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Abstract

Multiplesclerosis(MS)isaninflammatorydiseaseofthebrainandspinalcord

characterizedbydemyelinatinglesions.Structuralmagneticresonanceimag-

ing(sMRI)isamedicalimagingtechniquethatissensitivetotheselesions.

QuantitiveanalysesofMRI,suchasthenumberandvolumeofMSlesions,are

essentialfordiagnosingthediseaseandmonitoringitsprogression.Inaddition,

theformationoftheselesions,acomplexprocessinvolvinginflammation,tis-

suedamage,andrepair,isalsoimportantfordiagnosingandmonitoringthe

disease. WhilesMRIissensitivetolesionactivity,thereissurprisinglypoor

associationbetweenclinicalfindingsandtheradiologicalextentofinvolvement

onMRIusingtraditionalvolumetricmeasures.Thisphenomenonisreferredto

astheclinico-radiologicalparadox.

Theworkinthisthesisisanefforttobridgethisclinico-radiologicalparadox

andlinkthelongitudinalfindingsonstructural MRIinpatientswith MSto

disease-modifyingtreatmentandotherclinicalinformation. Chapter2ofthe

thesisisanintroductiontosMRIdata. Chapter3and4ofthethesisdeal

withMSlesionsegmentationusingmulti-sequencestructuralMRI.Chapter5

isaculminationofthiswork. Thelesionsegmentationtechniqueexploredin

Chapter3and4isextendedtobuildapipelinetoextractlongitudinalintensity

information,orlesionprofiles,fromlesionsinmulti-sequencesMRI.APCA

regressionmodelisthenintroducedtorelatethelongitudinallesionprofilesto

disease-modifyingtreatmentandotherclinicalinformationinanattemptto

linktheinformationfromsMRItoclinicalinformation.Inaddressingthese

clinicalissue,thisthesisalsocontainsanumberofbiostatisticalcontributions:
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thedesignandanalysisofexpertratertrials,datareductiontechniquesforhigh

dimensionalandlongitudinaldatathroughprincipalcomponentanalysis(PCA)

regressionmodels,andthecomparisonofsupervisedlearningalgorithms.
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Chapter1

Introduction

Multiplesclerosis(MS)isaninflammatorydiseaseofthebrainandspinalcord

characterizedbydemyelinatinglesions.Structuralmagneticresonanceimag-

ing(sMRI)isamedicalimagingtechniquethatissensitivetotheselesions[1].

QuantitiveanalysesofMRI,suchasthenumberandvolumeofMSlesions,are

essentialfordiagnosingthediseaseandmonitoringitsprogression[2,3].Inad-

dition,theformationoftheselesions,acomplexprocessinvolvinginflammation,

tissuedamage,andrepair,isalsoimportantfordiagnosingandmonitoringthe

disease[4]. WhilesMRIissensitivetolesionactivity,thereissurprisinglypoor

associationbetweenclinicalfindingsandtheradiologicalextentofinvolvement

onMRIusingtraditionalvolumetricmeasures.Thisphenomenonisreferredto

astheclinico-radiologicalparadox[5].

Theworkinthisthesisisanefforttobridgethisclinico-radiologicalparadox

andlinkthelongitudinalfindingsonstructural MRIinpatientswith MSto

disease-modifyingtreatmentandotherclinicalinformation. Chapter2ofthe

thesisisanintroductiontosMRIdata. Chapter3and4ofthethesisdeal
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withMSlesionsegmentationusingmulti-sequencestructuralMRI.Chapter5

isaculminationofthiswork. Thelesionsegmentationtechniqueexploredin

Chapter3and4isextendedtobuildapipelinetoextractlongitudinalintensity

information,orlesionprofiles,fromlesionsinmulti-sequencesMRI.APCA

regressionmodelisthenintroducedtorelatethelongitudinallesionprofilesto

disease-modifyingtreatmentandotherclinicalinformationinanattemptto

linktheinformationfromsMRItoclinicalinformation.Inaddressingthese

clinicalissue,thisthesisalsocontainsanumberofbiostatisticalcontributions:

thedesignandanalysisofexpertratertrials,datareductiontechniquesforhigh

dimensionalandlongitudinaldatathroughprincipalcomponentanalysis(PCA)

regressionmodels,andthecomparisonofsupervisedlearningalgorithms.

Chapter2ofthisthesisisanintroductiontosMRIdata,andincludesde-

tailedinstructionsandcodeforthepreprocessingandanalysisofsMRIdata.

WithmyadvisorDr.CiprianCrainiceanu,co-advisorDr. RussellShinohara,

andDr. AniEloyan,thischapterhasbeendevelopedintoabookchapterin

theHandbookof ModernStatistical Methods: NeuroimagingDataAnalysis,

entitled“ATutorialfor Multi-sequenceClinicalStructuralBrain MRI”[6].

AspartofsMRIanalysiseducation,Ialsoco-developedandtaughttutori-

alsonthetopicattheStatisticsandAppliedMathematicalScienceInstitute

(SAMSI)andtheEasternNorthAmericanRegion(ENAR)meeting. Morere-

centlyIco-developedaCourseracoursewithDr.CrainiceanuandfellowPhD

studentJohnMuschellionstructuralMRIanalysisandpreprocessingusingthe

statisticalsoftwareR,thatwillbereleasedsoon.

ThemajorityofmyworkforthisthesishasbeendedicatedtoMSlesions

segmentationusingmulti-sequencesMRI,whichiscoveredinChapters3and
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4. Whilemanymethodsforlesionsegmentationexistintheliterature,these

methodsareoftendifficulttoreproduceanddonothavepubliclyavailablesoft-

wareimplementations. Chapter3introducesOASISisAutomatedStatistical

InferenceforSegmentation(OASIS),afullyautomated,cross-sectionallesion

segmentationalgorithm[7]. OASISusesalogisticregressionmodeltocreate

probabilitymapsoflesionpresenceformulti-sequence MRIstudies.Inthis

chapter,IpresenttheOASISmethodandperformextensivevalidationofthe

method,showingincreasedperformanceofOASISoverthepreviousstateofthe

artlesionsegmentationmethod.ThevalidationoftheOASISmethodincludes

qualitativevalidation,usingexpertratertrialswithaneurologist,neuroradi-

ologist,andradiologist.TheOASISlesionsegmentationalgorithmisavailable

forpublicuseandiscurrentlyimplementedasanRpackage(https://cran.r-

project.org/web/packages/oasis/index.html). Chapter4comparesthelogistic

regressionmodelfromtheOASISalgorithmagainstanumberofsupervisedma-

chinelearningalgorithms[8].HereIfoundthatthelogisticregressionmodelhas

performanceaswellorbetterthanthemorecomplexmachinelearningmodels

andthisworkillustratestheimportanceofmodelinterpretationandparsimony.

Chapter5describestheculminationofthisthesiswork,anattempttobridge

theclinico-radiologicalparadox.UsinganalgorithmIpreviouslydevelopedfor

segmentingnewandenlargingMSlesions[9],alongwiththeOASISalgorithm,

Idevelopedapipelineforextractingandnormalizinglesionprofiles,thelon-

gitudinalvoxel-levelintensitiesonthemulti-sequencesMRIwithinMSlesions.

UsingPCAtoreducethedimensionofthelesionprofiles,Idiscoveredthatthe

scoreonthefirstPCisavoxel-levelbiomarkeroflesionrepair. Themarker

3



isvalidatedbytwocliniciansinanexpertratertrial. Therelationshipbe-

tweenthisbiomarkerandtheclinicalmeasuresofinterestismodeledusinga

PCAregressionmodel,andastatisticallysignificantrelationshipbetweenthe

biomarkerandtheuseofdisease-modifyingtreatment,steroids,anddistanceto

theboundaryofalesionwasfound[10].
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Chapter2

Atutorialfor multi-sequence

clinicalstructuralbrain MRI

2.1 Introduction

Highresolutionstructuralmagneticresonanceimaging(sMRI)isusedexten-

sivelyinclinicalpractice,asitprovidesdetailedanatomicalinformationofthe

livingorganism,issensitivetomanypathologies,andassistsinthediagnosis

ofdisease[11].ApplicationsofsMRIcoveressentiallyeverypartofthehuman

bodyfromtoestobrainandawidevarietyofdiseasesfromstroke,cancer,and

multiplesclerosis(MS)tointernalbleedingandtornligaments.Sincetheintro-

ductionofMRIinthe1980s,thelackofsideeffects,thecontinuouslyimproving

resolutionofimages,andthewideavailabilityofMRIscannershavemadesMRI

instantlyrecognizableinthepopularliterature[12].Indeed,whenoneisasked

tohaveanMRIinaclinicalcontextitisalmostcertainlyansMRIoritsclose

relative,thedynamiccontrastenhancingMRI(DCE-MRI).Theseimagesare
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fundamentallydifferentfromfunctionalMRI(fMRI)insize,complexity,mea-

surementtarget,typeofmeasurement,andintendeduse. WhilefMRIaims

tostudybrainactivity,sMRIrevealsanatomicalinformation.Thisdistinction

isimportantasthescientificproblemsandstatisticaltechniquesforfMRIand

sMRIanalysisdiffergreatly[13],yetconfusionbetweenthetwocontinuesto

existintheliteratureandamongreviewers. Despitetheenormouspractical

importanceofsMRI,fewstatisticiansandbiostatisticianshavemaderesearch

contributionsinthisfield.ThismaybeduetothesubtleaspectsofsMRI,the

relativelyflatlearningcurve,andthelackofcontactbetweenstatisticiansand

biostatisticiansandthescientistsworkinginclinicalneuroimaging. Ourgoal

isreducethepriceofentry,acceleratelearning,andprovidetheinformation

requiredtoprogressfromnovicetoinitiatedsMRIresearcher.

ThischapterisdesignedtoprovideatutorialforsMRIresearch,introduce

somemajorunsolvedscientificproblemsinbrainimagingofpatientswithneu-

rologicaldisease,anddescribetheimportanttechnicalproblemsassociatedwith

dataanalysis.Imageacquisitionandpre-processing,especiallyasitrelatesto

pre-processingpipelines,willalsobediscussed.Inourexperience,ithasbeen

impossibletoseperatetheimagepre-processingpipelinefromlateranalysis.

ThepaperisaccompaniedbysMRIfortwosubjectswithmultiplesclerosis

attwovisitstogetherwiththeassociatedRcodethatcanbeusedtoopen,

visualize,andconductsmallstatisticalanalyses.Thesestudieshavebeenpre-

processedusingthepre-processingstepsoutlinedinthischapter.

AnsMRIstudytypicallyconsistsseveraldifferentsMRIsequences,most

commonlytheT1-weighted(T1),T2-weighted(T2),FluidAttenuatedInversion

Recovery(FLAIR),andProtonDensity(PD).Othersequencesarecontinuously
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beingresearchedandmaybecomestandardinfuturesMRIstudies. Moreover,

thetypeofmagnet(1.5T,3T,or7T),thebrandofMRIscanner,andthechoice

ofscanningparametersmayinducemajordifferencesbetweenimages,evenif

theyareofthesamesequence. WerefertothesMRIcollectionoftwoormore

sequencesasmulti-sequencesMRI. Wewilldistinguishmulti-sequencesMRI

frommulti-modalityimaging,whichreferstothecombinationofatleasttwo

differenttypesofimaging,forexamplesMRIandComputedTomography(CT),

orCTandPositronEmittedTomography(PET).

Fromadataperspective,everysequenceisathreedimensionalarray,with

eachentryrepresentingavoxel,orthreedimensionalpixel. Thesizeofthe

voxelsdependsontheacquisitionparametersandprovidestheresolutionofthe

image.Figure2.1displaysdatafromastandardsMRIsequenceprotocolfor

threeslicesshowninthethreerows.Thevoxelsizefortheseimageshasbeen

interpolatedto1×1×1mm(interpolationofsMRIisdiscussedindetailin

Section2.5.3).Slicesaredisplayed,movingfromtheinferiortothesuperiorof

thebrainandarelabeledA,B,andC,respectively.Eachcolumncorresponds

toadifferentsequence–theFLAIR(A1,B1,C1),T2(A2,B2,C2),T1(A3,

B3,C3),andPD(A4,B4,C4).Anintuitivewaytothinkaboutthedifferent

sequencesisthattheyareslicesthroughthebrainseenthroughdifferentfilters.

MakingsuchplotsinR[14]isrelativelyeasyusingtheoro.niftiRpackage[15]

package.Aftersettingtheworkingdirectorytothelocationofthecompressed

FLAIRvolume,thefollowinglinesofcodewillloadthevolumeandplotone

axialsliceoftheFLAIRimage:

library(oro.nifti)

flair<-readNIfTI(’FLAIRnorm.nii.gz’,reorient=TRUE)

7



Figure2.1: Multi-sequence MRIdataforonesubject. Threeaxialslicesare
shownoneachrow(lettersA,B,Cindicateadifferentslicegoingfromthe
inferior(A)tosuperior(C)ofthebrain)indicatingFLAIR(A1,B1,C1),T2
(A2,B2,C2),T1(A3,B3,C3),andPD(A4,B4,C4). AsmallMSlesionis
visiblentheA-sliceimages.SomelargerMSlesionsarevisibleclosertothe
ventricleintheB-sliceimages.
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image(flair[,,50])

Aplotofthesagittal,coronalandaxialviewfromtheslices[111,132,102]

([sagitalslice,coronalslice,axialslice])canbeobtainedusingthecommand

orthographic:

orthographic(flair,xyz=c(111,132,102))

WhileRpackagesmaychange,improve,orbecomeobsolete,wecurrentlylike

theoro.niftiR

172      169       169     169       167

192      187       187     183       172

200      201      192     192       187

192     204       202      200       198

157     172       187      194       196

131     140       154      165       168

120     126       129      130      132

A B

package,becauseitisrelativelyeasytouseandallowsusto

workdirectlywithcompressedfiles.Thisisabigadvantagewhenworkingon

largestudiesand/ortransferringfiles.Oncethemagicofstaringofthepictures

isgone,someimportanttechnicalquestionsremain. Mostimportantly:1)what

aretheseimages?;2)howcanwehandlesMRI?;and3)whataresomemajor

pitfallswhenstartingworkingonsMRI?Wearenowaddressingthesequestions.

Figure2.2: A.Dynamiccontrastenhancing(DCE)volumeaftergadolinium
injection.B.Thenumericaldataobtainedfromtheredregionofinterestin(A)
fromthisvolume.
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2.1.1 Whataretheseimages?

Atthemostbasiclevel,everysMRIvolumeisa3dimensional(3D)array,with

dimensionsdeterminedaccordingtotheacquisitionparameters.Forexample,

theFLAIRvolumeshowninFigure2.1isstoredasa3Darrayandthe50th

axialslice(movingfromtheinferiortothesuperiorofthebrain)isstoredin

flair[,,50].ThisFLAIRimageisinterpolatedtoavoxelsizeof1×1×1mm

andis182×218×182voxels,orabout7millionvoxels.AsshowninFigure2.1

thisMRIstudycontains4sequences,foratotalofaround30millionvoxelsfor

theentirestudy.Incontrast,fMRIare4dimensional(4D)matrices,wheretime

isthefourthdimension.Similarly,dynamiccontrastenhancedMRI(DCE-MRI)

[16,17]isalso4D,thoughherewefocuson3DsMRI.

Figure2.2displaysanaxialsliceoftheT1imageobtainedpost-gadolinium

injection.Gadoliniumchelateisaparamagneticsubstancethatcanbeinjected

inthebloodstreamandmakesbloodappearhyperintenseintheT1. When

asequenceofsuchimagesistakenbeforeandafterinjection,forthepurpose

ofobservingandquantifyingtheblooddynamicsintothebrain,thesequence

isreferredtoasDCE-MRI.Figure2.2showsonetimepointfromaDCE-MRI.

Alternatively,onlyonepost-contrastinjectionimagemaybeacquiredandthisis

referredtoasapost-gadT1image.TheimagecontainsanMSlesionsurrounded

byahyperintensering,whichindicatesbloodwithahigherconcentrationof

gadolinium. AsmallredboxinFigure2.2AismagnifiedinFigure2.2B.

Eachvoxelinthemagnificationcontainsboththeintensityandtheassociated

numericaldata. Forexample,thelargestvalueinthisrectangleis204,and

correspondstothemosthyperintenseshade.Imagesarejustrepresentations
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ofdatausingaparticular mappingfromrealnumberstoagray(orcolor)

scale.Simplemanipulationsofthismappingcanleadtodramaticchangesin

contrasts,atleastinthewaytheyappeartothehumaneye.Therepresentation

appearstobereasonableasthecorrespondencebetweenknownandrepresented

anatomyandpathologyareremarkable.Surprisingly,evenifonetriedtocluster

intensitiesofvoxelsacrosstheentirebrainthereisoverlapbetweenvarioustissue

classes,simplybecausethesameintensitycaneasilyappearintwodifferent

partsofthebrain.Forexample,therearemanyareasinthenormallyappearing

whitematterthathaveroughlythesameintensitywiththeringaroundthe

lesion.

Anaturalquestionthenbecomes,whatarethedataunitsandhowcompara-

blearetheseunitsacrosssubjects,visits,andstudies?Unfortunately,standard

sMRIdareunitless.Thus,thesizeoftheunitsiscomparablewithinthesame

sequence,thoughtakingthedifferencebetweentwosequencesofthesametype

ismeaningless.Thus,beforeconductinganysortofanalysisontheseimages,

dataintensitynormalizationisacrucialstep. Wewilldiscusssomemethodsof

intensitynormalizationinSection2.5.4.

2.1.2 HowcanwehandlesMRI?

Animportantcharacteristicofbrainimagingdataisthatitisbig.Inmost

computingenvironments,loadingintomemorymorethanonesMRIstudyis

notrecommended. Thisraisesquestionsaboutdatastorageandhandlingfor

conductinganalyseswheredatacanbeaccessedoneorafewimagesatatime.

Werecommendtostoredatausingafolderstructureofthetype:
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D:/study_type/subject_id/visit_k/sMRIsequence_name.nii.gz

Aseparatefilecontainingsubjectidentifiers,visitinformation,covariatesand

healthoutcomescanbestoredasamasterfile. Someresearcherspreferto

havethevisitidentifierandthesubjectidentifierinthefilenametoavoid

confusion. Regardlessofpreferences,carefulnamingandorganizationofthe

dataisacrucialsteptowardsmoresophisticatedanalyses.Asabasicrule,for

populationlevelanalysesthenamingsystemanddirectorystructuremustbe

consistent,script-friendly,intuitive,anddocumented.

Thecompressedfilesarequitesmall(around3Mb),thoughloadingandde-

compressinghundredsofsuchfilesinthecomputermemorycanslowdownand

evencrashcomputers. Wehavefoundthatthemostrobustapproachistoup-

loadtheminimumnumberofimagesnecessaryforperformingtheanalysis.For

example,ifoneisinterestedincalculatingthemeanFLAIRimageofspatially

registeredimagesthenonecansimplyuploadoneimageatatimeandusean

iterativeformulaforcalculatingthemean.Ifµnisanestimatorofthemean

usingthefirstnobservationsYi,i≥1thenµn=
n−1
n
µn−1+

1
n
Yn.Similarformu-

lasexistformorecomplexoperations,suchassequentialupdatingofcovariance

operators.

TheRcomputationalenvironmentisfamiliartostatisticianandbiostatisti-

ciansandtheRenvironmenthasmanypackagesfordesignedforneuroimaging.

However,neuroimaginghasbeendevelopedprimarilyoutsideofstatistics,with

adistinctlydifferentsoftwareandanalyticculture.Indeed,inneuroimaging

MATLABR,Python[18],andCareusedextensively. Learningtheselanguages

isespeciallyusefulfordirectcollaboration. Thereisanextensivecollection
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ofusefulneuroimagingsoftware;inthischapterwewillcoverthosewhichwe

havefoundtoworkparticularlywell.Forexample,MedicalImageProcessing,

Analysis,andVisualization(MIPAV)isparticularlypowerfulfordatavisualiza-

tion,exploratoryanalysis,spatialinhomogeneitycorrections,segmentation,and

spatialregistration.

2.1.3 Whataresomemajorpitfallswhenstartingwork-

ingonsMRI?

Thebiggestmistakeinneuroimaginganalysisistolookforanapplicationthat

illustratesaparticularbiostatisticalmodelingidea.A“methodbackwards”ap-

proachisproblematicinanydiscipline,butitisespeciallydangerousinimaging.

Areasonablydeepunderstandingofimaging,imagepre-processing,andimag-

ingliteraturecansavetime,avoid“wheelre-invention”,andmaintainfocus

onscientificallyrelevantandimportantproblems.Thus,weadvocatea“prob-

lemforward”approach,wherebiostatisticiansandstatisticiansworkdirectly

withcollaborators,learnaboutthedetailsofdataacquisition,andidentifythe

mostimportantproblemswherewecanhaveanimpact.Likeeverytechnology-

intensivefield,imagingrequiresdevelopingabasicsetofskillsthatallowsto

understand,formulate,andhelpsolvethemostimportantproblems. WhileBio-

statisticians“gettoplayineveryoneelse’sbackyard”(JohnTukey,BellLabs,

PrincetonUniversity),theremustberulesabout“playing”. Wehavefound

theNeurosciencecommunitytobeincrediblywelcomingandopentoinformed

biostatisticalandstatisticalideasandapproaches,whenweareopentolearning

thenecessarybackgroundforworkingwithneuroimagingdata.
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Anotherpitfallistonotunderstandthedangersthatlurkinneuroimaging.

Here,wewarnofafew.First,thereismuchbiologicalvariationbetweenbrains

andinadditionneurologicaldiseasecandeformthebrainquitedramatically.

Therefore,methodsthatarereasonablywelldevelopedforhealthybrainstend

tofailbadlyondiseasedbrains. Second,magneticcoilscreatespatialinho-

mogeneitiesthatcouldbequitelargeandvarywiththesubjectsandtimeof

thescan. Spatialinhomogeneitycorrections,suchasN3[19]orN4ITK[20],

workquitewellandarereasonablystandardinmostimagingprocessingplat-

forms;however,subtlebiasfieldsremainandcanstronglyaffectquantitative

analyses. Wediscussindetailtheinhomogeneityandinhomogeneitycorrec-

tioninSection2.5.1.Third,formanyofthestepsinpre-processing,anumber

ofdifferentmethodsexistandlittleworkhasbeendonetoevaluateandcom-

parethesemethods.Forexample,itiscommontohearstatementsofthetype

“myregistrationmethodtoatemplateisbetter”or“thissegmentationap-

proachworkswell”.Oftenthereislittleevidencesupportingsuchstatements,

andthesejudgementsarebasedsolelyonthequalitativeinspectionofimages.

Thereisaneedforvalidationandreplicationworkaswellasunderstanding

humanqualitativeassessmentofimages.Thisisanotherexcellentopportunity

forstatisticiansandbiostatisticianstobecomeinvolvedinimaging. Afourth

majorpitfallistoassumethatproblemsinneuroimaginghavebeensolved.The

range,complexity,anddiversityofunsolvedproblemsisastonishing.Indeed,

registration,intensitynormalization,longitudinalco-registration,spatialinho-

mogeneity,segmentation,populationlevelanalysesareallwideopenproblems.

