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Chapter 1

Intr oduction

This preparatorychapterprovidessomebackgroundmaterialandliteraturerequiredfor
this thesis.For further readingwe suggestoneof the following books:Vainio & Bian-
chini (2002);Homer(1997);Underwood(1992);Friedrich& Sickles(2000).Thischap-
ter is organisedasfollows. Section1.1 to 1.5give generalinformationaboutbreastcan-
cer, aboutscreeningprogrammesto detectbreastcancer, andaboutmodalitiesthat are
usedto imagethebreast.In Section1.6wedescribetheuseof computeraideddetection
anddiagnosis(CAD) systemsandreview someimportantstudiesthatevaluatepotential
bene�tsof usingCAD. At themomentmulti view CAD systemsarebeingdevelopedthat
includeinformationfrom multipleviews. Section1.7summarisesrecentadvancesin this
�eld. In this thesiswefocuson thedesignof amulti view CAD systemthatincorporates
informationabouttemporalchangesthat take placebetweentwo consecutive screening
rounds.Section1.8shortlydiscussestheobjectivefor thisapproach.Section1.9clari�es
de�nitions andnomenclatureusedin this thesis.Finally, in Section1.10,we presentan
overview of this thesis.

1.1 BreastCancerEpidemiologyand Risk Factors

Incidence Breastcanceris a very commondisease.It is themostcommoncancerfor
femalesandthe secondmostcommoncancerfor malesandfemalescombined.In the
year2000it accountedfor 22%of all new cancersin women.In thewesternworld, this
percentageis even27%andabout1 in 10 to 12 womenwill have to facebreastcancer.
In mostEuropeancountriestheagedstandardisedmortality ratesfor breastcancerrange
from15to30for every100,000womenmakingbreastcancerthemostimportantcauseof
cancer-relatedmortality for women(Levi et al. 2004).Theaverageageof womenwhen
they arediagnosedwith breastcanceris 64years.Onethird of all womendiagnosedwith
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2 1 INTRODUCTION

breastcanceris youngerthan50 years.Breastcancercanalsodevelopin men,although
this is rare.Malebreastcanceraccountsfor about1%of all breastcancercases.

In TheNetherlandsthebreastcancerincidencefor womenis 140per100,000.There
areabout12,000new casesof breastcancerannuallyandabout3500womendie of the
diseaseyearly(DutchCancerRegistry2003).

Risk Factors for BreastCancer Althoughit is notpossibleto saywhatexactlycauses
breastcancer, somefactorsmayincreaseor changetherisk of developingbreastcancer.
Theseinclude,in orderof importance,femalesex, age,having a family historyof breast
cancer, and having a previous diagnosisof breastcanceror ductal carcinomain situ.
Otherfactorsthatslightly increasetherisk of developingbreastcancerarethefollowing:
a long interval betweenmenarcheandmenopause,obesity, nothaving childrenor having
a �rst child after35yearsof age,notbreastfeeding,takingcombinedHormoneReplace-
ment Therapy (HRT) after menopause(especiallywhen taken for 5 yearsor longer),
puttingon a lot of weight in adulthood,drinking alcohol(morethan2 standarddrinksa
day),takingoral contraceptives(this appearsto increasetherisk only duringtheperiod
of taking thepill) andhaving previously beendiagnosedwith lobular carcinomain situ
or atypicalhyperplasia.

1.2 Normal Structur eand Function of the Breast

Figure 1.1 shows the most importantanatomicalstructuresof the breast. The breast
consistsof two components.The �rst componentis concernedwith milk production
and is known asthe epithelialcomponent.The secondcomponentconsistsof fat and
connective tissue.Thiscomponentsupportsandprotectsthestructureof thebreast.

The epithelial componentof the breastconsistsof a tree-like branchingpatternof
milk ductsthat cometogetherat the nipple. The leavesof this treeareformedby the
lobuleswhich arethesecretoryunitsof thebreast.Eachlobule consistsof a numberof
acini connectingto an intra-lobular duct. Theacini arecomposedof two typesof cells:
epithelial and myo-epithelial. The epithelial cells secretea variety of glyco-proteins
and during lactationthey also producemilk. The myo-epithelialcells are capableof
contractingduringbreastfeeding.Eachintra-lobular ductconnectswith anextra-lobular
duct,andthis togetherwith thelobule, is calledtheterminalductallobularunit.

The extra-lobular ductswithin the samearealink togetherto form sub-segmental
ducts,which in turn form segmentalducts. Theseductsdrain milk from differentseg-
mentsor lobesof thebreast.In total,thebreastconsistsof 15-20lobes,whichareroughly
pyramidalin shapewith theapex directedtowardsthenipple.

Thenon-epithelialcomponentof thebreastconsistsmainlyof fatty tissue.Thereare
no musclesin theactualbreast,but therearea seriesof musclesbehindandunderneath
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Figure 1.1: Anatomyandstructureof thebreast.

the breasts. Thesemuscleswork togetherwith a ligamentcalled Cooperligamentto
supporttheweightof thebreasts.

1.3 BreastTumours

We distinguishthreetypesof breasttumours:benignbreasttumours,in situ cancerand
invasive cancer. Figure1.2showsanexampleof eachcategory.

Benign Diseases Benign tumoursof the breastcomprise�bro-adenoma,duct papil-
loma,adenomaandconnective tissuetumours.Themostcommonbenignbreasttumour
is the �bro-adenoma.This tumouris a combinedproductof bothconnective tissueand
epithelialcells.Mostbenignmassesarecircumscribeddueto theabsenceof in�ltration.
Figure1.2(a)showsacharacteristicexampleof abenignmass.Theshapeis oval andthe
borderis sharplydelineated.On theotherhand,benignmassesmayalsopresentsuspi-
cious,asshown in Figure1.2(b). Mammographicallywe cannotdistinguishthis benign
massfrom amalignantlesion.
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(a) Benigncyst (b) Benignlesion

(c) DCIS (d) In�ltrati veductalcancer

Figure 1.2: Appearanceof breastlesions.Figure 1.2(a)showsa characteristicexample
of a benignmass. Figure 1.2(b) showsa benignmasswhich presentsas a malignant
lesion.Figure1.2(c)showsanexampleof ductalcarcinomain situ. Thelast �gur eshows
an in�ltr ativemalignantcancerwith characteristicill-de�ned andspiculatedborders.



1.3 BREAST TUMOURS 5

Non invasiveBreastCancer Noninvasive—insitu—cancerconsistof malignantcells
thatreplacethenormalepithelialcellslining theductsor lobules.Thesemalignantcells
arestill con�ned to thebasementmembraneandhave not yet invadedthebreaststroma
or lymphatics.Therearetwo non invasive formsof breastcancer:ductalcarcinomain
situ (DCIS)andlobular carcinomain situ (LCIS).

� Ductalcarcinomain situ (DCIS) is a malignancy of theepithelialcells lining the
lactiferousducts—usuallythe terminalducts—withoutpenetrationof the ductal
basementmembrane.Theprognosisof untreatedDCIS is not preciselyknown, as
mostpatientsaretreatedwith mastectomy. Oneestimatesthataboutonethird to
onehalf of theuntreatedpatientseventuallywill develop invasive cancer, usually
in thesamequadrantof thebreastasthe�rst lesion.MammographicallyDCIS is
oftencharacterisedby thepresenceof micro-calci�cations. Whenthereis exten-
sive �brosis, DCISmayalsopresentasapalpablemass.

� In lobular carcinomain situ (LCIS) we �nd that the lobules are expandedby a
uniform populationof small yet atypical cells. Usually this processobliterates
the lumenof acini. Theseatypicalcellsdo not penetratethroughthewalls of the
lobules.LCIS rarelygivesriseto mammographicabnormalities.It is oftenfound
in biopsiesthathavebeendonefor otherreasonssuchasremoval of benignlesions.
LCIS is a risk factorfor developingbreastcancerin eitherbreast.Themajority of
patientsarethereforemanagedby carefulfollow up.

Invasive BreastCancer Invasive breastcancer, alsoknown asin�ltrating cancer, oc-
curswhenmalignantcellshave spreadbeyondtheductsor lobulesto otherpartsof the
breastor body. Invasive cancersvary in sizefrom lessthan10 mm in diameterto over
80mm,but areusually20-30mm atpresentation.

Ductalcarcinomaaccountsfor about80%of all invasive breastcancercases.These
tumoursare believed to arisefrom epithelial cells of the terminal ductal lobular unit.
It is thought that ductal carcinomamay start as either DCIS or arisede nova. Less
commontypesof breastcancerincludelobularcarcinoma,medullarycarcinoma,tubular
carcinoma,mucinouscarcinoma,cribriform carcinomaandpapillarycarcinoma.

Breastcancerscanin�ltrate locally to theskinandthemuscle,or metastasiseto more
distantsitesvia lymphaticsor thebloodstream.Themostcommonspreadvia lymphatics
is to theaxillary lymph nodes.Metastasisvia thebloodstreammostfrequentlyinvolves
thelungandtheliver, but adrenalsandbrainsarealsocommonsitesfor metastasis.When
awomanhasinvasivebreastcancertheprognosisdependsamongothersonthehistolog-
ical gradeandbehavioural characteristicsof the tumour, andthepresenceof metastatic
spread. Consideringhistologywe cangradetumoursfor their degreeof differentiation.
Well differentiatedtumoursoften have a betterprognosisthantumoursthat arepoorly
differentiated. Behavioural characteristicsthat in�uence the prognosisare the growth
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rateandthereceptorstatusof a tumour. Tumourswith lower cell growth ratesgenerally
behavebetter. Thepresenceof oestrogenreceptorsindicatesthatthetumourcellshavea
higherdegreeof functionaldifferentiationresultingin abetterprognosis.Tumourspread
is alsoassociatedwith a worseprognosisthanwhenthereis no evidenceof metastasis.
Althoughthesefactorsmaypredicthow individual cancerswill behave, thishasnot lead
to an improvementof patientsurvival. Screeningon theotherhandmight improve sur-
vival ratesdueto earlierdetectionof breastcancer. Thenext sectiongivesanoverview
of breastcancerscreeningprogrammesandtheeffectonbreastcancermortality rates.

1.4 BreastCancerScreening

The aim of breastcancerscreeningis early detectionof breastcancerswhile keeping
the numberof falsepositive detectionsat a minimum. The earliermostbreastcancers
are detected,the betterthe prognosisand treatmentoptionsfor the patient. A higher
recall rate, i.e. the percentageof mammographicallyscreenedwomenthat is recalled
for further assessment,generallyimproves the detectionrate. This however will also
leadto an increasein the numberof falsepositive detectionsresultingin unnecessary
examinationsandadditionalcosts.Mostcountrieshaverecallratesbetween3%and5%.

An importanttrial to the effect of screeningwas donebetween1977and1984 in
Sweden(Tab́aretal. 1985).This trial concerned162,981womenaged40andolderwho
wereliving in thecountiesof Kopparberg or Osterg•otland. Thewomenweredividedat
randominto two groups.Eachwomanin thestudygroupwasofferedscreeningevery 2
or 3 yearsdependingon age. Womenin the control groupwerenot offeredscreening.
Resultsobtainedaftersevenyearsof follow upshoweda31%reductionin breastcancer
mortalityanda25%reductionin therateof advancedbreastcancersfor thegroupinvited
to screening.These�ndings con�rmed the resultsof an earlier trial by Shapiroet al.
(1982). Many countriesinitiatednationalscreeningprogrammesfor breastcancerafter
theresultsof theSwedishtwocountiestrial werepublishedin Tab́aretal. (1985).Finland
andSwedenstartedtheir programmesin 1986, the United Kingdom in 1988,and the
Netherlandsin 1989.

Different trials have beendoneto determinewhetherthesescreeningprogrammes
wereachieving their goals.Theeightmostimportanttrials arethefollowing: Chuet al.
(1988),Alexanderet al. (1999),Bjurstamet al. (1997),Frisell et al. (1997),Tab́ar et al.
(1995),Miller et al. (1992a),Miller et al. (1992b),Anderssonet al. (1988),andAnder-
sson& Janzon(1997).Most of thesetrials show a signi�cant reductionin breastcancer
mortality, especiallyfor womenaged50–70years.Theseresultshavebeenusedto guide
screeningprogrammesworld wide. Recentlya pair of Danishinvestigators,Gotzsche
andOlsen,criticisedthe quality of a majority of thesetrials (Gotzsche& Olsen2000;
Olsen& Gotzsche2001). They found randomisationimbalancesand inconsistencies
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in six of thetrials. Theonly trials they consideredgoodweretheCanadiantrial (Miller
etal. 1992a;Miller etal. 1992b)andtheinitial trial of theMalmoreport(Anderssonetal.
1988).Thesetwo studiesshow nobene�t from screeningmammography. Thereforethey
concludedthatmammography is ineffective in reducingbreastcancermortality. Various
authorsreactedandstatedthat randomisationwas not a major problem. Furthermore
they pointedout thatit is dif�cult to developandimplementaperfecttrial. It seemsthus
acceptableto includethedatafrom thesix criticisedtrials. Theseall show a signi�cant
reductionin breastcancermortality (Jackson2002).

Althoughtheargumentsof GotzscheandOlsenmaynotbeof substantialimportance,
thepossiblebene�tsof screeningmustbeweighedagainsttherisks,suchaspsycholog-
ical traumaof receiving a falsepositive result,andcosts. Furthermorethe ef�cacy of
screeningmammography, especiallyfor womenin theagegroupfrom 40-49years,re-
mainscontroversial. In the Netherlands,the United Kingdom, Sweden,and Finland
womenfrom 50 to 70/75are invited every 2 or 3 yearsfor screening.The American
CancerSociety(ACS) recommendsannualmammography for all womenbeginning at
age40.

Screeningin the Netherlands TheDutchBreastCancerScreeningProgrammestarted
in 1989andreachedits full populationcapacityin 1997.In theNetherlandsthescreening
programmeoffers all womenbetween50 and70 yearsa biennialscreenexamination,
resultingin 750,000invited womeneachyear. All womenreceive a personalletterwith
a �x ed appointmentthat canbe changedon request.Non attendersreceive a reminder
about2 to 3 monthslater. At the�rst screeningexaminationtwo mammographicviews—
mediolateralobliqueandcraniocaudal—areobtained.At subsequentexaminationsonly
medio lateralobliqueviews areobtainedunlessadditionalviews arenecessary. Films
aredevelopedimmediatelyat the screeningunit. A radiographerjudgeseach�lm on
technicalquality anddecideswhetheradditionalviews arenecessary. Afterwardstwo
radiologistsindependentlyreadall �lms in batches.Consensusbetweenthetwo readers
is requiredfor a referral.

Somestudieshave beendoneto evaluatetheeffectivenessof theDutchBreastCan-
cerScreeningProgramme(Otto et al. 2003;Fracheboudet al. 1998;Ottenet al. 2005).
Ottoetal. (2003)assessedtheeffectof screeningonbreastcancermortality rates,taking
into accountthe phasedimplementationof the screeningprogramme.For this purpose
they usedpopulationstatisticsfrom 27,948womenaged55–74who diedof breastcan-
cerbetween1980and1999.They foundthatbreastcancermortality ratesstartedto fall
between1991and1996. This decreasebecamesigni�cant in 1997andremainedso in
subsequentyears. Their analysisshows that the point at which breastcancermortal-
ity rateschangedinto a downward trendcoincidedwith thestartof thescreening.This
meansthat the programmealreadypreventeddeathfrom advanceddiseasein the �rst
yearsafter implementationof theprogramme.Fracheboudet al. (1998)studiedthefol-
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lowing outcomesof theDutchscreeningprogrammebetween1990and1995:attendance
rate,detectionperformanceandcompliance.In theseyearsthe attendanceratewason
average78%with little differencesbetweenscreeningroundsandagegroups.Of 1,000
initially (andtwo yearsthereafter)screenedwomen,13.4(6.6)womenwerereferredfor
furtherinvestigation,9.7(4.4)gotabiopsyand6.4(3.4)turnedout to havebreastcancer.
Thepositive predictive valueof screeningandbiopsywere47%(51%)and66%(78%)
respectively.

A characteristicfeatureof the Dutch screeningprogrammeis the low referral rate
(1.05%of all screenedwomen),which in mostotherprogrammesis at leasttwice as
high. In a recentstudyOttenet al. (2005)estimatedtheeffect of a changein recall rate
on thedetectionof breastcancer. For thatpurposethey usedasetof 495screennegative
mammograms,250from controlsubjectsand245from womenwhosubsequentlydevel-
opedbreastcancer. Fifteenradiologistswith a specialisationin breastcancerscreening
readall mammograms.They annotatedall suspiciousregionsandgaveeachregionarat-
ing. Theseratingswereusedto measuretheeffectof differentrecallratesonthedetection
of cancersandonthenumberof falsepositivedetections.Resultsshow thatloweringthe
thresholdfor recall,especiallyfor recallratesbetween1%-4%,leadsto animprovement
in breastcancerdetectionratesatanacceptablefalsepositive rate.By furtherincreasing
therecallratethey foundthatcancerdetectionlevelsoff with adisproportionateincrease
in thenumberof falsepositivedetections.

1.5 Imaging Modalities

At themomentthemodalityof choicefor breastcancerscreeningis mammography. For
additionalexaminations,or whenmammography is notsuf�cient, othermodalitiesmight
beused.Theseincludeultrasonography (US)andcontrastenhancedmagneticresonance
imaging(MRI). In thissectionweshallgive anoverview of thedifferentmodalities.

Mammography

Mammography is anX-ray techniquedevelopedspeci�cally for thebreast.It is basedon
thedifferentialabsorptionof X-raysbetweenthevarioustissuecomponentsof thebreast
suchasfat, connective tissue,tumourtissueandcalci�cations. Mammography is used
bothasaclinical tool to examinesymptomaticpatientsandfor screening.Requirements
for mammography arehighcontrast,highspatialresolution,andminimalradiationexpo-
sure.High contrastis neededbecausedifferencesin densitybetweennormalandpatho-
logic structuresof the breastaresmall. The detectionof micro-calci�cationsrequires
both high contrastaswell asa high spatialresolution. Minimal radiationexposureis
essentialasin screeningprogrammeswomenfrequentlyundergo mammography, often
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annuallyor bi-annually.
Mammographicallywe canrecognisebreastcancerby thepresenceof a focal mass

lesion or micro-calci�cations. Below we describeboth characteristics.Lessfrequent
signsof malignancy arearchitecturaldistortionsandasymmetricbreasttissue.

� Masslesion. Most breasttumours,benignaswell asmalignantones,presentas
a focal masslesion. A taskof radiologiststhereforeis to discriminatebetween
benignandmalignantlesions.Whenaradiologistconsidersa lesionsuspiciousfor
containinga malignancy thewomanwill bereferredfor additionalexaminations.
The most importantsign of malignancy is the presenceof spiculation. This is
a stellatepatternof linesdirectedtowardsthecentreof a lesion. Theborderof a
massmayalsogiveinformationaboutthepotentialmalignancy of alesion.Benign
massesareoftencharacterisedby sharp,circumscribedborders.Malignantmasses
on theotherhandfrequentlyhave ill-de�ned or spiculatedborders.Thesharpness
of theborderhowevercannotbeusedassolitarycriterionfor malignancy assome
malignantmasses,for examplemedullarycarcinoma,colloid carcinomaandintra-
cystic carcinoma,have circumscribedbordersaswell. Moreover benignmasses
mayhave poorly de�ned margins,for instancedueto overlappingbreasttissueor
�brosis. Whena lesion is probablybenignor whenmultiple similar massesare
found in thebreastthepatientis oftenplacedin a follow up protocol. Otherwise
furtherexaminationis necessaryto determinethenatureof themass.

� Micro-calci�cations. Anothersignof malignancy is thepresenceof micro-calci�-
cations.Micro-calci�cations develop in microscopicallysmall cavities insidethe
lobuli or ducti. Micro-calci�cationsinsidethelobular unit areoftendueto benign
conditionssuchasadenosisor �bro-adenoma.Micro-calci�cationsof ductalorigin
aremoresuspiciousandmaybethe�rst signof breastcancer. Intra-ductalmicro-
calci�cations canbediagnosedasbenignor malignantby analysingtheshapeof
theclusterandtheshapeof theindividual micro-calci�cations.Studiesshow that
irregular, pleomorphicshapeshave a higherprobability of beingassociatedwith
malignantdiseasethanthosewith roundshapesanduniformsize.

MissedCancers A problemof screeningprogrammesis thelargepercentageof missed
cancers.Studiesshow thatduringscreeningradiologistsfail to detect15–25%of breast
cancersthatarevisible in retrospect(Goergenet al. 1997;Bird et al. 1992). Moreover,
whenminimal signsaretaken into account,estimatesof missedcasesincreaseto 50%
(Timp et al. 2002a). The most importantcausesof thesefalsenegative screeningex-
aminationsareerrorsof perception.Eye-tracker studieshave classi�ed theseerrorsinto
threemaincategories:

1. Searcherrors. In thesecasesthe radiologistoverlooked the abnormality. Eye-
trackerexperimentsshow thatfovealsightnever reachedthelesion.
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2. Detectionerrors. The lesionhasbeenseenbut thevisualdwell time wasshorter
thanacertainthreshold,for instanceonesecond.

3. Interpretationerrors. Theselesionsareconsciouslyevaluatedbut actedon inap-
propriately.

Without consideringrecordedeye movements,onemayde�ne searchanddetectioner-
rorsasthosethatoccurwhenaradiologistdoesnot reportthepresenceof avisible lesion
andinterpretationerrorsasthosethatoccurwhenthelesionis reportedbut notconsidered
actionable.Recentstudiesindicatethatthemajorityof errorsaredueto misinterpretation
andthatinef�cient searchonly makesaminorcontributionto theerrorrate(Karssemeijer
etal. 2003;Manningetal. 2004).

Digital Mammography Althoughmostradiologistsarestill morecomfortablewith the
useof screen�lm combinations,disadvantagesareobvious.Onceanimageis printed,it
canno longerbemanipulated,andany informationavailablein thedigital databut not
capturedon theprintedimagewill be lost. Furthermorescreen�lm combinationshave
importantlimitationsin detectingsubtlesoft tissuelesions,especiallyin thepresenceof
denseglandulartissue(Lewin etal. 2001).

To overcometheselimitationsfull �eld digital mammography (FFDM) hasbeenin-
troduced. FFDM offers several advantagesover �lm mammography: easieraccessto
images,useof CAD, improvedmeansof transmission,retrieval, andstorageof images,
andtheuseof a lower averagedoseof radiationwithout a compromisein diagnosticac-
curacy. In arecentstudyPisanoetal. (2005)comparedthediagnosticaccuracy of digital
and�lm mammography. In thisstudya totalof 49,528asymptomaticwomenpresenting
for screeningunderwentbothdigital and�lm mammography. Breastcancerstatuswas
ascertainedby a breastbiopsyor a follow-up mammogram.This studyshowedthat the
overall diagnosticaccuracy of digital and�lm mammography wassimilar, digital mam-
mography however turnedout to bemoreaccuratein womenundertheageof 50 years,
womenwith radiographicallydensebreasts,andpre-menopausalandperi-menopausal
women. The major disadvantageof adoptingdigital mammography is its cost: at the
momentdigital systemscostabout1.5 to 4 timesasmuchas�lm systems.On theother
handthefactthataCAD systemcaneasilybeincorporatedandthepossibilityof retriev-
ing archivedimageswill reducecostsaswell. A cost-effectivenessanalysisis neededto
weight the additionalcostsagainstthe advantagesof FFDM andthe gain in diagnostic
accuracy.

Ultrasonography

The role of ultrasonography (US) in breastimagingis a subjectof ongoingdiscussion.
USis generallyacceptedasthemethodof choicefor thedifferentiationbetweenasimple
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cyst and a solid mass. US also plays a role in guiding intervention proceduressuch
as needleaspiration,coreneedlebiopsy, andpre-biopsyneedlelocalisation. Another
usageof US is thedetectionandstagingof lymph nodes(Rahbaret al. 1999). Studies
performedto evaluateUS asa screeningmodalityfailedto establishits ef�ciency andit
hasbeenconcludedthatUSshouldnotbeusedasascreeningtool. OntheotherhandUS
mayplayarolewhenit is usedasanadjunctto mammography. Zonderlandetal. (1999)
reportedanimprovementin detectionaccuracy of 7.4%whenUSwasusedasanadjunct
to mammography to analyselesionsfrom oneof thefollowing categories:circumscribed
lesionsthat could be cysts,mammographicallyvisible lesions,or palpablelesionsthat
werenotvisibleon themammogram.

Magnetic ResonanceImaging

High-resolutioncontrastenhancedMRI of thebreasthasrecentlyemergedasasensitive
instrumentfor the detectionof breastcancer. MRI proved useful in screeningyounger
womenwith densebreastswho areat a specialhigh risk of developingbreastcancer,
e.g.having a strongfamily historyor hereditaryrisk of breastcancer(Stoutjesdijket al.
2001).MRI canalsobeusedasanadjuncttomammography for selectedpatients.Finally
MRI of thebreasthasthepotentialto bea powerful aid in pre-surgical planning(multi-
focal cancerdetection).

MRI howeverhasasigni�cant falsepositive rate,is not readilyavailablein all areas,
andis moreexpensive thanmammography or ultrasonography. Otherlimitationsarethe
factthatMRI requirescontrastinjectionandthatit cancauseproblemswith claustropho-
bia. At themomentMRI thereforeremainslimited to speci�c problemsolvingsituations
andpatientsathigh risk for cancer.

1.6 Computer Aided Detectionand Diagnosis

In recentyearsamajoreffort hasbeenmadeto developcomputeraideddetectionanddi-
agnosis(CAD) programmesto assistradiologistswith thedetectionandcharacterisation
of breastlesions.Computeraideddetectionsystemsidentify andmarksuspiciousregions
to bring themto theattentionof a radiologist. Thesesystemsprevent thata radiologist
fails to consciouslyseeanabnormalityandthusminimisesearchandperceptionerrors.
Computeraideddiagnosissystemson the otherhandaim at minimising interpretation
errors.

CAD systemscanbe usedfor the detectionandcharacterisationof masslesions—
includingarchitecturaldistortionsandasymmetry—andfor thedetectionandcharacter-
isationof micro-calci�cations. In the sequelwe shall restrictourselvesto systemsfor
masslesions. Most of theseCAD systemsfollow a two stepprocedure.The �rst step
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concernsthedetectionof suspiciouslocationsinsidethebreastarea.In thesecondstepa
segmentationalgorithmdeterminesa contourat themostsuspiciouslocations.For each
segmentedregionseveralfeaturesarecalculatedto discriminatebetweenbenignlesions,
malignantlesions,andfalsepositivedetections.

Currentlycommercialsystemsareonly availablefor computeraideddetection. These
CAD systemsareintendedto beusedafter the radiologisthascompletedanevaluation
of the imageswithout CAD promptsandhasmadean initial decisionwhetherrecall is
required.If aradiologistidenti�es anabnormalareaof concernonamammogramduring
initial readingandthatareadoesnotgetmarkedby CAD, theradiologistis still advisedto
interpretthemammogramaspositive andto recallthepatientfor furtherwork-up.CAD
is proposedasanadjunctto mammography to decreasesearchanddetectionerrors.The
radiologist,not CAD, determinesif a clinically signi�cant abnormalityexists andde-
cideswhetherfurther diagnosticevaluationis warranted.The hopeis that theseCAD
systemswill improve the sensitivity of mammography without substantiallyincreasing
mammography recall rates. In thenext sectionwe discusstheeffectivenessof systems
for computeraideddetectionin clinical practice. In the future,CAD systemsfor com-
puteraideddiagnosiswill alsobecomeavailableto helpradiologistswith thediagnostic
process.

1.6.1 Effectivenessof Computer Aided DetectionSystems

Two typesof studieshave beendoneto evaluatethe effectivenessof using computer
aideddetectionsystemsin clinical practice:prospective andretrospective studies.

RetrospectiveStudies Thesestudiesretrospectively evaluatetheeffectof CAD onthe
detectionof initially missedcancers(WarrenBurhenneet al. 2000;Karssemeijeret al.
2003;Bremet al. 2003;Birdwell et al. 2001).WarrenBurhenneet al. (2000)conducted
a large retrospective studyto potentialbene�ts of CAD on mammographicallymissed
cancers.For this studythey collectedmorethan1000screeningmammogramsthat led
to the detectionof biopsy-proven cancer. For abouthalf of the cases(427) they also
obtainedtheprior mammogramsfor retrospective review. At retrospective review, 67%
(286 of 427) of the breastcancerswasvisible on the prior mammograms.A panelof
radiologistsperformeda blindedreview to evaluateprior mammogramswith a visible
lesion. A CAD systemsalsoanalysedtheseprior mammograms.Therecall ratesof 14
radiologistsweremeasuredwith andwithout usinga CAD system. Without CAD the
radiologistshada false-negative rateof 21%. CAD promptingcould have potentially
helpedto reducethis false-negative rateby 77% without an increasein the recall rate.
Resultsof thisstudyindicateapotentialfor CAD to helpthebreastradiologycommunity
with detectingbreastcancers.
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Karssemeijeretal. (2003)estimatedthepotentialcontributionof CAD by measuring
theperformanceof aCAD systemin identifyinglesionsinitially missedatscreening.For
this purposethey usedscreeningmammogramsof 500cases,consistingof themammo-
gramsat time of referralandall previousscreeningexaminations.A CAD programme
analysedthemostrecentprior mammogramsandassignedeachsuspiciousregion a ma-
lignancy score.Tenexperiencedradiologistsalsoindicatedsuspiciousregionson these
mammogramsandratedeach�nding. Thescoreswerecombinedin awayto simulatethe
following threereadingmodes:singlereading, doublereadingandreadingwith CAD.
For single readingthe scoresfrom the individual radiologistswereused. To simulate
doublereadingthescoresof two radiologistswerecombinedfor each�nding. For read-
ing with CAD thescoreassignedto each�nding by the radiologistwascombinedwith
theCAD scoreat theareaof the�nding. Truepositive �ndings of theCAD systemthat
the radiologistshadoverlooked were ignored. Resultsshow that the sensitivity of the
radiologistsincreasedby 7.0% for readingwith CAD and by 10.5%for doubleread-
ing comparedto singlereading. This studyshows thepotentialbene�t of CAD for the
detectionof breastcancer. Brem et al. (2003)alsostudiedthe performanceof radiol-
ogistsandCAD on missedcancers.For this purposethey useda datasetconsistingof
177 missedcancersand200 normalcases.Threeradiologistsindependentlyreadeach
mammogram.TheCAD systemalsomarkedsuspiciousregionson eachmammogram.
Then they estimatedthe numberof additionaltumoursthat would have beendetected
whena radiologistwasusedasa secondreaderandwhentheCAD systemwasusedin
additionto theradiologist.With doublereading123extramalignancieswouldhavebeen
detected,with CAD 80. This studyshows that both doublereadingandCAD improve
thedetectionof cancers.Anotherstudyto theeffectof CAD onmissedcancershasbeen
doneby Birdwell et al. (2001).They analysedthecharacteristicsof 115missedcancers
andstudiedthepotentialutility of CAD. Fromthese115missedcancers,35werecalci�-
cationsand80 weremasslesions.CAD correctlymarked30 of 35 missedcalci�cations
and58of 80missedmasses.Themeannumberof marksof theCAD systemwas4.3for
eachfour view mammogram,of whichonethird markedthemissedcancers.

Although mostof thesestudiesreporta positive effect of CAD on the detectionof
cancers,it is dif�cult to measuretheeffect thatfalsepositiveCAD markshaveonscreen-
ing outcomes.Themajority of thesedetectionswill indicateareasthata radiologistwill
chooseto dismissbecauseno abnormalappearingcharacteristicsarepresent. A radi-
ologist however will needextra time to evaluateeachCAD mark andsomemarkswill
alsoappearsuspiciousto theradiologist.This may increasereferralrateswhich results
in additionalexaminationsandextra costs.To investigatetheeffect of CAD in clinical
practiceprospective studiesmaybemoreinformative.
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Prospective Studies Therearetwo typesof studiesthatprospectively evaluatetheef-
fect of CAD: sequentialreadingstudiesandstudiesbasedon historicalcontrols. In se-
quentialreadingstudiesradiologists�rst readeachmammogramwithoutCAD followed
by a review of the CAD prompted�ndings. Freer& Ulissey (2001)did a large study
with 12,860screeningmammograms.All mammogramswere�rst interpretedwithout
CAD, immediatelyfollowedby are-evaluationof areasmarkedby theCAD system.The
effect of CAD wasmeasuredon recall rate,positive predictive valuefor biopsy, cancer
detectionrateandtumourstageat detection.Freer& Ulissey (2001)foundan increase
in recall rate(from 6.5%to 7.7%),no changein positive predictive value,a 19.5%in-
creasein thenumberof cancersdetectedandanincreasein theproportionof earlystage
(0 andI) malignanciesfrom 73%to 78%. Helvie et al. (2004)performeda studywith
13 radiologiststo evaluatetheadditionaleffect of usingCAD on a datasetconsistingof
mammogramsfrom 2,389patients.A CAD programmefor thedetectionof massesand
micro-calci�cationsprocessedeachimageandindicatedall suspiciousregions.Eachra-
diologistreadapartof thecasesandassessedmammograms�rst withoutCAD andthen
with CAD. Thedetectionperformanceof CAD andtheradiologistswasidentical(91%),
correspondingwith detecting10 out of 11 cancers.The detectionperformanceof the
radiologistsincreasedfrom 91%to 100%whenusingCAD. A severelimitation of this
studyis thesmallnumberof casesandconsequentlythesmallnumberof breastcancers.
Thecancerthatwasdetectedby theCAD systembut not by theradiologistswasanarea
of micro-calci�cationsidenti�ed asductalcarcinomain situ.

Studiesbasedon historicalcontrolscomparethescreeningperformancebeforeand
after the introductionof a CAD system. Gur et al. (2004)assessedchangesin mam-
mography recall andcancerdetectionratesafter the introductionof a computer-aided
detectionsysteminto a clinical radiologypractice. In total they usedthe outcomesof
24radiologistswho interpreted115,571screeningmammograms:59,139with CAD and
56,432without CAD. They foundthattheintroductionof computer-aideddetectionwas
not associatedwith statisticallysigni�cant changesin recall rateandbreastcancerde-
tectionrates. It shouldbe noticedhowever, that the 95% con�denceintervals obtained
in this study(-11%to 19%)allow for a wide rangeof detectionratechanges.Recently
Cupplesetal. (2005)evaluatedtheperformanceof radiologistsbeforeandaftertheintro-
ductionof a CAD system.They foundthatscreeningwith CAD increasedthedetection
rateby 17.7%,primarily dueto increaseddetectionof invasivecancers� 1cm.

1.7 Multi View CAD

Most currentCAD systemsseparatelyanalyseeachmammographicview to detectand
characteriseabnormalities.Radiologistson theotherhandgenerallycombineinforma-
tion from multiplemammographicviews. Besidesimagesof theleft andright breastthey
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oftenhave views from previousscreeningroundsandviews from differentprojections.
Whena radiologistdiscoversa suspiciousregion in oneview, heor shewill try to �nd
a correspondingregion in the otherviews. Views from differentprojections,typically
craniocaudal(CC)andmediolateraloblique(MLO) views,allow for abettercharacteri-
sationof eachdetectedregionthantheuseof asingleview. Priorviewsareusefultostudy
changesin theappearanceof aregionovertime. Contra-lateralviewsprovideareference
to theappearanceof differenttissuesin thebreastandhelpto determinetherelativesus-
piciousnessof a region. By combininginformationfrom all views radiologistsestimate
the suspiciousnessof eachregion anddecidewhetherfurther investigation is required.
Studiesreporta positive effect on eitherrecallrateor animprovementin massdetection
performancewhenusingmultipleviewsin mammography screeningcomparedto single-
view mammography, cf. (Wald et al. 1995;Sickleset al. 1986;Thurfjell et al. 2000;
Callawayetal. 1997).

