Using a BayesianNeural Network to Optimally Eliminate False-Positive Micr ocalcification
Detectionsin a CAD Scheme
D.C. Edwards,M.A. Kupinski,R. Nagel,R.M. Nishikava, J. Papaioannou
Kurt Rossmantaboratoriefor RadiologicimageResearchDepartmenbf Radiology

The Universityof Chicago,5841S. MarylandAve.,MC 2026,Chicago,lL 60637 ,USA

We comparedhe performancef a Bayesiameuralnetwork (BNN) for featureclassificatiorwith
a rule-basedclassifierand a corventionalartificial neuralnetwork (ANN) in a computefaided
diagnosidCAD) schemdor the detectionof clusteredmicrocalcificationsFive featuresvereex-
tractedfrom theimagesateachsignallocation.A BNN, whichcanapproximatehebehaior of the
idealobsener, wastrainedon a databasef 39 mammogramsontainingclusteredmicrocalcifica-
tions. The performanceof the trainedBNN on anindependentdatabas®f 50 mammogramsvas
comparedo the performanceof a combinedrule-basedindcorventional-ANNmethod.For both
methodsdetectedsignalswereclusteredo yield detectedtlusterFROC curves. At atrue-positve
fraction of detectedclustersof 0.83,the numberof false-positre clustersperimagewas0.8 for
the combinedmethod,and1.16 for the BNN. The BNN doesnot requiresubjectve selectionof
thresholdsasin therule-basedandcombinedmethodsjts performancas robustto the properties
of thetestingdatasetandit is ablein theoryto approximatehe performancef theidealobsenrer.
1. Intr oduction

We aredevelopinga computerizedschemedor the detectionof clusteredmicrocalcificationgo be
usedn an“intelligent” mammographyorkstatiorfor computeraideddiagnosigCAD) (Nishikava
etal. 1994). The primary goalof this researchs to provide radiologistsadditionalinformationto

assisthemin makingdiagnosesandto this endoneof thewayswe areattemptingo improve the



computerizedschemes by reducingits false-positre (FP) ratewithout greatlyreducingits true-
positive (TP) rateof detectingesions.This is importantbecaus®newould expectthatthe fewer
the FP detectiongroducedby the computerizedchemethe lessthelik elihoodof increasinghe

radiologists callbackratewithout finding morecancers.

Our computerizedschemeconsistsof five steps(Nishikava et al., 1994). In the first step,the
breastregion is sggmentedfrom a digitized mammogram. Candidatesignal locationsare then
determinedusing a 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 eliminateFP clusters(Zhangetal., 1996).

The useof rule-basednethodsto combinefeaturevaluesfor retainingor eliminating candidate
signalshastwo dravbacks. First, the rulesare determinedsubjectvely; in our laboratorythis is
accomplishedy plotting the featurevaluesof signalsin a training set,andsettingthresholdson
thosefeaturevalueswhich eliminateasmary FP detectedsignalsaspossiblewithout eliminating
more than 2% of the TP signals(Nagel et al., 1998). Second,the relatively large numberof
parametersnvolved (generallytwo or threefor eachrule) makes optimizationof the schemes
performancadlifficult. Recentwvork from our groupthereforeaxploredtheuseof anartificial neural
network (ANN) eitheraloneor in combinationwith a setof rulesto eliminatecandidatesignals.
At a sensitvity of 83%,the combinedmethodyielded0.8 FPsperimage,significantlybetterthan

the 1.9 FPsperimageof theoriginalrule-basednethod(Nageletal., 1998).



