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Wecomparedtheperformanceof aBayesianneuralnetwork (BNN) for featureclassificationwith

a rule-basedclassifierand a conventionalartificial neuralnetwork (ANN) in a computer-aided

diagnosis(CAD) schemefor thedetectionof clusteredmicrocalcifications.Five featureswereex-

tractedfrom theimagesateachsignallocation.A BNN, whichcanapproximatethebehavior of the

idealobserver, wastrainedon adatabaseof 39mammogramscontainingclusteredmicrocalcifica-

tions. Theperformanceof thetrainedBNN on anindependentdatabaseof 50 mammogramswas

comparedto theperformanceof a combinedrule-basedandconventional-ANNmethod.For both

methods,detectedsignalswereclusteredto yield detectedclusterFROC curves.At a true-positive

fraction of detectedclustersof 0.83, the numberof false-positive clustersper imagewas0.8 for

the combinedmethod,and1.16 for the BNN. The BNN doesnot requiresubjective selectionof

thresholdsasin therule-basedandcombinedmethods,its performanceis robust to theproperties

of thetestingdataset,andit is ablein theoryto approximatetheperformanceof theidealobserver.

1. Intr oduction

We aredevelopinga computerizedschemefor thedetectionof clusteredmicrocalcificationsto be

usedin an“intelligent” mammographyworkstationfor computer-aideddiagnosis(CAD) (Nishikawa

et al. 1994).Theprimarygoalof this researchis to provide radiologistsadditionalinformationto

assistthemin makingdiagnoses,andto thisendoneof thewaysweareattemptingto improvethe



computerizedschemeis by reducingits false-positive (FP) ratewithout greatlyreducingits true-

positive (TP) rateof detectinglesions.This is importantbecauseonewould expectthatthefewer

theFPdetectionsproducedby thecomputerizedscheme,the lessthe likelihoodof increasingthe

radiologist’scallbackratewithoutfindingmorecancers.

Our computerizedschemeconsistsof five steps(Nishikawa et al., 1994). In the first step,the

breastregion is segmentedfrom a digitized mammogram.Candidatesignal locationsare then

determinedusinga differencefilter and thresholdingtechniques.Featurevaluesare calculated

at eachcandidatesignal location, and a seriesof rules are appliedto the featuresto eliminate

FP detectedsignals. The remainingsignalsarethengroupedinto clusters,andin the last stepa

shift-invariantneuralnetwork (SIANN) is usedto eliminateFPclusters(Zhanget al., 1996).

The useof rule-basedmethodsto combinefeaturevaluesfor retainingor eliminatingcandidate

signalshastwo drawbacks. First, the rulesaredeterminedsubjectively; in our laboratorythis is

accomplishedby plotting the featurevaluesof signalsin a trainingset,andsettingthresholdson

thosefeaturevalueswhich eliminateasmany FPdetectedsignalsaspossiblewithout eliminating

more than 2% of the TP signals(Nagel et al., 1998). Second,the relatively large numberof

parametersinvolved (generallytwo or threefor eachrule) makesoptimizationof the scheme’s

performancedifficult. Recentwork from ourgroupthereforeexploredtheuseof anartificial neural

network (ANN) eitheraloneor in combinationwith a setof rulesto eliminatecandidatesignals.

At a sensitivity of 83%,thecombinedmethodyielded0.8FPsperimage,significantlybetterthan

the1.9FPsperimageof theoriginal rule-basedmethod(Nagelet al., 1998).



The combinedmethod,however, still usessubjectively determinedrulesprior to processingthe

featurevalueswith the ANN. Also, conventionally trainedANNs suchas the one usedby the

combinedmethodcanbe“overtrained”whentrainedonsmalldatasets.Thatis, theANN mapping

functionwill performverywell onthetrainingset,but thisperformancewill notberobustfor inde-

pendenttestingdatasetsbecausethetrainingset’s propertiesdo not adequatelyreflectthoseof the

datapopulation.To addressthis, many researchersareinvestigatingmeansof regularizingANN

trainingto reducethepossibilityof overtraining.We have investigatedtheuseof Bayesianneural

