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Chapter 1

Intr oduction

This preparatorychaptemprovidessomebackgroundmaterialandliteraturerequiredfor
this thesis. For furtherreadingwe suggesbneof the following books: Vainio & Bian-
chini (2002);Homer(1997);Underwood (1992);Friedrich& Sickles(2000). This chap-
teris organisedasfollows. Sectionl.1to 1.5 give generainformationaboutbreasican-
cer, aboutscreeningorogrammedo detectbreastcancer and aboutmodalitiesthat are
usedto imagethe breast.In Sectionl.6we describehe useof computeraideddetection
anddiagnosigCAD) systemsandreview someimportantstudiesthatevaluatepotential
bene tsof usingCAD. At themomentmulti view CAD systemsarebeingdevelopedthat
includeinformationfrom multiple views. Sectionl.7 summarisesecentadwancesn this
eld. In thisthesiswe focusonthedesignof amulti view CAD systenthatincorporates
informationabouttemporalchangeghattake placebetweerntwo consecutie screening
rounds.Sectionl.8shortlydiscussetheobjective for thisapproachSectionl.9clari es
de nitions andnomenclatureisedin this thesis.Finally, in Section1.10,we presenan
overview of thisthesis.

1.1 BreastCancer Epidemiology and Risk Factors

Incidence Breastcanceris avery commondiseaselt is the mostcommoncancerfor
femalesandthe secondmostcommoncancerfor malesandfemalescombined. In the
year2000it accountedor 22% of all newv cancersn women.In the westernworld, this
percentagés even27% andaboutl in 10to 12 womenwill have to facebreastcancer
In mostEuropearcountrieshe agedstandardisedhortality ratesfor breastcancerange
from 15to 30for every 100,000nomenmakingbreastancethemostimportantcauseof
cancefrelatedmortality for women(Levi etal. 2004). The averageageof womenwhen
they arediagnosedvith breastancelis 64 years.Onethird of all womendiagnosedvith
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2 1 INTRODUCTION

breastcancelis youngerthan50 years.Breastcancercanalsodevelopin men,although
thisis rare.Male breasttanceraccountdor about1% of all breastcancercases.

In The Netherlandshe breasicancelincidencefor womenis 140per100,000.There
areabout12,000new casesf breastcancerannuallyandabout3500womendie of the
diseaseearly (Dutch CancerRegistry 2003).

Risk Factorsfor BreastCancer Althoughit is notpossibleto saywhatexactly causes
breastcancey somefactorsmayincreaseor changeherisk of developingbreastcancer
Theseinclude,in orderof importancefemalesex, age,having afamily history of breast
cancer and having a previous diagnosisof breastcanceror ductal carcinomain situ.
Otherfactorsthatslightly increaseherisk of developingbreastancerarethefollowing:
alongintenval betweermenarchendmenopauseabesity nothaving childrenor having
a rst child after 35 yearsof age,not breastfeedingakingcombinedHormoneReplace-
ment Theray (HRT) after menopausdespeciallywhentaken for 5 yearsor longer),
puttingon alot of weightin adulthood drinking alcohol(morethan2 standardirinksa
day), taking oral contracepties(this appeargo increaseherisk only duringthe period
of takingthe pill) andhaving previously beendiagnosedvith lobular carcinomain situ
or atypicalhyperplasia.

1.2 Normal Structur e and Function of the Breast

Figure 1.1 shawvs the mostimportantanatomicalstructuresof the breast. The breast
consistsof two components.The rst components concernedwith milk production
andis known asthe epithelial component. The secondcomponentconsistsof fat and
connectve tissue.This componensupportsandprotectsthe structureof the breast.

The epithelial componenibf the breastconsistsof a tree-like branchingpatternof
milk ductsthat cometogetherat the nipple. The leaves of this tree areformedby the
lobuleswhich arethe secretoryunits of the breast.Eachlobule consistsof a numberof
acini connectingto anintra-lokular duct. The acini are composedf 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
contractingduring breastfeedingEachintra-lobular ductconnectswith anextra-lobular
duct,andthistogethemwith thelobule, is calledtheterminalductallobular unit.

The extra-lokular ductswithin the samearealink togetherto form sub-sgmental
ducts,whichin turn form segmentalducts. Theseductsdrain milk from differentsey-
mentsor lobesof thebreast.In total, thebreastonsistof 15-20lobes whichareroughly
pyramidalin shapewith theapex directedtowardsthe nipple.

Thenon-epitheliakomponenbf the breastconsistanainly of fatty tissue.Thereare
no musclesn the actualbreastbut therearea seriesof musclesbehindandunderneath
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Figure 1.1: Anatomyandstructure of the breast.

the breasts. Thesemuscleswork togetherwith a ligamentcalled Cooperligamentto
supporttheweightof the breasts.

1.3 BreastTumours

We distinguishthreetypesof breasttumours:benignbreastumours,in situ cancerand
invasie cancer Figure1.2 shovs anexampleof eachcateyory.

Benign Diseases Benigntumoursof the breastcomprise bro-adenoma,duct papil-
loma,adenomandconnectve tissuetumours.The mostcommonbenignbreastumour
is the bro-adenoma.This tumouris a combinedproductof both connectve tissueand
epithelialcells. Most benignmassesrecircumscribedlueto theabsenc®f in Itration.
Figurel.2(a)shavs a characteristiéxampleof a benignmass.Theshapés oval andthe
borderis sharplydelineated.On the otherhand,benignmassesnay alsopresentsuspi-
cious,asshowvn in Figure1.2(b). Mammographicallyve cannotdistinguishthis benign
massfrom a malignantlesion.
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(a) Benigncyst (b) Benignlesion

(c) DCIS (d) In ltrati ve ductalcancer

Figure 1.2: Appeaeanceof breastlesions.Figure 1.2(a)showsa characteristicexample
of a benignmass. Figure 1.2(b) showsa benignmasswhich presentsas a malignant
lesion.Figure 1.2(c)showsan exampleof ductalcarcinomain situ. Thelast gur e shows
anin ltr ativemalignantcancerwith characteristicill-de ned andspiculatecborders.



1.3 BREAST TUMOURS 5

Noninvasive BreastCancer Noninvasive—insitu—canceconsistof malignantcells
thatreplacethe normalepithelialcellslining the ductsor lobules. Thesemalignantcells
arestill con ned to the basemenimembraneandhave not yet invadedthe breaststroma
or lymphatics. Therearetwo noninvasie forms of breastcancer:ductalcarcinomain

situ (DCIS) andlobular carcinoman situ (LCIS).

Ductal carcinomain situ (DCIS) is a malignang of the epithelialcellslining the
lactiferousducts—usuallythe terminal ducts—withoutpenetratiorof the ductal
basemenmembraneThe prognosiof untreatedCIS is not preciselyknown, as
mostpatientsaretreatedwith mastectomy Oneestimateghat aboutonethird to
onehalf of the untreatecdpatientseventuallywill developinvasive canceyusually
in the samequadranf the breastasthe rst lesion. MammographicallypCISis
often characterisedtby the presencef micro-calci cations. Whenthereis exten-
sive brosis, DCIS mayalsopresentsa palpablemass.

In lobular carcinomain situ (LCIS) we nd thatthe lobules are expandedby a

uniform populationof small yet atypical cells. Usually this processobliterates
thelumenof acini. Theseatypicalcells do not penetrateghroughthe walls of the
lobules. LCIS rarely givesriseto mammographi@abnormalities|t is oftenfound

in biopsieghathave beendonefor otherreasonsuchasremoval of benignlesions.
LCIS is arisk factorfor developingbreastcancelin eitherbreast.The majority of

patientsarethereforemanagedy carefulfollow up.

Invasive BreastCancer Invasie breastcanceralsoknown asin Itrating canceyoc-
curswhenmalignantcells have spreadbeyond the ductsor lobulesto otherpartsof the
breastor body Invasive cancerssary in sizefrom lessthan10 mm in diameterto over
80 mm, but areusually20-30mm at presentation.

Ductal carcinomaaccountdor about80% of all invasie breasttancercases.These
tumoursare believed to arisefrom epithelial cells of the terminal ductal lobular unit.
It is thoughtthat ductal carcinomamay start as either DCIS or arisede nova. Less
commontypesof breasttancerincludelobular carcinomamedullarycarcinomatubular
carcinomamucinouscarcinomagribriform carcinomaandpapillary carcinoma.

Breastcancerganin Itrate locally to theskinandthe muscle or metastasiso more
distantsitesvia lymphaticsor thebloodstreamThemostcommonspreadvia lymphatics
is to the axillary lymph nodes.Metastasivia the blood streammostfrequentlyinvolves
thelungandtheliver, but adrenalsandbrainsarealsocommonsitesfor metastasiswhen
awomanhasinvasie breasitanceithe prognosisdependsamongotherson the histolog-
ical gradeandbehaioural characteristicef the tumour andthe presencef metastatic
spread Consideringhistologywe cangradetumoursfor their degreeof differentiation.
Well differentiatedtumoursoften have a betterprognosisthantumoursthat are poorly
differentiated. Behavioural characteristicghat in uence the prognosisare the growth
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rateandthereceptorstatusof atumour Tumourswith lower cell growth ratesgenerally
behae better The presencef oestrogemeceptorsndicateshatthetumourcellshave a
higherdegreeof functionaldifferentiationresultingin a betterprognosisTumourspread
is alsoassociatedavith a worseprognosighanwhenthereis no evidenceof metastasis.
Althoughthesefactorsmay predicthow individual cancerswill behae, this hasnotlead
to animprovementof patientsurvival. Screeningon the otherhandmightimprove sur
vival ratesdueto earlierdetectionof breastcancer The next sectiongivesan overview
of breasitancerscreeningorogrammesndthe effect on breastcancemortality rates.

1.4 BreastCancer Screening

The aim of breastcancerscreenings early detectionof breastcancerswhile keeping
the numberof falsepositive detectionsat a minimum. The earliermostbreastcancers
are detectedthe betterthe prognosisand treatmentoptionsfor the patient. A higher
recall rate,i.e. the percentagef mammographicallyscreenedvomenthatis recalled
for further assessmengenerallyimproves the detectionrate. This however will also
leadto anincreasein the numberof falsepositive detectionsgesultingin unnecessary
examinationsandadditionalcosts.Most countrieshave recallratesbetweer8% and5%.

An importanttrial to the effect of screeningwas donebetween1977 and 1984 in
Sweden(Takar etal. 1985).Thistrial concerned.62,981womenaged40 andolderwho
wereliving in the countiesof Kopparbeg or Ostegetland. The womenweredivided at
randominto two groups.Eachwomanin the studygroupwasofferedscreeningevery 2
or 3 yearsdependingon age. Womenin the control groupwere not offeredscreening.
Resultsobtainedafter sevenyearsof follow up shaveda 31%reductionin breastcancer
mortality anda 25%reductionin therateof advancedreastancerdor thegroupinvited
to screening. These ndings con rmed the resultsof an earliertrial by Shapiroet al.
(1982). Marny countriesinitiated nationalscreeningorogrammedor breastcancerafter
theresultsof the Swedishtwo countiedrial werepublishedn Tabaretal. (1985).Finland
and Swedenstartedtheir programmesn 1986, the United Kingdom in 1988, andthe
Netherlandsn 1989.

Differenttrials have beendoneto determinewhetherthesescreeningorogrammes
wereachieving their goals. The eightmostimportanttrials arethe following: Chuetal.
(1988),Alexanderetal. (1999),Bjurstametal. (1997),Frisell etal. (1997),Tabar et al.
(1995),Miller etal. (1992a) Miller etal. (1992b),Anderssoretal. (1988),andAnder
sson& Janzon(1997). Most of thesetrials shav a signi cant reductionin breastcancer
mortality, especiallyfor womenaged50—70years.Theseresultshave beenusedto guide
screeningprogrammesworld wide. Recentlya pair of Danishinvestigators, Gotzsche
and Olsen,criticised the quality of a majority of thesetrials (Gotzsche& Olsen2000;
Olsen& Gotzsche2001). They found randomisatioimbalancesand inconsistencies
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in six of thetrials. Theonly trials they consideredyjoodwerethe Canadiartrial (Miller
etal. 1992aMiller etal. 1992b)andtheinitial trial of theMalmoreport(Anderssoretal.
1988). Thesetwo studiesshav nobene t from screeningnammograpi Thereforethey
concludedhatmammographis ineffective in reducingbreastcancemortality. Various
authorsreactedand statedthat randomisationwas not a major problem. Furthermore
they pointedoutthatit is dif cult to developandimplementa perfecttrial. It seemghus
acceptableo includethe datafrom the six criticisedtrials. Theseall shav a signi cant
reductionin breasttancemortality (Jacksor2002).

Althoughtheagumentf GotzschendOlsenmaynotbeof substantialmportance,
the possiblebene ts of screeningnustbe weighedagainsttherisks, suchaspsycholog-
ical traumaof receving a falsepositive result, and costs. Furthermorethe ef cacy of
screeningnammograpi, especiallyfor womenin the agegroupfrom 40-49years,re-
mains controversial. In the Netherlandsthe United Kingdom, Sweden,and Finland
womenfrom 50 to 70/75areinvited every 2 or 3 yearsfor screening. The American
CancerSociety (ACS) recommendsnnualmammograpy for all womenbeginning at
age40.

Screeningin the Netherlands TheDutchBreastCancelScreening’rogrammestarted
in 1989andreachedts full populationcapacityin 1997.In theNetherlandshescreening
programmeoffers all womenbetween50 and 70 yearsa biennial screenexamination,
resultingin 750,000invited womeneachyear All womenreceve a personaletterwith
a x ed appointmenthat canbe changedon request.Non attendergeceve a reminder
about2 to 3 monthdater. At the rst screeningxaminationtwo mammographigiews—
mediolateralobliqueandcraniocaudal—arebtained At subsequergxaminationonly
medio lateral oblique views are obtainedunlessadditionalviews are necessary Films
are developedimmediatelyat the screeningunit. A radiographejudgeseach Im on
technicalquality and decideswhetheradditionalviews are necessary Afterwardstwo
radiologistsndependentlyeadall Ims in batchesConsensubetweerthetwo readers
is requiredfor areferral.

Somestudieshave beendoneto evaluatethe effectivenesof the Dutch BreastCan-
cer ScreeningProgrammeOtto et al. 2003;Frachebouckt al. 1998;Ottenet al. 2005).
Ottoetal. (2003)assessethe effect of screeningn breastcancemortality rates taking
into accountthe phasedmplementatiorof the screeningprogramme.For this purpose
they usedpopulationstatisticsfrom 27,948womenaged55—74who died of breastcan-
cerbetween980and1999. They foundthatbreasttancemortality ratesstartedto fall
between1991and1996. This decreasdecamesigni cant in 1997 andremainedsoin
subsequenyears. Their analysisshavs that the point at which breastcancermortal-
ity rateschangednto a downward trendcoincidedwith the startof the screening.This
meansthat the programmealreadypreventeddeathfrom adwanceddiseasdn the rst
yearsafterimplementatiorof the programme Frachebouckt al. (1998)studiedthe fol-
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lowing outcome®f the Dutchscreeningprogrammeoetweerl990and1995: attendance
rate, detectionperformanceand compliance.In theseyearsthe attendanceatewason
average78%with little differencesetweerscreeningoundsandagegroups.Of 1,000
initially (andtwo yearsthereafterscreenedvomen,13.4(6.6) womenwerereferredfor
furtherinvestication,9.7 (4.4) gotabiopsyand6.4 (3.4) turnedoutto have breastcancer
The positive predictive value of screeningandbiopsywere47% (51%)and66% (78%)
respectrely.

A characteristideatureof the Dutch screeningprogrammeis the low referralrate
(1.05%of all screenedvomen),which in mostother programmess at leasttwice as
high. In arecentstudyOttenet al. (2005)estimatedhe effect of a changen recallrate
onthedetectionof breastcancer For thatpurposehey useda setof 495 screemegative
mammograms250from controlsubjectsaand245from womenwho subsequentlgevel-
opedbreastcancer Fifteenradiologistswith a specialisatiorin breastcancerscreening
readall mammogramsThey annotateall suspiciousegionsandgave eachregion arat-
ing. Theseaatingswereusedto measurgheeffectof differentrecallratesonthedetection
of cancerandonthenumberof falsepositive detectionsResultsshav thatloweringthe
thresholdfor recall,especiallyfor recallratesbetweernl %-4%,leadsto animprovement
in breasitanceretectiorratesat anacceptabldéalsepositive rate. By furtherincreasing
therecallratethey foundthatcancemetectionevelsoff with adisproportionaténcrease
in the numberof falsepositive detections.

1.5 Imaging Modalities

At themomentthe modality of choicefor breasttancerscreenings mammograpi For
additionalexaminationspr whenmammaograpfis notsufcient, othermodalitiesmight
beused.Thesencludeultrasonograph (US) andcontrasienhancednagnetiaesonance
imaging(MRI). In this sectionwe shallgive anoverview of thedifferentmodalities.

Mammography

Mammograpk is anX-ray techniquedevelopedspeci cally for thebreast.lt is basedn
thedifferentialabsorptiorof X-raysbetweerthevarioustissuecomponent®sf thebreast
suchasfat, connectve tissue,tumourtissueand calci cations. Mammograpk is used
bothasaclinical tool to examinesymptomatigatientsandfor screeningRequirements
for mammograph arehigh contrasthigh spatialresolutionandminimal radiationexpo-
sure.High contrastis neededecauselifferencesn densitybetweemormalandpatho-
logic structuresof the breastare small. The detectionof micro-calci cationsrequires
both high contrastaswell asa high spatialresolution. Minimal radiationexposureis
essentiahsin screeningorogrammesvomenfrequentlyundego mammograpf, often
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annuallyor bi-annually

Mammographicallywe canrecognisebreastcancerby the presencef afocal mass
lesion or micro-calci cations. Below we describeboth characteristics.Lessfrequent
signsof malighang arearchitecturatistortionsandasymmetridoreastissue.

Masslesion. Most breasttumours,benignaswell asmalignantones,presentas
a focal masslesion. A taskof radiologiststhereforeis to discriminatebetween
benignandmalignantiesions.Whenaradiologistconsiderslesionsuspiciougor
containinga malignang the womanwill be referredfor additionalexaminations.
The mostimportantsign of malignang is the presenceof spiculation. This is
a stellatepatternof lines directedtowardsthe centreof a lesion. The borderof a
masanayalsogive informationaboutthepotentialmalignang of alesion.Benign
massesareoftencharacterisetdy sharp circumscribedorders.Malignantmasses
ontheotherhandfrequentlyhaveill-de ned or spiculatedborders.Thesharpness
of theborderhowever cannot be usedassolitarycriterionfor malignang assome
malignantmassesfor examplemedullarycarcinomagolloid carcinomaandintra-
cystic carcinomahave circumscribedbordersaswell. Moreover benignmasses
may have poorly de ned mamgins, for instancedueto overlappingbreastissueor
brosis. Whena lesionis probablybenignor when multiple similar massesre
foundin the breastthe patientis often placedin a follow up protocol. Otherwise
furtherexaminationis necessaryo determinehe natureof the mass.

Micro-calci cations. Anothersignof malignang is the presencef micro-calci -

cations. Micro-calci cations develop in microscopicallysmall cavities insidethe
lobuli or ducti. Micro-calci cationsinsidethelobular unit areoftendueto benign
conditionssuchasadenosi®r bro-adenoma.Micro-calci cationsof ductalorigin

aremoresuspiciousandmaybethe rst signof breastcancer Intra-ductalmicro-
calci cations canbe diagnosedasbenignor malignantby analysingthe shapeof

the clusterandthe shapeof the individual micro-calci cations. Studiesshaw that
irregular, pleomorphicshapedave a higher probability of beingassociatedvith

malignantdiseasehanthosewith roundshapesnduniform size.

MissedCancers A problemof screeningprogrammess thelargepercentagef missed
cancers.Studiesshav thatduring screeningadiologistsfail to detectl 5—25%of breast
cancerghatarevisible in retrospec{Goegenetal. 1997;Bird etal. 1992). Moreover,

whenminimal signsaretaken into accountestimatef missedcasedncreaseo 50%
(Timp et al. 2002a). The mostimportantcausesf thesefalse negative screeningex-

aminationsareerrorsof perception.Eye-tracler studieshave classi ed theseerrorsinto

threemaincatgories:

1. Searcherrors. In thesecasesthe radiologistoverlooked the abnormality Eye-
tracker experimentsshav thatfovealsightnever reachedhelesion.
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2. Detectionerrors. The lesionhasbeenseenbut the visual dwell time wasshorter
thana certainthresholdfor instanceonesecond.

3. Interpretationerrors. Theselesionsare consciouslyevaluatedbut actedon inap-
propriately

Without consideringrecordedeye movementspnemay de ne searchanddetectioner
rorsasthosethatoccurwhenaradiologistdoesnotreportthe presencef avisible lesion
andinterpretatiorerrorsasthosethatoccurwhenthelesionis reportedout notconsidered
actionable Recenstudiedndicatethatthemajority of errorsaredueto misinterpretation
andthatinef cient searctonly makesaminorcontritutionto theerrorrate(Karssemeijer
etal. 2003;Manningetal. 2004).

Digital Mammography Althoughmostradiologistsarestill morecomfortablewith the
useof screenlm combinationsdisadwantagesreobvious. Onceanimageis printed,it
canno longerbe manipulatedandary informationavailablein the digital databut not
capturedon the printedimagewill belost. Furthermorescreenlm combinationshave
importantlimitationsin detectingsubtlesoft tissuelesions,especiallyin the presencef
denseglandulartissue(Lewin etal. 2001).

To overcometheselimitationsfull eld digital mammograpp (FFDM) hasbeenin-
troduced. FFDM offers several advantagesover Im mammograpy. easieraccesdo
imagesuseof CAD, improved meansof transmissionretrieval, andstorageof images,
andthe useof alower averagedoseof radiationwithouta compromisen diagnosticac-
curag. In arecentstudyPisancetal. (2005)comparedhediagnosticaccurayg of digital
and Im mammograph In this studyatotal of 49,528asymptomatievomenpresenting
for screeningunderwentoth digital and Im mammograpi Breastcancerstatuswas
ascertainedby a breastbiopsyor a follow-up mammogramThis studyshovedthatthe
overall diagnosticaccurag of digital and Im mammograpi wassimilar, digital mam-
mograply however turnedout to be moreaccuratén womenunderthe ageof 50 years,
womenwith radiographicallydensebreastsand pre-menopausaind peri-menopausal
women. The major disadwantageof adoptingdigital mammograph is its cost: at the
momentdigital systemsostaboutl.5to 4 timesasmuchas Im systemsOn the other
handthefactthata CAD systencaneasilybeincorporatedandthe possibility of retriev-
ing archivedimageswill reducecostsaswell. A cost-efectivenessanalysiss neededo
weightthe additionalcostsagainstthe advantageof FFDM andthe gain in diagnostic
accurag.

Ultrasonography

The role of ultrasonograpiy (US) in breastimagingis a subjectof ongoingdiscussion.
USis generallyacceptecsthemethodof choicefor thedifferentiationbetweera simple
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cyst and a solid mass. US also plays a role in guiding intervention proceduressuch
as needleaspiration,core needlebiopsy and pre-biopsyneedlelocalisation. Another
usageof US is the detectionand stagingof lymph nodes(Rahbaret al. 1999). Studies
performedo evaluateUS asa screeningnodality failedto establishits ef ciency andit
hasbeenconcludedhatUS shouldnotbeusedasascreeningool. OntheotherhandUs
may play arole whenit is usedasanadjunctto mammograpy Zonderlancetal. (1999)
reportedanimprovementin detectioraccurayg of 7.4%whenUS wasusedasanadjunct
to mammograpy to analysdesionsfrom oneof thefollowing cateyories:circumscribed
lesionsthat could be cysts, mammographicallyisible lesions,or palpablelesionsthat
werenotvisible onthe mammogram.

Magnetic Resonancdmaging

High-resolutioncontrasienhancedRI of the breasthasrecentlyemegedasa sensitve
instrumentfor the detectionof breastcancer MRI proved usefulin screeningyounger
womenwith densebreastswvho are at a specialhigh risk of developing breastcancer
e.g. having a strongfamily history or hereditaryrisk of breasttancer(Stoutjesdijket al.
2001).MRI canalsobeusedasanadjunctto mammograpffor selectegatients Finally
MRI of the breasthasthe potentialto be a powerful aid in pre-sugical planning(multi-
focal cancerdetection).

MRI however hasasigni cant falsepositive rate,is notreadilyavailablein all areas,
andis moreexpensve thanmammograpi or ultrasonograph Otherlimitationsarethe
factthatMRI requirescontrasinjectionandthatit cancauseproblemswith claustropho-
bia. At themomentMRI thereforeremaindimited to speci ¢ problemsolvingsituations
andpatientsat highrisk for cancer

1.6 Computer Aided Detectionand Diagnosis

In recentyearsa majoreffort hasbeenmadeto developcomputerideddetectioranddi-
agnosigCAD) programmeso assistradiologistswith the detectiorandcharacterisation
of breastesions.Computemideddetectiorsystemsdentify andmarksuspiciousegions
to bring themto the attentionof a radiologist. Thesesystemsreventthata radiologist
fails to consciouslyseean abnormalityandthusminimise searchandperceptiorerrors.
Computeraideddiagnosissystemson the otherhandaim at minimising interpretation
errors.

CAD systemscanbe usedfor the detectionand characterisatioof masslesions—
including architecturatdistortionsandasymmetry—andor the detectionandcharacter
isationof micro-calci cations. In the sequelwe shall restrictoursehesto systemdor
masslesions. Most of theseCAD systemdollow a two stepprocedure.The rst step
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concernghedetectionof suspicioudocationsinsidethe breastarea.ln the secondstepa
segmentationalgorithmdetermines contourat the mostsuspicioudocations.For each
segmentedegion severalfeaturesarecalculatedo discriminatebetweerbenignlesions,
malignantiesions,andfalsepositive detections.

Currentlycommerciabystemsreonly availablefor computeaideddetection These
CAD systemsareintendedto be usedafter the radiologisthascompletedan evaluation
of theimageswithout CAD promptsand hasmadeaninitial decisionwhetherrecallis
required.If aradiologistidenti es anabnormahbreaof concerronamammogranduring
initial readingandthatareadoesnotgetmarkedby CAD, theradiologistis still advisedo
interpretthe mammogranaspositive andto recallthe patientfor furtherwork-up. CAD
is proposedasanadjunctto mammograpi to decreassearchanddetectiorerrors.The
radiologist,not CAD, determinedf a clinically signi cant abnormalityexists and de-
cideswhetherfurther diagnosticevaluationis warranted. The hopeis that theseCAD
systemswill improve the sensitvity of mammograpi without substantiallyincreasing
mammograph recallrates. In the next sectionwe discussthe effectivenesof systems
for computeraideddetectionin clinical practice. In the future, CAD systemdor com-
puteraideddiagnosiswill alsobecomeavailableto helpradiologistswith thediagnostic
process.

1.6.1 Effectivenesf Computer Aided Detection Systems

Two typesof studieshave beendoneto evaluatethe effectivenessof using computer
aideddetectionsystemsn clinical practice:prospectre andretrospectie studies.

Retrospective Studies Thesestudiesetrospectiely evaluatetheeffectof CAD onthe
detectionof initially missedcancergWarrenBurhenneet al. 2000; Karssemeijeet al.
2003;Bremetal. 2003;Birdwell etal. 2001). WarrenBurhennestal. (2000)conducted
a large retrospectie studyto potentialbene ts of CAD on mammographicallynissed
cancers.For this studythey collectedmorethan1000screeningnammogramshatled
to the detectionof biopsy-praven cancer For abouthalf of the caseg427) they also
obtainedthe prior mammogramsor retrospectie review. At retrospectie review, 67%
(286 of 427) of the breastcancerswvasvisible on the prior mammograms A panelof
radiologistsperformeda blinded review to evaluateprior mammogramsvith a visible
lesion. A CAD systemsalsoanalysedheseprior mammogramsThe recallratesof 14
radiologistswere measuredvith andwithout usinga CAD system. Without CAD the
radiologistshad a false-ngative rate of 21%. CAD promptingcould have potentially
helpedto reducethis false-ngative rate by 77% without anincreasein the recall rate.
Resultf this studyindicatea potentialfor CAD to helpthebreastradiologycommunity
with detectingoreastcancers.
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Karssemeijeetal. (2003)estimatedhe potentialcontritution of CAD by measuring
theperformancef a CAD systenin identifyinglesionsinitially missedatscreeningFor
this purposethey usedscreeningnammogramsf 500 casesconsistingof the mammo-
gramsat time of referralandall previous screeningexaminations.A CAD programme
analysedhe mostrecentprior mammogramandassignedachsuspiciougegion ama-
lignang score. Tenexperiencedadiologistsalsoindicatedsuspiciougegionson these
mammogramandratedeach nding. Thescoresverecombinedn awayto simulatethe
following threereadingmodes:singlereading doublereadingandreadingwith CAD.
For singlereadingthe scoresfrom the individual radiologistswere used. To simulate
doublereadingthe scoresof two radiologistsverecombinedor each nding. For read-
ing with CAD the scoreassignedo each nding by the radiologistwascombinedwith
the CAD scoreatthe areaof the nding. Truepositve ndings of the CAD systemthat
the radiologistshad overlooked were ignored. Resultsshav that the sensitvity of the
radiologistsincreasedyy 7.0% for readingwith CAD and by 10.5%for doubleread-
ing comparedo singlereading This studyshaws the potentialbene t of CAD for the
detectionof breastcancer Brem et al. (2003) also studiedthe performanceof radiol-
ogistsand CAD on missedcancers.For this purposethey useda datasetonsistingof
177 missedcancersand 200 normal cases.Threeradiologistsindependentlyeadeach
mammogram.The CAD systemalsomarked suspiciougegionson eachmammogram.
Thenthey estimatedthe numberof additionaltumoursthat would have beendetected
whenaradiologistwasusedasa secondreaderandwhenthe CAD systemwasusedin
additionto theradiologist.With doublereadingl23extramalignanciesvould have been
detectedwith CAD 80. This study shavs that both doublereadingand CAD improve
thedetectionof cancersAnotherstudyto the effect of CAD onmissedcancersasbeen
doneby Birdwell etal. (2001). They analysedhe characteristicef 115missedcancers
andstudiedthe potentialutility of CAD. Fromthesel15missedcancers35werecalci -
cationsand80 weremasdesions.CAD correctlymarked 30 of 35 missedcalci cations
and58 of 80 missedmassesThe meannumberof marksof the CAD systermwas4.3for
eachfour view mammogramef which onethird markedthe missedcancers.

Although mostof thesestudiesreporta positive effect of CAD on the detectionof
cancersit is dif cult to measureheeffectthatfalsepositve CAD markshave onscreen-
ing outcomesThemajority of thesedetectionswill indicateareaghata radiologistwill
chooseto dismissbecauseno abnormalappearingcharacteristicare present. A radi-
ologist however will needextra time to evaluateeachCAD mark andsomemarkswiill
alsoappearsuspicioudo the radiologist. This may increaseeferralrateswhich results
in additionalexaminationsandextra costs. To investigatethe effect of CAD in clinical
practiceprospectie studiesmay be moreinformative.
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Prospectie Studies Therearetwo typesof studiesthat prospectiely evaluatethe ef-

fect of CAD: sequentiateadingstudiesandstudiesbasedon historicalcontrols. In se-
guentialreadingstudiesradiologistsrst readeachmammogranwithout CAD followed

by a review of the CAD prompted ndings. Freer& Ulissey (2001)did a large study
with 12,860screeningnammogramsAll mammogramsvere rst interpretedwithout

CAD, immediatelyfollowedby are-evaluationof areasnarkedby the CAD system.The

effect of CAD wasmeasuredn recall rate, positive predictive valuefor biopsy cancer
detectionrateandtumourstageat detection.Freer& Ulissey (2001)found anincrease
in recall rate (from 6.5%to 7.7%),no changein positive predictive value,a 19.5%in-

creasan the numberof cancersietectecandanincreasen the proportionof early stage
(0 andl) malignanciegrom 73%to 78%. Helvie et al. (2004) performeda studywith

13radiologiststo evaluatethe additionaleffect of usingCAD on a datasetonsistingof

mammogramé$rom 2,389patients.A CAD programmeor the detectionof massesnd
micro-calci cationsprocesse@achimageandindicatedall suspiciousegions.Eachra-

diologistreada partof thecasesandassessethammogramgast without CAD andthen

with CAD. Thedetectiorperformancef CAD andtheradiologistswvasidentical(91%),

correspondingvith detecting10 out of 11 cancers. The detectionperformanceof the

radiologistsincreasedrom 91%to 100%whenusingCAD. A severelimitation of this

studyis thesmallnumberof casesandconsequentlyghe smallnumberof breastcancers.
The cancetthatwasdetectedyy the CAD systembut not by theradiologistsvasanarea
of micro-calci cationsidenti ed asductalcarcinomain situ.

Studiesbasedon historicalcontrolscomparethe screeningperformancebeforeand
after the introductionof a CAD system. Gur et al. (2004) assessedhangesn mam-
mograply recall and cancerdetectionratesafter the introductionof a computeraided
detectionsysteminto a clinical radiology practice. In total they usedthe outcomesof
24 radiologistsvhointerpretedl 15,57 1screeningnammograms59,139with CAD and
56,432without CAD. They foundthattheintroductionof computeraideddetectionwas
not associatedvith statisticallysigni cant changesn recall rate and breastcancerde-
tectionrates. It shouldbe noticedhowever, thatthe 95% con denceintervals obtained
in this study(-11%to 19%) allow for a wide rangeof detectionratechangesRecently
Cupplesetal. (2005)evaluatedhe performancef radiologistsheforeandaftertheintro-
ductionof a CAD system.They foundthatscreeningvith CAD increasedhe detection
rateby 17.7%,primarily dueto increasedletectionof invasive cancers 1cm.