Fifth,quantifyingassociationsbetweenimagingandhealthisahardproblem

thatneedstobewellunderstoodandaddressed.Indeed,braincharacteristics
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areextremelyheterogenousacrossindividuals,whilelongitudinalchangestend

tobemuchsmaller.Forexample,inastudyoffractionalanisotropy,ameasure

derivedfromdiffusionweightedimaging,ofthecorpuscallosum[21]thelongitu-

dinalvariabilityover4-5yearsonlyaccountedfor2to3%ofthetotalobserved

variability.Thisraisesimportantproblemsforbiostatisticiansandstatisticians

inmanyneuroimagingstudieswherethesignal,ifitexists,sitsunderapileof

noise.

2.2 Openscientificproblemsassociated with

sMRIofthediseasedbrain

Giventhediversityofdiseasesandassociatedscientificquestions,itcanbedif-

ficulttoidentifyimportantscientificproblems.Itmaybesimpletoidentify

segmentationofwhitematterpathologyasageneralproblem(seeSection2.6.1

foradiscussionoflesionsegmentationinMS),thoughweareawarethatthere

arefundamentaldifferencesbetweenidentifyingaffectedtissuesinMS,stroke,

cancer,traumaticbraininjury(TBI),orAlzheimerDisease(AD.) Whilerecog-

nizingthesedifficulties,weattempttoprovideanoverviewthatisinformative.

Butduetothescopeoftheproblems,wecannotbeexhaustive.

Fromaclinicalperspective,theinterestisofteninsubject-specificdata.

Atthisleveltypicalscientificquestionsarerelatedtoexistence,location,and

severityofbrainabnormalitiesthatmaybeclinicallyrelevant.Anothersetof

problemsisrelatedtoquantifyingthevolumeofwhitematter,cerebrospinal

fluid(CSF),graymatter,andbrain.Theseproblemsfallundertheumbrellaof
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braintissuesegmentation. Moresubtleproblemscanalsobeaddressed,such

aslocalizedabnormalities.Examplesofthesearebleeding,graymatterthin-

ning,orquantifyingunusualwhitematterintensitydistributions(referredtoas

“dirtywhitematter”).ForsMRIstudiesaquiredatmultiplevisits,biological

changesbetweenthetwovisitsmaybeofinterest.Anexampleiswhetherbrain

abnormalitieshavedisappearedorhaveworsened,andwhethertherearequan-

titativechangesintissuevolumeorqualitybetweenthetwovisits.Apervasive

technicalproblemishowtoalignimagesofthesamesubject,howtovisualize

thedifferencesbetweenimageswhenintensitieschangescalefromonevisitto

thenext,andhowtoeliminatethescanner/visit-specificinhomogeneities.In

Section2.5.1wewilldiscusshowtoaddressthespatialinhomogeneitycorrec-

tion,inSection2.5.4wewillpresentmethodsforregistration(aligningdifferent

brainstoatemplate)andco-registration(aligningthesMRIsequencesforthe

samesubject’sbrainfromseveralvisits).Afterapplyingintensitynormalization

asdescribedinSection2.5.5,onecandifferencetherespectivesequencesforthe

samesubject. Probablythemostdisappointingpartofthisexerciseonreal

dataisthattypicallythedifferenceisnotzeroandrevealstheimperfectionsof

theregistrationandnormalizationprocedures.Themostseriousproblemisthe

factthatedgesandboundariesdonotalignperfectlyandsomeobviousdiffer-

encesmaysimplycomefromthefactthatthemagneticsignalwasstrongerin

aparticularvisitthanattheothervisit.But,wherethereisdisappointment,

thereisopportunity.

Whenoneismovingfromthesubjecttothepopulationlevel,anewsetof

scientificproblemarises.Indeed,atthepopulationlevelonecouldbeinterested

inmappingthelocationoflesionsonatemplatebrainandstudyingwhetherthe
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localizationoftheselesionsisassociatedwithdiseaseseverityorprogression.

ExamplesofsuchproblemsincludesmappingthelocationofMSlesionsorof

thestrokeclotafteradmissiontotheIntensiveCareUnit(ICU.)Anotherprob-

lemistoquantifydifferencesandchangesinbraintissuesandtheirassociation

withhealthoutcomes.Forexample,howisthesizeandshapeoftheventricles

inthebrainofapatientinfectedwithHIVrelatedtothedurationofthedis-

easeorwiththetypeoftreatmentorwiththetimefromtreatmentinitiation.

Anotherexampleistostudytheassociationbetweenwhitematterlossorgray

matterthinningandprogressiontoAD.HighqualitysMRIdataforthistype

ofproblemispubliclyavailablethroughtheAlzheimer’sDiseaseNeuroimaging

Initiative(ADNI)(http://adni.loni.usc.edu/). Anothersetofproblemsisto

studythepopulationleveltemporalevolutionoflesionsornormalizedvoxelin-

tensityinlesionsandtheirassociationwithhealthprocessesand/ortreatment.

Forexample,inastroketrialonemaybeinterestedinwhetherthebrainclotis

eliminatedaftersurgery,howfasttheclotiseliminatedandwhetherfasteror

slowereliminationisbetterforthepatient.InanMSstudy,onemaybeinter-

estedinanalyzingretrospectivelywhetherwhitematterabnormalitiescouldbe

usedtopredictwhenandwhereanewlesionwilloccur.Thelastsetofproblems

istostudythestructureofthedataacrossthepopulationeitherusingunsu-

pervisedtechniques,suchasprincipalcomponentanalysis(PCA)orclustering,

orsupervisedtechniques,likeregression.Forexample,onecouldbeinterested

inanalyzingtheprincipaldirectionsofvariationinthebrainmorphologyand

itsassociationwithhealthoutcomes,clusteringofsubjectsaccordingtotheir

imageintensitiesorbrainmorphology,oridentifyinglocationsinthebrainthat

maybestronglyassociatedwithcognitivedeclinesrelatedtoacceleratedaging.
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2.3 Datastructureandintuitivedescriptionof

associatedproblems.

ItisusefultodescribethedatastructureanddiscusssMRIfromanotation

perspective. WedenotebyYijm(vijm)theintensityofthemth,m=1,...,M,

sequenceofthesMRIdataatthejthstudyvisit,j=1,...,Ji,oftheithsubject,

i=1,...,I,atthevoxelvijm.ForthedataaccompanyingthischapterI=J=

2,andM =4resultinginatotalof16images.Forthosecaseswhenthereisonly

onesMRIpersubject(e.g.cross-sectionalimagingstudies)theindexjcould

beomitted.Astheindexesi,j,andkinvijkindicate,imagesaretypicallynot

registered,inthesensethatvoxelsdonothavethesameinterpretationbetween

thesamesMRIsequences,visits,orsubjects.Atransformationofimagesthat

ensuresthatthevoxeldependsonlyonthesubject,thatisvijm=viiscalledco-

registration.Atransformationoftheimagetoatemplate,X(v),wherethevoxel

doesnotdependonthesubjectiscalledregistrationtoatemplateorsimply

registration. Whileco-registrationislesscontroversialandcurrentsoftware

seemstohandleitwell,registrationtoatemplateraisesmultipleproblems,

especiallyinbrainsaffectedbydisease. Wewilldiscussregistrationandco-

registrationinSection2.5.4

Amajorprobleminimagingisthatimagesmayhavespatialinhomogeneities.

Moreprecisely,thismeansthattheintensityoftheimageinvarioustissues(e.g.

fat,whitematter)variesbythelocationinthebrain.Thiscanbequiteobvious

when,forexample,theinferiorpartofthebrainisbrighterthanthesuperior.

Thiscanleadtoseriousproblems,asgraymatterintheinferiorpartofthe

brainmayactuallybe“whiter”thanthewhitematterinthesuperiorpart.
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Spatialinhomogeneitiesvaryinseverity,andcanoftenbeverysubtle.Such

subtledistortionswouldbediscardedbyahumanobserver,butmaycreatese-

riousproblemswhenonetriestoanalyzedata.Forexample,theyhavebeen

showntohavealargenegativeeffectonMSlesionsegmentation[7].Froma

notationalperspective,animagewithspatialinhomogeneitieswillhavethelo-

calintensitydistributionsinthesametissuevaryacrosslocationsinthebrain.

Theproblemofinhomogeneitycorrectiondependsonthedefinitionof“tissue”

andrequiresdistributionmatchingacrossvarioustissuetypesandbrainloca-

tions.Thisisatoughproblemwithimperfect,butreasonablesolutions.This

isdiscussedindetailsinSection2.5.1.Aquickwaytodiagnosespatialinhomo-

geneitiesistovisuallyidentifywhitematter,fat,graymatter,andboneregions

fromvariouspartsofthebrainandplotthehistogramsofintensitiesforeach

suchregionseparately.Alesseffective,butfasteralternativeistocomparethe

histogramsofaxial,sagittal,andcoronaldistributions. Ofcourse,tissuetype

proportionsshouldvarybyslice,butreasonableapproximationscanbeob-

tained.Anotheralternativeistouseandvisualizeanaggressivesmootherthat

wouldhidebiologicalinformation,butwouldhighlightunusualspatialpatterns

ofimageintensity.

Wheneveroneisinterestedinanalyzingmorethanonesequence,itisuseful

fortheunitsinwhichYijm(vijm)isexpressedtohavethesameinterpretation

andbeonthesamescale. Aswementionedearlier,thisisnotthecasein

sMRI,whichcanraisefundamentalquestionsrelatedtopopulationleveleffects.

Indeed,ifdataarenotonthesamescaleeventakingthedifferencesbetween

twoimagesdoesnotmakesense. Atransformationofimageintensitiesfrom

therawimagetoaninterpretablescaleiscalledimageintensitynormalization.
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Thisshouldnotbemistakenforimageregistration,whichisalsooftenreferred

toinpracticeas“imagenormalization”.InSection2.5.5wewilldiscussthe

statisticalprinciplesofimagenormalizationandwewilldiscussvariouswaysof

conductingimageintensitynormalization.

2.4 Acquisitionandreconstruction

ThecontrastofanSMRIvolumeistherelativedifferenceofsignalintensities

withinthevolume. WhenanMRIscanisacquired,changingthescanningpa-

rameterschangesthecontrastofthevolumetoproducethedifferentsequences,

suchasFLAIR,T1,T2,andPD.Thescanningparametersthatcontributeto

thecontrastofanimagearetheflipangle(FA),therepetitiontime(TR),the

inversiontime(TI),andtheechotime(TE).Amoredetaileddescriptionof

imagescanningparameterscanbefoundin[22].Smallchangesinthescan-

ningparameterscanresultindifferentcontrast.Forexample,twovolumesmay

bothbea“FLAIR”volume,butifacquiredwithdifferentscanningparameters

canhavedifferentimagecontrasts. MRIphysicistarecontinuallyworkingto

developnewimagingtechniquesintheformofdifferentcombinationsofthese

parameterstoproducehigherqualityvolumes.Itisthereforedesirable,but

quitedifficult,todevelopalgorithmsthatarerobusttochangesinthescanning

parameter.Variabilityinthecontrastscanalsoarisefromthestrengthofthe

magnetusedforimaging.Themagnetstrengthismeasureinteslas.Currently,

commonfieldstrengthsforsMRIare1.5T,3T,and7T[22].Slicethicknessand

thein-planeresolutionoftheoriginalvolumesisalsoimportant,asthevolumes
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maybeinterpolatedduringimagepre-processing.Informationaboutthescan-

ningparameters,slicethickness,andfieldstrengthofthemagnetcanoftenbe

foundintheheaderofthesMRIvolume.

Duringacquisitions,imagingartifactscanariseduetotheimaginghardware

orfromthesubject.Itiswellestablishedthattheintroductionofartifactsas-

sociatedwithpatientmotionandthevariabilityassociatedwithscannerscan

significantlydegradetheaccuracyofresultsfromfurtheranalysis[23].There-

forevolumesfromthescannertypicallyundergoeitheramanualorautomatic

qualitycontroltoassurethatvolumeswithartifactsareremovedbeforeanaly-

sis.[23]and[24]bothproposeautomatedmethodsforassessingthequalityof

animage.

2.5 Pre-processing

AfterthesMRIdataisacquiredandreconstructed,dataarepre-processedfor

analysis.Itisoftenhardtodefineexactlywhat“pre-processing”means,as

itwillvarybystudy,scientist,orevenanalysis.Indeed,pre-processingand

imageanalysisarecloselylinked,withpre-processingoftenhavingadramatic

impactontheanalyticresults.Thus,itisimportantforthebiostatisticiansand

statisticiansworkingwithsMRIdatatohaveknowledgeofthepre-processing

stepsandtheirpotentialimpactsonthedownstreamanalyses. Forthepur-

poseofthispaper,wedivideimagepre-processingintofourmainsteps:1)

inhomogeneitycorrection;2)spatialinterpolation;3)skullstripping;4)spatial

registration;and5)intensitynormalization.Adetaileddescriptionofeachstep

withsoftwareanddataapplicationsisprovidedinthissection.Thesestepsare
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typicallyexecutedinthisorderinanimagepre-processingpipelineanddepend

onvariouschoicesandoptimalitycriteria.Apipelineisachoiceofaparticular

setofimagepre-processingstepsthatcanbeappliedtomanyimages. While

wesimplifyhereforunderstanding,anadditionalcomplicationisthattheor-

der,steps,andalgorithmforeachsteparenotagreeduponinthecommunity.

Partofthereasonforthepluralityofpipelinesisthatitisdifficulttoquantify

thedifferenceinqualitybetweenpre-processingpipelines.Developingimproved

algorithmsforimagepre-processingandmethodsforquantifyingthequalityof

pipelinesisanareafilledwithopportunities.

Therearemanytoolsforcreatingimagepre-processingpipelines.Thechoice

oftoolsshouldbebaseduponthetoolsavailability,resultsquality,andcompu-

tationalfeasibilityforlargecollectionsofimages. Whilewedobelievethatthere

isnouniversallybestpipeline,anon-exhaustivelistofpopularsMRIpipelines

includetheLONIPipelineProcessingEnvironment[25],theFMRIBSoftware

Library(FSL)[26],andJavaImageScienceToolkit(JIST)[27]implementedin

MedicalImageProcessingAnalysisandVisualization(MIPAV)[28].Anexcit-

ingnewtoolforRusersisANTsR:AdvancedNormalizationToolswithR

(http://stnava.github.io/ANTsR/index.html),apre-processingpipelinethatcan

berunthroughR.Imagepipelinesoftenfailonasubsetofimages,which,left

uncorrected,canseriouslyimpactdownstreamanalyses. Therefore,another

qualitycontrolstepmustbeperformed,whichoftenconsistsofaqualitative

visualinspectionofthepreprocessedimages.
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2.5.1 Inhomogeneitycorrection

MRIintensityinhomogeneityistheslowvariationofintensitieswithinatis-

sueclassinanimage.Intheliteratureintensityinhomogeneityisalsoreferred

toasintensitynonuniformity,shading,thebiasfieldorthegainfield.Spatial

inhomogeneitycanbecausedbytheMRIscannerorbythepropertiesofthe

objectthatisbeingimaged.Thelattercauseishardtocontrolandaccountfor,

butisrelativelysmallinlowmagneticfieldintensityscanners.Inhomogeneity

mayraiseanalyticalchallenges,becausebasicassumptionsofvariousmodels

andtechniquesmaybeviolated.Aconsequencecanbethatmethodsdeveloped

forimageswithno,small,orknowninhomogeneityfieldpatternsmayfailin

heterogeneousimagingstudieswhereinhomogeneityfieldscanbequitelarge

orhaveunexpecteddistributions.Forexample,manysegmentationalgorithms

useimageintensitythresholdingononeormoreimagesthatareknowntodis-

criminatewellbetweenspecifictissueclasses.However,ifthesametissuehas

differentintensitydistributionsatdifferentlocationsinthebrainthensegmen-

tationalgorithmscanbeseriouslyaffected.Forexample,Figure2.3Adisplays

aT1volumefroma7Tscanner,whileFigure2.3Bdisplaystheestimatedin-

homogeneityfield,indicatinghigherintensitiesintheleft-bottomcorner.Thus,

graymatterinthisareahashigherintensitiesthanwhitematterareasinother

areasofthebrain(graymatterlooks“whiter”thanwhitematter.) Whileres-

olutionandbiologicaldetailsaresharperinhigherintensityscanners,spatial

inhomogeneityisknowntoincreasewiththefieldstrengthofthemagnet.
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A B

Figure2.3: A.AxialslicefromaT1-weightedvolumeobtainedfroma7T
scanner. Volumesfromscannerswithahighermagneticfieldstrengthoften
containmoreintensityinhomogenityartifacts,asseeninthisimage. B.The
inhomogenityfieldforthissliceasmodeledbytheN4ITKalgorithm.

2.5.1.1 Concepts

Theinhomogeneityfieldofanimageiscommonlymodeledmultiplicatively.For

avoxelv,theobservedintensityinanimageYm(v),where,forsimplicity,we

havedroppedthesubjectandvisitindexusedinSection2.3. Conceptually,

theobservedimageismodeledasYm(v)=α(v)Xm(v)+ev,whereXm(v)isthe

truevoxelintensity,α(v)isthemultiplicativeinhomogeneityfield,andevisan

additiveerrorassumedtofollowaGaussiandistribution.Theadditiveerroris

oftenignoredanddataaremodeledadditivelyonthelog-intensityscale:

log{Ym(v)}=log{Xm(v)}+log{α(v)}. (2.1)
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[29]and[30]providecomprehensivereviewsofmethodstocorrectforim-

ageinhomogeneities.Theinhomogeneityfieldcanbecorrectedforprospectively

throughphantomscans,theuseofmultiplecoils,orspecialsequences. Wefocus

onretrospectivemethodstoestimatethefieldfromthethedata,astheseare

mostrelevanttothestatistician.Clearly,thedeconvolutionmodel2.1requires

strongassumptionstoensureidentifiability. Whileeachmethodusedforesti-

mationmakesslightlydifferenttechnicalassumptions,intutitivelytheyallmake

assumptionsaboutthedegreeofvariationinthelog{Xm(v)}andlog{α(v)}pro-

cesses.Typically,thoughoftennotexplicit,oneassumesthatlog{α(v)}varies

spatiallymuchslowerthanlog{Xm(v)}.Underthisassumption,anaggressive

smoother(e.g.3Dkernelsmootherwithalargewindow)oftheimagecouldbe

viewedasanestimatoroflog{α(v)}.Themajorityofinhomogeneitycorrection

methodscanbegroupedas(1)filtering,(2)surfacefitting,and(3)statistical

models.Infilteringmethods,theinhomogeneityfieldisassumedtobeoflow

spatialfrequencyandthesignaloftheanatomicalstructuresintheimageof

highfrequency.Theinhomogeneityfieldcanthenberemovedusingalowpass

filter. Surfacefittingmethodsuseatissuesegmentationfirst,whichisthen

followedbysmoothingwithintissueclasses.Statisticalmodelsassumethatthe

inhomogeneityfieldfollowsaparticularrandomprocessdistribution. Wewill

takeexceptiontothisnomenclature,asalltheseapproachesarebasedonsta-

tisticalmodels.However,weprovidetheacceptedcategorizationtohelpwith

communication.

Whenthetrueinhomogeneityfieldisnotavailable,criteriausedtoassessthe

performanceofinhomogeneitycorrectionmethodsinclude:1)varianceoverthe

entireimageorsegmentedportionsoftheimage;2)coefficientofvariationover
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theimage;3)jointcoefficientofvariationbetweentwotissueclasses. Whenthe

trueinhomogeneityfieldisavailable,themeansquareerrorbetweenthederived

andtrueinhomogeneityfieldiscalculated.Otherimportantconsiderationsfor

assessingthesemethodsarestability,computerrequirements,andCPUtime

[29].

2.5.1.2 Practicalapproaches,software,andapplicationtodata

Themostcommonlyusedmethodforinhomogeneitycorrectionisastatistical

model,thenonparametricnonuniformintensitynormalization(N3)correction

[19].Themethodassumesthatf(v)=log{α(v)}andu(v)=log{Xm(v)}are

twoindependentrandomvariableswithdistributionsFandU,respectively.

Thedistributionofthesumsofthesetworandomvariablesistheconvolution

ofFandU.N3searchesfortheinhomogeneityfieldtomaximizethefrequency

contentoftheimageintensitydistributionandconstrainstheinhomogeneity

fieldtobemodeledasaGaussiandistributionwithsmallvariance.Codeforthis

methodispubliclyavailableandhasbeenimplementedinmostpre-processing

pipelines. Morerecently,animprovementandextensionoftheN3methodhas

beenproposed,theN4ITK[20].Codeforthismethodispubliclyavailableand

themethodhasalreadybeenimplementedinmanypipelines. Figure2.3B

showstheinhomogenityfieldasmodeledbytheN4ITKalgorithm[20].
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2.5.2 Skullstripping

Skullstrippingistheprocessofextractingthebrainfromanimagebyremoving

thebackgroundandallothertissue. Morespecifically,theproblemistoesti-

mateSijm(vijm)∈{0,1},theindicatorvariableofbraintissuebeingcontained

invoxelvijmfromtheimagesofeachsubjectateachvisit,Yijm(vijm).Thispro-

cess,whichmaybeconsideredasegmentationtask(seealsoSection2.6.1),is

necessaryfortheidentificationoftissuetobestudied.Errorsinskullstripping

canproducebothfictitiouseffectsandreducepowerifkeyregionsofthebrain

areerroneouslyremoved.

2.5.2.1 Concepts

Whiledozensoftechniqueshavebeenproposedforthistaskoverthepasttwo

decades,themostcommonmethodremainsthebrainextractiontool(BET)

[31].BETisasimpletechniquethataimstoiterativelyfitamesharoundthe

surfaceofthebrain,andhasbeenshowntohavesuperiorperformancetocom-

petingmethods,althoughithasdocumentedlimitationsincludingapropensity

toincludeextracerebraltissueinthebrainmask[32,33]. Whileseveralhybrid

methods[34,35]havebeenproposedbyintegratinggenerativeandclassifying

techniquestoproducemethodsthatarerobusttodifferencesbetweenscanners

andprotocols,nosolutionhassatisfactorilysolvedtheproblem. Thus,most

imageanalysisgroupsstillresorttomanualcorrectionafterautomaticskull

stripping. Recently, multi-atlaslabelfusiontechniques[36,37]haveshown

greatpromiseforskull-stripping[38,39];thesemethodsusedeformableregis-

trationtocomparethesubjectunderstudywithalibraryofotherimagesfor
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whichmanualskull-strippingimages(calledatlases)andaverage(orfuse)these

manuallabelsacrossatlases.Patch-basedtechniques[40]havealsoshowngreat

promisewithsignificantlylowercomputationalburden. Asnewmethodsare

developed,manyauthorssubmitresultsforactivecomparisontoavalidation

resource,andcomparisonsarepubliclyavailable[41].