networksfor featureclassification(Kupinskiet al., 2000).A BNN usesa prior distribution model

for its parameters(theneuralnetwork weights),in aBayesiansense,to regularizethetrainingpro-

cedure(McKay, 1992). Theregularizationprocedurehastheaddedbenefitin practiceof making

the BNN’s performancelesssensitive to the numberof hiddenunits in the neuralnet (Kupinski

et al., 2000); for conventionallytrainedANNs, this is a parameterwhich mustbe selectedwith

somecare(Nagelet al., 1998). Furthermore,it canbe shown thata BNN mappingfunction can

approximatetheidealobserver decisionfunctionfor a givenpopulationof featuredata(Kupinski

etal.,2000);althoughthesameis truefor aconventionalANN in thelimit of infinite data(Rucket

al., 1990),theBNN canbeexpectedto yield a moreaccurate(lessovertrained)approximationto

theidealobserver decisionfunctionfor finite datasets.We trainedandtesteda BNN on thesame

datasetsusedpreviously, andcomparedtheperformanceof theBNN with thecombinedrule-based

andANN methodreportedin (Nageletal., 1998).

2. Materials and Method

Our training setconsistedof 39 mammogramsdigitized on a Fuji drum scannerat a resolution

of 0.1mmx 0.1mmquantizedto 1024gray levels. Our testingsetconsistedof 50 mammograms

digitized in the samemanner. For eachimagein the training set,a setof five calculatedfeature



valuesat eachcandidatesignal locationwasavailable,aswasthe TP or FP stateof that signal.

Thefivefeaturesusedweresignalarea,signalcontrast,first momentof thesignalpowerspectrum,

meanpixel value,andedgegradient.

A BNN with five inputscorrespondingto thesefive features,ten hiddennodes,andoneoutput

nodewastrainedonthesignalsin the39trainingimages.ThetrainedBNN wasthenappliedto the

signalsin theindependentsetof 50 images.To comparethis resultwith previouswork, thesignals

weregroupedinto two sets:the“obvious” signals(thoseeliminatedby therule-basedmethod)and

the“overlap”signals(thosenot eliminatedby therule-basedmethod,which mustbeclassifiedby

theconventionalANN in thecombinedmethod)(Nageletal.,1998).Theperformanceof theBNN

on eachof thetwo groupswasmeasuredseparatelyfor comparisonwith thecorrespondingstage

of thecombinedmethod.

To evaluatetheperformanceof theBNN in termsof detectedclustersof microcalcifications,the

BNN wasincorporatedinto our computerizedCAD scheme.The parametersof the schemenot

relatedto featureanalysis,namelythe initial thresholding,clustering,and SIANN parameters,

weresetto thevaluesusedto obtainthesignalcandidatesfor trainingtheconventionalnetworks,

andfor measuringtheFROC curvesreportedin (Nagelet al., 1998).

3. Results

The ROC curve showing the performanceof the BNN on the signalsin the independenttesting

datasetof 50 imagesis shown in figure 1. The areaunderthis ROC curve is 0.90. Also shown

in that figure is the operatingpoint correspondingto the rule-basedcomponentof the combined

method.
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Figure1: ROCcurvefor theBNN onall signalsin theindependenttestingdataset(area0.90),and

theoperatingpoint of therule-basedcomponentof thecombinedmethodfor thesamedataset.

Figure 2 shows the performanceof the BNN on the “overlap” subsetof signalsin the testing

database,thosesignalsnot eliminatedby therule-basedcomponentof thecombinedmethod.The

areaunderthis ROC curve is 0.88. For comparison,we alsoshow theROC curve for theconven-

tional ANN of thecombinedmethod,trainedonly on the“overlap” signalsof thetrainingdataset

(area0.85), and the conventionalANN trainedon all signalsin the training dataset(area0.64)

(Nagelet al., 1998).