1.7 Multi View CAD

Most currentCAD systemsseparatelyanalyseeachmammographiwiew to detectand
characteris@bnormalities.Radiologistson the otherhandgenerallycombineinforma-
tion from multiple mammographiwiews. Besidesmagesof theleft andright breasthey
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often have views from previous screeningoundsandviews from differentprojections.
Whena radiologistdiscosersa suspiciougegion in oneview, he or shewill try to nd
a correspondingegion in the otherviews. Views from differentprojections,typically
craniocaudal(CC)andmediolateraloblique(MLO) views, allow for abettercharacteri-
sationof eachdetectedegionthantheuseof asingleview. Priorviews areusefulto study
changesn theappearancef aregion overtime. Contra-laterabiews provide areference
to theappearancef differenttissuesn the breastandhelpto determingherelative sus-
piciousnes®f a region. By combininginformationfrom all views radiologistsestimate
the suspiciousnessf eachregion and decidewhetherfurther investication is required.
Studiesreporta positive effect on eitherrecallrateor animprovementin massdetection
performancevhenusingmultiple viewsin mammograpi screeningomparedo single-
view mammograpy, cf. (Wald et al. 1995; Sickleset al. 1986; Thurfjell et al. 2000;
Callavay etal. 1997).

Giventhe positive effect of multi view system=on radiologists'performanceve ex-
pectthatfusionof informationfrom differentviews will improve CAD systemsaswell.
Therehave beensomestudiesto the effect of usingmultiple viewsin CAD programmes.
Thesestudiescombineinformationfrom mediolateralobliqueandcraniocaudalviews
(Goodet al. 1999; Paqueraultet al. 2002),from left andright views (Yin etal. 1991,
Lau & Bischof1991;Bovis et al. 2000), or from previous and currentviews (Vujovic
et al. 1995; Kok-Wiles et al. 1998; Hadjiiski et al. 2001b). The next two paragraphs
summarisevork thathasbeendoneto combineviews from eitherdifferentprojections
or from left andright breastsSectionl.8 discussethe useof views obtainedat different
time moments.

Differ ent Projections of the SameBreast. The mostobvious multi view approachs
the combinationof informationfrom differentprojectionsof the samebreast. Common
projectionsarecraniocaudal(CC) andmediolateraloblique(MLO) views. Radiologists
usebothviewsto determinghesuspiciousnessf alesionandwhetherto referawoman
for furtherexamination.Most CAD programme®nly work on singleview imagesand
thencombineevidencefrom both views in the following way. First they assignall de-
tectedregionsfrom bothprojectiongo the samecase. Thenthecancemetectiorrateand
thefalsepositive ratearedetermineder case.Soatumour(andalsoa falsepositive) is
countedasdetectedvhenit is foundon eitherview.

Few studiescombineevidencefrom MLO andCC views in a moreintelligentway,
for instanceby linking similar structuresn both breasts.Goodet al. (1999)developed
amethodto matchcorrespondingegionsin CCandMLO views. They rst determined
all possibleregion pairs consistingof oneregion from the MLO view andoneregion
from the CC view. Eachpair wasidenti ed aseithera true masspair or a falsemass
pair. A true masspair consistsof two regionswhich are both projectionsof the same
masdesion. A falsemasspairis a pair of regionsin which eitheroneis a falsepositive
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detectionor—in casemultiple tumoursare presentin the samebreast—inwhich both
regionsindicatedifferentmasdesions.For eachpair multi view featuresverecalculated.
A Bayesiametwork classi ed all pairsexclusively on thesefeatures.Resultsshav that
multi view information was usefulto discriminatebetweentrue and false masspairs.
Paqueraultet al. (2002) useda similar technique but insteadof usingonly multi view

featuresthey useda fusion schemeo combinethe classi er scorefrom the multi view

featureswith the singleview detectionscore. They found that the fusion information
from the two view detectionschememproved the lesiondetectabilityand reducedthe
numberof falsepositvescomparedo the oneview schemeVanEngelandetal. (2002,
2006) also worked on the combinationof information from MLO and CC views. In

2002they developeda matchingalgorithmthat usedfeatureprobability distributionsto

link suspiciousregionsin CC and MLO views. Resultsfrom this study shov that the
combinationof featurevectorsfrom both views slightly improved the massdetection
performance.Recentlythey presentedh nev matchingalgorithmthat correctly linked

all true positive detectionsin 82% of the cases. They however found that the gain in

detectionperformancavasratherlow (Van Engelandetal. 2006).

Left and Right Views. Somestudieshave beendoneto evaluatetheuseof information
from left andright views. In generatheleft andright breast®f awomanaremoreor less
symmetric. An asymmetricappearanceanbe suspiciousdependingon the underlying
cause.A commoncauseof anasymmetricappearance the presencef a visible mass
lesionin oneview. Accordingto theBI-RADS systemthatis usedto guidebreastancer
diagnosticsthe word asymmetryshouldbe resered for casesvherethe left andright
breasthave anasymmetricappearancwithoutthe presencef a clearlyvisible masse-
sion(D'Orsi & Kopansl997).TheBI-RADS systemdiscriminatebetweerasymmetric
breasttissueandthe presencef a focal asymmetricdensity Asymmetricbreasttissue
is de ned relative to the contralateralbreastasa greatenvolumeof breastissue greater
densityof breastissue,or moreprominentducts.Asymmetricbreastissueis presenbn
3% of all mammogramandis nearlyalwaysbenign(Piccolietal. 1999).A focalasym-
metric densityis visible asan asymmetryof tissuedensity but completelylacking the
conspicuityof atruemass.A focal asymmetrialensityis suspiciousasit may represent
amasdesionwith ill-de ned or obscuredorders.

SomeCAD programmesave beendevelopedto determinghe degreeof asymmetry
betweerright andleft breasts.Theseprogramme®ftenaimto nd all kinds of asym-
metries,n particularasymmetrydueto the presencef amasdesionin oneview, asthis
is suspicioudor the presencef amalignang. The corventionalapproachs asfollows.
Firstleft andright imagesareregisteredfor instanceby matchingthe breasthoundaries
of eachimage. This resultsin a mappingbetweerthe two imagesandmalesit possible
to compardeaturedrom correspondindocationsin left andright breastsThe methods
differ in their choiceof imagefeaturesusedfor measuringocal asymmetry Yin et al.
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(1991)andKarssemeije& Te Brake (1998)usedbrightnessl.au& Bischof(1991)used
brightnessaindtexture. Karssemeije& Te Brake (1998)only foundasmallbene t when
usingasymmetryasanadditionalfeaturein their detectiorschemelnsteadf comparing
all locationshetweerleft andright breastsradiologistsoftencompareanatomicallysim-
ilar regionsin bothbreasts Miller & Astley (1993)usedthis approachn a preliminary
study and comparedcorrespondingion fat regionsin left andright breasts. For each
region they calculatedshape-andgrey-level characteristicsThey measuredhe degree
of asymmetryas the differencebetweenfeaturevaluesof correspondingegions. On
a small setthey found that theseasymmetrymeasuresvere usefulfor the detectionof
masses.To our knowledge,however, no further studieshave beenpublishedsincethen
thatcon rm theusefulnes®f asymmetnyfor automatedietectionof breastesions.

1.8 Temporal Changesin BreastTissue

The goal of this thesisis to designa CAD systemthat capturesusefultemporalinfor-
mationandto investigatethe possiblebene ts of this approach.Oneof the reasondor
temporalchangesn thebreasis thegrowth or developmentf alesion.Besideshanges
dueto developinglesionsotherfactorsalsoin uence breastissueatagiventimeandmay
thuschangethe radiographicappearancever time. Thesefactorsincludeageing,invo-
lution, hormonalinteractionsandlifestyle indicatorssuchasdiet andexercise(Heine&
Malhotra2002). Thereforewhencomparingprevious andcurrentmammogramssadiol-
ogistsshouldtake into accountnormalchangeghatoccurin breastissue.

At the momentmostradiologistscomparecurrentmammogramsvith previousones
to improve the detectionof tumoursandto reducethe numberof falsepositive inter-
pretations. Several studiescon rm the usefulnesof this approach.In a recentstudy
Roelofsetal. (2006)retrospectiely determinedhein uence of comparingcurrentmam-
mogramswith priors on breastcancerdetection. Twelve experiencedadiologistseach
read160 mammogramsponcewith andoncewithout usingprior mammogramsResults
obtainedn this studyshaw thatthe numberof falsepositive detectionavasreducedwith
onaveraged4%whenpriorswereusedwhile maintainingthe samesensitvity level. Ac-
cordingto Callavay et al. (1997)the presencef previous mammogramsigni cantly
reducesthe numberof additionalexaminationsand ultrasoundexaminations. Bassett
et al. (1994)reviewed 1432 randomlyselectedscreeningnammograpy examinations
andevaluatecdthe effect of having priorsandfoundthata comparisorwith previous ex-
aminationshasa positive impacton clinical managemerandcancerdetectionin alim-
ited numberof cases White et al. (1994)foundthat previous mammogramsirejudged
valuablein interpretingcurrentstudiesin 89% of the cases.Somestudiesalsoinves-
tigatethe additionaltime andcostinvolvedin obtainingprevious mammogramsWhen
priormammogrambave to beobtainedrom otherfacilitiesthis mayresultin substantial
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labourandcost(Bassetetal. 1994). In the future the useof FFDM andPACS systems
will reducethesecostsconsiderablyThis mayleadto a morepositive cost-efectiveness
analysis.Furthermorewhenprior mammogramsareeasilyavailable, CAD systemshat

measurgemporalchangesanbeimplementednoreeasilyaswell.

Consideringthe positive effect of prior views for radiologistswe expectthat CAD
systemamay improve aswell whentemporalinformationis used. The useof temporal
informationmayimprove the detectionandclassi cationperformancef a CAD system
for thefollowing reasonsFirst, comparinghe currentmammogranwith mammograms
from previous screeningoundsmay bring to attentionsubtlesignsof malignang such
asa small massor new or increasingcalci cations (White et al. 1994). Thesechanges
beoverlookedif the previousmammogranis not availablefor comparisonRadiologists
oftenusethis techniqueto detectdevelopingabnormalities. CAD programmeganalso
implementthis techniqueto increasethe numberof true positive detections. Second,
suspiciougegionson the currentview canbe evaluatedmorepreciselywhenthis region
is comparedvith the correspondingegion on the previousview. For example,if amass
is detectecbn the currentview, aradiologistor CAD systemcanusethe previous view
to determinewhetherthis lesionis new or alreadyexisted. If the masswas already
visible ontheprior, thesizeandthe contrasiof bothlesionscanbe comparedo estimate
the malignang of a lesion. A third advantageof using prior mammogramgor CAD
systemsds thatadditionalcluescanbe foundto remaove falsepositive detections.Many
falsepositive detectionsarecausedy mammographistructureghatarepresenbn both
currentandprior mammogramsThesestructurewill have a similarappearancenboth
mammograms.Examplesare crossingvesselsand benignlymph nodes. Analysis of
temporalchangesanbe usedto measurehe similarity betweertheregion on prior and
currentviews. Whenbothregionsaresimilar, it is likely thattheregionrepresentafalse
positive detectionor a slowly growing benignmass.

1.9 Nomenclature

In this sectionwe clarify somenomenclaturéhatwe usein thisthesis.

Case A caseincludesall available mammogram®f onewoman. Figure 1.3 shawvs a
casethatincludesthe mammogramgrom threeconsecutie mammographiexams. A
mammagram includesall imagesobtainedat the sametime. Mammogramften con-
tain two or four views. A two view mammogranusually consistsof the right andleft
MLO view, whereasa four view mammogranconsistsof left andright MLO andCC
views. Therearetwo typesof mammograpi exams: screeningandclinical. Screening
mammograph is an x-ray examinationof the breastdn an asymptomatisvoman(that
is thewomanhasno complaintsor symptomsof breastcancer).Whenaradiologistsees
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prior 1l

prior |

diagnostic

temporal
imagepair

rst temporal
mammogranpair

Figure 1.3: Exampleof three consecutivanammgraphic examsof the samewoman.
Mammaramsare displayedin chronolagical order. Thebottomrow representshe di-

agnosticmammagram, this is eithera referral or a clinical mammgram. A malignant
lesionis presentin the left-MLO image of the diagnosticmammgram and its corre-
spondingprior mammagram. Themammg@ramsfromtwo consecutivescreeningrounds
form atempoal mammagrampair. Thiscaseprovidestwo tempoal mammgram pairs.
The bottomand middle rows showthe r st mammgram pair, in which the diagnostic
mammgram representsthe current mammgram. This mammgram pair consistsof
two tempoal image pairs (left and right MLO current-prior) and two singleviews (left
andright CC). Thetop andmiddlerowsform the secondnammgram pair, in which the
mammgram prior to diagnosisrepresentshe currentmammgram. Thismammgram
pair containstwo tempoal image pairs (left andright MLO current-prior).
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anabnormalityon amammogranhewill referthewomanfor furtherexamination.This
lastscreeningnammaogranis thereforecalleda referralor recallmammogramcClinical
mammograph on the otherhandis anx-ray examinationof the breastin awomanwho
eitherhasa breastcomplaint(for instancea breastump found during self-exam) or has
hadanabnormalityfoundduringscreeningnammograpyn Cancersghataredetectede-
tweentwo screeningoundsarecalledinterval cancersWhenatumouris presentve call
the mostrecentmammogranthe diagnosticmammogram For screendetecteccancers
thisis thereferralmammogramfor interval cancergheclinical mammogram.

Mammogramgrom previous screeningoundsarecalledprior or previous mammo-
grams.Whenthe mammogram$&om morethanoneprior screeningoundareavailable,
we sometimesiumberthem.Prior | indicateghemostrecentprior mammogramprior Il
the secondmostrecentprior mammogranandsoon.

An expertradiologistre-examinedall mammogramsn our databasendindicated
possiblybenignandmalignantiesions.All malignantiesionswerecon rmed by biopsy
All benignlesionswere either proven by biopsy or by additionalassessmerguchas
ultrasoundor follow-up. Other ndings wereassumedo containno pathologyandwere
classi ed asfalsepositive detections.

Temporal Pairs To determingemporalchangesve oftenusemammogram$om two
consecutie screeningounds.Thesdorm atemporaimammogranpair. Thecasen Fig-
ure1l.3containgwo temporalmammogranpairs.In eachtemporalpair we call themost
recentmammogranthe current mammogramand the mammogramnfrom one screen-
ing round earlierthe prior or previous mammogram.The rst temporalmammogram
pairs consistsof a diagnosticmammogramand the mammogranone screeninground
prior to diagnosisthe prior | mammogramln this temporalpair we call the diagnostic
mammogranmhe currentmammogranmandthe prior | mammogranthe prior or previous
mammogramThesecondnammogranpair consistf the prior | andtheprior Il mam-
mogram. In this pair we call the prior | mammogranthe currentmammogranandthe
prior I mammogramnihe prior one.

Lesions A breastesionis alumpor masghatis eitherfelt by palpationor hasbeende-
tectedby mammograph Mammographicallyve distinguishthreetypesof masdesions:
focal masslesions,architecturaldistortionsand asymmetry Histologically lesionscan
be classi ed asbenignor malignant. A regionor nding is a sgmentedareainsidethe
breastthathasbeendetecteddy aradiologistor a CAD system.This region cancontain
a benignlesion,a malignantlesion,or normalbreastissue.In the lastcasewe call this
region afalsepositive detection.
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1.10 Overview of this Thesis

This thesisis organisedasfollows. Chapter2 describesour generalCAD programme.
This programmedetectssuspiciousegionsinside the breastand assignsachregion a
measurgepresentinghelik elihoodthatthe region containsa masdesion,the so-called
masdikelihood Thenext stepin the CAD programmas the segmentatiorof suspicious
regions. In Chapter3 we develop a segmentatioralgorithmbasedon dynamicprogram-
mingandcompargheef ciency of thisalgorithmwith othersggmentatiormethodgrom
literature.

In Chapter4d we analysethetemporalbehaiour of masdesions.Firstwe determine
for eachlesion whetherit is visible on previous views or not. Whena lesionis not
visible ontheprior view we determinealocationonthe prior view thatcorrespondsvith
the locationof the lesionon the currentview. We thendeterminefeaturedor prior and
currentregions and study which featureschangeduring time and which featuresstay
constantWe alsoinvesticgatedifferencesn temporalbehaiour betweerlesionsthatare
visible onthe prior view andlesionsthatarenot.

Chapters to 7 presenta CAD programmehatincludestemporalinformation. As a
rst stepeachregiononthecurrentview is linkedto acorrespondindpcationontheprior
view. Chapter5 describesa regional registrationmethodto accomplishthis. The next
stepsof thetemporalCAD programmearesegmentatiorof prior regionsandcalculation
of temporafeatures Temporafeaturesaimto measure&hangesndsimilaritiesbetween
a region on the currentview andthe correspondingegion on the prior view. We use
two kinds of temporalfeatures:differencefeaturesand similarity features. Difference
featurescalculatethe (relative) changebetweerfeaturevaluesof the currentregion and
featurevaluesof the prior region. Similarity featuresmeasurevhetherboth regionsare
comparablén appearanceChapteré and7 evaluatethe effect of temporalfeatureson
the performancef a CAD systenfor the detectiorandcharacterisationf masdesions.

The last chapterinvestigatesthe potential contritution of a temporalCAD system
in clinical practiceto help radiologistwith the task of masscharacterisationFor this
purposewe comparethe following threereadingmodes: single reading independent
readingwith CAD andindependentloublereading






Chapter 2

SingleView Computer Aided
Diagnosis?

In this chapterwe explain our single view computeraided diagnosis(CAD) system.
Figure 2.1 givesan overview of the whole method. We startwith applyingsomepre-
processingilgorithmsto eachmammographiémage:segmentatiorof the breastound-
ary andthe pectoraimuscle peripheraknhancemergndpectoraffading. Thenwe apply
a pixel level massdetectionalgorithmthat calculatesseveral featuresat eachlocation
in the breastarea. A neuralnetwork classi er combinesthesefeaturesinto a single
scorethe so-calledmasslikelihood which indicateswhetherthe locationis suspicious
for containinga massor not. After thatwe selectthe mostsuspicioudocationsfor fur-
ther processing.This includessegmentationof the imageat the selectedocationsand
calculationof featuresfor eachsegmentedregion. Finally a secondclassi er combines
thesefeaturesinto a malignancyscote that representshe likelihood that the region is
malignant.We usethis scoreto evaluatethe effectivenesof our CAD programme.

2.1 Pre-processing

The singleview CAD programmecontainsthreepre-processingteps. Theseareillus-
tratedin Figure2.2. In the rst, theimageis sggmentednto breastareaandbackground
region. For this purposewe usean algorithmdevelopedby KarssemeijeX1998). This
algorithmappliesa global thresholdingechniqueto segmentthe breasttissuefrom the
backgroundThenthelocationof the pectoraledgeis determined As the acquisitionof
mammogramss a standarcgprocedurewe canindicatea region of interest(ROI) where

1A partof this Chaptetasbeenpublishedn Varelaetal. (2006)
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Figure 2.1: Overviav of single view CAD

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

= msin( )+ ncog ):

Therangeof the parameter is constrainedy the measuredradientdirection ., at
location(m; n) by:
J mn i<

After having processeall pointsin the ROl we discretisehe Houghspaceresultingin a
setof boxes,theso-calledHoughaccumulatorsEachline incrementsa count(initialised
atzero)in the correspondingdoughaccumulatowith weightfactorw, wherew is based
on the gradientmagnitude. After consideringall pixels inside the ROI, we selectthe
Houghaccumulatomith the highestvalue. The selectedpeakin Houghspaces back-
projectedin the imagespace. The resultingstraightline representshe pectoraledge
which segmentsthe pectoralregion from therestof the breastarea.

Figure 2.2: Left the original image is shown. The middle gur e showssegmentation
of theimage into breastarea—includingpectoral muscle(white)—andbadkgroundtis-

sue(black). Theright gure showsthe pre-ptocessedmage after pectorl fading and

peripheal enhancement.

In thenext pre-processingtepwe adjustthegrey valuesof the pectoralregionto the
grey valuesof restof the breastareato make the boundaryregion morehomogeneous.
Without this adjustmenproblemscanarisewhencalculatingcontrastmeasurement®r
tumoursthatarepartly insideandpartly outsidethe pectoralregion. The algorithm rst
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calculategshemeangrey valueof all pixelsinsidethe pectoralregion with equaldistance
to the pectoraledge. Thenthe pixels inside the pectoralregion with distanced to the
pectoraledgearenormalisedas:

y=y+y(0) y(d);

wherey is thenormalisedyrey value,y theoriginal grey value,y(d) themeangrey value
of all pixelsin the pectoralregion with distanced to thepectoraledgeandy(0) themean
grey valueof all pixelsthatareexactly onthe pectoraledge.

Finally, in thelastpre-processingtep ,we applyaperipheraenhancemersdlgorithm
to thebreasiareato correctfor differencesn tissuethicknessThis algorithmstartswith
calculatingfor eachpixel the distanceto the breastboundary The maximumdistancds
denotedby dmax - Next we determinethe meangrey valuegl andminimumgrey value
g2 of all pixelswith adistanced > %dmax . We thende ne athresholdT as

T= %(gl+ g2)

andadjustall pixelsinsidethe mammogranior which the smoothedyrey valueys < T
as:
Yp=y+ (T ys)

whereys is obtainedby smoothingheoriginalimagewith a Gaussianlter with asigma
of 5 mm. Thegrey valueafterpre-processings givenby yp,.

2.2 Pixel Level MassDetection Algorithm

After pre-processingve apply a pixel level massdetectionalgorithmto all pixelsin the
breastarea. This algorithm calculatesat eachlocation two featuresfor the detection
of stellatelesionsandtwo featuresfor the detectionof focal massesA neuralnetwork
classi ercombineghesefeaturesnto theso-callednasdikelihood whichrepresentthe
likelihoodthatamasss presenatthatlocation. Below we shortlydescribehealgorithm,
for detailssee(Te Brake & Karssemeije999)and(Karssemeije& Te Brake 1996).

Featuresto Detect Stellate Lesions We usetwo featurego detectspiculation,asthis
is a characteristideatureof malignantlesions. The spiculationfeaturesare basedon
the ideathat stellatelesionsshav a patternof lines directedtowardsthe centrepixel
of alesion. To determinewhethera spiculatedlesionis presentat a certainlocation
(m; n) insidetheimage we de ne acircularneighbourhoo@dround(m; n). We estimate
theline orientationat eachlocationinsidethis neighbourhoodisingdirectionalsecond
order Gaussiarderivatives. For spiculatedlesionsmost pixels in this neighbourhood
will have a line orientationtowardsthe centrepixel (m; n). The rst featuref 1 is a
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normalisedmeasuref thefraction of pixelswith aline orientationdirectedtowardsthe
centrepixel. We call this setof pixelsF . For thesecondeaturef 2 we dividethecircular
neighbourhoodnto 24 angularsections.This featuremeasure$o whatextentthe pixels
in setF areuniformly distributedamongall angularsections.

Featuresto DetectFocal MassLesions Theapproachor the detectionof focal mass
lesionsis similarto theoneusedfor thedetectiorof spiculesWe rst de ne aroundeach
location(m; n) in theimagea circular neighbourhoodNext we determinethe gradient
orientationsat eachlocationin this neighbourhoodWhenafocal masdesionis present,
pixels in this neighbourhoodwill have a gradientorientationtowardsthe centrepixel
(m; n). Otherwisethe gradientdirectionswill berandom.We derive the following two
featuresfrom the calculatedgradientorientations. The rst featuregl is a normalised
measureof the fraction of pixels with a gradientdirection pointing towardsthe centre
pixel. We call this setof pixelsG. The secondeatureg2 indicateswhetherthe pixelsin
setG areuniformly distributedamongall angularsections.

MassLik elihood A simple3-layerfeed-forward neuralnetwork trainedon known ab-
normalitiesclassi eseachpixel usingthe above describedeaturesTheclassi er output
representshe likelihoodthat a massis presentat thatlocation. Thereforewe call this
classi er outputthe masslikelihood The correspondingmageis calledthe likelihood
image, seefor examplethe middle row imagesin Figures6.2 and6.3. In thelikelihood
imageeachpixel is assigneda grey valuecorrespondingvith the masslikelihood such
that high grey valuesindicatesuspicioudocationsandvice versa. We slightly smooth
the likelihoodimageand then selectlocationswith a high masslikelihood for further
processingWhena selectedocationis closerthan1 cmfrom anotherselectedocation
we remove the leastsuspiciouselectionaswe expectthatboth selectiongelongto the
samesuspiciougegion. We apply the methodat a high sensitvity level to ensurethat
mostmassdesionsarefound. The averagenumberof selectedocationsperimageis ten.

2.3 RegionSegmentationand Feature Calculation

Thenext stepin the CAD programmesoncernsegmentatiorof theimageattheselected
locationsandfeatureextraction. For sggmentatiorwe developeda nev methodbasedn
dynamicprogramming.Chapter3 describeghis methodin detail. After segmentation
differentfeaturesarecalculatedor eachregion: local areafeaturesregion featuresand
borderfeaturesLocal areafeaturesonly dependntheselectedocation. Thesefeatures
arethusindependenbf the segmentation.Region andborderfeatureson the otherhand
do dependon the contour Region featuresrepresentharacteristicof the segmented
region; borderfeaturesspeci cally aim at characterisinghe borderof a region. We



28 2 SINGLE VIEW COMPUTER AIDED DIAGNOSIS

usethesefeaturedor eitherthe detectionof masslesionsor for discriminatingbetween
benignandmalignantiesions.

2.3.1 Local AreaFeatures

Table2.1summariseshelocal areafeaturesusedin the singleview CAD programme.

Local SpiculationMeasures

fl presencef spiculation:concentratiorof spicules

f2 presencef spiculation:angulardistribution of spicules
Local MassMeasures

gl presencef afocal mass:gradientconcentration

g2 presencef afocal mass:angulargradientdistribution

MassLikelihoodMeasures

I masdikelihood,presencef amasdesion

12 masdikelihoodrelative to location1 to 5

13 masdik elihoodrelative to location4 to 8
LocationFeatures

relx relative x location

rely relative y location

skindist shortestistanceo theskinline
pectdist shortesdistanceo thepectoraledge

Table 2.1: Descriptionof the local area featuies usedin our CAD programme We
calculatethesefeatuesat the mostsuspiciougocationsin the breastarea.

Local Spiculation Measures For eachselectedocationwe determinethe local spic-
ulation measure$ 1 andf 2, seeSection2.2. Thesefeaturesmeasureo what extenta
stellatepatternis present.

Local Mass Measures For eachselectedocationwe determinethe local massmea-
suresgl andg2, which representhe presencef afocal masdesion,seeSection2.2.

MassLik elihood Measures The rst masdikelihoodmeasurd—seeSection2.2—is
the outputfrom the neuralnetwork classi er and indicateswhethera locationis sus-
picious for containinga masslesion. Other masslikelihood measuresieterminethe
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suspiciousnessf alocationrelative to otherlocationsin the breastarea.Whenmultiple,

equallysuspicioudocationsarepresentn the breastareathis mightbedueto properties
of glandulartissue.A singlesuspicioudocationon the otherhandis morelikely to rep-

resentarealmasdesion. Thereforewe rst numberall suspicioudocationsin the breast
areain orderof increasingnasdik elihood,wherethe mostsuspicioudocationis called
locO, the secondmostsuspicioudocationlocl, andso on. We determinetwo relative

likelihoodmeasuresl andl2 by scalingthemasdik elihood! with masdik elihoodmea-
suresof otherselectedocationsin theimage. For |2 we scalethe masslik elihoodwith

theaveragemasdik elihoodof loc1to loc4. For |3 we scalethe masdik elihoodwith the
averagemasdikelihoodof loc5to loc8.

Location Features Malignantlesionshave a preferenceo developin the upperouter
guadrantof the breast(Caulkin et al. 1998). Thereforewe include somefeaturesthat
indicatethe location relative to the pectoraledge. For this purposewe de ne a new
coordinatesystemwhich differsfor mediolateraloblique(MLO) andcraniocaudalCC)
views. In MLO views the tted pectoraledgesenes asthe y-axis, in CC views the
chestwall boundaryof the imageis taken asthe y-axis. For both views the x-axis is
the line perpendiculato the y-axis that hasthe longestdistancefrom the y-axis to the
breasthoundary Thenew coordinatesystemde nestherelative x- andy-locationof the
centreof eachregion. To compensatéor differenceSB breastsizethesecoordinatesre
normalisedwith the effective radiusof thebreast = = A= , whereA is thesizeof the
segmentedoreastregion.

2.3.2 RegionFeatures

For eachregion we de ne thefollowing threesections:the segmentedegion itself, the
borderregion, andthe surroundregion. The segmentedegion containsall pixelsinside
the contour The borderregion forms a narrav bandalongthe contourandcontainsall

pixels with a distanceof lessthan1 mm to the contour inside aswell as outsidethe
segmentedregion. Thusincluding the contourthe width of this bandis about2.2 mm.

The surroundconsistsof all pixels outsidethe sggmentatiorwith distanceof lessthan
0:6r from the contour wherer is the effective radiusof the sggmentedregion. The
surrounds abouttwice the sizeof the sggmentedregion. Figure2.3 shavs a sggmented
region andits surround.Table 2.2 summariseshe region features.In the sequelve use
the following notation. We denotethe setof pixelsin the sggmentedregion by |, the
setof pixels on the contourby C, andthe setof pixelsin the surroundby S. N (X)) is

the numberof pixelsin setX . Themeangrey level of the pixelsin setX is denotedby

y(X), thegrey level standarddeviation of the pixelsin setX by (yjX).
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surroundS
‘ contourC

segmentedegion |

Figure 2.3: A sggmentationalgorithm determinesa contourfor eac region. Thesur
round consistsof all pixelswithin a distanceof 0:6r from the contour whee r is the
effectiveradiusof the sgmentedegion.

SpiculationFeatures

f1 meanvalueof f 1 insideseggmentedegion |
f2 meanvalueof f 2 insidesegmentedegion |
FocalMassFeatures

gl meanvalueof gl insidesegmentedegion|

g2 meanvalueof g2 insidesegmentedegion|
DenseTissueFeatures

Dg fractiondensedissuein whole breastarea

Ds fractiondenseissuein surroundS

11(1) likelihoodratio betweerD andF of segmentedegion
1(S) likelihoodratio betweerD andF in surroundS
ldif f  ratiobetween_ (1) andL(S)

ContrastFeatures
Int meangrey valueof segmentedegion |
C1 contrastifferencebetweerregionsl andS
Cc2 normaliseccontrastifference
C3 contrastistancebetweerregionsl andS
C4 relative contrasdifference
C5 relative contrastifference

Table 2.2: Descriptionof region featuresusedfor detectiorandclassi cation.| denotes
theseggmentedegion, S thesurround.F andD indicatethe setof pixelsin thefatty and
densepartsof the breast.
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GrayLevel Variance

varl grey level varianceof region |

var2 differencein grey level variancebetweernl andS

var3 grey level variancen | relative to fatty tissue

var4 grey level variancein | relative to denseissue
Linear Texture

T1 presencef lineartexturein |

T2 presencef lineartexturein |, normalised

T3 presencef lineartexturein S
BorderFeatures

BC continuity of the borderof the segmentedegion

FD averagerst orderdirectionalderivative alongborder

SD averageseconcdrderdirectionalderivative alongborder

Other

ID iso-denseness the segmentedegion

size areaof sggmentedegion |

circularity (perimeterj/size

pect locationin pectoralareaor not

Wolfe estimated/Nolfe class

MC numberof micro-calci cationspresentin |

Table 2.2: (cont.) Descriptionof region featuesusedfor detectionand classi cation. |
denoteghe sgmentedegion, S the surround. F andD indicatethe setof pixelsin the
fatty anddenseparts of the breastrespectively

Regional Spiculation Features For both local spiculationmeasures 1 andf 2 we
determinethe averagevalueinsidethe segymentedregion. We call thesefeatures 1 and
f2

Regional Mass Features For both local massmeasureg/l andg2 we determinethe
averagevalueinsidethe segmentedegion. We call thesefeatureggl andg?2.

DenseTissueFeatures Densetissuefeaturesprovide informationaboutthe presence
of densetissuein the sgmentedregion andits surround. We usea Gaussiarmixture
modelto estimatethedistribution of fatty anddenseissuein thebreastarea(Karssemei-
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jer 1998). Basedon this modelwe seggmentthe breastinto a fatty partanda densepart,
indicatedby F andD respectiely. The rst two densefeaturesrepresenthe fraction
densdissuein thewholebreastB andin the surrounds:

Nq(B)

D5 = NaB) + Ny (B)

and
Nq(S)

Na(S) + Nt (S)’

whereNy(X) andN; (X) arethe numberof denseandfatty tissuepixelsin the setX .
For the denseandfatty partsof the breastwe calculatethe meangrey level andthe grey
level variance.Thenwe determindor eachgrey valuey thelog likelihoodratio between
bothtissuetypes:

Ds=

(y Y¥(F)* (v y(D))>?
2(yjF) 2(yiD)
ThethirdI1(1) andthefourthfeaturel[(S) give themeanvalueof thelog lik elihoodratio

in theseggmentedegion| andthesurroundS. Thelastfeatureis theratio betweer (1)
andll(S):

l(y) = + log(' (yjF)) log( (yjD))

Idif f = T1(1)=1(S)

Intensity and Contrast Features The contrastof a region is a useful featuresince
tumourtissueabsorbsnore X-raysthanfat andalsoslightly morethanglandulartissue.
The rst contrasffeatureis the meangrey level of the segmentedegion,

Int=y(l):

We de ne ve distancemeasuredo indicate differencesin contrastbetweenthe sey-
mentedregion andits surround.The rst distancaneasurés the differencein intensity:

Ci=y() y(S):

The seconddistancemeasures the squareddifferencein intensity betweenthe sey-
mentedregion andits surrounddivided by bothstandardieviations,

(1) y(S)? .
(i) + (viS)’

Thethird distancemeasuragepresentshe distancebetweenhe grey level histogramof
the sggmentedegion andthe surroundarea,

X
C3= JH(yjl) H(yiS)i;

C2=
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whereH (yjX ) denoteghefractionof pixelsin setX with intensityvaluey. To limit the
numberof entries,we divide theintensityrangeinto 82 bins, eachcontaininga rangeof
50 grey values.Thefourth and fth measurecalculatethe contrastifferencerelative to
somedensdissueparameters,

vy y(S) _v) S,
C4= D) yEY Co= TR

Variance Malignhantmasse®ftenshaow little grey level variancecomparedo normal
breasttissue.Thereforewe de ne somefeaturesbasedon the grey level varianceof the
seggmentedregion andits surround. The rst featureis the grey level variancein the
segmentedegion,

varl = 2(yjl):

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

2(yil) .