Giventhepositive effect of multi view systemson radiologists'performancewe ex-
pectthatfusionof informationfrom differentviews will improve CAD systemsaswell.
Therehavebeensomestudiesto theeffectof usingmultipleviews in CAD programmes.
Thesestudiescombineinformationfrom mediolateralobliqueandcraniocaudalviews
(Goodet al. 1999;Paqueraultet al. 2002), from left andright views (Yin et al. 1991;
Lau & Bischof 1991;Bovis et al. 2000),or from previous andcurrentviews (Vujovic
et al. 1995;Kok-Wiles et al. 1998;Hadjiiski et al. 2001b). The next two paragraphs
summarisework thathasbeendoneto combineviews from eitherdifferentprojections
or from left andright breasts.Section1.8discussestheuseof viewsobtainedatdifferent
timemoments.

Differ ent Projectionsof the SameBreast. Themostobviousmulti view approachis
thecombinationof informationfrom differentprojectionsof thesamebreast.Common
projectionsarecraniocaudal(CC)andmediolateraloblique(MLO) views. Radiologists
usebothviews to determinethesuspiciousnessof a lesionandwhetherto referawoman
for furtherexamination.Most CAD programmesonly work on singleview imagesand
thencombineevidencefrom both views in the following way. First they assignall de-
tectedregionsfrom bothprojectionsto thesamecase.Thenthecancerdetectionrateand
thefalsepositive ratearedeterminedpercase.Soa tumour(andalsoa falsepositive) is
countedasdetectedwhenit is foundoneitherview.

Few studiescombineevidencefrom MLO andCC views in a moreintelligentway,
for instanceby linking similar structuresin bothbreasts.Goodet al. (1999)developed
a methodto matchcorrespondingregionsin CC andMLO views. They �rst determined
all possibleregion pairsconsistingof oneregion from the MLO view andoneregion
from the CC view. Eachpair was identi�ed aseithera true masspair or a falsemass
pair. A true masspair consistsof two regionswhich areboth projectionsof the same
masslesion.A falsemasspair is a pair of regionsin which eitheroneis a falsepositive
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detectionor—in casemultiple tumoursarepresentin the samebreast—inwhich both
regionsindicatedifferentmasslesions.For eachpairmulti view featureswerecalculated.
A Bayesiannetwork classi�edall pairsexclusively on thesefeatures.Resultsshow that
multi view informationwas useful to discriminatebetweentrue and falsemasspairs.
Paqueraultet al. (2002)useda similar technique,but insteadof usingonly multi view
featuresthey useda fusionschemeto combinethe classi�er scorefrom the multi view
featureswith the singleview detectionscore. They found that the fusion information
from the two view detectionschemeimproved the lesiondetectabilityandreducedthe
numberof falsepositivescomparedto theoneview scheme.VanEngelandet al. (2002,
2006) also worked on the combinationof information from MLO and CC views. In
2002they developeda matchingalgorithmthatusedfeatureprobabilitydistributionsto
link suspiciousregions in CC andMLO views. Resultsfrom this studyshow that the
combinationof featurevectorsfrom both views slightly improved the massdetection
performance.Recentlythey presenteda new matchingalgorithmthat correctly linked
all true positive detectionsin 82% of the cases.They however found that the gain in
detectionperformancewasratherlow (VanEngelandetal. 2006).

Left and Right Views. Somestudieshavebeendoneto evaluatetheuseof information
from left andright views. In generaltheleft andright breastsof awomanaremoreor less
symmetric.An asymmetricappearancecanbesuspicious,dependingon theunderlying
cause.A commoncauseof anasymmetricappearanceis thepresenceof a visible mass
lesionin oneview. Accordingto theBI-RADS system,thatis usedto guidebreastcancer
diagnostics,the word asymmetryshouldbe reserved for caseswherethe left andright
breasthave anasymmetricappearancewithout thepresenceof a clearlyvisible massle-
sion(D'Orsi & Kopans1997).TheBI-RADS systemdiscriminatesbetweenasymmetric
breasttissueandthepresenceof a focal asymmetricdensity. Asymmetricbreasttissue
is de�ned relative to thecontralateralbreastasagreatervolumeof breasttissue,greater
densityof breasttissue,or moreprominentducts.Asymmetricbreasttissueis presenton
3%of all mammogramsandis nearlyalwaysbenign(Piccolietal. 1999).A focalasym-
metric densityis visible asan asymmetryof tissuedensity, but completelylacking the
conspicuityof a truemass.A focal asymmetricdensityis suspiciousasit mayrepresent
amasslesionwith ill-de�ned or obscuredborders.

SomeCAD programmeshavebeendevelopedto determinethedegreeof asymmetry
betweenright andleft breasts.Theseprogrammesoften aim to �nd all kinds of asym-
metries,in particularasymmetrydueto thepresenceof amasslesionin oneview, asthis
is suspiciousfor thepresenceof a malignancy. Theconventionalapproachis asfollows.
First left andright imagesareregistered,for instanceby matchingthebreastboundaries
of eachimage.This resultsin a mappingbetweenthetwo imagesandmakesit possible
to comparefeaturesfrom correspondinglocationsin left andright breasts.Themethods
differ in their choiceof imagefeaturesusedfor measuringlocal asymmetry. Yin et al.
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(1991)andKarssemeijer& TeBrake(1998)usedbrightness;Lau& Bischof(1991)used
brightnessandtexture.Karssemeijer& TeBrake(1998)only foundasmallbene�t when
usingasymmetryasanadditionalfeaturein theirdetectionscheme.Insteadof comparing
all locationsbetweenleft andright breasts,radiologistsoftencompareanatomicallysim-
ilar regionsin bothbreasts.Miller & Astley (1993)usedthis approachin a preliminary
studyandcomparedcorrespondingnon fat regions in left andright breasts.For each
region they calculatedshape-andgrey-level characteristics.They measuredthedegree
of asymmetryas the differencebetweenfeaturevaluesof correspondingregions. On
a small set they found that theseasymmetrymeasureswereuseful for the detectionof
masses.To our knowledge,however, no furtherstudieshave beenpublishedsincethen
thatcon�rm theusefulnessof asymmetryfor automateddetectionof breastlesions.

1.8 Temporal Changesin BreastTissue

The goal of this thesisis to designa CAD systemthat capturesuseful temporalinfor-
mationandto investigatethepossiblebene�ts of this approach.Oneof the reasonsfor
temporalchangesin thebreastis thegrowth or developmentof a lesion.Besideschanges
duetodevelopinglesionsotherfactorsalsoin�uencebreasttissueatagiventimeandmay
thuschangetheradiographicappearanceover time. Thesefactorsincludeageing,invo-
lution, hormonalinteractions,andlifestyle indicatorssuchasdietandexercise(Heine&
Malhotra2002).Thereforewhencomparingpreviousandcurrentmammograms,radiol-
ogistsshouldtake into accountnormalchangesthatoccurin breasttissue.

At themomentmostradiologistscomparecurrentmammogramswith previousones
to improve the detectionof tumoursand to reducethe numberof falsepositive inter-
pretations. Several studiescon�rm the usefulnessof this approach.In a recentstudy
Roelofsetal. (2006)retrospectively determinedthein�uenceof comparingcurrentmam-
mogramswith priors on breastcancerdetection.Twelve experiencedradiologistseach
read160mammograms,oncewith andoncewithout usingprior mammograms.Results
obtainedin thisstudyshow thatthenumberof falsepositivedetectionswasreducedwith
onaverage44%whenpriorswereusedwhile maintainingthesamesensitivity level. Ac-
cordingto Callaway et al. (1997)the presenceof previous mammogramssigni�cantly
reducesthe numberof additionalexaminationsand ultrasoundexaminations. Bassett
et al. (1994)reviewed 1432randomlyselectedscreeningmammography examinations
andevaluatedtheeffect of having priorsandfoundthata comparisonwith previousex-
aminationshasa positive impacton clinical managementandcancerdetectionin a lim-
ited numberof cases.White et al. (1994)foundthatpreviousmammogramsarejudged
valuablein interpretingcurrentstudiesin 89% of the cases.Somestudiesalso inves-
tigatetheadditionaltime andcostinvolved in obtainingpreviousmammograms.When
prior mammogramshaveto beobtainedfrom otherfacilitiesthismayresultin substantial
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labourandcost(Bassettet al. 1994). In thefuturetheuseof FFDM andPACSsystems
will reducethesecostsconsiderably. Thismayleadto amorepositivecost-effectiveness
analysis.Furthermore,whenprior mammogramsareeasilyavailable,CAD systemsthat
measuretemporalchangescanbeimplementedmoreeasilyaswell.

Consideringthe positive effect of prior views for radiologistswe expect that CAD
systemsmay improve aswell whentemporalinformationis used.Theuseof temporal
informationmayimprove thedetectionandclassi�cationperformanceof aCAD system
for thefollowing reasons.First,comparingthecurrentmammogramwith mammograms
from previousscreeningroundsmaybring to attentionsubtlesignsof malignancy such
asa smallmassor new or increasingcalci�cations (White et al. 1994). Thesechanges
beoverlookedif thepreviousmammogramis notavailablefor comparison.Radiologists
oftenusethis techniqueto detectdevelopingabnormalities.CAD programmescanalso
implementthis techniqueto increasethe numberof true positive detections.Second,
suspiciousregionson thecurrentview canbeevaluatedmorepreciselywhenthis region
is comparedwith thecorrespondingregion on thepreviousview. For example,if a mass
is detectedon thecurrentview, a radiologistor CAD systemcanusethepreviousview
to determinewhetherthis lesion is new or alreadyexisted. If the masswas already
visibleon theprior, thesizeandthecontrastof bothlesionscanbecomparedto estimate
the malignancy of a lesion. A third advantageof usingprior mammogramsfor CAD
systemsis thatadditionalcluescanbefoundto remove falsepositive detections.Many
falsepositivedetectionsarecausedby mammographicstructuresthatarepresentonboth
currentandprior mammograms.Thesestructureswill haveasimilarappearanceonboth
mammograms.Examplesare crossingvesselsand benignlymph nodes. Analysis of
temporalchangescanbeusedto measurethesimilarity betweentheregion on prior and
currentviews. Whenbothregionsaresimilar, it is likely thattheregionrepresentsafalse
positivedetectionor aslowly growing benignmass.

1.9 Nomenclature

In thissectionweclarify somenomenclaturethatweusein this thesis.

Case A caseincludesall availablemammogramsof onewoman. Figure1.3 shows a
casethat includesthe mammogramsfrom threeconsecutive mammographicexams. A
mammogram includesall imagesobtainedat the sametime. Mammogramsoften con-
tain two or four views. A two view mammogramusuallyconsistsof the right andleft
MLO view, whereasa four view mammogramconsistsof left andright MLO andCC
views. Therearetwo typesof mammography exams:screeningandclinical. Screening
mammography is anx-ray examinationof thebreastsin anasymptomaticwoman(that
is thewomanhasno complaintsor symptomsof breastcancer).Whena radiologistsees
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Figure 1.3: Exampleof threeconsecutivemammographic examsof the samewoman.
Mammogramsare displayedin chronological order. Thebottomrow representsthedi-
agnosticmammogram, this is eithera referral or a clinical mammogram. A malignant
lesion is presentin the left-MLO image of the diagnosticmammogram and its corre-
spondingprior mammogram.Themammogramsfromtwo consecutivescreeningrounds
forma temporal mammogrampair. Thiscaseprovidestwo temporal mammogrampairs.
Thebottomand middlerowsshowthe �r st mammogram pair, in which the diagnostic
mammogram representsthe current mammogram. This mammogram pair consistsof
two temporal image pairs (left andright MLO current-prior) and two singleviews(left
andright CC).Thetopandmiddlerowsformthesecondmammogrampair, in which the
mammogramprior to diagnosisrepresentsthecurrentmammogram. Thismammogram
pair containstwo temporal imagepairs (left andright MLO current-prior).
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anabnormalityona mammogramhewill referthewomanfor furtherexamination.This
lastscreeningmammogramis thereforecalleda referralor recallmammogram.Clinical
mammography on theotherhandis anx-ray examinationof thebreastin a womanwho
eitherhasa breastcomplaint(for instancea breastlump foundduringself-exam)or has
hadanabnormalityfoundduringscreeningmammography. Cancersthataredetectedbe-
tweentwo screeningroundsarecalledinterval cancers.Whenatumouris presentwecall
themostrecentmammogramthediagnosticmammogram.For screendetectedcancers
this is thereferralmammogram;for interval cancerstheclinical mammogram.

Mammogramsfrom previousscreeningroundsarecalledprior or previousmammo-
grams.Whenthemammogramsfrom morethanoneprior screeningroundareavailable,
wesometimesnumberthem.Prior I indicatesthemostrecentprior mammogram,prior II
thesecondmostrecentprior mammogramandsoon.

An expert radiologistre-examinedall mammogramsin our databaseand indicated
possiblybenignandmalignantlesions.All malignantlesionswerecon�rmed by biopsy.
All benignlesionswere either proven by biopsy or by additionalassessmentsuchas
ultrasoundor follow-up. Other�ndings wereassumedto containnopathologyandwere
classi�edasfalsepositivedetections.

Temporal Pairs To determinetemporalchangesweoftenusemammogramsfrom two
consecutivescreeningrounds.Theseform atemporalmammogrampair. Thecasein Fig-
ure1.3containstwo temporalmammogrampairs.In eachtemporalpairwecall themost
recentmammogramthe current mammogramand the mammogramfrom one screen-
ing roundearlier the prior or previousmammogram.The �rst temporalmammogram
pairsconsistsof a diagnosticmammogramandthe mammogramonescreeninground
prior to diagnosis,theprior I mammogram.In this temporalpair we call thediagnostic
mammogramthecurrentmammogramandtheprior I mammogramtheprior or previous
mammogram.Thesecondmammogrampairconsistsof theprior I andtheprior II mam-
mogram.In this pair we call theprior I mammogramthecurrentmammogramandthe
prior II mammogramtheprior one.

Lesions A breastlesionis a lumpor massthatis eitherfelt by palpationor hasbeende-
tectedby mammography. Mammographicallywedistinguishthreetypesof masslesions:
focal masslesions,architecturaldistortionsandasymmetry. Histologically lesionscan
beclassi�ed asbenignor malignant.A region or �nding is a segmentedareainsidethe
breastthathasbeendetectedby a radiologistor a CAD system.This region cancontain
a benignlesion,a malignantlesion,or normalbreasttissue.In the lastcasewe call this
regiona falsepositivedetection.
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1.10 Overview of this Thesis

This thesisis organisedasfollows. Chapter2 describesour generalCAD programme.
This programmedetectssuspiciousregionsinsidethe breastandassignseachregion a
measurerepresentingthelikelihoodthattheregion containsa masslesion,theso-called
masslikelihood. Thenext stepin theCAD programmeis thesegmentationof suspicious
regions.In Chapter3 we developa segmentationalgorithmbasedon dynamicprogram-
mingandcomparetheef�ciency of thisalgorithmwith othersegmentationmethodsfrom
literature.

In Chapter4 we analysethetemporalbehaviour of masslesions.First we determine
for eachlesion whetherit is visible on previous views or not. When a lesion is not
visibleon theprior view wedeterminea locationontheprior view thatcorrespondswith
the locationof the lesionon thecurrentview. We thendeterminefeaturesfor prior and
currentregions and study which featureschangeduring time and which featuresstay
constant.We alsoinvestigatedifferencesin temporalbehaviour betweenlesionsthatare
visibleon theprior view andlesionsthatarenot.

Chapter5 to 7 presenta CAD programmethat includestemporalinformation. As a
�rst stepeachregiononthecurrentview is linkedto acorrespondinglocationontheprior
view. Chapter5 describesa regional registrationmethodto accomplishthis. The next
stepsof thetemporalCAD programmearesegmentationof prior regionsandcalculation
of temporalfeatures.Temporalfeaturesaimto measurechangesandsimilaritiesbetween
a region on the currentview andthe correspondingregion on the prior view. We use
two kinds of temporalfeatures:differencefeaturesandsimilarity features.Difference
featurescalculatethe(relative) changebetweenfeaturevaluesof thecurrentregion and
featurevaluesof theprior region. Similarity featuresmeasurewhetherbothregionsare
comparablein appearance.Chapter6 and7 evaluatetheeffect of temporalfeatureson
theperformanceof aCAD systemfor thedetectionandcharacterisationof masslesions.

The last chapterinvestigatesthe potentialcontribution of a temporalCAD system
in clinical practiceto help radiologistwith the taskof masscharacterisation.For this
purposewe comparethe following threereadingmodes: single reading, independent
readingwith CADandindependentdoublereading.





Chapter 2

SingleView Computer Aided
Diagnosis1

In this chapterwe explain our single view computeraideddiagnosis(CAD) system.
Figure2.1 givesan overview of the whole method. We startwith applyingsomepre-
processingalgorithmsto eachmammographicimage:segmentationof thebreastbound-
aryandthepectoralmuscle,peripheralenhancementandpectoralfading.Thenweapply
a pixel level massdetectionalgorithmthat calculatesseveral featuresat eachlocation
in the breastarea. A neuralnetwork classi�er combinesthesefeaturesinto a single
score,theso-calledmasslikelihood, which indicateswhetherthe locationis suspicious
for containinga massor not. After thatwe selectthemostsuspiciouslocationsfor fur-
ther processing.This includessegmentationof the imageat the selectedlocationsand
calculationof featuresfor eachsegmentedregion. Finally a secondclassi�er combines
thesefeaturesinto a malignancyscore that representsthe likelihoodthat the region is
malignant.Weusethisscoreto evaluatetheeffectivenessof ourCAD programme.

2.1 Pre-processing

Thesingleview CAD programmecontainsthreepre-processingsteps.Theseareillus-
tratedin Figure2.2. In the�rst, theimageis segmentedinto breastareaandbackground
region. For this purposewe usean algorithmdevelopedby Karssemeijer(1998). This
algorithmappliesa global thresholdingtechniqueto segmentthebreasttissuefrom the
background.Thenthelocationof thepectoraledgeis determined.As theacquisitionof
mammogramsis a standardprocedure,we canindicatea region of interest(ROI) where

1A partof thisChapterhasbeenpublishedin Varelaetal. (2006)
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Figure 2.1: Overview of single view CAD
method



2.1 PRE-PROCESSING 25

the pectoraledgeis probablylocated. Inside this ROI we calculatethe gradientmag-
nitudeanddirection� by applyingthe 3x3 Sobeloperator. We transformthis gradient
imageto Houghspaceusingthefollowing line parametrisation:

� = m sin(� ) + n cos(� ):

Therangeof theparameter� is constrainedby themeasuredgradientdirection� m;n at
location(m; n) by:

j� m;n � � j < � �:

After having processedall pointsin theROI wediscretisetheHoughspaceresultingin a
setof boxes,theso-calledHoughaccumulators.Eachline incrementsacount(initialised
atzero)in thecorrespondingHoughaccumulatorwith weightfactorw, wherew is based
on the gradientmagnitude. After consideringall pixels inside the ROI, we selectthe
Houghaccumulatorwith thehighestvalue. Theselectedpeakin Houghspaceis back-
projectedin the imagespace. The resultingstraightline representsthe pectoraledge
whichsegmentsthepectoralregion from therestof thebreastarea.

Figure 2.2: Left the original image is shown. Themiddle �gur e showssegmentation
of the image into breastarea—includingpectoral muscle(white)—andbackgroundtis-
sue(black). Theright �gur e showsthe pre-processedimage after pectoral fading and
peripheral enhancement.

In thenext pre-processingstepweadjustthegrey valuesof thepectoralregion to the
grey valuesof restof thebreastareato make theboundaryregion morehomogeneous.
Without this adjustmentproblemscanarisewhencalculatingcontrastmeasurementsfor
tumoursthatarepartly insideandpartly outsidethepectoralregion. Thealgorithm�rst
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calculatesthemeangrey valueof all pixelsinsidethepectoralregionwith equaldistance
to the pectoraledge. Thenthe pixels insidethe pectoralregion with distanced to the
pectoraledgearenormalisedas:

~y = y + y(0) � y(d);

where~y is thenormalisedgrey value,y theoriginalgrey value,y(d) themeangrey value
of all pixelsin thepectoralregionwith distanced to thepectoraledgeandy(0) themean
grey valueof all pixelsthatareexactlyon thepectoraledge.

Finally, in thelastpre-processingstep,weapplyaperipheralenhancementalgorithm
to thebreastareato correctfor differencesin tissuethickness.Thisalgorithmstartswith
calculatingfor eachpixel thedistanceto thebreastboundary. Themaximumdistanceis
denotedby dmax . Next we determinethemeangrey valueg1 andminimumgrey value
g2 of all pixelswith adistanced > 2

5 dmax . We thende�ne a thresholdT as

T =
1
2

(g1 + g2)

andadjustall pixels insidethemammogramfor which thesmoothedgrey valueys < T
as:

yp = ~y + (T � ys);

whereys is obtainedby smoothingtheoriginal imagewith aGaussian�lter with asigma
of 5 mm. Thegrey valueafterpre-processingis givenby yp.

2.2 Pixel Level MassDetectionAlgorithm

After pre-processingwe applya pixel level massdetectionalgorithmto all pixels in the
breastarea. This algorithm calculatesat eachlocation two featuresfor the detection
of stellatelesionsandtwo featuresfor thedetectionof focal masses.A neuralnetwork
classi�ercombinesthesefeaturesinto theso-calledmasslikelihood, whichrepresentsthe
likelihoodthatamassispresentatthatlocation.Below weshortlydescribethealgorithm,
for detailssee(TeBrake& Karssemeijer1999)and(Karssemeijer& TeBrake1996).

Featuresto DetectStellateLesions We usetwo featuresto detectspiculation,asthis
is a characteristicfeatureof malignantlesions. The spiculationfeaturesarebasedon
the idea that stellatelesionsshow a patternof lines directedtowardsthe centrepixel
of a lesion. To determinewhethera spiculatedlesion is presentat a certainlocation
(m; n) insidetheimage,wede�ne acircularneighbourhoodaround(m; n). Weestimate
the line orientationat eachlocationinsidethis neighbourhoodusingdirectionalsecond
order Gaussianderivatives. For spiculatedlesionsmost pixels in this neighbourhood
will have a line orientationtowardsthe centrepixel (m; n). The �rst featuref 1 is a
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normalisedmeasureof thefractionof pixelswith a line orientationdirectedtowardsthe
centrepixel. Wecall thissetof pixelsF . For thesecondfeaturef 2 wedividethecircular
neighbourhoodinto 24 angularsections.This featuremeasuresto whatextentthepixels
in setF areuniformly distributedamongall angularsections.

Featuresto DetectFocal MassLesions Theapproachfor thedetectionof focal mass
lesionsis similar to theoneusedfor thedetectionof spicules.We�rst de�ne aroundeach
location(m; n) in the imagea circularneighbourhood.Next we determinethegradient
orientationsateachlocationin thisneighbourhood.Whena focalmasslesionis present,
pixels in this neighbourhoodwill have a gradientorientationtowardsthe centrepixel
(m; n). Otherwisethegradientdirectionswill berandom.We derive thefollowing two
featuresfrom the calculatedgradientorientations.The �rst featureg1 is a normalised
measureof the fraction of pixels with a gradientdirectionpointing towardsthe centre
pixel. We call this setof pixelsG. Thesecondfeatureg2 indicateswhetherthepixelsin
setG areuniformly distributedamongall angularsections.

MassLik elihood A simple3-layerfeed-forwardneuralnetwork trainedonknown ab-
normalitiesclassi�eseachpixel usingtheabovedescribedfeatures.Theclassi�er output
representsthe likelihoodthat a massis presentat that location. Thereforewe call this
classi�er outputthe masslikelihood. The correspondingimageis calledthe likelihood
image, seefor examplethemiddlerow imagesin Figures6.2 and6.3. In the likelihood
imageeachpixel is assigneda grey valuecorrespondingwith themasslikelihood, such
that high grey valuesindicatesuspiciouslocationsandvice versa. We slightly smooth
the likelihood imageand thenselectlocationswith a high masslikelihood for further
processing.Whena selectedlocationis closerthan1 cm from anotherselectedlocation
we remove theleastsuspiciousselectionaswe expectthatbothselectionsbelongto the
samesuspiciousregion. We apply the methodat a high sensitivity level to ensurethat
mostmasslesionsarefound.Theaveragenumberof selectedlocationsperimageis ten.

2.3 RegionSegmentationand FeatureCalculation

Thenext stepin theCAD programmeconcernssegmentationof theimageat theselected
locationsandfeatureextraction.For segmentationwedevelopedanew methodbasedon
dynamicprogramming.Chapter3 describesthis methodin detail. After segmentation
differentfeaturesarecalculatedfor eachregion: local areafeatures,region features,and
borderfeatures.Localareafeaturesonly dependon theselectedlocation.Thesefeatures
arethusindependentof thesegmentation.Region andborderfeatureson theotherhand
do dependon the contour. Region featuresrepresentcharacteristicsof the segmented
region; border featuresspeci�cally aim at characterisingthe borderof a region. We
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usethesefeaturesfor eitherthedetectionof masslesionsor for discriminatingbetween
benignandmalignantlesions.

2.3.1 Local Ar eaFeatures

Table2.1summarisesthelocalareafeaturesusedin thesingleview CAD programme.

LocalSpiculationMeasures

f 1 presenceof spiculation:concentrationof spicules

f 2 presenceof spiculation:angulardistributionof spicules

LocalMassMeasures

g1 presenceof a focalmass:gradientconcentration

g2 presenceof a focalmass:angulargradientdistribution

MassLikelihoodMeasures

l masslikelihood,presenceof amasslesion

l2 masslikelihoodrelative to location1 to 5

l3 masslikelihoodrelative to location4 to 8

LocationFeatures

relx relativex location

rely relativey location

skindist shortestdistanceto theskin line

pectdist shortestdistanceto thepectoraledge

Table 2.1: Descriptionof the local area features usedin our CAD programme. We
calculatethesefeaturesat themostsuspiciouslocationsin thebreastarea.

Local Spiculation Measures For eachselectedlocationwe determinethe local spic-
ulation measuresf 1 andf 2, seeSection2.2. Thesefeaturesmeasureto what extent a
stellatepatternis present.

Local Mass Measures For eachselectedlocationwe determinethe local massmea-
suresg1 andg2, which representthepresenceof a focalmasslesion,seeSection2.2.

MassLik elihood Measures The�rst masslikelihoodmeasurel—seeSection2.2—is
the output from the neuralnetwork classi�er and indicateswhethera location is sus-
picious for containinga masslesion. Other masslikelihood measuresdeterminethe
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suspiciousnessof a locationrelative to otherlocationsin thebreastarea.Whenmultiple,
equallysuspiciouslocationsarepresentin thebreastarea,thismightbedueto properties
of glandulartissue.A singlesuspiciouslocationon theotherhandis morelikely to rep-
resenta realmasslesion.Thereforewe �rst numberall suspiciouslocationsin thebreast
areain orderof increasingmasslikelihood,wherethemostsuspiciouslocationis called
loc0, the secondmostsuspiciouslocation loc1, andso on. We determinetwo relative
likelihoodmeasuresl1 andl2 by scalingthemasslikelihoodl with masslikelihoodmea-
suresof otherselectedlocationsin the image.For l2 we scalethemasslikelihoodwith
theaveragemasslikelihoodof loc1 to loc4. For l3 wescalethemasslikelihoodwith the
averagemasslikelihoodof loc5 to loc8.

Location Features Malignantlesionshave a preferenceto develop in theupperouter
quadrantof the breast(Caulkin et al. 1998). Thereforewe includesomefeaturesthat
indicatethe location relative to the pectoraledge. For this purposewe de�ne a new
coordinatesystemwhichdiffersfor mediolateraloblique(MLO) andcraniocaudal(CC)
views. In MLO views the �tted pectoraledgeserves as the y-axis, in CC views the
chestwall boundaryof the imageis taken as the y-axis. For both views the x-axis is
the line perpendicularto the y-axis that hasthe longestdistancefrom the y-axis to the
breastboundary. Thenew coordinatesystemde�nestherelative x- andy-locationof the
centreof eachregion. To compensatefor differencesin breastsizethesecoordinatesare
normalisedwith theeffective radiusof thebreastr =

p
A=� , whereA is thesizeof the

segmentedbreastregion.

2.3.2 RegionFeatures

For eachregion we de�ne thefollowing threesections:thesegmentedregion itself, the
borderregion, andthesurroundregion. Thesegmentedregion containsall pixels inside
thecontour. Theborderregion formsa narrow bandalongthecontourandcontainsall
pixels with a distanceof lessthan1 mm to the contour, insideaswell asoutsidethe
segmentedregion. Thusincluding the contourthe width of this bandis about2.2 mm.
The surroundconsistsof all pixels outsidethe segmentationwith distanceof lessthan
0:6r from the contour, wherer is the effective radiusof the segmentedregion. The
surroundis abouttwice thesizeof thesegmentedregion. Figure2.3shows a segmented
region andits surround.Table2.2summarisestheregion features.In thesequelwe use
the following notation. We denotethe setof pixels in the segmentedregion by I , the
setof pixelson thecontourby C, andthesetof pixels in thesurroundby S. N (X ) is
thenumberof pixels in setX . Themeangrey level of thepixels in setX is denotedby
y(X ), thegrey level standarddeviationof thepixelsin setX by � (yjX ).
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Figure 2.3: A segmentationalgorithm determinesa contourfor each region. Thesur-
roundconsistsof all pixelswithin a distanceof 0:6r from the contour, where r is the
effectiveradiusof thesegmentedregion.

SpiculationFeatures

f 1 meanvalueof f 1 insidesegmentedregion I

f 2 meanvalueof f 2 insidesegmentedregion I

FocalMassFeatures

g1 meanvalueof g1 insidesegmentedregion I

g2 meanvalueof g2 insidesegmentedregion I

DenseTissueFeatures

DB fractiondensetissuein wholebreastarea

DS fractiondensetissuein surroundS

l l(I ) likelihoodratiobetweenD andF of segmentedregion

l l (S) likelihoodratiobetweenD andF in surroundS

l ldif f ratiobetweenL(I ) andL(S)

ContrastFeatures

Int meangrey valueof segmentedregion I

C1 contrastdifferencebetweenregionsI andS

C2 normalisedcontrastdifference

C3 contrastdistancebetweenregionsI andS

C4 relativecontrastdifference

C5 relativecontrastdifference

Table2.2: Descriptionof regionfeaturesusedfor detectionandclassi�cation. I denotes
thesegmentedregion,S thesurround.F andD indicatethesetof pixelsin thefattyand
densepartsof thebreast.



2.3 REGION SEGMENTATION AND FEATURE CALCULATION 31

GrayLevel Variance

var1 grey level varianceof region I

var2 differencein grey level variancebetweenI andS

var3 grey level variancein I relative to fatty tissue

var4 grey level variancein I relative to densetissue

LinearTexture

T1 presenceof lineartexturein I

T2 presenceof lineartexturein I , normalised

T3 presenceof lineartexturein S

BorderFeatures

BC continuityof theborderof thesegmentedregion

F D average�rst orderdirectionalderivative alongborder

SD averagesecondorderdirectionalderivative alongborder

Other

I D iso-densenessof thesegmentedregion

size areaof segmentedregion I

circularity (perimeter)2/size

pect locationin pectoralareaor not

Wolfe estimatedWolfe class

MC numberof micro-calci�cationspresentin I

Table 2.2: (cont.)Descriptionof region featuresusedfor detectionandclassi�cation. I
denotesthesegmentedregion,S thesurround.F andD indicatethesetof pixelsin the
fattyanddensepartsof thebreastrespectively.

Regional Spiculation Features For both local spiculationmeasuresf 1 and f 2 we
determinetheaveragevalueinsidethesegmentedregion. We call thesefeaturesf 1 and
f 2.

Regional Mass Features For both local massmeasuresg1 andg2 we determinethe
averagevalueinsidethesegmentedregion. Wecall thesefeaturesg1 andg2.

DenseTissueFeatures Densetissuefeaturesprovide informationaboutthepresence
of densetissuein the segmentedregion and its surround. We usea Gaussianmixture
modelto estimatethedistributionof fattyanddensetissuein thebreastarea(Karssemei-
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jer 1998).Basedon this modelwe segmentthebreastinto a fatty partanda densepart,
indicatedby F andD respectively. The �rst two densefeaturesrepresentthe fraction
densetissuein thewholebreastB andin thesurroundS:

DB =
Nd(B )

Nd(B ) + N f (B )

and

DS =
Nd(S)

Nd(S) + N f (S)
;

whereNd(X ) andN f (X ) arethenumberof denseandfatty tissuepixels in thesetX .
For thedenseandfatty partsof thebreastwe calculatethemeangrey level andthegrey
level variance.Thenwedeterminefor eachgrey valuey thelog likelihoodratiobetween
bothtissuetypes:

l l (y) =
(y � y(F ))2

� 2(yjF )
�

(y � y(D ))2

� 2(yjD )
+ log(� (yjF )) � log(� (yjD ))

Thethird l l (I ) andthefourthfeaturel l (S) givethemeanvalueof thelog likelihoodratio
in thesegmentedregion I andthesurroundS. Thelastfeatureis theratiobetweenl l (I )
andl l (S):

l ldif f = l l (I )=l l (S)

Intensity and Contrast Features The contrastof a region is a useful featuresince
tumourtissueabsorbsmoreX-raysthanfat andalsoslightly morethanglandulartissue.
The�rst contrastfeatureis themeangrey level of thesegmentedregion,

Int = y(I ):

We de�ne � ve distancemeasuresto indicatedifferencesin contrastbetweenthe seg-
mentedregionandits surround.The�rst distancemeasureis thedifferencein intensity:

C1 = y(I ) � y(S):

The seconddistancemeasureis the squareddifferencein intensity betweenthe seg-
mentedregionandits surround,dividedby bothstandarddeviations,

C2 =
(y(I ) � y(S))2

� (yjI ) + � (yjS)
:

The third distancemeasurerepresentsthedistancebetweenthegrey level histogramof
thesegmentedregionandthesurroundarea,

C3 =
X

y

jH (yjI ) � H (yjS)j;
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whereH (yjX ) denotesthefractionof pixelsin setX with intensityvaluey. To limit the
numberof entries,we divide theintensityrangeinto 82 bins,eachcontaininga rangeof
50 grey values.Thefourth and�fth measurecalculatethecontrastdifferencerelative to
somedensetissueparameters,

C4 =
y(I ) � y(S)
y(D) � y(F )

; C5 =
y(I ) � y(S)

� (yjF )
:

Variance Malignantmassesoftenshow little grey level variancecomparedto normal
breasttissue.Thereforewe de�ne somefeaturesbasedon thegrey level varianceof the
segmentedregion and its surround. The �rst featureis the grey level variancein the
segmentedregion,

var1 = � 2(yjI ):

The secondfeatureis the ratio betweenthe variancein the segmentedregion and its
surround,

var2 =
� 2(yjI )
� 2(yjS)

:

The third andfourth featurecalculatethe grey level varianceof the segmentedregion
relative to thevariancemeasuredin thefattyor densepartsof thebreast,

var3 =
� 2(yjI )
� 2(yjF )

; var4 =
� 2(yjI )
� 2(yjD )

:

Linear Texture Normal breasttissueoften hasdifferent texture characteristicsthan
tumour tissue. Karssemeijer& Te Brake (1996) developedthreetexture measuresto
capturelinearstructuresastheseoftenindicatethepresenceof normalbreasttissue.To
determinethesefeatureswe needthe mapof line orientationsandmagnitudesthat we
constructedfor calculatingour spiculationmeasures,seeSection2.2. This map con-
tains for eachlocation in the breastareaa vector representingthe line orientationand
magnitude.We computethis mapat two differentscalesusingsecondorderGaussian
derivativeswith a sigmaof 0.3 mm anda sigmaof 0.6 mm. We thensumall vectorsin
the insideregion usingthe doubleanglerepresentation,resultingin a �nal sumvector.
Next we calculatethreedifferentlinear texture features.The �rst texture featureT1 is
themagnitudeof thesumvector. ThesecondtexturefeatureT2 is themagnitudeof the
sumvectordivided by the sumof the magnitudesof all vectorsin the segmentedarea.
Thethird texturefeatureT3 is themagnitudeof thesumvectorin thesurroundareaS.