2.5.2.2 Practicalapproaches,software,andapplicationtodata

AsBET[31]issocommonlyused,wedemonstrateitsapplicationasaneasy-to-

useandcomputationallypracticalapproach.BETwasfirstimplementedinFSL

[42],butnowisavailableinotherimageprocessingpackagesincludingMIPAV

andJIST[43].UsingMIPAV,skull-strippingcanbeachievedusingBETona

T1-weightedimageinlessthanaminuteonastandardpersonalcomputerand

anexampleoftheresultsisshowninFigure2.4.

2.5.3 Interpolation

Interpolationtransformsadiscretearrayofnumbersintoacontinuousimage.

AswesawinFigure2.2,sMRIarearraysofintensityvaluesthathavebeen

sampledonagrid. Whenperformingoperationssuchasimageregistration,

magnification,imagereslicingandresampling,andsurfacerenderingitisde-

sirabletohaveacontinuousimageandtoknowtheapproximatevaluesofthe

imageatpointsotherthanthoseontheoriginalgrid.

28



A B

Figure2.4:Anaxialsliceoffroma3TT1-weightedimagingofapatientwith
MSbefore(A,showingYijm(vijm))andafter(B,showingYijm(vijm)Sijm(vijm))
skullstrippingusingBET.

2.5.3.1 Concepts

Anextensivereviewandcomparisonofinterpolationmethodsinmedicalim-

ageanalysiscanbefoundin[44]and[45]. Themostcommoninterpolation

methodsinsMRIanalysisaretruncatedandwindowedsinc,nearestneighbors,

linear,quadratic,cubicb-splines,cubic,Lagrange,andGaussianinterpolation.

Considerthevoxelv=(xv,yv,zv)withcoordinates(xv,yv,zv)thatwerenot

necessarilyamongthecoordinateswheredataweresampled.Thentheimage

canbeinterpolatedatvas

Ym(v)=Ym(xv,yv,zv)=
p,r,s

Ym(p,r,s)h(xv−p,yv−r,zv−s)
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wherethefunctionh(·,·,·)istheinterpolationkernelandthesummationisdone

overallp,r,swheredataareobserved.Toprovidesomeintuitionwedescribe

theinterpolationkernelsfor“onenearestneighbor”,“linear”and“windowed

sinc”.Foronenearestneighbortheinterpolationkernelis:

h(x)=






1 0≤|x|≤0.5

0 elsewhere

Forlinearinterpolationtheinterpolationkernelis:

h(x)=






1−|x|0≤|x|≤0.5

0 elsewhere

Thesincfunctionissinc(x)=sin(πx)
πx
.IfNdenotesthenumberofsupporting

pointsusedforinterpolationthenthewindowedsincinterpolationkernelis

h(x)=






sin(πx)
πx

0≤|x|≤N
2

0 elsewhere

2.5.3.2 Practicalapproaches,software,andapplicationtodata

InsMRIpre-processing,interpolationislinkedcloselywithspatialregistration.

Asanimageisspatiallyalignedtoanotherimageoratemplate,theimage

beingregisteredmustbeinterpolatedtodeterminethevaluesoftheregistered

imageinthenewcoordinatespace.Interpolationmethodsaretypicallyatuning

parameterforregistrationandareimportantastheycanimpacttheclarity

oftheimageafterregistration. Windowedsinchasbeenshowntoproduce

goodresultsinaccordancewiththenumberofsupportingpointsusedinthe
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interpolation,butcanbecomequitecomputationallyintensiveasthenumber

ofsupportingpointsincreases[44].

2.5.4 SpatialRegistration

Registrationistheprocessofdeterminingthespatialalignmentandcorrespon-

dencebetweenimages.Considerthecasewhenoneisinterestedinregistering

imageY(p,r,s)toY(p,r,s),wherep=1,...,P,r=1,...,R,ands=1,...,S

aretheindexesofthethreedimensionalarrays.Thedimensionofbotharrays

areP×R×S;whenthearrayshavedifferentdimensionsinterpolation,asde-

scribedinSection2.5.3,canbeapplied.Ifweidentifyavoxelwithitsarray

indexv=(p,r,s)thentheproductofregistrationisabijectivetransformation

map,v→ T(v),fromoneimagereferencesystemtoanother. Theregistered

imageinthereferencesystemofY(·,·,·)isthenY{T(p,r,s)}whereasresultsor

imagescanbeobtainedinthe“nativespace”byusingthebacktransformation

v→ T−1(v).Itisimportanttonotethatregistrationisatransformationof

spaceanddoesnotaffectimageintensities;however,imageintensitiescanbe

usedtofindoptimaltransformationsinaspecificclassoftransformations.In

thissectionwefocusonintra-subjectregistration,alsoreferredtoasspatial

normalization.Inter-subjectregistrationandregistrationtoagrouptemplate

imagearediscussedintheAnalysissection.[46]providesadetailedsummary

ofregistrationmethodsandweusethenotationintroducedinthistextinthe

followingdescription.
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2.5.4.1 Concepts

Thereisaninfinitenumberoftransformationsv→ T(v)andtheyrangefrom

uselesstouseful.Forexample,giventwoimagesexpressedonthesame3Dgrid

onecanperfectlytransformeachindividualpointfromthefirstimagetoeach

individualpointinthesecondimage.Suchatransformationmayormaynot

respectsomeorderandischaracterizedbythedegreeofsmoothness(number

ofdegreesoffreedom).ArandomassignmentofindexeswouldhaveP×R×S!

degreesoffreedom,withmosttransformationsbeinguselessanduninformative.

Herewewilldescribeafewusefultransformations,includingrigidandaffineand

wewillprovidethenecessarytoolsfornon-linearanddiffeomorficapproaches.

Rigidregistrationisthesimplesttypeofregistrationandconsistsofatrans-

lationandrotation. Thus,3Drigidregistrationshavesix-degreesoffreedom,

3associatedwiththetranslationvector,t=(tx,ty,tz),inthex,yandzdirec-

tionsand3associatedwiththerotationparametersθ=(α,β,γ).Foravoxel

v=(i,j,k)therigidtransformationcanbewrittenas:

Trigid(v)=Rv+t

where

R=









cosβcosγ cosαsinγ+sinαsinβcosγ sinαsinγ−cosαsinβcosγ

−cosβsinγ cosαcosγ−sinαsinβsinγ sinαcosγ+cosαsinβsinγ

sinβ −sinαcosβ cosαcosβ








.

AnaffineregistrationhasthesameformastherigidandisofthetypeTaffine(v)=

Av+t,withthedifferencethatthematrixAisnotconstrainedtobearotation
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matrix.Thus,thetotalnumberofdegreesoffreedomof3Daffinetransformation

is12with9degreesoffreedomcorrespondingtothe9entriesofthematrixA

and3correspondingtothetranslationvectort.

Choosingtheregistrationclass(e.g.rigidoraffine)isacrucialstep,though

onestillneedstoestimatetheparametersofregistrationintheinducedspaces.

Thisisdonethroughouttheminimizationofautilityfunction.Therearethree

mainwaysofconstructingautilityfunctionsusing:1)landmarks;2)surface

fitting;and3)voxel-similaritymetrics.Inlandmarkbasedregistration,fiducial

markersorlandmarkpointidentifiedbyhandintheimagesareusedaspoints

ofreference.Afiducialmarkerisanobjectthatisplacedinthefieldofviewin

animage.Theselandmarksreplacetheoriginalframeofreferenceandtransfor-

mationsareappliedtoreduceaparticulardistancebetweenthem,whichcould

includeminimizingthegeometricdistanceoracombinationbetweenthegeo-

metricdistanceandtheintensitiesintheimage.EithertheRootMeanSquare

(RMS)ErrororFiducialRegistrationError(FRE)canbeoptimizedtoselect

theregistrationparameters.Theerroroftheregistrationcanbeassessedbyre-

portingtheTargetRegistrationError(TRE)forthenon-landmarkareasinthe

image.Landmarkbasedregistrationrequirestheidentificationoflandmarks,

whichcanbetimeconsumingandmaybepronetoobservererror.Therefore,

findinglandmarksautomaticallyandreliablyisanactiveareaofresearch.An

excellentcomprehensivedescriptionofshapeanalysisandlandmark-basedreg-

istrationcanbefoundin[47].

Surfacebasedregistrationtakesintoaccountthedifferentgeometricstruc-

turesofthebraintoimprovetheintra-subjectvariabilityofbrainshapesaf-

terregistration.Severalmethodsexistforsurfacebasedregistrationincluding
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methodsavailableinthewidelyusedsoftwareFreeSurfer(http://surfer.nmr.mgh.harvard.edu).

Insurfaceregistration,theideaistothinkoftheceberalcortexasasurface

whichistransformedintothenewspacesothatthegyriandsulcionthecortex

arematched.

Voxel-similaritybasedregistrationmethodsarepopular,astheydonotre-

quiretheidentificationoflandmarksorsegmentationoftheimage. Herethe

registrationTisoptimizedbyafunctionofthevoxelvaluesinthetwoimages.

Forimagesofthesamemodality,thesumofshareddifference(SSD)canbe

used:

SSD=
1

n
v∈Ω

|Y{T(v)}−Y(v)|

whereΩistheimagedomainofthetwoimages,Y{T(v)}isimageafterthe

transformationTisappliedandY(v)isthevoxelintensityofthetargetimage.

Anotherpopularsimilarityfunctioniscorrelationcoefficient(CC)betweenthe

intensityvaluesinthetwoimagesandisdefinedas

CC= v∈Ω[Y{T(v)}−Ȳ
T][Y(v)−

¯
Y]

v∈Ω[Y{T(v)}−Ȳ
T]2· v∈Ω[Y(v)−

¯
Y]2
,

whereȲT = v∈ΩY{T(v)}/nand
¯
Y= v∈ΩY(v)/n. Forimagesthatare

obtainedasdifferentsequencesorevendifferentmodalities,theintensitiesof

theimagescandifferquitedramatically. Thus,jointentropyisoftenused

asanalternativemethodsregistrationoptimizationmethod. Foravectorof

probabilitiesp=(p1,...,pK)theentropyH(p)=− kpklog(pk).Entropycan

bethoughtofasameasureofinformationcontainedintheimage. Maximum
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entropy,log(K),isobtainedwhenp1=...=pK =1/K. Minimumentropy,0,

isobtainedwhenp1=1andp2=...=pK=0. Maximumentropycorresponds

toaperfectlychaoticenvironment(e.g.randomassignmentofshadesofgray

toanimage),whereasminimumentropycorrespondstoaperfectlyorganized

system(e.g.assigningthesameshadeofgraytotheentireimage.)Registration

isoftendonethroughminimizingjointentropy,

H(A,B)=
a b

pAB(a,b)logpAB(a,b)

wherepTAB(a,b)isthejointprobabilityofthepairofimagevaluesainimageA

andbinimageBbeingobservedatthesamevoxel. Asimageintensitiescan

becompletelydifferentminimizingH(A,B)directlydoesnottypicallywork

directly.Instead,thehistogramofeachimageintensitiescanbepartitioned

intoquantilesandonecanassessthatthetwoimageshavethesameintensity

atvoxelviftheimageintensitiesfallwithinthesameinter-quantileintervalof

theimage-specificintensitydistribution.Inascatterplotofimageintensities,

atthecorrespondingvoxels,H(A,B)isasymmetricmeasureofhowfarthe

pointsarefromtheidentityline.Amajorprobleminthiscontextisthatthere

aremanybackground(non-tissue)voxels,whichcoulddominatethemeasure.

Tomitigatetheeffectofthemanybackgroundvoxels,jointentropycanbe

replacedbymutualinformation

I(A,B)=H(A)+H(B)−H(A,B)

Themutualinformationisameasureofthemutualdependenceofthetwo
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images.

Inpracticetheeffectofthesemeasuresisoftennotcompletelyunderstood

andminorassumptionscanhaveseriouseffectsontheresultsofregistration.

Note,forexample,thatthequantiletransformationthatwehaveintroduced

aboveis,essentially,ahistogrammathcingapproachforsignalintensities.Such

approachescanbeseriouslyaffectediftherelativeintensitiesinimageshave

differentdistributions. Forexample,abrainwithlargerventricleswillhave

alargernumberofvoxelsinthecerebro-spinalfluid(CSF)thanastandard

template.Similarly,abrainwithalargelesionwithspecificintensityproperties

willhaveahistogramwithafundamentallyalteredshape.Ignoringtheeffects

ofpathologyandbetween-subjectvariabilitycanhavelargeeffectsontheresults

ofregistrationandisoneofthedirty,unspokenof,secretsofregistration.

2.5.4.2 Practicalapproaches,software,andapplicationtodata

Wenowdiscussandvisualizesomesimpleexamplesshowingtheprocessofreg-

istration.Registrationcanbethoughtofasacollectionofstepsthattransform

theimageintothetemplatespace. Recallthatregistrationisatransforma-

tiononthevoxellocationandnotofimageintensities;imageintensitiescan

beusedtooptimizethetransformationusing,forexample,differencesbetween

thetransformedimageandatemplate.Supposethatweobserveasimple2-

dimensional(2D)imagedepictedinFigure2.5(topleftpanel)thatneedsto

betransformedtothetemplatespace(toprightpanel).Inthisexample,the

templateimageisaclockwiserotationoftheobservedimagebyaπ/2degree

angleandashift.Hence,wecanusethefollowingrotationmatrixtotransform

theobserveddataintothetemplatespace.
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R=





cos(π/2) −sin(π/2)

sin(π/2) cos(π/2)






Thus,foreachpixelwithcoordinatesx=(x1,x2)
Tweobtainthecoordinates

inthenewspacey=(y1,y2)
T asy=Rx. Theresultingimageisshownin

theleftmiddlepanelofFigure2.5. WithashiftintheXcoordinatewemay

completelyregistertheobservedimageintothetemplatespace.Theshiftcan

beincorporatedinthetransformationasfollows:









y1

y2

1








=









cos(π/2) −sin(π/2) −101

sin(π/2) cos(π/2) 0

0 0 1

















x1

x2

1









Acomparisonbetweenthetop-rightandtop-middlepanelsinFigure2.5indi-

catesthattheresultingimageisverysimilartotheimageinthetemplatespace;

infact,becausethisisatoyexample,theyareidentical.

Arigidtransformationisusefulincaseswhenseveralimagesforonesubject

areacquiredoverarelativelyshortperiodoftime,asweexpecttheimages

tobesimilarexceptthatthesubjectmayhavechangedpositionsbetweenthe

imageacquisitions.Iftheacquiredimagehasdifferentvoxeldimensionsthan

thetemplateimage,wemaywanttouseanaffinetransformation.Inasecond

example,theobserveddataissimplyaπ/4degreerotationofthetemplate

imagewhilethepixelsizeishalfthatofthepixelsizeofthetemplateimage.

Wemayusethefollowingtransformationmatrixtotransformtheobserved

imageintothetemplatespace.
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=
1

2









cos(−π/4) −sin(−π/4) 0

sin(−π/4) cos(−π/4) 0

0 0 1

















x1

x2

1









TheimageinFigure2.5isbasedonroundingthenonintegercoordinates.Thus,

asdescribedinSection2.5.3,interpolationoftheintensitiesisneededtoobtain

thecompleteimage.Asdiscussedabove,oncetheuserchoosestheparameter-

ization(e.g.rigid,affine,etc.)andtheobjectivefunctiontobeminimizedthe

transformationmatrixcanbeestimated.

Severalsoftwaresexisttoestimatethetransformationmatrixfor3Dimage

data,includingtheAdvancedNormalizationTools(ANTS)describedby[48],

FMRIBSoftwareLibrary(FSL)(see[26]forageneraloverviewofFSL),Medical

ImageProcessingAnalysisandVisualization(MIPAV)(http://mipav.cit.nih.gov)

andStatisticalParametricMapping(SPM)(http://www.fil.ion.ucl.ac.uk/spm/).

ThetopleftimageinFigure2.6showsonesliceofa3dimensionalT1image.

Supposethatdatafrommultiplesubjectsneedtoberegisteredintothetemplate

spaceshowninthetoprightpanel;thisistheMontrealNeurologicalInstitute

(MNI)template. ThefollowingcodeinFSLcanbeusedtoobtaintheaffine

transformationmatrixfromtheimageintothetemplatespace.

flirt-inBrain.nii.gz-refTemplate.nii.gz -outBrain_affine.nii.gz

-omataffine.mat

whereBrain.nii.gzcontainstheimage,Template.nii.gzisthetemplateimage.

TheresultingBrainaffine.nii.gzwillbetheimagetransformedintothetemplate
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Figure2.5:Stepsofregistration:atoyexample.
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space,finally,theaffine.matwillshowthetransformationmatrix.
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−1.089 0.001 0.025 186.19

0.006 −1.104 0.054 224.17

−0.006 −0.005 1.173 −13.196
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Figure2.6:Applicationoftwosoftwaremethods(thefunctionflirtonbottom
leftandANTsaffineonbottomright)toregisterarealbrainimage(topleft)
toatemplate(topright).
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AsimilartransformationcanbeobtainedusingtheANTssoftware. How-

ever,thefunctionANTSprovidesthetransformationmatrixasanoutcome

andasecondfunctionhastobeusedtotransformtheimageintothenewspace

basedontheestimatedmatrixfromANTS.

ANTS3-mMI[Brain.nii.gz,Template.nii.gz,1,4]-oimg.nii.gz

-rGauss[3,0]-i0

WarpImageMultiTransform3Brain.nii.gzBrainWarp.nii.gz -R

Template.nii.gz -iimgAffine.txt

Ifthebrainstructuresaresimilaruptoaffinedifferencesthenthemeth-

odsdescribedabovewilllikelyproducereasonableresults. However,insome

casesoneareaofthebrainmayneedtobetransformedmorethansurround-

ingtissueortissuefromadifferentpartofthebrain. Approachesthatgo

beyondaffinetransformationsaretypicallyreferredtoasnon-linearanddiffeo-

morficapproaches.HereisoneparameterizationinANTstoobtainanon-linear

transformation:

ANTS3-mCC[Brain.nii.gz,Template.nii.gz,1,8]-oimg.nii.gz

-rGauss[1,1]-i30*20*5-tSyN[0.25]

WarpImageMultiTransform3Brain.nii.gzBrainWarp.nii.gz -R

Template.nii.gz -iimgAffine.txtBrainInverseWarp.nii.gz

[48]providesanoverviewofhowonecanuseANTstoobtainnon-lineartransfor-

mationsoftheimagesfrompatientswithdisease,byfocusingtheoptimization

functiontotheareacontainingthehealthytissue.
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2.5.5 Intensitynormalization

Conductinganytypeofpopulation-levelanalysisorinferenceondatausually

requiresthattheunitsofmeasurementhavethesamemeaningforeverysubject

andvisit.Indeed,whenunitsaredifferent,evencalculatingasimpleaverage

isnotpossible.Thisisawell-knownprobleminsMRIimageanalysis,asthese

modalitiesaremeasuredinarbitraryunitsthatdependonmanyfactorsin-

cludingthescanner,protocol,andmanualadjustmentsmadebytheradiology

technicianacquiringtheimages.Theimportanceofintensitynormalizationhas

beenemphasizedbynumerouspublicationsintheimagingliterature[49,50,51].

Thenormalizationprocessshouldproduceunitsthat:1)haveacommoninter-

pretationatthetissue-typelevel;2)arereplicable;3) preservetherankof

intensities;4)havesimilardistributionsforthesametissuesofinterestacross

andwithinpatients;5)arenotinfluencedbybiologicalabnormalityorpopula-

tionheterogeneity;6)areminimallysensitivetonoiseandartifacts;and7)do

notresultinthelossofinformationeitherduetopathologyorotherphenomena.

Theseprinciples,proposedin[52]andreferredtoasthestatisticalprinciplesof

imagenormalization(SPIN),guidethemathematicalformulationdescribedin

thenextsection.

2.5.5.1 Concepts

ConsidertheimageintensityYij(v)ateachvoxelvexpressedinarbitraryunits

andmeasuredforsubjectiatvisitj. Normalizationisanytransformationof

thetypeYij(v)→ Nij{Yij(v)}.Itisusefultoconceptualizethehistogramof

intensitiesYij(v)asamixtureofdensities
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hij(x)=
K

k=1

wijkfijk(x), (2.2)

wherefijk(x)arethesubject/visit-specificintensitydensitiesofemptyspaceand

knowntissues,suchaswhitematter,graymatter,cerebrospinalfluid,bone,skin,

andlesions.Theweightswijk≥0sumto1andrepresenttherelativeweightsof

componentsk=1,...,K.Thisincludesbothcaseswithandwithoutpathology,

astheweightforlesionscanbeallowedtobe0. CarefulinspectionofSPIN

4suggeststhatafternormalizationfijk(·)shouldbeasclosetooneanotheras

possibleforalliandjandforanyfixedk.Thus,anaturalstartingpointwould

betoconsidertransformationsthatreducethedistancebetweenthefijk(x)for

anyfixedk.TogetherwithSPIN1,thissuggeststheexistenceofthefollowing

theoreticalmodelinnormalizedspaceforallimages:gNij(x)=
K
k=1wijkgk(x),

wherethedensitiesgk(x)areindependentofsubjectsand/orvisits,though

theweightsassignedtothesedensitiesdependonsubjectandvisitandmay

bethemeasureofinterestinmedicalstudies. Thefundamentaldifficultyof

normalizationistofindatransformationfromhij(x)tog
N
ij(x)thatrespectsthe

orderingofdistributionsandtheirmutualdistancesinthenormalizedspace.

2.5.5.2 Practicalapproaches,software,andapplicationtodata

Themostwidelyusedimagenormalizationtechniqueshavecenteredonhis-

togrammatching[49,53,50].First,atemplatehistogramisconstructed,usu-

allybyaveragingacrossagroupofsubjectsinatrainingset.Then,anonlinear

transformationNij(·)(oftenalinearspline)isestimatedforeachsubjectateach

visittominimizeanydeviationsbetweenthenormalizedhistogramNij{Yij(v)}

andthetemplate. Althoughhistogrammatchingmethodsproducereplicable
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results,theyarebasedonassumptionsthatareoftenviolated:1)thetissue-type

distributionisthesameacrosssubjectsandvisits;2)theabsenceofabnormal

pathology;and3)theabsenceoftechnicalartifacts.Forexample,Figure2.7

showshowtheassumptionofcommondistributionsoftissuethroughoutthe

headcancausemismatchingofgraymatter(GM)tocerebrospinalfluid(CSF);

notehowanormal-appearingpartofthebrain(rawdatashowninthetoppanel)

isinducedtoshowerosionofGMbyhistogramnormalization(histogramnor-

malizeddatashowninthebottomleftpanel).