Figure3 showstheperformanceof theBNN ononly the“obvious” subsetof signalsin thetesting

database,thosesignalswhich would beeliminatedby therule-basedcomponentof thecombined

method.Theareaunderthis ROC curve is 0.89.We emphasizethattherule-basedmethodwould

eliminateall thesesignals,yielding aneffectiveoperatingpoint of (0,0).
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Figure2: ROCcurvesfor theconventionalANN componentof thecombinedmethodtrainedonly

on “overlap” signals(area0.85); a conventionalANN trainedon all signals(area0.64); andthe

BNN trainedon all signals(area0.88).All threecurvesrepresentperformanceon only the“over-

lap” signalsin theindependenttestingdataset(thosenot eliminatedby therule-basedcomponent

of thecombinedmethod).
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Figure3: ROC curve (area0.89)for theBNN on the“obvious” signalsin theindependenttesting

dataset(thoseeliminatedby therule-basedcomponentof thecombinedmethod).

Theprecedingresultsareall givenin termsof detectedsignals,whereasourcomputerizedscheme

is designedto detectclustersof microcalcifications.TheFROCcurveof figure4 showstheperfor-

manceof theBNN andthecombinedmethodin termsof detectedclusters.

4. Discussion

Figures1 through3 show that the performanceof the BNN is fairly robust to the natureof the

testingdataset. The BNN ROC curves are all qualitatively similar even thoughthey represent

performanceon datasubsetswhich arevery different in nature(thosesignalswhich arereadily

classifiedasclinically significantor not basedon human-designedrules,andthosesignalswhich

aremoredifficult to soclassify).In contrast,theconventionalANN usedin thecombinedmethod,

trainedonly on the “overlap” signalsfrom the training dataset,wasfound to have very different

performancefrom aconventionalANN trainedonall of thesignalsin thetrainingdataset;theareas
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Figure 4: FROC curves for two versionsof the computerizedschemefor detectingclustering

microcalcifications,oneincorporatingthe BNN, andthe other incorporatingthe combinedrule-

basedandANN method.

undertheconventionalANN ROC curveswere0.85and0.64,respectively (Nagelet al., 1998).

Figure1 impliesthatthereisarangeof BNN operatingthresholdssuchthattheBNN’sperformance

on signalswill be unambiguouslybetterthanthat of the rule-basedcomponentof the combined

method,becausewithin thatrangetheBNN will have bothgreatersensitivity andspecificitythan

therule-basedcomponentof thecombinedmethod.Figure2 shows thattheBNN’s ROC curve is

generallyabove thatof thecombinedmethod’sconventionalANN, at leastfor thatrangein which

the BNN performanceis unambiguouslybetterthan the rule-basedcomponentof the combined

method.If theROC curve for theBNN wasalwaysabove thatof thecombinedmethod’sANN, it

would alwaysbepossibleto chooseanoperatingthresholdfor theBNN suchthatits performance

onsignalswasbetterthanthatof thecombinedmethod.BecausetheROCcurvesin figure2 cross,



however, it is difficult to makesuchaclaimunequivocally.

Figure4 showsthatfor at leastsomevaluesof thenumberof false-positiveclustersperimage,the

sensitivity of theBNN versionof thedetectionschemeis betterthanthatof thecombined-method

detectionscheme.While the gain in performancefor clustersis muchlessimpressive thanthat

for signals,thecomplexity andnonlinearityof thedetectionschemestagesnot affectedby either

method,namelyclusteringandtheSIANN, leavemuchroomfor investigationof this issue.

5. Conclusions

The BNN was found to have generallybetterperformancethan other methodsfor the task of

detectingindividual microcalcificationsignals.This is consistentwith thetheoreticalobservation

thatBNNshavebeenshown to beableto estimatetheidealobservergivensufficient trainingdata.

Also, the BNN hasclearadvantagesover subjective methodssuchasthe subjective selectionof

rule-basedparametersby humans.Theperformanceof theBNN tendsto berobustto thenatureof

thetestingdataset,reducingthepossibilityof overtrainingandtheneedfor partitioningthetraining

dataset.

Whenfurtherprocessingis performedonsignalsdetectedby theBNN, suchasclusteringandclus-

ter filtering, theoverall performancein termsof clusterdetectionmaynot necessarilybeoptimal.

A morecarefulanalysisof thesenonlinearcluster-relatedmethodsis requiredin order to make

progressin this area.
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