2(yiS)

The third andfourth featurecalculatethe grey level varianceof the segmentedregion
relative to thevariancemeasuredn thefatty or densepartsof the breast,

2(yjl) . 2(yjl) |
2(yjF)’ 2(yjD)

var2 =

var3 = vard =

Linear Texture Normal breasttissueoften hasdifferenttexture characteristicshan
tumourtissue. Karssemeijei& Te Brake (1996) developedthreetexture measureso
capturelinear structuresastheseoftenindicatethe presencef normalbreastissue.To
determinethesefeatureswe needthe map of line orientationsand magnitudeghatwe
constructedor calculatingour spiculationmeasuresseeSection2.2. This map con-
tainsfor eachlocationin the breastareaa vectorrepresentinghe line orientationand
magnitude.We computethis map at two differentscalesusing secondorder Gaussian
derivativeswith a sigmaof 0.3 mm anda sigmaof 0.6 mm. We thensumall vectorsin
theinsideregion usingthe doubleanglerepresentatiomesultingin a nal sumvector
Next we calculatethreedifferentlinear texture features.The rst texture featureT 1 is
the magnitudeof the sumvector. The secondexturefeatureT 2 is the magnitudeof the
sumvector divided by the sumof the magnitudesf all vectorsin the sggmentedarea.
Thethird texturefeatureT 3 is the magnitudeof the sumvectorin thesurroundareaS.

Iso-denseness Whendark areasare preseninsidea sggmentedregion it is likely that
theregion is a normalstructure. Tumourson the otherhandare often densecompared
to the surroundingtissue. Te Brake et al. (2000)developeda featurethatmeasureshe
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“densenessbdf a segmentedregion comparedo the surroundregion. This feature rst
determinesthresholdt thatindicatesthe maximumof the 10% lowestgrey valuesthat
arefoundinsidethe segmentedegion:

X
t=argmax H(yjl) < O:L
kK y=o

The iso-densenesteatureis the fraction of pixelsin the surroundareaS with a value
lower thanthethresholdt:

Xt
ID = H (yjS):
y=0

A valuecloseto oneindicatesa high likelihoodfor the presencef atumour

Mor phological Features We includetwo morphologicalfeatures.The rst oneis the
size(area)of the sggmentedegion. Studiesshav thatmalignantmasse®n averageare
largerthanbenignones(Timp etal. 2005). The secondmorphologicafeaturemeasures
to whatextentthesegmentedegionis circularly shapedWe includethisfeaturebecause
benignmasse®ften have a roundor oval shapecomparedo a moreirregular shapeof
malignantmassesWe de ne circularity as

c= p*=A;

wherep is the perimeterandA thesizeof theregion.

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

Presenceof Micr o-calci cations. Thepresence®f micro-calci cationsatthelocation
of amasdesionis asignof malignang. Thereforeve usea programmeor thedetection
of micro-calci cations(ImageChecér, R2 TechnologySunryvale (CA)). As featurewe
usethe numberof calci cationsfoundin the segmentedegion.

Wolfe Class Studiesshawv thatthereis a relation betweenparenclymal patternsand
therisk of developingbreastcancer Wolfe de ned four typesof parenclymal patterns,
rangingfrom fatty to predominantlydensebreasts. We use an automatedorogramme
from Karssemeijef1998)to classifyeachbreastasoneof theseparenclymal patterns.
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Border Features Borderfeaturesareespeciallyusefulto discriminatebetweerbenign
andmalignantiesions.Mostbenignlesioncanbecharacterisedscircumscribedr well-
de nedlesions.Marginsof thesdesionsaresharplydemarcatedith anabrupttransition
betweerthe lesionandits surroundingtissue,which re ects the absencef in Itration.
Malignantlesionson the otherhandoften have ill-de ned or spiculatedborders.There-
fore we designedsomequantitatve measureghatindicateto whatextentthemaigin of a
lesionis continuousandcircumscribed Thesefeaturesaredescribedn detailin (Varela
etal. 2005).

2.4 Classier Training and Testing

The last stepof the CAD programmaenvolvestraining andtestinga classi er. To this
endwe rst selectasubsebdf featuresappropriatdor thetaskof the CAD systemwhich
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 ers suchaslinear discriminantanalysis,SupportVector Machines,
k-NearestNeighbourandNeuralNetworks. For furtherreadingthefollowing bookscan
beconsultedDudaetal. (2001);Bishop(1995);Ripley (1996);Fukunag (1990). Train-
ing andtestingof theclassi er areimplementedisingacross-alidationor leave-one-out
schemewherea part of the datasets usedfor trainingandthe otherpartfor testing. In
thisway trainingandtestingaredonecompletelyindependent.

2.5 PerformanceEvaluation

For performancesvaluationwe useRecever OperatingCharacteristi¢ROC) and Free-
responseRecever OperatingCharacteristi FROC) methodology FROC analysisis
usedwhenthe CAD systemaims at detectingmassesROC analysiswhenthe CAD
systemaimsto characterisanasslesionsas benignor malignant. Both methodsare
describedelow.

2.5.1 Classi cation of Masses

To evaluatethe performancenf the CAD systemin classifyingmassessbenignor ma-
lignantwe useRecever OperatingCharacteristi§ROC) methodologyFigure2.4 shavs
anROC cune. ROC curvesusuallyplot sensitvity—alsocalledthetrue positivefraction
or TPF—asafunctionof [1-speci city], calledthefalsepositivefractionor FPFE We can
evaluatethe performanceof a CAD systemcasebasedjmagebasedandlesionbased.
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Figure 2.4: ROC curve Thehorizontalaxisreptresentghetrue positivefraction (TPF),
thevertical axisthefalsepositivefraction (FPF).

Forimagebasedvaluationwe usethemalignany scoref singleview imageso deter
minethe ROC curwe. For casebasedavaluationwe combinethemalignang scorefrom
the CC andMLO view into a singlecasebasedscoe. The malignang scoresareoften
combinedby taking the minimum, maximum,or the averageof all malignang scores.
Whenthe breastcontainsmultiple lesionsit is betterto do a lesionbasedevaluation. In
this evaluationwe only combinethe malignang scoresfrom both views whenthe le-
sionsrepresenthe sameunderlyingmasdesion. For eachtype of evaluationwe canuse
the areaunderthe ROC curve—theA , value—asa performancemeasurdor the CAD
system.A valuecloseto oneindicateshigh sensitvity andhigh speci city.

2.5.2 Detectionof Masses

To evaluatethe detectionaccurag of CAD systemswve use FROC methodology Fig-
ure2.5shavs anFROC curve. The horizontalaxisindicateshe averagenumberof false
positive detectiongerimage,the vertical axis the fraction of correctlydetectednasses
(sensitvity). We usea logarithmic scalefor the x-axis to shov the performanceof the
CAD systematalow numberof falsepositive detectiongperimage.For the FROC curve
in Figure 2.5 we useda datasetconsistingof 500 imagesfrom womenthat have been
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referredduring screening.This gure shaws that almostall tumoursare detectedat a
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numberof falsepositive detectiongperimage

Figure 2.5: FROC curve Thehorizontal axis representshe numberof false positive
detectionsthevertical axisthe sensitivity

high falsepositive rate. Screeninghowever asksfor a referralrate of about1-5%. The
detectiorpercentagatthisreferralrateis quitelow, whichillustratesthe problemof cur-

rentCAD systemsFigure2.5shavs bothimageandcasebaseccunes. Forimagebased
analysiswe consideratumourasdetectedvhentheinitial detectioriocationis insidethe
groundtruth. If multiple detectionsarefoundinsidethe samegroundtruth region they

areconsideredsa singlehit. We countdetectionsutsidethe groundtruth areasasfalse
positives. For casebasedanalysiswe considera tumourasdetectedvhenit is foundon

eitherthe CC or the MLO view. To obtainsomequantitatve performanceneasureve

cancalculatethe areaunderthe whole FROC curve or undera partof the FROC curwe,

for instancefrom 0.1to 1.0falsepositive perimage.We canusea logarithmic scalefor

the x-axis whendeterminingthe areaunderthe FROC curve. The adwantageof using
alogarithmic scaleis that greaterweightis assignedo the part of the curve wherethe
numberof falsepositive detectionds low, which correspondsvith the operatingpoint
for normalscreeningsituations.






Chapter 3

Mass Segmentationbasedon
Dynamic Programming 1

An importantstepin CAD programmess the sggmentationof mammographidesions.
After sgmentationdifferent featurescan be determinedthat dependon the contour

Theseinclude the region and borderfeaturesthat have beendescribedn Section2.3.

Examplesaresizeandcontrastof alesion,or the sharpnessf the border This chapter
presentsa robust and fast algorithm to accuratelydeterminethe contourof mammo-
graphiclesions. Furthermorenve comparethis methodwith two well known segmenta-
tion methodsfrom literature: region growing andthe discretedynamiccontourmodel.
Section3.2 explains eachsegmentationrmethod. Then,in Section3.3, we describethe
experimentso evaluatethe differentseggmentationmethods.In the rst experimentwe

evaluatethe sggmentatiorperformancef eachmethodby comparingthe resultingcon-
tour with a manualoutline of the lesion. In the secondandthird experimentwe investi-
gatethein uence of the sgmentatioraccurag onthe performancef a CAD systenfor

thedetectionandcharacterisationf masdesions.Section3.4 presentsheresults.

3.1 Intr oduction

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

The rst category assignseachpixel to a particularobjector region. Examplesare
split-and-megealgorithmsandregion growing techniquesRegion growing is oneof the

1Thecontentof this chaptetasbeenpublishedoreviouslyin Timp etal. (2002b)andTimp & Karssemeijer
(2004a).

39
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mostpopularsegmentatiormethodsandmary differentapproachebave beenproposed.
Kupinski& Giger(1998)developedtwo extendedregion growing techniquespnebased
on the radial gradientindex and anotherbasedon simple probabilisticmodels. They
testedthesemethodsagainsta corventionalregion growing algorithmusinga database
of biopsy praven, malignantlesionsand found that the new lesion segmentationalgo-
rithmsmorecloselymatchedadiologists'outlinesof thesdesions.Guliatoetal. (1998)
proposeduzzy region growing methodsfor segmentingbreasimassesndfurtherclas-
si ed the sgmentednassessbenignor malignantbasedon the transitioninformation
presentaroundthe segmentedregion. Petricket al. (1999)appliedobjectbasedregion
growing in combinatiorwith a density-weightedontrastenhancementter to segment
all signi cant structureswithin the breast. Rggion basedsegmentatioralgorithmshave
two maindisadwantagesFirst, smallandlow-contrasstructuredave atendenyg to grow
into thebackgroundindbecomdargeregionseventhoughtheactualmasds quitesmall.
An exampleis givenin Figure3.1(d). Theregion growing methodfailsto nd theborder
of the massandthe resultingsegmentationis too large. Second structurescontaining
internalgradientsdo not always grow to the correctborderbut canend up containing
only a sectionof thetrue object.

The secondcateyory are edgebasedalgorithms. 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 strongedgesare selectecandlinked to eachother In most
caseghelinked pixelswill representbjectboundaries A disadwantageof the original
edgebasedalgorithmsis thatthesedo not guarantee closedcontour To overcomethis
problemanactive contourmodel(shale) wasdevelopedfor contourdetection.Dynamic
contourmodels(snales) have becomeen voguewith the snale modelof Mclnerng/ &
Terzopoulog1996)andhave sincethenbeeninvesticatedandappliedin variousways.
The snale modelbuilds a deformablecontourconsistingof connectedspline segments
andletsthe contourapproximatea desiredform by minimisingan enegy functioncon-
taining internaland externalenegy. The internalenepy is the bendingenegy of the
spline,the externalenepy is calculatedby integratingimagefeaturesjik e the presence
of linesandedgesLobregt & Viergever (1995)developedadiscreteversionof thesnale
model (discretecontourmodel) and appliedthis modelto medicalimages. The main
drawbackof theseedgebasednodelsfor thetaskof mammographiecnasssegmentation
is thatthe algorithmsheavily dependon beinginitialised with a contourthatis closeto
theactualboundary Otherwisethe contourmaystick to the rst strongedgeit nds. An
exampleis shavn is Figure 3.2(c). The initial estimateof the contour shavn in black,
is too far from the massboundary As aresultthe modelis not ableto nd the contour
andinsteads attractedo the pectoraimuscle.Anotherknown problemwith deformable
modelsis that the modelmay shrink owing to internalforces,whenthe edgesare not
strongenoughor too far from theinitial contour
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(a) Benignmass (b) Manualsggmentation

(c) Discretecontourmodel (d) Regiongrowing

(e) Dynamicprogramming

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

(c) Discretecontourmodel (d) Regiongrowing

(e) Dynamicprogramming

Figure 3.2: Sgmentatiorresultsfor a benignmasdocatednearthe pectoal muscle
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Thereareafew studiegshatcomparaifferentsegmentatiormethodqTe Brake etal.
1999; Timp et al. 2002b;Sahineret al. 2001). In a previous studywe comparedhree
segmentationmethodswith manualsegmentation(Timp et al. 2002b). In that study
we did not evaluatethe effect of the sggmentationon the classi cation performance.
Te Brake et al. (1999) comparedhe discretecontourmodelfrom Lobregt & Viergever
(1995)with the region growing algorithmsdevelopedby Kupinski& Giger (1998)and
evaluatedthe methodsby comparingthemto manualsegmentation. Furthermorethey
studiedthe effect of the segmentationon the cancerdetectionperformance Oneof the
region growing methodsandthe discretecontourmodel performedequallywell in the
segmentatiortask. In the detectionexperimentthe discretecontourmodelhada higher
performancen classifyingeachseggmentedegion asnormalor abnormal.Sahineretal.
(2001) compareda masssegmentationmethodbasedon an active contourmodelwith
manualsegmentationand studiedthe effect of the sggmentationon the classi cation
accurag. They foundthattheclassi cationperformancebtainedwith featuresextracted
from amanuallyor anautomaticallysegmentedegion werenearlyidentical.

In this studywe develop a new segmentationmethodto overcomethe problemsof
region growing andthe discretecontourmodel. The nev methodusesboth edgebased
information aswell asa priori knowledgeaboutthe grey level distribution of an ROI
(region of interest)aroundthe mass. We selectthe bestcontourusingan optimisation
techniquebasedon dynamicprogramming.To testthe performanceof this method,we
compareour proposednethodwith region growing andthediscretecontourmodelusing
an areaoverlap criterion. Furthermorewe studythe effect of the sggmentationon the
detectionandcharacterisationf mammographienasses.

3.2 SegmentationMethods

In this sectionwe describethe threesegmentatiormethodsusedin this work. The rst
subsectiordescribeghe dynamicprogrammingapproach.In the secondandthird sub-
sectionwe brie y review theregion growing methodandthe discretecontourmodel.

3.2.1 Dynamic Programming

Dynamicprogrammings anoptimisationtechniquehatcanbeusedio nd theboundary
of objects(Ballard & Brown 1982). For this purposethe boundaryde nition problemis

rst formulatedasagraphsearchingroblem.Thedynamicprogrammingalgorithmthen
nds the optimal pathbetweena setof startnodesanda setof endnodesof this graph.
Typical applicationsof the useof dynamicprogrammingn boundarytrackingproblems
aretracingbordersf elongatedobjectdik eroadsandriversin aerialphotographandthe
segmentationof handwrittencharactersMedical applicationsncludethe segmentation
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of spineboundariegndtracingvesseborders.

In this studywe apply dynamicprogrammingo nd the boundaryof a mass.Most
masslesionsare approximatelycircular in shape. We implementthis circularity con-
straintby carryingout the calculationsin polar space.We rst determinethe centreof
themassesion( x; y). Thenwe de ne acircularregion of interest(ROI) with centre
( x; y) andradiusR. The radiusshouldbe large enoughto allow applicationof the
algorithmto masse®f differentsizes.We choosearadiusof 2.4 cm. Next we transform
thecircular ROl to a polar ROl wherethe x-axisrepresentshe anglefrom to and
they-axistheradiusr from 0 to R. Figure3.3(a)and3.3(b)shav the coordinaterans-
form. Finally the dynamicprogrammingalgorithm nds the optimal path from one of
thepixelsin the rst columnto oneof the pixelsin thelastcolumnof the polarROI. We
considera pathasoptimalwhenthe cumulatve costs—thats the sumof thelocal costs
of all pixelsalongthe path—areminimal. The next sectiondescribeshelocal cost.

Local Cost

For eachpixel in the polar image we calculatethree cost measuresyhich represent
characteristic®f a goodboundary Thesethreecostmeasuresogetherform the local
costfor eachpixel c(i; j ):

C(is ) = Weei ) + Wes(i: ) + woo(i: }); (3.1)
wheree representshe edgestrength s the deviation from the expectedsize,andg the
deviation from theexpectedgrey level. Theweightsfor the componentsregivenby we,
ws andwy. The costmeasuresrechosersuchthatpixelsthatpossessnary character

istics of the searchedoundaryareassignedow costandvice versa.Below we describe
eachcostmeasure.

EdgeStrengthe(i; j ) We assignpixels with strongedgefeaturedow costasthis
may indicatethe presencef the contour To determinethe edgestrengthwe rst
determinefor eachpixel the gradientmagnitudey® in the directionnormalto the
contour In thepolarimagethis correspondwith thegradientmagnituden vertical
direction. Thenwe selecthe 99thpercentileof all gradientmagnitudesn the ROI.
We call thisvaluemax(y®). We obtaintherelative edgestrengthby normalisingthe
gradientvaluesin the ROl with max(y%. This normalisationensureghat subtle
contourswith low global but high local edgestrengthcan be found aswell. By
takingthe 99thpercentileit is preventedthatoneoutlier, for instancea very bright
micro-calci cation, decreasethe relative edgestrengthof all otherpixelsin the
ROI. We invertthenormalisedgradientvaluesuchthathigh gradientgproducdow
costsandvice versa.The nal gradientcostmeasures:
max(y9)  y%i;i).

max(y©) '

e(i;j) =
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Deviationfrom expectedsizes(i; j ) We assigncontourswith asizethatis common
for masses low costvalue.Ontheotherhand,masseshatarevery smallor very
large are assignechigher cost. Most massesave a radiusbetween5 mm and
15 mm, with a meanradiusr of about9 mm (Timp et al. 2002a). We usethe
following sizemeasurén the costfunction:

( G 1% :j<m
s(i;j) =

(m N2 : j m

wherer isthemeanradiusof massesthatis 9 mm. In the polarimagej represents
thedistancdrom pixel (i; j ) tothecentreof themasy ; y). Wesetthemaximal
distanceto m to preventthatthe sizecomponenbf the costfunction completely
determineghe value of the costfunctionfor large massesWe usem = 15 mm.
Alternatively we could determinethis costmeasureoy estimatingthe distribution
function of the sizeof massesin thatcasewe could basethe costvaluefor each
pixel (i; j ) ontherelative frequeny of massewith sizej. To estimatethis size
distribution however we needa large representadie databasavith benignandma-
lignantmasse®f known size.Currentlywe usethe rst methodaswe do nothave
anindependentlatabas¢hatwe canusefor this purpose.

Deviation from expectedgrey level g(i; j) Another predictablecharacteristiof

the massboundaryis its grey level. We rst estimatethe grey level of the border
andthencalculatefor eachpixel the deviation from this expectedgrey level. A

commonassumptionis that the borderis locatedat the zerocrossingof the sec-
ondderivative of the edgepro le. Claridge& Richter(1994)however foundthat
in projectve imagesthe real edgeis locatedmoretowardsthe darker side (back-
ground). Consequentlythe grey value of the borderwill have a value closerto

thebackgroundyrey level thanto the grey level of the massregion. Thereforewe
determinethe preferredgrey level of thebordery, asfollows:

Yo= YM)+ (1 )Y(BG);

wherey(M) andy(BG) are estimateof the meangrey level of the massregion
(M) andthe backgroundissue(BG). Thevalueof shouldbe smallerthan1=2
to ensurethat the edgeis locatedmore towardsthe backgroundevel. We use
two methodgo estimatethe grey level of the massandthe backgroundissue.In
the rst methodwe usea circle with centre( ,; y) andradius0.6 cm. We cal-
culatethe meangrey level inside and outsidethis circle and usethesevaluesas
estimatedor y(BG) andy(M). In the secondmethodwe usehistogramanalysis
to estimatehegrey level distributionsof the massandthe backgroundissue.The
histogramof the ROI containspixelsfrom boththeinsideandthe outsideregion.
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Thereforewe canmodelthis histogranreasonablyvell by a mixture of two Gaus-
siandistributions,onenarrav Gaussiarnn thelow intensityrangerepresentinghe
fatty tissue,anda broaderonein the middle/highintensityrangerepresentinghe
masslesion. We estimatethe parameters$or the Gaussiardistributionswith the
Levenbeg-Marquardimethod.We usethe rst peakin the histogramto estimate
y(BG), andthe secondpeakto estimatey(M). Whenthe histogramcannot be
modelledby a mixture of two Gaussiansve usethe rst methodto estimatethe
preferredgrey level. Thegrey level costmeasurdor eachpixel is:

q__
g(i;j) = y(1) el
wherey(i; j ) is thegrey valueof thepixel (i; j ).

Dynamic Programming Path Finding Algorithm

We rst applythecostfunctionEq.3.1to all pixelsin the polarROI. We thenobtainthe
so-calledcostimage, asshown in Figure 3.3(c). The dynamicprogrammingalgorithm
nds theoptimalpathin thisimagewhich correspondsvith thebestcontourfor this cost
function. Pixelsin the rst columnof thecostimage( = ) representhe startnodes
for thealgorithm,whereagheendnodesarerepresentetdy the pixelsin thelastcolumn
of theimage. The cumulative costmatrix C storesthe cumulative costof eachpath.
Figure 3.3(d) shavs the cumulatve costmatrix. We constructthis matrix in two steps.
Firstwe setthe cumulatve costof pixelsin the rst column:

C@  )=c(i; )

whereC(i; j) is thecumulative costandc(i; j ) thelocal costfor pixel (i; j ) in thepolar
image.For the otherpixelswe calculatethe cumulatve costby arecursve step:

C@i;j+1)= £m|n 2C(i + ;) + c(i;j + 1)+ h(l); (3.2)
wherel is thedirectionof thepath.In this applicationthevalueof | fallsinsidetheinter

the smoothnessf the path. We usethe pathwith thelowestcumulative costasour nal
contour The endpoint C(i; ) of this contouris the pixel with the lowestcumulatve
costvalueof all pixelsin thelastcolumn. We nd the optimal pathby backtracingthe
pathfrom the endpixel to oneof the pixelsin the rst column. Figure3.3(e)shavs the
nal pathin the cumulative costmatrix. Figure 3.3(f) shavs the resultingsegmentation
in theoriginalimage.

Final Contour Thedynamicprogrammingalgorithmdoesnot guarante¢hatthe nal
contouris closed.In our applicationwe considera contourasclosedwhenthe distance
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(a) ROI with abenignmass (b) PolarROI

(c) Costmatrix (d) Cumulative costmatrix

(e) Path found by the dynamicpro- (f) Finalcontour
grammingsegmentatioralgorithm

Figure 3.3: Implementatiorof the proposeddynamicprogrammingalgorithm.
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betweenthe startandthe end point is lessthan 3 pixels. This is conformthe intenal
of the directionparametef. In mostcasesgspeciallywhenthe massis clearly visible,
the algorithmwill nd a closedcontour Whenthe massis ill-de ned or when other
structuresobscurethe massboundary the segmentationprogrammecanfail to nd a
closedcontour Figure 3.4 illustratesthis problem. The smallmassin the middle of the
imageis surroundedy somedensdissue.Figure3.4(b)shavs thepolarimage,with the
resultingcontourplottedon top of it. In the beginning the pathis attractedo animage
structureand deviatesfrom the true massboundary As a consequencéhe contouris
not closedandcontainssomeextra tissue. Figure 3.4(d) shavs the nal contouronthe
originalimage.

Therearesomemethodso guaranteehe contourto be closed.Oneof the methods

the startandthe endpointare(r; ) and(r; ) andthushave the samer-coordinate.
Themethodworksasfollows. For achosernvalueof r extra costis addedo all pointsin

the rst columnof the costmatrix exceptto thepoint(r; ). Thenthecumulatve cost
matrix is constructed.The optimal pathis found by backtracingthe pathfrom the end
point(r; ). Theextracostensureshatthepathis backtracedtill thestartpoint(r; ).

Thisresultsin apathwith startpoint(r; ) andendpoint(r; ). Wecallthecumulatve

costassociateavith this pathC, . After having determinedhe cumulatve costfor each
valueof r we selectthepathwith thelowestcumulatve costC, . This pathrepresentthe

nal contour We call thisthe constraintalgorithm.A disadwantageof this methodis that
thealgorithmhasto be appliedoncefor eachvalueof r which makesit computationally
expensve.

We designeda more ef cient methodto ensurethat the resultingcontouris closed.
Our solutionusesan extendedcostmatrix wherethe costmatrix runsfrom to .
The extensionfactor determineghe size of the extendedcost matrix relative to the
original costmatrix. We usethedynamicprogrammingalgorithmto nd theoptimalpath
in thisextendedcostmatrixandextractthepathfrom  to asour nal contour In the
original costmatrix the nal contourdependsstronglyon theinitial angleof the polar

coordinateransform—inour casethisis  —andthe resultingsegmentationmight be
differentfor differentinitial angles. A disadwantageof this dependeng is thatimage
featuresmearthe boundarieof theintenal [ ;:::; ] canhave undesirableeffectson

the resultingcontour In the new methodwe minimise the dependencen the initial

angle. Consequentlymagefeaturesnearthe boundarief the interval have lesseffect

onthe nal contour Anotheradwantageof this methodis thatdiscontinuitiesat and
areavoidedwhichin turn mayleadto moreclosedcontours.

To determinethe ef ciency of this methodwe setup the following experiment. For
eachextensionfactor we apply the dynamicprogrammingalgorithmto nd the opti-
mal contour Afterward, we calculatefor eachextensionfactorthe percentagef closed
contours.
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(a) Originalimage (b) Polarimagefrom to

(c) Polarimagefrom 3 to3

(e) Contourasextractedfrom the
polarimagefrom to extendedpolarimage

(d) Contourasextractedfrom the

Figure 3.4: Theoriginal dynamicprogrammingsegmentatioralgorithm doesnot guar
anteea closedcontour In this examplethe optimal pathis attractedtowards somedense
tissueand the resultingcontouris not closed. The new algorithm extractsthe contour

froman extendedcostmatrix resultingin a closedcontour
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3.2.2 RegionGrowing

Regiongrowing is oneof themostpopularsegmentatiormethods Region growing takes
animageanda seedpoint (sy; sy) asinput. The seedpoint (sy;sy) is de ned to be
within thesuspectegion R. Region growing thengrows the seedregionsin aniterative
fashion.At eachiterationthe pixelsthatborderthe growing regionsareexamined.Con-
ventionalregion growing de nes severalregion partitionsR ; basedsolelyon grey level
informationin theimage:

Ri = fy(i;j) > tig;

wherey(i; j) is the pixel grey level andt; is the grey level thresholdfor partition R ;.

For eachpatrtition featuresare calculatedsuchas circularity and size. Basedon these
featuresthe partition that bestcharacterisea mammographidesionis selectedasthe
nal segmentation.

We implementedan extendedversion of the algorithm developedby Kupinski &
Giger (1998). In this methodthe partitionsare createdusinggrey level informationas
well asprior knovledgeaboutthe shapeof typical masdesions.To includeinformation
aboutthe shapeof mammographidesions theregionis pre-processely multiplication
with a Gaussiarcentredat (sy;sy). The partitionsreturnedby thresholdingare now
more compactthan before becausalistantpixels are suppressedTo determinewhich
partitionbestdelineate® mammographitesionalik elihoodmeasuras used.This mea-
sureestimateghe grey level distribution for grey levels inside and outsidethe region
for eachpartition. The partition that maximisesthis likelihoodis selectedasthe nal
segmentation.

3.2.3 DiscreteContour Model

The active contourmodel (or snale) formulatesthe boundarydetectionissueasan en-
ergy functionminimisationproblem(Mclnerngy & Terzopoulos996). Weimplemented
adiscreteversiondevelopedby Lobregt & Viergever (1995),thediscretecontourmodel.
Startingfrom aninitial shapethe discretecontourmodelactively modi es its shapeap-
proximatingsomedesiredcontour Internaland externalforcestogetherdeterminethe
nal shapedeformation.

Thebasicstructureof the modelis a setof verticesv; which areconnectedy edges
di, seeFigure3.5.Theunitvectord\i describeghedirectionof d;. For eachvertex i with
connectingedgesd; andd; ; alocal coordinatesystemis constructedepresentethy a
tangentialunit vectorf;

f\-: &"'ail_
T Kd + & K
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Figure 3.5: Part of the discretedynamiccontourmodel. Thediscrete dynamiccontour
modelconsistf a setof verticesv; thatare connectedy edgesd; .

andaradialunit vectorf " #
_ 0 1 4.
' 10 "
The internalforce is basedon the local shapeof the contour andaimsat minimis-
ing local curvature. The local curvaturel; for vertex v; is the differencebetweenthe

directionsof the two edgesegmentsthatjoin atthatlocation:
i=d 4 1«

Local curvaturetherefore hasdirectionequalor oppositeto theradialvectorry. To pre-

ventthe contourfrom imploding, verticesin partsof the contourwith constanturvature
shouldhave aninternalforce of zero. To achieve this, the internalforce of vertex v; is

computedoy combiningits local cunaturewith thelocal curvatureof the two neighbour
verticesin alocal coordinatesystem:

1 1
fing = f é(li iy 1)+ Iin §(|i+1l“|+1)9f‘|1

Theexternalforcef o is basedntheimagegradientmagnitude Thisforcemoves
theverticesto locationsin theimagewith stronggradientsthe edgesf themass.Com-
putationof theexternalforceis donein theradialdirection,asthis preventsverticesfrom
moving alongthe contour

The total force f; acting on vertex v; is a weightedcombinationof external and
internalforces. As a resultof this force the vertex v; will startto move andchangeits
position. Thedeformationprocesstopswhenthe systenreaches stablestate.
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3.3 Experimentsto Evaluate SegmentationMethods

We performedfour experimentsto evaluatethe performanceof the dynamicprogram-
ming method. In the rst experimentwe estimatethe value of the extensionfactorthat
is neededto guaranteea closedcontour In the secondexperimentwe quantitatvely
analysethe segmentationperformancenf the new methodcomparedwith the othertwo
methods—rgion growing andthe discretecontourmodel—usingan overlap criterion.
We did two additionalexperimentgo evaluatethe effect of the segmentatioron the abil-
ity of the CAD systemto detectand characterisenasslesions. The next subsection
rst describeghe dataseusedfor the experiments.The othersubsectiongxplain each
experimentin moredetail.

3.3.1 Database

The mammogramaisedin this studyall camefrom the Dutch BreastCancerScreen-
ing Programme. All womenaged50-70 are invited bi-annuallyto participatein this
programmeTwo mammographiprojections—medidateraloblique(MLO) andcranio
caudal(CC)—areobtainedat the initial screeningn this programme. At subsequent
screening®nly mediolateralviews areobtained unlessthereis anindicationthataddi-
tional craniocaudalviews would be bene cial. Themammogramsveredigitisedwith a
Canonlaserscannegat a pixel resolutionof 50 m, andaverageddown to aresolutionof
200 m maintainingtheoriginal grey valueresolutionof 12 bits.

Thetotal datasetonsistedf 1427two view andfour view mammogramssesulting
in a total of 4295images.We excludedimageswith only micro-calci cations. There-
mainingsetconsistef 1152imageseachcontainingat leastonebiopsyproven mass,
calledthe massdataset and 2822 normalimageswithout pathology calledthe normal
dataset The massdatasetcontaineda total of 1210masses551 malignantand659 be-
nign, including spiculatedcircumscribedandill-de ned massesrangingfrom obvious
to very subtle.An expertradiologistmanuallysegmentedall 1210massesnadedicated
mammographiceview station. We usedtheseannotationsasthe groundtruth for our
experiments.The centreof eachannotation( »; y) wasusedasseedpointfor the dy-
namicprogrammingandregion growing seggmentationalgorithm. The discretecontour
modelwasinitialisedwith acircularregionwith centre( ; y) andradius0.6cm.

3.3.2 ExtensionFactor for ClosedContours

In the rst experimentwe estimatethe minimumvalueof the extensionfactor needed
to guaranteahatalmostall contoursareclosed. For this purposewe vary andapply
the dynamicprogrammingalgorithmto the extendedcostmatrix from to . We
then extract the path from to as nal contour For eachextensionfactor we
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calculatethe percentagef closedcontours.We considera contouras closedwhenthe
distancgr, r;j betweerthestartpoint( ;r;) andtheendpoint( ;r;) islessthan
threepixels. To estimateanappropriatevaluefor  we calculatethepercentagef closed
contoursfor eachvalueof for all imagesthatcontainamasdesion.We thenselectthe
minimumvalueof for which almostall contoursareclosed.

3.3.3 Segmentation

In thesecondexperimentwe evaluatethe sgmentatiorperformancef all threesegmen-
tation methodsusingan areaoverlap criterion. The useddatasefor this experimentis
themassdatasetthatis the setof imagesthatcontainatleastonemasdesion. The sey-
mentationperformancef eachmethodis evaluatedwith thefollowing overlapcriterion:

0= (S\ D=S[ T);

whereO is the overlapfraction, S the region obtainedby oneof the segmentatioralgo-

rithmsandT the manuallysegmentedregion. An overlapfraction closeto onemeans
a goodmatchbetweerthe two regions. We usethe two-sidedWilcoxon testwith con-

dence level 0.95to asseghe differencein overlapfraction betweentwo segmentation
methods.