Figure2.7:Firstcolumn:regionofinterestfrompatientwithMCIshownbefore
(A)andafter(C)histogrammatching. Redsquareindicatesregionofgray
matterontheunnormalizedimagethatdisappearsafterhistogrammatching.
Secondcolumn:histograms(shadesofgrayindicatedifferentstudyvisits)of
thegraymatterbefore(B)andafter(D)histogrammatchingand(E)white
stripenormalizationforsubjectsinADNI.Notethelargeproportionofgray
mattermismatchedtobackground(zerointensity)afterhistogrammatching.
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Analternativemethod[54,55]thathasbeenproposedistomatchtheun-

derlyingaparticularsubdistributionconsistingofareferencetissueaswellas

possible. Wecallthistissue-specifichistogramnormalization.Itisimportant

tonotethatalthoughthedistributionofintensitiesinthereferencetissueare

matched,regionsofnormaltissuewithintensitiesoutsidetherangeoftheref-

erencetissuearenotnecessarilycomparable;thetruenormalizationfunction

Nij(·)isoftennonlinear(duetodifferencesinprotocol,etc.)andthusnormal-

izingwithrespecttowhitemattermaynotresultinnormalizedgraymatter

intensities.Tissue-specifichistogramnormalizationdoes,however,maintainthe

naturalvariabilityinothertissuetypes,allowingforthestudyofpathology.

Assumeforthemomentthatforeverysubjectandvisitwehaveanarea

ofreferencetissue(asub-mask,usuallyofthewhitematter). Thenwecan

accuratelyestimatefij1(x)(sayk=1forwhitematter)foreachiandjand

obtainanormalizedestimatorthathasmeanzeroandvarianceone,fNij1(x)=

σij1fijk(µij1+σij1x),whereµij1andσij1arethemeanandstandarddeviation

offij1(x),respectively.Anestimatorofg1(x)istheaverageoff
N
ij1(x)andlinear

normalizationwithrespecttothewhite-matterdistributionis

hNij(x)=
K

k=1

wijk[σij1fijk(µij1+σij1x)]. (2.3)

Allunitsareexpressedinmultiplesofstandarddeviations,σij1,ofthewhite-

matterintensities,andzeroistheaverageintensityofwhite matter. This

methodreliesontheavailabilityofareferencetissue(usuallywhitematter)

maskindicatingaregionofthebrainthatshouldbecomparableacrosssub-

jects. Thisisoftenunavailablebeforeintensitynormalization,however,and
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[52]proposedandvalidatedafullyautomaticmethodthatavoidsthis.

ConsideraT1sMRI,Yij(v),forsubjecti=1,...,n.[52]usenormal-

appearingwhitematter(NAWM)asareferencecolor,sinceitisthelargest

andmostcontiguousbraintissue. ToidentifythedistributionofNAWMin-

tensities,[52]useapenalizedsplinesmoother[56]toestimatethemodeofthe

intensityhistograminwhitematter,µ∗ij1(thelargestnon-backgroundpeak).

ToestimatethevariabilitywithinNAWMontherawimage,theyestimate

thestandarddeviationσ∗ij1ofintensitiesinΩi,τ={v:H
−1
ij[H(µ

∗
ij1)−τ]<

Yij(v)<H
−1
ij[H(µ

∗
ij1)+τ]},whichisreferredtoasthewhitestripe(where

Hij(x)=
x

−∞
hij(x)dx).Hereτisaquantiletoleranceintheoriginalspaceof

intensities. Theestimationofµ∗ij1andσ
∗
ij1wasbeenfoundtoberemarkably

robustacrossseveralthousandimages(failurerate<1%).Ifthefamilyofden-

sitiesfij1(v)canbeparameterizedbytwoparametersthenµij1=ψ1(µ
∗
ij1,σ

∗
ij1)

andσij1=ψ2(µ
∗
ij1,σ

∗
ij1)(prooffollowsfromthemethodofmoments). Thus,

matchingµ∗ij1andσ
∗
ij1(estimabledirectlyfromthewhitestripewithoutprior

segmentation)resultsinmatchingµij1andσij1,andthistissue-specifichis-

togramnormalizationmethodhasbeenshowntoperformwellinlargemulti-

centerstudies.

2.6 Analysis

2.6.1 Lesionsegmentation

Segmentationisthelabelingofvoxelsinanimageaccordingtoparticularprop-

ertiesofthevoxel(e.g.thetypeoftissuethevoxelcontains).Examplesinclude
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segmentingandcomparingthecingulategyrusofsubjectswithschizophrenia

andhealthycontrols[57]andsegmentingthehippocampustoassessvolumeloss

duetochronicheavydrinking[58]. Areviewofmethodsforsegmentationof

brainsMRIcanbefoundin[59]and[60].

Figure2.8: A.AnaxialslicefromtheFLAIRvolumefromapatientwith
multiplesclerosis.B.Manualexpertsegmentationofthelesionsfromthisslice.

Herewedescribetheproblemofsegmentationofbrainlesionsinmultiple

sclerosis(MS)fromasinglesMRIstudy. MSisaninflammatorydiseaseof

thebrainandspinalcordcharacterizedbydemyelinatinglesionsthatcanbe

observedwithsMRI[61].In MSquantitativeanalysesofsMRI,suchasthe

numberandvolumeoflesionsinanimage,areessentialfordiagnosingthedis-

easeandmonitoringdiseaseprogression[2].Inpractice,MSlesionsaremanually

segmentedbyexpertsfromsMRI.Figure2.8showsanexampleofamanual

segmentationoflesionvoxels.Asmanualorsemi-automatedsegmentationsof

imagesaretimeconsuming,costly,andpronetolargeinter-andintra-observer

variability[62],developmentofautomatedmethodsoflesionsegmentationis
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anactivefieldofresearch[63].Reviewsofcurrentlesionsegmentationmethods

canbefoundin[63],[64],and[65].LesionTOADsisareadilyavailablesoft-

wareforlesionsegmentationthatrunsintheJISTpipelineenviornment[66].

AnexcellentresourceforlesionsegmentationdataistheMSlesionsegmenta-

tionchallenge2008[67].ThisdatabaseincludesMRIvolumesacquiredatthe

Children’sHospitalBostonandUniversityofNorthCaroliaalongwithexpert

manualsegmentations.

Lesionssegmentationisaclassificationproblem.Intheliterature,super-

visedclassifiersaretrainedonexpertmanualsegmentationsoflesionvoxelsor

unsupervisedclassifiersuseclusteringmethodstoidentifylesionvoxels. The

covariatesorfeaturesinthemodelarederivedfromthedifferentimagingse-

quencesYm. Fromtheseimagesanatomicalinformationderivedfromatlases

and/orthevoxel-levelintensityinformationfromanimagingmodalityYm(v)

canbeusedforclassification[65]. Toillustratetheproblem,weprovidean

overviewofalesionsegmentationmethodfromtheliterature[7],asitisalogis-

ticregressionmodel,amodelthatisfamiliartostatisticianandbiostatisticans.

LetLi(v)=1ifthemanualsegmentationofvoxelvisalesionforsubjecti

andletLi(v)=0otherwise.Concatenatethemanualsegmentationsfromeach

voxelforallsubjectsintoasinglevectorL.Similarly,letYdenotethedesign

matrixoffeaturesderivedfromthedifferentimagingmodalitiesforallofthe

voxelsandsubjects. Wecanthenmodeltheprobabilitythatalesioncontains

avoxelwiththelogisticregressionmodel:

logit{P{L(v)=1}=Y(v)β
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Recently,ithasbeenfoundthatforlesionsegmentationtheparticularclassifi-

cationalgorithmislessimportantthanthedevelopmentofthefeatures[8].In

spiteofthis,methodscontinuetobeclassifiedaccordingtothemethodusedfor

classificationandnotbythefeaturespace.Indeed,theclassificationmethod

(e.g.randomforrest,svm,orlogisticregression)offersbasicallynoinforma-

tiononwhatactuallyimprovesprediction.Inaseminalpaper[68],D.J.Hand

notes“theextraperformancetobeachievedbymoresophisticatedclassifica-

tionrules,beyondthatattainedbysimplemethods,issmall”.Itfollowsthatif

aspectsoftheclassificationproblemarenotaccuratelydescribed(e.g.,ifincor-

rectdistributionshavebeenused,incorrectclassdefinitionshavebeenadopted,

inappropriateperformancecomparisoncriteriahavebeenapplied,etc.),then

thereportedadvantageofthemoresophisticatedmethodsmaybeincorrect.”

Wesubscribetothisview,thoughwedescribeitmoreplasticallyas“thereare

veryfewreasonablewaysofcuttingthepotato.”Here,thepotatois,ofcourse,

thecloudofpointsinthefeaturespace.

Amajorsourceofdifficultyinautomatedsegmentationof MRIisdueto

variableimagingacquisitionparameters[65,63]. Mostsegmentationmethods

havetuningparametersthatareadjustedtoaparticulardatasetandmaynot

generalizetoanewdatasetwithdifferentacquisitionparameters.Lesionseg-

mentationisalsocloselyintertwinedwithimagepre-processing. Methodsusing

anatomicalinformationrelyonpropernonlinearspatialregistrationtoatem-

plateimage.Theuseofimageintensitiesrequireshighqualityinhomogeneity

correctionandintensitynormalization–otherwisepopulationlevelmodeling

ishopeless.Thereareevenlesionsegmentationmethodsintheliteraturethat

iteratebetweenlesionsegmentationandinhomogeneity[69].
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2.6.2 Lesion mapping

InSection2.5.4wediscussedspatialregistrationmethodsforstructuralimages.

Therearetwomainissuesinthecontextofregistrationinpresenceoflesions:

1)Itcanbeveryhardtofindthebestwaytoregisterimagesformanysubjects

intothesamebrainiftheirimagesaredistortedduetodisease;2)shouldthe

segmentationoflesionsbeperformedbeforeorafterregistration.Ifthelesions

inthebrainhavebeenhand-segmentedinthenativespace,orintherigidly

registeredspacewhichiscommoninMSstudies,thenonecanusethelesion

maskstoextracttheareasthatarewithinthelesionandusethehealthybrain

forregistration.BothANTsandFSLprovidethecapabilityofexcludingthe

lesionareasfromthemaskwhenestimatingthetransformationmatrices.For

instanceinANTsthiscanbeperformedbyaddinganoptioninthefunction

call.

ANTS3-mMI[Brain.nii.gz,Template.nii.gz,1,4]-oimg.nii.gz

-rGauss[3,0]-i0 -xlesion_mask.nii.gz

Anotherapproachtoalleviatetheeffectofthepresenceinlesionsinthebrain

istofillintheareaoflesionsbytheaverageofnormalappearingwhitemat-

terintensitiesandthenestimatingthetransformationmatrixfortheresulting

images.Afterobtainingthetransformationmatricesforeachsubjecttheircor-

respondinglesionmaskscanbetransformedintothetemplatespacebyapplying

thetransformation.

WarpImageMultiTransform3lesion_mask.nii.gzlesion_maskWarp.nii.gz -R

Template.nii.gz -iimgAffine.txt
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Afterregisteringallthemaskmapsintothetemplatespacewecanplotaso-

calledlesionhistogramwhichshowstheprevelenceoflesionsincertainareasof

thebrainasshowninFigure2.9.

Figure2.9:Twoslicesfromahistogramoflesionsconstructedusingnon-linear
registrationofobservedimagesinANTs.

2.6.3 Longitudinalandcrosssectionalintensityanalysis

Anotherveryimportanttypeofanalysisistodirectlyanalyzetheintensitiesin

theimageafterintensitynormalization.Indeed,afterintensitynormalization,

wecancompareandquantifythehistogramsofintensitieswithineachsequence

orcombinedacrosssequences. Thiscouldbedoneatthebrainlevel,which

requiresonlyintensitynormalization,oratthetissuelevel,whichwouldalso

requireasegmentationalgorithm.Forexample,atthepopulationlevelonemay

beinterestedintheintensitydistributioninwhitematter.Thiscouldbedoneby

obtainingthehistogramintensities,stackingtheminamatrixandconducting

aPCAorotherdimensionalityreductionapproach. Asimilaranalysiscould
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Figure2.10:VoxelintensitiesforFLAIR(toppanels),T1(middlepanels),and
T2(bottompanels)imagesinalesion(labeledlesion14)foronesubjectover8
yearsat40visits.
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beconductedatthelesionlevelifoneisinterestedincross-sectionaldifferences

inlesionintensitydistributions.Anotherpossibilityistostudytheassociation

betweenthesedistributionsandhealthoutcomes.

Toprovideaviewofwhatcouldbeachieved,considerastudyofnatural

historyofMSconductedbyDanielReichattheNationalInstitutesofHealth

(NIH.)Figure2.10displaysthevoxel-specificintensitiesoftheFLAIR(top

panels),T1(middlepanels),andT2(bottompanels)imagesinalesion(labeled

lesion14)foronesubjectover8yearsat40visits.Thex-axisrepresentstimein

daysandthey-axisrepresentsimageintensitiesasstandarddeviationsofwhite

matterintensities;seeSection2.5.5formoredetails.Thefirstcolumndisplays

thethreesequencesalonganaxialslice,withMSlesionsbeingvisiblearound

theventricles,especiallyintheFLAIRandT1images. Thesecondcolumn

displaysthecorrespondingvoxelintensities,whilethethirdcolumndisplays

thevoxelintensitiesinthecontralateralpartofthebraincorrespondingtothe

lesion.Thecontralateralareaofthebrainisusedhereascontrol.Thefourth

columnprovidesthedifferenceinvoxelintensitiesbetweeneachvoxelandits

contralateralcorrespondentvoxel.

Theorangeverticallineindicatesthefirsttimewhenlesion14wasidentified

usingtheSuBLIMEalgorithm,[55]analgorithmdesignedtosegmentnewand

enlargingMSlesion,thoughthelesionmayhaveoccurredearlierthanthisvisit.

Indeed,beforethelesionisobservedthereisarounda1.5yeargapbetweenthe

MRIvisits. Visitsareindicatedasarugonthex-axis;noticethatthereare

fewvisitsinthebeginningfollowedbymanymonthlyvisitsafterlesion14is

detected. Thisisjustoneexampleofthedata,andsimilarplotscannowbe

obtainedforalllesions.Thisraisiesimportantscientificquestions,suchas:1)
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howmanypatternsofintensitiesaretherebeforeandafterthelesionisdetected?

2)aretheresubtlechangesinimageintensitiesbeforethelesionisdetectedthat

couldpredictthelesionlocalizationortiming?3)arecertainwhitematterareas

withspecificintensitypatternsmorepronetolesionformation?

2.7 Conclusions

Wecouldhavewrittenabook. Weprobablyshouldhavewrittenabook.Af-

terfinishingthischapter,werealizethatwebarelyscratchedthesurfaceof

oneofthemostexcitingareasofresearchinstatisticsandbiostatistics. Far

frombeingexhaustive,thischapterintroducesfundamentalanalyticconcepts

inneuroimagingthatarepertinentbothtohealthysubjectsbut,especially,to

thosewhosufferfrombraindiseases. Whilethenumberofbiostatisticansand

statisticianswhoworkinthisareaisincrediblysmallgiventheimportanceof

theproblem,thosewho“gethooked”becomepassionateaboutlookinginthe

mostquantitativewaypossibleintothebrainanddealingwithcomplexanalytic

problems.Farfromsendingthemessagethatthisareaofresearchisclosed,our

ownperceptionisthatresearchisjustnowstarting.Importantconceptshave

alreadybeenintroducedandprogresshasbeenachieved. However,without

knowingwhathasalreadybeenachievedtheresearchcommunitywillsimply

reinventthewheel.
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Chapter3

OASISisAutomatedStatistical

InferenceforSegmentation,with

applicationsto multiplesclerosis

lesionsegmentationin MRI

3.1 Introduction

Multiplesclerosis(MS)isaninflammatorydiseaseofthebrainandspinalcord

characterizedbydemyelinatinglesionsthataremosteasilyidentified,atleaston

magneticresonanceimaging(MRI)studies,inthewhitematterofthebrain[1].

QuantitiveanalysesofMRI,suchasthenumberandvolumeoflesions,arees-

sentialforfordiagnosingthediseaseandmonitoringitsprogression[2,3]. MRI

measuresarealsoacommonprimaryendpointinphaseIIimmunomodulatory
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drugtherapytrials[70].Inthesetrials,eithermanualorsemi-automatedseg-

mentationsareusedtocomputethetotalnumberoflesionsandthetotallesion

volume[65]. Manualdelineationischallengingasthree-dimensionalinforma-

tionfromseveralMRImodalitiesmustbeintegrated[71]. Manualassessment

ofMRIisalsopronetolargeinter-andintra-observervariability[62]. While

semi-automatedmethodshavebeenfoundtodecreaseinter-andintra-rater

variability,theystillrequiremanualreaderinputandaretimeconsuming[63].

Thereforeasensitiveandspecificautomatedmethodtodetectlesionsinthe

brainisessentialfortheanalysisofstudieswithahighnumbersofMSpatients.

Acomprehensivereviewofcurrentlyavailableautomated,cross-sectionalMS

lesionsegmentationmethods,ormethodsusedtoidentifylesionsfromasingle

MRIstudy,isprovidedin[71]. Wedividethesemethodsintofourcategories:

supervisedclassifierwithanatlas,supervisedclassifierwithnoatlas,unsuper-

visedclassifierwithanatlas,andunsupervisedclassifierwithnoatlas. Wefocus

onsupervisedmethodswithoutatlases,asthemethodweproposeisinthiscat-

egory.Supervisedmethodswithoutatlasestrainonmanuallysegmentedimages

annotatedbyexpertsanduseimageintensitiesofMRItoclassifylesions[71].

Supervisedclassificationalgorithmsareappliedtothevolumes:artificialneural

networks[72],spatialclustering[73],k-nearestneighbors[74,75,76],Parzen

window[77],Parzenwindowandmorphologicalgrayscalereconstruction[78],

Bayes[79],AdaBoost[80],simulatedannealingandMarkovrandomfields[81],

andgraphcuts[82].Alloftheaforementionedmethodsexcept[76]usemulti-

modality MRIinformationtoclassifylesions. Themostwidely-usedfeature

acrossallsegmentationmethodsisvoxelintensity,whichderivesstrengthfrom

amulti-modalityapproach[71].
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Themethodweproposeusesalogisticregressionmodeltoassignvoxel-

levelprobabilitiesoflesionpresenceinstructural MRIofpatientswith MS.

Logisticregressionmodelshavebeenusedforsegmentationofbraintissues

andpathologyinMRI[83,84,85].ForapplicationstoMS,logisticregression

hasbeenusedfordetectionofgadoliniumenhancinglesions[86],predictionof

gadoliniumenhancinglesionswithoutadministeringcontrastagents[87],and

forsegmentationofnewandenlargingMSlesions[9].Toourknowledgelogistic

regressionhasnotbeenusedincross-sectionalsegmentationofMSlesionsin

structuralMRI.

OnedifficultyinautomatedsegmentationofMRIisduetovariableimaging

acquisitionparameters[71].Allofthesegmentationmethodsreviewedin[71]

havetuningparametersthatareadjustedtoaparticulardatasetandmaynot

generalizetoanewdatasetwithdifferentacquisitionparameters. Thesepa-

rametersarenotinformedbythedataandthereforemustbetunedempirically,

oftenwithlittletonointerpretabilityoftheparameter.Applicationtoanew

datasetmayrequireseveraliterationsofsegmentationstoadjustthetuningpa-

rameterstovaluesthatproduceacceptablesegmentations.Amethodinwhich

thetuningparametersareinformedbythedataandforwhichadjustmentsare

intuitiveandsimplewouldthereforebevaluable.

Aseconddifficultyinintensity-basedsegmentationisthat MRIdataare

acquiredinarbitraryunits;unitscanvarywidelybetweenandwithinimag-

ingcenters.Thesevariationsareattributedtoscannerhardware,interactions

betweenhardwareandpatients,andvariationsinacquisitionparameters[62].
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Therefore,properintensitynormalizationisessentialindevelopingageneraliz-

ablesegmentationmethod. Manyofthesegmentationmethodsuseintensity-

normalizedvolumes[65],butthesemethodsdonotdemonstratethegeneral-

izabilityofthenormalizationproceduretochangesinimagingacquisitionpa-

rametersandimagingcenters.In[63]theauthorsperformedaPubMedand

GoogleScholarsearchfor MSlesionsegmentationpapers. Ofthe47papers

thatmettheirsearchcriteria,only13ofthesepapersusedmulticenterdatafor

validation,andthelargestdatabaseusedforvalidationconsistedof41subjects.

Toshowgeneralizability,methodsmustbevalidatedonmulticenterdatawith

manysubjects.

Athirddifficultyisintensityinhomogeneity,theslowspatialintensityvaria-

tionsofthesametissuewithinanMRIvolume.Inhomogeneitycansignificantly

reducetheaccuracyofimagesegmentation[29],andthereforesomeformof

spatialnormalizationisnecessaryforaccuratelesionsegmentation. Mostlesion

segmentationmethodsassumethattheseinhomogeneitieshavebeencorrected

duringimagepreprocessing,butwehavefoundstrongspatialpatternswithin

tissuetypeevenaftertheN3inhomogeneitycorrectionalgorithm[19]isapplied.

Toaddresstheseandrelatedproblems,weproposeOASISisAutomated

StatisticalInferenceforSegmentation(OASIS),afullyautomated,generaliz-

able,andnovelstatisticalmethodforcross-sectionalMSlesionsegmentation.

UsingintensityinformationfrommultiplemodalitiesofMRI,alogisticregres-

sionmodelassignsvoxel-levelprobabilitiesoflesionpresence.Aftertrainingon

manualsegmentations,theOASISmodelproducesinterpretableresultsinthe

formofregressioncoefficientsthatcanbeappliedtoimagingstudiesquickly

andeasily.OASISusesintensity-normalizedbrainMRIvolumes,enablingthe
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modeltogeneralizetochangesinscannerandacquisitionsequence.OASISalso

adjustsforintensityinhomogeneitiesthatpreprocessingbiasfieldcorrection

proceduresdonotremove,usingsmoothedvolumes.Thisallowsformoreaccu-

ratesegmentationofbrainareasthatarehighlydistortedbyinhomogeneities,

suchasthecerebellum.OneofthemostpracticalpropertiesofOASISisthat

themethodisfullytransparent,easytoexplainandimplement,andsimpleto

modifyfornewdatasets.

ToillustratethegeneralizabilityofOASIStochangesinimagingacquisition

parameters,weevaluatedtheperformanceofthealgorithmonatotalof300MRI

studiesfromtwoseparateimagingcenterswithvaryingacquisitionparameters.

Thisisacrucialcriterionforassessingthegeneralizabilityandutilityofthe

method.

3.2 Materialsand methods

InthissectionweintroduceOASIS,amethodinspiredbySubtractionBased

InferenceforModelingandEstimation(SuBLIME),anautomatedmethodfor

thelongitudinalsegmentationofincidentandenlargingMSlesions[9].Before

theOASISlogisticregressionmodelisfit,abraintissuemaskiscreated,allMRI

volumesareintensitynormalized,andsmoothedvolumesarecreatedtocapture

localspatialinformationandadjustforremainingfieldinhomogeneities. The

OASISmethodinvolvestwoiterationsofmodelfitting:thefirsttoperforman

initiallesionsegmentationandthesecondtousethisinitiallesionsegmentation

toremovelesions,whichcandistortthesmoothedvolumes. Afterthefinal

modelisfit,theregressioncoefficientsareappliedtoproducethreedimensional

59



mapsofvoxel-levelprobabilitiesoflesionpresence.

