement®f radiologistsof differentdegrees
of expertise. This involved seventeensubjects comprisingfour novices(with no knowledgeof radiology), nine



intermediateg4th yearmedicsandradiographersvith someknowledgeof anatomyandimaging)andfour expert
neuroradiologists.The averagedegree of agreemenbetweenhumanand MCA placementvasin the expected
order of expert (0.97), intermediate(0.95), novice (0.94). Interviews with the subjectsbhasedon a structured
guestionnairéndicatedthatthey foundtheoverview plot easyto useandacceptabl@sameandor retrieving cases
from theimagearchive. The evaluationsuggestshatthe overview plot canprovide a usefulteachingdevice, to
assistatraineein forming a mentalrepresentationf thedistribution of case®f a disease&omparabldo thatof an
expert.

4 Conclusion

We have describedthe main componentf a largely visual decisionsupporttraining systemderived from an
existing systento teachMR imagedescription.Thisis basedonimplementinghe notionof a smallworld asa set
of interactive overview plots,basedon MCA andPCA analyse®f casedrom anarchive. Much work is yetto be
done. This includesdetermininghow useof the systemaffectsusers’managemendf uncertainty evaluatingthe
decision-makindeverage(if ary) providedby the system andevaluatingthetraining potentialof the system.
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