3.3.4 MassDetection

Thethird experimentwasdoneto studythein uence of thesggmentatiormethodon the
massdetectionperformance The datasefor this experimentconsistsof normalimages
andimageswith atleastonemalignantlesion,thatis the normal datasetandthe malig-
nantmassdataset In this experimentwe rst apply the singleview CAD algorithmto
eachimageto nd the mostsuspicioudocationsinsidethe breastarea,seeSection2.2.
Thecoordinate®f the selectedocationsareusedasseedpointsfor the segmentatioral-
gorithms.After segmentatiorseseralfeaturesaredeterminedo classifyeachsegmented
region asnormalor malignant.

We usecross-alidationto randomlypartitionthedatasetnto atrainingsetandatest
setona10:1ratio undertheconstrainthattheimagedrom the samepatientaregrouped
into the samesubset.Thetrainingsetis usedfor featureselectiorandclassi er training,
thetestsetfor classi er validation.

For featureselectionwe usea k-nearesneighbourfKNN) algorithmin aleave-one-
out basisto selectthe mostusefulfeaturesfrom the entirefeaturespace.Selectionwas
donewith a sequentialforward procedure which meansthat new featuresare added
whenthey increasethe performanceof the classi er. A KNN classi er thencombines
theselectedeaturednto a malignang score representinghelik elihoodthataregionis
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malignant. FROC analysiswasdoneto determinethe performanceof the CAD system
for thedifferentsggmentatiormethods.

3.3.5 Benign/Malignant Classi cation

In the last experimentwe investicate whetherthe sggmentationmethodsin uence the
performanceof the CAD systemin classifyinglesionsas 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 describedabore for the de-
tection experiment: KNN basedfeatureselectionand classi cation. ROC analysisis
doneto evaluatethe classi cationperformancdor eachsegmentatiormethod.We used
the LABROC programmeo determineROC curves,andthe CLABROC programmeo
evaluatethe statisticalsigni cance betweenthe different methods(Metz et al. 1998a;
Metz etal. 1998b).

3.4 Results

3.4.1 Percentageof ClosedContours

In the rst experimentwe determinedan optimal valuefor the extensionfactor . Fig-
ure 3.6 shaws the percentagef closedcontoursfor several valuesof , rangingfrom
oneto three. This gure shavs thatabout40% of the contoursis immediatelyclosed.
This percentagincreasesindreache®98%for = 2. The maximumnumberof closed
contoursis reachedor = 3. At thattime therewasonly onecontournot closedand
anothercontourwasfoundclosedbut instable.Figure3.7 shovs bothcasesThetop row
shaws the casewherethe dynamicprogrammingalgorithmwasunableto reachclosure.
Figure 3.7(a)shavs the manualsegmentationof this mass Figure3.7(b)the contourof
the proposedalgorithm. For this contourwe appliedthe constraintdynamicprogram-
ming algorithmto forcea closedcontour seeSection3.2.1.Figure3.7(c)shavsthe nal
contourobtainedwith the constraintalgorithm. The bottomrow of Figure3.7 shavsthe
casewherethe nal contourwasclosedbut not stable. The contouralternatecbetween
two statedor differentvaluesof andthusdependean theinitial angleof the coordi-
natetransform.Figure3.7(d)shavs the manualsegmentatiorof the mass.It is abenign
massembeddedn densdissue.Figure3.7(e)and3.7(f) shav the differentstatesof the
contour Thecontourin Figure3.7(e)is too large andcontainssomedensdissuearound
themass.Theotherstate,shavn in Figure3.7(f), givesa correctsggmentation.

For the experimentdescribecbelonv we appliedthe algorithmwith = 3 andthus
usedanextendedcostmatrixfrom 3 to3 .
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Figure 3.6: The percentagye of closedcontous is plotted againstthe extensionfactor

. In the original dynamicprogrammingalgorithm (with = 1:0) 40% of the contours
is closed. In the improved algorithm whele the path is calculatedover a larger area
( = 3:0), morethen99%of thecontous s closed.

3.4.2 SegmentationPerformance

Table3.1 givesthe sggmentatiorperformancdor eachmethodmeasuredsthe overlap
fractionwith the groundtruth. The averageoverlapfractionfor 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 0599 0.743 0.913
region growing 0.034 0.460 0.641 0586 0.748 0.914

Table 3.1: Summarystatisticsfor the performanceof the three sggmentationmethods
basedon an area overlap criterion measuringthe overlap betweerthe automatedseay-
mentationrandthe manualsegmentation.

was0.69, for the discretecontourmodel 0.60 andfor region growing 0.59. Thesere-
sultsindicatethat the dynamicprogrammingmethodis more suitedto sggmentmam-
mographiomasseshanthe othertwo methods Figure 3.8 displaysthe overlapfractions
for the differentmethods. The gure shaws thatnot only the meanoverlapfractionis
higher but alsothatthe percentag®f massesith pooroverlapis smallerfor dynamic
programminghanfor the othertwo segmentatiormethods.
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(a) Groundtruth (b) Proposedhlgorithm (c) Constraintalgorithm

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

Figure 3.7: Caseswher the dynamicprogrammingalgorithm did not nd a closedor
stablecontour Theupperrowshowshecasewhele thedynamigorogrammingalgorithm
wasunableto nd aclosedcontour Figure 3.7(a)showghemanualsegmentation3.7(b)
the proposedalgorithmand 3.7(c) the constaint algorithm. Thebottomrow showsthe
casewheethe nal contouralternatedbetweenwo states3.7(e)and3.7(f).
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Density

Overlapfraction

Figure 3.8: Distribution of the overlapfractionsfor the differentsggmentationrmethods.
Theaverage overlap fraction for dynamicprogramming(DP) is higherthenfor region
growing (RG)andthediscretecontourmodel(DC)

We usedthetwo-sidedWilcoxon testto determinewhetherthe differencein overlap
fractionwasstatisticallysigni cant. Table3.2 shavs theresults.Thedifferencein over
lap fraction betweenthe proposednethodandthe othertwo methodswas statistically
signicant (P 0:05). Althoughthe discretecontourmodelhadbetterresultsthanthe
region growing method theseresultswerenot statisticallysigni cant.

Methods P-value Conf. Interval
dynamicprogramming discretecontourmodel 0:05 [0:0810:11]
discretecontourmodel- region growing 0.6507 [ 0:01;0:01]
dynamicprogramming region growing 0:05 [0:08; 0:11]

Table 3.2: Resultsof the Wilcoxon's testfor the statisticaldifferencein overlapfraction
betweerthe existing methodsand the proposedmethod. The secondcolumngivesthe
P-value andthelast columnthe 95%con denceintervalfor thedifferencein themeans.
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3.4.3 MassDetectionPerformance

The FROC cune in Figure3.9 shavs the casebaseddetectionperformancdor the dif-

ferent sgmentationmethods. The horizontal axis gives the numberof false positive
detectiongperimage theverticalaxisthesensitvity. In casebasedevaluationa lesionis

consideredietectedf it is detectedn eitherview. This gure shows thatthe detection
performancés nearlyidenticalfor all threesggmentatiormethods.
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Figure 3.9: FROC curvesfor thedifferentsggmentatiormethodsdynamicgprogramming
(dp), region growing (rg) anddiscretecontourmodel(dc)

3.4.4 Benign/Malignant Classi cation Accuracy

In the last experimentwe studiedwhetherthe used segmentationmethodin uenced
the ability of the CAD systemto discriminatebetweenbenignand malignantlesions.
For eachsggmentationmethodwe constructecan ROC curve with the freely available
LABROC programme(Metz et al. 1998b). As performancaneasureve usedthe area
underthe ROC curwe (A, value). Figure 3.10 shavs casebasedROC curnesfor the
differentsggmentatiormethods.Table3.3 summariseshe correspondind\ , values.
For imagebasedevaluationthe A, valuewas0.74for dynamicprogramming0.67
for region growing and0.71 for the discretecontourmodel. The averageA, valuefor
casebasedevaluation, where different 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 the threedifferent sggmentatiormethods:dy-
namicprogramming region growingandthediscretecontourmodel. Thehorizontalaxis
givesthefalsepositivefraction, the vertical axisthetrue positivefraction (sensitivity).

Method ImageBasedA, CaseBasedA; P-value
dynamicprogramming 0.72 0.74
discretecontourmodel 0.71 0.72 0.20
region growing 0.67 0.67 0.0044

Table 3.3: A, valuethat indicatesthe area underthe ROC curvefor the different seg-
mentationmethods.Thelast columngivesthe resultsof the CLABROC programmethat
measuesthedifferencein A, valuebetweerthe proposednethodand existingmethods.
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the discretecontourmodel. We usedthe CLABROC programme((Metz et al. 1998a)
to evaluatethe statisticalsigni cance of differencesn classi cation performance.We
foundthatthedifferencein A, valuesbetweertheregion groving andthe dynamicpro-
grammingmethodwasstatisticallysigni cant (P = 0:0044 two-tailed). Thedifference
betweerthe dynamicprogrammingmethodandthe discretecontourmodelwasnot sig-
ni cant (P = 0:20), neitherwasthe differencebetweerthe discretecontourmodeland
regiongrowing (P = 0:08).

3.5 Discussion

In this work we developeda segmentatioralgorithmbasedon dynamicprogrammingo
accuratelyextractmammographienasscontours.In additionwe developeda methodto
obtainclosedcontours.We foundthatwith our proposednethod99.9%o0f the contours
wasclosedwhenwe usedanextendedcostmatrixwith = 3:0. As this percentagelid
not changefor largervaluesof , weused = 3:0in the otherexperiments.Another
option would be to set = 2:0 andincrease for contoursthat are not closed. A
disadwantageof this is that somecontoursmight be closedbut instablefor = 2:0,
thatis the contourmight changefor othervaluesof . We considerthesecontoursas
suboptimal. It dependson the applicationto make a balancebetweenoptimality and
speed.In our application,asthe computationaburdenof applyingthe algorithmwith
= 3:0is minimal, we choosdor optimality.

We comparedthe proposedmethodwith two other methods: region growing and
the discretecontourmodel. We determinedhe accurag of eachmethodby comparing
theautomatedegmentatiorwith a manualsggmentatiorusinganareaoverlapcriterion.
Themeanoverlapfractionfor dynamicprogrammingwvas0.69,for region growing 0.59
and for the discretecontourmodel 0.60. The differencein overlap fraction between
the dynamic programmingmethodand the other methodswas statistically signi cant
(P  0:05).

Besidesanalysingall segmentationgjuantitatvely we alsoperformeda casereview
in which we judgedthe automatedsegmentationsand decidedwhetherthe automated
segmentationwvasvisually in agreemenwith the manualsegmentation.In this casere-
view we foundthatin generasegmentationwith anoverlapfractionof atleast0.70are
appropriate For dynamicprogrammings2%hadanoverlapfractionlargerthan0.70,for
region growing 39%andfor the discretecontourmodel38%. Theseresultsdemonstrate
thatthesggmentation®btainedwith dynamicprogrammingnorecloselymatchvisually
acceptablsegmentationshanthe othertwo automatedegmentatiormethodsAll three
methodgarelyachiezed morethan90%overlap. Onereasorfor thisis thattheaccurayg
of the manualsegmentationis limited. Oftenthe manualsegmentationsare somevhat
large to malke surethe whole tumouris inside the annotation. Another reasonis that
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whentheradiologists'annotatiorandthe automaticallysegmentedareaarenotidentical
thechoseroverlapcriterionquickly decreasedn this casereview we alsofoundthatin
caseswherethe overlapfractionis lessthan0.50,the sggmentatiormethodoftenfailed
to nd theright contour Figures3.1 and 3.2 shaw exampleswherethe two existing
methoddfail to nd theright contourandwheretheresultingoverlapfractionis low. In
Figure3.1thecontrastof the massis low andthe resultingsegmentatioris too large. In
Figure3.2thecontouris attractedowardsthe strongedgeof thepectoraimuscle.In both
caseghedynamicprogrammingnethodcorrectlysegmentsthe mass.The adwantageof
the dynamicprogrammingmethodis thatboth globalandlocal costare combinedwith
differentweightsto determinethe optimalcontour

In this study we only had one radiologistto do the manualsegmentations.When
anotherradiologistwould have donethe seggmentationspoth 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 andthe discretedynamiccontourmodelare not very sensitve to small
changesn the seedpoint (Kupinski& Giger1998;Lobregt & Viergever 1995). To de-
terminewhetherthe dynamicprogrammingnethoddepend®ntheinitial seedpoint, we
appliedthe methodwith two differenttypesof seedpoints: the centreof the manually
segmentednass( y; y) andthe mostsuspicioussitein a neighbourhooaf ( x; ).
Theresultsfor both seedpointswerecomparable.This indicatesthat small changesn
the seedpoint do notin uence the sggmentatiorperformance Secondwe took several
measureso minimiseuncertaintyof thegroundtruth dueto intra-obserer variation. The
radiologistuseda dedicatednammographiceview stationto outlinethe contourof each
lesion.We gave theradiologistsclearinstructionshow to outline certainmasstypes.For
example for architecturabtistortionsandspiculatednassespnly the centraltumourhad
to beannotatedandnot theindividual spicules.The mainreasorfor thisis thatthe out-
lining of spiculeds very subjectve. By takingthesemeasuresve expectthatbothintra-
andinter-obserer variability will remainsmall. Finally we believe that sggmentation
differencescausedy inter-obserer variability will be rathersmallcomparedo differ-
encedetweerthe sggmentatiormethods.Differencedetweerradiologistsare often of
a subtlenature,and mainly concernslight variationsin outlining tumourswith vague
boundariesmndarchitecturatistortions.Differencedetweerthe sggmentatiormethods
may be quite large, for instancewhenoneof the methodgailsto nd theright contour
From Figure 3.8 we seethatthereis indeeda considerablenumberof casesvherethe
overlap fraction is lessthen 0.50, which correspondsvith an incorrectseggmentation.
Most of thesecasesvould alsohave hadalow overlapfractionwhenanotheradiologist
haddonethe sggmentations.

Thedetectiorexperimentshavedthattheimprovementin sggmentatiorperformance
did not resultin a betterdetectionof malignantmassesThis may be understandablas
we did notyetfocusonthedesignof specialcontourfeaturedor massdetection Instead



62 3 MASS SEGMENTATION BASED ON DYNAMIC PROGRAMMING

we usedcontourfeatureghatwe initially developedfor the characterisationf massle-
sionssuchasthe sharpnessf the boundary For massdetectionthe CAD programme
shoulddiscriminatebetweermalignantmasses&nd patchef normaltissue. Theseof-
ten have similar bordercharacteristicsFutureresearchmay aim at developing contour
featureghatcapturerelevantaspect®f themasshoundarie$o discriminatebetweerma-
lignantmassesndfalsepositive detections With bettercontourfeaturesve expectthat
themassdetectionperformancenight bene t from amoreaccuratesegmentation.

In the classi cation experimentwe found that the proposeddynamicprogramming
methodimproved the classi cation accurag to discriminatebetweenbenignand ma-
lignant masses.The A, value for casebasedperformancewnas 0.74 for the proposed
segmentatiormethod,0.67for theregion growing methodand0.72for thediscretecon-
tour model. The differencein A, value betweenthe proposedmethodandthe region
growing methodwas statisticallysigni cant. Differencedbetweenothermethodswere
not statisticallysigni cant. Theclassi cationresultswerein agreementvith theranking
of the sgmentatiorresults. The bestsggmentatiormethod—thedynamicprogramming
algorithm—alsgperformedbestin classi cation. Region groving—themethodwith the
lowest sggmentationperformance—alsshaved the lowest classi cation performance.
Theseresultscontradicthestudyfrom Sahineretal. (2001). They comparedhmasssey-
mentatiormethodbasedn anactive contourmodelwith themanualsegmentationgrom
two expertradiologists.Evenwhentheradiologistandthe computetadhigh disagree-
mentthey obsered no differencein classi cationaccurag. Our experimentshowever
indicatethata moreaccuratesegmentatiomrmayresultin animprovedcharacterisatioof
masdesion.



Chapter 4

Temporal Changesin Masses!

In thischaptewe studytemporakhangesn mammographienasseskor thispurposeve

usea setof malignantcasedrom the Dutch BreastCancerScreening®rogrammeEach
caseconsistsof the currentmammogramandthe mammogramg$rom the previous two

screeningounds.We rst calculateseveralfeaturesfor eachmasslesionon the current
view. Whenthe massis visible on the prior view, we also determinefeaturesfor this

masdesion.Whenthemasss notvisible in retrospectye determinghelocationonthe

prior view wherethe massmostlik ely developedandcalculatefeaturesat this location.

We thendeterminghe changen featurevaluesextractedfrom the prior andthe current
region. Thegoalof this studyis twofold. Firstto getinsightinto thetemporalbehaiour

of massesand secondto study variationsin this temporalbehaiour. We canusethis

informationto estimatethe bene t of usingprevious mammograméor radiologistsand

computeraideddiagnosisanddetection(CAD) systemsWhenthe analysisof temporal
changesprovides usefulinformation we can incorporatethis into a CAD programme
to improve the detectionor characterisatiomf masses.Chapter6 and 7 concernthe

developmentof sucha CAD system.

4.1 Dataset

For the experimentwe usea total of 250 biopsy proven breastcancercasesfrom the
Dutch BreastCancerScreeningProgramme.Thesecasesare eitherscreendetectedor
interval carcinomaTable4.1summarisethehistologicalclassof all casesMostcancers
are invasive carcinoma(90%). For our study we exclude caseswith in situ cancers,
caseghatconsistsolelyof micro-calci cations(28 cases)andsevenadditionalcasegor
differentreasonsfor instancean incompletemammogram.We usethe remaining215

1The contentof this chaptethasbeenpublishedpreviously in Timp etal. (2002a)
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casego studytemporalchanges.

Histology No. (Percentage)
ductalcarcinoman situ 17 (7%))
invasive ductalcarcinoma 179(72%)
lobular carcinomain situ 0

invasive lobular carcinoma 27(11%)
papillary carcinomain situ 3 (1%)
papillarycarcinomain Itrati ve 2 (1%)
medullarycarcinoma 2 (1%)
mucinous/colloiccarcinoma 4 (2%)
tubular carcinoma 6 (2%)
invasive carcinomaNOS 8 (3%)
unknavn 2 (1%)

Table 4.1: Histology for the 215 breastcancercaseghat we usedin our experiment.

For eachcasewe collectedthe mammogramst threedifferentpointsin time: the
diagnostionammogranandthe mammogram$rom the previoustwo screeningounds.
Figure 1.3 shavs an exampleof a caseconsistingof threeconsecutie mammographic
exams. The diagnosticexam is eithera clinical mammogranfor interval cancersor a
screeningmammogranfor screendetectedcancers. In every screeninground medio
lateral oblique (MLO) views are made. The following guidelinesexist whento malke
additionalcraniocaudal(CC) views. Whenattendingthe screeningorogrammefor the

rst time CC views arealwaystaken. In subsequenscreeningoundsthe radiographer
decidesvhetheradditionalviews areuseful. Theimagesrom two consecutie screening
roundsform a temporalimagepair. All imagesweredigitised at a pixel resolutionof
50 m.

An expertradiologistidenti ed the masslesionon eachview. The radiologistalso
determinedvhetherthe tumourwasvisible on previous mammogramsWhenthe mass
wasvisible on prior views, theradiologistratedits visibility asclearly visibleor minimal
sign The indication minimal sign meansthat only very subtletumour characteristics
were presentthat probablywould have beenoverlooked whenthe diagnosticmammo-
gramwasnot available. Whenthe tumourwasnot visible we estimatedhe locationon
the prior view wherethe massmostlikely developed. This makesit possibleto deter
mine temporalchangedor lesionsthatarevisible andfor lesionsthatarenot visible on
theprior view.

Table 4.2 summariseshe percentagef masslesionsthat was visible on the prior



4.2 TEMPORAL CHANGE ANALYSIS. 65

view. Fromthis tablewe seethatin 54% of the casegshe masswasvisible in retrospect
on the prior | mammogramthatis the mostrecentprior mammogran(seeFigure1.3),
31% was rated as clearly visible and 24% as minimal sign. In 25% of the casesthe
tumourwasvisible on bothprior | andprior I mammogramsAll masdesionsthatwere
visible ontheprior I mammogramsvereratedasminimal sign.

Total Clearly Visible Minimal Sign
visibleonpriorl  117(54%) 66 (31%) 51 (24%)
visibleonpriorll 53 (25%) - 53(25%)

Table 4.2: Percentgye of casesthat were visible on previousmammgrams. In 54% of
the caseghelesionwasalreadyvisible ontheprior | screeningmammgram,in 25% of
the caseghelesionwasvisibleon bothprior | andprior Il screeningmammgrams.

For eachimagewe determinedhe correspondingnammographiexam (diagnostic,
prior | or prior ll, seeFigurel.3)andwhethertheimagecontaineda visible masdesion.
Basedonthesecharacteristicare dividedeachimageinto oneof thesubset®f Table4.3.
The diagnosticset contains360 images. The priors of theseimagesare classi ed as
prior | masseg138images)or prior | normals(94 images),dependingon whetherthe
masslesionwas visible or not. The remainderof the diagnosticimages(128 images)
did not have prior views. From this table we can deducethat about59%(g;233-) of
the diagnosticmassesvasalreadyvisible on the previous screeningnammogramThis
percentagslightly differsfrom Table4.2 becauséable 4.2 calculateghe visibility for

eachcaseandTable4.3for eachsingleimage.

4.2 Temporal ChangeAnalysis.

We studytemporalchangedor thewhole dataseaindfor theabose mentionedsubsetof

thewhole datasetFor this purposewne rst sggmentcorrespondingegionson prior and
currentviews. Thenwe determinefeaturesfor eachseggmentedregion. The difference
in featurevaluesextractedfrom the prior andcurrentregion givesusinformationabout
temporalchangesBelow we describeboth steps.

4.2.1 Segmentation

For all imageswith a visible masdesionwe calculatethe centreof the annotatedesion
( x; y). Ourdynamicprogrammingbasedsegmentatioralgorithmusesthesecoordi-
natesasstartingpointto determinea contourfor the currentregion. Chapter3 describes
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Image Subset Description Image Subset No.
experimentset all imagesusedfor the experiment 784
massdataset imageswith masdesion 576
-diagnostianasses diagnostidmageswith avisible masdesion 360
-prior | visible masses prior | imageswith avisible masdesion 138
-prior Il visible masses prior Il imageswith avisible masdesion 78
normaldataset imageswithout a visible masdesion 208
-prior | normals prior | imageswithouta masdesion 94
-prior Il normals prior Il imageswithoutamasdesion 114

Table 4.3: Descriptionof differentimage subsets. The r st columngivesthe image
name thesecondcolumnthe descriptionof thesubset.Thelast columngivesthe number
of imagesin ead subset.

this sggmentatioralgorithmin detail. Thenwe determinea contourfor the correspond-
ing prior region. Whenthelesionis visible on the prior view we usethe centreof mass
of the radiologistsannotationof the prior lesionas startingpoint for the segmentation
algorithm. Otherwise whenthelesionis notvisible in retrospectye estimatetheloca-
tion ontheprior view wherethemasamostlik ely developed.The dynamicprogramming
algorithmusesthis locationasstartingpoint to determinea contourfor the prior region.
The segmentedregion on the prior view andthe segmentedregion on the currentview
form atemporalregion pai.

4.2.2 Feature Calculation

After sggmentatiorwe applythe singleview CAD programmeseeChapter2) to calcu-
latethefollowing six featuredor all prior andcurrentregions:

f1& f 2: indicatethe presencef a stellatepattern.
g1 & g2 : indicatethe presencef afocal mass.
C1: contrastifferencebetweerthe sggmentedegion andits surround.

size: areaof the s@gmentedregion (in cn?). We calculatethis featureonly for
visible masses.

For eachtemporalregion pair we thendeterminethe relative changein featurevalues
betweertwo consecutie mammographiexams:

f0= (f¢ fp)=fp;
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wheref Cis the differencefeature,f . the featurevalue of the currentregion andf p the
featurevalueof theprior region. Differencefeaturesnightbeusefulto measuréemporal
changedetweenwo consecutie mammographiexams. We investicatewhetherthese
temporalchangeslependn 1) theexamof the currentmammogram—thas diagnostic
or prior —and 2) the visibility of the lesionon the prior view. For this purposewe
constructdifferentsetsof temporalregion pairs. The rst set—temporasetl—consists
of temporalregion pairswith avisible lesionon both prior andcurrentviews. This setis
dividedinto temporalsetla andsetlb. Setla containgemporalregion pairsin whichthe
currentmammogranis adiagnostianammogramin setlb thecurrentmammogranis a
prior | mammogramTemporalsetll containsgemporalregion pairswith avisible mass
onthecurrentview thatis notvisible ontheprior view. In setlla thecurrentmammogram
is adiagnostiomammogramin setllb aprior | mammogram.

4.3 Results

4.3.1 AverageFeature Values

Table4.4 summariseshe averagefeaturevaluesfor the differentimagesubsets.From

Subset No. f1 f2 ol g2 Cl  size
total 784 1.161 1.046 1.282 1.241 0.950 0.653
masdataset 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 | visiblemasses 138 1.182 1.051 1.352 1.290 0.996 0.367
prior Il 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 | normals 94 1.093 1.008 1.146 1.133 0.419
prior Il normals 114 1.089 1.011 1.107 1.075 0.238

Table 4.4: Meanfeature valuesfor the differentsubsets.

this tablewe seethatfeaturesxtractedfrom differentmammographiexamsoftenhave
similar values.Featuresxtractedfrom normalregionsdiffer considerabldérom features
valuesextractedfrom massregions.
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Set Description fi1 f2 gl g2 C1 size
I massthatis visible on prior 28 14 26 29 193 1407
la  diagmass& prior | visible 2.8 13 17 26 134 1513
Ib  priorl mass& priorll visible 2.9 18 46 39 328 116.3
I masswith normalprior 56 33 125 121 804
lla diagmass& prior | normal 74 41 17.7 152 108.2
llb  priorl mass& priorll normal 8.7 6.1 175 17.2 949

Table 4.5: We constructdifferenttempoal image setsbasedon whetherthe masdesion
is visiblein retrospectand on the screeningroundfromwhich the currentmammgram
is taken. For eadh setwe calculatethe differencein featue valuesbetweersggmented
regionson prior andcurrentviews.

4.3.2 DifferenceFeatures

Table4.5 summariseshe averagevalue of differencefeaturesfor eachsetof temporal
region pairs. This tableis usefulto studytemporalchangesetweenconsecutie mam-
mographicexamsandto evaluatewhetherthesechangesiependon the kind of exam of
the currentmammogrant(diagnosticor prior I) or on the visibility of the lesionon the
prior view. We seethattemporalchangesare more prominentwhenthe masslesionis
not visible on the prior view. Otherwise whenthelesionis alreadyvisible on the prior
view, changesarerathersmall. Furthermoreconcerningthe kind of exam of the cur
rentmammogramwe concludethat almostall featuresncreasemorewhenthe current
mammogranis aprior | mammogranthanwhenthecurrentmammogranis adiagnostic
mammogram.The sizeof a lesionhowever increasednostbetweerthe prior | andthe
diagnosticexam.

4.4 Discussion

In this chaptemve studiedthe behaiour of massesluringtime. We foundthatonaverage
featureschangebetweerntwo consecutie mammographiexams. Changesverelargest
whenthe lesionwasnot yet visible on the prior view. For theselesionswe obtainedan
arti cial region onthe prior view at the locationwherethe massmostlikely developed.
We thencalculatedseveral singleview featuredor this arti cial region. This region will
not displaytumourcharacteristichecause¢he tumouris not yet visible resultingin low
valuesof therespectie featured 1, f 2, g1, g2 andcontrast Consequentlyhedifference
betweerthe featurevalueof alesionon the currentview andanarti cial region on the
prior view will belarge.
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For lesionsthat were visible on all three consecutie screeningmammogramsye
foundthelargestchangen featurevaluesfrom the prior Il screeningoundto the prior |
screeningound. Thechangdrom theprior | screeningoundto thediagnosticscreening
roundwasrathersmall.

We studiedchangesn thesizeof alesionin moredetail. Figure4.1shaws thedistri-
bution of thefeaturedifferencein size Fromthis gure we seethatmostmassedcrease
in sizeduringtime. A considerabl@art(about25%) of all masse$iovever decreaseth
sizeor remainedunchangedFurtherinspectionof thesemasseshavedthatthe largest
part(27%) concernedarchitecturaldistortionsthat changeinto morefocal masslesions
with smallersizeandmorecontrast.Otherreasongor adecreasén sizewereinaccurate
segmentationg25%), masseswvith a similar appearancen two consecutie mammo-
graphicexams (20%), masseghat really decreasedn (projected)size (15%), masses
locatedon the borderof the mammogram(8%), and other (8%). Histogramsof other
differencefeaturesalsoshow largevariations.
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Figure 4.1: Histogram of the feature differencein size The x-axisindicatesthe rel-
ative differencein sizebetweerthe currentand the prior screeninground. They-axis
representghe numberof masses.

Fromthis studywe concludethattemporalfeaturesnightimprove the performance
of aCAD system FromFigure4.1welearnthatdifferencefeaturesmayshaw largevari-
ations,makingit dif cult to draw strongconclusiongrom temporalchangenformation.
Radiologistsand CAD systemscan usethis knowledge when discriminatingbetween
normaltissuemalignantesions,andbenignlesions.






Chapter 5

RegionalRegistrationto nd
CorrespondingMassesdn
Temporal Images

In the previous chapterwe found that malignantmassesn averagechangebetween
two consecutie mammographiexams.Usinginformationabouttemporalchangesnay
thereforebe usefulto improve thedetectionandcharacterisatioof masdesions.Before
we cancompareprior and currentregionswe shouldlink eachcurrentregion to a cor

respondingegion on the prior view. In this chapterwe develop a regional registration
techniqueto accomplishthis. Startingfrom a currentimagecontaininga masslesion,
this registrationtechniqueaimsat locatingthe samemasdesionon the prior image.

5.1 Intr oduction

Studiesreporta positive effect on eitherrecallrateor animprovementin massdetection
performancavhenusingmultiple viewsin mammograpi screeninggomparedo single-
view mammograpyp cf. (Wald et al. 1995; Sickleset al. 1986; Thurfjell et al. 2000;
Callavay et al. 1997). Giventhe positive effect of multi view systemson radiologists'
performancewe expectthat fusion of informationfrom differentviews might improve
CAD systemsaswell. A rst steptowardsa multi view approachs the developmentof
programmeso link correspondindesions.

Few studieshave beendoneto nd correspondingegionsin differentmammographic
views. Thesestudiesaimat nding similar structuresn eitherdifferentprojectionsof the

1The contentof this chaptethasbeenpublishedpreviously in Timp etal. (2005).
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samebreast{Goodet al. 1999;Paquerauletal. 2002)or mammogramsbtainedat dif-
ferentpointsin time (Sanjay-Gopaétal. 1999;Hadijiiski etal. 2001a;Filev etal. 2005;
Timp & Karssemeije2006). The rst threestudieson temporalregistration (Sanjay-
Gopaletal. 1999;Hadjiiski etal. 2001a;Filev etal. 2005) rst localisethe masson the
currentmammaogranin a polar coordinatesystemwith the nipple asthe origin. Based
on thesecoordinateghey estimatethe locationof the masson the prior mammogram.
This predictedocationof the masscentroidon the prior mammograndetermines fan-
shapedsearchregion. A similarity measurghendetermineghe bestmatchinglocation
inside this fan-shapedearchregion. Hadjiiski et al. (2001a)investigatedthe useful-
nessof correlationand mutualinformationasregistrationmeasures.n a recentstudy
Filev etal. (2005)comparedwelve differentsimilarity measuresor thetaskof template
matching. That study shavs thatthe bestperformingsimilarity measuregor matching
correspondingegionsin temporalmammogranpairsare Pearsors correlation,the co-
sine coefcient, and Goodmanand Kruskal's Gammacoefcient. In a previous study
we developeda regional registrationmethodin which the searchfor correspondencis
donein afeaturespaceg(Timp & KarssemeijeR006). We constructedhis featurespace
by estimatingat eachlocationinsidea circular searchareathe lik elihoodthata massis
presentcalledthe masdikelihood Thenwe selectedhelocationwith the highestmass
likelihoodinsidethis searchareaasmatchfor thelesionon thecurrentview.

Bothregistrationmethodshave somedisadwantagesA problemwith methodshased
ontemplatematchingis thattheseonly work whenbothregionsaremoreor lesssimilar
in appearanceThis might be true for some—especiallpenign—Ilesionshat staymore
or lessconstanin time, but is obviously not true for malignantiesionsthatchangecon-
siderablyin time. Registrationmethodsthatwork in a featurespaceandusethe mass
likelihood or a comparableaegistrationmeasurewill work well in caseswith relatively
few potentiallesioncandidatesThesemethodamay fail whenthe prior region doesnot
display enoughmasscharacteristics—resultinip a low masslikelihood—or whenthe
searchareacontainsmorethanoneregion with a high masslikelihood In this chapter
we thereforedevelop a new registrationtechniquethat combinesthe above mentioned
methods.

Method Our combinedregionalregistrationmethodcompriseshreesteps.In the rst
we align bothimages. Then,in the secondstep,we de ne for eachmasslesionon the
currentview a searchareaon the prior view in which the masslesionis mostlikely
located. In the third stepwe combinethreeregistrationmeasures$o determinethe best
locationinsidethe searcharea.Finally we selectthis locationasestimatefor the centre
of the prior masdesion.