WeevaluatetheperformanceofOASISonMRIvolumesofthebrainacquired

withvariousacquisitionprotocols. Weusedatasetsfromtwodifferentimaging

centersforvalidation,whichwerefertoasvalidationset1andvalidationset

2.validationset1hasmanuallesionsegmentations. WetrainedtheOASIS

methodonasubsetofthestudiesinthisdataset,andtestedontheremaining

studies.Anexpertevaluatedthesegmentationsfromvalidationset1.validation

set2isusedtodemonstrategeneralizabilitytochangesinimageacquisition

parameters. Weappliedthecoefficientsfromthemodeltrainedonvalidation

set1tothestudiesinvalidationset2,andexpertsevaluatedtheOASISlesion

segmentations.

3.2.1 Studypopulation

validationset1containsatotalof131MRIstudiesfrom131subjects.Ofthese

studies,98arefrompatientswithMSand33arehealthyvolunteerscans. Of

the98patientswith MS,themedianageis44years(IQR:[33,54]),72are

female(26male),andthemedianEDSSis3.5(IQR:[2,6]).Themedianageof

thehealthyvolunteersis34(IQR:[28,42])and19arefemale(14male).

validationset2containsatotalof169 MRIstudiesfrom149subjects.

Twentysubjectsinvalidationset2havebaselineandfollow-upscans. The

meantimebetweenbaselineandfollow-upforthese20subjectsis132days

(IQR:[51,182]). Thesubjectsinthevalidationsetareamixtureofhealthy

volunteersandpatients:110ofthepatientshaveMS,38haveotherneurological

diseases,andoneisahealthyvolunteer. ThemedianageoftheMSpatients
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is42(IQR:[33,50]);54arefemale(56male);68haverelapsingremittingMS,

31haveprimaryprogressiveMS,and11havesecondaryprogressiveMS.The

medianageofthepatientswithotherneurologicaldiseasesis41years,(IQR:

[35,51])and8arefemale(30male). Thehealthyvolunteerisa28yearold

female.

3.2.2 Experimental methods

T1-weighted,T2-weighted,fluid-attenuatedinversionrecovery(FLAIR)and

protondensity(PD)volumeswereacquiredforallsubjectsateachstudy,and

allimagingprotocolswereapprovedbylocalinstitutionalreviewboards.For

validationset1,3DT1-MPRAGEimages(repetitiontime(TR)=10ms;echo

time(TE)=6ms;flipangle(FA)α=8◦;inversiontime(TI)=835ms,reso-

lution=1.1mm×1.1mm×1.1mm),2DT2-weightedpre-contrastFLAIR

images(TR=11000ms;TE=68ms;TI=2800ms;in-planeresolution=

0.83mm×0.83mm;slicethickness=2.2mm),T2-weightedandPDimages

(TR=4200ms;TE=12/80ms;resolution=0.83mm×0.83mm×2.2mm)

wereacquiredona3teslaMRIscanner(PhilipsMedicalSystems,Best,The

Netherlands).

Forvalidationset2,the3DT2-weightedpost-contrastFLAIRwasacquired

usingavariableflipanglesequence,the2DPDandT2-weightedvolumesus-

ingadual-echofast-spin-echosequence,andthe3DT1-weightedvolumeusing

aninversion-preparedfastspoiledgradient-echosequence.Thesestudieswere

acquiredonasingle3teslaMRIscanner(SignaExciteHDxt;GEHealthcare,

Milwaukee, Wisconsin).Table3.1containstherangesforthevalidationset2
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scanningparameters.

Table3.1:Rangesforvalidationset2scanningparameters

FA(degrees) TR(ms) TE(ms) TI(ms)

FLAIR 90 (4800,8802) (124.3,151.4) (1481,2200)
T2-weighted 90 5317 (116.2,124.2) NA
PD 90 5317 (16.0,23.7) NA
T1-weighted (6,13) (8.7,9.1) (3.2,3.6) (450,725)

3.2.3 Imagepreprocessing

Beforebuildingourstatisticalmodelforthelesionsegmentation,weprepro-

cessedtheimagesfromvalidationset1andvalidationset2usingthetoolspro-

videdin MedicalImageProcessingAnalysisandVisualization(MIPAV)[28],

TOADS-CRUISE(http://www.nitrc.org/projects/toads-cruise/),andJavaIm-

ageScienceToolkit(JIST)[27]softwarepackages. Wefirstrigidlyalignedthe

T1-weightedimageofeachsubjectintothe MontrealNeurologicalInstitute

(MNI)standardspace(voxelresolution1mm3). WethenregisteredtheFLAIR,

PD,andT2-weightedimagesofeachsubjecttothealignedT1-weightedimages.

WealsoappliedtheN3inhomogeneitycorrectionalgorithm[19]toallimages

andremovedextracerebralvoxelsusingSPECTRE,askull-strippingprocedure

[88].

3.2.4 Statistical modelingandspatialsmoothing

WeperformedallstatisticalmodelingintheRenvironment(version2.12.0,

RFoundationforStatisticalComputing,Vienna,Austria)withthepackages

AnalyzeFMRI[89],biglm[90],ff[91],andROCR[92]. WeusedtheFSL
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toolfslmaths(http://www.fmrib.ox.ac.uk/fsl)forthethreedimensionalspatial

smoothingofthevolumes.

3.2.5 Braintissue mask

ThefirststepinOASISistocreateamaskofthebrainthatexcludescere-

brospinalfluid(CSF).CSFisexcludedbecauseitdisruptsthecaptureofthe

inhomogeneityfieldanddistortstherepresentationofthelocalcerebralfeatures

whencreatingsmoothedvolumes.Tomakethismask,weusedtheextracerebral

voxelremovalmaskdescribedintheImagePreprocessingSectionandexcluded

voxelsinthemaskthatappearhypointenseintheFLAIRvolume.BecauseCSF

ishypointenseintheFLAIR,weempiricallyfoundthatexcludingvoxelsfalling

belowthebottom15thpercentileofFLAIRintensitiesovertheextracerebral

voxelremovalmaskremovesCSFoutsideofthebrainandintheventricles. We

refertothismaskasthebraintissuemask.Figure3.1Bshowsasliceofthe

braintissuemaskforaparticularsubjectforillustration.

3.2.6 Intensitynormalization

WeusedintensitiesfromtheFLAIR,PD,T2-weighted,andT1-weightedvol-

umestoidentifythepresenceofMSlesions. Wedenotetheobservedintensity

ofvoxelv,forsubjectiby:

M0i(v),M=FLAIR,PD,T2,T1

whereM indicatestheimagingsequence.
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Figure3.1:A.Axialslicefromdifferentmodalitiesofintensitynormalizedbrain
MRIofasinglesubject: A1. FLAIRimage. A2. T2-weightedimage. A3.
PDimage. A4. T1-weightedimage. B.Braintissuemaskofanaxialslice
ofthebrain. C.AxialsliceofselectvoxelsforOASISmodeling. D. Manual
lesionsegmentationofanaxialsliceofthebrain.E.Axialsliceofbraintissue
maskwithdilatedlesionmaskmadeatafalsepositiverateof1%removed.F.
Axialsliceofthesmoothedprobabilitymapwithintensityscale. G.Binary
segmentationoftheprobabilitymapfromtheOASISmodelatfalsepositive
rateof.005overlaidontheFLAIRimage.
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MRIvolumesareacquiredinarbitraryunits.Analyzingimagesacrosssub-

jectsandimagingcentersrequiresthatimagesbenormalizedsothatvoxel

intensitieshavecommoninterpretations.Fornormalization,weadaptthenor-

malizationmethodfrom[93]tonormalizationwithrespecttothebraintissue

mask.Thenormalizedintensityofvoxelv,forsubjectiisdenotedby:

MNi(v)=
M0i(v)−µ

0
i,M

σ0i,M

whereµ0i,Mandσ
0
i,Marethemeanandstandarddeviationoftheobservedvoxel

intensitiesinthebraintissuemaskofsubjecti,fromsequenceM.Thenormal-

izedvoxelintensitiesarestandardscoresofthebraintissuemask.Figure3.1A

showsasliceofthenormalizedimagesfromallfourmodalitiesfromasingle

subjectwithMS:FLAIR,T2-weighted,PD,andT1-weighted.

3.2.7 Smoothedvolumes

Toaccountforintensityinhomogeneitiesthatremainafterinitialinhomogeneity

correction,weuseasequenceofmultiresolutionsmoothedvolumes,obtained

usingdifferentlevelsofsmoothing.Thesmoothedvolumesarecreatedbythree

dimensionalsmoothingofthenormalizedvolumefromeachmodalityoverthe

braintissuemask. AGaussiansmootherwithrelativelylargekernelwindow

sizeisusedtosmoothoverthefeaturesinthebrainandcapturethepatternof

theremaininginhomogeneity.

ForsubjectiandimagingmodalityM,letkbethesizeofthekernelwin-

dow.Thentheintensityinvoxelvofthesmoothedvolumeofimagingmodality

M isexpressedasGMNi(v,k).ThesmoothedvolumesareusedintheOASIS
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modeltoincorporatespatialinformationandtoaccountforinhomogeneitiesin

thebrainthatpersistafterN3correction.ForOASISweusesmoothedvolumes

ascovariateswithkernelwindowsizesof10and20voxels,whichwerefound

empiricallyonvalidationset1toworkwell. Figure3.2showsthesmoothed

volumesforbothkernelwindowsizesof10and20fromeachmodality.Theker-

nelwindowsizeof20smoothsovertheanatomicalfeaturesalmostcompletely,

whilethekernelwindowsizeof10stillpreservessomeofthesefeatures,such

asthehyperintesitiesofthegraymatterintheFLAIR,T2-weighted,andPD

volumesandhypointensitiesofthegraymatterintheT1-weightedvolume.

Figure3.2:Axialslicefromaasinglesubjectofthesmoothedvolumesfromall
modalities. Rowonecontainsthesmoothedvolumeswithkernelwindowsize
of10androwtwocontainsthesmoothedvolumeswithkernelwindowsizeof
20.ColumnAcontainstheFLAIRimages,BcontainstheT2-weightedimages,
CcontainsthePDimagesandDcontainstheT1-weightedimages. Tolink
thefigurewiththenotationusedinthispaper: A1.GFLAIRNi(v,10);A2.
GFLAIRNi(v,20);B1.GT2

N
i(v,10);B2.GT2

N
i(v,20);C1.GPD

N
i(v,10);C2.

GPDNi(v,20);D1.GT1
N
i(v,10);D2.GT1

N
i(v,20);E.Scaleofintensitiesinthe

smoothedvolumes.
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3.2.8 OASISisAutomatedStatisticalInferenceforSeg-

mentation

InthissectionweintroducetheOASISmodel. OASISuseslogisticregression

tomodeltheprobabilitythatavoxelispartofalesion. Wechooselogistic

regressionbecauseitisextremelysimpleandeasytointerpret. Wemodellesions

atthevoxellevelusingFLAIR,PD,T2-weighted,andT1-weightedintensities

aswellastheintensitiesfromthesmoothedvolumesofeachmodalitywith

kernelwindowsizesof10and20voxels. Themodelmustbetrainedona

goldstandardmeasureoflesionpresence.Figure3.1Disanexampleofmanual

lesionsegmentation,whichisanappropriategoldstandardmeasureforthe

OASISmodel. Theresultofourmodelisacollectionofcoefficientsthatcan

beusedtocreatethree-dimensionalmapsoftheprobabilitiesoflesionpresence.

OASISobtainstheestimatedlogitoftheprobabilityofeachvoxelbeingpartofa

lesionbyweightingthese12images(thefourimagingmodalitiesandsmoothed

volumesforeachmodality)withthecoefficients.

Thefirststepofthemodelingprocedureistoselectcandidatevoxelsto

minimizefalsepositivesandcomputationtime.Lesionsappearashyperinten-

sitiesintheFLAIRvolume.ThebraintissuemaskwasappliedtotheFLAIR

volume,andthe85thpercentileandaboveofvoxelsinthebraintissuemask

wereselectedascandidatevoxelsforlesionpresence.Invalidationset1,there

wereatotalof1,093,394lesionvoxels(avolumeof1,093cm3).Thevoxelselec-

tionprocedureexcluded64,556(6%)ofthesevoxels,butloweredthesearchable

areato15%oftheoriginalsize.Thisprocedurealsodecreasesthenumberof

potentialfalsepositivevoxels.Usingthisthresholdalsosignificantlydecreases
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thenumberofvoxelsthemodelmustbefiton,allowingforamuchfasterfit.

Figure3.1Cshowsasliceofthevoxelselectionmaskforasinglesubject.

Wethenfitavoxel-levellogisticregressionmodeloverthecandidatevoxels.

IntheOASISmodel,theprobabilitythatavoxelispartofalesionisrepresented

asP{Li(v) =1},whereLisarandomvariabledenotingvoxel-levellesion

presence.Ifthereisalesioninvoxelvforsubjecti,thenLi(v)=1.Otherwise,

Li(v)=0.Theprobabilitythatavoxelvcontainslesionincidenceismodeled

withthefollowinglogisticregressionmodel:
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Theeffectofmagneticfieldinhomogeneitiesarethoughttobemultiplicative,

soweusetheinteractionsbetweenthenormalizedvolumeandthesmoothed

volumeinthemodel.

3.2.9 OASIS modelrefinement

TheseconditerationoftheOASISmodelfittingisdonetoreducetheinfluence

oflesionsinthesmoothedvolumes.First,wefitthemodelandusetheestimated

coefficientstocreatemapsoftheestimatedprobabilityoflesionpresenceateach

voxel.Toincorporatespatialinformationoftheneighboringvoxelsandreduce

noise,wesmooththeestimatedprobabilitiesfromthemodelusingaGaussian

kernelwithwindowsizeof3mm.Thiskernelsizewasempiricallychosenand

foundtoperformwell. Theresultingprobabilitymapswerethenthresholded

usingaliberalfalsepositiverateof1%(thresholdvalueof0.10),whichresulted

inmodelbasedhardsegmentationsoflesions.Theselesionsmaskswerethen

dilatedby5voxelstoensurethattheentirelesionwascapturedandremoved

fromthebraintissuemask.Figure3.1Eshowsthebraintissuemaskwiththe

lesionsremoved.NewsmoothedvolumeswerecreatedbyapplyingaGaussian

smootherwithkernelwindowsizesof10and20tothenormalizedimagefrom

eachmodalityoverthebraintissuemaskwiththelesionsremoved. Weinpainted

thesmoothedvolumestofilltheplaceswherelesionswereremovedwiththe

valueswewouldexpectinthisareaifitwereoccupiedbynormal,healthytissue.

TheintensityinvoxelvofthenormalizedimageafterthesecondGaussian

smootherhasbeenappliedislabeledas,G2MNi(v,k).Figure3.3showsanax-

ialsliceforasubjectoftheFLAIRvolumeandthesmoothedvolumeforthis
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imagewithkernelwindowsizesof10and20beforeandafterthelesionswere

removed.Tolinkthefigurewiththenotation,Figure3.3AshowsFLAIRNi(v),

Figure3.3Bshowsascaleofintensitiesinthesmoothedvolumes,Figure3.3C1

showsGFLAIRNi(v,10),Figure3.3C2showsG
2FLAIRNi(v,10),Figure3.3D1

showsGFLAIRNi(v,20),andFigure3.3D2showsG
2FLAIRNi(v,20). Thele-

sionsarecapturedinthefirstsmoothedvolume,especiallywiththekernelsize

of10,butarenotcapturedinthesecondsmoothedvolume.Themodel[1]was

refitoverthesamevoxelsusingthesecondsmoothedvolumetoobtainthefinal

coefficientsthatareusedtocreatethefinalprobabilitymaps.Again,thefinal

estimatedprobabilitiesaresmoothedusingaGaussiankernelwithwindowsize

of3mm.Figure3.1Fshowsasliceoftheprobabilitymapforasubjectand

ascaleofintensities.Redindicatesareaswithahigherprobabilityofbeinga

lesionandblueindicatesareaswithalowerprobabilityofbeingalesion.

3.2.10 Probability mapandbinarysegmentation

Usingthisfittedmodeltogenerateaprobabilitymapfortheentirebrainfrom

asetofnewimagestakesabout30minutesforeachstudyusingastandard

workstation.TheGaussiansmoothingisthesloweststepofthealgorithmand

takesapproximatelyoneminuteforeachvolume.Thesecomputationscanbe

parallelizedtotakesubstantiallylesstime;theentirealgorithmcanberunin

approximately5minuteswith8cores. Tomakeaprobabilitymapforanew

study,thetwosetsofregressioncoefficients,abrainmask,andtheFLAIR,PD,

T2-weighted,andT1-weightedvolumesarerequired. Usingpopulation-level
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Figure3.3:AxialsliceoftheFLAIRvolumeandthefirstandsecondsmoothed
volumescreatedfromtheFLAIRimageforasinglesubject.Tolinkthefigure
withthenotationusedinthispaper: A.FLAIRNi(v)B.Scaleofintensities
inthesmoothedvolumesC1.GFLAIRNi(v,10);C2.G

2FLAIRNi(v,10);D1.
GFLAIRNi(v,20);D2.G

2FLAIRNi(v,20).

thresholds,theprobabilitymapsfromOASIScanbeusedtocreatehardseg-

mentationsoflesionpresence.Figure3.1Gshowsasliceofahardsegmentation

overlaidontheFLAIRimage.

3.2.11 Validationwithgoldstandard:validationset1

validationset1,describedindetailintheMaterialssection,consistsof131MRI

studies:98studiesfromMSsubjectsand33studiesfromhealthysubjects.To

fitthemodelandtomeasureperformance,werequiredasetofdatainwhich

theoutcomeisassessedusingagoldstandardmeasure. Thegoldstandard

wasobtainedusing manualsegmentationbyatechnologistwith morethan
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10yearsofexperienceindelineatingwhitematterlesions. Thetechnologist

spentbetween30minutestoanhoursegmentingeachstudy,dependingonthe

lesionloadanddistribution.Themajorityofthestudieshadatleastmoderate

pathologyandthereforetookbetween45minutestoanhour.Thesegmentations

weremadefromtheFLAIRandT1-weightedvolumes. Figure3.1Dshowsa

manuallysegmentedsliceforasubject. Themeanvolumeoflesionsfor MS

subjectsinvalidationset1is11.2cm3(IQR:[1.7cm3,16.6cm3]).Itwas

assumedthatthehealthysubjectsdidnothaveanylesions.

Toevaluateperformanceofourmodelwithinvalidationset1,wetrained

themodel[1]on20randomlyselectedsubjects(15MSsubjectsand5healthy

subjects)andtestedontheremaining111subjects(83 MSsubjectsand28

healthysubjects). Weusedonlythestudiesfromthe111subjectsinthistest

settoestimatethevoxel-levelreceiveroperatorcharacteristic(ROC)curveand

areaunderthecurve(AUC).Theseperformancemeasuresareknowntobesus-

ceptibletoinstability.Toaccountforthis,wenonparametricallybootstrapped

withreplacementthesubjectstothetrainingandtestingsets. Wethenfitthe

modelonthetrainingsetandobservedtheperformanceofthemodelinthe

testingset.

ItisknownthatthefullAUCsummarizestestperformanceoverregionsof

theROCspacethatarenotclinicallyrelevantforlesionsegmentation[9].Once

atesthasbeenabletodistinguishwellbetweendiseaseandnotdisease,the

performanceofthetestforparticularapplicationsmustbeevaluated,inwhich

caseonemaybeinterestedinonlyasmallportionoftheROCcurve[94].In

thisparticularapplicationweareinterestedinusingthelesionsegmentation

toidentifylesionsandtoprovideaccurateestimationsoflesionvolumes.The
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meanlesionvolumeofmanuallesionsegmentationsfromvalidationset1is11.2

cm3(IQR[1.7cm3,16.6cm3]). Fortheentirebrain,afalsepositiverateof

.01wouldcorrespondtoavolumeof12.8cm3ofhealthybrainbeingfalsely

identifiedaslesion,whichismorethanthemeanlesionvolumeinvalidation

set1.Thereforeweexaminedonlyfalsepositiveratesbelow1%. Weprovide

thepartialROCcurvewithbootstrapped95%confidencebandsforclinically

relevantfalsepositiveratesof1%andbelow.

3.2.12 Validationwithexpertrankings:validationset1

andvalidationset2

Forthestudiesinvalidationset2,goldstandardsegmentationswerenotavail-

able.ToevaluatetheperformanceofOASISonvalidationset2,threeexperts

(aneuroradiologist,neurologist,andradiologist)comparedOASISsegmenta-

tionstothosefromLesionTOADS,anopen-sourcelesionsegmentationsoftware

(http://www.nitrc.org/projects/toads-cruise/),[95,96,66]. validationset2,

describedindetailintheMaterialssection,consistsof169MRIstudiesof149

subjects,20ofwhomhadfollow-upvisits.Thesestudieswereacquiredusinga

varietyofimagingprotocols.

FortheOASISalgorithm,theonlyparameterthatmustbetunedwhen

movingtoanewdatasetisthepopulation-levelthreshold.Forvalidationset2

weusedthecoefficientsthatweretrainedonvalidationset1andthenempiri-

callyadjustedthepopulationlevelthresholdforvalidationset2.Toadjustthis

threshold,werandomlysampled10subjectsfromvalidationset2. Weapplied

thresholdsbetween0.10and0.50(byincrementsof0.05)totheprobability

74



maps,examinedthesegmentation,andempiricallychoseathresholdof0.35for

validationset2. Thisthresholdadjustmentisveryfastandtransparent. We

ranthesegmentationsforthe10subjectsinparallel,andeachsegmentation

tooklessthan5minutes. Next,wethresholdedtheprobabilitymapsatthe

9differentthresholds,whichtookonlyseconds.Last,welookedthroughthe

segmentationsandtheoriginalimagestoselecttheoptimal(mostreasonable)

threshold,whichtookonlyaboutaminuteforeachsubject.Theentireprocess

oftuningthethresholdtooklessthananhourandinvolvedonly10minutesof

manualimageexamination. Thisprocedureonlyneedstobeperformedonce

whenmovingtoanewimagingcenterorstudy.Forthesegmentationcompar-

ison,wepresentedthethreeexpertswithsegmentationsatthethresholdvalue

of0.35onalloftheimagesinvalidationset2aswellasatthethresholdfrom

validationset1withafalsepositiverateof0.005,athresholdvalueof0.16. We

willrefertothethresholdvalueof0.35astheempiricallyadjustedthreshold

andthethresholdvalueof0.16asthevalidationset1threshold.

WecomparedbothOASISsegmentationstothesegmentationsproduced

bytheopensourcesoftwareLesionTOADS. WeranLesionTOADSwithT1-

weightedandFLAIRinputsandthedefaultparameters. Weadjustedthe

smoothingparameterfrom0.2to0.4becauseweempiricallyfoundthistoim-

provethequalityofthesegmentations.ItisimportanttonotethatLesion-

TOADSnotonlysegmentslesions,butalsosegmentstheothertissueclassesof

thebrain.Forthisanalysis,weonlyusedthelesionsegmentations.