Iso-denseness Whendarkareasarepresentinsidea segmentedregion it is likely that
the region is a normalstructure.Tumourson the otherhandareoften densecompared
to thesurroundingtissue.Te Brake et al. (2000)developeda featurethatmeasuresthe
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“denseness”of a segmentedregion comparedto the surroundregion. This feature�rst
determinesa thresholdt that indicatesthemaximumof the10%lowestgrey valuesthat
arefoundinsidethesegmentedregion:

t = argmax
k

kX

y=0

H (yjI ) < 0:1:

The iso-densenessfeatureis the fraction of pixels in the surroundareaS with a value
lower thanthethresholdt:

I D =
tX

y=0

H (yjS):

A valuecloseto oneindicatesahigh likelihoodfor thepresenceof a tumour.

Mor phological Features We includetwo morphologicalfeatures.The�rst oneis the
size(area)of thesegmentedregion. Studiesshow thatmalignantmasseson averageare
largerthanbenignones(Timp et al. 2005).Thesecondmorphologicalfeaturemeasures
to whatextentthesegmentedregionis circularlyshaped.Weincludethis featurebecause
benignmassesoftenhave a roundor oval shapecomparedto a moreirregularshapeof
malignantmasses.Wede�ne circularityas

c = p2=A;

wherep is theperimeterandA thesizeof theregion.

Pectoral Overlap This featurequanti�es to what extent the segmentedregion is lo-
catedinsideor nearthepectoralarea.

Presenceof Micr o-calci�cations. Thepresenceof micro-calci�cationsat thelocation
of amasslesionis asignof malignancy. Thereforeweuseaprogrammefor thedetection
of micro-calci�cations(ImageChecker, R2Technology, Sunnyvale(CA)). As featurewe
usethenumberof calci�cationsfoundin thesegmentedregion.

Wolfe Class Studiesshow that thereis a relationbetweenparenchymal patternsand
therisk of developingbreastcancer. Wolfe de�ned four typesof parenchymal patterns,
rangingfrom fatty to predominantlydensebreasts.We usean automatedprogramme
from Karssemeijer(1998)to classifyeachbreastasoneof theseparenchymal patterns.
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Border Features Borderfeaturesareespeciallyusefulto discriminatebetweenbenign
andmalignantlesions.Mostbenignlesioncanbecharacterisedascircumscribedor well-
de�nedlesions.Marginsof theselesionsaresharplydemarcatedwith anabrupttransition
betweenthe lesionandits surroundingtissue,which re�ects theabsenceof in�ltration.
Malignantlesionson theotherhandoftenhave ill-de�ned or spiculatedborders.There-
forewedesignedsomequantitativemeasuresthatindicateto whatextentthemargin of a
lesionis continuousandcircumscribed.Thesefeaturesaredescribedin detail in (Varela
etal. 2005).

2.4 Classi�er Training and Testing

The last stepof the CAD programmeinvolvestraining andtestinga classi�er. To this
endwe�rst selectasubsetof featuresappropriatefor thetaskof theCAD system,which
is either detectingmassesor classifyingmassesas benignor malignant. A classi�er
trainedon known abnormalitiescombinesthe selectedfeaturesinto a so-calledmalig-
nancyscore, which indicatesthe likelihoodthata region is malignant.In this thesiswe
usedifferentclassi�erssuchaslinear discriminantanalysis,SupportVectorMachines,
k-NearestNeighbour, andNeuralNetworks.For furtherreadingthefollowing bookscan
beconsulted:Dudaetal. (2001);Bishop(1995);Ripley (1996);Fukunaga(1990).Train-
ing andtestingof theclassi�erareimplementedusingacross-validationor leave-one-out
schemewherea partof thedatasetis usedfor trainingandtheotherpart for testing. In
thisway trainingandtestingaredonecompletelyindependent.

2.5 PerformanceEvaluation

For performanceevaluationwe useReceiver OperatingCharacteristic(ROC) andFree-
responseReceiver OperatingCharacteristic(FROC) methodology. FROC analysisis
usedwhen the CAD systemaims at detectingmasses;ROC analysiswhen the CAD
systemaims to characterisemasslesionsas benignor malignant. Both methodsare
describedbelow.

2.5.1 Classi�cation of Masses

To evaluatetheperformanceof theCAD systemin classifyingmassesasbenignor ma-
lignantweuseReceiverOperatingCharacteristic(ROC)methodology. Figure2.4shows
anROCcurve. ROCcurvesusuallyplot sensitivity—alsocalledthetruepositivefraction
or TPF—asafunctionof [1-speci�city], calledthefalsepositivefractionor FPF. Wecan
evaluatetheperformanceof a CAD systemcasebased,imagebased,andlesionbased.
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Figure 2.4: ROC curve. Thehorizontalaxisrepresentsthetrue positivefraction(TPF),
theverticalaxisthefalsepositivefraction(FPF).

For imagebasedevaluationweusethemalignancy scoresof singleview imagesto deter-
minetheROCcurve. For casebasedevaluationwecombinethemalignancy scoresfrom
theCC andMLO view into a singlecasebasedscore. Themalignancy scoresareoften
combinedby taking the minimum,maximum,or the averageof all malignancy scores.
Whenthebreastcontainsmultiple lesionsit is betterto do a lesionbasedevaluation.In
this evaluationwe only combinethe malignancy scoresfrom both views whenthe le-
sionsrepresentthesameunderlyingmasslesion.For eachtypeof evaluationwecanuse
theareaundertheROC curve—theAz value—asa performancemeasurefor theCAD
system.A valuecloseto oneindicateshighsensitivity andhighspeci�city.

2.5.2 Detectionof Masses

To evaluatethe detectionaccuracy of CAD systemswe useFROC methodology. Fig-
ure2.5showsanFROCcurve. Thehorizontalaxisindicatestheaveragenumberof false
positive detectionsper image,theverticalaxis thefractionof correctlydetectedmasses
(sensitivity). We usea logarithmic scalefor the x-axis to show the performanceof the
CAD systemata low numberof falsepositivedetectionsperimage.For theFROCcurve
in Figure2.5 we useda datasetconsistingof 500 imagesfrom womenthat have been
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referredduring screening.This �gure shows that almostall tumoursaredetectedat a
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Figure 2.5: FROC curve. Thehorizontalaxis representsthe numberof falsepositive
detections,theverticalaxisthesensitivity.

high falsepositive rate. Screeninghowever asksfor a referralrateof about1-5%. The
detectionpercentageat thisreferralrateis quitelow, whichillustratestheproblemof cur-
rentCAD systems.Figure2.5showsbothimageandcasebasedcurves.For imagebased
analysisweconsideratumourasdetectedwhentheinitial detectionlocationis insidethe
groundtruth. If multiple detectionsarefound insidethesamegroundtruth region they
areconsideredasasinglehit. Wecountdetectionsoutsidethegroundtruthareasasfalse
positives.For casebasedanalysiswe considera tumourasdetectedwhenit is foundon
eithertheCC or theMLO view. To obtainsomequantitative performancemeasurewe
cancalculatetheareaunderthewholeFROC curve or undera partof theFROC curve,
for instancefrom 0.1 to 1.0 falsepositive per image.We canusea logarithmicscalefor
the x-axis whendeterminingthe areaunderthe FROC curve. The advantageof using
a logarithmic scaleis that greaterweight is assignedto the part of the curve wherethe
numberof falsepositive detectionsis low, which correspondswith the operatingpoint
for normalscreeningsituations.





Chapter 3

MassSegmentationbasedon
Dynamic Programming 1

An importantstepin CAD programmesis thesegmentationof mammographiclesions.
After segmentationdifferent featurescan be determinedthat dependon the contour.
Theseinclude the region andborderfeaturesthat have beendescribedin Section2.3.
Examplesaresizeandcontrastof a lesion,or thesharpnessof theborder. This chapter
presentsa robust and fast algorithm to accuratelydeterminethe contourof mammo-
graphiclesions.Furthermorewe comparethis methodwith two well known segmenta-
tion methodsfrom literature: region growing andthe discretedynamiccontourmodel.
Section3.2 explainseachsegmentationmethod. Then,in Section3.3, we describethe
experimentsto evaluatethedifferentsegmentationmethods.In the �rst experimentwe
evaluatethesegmentationperformanceof eachmethodby comparingtheresultingcon-
tour with a manualoutlineof thelesion. In thesecondandthird experimentwe investi-
gatethein�uence of thesegmentationaccuracy ontheperformanceof aCAD systemfor
thedetectionandcharacterisationof masslesions.Section3.4presentstheresults.

3.1 Intr oduction

Globally segmentationmethodsfall into two main categories: region basedand edge
based.Methodsof both categorieshave beenappliedto the segmentationof mammo-
graphicmasses.

The �rst category assignseachpixel to a particularobjector region. Examplesare
split-and-mergealgorithmsandregiongrowing techniques.Regiongrowing is oneof the

1Thecontentof thischapterhasbeenpublishedpreviously in Timp etal. (2002b)andTimp & Karssemeijer
(2004a).

39
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mostpopularsegmentationmethodsandmany differentapproacheshavebeenproposed.
Kupinski& Giger(1998)developedtwo extendedregiongrowing techniques,onebased
on the radial gradientindex and anotherbasedon simple probabilisticmodels. They
testedthesemethodsagainsta conventionalregion growing algorithmusinga database
of biopsyproven, malignantlesionsandfound that the new lesionsegmentationalgo-
rithmsmorecloselymatchedradiologists'outlinesof theselesions.Guliatoetal. (1998)
proposedfuzzy region growing methodsfor segmentingbreastmassesandfurtherclas-
si�ed thesegmentedmassesasbenignor malignantbasedon thetransitioninformation
presentaroundthe segmentedregion. Petricket al. (1999)appliedobjectbasedregion
growing in combinationwith a density-weightedcontrastenhancement�lter to segment
all signi�cant structureswithin thebreast.Region basedsegmentationalgorithmshave
two maindisadvantages.First,smallandlow-contraststructureshaveatendency to grow
into thebackgroundandbecomelargeregionseventhoughtheactualmassis quitesmall.
An exampleis givenin Figure3.1(d).Theregiongrowing methodfails to �nd theborder
of the massandthe resultingsegmentationis too large. Second,structurescontaining
internalgradientsdo not alwaysgrow to the correctborderbut canendup containing
only asectionof thetrueobject.

Thesecondcategory areedgebasedalgorithms.Thesealgorithmsaim at detecting
the boundaryof an object. Most algorithms�rst constructa so-callededge image. In
the edgeimageeachpixel is assigneda value accordingto the edgestrength. Based
on this image,pixels with strongedgesareselectedandlinked to eachother. In most
casesthe linkedpixelswill representobjectboundaries.A disadvantageof theoriginal
edgebasedalgorithmsis thatthesedo not guaranteea closedcontour. To overcomethis
problemanactivecontourmodel(snake)wasdevelopedfor contourdetection.Dynamic
contourmodels(snakes)have becomeenvoguewith thesnake modelof McInerney &
Terzopoulos(1996)andhave sincethenbeeninvestigatedandappliedin variousways.
The snake modelbuilds a deformablecontourconsistingof connectedsplinesegments
andlets thecontourapproximatea desiredform by minimisinganenergy functioncon-
taining internalandexternalenergy. The internalenergy is the bendingenergy of the
spline,theexternalenergy is calculatedby integratingimagefeatures,like thepresence
of linesandedges.Lobregt & Viergever(1995)developedadiscreteversionof thesnake
model (discretecontourmodel)andappliedthis model to medicalimages. The main
drawbackof theseedgebasedmodelsfor thetaskof mammographicmasssegmentation
is that thealgorithmsheavily dependon beinginitialisedwith a contourthat is closeto
theactualboundary. Otherwisethecontourmaystick to the�rst strongedgeit �nds. An
exampleis shown is Figure3.2(c). The initial estimateof thecontour, shown in black,
is too far from themassboundary. As a resultthemodelis not ableto �nd thecontour
andinsteadis attractedto thepectoralmuscle.Anotherknown problemwith deformable
modelsis that the modelmay shrink owing to internal forces,whenthe edgesarenot
strongenoughor too far from theinitial contour.
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(a) Benignmass (b) Manualsegmentation

(c) Discretecontourmodel (d) Regiongrowing

(e) Dynamicprogramming

Figure 3.1: Segmentationresultsfor a benignmass.
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(a) Benignmass (b) Manualsegmentation

(c) Discretecontourmodel (d) Regiongrowing

(e) Dynamicprogramming

Figure 3.2: Segmentationresultsfor a benignmasslocatednearthepectoral muscle.
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Thereareafew studiesthatcomparedifferentsegmentationmethods(TeBrakeetal.
1999;Timp et al. 2002b;Sahineret al. 2001). In a previous studywe comparedthree
segmentationmethodswith manualsegmentation(Timp et al. 2002b). In that study
we did not evaluatethe effect of the segmentationon the classi�cation performance.
Te Brake et al. (1999)comparedthediscretecontourmodelfrom Lobregt & Viergever
(1995)with the region growing algorithmsdevelopedby Kupinski& Giger (1998)and
evaluatedthe methodsby comparingthemto manualsegmentation.Furthermorethey
studiedtheeffect of thesegmentationon thecancerdetectionperformance.Oneof the
region growing methodsandthe discretecontourmodelperformedequallywell in the
segmentationtask. In thedetectionexperimentthediscretecontourmodelhada higher
performancein classifyingeachsegmentedregion asnormalor abnormal.Sahineret al.
(2001)compareda masssegmentationmethodbasedon an active contourmodelwith
manualsegmentationand studiedthe effect of the segmentationon the classi�cation
accuracy. They foundthattheclassi�cationperformanceobtainedwith featuresextracted
from amanuallyor anautomaticallysegmentedregionwerenearlyidentical.

In this studywe develop a new segmentationmethodto overcomethe problemsof
region growing andthediscretecontourmodel. Thenew methodusesbothedgebased
informationaswell asa priori knowledgeaboutthe grey level distribution of an ROI
(region of interest)aroundthe mass.We selectthe bestcontourusingan optimisation
techniquebasedon dynamicprogramming.To testtheperformanceof this method,we
compareourproposedmethodwith regiongrowing andthediscretecontourmodelusing
an areaoverlapcriterion. Furthermorewe studythe effect of the segmentationon the
detectionandcharacterisationof mammographicmasses.

3.2 SegmentationMethods

In this sectionwe describethe threesegmentationmethodsusedin this work. The �rst
subsectiondescribesthedynamicprogrammingapproach.In thesecondandthird sub-
sectionwebrie�y review theregiongrowing methodandthediscretecontourmodel.

3.2.1 Dynamic Programming

Dynamicprogrammingis anoptimisationtechniquethatcanbeusedto �nd theboundary
of objects(Ballard& Brown 1982).For this purposetheboundaryde�nition problemis
�rst formulatedasagraphsearchingproblem.Thedynamicprogrammingalgorithmthen
�nds theoptimalpathbetweena setof startnodesanda setof endnodesof this graph.
Typical applicationsof theuseof dynamicprogrammingin boundarytrackingproblems
aretracingbordersof elongatedobjectslikeroadsandriversin aerialphotographsandthe
segmentationof handwrittencharacters.Medicalapplicationsincludethesegmentation
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of spineboundariesandtracingvesselborders.
In this studywe applydynamicprogrammingto �nd theboundaryof a mass.Most

masslesionsareapproximatelycircular in shape. We implementthis circularity con-
straintby carryingout the calculationsin polar space.We �rst determinethe centreof
themasslesion(� x ; � y ). Thenwe de�ne a circularregion of interest(ROI) with centre
(� x ; � y ) andradiusR. The radiusshouldbe large enoughto allow applicationof the
algorithmto massesof differentsizes.Wechoosea radiusof 2.4cm. Next we transform
thecircularROI to a polarROI wherethex-axisrepresentstheanglefrom � � to � and
they-axis theradiusr from 0 to R. Figure3.3(a)and3.3(b)show thecoordinatetrans-
form. Finally the dynamicprogrammingalgorithm�nds the optimal path from oneof
thepixelsin the�rst columnto oneof thepixelsin thelastcolumnof thepolarROI. We
considera pathasoptimalwhenthecumulative costs—thatis thesumof thelocal costs
of all pixelsalongthepath—areminimal. Thenext sectiondescribesthelocal cost.

Local Cost

For eachpixel in the polar imagewe calculatethreecost measures,which represent
characteristicsof a goodboundary. Thesethreecostmeasurestogetherform the local
costfor eachpixel c(i; j ):

c(i; j ) = wee(i; j ) + wss(i; j ) + wgg(i; j ); (3.1)

wheree representsthe edgestrength,s thedeviation from theexpectedsize,andg the
deviationfrom theexpectedgrey level. Theweightsfor thecomponentsaregivenby we,
ws andwg. Thecostmeasuresarechosensuchthatpixels thatpossessmany character-
isticsof thesearchedboundaryareassignedlow costandviceversa.Below we describe
eachcostmeasure.

� EdgeStrengthe(i; j ) We assignpixelswith strongedgefeatureslow costasthis
mayindicatethepresenceof thecontour. To determinetheedgestrengthwe �rst
determinefor eachpixel thegradientmagnitudey0 in thedirectionnormalto the
contour. In thepolarimagethiscorrespondswith thegradientmagnitudein vertical
direction.Thenweselectthe99thpercentileof all gradientmagnitudesin theROI.
Wecall thisvaluemax(y0). Weobtaintherelativeedgestrengthbynormalisingthe
gradientvaluesin the ROI with max(y0). This normalisationensuresthat subtle
contourswith low global but high local edgestrengthcanbe found aswell. By
takingthe99thpercentileit is preventedthatoneoutlier, for instanceaverybright
micro-calci�cation, decreasesthe relative edgestrengthof all otherpixels in the
ROI. Weinvert thenormalisedgradientvaluesuchthathighgradientsproducelow
costsandviceversa.The�nal gradientcostmeasureis:

e(i; j ) =
max(y0) � y0(i; j )

max(y0)
:
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� Deviationfrom expectedsizes(i; j ) Weassigncontourswith asizethatis common
for massesa low costvalue.On theotherhand,massesthatareverysmallor very
large are assignedhigher cost. Most masseshave a radiusbetween5 mm and
15 mm, with a meanradiusr of about9 mm (Timp et al. 2002a). We usethe
following sizemeasurein thecostfunction:

s(i; j ) =

(
(j � r )2 : j < m

(m � r )2 : j � m

wherer is themeanradiusof masses,thatis 9 mm. In thepolarimagej represents
thedistancefrompixel (i; j ) to thecentreof themass(� x ; � y ). Wesetthemaximal
distanceto m to prevent that thesizecomponentof thecostfunctioncompletely
determinesthevalueof thecostfunction for largemasses.We usem = 15 mm.
Alternatively we coulddeterminethis costmeasureby estimatingthedistribution
functionof thesizeof masses.In thatcasewe couldbasethecostvaluefor each
pixel (i; j ) on the relative frequency of masseswith sizej . To estimatethis size
distribution however we needa largerepresentative databasewith benignandma-
lignantmassesof known size.Currentlyweusethe�rst methodaswedonothave
anindependentdatabasethatwecanusefor thispurpose.

� Deviation from expectedgrey level g(i; j ) Anotherpredictablecharacteristicof
themassboundaryis its grey level. We �rst estimatethegrey level of theborder
andthencalculatefor eachpixel the deviation from this expectedgrey level. A
commonassumptionis that the borderis locatedat the zerocrossingof the sec-
ondderivative of theedgepro�le. Claridge& Richter(1994)however foundthat
in projective imagesthe realedgeis locatedmoretowardsthedarker side(back-
ground). Consequently, the grey valueof the borderwill have a valuecloserto
thebackgroundgrey level thanto thegrey level of themassregion. Thereforewe
determinethepreferredgrey level of theborderyp asfollows:

yp = � y(M) + (1 � � ) y(BG);

wherey(M) andy(BG) areestimatesof the meangrey level of the massregion
(M) andthebackgroundtissue(BG). Thevalueof � shouldbesmallerthan1=2
to ensurethat the edgeis locatedmore towardsthe backgroundlevel. We use
two methodsto estimatethegrey level of themassandthebackgroundtissue.In
the �rst methodwe usea circle with centre(� x ; � y ) andradius0.6 cm. We cal-
culatethe meangrey level insideandoutsidethis circle andusethesevaluesas
estimatesfor y(BG) andy(M). In thesecondmethodwe usehistogramanalysis
to estimatethegrey level distributionsof themassandthebackgroundtissue.The
histogramof theROI containspixels from boththe insideandtheoutsideregion.
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Thereforewecanmodelthishistogramreasonablywell by amixtureof two Gaus-
siandistributions,onenarrow Gaussianin thelow intensityrangerepresentingthe
fatty tissue,anda broaderonein themiddle/highintensityrangerepresentingthe
masslesion. We estimatethe parametersfor the Gaussiandistributionswith the
Levenberg-Marquardtmethod.We usethe �rst peakin thehistogramto estimate
y(BG), andthe secondpeakto estimatey(M). Whenthe histogramcannot be
modelledby a mixture of two Gaussianswe usethe �rst methodto estimatethe
preferredgrey level. Thegrey level costmeasurefor eachpixel is:

g(i; j ) =
q

jy(i; j ) � yp j;

wherey(i; j ) is thegrey valueof thepixel (i; j ).

Dynamic Programming Path Finding Algorithm

We �rst applythecostfunctionEq.3.1to all pixelsin thepolarROI. We thenobtainthe
so-calledcostimage, asshown in Figure3.3(c). The dynamicprogrammingalgorithm
�nds theoptimalpathin this imagewhichcorrespondswith thebestcontourfor thiscost
function.Pixelsin the�rst columnof thecostimage(� = � � ) representthestartnodes
for thealgorithm,whereastheendnodesarerepresentedby thepixelsin thelastcolumn
of the image. The cumulative costmatrix C storesthe cumulative costof eachpath.
Figure3.3(d)shows thecumulative costmatrix. We constructthis matrix in two steps.
Firstwesetthecumulative costof pixelsin the�rst column:

C(i; � � ) = c(i; � � );

whereC(i; j ) is thecumulative costandc(i; j ) thelocal costfor pixel (i; j ) in thepolar
image.For theotherpixelswecalculatethecumulative costby a recursivestep:

C(i; j + 1) = min
� 2� l � 2

C(i + l ; j ) + c(i; j + 1) + h(l); (3.2)

wherel is thedirectionof thepath.In thisapplicationthevalueof l falls insidetheinter-
val [� 2; : : : ; 2]. The functionh(l) is an increasingfunctionasvalueof jl j andcontrols
thesmoothnessof thepath.We usethepathwith thelowestcumulative costasour �nal
contour. The endpoint C(i; � ) of this contouris the pixel with the lowestcumulative
costvalueof all pixels in the lastcolumn. We �nd theoptimalpathby backtracingthe
pathfrom theendpixel to oneof thepixels in the�rst column.Figure3.3(e)shows the
�nal pathin thecumulative costmatrix. Figure3.3(f) shows theresultingsegmentation
in theoriginal image.

Final Contour Thedynamicprogrammingalgorithmdoesnot guaranteethatthe�nal
contouris closed.In our applicationwe considera contourasclosedwhenthedistance
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(a) ROI with abenignmass (b) PolarROI

(c) Costmatrix (d) Cumulativecostmatrix

(e) Path found by the dynamicpro-
grammingsegmentationalgorithm

(f) Final contour

Figure 3.3: Implementationof theproposeddynamicprogrammingalgorithm.
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betweenthe startandthe endpoint is lessthan3 pixels. This is conformthe interval
of thedirectionparameterl . In mostcases,especiallywhenthemassis clearlyvisible,
the algorithmwill �nd a closedcontour. When the massis ill-de�ned or whenother
structuresobscurethe massboundary, the segmentationprogrammecan fail to �nd a
closedcontour. Figure3.4 illustratesthis problem.Thesmallmassin themiddleof the
imageis surroundedby somedensetissue.Figure3.4(b)showsthepolarimage,with the
resultingcontourplottedon top of it. In thebeginning thepathis attractedto an image
structureanddeviatesfrom the true massboundary. As a consequencethe contouris
not closedandcontainssomeextra tissue.Figure3.4(d)shows the �nal contouron the
original image.

Therearesomemethodsto guaranteethecontourto beclosed.Oneof themethods
is to calculatetheoptimalpathfor eachradiusr = [0; : : : ; R] undertheconstraintthat
the startandthe endpoint are(r; � � ) and(r; � ) andthushave the samer -coordinate.
Themethodworksasfollows. For achosenvalueof r extracostis addedto all pointsin
the�rst columnof thecostmatrix exceptto thepoint (r; � � ). Thenthecumulative cost
matrix is constructed.Theoptimalpathis foundby backtracingthepathfrom theend
point (r; � ). Theextracostensuresthatthepathis backtracedtill thestartpoint (r; � � ).
Thisresultsin apathwith startpoint(r; � � ) andendpoint(r; � ). Wecall thecumulative
costassociatedwith this pathCr . After having determinedthecumulative costfor each
valueof r weselectthepathwith thelowestcumulativecostCr . Thispathrepresentsthe
�nal contour. Wecall this theconstraintalgorithm.A disadvantageof thismethodis that
thealgorithmhasto beappliedoncefor eachvalueof r whichmakesit computationally
expensive.

We designeda moreef�cient methodto ensurethat the resultingcontouris closed.
Our solutionusesanextendedcostmatrix wherethecostmatrix runsfrom � � � to � � .
The extensionfactor � determinesthe sizeof the extendedcostmatrix relative to the
originalcostmatrix. Weusethedynamicprogrammingalgorithmto �nd theoptimalpath
in thisextendedcostmatrixandextractthepathfrom � � to � asour �nal contour. In the
original costmatrix the �nal contourdependsstronglyon the initial angleof the polar
coordinatetransform—inour casethis is � � —andtheresultingsegmentationmight be
different for different initial angles. A disadvantageof this dependency is that image
featuresneartheboundariesof the interval [� � ; : : : ; � ] canhave undesirableeffectson
the resultingcontour. In the new methodwe minimise the dependenceon the initial
angle. Consequentlyimagefeaturesneartheboundariesof the interval have lesseffect
on the�nal contour. Anotheradvantageof this methodis thatdiscontinuitiesat � � and
� areavoidedwhich in turnmayleadto moreclosedcontours.

To determinetheef�ciency of this methodwe setup thefollowing experiment.For
eachextensionfactor� we apply thedynamicprogrammingalgorithmto �nd theopti-
mal contour. Afterward,we calculatefor eachextensionfactorthepercentageof closed
contours.
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(a) Original image (b) Polarimagefrom � � to �

(c) Polarimagefrom � 3� to 3�

(d) Contourasextractedfrom the
polarimagefrom � � to �

(e) Contourasextractedfrom the
extendedpolarimage

Figure 3.4: Theoriginal dynamicprogrammingsegmentationalgorithmdoesnot guar-
anteea closedcontour. In thisexampletheoptimalpathis attractedtowardssomedense
tissueand the resultingcontouris not closed. Thenew algorithm extractsthe contour
fromanextendedcostmatrix resultingin a closedcontour.
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3.2.2 RegionGrowing

Regiongrowing is oneof themostpopularsegmentationmethods.Regiongrowing takes
an imageanda seedpoint (sx ; sy ) as input. The seedpoint (sx ; sy ) is de�ned to be
within thesuspectregion R. Region growing thengrows theseedregionsin aniterative
fashion.At eachiterationthepixelsthatborderthegrowing regionsareexamined.Con-
ventionalregion growing de�nesseveralregion partitionsR i basedsolelyon grey level
informationin theimage:

R i = f y(i; j ) > t i g;

wherey(i; j ) is the pixel grey level andt i is the grey level thresholdfor partition R i .
For eachpartition featuresarecalculatedsuchascircularity andsize. Basedon these
featuresthe partition that bestcharacterisesa mammographiclesion is selectedas the
�nal segmentation.

We implementedan extendedversionof the algorithm developedby Kupinski &
Giger (1998). In this methodthe partitionsarecreatedusinggrey level informationas
well asprior knowledgeabouttheshapeof typical masslesions.To includeinformation
abouttheshapeof mammographiclesions,theregion is pre-processedby multiplication
with a Gaussiancentredat (sx ; sy ). The partitionsreturnedby thresholdingare now
morecompactthanbeforebecausedistantpixels aresuppressed.To determinewhich
partitionbestdelineatesamammographiclesiona likelihoodmeasureis used.Thismea-
sureestimatesthe grey level distribution for grey levels insideandoutsidethe region
for eachpartition. The partition that maximisesthis likelihood is selectedas the �nal
segmentation.

3.2.3 DiscreteContour Model

The active contourmodel(or snake) formulatesthe boundarydetectionissueasan en-
ergy functionminimisationproblem(McInerney & Terzopoulos1996).Weimplemented
adiscreteversiondevelopedby Lobregt & Viergever (1995),thediscretecontourmodel.
Startingfrom aninitial shapethediscretecontourmodelactively modi�es its shapeap-
proximatingsomedesiredcontour. Internalandexternalforcestogetherdeterminethe
�nal shapedeformation.

Thebasicstructureof themodelis a setof verticesvi which areconnectedby edges
di , seeFigure3.5.Theunit vectord̂i describesthedirectionof di . For eachvertex i with
connectingedgesdi anddi � 1 a local coordinatesystemis constructedrepresentedby a
tangentialunit vectort̂ i

t̂ i =
d̂i + d̂i � 1

kd̂i + d̂i � 1k
;
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Vi Vi +1d̂i

d̂i � 1

di

t̂ i

r̂ i

Vi � 1

di � 1

Figure 3.5: Part of thediscretedynamiccontourmodel.Thediscretedynamiccontour
modelconsistsof a setof verticesvi thatareconnectedbyedgesdi .

anda radialunit vectorr̂ i

r̂ i =

"
0 1

� 1 0

#

t̂ i :

The internalforce is basedon the local shapeof the contour, andaimsat minimis-
ing local curvature. The local curvaturel i for vertex vi is the differencebetweenthe
directionsof thetwo edgesegmentsthatjoin at thatlocation:

l i = d̂i � d̂i � 1:

Local curvaturetherefore,hasdirectionequalor oppositeto theradialvectorr̂ i . To pre-
ventthecontourfrom imploding,verticesin partsof thecontourwith constantcurvature
shouldhave an internalforceof zero. To achieve this, the internalforceof vertex vi is
computedby combiningits localcurvaturewith thelocalcurvatureof thetwo neighbour
verticesin a local coordinatesystem:

f in;i = f�
1
2

(l i � 1 r̂ i � 1) + l i r̂ i �
1
2

(l i +1 r̂ i +1 )gr̂ i :

Theexternalforcef ext;i is basedontheimagegradientmagnitude.This forcemoves
theverticesto locationsin theimagewith stronggradients:theedgesof themass.Com-
putationof theexternalforceis donein theradialdirection,asthispreventsverticesfrom
moving alongthecontour.

The total force f i acting on vertex vi is a weightedcombinationof external and
internalforces. As a resultof this force the vertex vi will startto move andchangeits
position.Thedeformationprocessstopswhenthesystemreachesastablestate.
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3.3 Experiments to EvaluateSegmentationMethods

We performedfour experimentsto evaluatethe performanceof the dynamicprogram-
ming method.In the �rst experimentwe estimatethevalueof theextensionfactorthat
is neededto guaranteea closedcontour. In the secondexperimentwe quantitatively
analysethesegmentationperformanceof thenew methodcomparedwith theothertwo
methods—region growing andthe discretecontourmodel—usingan overlapcriterion.
Wedid two additionalexperimentsto evaluatetheeffectof thesegmentationon theabil-
ity of the CAD systemto detectand characterisemasslesions. The next subsection
�rst describesthedatasetusedfor theexperiments.Theothersubsectionsexplain each
experimentin moredetail.

3.3.1 Database

The mammogramsusedin this studyall camefrom the Dutch BreastCancerScreen-
ing Programme.All womenaged50-70 are invited bi-annuallyto participatein this
programme.Two mammographicprojections—mediolateraloblique(MLO) andcranio
caudal(CC)—areobtainedat the initial screeningin this programme.At subsequent
screeningsonly mediolateralviews areobtained,unlessthereis anindicationthataddi-
tional craniocaudalviews would bebene�cial. Themammogramsweredigitisedwith a
Canonlaserscanneratapixel resolutionof 50 � m, andaverageddown to aresolutionof
200� m maintainingtheoriginalgrey valueresolutionof 12bits.

Thetotal datasetconsistedof 1427two view andfour view mammograms,resulting
in a total of 4295images.We excludedimageswith only micro-calci�cations. There-
mainingsetconsistedof 1152imageseachcontainingat leastonebiopsyprovenmass,
calledthemassdataset, and2822normalimageswithout pathology, calledthenormal
dataset. Themassdatasetcontaineda total of 1210masses,551malignantand659be-
nign, includingspiculated,circumscribed,andill-de�ned masses,rangingfrom obvious
to verysubtle.An expertradiologistmanuallysegmentedall 1210massesonadedicated
mammographicreview station. We usedtheseannotationsasthe groundtruth for our
experiments.Thecentreof eachannotation(� x ; � y ) wasusedasseedpoint for thedy-
namicprogrammingandregion growing segmentationalgorithm. Thediscretecontour
modelwasinitialisedwith acircularregionwith centre(� x ; � y ) andradius0.6cm.

3.3.2 ExtensionFactor for ClosedContours

In the�rst experimentwe estimatetheminimumvalueof theextensionfactor� needed
to guaranteethatalmostall contoursareclosed.For this purposewe vary � andapply
thedynamicprogrammingalgorithmto theextendedcostmatrix from � � � to � � . We
then extract the path from � � to � as �nal contour. For eachextensionfactor � we
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calculatethepercentageof closedcontours.We considera contourasclosedwhenthe
distancejr 1 � r 2j betweenthestartpoint (� � ; r 1) andtheendpoint (� ; r 2) is lessthan
threepixels.To estimateanappropriatevaluefor � wecalculatethepercentageof closed
contoursfor eachvalueof � for all imagesthatcontainamasslesion.Wethenselectthe
minimumvalueof � for whichalmostall contoursareclosed.