More speci cally, in thethird stepwe applythefollowing threeregistrationmeasures.
The rst measureepresentthelikelihoodthatamasss presentj.e. themasdikelihood
As secondneasurave usePearsors correlationcoefcient to measurehesimilarity be-
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tweenthemassonthecurrentview anda candidateegion for thecorrespondingnasson
theprior view. We evaluatethe effect of differenttemplateshape®n the performancef
this correlationmeasureThelastmeasureés a distancecriterionthatgivespreferenceo
locationsnearaninitial estimate Pertainingo therunningtime we provide afastvariant
of thecombinedregistrationmethodin which the measureareappliedsequentially
We comparethe performancef the combinedmethodwith techniqueshatuseonly
oneregistrationmeasure For this purposewe usea datasetonsistingof 389 temporal
mammogranpairs that containa masslesionthat is visible on the prior andthe cur-
rentview. Finally we investigate possibleshortcomingsf eachmethodby comparing
theregistrationperformancdor differentsetsof lesionsincluding benignandmalignant
massesandmasseshataresubtleor obviouson the prior view.

Structure The chapterasthe following structure.In Section5.2 we explain the reg-
istrationmethodsin moredetail. Section5.3 describeghe experimentsto evaluatethe
differentregistrationmethods.In Section5.4 we presenthe resultswith a discussiorin
thelastsection.

5.2 Registration Procedure

In thissectionwe presenthegeneraprocedurave follow to registertemporamasgairs.
First,in Section5.2.1,we describepre-processingndglobalregistration. Section5.2.2
describeghe de 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-processothim-
ages.To thisend,we rst sggmenteachimageinto breastregion, backgroundissueand
pectoraimuscle usingabreasboundaryandpectoraimusclesegmentatioralgorithmde-
velopedpreviouslyin our group.We subsequentlgpplyanalgorithmthatremovesaddi-
tional attenuatiorfrom thepectoralmuscle.This pectoralkequalisatiormethodmakesthe
borderregion morehomogeneousyhichis advantageousvhendealingwith masseshat
developonthe pectoralboundary Finally we apply a peripheralenhancemerdlgorithm
to thebreastreato correctfor differencesn tissuethickness Section2.1describeshese
algorithms.

Following pre-processingie usea simpleproceduréasecn acentreof massalign-
mentto globally registerbothimages.For this alignmentwe rst determinethe mathe-
maticalcentreof massof theprior andthe currentimage.We candeterminghe centreof
massusingthe whole breastareaincluding the pectoralmuscleor usingthe breastarea
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with the pectoralmuscleexcluded. In our experimentswe excludethe pectoralmuscle
asthisimprovestheregistrationaccuray (seeTable5.2and(VanEngelandetal. 2003)).

Thenwe horizontallyandvertically shift the prior imagesuchthatits centreof massco-

incideswith the centreof massof thecurrentimage.Figure5.lillustratesthis alignment
afteraverticalshift of ty andahorizontalshift of tx. After alignmentof bothimageswe

usethe centrecoordinate®f thelesiononthecurrentimage( »; y) asinitial estimate
of thelocationof thelesionon the prior image.

prior current
ty

tx X X

Figure 5.1: Global alignmentand de nition of the seach area. First bothimagesare
alignedby shiftingthe prior image with tx andty. Thecente coomdinatesof thelesion
on the currentimage ( x; y) thenform theinitial estimatefor the lesionon the prior
image. Thisinitial estimateis the cente of a circular seach area (white circle) with
radiusr. We calculatetheregistration measuesat ead locationinsidethis seach area.

5.2.2 De nition of the seaich area

After theimageshave beenalignedwe de ne for eachmassesionon the currentimage
a searchareaon the prior image. In theliteraturetwo differentshapesf a searcharea
have beenproposedTimp & Karssemeije(2006)usedacircularsearcharesandSanjay-
Gopaletal. (1999)afan-shapedearcharea.As prerequisitave consideit importantthat
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the de nition of a searchareacanbe donecompletelyautomatic.A fan-shapedearch
area,asproposedn (Sanjay-Gopagétal. 1999),requireshelocationof the nipple. This
is adisadwantageasit is sometimedlif cult to identify thenipple,in particularif modern
high contrastim screercombinationsareused.Furthermorewe assumehatthe shape
of thesearchareawill havelittle in uence onthe nal registrationperformancavhenthe
searchareais large enough.Thereforewe decideto usea circularsearch.As centrefor
this searchareawe usetheinitial estimateof thelocationof the masdesionon the prior
view ( x; y).

To ensureghatthe searchareaincludesmostmassesve usea large radiusof 30 mm.
The sizeof the searchareais basedon a comparatie studyVan Engelandet al. (2003)
performed. They comparedseveral registrationmethodsand found that the maximum
erro—i.e. themaximumdistancebetweertheestimatednasdocationandtherealmass
location—was30 mm for a centreof massalignment.Figure5.1 shavs the nal search
areaon the prior view with centre( ,; y) andaradiusof 30 mm. After de ning the
searchareawe calculateat eachlocationinsidethis areathe regional registrationmea-
sures.

5.2.3 Registration Methods

In this sectionwe rst describeheindividual registrationmeasuresnasdikelihoodand
correlation Thenwe explain our proposedegistrationmethodsthat combinedifferent
registrationmeasures.

Registration basedon MassLik elihood

Thesemethodsdetermineat eachlocationinside the circular searchareaon the prior
view thelik elihoodthatamasss presentthatis amasdikelihoodmeasureA highmass
likelihood on the prior view may indicatethe presencef a lesion. Registrationmeth-
odsbasedon masdlikelihoodassumehatthe locationwith the highestmasslik elihood
correspondsvith thelesionon the currentview. As masdik elihoodmeasureve usethe
outcomeof our pixel level massdetectioralgorithm. Section2.2 describeshis algorithm
in detail. Shortlythe algorithmworks asfollows. At eachlocationinsidethe breastarea
two featuredor thedetectiorof stellatelesionsandtwo featuredor thedetectiorof focal
masslesionsarecalculated.Thesefeaturesareusedasinput for a 3-layerfeed-forward
neuralnetwork trainedon known abnormalitiesNext we constructhelik elihoodimage
by assigningeachpixel insidethe breastareathe correspondinglassi er output. Then
we slightly smooththis image. The middle row imagesin Figure6.2 and6.3 shawv ex-
amplesof likelihoodimages. We de ne the masslikelihood asthe smoothedclassi er
outputat eachlocationin the breastarea.For eachcurrentmassesionwe selectthe lo-
cationinsidethe searchareawith the highestmasdikelihoodasestimateor thelocation
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of themasdesionontheprior view.

Registration basedon Grey ScaleCorr elation

Ragistrationmethodsdasedn correlationselectaregion ontheprior view thatis similar

to the lesionon the currentview andassumehatthis region representshe samemass
lesion.Below we explain this methodanddescribedifferenttemplateghatwe testedfor

the correlationmethod.

Method Reggistrationmethodsasedngrey scalecorrelationcalculatethepixel corre-
lation betweenra templateimageof the currentmass—theurrentmassemplate—and
candidateegiononthepriorimage.We rst selectoneof thetemplatesiescribedelon

and put this templateover the currentmasslesionto obtainthe currentmasstemplate.
Thenwe obtaincandidateegionsfor the prior massby puttingthetemplateateachloca-
tion insidethe searchareaon the prior image.Finally we calculatePearsors correlation
measurdetweerthe currentmasstemplateandthe candidataegion centredat (i; j ) on

the prior image:

P
(m;n )(yC(m; n) 7%)(yp(m°, nO) Vp)
(mnyYe(Min) Y2 (L (vp(MBn9  y,)2

C(iij) = a-p (5.1)

Thegrey level atlocation(m; n) in the currentmasstemplateis givenby y.(m; n) and
the grey level of the candidateregion with centre(i; j ) atthe samerelative locationby

yp(mM®% 9. Thesummatioris performedoverall location(m; n) insidethecurrentmass
template.The averagegrey level in the masstemplateandthe candidateregion is given

by y. andy, respectiely. We selectthelocationwith the highestcorrelationasestimate
for the location of the masson the prior. The next paragraptdescribedifferentmass
templates.

Mass Templates We designeddifferenttemplatesfor the registrationmethodbased
on correlation: an inner masstemplate,an outer masstemplate,and three extended
templates. Thesetemplatescover different partsof the underlyingmasslesionandits
surroundingtissue. Figure 5.2 illustratesthe templatesfor a benignmass. Beforecon-
structingatemplatewve rst usethedynamicprogrammingrasedsegmentatioralgorithm
from Chapter3 to determinethe contourof the currentmasdesion.

The inner masstemplate asillustratedin Figure5.2(b), consistsof all pixelsinside
the contourand exactly representshe underlyingmasslesion. A candidateregion on
theprior imagehighly correlatesvith this massemplatevhenthe masdesionis similar
in appearancen prior and currentviews. On the otherhand,whenthe masschanges
considerablybetweentwo consecutie mammographiexams, for examplein size or
contrastthe correlationbetweerbothregionswill below.
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Figure5.2(c)illustratesthe outermasstemplate.This templateconsistsof all pixels
outsidethe masslesionthat have a distanceof lessthan6 mm from the border Conse-
quentlythe correlationonly dependson the similarity betweenthe outerborderregion
of the currentmassanda similar region on the prior view. This canbe anadwantagefor
masseshatchangesigni cantly in appearanceror thesemassesheouterborderregion
will stay more or lesssimilar in appearancéetweenboth views. On the otherhand,
this templatecancauseproblemswhenthe grey level characteristicef the outerborder
regionarenotunique.An exampleis atumourcompletelyembeddedh fatty tissue.The
outermasgemplatewill represengrey level characteristicef fatty tissueandthusshow
little variation. Consequentlythe correlationbetweenrthis templateanda candidatee-
giononthe prior imagewill be highwhenthe candidateegionis homogeneouaswell.
In uniform breastghis mayresultin mary candidateregionsall correlatingequallywell
with the currentmasstemplate.

Figure5.2(d),5.2(e)and5.2(f) shav theextendedemplatesThesegemplateconsist
of a part of the inside region—theinner part—andan outer borderregion. The rst
extendedtemplate,seeFigure5.2(d), is a simple extendedtemplatethat consistof the
whole inside region and an outer borderregion. The secondone—thegrowving mass
template—onlycontainsthe centralpartof theinsideregion andanouterborderregion.
We designedthis templatefor masseghat grov betweentwo mammographiexams.
We assumehatfor thesemasseghe mostinner partandthe outsideborderregion are
more or lesssimilar on the prior andthe currentview. As inner partwe usethe most
centralregion with asizeof % A whereA is theareaof thewholeinsideregion. We base
the size of the inner part on the obsenation that mostmassesn our databaset most
doublein (projected)sizebetweentwo consecutie screeningounds.Thelastextended
tempbateis thecirculartemplate.For thistemplatewe rst determingheeffective radius
R =" (A=) of theinsideregion. Thecirculartemplatethensimplyis acircularregion
with radiusR + bwherebis the sizeof the outerborderregion. For all threeextended
templateghe sizeof the outerborderb regionis 3 mm.

Combined Registration Methods The last registration method combinesthe mass
likelihoodwith a correlationmeasureanda distancecriterion. We develop two variants
of this combinedmethod.In both methodswve rst determinetheindividual registration
measureat selectedocationsinside the searcharea. After calculatingthe individual

measuresit eachlocationwe normaliseeachmeasures usingthe minimum and maxi-

mumyvaluesfoundin the dataset:

_ v min(v)
v max(v) min(v)) (6.2)

andthenlinearly combinethem:

R(@i;j) = weC(isj) + wl(i;j)  wqad(i;j); (5.3)
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(a) Benignmasdesion (b) Innermasstemplate
(c) Outermasstemplate (d) Simpleextendedemplate
(e) Growing masstemplate (f) Circularmasstemplate

Figure 5.2: Figure 5.2(a) showsthe segmentationof a benignmass. The other gures
showthedifferentmasstemplates.



5.2 REGISTRATION PROCEDURE 79

whereR(i; j) is the combinedregistrationmeasureC(i; j ) the grey scalecorrelation
measurdor the bestperformingtemplateshape(i; j ) the masslikelihoodandd(i; j)
thedistancdo theinitial estimate We usethewholedataseto determingheweightswe,
w; andwy to achieze maximumregistrationperformance.To nd the optimal weights
we vary the coefcients w, andw, betweerzeroand100andkeepwy x edat51.

The differencebetweenboth combinationmethodsconcernghe selectionof the lo-
cationswherethe measuresre calculated.The rst variantsimply calculateghethree
registrationmeasureateachocationinsidethesearctarea.As we calculateall measures
simultaneouslyve call this methodthe simultaneousombinationmethod.To reducethe
computationaéffort we developeda secondrariantin whichwe calculateheregistration
measuresequentiallyThismethodrst selectsall locationsinsidethesearchareawith a
masdik elihoodabore a certainthreshold If two selectedocationsarelessthenonemil-
limetre apartwe remove the onewith thelowestmasdik elihood. This procedureesults
in anaverageof 100selectedocationsfor eachsearcharea.We thendetermingheother
two registrationmeasures—correlaticenddistanceto initial estimate—foithe selected
locations. We call this methodthe sequentiacombinationmethodaswe calculatethe
registrationmeasuresequentially

We compareboth variantswith respectto registration performanceand computa-
tional efciency. An importantdifferencebetweenboth methodsis that the sequential
methodonly processefcationsthatshav masscharacteristicsThis canhave negative
andpositive consequence®r the registrationperformance A negative consequences
thata correctlocationwill be missedwhenits masslikelihoodis below the threshold,
independentf the value of the correlationmeasure.This may resultin a decreasef
theregistrationperformancdor (benign)lesionswith few masscharacteristicsA posi-
tive consequencis thatthe sequentiamethodwill skip locationswith accidentallyhigh
correlationwhenthey display not enoughmasscharacteristics.This may increasethe
probabilitythata correctmatchoccurs.Consideringhe computationaéf ciency we no-
tice thatthis mainly dependn the numberof locationswherethe correlationmeasure
is calculated.For the sequentiamethodthis correspondsvith on averagel00locations
for eachsearcharea. The simultaneousnethodcalculatesthe correlationmeasureat
eachlocationinside the searcharea. This amountswith almost71,000locationsfor a
searchareawith radius30 mm and a pixel resolutionof 200 m. The computational
effort is thusreducedabouta thousandfoldy usingthe sequentiamethodcomparedo
the simultaneousnethod. For the sequentiategistrationmethod,the whole procedure,
including the calculationof the masslik elihood, takeslessthanone minute perimage.
As we determinedhe masdik elihoodalreadyin our singleview CAD programme—see
Chapterz—theextra time neededor the registrationis basedsolely on the calculation
of the correlationmeasure.This takes a few secondgerimagein the sequentiareg-
istrationmethod. This meansthat the methodcanbe implementednto a CAD system
withoutmuchadditionaltime costs.
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5.3 Experimentsto Evaluate RegionalRegistration

In this sectionwe rst describethe datasetandthe subsetghat we usedfor the experi-
ments.Thenwe describehe evaluationmeasurave usedto quantifythe performancef
eachregistrationmethod.

5.3.1 Dataset

The mammogramsisedin this studyall camefrom the Dutch BreastCancerScreening
Programme.We constructedhe datasefor the experimentsby collectingall temporal
imagepairswith a visible masslesionon the prior andthe currentview. Eachtemporal
imagepair consistef the mammogram$rom two consecutie mammographiexams.
We call the mostrecentimagein atemporalpair the currentmammogranmandtheimage
obtainedn the previousscreeningoundthe prior or previousmammogramTheimages
camefrom two differentsets.Table5.1 summarisemformationabouteachset. The rst
datasetonsistedf 155imagepairswith a malignantmasson prior andcurrentviews.
This datasetontained281 imagesfrom 87 patients. The imagesweredigitisedwith a
Lumisys85 digitiserat a pixel resolutionof 50 m.

The seconddatasetonsistedf 234 imagepairs,94 with a malignantmassand140
with a benignmass.This datasetontained434imagesfrom 155 patients.Theimages
were digitisedwith a CanonCFS300laserscannerat a pixel resolutionof 50 m. A
radiologistratedall massesn this datasefor their visibility on a scalefrom 1to 5. A
ratingof 1 correspond$o masseshatareclearlyvisible. A ratingof 5 correspondsvith
subtlemasseshataredif cult to see.Mostof thesecanonly be detectedn retrospect.

Combinatiorof thetwo setsresultedn 389temporaimagepairs,140benignand249
malignant.The numberof temporalpairsis largerthanhalf of the numberof theimages
sincefor somewomenthe mammogram®f three consecutie mammographiexams
wereavailable. For the experimentsve useda spatialresolutionof 200  m maintaining
theoriginal grey valueresolutionof 12 bits.

We annotatedhll masslesionson prior and currentviews undersupervisionof an
expertradiologist. For this purposewe usedspeciallydesignedsoftwareon a dedicated
mammographiceview station.We determinedhe sizeof eachannotatednasdesionon
both the prior andthe currentview. Figure5.3 shavs the distribution of the masssize
for benignandmalignantmasses The meansize of benignmassesvas2.2 cm? on the
currentmammogranversusl.8 cn? on the prior mammogram The averagegrowth of
the benignmassesde ned astheratio betweerthe currentandthe prior masssize,was
1.4. Themeansizeof malignantmassesvas2.4 cn? on the currentmammogranversus
1.7 cn? onthe prior mammogramThe averagegrowth of malignantmassesvas1.66.
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sizeon prior view (cm?)

10

Datasetl Datasetll

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
CCviews 31 40

Table 5.1;: Compositiorof thedatasetsusedfor the experiments.
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Figure 5.3: Sizeof masse®n prior andcurrentviews.
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5.3.2 Subsets

We testedthe performanceof eachregistrationmethodon the whole datasetindon sev-

eralsubdvisionsof theoriginal datasetThesesubdvisionscontaindifferentmassypes
andthe performanceon thesesubsetsnforms us aboutspeci ¢ shortcomingsof each
method. The rst subdvision is betweenbenignand malignantmasses.We usethis
subdvision to testour assumptiorthat correlationmeasuresre more suitedfor benign
massesandmeasuredasedon masslik elihoodfor malignantmassesWe basethis as-
sumptionon the fact that correlationmeasuresvork bestfor lesionsthat stay more or

lessconstantn time, which is often the casefor benignmasses Malignantmasse®n

the otherhandcanchangeconsiderablyn time, notonly in size,but alsoin contrastand
overall appearanceWe usethe setof malignantmasseghat have beenratedfor their
visibility to make a subdvision betweermasseshatareclearlyvisible ontheprior view

and masseghat are very subtleon the prior view. To this endwe put all masseswith

a visibility rating of 5 in the group of subtlepriors andall othermassesn the group
of obviouspriors. We expectthat mostmassesn the groupof subtlepriorswill have a
differentappearancen the prior andthe currentview. Thesemassesnay thusbe less
suitedfor methodshasedon correlation.

5.3.3 Validation

As evaluation measurefor the registration methodswe use the fraction of correctly
matchedesions. We counta matchas correctwhenthe selectedocationis insidethe
annotationof the radiologist. Besidesevaluatingthe performanceof eachregistration
methodwe alsodeterminethe optimal searchradiusby varying the radiusof the search
areabetweerD and30 mm.

5.4 Results

In the rst two paragraphsve presentheresultsfor the globalandregionalrregistration
methods. For this purposewe usedthe completedatasebf 389 temporalimagepairs.
In the third paragraphwe give the performancesachregistrationmethodfor different
subset®f theoriginaldatasetln thelastparagraphve describecasesvheretheproposed
registrationmethodfailedto establisha correctlink.

5.4.1 Global Registration Performance

We testedthe accurag of global alignmentfor two implementations.In the rst we
usedthe whole breast—includinghe pectoralmuscle—todeterminethe centreof mass
of the breastarea. In the secondwe excludedthe pectoralmusclewhen determining
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the centreof massof the breast. After alignmentwe usedthe centrecoordinateof the
currentmasdesionasestimatefor thelocationof the masdesionon the prior view. We
then determinedhe fraction of correctlylinked masses.We counteda link ascorrect
whenthe initial estimatefell insidethe manualsegmentationof the lesionon the prior
view. Furthermorewe determinedor eachlesionthe distancebetweerthe centreof the
currentmasslesion—i.e. theinitial estimate—andhe centreof the prior masslesion.
Table5.2 presentgheresults.From Table5.2 we seethatthe globalregistrationmethod
improveswhenwe excludethe pectoralmusclefor determiningthe centreof mass.In

the otherexperimentsve thereforeusetheimplementatiorin which the pectoralmuscle
is excluded.

Fraction Mean Distanceto
Correct  Ground Truth (mm)

with pectoralmuscle 0.30 11.9
without pectoralmuscle 0.37 9.9

Table 5.2: Resultsor the global registration procedue whee we determinedhe centie
of massof the breastareawith and withoutthe pectoal muscle The r st columngives
thefractionof correctlylinkedmassesThesecond-olumngivesthe meandistancefrom
the centie of the currentmasdesionto the cente of the prior masdesion.

5.4.2 PerformanceRegistration Measures

Table 5.3 and Figure 5.4 shaw the resultsfor the differentregistrationmeasures.The
bestperformancdor the measureébasedon masslikelihoodis 0:71 for a searchradius
of 12 mm. Consideringthe correlationmeasureve nd thatthe inner and outermass
templatedave asigni cantly lower performancehanthe extendednassemplatesThe
bestperformingextendedmasstemplateis the growing masstemplate althoughthe dif-
ferencewith the otherextendedtemplatess not statisticallysigni cant. We furthermore
studiedthe in uence of the outerborderregion by varying the size of this regionin the
simpleextendedtemplatebetweerD and6 mm. From Table5.4 we seethatthe fraction
of correctlylinkedmassess 0.60for the simpleextendedemplatewithoutanouterbor-
derregion, thatthis fractionincreasesip until 0.68for anouterborderregionof 1.4mm
andthenstaysmoreor lessconstant.

We selectthe growving masstemplatefor the grey scalecorrelationmeasuran the
combinedregistrationmethods. The differencebetweenthe performanceof the com-
binedregistrationmethodsandtheindividual registrationmeasuress statisticallysignif-
icant. Figure 5.4 shaws that the performanceof both combinedmethodsincreasesip



84 5 REGISTRATION TO FIND CORRESPONDING MASSES IN TEMPORAL IMAGES

Registration Measure Fraction Correct Radius Distance
masdikelihood 0.71 0.02 12 3.6
innermassemplate 0.60 0.02 16 4.2
outermassemplate 0.48 0.03 8 4.6
simpleextendedmassemplate 0.69 0.02 20 3.6
growing masstemplate 0.71 0.02 20 3.5
circularmasstemplate 0.69 0.02 16 3.7
simultaneougsombination 0.82 0.02 20 2.6
sequentiatombination 0.82 0.02 20 2.8

Table 5.3: Raistration resultsfor the different methods. The r st columnshowsthe
registration measue. Thesecondcolumngivesthefraction correctly linked massesnd
the standad deviation. Thethird columnshowsthe radiusof the search areawhele the
maximunperformancenasbeenobtainedand the last columnthe meandistanceto the
groundtruth.

Q
—

fractioncorrectlylinkedlesions

—masdikelihood
N - - - grey level correlation
© ~-simultaneougombination
----sequentiatombination
o
o

5 10 15 20 25 30

radiusof searcharea(mm)

Figure 5.4: Overviav of regional registration measues. For each methodthefraction of
correctlylinkedlesionsis plottedagainsttheradiusof the seach area.
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Outer Border Size(mm) 0 06 10 14 20 3.0 40 6.0
Fraction Correct 0.60 0.63 0.66 0.68 0.68 0.69 0.69 0.69

Table5.4: Fractioncorrectlylinkedmassesvhele we variedthe outerborder sizeof the
simpleextendedemplate

until 0.82for asearctradiusof 20 mm andthenstaysmoreor lessconstantTheweights
for we, wy, andwy were33,29 and51 for thesimultaneougsombinatiormethodand51,

75, 51 for the sequentiacombinationmethod. From thesecoefcients we seethatthe

distancemeasurds moreimportantfor the simultaneousnethodthanfor the sequential
method.For the sequentiamethodthe masdik elihoodmeasurdiasa lower weightthan

the correlationmeasure.This was expectedasall processedocationsin the sequential
methodalreadyhave a relatively high masslikelihood. The choicefor a locationthen
mainly dependon the grey scalecorrelationmeasure.For both methodswe nd that
smallvariationsin the coefcients havelittle in uence ontheresults.For example when
the coefcients w¢, w; andwy areequal the performancenf bothmethodss 0.80.

Figure5.5shavs ascatterplot for themeasurdasedn masdik elihoodversusgrey
scalecorrelationfor correctlylinked massesndmasseshatwerelinkedincorrect. The
correlationbetweenboth measuress 0.34 for correctlylinked massesand0.22for in-
correctmatches.Fromthe gure we seethatmostcorrectlylinked masseiave a high
correlationmeasureandahigh masdik elihood.However, thereis alsoalarge numberof
masseswvith eitheralow correlationor alow masdik elihood. Thisexplainstheincreased
performancef thecombinatiormethodscomparedo the performancef theindividual
measures.

Figure5.6 shavs the histogramof the distancebetweerthe selectedocationandthe
centreof thegroundtruth. Themeandistanceor correctlylinkedmassess 1.2mm. For
incorrectmatcheghe meandistances 10.0mm. This is moreor lessequalto the mean
distancemeasuredfterthe globalregistrationstep. Therearea few outliersamongthe
incorrectlinks. In thesecasedhe globalregistrationfailed andthe true masslesionwas
locatedoutsidethe searcharea.

5.4.3 Registration Performancefor Subsets

Table5.5 givesthe fraction of correctlylinked massedor differentsubsets.This table
shaws that the masslik elihood performsbeston malignantmassesandthe grey scale
correlationmeasureon benignmasses.The combinationmethodsperform satishctory
on both subsetsTable5.5 alsoshaws thatthe individual registrationmeasureperform
similarly for masseshatare subtleandmasseshatare obvious on the prior view. Fur-
thermorewe nd thatthesequentiatombinatiormethodperformsbetterthanthesimul-
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Figure5.6: Histogramfor thedistancefromthe selectedocationto thegroundtruth for
correctandincorrectlinks.

taneousombinationmethodon the groupof masseshataresubtleon the prior view.

5.4.4 Link Errors

Oneof thebestperformingmethods—thsimultaneousombinatiormethod—Ilinksl8%
of all lesionsincorrect. To obtaininsightinto the possiblecausef theselink errors
we compareeachof the threeregistrationmeasures—correlatiomasslik elihood,and
distance—athe selectedocationwith the samemeasurest the correctlocation. When
onemeasurgerformssubstantiallybetterat the selectedocation,we choosefailure of
this measureasthe mostimportantcauseof theincorrectmatch. Table5.6 shavs thata
combinationof a low correlationanda low masslikelihoodis the mostcommoncause
of anincorrectmatch.In mostof thesecaseghe masson the prior mammograms very
subtle whichhasconsequencdsr boththecorrelationmeasureandthemasdik elihood.
The secondmostimportantcauseof link errorsis alarge distanceto theinitial estimate.
In thesecasegheglobalregistrationmethoddid notwork verywell. We nd alow mass
likelihoodascauseor thelink errorsfor benignmasseshataresubtleon the prior view.
Finally, we seethatmassesvith alow correlationoftenchangeconsiderablyetweertwo
consecutie mammographiexams.Figure5.7 givessomeexamplesvherethecombined
registrationmethodfailed. The letter C indicatesthe correctlocation, S the selected
location. Figure5.7(a)shavs a very subtlemasson the prior view, in Figure5.7(b)the
selectedocationshaws a spiculationpatternresultingin a highermasslikelihoodthan
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Subset No. of Mass Gray scale  Sim Seq
Lesions Likelihood Correlation Comb Comb
original dataset 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
subtleon prior view 37 0.76 0.68 0.78 0.84
ohviouson prior view 57 0.74 0.67 0.84 0.84

Note.—Sim= simultaneousSeqg= sequentialComb= combination.

Table 5.5: Rayistration performanceor differentsubsetsThesecondcolumngivesthe
numberof tempoal image pairs in eat subset.Theothercolumnsgive theregistration
performancdor each measue.

Reasonof Incorr ectLink Percentage

combinationof low correlationandlow masdikelihood 38%

farfrom initial estimate 25%
low masdikelihood 21%
low correlation 17%

Table 5.6: Summanyf the mostimportantcausesf incorrectlinks.
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thecorrectlocation.

5.5 Discussion

In this chapterwe presentedan automaticregional registrationmethodthat nds cor
respondingmasslesionsin temporalmammogranpairs. This methodcombinesthree
registrationmeasuresa measurdasedn correlation,a masdik elihoodmeasureanda
distancecriterion. On the completesetof masseshis combinedmethodlinked 82% of
themassegorrectly comparedvith 71%for bothindividual measures.

For the measuréasedon correlationwe designedifferenttemplateshapesandin-
vesticatedthe in uence of the templateshapeon the registrationperformance.For all
shapesve usedPearsors correlationcoefcient assimilarity measureln arecentstudy
Filev etal. (2005)found thatthis measurevorks bestamonga selectionof twelve dif-
ferentsimilarity measuresResultsfor the differenttemplateshapeshav thatthe best
performingtemplates thegrowing massemplate We designedhis templatefor masses
thateithergrow or stayconstanin time. The registrationperformanceof the othertwo
extendedmasstemplatesthe simple extendedtemplateandthe circular template,was
only slightly lower. This shavs that the correlationmeasurds not very sensitve for
smallchangesn templateshape Thelow performancebtainedwith theinnerandouter
massemplateshavs thatbothregionsarenecessaryo obtaingoodregistrationresults.
We furthermorefound that the minimal size of the outerborderregion is 1.4 mm and
thatthe registrationperformancas similar for larger outerborderregions. This obser
vationdiffersfrom the studyfrom Sanjay-Gopagtal. (1999). They founda decreasén
registrationperformancevhenthe size of the outerborderregion increased.The main
differencebetweerboth studiesis that Sanjay-Gopakt al. (1999)useda boundingbox
astemplatewhereaour templatedependn the contourof the mass.As mostmasses
aremoreor lesscircularly shapeda boundingbox will alwayscontainsurroundingtis-
suealongsome—ioit not all—partsof the contour This mightin uence theregistration
results.

To obtaininformationaboutthe performancef eachmethodon speci ¢ masstypes
we dividedthe original datasetnto severalsubsetsThe rst subdvision of the original
datasetvasbetweerbenignandmalignantmassesThis subdvision shavs thata corre-
lation measurés moresuitedfor benignmassesThis may be explainedby thefactthat
benignmassestay more or lessconstantover time resultingin a good correlationbe-
tweenbothviews. Fromtheresultswe concludethata measurdasedn masdik elihood
is moresuitedfor malignantmasses.This measurewill selecta correctlocationonthe
prior view evenwhenthe masshaschangecdtonsiderablyprovidedthatthe masslesion
ontheprior is atthelocationwith thehighestmasdik elihood. Furthermorethismeasure
alsotakesspiculationinto accountwhichis afrequentsignof malignantmasses.
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prior view currentview

(a) Subtlemasson prior view

(b) Selectedocationhashigh masdikelihood

Figure 5.7: Exampleof link errors. Thewhitecircle indicatesthe search area. C is the
correctlocation,Sthe selectedocation.
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The secondsubdvision wasbetweermasseshatarevery subtleandmasseshatare
ohbviousontheprior view. Concerninghe combinedregistrationmethodsve foundthat
thesequentiainethodwvasmoresuitedto nd subtlepriorsthanthesimultaneousnethod.
This is in agreementith the obsenation that the correlationbetweena subtlemasses
on the prior view andits correspondingnasson the currentview is often quite low.
Consequentlymakinga pre-selectiorof locationswith a high masdik elihoodincreases
the probability thatthe correctmasslocationis selectedpn conditionthatthis location
hasenoughmasscharacteristicto beselectedWhenall locationsareprocessed—Ii&in
the simultaneougsombinationmethod—soméncorrectlocationsaccidentallymay have
ahigh correlation,ncreasinghe probabilitythatanincorrectmatchoccurs.

In summarywe found that methodshat combineseveral registrationmeasureper
form betterthan methodsthat useonly oneregistrationmeasure.The choicebetween
both combinationmethodsdependsl) on the numberof regionsinitially detectedby a
CAD programmeand?2) on whetherthe CAD programmeaimsat detectingall kinds of
masse®r only malignantones.Whenthe numberof initial regionsis quite large, what
is commonfor CAD programmesthe sequentiacombinationmethodis preferredbe-
causeit is very fastcomparedo the simultaneousnethod. The sequentiamethodalso
performsbetteron the subsebf malignantmassesOn the otherhand,we might choose
the simultaneousnethodwhenthe CAD programmemainly aims at detectingbenign
lesions.

A computeraideddetection(CAD) systemthat includestemporalinformation can
usethisregionalregistrationmethodto link selectedegionsonthe currentmammogram
to correspondindocationson the prior mammogram. Combinationof featuresfrom
linked regions givesinformationabouttemporalchanges.In the next chapterswve will
build sucha CAD systemand evaluatethe effect of temporalfeatureson the detection
andcharacterisatioperformance.






Chapter 6

Inter val ChangeAnalysisfor the
Detectionof Masses!

In this chaptemwe includetemporalinformationin our CAD programmeo improve the
detectionof malignantmassesFor this purposewe rst usea simpli ed versionof the
registrationmethoddescribedn Chapters. Following thelinking processwe calculate
several featuresfor the currentand prior region. We then obtaintemporalfeaturesby
combiningthefeaturevaluesfrom bothregions. Finally we evaluatethe effect of tempo-
ral featureson the detectionperformancef our CAD programme.

6.1 Intr oduction

At the momentmost CAD (computeraideddiagnosis)programmesn mammograph
usea singleview to detectabnormalities.However, whenmammogram$rom multiple
examinationsareavailable,andCAD malkesuseof correlationsdbetweerexams,a higher
accurag may be achiezed in detectingmalignancies.In this studywe concentrateon
usinginformationfrom previousandcurrentviews. In Chapterl we alreadymentioned
someadwantagef usingprevious mammogramsDespitetheseadwantageghe devel-
opmentof CAD systemghat include temporalinformation hasnot yet receved much
attention.