Wedesignedanimageratingsystemtoevaluatetheperformanceofthetwo

segmentationalgorithms. Foreachofthe169studies,wehadthreesegmen-

tations:theLesionTOADSsegmentation,theOASISsegmentationwiththe
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thresholdfromvalidationset1,andtheOASISsegmentationwiththeempiri-

callyadjustedthreshold. Wealsorandomlyselected20oftheMRIstudiesand

createdduplicatesofthesetoassessratingreliability,foratotalof189studies.

Werandomizedtheorderinwhichthesegmentationswerepresentedtotheex-

pertsandrandomlyassignedeachsegmentationaletter:A,B,orC,soasto

blindtheratertothesegmentationalgorithm.

Wepresentedeachofthe189MRIstudiestoanexperiencedMSneurora-

diologist.Foreachstudy,theneuroradiologistexaminedthesetofthreeseg-

mentationsalongwiththeoriginalFLAIR,PD,T1-weighted,andT2-weighted

volumes.Theneuroradiologistthenscoredtheperformanceofeachoftheseg-

mentationsonacontinuousscalefrom0to100,with0beinganunusablelesion

segmentationand100beingaperfectsegmentation.Theneuroradiologistwas

presentedallthreesegmentationssimultaneously,sothatscoreswereassigned

relativetooneanother.Fiftyofthestudieswereselectedtobescoredwiththe

samesystembyaneurologistwithasubspecialtyinMSandageneralradiolo-

gistinordertoassessrateragreementamongthethreeraters.The50studies

werecomprisedof45randomlyselectedstudieswith5ofthestudiesrepeated

toassessraterreliability.

TheneuroradiologistalsocomparedandscoredtheOASISandLesion-

TOADSsegmentationsfromthestudiesforthe98 MSpatientsinvalidation

set1.Thisallowsforcomparisonoftheperformanceofthesegmentationson

validationset1andvalidationset2.

76



3.3 Experimentalresults

3.3.1 Validationset1:trainingwithgoldstandard

TheOASISmodelhasanestimatedfullAUCof98%(95%CI;[96%,99%])

andapartialAUCforclinicallyrelevantfalsepositiveratesof1%andbelowof

0.59%(95%CI;[0.50%,0.67%])inthetestset.Figure3.4showsthevoxel-level

partialROCcurveforthetestsetwithbootstrapped95%confidencebands

forclinicallyrelevantfalsepositiverates.Theprobabilitymapthresholdthat

correspondstoafalsepositiverateof1%is0.10.Theverticalaxisofthepartial

ROCcurveshowsthetruepositiverate(sensitivity)forthresholdsbetween0

and0.10oftheprobabilitymapandthehorizontalaxisshowsthefalsepositive

rate(1-specificity)forthesethresholds.

Thecoefficientsfromfittingthelogisticmodel[1]overall131studiesin

validationset1,atotalof24millionvoxels,arereportedintheAppendix.The

coefficientsfromthefirstandsecondfitofthemodelareprovided. Wealso

assessedthevariationinthecoefficientsbynonparametricallybootstrapping

thesubjectswithreplacement.Thebootstrapped95%confidenceintervalsfor

thecoefficientscanbefoundintheAppendix.Thevarianceofthesecoefficients

islargeincomparisontotheestimatesofthecoefficients. Theinstabilityin

thecoefficientsdoesnotimpacttheperformanceofOASIS,asillustratedinthe

stabilityofthepartialROCcurve.

Choosingafinalthresholdvalueafterthesecondprobabilitymapsaremade

isatradeoffbetweensensitivityandspecificity. OASISisflexible,andthe
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Figure3.4: PartialROCcurveforthevoxel-leveldetectionoflesionsinthe
testingsetofvalidationset1fordifferentthresholdsoftheprobabilitymaps
producedfromOASISforclinicallyrelevantfalsepositiveratesof1%andbelow.
Bootstrapped95%confidencebandsarealsoprovided.Theverticalaxisofthe
partialROCcurveshowsthetruepositiverate(sensitivity)foragiventhreshold
oftheprobabilitymapandthehorizontalaxisshowsthefalsepositiverate(1
-specificity)forthisthreshold.

appropriatefalsepositiveratemaybeselectedforaparticularapplication.Ta-

ble3.2showsthethresholdvalues,sensitivity,anddicesimilaritycoefficient[97]

forfourdifferentfalsepositiveratesforthemodelfitoverallofthestudiesin

validationset1.OASISdetectedlesionsinmanyofthehealthysubjects.Ta-

ble3.3showsthemeanvolumeoffalsepositivelesionsdetectedinthehealthy

andMSsubjectsforthefourthresholdvaluesfromTable3.2.Thevolumeof

falsepositivesforboththeMSandhealthysubjectsiscomparable.
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Table3.2:Binarysegmentationthresholdswithfalsepositiverate,sensitivity
andDSCforvalidationset1

FalsePositiveRate Sensitivity ThresholdValue DSC

1% 80% 0.10 0.55
0.75% 76% 0.12 0.58
0.5% 69% 0.16 0.61
0.25% 58% 0.23 0.59

Table3.3:VolumeoffalsepositivelesioninhealthyvolunteersandMSsubjects
fromvalidationset1(incm3);theactualmeanlesionvolumeis0cm3forhealthy
volunteersand11.2cm3(IQR:[1.7cm3,16.6cm3])forMSsubjects

ThresholdValue HealthyMean(IQR) MSMean(IQR)

0.10 8.6(4.6,10.6) 10.9(7.6,13.6)
0.12 6.7(3.1,8.2) 8.0(5.2,10.3)
0.16 4.3(1.5,5.7) 5.2(3.0,7.0)
0.23 2.2(.7,2.8) 2.5(1.2,3.5)

3.3.2 Validationset1:neuroradiologistratingresults

FortheneuroradiologistrankingsoftheOASISandLesionTOADSsegmenta-

tionsforthe98MSsubjectsinvalidationset1,weperformedapairedt-testto

assessthedifferenceinthemeansoftheOASISsegmentationsandtheLesion-

TOADSscores. Thisdifferencewasfoundtobe12.6,witha95%confidence

intervalof(9.6,15.8),p-value<10−12. TheOASISempiricalthresholdwas

rankedhigherthanLesionTOADSsegmentationin73(95%CI:[64,81])ofthe

98studiesor74%(95%CI:[65%,82%]). Wenonparametricallybootstrapped

withreplacementthesubjectstoproducetheconfidenceintervalsfortherank-

ings.
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3.3.3 Validationset2:neuroradiologistratingresults

Table3.4containssummarystatisticsforthescoresfromtheneuroradiologist

ratingsofthethreesegmentationsforall189studies.TheOASISvalidationset

1thresholdsegmentationsandtheLesionTOADSsegmentationshaveamuch

lowerfirstquantilethantheOASISempiricalthresholdsegmentations. For

thisanalysiswefocusmainlyonthedifferencebetweentheOASISempirical

thresholdandtheLesionTOADSsegmentation,astheOASISvalidationset1

thresholddidnotperformwellonthisnewdataset. Thiswasexpected,as

theprobabilitymapthresholdneedstobeadjustedtomaintainthesamefalse

positiveratewhenmovingtoanewdataset. Weperformedapairedt-test

toassessthedifferenceinthemeansoftheOASISempiricalthresholdscores

andtheLesionTOADSscores. Thisdifferencewasfoundtobe16.6,witha

95%confidenceintervalof(13.3,20.0),p-value<10−14.TheOASISempirical

thresholdwasrankedhigherthanLesionTOADSsegmentationin146(95%CI:

[135,157])ofthe189casesor77%(95%CI:[71%,83%]). Wenonparametrically

bootstrappedwithreplacementthesubjectstoproducetheconfidenceintervals

fortherankings.

Table3.4:Summarystatisticsofimageratingsofvalidationset1forneurora-
diologiston189studies

OASIS OASIS LesionTOADS
validationset1Threshold EmpiricalThreshold

Minimum 3.7 3.7 2.7
1stQuantile 27.3 55.7 21.7
Median 42.0 68.3 51.0
Mean 43.2 64.1 47.5
3rdQuantile 57.7 76.3 71.0
Maximum 99.3 99.0 97.3
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Toassessraterreliabilityamongthe20duplicated MRIstudies,wecal-

culatedtheintraclasscorrelationcoefficient:0.61(95%CI:[0.69,0.81]). The

rankingsfortheLesionTOADSimagesandtheOASISempiricalthresholdwere

preservedintheduplicaterankingsfor17ofthe20images(95%CI:[14,20]).

Wenonparametricallybootstrappedwithreplacementthesubjectstoproduce

theconfidenceintervalsforboththeintraclasscorrelationcoefficientsandthe

rankings.

3.3.4 Validationset2:rateragreementwithneuroradi-

ologist,neurologist,andradiologist

Figure3.5:Notchedboxplotoftheresultsfromtheneuroradiologist,neurol-
ogist,andradiologistimageratingsforsegmentationsofthe50 MRIstudies
fromvalidationset2:theOASISvalidationset1thresholdsegmentations,the
OASISempiricallyadjustedthresholdsegmentations,andtheLesionTOADS
segmentations.

Table3.5containssummarystatisticsforthescoresfromtheneuroradiolo-

gist,neurologist,andradiologistratingsofthethreesegmentationsfortheset

of50studiesselectedtoassesraterreliability.Figure3.5showsanotchedbox

plotforeachraterofthesefindings. Fromtheboxplotweseethatthereis
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astatisticallysignificantdifferencebetweenthemediansforallthreesegmen-

tationsfortheneuroradiologistandneurologist.Therewasnotastatistically

significantdifferenceinthemediansofthescoresforthethreesegmentationsby

theradiologist. Moreover,allthreeratersindicatedthattheOASISvalidation

set1segmentationsandtheLesionTOADSsegmentationshaveamuchlower

firstquantilethantheOASISempiricalthresholdsegmentations.Theoutliers

intheboxplotscanbeexplainedaseithererrorsinprocessing,suchasregis-

trationorbadartifacts,orasstudiesthatnoneofthesegmentationmethods

performedwellon. Wedidnotremovethesestudiesfromtheanalysis,because
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wewanttoassesstheperformanceofOASISinthesettingofanimageprocessing

pipeline,whereimagesmaynotbeproperlyregisteredormaycontainartifacts.

Again,wewillfocusmainlyonthedifferencebetweentheOASISempir-

icalthresholdandtheLesionTOADSsegmentation. Weperformedapaired

t-testtoassessthedifferenceinthemeansoftheOASISempiricalthreshold

scoresandtheLesionTOADSscores.ThesedifferencescanbefoundinTable

5.ThemeanfortheOASISempiricalthresholdwasgreaterthanthemeanfor

theLesionTOADSscoresforallthreeraters.Thisdifferencewasfoundtobe

statisticallysignificantforboththeneuroradiologistandneurologist,(p-values

<10−4and<10−3,respectively),butnotfortheradiologist,(p-value0.5).

Theneuroradiologistandtheneurologisttendedtospreadtheirscoresmore,

andthisallowedbettercomparisonofthesegmentationalgorithms. Table5

alsoshowsthepercentageoftimetheOASISempiricalthresholdwasranked

higherthanLesionTOADSsegmentationinthe50studies. Wenonparamet-

ricallybootstrappedwithreplacementthesubjectstoproducetheconfidence

intervalsfortherankings.

Toassessraterreliabilityamongthe5duplicatedMRIstudies,wecalculated

theintraclasscorrelationcoefficientandthenumberoftimestherankingsfor

theLesionTOADSimagesandtheOASISempiricalthresholdwerepreserved.

Wenonparametricallybootstrappedwithreplacementthesubjectstoproduce

theconfidenceintervalsforboththeintraclasscorrelationcoefficientsandthe

rankings.Fortheneuroradiologist,theintraclasscorrelationcoefficientforthe

5repeatedstudiesis0.55(0.21,0.82)andthenumberofpreservedrankingsis

4(2,5).Fortheneurologist,0.32(-0.10,0.68)and4(2,5).Fortheradiologist,

-0.38(-0.35,0.71)and2(0,4).Therepeatedrankingsforeachraterforthe5
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subjectsisreportedintheAppendix.

WecalculatedtherateragreementfortherankingoftheOASISempirical

thresholdversusLesionTOADS.Wedecidedtousetherankingsofthescoresto

assessrateragreementratherthanthescoresthemselves,because,asshownfrom

theintraclasscorrelationcoefficient,thescoresarenotveryreliable,whilethe

orderinwhichtheobserversrankthesegmentations,ontheotherhand,isquite

reliable. Wecalculatedthekappastatistictoassessthereliabilityoftherankings

foreachpairofratersandnonparametricallybootstrappedwithreplacement

thesubjectstoproducetheconfidenceintervalsforthekappastatistics. The

kappastatisticfortherateragreementbetweentheneuroradiologistandthe

neurologistwas0.47(0.20,0.75),theneuroradiologistandradiologist0.02(-

0.26,0.30)andtheneurologistandradiologist-0.09(-0.37,0.19).

3.4 Discussion

OASISmaybeusedtoassistorevenreplacemanualsegmentationofMSlesions

inthebrain.Aftertrainingandadjustmentofthepopulationlevelthreshold,

ourfullyautomaticmethoddoesnotrequirehumaninputandavoidsthevari-

abilityintroducedbymanualsegmentation.Usingtheexplicitformofthesta-

tisticalmodel,OASIScaneasilybeadaptedandtrainedforcaseswheremore

orfewerimagingsequencesareavailable.

WiththeOASISmodel,arecalibrationofthepopulation-levelsegmentation

thresholdisnecessaryforeachnewdatasetbutcanbedoneonafairlylimited

numberofsubjects,asintheexamplefromthispaper.arecalibrationofthe

population-levelsegmentationthresholdisnecessaryforeachnewdatasetbut

85



canbedoneonafairlylimitednumberofsubjects,asintheexamplefromthis

paper. Asetofsubjectsisrequiredtotunethispopulationlevelthreshold,

thereforefullyautomaticsegmentationofasinglestudyfromanewimaging

centermaynotfeasiblewiththeOASISmodel. However,inthesecasesthe

thresholdcanbeadjustedveryquicklymanually(2-5minutes)byvisualin-

spectionof3-4slicesbyadjustingjustoneparameter. WhenusinganROC

curveforclassification,thresholdsforsubpopulationswithdifferentcovariate

valuesmayneedtobedefineddifferentlyinordertokeepfalsepositiverates

thesameacrossthosesubpopulations[98].Therefore,itwasexpectedthatthe

ROCthresholdwouldneedtobeadjustedtomaintainthesamefalsepositive

ratefromvalidationset1invalidationset2.Thisthresholdistheonlytuning

parameterinOASISthatmustbeadjustedwhenmovingtoanewdataset,and

thisadjustmentisveryfastandintuitivetomakeanddoesnotrequiremultiple

iterationsofsegmentations. WebelievethatOASISholdspromiseforusein

multicenterMRIstudies,withadjustmentofthepopulationlevelthresholdfor

eachsite.

FutureworkincludesfurthervalidationofOASISunderchangesinimaging

centerandprotocolandtoalsoshowthereproducibilityoftheOASISsegmen-

tations.OneresourceforthisistheMSLesionSegmentationChallenge[67],a

commondatabaseforMSlesionsegmentationalgorithms. Weplantodofurther

validationwiththisdatabaseaswellaswithvolumesfromadditionalimaging

centers.Forthisanalysiswedidnothavescan-rescanMRIavailable.Theseare

crucialforassessingthereproducibilityofthemethod,andweplantoacquire

theseinthefuture.
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Incontrasttomanyautomaticsegmentationtechniques,OASISiscompu-

tationallyfast. Whiletrainingthemodelonthe131studiesfromvalidation

set1takesfivehoursonastandardworkstation,thisprocessisonlyconducted

once. Theresultsfromthisaresummarizedasthetwosetsof21coefficients

inmodel[1]. Also,themodelmaybetrainedonfewerstudies,asshownin

thepartialROCanalysiswithinvalidationset1;theperformanceofthemodel

remainsstablewhentrainedonsubsetsof20studies.Usingthisfittedmodelto

generateaprobabilitymapoftheentirebrainfromasetofnewimagestakes

only30minutes.Thesetimesareforstandardworkstationsandareexpectedto

dropdramaticallywithmulti-coreparallelcomputingandimprovedtechnolo-

gies. TheGaussiansmoothingisthesloweststepofthealgorithm,andthese

computationscanbeparallelizedtosubstantiallydecreasethetimeoftheentire

algorithmtoapproximately5minutes.

Aftermakingtheimageratingsforvalidationset2,theneuroradiologistwas

unblindedandreviewedthethreesegmentations,providingcommentsaboutthe

strengthsandweaknessesofeach. TheOASISempiricalthresholdperformed

muchbetterthantheOASISvalidationset1threshold.Theneuroradiologist

reportedapreferenceforthesmoothnessoftheOASISsegmentationsincon-

trasttotheLesionTOADSsegmentation,whichoftenappearedspeckled.The

OASISsegmentationsoftenhadartifactsinthepinealglandsandthechoroid

plexusoftheventricles. ThismaybeexplainedbythefactthatOASISwas

trainedonFLAIRimagesacquiredbeforeagadolinium-basedcontrastagent

wasadministeredtothepatient,whilethevalidationwasdonewithFLAIRim-

agesthatwereacquiredaftergadoliniumadministration.Voxelsinthechoroid

plexusandpinealglands,whichenhancewithgadolinium,werebrighterand
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werethusmisclassifiedaslesion.LesionTOADSdoesnotmakeasimilarerror,

asitimposestopologicalconstraintsthatprecludethesestructuresfrombeing

identifiedaslesions.FurtherrefinementsofOASISmayaccountforsuchcom-

plexchangesofprotocol.TheLesionTOADSsegmentationsweremorevariable

thanthoseofOASISanddidnotperformwelloncaseswithlowlesionload.

TheOASISsegmentationhadsystematicerrorsinthemedialfrontalcortex

andthebrainstem. Ontheotherhand,LesionTOADSavoidedfalsepositives

inthebrainstembecauseitonlysegmentslesionsinthecerebrum.Figure3.6

showsaslicefromasubjectwithanexampleofalesionthatOASISsegments

inthecerebellum.Figure3.6AshowsasinglesliceoftheFLAIRvolume,Fig-

ure3.6BshowsasinglesliceoftheT1-weightedvolume,Figure3.6Cshows

theLesionTOADSsegmentationoftheslice,andFigure3.6DshowstheOA-

SISsegmentationoftheslice.LesionTOADSdoesnotsegmentthecerebellum,

whereasOASISdoesnotrestricttheareasthatitsegmentsandisabletofind

thelesioninthisslice.

OASISisnotanatlas-basedmethodandthereforedoesnottakeintoaccount

anatomicalinformationduringsegmentation,suchastissueclass.Furtherin-

corporationofanatomicalinformation,suchasthetissueclasssegmentations

fromLesionTOADS,mayhelptoavoidlesionsfalsepositivesinareaswhere

wehavepriorknowledgethatlesionpresenceislowandwhereOASISmade

systematicfalsepositives,suchasthemedialfrontalcortexandthebrainstem.

Also,thiscouldbeusedtohelpwiththefalsepositivesinthepinealglands

andthechoroidplexusoftheventriclesinthepost-contrastFLAIRastheseare

areaswherelesionsdonotoccurinMS.

ThesmoothedimagesusedinOASISaresimilartotheuseofsmoothed
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Figure3.6:ExampleofacerebellumlesionclassifiedusingOASISinvalidation
set2:A.FLAIRvolume;B.T1-weightedvolume;C.LesionTOADSsegmenta-
tion;D.OASISempiricallyadjustedthresholdsegmentation.

imagesforinhomogeneitycorrectioninMRI.Forinhomogeneitycorrection,an

imageissmoothedtosuppressthedetailsoftheimageandthentheoriginal

imageisdividedbythissmoothedimageinordertocorrecttheimageinho-

mogeneity[99]. Ourmethoddiffersfromthisinthatwedonotdividethe

originalimagebythesmoothedvolume.Insteadweusethesmoothedvolume

asacovariateinourmodel. Wealsousemultiresolutionsmoothedvolumes,in

contrasttojustonesmoothedvolumeforcorrection.

OthermethodsofcapturinginhomogeneitiesmaybeusedintheOASIS

modelasanalternativetothesmoothedvolumes.Alternativesmoothersmay

89



beusedinsteadoftheGaussiankernelandmaybemoreappropriateinother

applications. WedecidedtousetheGaussianfilterbecauseitiswidelyused,

canbeappliedtoanyimage,andisrelativelycomputationallyfast.TheOASIS

modelingframeworkisveryflexible,however,andcanbeadaptedforother

methodsofcapturingthebiasfieldandregionalintensityvariation.

Weusedthe15thpercentileofFLAIRintensitiesinthebraintocreatethe

braintissuemask. OthersegmentationscanbeusedtoremovetheCSF. We

usedthe15thpercentileofFLAIRintensitiesbecauseitisfastandperformed

wellinthisapplication.

LesionsthatarehypointenseonFLAIR,becauseofhighfreewatercontent,

arenotdetectedbyOASIS.Themethodmodelsonlycandidatevoxels,thetop

15percentofvoxelsinthecerebralmatter-maskedFLAIRvolume,tominimize

thenumberoffalsepositives.IntheFLAIRvolume,suchlesionsarecharacter-

izedbyhypointensitiesinthecenterofalesionandhyperintensitiesaroundthe

edges.Thereforethecenterofthelesionsisexcludedfromthecandidatevox-

els.FutureworkincludesexpandingtheOASISmodeltosegmenttheselesions.

ThiscouldbedonebyfittinganotherOASISmodeltrainedonlyonlesionvox-

elsthatappearhypointenseinFLAIRlesions.Thebinarysegmentationsfrom

theoriginalOASISmodelandthismodelcouldthenbecombinedtoproducea

completelesionsegmentation.

Likeothervoxel-basedmethods,OASISissensitivetomajormisregistra-

tionswithinan MRIstudy. However,inpartbecauseitincorporatesspatial

smoothing,OASISisnotsensitivetominorerrorsinregistration.Bysimulta-

neouslycomparingdatafrommultiplesequencesandonlyconsideringcandidate

voxels,OASISisabletodistinguishbetweenartifactsandlesion.
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OASISusesavoxel-levelmodelforassessingtheoutcome.Theassumption

ofindependencebetweenvoxelsisimperfect,aslesionsconsistofclustersof

voxels.Inthisworkweusesmoothinginthesmoothedvolumesandsmoothing

ofthepredictedprobabilitiesofthemodeltoincorporatethespatialnatureof

thedata.Nevertheless,furtherincorporationofneighboringvoxelinformation

iswarranted.
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Chapter4

Acomparisonofsupervised

machinelearningalgorithmsand

featurevectorsfor MSlesion

segmentationusing multimodal

structural MRI

4.1 Introduction

Machinelearningisapopularperspectiveforminingandanalyzinglargecol-

lectionsofmedicaldata[100,101,102]. Wefocusontheextenttowhichthe

choiceofmachinelearningorclassificationalgorithmandthefeatureextraction
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functionimpactperformanceinoneproblemfrommedicalresearch–super-

visedmultiplesclerosis(MS)lesionsegmentationinstructuralmagneticreso-

nanceimaging(MRI).Theevaluationoftheclassificationalgorithmsemployed

insupervisedlesionsegmentationmethodsisnotonlyafunctionofclassifi-

cationaccuracy. Dependingontheapplication,computationalefficiencyand

interpretabilitymaybevaluedatthecostofclassificationaccuracy.Therefore,

ourevaluationalsoincludesthecomputationaltimeandresourcesrequiredby

eachalgorithmandtheinterpretabilityoftheresultsproducedbythealgo-

rithm.Comparisonofmachinelearningtechniqueshasbeenperformedinother

applications[103,104,105],butnottoourknowledgeinmultiplesclerosislesion

segmentation.Alsomanyofthecurrentlyavailablecomparisonsdonotconsider

computationaltime.