3.3.3 Segmentation

In thesecondexperimentweevaluatethesegmentationperformanceof all threesegmen-
tation methodsusingan areaoverlapcriterion. The useddatasetfor this experimentis
themassdataset, thatis thesetof imagesthatcontainat leastonemasslesion.Theseg-
mentationperformanceof eachmethodis evaluatedwith thefollowing overlapcriterion:

O = (S \ T)=(S [ T);

whereO is theoverlapfraction,S theregion obtainedby oneof thesegmentationalgo-
rithms andT the manuallysegmentedregion. An overlapfraction closeto onemeans
a goodmatchbetweenthe two regions. We usethe two-sidedWilcoxon testwith con-
�dence level 0.95to assesthedifferencein overlapfractionbetweentwo segmentation
methods.

3.3.4 MassDetection

Thethird experimentwasdoneto studythein�uence of thesegmentationmethodon the
massdetectionperformance.Thedatasetfor this experimentconsistsof normalimages
andimageswith at leastonemalignantlesion,that is thenormaldatasetandthemalig-
nantmassdataset. In this experimentwe �rst apply thesingleview CAD algorithmto
eachimageto �nd themostsuspiciouslocationsinsidethebreastarea,seeSection2.2.
Thecoordinatesof theselectedlocationsareusedasseedpointsfor thesegmentational-
gorithms.After segmentationseveralfeaturesaredeterminedto classifyeachsegmented
regionasnormalor malignant.

Weusecross-validationto randomlypartitionthedatasetinto a trainingsetandatest
setona10:1ratioundertheconstraintthattheimagesfrom thesamepatientaregrouped
into thesamesubset.Thetrainingsetis usedfor featureselectionandclassi�er training,
thetestsetfor classi�er validation.

For featureselectionwe usea k-nearestneighbour(KNN) algorithmin a leave-one-
out basisto selectthemostusefulfeaturesfrom theentirefeaturespace.Selectionwas
donewith a sequentialforward procedure,which meansthat new featuresare added
whenthey increasethe performanceof the classi�er. A KNN classi�er thencombines
theselectedfeaturesinto a malignancy score,representingthelikelihoodthata region is
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malignant.FROC analysiswasdoneto determinetheperformanceof theCAD system
for thedifferentsegmentationmethods.

3.3.5 Benign/Malignant Classi�cation

In the last experimentwe investigatewhetherthe segmentationmethodsin�uence the
performanceof the CAD systemin classifying lesionsas benignor malignant. For
this experimentwe usethe massdataset, which consistsof benignand malignantle-
sionswith known groundtruth. For eachsegmentedlesion several featuresare cal-
culated. For classi�cation we usethe sameprocedureas describedabove for the de-
tection experiment: KNN basedfeatureselectionand classi�cation. ROC analysisis
doneto evaluatetheclassi�cationperformancefor eachsegmentationmethod.We used
theLABROC programmeto determineROC curves,andtheCLABROC programmeto
evaluatethe statisticalsigni�cance betweenthe differentmethods(Metz et al. 1998a;
Metzetal. 1998b).

3.4 Results

3.4.1 Percentageof ClosedContours

In the �rst experimentwe determinedanoptimalvaluefor theextensionfactor� . Fig-
ure 3.6 shows the percentageof closedcontoursfor several valuesof � , rangingfrom
oneto three. This �gure shows that about40% of the contoursis immediatelyclosed.
This percentageincreasesandreaches98%for � = 2. Themaximumnumberof closed
contoursis reachedfor � = 3. At that time therewasonly onecontournot closedand
anothercontourwasfoundclosedbut instable.Figure3.7showsbothcases.Thetoprow
shows thecasewherethedynamicprogrammingalgorithmwasunableto reachclosure.
Figure3.7(a)shows themanualsegmentationof this mass,Figure3.7(b)thecontourof
the proposedalgorithm. For this contourwe appliedthe constraintdynamicprogram-
mingalgorithmto forceaclosedcontour, seeSection3.2.1.Figure3.7(c)showsthe�nal
contourobtainedwith theconstraintalgorithm.Thebottomrow of Figure3.7shows the
casewherethe �nal contourwasclosedbut not stable.Thecontouralternatedbetween
two statesfor differentvaluesof � andthusdependedon theinitial angleof thecoordi-
natetransform.Figure3.7(d)shows themanualsegmentationof themass.It is a benign
massembeddedin densetissue.Figure3.7(e)and3.7(f) show thedifferentstatesof the
contour. Thecontourin Figure3.7(e)is too largeandcontainssomedensetissuearound
themass.Theotherstate,shown in Figure3.7(f), givesacorrectsegmentation.

For theexperimentsdescribedbelow we appliedthealgorithmwith � = 3 andthus
usedanextendedcostmatrix from � 3� to 3� .
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Figure 3.6: Thepercentage of closedcontours is plottedagainst the extensionfactor
� . In theoriginal dynamicprogrammingalgorithm(with � = 1:0) 40%of thecontours
is closed. In the improvedalgorithm where the path is calculatedover a larger area
(� = 3:0), more then99%of thecontours is closed.

3.4.2 SegmentationPerformance

Table3.1givesthesegmentationperformancefor eachmethodmeasuredastheoverlap
fractionwith thegroundtruth. Theaverageoverlapfraction for dynamicprogramming

Method Min. 1stQu. Median Mean 3rd Qu. Max.

dynamicprogramming 0.005 0.608 0.747 0.687 0.825 0.940

discretecontourmodel 0.006 0.494 0.633 0.599 0.743 0.913

regiongrowing 0.034 0.460 0.641 0.586 0.748 0.914

Table 3.1: Summarystatisticsfor the performanceof the threesegmentationmethods
basedon an area overlap criterion measuringthe overlap betweenthe automatedseg-
mentationandthemanualsegmentation.

was0.69, for the discretecontourmodel0.60andfor region growing 0.59. Thesere-
sults indicatethat the dynamicprogrammingmethodis moresuitedto segmentmam-
mographicmassesthantheothertwo methods.Figure3.8displaystheoverlapfractions
for the differentmethods.The �gure shows that not only the meanoverlapfraction is
higher, but alsothat thepercentageof masseswith pooroverlapis smallerfor dynamic
programmingthanfor theothertwo segmentationmethods.
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(a) Groundtruth (b) Proposedalgorithm (c) Constraintalgorithm

(d) Groundtruth (e) State1 of thecontour (f) State2 of thecontour

Figure 3.7: Caseswhere thedynamicprogrammingalgorithmdid not �nd a closedor
stablecontour. Theupperrowshowsthecasewherethedynamicprogrammingalgorithm
wasunableto �nd a closedcontour. Figure3.7(a)showsthemanualsegmentation,3.7(b)
theproposedalgorithmand3.7(c)theconstraint algorithm. Thebottomrow showsthe
casewhere the�nal contouralternatedbetweentwostates3.7(e)and3.7(f).
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Figure 3.8: Distributionof theoverlapfractionsfor thedifferentsegmentationmethods.
Theaverage overlap fraction for dynamicprogramming(DP) is higher thenfor region
growing(RG)andthediscretecontourmodel(DC)

We usedthetwo-sidedWilcoxon testto determinewhetherthedifferencein overlap
fractionwasstatisticallysigni�cant. Table3.2shows theresults.Thedifferencein over-
lap fraction betweenthe proposedmethodandthe other two methodswasstatistically
signi�cant (P � 0:05). Althoughthediscretecontourmodelhadbetterresultsthanthe
regiongrowing method,theseresultswerenotstatisticallysigni�cant.

Methods P-value Conf. Inter val

dynamicprogramming- discretecontourmodel � 0:05 [0:081; 0:11]

discretecontourmodel- regiongrowing 0.6507 [� 0:01; 0:01]

dynamicprogramming- regiongrowing � 0:05 [0:08; 0:11]

Table 3.2: Resultsof theWilcoxon's testfor thestatisticaldifferencein overlapfraction
betweenthe existing methodsand the proposedmethod. Thesecondcolumngivesthe
P-value, andthelastcolumnthe95%con�denceinterval for thedifferencein themeans.
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3.4.3 MassDetectionPerformance

TheFROC curve in Figure3.9 shows thecasebaseddetectionperformancefor thedif-
ferent segmentationmethods. The horizontalaxis gives the numberof falsepositive
detectionsperimage,theverticalaxisthesensitivity. In casebasedevaluationa lesionis
considereddetectedif it is detectedon eitherview. This �gure shows that thedetection
performanceis nearlyidenticalfor all threesegmentationmethods.
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Figure3.9: FROCcurvesfor thedifferentsegmentationmethods:dynamicprogramming
(dp), regiongrowing(rg) anddiscretecontourmodel(dc)

3.4.4 Benign/Malignant Classi�cation Accuracy

In the last experimentwe studiedwhetherthe usedsegmentationmethodin�uenced
the ability of the CAD systemto discriminatebetweenbenignandmalignantlesions.
For eachsegmentationmethodwe constructedan ROC curve with the freely available
LABROC programme(Metz et al. 1998b). As performancemeasurewe usedthe area
underthe ROC curve (Az value). Figure 3.10 shows casebasedROC curves for the
differentsegmentationmethods.Table3.3summarisesthecorrespondingA z values.

For imagebasedevaluationtheAz valuewas0.74for dynamicprogramming,0.67
for region growing and0.71for the discretecontourmodel. The averageA z valuefor
casebasedevaluation,wheredifferent views of the samelesion are combinedby the
classi�er, was 0.74 for dynamicprogramming,0.67 for region growing and 0.72 for
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Figure 3.10: CasebasedROC curvesfor thethreedifferentsegmentationmethods:dy-
namicprogramming, regiongrowingandthediscretecontourmodel.Thehorizontalaxis
givesthefalsepositivefraction,theverticalaxisthetruepositivefraction(sensitivity).

Method ImageBasedAz CaseBasedAz P-value

dynamicprogramming 0.72 0.74

discretecontourmodel 0.71 0.72 0.20

regiongrowing 0.67 0.67 0.0044

Table 3.3: Az valuethat indicatestheareaundertheROC curvefor thedifferent seg-
mentationmethods.Thelast columngivestheresultsof theCLABROC programmethat
measuresthedifferencein Az valuebetweentheproposedmethodandexistingmethods.
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the discretecontourmodel. We usedthe CLABROC programme((Metz et al. 1998a)
to evaluatethe statisticalsigni�canceof differencesin classi�cationperformance.We
foundthatthedifferencein Az valuesbetweentheregiongrowing andthedynamicpro-
grammingmethodwasstatisticallysigni�cant (P = 0:0044, two-tailed).Thedifference
betweenthedynamicprogrammingmethodandthediscretecontourmodelwasnot sig-
ni�cant (P = 0:20), neitherwasthedifferencebetweenthediscretecontourmodeland
regiongrowing (P = 0:08).

3.5 Discussion

In this work we developeda segmentationalgorithmbasedon dynamicprogrammingto
accuratelyextractmammographicmasscontours.In additionwe developeda methodto
obtainclosedcontours.We foundthatwith our proposedmethod99.9%of thecontours
wasclosedwhenwe usedanextendedcostmatrix with � = 3:0. As this percentagedid
not changefor larger valuesof � , we used� = 3:0 in the otherexperiments.Another
option would be to set � = 2:0 and increase� for contoursthat are not closed. A
disadvantageof this is that somecontoursmight be closedbut instablefor � = 2:0,
that is the contourmight changefor othervaluesof � . We considerthesecontoursas
suboptimal. It dependson the applicationto make a balancebetweenoptimality and
speed.In our application,asthe computationalburdenof applyingthe algorithmwith
� = 3:0 is minimal,wechoosefor optimality.

We comparedthe proposedmethodwith two other methods: region growing and
thediscretecontourmodel. We determinedtheaccuracy of eachmethodby comparing
theautomatedsegmentationwith amanualsegmentationusinganareaoverlapcriterion.
Themeanoverlapfractionfor dynamicprogrammingwas0.69,for region growing 0.59
and for the discretecontourmodel 0.60. The differencein overlap fraction between
the dynamicprogrammingmethodand the other methodswas statisticallysigni�cant
(P � 0:05).

Besidesanalysingall segmentationsquantitatively we alsoperformeda casereview
in which we judgedthe automatedsegmentationsanddecidedwhetherthe automated
segmentationwasvisually in agreementwith themanualsegmentation.In this casere-
view we foundthatin generalsegmentationswith anoverlapfractionof at least0.70are
appropriate.For dynamicprogramming52%hadanoverlapfractionlargerthan0.70,for
region growing 39%andfor thediscretecontourmodel38%.Theseresultsdemonstrate
thatthesegmentationsobtainedwith dynamicprogrammingmorecloselymatchvisually
acceptablesegmentationsthantheothertwo automatedsegmentationmethods.All three
methodsrarelyachievedmorethan90%overlap.Onereasonfor this is thattheaccuracy
of the manualsegmentationis limited. Often the manualsegmentationsaresomewhat
large to make surethe whole tumour is inside the annotation. Another reasonis that
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whentheradiologists'annotationandtheautomaticallysegmentedareaarenot identical
thechosenoverlapcriterionquickly decreases.In this casereview we alsofoundthat in
caseswheretheoverlapfraction is lessthan0.50,thesegmentationmethodoftenfailed
to �nd the right contour. Figures3.1 and 3.2 show exampleswherethe two existing
methodsfail to �nd theright contourandwheretheresultingoverlapfractionis low. In
Figure3.1 thecontrastof themassis low andtheresultingsegmentationis too large. In
Figure3.2thecontouris attractedtowardsthestrongedgeof thepectoralmuscle.In both
casesthedynamicprogrammingmethodcorrectlysegmentsthemass.Theadvantageof
thedynamicprogrammingmethodis thatbothglobalandlocal costarecombinedwith
differentweightsto determinetheoptimalcontour.

In this studywe only hadoneradiologistto do the manualsegmentations.When
anotherradiologistwould have donethe segmentations,both the groundtruth andthe
centreof masswould have changed.We however believe that this would not have in-
�uenced the resultsfor the following reasons.First, from the literaturewe know that
region growing andthediscretedynamiccontourmodelarenot very sensitive to small
changesin theseedpoint (Kupinski& Giger1998;Lobregt & Viergever 1995). To de-
terminewhetherthedynamicprogrammingmethoddependsontheinitial seedpoint,we
appliedthe methodwith two differenttypesof seedpoints: the centreof the manually
segmentedmass(� x ; � y ) andthemostsuspicioussite in a neighbourhoodof (� x ; � y ).
The resultsfor bothseedpointswerecomparable.This indicatesthatsmall changesin
theseedpoint do not in�uence thesegmentationperformance.Second,we took several
measuresto minimiseuncertaintyof thegroundtruthdueto intra-observervariation.The
radiologistusedadedicatedmammographicreview stationto outlinethecontourof each
lesion.Wegave theradiologistsclearinstructionshow to outlinecertainmasstypes.For
example,for architecturaldistortionsandspiculatedmasses,only thecentraltumourhad
to beannotated,andnot theindividual spicules.Themainreasonfor this is thattheout-
lining of spiculesis verysubjective. By takingthesemeasuresweexpectthatbothintra-
and inter-observer variability will remainsmall. Finally we believe that segmentation
differencescausedby inter-observer variability will be rathersmall comparedto differ-
encesbetweenthesegmentationmethods.Differencesbetweenradiologistsareoftenof
a subtlenature,andmainly concernslight variationsin outlining tumourswith vague
boundariesandarchitecturaldistortions.Differencesbetweenthesegmentationmethods
maybequite large,for instancewhenoneof themethodsfails to �nd theright contour.
From Figure3.8 we seethat thereis indeeda considerablenumberof caseswherethe
overlap fraction is lessthen 0.50, which correspondswith an incorrectsegmentation.
Mostof thesecaseswouldalsohavehada low overlapfractionwhenanotherradiologist
haddonethesegmentations.

Thedetectionexperimentshowedthattheimprovementin segmentationperformance
did not resultin a betterdetectionof malignantmasses.This maybeunderstandableas
wedid notyet focusonthedesignof specialcontourfeaturesfor massdetection.Instead
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we usedcontourfeaturesthatwe initially developedfor thecharacterisationof massle-
sionssuchasthe sharpnessof the boundary. For massdetectionthe CAD programme
shoulddiscriminatebetweenmalignantmassesandpatchesof normaltissue.Theseof-
tenhave similar bordercharacteristics.Futureresearchmayaim at developingcontour
featuresthatcapturerelevantaspectsof themassboundariesto discriminatebetweenma-
lignantmassesandfalsepositive detections.With bettercontourfeatureswe expectthat
themassdetectionperformancemightbene�t from amoreaccuratesegmentation.

In the classi�cationexperimentwe found that the proposeddynamicprogramming
methodimproved the classi�cation accuracy to discriminatebetweenbenignand ma-
lignant masses.The Az value for casebasedperformancewas0.74 for the proposed
segmentationmethod,0.67for theregiongrowing methodand0.72for thediscretecon-
tour model. The differencein Az valuebetweenthe proposedmethodandthe region
growing methodwasstatisticallysigni�cant. Differencesbetweenothermethodswere
notstatisticallysigni�cant. Theclassi�cationresultswerein agreementwith theranking
of thesegmentationresults.Thebestsegmentationmethod—thedynamicprogramming
algorithm—alsoperformedbestin classi�cation.Region growing—themethodwith the
lowestsegmentationperformance—alsoshowed the lowestclassi�cationperformance.
Theseresultscontradictthestudyfrom Sahineretal. (2001).They comparedamassseg-
mentationmethodbasedonanactivecontourmodelwith themanualsegmentationsfrom
two expertradiologists.Evenwhentheradiologistandthecomputerhadhigh disagree-
mentthey observed no differencein classi�cationaccuracy. Our experimentshowever
indicatethatamoreaccuratesegmentationmayresultin animprovedcharacterisationof
masslesion.



Chapter 4

Temporal Changesin Masses1

In thischapterwestudytemporalchangesin mammographicmasses.For thispurposewe
usea setof malignantcasesfrom theDutchBreastCancerScreeningProgramme.Each
caseconsistsof the currentmammogramandthe mammogramsfrom the previous two
screeningrounds.We �rst calculateseveral featuresfor eachmasslesionon thecurrent
view. Whenthe massis visible on the prior view, we alsodeterminefeaturesfor this
masslesion.Whenthemassis notvisible in retrospect,wedeterminethelocationon the
prior view wherethemassmostlikely developedandcalculatefeaturesat this location.
We thendeterminethechangein featurevaluesextractedfrom theprior andthecurrent
region. Thegoalof this studyis twofold. First to getinsightinto thetemporalbehaviour
of massesandsecondto studyvariationsin this temporalbehaviour. We canusethis
informationto estimatethebene�t of usingpreviousmammogramsfor radiologistsand
computeraideddiagnosisanddetection(CAD) systems.Whentheanalysisof temporal
changesprovides useful information we can incorporatethis into a CAD programme
to improve the detectionor characterisationof masses.Chapter6 and 7 concernthe
developmentof suchaCAD system.

4.1 Dataset

For the experimentwe usea total of 250 biopsyproven breastcancercasesfrom the
Dutch BreastCancerScreeningProgramme.Thesecasesareeitherscreendetectedor
interval carcinoma.Table4.1summarisesthehistologicalclassof all cases.Mostcancers
are invasive carcinoma(90%). For our study we exclude caseswith in situ cancers,
casesthatconsistsolelyof micro-calci�cations(28cases),andsevenadditionalcasesfor
differentreasons,for instancean incompletemammogram.We usethe remaining215

1Thecontentof thischapterhasbeenpublishedpreviously in Timp etal. (2002a)
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casesto studytemporalchanges.

Histology No. (Percentage)

ductalcarcinomain situ 17 (7%))

invasive ductalcarcinoma 179(72%)

lobular carcinomain situ 0

invasive lobular carcinoma 27 (11%)

papillarycarcinomain situ 3 (1%)

papillarycarcinomain�ltrati ve 2 (1%)

medullarycarcinoma 2 (1%)

mucinous/colloidcarcinoma 4 (2%)

tubular carcinoma 6 (2%)

invasive carcinomaNOS 8 (3%)

unknown 2 (1%)

Table4.1: Histology for the215breastcancercasesthatweusedin our experiment.

For eachcasewe collectedthe mammogramsat threedifferentpoints in time: the
diagnosticmammogramandthemammogramsfrom theprevioustwo screeningrounds.
Figure1.3 shows an exampleof a caseconsistingof threeconsecutive mammographic
exams. The diagnosticexam is eithera clinical mammogramfor interval cancersor a
screeningmammogramfor screendetectedcancers. In every screeninground medio
lateraloblique(MLO) views aremade. The following guidelinesexist whento make
additionalcraniocaudal(CC) views. Whenattendingthescreeningprogrammefor the
�rst time CC views arealwaystaken. In subsequentscreeningroundsthe radiographer
decideswhetheradditionalviewsareuseful.Theimagesfrom two consecutivescreening
roundsform a temporalimagepair. All imagesweredigitisedat a pixel resolutionof
50 � m.

An expert radiologistidenti�ed the masslesionon eachview. The radiologistalso
determinedwhetherthetumourwasvisible on previousmammograms.Whenthemass
wasvisibleonprior views,theradiologistratedits visibility asclearlyvisibleor minimal
sign. The indicationminimal sign meansthat only very subtletumourcharacteristics
werepresentthat probablywould have beenoverlooked whenthe diagnosticmammo-
gramwasnot available. Whenthetumourwasnot visible we estimatedthe locationon
the prior view wherethe massmost likely developed. This makesit possibleto deter-
minetemporalchangesfor lesionsthatarevisible andfor lesionsthatarenot visible on
theprior view.

Table4.2 summarisesthe percentageof masslesionsthat wasvisible on the prior
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view. Fromthis tablewe seethat in 54%of thecasesthemasswasvisible in retrospect
on theprior I mammogram,that is themostrecentprior mammogram(seeFigure1.3),
31% was ratedas clearly visible and 24% as minimal sign. In 25% of the casesthe
tumourwasvisibleonbothprior I andprior II mammograms.All masslesionsthatwere
visibleon theprior II mammogramswereratedasminimal sign.

Total Clearly Visible Minimal Sign

visibleonprior I 117(54%) 66 (31%) 51 (24%)

visibleonprior II 53 (25%) - 53 (25%)

Table 4.2: Percentage of casesthat were visibleon previousmammograms. In 54%of
thecasesthelesionwasalreadyvisibleon theprior I screeningmammogram,in 25%of
thecasesthelesionwasvisibleonbothprior I andprior II screeningmammograms.

For eachimagewe determinedthecorrespondingmammographicexam(diagnostic,
prior I or prior II, seeFigure1.3)andwhethertheimagecontainedavisiblemasslesion.
Basedonthesecharacteristicswedividedeachimageinto oneof thesubsetsof Table4.3.
The diagnosticset contains360 images. The priors of theseimagesare classi�ed as
prior I masses(138 images)or prior I normals(94 images),dependingon whetherthe
masslesionwasvisible or not. The remainderof the diagnosticimages(128 images)
did not have prior views. From this table we can deducethat about59%( 138

94+138 ) of
thediagnosticmasseswasalreadyvisible on thepreviousscreeningmammogram.This
percentageslightly differs from Table4.2 becauseTable4.2 calculatesthevisibility for
eachcaseandTable4.3for eachsingleimage.

4.2 Temporal ChangeAnalysis.

Westudytemporalchangesfor thewholedatasetandfor theabovementionedsubsetsof
thewholedataset.For this purposewe �rst segmentcorrespondingregionson prior and
currentviews. Thenwe determinefeaturesfor eachsegmentedregion. The difference
in featurevaluesextractedfrom theprior andcurrentregion givesus informationabout
temporalchanges.Below wedescribebothsteps.

4.2.1 Segmentation

For all imageswith a visible masslesionwe calculatethecentreof theannotatedlesion
(� x ; � y ). Our dynamicprogrammingbasedsegmentationalgorithmusesthesecoordi-
natesasstartingpoint to determinea contourfor thecurrentregion. Chapter3 describes
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ImageSubset Description ImageSubset No.

experimentset all imagesusedfor theexperiment 784

massdataset imageswith masslesion 576

-diagnosticmasses diagnosticimageswith avisiblemasslesion 360

-prior I visiblemasses prior I imageswith avisiblemasslesion 138

-prior II visiblemasses prior II imageswith avisiblemasslesion 78

normaldataset imageswithoutavisiblemasslesion 208

-prior I normals prior I imageswithoutamasslesion 94

-prior II normals prior II imageswithoutamasslesion 114

Table 4.3: Descriptionof different image subsets. The �r st columngivesthe image
name, thesecondcolumnthedescriptionof thesubset.Thelastcolumngivesthenumber
of imagesin each subset.

this segmentationalgorithmin detail. Thenwe determinea contourfor thecorrespond-
ing prior region. Whenthelesionis visible on theprior view we usethecentreof mass
of the radiologistsannotationof the prior lesionasstartingpoint for the segmentation
algorithm.Otherwise,whenthelesionis not visible in retrospect,we estimatetheloca-
tion ontheprior view wherethemassmostlikely developed.Thedynamicprogramming
algorithmusesthis locationasstartingpoint to determinea contourfor theprior region.
The segmentedregion on the prior view andthe segmentedregion on the currentview
form a temporalregionpair.

4.2.2 FeatureCalculation

After segmentationwe applythesingleview CAD programme(seeChapter2) to calcu-
latethefollowing six featuresfor all prior andcurrentregions:

� f 1 & f 2: indicatethepresenceof astellatepattern.

� g1 & g2 : indicatethepresenceof a focalmass.

� C1: contrastdifferencebetweenthesegmentedregionandits surround.

� size: areaof the segmentedregion (in cm2). We calculatethis featureonly for
visiblemasses.

For eachtemporalregion pair we thendeterminethe relative changein featurevalues
betweentwo consecutive mammographicexams:

f 0 = (f c � f p)=f p;
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wheref 0 is thedifferencefeature,f c the featurevalueof thecurrentregion andf p the
featurevalueof theprior region. Differencefeaturesmightbeusefulto measuretemporal
changesbetweentwo consecutive mammographicexams.We investigatewhetherthese
temporalchangesdependon1) theexamof thecurrentmammogram—thatis diagnostic
or prior I—and 2) the visibility of the lesion on the prior view. For this purposewe
constructdifferentsetsof temporalregion pairs. The�rst set—temporalsetI—consists
of temporalregionpairswith avisible lesiononbothprior andcurrentviews. Thissetis
dividedinto temporalsetIa andsetIb. SetIa containstemporalregionpairsin which the
currentmammogramis adiagnosticmammogram,in setIb thecurrentmammogramis a
prior I mammogram.TemporalsetII containstemporalregion pairswith a visible mass
onthecurrentview thatis notvisibleontheprior view. In setIIa thecurrentmammogram
is adiagnosticmammogram,in setIIb aprior I mammogram.

4.3 Results

4.3.1 AverageFeatureValues

Table4.4 summarisesthe averagefeaturevaluesfor the differentimagesubsets.From

Subset No. f 1 f 2 g1 g2 C1 size

total 784 1.161 1.046 1.282 1.241 0.950 0.653

massdataset 576 1.182 1.058 1.331 1.284 1.107 0.574

diagnosticmasses 360 1.189 1.064 1.348 1.304 1.316 0.788

prior I visiblemasses 138 1.182 1.051 1.352 1.290 0.996 0.367

prior II visiblemasses 78 1.169 1.051 1.274 1.238 0.801 0.352

normaldataset 208 1.091 1.010 1.127 1.104 0.329

prior I normals 94 1.093 1.008 1.146 1.133 0.419

prior II normals 114 1.089 1.011 1.107 1.075 0.238

Table4.4: Meanfeaturevaluesfor thedifferentsubsets.

this tablewe seethatfeaturesextractedfrom differentmammographicexamsoftenhave
similar values.Featuresextractedfrom normalregionsdiffer considerablefrom features
valuesextractedfrom massregions.
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Set Description � f 1 � f 2 � g1 � g2 � C1 � size

I massthatis visibleonprior 2.8 1.4 2.6 2.9 19.3 140.7

Ia diagmass& prior I visible 2.8 1.3 1.7 2.6 13.4 151.3

Ib prior I mass& prior II visible 2.9 1.8 4.6 3.9 32.8 116.3

II masswith normalprior 5.6 3.3 12.5 12.1 80.4

IIa diagmass& prior I normal 7.4 4.1 17.7 15.2 108.2

IIb prior I mass& prior II normal 8.7 6.1 17.5 17.2 94.9

Table 4.5: We constructdifferenttemporal image setsbasedon whetherthemasslesion
is visible in retrospectandon thescreeningroundfromwhich thecurrentmammogram
is taken. For each setwe calculatethe differencein feature valuesbetweensegmented
regionsonprior andcurrentviews.

4.3.2 Differ enceFeatures

Table4.5 summarisesthe averagevalueof differencefeaturesfor eachsetof temporal
region pairs. This tableis usefulto studytemporalchangesbetweenconsecutive mam-
mographicexamsandto evaluatewhetherthesechangesdependon thekind of examof
the currentmammogram(diagnosticor prior I) or on the visibility of the lesionon the
prior view. We seethat temporalchangesaremoreprominentwhenthe masslesionis
not visible on theprior view. Otherwise,whenthe lesionis alreadyvisible on theprior
view, changesarerathersmall. Furthermore,concerningthe kind of exam of the cur-
rentmammogram,we concludethatalmostall featuresincreasemorewhenthecurrent
mammogramis aprior I mammogramthanwhenthecurrentmammogramis adiagnostic
mammogram.Thesizeof a lesionhowever increasedmostbetweentheprior I andthe
diagnosticexam.

4.4 Discussion

In thischapterwestudiedthebehaviour of massesduringtime. Wefoundthatonaverage
featureschangebetweentwo consecutive mammographicexams.Changeswerelargest
whenthe lesionwasnot yet visible on theprior view. For theselesionswe obtainedan
arti�cial region on theprior view at the locationwherethemassmostlikely developed.
We thencalculatedseveralsingleview featuresfor thisarti�cial region. This regionwill
not displaytumourcharacteristicsbecausethetumouris not yet visible resultingin low
valuesof therespectivefeaturesf 1, f 2, g1, g2 andcontrast.Consequentlythedifference
betweenthe featurevalueof a lesionon thecurrentview andanarti�cial region on the
prior view will belarge.
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For lesionsthat werevisible on all threeconsecutive screeningmammograms,we
foundthelargestchangein featurevaluesfrom theprior II screeningroundto theprior I
screeninground.Thechangefrom theprior I screeningroundto thediagnosticscreening
roundwasrathersmall.

Westudiedchangesin thesizeof a lesionin moredetail.Figure4.1shows thedistri-
butionof thefeaturedifferencein size. Fromthis �gure weseethatmostmassesincrease
in sizeduringtime. A considerablepart(about25%)of all masseshoweverdecreasedin
sizeor remainedunchanged.Furtherinspectionof thesemassesshowedthat thelargest
part (27%)concernedarchitecturaldistortionsthatchangeinto morefocal masslesions
with smallersizeandmorecontrast.Otherreasonsfor adecreasein sizewereinaccurate
segmentations(25%), masseswith a similar appearanceon two consecutive mammo-
graphicexams(20%), massesthat really decreasedin (projected)size (15%), masses
locatedon the borderof the mammogram(8%), andother(8%). Histogramsof other
differencefeaturesalsoshow largevariations.

10
20

30
40

P
S

fragreplacem
ents

Relative sizedifference

G
row

th
percentage

F
re

qu
en

cy

0

0 200 400 600 800 1000

Figure 4.1: Histogram of the feature differencein size. The x-axis indicatesthe rel-
ative differencein sizebetweenthe current and the prior screeninground. They-axis
representsthenumberof masses.

Fromthis studywe concludethat temporalfeaturesmight improve theperformance
of aCAD system.FromFigure4.1welearnthatdifferencefeaturesmayshow largevari-
ations,makingit dif�cult to draw strongconclusionsfrom temporalchangeinformation.
Radiologistsand CAD systemscan usethis knowledgewhen discriminatingbetween
normaltissue,malignantlesions,andbenignlesions.





Chapter 5

RegionalRegistration to �nd
Corr espondingMassesin
Temporal Images1

In the previous chapterwe found that malignantmasseson averagechangebetween
two consecutivemammographicexams.Usinginformationabouttemporalchangesmay
thereforebeusefulto improve thedetectionandcharacterisationof masslesions.Before
we cancompareprior andcurrentregionswe shouldlink eachcurrentregion to a cor-
respondingregion on the prior view. In this chapterwe develop a regional registration
techniqueto accomplishthis. Startingfrom a currentimagecontaininga masslesion,
this registrationtechniqueaimsat locatingthesamemasslesionon theprior image.

5.1 Intr oduction

Studiesreporta positive effect on eitherrecallrateor animprovementin massdetection
performancewhenusingmultipleviewsin mammography screeningcomparedto single-
view mammography, cf. (Wald et al. 1995;Sickleset al. 1986;Thurfjell et al. 2000;
Callaway et al. 1997). Given thepositive effect of multi view systemson radiologists'
performancewe expect that fusion of informationfrom differentviews might improve
CAD systemsaswell. A �rst steptowardsa multi view approachis thedevelopmentof
programmesto link correspondinglesions.

Few studieshavebeendoneto �nd correspondingregionsin differentmammographic
views. Thesestudiesaimat�nding similarstructuresin eitherdifferentprojectionsof the

1Thecontentof thischapterhasbeenpublishedpreviously in Timp etal. (2005).
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samebreast(Goodet al. 1999;Paqueraultet al. 2002)or mammogramsobtainedat dif-
ferentpointsin time (Sanjay-Gopalet al. 1999;Hadjiiski et al. 2001a;Filev et al. 2005;
Timp & Karssemeijer2006). The �rst threestudieson temporalregistration(Sanjay-
Gopalet al. 1999;Hadjiiski et al. 2001a;Filev et al. 2005)�rst localisethemasson the
currentmammogramin a polar coordinatesystemwith the nippleasthe origin. Based
on thesecoordinatesthey estimatethe locationof the masson the prior mammogram.
This predictedlocationof themasscentroidon theprior mammogramdeterminesa fan-
shapedsearchregion. A similarity measurethendeterminesthebestmatchinglocation
inside this fan-shapedsearchregion. Hadjiiski et al. (2001a)investigatedthe useful-
nessof correlationandmutual informationasregistrationmeasures.In a recentstudy
Filev etal. (2005)comparedtwelvedifferentsimilarity measuresfor thetaskof template
matching.That studyshows that thebestperformingsimilarity measuresfor matching
correspondingregionsin temporalmammogrampairsarePearson's correlation,theco-
sinecoef�cient, andGoodmanandKruskal's Gammacoef�cient. In a previous study
we developeda regional registrationmethodin which thesearchfor correspondenceis
donein a featurespace(Timp & Karssemeijer2006).We constructedthis featurespace
by estimatingat eachlocationinsidea circularsearchareathe likelihoodthata massis
present,calledthemasslikelihood. Thenwe selectedthelocationwith thehighestmass
likelihoodinsidethissearchareaasmatchfor thelesionon thecurrentview.