We candivide previous work into two main cateyories: (1) methodsthat compare
currentimageswith priors to detectsubtlechangesdn the breastand (2) methodsthat
comparesuspiciougegionsin currentmammogramsvith correspondingegionsin pri-
ors.Vujovic etal. (1995)usedthe rst methocdto detectabnormalitiesThey rst divided

1This chaptelis basecbn Timp & Karssemeijef2004b)andTimp & Karssemeije(2006)

93
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thecurrentandprior mammograninto se/eralregionsusinginternalcontrolpoints. Then
they usedthesecontrol pointsto de ne circularregionsinsideeachmammogramNext
they comparedcorrespondingegions from prior and currentviews using texture and
contrastmeasuresThey foundthattheintensityhistogramcarriedusefulinformationin
separatingnormalfrom abnormaltissue. Kok-Wiles et al. (1998)and Timp & Karsse-
meijer (2004b)usedthe secondmethod.Kok-Wiles et al. (1998)representethe breast
asanestedstructureof salientregionsandusedthis representatioto compareprior and
currentregions.In apreviousstudy(Timp & KarssemeijeR004b)we comparedhecon-
trastandsizeof correspondingegionson prior andcurrentmammogramandfoundthat
thedetectionperformanceémprovedby addingthis informationto the CAD system

Bothmethodglependnoreor lessontheaccurag of thetemporalegistration. Tem-
poralregistrationincludesglobalregistrationandregionalregistration.Globaltechniques
register currentand prior mammograms.In the literature someapproachesave been
describedor global mammogranregistration,cf. (Sallam& Bowyer 1994;Vujovic &
Brzakovic 1997;Richard& Grafgne 2000).A comparatie studyfor globalregistration
methodsn mammograph hasbeendoneby VanEngelandetal. (2003). They compared
four methodsfor mammogranregistration: alignmentbasedon nipple position, align-
mentbasecdn the centreof massof the breastissue warping,andregistrationbasedn
mutualinformation. They measuredhe performanceof all methodsby comparingthe
distancebetweerthe centreof the manualsegmentatiorof abnormalitieonthe previous
andthe currentview beforeand after registrationand found that the methodbasedon
mutualinformationworkedbest. Themethodbasedn centreof massalignmentworked
reasonablyvell, in particularif the pectoraimusclewasexcludedfor centreof masscal-
culation. The methodbasedon nipple alignmentonly worked if the nipple wasvisible
in pro le. The methodbasedon warping performedworst and could causeunrealistic
deformationsnsidethebreastarea.

In this studywe develop atemporalCAD methodandinvesticgatethe effect of tem-
poral featureson the detectionperformance Figure 6.1 summariseshe differentsteps.
The methodstartswith the mammogram®f two consecutie mammographiexams:
the prior andthe currentmammogram.On both mammogramshe breastareaandthe
pectoralmuscleare sgmented. A global registrationmethodbasedon centreof mass
alignmentregistersthe currentandthe prior images. Next a pixel level massdetection
algorithmassignseachpixel insidethe breastareaa measuref suspiciousnesshe so-
called masslikelihood. This measurerepresentshe likelihood that a malignantmass
is presentat that location. We then selectthe mostsuspicioudocationson the current
imageandlink theseto a correspondindocationon the prior view. After linking we
calculatefeaturesfor prior andcurrentregions. The combinationof featuresfrom both
regionsresultsin the so-calledtemporalfeatures We useFROC analysisto evaluatethe
detectionperformanceavith andwithout the useof temporaffeatures.

Theremainderof this chapteiis organisedasfollows. In Section6.2we rst brie y
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Figure 6.1: Outline of thetempoal CAD method.
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discusgthe singleview CAD programmeandthenexplain the proposedemporalCAD
programmen moredetail. Section6.3 describeshe experimentdo evaluatetheregional
registrationtechniqgueandthe temporalCAD programmeln Section6.4 we presenthe
resultsof our experiments.Section6.5includessomediscussiorandcomparisorwith a
conclusionin thelastsection.

6.2 SingleView and Temporal CAD programme

The CAD programmeconsistsof the following three components:initial CAD pro-
gramme,single view part, andtemporalpart. Figure 6.1 givesthe outline of the com-
pletemethod.Subsectiorb.2.1describegheinitial CAD programmehatincludessome
pre-processingtepsanda pixel level massdetectionalgorithm. This algorithmdetects
tumourcharacteristicandassignsachlocationin the breastareaa scorethatindicates
how likely it isthatalesionis presentSubsectiors.2.2describeshesingleview partthat
includessegmentatiorof the currentimageat suspiciougocationsandfeatureextraction.
Subsectiorb.2.3explainsthethreestepsof thetemporalCAD program:globalregistra-
tion, regional registrationand featurecombination. In the last subsectiorwe describe
featureselectionandclassi cationfor bothsingleview andtemporalCAD methods.

6.2.1 Initial CAD programme

Below we shortlyreview theinitial CAD programmefor detailsseeChapter2. We apply
theinitial CAD programmeo all prior andcurrentimages.We startwith pre-processing
all images:segmentatiorof theimageinto breastissue backgroundissueandpectoral
muscle(Karssemeijel998), peripheralenhancemenb correctfor differencesn tissue
thicknessandremoval of the sharptransitionin grey level from the breastareato the
pectoralregion (Timp & KarssemeijeR006).We thenapplya pixel level massdetection
algorithmthat estimateghe potentialpresenceof a tumourat eachlocationinside the
breastarea.For this purposewe calculateat eachlocationtwo featuredor the detection
of a spiculationpatternor architecturalistortionandtwo featuresfor the detectionof a
focal mass.A neuralnetwork classi er combineghesefeaturesinto a singlescorethat
representhe likelihood that a massis presentat thatlocation. Thereforewe call this
classi er outputscorethe masdikelihood

6.2.2 Singleview CAD method

Thesingleview CAD programmeselectdocationswith ahighmasdikelihoodfor further
processing.First a sggmentationalgorithm segmentsthe currentimageat the selected
locations. For segmentationwe usean algorithmbasedon dynamicprogramming see
Chapter3. Wethencalculatefeaturedor eachsegmentedegion resultingin atotal of 39
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Group Name No. Temp Description

DenseTissue 5 Featureshatdeterminghelocationof a
region with respecto thedensdissue

Spiculation 4 * Featureshatdetectspiculatedesions

FocalMass 4 * Featureshatdetectafocalmass

MassLikelihood 3 * Masslikelihoodmeasures

Intensity 1 * Meangrey valueinsidethe contour

Contrast 5 * Differencebetweerthegrey level histograms
of aregion andits surround

Variance 4 * Variancein grey level histogramof aregion
andits surround

LinearTexture 6 * Presencef lineartexture

Iso-denseness 1 * Iso-denseness the sgmentedegion

Location 3 Featureshatdeterminghelocationof aregion
relative to the pectoralmuscleandthe skin

Size 1 * Sizeof thesggmentedegion

Circularity 1 * Circularity of the sggmentedregion

Wolfe 1 EstimatedWolfe class

Table 6.1: Featule description.We dividethebasicfeatuesinto twelvedifferentgroups.
The r stcolumngivesthegroupname thesecond:olumnthe numberof featuiesin each
group,andthelast columna descriptionof the group. A star indicatesthat we calculate
thesefeatuesbothfor prior andfor currentregionsto obtaintempoal information.

features.Chapter2 describeghesefeaturesn detail. We call thesesingleview features
thebasicfeatule setanddivide eachfeatureinto oneof 12 differentcateyoriesaccording
to thetypeof characteristidt representsTable6.1lists the differentfeaturegroups.

6.2.3 Temporal CAD method

In thetemporalCAD partwe rst globally registerpreviousandcurrentviews. Thenwe
apply a regional registrationtechniqueto link eachsuspicioussite on the currentview
to acorrespondingsite on the prior view. After completionof thelinking procedurehe
prior imageis sgmentedat the selectedocationandfeaturesarecalculatedor the seg-
mentedregion onthe prior view. Combiningfeaturedrom bothviews providestemporal
information.Figure6.2 and6.3 shav temporalimagepairsandthe correspondindjk eli-
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hoodimages Figure6.2shavs anewly developedmasswhereaghe masson Figure6.3
was alreadyvisible on the previous mammogram.The threemostsuspicioussitesare
indicatedwith their correspondingiumbers.

Global Registration

To register currentand the prior views we usea simple procedurebasedon centreof

massalignment. A problemwith centreof massalignmentis the varying proportion
of the pectoralmusclethatis visible. Van Engelandet al. (2003) found that the regis-

tration improved considerablyby excluding the pectoralmusclein the centreof mass
calculation. Thereforewe rst sggmentthe pectoralmuscleusingthe Houghtransform,
see(Karssemeijefl 998). Thenwe calculatethe centreof the breastareafor both prior

andcurrentviews with the pectoralmuscleexcluded.Next we registerboth views using
verticalandhorizontaltranslations.

Regional Registration

The next stepin thetemporalCAD programmads regional registrationto nd for each
suspicioussite on the currentview a correspondingsite on the prior view. In the previ-
ouschapterwe describeda registrationmethodthat combineshreedifferentmeasures.
In this chapterwe usea simpli ed versionof this methodthat only usestwo different
registrationmeasuresthe masslikelihoodanda distancecriterion. To this endwe rst
de ne asearchareaon the prior view in which the massis likely to belocated.As both
mammogramareglobally alignedwe canusethe coordinate®f thecentreof thecurrent
lesion( x; y) asinitial estimatefor thelocationof thelesionon theprior mammogram.
This initial estimatede nes the centreof a circular searchareawith radiusr asillus-
tratedin Figure6.4. We calculatebothregistrationmeasurest eachlocationinsidethis
searcharea. The combinedregistrationmeasurds proportionalto the masslik elihood
andinverselyproportionalto the distancefrom the pixel to theinitial estimate:

R(;j) = 1(51)  wad(i; ]); (6.1)

wherel (i; j ) isthevalueof themasdik elihoodatlocation(i; j ) andd(i; j ) thedistancdo
theinitial estimatg( »; y). Thefactorwy is aweightfactorthatdeterminesherelative
importanceof the distancecriterion. We selectthe locationwith the highestregistration
measureas matchfor thelocationon the currentview. In Subsectior6.4.1we evaluate
the performancef this regionalregistrationtechniqudor differentvaluesof r andwy.

Segmentationand Feature Extraction

Thelaststepin thetemporalCAD programmeconcernsegmentatiorof thepriorimage
at the selectedocationsand extraction of featuresfrom thesesegmentedregions. For
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Prior (left) andcurrentimageof a
newly developingmass.

Likelihoodimage:the mostsuspi-
ciouslocationsarethewhite spots.

A regional registration technique
links eachselectedsite onthecur-
rentimageto a correspondindo-
cationonthepriorimage.

Figure6.2: Theupperrowshowsheprior (left) andcurrentimage of a newly developing
mass. Themiddlerow showsthe likelihoodimagesfor both prior and currentmammo-
grams. The mostsuspicioudocationson the current likelihoodimage are selected.A
regional registration techniquethenlinks ead selectedsite to a correspondindocation
ontheprior image.
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Prior (left) andcurrentimageof a
— growing mass.

Likelihoodimage:the mostsuspi-
ciouslocationsarethewhite spots.

A regional registration technique
links eachselectedsite onthecur
2 3 rentimageto a correspondindo-
2 cationontheprior image.

Figure 6.3: Theupperrow showsthe prior and the currentimage of a growing mass.
Themiddlerow showsthe likelihoodimagesfor both prior and currentmammgrams.
Themostsuspicioudocationson the currentlikelihoodimage are selected.A regional
registration techniquesthenlinks eat selectedsite to a correspondingocation on the
prior image.
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% sC

Figure 6.4: After global registration eac suspicioussiteC = ( ; y) onthecurrent
view de nes a circular seach area on the prior view with cente P = ( ; y) and
radiusr. Thebestmatding siteinsidethis areais linkedto locationC.

eachregion pair we obtaintemporalfeaturesby subtractinghe prior featurevaluefrom
the currentfeaturevalue. We determinetemporalfeaturesfor all single view features
exceptfor thelocationfeaturesthe denseissuefeaturesandthe estimatedNolfe class.
Thisresultsin atotal of 30temporalfeatures We call the setcontainingbothsingleview
andtemporalfeatureghetempoal featue set Table6.1summariseshesefeatures.

6.2.4 Classi cation

Beforeclassi cationwe normaliseeachfeatureto zeromeanandunit variance:

wherewe usedthe whole dataseto determinethe meanf andstandarddeviation (f)
of eachfeaturef . The classi er designconsistsof the following two stages:feature
selectionandclassi er training. Both partsare donecompletelyindependenfrom the
evaluationof the classi er. We usea cross-alidationschemeo randomlypartitionthe
datasetnto a training setandatestseton a 10:1 ratio underthe constrainthatimages
from the samepatientaregroupednto the samesubset.

In the rst stagewe usethe training setto selectthe bestsubsetof features. As
featureselectowe usesequentiaforward oating selection(SFFS)(Pudil etal. 1994).
In the secondstagewe usethetraining setto train a simple 3-layerfeed-forward neural
network classi er. After trainingthe neuralnetwork assignsll regionsin the testseta
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scorethatindicateswhethertheregion is malignantor not, calledthe malignancyscoe.
By making both featureselectionand classi er designindependenof the testset, we
aimatimproving the generalisabilityof our classi cationresultsto unknavn casesn the
patientpopulation.

6.3 MassDetectionExperiments

6.3.1 Dataset

The datasetfor this study consistedof 4871 single view imagesobtainedfrom 938
women. All imagesusedin this study camefrom the Dutch BreastCancerScreening
ProgrammeFromthese4871singleview imageswe constructed873temporalimage
pairs. The numberof temporalpairswaslarger thanhalf of the numberof the images
sincefor somewomenthe mammogramé$rom threeconsecutie examswereavailable:
the diagnosticnammogramthe mostrecentprior mammogran{prior 1) andthe second
mostrecentprior mammograngprior Il), seeFigurel.3. Theimagesweredigitisedwith
eitheraCanonCFS300or aLumisys85 scannerata pixel resolutionof 50 m, andwere
averagedo aresolutionof 200 m maintainingthe original grey valueresolutionof 12
bits.

In 589imagepairsthe currentview containedexactly one malignantmass.We call
this the malignantdataset.In 44% the masswas also visible on the prior view. This
resultedin 262 temporalimagespairs with a visible masson both currentand prior
views, and 327 image pairswith a newly developingabnormalityon the currentview.
No pathologywaspresenin 2284images.We call theseimagesnormal. We manually
outlinedall malignantmassesindersupervisionof an expertradiologiston a dedicated
mammographiceview station.

For the experimentswe madetwo subdvisions of the malignantdataset.The rst
subdvisionwasbetweermasseshatwerevisible ontheprior view andmasseshatwere
notvisible on the prior view, thatis betweenvisible priorsandnormalpriors. We made
this subdvision to studywhethertemporalfeaturesare asusefulfor new lesionsasfor
existing lesions. The secondsubdvision wasbetweenmagepairsin which the current
mammogranwasa diagnostionammogranandpairsin which the currentmammogram
wasa prior | screeningoundmammogramTable6.2 summarisethedifferentsets.

6.3.2 FROC Analysis

We use Free ResponsédperatingCharacteristid FROC) methodologyto evaluatethe
detectioraccuray of thetotal datasetindthe differentsubset$or boththe basicfeature
setand the temporalfeatureset. We considera tumour as detectedwhen the initial

detectionlocationis insidethe groundtruth. If multiple detectionsarefoundinsidethe
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No. of . .
Subset . Diag Prior |
Image Pairs
malignantdataset 589 407 182
subsetwith visible priors 262 195 67
subsewith normalpriors 327 212 115

Table 6.2: Descriptionof differentsubsetsmalignantdatasetsubsetwith visible priors
and subsetvith normalpriors.

samegroundtruth regionthey areconsideredsasinglehit. We countdetectionutside
the groundtruth areasasfalsepositive signals. We only performimagebasedanalysis
asthe numberof temporalcraniocaudalimagepairsis too low to performa casebased
analysis.

Furthermorewe calculatefor eachpartition, obtainedby tenfold cross-alidationof
the original datasetthe areaunderthe FROC curve. We are mainly interestedn the
detectionperformanceobtainedfor a low numberof false positives per image as this
correspondsvith normalscreeningsituations. Thereforewe usea logarithmic scalefor
the numberof false positives perimageand calculatethe areaunderthe FROC curve
from 0.05FP/imageto 1.0 FP/image.We usethe two-sidedpairedWilcoxon testwith
0.95con dencelevel to asseshedifferencein performancdetweerthebasicfeatureset
andthetemporalfeatureset.

6.4 Results

In this sectionwe describethe resultsof the experiments First we give the performance
of theregionalregistrationmethod.Thenwe describehefeatureschosenby thefeature

selector Finally we give the detectionperformancdor thetotal datasetindthe different

subsets.

6.4.1 RegionalRegistration

We evaluatedthe regional registration performanceon a setof malignantlesionswith
known groundtruth. In this setall lesionswere visible on currentand prior mammo-
grams.As evaluationmeasurave usedthe percentag®f correctlylinkedlocations.We
considereda matchas correctwhen the location selectedby the regional registration
methodwasinsidethe groundtruth area.

Figure 6.5 shavs the performanceof the regional registrationperformance . The y-
axis plotsthefraction of correctlymatchedegions. The x-axisindicatestheradiusr of
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the circular searcharea. The size of this radiusdependson the accurag of the global
registrationmethod.A smallsearchareawould sufce for analmostperfectglobalreg-

istration. However, asregistrationis a dif cult taskin mammograph a large search
areain combinationwith aproperregionalregistrationtechniqguemightbepreferred We

comparedur combinedregistrationmethodwith the correlationmeasurdrom Sanjay-
Gopaletal. (1999).This correlationmeasuréndicateshe similarity betweerregionson

prior andcurrentviews. Our proposeccombinedregistrationusesboththe masslik eli-

hoodanda distancecriterionto selectthe bestmatch. The highestnumberof correctly
matchedegionsfor the proposedmethodwas72%for wy = 2:0 andr = 20mm. The
methodbaseddn correlationlinked 69%correctfor r = 16 mm.
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Figure 6.5: Regional registration resultsfor differentvaluesof wy compaedto thereg-
istration methodbasedon templatematding. On the horizontal axis the radius of the
searh areais plotted. Thevertical axisshowsthefractionof tumous thatwere correctly
linked by ead of theregional registration methods.

6.4.2 Feature Selection

Duringthe rst stageof theclassi cationprocedurghebestfeaturesvereselectedased
onthetrainingset. Thefeaturesetwaseitherthe basicfeature setor thetempoal featue



6.4 RESULTS 105

Group Name No. from basicset No. from 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
Linear Texture 3 9
Variance 0 2
ContrastDifference - 10
SizeDifference - 9
MassLikelihoodDifference - 3
SpiculationDifference - 2

Table 6.3: Resultsof the featue selectionprocess.The r standthe secondcolumnlist
the numberof featuesthat havebeenselectedrom the basicfeatue and the temposl
feature setrespectively

set For both setsthe featureselectionprocedureresultedin a subsetof featuresfrom
the total featureset. By ten fold cross-alidationwe obtainedten different subsetsof
features.Table6.3 lists the numberof selectedeaturedor the basicfeatue setandthe
tempoal featule set

FromTable6.3 we seethatthe mostfrequentlyselectedemporalfeaturesarediffer-
encein contrastdifferencein size,anddifferencein masdlik elihood. At the sametime
correspondindeaturesfrom the basicfeaturesetwere selectedessfrequently Sothe
temporalfeaturesvereselectednsteadof their correspondindpasicfeatures For exam-
ple the basicfeatureselectoralmostalwaysselectsthe featuresize, while the temporal
featureselectorinsteadchosethefeaturedifferencein size An explanationmightbethat
differencefeaturescontainbothinformationaboutthe currentregion aswell astemporal
information. Table 6.4 lists someinformationaboutthe selectedemporalfeatures.We
calculatedthe meanandthe standarddeviation for both the currentfeatureandfor the
correspondinglifferencefeature. We furthermorestudiedthe differencebetweenfalse
positive regionsandtrue masslesions. The table shows that differencefeaturesfor the
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FalsePositives True Positives
Feature Basic Temporal Basic Temporal A,
mean sd mean sd mean sd mean sd
Size 0.26 0.10 -0.02 0.16 054 0.28 0.21 0.34 0.67

Likelihood 158 0.11 0.04 0.27 204 0.11 0.33 025 0.66
Contrast 035 0.03 0.01 004 060 0.09 021 0.10 0.75

Table 6.4: Meanandstandad deviation (sd) of selectedempoal featuresfor falsepos-
itivesandtrue positives.Themostfrequentlyselectedempoel featueswere difference
in size,differencein contrastand differencein masslikelihood. Thelast columnshows
the A, valuefor the selectedempoal featues.

falsepositive regionshave smallvaluesindicatingthaton averagethe featuresstaymore
orlessconstantluringtime. For thetruepositveswe nd thatmostfeaturevalueschange
duringtime. On averagdruepositvesarelarger, have ahighermasdik elihood,andhave
more contrastcomparedo lesionsone screeningoundearlier We evaluatedthe indi-
vidual performanceof eachselectedemporalfeatureby calculatingthe areaunderthe
individual ROC curve. For this purposewe rst appliedour initial detectionalgorithm
to selectthe mostsuspiciousregion in eachimage. This resultedin 200 falsepositive
regionsand389true positive regions. We usedtheseregionsto construcian ROC cune.
The last columnin Table 6.4 givesthe areaunderthe ROC curne (A, value)for each
selectedemporalffeature.

6.4.3 FROC analysis

Figure6.6 shawvs the massdetectionperformancdor the basicfeaturesetandthe tem-
poral featureset. The gure shavs that temporalfeaturesimprove the detectionper

formance,especiallyat a low numberof FP detectiongerimage. Table 6.5 givesthe
resultsof the Wilcoxon statisticfor the total datasetindthe two subsetsThe difference
in performancédetweerbothfeaturesetsis statisticallysigni cant.

We furthermorecalculated=ROC curvesfor the differentsubsetsFigure6.7 shavs
theresultsfor massesvith visible andnormalpriors. We seethatmasseshatarevisible
ontheprior pro t morefrom temporafeatureshanmassesvith normalpriors.

Figure6.8shavstheresultsfor mammogranpairsin whichthecurrentmammogram
is the diagnosticmammogramand pairsin which the currentmammogranis a prior |
mammogramThedetectionperformancdor diagnostionammogramss betterthanfor
prior | mammogramsBoth subsetshav animprovementwhentemporalfeaturesare
used.Thesemprovementshowever arenot statisticallysigni cant.
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Figure 6.6: Image based=ROC detectiorresultsfor the basicfeatue setandthetempo-
ral feature set.

Total Visible Normal . .
. . Diag Prior |
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
Cl (0.00,0.03 (0.02,0.08 (-0.01,0.06) (-0.01,0.03) (-0.01,0.04)

Note:— Statisticallysigni cant. Cl = Con dencelntenal

Table 6.5: Resultsof the Wilcoxon's testfor the statisticaldifferencein areaunderthe
FROC curve for different datasets. The r st two rows givesthe meanarea underthe
FROC curvefor the basicandthe tempoel featue set. Thethird row givesthe p-value
for Wilcoxon's statistic. Thelast row givesthe 95%con denceinterval.
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Figure 6.7: Image basedFROC detectionresultsfor the subsetsn which the masswas
visiblecg. notvisible on the prior mammgram.
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Figure 6.8: FROC detectiorresultsfor the subsetsn which the currentmammagramis
thediagnosticmammgramandtheprior | mammgramrespectively
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6.5 Discussion

In this study we investicatedthe additionalvalue of temporalfeaturesfor our detec-
tion scheme.For this purposewe useda simpli ed versionof the registrationmethod
describedn Chaptel5. Thisregistrationmethodcombineghemasdik elihoodandadis-
tancecriterionto determindor eachregiononthecurrentview thebestmatchingocation
onthe prior view. Thistechniquecorrectlylinked 72% of all masslesion. This method
is fastaswe alreadycalculatedhe masdik elihoodin the singleview CAD programme.
Furthermorehe methodis completelyautomatic.

Weusedfeatureselectiorto nd thebestfeaturesn thebasicandthetemporafeature
set. Thefeatureselectionmethodmostfrequentlyselectedhe following 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
mammographichangesn massesegardingto sizeandcontrast.In thatstudywe also
foundthatthe featurescontrastandsizebothincreasedn time. Thesefeaturescanthus
beusedastumourmarlers.

Figure6.6 givesthe detectionperformanceof the total datasetvith andwithout the
useof temporalfeatures.The detectionperformancesigni cantly improvedwhenusing
temporalfeatures.In the currentstudywe calculatedemporalfeaturesfor all regions,
regardlessof whetherthey werevisible on the prior or not. Figure6.7 shavs the results
for existing andnew lesions.We seethatmasseshatarevisible on the prior pro t more
from the use of temporalfeaturesthan masseghan nev massesalthoughthesealso
shav a small—notsigni cant—improvementwhen temporalfeaturesare used. This
indicateghattemporalfeatureshave adifferenteffect on bothgroups.Therefordt might
be better rst to classifyall regionson the currentasnew or existing andthendecide
whichfeaturedo calculatefor eachgroup. Somefeaturescanbeusefulfor bothnew and
existing lesions. An exampleis contrast.If atumouris not visible on the prior we can
de ne anarti cial region atthelocationselectedy theregionalregistrationprogramme
andcalculatecontrastmeasurensidethis region. Thenwe cancomparehe contrastof
this region with the contrastof the region on the current.For the featuresizewe cannot
usethesizeof thearti cial region, asnothingis visible. Insteadwe canfor instanceset
the sizeto zerowhennothingis visible on the prior view. From the abore mentioned
exampleswe concludethat it might be usefulto take into accountwhethera region is
new or alreadyexisted. Calculatingdifferentfeaturesfor both groupsmay leadto a
betterdetectionperformance.

In summarywe performedastudyin whichwe obtainedemporaldifferencefeatures
by subtractingthe prior featurevalue from the currentfeaturevalue for corresponding
regions on both views. We obsered an improvementin detectionperformancewvhen
using thesetemporaldifferencefeatures. In the next chapterwe focus on developing
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speci ¢ temporalmeasureshatdeterminewhetherprior andcurrentregionsaresimilar

in appearanceWhen both regionsare similar, it is likely that the region representa

falsepositive detectionor a slonly growing benignmass.On the otherhand,if aregion

haschangedconsiderablythis is more suspecfor a malignantlesion. Thesefeatures
thereforemight be usefulto discriminatebetweerbenignandmalignantesions.






Chapter 7

Inter val ChangeAnalysisfor the
Characterisation of Masses!

In this chaptemve investigatethe useof temporalfeaturego improve thecharacterisation
of masseskFor this purposewne rst applytheregionalregistrationtechniquedescribedn
Chaptel5 that nds for eachmasdesiononthe currentview alocationonthe prior view
wherethe massmostlikely developed. For the taskof interval changeanalysiswe use
two kinds of temporalfeatures:differencefeaturesand similarity features. Difference
featuresndicatethe (relative) changen featurevaluesdeterminedbn prior andcurrent
views. Thesefeaturesnaybeespeciallyusefulfor lesionsthatarevisible on bothviews.
Similarity featuresmeasuravhethertwo regionsarecomparablen appearancandmay
be usefulfor lesionsthat are visible on the prior view aswell asfor nenly developing
lesions. We evaluatethe effect of thesefeatureson the performanceof a CAD system
thatdiscriminatedetweerbenignandmalignantiesions.

7.1 Intr oduction

An importanttask of radiologistsin mammograph is to discriminatebetweenbenign
andmalignantlesions. In clinical practicea radiologistcarefully analysesall detected
lesionsandclassi eseachlesionasbenign,probablybenign,suspiciouspr highly sug-
gestie of malignang. The BI-RADS reportingsystemprovidescriteriaon which radi-
ologistsshouldmale this classi cation(D'Orsi & Kopans1997;Orel etal. 1999). The
subsequenmanagementf lesionsmainly dependson this classi cation. For proba-
bly benign ndings short-interal follow-up is suggestedFor suspiciousabnormalities

1This chapteiis basecbn Timp etal. (2006b)
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biopsyshouldbe consideredA gooddecisionincreaseshe numberof correctlydetected
malignancieandreducesinnecessargdditionalexaminations.

Masslesionshave somecharacteristicshatcanbe usedto discriminatebetweerbe-
nignandmalignantesions(Friedrich& Sickles2000;Homer1997).An importantchar
acteristicis the maigin type of alesion. Most benignmassepossessvell-de ned sharp
borderswhile malignanttumoursoften have ill-de ned, micro-lokbulated,or spiculated
borders. Especiallya spiculationpatternis strongly associatedvith the presenceof a
malignantlesion. Thedifferentialdiagnosisof a spiculatedesionis shortandincludesa
postoperatie scar aradialscay fat necrosispr ary procesgesultingin marked brosis.
Anothercharacteristithatmay be helpful in discriminatingbetweerbenignandmalig-
nantlesionsis the shapeof alesion. The shapeof benignlesionsis oftenroundandoval,
comparedo a moreirregular shapeof mostmalignantlesions. The last differencebe-
tweenbenignandmalignantlesionsis the tumourbehaviourover time. Benignmasses
tendto changeslowly andhave a moreor lesssimilar appearancen two consecutie
screeningnammogramsMalignantmasse®n the otherhandmay changeconsiderably
andbecomemoresuspiciougiuringtime. This chapterfocuseson the designof features
thatcapturetemporalchangedo improve the characterisationf masdesions.

Somestudieshave beendoneto evaluatethe effect of using temporalinformation
on eitherthe detection(Bassettet al. 1994; Thurfjell etal. 2000; Callavay et al. 1997)
or characterisatiofVarelaet al. 2005; Hadjiiski et al. 2004) of masslesions. The last
two studiesare obsenrer studiesthat evaluatethe effect of prior views on the ability of
radiologiststo discriminatebetweemmalignantandbenignlesions. Varelaet al. (2005)
did a studywith six radiologistsandfoundthatthe performancef eachradiologistim-
proved when using prior mammograms.Hadjiiski et al. (Hadjiiski et al. 2004) did a
studywith eightradiologistandtwo breastimagingfellows andalsofounda signi cant
improvementwhentheradiologistsusedprior views.

To our knowledgeonly onestudycomparedhe performancesf a CAD systenwith
andwithout using prior views (Hadjiiski et al. 2001b). The datasefor that studycon-
sistedof mammogram&om two consecutie screeningoundswith avisible masdesion
onthecurrentandprior view. A radiologist rst identi ed themasdesionon currentand
prior mammogramsifterwhich a CAD programmecalculatedsingleview andtemporal
features.On a datasetonsistingof 140temporalimagepairsthe A, valuesigni cantly
increasedrom 0.82to 0.88whentemporalfeaturesvereaddedio the CAD system.

In this chapterwe develop a CAD programmefor temporalchangeanalysisto im-
prove the characterisationf breastmassesThis programmecombinessingleview and
temporafeaturedo determinealik elihoodof malignang for eachmasdesion.Our pro-
posedmethodhassomeadvantages First, our methodis almostcompletelyautomatic.
It only requiresmanualidenti cation of the masson the current view, afterwhich are-
gionalregistrationprogrammeas appliedto identify alocationon the prior view thatbest
correspondsvith thecurrentmasdesion. Existingmethodgequiremanuaidenti cation
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of the masson both prior andcurrentviews. Secondpur methodis not only suitedfor
masseghat arevisible on the prior view but alsofor masseghatarenew. This corre-
spondswith normalscreeningsituationswhereonly somelesionsarevisible onthe prior
view. Third, besideasingdifferencefeaturesve includetemporalfeatureghatmeasure
changesn appearancbetweeramassegion onthecurrentview andasimilarregionon
theprior view. Thesefeaturegdiscriminatebetweerbenignlesionsthatstaymoreor less
constanfandmalignantiesionsthatchangebetweertwo consecutie screeningounds.

Radiologistscan usethis programmeasan aid to characterisenasslesions. When
a radiologistusesthis methodhe should provide the coordinatesof the lesion on the
currentview. The programmehenautomatically nds a correspondindocationon the
prior view anddeterminessingleview andtemporalfeaturesto estimatethe likelihood
thatthe lesionis malignant. Studiesin the literaturesuggesthat a radiologistcanuse
this likelihoodof malignancyto improve interpretatiorof lesions(Hadjiiski et al. 2004;
Huoetal. 2002;Chanetal. 1999).

We evaluatethe performanceof our methodon a datasetconsistingof 238 benign
and 227 malignanttemporalmammogranpairs. Furthermorewe split the dataseinto
two subsetsThe rst subsetonsistof masseshatarevisible ontheprior view andthe
secondsubsef masseshatarenot visible on the prior view. We studywhich features
areusefulfor eachsubsetanddetermineheclassi cationperformancdor eachsubset.

Theremainderof this chapteris organisedasfollows. Section7.2 explainsthe pro-
posedCAD methodfor characterisationf masdesions.Section7.3describesheexperi-
mentsjncludingthedatasein Section7.3.1,andtheclassi cationresultsin Section7.3.2
and7.3.3.Thelastsectioncontainsa discussiorandconclusion.

7.2 SingleView and Temporal CAD Programme

This sectiondescribeur CAD programmehat processesnammogram$rom consec-
utive mammographiexamsin which the mostrecentmammograncontainsa visible
lesion. This lesionhasbeenannotatedy or undersupervisiorof an expertradiologist.
Figure7.1shovs anexampleof a casethatconsistsof threeconsecutie mammograms.
In this examplewe seethat priors are not always available for CC views. The CAD
programmeconsistsof the following three componentsinitial CAD programme sin-
gle view partandtemporalpart. Subsectior?.2.1describegheinitial CAD programme
thatincludessomepre-processingtepsanda pixel level massdetectionalgorithm. This
algorithm detectstumour characteristicand assignseachlocationin the breastareaa
scorethatindicateshow likely it is thatalesionis presentSubsectiory.2.2describeshe
singleview partthatis appliedto all currentimages.In brief a segmentatiomprogramme
determines contourfor eachcurrentlesionafter which several featuresare calculated
to discriminatebetweerbenignandmalignantlesions.A SupportVectorMachineclas-
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si er combineghesefeaturesinto a singlemalignany scorethatindicateswhetherthe
lesionis malignantor not. Subsection/.2.3 describeghe temporal CAD programme
thatis appliedto imagesfor which prior views areavailable. This programmeworks as
follows. A regional registrationmethod nds for eachseggmentedesionon the current
view a correspondindocationon the prior view wherethe massmostlikely developed.
We calculatetwo kinds of temporalfeaturesat this locationto measurentenal changes
betweerthe currentlesionanda correspondingegion on the prior view. We addthese
temporafeaturedo thesingleview featurego improve thecharacterisatioperformance.