MSisalife-longchronicdiseaseofthecentralnervoussystemthatisdiag-

nosedprimarilyinyoungadultswhowillhaveanearnormallifeexpectancy.

Becauseofthis,theburdenofthediseaseisgreat,withlargeeconomic,social

andmedicalcosts. Between250,000and400,000peopleintheUnitedStates

havebeendiagnosedwithMS,andtheestimatedannualcostofthediseaseis

oversixbilliondollars.ThereiscurrentlynocureforMS,butmanytherapies

existfortreatingsymptomsanddelayingaccumulationofpermanentdisability

(http://www.ninds.nih.gov/disorders/multiplesclerosis/detailmultiplesclerosis.htm).

MSischaracterizedbydemylinatinglesionsthatarepredominatelylocatedin

thewhitematterofthebrain,and MRIofthebrainissensitivetothesele-

sions[1].QuantitativeMRImetrics,suchasthenumberandvolumeoflesions,

areimportantclinicaltoolsforresearchintothepathophysiologyandnatu-

ralhistoryofMS[65].Inpractice,lesionburdenisdeterminedbymanualor
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semi-automatedexaminationanddelineationofMRI,whichistimeconsuming,

costly,andpronetolargeinter-andintra-observervariability[62].Therefore

developmentofautomated MSlesionsegmentationmethodsisanactivere-

searchfield[106,65].TheproblemofautomatedMSlesionsegmentationmust

beaddressedbyamethodthatisbothsensitiveandspecifictowhitematter

lesions,andwhichgeneralizesacrosssubjectsandimagingcenters.

Manymachinelearningalgorithmshavebeendevelopedforautomatedseg-

mentationofMSlesionsinstructuralMRI.Over80papershavebeenpublished

onthetopicinthelast15years,andyetnosolutiontothisproblemhasemerged

assuperiortoothermethods[106].Eachlesionsegmentationmethodinthelit-

eratureisthecompositionofaclassificationalgorithmandfeatureextraction

functionappliedtooneormany MRImodalities. Asdifferentmethodsuse

differentdatasetsandperformancemetrics,theextenttowhichtheclassifi-

cationalgorithm,thefeatureextractionfunction,andtheinterplaybetween

theclassificationalgorithmandfeatureextractionfunctionimpactstheperfor-

manceofthesemethodsisunknown. Toinvestigatethis,weexaminewhich

factorsimproveclassificationperformancethroughthecompositionofninesu-

pervisedclassificationalgorithmswithsixfeatureextractionfunctions. Weuse

voxelintensitiesformtheT1-weighted(T1-w),T2-weighted(T2-w)andfluid-

attenuatedinversionrecovery(FLAIR) MRImodalitiestotrainandvalidate

performanceofthecombinationsofclassifiersandfeatureextractionfunctions.

Wearenotproposinganewlesionsegmentationmethod.Ratherthansearching

fortheoptimalmethod,weexploretheproblemandpresentourinsightsinto

thetoolsandmethodsofapproach.

Ourfindingsarethat,fortheemployedfeatureextractionmethods,the
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particularclassificationalgorithmismuchlessimportantthanthecarefulde-

velopmentofthefeatures.Thesefindingsarenotuniquetothisproblem.Hand

(2006)assertsthat,inpractice,inclassification,simpleclassifierstypicallyyield

performancealmostasgoodorbetterthanmoresophisticatedclassifiers[107].

Thisisattributedtosourcesofuncertaintyindatathataregenerallynotcon-

sideredintheclassicalsupervisedclassificationparadigm.Handreferstousing

complexclassificationalgorithmsas“theillusionofprogress”. Ourfindings

supportthischaracterization.

4.2 Experimental methods

4.2.1 Studypopulationandexperimental methods

WeconsiderMRIstudieswithT1-w,T2-wandFLAIRvolumesfrom98patients

withMS.The3DT1-MPRAGEimages(repetitiontime(TR)=10ms;echo

time(TE)=6ms;flipangle(FA)α=8◦;inversiontime(TI)=835 ms,

resolution=1.1mm×1.1mm×1.1mm),2DT2-wFLAIRimages(TR=

11000ms;TE=68ms;TI=2800ms;in-planeresolution=0.83mm×0.83

mm;slicethickness=2.2mm)andT2-wvolumes(TR=4200ms;TE=80

ms;resolution=0.83mm×0.83mm×2.2mm)wereacquiredona3tesla

MRIscanner(PhilipsMedicalSystems,Best,TheNetherlands)equippedwith

an8-channelphasedarrayheadcoil.

95



4.2.2 Imagepreprocessing

WepreprocessedtheMRIimagesusingthetoolsprovidedinMedicalImagePro-

cessingAnalysisandVisualization(MIPAV)[28],TOADS-CRUISE(http://ww

w.nitrc.org/projects/toads-cruise/),andJavaImageScienceToolkit(JIST)[27]

softwarepackages. WefirstrigidlyalignedtheT1-wimageofeachsubjectinto

theMontrealNeurologicalInstitute(MNI)standardspace(voxelresolution1

mm3). WethenregisteredtheFLAIRandT2-wimagesofeachsubjecttothe

alignedT1-wimages. WealsoappliedtheN3inhomogeneitycorrectionalgo-

rithm[19]toallimagesandremovedextracerebralvoxelsusingSPECTRE,a

skull-strippingprocedure[88].Abraintissuemaskiscreatedfromtheextrac-

erebralvoxelremovalmaskbyremovingvoxelsfallingbelowthe15thpercentile

oftheFLAIRintensitiesoverthemask[7]. Thisbraintissuemaskremoves

cerebrospinalfluidintheventriclesandoutsidethebrain.

4.3 Statistical methods

Ouraimistoexaminetheextenttowhichtheclassificationalgorithmand

thefeatureextractionfunctionimpactstheperformanceoflesionsegmentation

methods. Todoso,wecomparecompositionsofsupervisedclassificational-

gorithmsandfeatureextractionfunctionsfortheclassificationoflesionvoxels

versushealthytissueinstructuralMRIstudies.Afeatureextractionfunctionis

afunctionthatactsontheobservedintensitiesfromtheMRImodalitiesandpro-

ducesafeaturevector.Foreachvoxelofthebrain,wehavea“silverstandard”

manuallesionsegmentationusedtotrainandvalidatethelesionsegmentation
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method. Manuallesionsegmentationsareconsideredasilverstandard,asop-

posedtogroundtruth,asthereismuchinter-andintra-observervariability

amongstexpertsegmentations. Weexaminelesionsegmentationmethodsthat

arethecompositionofaclassificationalgorithmandafeatureextractionfunc-

tion.Here,ourgoalisnottofindantheoptimallesionsegmentationmethod;

weinsteadsearchforinsightbyevaluatingtheperformanceoverasetofpossible

classifiersandextractionfunctions.

4.3.1 Supervisedclassificationalgorithms

Voxelswithinabrainarespatiallycorrelated.Toincludespatialinformation,

wealsoincludefunctionsofvoxelneighborhoodsasfeaturesinourvoxel-level

classifiers. Theextenttowhichtheresidualsarestillcorrelatedafterthese

featuresareincludedortowhatextentthisinformationcanbeusedtofurther

improvepredictionremainopenproblems.

Weprovideashortdescriptionofthesuperlearner,asthisisnotastan-

dardclassificationtechniqueemployedintheneuroimagingliterature.Thesu-

perlearnerisamethodforcombiningclassestimationsfromdifferentclassi-

ficationalgorithms,byweightingtheclassifiersaccordingtotheirprediction

performanceusingacross-validationlossfunction[108,109,110,111],which

isreferredtointheliteratureasensemblelearning,modelstacking,orsuper

learning. Thesuperlearnerassignseachclassificationalgorithmacoefficient

weight,αi∈(0,1),with iαi=1. Amoredetaileddescriptionofthesuper

learnerandoftheothersupervisedclassificationalgorithmsusedinthisanalysis

canbefoundintheAppendix.
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Table4.1showsasummaryoftheclassificationalgorithmsappliedtoeach

ofthefeaturevectors,includingtheRpackageusedtoapplythealgorithm

and,whenapplicable,thetuningparametervaluesthatweresearchedover. We

performedallmodelingintheRenvironment(version2.15.3,RFoundationfor

StatisticalComputing,Vienna,Austria)withthepackagesAnalyzeFMRI[112],

ROCR[113], MASS[39],class[39],nnet[39],mclust[114,115],e1071[116],

randomForest[117],andSuperLearner[118].
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4.3.2 Featureextractionfunctionsandvectors

Inthissectionweintroducethesixfeatureextractionfunctionsandthevectors

thesefunctionsproduce.InFigure4.1,weexamine3-dimensionalscatterplots

oftheintensitiesofthefeaturesthatformthefeaturevectors.Notethatwhile

manyofthefeaturevectorsareinahigherdimension,inthisfigureweare

onlyabletoshow3-dimensions.ScatterplotsoftheT1-w,T2-wandFLAIR

intensitiesandfunctionsoftheseintensitiesfor10,000randomlysampledvoxels

of5randomlysampledsubject’s MRIstudies(atotalof50,000voxels)are

shown;eachpointintheplotrepresentsasinglevoxelfromaMRIstudy. We

willrefertothisfigurethroughoutthissection.TableA.3containsasummary

ofthefeaturevectorsintroducedinthissection.

4.3.2.1 Unnormalized

Theunnormalizedfeaturevectorcontainstheobservedvoxelintensities(after

imagepre-processing)foravoxelvfromtheT1-w,T2-wandFLAIRvolumes.

Figure4.1Dshowsaplotoftheobservedvoxelintensitiesforthefivesubjects

forthethreevolumes.LesionsappearashyperintensitiesontheFLAIRand

T2-wvolumesandashypointensitiesontheT1-wvolume.

4.3.2.2 Normalized

Wenormalizevoxelintensitiesbytransformingthemintostandardscoresover

thebraintissuemask[93].Thenormalizedfeaturevectorcontainsthenormal-

izedvoxelintensitiesfromthethreeimagingmodalities.Figure4.1Eshowsa

plotofthenormalizedvoxelintensitiesfromthethreemodalities.Figure4.2A
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FLAIR
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showsasliceoftheFLAIRvolumeafterthenormalizationprocedureandFig-

ure4.2Bshowsthemanuallesionsegmentationforthisslice.

Figure4.1:ScatterplotsoftheT1-w,T2-wandFLAIRvoxelintensitiesand
functionsoftheseintensitiesfor10,000randomlysampledvoxelsfrom5ran-
domlysampledsubject’sMRIstudies.Eachpointintheplotrepresentsasingle
voxelfromastudy.(A-C)Colorkeyfortheseplots:(A)theFLAIRvolumefor
anaxialslicefromasinglesubject’sMRIstudy,(B)thetechnician’smanual
segmentationforthissliceand(C)thecolorsthatareusedintheplotscorre-
spondingtothisslice.Lesionvoxelsarepink,voxelswithin1mmofalesion
voxelareorange,voxelswithin2mmofalesionvoxelareblueandallothervox-
elsinthebrainarecoloredgrey.Thearrowsinthefigureindicatetheorderthat
thefeaturesarecreated.Fortheunnormalizedintensitiesthereisnoplanethat
canseparatelesionvoxelsfromnon-lesionvoxels,butafternormalizationand
withtheadditionoffeaturesthatincludeneighborhoodinformation,aplaneis
abletoseparatelesionandnon-lesionvoxelswithimprovedaccuracy.

4.3.2.3 Voxelselection

Weselectcandidatelesionvoxelstolowercomputationaltimeandrestrictthe

modelingspace.AsmostlesionvoxelsappearashyperintensitiesintheFLAIR

volume,weapplythebraintissuemasktotheFLAIRvolumeandselectthe
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Figure4.2:AnaxialslicefromasinglesubjectoftheFLAIRvolumewiththe
normalizationprocedure,manuallesionsegmentation,neighborhoodfunctions
oftheFLAIRvolume,andanexampleofaclassificationresult.(A)FLAIR
volume;(B)manuallesionsegmentation;(C)FLAIRsmoothedvolumewitha
neighborhoodn=41;(D)FLAIRfirstlocalmomentvolumewithneighborhood
n=5;(E)FLAIRsecondlocalmomentvolumewithneighborhoodn=5;(F)
FLAIRthirdlocalmomentvolumewithneighborhoodn=5. Thesmoothed
volumesactonlargeneighborhoods,whilethelocalmomentvolumesactover
smallerneighborhoods;(G)Theprobabilitymapproducedforthelogisticre-
gressionclassifieronthesmoothedfeaturevector;(H)Thescaleofintensities
intheprobabilitymap.

85thpercentileandaboveofvoxelsinthebraintissuemaskascandidatevoxels

forlesionpresence.Figure4.1Fshowsthenormalizedvoxelintensitiesforonly

thecandidatevoxels. Thevoxelselectionprocedureisnotneededforsimple

methodsbutisneededformorecomplexalgorithms.
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4.3.2.4 Smoothed

Thesmoothedfeaturevectorcontainsvoxelintensitiesfromthesmoothedvol-

umes,whicharefunctionsofeachvoxelanditsneighbors.Thesmoothedvol-

umesactonrelativelylargeneighborhoodsandaredesignedtocaptureanatomi-

calinformationandresidualintensityinhomogeneities(foradetaileddiscussion

see[7]). Lettheneighborhoodofsizenbethen×n×nneighborhoodof

voxelscenteredatv. Twosmoothedvolumesforeachimagingmodalityare

createdby3-dimensionalGaussiansmoothingofthenormalizedintensitiesfor

themodalityovertheneighborhoodofsizenwithinthebraintissuemask;

inthisapplicationwechosen=21and41. WeusedtheFSLtoolfslmaths

(http://www.fmrib.ox.ac.uk/fsl)tocreatethesmoothedvolumes. Duetothe

highdimensionofthisfeaturevector,wecannotvisualizeintensitiesfromthe

entirevector.Figure4.1Gshowsthevoxelintensitiesofthesmoothedvolumes

forthethreemodalitiesforaneighborhoodof21voxelsforcandidatevoxels

fromthevoxelselectionprocedure.Figure4.2Cshowsasliceofthesmoothed

volumefortheFLAIR,neighborhoodofn=41.

4.3.2.5 Moments

Incontrasttothesmoothedvolumes,whichactonrelativelylargeneighbor-

hoods,thelocalmomentvolumesaredesignedtoincorporatespatialinforma-

tionfromnearbyneighboringvoxels,asasinglelesionistypicallycomprised

ofmultipleclusteredvoxels.Thelocalmomentvolumesarecreatedbytaking

thejthsamplemomentforeachvoxelvovertheneighborhoodofsizenofthe

normalizedvolumeoverthebraintissuemask(thejthsamplemomentfora
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setofrpointsisdefinedtobe1
r

r
i=1X

j
i). Hereweusej∈{1,2,3}forthe

samplemomentsandn=3and5fortheneighborhoodsize.Duetothehigh

dimensionofthisfeaturevector,weagaincannotvisualizeintensitiesfromthe

entirevector.Figure4.1Hshowsthevoxelintensitiesofthethirdlocalmoment

volumesforthethreemodalitieswithaneighborhoodofn=5voxelsforcan-

didatevoxels.Figure4.1Ishowsthevoxelintensitiesofthefirstlocalmoment

volumesforthethreemodalitieswithaneighborhoodofn=3voxelsforcandi-

datevoxels.Figure4.2showsanaxialslicefromasubjectofthelocalmoment

volumefortheFLAIRwithaneighborhoodofn=5;Figure4.2Dshowsthe

firstlocalmomentvolume,Figure4.2Ethesecond,andFigure4.2Fthethird.

Inthelocalmomentvolumesthecontrastbetweenlesionandothertissueis

increased.

4.3.2.6 Smoothedand moments

Thesmoothedandmomentsfeaturevectorcontainstheintensitiesfromthe

smoothedfeaturevectorandthemomentsfeaturevector.Thisvectorcontains

thenormalizedvoxelintensitiesandintensitiesfromthesmoothedvolumesand

localmomentvolumesforcandidatevoxelsfromthevoxelselectionprocedure.

4.3.3 Trainingandvalidationstudieswithmanuallesion

segmentations

Foreachofthe98MRIstudieswehaveamanuallesionsegmentationmadeby

atechnicianwithmorethan10yearsofexperienceindelineatingwhitematter

lesions.Aneuroradiologistwithmorethan10yearsofexperienceinMRIofMS
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patientsreviewedthemanualsegmentationsandfoundthemtobeacceptable.

Themanualsegmentationsweremadeonlyforwhitematterlesionsandwere

madeusingtheFLAIRandT1-wvolumes. Toassesstheperformanceofthe

algorithmsoneachofthefeaturevectors,werandomlyassigned49oftheMRI

studiestoatrainingsetandtheremaining49studieswereusedforvalidation.

Wefitthealgorithmsonasetof500voxelssampledfromeachofthetraining

MRIstudies(foratotalof24,500voxels). Thiswasdoneinordertoreduce

thetimeneededtofiteachalgorithm,asmanyofthealgorithmswithtuning

parametersrequiredasubstantialamountoftimetofitonlargersetsofvoxels.

Weinvestigatetheeffectonperformanceandcomputationaltimeofthisand

furtherdownsamplingintheResultssection.Valuesforthetuningparameters

foreachalgorithmwereselectedusing10-foldcrossvalidationonthevoxelsin

thetrainingset. Wevalidatedontheentirebrainvolumeforeachof49studies

inthevalidationset.Table4.3showsasummaryofthetrainingset,thetraining

setafterthevoxelselectionprocedureandthevalidationsets.
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4.3.4 Measuresofoutcomeandagreement

IntheResultssection,wereportthepartialReceiverOperatingCharacteristic

(pROC)curveandscaledpartialAreaUndertheCurve(pAUC)asmeasuresof

algorithmaccuracy.ThepROCandpAUCarecalculatedforfalsepositiverates

of10%andbelowonthevalidationset,usingthemanuallesionsegmentations

asa“silverstandard”oftruth.ThescaledpAUCiscomputedbydividingthe

pAUCbythefalsepositiverateof10%[119]andtakesvaluesbetween0and1,

withavalueof1correspondingtoperfectclassificationoflesionandnon-lesion

voxels. WealsoreporttheDicesimilaritycoefficient(DSC)asameasureof

agreementamongstthebinarysegmentationsproducedbyeachalgorithm.To

calculatetheDSCwethresholdtheprobabilitymapforeachalgorithmata

falsepositiverateof0.5%inthevalidationset.TheDSCisameasureofthe

overlapoftwosets[97],withaDSCof0correspondstonooverlapandaDSC

of1correspondstoperfectoverlap. Theefficiencyofthealgorithms,inthe

formofcomputationaltimeforfittingthealgorithmsonthetrainingsetand

makingpredictionsonthevalidationarereported. Wealsoexaminetheeffect

ofdownsamplingthetrainingsetonfittime,performanceandthesuperlearner

coefficientweights.

4.4 Results

4.4.1 Classificationperformance

Figure4.3showsthepROCcurvesforfalsepositiveratesupto10%forthenine

classificationalgorithmsorganizedbythefeaturevectors,withaplotforeach
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Figure4.3:ThepartialReceiverOperatingCharacteristic(pROC)curvesfor
theclassificationalgorithmsforfalsepositiveratesupto10%inthevalida-
tionset. Thediagonallineisshownoneachplotinblackforreference,and
representsaclassifierthatperformsaswellaschance.Aplotispresentedfor
eachofthesixfeaturevectors:(A)unnormalized,(B)normalized,(C)voxel
selection,(D)smoothed,(E)moments,and(F)smoothedandmoments.The
performanceofthesimplerclassificationalgorithmsonthefeaturevectorswith
featuresincludingspatialinformationaresuperiortothatofthemorecomplex
classifiersontheoriginalfeaturesontheunnormalizedfeaturevector.
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ofthesixvectors:unnormalized(Figure4.3A),normalized(Figure4.3B),voxel

selection(Figure4.3C),smoothed(Figure4.3D),moments,(Figure4.3E)and

smoothedandmoments(Figure4.3F). WealsoreportscaledpAUCforfalse

positiveratesof10%foreachfeaturevectorinFigure4.4.Thespreadinthe

pROCcurvesinFigure4.3andthescaledpAUCinFigure4.4comesmorefrom

thedifferentfeaturevectorsthantheclassificationalgorithms. Whenfittingthe

algorithmsontheunnormalizedfeaturevector,algorithmsperformbetterand

worserelativetooneanother.InFigures4.3andFigure4.4weseethatmore

complexalgorithms,suchasthesuperlearner,Gaussianmixturemodel,neural

network,andrandomforest,performbetterthansimpleralgorithms. Wedefine

complexityasafunctionofanalgorithm’sdecisionboundary–forexampleal-

gorithmswithlineardecisionboundariesarerelativelysimplerthanalgorithm

withnonlineardecisionboundaries[120].Afternormalizationandtheaddition

offeaturesthatincludeneighboringinformation,theperformanceofthealgo-

rithmsbegintoconverge.Allofthealgorithmsperformworseonthemoments

featurevectorthanthesmoothedfeaturevector,eventhoughtthedimensionof

themomentsfeaturevectorismuchhigherthanthatofthesmoothedfeature

vector(21versus9).Inthisapplicationandintermsofpredictiveperformance,

thesmoothedvolumesarebetterfeaturesforclassifyinglesionsthanthelocal

momentvolumes. Also,twoofthealgorithms,theGaussianmixturemodel

andthek-nearestneighbors,haveadecreasedperformancerelativetoother

algorithmsonthevalidationsetinthesmoothedandmomentsfeaturevector.