Both registrationmethodshave somedisadvantages.A problemwith methodsbased
on templatematchingis thattheseonly work whenbothregionsaremoreor lesssimilar
in appearance.This might betruefor some—especiallybenign—lesionsthatstaymore
or lessconstantin time,but is obviously not truefor malignantlesionsthatchangecon-
siderablyin time. Registrationmethodsthat work in a featurespaceandusethe mass
likelihoodor a comparableregistrationmeasurewill work well in caseswith relatively
few potentiallesioncandidates.Thesemethodsmayfail whentheprior region doesnot
displayenoughmasscharacteristics—resultingin a low masslikelihood—or whenthe
searchareacontainsmorethanoneregion with a high masslikelihood. In this chapter
we thereforedevelop a new registrationtechniquethat combinesthe above mentioned
methods.

Method Our combinedregionalregistrationmethodcomprisesthreesteps.In the�rst
we align both images.Then,in thesecondstep,we de�ne for eachmasslesionon the
currentview a searchareaon the prior view in which the masslesion is most likely
located. In the third stepwe combinethreeregistrationmeasuresto determinethebest
locationinsidethesearcharea.Finally we selectthis locationasestimatefor thecentre
of theprior masslesion.

Morespeci�cally, in thethird stepweapplythefollowing threeregistrationmeasures.
The�rst measurerepresentsthelikelihoodthatamassis present,i.e. themasslikelihood.
As secondmeasureweusePearson'scorrelationcoef�cient to measurethesimilarity be-
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tweenthemassonthecurrentview andacandidateregionfor thecorrespondingmasson
theprior view. Weevaluatetheeffectof differenttemplateshapeson theperformanceof
thiscorrelationmeasure.Thelastmeasureis adistancecriterionthatgivespreferenceto
locationsnearaninitial estimate.Pertainingto therunningtimeweprovideafastvariant
of thecombinedregistrationmethodin which themeasuresareappliedsequentially.

We comparetheperformanceof thecombinedmethodwith techniquesthatuseonly
oneregistrationmeasure.For this purposewe usea datasetconsistingof 389 temporal
mammogrampairs that containa masslesion that is visible on the prior and the cur-
rent view. Finally we investigatepossibleshortcomingsof eachmethodby comparing
theregistrationperformancefor differentsetsof lesionsincludingbenignandmalignant
masses,andmassesthataresubtleor obviouson theprior view.

Structur e Thechapterhasthefollowing structure.In Section5.2 we explain thereg-
istrationmethodsin moredetail. Section5.3 describesthe experimentsto evaluatethe
differentregistrationmethods.In Section5.4we presenttheresultswith a discussionin
thelastsection.

5.2 Registration Procedure

In thissectionwepresentthegeneralprocedurewefollow to registertemporalmasspairs.
First, in Section5.2.1,we describepre-processingandglobalregistration.Section5.2.2
describesthede�nition of a searcharea.Then,in Section5.2.3,we explain eachof the
appliedregistrationmeasures.

5.2.1 Pre-processingand global registration

Beforewe canglobally registerprior andcurrentviews we have to pre-processbothim-
ages.To this end,we �rst segmenteachimageinto breastregion,backgroundtissueand
pectoralmuscle,usingabreastboundaryandpectoralmusclesegmentationalgorithmde-
velopedpreviously in ourgroup.Wesubsequentlyapplyanalgorithmthatremovesaddi-
tionalattenuationfrom thepectoralmuscle.Thispectoralequalisationmethodmakesthe
borderregionmorehomogeneous,which is advantageouswhendealingwith massesthat
developon thepectoralboundary. Finally we applya peripheralenhancementalgorithm
to thebreastareato correctfor differencesin tissuethickness.Section2.1describesthese
algorithms.

Following pre-processingweuseasimpleprocedurebasedonacentreof massalign-
mentto globally registerboth images.For this alignmentwe �rst determinethemathe-
maticalcentreof massof theprior andthecurrentimage.Wecandeterminethecentreof
massusingthewholebreastareaincludingthepectoralmuscleor usingthebreastarea
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with thepectoralmuscleexcluded. In our experimentswe excludethepectoralmuscle
asthis improvestheregistrationaccuracy (seeTable5.2and(VanEngelandetal. 2003)).
Thenwe horizontallyandvertically shift theprior imagesuchthatits centreof massco-
incideswith thecentreof massof thecurrentimage.Figure5.1illustratesthisalignment
afteraverticalshift of ty andahorizontalshift of tx . After alignmentof bothimageswe
usethecentrecoordinatesof thelesionon thecurrentimage(� x ; � y ) asinitial estimate
of thelocationof thelesionon theprior image.

PSfragreplacements

� x� x

� y� y

tx

ty
prior current

Figure 5.1: Global alignmentand de�nition of the search area. First both imagesare
alignedby shiftingtheprior image with tx andty. Thecentre coordinatesof the lesion
on the current image (� x ; � y ) thenform the initial estimatefor the lesionon the prior
image. This initial estimateis the centre of a circular search area (white circle) with
radiusr . Wecalculatetheregistrationmeasuresat each locationinsidethissearch area.

5.2.2 De�nition of the search area

After theimageshave beenalignedwe de�ne for eachmasslesionon thecurrentimage
a searchareaon theprior image. In the literaturetwo differentshapesof a searcharea
havebeenproposed.Timp & Karssemeijer(2006)usedacircularsearchareaandSanjay-
Gopaletal. (1999)afan-shapedsearcharea.Asprerequisiteweconsiderit importantthat
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thede�nition of a searchareacanbedonecompletelyautomatic.A fan-shapedsearch
area,asproposedin (Sanjay-Gopalet al. 1999),requiresthelocationof thenipple.This
is adisadvantageasit is sometimesdif�cult to identify thenipple,in particularif modern
high contrast�lm screencombinationsareused.Furthermore,we assumethattheshape
of thesearchareawill havelittle in�uenceonthe�nal registrationperformancewhenthe
searchareais largeenough.Thereforewe decideto usea circularsearch.As centrefor
this searchareawe usetheinitial estimateof thelocationof themasslesionon theprior
view (� x ; � y ).

To ensurethatthesearchareaincludesmostmasseswe usea largeradiusof 30 mm.
Thesizeof thesearchareais basedon a comparative studyVanEngelandet al. (2003)
performed. They comparedseveral registrationmethodsandfound that the maximum
error—i.e. themaximumdistancebetweentheestimatedmasslocationandtherealmass
location—was30 mm for a centreof massalignment.Figure5.1shows the�nal search
areaon the prior view with centre(� x ; � y ) anda radiusof 30 mm. After de�ning the
searchareawe calculateat eachlocationinsidethis areathe regional registrationmea-
sures.

5.2.3 Registration Methods

In this sectionwe �rst describetheindividual registrationmeasuresmasslikelihoodand
correlation. Thenwe explain our proposedregistrationmethodsthatcombinedifferent
registrationmeasures.

Registration basedon MassLik elihood

Thesemethodsdetermineat eachlocation inside the circular searchareaon the prior
view thelikelihoodthatamassis present,thatis amasslikelihoodmeasure.A highmass
likelihoodon the prior view may indicatethe presenceof a lesion. Registrationmeth-
odsbasedon masslikelihoodassumethat the locationwith thehighestmasslikelihood
correspondswith thelesionon thecurrentview. As masslikelihoodmeasurewe usethe
outcomeof ourpixel level massdetectionalgorithm.Section2.2describesthisalgorithm
in detail.Shortlythealgorithmworksasfollows. At eachlocationinsidethebreastarea
two featuresfor thedetectionof stellatelesionsandtwo featuresfor thedetectionof focal
masslesionsarecalculated.Thesefeaturesareusedasinput for a 3-layerfeed-forward
neuralnetwork trainedon known abnormalities.Next we constructthelikelihoodimage
by assigningeachpixel insidethebreastareathecorrespondingclassi�er output. Then
we slightly smooththis image. Themiddle row imagesin Figure6.2 and6.3 show ex-
amplesof likelihoodimages.We de�ne the masslikelihoodasthe smoothedclassi�er
outputat eachlocationin thebreastarea.For eachcurrentmasslesionwe selectthelo-
cationinsidethesearchareawith thehighestmasslikelihoodasestimatefor thelocation
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of themasslesionon theprior view.

Registration basedon GreyScaleCorr elation

Registrationmethodsbasedoncorrelationselectaregionontheprior view thatis similar
to the lesionon the currentview andassumethat this region representsthe samemass
lesion.Below weexplain thismethodanddescribedifferenttemplatesthatwe testedfor
thecorrelationmethod.

Method Registrationmethodsbasedongrey scalecorrelationcalculatethepixel corre-
lation betweena templateimageof thecurrentmass—thecurrentmasstemplate—anda
candidateregionontheprior image.We�rst selectoneof thetemplatesdescribedbelow
andput this templateover the currentmasslesionto obtainthe currentmasstemplate.
Thenweobtaincandidateregionsfor theprior massby puttingthetemplateateachloca-
tion insidethesearchareaon theprior image.Finally wecalculatePearson's correlation
measurebetweenthecurrentmasstemplateandthecandidateregion centredat (i; j ) on
theprior image:

C(i; j ) =

P
(m;n ) (yc(m; n) � yc)(yp(m0; n0) � yp)

q P
(m;n ) (yc(m; n) � yc)2

P
(m;n ) (yp(m0; n0) � yp)2

(5.1)

Thegrey level at location(m; n) in thecurrentmasstemplateis givenby yc(m; n) and
thegrey level of thecandidateregion with centre(i; j ) at thesamerelative locationby
yp(m0; n0). Thesummationis performedoverall locations(m; n) insidethecurrentmass
template.Theaveragegrey level in themasstemplateandthecandidateregion is given
by yc andyp respectively. Weselectthelocationwith thehighestcorrelationasestimate
for the locationof the masson the prior. The next paragraphdescribesdifferentmass
templates.

Mass Templates We designeddifferent templatesfor the registrationmethodbased
on correlation: an inner masstemplate,an outer masstemplate,and threeextended
templates.Thesetemplatescover differentpartsof the underlyingmasslesionandits
surroundingtissue.Figure5.2 illustratesthe templatesfor a benignmass.Beforecon-
structingatemplatewe�rst usethedynamicprogrammingbasedsegmentationalgorithm
from Chapter3 to determinethecontourof thecurrentmasslesion.

The innermasstemplate,asillustratedin Figure5.2(b),consistsof all pixels inside
the contourandexactly representsthe underlyingmasslesion. A candidateregion on
theprior imagehighly correlateswith thismasstemplatewhenthemasslesionis similar
in appearanceon prior andcurrentviews. On the otherhand,whenthe masschanges
considerablybetweentwo consecutive mammographicexams, for examplein size or
contrast,thecorrelationbetweenbothregionswill below.



5.2 REGISTRATION PROCEDURE 77

Figure5.2(c)illustratestheoutermasstemplate.This templateconsistsof all pixels
outsidethemasslesionthathave a distanceof lessthan6 mm from theborder. Conse-
quentlythe correlationonly dependson the similarity betweenthe outerborderregion
of thecurrentmassanda similar region on theprior view. This canbeanadvantagefor
massesthatchangesigni�cantly in appearance.For thesemassestheouterborderregion
will staymoreor lesssimilar in appearancebetweenboth views. On the otherhand,
this templatecancauseproblemswhenthegrey level characteristicsof theouterborder
regionarenotunique.An exampleis a tumourcompletelyembeddedin fatty tissue.The
outermasstemplatewill representgrey level characteristicsof fatty tissueandthusshow
little variation. Consequently, thecorrelationbetweenthis templateanda candidatere-
gion on theprior imagewill behigh whenthecandidateregion is homogeneousaswell.
In uniform breaststhis mayresultin many candidateregionsall correlatingequallywell
with thecurrentmasstemplate.

Figure5.2(d),5.2(e)and5.2(f) show theextendedtemplates.Thesetemplatesconsist
of a part of the inside region—theinner part—andan outer borderregion. The �rst
extendedtemplate,seeFigure5.2(d), is a simpleextendedtemplatethat consistof the
whole inside region and an outer borderregion. The secondone—thegrowing mass
template—onlycontainsthecentralpartof theinsideregion andanouterborderregion.
We designedthis templatefor massesthat grow betweentwo mammographicexams.
We assumethat for thesemassesthe mostinner part andthe outsideborderregion are
moreor lesssimilar on the prior andthe currentview. As inner part we usethe most
centralregionwith asizeof 1

2 A whereA is theareaof thewholeinsideregion. Webase
the sizeof the inner part on the observation that mostmassesin our databaseat most
doublein (projected)sizebetweentwo consecutive screeningrounds.Thelastextended
templateis thecirculartemplate.For this templatewe�rst determinetheeffective radius
R =

p
(A=� ) of theinsideregion. Thecirculartemplatethensimply is acircularregion

with radiusR + b whereb is thesizeof theouterborderregion. For all threeextended
templatesthesizeof theouterborderbregion is 3 mm.

Combined Registration Methods The last registrationmethodcombinesthe mass
likelihoodwith a correlationmeasureanda distancecriterion. We developtwo variants
of this combinedmethod.In bothmethodswe �rst determinetheindividual registration
measuresat selectedlocationsinside the searcharea. After calculatingthe individual
measuresat eachlocationwe normaliseeachmeasurev usingtheminimumandmaxi-
mumvaluesfoundin thedataset:

~v =
v � min(v)

max(v) � min(v))
(5.2)

andthenlinearlycombinethem:

R(i; j ) = wcC(i; j ) + wl l (i; j ) � wdd(i; j ); (5.3)
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(a) Benignmasslesion (b) Innermasstemplate

(c) Outermasstemplate (d) Simpleextendedtemplate

(e) Growing masstemplate (f) Circularmasstemplate

Figure 5.2: Figure 5.2(a)showsthe segmentationof a benignmass.Theother �gur es
showthedifferentmasstemplates.
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whereR(i; j ) is the combinedregistrationmeasure,C(i; j ) the grey scalecorrelation
measurefor the bestperformingtemplateshape,l(i; j ) the masslikelihoodandd(i; j )
thedistanceto theinitial estimate.Weusethewholedatasetto determinetheweightswc,
wl andwd to achieve maximumregistrationperformance.To �nd the optimal weights
wevary thecoef�cients wc andwl betweenzeroand100andkeepwd �x edat51.

Thedifferencebetweenbothcombinationmethodsconcernstheselectionof the lo-
cationswherethemeasuresarecalculated.The �rst variantsimply calculatesthe three
registrationmeasuresateachlocationinsidethesearcharea.Aswecalculateall measures
simultaneouslywecall thismethodthesimultaneouscombinationmethod.To reducethe
computationaleffort wedevelopedasecondvariantin whichwecalculatetheregistration
measuressequentially. Thismethod�rst selectsall locationsinsidethesearchareawith a
masslikelihoodaboveacertainthreshold.If two selectedlocationsarelessthenonemil-
limetreapartwe remove theonewith thelowestmasslikelihood.This procedureresults
in anaverageof 100selectedlocationsfor eachsearcharea.Wethendeterminetheother
two registrationmeasures—correlationanddistanceto initial estimate—fortheselected
locations. We call this methodthe sequentialcombinationmethodaswe calculatethe
registrationmeasuressequentially.

We compareboth variantswith respectto registrationperformanceand computa-
tional ef�ciency. An importantdifferencebetweenboth methodsis that the sequential
methodonly processeslocationsthatshow masscharacteristics.This canhave negative
andpositive consequencesfor the registrationperformance.A negative consequenceis
that a correctlocationwill be missedwhenits masslikelihoodis below the threshold,
independentof the valueof the correlationmeasure.This may result in a decreaseof
theregistrationperformancefor (benign)lesionswith few masscharacteristics.A posi-
tive consequenceis thatthesequentialmethodwill skip locationswith accidentallyhigh
correlationwhenthey displaynot enoughmasscharacteristics.This may increasethe
probabilitythatacorrectmatchoccurs.Consideringthecomputationalef�ciency weno-
tice that this mainly dependson thenumberof locationswherethecorrelationmeasure
is calculated.For thesequentialmethodthis correspondswith on average100locations
for eachsearcharea. The simultaneousmethodcalculatesthe correlationmeasureat
eachlocationinsidethe searcharea. This amountswith almost71,000locationsfor a
searchareawith radius30 mm anda pixel resolutionof 200 � m. The computational
effort is thusreducedabouta thousandfoldby usingthesequentialmethodcomparedto
thesimultaneousmethod.For thesequentialregistrationmethod,thewholeprocedure,
including the calculationof the masslikelihood,takeslessthanoneminuteper image.
As wedeterminedthemasslikelihoodalreadyin oursingleview CAD programme—see
Chapter2—theextra time neededfor the registrationis basedsolelyon thecalculation
of the correlationmeasure.This takesa few secondsper imagein the sequentialreg-
istrationmethod.This meansthat the methodcanbe implementedinto a CAD system
withoutmuchadditionaltimecosts.
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5.3 Experiments to EvaluateRegionalRegistration

In this sectionwe �rst describethedatasetandthesubsetsthatwe usedfor theexperi-
ments.Thenwedescribetheevaluationmeasureweusedto quantifytheperformanceof
eachregistrationmethod.

5.3.1 Dataset

Themammogramsusedin this studyall camefrom theDutchBreastCancerScreening
Programme.We constructedthe datasetfor the experimentsby collectingall temporal
imagepairswith a visible masslesionon theprior andthecurrentview. Eachtemporal
imagepair consistedof themammogramsfrom two consecutive mammographicexams.
Wecall themostrecentimagein a temporalpair thecurrentmammogramandtheimage
obtainedin thepreviousscreeningroundtheprior or previousmammogram.Theimages
camefrom two differentsets.Table5.1summarisesinformationabouteachset.The�rst
datasetconsistedof 155 imagepairswith a malignantmasson prior andcurrentviews.
This datasetcontained281 imagesfrom 87 patients.The imagesweredigitisedwith a
Lumisys85digitiseratapixel resolutionof 50 � m.

Theseconddatasetconsistedof 234imagepairs,94 with a malignantmassand140
with a benignmass.This datasetcontained434 imagesfrom 155patients.The images
weredigitisedwith a CanonCFS300laserscannerat a pixel resolutionof 50 � m. A
radiologistratedall massesin this datasetfor their visibility on a scalefrom 1 to 5. A
ratingof 1 correspondsto massesthatareclearlyvisible. A ratingof 5 correspondswith
subtlemassesthataredif�cult to see.Mostof thesecanonly bedetectedin retrospect.

Combinationof thetwosetsresultedin 389temporalimagepairs,140benignand249
malignant.Thenumberof temporalpairsis largerthanhalf of thenumberof theimages
sincefor somewomenthe mammogramsof threeconsecutive mammographicexams
wereavailable.For theexperimentswe useda spatialresolutionof 200� m maintaining
theoriginalgrey valueresolutionof 12bits.

We annotatedall masslesionson prior andcurrentviews undersupervisionof an
expert radiologist.For this purposewe usedspeciallydesignedsoftwareon a dedicated
mammographicreview station.Wedeterminedthesizeof eachannotatedmasslesionon
both the prior andthe currentview. Figure5.3 shows the distribution of the masssize
for benignandmalignantmasses.Themeansizeof benignmasseswas2.2 cm2 on the
currentmammogramversus1.8 cm2 on theprior mammogram.Theaveragegrowth of
thebenignmasses,de�ned astheratio betweenthecurrentandtheprior masssize,was
1.4.Themeansizeof malignantmasseswas2.4cm2 on thecurrentmammogramversus
1.7cm2 on theprior mammogram.Theaveragegrowth of malignantmasseswas1.66.
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DatasetI DatasetII

no. of imagepairs 155 234

no. of images 281 434

no. of patients 87 155

malignantimagepairs 155 94

benignimagepairs 0 140

MLO views 124 194

CC views 31 40

Table5.1: Compositionof thedatasetsusedfor theexperiments.
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Figure 5.3: Sizeof massesonprior andcurrentviews.
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5.3.2 Subsets

We testedtheperformanceof eachregistrationmethodon thewholedatasetandon sev-
eralsubdivisionsof theoriginaldataset.Thesesubdivisionscontaindifferentmasstypes
and the performanceon thesesubsetsinforms us aboutspeci�c shortcomingsof each
method. The �rst subdivision is betweenbenignand malignantmasses.We usethis
subdivision to testour assumptionthatcorrelationmeasuresaremoresuitedfor benign
massesandmeasuresbasedon masslikelihoodfor malignantmasses.We basethis as-
sumptionon the fact that correlationmeasureswork bestfor lesionsthat staymoreor
lessconstantin time, which is often the casefor benignmasses.Malignantmasseson
theotherhandcanchangeconsiderablyin time,notonly in size,but alsoin contrastand
overall appearance.We usethe setof malignantmassesthat have beenratedfor their
visibility to makeasubdivisionbetweenmassesthatareclearlyvisibleon theprior view
andmassesthat arevery subtleon the prior view. To this endwe put all masseswith
a visibility rating of 5 in the groupof subtlepriors andall othermassesin the group
of obviouspriors. We expectthatmostmassesin thegroupof subtlepriorswill have a
differentappearanceon the prior andthe currentview. Thesemassesmay thusbe less
suitedfor methodsbasedoncorrelation.

5.3.3 Validation

As evaluation measurefor the registration methodswe use the fraction of correctly
matchedlesions. We counta matchascorrectwhenthe selectedlocationis insidethe
annotationof the radiologist. Besidesevaluatingthe performanceof eachregistration
methodwe alsodeterminetheoptimalsearchradiusby varyingtheradiusof thesearch
areabetween0 and30mm.

5.4 Results

In the�rst two paragraphswe presenttheresultsfor theglobalandregionalregistration
methods.For this purposewe usedthe completedatasetof 389 temporalimagepairs.
In the third paragraphwe give the performanceeachregistrationmethodfor different
subsetsof theoriginaldataset.In thelastparagraphwedescribecaseswheretheproposed
registrationmethodfailedto establishacorrectlink.

5.4.1 Global Registration Performance

We testedthe accuracy of global alignmentfor two implementations.In the �rst we
usedthewholebreast—includingthepectoralmuscle—todeterminethecentreof mass
of the breastarea. In the secondwe excludedthe pectoralmusclewhen determining
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thecentreof massof thebreast.After alignmentwe usedthecentrecoordinatesof the
currentmasslesionasestimatefor thelocationof themasslesionon theprior view. We
thendeterminedthe fraction of correctly linked masses.We counteda link ascorrect
whenthe initial estimatefell insidethe manualsegmentationof the lesionon the prior
view. Furthermorewe determinedfor eachlesionthedistancebetweenthecentreof the
currentmasslesion—i.e. the initial estimate—andthe centreof the prior masslesion.
Table5.2presentstheresults.FromTable5.2we seethattheglobalregistrationmethod
improveswhenwe excludethe pectoralmusclefor determiningthe centreof mass.In
theotherexperimentswe thereforeusetheimplementationin which thepectoralmuscle
is excluded.

Fraction Mean Distanceto

Corr ect Ground Truth (mm)

with pectoralmuscle 0.30 11.9

withoutpectoralmuscle 0.37 9.9

Table 5.2: Resultsfor theglobal registration procedure where wedeterminedthecentre
of massof thebreastareawith andwithout thepectoral muscle. The�r st columngives
thefractionof correctlylinkedmasses.Thesecondcolumngivesthemeandistancefrom
thecentreof thecurrentmasslesionto thecentreof theprior masslesion.

5.4.2 PerformanceRegistration Measures

Table5.3 andFigure5.4 show the resultsfor the different registrationmeasures.The
bestperformancefor the measurebasedon masslikelihoodis 0:71 for a searchradius
of 12 mm. Consideringthe correlationmeasurewe �nd that the inner andoutermass
templateshaveasigni�cantly lowerperformancethantheextendedmasstemplates.The
bestperformingextendedmasstemplateis thegrowing masstemplate,althoughthedif-
ferencewith theotherextendedtemplatesis not statisticallysigni�cant. We furthermore
studiedthe in�uence of theouterborderregion by varying thesizeof this region in the
simpleextendedtemplatebetween0 and6 mm. FromTable5.4we seethatthefraction
of correctlylinkedmassesis 0.60for thesimpleextendedtemplatewithoutanouterbor-
derregion, thatthis fractionincreasesupuntil 0.68for anouterborderregionof 1.4mm
andthenstaysmoreor lessconstant.

We selectthe growing masstemplatefor the grey scalecorrelationmeasurein the
combinedregistrationmethods. The differencebetweenthe performanceof the com-
binedregistrationmethodsandtheindividual registrationmeasuresis statisticallysignif-
icant. Figure5.4 shows that the performanceof both combinedmethodsincreasesup



84 5 REGISTRATION TO FIND CORRESPONDING MASSES IN TEMPORAL IMAGES

Registration Measure Fraction Corr ect Radius Distance

masslikelihood 0.71� 0.02 12 3.6

innermasstemplate 0.60� 0.02 16 4.2

outermasstemplate 0.48� 0.03 8 4.6

simpleextendedmasstemplate 0.69� 0.02 20 3.6

growing masstemplate 0.71� 0.02 20 3.5

circularmasstemplate 0.69� 0.02 16 3.7

simultaneouscombination 0.82� 0.02 20 2.6

sequentialcombination 0.82� 0.02 20 2.8

Table 5.3: Registration resultsfor the different methods.The �r st columnshowsthe
registration measure. Thesecondcolumngivesthefractioncorrectly linkedmassesand
thestandard deviation. Thethird columnshowstheradiusof thesearch areawhere the
maximumperformancehasbeenobtainedandthe last columnthemeandistanceto the
groundtruth.
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Figure5.4: Overview of regional registrationmeasures.For each methodthefractionof
correctlylinkedlesionsis plottedagainsttheradiusof thesearch area.



5.4 RESULTS 85

Outer Border Size(mm) 0 0.6 1.0 1.4 2.0 3.0 4.0 6.0

Fraction Corr ect 0.60 0.63 0.66 0.68 0.68 0.69 0.69 0.69

Table5.4: Fractioncorrectlylinkedmasseswherewevariedtheouterbordersizeof the
simpleextendedtemplate.

until 0.82for asearchradiusof 20mmandthenstaysmoreor lessconstant.Theweights
for wc, wl , andwd were33,29and51 for thesimultaneouscombinationmethodand51,
75, 51 for the sequentialcombinationmethod. From thesecoef�cients we seethat the
distancemeasureis moreimportantfor thesimultaneousmethodthanfor thesequential
method.For thesequentialmethodthemasslikelihoodmeasurehasa lowerweightthan
thecorrelationmeasure.This wasexpectedasall processedlocationsin thesequential
methodalreadyhave a relatively high masslikelihood. The choicefor a locationthen
mainly dependson the grey scalecorrelationmeasure.For both methodswe �nd that
smallvariationsin thecoef�cients have little in�uenceontheresults.For example,when
thecoef�cients wc, wl andwd areequal,theperformanceof bothmethodsis 0.80.

Figure5.5showsascatterplot for themeasurebasedonmasslikelihoodversusgrey
scalecorrelationfor correctlylinkedmassesandmassesthatwerelinkedincorrect.The
correlationbetweenboth measuresis 0.34 for correctly linked massesand0.22 for in-
correctmatches.Fromthe �gure we seethatmostcorrectlylinkedmasseshave a high
correlationmeasureandahighmasslikelihood.However, thereis alsoa largenumberof
masseswith eitheralow correlationor alow masslikelihood.Thisexplainstheincreased
performanceof thecombinationmethodscomparedto theperformanceof theindividual
measures.

Figure5.6shows thehistogramof thedistancebetweentheselectedlocationandthe
centreof thegroundtruth. Themeandistancefor correctlylinkedmassesis 1.2mm. For
incorrectmatchesthemeandistanceis 10.0mm. This is moreor lessequalto themean
distancemeasuredafter theglobal registrationstep.Therearea few outliersamongthe
incorrectlinks. In thesecasestheglobalregistrationfailedandthetruemasslesionwas
locatedoutsidethesearcharea.

5.4.3 Registration Performancefor Subsets

Table5.5 givesthe fraction of correctlylinked massesfor differentsubsets.This table
shows that the masslikelihoodperformsbeston malignantmassesandthe grey scale
correlationmeasureon benignmasses.The combinationmethodsperformsatisfactory
on bothsubsets.Table5.5 alsoshows that the individual registrationmeasuresperform
similarly for massesthataresubtleandmassesthatareobviouson theprior view. Fur-
thermorewe�nd thatthesequentialcombinationmethodperformsbetterthanthesimul-
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Figure 5.5: Scatterplot for correctandincorrectlinks.
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Figure5.6: Histogramfor thedistancefromtheselectedlocationto thegroundtruth for
correctandincorrectlinks.

taneouscombinationmethodon thegroupof massesthataresubtleon theprior view.

5.4.4 Link Err ors

Oneof thebestperformingmethods—thesimultaneouscombinationmethod—links18%
of all lesionsincorrect. To obtain insight into the possiblecausesof theselink errors
we compareeachof the threeregistrationmeasures—correlation,masslikelihood,and
distance—attheselectedlocationwith thesamemeasuresat thecorrectlocation.When
onemeasureperformssubstantiallybetterat theselectedlocation,we choosefailureof
this measureasthemostimportantcauseof theincorrectmatch.Table5.6shows thata
combinationof a low correlationanda low masslikelihoodis themostcommoncause
of anincorrectmatch.In mostof thesecasesthemasson theprior mammogramis very
subtle,whichhasconsequencesfor boththecorrelationmeasureandthemasslikelihood.
Thesecondmostimportantcauseof link errorsis a largedistanceto theinitial estimate.
In thesecasestheglobalregistrationmethoddid notwork verywell. We �nd a low mass
likelihoodascausefor thelink errorsfor benignmassesthataresubtleon theprior view.
Finally, weseethatmasseswith alow correlationoftenchangeconsiderablybetweentwo
consecutivemammographicexams.Figure5.7givessomeexampleswherethecombined
registrationmethodfailed. The letter C indicatesthe correct location, S the selected
location. Figure5.7(a)shows a very subtlemasson theprior view, in Figure5.7(b)the
selectedlocationshows a spiculationpatternresultingin a highermasslikelihoodthan
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Subset
No. of Mass Gray scale Sim Seq

Lesions Lik elihood Corr elation Comb Comb

originaldataset 389 0.71 0.71 0.82 0.82

benignmasses 140 0.66 0.74 0.82 0.79

malignantmasses 249 0.75 0.69 0.82 0.84

subtleonprior view 37 0.76 0.68 0.78 0.84

obviousonprior view 57 0.74 0.67 0.84 0.84

Note.—Sim= simultaneous,Seq= sequential,Comb= combination.

Table 5.5: Registration performancefor differentsubsets.Thesecondcolumngivesthe
numberof temporal image pairs in each subset.Theothercolumnsgivetheregistration
performancefor each measure.

Reasonof Incorr ectLink Percentage

combinationof low correlationandlow masslikelihood 38%

far from initial estimate 25%

low masslikelihood 21%

low correlation 17%

Table5.6: Summaryof themostimportantcausesof incorrectlinks.
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thecorrectlocation.

5.5 Discussion

In this chapterwe presentedan automaticregional registrationmethodthat �nds cor-
respondingmasslesionsin temporalmammogrampairs. This methodcombinesthree
registrationmeasures:a measurebasedon correlation,a masslikelihoodmeasure,anda
distancecriterion. On thecompletesetof massesthis combinedmethodlinked82%of
themassescorrectly, comparedwith 71%for bothindividualmeasures.

For themeasurebasedon correlationwe designeddifferenttemplateshapesandin-
vestigatedthe in�uence of the templateshapeon the registrationperformance.For all
shapeswe usedPearson's correlationcoef�cient assimilarity measure.In a recentstudy
Filev et al. (2005)found that this measureworksbestamonga selectionof twelve dif-
ferentsimilarity measures.Resultsfor thedifferenttemplateshapesshow that thebest
performingtemplateis thegrowing masstemplate.Wedesignedthis templatefor masses
thateithergrow or stayconstantin time. Theregistrationperformanceof theothertwo
extendedmasstemplates,the simpleextendedtemplateandthe circular template,was
only slightly lower. This shows that the correlationmeasureis not very sensitive for
smallchangesin templateshape.Thelow performanceobtainedwith theinnerandouter
masstemplatesshows thatbothregionsarenecessaryto obtaingoodregistrationresults.
We furthermorefound that the minimal sizeof the outerborderregion is 1.4 mm and
that the registrationperformanceis similar for larger outerborderregions. This obser-
vationdiffersfrom thestudyfrom Sanjay-Gopalet al. (1999).They founda decreasein
registrationperformancewhenthe sizeof the outerborderregion increased.The main
differencebetweenbothstudiesis thatSanjay-Gopalet al. (1999)useda boundingbox
astemplatewhereasour templatedependson thecontourof themass.As mostmasses
aremoreor lesscircularly shapeda boundingbox will alwayscontainsurroundingtis-
suealongsome—but not all—partsof thecontour. This might in�uence theregistration
results.

To obtaininformationabouttheperformanceof eachmethodon speci�c masstypes
we dividedtheoriginal datasetinto severalsubsets.The�rst subdivision of theoriginal
datasetwasbetweenbenignandmalignantmasses.This subdivision shows thata corre-
lation measureis moresuitedfor benignmasses.This maybeexplainedby thefactthat
benignmassesstaymoreor lessconstantover time resultingin a goodcorrelationbe-
tweenbothviews. Fromtheresultsweconcludethatameasurebasedonmasslikelihood
is moresuitedfor malignantmasses.This measurewill selecta correctlocationon the
prior view evenwhenthemasshaschangedconsiderably, providedthat themasslesion
ontheprior is at thelocationwith thehighestmasslikelihood.Furthermore,thismeasure
alsotakesspiculationinto account,which is a frequentsignof malignantmasses.
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Figure 5.7: Examplesof link errors. Thewhitecircle indicatesthesearch area.C is the
correctlocation,Stheselectedlocation.
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Thesecondsubdivision wasbetweenmassesthatarevery subtleandmassesthatare
obviouson theprior view. Concerningthecombinedregistrationmethodswe foundthat
thesequentialmethodwasmoresuitedto �nd subtlepriorsthanthesimultaneousmethod.
This is in agreementwith the observation that the correlationbetweena subtlemasses
on the prior view and its correspondingmasson the currentview is often quite low.
Consequently, makinga pre-selectionof locationswith a high masslikelihoodincreases
theprobability that thecorrectmasslocationis selected,on conditionthat this location
hasenoughmasscharacteristicsto beselected.Whenall locationsareprocessed—likein
thesimultaneouscombinationmethod—someincorrectlocationsaccidentallymayhave
ahighcorrelation,increasingtheprobabilitythatanincorrectmatchoccurs.

In summarywe found thatmethodsthatcombineseveral registrationmeasuresper-
form betterthanmethodsthat useonly oneregistrationmeasure.The choicebetween
both combinationmethodsdepends1) on the numberof regionsinitially detectedby a
CAD programmeand2) on whethertheCAD programmeaimsat detectingall kindsof
massesor only malignantones.Whenthenumberof initial regionsis quite large,what
is commonfor CAD programmes,the sequentialcombinationmethodis preferredbe-
causeit is very fastcomparedto thesimultaneousmethod.Thesequentialmethodalso
performsbetteron thesubsetof malignantmasses.On theotherhand,we might choose
the simultaneousmethodwhen the CAD programmemainly aimsat detectingbenign
lesions.

A computeraideddetection(CAD) systemthat includestemporalinformationcan
usethis regionalregistrationmethodto link selectedregionsonthecurrentmammogram
to correspondinglocationson the prior mammogram. Combinationof featuresfrom
linked regionsgivesinformationabouttemporalchanges.In the next chapterswe will
build sucha CAD systemandevaluatethe effect of temporalfeatureson the detection
andcharacterisationperformance.