.\

o . .
temporal\ /smglewew

imagepair \ /

rst temporal
mammogranpair

Figure 7.1: Exampleof three consecutivenammgrams of the samewoman. Mam-
magramsare displayedin chronolagical order The bottomrow representsa referral
mammagram. A malignantlesionis presentin theleft MLO image of thereferral andits
correspondingprior mammg@ram. The mammg@ramsfrom two consecutivescreening
roundsform a tempoal mammgram pair. This caseprovidestwo tempoal mammo-
grampairs. Thebottomand middlerowsshowthe r st mammagram pair, in which the
referral mammgram representghe currentmammgram. This mammgram pair con-
sistsof twotempoel image pairs (left andright MLO current-prior) andtwo singleviews
(leftandright CC). Thetop andmiddlerowsformthe secondnammgrampair, in which
themammgramprior to referral representghe currentmammgram. Thismammgram
pair containstwo tempoal image pairs (left andright MLO current-prior).
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7.2.1 Initial CAD programme

Below we shortly describethe initial CAD programmefor detailsseeChapter2. The
initial CAD programmeis appliedto all prior and currentimages. We startwith pre-
processingll images:segmentatiornof theimageinto breasttissue,backgroundissue,
andpectoralmuscle(Karssemeijed 998); peripheralenhancemerto correctfor differ-
encesn tissuethicknessandremoval of thesharptransitionin grey level from thebreast
areato the pectoralregion (Timp & Karssemeije2006). We thenapply a pixel level
massdetectionalgorithmthat estimateghe potentialpresencef a tumourat eachloca-
tion insidethe breastarea. For this purposewe calculateat eachlocationtwo features
for the detectionof a spiculationpatternor architecturadistortionandtwo featuresfor
the detectionof afocal mass.A neuralnetwork classi er combineghesefeaturesnto a
singlescorethatrepresenthelik elihoodthatamasss presenatthatlocation. Therefore
we call this classi er outputscorethe masdikelihood

7.2.2 SingleView CAD

After pre-processinthesingleview CAD programmeprocesseall currentimages First
the mathematicatentreof massof the radiologists'annotationis determinedor each
masdesion. A sggmentatioralgorithmbasedn dynamicprogramming—fodetailssee
Chapter3—usesthis locationas startingpoint to determinea contourfor eachlesion.
For eachsggmentedesionseveralsingleview featuresaredeterminedhatareusefulfor

characterisatiomf masslesions. A SupportVector Machineclassi er combinesthese
featuresinto a single scorethat representshe probability that the lesionis malignant.
Table 7.2 summariseshe single view featuresthat include spiculationmeasuresbor-

der features location featuresmorphologicalfeatures,and a featurethat indicatesthe
presencef micro-calci cations.For adescriptionof thesefeaturesseeChapter2.

7.2.3 Temporal CAD

ThetemporalCAD partconsistof threesteps.In the rst stepprior andcurrentimages
areglobally registeredusinga centreof massalignment(VanEngelandetal. 2003). Af-
ter alignmentwe usethe centrecoordinatesf the currentlesion( »; y) asmidpoint
of a circular searchareaon the prior view with radius2 cm. Insidethis searchareawe
usearegionalregistrationprogrammeo selectthe locationon the prior view wherethe
massmostlikely developed. This registrationmethodhasbeendescribedn detail in
Chaptels. Shortlythe methodworksasfollows. At eachlocation(i; j ) insidethesearch
areawe calculatethreeregistrationmeasuresmasslikelihood, distanceand grey level
correlation.The masdik elihoodindicatesthe potentialpresencef a massat eachloca-
tion. The distancemeasureandicatesthe distancefrom (i; j ) to the centreof the search
area( x; y). Thelastmeasurds Pearsors correlationbetweerthe currentregion and
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asimilarregion ontheprior view centredat (i; j ). A lineardiscriminantanalysis(LDA)
classi er combinesthesemeasures—madikelihood, distanceand correlation—intoa
singlescore:theregistration scole. We selectthe locationwith the highestregistration
score(is; js) asmatchfor the currentmasslesion. Figure7.2 shovs someexamplesof
temporalimagepairsandthelocationselectedy theregionalregistrationprogramme.

We thenusethe location (is; js) asstartingpoint for our segmentationalgorithm.
This algorithm determinesa contourof the region on the prior view, independenbf
whetherthe lesionis visible or not. We extractedsingle view featuresfrom the sey-
mentedregion onthe prior view andcalculatetwo kinds of featureghatmeasurgempo-
ral changesdifferencefeaturesandsimilarity features.

DifferenceFeatures Differencefeaturesmeasurechangesn featurevaluesbetween
theprior andthe currentregion. In our experimentsave determinalifferencefeaturedor
all singleview featuresxceptfor thelocationfeaturesFor thefeature'size” we usethe
relative changebetweerthe featurevalue of the currentregion andthe featurevalue of
the prior region. For the otherfeatureswve usethe absolutechangeasthesefeaturesare
alreadynormalisedmeasures Differencefeaturesmay be especiallyhelpful whenthe
tumouris alreadyvisible ontheprior view. Whenthelesionis notyetvisible ontheprior
view the contourde ned by our sggmentationprogrammes not meaningful. Features
thatdependn the contoursuchasthesizeof aregion arenot usefulin thatcase.

Similarity Features Thesecondyroupof temporafeaturesmeasureghe similarity be-
tweenthe currentregion andthe selectedegion on the prior view.

Regional RegistrationScore.The rst similarity featureis the outputfrom there-
gionalregistrationprogrammeThis featurecorrespondsvith thelikelihoodthata
correctlink hasbeenestablishedA low registrationscorethereforemayindicate
thatthelesionis not visible on the prior view. The classi er might usethis infor-
mationto determinethe relative usefulnes®of temporaldifferencefeatures. The
registrationscoreon its own may alsohelp to characterisenasslesions. A high
registrationscorefor examplemay indicatethe presencef a benignmasswhen
the massis olvious on the prior view—resultingin a high masslikelihood—and
similar on prior andcurrentviews—resultingn a high correlationmeasureA low
registrationscoreon the otherhandmay suggesthe presencef a malignantle-
sion as malignantlesionsoften changemore betweentwo consecutie screening
rounds.

Relatve Grey Level Change.The secondsimilarity featurecalculateghe relative
differencein grey level betweerthe currentandprior region. For this purposewe
transformthe currentimagesuchthatits grey level histogrammatcheghat of the
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(a) Onprior andcurrentviews abenignmasss presenthat
is similarin appearancen bothviews.

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

Figure 7.2: Pairs of tempoal images. Left and right images correspondto prior and
currentviews. In ead prior view thearrowindicatesthelocationselectedytheregional
registration programme Fig. 7.2(a)showsa benignmasshatis similar ontheprior and
thecurrentview. Thebenignmassin Fig. 7.2(b)is notyetvisible on the prior view. The
registration programmeselectgshe mostprobablelocationon the prior view.
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. O

(c) Onthecurrentview a malignantmassis present.The
prior view shavs no abnormality

Figure 7.2: (cont.) Pairs of tempoal images. Fig. 7.2(c) showsa malignantmasson
the current view. On the prior view no abnormalityis discernible The registration
programmeselectshe mostprobablelocationon the prior view.

prior image.We rst calculatefor the prior andthe currentimagethe cumulatve
histogramsof the grey valuesinside the breastarea. For eachgrey level y the
cumulatize histogramsare

fc(y)=  Hc(i) fe(y)=  He(i);
i=0 i=0
whereH ¢ (Hp) is thehistogramof the grey valueinsidethe current(prior) breast
area.We thentransformeachgrey level y of the currentimage

y=fp(fc(y):

After histogrammatchingwe determinethe relative grey level changebetweena
similar region on the prior andthe currentview. We usethe sggmentedregion
on the currentview asatemplateand put this templateover the selectedocation
(is;]s) onthepriorimage.Therelative grey level changebetweerbothregionsis

1 X
RGLC = (¥e(m;n)  yp(m%n9);
(m;n)2C

wherethe summationis performedover all locations(m; n) inside the current
region C. N denoteshe numberof pixels inside C, y.(m; n) the transformed
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grey level atlocation(m; n) in C andy,(m® n9 thegrey level atthesamerelative
locationin the prior regionwith centre(is;js).

7.2.4 CaseBasedClassi cation

As classi erwe usea SupportVectorMachine(Cristianini& Shave-Taylor 2000)where
we usetheimplementatiorprovidedin thefreely availablepackagdrom CRAN (Hornik
2005). We usethe radial basiskernelfor training andtesting. For testingwe usethe
probability modelfor classi cation assumingequalpriors. The probability model for
classi cation ts a logistic distribution usingmaximumlik elihoodto the classi er out-
puts. Theprobabilisticregressiormodelassumegzero-mean).aplace-distribtederrors
for thepredictionsandestimateshe scaleparameteusingmaximumlik elihood(Hornik
2005).

As not all imagesin our datasetave prior views (seeFigure7.1) we train two dif-
ferentclassi ers: a singleview classi er anda temporalclassi er. For both classi ers
we applya 20-fold cross-alidationschemeo partitionthedatasetnto atrainingsetand
atestset. The singleview classi er estimatedor eachimagethe posteriorprobability
p(mjx sy ) thatalesionis malignantgiventhefeaturevectorx s, with singleview features
extractedfrom the currentregion. The casebasedmalignang score (1) combineshe
posteriomprobabilitiesfrom availableMLO andCC views to estimatethelik elihoodthat
alesionis malignant.WhenbothMLO andCC views arepresentve usethesumruleto
determinghis casebasedmalignany score(Kittler etal. 1998):

()= 2P oMixey) + Pec(Mixey):

Whenonly the MLO imageis availablethe casebasedmalignang scoreis equalto the
posteriomprobabilityfrom the MLO view:

(l) = Pmi o(mjxsv):

To includetemporalinformationwe train a secondtemporal)classi er thatdetermines
the posteriorprobability p(mjx;) that a lesionis malignantgiven a temporalfeature
vectorx; containingsingleview, differenceand/orsimilarity features.The casebased
malignang score (l) indicatesthe likelihoodthat a lesionis malignantand depends
on the available views of the currentand the prior mammogram. We distinguishthe

following situations.

Thetemporalmammogranpair only containsatemporalMLO imagepair. Forthe
currentmammogrammo CC views areavailable. This situationcorrespondsvith
the secondnammogranpair in Figure7.1. We usethe posteriorprobability from
theMLO view asthe casebasednalignang score:

(1) = Pmio(MjX¢):
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Thetemporalmammogranpair consistof atemporalMLO imagepairandsingle
view CC images. Prior CC views are not available. For exampleseethe rst

mammogranpairin Figure7.1. To determinghecasebasedmalignany scorewe
usethe sumrule to combinethe posteriorprobabilitiesfrom the temporalMLO

classi er andthesingleview CC view classi er:

()= 2P omMix) + pec(mixs,)):

Thetemporalmammogranpair consistof atemporalCC imagepair anda tem-
poralMLO imagepair. We usethe sumrule to combinethe posteriorprobabilities
for the MLO andCC view, bothobtainedwith thetemporalclassi er:

(1) = (P o(mix,) + Peo(mix):

For the evaluationof the singleview andthetemporalCAD systenwe useRecever
OperatingCharacteristi§ROC) methodologyMetz 1986;Metz etal. 1998b).We quan-
tify theclassi cationaccurayg astheareaunderthecasebasedrOCcurwe (A, value).To
testwhethetemporalfeaturesmprove the performanceve performa pairedcomparison
of bothconditions—CADwith andwithout the useof temporalfeatures—withregardto
differencesn theareaunderthe two estimatedrOC curwves. For this purposeve usethe
freely available CLABROC software(Metz etal. 1998a).

7.3 MassCharacterisation Experiments & Results

7.3.1 Dataset

The mammogramsisedin this studyall camefrom the Dutch BreastCancerScreening
Programme.All womenaged50-75areinvited bi-annuallyto participatein this pro-

gramme. Two mammographiviews—mediolateralobligue (MLO) andcraniocaudal
(CC)—areobtainedattheinitial screeningAt subsequergcreening®nly mediolateral
viewsareobtainedunlesghereis anindicationthatadditionalcraniocaudaViewswould

be bene cial. All imagesweredigitisedwith a CanonCFS300laserscanneiat a pixel

resolutionof 50 m andaveragedo aresolutionof 200 m maintainingtheoriginal grey

valueresolutionof 12 bits. All visible massesvereannotatedy or undersupervisiorof

anexpertradiologist.

For the experimentswe usedconsecutie mammogramgrom a collectionof cases
that were referredbetween1996 and 2000. Thesecasesconsistof mammogramsat
referralandmammogram$rom up to two previous screeningounds. All imagesfrom
two consecutie screeningroundsform a temporalmammogramnpair. In a temporal
mammogranmpair we call the mostrecentmammogranthe currentmammogramand
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No of Cases BenignCases Malignant

Name Set (Images) (Images) Casegqlmages)
total dataset 465(720) 238(356) 227(364)
temporaldataset 465(542) 238(279) 227(263)
singleview dataset 178(178) 77(77) 101(101)
subsetvith visible priors  202(246) 108(133) 94 (113)
subsetvith normalpriors 263(296) 130(146) 133(150)

Table 7.1: Informationaboutthe subsets.

the mammogranfrom one screeningound earlierthe previous or prior mammogram.
Figure7.1 shavs an exampleof a casethat containstwo temporalmammogranpairs.
The rst mammogranpair consistsof the referralmammogramand the mammogram
from the screeninground prior to referral. In this temporalpair we call the referral
mammogranthe currentmammogram.This casecontainsa secondmammogranpair
becaus¢hemasdesionis alsovisible onthemammaogranprior to referral. In thissecond
mammogranpair the mammogranprior to referralrepresentshe currentmammogram
andthe mammogranobtainedonescreeningoundearlierthe prior mammogramThis
meanghat at the time the currentmammogranwastaken the womanwasnot referred
for furtherexamination. Thesemammogranpairsmake up 35% of thetotal datasetind
oftencontainsubtlelesionsthataredif cult to characterise.

We constructedhe datasefor the experimentsby collectingall temporalmammo-
grampairsin which the currentMLO view containedexactly onevisible masslesion.
This resultedin 465 temporalmammogranpairs, 238 benignand 227 malignant. The
temporalmammogranpairs consistsof 542 temporalimage pairs—465MLO and 77
CC—andl178singleview CCimageswith avisible masdesion. Thesingleview images
form the single view dataset the temporalimagepairsthe tempoal dataset We con-
structedwo differentsubset®f thetemporaldatasetThe rst subsetonsistoof masses
thatarealsovisible on the prior view andis calledthe subsetwith visible priors. This
setcontains202 casesThesecondsubsetonsistof masseshatwerenotvisible onthe
prior view andis thereforecalledthe subsetwith normal priors. This setcontains263
cases.Table7.1 summariseinformationaboutthe subsetsWe evaluatedthe bene t of
usingtemporalfeatureson thetotal dataseaswell ason differentsubsets.

7.3.2 SingleView Classi cation

This sectionpresentghe resultsof our singleview CAD system. Table 7.2 givesthe
performanceof the individual featuresmeasuredsthe areaunderthe ROC curve (A,
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Feature Name Description A,

fl spiculation 0.68
f2 spiculation 0.68
f1 meanvalueof f1 insidethe segmentedegion 0.68
f2 meanvalueof f2 insidethesgmentedegion 0.66
size sizeof the sggmentedegion 0.58
circularity ratio betweemperimeterandsize 0.52
calci cation numberof calci cations 0.54
locx relative x-location 0.56
locy relative y-location 0.50
BC continuity of the contour 0.62

Table 7.2: Summaryof the single view featues. For eat feature we calculatedthe
individual A, value for the total datasetconsistingof 238 benignand 227 malignant
masdesions.

value)for thetotal datasetonsistingof 238 benignand227 malignantmasdesions.For
eachregion we constructedh single view featurevectorthat containedall single view
featuresasdescribedn Table7.2. Table 7.5 givesthe performanceobtainedwith this
featurevectorfor thetotal datasetthe subsetwvith visible priorsandthe subsetwvith nor
mal priors. Thistableshowvs thatthereis alarge differencein classi cationperformance
betweerthe subsetwith visible priorsandthe subsetwith normalpriors. For theformer
theaverageA; valueis 0.79,for thelatter0.72. This may be explainedby the obsera-
tion thatmasseén the setwith visible priorsareoftenquite obviouson the currentview.
This may resultin moredistincttumourcharacteristicenakingit easiento characterise
theselesions. The setwith normalpriors on the otherhandconsistsof masseshatare
only visible onthecurrentview. This setthereforealsocontainssubtlemassesvhichare
harderto classify

7.3.3 Temporal Classi cation

This sectiondescribeghe resultsof our temporalCAD programme. This programme
usessingleview featuresextractedfrom the currentregion, similarity featuresandthe
four bestperformingdifferencefeatures.The bestperformingdifferencefeatureswvere
relative differencein size,differencein bordercontinuity, andtwo featureghatrepresent
the differencein spiculation. Table 7.3 summariseshe individual performanceof the
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Figure 7.3: ROC curvefor the singleview (SV)featue vectorandthetempogl feature

vectorl (T I). Fig. 7.3(a)givesthe ROC curvefor thetotal datasetfig. 7.3(b)givesthe

ROC curvefor the subsetsvith normalandvisible priors. For eac setthe performance
improveswhentempoal featuesare used.
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Feature Name  Description A,

Similarity Features

registrationprob  probabilitythatmatchis correct 0.60
RGLC relative grey level change 0.63
DifferenceFeatures

size diff relative differencen size 0.61
f 1_diff absolutedifferencein f 1 0.62
f 2_diff absolutaifferencein f 2 0.62
BC_diff differencen continuityof theborder 0.61

Table 7.3: Summanyof the tempoal featues. For ead featue we calculatedthe indi-
vidual A, value

selectedemporalfeatureson thetemporaldataset.

For eachregionwe constructedhreedifferenttemporafeaturevectors seeTable7.4.
The rst temporaffeaturevectorcontainssingleview andsimilarity featuresThesecond
temporalfeaturevectorcontainssingleview anddifferencefeatures.The lasttemporal
featurevectorcontainssingleview, similarity, anddifferencefeatures.Table 7.5 gives
the classi er performanceobtainedwith the differentfeaturevectorsfor eachdataset.
We usedthe CLABROC programmeo comparethe performancebtainedwith the sin-
gle view feature vectorwith the performanceobtainedwith differenttemporalfeature
vectors. We found that the useof tempoal featue vector| signi cantly improved the
classi cationperformancdor thetotal datase{P = 0:005, two-tailed)andfor thesubset
with visible priors (P = 0:02, two-tailed). Theimprovementfor the subsetith normal
priorshoweverwasnotsigni cant (P = 0:11, two-tailed).Figure7.3shavs ROC curves
obtainedwith the single view featule vectorandtempoal featue vectorl. For tempo-
ral featue vectorll —containingsingleview anddifferencefeatures—thelassi cation
performanceonly improved for the setwith visible priors. This improvementwas not
signi cant (P = 0:22, two-tailed). For the setwith normalpriorsthe performanceven
decreasedndicatingthat differencefeaturesmay not be usefulfor lesionsthat are not
visible ontheprior view. Thelasttemporalfeaturevector—tempoal featue vectorlll —
containedsingleview, difference andsimilarity features.The useof this featurevector
improvedthe classi er performancdor thetotal datase{P = 0:05, two-tailed)andfor
the subsetwith visible priors(P = 0:06, two-tailed).

To estimatethe usefulnes®of differencefeatureswe investigatedthe differencebe-
tweenthe classi cation performanceobtainedwith tempoal feature vector| andthe
performancenbtainedwith tempoal featule vectorlll . For the subsetwith visible pri-
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Name Description No.
singleview featurevector singleview features 10
temporalfeaturevectorl singleview andsimilarity features 12
temporalfeaturevectorll  singleview anddifferencefeatures 14

temporalfeaturevectorlll  singleview, differenceandsimilarity features 16

Table 7.4: Summaryof the different feature vectos. The r st columngivesthe name
of the featule vector the secondcolumnthe featuesthat ead vectorcontains,and the
last columnthe numberof featuiesin ead vector The r stsetonly containssingleview
featulesextractedfromcurrentlesions.Thetempoal featue vectos containsingleview
andtemposl featuies.

SingleView  Temporal Temporal Temporal

Dataset Fv FV I FV I =Vall

totaldataset  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: A, value and standad deviation for different featue vectos and different
subsets.The single view featule vector consistsof featues extractedfrom the current
masdesion. Tempoal featurescontaininformationof bothprior and currentregions.

orsbothfeaturevectorshadan equalperformanceindicatingthatdifferencefeaturesdo
not have an additionaleffect when similarity featuresare alreadyused. For the subset
with normalpriorsthe additionof differencefeaturesevenleadto a decreasén perfor
mance.Theseresultssuggesthatsimilarity featuresarepreferredover acombinationof
similarity anddifferencefeatures.

7.4 Discussion

In this chapterwe presenta completelyautomatedemporalCAD programmefor the
characterisationf masdesions.This CAD programmaeausestwo two kinds of temporal
features:differenceand similarity features.We rst discussthe useof differencefea-
tures. Thesefeaturesonly improved the performancevhenthe masslesionwasvisible
ontheprior view. In a previous studyHadjiiski et al. (Hadjiiski etal. 2001b)evaluated
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the effect of differencefeatures. This work was restrictedto caseswhich hadvisible
masse®n the prior views. They found animprovementin A, valuefrom 0.82to 0.88
whenaddingdifferencefeatures.In our studythe A, valueimprovedfrom 0.79to0 0.81
whenusingdifferencefeatureson the setwith visible priors. Therearesomedifferences
betweerbothstudies.In our experimentsve usedanautomatedegistrationprogramme
to determinehelocationof the masdesionon the prior view while in their studyaradi-
ologistindicatedthis location. To investicgatewhetherthis in uenced the resultswe did
anexperimentin which we usedthe centreof the manualsggmentatioron the prior view
insteadof the location selectedby the registrationprogramme.In this experimentthe
classi cationperformanceéncreasedo 0.82for the setof visible massesThis resultdif-
fersnot muchfrom the proposedCAD methodindicatingthatwe canuseour automated
registrationprogrammensteadof manualannotationsAnotherdifferencebetweerboth
experimentsconcernghe useddifferencefeatures.Hadijiiski et al. usedtexture differ-
encefeatureswhile this studyincludedonly spiculationand morphologicaldifference
featuresTexturefeaturesmaybeusefulwhenthemasdesionis subtleontheprior view.
The last differencebetweenboth experimentsconcernghe dataset.In the Netherlands
thereferralpercentagés verylow, aboutl.0%. We believe thatbecausef thislow refer
ral ratebenigncasesn our datasetirebiasedowardscaseshatshaov temporalchanges,
asthesecasedook moresuspiciousandarethusearlierreferred. Benigncaseghatre-
main constantbetweentwo screeningoundsare often not referredin the Netherlands.
Thereforghedatasetve usemayhave beenmoredif cult to improve by addingfeatures
thatcaptureemporalchanges.

Theclassi cationperformancdor massesvith normalpriorsdecrease@vhenusing
differencefeatures. We can explain this becausehe CAD programmealways follows
the sameprocedureanddoesnot distinguishbetweenesionsthatarevisible andlesions
thatarenot visible on the prior view. Whenthe lesionis notvisible it is not possibleto
determinean appropriatecontourof the prior region andthe sgmentationprogramme
will useaccidentamammographistructurego determinea contourof the prior region.
Consequentlyfeatureghatdependn this contourwill notbe meaningful. Theaddition
of thesevaluelesgeaturesnayresultin alower classi cationperformance.

Thesecondyroupof temporalfeatures—theo-calledsimilarity measures—determine
whethertheregion on the currentview anda correspondingegion on the prior view are
similarin appearanceThesdeaturesmprovedtheclassi cationperformancdor masses
with visible priorsandfor massesvith normalpriors. Thesdeatureghereforeseenmore
promisingthandifferencefeatures.

The rst similarity featureis theregistrationscore.Thisfeaturecombineghreeregis-
trationmeasuremcludingthecorrelationbetweerthecurrentregion andasimilarregion
onthe prior. Resultsshav thata very low registrationscoreis moreoften seenfor ma-
lignantmasseghanfor benignmassesndvice versa. The secondsimilarity featureis
therelative grey level change.Causedor anincreasdn relative grey level aretwofold.
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First,amassthatbecomesnoredensebetweertwo screeningoundswill have a higher
relative grey level onthe currentview thanon theprior view. Secondanincreasen size
on averagealsoresultsin a correspondinghangen relative grey level asmasgissueon
averageis moredensethannormalbreasttissue. This featureis thusa measureof the
changen contrastaswell asthe changein size. An advantageof this featureis thatit
is usefulfor massewwith visible andfor massesvith normalpriors becauset doesnot
dependdn the contourof the prior region.

Differencefeatureson the otherhandareonly usefulfor masseshatarevisible on
boththe prior andthe currentview. Thereforetherelative grey level changeis preferred
above thetemporalfeatureghatmeasurehedifferencen sizeor contrast.

Figures7.2, 7.4, and 7.5 shav someexamplesto illustrate potentialbene ts and
dravbacksof including temporalchangeinformationinto a CAD system. For these
exampleswe comparedthe malignang scorefrom the single view classi er with the
scorefrom the temporalclassi er. For thetemporalclassi er we usedtempogl featue
vector|l containingsingleview andsimilarity features.Figures7.2(a)and7.2(c) shav
exampleswherethe temporalclassi er performedbetterthanthe singleview classi er.
Figure7.2(a)concernsa benignmassthatis almostidenticalin appearancen the prior
andthe currentview. Thereforethe useof temporalfeaturesesultedin a bettercharac-
terisationof the lesion. Figure 7.2(c) shavs a malignantmassthatis not visible on the
prior view. Thewhole areaon the prior view is “empty” resultingin a low registration
scoreanda high grey level change.Consequenththe temporalclassi er assignedhis
lesiona highermalignang scorethanthesingleview classi er.

Figure 7.4: Examplewhere thetempoal classi er performedwvorsethanthesingleview
classi er. Theimage showsa new benignmassthat wasnot yet presenton the previous
screeningmammgram.
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Figure 7.5: Examplewhese thetempoal classi er performedwvorsethanthesingleview
classi er. Theimage showsa malignantmassthatis similar in appeaanceon prior and
currentviews.

Figure 7.2(b) shavs an exampleof a benignmasswhereboth classi ers had equal
performance.As the masshasa suspiciousappearancéoth singleview andtemporal
classi er assignedh high malignang scoreto this lesion. The malignang scoredid not
changeby addingtemporalfeatures.Figure 7.4 and 7.5 shav two exampleswherethe
singleview classi er performedbetterthanthe temporalclassi er. Figure7.4 showvs a
malignantmassthatis alsovisible on the prior view andsimilar in appearancen both
views. Thereforebothtemporaffeaturesveresuggestie for abenignlesionresultingin a
lower malignang score.Figure7.5concerng&benignmasghatis subtleontheprior and
obviousonthecurrentview. Thereforebothtemporalfeaturessuggestethe presencef
a malignantlesionresultingin a high malignang score. Theseexamplesillustratethat
benignand malignantmassesometimesshav similar temporalbehaiour. Temporal
featuresshouldthereforealwaysbe usedin conjunctionwith singleview features.

In summarywe designeda CAD systemthatincludestemporalinformationfor the
characterisationf masslesions. The classi cation performancesigni cantly improved
whenaddingtemporaffeatureccomparedo asingleview CAD system.Resultsobtained
in this studysuggesthatsimilarity featuresaremoreusefulthandifferencefeaturesboth
for masseshatarevisible onthe prior view andfor masseshatarenenw.



Chapter 8

Effect of Temporal CAD on
Radiologists' Performance !

In this chaptemwe investigatethe useof atemporalCAD programmeo helpradiologist
with the characterisationf masslesions. For this purposewe setup anobserer study
with six radiologists.Eachradiologistrated198 cases99 containinga benignmassand
99 containinga malignantmass.For eachcasethe mammogram$rom two consecutie
screeningoundswereavailable. The masswasvisible on the prior view in 40% of the
caseslndependentiya CAD programmaelsoratedeachmasdesionmakinguseof infor-
mationfrom prior andcurrentviews. Thefollowing readingsituationswere compared:
singlereading,ndependenteadingwith CAD, andindependentioublereading.

8.1 Intr oduction

At this momentmammograph is the methodof choicefor breastcancerscreening An
importanttask of radiologistsis to classifymammographi@abnormalitiesasbenignor
malignant. The BI-RADS systemprovidescriteriato classify eachabnormalityasbe-
nign, probablybenign,suspiciousor highly suggestie of malignang (D'Orsi & Kopans
1997). Despitethesecriteria interpretationand subsequentlassi cation of abnormali-
tiesremainsa dif cult task.Studiesshav thatmisinterpretatioris animportantcauseof
missingbreastcancer(Bird etal. 1992;Haney etal. 1993). Furthermoreinterpretation
errorsleadto unnecessaradditionalexaminations. Only about20%-50%of patients
referredfor biopsyare found to have a malignang. The effect of animprovementin
classi cationaccurag will thusbetwofold. First,thecancedetectiorratewill increase.

1The contentof this chaptethasbeenpublishedpreviously in Timp etal. (2006a).

131



132 8 EFFECT OF TEMPORAL CAD ON RADIOLOGISTS' PERFORMANCE

Secondthepositive predictive valueof mammograppwill increaseThereforewe con-
siderit importantto investigate whetheran automatedCAD systemcan improve the
characterisatioaccuray of radiologists.

Therehave beensomestudiesthatevaluatethe additionaleffect of CAD systemson
radiologists'assessmerdf masslesions. Most studiescomparethe performanceof ra-
diologistswith andwithout using CAD. Chanet al. (1999) studiedthe effect of using
a CAD systemon radiologists'ability to characterisenasslesionsand found that the
performancesigni cantly (P < 0:001) increasedvhenusing CAD. Huo et al. (2002)
performedan obserer experimentto evaluatethe effect of a CAD systemon the char
acterisatiorof benignandmalignantmassesisingmultiple views from the sameexam-
ination. In their study the performanceof the radiologistssigni cantly (P < 0:001)
improvedwhenusingcomputeraid. TheseCAD systemshowever only usedthe current
view to characterisenasdesions.

Radiologistson the other handroutinely comparethe currentview with previous
screeninggxaminationsvhenassessingnasdesions.Studiesshav thatthe performance
of radiologistsimproves when using prior views (Varelaet al. 2005; Hadjiiski et al.
2001b).In arecentstudyHadijiiski etal. (2004)evaluatedheeffectof aCAD systenthat
includesnformationfrom prior views. Thisstudywasrestrictedo masdesionsthatwere
visible in retrospectThey foundthatthe performancef radiologistssigni cantly (P =
0:005) increasedvhenusingCAD. It shouldbe remarledthatin this studyradiologists
readdigitisedregionsof interestextractedfrom temporalimagepairs. This differsfrom
theusualclinical settingwhereradiologistsreada completemammogranto estimatehe
malignang of alesion.

The purposeof this studyis to evaluatethe potentialbene t of atemporalCAD sys-
temon radiologists'interpretatiorof masdesions.In the previous chaptemwe evaluated
the performanceof this temporalCAD systemandfoundthatthe characterisatioaccu-
ragy signi cantly improvedwhenusingthis temporalCAD systemcomparedo asingle
view CAD system.Unlike otherobserer experimentswith CAD this experimentmore
closelyresemble<linical practiceas 1) both radiologistandthe CAD programmeuse
prior views and 2) the datasetconsistsof masseghat are visible in retrospectaswell
asmasseshatarenew, and3) radiologistsreadthe mammogramssin the usualclini-
cal settingon a dedicatednammograpy workstation. Furthermoreve simulatedouble
readingandcomparehis with independenteadingwith CAD.

The chapteris organisedasfollows. First we describethe dataseuusedfor the ex-
perimentsin Subsectior8.2.2we shortlysummarisehe singleview andtemporalCAD
programme.Subsectior8.2.3describeghe obserer study Section8.3 presentghere-
sultswith adiscussionn thelastsection.
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8.2 Description CAD Programmeand Observer Experi-
ment

8.2.1 Dataset

The mammogramaisedin this study all camefrom the Dutch BreastCancerScreen-
ing Programme. All womenaged50-75 are invited bi-annuallyto participatein this
programmeTwo mammographiprojections—medidateraloblique(MLO) andcranio
caudal(CC)—areobtainedat the initial screeningn this programme. At subsequent
screening®nly mediolateralviews areobtainedunlessthereis anindicationthataddi-
tional craniocaudalviews would be bene cial.

At our institutionwe have a collectionof consecutie caseswith suspectbnormali-
tiesthatwerereferredin the screeningprogrammebetweenl 996and2000. Thesecases
containmammogramst referral and mammogram®f all previous screeningrounds.
Figure 8.1 shavs an exampleof threeconsecutie mammogramsFrom the collection

Figure 8.1: Exampleof three consecutivanammgramsfor the samewomen.Thelast
mammgram is the mammgram at time of referral. The other mammgramsare ob-
tainedat previousscreeningrounds.

of caseswve composedemporalmammogranpairsthat consistof all imagesfrom two
consecutie screeningounds.We call themostrecentmammogranthe currentmammo-
gramandmammogramg$rom earlierscreeningoundsprevious or prior mammograms.
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Characteristic No.