The combinedmethod,however, still usessubjectvely determinedrules prior to processinghe
featurevalueswith the ANN. Also, conventionally trained ANNs suchasthe one usedby the
combinedmethodcanbe“overtrained"whentrainedon smalldatasetsThatis, the ANN mapping
functionwill performverywell onthetrainingset,but this performancevill notberobustfor inde-
pendentestingdataset®ecausehetraining set’s propertiesdo not adequatelyeflectthoseof the
datapopulation. To addresghis, mary researcherareinvestigatingmeansof regularizing ANN
trainingto reducethe possibility of overtraining.We have investigatedhe useof Bayesiameural
networksfor featureclassificationKupinskiet al., 2000). A BNN usesa prior distribution model
for its parametergthe neuralnetwork weights),in a Bayesiarsenseto regularizethetraining pro-
cedure(McKay, 1992). The regularizationprocedureéhasthe addedbenefitin practiceof making
the BNN’s performancdesssensitve to the numberof hiddenunitsin the neuralnet (Kupinski
et al., 2000); for corventionallytrained ANNS, this is a parametemvhich mustbe selectedwith
somecare(Nagelet al., 1998). Furthermorejt canbe shovn thata BNN mappingfunction can
approximatehe ideal obserer decisionfunctionfor a given populationof featuredata(Kupinski
etal., 2000);althoughthe sameis truefor acorventionalANN in thelimit of infinite data(Rucket
al., 1990),the BNN canbe expectedto yield a moreaccuratglessovertrained)approximationo
theideal obsener decisionfunctionfor finite datasetsWe trainedandtesteda BNN on the same
datasetsisedpreviously, andcomparedheperformancef theBNN with thecombinedule-based
andANN methodreportedn (Nageletal., 1998).

2. Materials and Method

Our training setconsistedof 39 mammogramsligitized on a Fuji drum scannerat a resolution
of 0.1mmx 0.1lmmquantizedo 1024 gray levels. Our testingsetconsistef 50 mammograms

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



valuesat eachcandidatesignal locationwas available,aswasthe TP or FP stateof that signal.
Thefive featuresusedweresignalareasignalcontrastfirst momentof the signalpower spectrum,

meanpixel value,andedgegradient.

A BNN with five inputs correspondingo thesefive features,ten hiddennodes,and one output
nodewastrainedonthesignalsin the39trainingimages.ThetrainedBNN wasthenappliedto the
signalsin theindependensetof 50images.To comparehis resultwith previouswork, thesignals
weregroupednto two sets:the“obvious” signals(thoseeliminatedby therule-baseanethod)and
the“overlap” signals(thosenot eliminatedby the rule-basednethod ,which mustbe classifiedby

thecorventionalANN in thecombinedmnethod)Nageletal., 1998). The performancef the BNN

on eachof thetwo groupswasmeasuregeparatelffor comparisorwith the correspondingtage

of thecombinedmethod.

To evaluatethe performanceof the BNN in termsof detectedclustersof microcalcificationsthe
BNN wasincorporatednto our computerizedCAD scheme.The parameter®f the schemenot
relatedto featureanalysis,namelythe initial thresholding,clustering,and SIANN parameters,
weresetto the valuesusedto obtainthe signalcandidatedor trainingthe corventionalnetworks,
andfor measuringhe FROC curvesreportedn (Nageletal., 1998).

3. Results

The ROC curve showing the performanceof the BNN on the signalsin the independentesting
datasebf 50 imagesis shavn in figure 1. The areaunderthis ROC curwe is 0.90. Also shown
in thatfigure is the operatingpoint correspondindo the rule-baseccomponenbf the combined

method.
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Figurel: ROC curvefor theBNN onall signalsin theindependentestingdatasef{area0.90),and

the operatingpoint of the rule-basedomponenbf the combinedmethodfor the samedataset.

Figure 2 shows the performanceof the BNN on the “overlap” subsetof signalsin the testing
databasethosesignalsnot eliminatedby therule-baseacomponentf the combinedmethod.The
areaunderthis ROC curwe is 0.88. For comparisonwe alsoshav the ROC curve for the corven-
tional ANN of the combinedmethod trainedonly on the “overlap” signalsof the training dataset
(area0.85), andthe corventional ANN trainedon all signalsin the training dataset(area0.64)

(Nageletal., 1998).