Chapter 6

Inter val ChangeAnalysis for the
Detectionof Masses1

In this chapterwe includetemporalinformationin our CAD programmeto improve the
detectionof malignantmasses.For this purposewe �rst usea simpli�ed versionof the
registrationmethoddescribedin Chapter5. Following the linking processwe calculate
several featuresfor the currentandprior region. We thenobtain temporalfeaturesby
combiningthefeaturevaluesfrom bothregions.Finally weevaluatetheeffectof tempo-
ral featureson thedetectionperformanceof ourCAD programme.

6.1 Intr oduction

At the momentmostCAD (computeraideddiagnosis)programmesin mammography
usea singleview to detectabnormalities.However, whenmammogramsfrom multiple
examinationsareavailable,andCAD makesuseof correlationsbetweenexams,ahigher
accuracy may be achieved in detectingmalignancies.In this studywe concentrateon
usinginformationfrom previousandcurrentviews. In Chapter1 we alreadymentioned
someadvantagesof usingpreviousmammograms.Despitetheseadvantagesthedevel-
opmentof CAD systemsthat includetemporalinformationhasnot yet received much
attention.

We candivide previous work into two main categories: (1) methodsthat compare
currentimageswith priors to detectsubtlechangesin the breastand(2) methodsthat
comparesuspiciousregionsin currentmammogramswith correspondingregionsin pri-
ors.Vujovic etal. (1995)usedthe�rst methodto detectabnormalities.They �rst divided

1Thischapteris basedonTimp & Karssemeijer(2004b)andTimp & Karssemeijer(2006)

93
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thecurrentandpriormammogramintoseveralregionsusinginternalcontrolpoints.Then
they usedthesecontrolpointsto de�ne circularregionsinsideeachmammogram.Next
they comparedcorrespondingregions from prior and currentviews using texture and
contrastmeasures.They foundthattheintensityhistogramcarriedusefulinformationin
separatingnormalfrom abnormaltissue.Kok-Wiles et al. (1998)andTimp & Karsse-
meijer (2004b)usedthesecondmethod.Kok-Wiles et al. (1998)representedthebreast
asa nestedstructureof salientregionsandusedthis representationto compareprior and
currentregions.In apreviousstudy(Timp & Karssemeijer2004b)wecomparedthecon-
trastandsizeof correspondingregionsonprior andcurrentmammogramsandfoundthat
thedetectionperformanceimprovedby addingthis informationto theCAD system

Bothmethodsdependmoreor lessontheaccuracy of thetemporalregistration.Tem-
poralregistrationincludesglobalregistrationandregionalregistration.Globaltechniques
registercurrentandprior mammograms.In the literaturesomeapproacheshave been
describedfor globalmammogramregistration,cf. (Sallam& Bowyer 1994;Vujovic &
Brzakovic 1997;Richard& Graf�gne 2000).A comparativestudyfor globalregistration
methodsin mammography hasbeendoneby VanEngelandetal. (2003).They compared
four methodsfor mammogramregistration: alignmentbasedon nipple position,align-
mentbasedon thecentreof massof thebreasttissue,warping,andregistrationbasedon
mutualinformation. They measuredthe performanceof all methodsby comparingthe
distancebetweenthecentreof themanualsegmentationof abnormalitiesontheprevious
andthe currentview beforeandafter registrationandfound that the methodbasedon
mutualinformationworkedbest.Themethodbasedoncentreof massalignmentworked
reasonablywell, in particularif thepectoralmusclewasexcludedfor centreof masscal-
culation. Themethodbasedon nipplealignmentonly worked if thenipplewasvisible
in pro�le. The methodbasedon warpingperformedworst andcould causeunrealistic
deformationsinsidethebreastarea.

In this studywe developa temporalCAD methodandinvestigatetheeffect of tem-
poral featureson thedetectionperformance.Figure6.1 summarisesthedifferentsteps.
The methodstartswith the mammogramsof two consecutive mammographicexams:
the prior andthe currentmammogram.On both mammogramsthe breastareaandthe
pectoralmusclearesegmented.A global registrationmethodbasedon centreof mass
alignmentregistersthe currentandthe prior images.Next a pixel level massdetection
algorithmassignseachpixel insidethebreastareaa measureof suspiciousness,theso-
calledmasslikelihood. This measurerepresentsthe likelihood that a malignantmass
is presentat that location. We thenselectthe mostsuspiciouslocationson the current
imageand link theseto a correspondinglocationon the prior view. After linking we
calculatefeaturesfor prior andcurrentregions. Thecombinationof featuresfrom both
regionsresultsin theso-calledtemporalfeatures.We useFROC analysisto evaluatethe
detectionperformancewith andwithout theuseof temporalfeatures.

Theremainderof this chapteris organisedasfollows. In Section6.2we �rst brie�y
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discussthesingleview CAD programmeandthenexplain theproposedtemporalCAD
programmein moredetail.Section6.3describestheexperimentsto evaluatetheregional
registrationtechniqueandthetemporalCAD programme.In Section6.4we presentthe
resultsof our experiments.Section6.5 includessomediscussionandcomparisonwith a
conclusionin thelastsection.

6.2 SingleView and Temporal CAD programme

The CAD programmeconsistsof the following threecomponents:initial CAD pro-
gramme,singleview part, andtemporalpart. Figure6.1 givesthe outline of the com-
pletemethod.Subsection6.2.1describestheinitial CAD programmethatincludessome
pre-processingstepsanda pixel level massdetectionalgorithm. This algorithmdetects
tumourcharacteristicsandassignseachlocationin thebreastareaa scorethat indicates
how likely it is thatalesionis present.Subsection6.2.2describesthesingleview partthat
includessegmentationof thecurrentimageatsuspiciouslocationsandfeatureextraction.
Subsection6.2.3explainsthethreestepsof thetemporalCAD program:globalregistra-
tion, regional registrationandfeaturecombination. In the last subsectionwe describe
featureselectionandclassi�cationfor bothsingleview andtemporalCAD methods.

6.2.1 Initial CAD programme

Below weshortlyreview theinitial CAD programme,for detailsseeChapter2. Weapply
theinitial CAD programmeto all prior andcurrentimages.Westartwith pre-processing
all images:segmentationof theimageinto breasttissue,backgroundtissueandpectoral
muscle(Karssemeijer1998),peripheralenhancementto correctfor differencesin tissue
thickness,andremoval of the sharptransitionin grey level from the breastareato the
pectoralregion(Timp & Karssemeijer2006).Wethenapplyapixel level massdetection
algorithmthat estimatesthe potentialpresenceof a tumourat eachlocation insidethe
breastarea.For this purposewe calculateat eachlocationtwo featuresfor thedetection
of a spiculationpatternor architecturaldistortionandtwo featuresfor thedetectionof a
focal mass.A neuralnetwork classi�er combinesthesefeaturesinto a singlescorethat
representthe likelihoodthat a massis presentat that location. Thereforewe call this
classi�er outputscorethemasslikelihood.

6.2.2 Singleview CAD method

Thesingleview CAD programmeselectslocationswith ahighmasslikelihoodfor further
processing.First a segmentationalgorithmsegmentsthe currentimageat the selected
locations. For segmentationwe usean algorithmbasedon dynamicprogramming,see
Chapter3. Wethencalculatefeaturesfor eachsegmentedregionresultingin atotalof 39
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Group Name No. Temp Description

DenseTissue 5 Featuresthatdeterminethelocationof a

regionwith respectto thedensetissue

Spiculation 4 * Featuresthatdetectspiculatedlesions

FocalMass 4 * Featuresthatdetecta focalmass

MassLikelihood 3 * Masslikelihoodmeasures

Intensity 1 * Meangrey valueinsidethecontour

Contrast 5 * Differencebetweenthegrey level histograms

of a regionandits surround

Variance 4 * Variancein grey level histogramof a region

andits surround

LinearTexture 6 * Presenceof lineartexture

Iso-denseness 1 * Iso-densenessof thesegmentedregion

Location 3 Featuresthatdeterminethelocationof a region

relative to thepectoralmuscleandtheskin

Size 1 * Sizeof thesegmentedregion

Circularity 1 * Circularityof thesegmentedregion

Wolfe 1 EstimatedWolfe class

Table6.1: Featuredescription.Wedividethebasicfeaturesinto twelvedifferentgroups.
The�r stcolumngivesthegroupname, thesecondcolumnthenumberof featuresin each
group,andthelast columna descriptionof thegroup.A star indicatesthat wecalculate
thesefeaturesbothfor prior andfor currentregionsto obtaintemporal information.

features.Chapter2 describesthesefeaturesin detail. We call thesesingleview features
thebasicfeaturesetanddivideeachfeatureinto oneof 12differentcategoriesaccording
to thetypeof characteristicit represents.Table6.1 lists thedifferentfeaturegroups.

6.2.3 Temporal CAD method

In thetemporalCAD partwe �rst globally registerpreviousandcurrentviews. Thenwe
apply a regional registrationtechniqueto link eachsuspicioussite on the currentview
to a correspondingsiteon theprior view. After completionof thelinking procedurethe
prior imageis segmentedat theselectedlocationandfeaturesarecalculatedfor theseg-
mentedregionontheprior view. Combiningfeaturesfrom bothviewsprovidestemporal
information.Figure6.2and6.3show temporalimagepairsandthecorrespondinglikeli-
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hoodimages.Figure6.2showsanewly developedmass,whereasthemassonFigure6.3
wasalreadyvisible on the previous mammogram.The threemostsuspicioussitesare
indicatedwith their correspondingnumbers.

Global Registration

To registercurrentand the prior views we usea simpleprocedurebasedon centreof
massalignment. A problemwith centreof massalignmentis the varying proportion
of the pectoralmusclethat is visible. Van Engelandet al. (2003)found that the regis-
tration improved considerablyby excluding the pectoralmusclein the centreof mass
calculation.Thereforewe �rst segmentthepectoralmuscleusingtheHoughtransform,
see(Karssemeijer1998). Thenwe calculatethecentreof thebreastareafor bothprior
andcurrentviews with thepectoralmuscleexcluded.Next we registerbothviews using
verticalandhorizontaltranslations.

RegionalRegistration

The next stepin the temporalCAD programmeis regional registrationto �nd for each
suspicioussiteon thecurrentview a correspondingsiteon theprior view. In theprevi-
ouschapterwe describeda registrationmethodthatcombinesthreedifferentmeasures.
In this chapterwe usea simpli�ed versionof this methodthat only usestwo different
registrationmeasures:themasslikelihoodanda distancecriterion. To this endwe �rst
de�ne a searchareaon theprior view in which themassis likely to belocated.As both
mammogramsaregloballyalignedwecanusethecoordinatesof thecentreof thecurrent
lesion(� x ; � y ) asinitial estimatefor thelocationof thelesionontheprior mammogram.
This initial estimatede�nes the centreof a circular searchareawith radiusr as illus-
tratedin Figure6.4. We calculatebothregistrationmeasuresat eachlocationinsidethis
searcharea. The combinedregistrationmeasureis proportionalto the masslikelihood
andinverselyproportionalto thedistancefrom thepixel to theinitial estimate:

R(i; j ) = l(i; j ) � wdd(i; j ); (6.1)

wherel(i; j ) is thevalueof themasslikelihoodatlocation(i; j ) andd(i; j ) thedistanceto
theinitial estimate(� x ; � y ). Thefactorwd is aweightfactorthatdeterminestherelative
importanceof thedistancecriterion. We selectthelocationwith thehighestregistration
measureasmatchfor the locationon thecurrentview. In Subsection6.4.1we evaluate
theperformanceof this regionalregistrationtechniquefor differentvaluesof r andwd.

Segmentationand Feature Extraction

Thelaststepin thetemporalCAD programmeconcernssegmentationof theprior image
at the selectedlocationsandextractionof featuresfrom thesesegmentedregions. For
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on theprior image.
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Themiddlerow showsthe likelihoodimagesfor both prior and current mammograms.
Themostsuspiciouslocationson thecurrent likelihoodimage are selected.A regional
registration techniquesthenlinks each selectedsite to a correspondinglocationon the
prior image.
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Figure 6.4: After global registration each suspicioussiteC = (� x ; � y ) on thecurrent
view de�nes a circular search area on the prior view with centre P = (� x ; � y ) and
radiusr . Thebestmatchingsiteinsidethisareais linkedto locationC.

eachregion pair we obtaintemporalfeaturesby subtractingtheprior featurevaluefrom
the currentfeaturevalue. We determinetemporalfeaturesfor all singleview features
exceptfor thelocationfeatures,thedensetissuefeatures,andtheestimatedWolfe class.
Thisresultsin atotalof 30temporalfeatures.Wecall thesetcontainingbothsingleview
andtemporalfeaturesthetemporal featureset. Table6.1summarisesthesefeatures.

6.2.4 Classi�cation

Beforeclassi�cationwenormaliseeachfeatureto zeromeanandunit variance:

f 0 =
f � f
� (f )

;

wherewe usedthewholedatasetto determinethemeanf andstandarddeviation � (f )
of eachfeaturef . The classi�er designconsistsof the following two stages:feature
selectionandclassi�er training. Both partsaredonecompletelyindependentfrom the
evaluationof theclassi�er. We usea cross-validationschemeto randomlypartition the
datasetinto a trainingsetanda testseton a 10:1 ratio undertheconstraintthat images
from thesamepatientaregroupedinto thesamesubset.

In the �rst stagewe usethe training set to selectthe bestsubsetof features. As
featureselectorwe usesequentialforward �oating selection(SFFS)(Pudil et al. 1994).
In thesecondstagewe usethetrainingsetto train a simple3-layerfeed-forwardneural
network classi�er. After training theneuralnetwork assignsall regionsin the testseta
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scorethat indicateswhethertheregion is malignantor not, calledthemalignancyscore.
By makingboth featureselectionandclassi�er designindependentof the testset,we
aimat improving thegeneralisabilityof ourclassi�cationresultsto unknown casesin the
patientpopulation.

6.3 MassDetectionExperiments

6.3.1 Dataset

The datasetfor this study consistedof 4871 single view imagesobtainedfrom 938
women. All imagesusedin this studycamefrom the Dutch BreastCancerScreening
Programme.Fromthese4871singleview imageswe constructed2873temporalimage
pairs. The numberof temporalpairswaslarger thanhalf of the numberof the images
sincefor somewomenthemammogramsfrom threeconsecutive examswereavailable:
thediagnosticmammogram,themostrecentprior mammogram(prior I) andthesecond
mostrecentprior mammogram(prior II), seeFigure1.3.Theimagesweredigitisedwith
eitheraCanonCFS300or aLumisys85scanneratapixel resolutionof 50 � m, andwere
averagedto a resolutionof 200� m maintainingtheoriginal grey valueresolutionof 12
bits.

In 589 imagepairsthecurrentview containedexactly onemalignantmass.We call
this the malignantdataset.In 44% the masswasalsovisible on the prior view. This
resultedin 262 temporalimagespairs with a visible masson both currentand prior
views, and327 imagepairswith a newly developingabnormalityon the currentview.
No pathologywaspresentin 2284images.We call theseimagesnormal. We manually
outlinedall malignantmassesundersupervisionof anexpert radiologiston a dedicated
mammographicreview station.

For the experimentswe madetwo subdivisionsof the malignantdataset.The �rst
subdivisionwasbetweenmassesthatwerevisibleontheprior view andmassesthatwere
not visible on theprior view, that is betweenvisible priorsandnormalpriors. We made
this subdivision to studywhethertemporalfeaturesareasusefulfor new lesionsasfor
existing lesions.Thesecondsubdivision wasbetweenimagepairsin which thecurrent
mammogramwasadiagnosticmammogramandpairsin whichthecurrentmammogram
wasaprior I screeningroundmammogram.Table6.2summarisesthedifferentsets.

6.3.2 FROC Analysis

We useFreeResponseOperatingCharacteristic(FROC) methodologyto evaluatethe
detectionaccuracy of thetotal datasetandthedifferentsubsetsfor boththebasicfeature
set and the temporalfeatureset. We considera tumour as detectedwhen the initial
detectionlocationis insidethegroundtruth. If multiple detectionsarefound insidethe
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Subset
No. of

Diag Prior I
ImagePairs

malignantdataset 589 407 182

subsetwith visiblepriors 262 195 67

subsetwith normalpriors 327 212 115

Table6.2: Descriptionof differentsubsets:malignantdataset,subsetwith visiblepriors
andsubsetwith normalpriors.

samegroundtruthregionthey areconsideredasasinglehit. Wecountdetectionsoutside
thegroundtruth areasasfalsepositive signals.We only performimagebasedanalysis
asthenumberof temporalcraniocaudalimagepairsis too low to performa casebased
analysis.

Furthermorewe calculatefor eachpartition,obtainedby tenfold cross-validationof
the original dataset,the areaunderthe FROC curve. We aremainly interestedin the
detectionperformanceobtainedfor a low numberof falsepositives per imageas this
correspondswith normalscreeningsituations.Thereforewe usea logarithmicscalefor
the numberof falsepositivesper imageandcalculatethe areaunderthe FROC curve
from 0.05FP/imageto 1.0 FP/image.We usethe two-sidedpairedWilcoxon testwith
0.95con�dencelevel to assesthedifferencein performancebetweenthebasicfeatureset
andthetemporalfeatureset.

6.4 Results

In this sectionwe describetheresultsof theexperiments.First we give theperformance
of theregionalregistrationmethod.Thenwe describethefeatureschosenby thefeature
selector. Finally wegive thedetectionperformancefor thetotal datasetandthedifferent
subsets.

6.4.1 RegionalRegistration

We evaluatedthe regional registrationperformanceon a setof malignantlesionswith
known groundtruth. In this setall lesionswerevisible on currentandprior mammo-
grams.As evaluationmeasurewe usedthepercentageof correctlylinkedlocations.We
considereda matchas correctwhen the location selectedby the regional registration
methodwasinsidethegroundtrutharea.

Figure6.5 shows the performanceof the regional registrationperformance.The y-
axisplotsthefractionof correctlymatchedregions.Thex-axis indicatestheradiusr of
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the circular searcharea. The sizeof this radiusdependson the accuracy of the global
registrationmethod.A smallsearchareawould suf�ce for analmostperfectglobalreg-
istration. However, as registrationis a dif�cult task in mammography, a large search
areain combinationwith aproperregionalregistrationtechniquemightbepreferred.We
comparedour combinedregistrationmethodwith thecorrelationmeasurefrom Sanjay-
Gopaletal. (1999).Thiscorrelationmeasureindicatesthesimilarity betweenregionson
prior andcurrentviews. Our proposedcombinedregistrationusesboth themasslikeli-
hoodanda distancecriterion to selectthebestmatch.Thehighestnumberof correctly
matchedregionsfor theproposedmethodwas72%for wd = 2:0 andr = 20 mm. The
methodbasedoncorrelationlinked69%correctfor r = 16mm.
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Figure 6.5: Regional registration resultsfor differentvaluesof wd comparedto thereg-
istration methodbasedon templatematching. On the horizontalaxis the radiusof the
search areais plotted.Theverticalaxisshowsthefractionof tumoursthatwerecorrectly
linkedbyeach of theregional registrationmethods.

6.4.2 FeatureSelection

Duringthe�rst stageof theclassi�cationprocedurethebestfeatureswereselectedbased
onthetrainingset.Thefeaturesetwaseitherthebasicfeaturesetor thetemporal feature
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Group Name No. fr om basicset No. fr om temporal set

MassLikelihood 20 20

Location 18 20

DenseTissue 17 12

Contrast 16 7

Spiculation 12 10

FocalMass 10 6

Circularity 8 7

Size 9 1

Iso-denseness 7 2

LinearTexture 3 9

Variance 0 2

ContrastDifference - 10

SizeDifference - 9

MassLikelihoodDifference - 3

SpiculationDifference - 2

Table 6.3: Resultsof thefeature selectionprocess.The�r st andthesecondcolumnlist
thenumberof featuresthat havebeenselectedfromthebasicfeature and the temporal
featuresetrespectively.

set. For both setsthe featureselectionprocedureresultedin a subsetof featuresfrom
the total featureset. By ten fold cross-validationwe obtainedten differentsubsetsof
features.Table6.3 lists thenumberof selectedfeaturesfor thebasicfeature setandthe
temporal featureset.

FromTable6.3weseethatthemostfrequentlyselectedtemporalfeaturesarediffer-
encein contrast,differencein size,anddifferencein masslikelihood. At thesametime
correspondingfeaturesfrom the basicfeaturesetwereselectedlessfrequently. So the
temporalfeatureswereselectedinsteadof their correspondingbasicfeatures.For exam-
ple thebasicfeatureselectoralmostalwaysselectsthe featuresize,while the temporal
featureselectorinsteadchosethefeaturedifferencein size. An explanationmightbethat
differencefeaturescontainbothinformationaboutthecurrentregionaswell astemporal
information. Table6.4 lists someinformationabouttheselectedtemporalfeatures.We
calculatedthe meanandthe standarddeviation for both the currentfeatureandfor the
correspondingdifferencefeature. We furthermorestudiedthe differencebetweenfalse
positive regionsandtruemasslesions.The tableshows thatdifferencefeaturesfor the
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Feature

FalsePositives True Positives

AzBasic Temporal Basic Temporal

mean sd mean sd mean sd mean sd

Size 0.26 0.10 -0.02 0.16 0.54 0.28 0.21 0.34 0.67

Likelihood 1.58 0.11 0.04 0.27 2.04 0.11 0.33 0.25 0.66

Contrast 0.35 0.03 0.01 0.04 0.60 0.09 0.21 0.10 0.75

Table6.4: Meanandstandard deviation (sd)of selectedtemporal featuresfor falsepos-
itivesandtrue positives.Themostfrequentlyselectedtemporal featureswere difference
in size,differencein contrastanddifferencein masslikelihood. Thelast columnshows
theAz valuefor theselectedtemporal features.

falsepositive regionshavesmallvaluesindicatingthatonaveragethefeaturesstaymore
or lessconstantduringtime. For thetruepositiveswe�nd thatmostfeaturevalueschange
duringtime. Onaveragetruepositivesarelarger, haveahighermasslikelihood,andhave
morecontrastcomparedto lesionsonescreeningroundearlier. We evaluatedthe indi-
vidual performanceof eachselectedtemporalfeatureby calculatingthe areaunderthe
individual ROC curve. For this purposewe �rst appliedour initial detectionalgorithm
to selectthe mostsuspiciousregion in eachimage. This resultedin 200 falsepositive
regionsand389truepositive regions.Weusedtheseregionsto constructanROCcurve.
The last columnin Table6.4 givesthe areaunderthe ROC curve (A z value) for each
selectedtemporalfeature.

6.4.3 FROC analysis

Figure6.6 shows themassdetectionperformancefor thebasicfeaturesetandthe tem-
poral featureset. The �gure shows that temporalfeaturesimprove the detectionper-
formance,especiallyat a low numberof FP detectionsper image. Table6.5 givesthe
resultsof theWilcoxon statisticfor thetotal datasetandthetwo subsets.Thedifference
in performancebetweenbothfeaturesetsis statisticallysigni�cant.

We furthermorecalculatedFROC curvesfor thedifferentsubsets.Figure6.7shows
theresultsfor masseswith visibleandnormalpriors.We seethatmassesthatarevisible
on theprior pro�t morefrom temporalfeaturesthanmasseswith normalpriors.

Figure6.8showstheresultsfor mammogrampairsin whichthecurrentmammogram
is the diagnosticmammogramandpairs in which the currentmammogramis a prior I
mammogram.Thedetectionperformancefor diagnosticmammogramsis betterthanfor
prior I mammograms.Both subsetsshow an improvementwhentemporalfeaturesare
used.Theseimprovementshowever arenotstatisticallysigni�cant.
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Figure6.6: ImagebasedFROCdetectionresultsfor thebasicfeaturesetandthetempo-
ral featureset.

Total Visible Normal
Diag Prior I

Dataset Priors Priors

Basic 0.706 0.762 0.656 0.785 0.45

Temp 0.721 0.785 0.669 0.797 0.46

P-value 0.05 0.05 0.13 0.19 0.38

CI (0.00,0.03)y (0.02,0.08)y (-0.01,0.06) (-0.01,0.03) (-0.01,0.04)

Note:—y Statisticallysigni�cant. CI = Con�denceInterval

Table 6.5: Resultsof theWilcoxon's testfor thestatisticaldifferencein areaunderthe
FROC curve for different datasets.The �r st two rowsgivesthe meanarea under the
FROC curvefor thebasicandthetemporal feature set. Thethird row givesthep-value
for Wilcoxon's statistic.Thelast rowgivesthe95%con�denceinterval.
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Figure 6.7: Image basedFROC detectionresultsfor thesubsetsin which themasswas
visiblecq. not visibleon theprior mammogram.
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Figure 6.8: FROC detectionresultsfor thesubsetsin which thecurrentmammogramis
thediagnosticmammogramandtheprior I mammogramrespectively.
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6.5 Discussion

In this study we investigatedthe additionalvalue of temporalfeaturesfor our detec-
tion scheme.For this purposewe useda simpli�ed versionof the registrationmethod
describedin Chapter5. Thisregistrationmethodcombinesthemasslikelihoodandadis-
tancecriteriontodeterminefor eachregiononthecurrentview thebestmatchinglocation
on theprior view. This techniquecorrectlylinked72%of all masslesion. This method
is fastaswe alreadycalculatedthemasslikelihoodin thesingleview CAD programme.
Furthermorethemethodis completelyautomatic.

Weusedfeatureselectionto �nd thebestfeaturesin thebasicandthetemporalfeature
set.Thefeatureselectionmethodmostfrequentlyselectedthefollowing threetemporal
features:contrastdifference,size difference,and differencein masslikelihood. The
masslikelihood is a featurefrom the �rst detectionstepand indicatesthe likelihood
that a focal masslesionor a spiculationpatternis present.In Chapter4 we examined
mammographicchangesin massesregardingto sizeandcontrast.In thatstudywe also
foundthat thefeaturescontrastandsizebothincreasedin time. Thesefeaturescanthus
beusedastumourmarkers.

Figure6.6 givesthedetectionperformanceof the total datasetwith andwithout the
useof temporalfeatures.Thedetectionperformancesigni�cantly improvedwhenusing
temporalfeatures.In the currentstudywe calculatedtemporalfeaturesfor all regions,
regardlessof whetherthey werevisible on theprior or not. Figure6.7shows theresults
for existing andnew lesions.We seethatmassesthatarevisible on theprior pro�t more
from the useof temporalfeaturesthan massesthan new masses,althoughthesealso
show a small—notsigni�cant—improvementwhen temporalfeaturesare used. This
indicatesthattemporalfeatureshaveadifferenteffectonbothgroups.Thereforeit might
be better�rst to classifyall regionson the currentasnew or existing andthendecide
whichfeaturesto calculatefor eachgroup.Somefeaturescanbeusefulfor bothnew and
existing lesions.An exampleis contrast.If a tumouris not visible on theprior we can
de�ne anarti�cial regionat thelocationselectedby theregionalregistrationprogramme
andcalculatecontrastmeasuresinsidethis region. Thenwe cancomparethecontrastof
this region with thecontrastof theregion on thecurrent.For thefeaturesizewe cannot
usethesizeof thearti�cial region, asnothingis visible. Insteadwe canfor instanceset
the sizeto zerowhennothingis visible on the prior view. From the above mentioned
exampleswe concludethat it might be useful to take into accountwhethera region is
new or alreadyexisted. Calculatingdifferent featuresfor both groupsmay lead to a
betterdetectionperformance.

In summary, weperformedastudyin whichweobtainedtemporaldifferencefeatures
by subtractingthe prior featurevaluefrom the currentfeaturevaluefor corresponding
regionson both views. We observed an improvementin detectionperformancewhen
using thesetemporaldifferencefeatures. In the next chapterwe focuson developing
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speci�c temporalmeasuresthatdeterminewhetherprior andcurrentregionsaresimilar
in appearance.Whenboth regionsaresimilar, it is likely that the region representsa
falsepositive detectionor a slowly growing benignmass.On theotherhand,if a region
haschangedconsiderably, this is moresuspectfor a malignantlesion. Thesefeatures
thereforemightbeusefulto discriminatebetweenbenignandmalignantlesions.





Chapter 7

Inter val ChangeAnalysis for the
Characterisation of Masses1

In thischapterweinvestigatetheuseof temporalfeaturesto improvethecharacterisation
of masses.For thispurposewe�rst applytheregionalregistrationtechniquedescribedin
Chapter5 that�nds for eachmasslesionon thecurrentview a locationon theprior view
wherethemassmostlikely developed.For the taskof interval changeanalysiswe use
two kinds of temporalfeatures:differencefeaturesandsimilarity features.Difference
featuresindicatethe(relative) changein featurevaluesdeterminedon prior andcurrent
views. Thesefeaturesmaybeespeciallyusefulfor lesionsthatarevisibleonbothviews.
Similarity featuresmeasurewhethertwo regionsarecomparablein appearanceandmay
be usefulfor lesionsthat arevisible on the prior view aswell asfor newly developing
lesions. We evaluatethe effect of thesefeatureson the performanceof a CAD system
thatdiscriminatesbetweenbenignandmalignantlesions.

7.1 Intr oduction

An importanttaskof radiologistsin mammography is to discriminatebetweenbenign
andmalignantlesions. In clinical practicea radiologistcarefully analysesall detected
lesionsandclassi�eseachlesionasbenign,probablybenign,suspicious,or highly sug-
gestive of malignancy. TheBI-RADS reportingsystemprovidescriteriaon which radi-
ologistsshouldmake this classi�cation(D'Orsi & Kopans1997;Orel et al. 1999). The
subsequentmanagementof lesionsmainly dependson this classi�cation. For proba-
bly benign�ndings short-interval follow-up is suggested.For suspiciousabnormalities

1Thischapteris basedonTimp etal. (2006b)

113
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biopsyshouldbeconsidered.A gooddecisionincreasesthenumberof correctlydetected
malignanciesandreducesunnecessaryadditionalexaminations.

Masslesionshave somecharacteristicsthatcanbeusedto discriminatebetweenbe-
nignandmalignantlesions(Friedrich& Sickles2000;Homer1997).An importantchar-
acteristicis themargin typeof a lesion.Most benignmassespossesswell-de�ned sharp
borders,while malignanttumoursoftenhave ill-de�ned, micro-lobulated,or spiculated
borders. Especiallya spiculationpatternis stronglyassociatedwith the presenceof a
malignantlesion.Thedifferentialdiagnosisof aspiculatedlesionis shortandincludesa
postoperative scar, a radialscar, fat necrosis,or any processresultingin marked�brosis.
Anothercharacteristicthatmaybehelpful in discriminatingbetweenbenignandmalig-
nantlesionsis theshapeof a lesion.Theshapeof benignlesionsis oftenroundandoval,
comparedto a moreirregular shapeof mostmalignantlesions. The last differencebe-
tweenbenignandmalignantlesionsis the tumourbehaviourover time. Benignmasses
tendto changeslowly andhave a moreor lesssimilar appearanceon two consecutive
screeningmammograms.Malignantmasseson theotherhandmaychangeconsiderably
andbecomemoresuspiciousduringtime. Thischapterfocuseson thedesignof features
thatcapturetemporalchangesto improve thecharacterisationof masslesions.

Somestudieshave beendoneto evaluatethe effect of using temporalinformation
on eitherthedetection(Bassettet al. 1994;Thurfjell et al. 2000;Callaway et al. 1997)
or characterisation(Varelaet al. 2005;Hadjiiski et al. 2004)of masslesions. The last
two studiesareobserver studiesthat evaluatethe effect of prior views on theability of
radiologiststo discriminatebetweenmalignantandbenignlesions.Varelaet al. (2005)
did a studywith six radiologistsandfoundthat theperformanceof eachradiologistim-
proved whenusingprior mammograms.Hadjiiski et al. (Hadjiiski et al. 2004)did a
studywith eightradiologistandtwo breastimagingfellows andalsofounda signi�cant
improvementwhentheradiologistsusedprior views.

To our knowledgeonly onestudycomparedtheperformanceof a CAD systemwith
andwithout usingprior views (Hadjiiski et al. 2001b). The datasetfor that studycon-
sistedof mammogramsfrom two consecutivescreeningroundswith avisiblemasslesion
onthecurrentandprior view. A radiologist�rst identi�ed themasslesiononcurrentand
prior mammogramsafterwhich a CAD programmecalculatedsingleview andtemporal
features.On a datasetconsistingof 140temporalimagepairstheA z valuesigni�cantly
increasedfrom 0.82to 0.88whentemporalfeatureswereaddedto theCAD system.

In this chapterwe develop a CAD programmefor temporalchangeanalysisto im-
prove thecharacterisationof breastmasses.This programmecombinessingleview and
temporalfeaturesto determinealikelihoodof malignancy for eachmasslesion.Ourpro-
posedmethodhassomeadvantages.First, our methodis almostcompletelyautomatic.
It only requiresmanualidenti�cation of themasson thecurrent view, afterwhich a re-
gionalregistrationprogrammeis appliedto identify a locationontheprior view thatbest
correspondswith thecurrentmasslesion.Existingmethodsrequiremanualidenti�cation
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of themasson bothprior andcurrentviews. Second,our methodis not only suitedfor
massesthat arevisible on the prior view but alsofor massesthat arenew. This corre-
spondswith normalscreeningsituationswhereonly somelesionsarevisibleon theprior
view. Third, besidesusingdifferencefeatureswe includetemporalfeaturesthatmeasure
changesin appearancebetweenamassregiononthecurrentview andasimilarregionon
theprior view. Thesefeaturesdiscriminatebetweenbenignlesionsthatstaymoreor less
constantandmalignantlesionsthatchangebetweentwo consecutive screeningrounds.

Radiologistscanusethis programmeasan aid to characterisemasslesions. When
a radiologistusesthis methodhe shouldprovide the coordinatesof the lesion on the
currentview. Theprogrammethenautomatically�nds a correspondinglocationon the
prior view anddeterminessingleview andtemporalfeaturesto estimatethe likelihood
that the lesionis malignant. Studiesin the literaturesuggestthat a radiologistcanuse
this likelihoodof malignancyto improve interpretationof lesions(Hadjiiski et al. 2004;
Huoetal. 2002;Chanetal. 1999).

We evaluatethe performanceof our methodon a datasetconsistingof 238 benign
and227 malignanttemporalmammogrampairs. Furthermorewe split the datasetinto
two subsets.The�rst subsetconsistsof massesthatarevisibleon theprior view andthe
secondsubsetof massesthatarenot visible on theprior view. We studywhich features
areusefulfor eachsubsetanddeterminetheclassi�cationperformancefor eachsubset.

Theremainderof this chapteris organisedasfollows. Section7.2 explainsthepro-
posedCAD methodfor characterisationof masslesions.Section7.3describestheexperi-
ments,includingthedatasetin Section7.3.1,andtheclassi�cationresultsin Section7.3.2
and7.3.3.Thelastsectioncontainsadiscussionandconclusion.