Biopsied 99
Invasive ductalcarcinoma 71
Invasive lobular carcinoma 18

Tuhular carcinoma
Mucineus/colloidcarcinoma

3
2
Intragystic carcinomawith invasion 1
Intragystic carcinomawithoutinvasion 2

2

Ductalcarcinoman situ

Mammographidesionsize 99
<l1llmm 14
11-20mm 59
>20mm 26

Lesiontype 99
Mass 90
Architecturaldistortion
Asymmetry

Table 8.1: Histopathol@ic and mammagraphic characteristicsof malignantcases.Le-
sionsizecorrespondg$o the mammgraphicannotationmadeby the studyradiologist.

We thenselectednammogramshatful lled thefollowing requirementsi) the current
mammograntontainedoothMLO andCC views, and?2) atleastoneview of the current
mammograntontaineda massasymmetryor architecturalistortion,all referredto as
mass(lesion)in the sequel.Of all referralmammogramshat metthesecriteriawe ran-
domly selectedl 71 cases87 malignantand84 benign.In addition,we selectedill cases
in which the lastmammogranbeforereferralmetthesecriteria. Thesewere 27 cases,
12 malignantand 15 benign. Combiningthe two selectionsve obtained198 cases99
malignantand99 benign.

Table8.1and8.2shaw histopathologi@andmammographicharacteristicéor benign
and malignantcases. Fourteencasescontainedmicro-calci cationsin additionto the
mass of whichtenweremalignantandfour benign.

Becauseof the selectioncriteria, currentmammogramsalways had MLO and CC
views. PriormammogramaiwayshadMLO views, while CC views wereonly available
for 21.7%of the caseq43/198,22 malignantand21 benign). All 99 malignantcases
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Characteristic No.
Biopsied 39
Solitarycyst 17

Fibroadenoma
Fibrogystic change

Otherbenignlesion

4
2
Atypical ductalhyperplasia 5
8
Normaltissue 3

Mammographidesionsize 99
<11mm 20
11-20mm 54
>20mm 25

Lesiontype 99
Mass 90
Architecturaldistortion 7
Asymmetry

Table 8.2: Histopathol@ic and mammagraphic characteristicsof benigncases.Lesion
sizecorresponddo the mammagraphicannotationmadeby the studyradiologist.

were biopsy proven. Of the benigncases39 were histologically con rmed, while the
remaining60 caseshadat least6-monthfollow-up.

All visible abnormalitiesvereannotatedy or undersupervisionof an experienced
radiologist,calledthestudyradiologist,usingall availableinformationsuchaspathology
resultswhenabiopsyhadbeenperformed.In about40%of thecaseghelesionwasalso
visible on previous screeningmnammograms.The imageswere digitised with a laser
scannef(CFS300,Canon)at a pixel sizeof 50 m andsubsequentlgowvn sampledo a

nal resolutionof 100 m maintainingtheoriginal grey scaleresolutionof 12 bits.

8.2.2 Computer Aided DiagnosisSystem

Our CAD programmeconsistf a singleview partandatemporalpart. Both partsare
describedn detailin Chapter7. Below we shortly summariséoth parts.



136 8 EFFECT OF TEMPORAL CAD ON RADIOLOGISTS' PERFORMANCE

Single View CAD Part The singleview CAD programmestartswith the segmenta-
tion of all currentlesionsthathave beenmanuallyoutlinedby the studyradiologist. The

segmentatioralgorithmwe usefor this purposerequiresa seedpointin the centreof the

mass.For detailsaboutthe segmentatioralgorithmseeChapter3. As seedpointwe use
themathematicatentreof the contourdelineatedy the studyradiologist.For eachsey-

mentedregion differentsingleview featuresarecalculatedspiculationmeasureshorder
featuresand morphologicalfeatures. The total numberof calculatedfeaturesfor each
lesionis ten. As classi er we useda SupportVector Machine. Training andtestingof

theclassi erweredonecompletelyindependentisinga 20 fold cross-alidationscheme.
For eachview the classi er outputrepresentsheimagebasedmalignany score where
smallvaluescorresponavith benignratingsandlargevalueswith malignantratings.The

malignang scoresfrom both MLO and CC views are averagedto obtaina casebased
malignang scorethat indicatesthe probability thatthe lesionis malignant. This score
is calledthe currentview malignancyscore asit is basedon featuresextractedfrom the

currentlesion.

Temporal CAD Part ThetemporalCAD partconsistf two steps.In the rst stepthe
regionalregistrationtechniquedescribedn Chapte5 nds for eachlesiononthecurrent
view acorrespondindpcationontheprior view. Thislocationontheprior view is usedas
aseedoointfor oursegmentatioralgorithm(seeChaptei3). Thissegmentatioralgorithm
determinesa contourfor the prior region. Thenseveral featuresaredeterminedor the
segmentedregion on the prior view. For eachcurrentregion two temporalfeaturesare
determinedhatindicatewhetherthe currentregion andthe correspondingegion on the
prior view aresimilarin appearancel hesefeaturesaredesignedn away suchthatthey
canbeusedfor masseshatarevisible on the prior view andfor masseshatarenew. In
total we calculatetwelve featuresfor eachregion. As classi er we usea SupportVector
Machine. Training andtestingof the classi er areimplementedasdescribedabove for
thesingleview classi er. Thetemporalclassi er usessingleview andtemporalffeatures
to determinefor eachlesionanimagebasedmalignang score. The malignany scores
from available CC andMLO projectionsare averagedto obtainfor eachlesiona case
basedmalignang scorethat indicatesthe probability that a lesionis malignant. This
scoreis calledthetempoal malignancyscoe.

8.2.3 Observer Study

A panelof six radiologists,not including the study radiologist, participatedin the ob-
sener study Eachof the six radiologistsrated99 benignand 99 malignantcaseswith

andwithouttheuseof prior views. Thereadingsessionsverestructurecasfollows. First
only thecurrentmammogramvasshavn. By pressingakey theradiologistcouldseethe
contourdrawn by the studyradiologist. Theradiologistthenratedeachlesionon a scale
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between0 and 100, wherea value near100 indicatesa high likelihood of malignang.
Becauseof our studydesignall currentmammogram$iad MLO and CC projections.
Eachradiologistthereforehadaccesgo informationfrom bothCC andMLO views. Af-
ter theradiologisthadrecordechis scorethe prior mammogranwasdisplayedandthe
radiologistcould changehis rating accordingly In this studywe only usedthe second
rating that the radiologistsgave whenboth prior and currentviews were available. All
casesverepresentedh arandomisedrdet

Themammograme/eredisplayednthisdedicatednammograppworkstation(Me-
vis BreastCareMBC-SCR1,Bremen,German). In arecentstudyRoelofsetal. (2005)
found thatradiologistsperformequallywell readingdigitised mammogram®n a ded-
icatedworkstationas readingthe original Ims. The workstationwas equippedwith
two high-resolutionCRT monitors(BARCO, MGD 521, 300 Cd/n?, usingBarcoMed
5MP1H 12 bit graphicsboards),and a dedicateckey-padto accesghe main functions
with asinglekeystroke. The CRT displayshadaspatialresolutionof 2,048x 2,560pixels
eachwhichis sufcient to displayoneimageat100 m. Initially, imagesweredisplayed
atlow spatialresolution(200 m), in suchaway thatall imagesncludedin acasecould
be displayedsimultaneouslyCurrentMLO andCC views appearedn the lower half of
theleft andright monitor. Priorviewsweredisplayedn thesamewayin theupperhalf of
bothmonitors.Full spatialresolution(100 m) imagescouldsubsequentlpedisplayed
by pressinga key of the dedicateckey-pad. Imagesfrom the samebreastbut different
views couldalsobedisplayedon bothmonitorsatthe sametime. Thesamewaspossible
for imagesof the samebreastandsameview but differentscreeningounds.This made
it possibleto analyseétemporalchangesn a simpleanduserfriendly way. Imageswere
preprocessedsingan unsharp-maskingechnique(Roelofset al. 2003)to compensate
for the decreasef sharpnessvith respectto the original Ims dueto digitisationand
electronicdisplay

Five of the six readerdn this studywere attendingradiologistswith breastcancer
screeningexperience. The otherradiologistwas a radiology residentin her last year
who hadspecialisedn mammograph All participantsreceved a training sessiorbe-
foretheobsenrer studystartedto becomeamiliar with the soft-copy readingsystemand
the designof the experiment. The training setconsistef 25 cases.The true diagno-
sis was given immediatelyafter eachtraining case. During training, radiologistswere
encouragedo male useof the differenttools provided by the soft-copy readingsystem.
Generalinformationaboutthe datasetwas provided to the radiologists. They werein-
formedthatthenumberof benignandmalignanttasesvasaboutequal,andthatall cases
werereferralsfrom a screeningprogramme.
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8.2.4 Data Analysis

The performancef eachradiologistwasevaluatedfor thethreedifferentreadingmodes
usingROC methodology Theclassi cationaccurag wasquanti ed with theareaunder
theROC curwe (A, value).

The A, valuesfor single readingand independenteadingwith CAD were esti-
matedby usingthe Dorfman-Berbaum-MetfDBM) methodfor analysisof multi-reader
multi-casedata (Dorfman et al. 1992). In this methodthe maximumlikelihood esti-
mation of the binormaldistributionsis tted to the obserer ratingsto obtainan ROC
cune. This methodhasbeenwidely adoptedn recentyearsfor analysingexperimental
dataobtainedin a multi-reademulti-case(MRMC) studydesign(Hadjiiski etal. 2004;
Beidenet al. 2002). It hasthe greatadwantagethat both readerand casevariability are
taken into accountin a properway, suchthat generalisatiorto both the populationof
readersand casess permitted. We usedthe publicly available LABMRMC software
(Metz etal. 1998a)for MRMC computationsTo estimatethe potentialbene t of using
the CAD systemwe independentlyyombinedthe malignang ratingsof eachradiologist
andthe CAD systemWe rst linearly scaledheratingsof eachradiologistandthe CAD
systembetweerzeroandone hundred.We thenassignedachlesiona combinedrating
computedasthe arithmeticmeanof the CAD malighang ratinganda radiologistsma-
lignang rating. The multi-reademulti-caseDBM methodanalysedhe averagescores
to estimateA, valuesfor independenteadingwith CAD. The statisticalsigni cance of
the differencein A, betweerreadingwithout CAD andindependenteadingwith CAD
wasalsoestimatedy usingthe DBM method(Metz etal. 1998a).

To simulatedoublereadingwe combinedfor eachlesionthe malignany ratingsof
two radiologists. For eachradiologistthis resultedin ve differentdoublereadingre-
sults. For eachdoublereadingresultwe calculatedan ROC curve. Thisresultedin  ve
differentROC curvesfor eachradiologist. EachROC curve is completelydescribedy
two parametershat characteris¢he underlyingnormaldistributions. For eachradiolo-
gistwe usedtheseparameterso determineanaverageROC curve andthe corresponding
A, value(Obuchawvski 2005). The Students t-testfor paireddatawasusedto assesshe
signi cance of differencesetweenA; valuesof the doublereadingmodeon oneside
andthesinglereadingmodeandreadingwith CAD ontheotherside.

8.3 ResultsReadingwith CAD and Double Reading

Theperformancemeasure@sareaunderthe ROC curve, wascalculatedor eachradiol-
ogistfor thedifferentreadingmnodes:singlereadingjndependenteadingwith CAD, and
independentloublereading.Table8.3lists theindividual andthe meanperformancesf
theradiologistsfor thethreereadingmodes.The A, valueof the standaloneCAD pro-
grammewas0.81. TheaverageA ; valuefor theradiologistanvas0.80for singlereading.
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For all radiologiststhe performancemproved for independenteadingwith CAD. The
averageA ; valuesigni cantly increasedo 0.83for readingwith CAD (P < 0:05, DBM
method;P = 0:02, Students pairedt-test). Table 8.3 shavs that the performanceof
radiologistswith a betterperformancehanthe CAD system(numbertwo andnumber

ve)improvedasmuchastheperformancef radiologistswith alower performanceahan
the CAD system.

The averageperformancdor independentloublereadingwas0.81. The difference
betweersinglereadingandindependentioublereadingwasnot signi cant (P = 0:12,
Students pairedt-test).Forindependentoublereadingthe performancéncreasedor all
radiologistsexceptfor the bestperformingradiologist(numberntwo). Theleastperform-
ing radiologist,numberthree,bene ted mostfrom independentioublereading. These
resultssuggesthatthe bene t thatcanbe obtainedwith doublereadingdependn the
performanceof the individual radiologist. The differencebetweenreadingwith CAD
andindependentioublereadingwasnotsigni cant (P = 0:08, Students pairedt-test).

Figure 8.2 shavs averageROC curves for the differentreadingmodes. For each
readingmodethe averageROC curwve is obtainedby averagingthe tted parametersf
theindividual ROC curvesof eachradiologist(Obuchavski 2005).

Radiologist SingleReading Ind. Readingwith CAD Ind. Double Reading

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
averageA, 0.796 0.829 0.811

Table 8.3: A, standad deviation for eat radiologist for the three different reading
conditions:singlereading independenteadingwith CAD andindependendoubleread-

ing.

8.4 Discussion

In this studywe investigatedthe effect of threedifferentreadingmodeson the charac-
terisationof masslesionson serialmammogramssinglereading,independenteading
with CAD, andindependentioublereading.We implementedndependenteadingwith
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Figure 8.2: ROC curvedfor thethreereadingmodes:singlereading independendouble
readingandindependenteadingwith CAD.

CAD by averagingthe scoreof eachradiologistwith the scorefrom the CAD system
for all massesions.Usingthe CAD systemin this way improvedthe classi cationper
formancefor eachradiologist,alsofor the bestperformingone. The averageA ; value
signi cantly increasedrom 0.80to 0.83whenCAD wasused.From Figure8.2 we see
thatthisimprovementmainly concernsa bettercharacterisationf benignlesions.Using
CAD in thisway maythusleadto adecreasé the numberof falsepositivesatthe same
sensitvity level. Furthermoreye foundthatfor eachradiologistthe performancef in-
dependenteadingwith CAD wasequalor higherthanthe performancef thestandalone
CAD systemwhichwas0.81.

Somestudieshave beendoneto evaluatethe effect of usinga CAD systemon the
ability of radiologistgto discriminatebetweerbenignandmalignantiesions(Chanetal.
1999;Huo etal. 2002;Hadjiiski etal. 2004). Thesestudiesall shov animprovementin
characterisatioaccurag whena CAD systemis used.An importantdifferencebetween
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this studyandexisting studiesis thatthe presentCAD systemalsousesinformationex-
tractedfrom prior views. To our knowledgethereis only oneotherstudywherethe CAD
systenmusedtemporainformationaswell (Hadjiiski etal. 2004).In thatstudythey found
thatusinga CAD systenmwith temporalanalysismprovedtheclassi cationperformance
of radiologists.In thecurrentstudywe tried to resole someof thelimitationsof (Hadiji-
iski etal. 2004).First, in (Hadjiiski etal. 2004)the obserersreadROIl's extractedfrom
temporaimagepairs.In thecurrentstudyobserersreadwholemammogramsncluding
views from theleft andright breasiandfrom differentprojections.Secondjn (Hadjiiski
etal. 2004)the performanceof the standaloneCAD systemwasbetterthanthe perfor
manceof radiologistausingCAD. An explanationmaybethatthereadingconditionsfor
theradiologistswerenot optimal,resultingin a signi cantly lower performancdor each
individual radiologistthanfor the CAD system.In the currentstudywe foundthatthe
performancef eachindividual radiologistusingCAD washigherthanthe performance
of the standaloneCAD system. This might be causedby the factthatthe performance
of radiologistsandthe CAD systemwere comparable.lt shouldalsobe notedthatin
our study the ratingsfrom eachradiologistand the CAD systemwere independently
combinedwhile in (Hadijiiski etal. 2004)radiologistsusedCAD to adjusttheir own as-
sessmentlLast, the CAD systemusedin (Hadjiiski et al. 2004) wasrestrictedto mass
lesionsthatwerevisible in retrospect.The CAD systemusedin our studyis suitedfor
masseshatarevisible onretrospectaiswell asfor masseshatarenew.

A CAD systenfor masscharacterisatiomayalsobehelpful for screeningpurposes.
During screeningwo typesof perceptiorerrorsaremade:searcherrorsandinterpreta-
tion errors.Searcterrorsarede ned aslesionsthatareoverlookedor only brie y xated.
Interpretatiorerrorsconernlesionsthataremisseddueto wrongdecisions. Somestudies
suggesthatthemajority of errorsin radiologicaldetectiontasksmaybedueto incorrect
interpretatiorof lesiongKarssemeijeetal. 2003;Manningetal. 2004). Theuseof CAD
systemdo characterisenasslesionsmayresultin lessinterpretatiorerrors. Ultrasound
alsohasan importantrole in characterisingesionsas benignor malignant. In mary
screeningprogrammedhowvever mammogramsre readin afterwardsin batchessuch
thatultrasoundcannot be used. Radiologistshenbasetheir decisionto referawoman
on mammaograph resultsonly. Using CAD in thesesituationsmayleadto a decreasén
thenumberof falsepositive referralswhile maintainingthe samecancermetectiorrate.

Additionally, in this studywe comparedheperformancef independenteadingwith
CAD with the performanceof independentioublereading. To implementindependent
doublereadingwe combinedthe malignang ratingsfrom eachpair of radiologists.We
foundthatdoublereadingimprovesthe classi cation performancealthoughthis differ-
encewasnot signi cant. The statisticaldifferencein performancéetweerindependent
readingwith CAD andindependentoublereadingwasalsonot signi cant. This sug-
gestghatthe CAD systenmaybeusedasanindependeradditionalreader For instance,
asinglereademwith CAD mightbeusedto selectcasewith suspiciousabnormalitiegor
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further inspectionby a secondreader who then makesthe nal decisionwhetherre-
ferral is necesary This approachresemblegloublereadingwith arbitration,which is
commonin screeningn the United Kingdom, wherea third readerassessethosemam-
mogramdor which two screeningadiologistsdo not reachconsensug§Smith-Bindman
etal. 2003).

In summarywe nd thatusinga CAD systemwith temporalanalysiscanhelpradiol-

ogiststo interpretmasdesions.Furtherstudiesareneededo investigatethe performance
of CAD systemsn clinical settings.
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Summary

Breastcanceliis themostcommontypeof canceiin women,with aboutonein tenwomen
developingthe diseasean her lifetime. It is alsothe leadingcauseof cancerdeathsfor
womenagedbetweer35 and55. Thekey to curing breastcancelis early detectionand
prompttreatment.A physical examination mammograpi andbreastself-examination
malke up the corventionalearly detectionapproachRecommendation®r breastcancer
screeningvary from countryto countryaccordingto theviews of differentorganisations
who recommendhe screening.In the Netherlandghe screeningorogrammeoffers all
womenbetweerb0 and70 yearsa biennialmammograpi screeningexamination.

Although mammograph is the most effective technologypresentlyavailable for
breastcancerscreeningiit still hassomeimportantlimitations. First, during screen-
ing about20% of all malignantbreasttumoursare "missed'. The mostimportantcauses
of thesefalsenegative screeningexamsare detectionandinterpretatiorerrors. Second,
the numberof falsepositive detectionss ratherhigh. More thenhalf of thewomenwho
arereferredfor further examinationturn out not to have breastcancer Third, accurate
mammograph interpretatiordepend$eaily onthereader To overcomesomeof these
limitationscomputeraideddiagnosisanddetection(CAD) programmesrebeingdevel-
oped. Theseprogrammed$elpradiologistswith the detectionandinterpretatiorof mass
lesions.Studieshave shawvn that CAD systemsanayimprove the diagnosticaccurag of
mammograph

At the momentmostCAD programme®nly useinformationfrom a singleview to
detectand characterisanasslesions. Chapter2 describesour single view CAD pro-
grammethatseparatelyprocessesachimage. This programmeconsistof two parts.In
the rst partanalgorithmcalculatesat eachlocationinsidethe breastareaseveral fea-
turesthat measurehe presenceof eithera spiculatedesionor a focal masslesion. A
classi er combineghesefeaturesnto a scorethatrepresentshe likelihoodthata mass
is presentat that location, the so-calledmasslikelihood In the secondpartlocations
with a high masslikelihood are selectedor further processing:segmentationandfea-
ture extraction. For segmentatiorwe developeda new methodthatis describedn detalil
in Chapter3. The methodusesan optimisationtechnigue—dynamiprogramming—to
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nd thebestcontourfor eachsuspiciougegion. The methodprovedto bearobusttech-

nigueto sggmentmasslesionsfrom surroundingissue. Comparedo existing methods
the new methodperformedsigni cantly better After sggmentatiornseveral featuresare
calculatedor eachregion. A seconctlassi ercombineghesdeaturesnto amalignancy
scoke representinghelik elihoodthattheregion is malignant.

Althoughthesingleview CAD programmeperformsquite well, the numberof false
positive detectionsis still ratherlarge. An improvementmight be obtainedby using
informationfrom several views suchasimagesfrom different projectionsof the same
breastimagesof theright andleft breastor imagesobtainedat differentpointsin time.
In this thesiswe investicatewhetherusingprevious screeningexaminationds bene cial
for a CAD system.We expectthattemporalinformationmayimprove the detectionand
classi cationperformancef a CAD systemfor the following reasonsFirst, comparing
the currentmammogranwith mammogram$&om previous screeningoundsmay bring
to attentionsubtlesignsof malignang thatmight have beenoverlooked otherwise.Sec-
ond, suspiciougegionson the currentview canbe evaluatedmore preciselywhenthe
region is comparedwith the sameregion on the previous view. In Chapter4 we rst
studyhow malignantmasseshangen time. In thatstudywe nd thaton averagema-
lignantmassesncreasen sizeandcontrastbetweertwo consecutie screeningounds.
Aboutonequarterof themassefiowever staysmoreor lessconstanbr decreasem size.
Furtherinspectiorof thesemasseshavs thatthesecanbeclassi edin thefollowing cat-
egories:architecturatistortionsthatbecomemorecompactmasseshataresituatedon
the borderof the mammogramand masseshatindeeddecreasén size. This suggests
thatmalignantmassedgliffer in temporalbehaiour.

In theremaindeof thethesiswe developandevaluateatemporalCAD programme.
ThetemporalCAD programmesonsistf threesteps:globalregistration regionalregis-
tration,andextractionof temporaffeatures Chapter5 presents new automatiaegional
registrationmethodto nd correspondingnassesnprior andcurrentviews. Themethod
startswith a sggmentedregion on the currentview. Basedon the globalregistrationwe
malke aninitial estimateof the locationon the prior view wherethe lesionmostlikely
developed.We de ne a searchareaaroundthis initial estimateandcalculatethreeregis-
trationmeasureat eachlocationinsidethe searchareato quantifyhow well thislocation
matcheghe region on the currentview. As registrationmeasuresve usethe grey scale
correlationbetweenthe region on the currentview anda candidateregion on the prior
view, the masslik elihood of the locationon the prior view, andthe distancefrom the
locationon the prior view to theinitial estimate.Basedon thesemeasuresve selectthe
bestlocation. Our segmentationalgorithm then determinesa contourfor the selected
region on the prior view. After eachcurrentregion hasbeenlinked to a region on the
prior view temporalffeaturesarecalculated We designedwo kindsof temporalffeatures:
differencefeaturesand similarity features. Differencefeaturesrepresenchangese-
tweenfeaturevaluesextractedfrom the prior andthe currentregion. Similarity features
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measuravhetherbothregionsarecomparablén appearance.

In Chapter6é we apply the temporalCAD programmeto improve the detectionof
massesAs regional registrationmethodwe usea simplevariantof the methodthathas
beendescribedn Chaptels. Astemporalfeaturesve only usedifferencefeatures FROC
(freerespons®peratingcharacteristicanalysisshavs a smallimprovementin detection
performancevhentemporafeaturesareusedn additionto thesingleview CAD system.

In Chapter7 we evaluatethe useof a temporalCAD programmeo classifylesions
asmalignantor benign. For this purposewe usethe completeregional registrationpro-
grammeas describedn Chapter5. As temporalfeatureswe useboth differenceand
similarity featuresWe nd thattheclassi cationperformanceneasuredsthe areaun-
derthe ROC curwe signi cantly improveswhentemporalfeaturesareused.

Finally, in Chaptei8, we investicatethe effect of atemporalCAD programmeon the
characterisatioperformanceof radiologistsand comparethis with independentouble
reading,wherethe scoresof two radiologistsarecombined. A total of six radiologists
participatedn the obserer study Eachradiologistrated198 cases99 containinga be-
nign massand99 containinga malignantmass.Similarly ourtemporalCAD programme
ratedeachlesion. We thencomparedhe following readingmodes:singlereading,in-
dependenteadingwith CAD—thatis independentombinationof the CAD scoreanda
radiologistsscore—andndependentioublereading.Resultsshowv thatthe performance
of radiologistssigni cantly improvesfor independenteadingwith CAD andfor inde-
pendentoublereading. Theimprovementobtainedby readingwith CAD however was
larger thanthe improvementobtainedby independentoublereading. From this study
we concludethat a temporalCAD programmemay be usefulto help radiologistswith
theinterpretatiorof masdesions.Furtherstudiesareneededo investicatethe bestway
a CAD systemcanbe usedin clinical settings.






Samervatting

Borstkanler is de meestvoorkomendesoortkanker bij vrouwen. Ongereerl op de 10
vrouwenzal ooit in haarleven borstkanlkr krijgen. Daarnaasts borstkankr in Neder

land de meestvoorkomendevorm van kanker waaraarvrouwenoverlijden. Eenvroege
detectievanborstkanlkeris belangrijkomdatdit dekansop genezingaanzienlijkvergroot.
Demeesgebruiktetechnielenvoorvroegtijdige detectiezijn zelfonderzoekklinischon-
derzoekenmammogra e.Richtlijnenvoor vroggtijdige detectieverschillenvanlandtot

land. In Nederlandwordenalle vrouwenvan 50 tot 70 jaar elke tweejaar persoonlijk
uitgenodigdom eenscreeningsmammogratalatenmaken.

Alhoewel mammogra eop dit momentde meesteffectieve methodds voor screen-
ing op borstkanler, zijn er ook enkele beperkingen.Ten eerstewordt nog steedscirca
20% van de tumoren gemist' tijdensde screening.De belangrijksteoorzalen hienan
zijn detectiefoutemninterpretatiefoutenTentweedds hetaantafout positiese detecties
te hoog. Meerdande helft van de vrouwendie doonerwezenvordenblijkt uiteindelijk
geenborstkanlker te hebben.Ten derdehangteengoedebeoordelingvan eenmammo-
gramerg af vande betrefenderadioloog.Om eenaantalvan dezeproblemerte vermin-
derenzijn er computemprogrammas ontwikkeld metals doelde detectieeninterpretatie
vantumorente verbeterende zogenoemdeomputeraided detection/dignosis(CAD)
programmas. Studiestonenaandat hetgebruikvan CAD programmeas kan leidentot
eenverbeteringvande diagnostisch@ccuraatheiganmammogra e.

Op dit momentmakende meesteCAD programmas slechtsgebruikvan een enkele
opname Hoofdstuk2 beschrijftonsCAD programmavaanoor deinput bestaatit een
enlele afbeelding.Dit programmeébestaauit tweedelen. Eerstwordt op iederelocatie
in het borstgebieceenaantaltumorkenmerlen uitgerelend zoalsde aanwezigheid/ian
eenverdachtlijnenpatroon(spiculation)en de aanwezigheidzan eenhelderedensiteit.
Eenclassi er combineeridezekenmerlenin eenscoredie aangeefthioewaarschijnlijk
hetis dater eentumor op de betrefendelocatieaanwezigs, de zogehetemimasslikeli-
hood In hettweededeelvan het programmavordende meestverdachtdocatiesges-
electeerdsoor verderebewnerking: sggmentatieen extractie vantumorkenmerlen. Voor
segmentatiehebbenwe eenmethodeontwikkeld die in staatis zeernauwleurigensnel
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de contourvan eenverdachteregio te bepalen.Hoofdstuk3 beschrijftdezemethoden
detail. De methodegebruikteenoptimalisatietechniek—dynamprogramming—onude
bestecontourvoor iedereregio te vinden. In vergelijking metanderesegmentatiemeth-
odenpresteertde nieuwe methodesigni cant beter Voor iederegesgmenteerdegio
wordenverwlgensdiversekenmerlen bepaald.Eentweedeclassi er combineerideze
kenmerlenin eenmalignancyscoe, die aangeefhoewaarschijnlijkhetis datde regio
eenmaligniteitbevat.

Eenprobleemmet huidige CAD programmas is het hogeaantalfout positieve de-
tecties.Het aantalfout positieve detectieszou kunnenvermindererwanneerCAD pro-
grammas, net als radiologen,gebruik zoudenmaken van informatie uit meerdereop-
namernzoalsopnameruit verschillendaichtingen,opnamenvandelinker enderechter
borstenopnamerverkregenop verschillenddijdstippen.In dit proefschriftonderzoekn
we of hetgebruikvan voorgaandescreeningsmammogrammeganpositief effect heeft
op de performancevan eenCAD systeem. We verwachtendat het gebruik van tem-
poreleinformatiezal leidentot eenverbeteringzanzowel de detectiealsdeinterpretatie
vantumorenomdevolgenderedenenTeneerstekanhetvergelijkenvanopeerolgende
mammogrammekleineensubtieleafwijkingenaanhetlicht brengerdie anderoverhet
hoofdgezienzouderzijn. Tentweedekaneenverdachteegio beterbeoordeeldvorden
wanneerdezevemelelenwordt metdezelfderegio op hetvoorgaandemammogramin
Hoofdstuk4 bestudereme welke veranderingeim detijd optrederbij malignetumoren.
In dezestudiezien we dat gemiddeldgenomermalignetumorengroterwordenen dat
hetcontrastoeneemtussernweeopeenolgendescreeningsEenaanzienlijkdeelvande
tumorenechterverandernietin grootteof wordtzelfskleiner Naderenspectidaatzien
datwe dezelesiesin verschillendecatgyorienkunnenindelen: architectuurerstoringen
die weliswaarkleiner maarook meercompactworden,lesiesgelocaliseeradp de rand
vanhetmammogranen lesiesdie echtkleinerworden. Hieruit kunnenwe concluderen
daterveelverschilis in hettemporelegedragvanmalignetumoren.

Derestvandit proefschriftwijden we aande ontwikkeling enevaluatievaneentem-
poreelCAD programmaHettemporelgprogrammébestaatiit drie onderdelenglobale
registratie regionaleregistratieen extractievantemporelekenmerlen. Hoofdstuk5b pre-
senteerteennieuwe methodevoor regionaleregistratiemet als doel corresponderende
lesiesop huidige en voorgaandemammogrammeiaan elkaarte koppelen. De meth-
odebegint meteengesgmenteerdeegio op hethuidigemammogramOp basisvande
globaleregistratiemaken we daneeneersteschattingvan de locatie op hetvoorgaande
mammogranwaardezelesiewaarschijnlijkontstaaris. Verwlgensde nierenwe ron-
domdezeinitiele schattingeenzoekgebiedOp iederelocatiein dit zoekgebiedekenen
we drie registratiematenuit: grijswaardecorrelatiéussende regio op hethuidigebeeld
eneenkandidaategion op hetvoorgaandebeeld,de masslikelihood van de locatie op
het voorgaandebeelden de afstandtot de initiele schatting. Op basisvan dezematen
selectererwe de bestelocatie. Daarnabepaaltons nieuwe sgmentatiealgorithmede
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contourvan de geselecteerdegio op hetvoorgaandebeeld. Tenslottebepalenwe twee
soortentemporelekenmerlen: verschilkenmerlen en gelijkenis kenmerlen. Verschil

kenmerlenmetende veranderingn tumorkenmerlentusserderegio op hetvoorgaande
beeldenderegio op hethuidigebeeld. Gelijkeniskenmerlen metenof tweeregio's er

ongeveerhetzelfdeuit zien.

In Hoofdstuk6 gebruilen we hettemporeleCAD programmavoor de detectievan
tumoren.Als regionaleregistratiemethodegebruilenwe eensimpeleversievandemeth-
odedie beschreenisin Hoofdstuk5. Als temporelékenmerlengebruilenwe alleenver-
schil kenmerlen. FROC (free responseperatingcharacteristicanalysdaateenkleine
verbeteringzienwanneehetCAD programmayebruikmaaktvantemporelekenmerlen.

In Hoofdstuk7 evaluerenwe het temporeleCAD programmaom lesieste classi-
ceren als benigneof maligne. Het temporeleCAD programmagebruikteerstde re-
gionaleregistratiemethodeuit Hoofdstuk5 om iederelesieop hethuidigemammogram
te linken aaneenregio op het voorgaandemammogram. Daarnawordenbeidetem-
porelekenmerlenuitgerelenend:verschilkenmerlenengelijkeniskenmerlen. Uit deze
studieblijkt dat de classi catie performanceverbetertdoor het gebruik van temporele
kenmerlen.

Tenslottebeschrijen we in Hoofdstuk8 eenstudiedie we uitgevoerd hebbenom
te bepalenwelk effect eentemporeelCAD programmekan hebberop de diagnostische
accuraatheidanradiologen.In totaaldederzesradiologenrmeemetdezestudie.ledere
radioloogbeoordeeldd 98 caseswaanan er 99 eenbenigneen 99 eenmalignelesie
bevatten. Het temporeleCAD systeenbeoordeeldelezelfdecases.We vergelelen de
volgendesituaties:individuele beoordelingdoor een radioloog,onafhanlelijke combi-
natie van de beoordelingervan twee radiologenen onafhanklijke combinatievan de
resultatervanhettemporeleCAD systeeneneenradioloog.Deresultatedatenziendat
deinterpretatievantumorenverbetertvoor zowel onafhanklijke combinatievandebeo-
ordelingenvan tweeradiologenals voor onafhanklijke combinatievan de beoordeling
van eenradioloogen het CAD programma.De verbeteringverkregendoor hetgebruik
vanhetCAD programmavashetgrootste Hieruit blijkt dateentemporeelCAD systeem
nuttig kanzijn omradiologente helpenmetdebeoordelingvanlesies.Er is meeronder
zoeknodig om te bekijken op welke maniereenCAD systeemhetbestein de praktijk
gebruiktkanworden.
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