Figure3 shaws theperformancef the BNN ononly the“obvious” subsebf signalsin thetesting
databasethosesignalswhich would be eliminatedby therule-basedcomponenbf the combined
method.The areaunderthis ROC curve is 0.89. We emphasiz¢hattherule-basednethodwould

eliminateall thesesignals yielding aneffective operatingpoint of (0,0).
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Figure2: ROC curvesfor thecorventionalANN componenbf thecombinedmethodtrainedonly
on “overlap” signals(area0.85); a corventional ANN trainedon all signals(area0.64); andthe
BNN trainedon all signals(area0.88). All threecurvesrepresenperformanceon only the “over-
lap” signalsin the independentestingdatase(thosenot eliminatedby the rule-basedomponent

of thecombinedmethod).
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Figure3: ROC curve (area0.89)for the BNN onthe“obvious” signalsin the independentesting

datase(thoseeliminatedby therule-basedomponentf the combinedmethod).

Theprecedingesultsareall givenin termsof detectedsignals whereasurcomputerizegcheme
is designedo detectclustersof microcalcificationsThe FROC curve of figure4 shonsthe perfor
manceof the BNN andthe combinedmethodin termsof detectectlusters.

4. Discussion

Figuresl through3 shaw that the performanceof the BNN is fairly robustto the natureof the
testingdataset. The BNN ROC curves are all qualitatively similar even thoughthey represent
performanceon datasubsetswvhich are very differentin nature(thosesignalswhich are readily
classifiedasclinically significantor not basedon human-designedules,andthosesignalswhich
aremoredifficult to soclassify).In contrastthe corventionalANN usedin the combinedmethod,
trainedonly on the “overlap” signalsfrom the training datasetwasfound to have very different

performancdrom acorventionalANN trainedonall of thesignalsin thetrainingdatasettheareas
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Figure 4. FROC curves for two versionsof the computerizedschemefor detectingclustering
microcalcificationsoneincorporatingthe BNN, andthe otherincorporatingthe combinedrule-

basecand ANN method.

undertheconventionalANN ROC curveswere0.85and0.64,respectrely (Nageletal., 1998).

Figurelimpliesthatthereis arangeof BNN operatinghresholdsuchthattheBNN’s performance
on signalswill be unambiguoushbetterthanthat of the rule-baseccomponenof the combined
method,becausavithin thatrangethe BNN will have bothgreatersensitvity andspecificitythan
therule-basecomponenbf the combinedmethod.Figure2 shavs thatthe BNN's ROC cune is
generallyabove thatof thecombinedmethods corventionalANN, atleastfor thatrangein which
the BNN performanceas unambiguouslbetterthanthe rule-baseccomponenbf the combined
method.If the ROC curve for the BNN wasalwaysabove thatof the combinedmethods ANN, it
would alwaysbe possibleto choosean operatinghresholdfor the BNN suchthatits performance

onsignalswasbetterthanthatof thecombinedmethod.Becausehe ROC curvesin figure 2 cross,



however, it is difficult to make sucha claim unequvocally.

Figure4 shavsthatfor atleastsomevaluesof thenumberof false-positie clustersperimage,the
sensitvity of the BNN versionof the detectionschemas betterthanthatof the combined-method
detectionscheme.While the gainin performancedor clustersis muchlessimpressve thanthat
for signals,the compleity andnonlinearityof the detectionschemestagesot affectedby either
method,namelyclusteringandthe SIANN, leave muchroomfor investigationof thisissue.

5. Conclusions

The BNN was found to have generallybetter performancethan other methodsfor the task of
detectingindividual microcalcificationsignals. This is consistenwith the theoreticalobsenation
thatBNNs have beenshavn to be ableto estimateheidealobsener givensuficienttrainingdata.
Also, the BNN hasclearadwantagesover subjectve methodssuchasthe subjectve selectionof
rule-basegbarameterdy humans.The performancef the BNN tendsto berobustto the natureof
thetestingdatasetreducingthe possibilityof overtrainingandthe needfor partitioningthetraining

dataset.

Whenfurtherprocessings performedon signalsdetectedy theBNN, suchasclusteringandclus-
terfiltering, the overall performancen termsof clusterdetectionmay not necessarilype optimal.
A more carefulanalysisof thesenonlinearclusterrelatedmethodsis requiredin orderto make
progressn thisarea.
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