7.2 SingleView and Temporal CAD Programme

This sectiondescribesour CAD programmethatprocessesmammogramsfrom consec-
utive mammographicexamsin which the most recentmammogramcontainsa visible
lesion. This lesionhasbeenannotatedby or undersupervisionof anexpert radiologist.
Figure7.1shows anexampleof a casethatconsistsof threeconsecutive mammograms.
In this examplewe seethat priors are not always available for CC views. The CAD
programmeconsistsof the following threecomponents:initial CAD programme,sin-
gle view partandtemporalpart. Subsection7.2.1describestheinitial CAD programme
thatincludessomepre-processingstepsanda pixel level massdetectionalgorithm.This
algorithmdetectstumourcharacteristicsandassignseachlocation in the breastareaa
scorethatindicateshow likely it is thata lesionis present.Subsection7.2.2describesthe
singleview partthatis appliedto all currentimages.In brief asegmentationprogramme
determinesa contourfor eachcurrentlesionafterwhich several featuresarecalculated
to discriminatebetweenbenignandmalignantlesions.A SupportVectorMachineclas-
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si�er combinesthesefeaturesinto a singlemalignancy scorethat indicateswhetherthe
lesion is malignantor not. Subsection7.2.3describesthe temporalCAD programme
that is appliedto imagesfor which prior views areavailable.This programmeworksas
follows. A regional registrationmethod�nds for eachsegmentedlesionon thecurrent
view a correspondinglocationon theprior view wherethemassmostlikely developed.
We calculatetwo kindsof temporalfeaturesat this locationto measureinterval changes
betweenthecurrentlesionanda correspondingregion on theprior view. We addthese
temporalfeaturesto thesingleview featuresto improvethecharacterisationperformance.

PSfragreplacements

temporal
imagepair

singleview

�rst temporal
mammogrampair

Figure 7.1: Exampleof three consecutivemammogramsof the samewoman. Mam-
mogramsare displayedin chronological order. The bottomrow representsa referral
mammogram.A malignantlesionis presentin theleft MLO image of thereferral andits
correspondingprior mammogram. Themammogramsfrom two consecutivescreening
roundsform a temporal mammogram pair. This caseprovidestwo temporal mammo-
grampairs. Thebottomandmiddlerowsshowthe �r st mammogrampair, in which the
referral mammogramrepresentsthecurrentmammogram. Thismammogrampair con-
sistsof twotemporal imagepairs(left andright MLO current-prior)andtwosingleviews
(left andright CC).Thetopandmiddlerowsformthesecondmammogrampair, in which
themammogramprior to referral representsthecurrentmammogram.Thismammogram
pair containstwo temporal imagepairs (left andright MLO current-prior).
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7.2.1 Initial CAD programme

Below we shortly describethe initial CAD programme,for detailsseeChapter2. The
initial CAD programmeis appliedto all prior andcurrentimages. We startwith pre-
processingall images:segmentationof the imageinto breasttissue,backgroundtissue,
andpectoralmuscle(Karssemeijer1998);peripheralenhancementto correctfor differ-
encesin tissuethickness;andremoval of thesharptransitionin grey level from thebreast
areato the pectoralregion (Timp & Karssemeijer2006). We thenapply a pixel level
massdetectionalgorithmthatestimatesthepotentialpresenceof a tumourat eachloca-
tion insidethe breastarea. For this purposewe calculateat eachlocationtwo features
for thedetectionof a spiculationpatternor architecturaldistortionandtwo featuresfor
thedetectionof a focal mass.A neuralnetwork classi�er combinesthesefeaturesinto a
singlescorethatrepresentthelikelihoodthatamassis presentat thatlocation.Therefore
wecall this classi�er outputscorethemasslikelihood.

7.2.2 SingleView CAD

After pre-processingthesingleview CAD programmeprocessesall currentimages.First
the mathematicalcentreof massof the radiologists'annotationis determinedfor each
masslesion.A segmentationalgorithmbasedondynamicprogramming—fordetailssee
Chapter3—usesthis locationasstartingpoint to determinea contourfor eachlesion.
For eachsegmentedlesionseveralsingleview featuresaredeterminedthatareusefulfor
characterisationof masslesions. A SupportVectorMachineclassi�er combinesthese
featuresinto a singlescorethat representsthe probability that the lesion is malignant.
Table7.2 summarisesthe singleview featuresthat includespiculationmeasures,bor-
der features,locationfeatures,morphologicalfeatures,anda featurethat indicatesthe
presenceof micro-calci�cations.For adescriptionof thesefeaturesseeChapter2.

7.2.3 Temporal CAD

ThetemporalCAD partconsistsof threesteps.In the�rst stepprior andcurrentimages
areglobally registeredusinga centreof massalignment(VanEngelandet al. 2003).Af-
ter alignmentwe usethe centrecoordinatesof the currentlesion(� x ; � y ) asmidpoint
of a circularsearchareaon theprior view with radius2 cm. Insidethis searchareawe
usea regionalregistrationprogrammeto selectthelocationon theprior view wherethe
massmost likely developed. This registrationmethodhasbeendescribedin detail in
Chapter5. Shortlythemethodworksasfollows. At eachlocation(i; j ) insidethesearch
areawe calculatethreeregistrationmeasures:masslikelihood,distanceandgrey level
correlation.Themasslikelihoodindicatesthepotentialpresenceof a massat eachloca-
tion. Thedistancemeasureindicatesthedistancefrom (i; j ) to thecentreof thesearch
area(� x ; � y ). Thelastmeasureis Pearson's correlationbetweenthecurrentregion and
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a similar regionon theprior view centredat (i; j ). A lineardiscriminantanalysis(LDA)
classi�er combinesthesemeasures—masslikelihood,distanceandcorrelation—intoa
singlescore:the registration score. We selectthe locationwith thehighestregistration
score(i s; j s) asmatchfor thecurrentmasslesion. Figure7.2 shows someexamplesof
temporalimagepairsandthelocationselectedby theregionalregistrationprogramme.

We thenusethe location (i s; j s) asstartingpoint for our segmentationalgorithm.
This algorithm determinesa contourof the region on the prior view, independentof
whetherthe lesion is visible or not. We extractedsingle view featuresfrom the seg-
mentedregionon theprior view andcalculatetwo kindsof featuresthatmeasuretempo-
ral changes:differencefeaturesandsimilarity features.

Differ enceFeatures Differencefeaturesmeasurechangesin featurevaluesbetween
theprior andthecurrentregion. In ourexperimentswedeterminedifferencefeaturesfor
all singleview featuresexceptfor thelocationfeatures.For thefeature“size” weusethe
relative changebetweenthe featurevalueof thecurrentregion andthe featurevalueof
theprior region. For theotherfeatureswe usetheabsolutechangeasthesefeaturesare
alreadynormalisedmeasures.Differencefeaturesmay be especiallyhelpful whenthe
tumouris alreadyvisibleontheprior view. Whenthelesionis notyetvisibleontheprior
view the contourde�ned by our segmentationprogrammeis not meaningful. Features
thatdependon thecontoursuchasthesizeof a regionarenotusefulin thatcase.

Similarity Features Thesecondgroupof temporalfeaturesmeasurethesimilarity be-
tweenthecurrentregionandtheselectedregionon theprior view.

� RegionalRegistrationScore.The�rst similarity featureis theoutputfrom there-
gionalregistrationprogramme.This featurecorrespondswith thelikelihoodthata
correctlink hasbeenestablished.A low registrationscorethereforemayindicate
that the lesionis not visible on theprior view. Theclassi�er might usethis infor-
mationto determinethe relative usefulnessof temporaldifferencefeatures.The
registrationscoreon its own may alsohelp to characterisemasslesions. A high
registrationscorefor examplemay indicatethe presenceof a benignmasswhen
themassis obviouson theprior view—resultingin a high masslikelihood—and
similaronprior andcurrentviews—resultingin ahighcorrelationmeasure.A low
registrationscoreon the otherhandmay suggestthe presenceof a malignantle-
sion asmalignantlesionsoften changemorebetweentwo consecutive screening
rounds.

� Relative Grey Level Change.Thesecondsimilarity featurecalculatestherelative
differencein grey level betweenthecurrentandprior region. For this purposewe
transformthecurrentimagesuchthat its grey level histogrammatchesthatof the
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(a) Onprior andcurrentviewsabenignmassis presentthat
is similar in appearanceonbothviews.

(b) On thecurrentview a benignmassis present.On the
prior view asimilar region is selected.

Figure 7.2: Pairs of temporal images. Left and right imagescorrespondto prior and
currentviews.In each prior view thearrowindicatesthelocationselectedbytheregional
registrationprogramme. Fig. 7.2(a)showsa benignmassthat is similar on theprior and
thecurrentview. Thebenignmassin Fig. 7.2(b)is not yetvisibleon theprior view. The
registrationprogrammeselectsthemostprobablelocationon theprior view.
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(c) On thecurrentview a malignantmassis present.The
prior view showsnoabnormality.

Figure 7.2: (cont.) Pairs of temporal images. Fig. 7.2(c)showsa malignantmasson
the current view. On the prior view no abnormality is discernible. The registration
programmeselectsthemostprobablelocationon theprior view.

prior image.We �rst calculatefor theprior andthecurrentimagethecumulative
histogramsof the grey valuesinside the breastarea. For eachgrey level y the
cumulative histogramsare

f C (y) =
yX

i =0

HC (i ) f P (y) =
yX

i =0

HP (i );

whereHC (HP ) is thehistogramof thegrey valueinsidethecurrent(prior) breast
area.We thentransformeachgrey level y of thecurrentimage

~y = f � 1
P (f C (y)) :

After histogrammatchingwe determinethe relative grey level changebetweena
similar region on the prior and the currentview. We usethe segmentedregion
on thecurrentview asa templateandput this templateover theselectedlocation
(i s; j s) on theprior image.Therelativegrey level changebetweenbothregionsis

RGLC =
1
N

X

(m;n )2 C

(~yc(m; n) � yp(m0; n0)) ;

wherethe summationis performedover all locations(m; n) inside the current
region C. N denotesthe numberof pixels insideC, ~yc(m; n) the transformed
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grey level at location(m; n) in C andyp(m0; n0) thegrey level at thesamerelative
locationin theprior regionwith centre(i s; j s).

7.2.4 CaseBasedClassi�cation

As classi�erweuseaSupportVectorMachine(Cristianini& Shawe-Taylor2000)where
weusetheimplementationprovidedin thefreelyavailablepackagefrom CRAN (Hornik
2005). We usethe radial basiskernel for training andtesting. For testingwe usethe
probability model for classi�cation assumingequalpriors. The probability model for
classi�cation�ts a logistic distribution usingmaximumlikelihoodto the classi�er out-
puts.Theprobabilisticregressionmodelassumes(zero-mean)Laplace-distributederrors
for thepredictions,andestimatesthescaleparameterusingmaximumlikelihood(Hornik
2005).

As not all imagesin our datasethave prior views (seeFigure7.1) we train two dif-
ferentclassi�ers: a singleview classi�er anda temporalclassi�er. For both classi�ers
weapplya20-foldcross-validationschemeto partitionthedatasetinto a trainingsetand
a testset. The singleview classi�er estimatesfor eachimagethe posteriorprobability
p(mjx sv ) thatalesionis malignantgiventhefeaturevectorx sv with singleview features
extractedfrom thecurrentregion . Thecasebasedmalignancy score� (l ) combinesthe
posteriorprobabilitiesfrom availableMLO andCC views to estimatethelikelihoodthat
a lesionis malignant.WhenbothMLO andCCviewsarepresentweusethesumrule to
determinethiscasebasedmalignancy score(Kittler etal. 1998):

� (l ) =
1
2

(pml o(mjx sv ) + pcc(mjx sv )) :

Whenonly theMLO imageis availablethecasebasedmalignancy scoreis equalto the
posteriorprobabilityfrom theMLO view:

� (l ) = pml o(mjx sv ):

To includetemporalinformationwe train a second(temporal)classi�er thatdetermines
the posteriorprobability p(mjx t ) that a lesion is malignantgiven a temporalfeature
vectorx t containingsingleview, differenceand/orsimilarity features.The casebased
malignancy score� (l ) indicatesthe likelihood that a lesion is malignantanddepends
on the available views of the currentand the prior mammogram.We distinguishthe
following situations.

� Thetemporalmammogrampaironly containsatemporalMLO imagepair. For the
currentmammogramno CC views areavailable. This situationcorrespondswith
thesecondmammogrampair in Figure7.1. We usetheposteriorprobabilityfrom
theMLO view asthecasebasedmalignancy score:

� (l ) = pml o(mjx t ):
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� Thetemporalmammogrampairconsistsof a temporalMLO imagepairandsingle
view CC images. Prior CC views are not available. For exampleseethe �rst
mammogrampair in Figure7.1.To determinethecasebasedmalignancy scorewe
usethe sumrule to combinethe posteriorprobabilitiesfrom the temporalMLO
classi�er andthesingleview CCview classi�er:

� (l ) =
1
2

(pml o(mjx t ) + pcc(mjx sv )) :

� Thetemporalmammogrampair consistsof a temporalCC imagepair anda tem-
poralMLO imagepair. Weusethesumrule to combinetheposteriorprobabilities
for theMLO andCCview, bothobtainedwith thetemporalclassi�er:

� (l ) =
1
2

(pml o(mjx t ) + pcc(mjx t )) :

For theevaluationof thesingleview andthetemporalCAD systemwe useReceiver
OperatingCharacteristic(ROC)methodology(Metz1986;Metzetal. 1998b).Wequan-
tify theclassi�cationaccuracy astheareaunderthecasebasedROCcurve(A z value).To
testwhethertemporalfeaturesimprovetheperformanceweperformapairedcomparison
of bothconditions—CADwith andwithout theuseof temporalfeatures—withregardto
differencesin theareaunderthetwo estimatedROCcurves.For thispurposeweusethe
freelyavailableCLABROC software(Metzetal. 1998a).

7.3 MassCharacterisation Experiments& Results

7.3.1 Dataset

Themammogramsusedin this studyall camefrom theDutchBreastCancerScreening
Programme.All womenaged50-75are invited bi-annuallyto participatein this pro-
gramme.Two mammographicviews—mediolateraloblique(MLO) andcraniocaudal
(CC)—areobtainedat theinitial screening.At subsequentscreeningsonly mediolateral
viewsareobtained,unlessthereis anindicationthatadditionalcraniocaudalviewswould
bebene�cial. All imagesweredigitisedwith a CanonCFS300laserscannerat a pixel
resolutionof 50� m andaveragedto aresolutionof 200� m maintainingtheoriginalgrey
valueresolutionof 12bits. All visiblemasseswereannotatedby or undersupervisionof
anexpertradiologist.

For the experimentswe usedconsecutive mammogramsfrom a collectionof cases
that were referredbetween1996 and 2000. Thesecasesconsistof mammogramsat
referralandmammogramsfrom up to two previousscreeningrounds.All imagesfrom
two consecutive screeningroundsform a temporalmammogrampair. In a temporal
mammogrampair we call the most recentmammogramthe currentmammogramand
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NameSet
No of Cases
(Images)

BenignCases
(Images)

Malignant
Cases(Images)

total dataset 465(720) 238(356) 227(364)

temporaldataset 465(542) 238(279) 227(263)

singleview dataset 178(178) 77 (77) 101(101)

subsetwith visiblepriors 202(246) 108(133) 94 (113)

subsetwith normalpriors 263(296) 130(146) 133(150)

Table7.1: Informationaboutthesubsets.

the mammogramfrom onescreeningroundearlier the previous or prior mammogram.
Figure7.1 shows an exampleof a casethat containstwo temporalmammogrampairs.
The �rst mammogrampair consistsof the referralmammogramandthe mammogram
from the screeninground prior to referral. In this temporalpair we call the referral
mammogramthe currentmammogram.This casecontainsa secondmammogrampair
becausethemasslesionis alsovisibleonthemammogramprior to referral.In thissecond
mammogrampair themammogramprior to referralrepresentsthecurrentmammogram
andthemammogramobtainedonescreeningroundearliertheprior mammogram.This
meansthatat the time thecurrentmammogramwastaken thewomanwasnot referred
for furtherexamination.Thesemammogrampairsmake up 35%of thetotal datasetand
oftencontainsubtlelesionsthataredif�cult to characterise.

We constructedthe datasetfor the experimentsby collectingall temporalmammo-
grampairs in which the currentMLO view containedexactly onevisible masslesion.
This resultedin 465 temporalmammogrampairs,238 benignand227 malignant. The
temporalmammogrampairsconsistsof 542 temporalimagepairs—465MLO and77
CC—and178singleview CCimageswith avisiblemasslesion.Thesingleview images
form the singleview dataset, the temporalimagepairs the temporal dataset. We con-
structedtwo differentsubsetsof thetemporaldataset.The�rst subsetconsistsof masses
that arealsovisible on the prior view andis calledthe subsetwith visible priors. This
setcontains202cases.Thesecondsubsetconsistsof massesthatwerenotvisibleon the
prior view andis thereforecalledthe subsetwith normal priors. This setcontains263
cases.Table7.1summarisesinformationaboutthesubsets.We evaluatedthebene�t of
usingtemporalfeatureson thetotal datasetaswell asondifferentsubsets.

7.3.2 SingleView Classi�cation

This sectionpresentsthe resultsof our singleview CAD system. Table7.2 gives the
performanceof the individual featuresmeasuredasthe areaunderthe ROC curve (Az
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Feature Name Description Az

f 1 spiculation 0.68

f 2 spiculation 0.68

f 1 meanvalueof f1 insidethesegmentedregion 0.68

f 2 meanvalueof f2 insidethesegmentedregion 0.66

size sizeof thesegmentedregion 0.58

circularity ratiobetweenperimeterandsize 0.52

calci�cation numberof calci�cations 0.54

locx relativex-location 0.56

locy relativey-location 0.50

BC continuityof thecontour 0.62

Table 7.2: Summaryof the single view features. For each feature we calculatedthe
individual Az value for the total datasetconsistingof 238 benignand 227 malignant
masslesions.

value)for thetotaldatasetconsistingof 238benignand227malignantmasslesions.For
eachregion we constructeda singleview featurevector that containedall singleview
featuresasdescribedin Table7.2. Table7.5 givesthe performanceobtainedwith this
featurevectorfor thetotal dataset,thesubsetwith visiblepriorsandthesubsetwith nor-
mal priors.This tableshows thatthereis a largedifferencein classi�cationperformance
betweenthesubsetwith visible priorsandthesubsetwith normalpriors. For theformer
theaverageAz valueis 0.79,for thelatter0.72. This maybeexplainedby theobserva-
tion thatmassesin thesetwith visiblepriorsareoftenquiteobviouson thecurrentview.
This may result in moredistinct tumourcharacteristicsmakingit easierto characterise
theselesions.Thesetwith normalpriors on the otherhandconsistsof massesthatare
only visibleon thecurrentview. Thissetthereforealsocontainssubtlemasseswhichare
harderto classify.

7.3.3 Temporal Classi�cation

This sectiondescribesthe resultsof our temporalCAD programme.This programme
usessingleview featuresextractedfrom thecurrentregion, similarity features,andthe
four bestperformingdifferencefeatures.Thebestperformingdifferencefeatureswere
relativedifferencein size,differencein bordercontinuity, andtwo featuresthatrepresent
the differencein spiculation. Table7.3 summarisesthe individual performanceof the
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Figure 7.3: ROC curvefor thesingleview (SV)feature vectorandthetemporal feature
vectorI (T I). Fig. 7.3(a)givestheROC curvefor thetotal dataset,Fig. 7.3(b)givesthe
ROC curvefor thesubsetswith normalandvisiblepriors. For each settheperformance
improveswhentemporal featuresareused.
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Feature Name Description Az

Similarity Features

registrationprob probabilitythatmatchis correct 0.60

RGLC relativegrey level change 0.63

DifferenceFeatures

sizediff relativedifferencein size 0.61

f 1 diff absolutedifferencein f 1 0.62

f 2 diff absolutedifferencein f 2 0.62

BC diff differencein continuityof theborder 0.61

Table 7.3: Summaryof the temporal features. For each feature wecalculatedthe indi-
vidualAz value.

selectedtemporalfeatureson thetemporaldataset.
For eachregionweconstructedthreedifferenttemporalfeaturevectors,seeTable7.4.

The�rst temporalfeaturevectorcontainssingleview andsimilarity features.Thesecond
temporalfeaturevectorcontainssingleview anddifferencefeatures.The last temporal
featurevectorcontainssingleview, similarity, anddifferencefeatures.Table7.5 gives
the classi�er performanceobtainedwith the different featurevectorsfor eachdataset.
We usedtheCLABROC programmeto comparetheperformanceobtainedwith thesin-
gle view feature vector with the performanceobtainedwith different temporalfeature
vectors. We found that the useof temporal feature vectorI signi�cantly improved the
classi�cationperformancefor thetotaldataset(P = 0:005, two-tailed)andfor thesubset
with visible priors(P = 0:02, two-tailed).Theimprovementfor thesubsetwith normal
priorshoweverwasnotsigni�cant (P = 0:11, two-tailed).Figure7.3showsROCcurves
obtainedwith the singleview feature vectorandtemporal feature vectorI. For tempo-
ral feature vectorII —containingsingleview anddifferencefeatures—theclassi�cation
performanceonly improved for the setwith visible priors. This improvementwasnot
signi�cant (P = 0:22, two-tailed).For thesetwith normalpriorstheperformanceeven
decreased,indicatingthat differencefeaturesmay not be usefulfor lesionsthat arenot
visibleontheprior view. Thelasttemporalfeaturevector—temporal featurevectorIII —
containedsingleview, difference,andsimilarity features.Theuseof this featurevector
improvedtheclassi�er performancefor thetotal dataset(P = 0:05, two-tailed)andfor
thesubsetwith visiblepriors(P = 0:06, two-tailed).

To estimatethe usefulnessof differencefeatureswe investigatedthe differencebe-
tweenthe classi�cation performanceobtainedwith temporal feature vector I and the
performanceobtainedwith temporal feature vectorIII . For the subsetwith visible pri-
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Name Description No.

singleview featurevector singleview features 10

temporalfeaturevectorI singleview andsimilarity features 12

temporalfeaturevectorII singleview anddifferencefeatures 14

temporalfeaturevectorIII singleview, differenceandsimilarity features 16

Table 7.4: Summaryof the different feature vectors. The �r st columngivesthe name
of the feature vector, thesecondcolumnthe featuresthat each vectorcontains,and the
last columnthenumberof featuresin each vector. The�r st setonly containssingleview
featuresextractedfromcurrentlesions.Thetemporal featurevectorscontainsingleview
andtemporal features.

Dataset
SingleView
FV

Temporal
FV I

Temporal
FV II

Temporal
FV III

total dataset 0.74� 0.02 0.78� 0.02y 0.74� 0.02 0.77� 0.02y

visiblepriors 0.79� 0.03 0.83� 0.03y 0.81� 0.03 0.83� 0.03

normalpriors 0.72� 0.03 0.75� 0.03 0.70� 0.03 0.73� 0.03
y Statisticallysigni�cant.

Table 7.5: Az valueand standard deviation for different feature vectors and different
subsets.Thesingleview feature vectorconsistsof featuresextractedfrom the current
masslesion.Temporal featurescontaininformationof bothprior andcurrentregions.

orsbothfeaturevectorshadanequalperformance,indicatingthatdifferencefeaturesdo
not have an additionaleffect whensimilarity featuresarealreadyused. For the subset
with normalpriors theadditionof differencefeatureseven leadto a decreasein perfor-
mance.Theseresultssuggestthatsimilarity featuresarepreferredoveracombinationof
similarity anddifferencefeatures.

7.4 Discussion

In this chapterwe presenta completelyautomatedtemporalCAD programmefor the
characterisationof masslesions.This CAD programmeusestwo two kindsof temporal
features:differenceandsimilarity features.We �rst discussthe useof differencefea-
tures.Thesefeaturesonly improved theperformancewhenthemasslesionwasvisible
on theprior view. In a previousstudyHadjiiski et al. (Hadjiiski et al. 2001b)evaluated
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the effect of differencefeatures. This work was restrictedto caseswhich hadvisible
masseson theprior views. They foundan improvementin A z valuefrom 0.82to 0.88
whenaddingdifferencefeatures.In our studytheAz valueimprovedfrom 0.79to 0.81
whenusingdifferencefeatureson thesetwith visiblepriors.Therearesomedifferences
betweenbothstudies.In ourexperimentswe usedanautomatedregistrationprogramme
to determinethelocationof themasslesionon theprior view while in their studya radi-
ologist indicatedthis location. To investigatewhetherthis in�uenced theresultswe did
anexperimentin whichweusedthecentreof themanualsegmentationon theprior view
insteadof the locationselectedby the registrationprogramme.In this experimentthe
classi�cationperformanceincreasedto 0.82for thesetof visiblemasses.This resultdif-
fersnotmuchfrom theproposedCAD methodindicatingthatwecanuseourautomated
registrationprogrammeinsteadof manualannotations.Anotherdifferencebetweenboth
experimentsconcernsthe useddifferencefeatures.Hadjiiski et al. usedtexture differ-
encefeatures,while this studyincludedonly spiculationandmorphologicaldifference
features.Texturefeaturesmaybeusefulwhenthemasslesionis subtleontheprior view.
The last differencebetweenboth experimentsconcernsthe dataset.In the Netherlands
thereferralpercentageis very low, about1.0%.Webelievethatbecauseof this low refer-
ral ratebenigncasesin ourdatasetarebiasedtowardscasesthatshow temporalchanges,
asthesecaseslook moresuspiciousandarethusearlierreferred.Benigncasesthat re-
main constantbetweentwo screeningroundsareoften not referredin the Netherlands.
Thereforethedatasetweusemayhavebeenmoredif�cult to improveby addingfeatures
thatcapturetemporalchanges.

Theclassi�cationperformancefor masseswith normalpriorsdecreasedwhenusing
differencefeatures.We canexplain this becausethe CAD programmealwaysfollows
thesameprocedureanddoesnot distinguishbetweenlesionsthatarevisible andlesions
thatarenot visible on theprior view. Whenthe lesionis not visible it is not possibleto
determinean appropriatecontourof the prior region andthe segmentationprogramme
will useaccidentalmammographicstructuresto determinea contourof theprior region.
Consequently, featuresthatdependon this contourwill not bemeaningful.Theaddition
of thesevaluelessfeaturesmayresultin a lowerclassi�cationperformance.

Thesecondgroupof temporalfeatures–theso-calledsimilarity measures—determine
whethertheregion on thecurrentview anda correspondingregion on theprior view are
similarin appearance.Thesefeaturesimprovedtheclassi�cationperformancefor masses
with visiblepriorsandfor masseswith normalpriors.Thesefeaturesthereforeseemmore
promisingthandifferencefeatures.

The�rst similarity featureis theregistrationscore.Thisfeaturecombinesthreeregis-
trationmeasuresincludingthecorrelationbetweenthecurrentregionandasimilarregion
on theprior. Resultsshow thata very low registrationscoreis moreoftenseenfor ma-
lignantmassesthanfor benignmassesandvice versa.Thesecondsimilarity featureis
therelative grey level change.Causesfor an increasein relative grey level aretwofold.
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First,a massthatbecomesmoredensebetweentwo screeningroundswill have a higher
relativegrey level on thecurrentview thanon theprior view. Second,anincreasein size
onaveragealsoresultsin acorrespondingchangein relativegrey level asmasstissueon
averageis moredensethannormalbreasttissue. This featureis thusa measureof the
changein contrastaswell asthe changein size. An advantageof this featureis that it
is usefulfor masseswith visible andfor masseswith normalpriorsbecauseit doesnot
dependon thecontourof theprior region.

Differencefeatureson theotherhandareonly usefulfor massesthatarevisible on
boththeprior andthecurrentview. Thereforetherelative grey level changeis preferred
above thetemporalfeaturesthatmeasurethedifferencein sizeor contrast.

Figures7.2, 7.4, and 7.5 show someexamplesto illustrate potentialbene�ts and
drawbacksof including temporalchangeinformation into a CAD system. For these
exampleswe comparedthe malignancy scorefrom the single view classi�er with the
scorefrom thetemporalclassi�er. For the temporalclassi�er we usedtemporal feature
vectorI containingsingleview andsimilarity features.Figures7.2(a)and7.2(c)show
exampleswherethe temporalclassi�er performedbetterthanthesingleview classi�er.
Figure7.2(a)concernsa benignmassthat is almostidenticalin appearanceon theprior
andthecurrentview. Thereforetheuseof temporalfeaturesresultedin a bettercharac-
terisationof the lesion. Figure7.2(c)shows a malignantmassthat is not visible on the
prior view. Thewholeareaon theprior view is “empty” resultingin a low registration
scoreanda high grey level change.Consequentlythe temporalclassi�er assignedthis
lesionahighermalignancy scorethanthesingleview classi�er.

Figure7.4: Examplewherethetemporal classi�er performedworsethanthesingleview
classi�er. Theimage showsa new benignmassthat wasnot yetpresenton theprevious
screeningmammogram.
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Figure7.5: Examplewherethetemporal classi�er performedworsethanthesingleview
classi�er. Theimageshowsa malignantmassthat is similar in appearanceonprior and
currentviews.

Figure7.2(b)shows an exampleof a benignmasswhereboth classi�ershadequal
performance.As the masshasa suspiciousappearanceboth singleview andtemporal
classi�er assigneda high malignancy scoreto this lesion.Themalignancy scoredid not
changeby addingtemporalfeatures.Figure7.4 and7.5 show two exampleswherethe
singleview classi�er performedbetterthanthe temporalclassi�er. Figure7.4 shows a
malignantmassthat is alsovisible on theprior view andsimilar in appearanceon both
views. Thereforebothtemporalfeaturesweresuggestivefor abenignlesionresultingin a
lowermalignancy score.Figure7.5concernsabenignmassthatis subtleontheprior and
obviouson thecurrentview. Thereforebothtemporalfeaturessuggestedthepresenceof
a malignantlesionresultingin a high malignancy score.Theseexamplesillustratethat
benignand malignantmassessometimesshow similar temporalbehaviour. Temporal
featuresshouldthereforealwaysbeusedin conjunctionwith singleview features.

In summarywe designeda CAD systemthat includestemporalinformationfor the
characterisationof masslesions.Theclassi�cationperformancesigni�cantly improved
whenaddingtemporalfeaturescomparedto asingleview CAD system.Resultsobtained
in thisstudysuggestthatsimilarity featuresaremoreusefulthandifferencefeatures,both
for massesthatarevisibleon theprior view andfor massesthatarenew.



Chapter 8

Effect of Temporal CAD on
Radiologists' Performance1

In this chapterwe investigatetheuseof a temporalCAD programmeto helpradiologist
with thecharacterisationof masslesions.For this purposewe setup anobserver study
with six radiologists.Eachradiologistrated198cases,99 containinga benignmassand
99 containinga malignantmass.For eachcasethemammogramsfrom two consecutive
screeningroundswereavailable. Themasswasvisible on theprior view in 40%of the
cases.IndependentlyaCAD programmealsoratedeachmasslesionmakinguseof infor-
mationfrom prior andcurrentviews. Thefollowing readingsituationswerecompared:
singlereading,independentreadingwith CAD, andindependentdoublereading.

8.1 Intr oduction

At this momentmammography is themethodof choicefor breastcancerscreening.An
importanttaskof radiologistsis to classifymammographicabnormalitiesasbenignor
malignant. The BI-RADS systemprovidescriteria to classifyeachabnormalityasbe-
nign,probablybenign,suspicious,or highly suggestiveof malignancy (D'Orsi & Kopans
1997). Despitethesecriteria interpretationandsubsequentclassi�cationof abnormali-
tiesremainsa dif�cult task.Studiesshow thatmisinterpretationis animportantcauseof
missingbreastcancer(Bird et al. 1992;Harvey et al. 1993).Furthermore,interpretation
errorslead to unnecessaryadditionalexaminations. Only about20%-50%of patients
referredfor biopsyare found to have a malignancy. The effect of an improvementin
classi�cationaccuracy will thusbetwofold. First, thecancerdetectionratewill increase.

1Thecontentof thischapterhasbeenpublishedpreviously in Timp etal. (2006a).

131
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Second,thepositivepredictivevalueof mammography will increase.Thereforewecon-
sider it important to investigate whetheran automatedCAD systemcan improve the
characterisationaccuracy of radiologists.

Therehave beensomestudiesthatevaluatetheadditionaleffect of CAD systemson
radiologists'assessmentof masslesions.Most studiescomparetheperformanceof ra-
diologistswith andwithout usingCAD. Chanet al. (1999)studiedthe effect of using
a CAD systemon radiologists'ability to characterisemasslesionsand found that the
performancesigni�cantly (P < 0:001) increasedwhenusingCAD. Huo et al. (2002)
performedanobserver experimentto evaluatetheeffect of a CAD systemon thechar-
acterisationof benignandmalignantmassesusingmultiple views from thesameexam-
ination. In their study the performanceof the radiologistssigni�cantly (P < 0:001)
improvedwhenusingcomputeraid. TheseCAD systemshowever only usedthecurrent
view to characterisemasslesions.

Radiologistson the other handroutinely comparethe currentview with previous
screeningexaminationswhenassessingmasslesions.Studiesshow thattheperformance
of radiologistsimproves when using prior views (Varelaet al. 2005; Hadjiiski et al.
2001b).In arecentstudyHadjiiski etal. (2004)evaluatedtheeffectof aCAD systemthat
includesinformationfrompriorviews. Thisstudywasrestrictedtomasslesionsthatwere
visible in retrospect.They foundthattheperformanceof radiologistssigni�cantly (P =
0:005) increasedwhenusingCAD. It shouldberemarkedthat in this studyradiologists
readdigitisedregionsof interestextractedfrom temporalimagepairs.This differsfrom
theusualclinical settingwhereradiologistsreadacompletemammogramto estimatethe
malignancy of a lesion.

Thepurposeof this studyis to evaluatethepotentialbene�t of a temporalCAD sys-
temon radiologists'interpretationof masslesions.In thepreviouschapterwe evaluated
theperformanceof this temporalCAD systemandfoundthat thecharacterisationaccu-
racy signi�cantly improvedwhenusingthis temporalCAD systemcomparedto a single
view CAD system.Unlike otherobserver experimentswith CAD this experimentmore
closelyresemblesclinical practiceas1) both radiologistandthe CAD programmeuse
prior views and2) the datasetconsistsof massesthat arevisible in retrospectaswell
asmassesthatarenew, and3) radiologistsreadthemammogramsasin theusualclini-
cal settingon a dedicatedmammography workstation.Furthermorewe simulatedouble
readingandcomparethiswith independentreadingwith CAD.

The chapteris organisedasfollows. First we describethe datasetusedfor the ex-
periments.In Subsection8.2.2weshortlysummarisethesingleview andtemporalCAD
programme.Subsection8.2.3describestheobserver study. Section8.3 presentsthere-
sultswith adiscussionin thelastsection.
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8.2 Description CAD Programmeand Observer Experi-
ment

8.2.1 Dataset

The mammogramsusedin this studyall camefrom the Dutch BreastCancerScreen-
ing Programme.All womenaged50-75 are invited bi-annuallyto participatein this
programme.Two mammographicprojections—mediolateraloblique(MLO) andcranio
caudal(CC)—areobtainedat the initial screeningin this programme.At subsequent
screeningsonly mediolateralviews areobtained,unlessthereis anindicationthataddi-
tional craniocaudalviewswouldbebene�cial.

At our institutionwe have a collectionof consecutive caseswith suspectabnormali-
tiesthatwerereferredin thescreeningprogrammebetween1996and2000.Thesecases
containmammogramsat referral and mammogramsof all previous screeningrounds.
Figure8.1 shows an exampleof threeconsecutive mammograms.From the collection

Figure 8.1: Exampleof threeconsecutivemammogramsfor thesamewomen.Thelast
mammogram is the mammogram at time of referral. Theother mammogramsare ob-
tainedat previousscreeningrounds.

of caseswe composedtemporalmammogrampairsthatconsistof all imagesfrom two
consecutivescreeningrounds.Wecall themostrecentmammogramthecurrentmammo-
gramandmammogramsfrom earlierscreeningroundspreviousor prior mammograms.
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Characteristic No.

Biopsied 99

Invasive ductalcarcinoma 71

Invasive lobular carcinoma 18

Tubular carcinoma 3

Mucineus/colloidcarcinoma 2

Intracystic carcinomawith invasion 1

Intracystic carcinomawithout invasion 2

Ductalcarcinomain situ 2

Mammographiclesionsize 99

< 11mm 14

11–20mm 59

> 20mm 26

Lesiontype 99

Mass 90

Architecturaldistortion 7

Asymmetry 2

Table 8.1: Histopathologic andmammographiccharacteristicsof malignantcases.Le-
sionsizecorrespondsto themammographicannotationmadeby thestudyradiologist.

We thenselectedmammogramsthat ful�lled thefollowing requirements:1) thecurrent
mammogramcontainedbothMLO andCCviews,and2) at leastoneview of thecurrent
mammogramcontaineda mass,asymmetry, or architecturaldistortion,all referredto as
mass(lesion)in thesequel.Of all referralmammogramsthatmet thesecriteriawe ran-
domlyselected171cases,87malignantand84benign.In addition,weselectedall cases
in which the last mammogrambeforereferralmet thesecriteria. Thesewere27 cases,
12 malignantand15 benign. Combiningthe two selectionswe obtained198 cases,99
malignantand99benign.

Table8.1and8.2show histopathologicandmammographiccharacteristicsfor benign
andmalignantcases.Fourteencasescontainedmicro-calci�cationsin addition to the
mass,of which tenweremalignantandfour benign.

Becauseof the selectioncriteria, currentmammogramsalwayshadMLO andCC
views. PriormammogramsalwayshadMLO views,while CCviewswereonly available
for 21.7%of the cases(43/198,22 malignantand21 benign). All 99 malignantcases
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Characteristic No.

Biopsied 39

Solitarycyst 17

Fibroadenoma 4

Fibrocystic change 2

Atypical ductalhyperplasia 5

Otherbenignlesion 8

Normaltissue 3

Mammographiclesionsize 99

< 11mm 20

11–20mm 54

> 20mm 25

Lesiontype 99

Mass 90

Architecturaldistortion 7

Asymmetry 2

Table 8.2: Histopathologic andmammographiccharacteristicsof benigncases.Lesion
sizecorrespondsto themammographicannotationmadeby thestudyradiologist.

werebiopsyproven. Of the benigncases39 werehistologicallycon�rmed, while the
remaining60caseshadat least6-monthfollow-up.

All visible abnormalitieswereannotatedby or undersupervisionof anexperienced
radiologist,calledthestudyradiologist,usingall availableinformationsuchaspathology
resultswhenabiopsyhadbeenperformed.In about40%of thecasesthelesionwasalso
visible on previous screeningmammograms.The imageswere digitised with a laser
scanner(CFS300,Canon)at a pixel sizeof 50 � m andsubsequentlydown sampledto a
�nal resolutionof 100� m maintainingtheoriginalgrey scaleresolutionof 12bits.

8.2.2 Computer Aided DiagnosisSystem

Our CAD programmeconsistsof a singleview partanda temporalpart. Both partsare
describedin detail in Chapter7. Below weshortlysummarisebothparts.
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Single View CAD Part The singleview CAD programmestartswith the segmenta-
tion of all currentlesionsthathave beenmanuallyoutlinedby thestudyradiologist.The
segmentationalgorithmwe usefor this purposerequiresa seedpoint in thecentreof the
mass.For detailsaboutthesegmentationalgorithmseeChapter3. As seedpoint we use
themathematicalcentreof thecontourdelineatedby thestudyradiologist.For eachseg-
mentedregiondifferentsingleview featuresarecalculated:spiculationmeasures,border
featuresandmorphologicalfeatures.The total numberof calculatedfeaturesfor each
lesionis ten. As classi�er we useda SupportVectorMachine. Training andtestingof
theclassi�erweredonecompletelyindependentusinga20fold cross-validationscheme.
For eachview theclassi�er outputrepresentsthe imagebasedmalignancy score,where
smallvaluescorrespondwith benignratingsandlargevalueswith malignantratings.The
malignancy scoresfrom both MLO andCC views areaveragedto obtaina casebased
malignancy scorethat indicatesthe probability that the lesionis malignant.This score
is calledthecurrentview malignancyscore asit is basedon featuresextractedfrom the
currentlesion.

Temporal CAD Part ThetemporalCAD partconsistsof two steps.In the�rst stepthe
regionalregistrationtechniquedescribedin Chapter5 �nds for eachlesiononthecurrent
view acorrespondinglocationontheprior view. Thislocationontheprior view is usedas
aseedpointfor oursegmentationalgorithm(seeChapter3). Thissegmentationalgorithm
determinesa contourfor theprior region. Thenseveral featuresaredeterminedfor the
segmentedregion on the prior view. For eachcurrentregion two temporalfeaturesare
determinedthatindicatewhetherthecurrentregion andthecorrespondingregion on the
prior view aresimilar in appearance.Thesefeaturesaredesignedin awaysuchthatthey
canbeusedfor massesthatarevisible on theprior view andfor massesthatarenew. In
total we calculatetwelve featuresfor eachregion. As classi�er we usea SupportVector
Machine. Trainingandtestingof theclassi�er areimplementedasdescribedabove for
thesingleview classi�er. Thetemporalclassi�er usessingleview andtemporalfeatures
to determinefor eachlesionan imagebasedmalignancy score.Themalignancy scores
from availableCC andMLO projectionsareaveragedto obtain for eachlesiona case
basedmalignancy scorethat indicatesthe probability that a lesion is malignant. This
scoreis calledthetemporal malignancyscore.

8.2.3 Observer Study

A panelof six radiologists,not including the studyradiologist,participatedin the ob-
server study. Eachof the six radiologistsrated99 benignand99 malignantcaseswith
andwithout theuseof prior views. Thereadingsessionswerestructuredasfollows. First
only thecurrentmammogramwasshown. By pressingakey theradiologistcouldseethe
contourdrawn by thestudyradiologist.Theradiologistthenratedeachlesionon a scale
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between0 and100, wherea valuenear100 indicatesa high likelihoodof malignancy.
Becauseof our studydesignall currentmammogramshadMLO andCC projections.
Eachradiologistthereforehadaccessto informationfrom bothCCandMLO views. Af-
ter theradiologisthadrecordedhis scoretheprior mammogramwasdisplayed,andthe
radiologistcould changehis rating accordingly. In this studywe only usedthe second
rating that the radiologistsgave whenboth prior andcurrentviews wereavailable. All
caseswerepresentedin a randomisedorder.

Themammogramsweredisplayedonthisdedicatedmammography workstation(Me-
vis BreastCare,MBC-SCR1,Bremen,Germany). In a recentstudyRoelofset al. (2005)
found that radiologistsperformequallywell readingdigitisedmammogramson a ded-
icatedworkstationas readingthe original �lms. The workstationwas equippedwith
two high-resolutionCRT monitors(BARCO, MGD 521, 300 Cd/m2, usingBarcoMed
5MP1H 12 bit graphicsboards),anda dedicatedkey-padto accessthe main functions
with asinglekeystroke. TheCRT displayshadaspatialresolutionof 2,048x 2,560pixels
each,whichis suf�cient to displayoneimageat100� m. Initially, imagesweredisplayed
at low spatialresolution(200� m), in suchawaythatall imagesincludedin acasecould
bedisplayedsimultaneously. CurrentMLO andCC views appearedin thelower half of
theleft andright monitor. Priorviewsweredisplayedin thesamewayin theupperhalf of
bothmonitors.Full spatialresolution(100� m) imagescouldsubsequentlybedisplayed
by pressinga key of the dedicatedkey-pad. Imagesfrom the samebreastbut different
viewscouldalsobedisplayedonbothmonitorsat thesametime. Thesamewaspossible
for imagesof thesamebreastandsameview but differentscreeningrounds.This made
it possibleto analysetemporalchangesin a simpleanduser-friendly way. Imageswere
preprocessedusingan unsharp-maskingtechnique(Roelofset al. 2003)to compensate
for the decreaseof sharpnesswith respectto the original �lms dueto digitisationand
electronicdisplay.

Five of the six readersin this studywereattendingradiologistswith breastcancer
screeningexperience. The other radiologistwas a radiology residentin her last year
who hadspecialisedin mammography. All participantsreceived a training sessionbe-
fore theobserverstudystartedto becomefamiliarwith thesoft-copy readingsystemand
the designof the experiment. The training setconsistedof 25 cases.The true diagno-
sis wasgiven immediatelyafter eachtraining case. During training, radiologistswere
encouragedto make useof thedifferenttoolsprovidedby thesoft-copy readingsystem.
Generalinformationaboutthedatasetwasprovided to the radiologists.They werein-
formedthatthenumberof benignandmalignantcaseswasaboutequal,andthatall cases
werereferralsfrom ascreeningprogramme.
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8.2.4 Data Analysis

Theperformanceof eachradiologistwasevaluatedfor thethreedifferentreadingmodes
usingROC methodology. Theclassi�cationaccuracy wasquanti�ed with theareaunder
theROCcurve (Az value).

The Az valuesfor single readingand independentreadingwith CAD were esti-
matedby usingtheDorfman-Berbaum-Metz(DBM) methodfor analysisof multi-reader
multi-casedata(Dorfman et al. 1992). In this methodthe maximumlikelihood esti-
mationof the binormaldistributions is �tted to the observer ratingsto obtainan ROC
curve. This methodhasbeenwidely adoptedin recentyearsfor analysingexperimental
dataobtainedin a multi-readermulti-case(MRMC) studydesign(Hadjiiski et al. 2004;
Beidenet al. 2002). It hasthegreatadvantagethatboth readerandcasevariability are
taken into accountin a properway, suchthat generalisationto both the populationof
readersand casesis permitted. We usedthe publicly available LABMRMC software
(Metz et al. 1998a)for MRMC computations.To estimatethepotentialbene�t of using
theCAD systemwe independentlycombinedthemalignancy ratingsof eachradiologist
andtheCAD system.We�rst linearlyscaledtheratingsof eachradiologistandtheCAD
systembetweenzeroandonehundred.We thenassignedeachlesiona combinedrating
computedasthearithmeticmeanof theCAD malignancy ratinganda radiologistsma-
lignancy rating. Themulti-readermulti-caseDBM methodanalysedtheaveragescores
to estimateAz valuesfor independentreadingwith CAD. Thestatisticalsigni�canceof
thedifferencein Az betweenreadingwithout CAD andindependentreadingwith CAD
wasalsoestimatedby usingtheDBM method(Metzetal. 1998a).

To simulatedoublereadingwe combinedfor eachlesionthe malignancy ratingsof
two radiologists. For eachradiologistthis resultedin � ve differentdoublereadingre-
sults. For eachdoublereadingresultwe calculatedanROC curve. This resultedin � ve
differentROC curvesfor eachradiologist.EachROC curve is completelydescribedby
two parametersthatcharacterisetheunderlyingnormaldistributions. For eachradiolo-
gistweusedtheseparametersto determineanaverageROCcurveandthecorresponding
Az value(Obuchowski 2005).TheStudent's t-testfor paireddatawasusedto assessthe
signi�canceof differencesbetweenAz valuesof the doublereadingmodeon oneside
andthesinglereadingmodeandreadingwith CAD on theotherside.

8.3 ResultsReadingwith CAD and DoubleReading

Theperformance,measuredasareaundertheROCcurve,wascalculatedfor eachradiol-
ogistfor thedifferentreadingmodes:singlereading,independentreadingwith CAD, and
independentdoublereading.Table8.3lists theindividualandthemeanperformancesof
theradiologistsfor thethreereadingmodes.TheAz valueof thestandaloneCAD pro-
grammewas0.81.TheaverageAz valuefor theradiologistswas0.80for singlereading.



8.4 DISCUSSION 139

For all radiologiststhe performanceimproved for independentreadingwith CAD. The
averageAz valuesigni�cantly increasedto 0.83for readingwith CAD (P < 0:05, DBM
method;P = 0:02, Student's pairedt-test). Table8.3 shows that the performanceof
radiologistswith a betterperformancethanthe CAD system(numbertwo andnumber
� ve) improvedasmuchastheperformanceof radiologistswith alowerperformancethan
theCAD system.

Theaverageperformancefor independentdoublereadingwas0.81. Thedifference
betweensinglereadingandindependentdoublereadingwasnot signi�cant (P = 0:12,
Student'spairedt-test).For independentdoublereadingtheperformanceincreasedfor all
radiologistsexceptfor thebestperformingradiologist(numbertwo). Theleastperform-
ing radiologist,numberthree,bene�tedmostfrom independentdoublereading.These
resultssuggestthat thebene�t thatcanbeobtainedwith doublereadingdependson the
performanceof the individual radiologist. The differencebetweenreadingwith CAD
andindependentdoublereadingwasnotsigni�cant (P = 0:08, Student's pairedt-test).

Figure 8.2 shows averageROC curves for the different readingmodes. For each
readingmodethe averageROC curve is obtainedby averagingthe �tted parametersof
theindividualROCcurvesof eachradiologist(Obuchowski 2005).

Radiologist SingleReading Ind. Readingwith CAD Ind. DoubleReading

1 0.792� 0.034 0.805� 0.031 0.800� 0.023

2 0.825� 0.029 0.835� 0.028 0.820� 0.016

3 0.749� 0.034 0.809� 0.030 0.798� 0.025

4 0.801� 0.031 0.839� 0.028 0.809� 0.024

5 0.813� 0.031 0.855� 0.026 0.825� 0.021

6 0.790� 0.032 0.829� 0.029 0.814� 0.019

averageAz 0.796 0.829 0.811

Table 8.3: Az � standard deviation for each radiologist for the threedifferent reading
conditions:singlereading, independentreadingwith CADandindependentdoubleread-
ing.

8.4 Discussion

In this studywe investigatedthe effect of threedifferentreadingmodeson the charac-
terisationof masslesionson serialmammograms:singlereading,independentreading
with CAD, andindependentdoublereading.We implementedindependentreadingwith
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Figure8.2: ROCcurvesfor thethreereadingmodes:singlereading, independentdouble
readingandindependentreadingwith CAD.

CAD by averagingthe scoreof eachradiologistwith the scorefrom the CAD system
for all masslesions.UsingtheCAD systemin this way improvedtheclassi�cationper-
formancefor eachradiologist,alsofor thebestperformingone. TheaverageA z value
signi�cantly increasedfrom 0.80to 0.83whenCAD wasused.FromFigure8.2we see
thatthis improvementmainlyconcernsabettercharacterisationof benignlesions.Using
CAD in thiswaymaythusleadto adecreasein thenumberof falsepositivesat thesame
sensitivity level. Furthermore,we foundthatfor eachradiologisttheperformanceof in-
dependentreadingwith CAD wasequalor higherthantheperformanceof thestandalone
CAD system,whichwas0.81.

Somestudieshave beendoneto evaluatethe effect of usinga CAD systemon the
ability of radiologiststo discriminatebetweenbenignandmalignantlesions(Chanet al.
1999;Huo et al. 2002;Hadjiiski et al. 2004).Thesestudiesall show animprovementin
characterisationaccuracy whenaCAD systemis used.An importantdifferencebetween
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this studyandexisting studiesis that thepresentCAD systemalsousesinformationex-
tractedfrom prior views. To ourknowledgethereis only oneotherstudywheretheCAD
systemusedtemporalinformationaswell (Hadjiiski etal. 2004).In thatstudythey found
thatusingaCAD systemwith temporalanalysisimprovedtheclassi�cationperformance
of radiologists.In thecurrentstudywetried to resolvesomeof thelimitationsof (Hadji-
iski et al. 2004).First, in (Hadjiiski et al. 2004)theobserversreadROI's extractedfrom
temporalimagepairs.In thecurrentstudyobserversreadwholemammograms,including
views from theleft andright breastandfrom differentprojections.Second,in (Hadjiiski
et al. 2004)theperformanceof thestandaloneCAD systemwasbetterthantheperfor-
manceof radiologistsusingCAD. An explanationmaybethatthereadingconditionsfor
theradiologistswerenotoptimal,resultingin asigni�cantly lowerperformancefor each
individual radiologistthanfor theCAD system.In thecurrentstudywe found that the
performanceof eachindividual radiologistusingCAD washigherthantheperformance
of the standaloneCAD system.This might be causedby the fact that the performance
of radiologistsandthe CAD systemwerecomparable.It shouldalsobe notedthat in
our study the ratingsfrom eachradiologistand the CAD systemwere independently
combinedwhile in (Hadjiiski et al. 2004)radiologistsusedCAD to adjusttheir own as-
sessment.Last, the CAD systemusedin (Hadjiiski et al. 2004)wasrestrictedto mass
lesionsthatwerevisible in retrospect.TheCAD systemusedin our studyis suitedfor
massesthatarevisibleon retrospectaswell asfor massesthatarenew.

A CAD systemfor masscharacterisationmayalsobehelpful for screeningpurposes.
During screeningtwo typesof perceptionerrorsaremade:searcherrorsandinterpreta-
tion errors.Searcherrorsarede�nedaslesionsthatareoverlookedor only brie�y �xated.
Interpretationerrorsconernlesionsthataremisseddueto wrongdecisions.Somestudies
suggestthatthemajorityof errorsin radiologicaldetectiontasksmaybedueto incorrect
interpretationof lesions(Karssemeijeretal. 2003;Manningetal. 2004).Theuseof CAD
systemsto characterisemasslesionsmayresultin lessinterpretationerrors.Ultrasound
also hasan importantrole in characterisinglesionsas benignor malignant. In many
screeningprogrammeshowever mammogramsare readin afterwardsin batchessuch
thatultrasoundcannot beused.Radiologiststhenbasetheir decisionto refera woman
on mammography resultsonly. UsingCAD in thesesituationsmayleadto a decreasein
thenumberof falsepositive referralswhile maintainingthesamecancerdetectionrate.

Additionally, in thisstudywecomparedtheperformanceof independentreadingwith
CAD with theperformanceof independentdoublereading.To implementindependent
doublereadingwe combinedthemalignancy ratingsfrom eachpair of radiologists.We
foundthatdoublereadingimprovestheclassi�cationperformance,althoughthis differ-
encewasnot signi�cant. Thestatisticaldifferencein performancebetweenindependent
readingwith CAD andindependentdoublereadingwasalsonot signi�cant. This sug-
geststhattheCAD systemmaybeusedasanindependentadditionalreader. For instance,
asinglereaderwith CAD mightbeusedto selectcaseswith suspiciousabnormalitiesfor
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further inspectionby a secondreader, who then makes the �nal decisionwhetherre-
ferral is necesary. This approachresemblesdoublereadingwith arbitration,which is
commonin screeningin theUnitedKingdom,wherea third readerassessesthosemam-
mogramsfor which two screeningradiologistsdo not reachconsensus(Smith-Bindman
etal. 2003).

In summarywe�nd thatusingaCAD systemwith temporalanalysiscanhelpradiol-
ogiststo interpretmasslesions.Furtherstudiesareneededto investigatetheperformance
of CAD systemsin clinical settings.
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Summary

Breastcanceris themostcommontypeof cancerin women,with aboutonein tenwomen
developingthe diseasein her lifetime. It is alsothe leadingcauseof cancerdeathsfor
womenagedbetween35 and55. Thekey to curingbreastcanceris earlydetectionand
prompttreatment.A physicalexamination,mammography, andbreastself-examination
make up theconventionalearlydetectionapproach.Recommendationsfor breastcancer
screeningvary from countryto countryaccordingto theviews of differentorganisations
who recommendthe screening.In the Netherlandsthe screeningprogrammeoffers all
womenbetween50and70yearsabiennialmammography screeningexamination.

Although mammography is the most effective technologypresentlyavailable for
breastcancerscreening,it still hassomeimportant limitations. First, during screen-
ing about20%of all malignantbreasttumoursare`missed'.Themostimportantcauses
of thesefalsenegative screeningexamsaredetectionandinterpretationerrors.Second,
thenumberof falsepositive detectionsis ratherhigh. More thenhalf of thewomenwho
arereferredfor further examinationturn out not to have breastcancer. Third, accurate
mammography interpretationdependsheavily on thereader. To overcomesomeof these
limitationscomputeraideddiagnosisanddetection(CAD) programmesarebeingdevel-
oped.Theseprogrammeshelpradiologistswith thedetectionandinterpretationof mass
lesions.Studieshave shown thatCAD systemsmayimprove thediagnosticaccuracy of
mammography.

At themomentmostCAD programmesonly useinformationfrom a singleview to
detectand characterisemasslesions. Chapter2 describesour single view CAD pro-
grammethatseparatelyprocesseseachimage.This programmeconsistsof two parts.In
the �rst part an algorithmcalculatesat eachlocationinsidethe breastareaseveral fea-
turesthat measurethe presenceof eithera spiculatedlesionor a focal masslesion. A
classi�er combinesthesefeaturesinto a scorethat representsthe likelihoodthata mass
is presentat that location, the so-calledmasslikelihood. In the secondpart locations
with a high masslikelihoodareselectedfor further processing:segmentationandfea-
tureextraction.For segmentationwe developeda new methodthatis describedin detail
in Chapter3. Themethodusesanoptimisationtechnique—dynamicprogramming—to
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�nd thebestcontourfor eachsuspiciousregion. Themethodprovedto bea robusttech-
niqueto segmentmasslesionsfrom surroundingtissue.Comparedto existing methods
thenew methodperformedsigni�cantly better. After segmentationseveral featuresare
calculatedfor eachregion. A secondclassi�ercombinesthesefeaturesinto amalignancy
score representingthelikelihoodthattheregion is malignant.

Althoughthesingleview CAD programmeperformsquitewell, thenumberof false
positive detectionsis still rather large. An improvementmight be obtainedby using
informationfrom several views suchas imagesfrom differentprojectionsof the same
breast,imagesof theright andleft breastor imagesobtainedat differentpointsin time.
In this thesiswe investigatewhetherusingpreviousscreeningexaminationsis bene�cial
for a CAD system.We expectthattemporalinformationmayimprove thedetectionand
classi�cationperformanceof a CAD systemfor thefollowing reasons.First, comparing
thecurrentmammogramwith mammogramsfrom previousscreeningroundsmaybring
to attentionsubtlesignsof malignancy thatmight have beenoverlookedotherwise.Sec-
ond, suspiciousregionson the currentview canbe evaluatedmorepreciselywhenthe
region is comparedwith the sameregion on the previous view. In Chapter4 we �rst
studyhow malignantmasseschangein time. In thatstudywe �nd thaton averagema-
lignantmassesincreasein sizeandcontrastbetweentwo consecutive screeningrounds.
Aboutonequarterof themasseshoweverstaysmoreor lessconstantor decreasesin size.
Furtherinspectionof thesemassesshowsthatthesecanbeclassi�edin thefollowing cat-
egories:architecturaldistortionsthatbecomemorecompact,massesthataresituatedon
theborderof themammogram,andmassesthat indeeddecreasein size. This suggests
thatmalignantmassesdiffer in temporalbehaviour.

In theremainderof thethesiswe developandevaluatea temporalCAD programme.
ThetemporalCAD programmeconsistsof threesteps:globalregistration,regionalregis-
tration,andextractionof temporalfeatures.Chapter5 presentsanew automaticregional
registrationmethodto �nd correspondingmassesonprior andcurrentviews. Themethod
startswith a segmentedregion on thecurrentview. Basedon theglobal registrationwe
make an initial estimateof the locationon the prior view wherethe lesionmost likely
developed.We de�ne a searchareaaroundthis initial estimateandcalculatethreeregis-
trationmeasuresateachlocationinsidethesearchareato quantifyhow well this location
matchestheregion on thecurrentview. As registrationmeasureswe usethegrey scale
correlationbetweenthe region on the currentview anda candidateregion on the prior
view, the masslikelihoodof the locationon the prior view, andthe distancefrom the
locationon theprior view to theinitial estimate.Basedon thesemeasureswe selectthe
bestlocation. Our segmentationalgorithmthendeterminesa contourfor the selected
region on the prior view. After eachcurrentregion hasbeenlinked to a region on the
prior view temporalfeaturesarecalculated.Wedesignedtwo kindsof temporalfeatures:
differencefeaturesand similarity features. Differencefeaturesrepresentchangesbe-
tweenfeaturevaluesextractedfrom theprior andthecurrentregion. Similarity features
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measurewhetherbothregionsarecomparablein appearance.
In Chapter6 we apply the temporalCAD programmeto improve the detectionof

masses.As regional registrationmethodwe usea simplevariantof themethodthathas
beendescribedin Chapter5. As temporalfeaturesweonlyusedifferencefeatures.FROC
(freeresponseoperatingcharacteristic)analysisshowsasmallimprovementin detection
performancewhentemporalfeaturesareusedin additionto thesingleview CAD system.

In Chapter7 we evaluatetheuseof a temporalCAD programmeto classifylesions
asmalignantor benign.For this purposewe usethecompleteregional registrationpro-
grammeas describedin Chapter5. As temporalfeatureswe useboth differenceand
similarity features.We �nd thattheclassi�cationperformancemeasuredastheareaun-
dertheROCcurve signi�cantly improveswhentemporalfeaturesareused.

Finally, in Chapter8, we investigatetheeffectof a temporalCAD programmeonthe
characterisationperformanceof radiologistsandcomparethis with independentdouble
reading,wherethe scoresof two radiologistsarecombined.A total of six radiologists
participatedin theobserver study. Eachradiologistrated198cases,99 containinga be-
nignmassand99containingamalignantmass.Similarly our temporalCAD programme
ratedeachlesion. We thencomparedthe following readingmodes:singlereading,in-
dependentreadingwith CAD—thatis independentcombinationof theCAD scoreanda
radiologistsscore—andindependentdoublereading.Resultsshow thattheperformance
of radiologistssigni�cantly improvesfor independentreadingwith CAD andfor inde-
pendentdoublereading.Theimprovementobtainedby readingwith CAD however was
larger thanthe improvementobtainedby independentdoublereading.From this study
we concludethat a temporalCAD programmemay be useful to help radiologistswith
theinterpretationof masslesions.Furtherstudiesareneededto investigatethebestway
aCAD systemcanbeusedin clinical settings.





Samenvatting

Borstkanker is demeestvoorkomendesoortkanker bij vrouwen. Ongeveer1 op de10
vrouwenzal ooit in haarlevenborstkanker krijgen. Daarnaastis borstkanker in Neder-
landdemeestvoorkomendevorm vankanker waaraanvrouwenoverlijden. Eenvroege
detectievanborstkankeris belangrijkomdatdit dekansopgenezingaanzienlijkvergroot.
Demeestgebruiktetechniekenvoorvroegtijdigedetectiezijn zelfonderzoek,klinischon-
derzoekenmammogra�e.Richtlijnenvoor vroegtijdige detectieverschillenvanlandtot
land. In Nederlandwordenalle vrouwenvan 50 tot 70 jaar elke tweejaar persoonlijk
uitgenodigdomeenscreeningsmammogramte latenmaken.

Alhoewel mammogra�eop dit momentdemeesteffectieve methodeis voor screen-
ing op borstkanker, zijn er ook enkele beperkingen.Ten eerstewordt nog steedscirca
20% van de tumoren`gemist' tijdensde screening.De belangrijksteoorzaken hiervan
zijn detectiefouteneninterpretatiefouten.Tentweedeis hetaantalfoutpositievedetecties
te hoog.Meerdandehelft vandevrouwendie doorverwezenwordenblijkt uiteindelijk
geenborstkanker te hebben.Ten derdehangteengoedebeoordelingvan eenmammo-
gramerg af vandebetreffenderadioloog.Omeenaantalvandezeproblementevermin-
derenzijn er computerprogramma's ontwikkeld metalsdoeldedetectieeninterpretatie
van tumorente verbeteren,de zogenoemdecomputeraideddetection/diagnosis(CAD)
programma's. Studiestonenaandat het gebruikvan CAD programma's kan leidentot
eenverbeteringvandediagnostischeaccuraatheidvanmammogra�e.

Op dit momentmakendemeesteCAD programma's slechtsgebruikvan�e�en enkele
opname.Hoofdstuk2 beschrijftonsCAD programmawaarvoor deinput bestaatuit een
enkeleafbeelding.Dit programmabestaatuit tweedelen.Eerstwordt op iederelocatie
in het borstgebiedeenaantaltumorkenmerken uitgerekendzoalsde aanwezigheidvan
eenverdachtlijnenpatroon(spiculation)en de aanwezigheidvan eenhelderedensiteit.
Eenclassi�er combineertdezekenmerken in eenscoredie aangeefthoewaarschijnlijk
het is dater eentumorop debetreffendelocatieaanwezigis, dezogehetenmasslikeli-
hood. In het tweededeelvan het programmawordende meestverdachtelocatiesges-
electeerdvoor verderebewerking: segmentatieenextractievan tumorkenmerken. Voor
segmentatiehebbenwe eenmethodeontwikkeld die in staatis zeernauwkeurigensnel
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decontourvaneenverdachteregio te bepalen.Hoofdstuk3 beschrijftdezemethodein
detail.Demethodegebruikteenoptimalisatietechniek—dynamicprogramming—omde
bestecontourvoor iedereregio te vinden. In vergelijking metanderesegmentatiemeth-
odenpresteertde nieuwemethodesigni�cant beter. Voor iederegesegmenteerdregio
wordenvervolgensdiversekenmerken bepaald.Eentweedeclassi�er combineertdeze
kenmerken in eenmalignancyscore, die aangeefthoewaarschijnlijkhet is datderegio
eenmaligniteitbevat.

Eenprobleemmet huidigeCAD programma's is het hogeaantalfout positieve de-
tecties.Het aantalfout positieve detectieszoukunnenverminderenwanneerCAD pro-
gramma's, net als radiologen,gebruikzoudenmaken van informatieuit meerdereop-
namenzoalsopnamenuit verschillenderichtingen,opnamenvandelinker enderechter
borstenopnamenverkregenopverschillendetijdstippen.In dit proefschriftonderzoeken
we of hetgebruikvanvoorgaandescreeningsmammogrammeneenpositiefeffect heeft
op de performancevan eenCAD systeem. We verwachtendat het gebruik van tem-
poreleinformatiezal leidentot eenverbeteringvanzowel dedetectiealsdeinterpretatie
vantumorenomdevolgenderedenen.Teneerstekanhetvergelijkenvanopeenvolgende
mammogrammenkleineensubtieleafwijkingenaanhetlicht brengendieandersoverhet
hoofdgezienzoudenzijn. Tentweedekaneenverdachteregio beterbeoordeeldworden
wanneerdezevergelekenwordt metdezelfderegio op hetvoorgaandemammogram.In
Hoofdstuk4 bestuderenwewelkeveranderingenin detijd optredenbij malignetumoren.
In dezestudiezien we dat gemiddeldgenomenmalignetumorengroterwordenen dat
hetcontrasttoeneemttussentweeopeenvolgendescreenings.Eenaanzienlijkdeelvande
tumorenechterverandertniet in grootteof wordtzelfskleiner. Nadereinspectielaatzien
datwe dezelesiesin verschillendecategorienkunnenindelen:architectuurverstoringen
die weliswaarkleiner maarook meercompactworden,lesiesgelocaliseerdop de rand
vanhetmammogramenlesiesdie echtkleinerworden.Hieruit kunnenwe concluderen
dater veelverschilis in hettemporelegedragvanmalignetumoren.

Derestvandit proefschriftwijdenweaandeontwikkelingenevaluatievaneentem-
poreelCAD programma.Het temporeleprogrammabestaatuit drie onderdelen:globale
registratie,regionaleregistratieenextractievantemporelekenmerken.Hoofdstuk5 pre-
senteerteennieuwemethodevoor regionaleregistratiemet als doel corresponderende
lesiesop huidige en voorgaandemammogrammenaanelkaarte koppelen. De meth-
odebegint meteengesegmenteerderegio op hethuidigemammogram.Op basisvande
globaleregistratiemakenwe daneeneersteschattingvande locatieop hetvoorgaande
mammogramwaardezelesiewaarschijnlijkontstaanis. Vervolgensde�nieren we ron-
domdezeinitiele schattingeenzoekgebied.Op iederelocatiein dit zoekgebiedrekenen
we drie registratiematenuit: grijswaardecorrelatietussende regio op hethuidigebeeld
eneenkandidaatregion op hetvoorgaandebeeld,demasslikelihoodvande locatieop
het voorgaandebeelden de afstandtot de initiele schatting. Op basisvan dezematen
selecterenwe de bestelocatie. Daarnabepaaltonsnieuwesegmentatiealgorithmede
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contourvandegeselecteerdregio op hetvoorgaandebeeld. Tenslottebepalenwe twee
soortentemporelekenmerken: verschil kenmerken en gelijkeniskenmerken. Verschil
kenmerkenmetendeveranderingin tumorkenmerkentussenderegio op hetvoorgaande
beeldende regio op hethuidigebeeld. Gelijkeniskenmerkenmetenof tweeregio's er
ongeveerhetzelfdeuit zien.

In Hoofdstuk6 gebruiken we het temporeleCAD programmavoor de detectievan
tumoren.Als regionaleregistratiemethodegebruikenweeensimpeleversievandemeth-
odediebeschrevenis in Hoofdstuk5. Als temporelekenmerkengebruikenwealleenver-
schil kenmerken. FROC (freeresponseoperatingcharacteristic)analyselaateenkleine
verbeteringzienwanneerhetCAD programmagebruikmaaktvantemporelekenmerken.

In Hoofdstuk7 evaluerenwe het temporeleCAD programmaom lesieste classi-
�ceren als benigneof maligne. Het temporeleCAD programmagebruikteerstde re-
gionaleregistratiemethodeuit Hoofdstuk5 om iederelesieophethuidigemammogram
te linken aaneenregio op het voorgaandemammogram.Daarnawordenbeidetem-
porelekenmerkenuitgerekenend:verschilkenmerkenengelijkeniskenmerken.Uit deze
studieblijkt dat de classi�catie performanceverbetertdoor het gebruikvan temporele
kenmerken.

Tenslottebeschrijven we in Hoofdstuk8 eenstudiedie we uitgevoerdhebbenom
te bepalenwelk effect eentemporeelCAD programmakanhebbenop dediagnostische
accuraatheidvanradiologen.In totaaldedenzesradiologenmeemetdezestudie.Iedere
radioloogbeoordeelde198 cases,waarvan er 99 eenbenigneen 99 eenmalignelesie
bevatten. Het temporeleCAD systeembeoordeeldedezelfdecases.We vergeleken de
volgendesituaties:individuelebeoordelingdoor �e�en radioloog,onafhankelijke combi-
natievan de beoordelingenvan twee radiologenen onafhankelijke combinatievan de
resultatenvanhettemporeleCAD systeemeneenradioloog.Deresultatenlatenziendat
deinterpretatievantumorenverbetertvoorzowel onafhankelijkecombinatievandebeo-
ordelingenvan tweeradiologenalsvoor onafhankelijke combinatievandebeoordeling
vaneenradioloogenhetCAD programma.De verbeteringverkregendoorhetgebruik
vanhetCAD programmawashetgrootste.Hieruit blijkt dateentemporeelCAD systeem
nuttigkanzijn omradiologentehelpenmetdebeoordelingvanlesies.Er is meeronder-
zoeknodig om te bekijken op welke maniereenCAD systeemhet bestein de praktijk
gebruiktkanworden.
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