Theperformanceofthesimplerclassificationalgorithmsonthedeveloped

featurevectorsissuperiortothatofthemorecomplexclassifiersontheob-

servedMRIintensitiesintheunnormalizedfeaturevector.InFigure4.3wesee
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Figure4.4:ThescaledpartialAreaUndertheCurve(pAUC)foreachalgorithm
oneachfeaturevector.ThedifferencesinscaledpAUCcomesmorefromdiffer-
encesinfeaturevectorsthandifferencesinclassificationalgorithms.Thescaled
pAUCofthesimplerclassificationalgorithmsinthedevelopedfeaturevectors
arelargerthanthatofthemorecomplexclassifiersontheoriginalfeaturesin
theunnormalizedfeaturevector.

thatthebestperformingalgorithmsontheunnormalizedfeaturevector,the

superlearnerandGaussianmixturemodel,exhibitinferiorperformancetoall

algorithmsonthedevelopedfeaturevectors. Anintuitionforthisresultfrom

thedataisprovidedintheplotsofFigure4.1. Figure4.1Dshowsaplotof

theintensitiesfromtheunnormalizedT1-w,T2-wandFLAIRvolumes.There

isnoplanethatcanseparatelesionvoxelsfromnon-lesionvoxels. Thismay

bethereasonastowhyalgorithmswithnonlineardecisionboundariesperform
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betterontheunnormalizedfeaturevector.AfternormalizationinFigure4.1E,

aplaneisabletoseparatelesionandnon-lesionvoxelswithimprovedaccuracy.

Withtheadditionofthesmoothedandmomentvolumes(Figure4.1G-H),clas-

sificationaccuracyisfurtherimproved.

Notethatmanyofthealgorithmsrequiredarangeofuser-suppliedtun-

ingparameters(Table4.3). Weinvestedmuchtimeindecidingwhichtuning

parameterstoallowthealgorithmstosearchover,asusingtheincorrectpa-

rametersgreatlydiminishedtheperformanceofthesealgorithms.Asthereare

aninfinitenumberofparametersthancanbesearched,wecanneverbecertain

thatwehavedecidedupontheoptimalparameters,andthereforeweprefer

usingalgorithmsthatarecompletelyinformedbythedata.

4.4.2 Algorithmagreement

Toassesstheagreementintheclasslabelassignedtoavoxelbyeachalgorithm,

wereporttheDSCforallpairsofbinarysegmentationsfromtheclassification

algorithmsandmanualsegmentationsoneachfeaturevector. Wefoundthese

resultstoberobusttothechoiceoffalsepositiveratethreshold. Figure4.5

showstheDSCforeachofthesepairs,withaplotforeachofthesixfeature

vectors:unnormalized(Figure4.5A),normalized(Figure4.5B),voxelselection

(Figure4.5C),smoothed(Figure4.5D),moments,(Figure4.5E)andsmoothed

andmoments(Figure4.5F).TheDSCisshownasshadesofgrayintheplots,

withdarkershadesindicatingaDSCvalueclosertoone.Fortheunnormalized

featurevector,thereispooroverlapbetweentheclasslabelsassignedbymost
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algorithmsandthereispooroverlapwithallalgorithmsandthemanualseg-

mentation.Onthisvector,theDSCforallpairsofthelogisticregression,linear

discriminantanalysis,quadraticdiscriminantanalysisandsupportvectorma-

chinealgorithmsarelarge.AlsothesuperlearnerandGaussianmixturemodel

aswellasthesuperlearnerandtherandomforestalsohaverelativelylargeDSC,

whichistobeexceptedasthesuperlearnerassignsrelativelyhighcoefficient

weightstobothofthesealgorithmsontheunnormalizedfeaturevector.Onthe

normalizedandvoxelselectionfeaturevectors,weseehighDSCforallpairsof

thealgorithms,excludingthesupportvectormachine,butseealowDSCwith

allalgorithmsandthemanuallesionsegmentation.Onthesmoothed,moments,

andsmoothedandmomentsfeaturevectorsweseethattheDSCforthemanual

lesionsegmentationsandallalgorithmsarelarge. AlsotheDSCforallpairs

ofthealgorithmsarealsolarge(excludingtheGaussianmixturemodeland

k-nearestneighborsalgorithmsonthesmoothedandmomentsfeaturevector).

Thisplotreiteratesthattheperformanceofthesimplerclassificationalgo-

rithmsonthedevelopedfeaturevectorsaresuperiortothatofthemorecomplex

classifiersontheobservedMRIintensitiesintheunnormalizedfeaturevector;

theDSCfortheclasslabelsproducedbyallalgorithmsandthemanuallesion

segmentationsaremuchlargeronthemoments,smoothed,andsmoothedand

momentsfeaturevectorsthanthoseontheunnormalizedfeaturevectors.The

plotalsoshowsthatonthedevelopedfeaturevectors,theclasslabelsassigned

tothevoxelsforeachalgorithmaresimilar.Notonlyareoverallperformance

ofthemethodssimilar,butthesegmentationsproducedfromeachmethodare

alsosimilarforthesevectors.
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Figure4.5:TheDicesimilaritycoefficient(DSC)forallpairsofclassification
algorithmsegmentationsandmanualsegmentations.Thebinarysegmentations
foreachclassificationalgorithmareatathresholdoffalsepositiverate=0.5%
inthevalidationset.Aplotispresentedforeachofthesixfeaturevectors:(A)
unnormalized,(B)normalized,(C)voxelselection,(D)smoothed,(E)moments,
and(F)smoothedandmoments. Onthedevelopedfeaturevectors,theclass
labelsassignedtothevoxelsforeachalgorithmaresimilar. Thisshowsthat
notonlyaretheoverallpredictiveperformancesofthemethodssimilaronthese
vectors,buttheresultingsegmentationsfromeachmethodarealsosimilar.114



4.4.3 Computationaltime

ThebarplotsinFigure4.6showthetimetofiteachoftheclassificational-

gorithmsandtomakepredictionsonanew MRIstudy;Figure4.6Areports

thetimeinhoursrequiredtofitthealgorithmoneachfeaturevectorandFig-

ure4.6Breportsthetimeinminutesrequiredtomakeapredictionforasingle

MRIstudyfromthefittedalgorithms.Alloftheclassificationalgorithmswere

fitandmadepredictionsonasinglecoretoallowforaccuratecomparisonof

computingtimes,althoughmanyofthesealgorithmscanberuninaparallel

computingenvironmenttodecreasecomputationtime.InFigure4.6weseethat

simpleralgorithmswithouttuningparameters,suchaslogisticregression,linear

discriminantanalysis,andquadraticdiscriminantanalysis,requiresignificantly

lesscomputationaltime.Thesemethodstakeunderaminutetomakepredic-

tionsandonthefeaturevectorsthatincludethesmoothedandlocalmoment

volumesandthesemethodshavecomparableperformancetothemorecomplex

methods.Thissuggeststhatforthisapplication,thecomputationalburdenof

thesuperlearnerisnotjustifiable.Notethattherelativefittimefortherandom

forestislargerthanthesuperlearnerinthesmoothed,moments,andsmoothed

andmomentsfeaturespaces.Thisisattributedtothemtrytuningparameter,

thenumberofvariablessampledateachsplitofthedecisiontree,whichsearches

overanumberofparametersequaltothedimensionofthefeaturevector.The

randomforesttakeslongertotunethanthesuperlearnerinthisspaceand

thisdifferencecanbeattributedtotherespectivepackagesimplementationof

modeltuning;theSuperLearnerpackagecallstherandomForestpackagetofit

therandomforest,butselectstuningparametersinternally.
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Figure4.6:(A)Thetimeinhoursrequiredtofitthealgorithmoneachfeature
vectorand(B)thetimeinminutesrequiredtomakeapredictionforasingle
MRIstudyfromthefittedalgorithms. Bothofthebarplotsarepartitioned
intothesixfeaturevectorsonthehorizontalaxis. Thesimpleralgorithms
withouttuningparametersrequiresignificantlylesscomputationaltimethan
morecomplexmethods.

Computationaltimetofitthealgorithmonthetrainingdataandmakepre-

dictionsforanewMRIstudyisanimportantconsiderationwhenchoosingthe

appropriateclassificationalgorithmintheapplicationoflesionsegmentation.

ThisisespeciallyimportantformakingpredictionsforanewMRIstudy(Fig-

ure4.6B).Thealgorithmmayonlyneedtobetrainedonceand,asshownin

thisapplication,andcanbetrainedonarelativelysmallnumberofvoxelsto

reducecomputationaltime.Inresearchorclinicalsettings,fastalgorithmpre-

dictionsaredesired,aslesionsegmentationsmayberequiredforhundredsor

thousandsofstudies.Thetwoalgorithmswiththebestpredictiveperformance

onthenormalizedfeaturevector,thesuperlearnerandthek–nearestneigh-

bors,wouldnotscalewell;thealgorithmstake10and30minutesrespectivelyto
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makepredictionsforanewMRIstudy.Evenonthefeaturevectorsthatusethe

voxelselectionprocedure,k-nearestneighborsandthesuperlearneroftentake

betweentwotothreeminutestomakepredictionsforasingleMRIstudy,while

manyoftheotheralgorithmstakeonlyafewsecondstomakethesepredictions.

4.4.4 Downsamplingthetrainingset:classificationper-

formanceandcomputationaltime

InFigure4.7weinvestigatetheimpactofthenumberofvoxelsusedtofit

thealgorithmsonpredictionaccuracyandcomputationtime. Weexaminethe

scaledpAUCforfalsepositiveratesupto10%andthetimetofitthealgorithm

ontheunnormalizedandsmoothedandmomentsfeaturevectors. Wesample

1,000to24,000voxels(withoutreplacement)byincrementsof1,000fromthe

24,500voxelsinthetrainingsetandfitthealgorithmsoneachofthesesamples.

Figure4.7AshowsthescaledpAUCversusthenumberofvoxelsthealgorithm

isfitonfortheunnormalizedfeaturevectorandFigure4.7Bshowsthetimeto

fitthealgorithm.Figure4.7CandFigure4.7Dshowthesameforthesmoothed

andmomentsfeaturevector.At10hourswecutoffthealgorithmfittimeonthe

plots;thesuperlearnerontheunnormalizedfeaturevectortookapproximately

30hourstofiton24,000voxels.Theverticalaxisforthesmoothedandmoments

featurevectorshowsthenumberofvoxelsbeforethecandidatevoxelselection

procedureisperformed,asthisprocedureispartofthefeaturevectorspace,so

theactualnumberofvoxelsthealgorithmisfitonisaround15%ofthissize.

InFigure4.7weseetheeffectivenessofdownsamplingthetrainingsetto

reducecomputationaltime,withoutimpactingperformance.Theperformance
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ofthealgorithmsisnotimpactedandthecomputationaltimeissignificantly

lowered.Ontheunnormalizedfeaturevector(Figure4.7B)theperformanceof

somealgorithmsvariesasthenumberofvoxelsincreases,especiallythesupport

vectormachineandtheneuralnetwork.Onthesmoothedandmomentsfeature

vectortheperformanceismuchmoreconsistent.Afterthealgorithmisfiton

around3000voxels,thescaledpAUCforthevalidationsetisstableasthenum-

berofvoxelthealgorithmisfitonincreases. Thisshowsthatdownsampling

thetrainingsetcanbeaneffectivetoolforreducingcomputationtimewithout

lossofperformanceonawelldevelopedfeaturevector.InFigure 4.7Aand

Cweseethatintheunnormalizedfeaturevectorspacethefittimesforthe

k-nearestneighbors,quadraticdiscriminantanalysis,lineardiscriminantanaly-

sis,andlogisticregressionappeartostayrelativelyconstantasthenumberof

voxelsonwhichthealgorithmisfitincreasesfrom1000to24,000.Therandom

forest,supportvectormachine,andneuralnetworkappeartoincreaselinearly

incomputationtimeandthesuperlearnerandGaussianmixturealgorithm

bothappeartoincreaseexponentially.Therequiredtimeforthesuperlearner,

supportvectormachine,andneuralnetworkincreaselinearlyandtheothers

stayrelativelyconstant.

4.4.5 Superlearnercoefficients

WeexaminedthecoefficientweightsfromthesuperlearneralgorithminFig-

ure4.8. Figure4.8Ashowstheweights,asshadesofgray(darkerindicating

higherweight),ontheunnormalizedfeaturevectorandFigure4.8Bshowsthe
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Figure4.7: Theimpactofdownsamplingthetrainingsetoncomputational
timeandclassificationperformance. Timeinhourstofitthealgorithm(left
column)andscaledpAUCforfalsepositiveratesupto10%(rightcolumn)
versusthenumberofvoxelsthealgorithmisfitonfortheunnormalized(A,B)
andsmoothedandmomentsfeaturevectors(C,D).Hereweseetheeffectiveness
ofdownsamplingthetrainingsetastheperformanceofthealgorithmsisnot
impactedandthecomputationaltimeissignificantlylowered.

weightsforthesmoothedandmomentsfeaturevector.Theweightsareexam-

inedversusthenumberofvoxelsfitbythealgorithm,asinFigure4.7. The

horizontalaxisoftheplotsshowthealgorithmsandtuningparametersandthe
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verticalaxisshowsthenumberofvoxelsonwhichthealgorithmwasfit.The

superlearnerisdesignedtoselectandcombinetheclassificationalgorithmsthat

performbest,bycross-validation.InFigure4.8,weseethat,withinthesame

featurevectorspace,asthenumberofvoxelsusedtofitthealgorithmchanges,

thesuperlearnerconsistentlyassignslargeweightsonthesamesmallnumber

ofalgorithms.Fortheunnormalizedfeaturevector,highweightsareselected

forthelogisticregression,oneoftherandomforesttuningparameters,andthe

Gaussianmixturemodel.Forthesmoothedandmomentsfeaturevector,the

superlearnerfavorsthelesscomplexalgorithms,withcorrespondingexplicit

statisticalmodels:logisticregression,thequadraticdiscriminantanalysis,and

thelineardiscriminantanalysis. SomeweightisalsoassignedtotheGaus-

sianmixturemodelandtherandomforest,althoughtherandomforesttuning

parameterisunstableasthenumberofvoxelsincreases.

4.4.6 Interpretability

Interpretabilityofthealgorithmisalsodesirable.Understandingwhichfeatures

improvetheperformanceofthealgorithmsprovidesaninsightintotheproblem

oflesionsegmentationandhowthemethodmaygeneralize;notallalgorithms

havetheabilitytoprovidethisinformation.Thelogisticregressionproducesa

setofcoefficientswithanexplicitstatisticalinterpretation,asthesecoefficients

informwhichfeaturesaremostimportantinthecontextoflesionsegmentation.

Aneuralnetworkwithonlyonehiddenlayerhassimilarproperties,butwiththe

additionofmorehiddenlayers,themeaningoftheneuralnetworkcoefficients

becomeslessclear.Thesupportvectormachineproducesahyperplanedecision
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Figure4.8:Thesuperlearnercoefficientversusthenumberofvoxelsthealgo-
rithmisfitonforthe(A)unnormalizedandthe(B)smoothedandmoments
featurevectors.Asthenumberofvoxelsusedtofitthealgorithmchanges,the
superlearnerconsistentlyassignslargeweightstothesamesmallnumberof
algorithms. Fortheunnormalizedfeaturevector,highcoefficientweightsare
selectedforthelogisticregression,oneoftherandomforesttuningparameters,
andtheGaussianmixturemodel.Onthesmoothedandmomentsfeaturevec-
tor,thesuperlearnerfavorsthelesscomplexalgorithms:logisticregression,
thequadraticdiscriminantanalysis,andthelineardiscriminantanalysis.Some
weightisalsoassignedtotheGaussianmixturemodelandtherandomforest.

boundaryforlesionandnon-lesionvoxels.Likeaneuralnetworkwithmany

hiddenlayers,thesupportvectormachinedoesnotprovidemuchinsightinto

theunderlyingclassificationproblem,althoughrecentadvancementshavebeen

madetoprovideanalyticaltoolsforstatisticalinferenceinthisframework[121].

Thelineardiscriminantanalysisproducesameanvectorforeachclassanda

sharedcovariancematrixforthetwoclasses. Quadraticdiscriminantanalysis

producesameanvectorforeachclassandacovariancematrixforeachclass.The

meanvectorandcovariancematrixormatricesfromthesealgorithmscanalso

beinterpretedandprovideinformationabouttheclassificationproblem. The

Gaussianmixturemodelhasasimilarinterpretabilityasthelineardiscriminant
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analysisandthequadraticdiscriminantanalysis,inthatitfitsamixtureof

normaldistributionstoeachclass.But,inthesmoothedandmomentsfeature

space,theGaussianmixturemodelperformsworsethanmanyoftheotheral-

gorithms.Thek-nearestneighborsalgorithm,randomforest,andsuperlearner

allprovidelittleintuitionabouttheunderlyingclassificationproblem,andonly

providecomputationallycomplexrulesformakingpredictions. Thek-nearest

neighborsalgorithmalsohasdiminishedperformanceinthesmoothedandmo-

mentsfeaturespace. Whilethereisinsighttobegainedfromthealgorithms

thatthesuperlearnerassignsweightsto(Figure8),thesuperlearnerisnota

practicalalgorithminthiscontextbecauseofthecomputationaltime.

4.5 Discussion

Inthispaper,weinvestigatedtheextenttowhichtheclassificationalgorithm,

thefeatureextractionfunction,andtheinterplaybetweenclassificationalgo-

rithmandfeatureextractionfunctionimpactstheperformanceofalesionseg-

mentationmethod. Wedidnotsearchfortheoptimalclassificationmethod,but

insteadevaluatedperformanceoverasetofpossibleofsegmentationmethods,

eachconsistingofafeatureextractionfunctionandsupervisedclassification

algorithm,togaininsightintotheproblem. Ourfindingsare,forthisprob-

lem,thataftercarefuldevelopmentofthefeaturevectorswiththeadditionof

thoughtfullydesignedfeatures,thedifferenceinclassificationalgorithmperfor-

mancedisappears. ThespreadinthepROCcurvesinFigure4.3,thescaled

pAUCinFigure4.4,andtheDSCinFigure4.5areattributedtothediffer-

encesinfeaturevectorsratherthandifferencesinclassificationalgorithms.The
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performanceofthesimplerclassificationalgorithmsonthedevelopedfeature

vectorsissuperiortothatofthemorecomplexclassifiersontheobservedMRI

intensitiesintheunnormalizedfeaturevector. Theresultinglesionsegmen-

tationonthefeaturevectorwithadditionalfeaturesthatincorporatespatial

informationarealsoverysimilar. Wethereforelimitourassessmentofthe

lesionsegmentationmethodstothosefeaturevectorswiththebestpredictive

performance.Andaspredictiveperformanceofthemajorityofthealgorithms

onthesevectorsisalmostindistinguishable,choosingtheappropriatealgorithm

isafunctionof(1)timetofitthealgorithm,(2)timetomakepredictionsfora

newMRIstudy,(3)interpretabilityofthealgorithm.Usingthesecriteria,al-

gorithmssuchaslogisticregression,lineardiscriminantanalysis,andquadratic

discriminantanalysisandworkingondevelopmentofthefeaturevectoryields

thebestperformance.

Wehaveshownthatthedevelopmentofthefeaturevectorsgreatlyincreases

thepredictiveperformanceinthisapplication. Muchofthisimprovementisex-

plainedbyfeaturesusingintensityinformationovertheentirebrain,notjustthe

informationatthevoxel-level.Thenormalizationproceduretransformsinten-

sitiesintostandardscoresofthebraintissuemask,usingthesamplemeanand

standarddeviationacrossthemask.Thesmoothedvolumesandlocalmoment

volumesalsouseadditionalinformationfromneighboringvoxels.Inthefeature

vectorscontainingintensitiesfromthesmoothedvolumesandlocalmoment

volumes,thedimensionofthefeaturevectorisincreased.Theadditionoffea-

turescanoftenimprovetheperformanceofaclassifier,especiallywhenveryfew

originalfeaturesareavailable[122].Allofthealgorithmsperformbetteronthe

smoothed,momentsandsmoothedandmomentsfeaturevectors,thantheydo
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onthefeaturevectorswithlowerdimension.Itisalsousefultonote,thatinthis

application,thesmoothedvolumeswhichuseamuchlargerneighborhoodarea

betterfeaturesforclassifyinglesionsthanthelocalmomentvolumes,whichuse

informationinasmallerneighborhood. Whileonemightexpectperformanceto

behigheronthemomentvolumesthanthesmoothedvolumes,asthedimension

ishigherinthespaceofthemomentvolumes,ithasbeenshownthattheaddi-

tionofnoisyfeaturescandiminishclassificationperformance.[122]Anumber

ofimagesmootherscanbeusedtoincorporatespatialinformation. Wechose

thesmoothedvolumesandlocalmomentvolumestoillustrateasmootherover

arelativelylargeneighborhoodandrelativelysmallneighborhood,respectively.

Wereferthereadertotheliteratureonimagesmoothinginbothcomputervi-

sionandneuroimagingforamorecompletediscussionofsmoothers,areview

ofwhichcanbefoundin“TheImageProcessingHandbook”[123].

WeperformedallmodelingintheRenvironment,usingthestandardimple-

mentationsofeachoftheclassificationalgorithms.Ifaclassificationalgorithm

withahighcomputationaltimeexhibitedanimprovementinclassificationac-

curacyoverotheralgorithms,thisalgorithmcouldbetailoredtoreducecom-

putationaltime. Therearemanytechniquestoreducecomputationaltime,

suchasmorecomputationallyefficienttrainingandtestingimplementations

[124,125,126],theuseofparallelcomputationorgraphicsprocessingunits[127],

andprogramminginotherlanguagessuchasPython[128].Intheapplication

oflesionsegmentation,wedidnotobserveanimprovementinclassification

accuracythatwouldmeritimprovingcomputationefficiency.

Anotherconcernisthebehavioroftheclassifiersonunbalanceddata. Many

oftheclassificationalgorithmsemployedintheanalysishavebeenshownto
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performpoorlyonunbalancedtrainingdata,suchask-nearestneighbors,neural

networks,andsupportvectormachines[129,130].InTable3weshowthe

distributionofthelesionandnon-lesionvoxelsinthetrainingset.Forfeature

extractionfunctionswithoutthevoxelselectionprocedure,1.2%ofthevoxels

containlesions.Forfeatureextractionfunctionwithvoxelselection,7.5%ofthe

voxelscontainlesion. Whilevoxelselectionwasperformedtolowercomputation

time,itcanalsobethoughtofasamethodofbalancingthetrainingdataset.

Itissimilartothemethodofdown-sizing[130],whererandomelementsofthe

over-sizedclassarerandomlyeliminatedfromthetrainingset.Onedifference

isthatinthevoxelselectionprocedure,voxelswerenotremovedatrandom,

butwereremovedusingathresholdontheFLAIRvolumes.Othermethodsfor

balancingthetrainingsetcouldalsobeappliedtolesionsegmentation.

Thereisalargeliteratureonsupervisedmachinelearningalgorithmsfor

segmentationof MSlesionsinstructural MRI.Fromthisliteratureitisdif-

ficulttodeterminetheextenttowhichtheclassificationalgorithmandthe

featureextractionfunctionimpactstheperformanceofthelesionsegmenta-

tionalgorithms. Eachofthemethodsreportsdifferentperformancemetrics

ondifferentdatasets.Themajorityofsupervisedmachinelearningalgorithms

intheliteratureareacompositionofasingleclassificationalgorithmandfea-

tureextractionfunction. Mostofthefeaturevectorsfromlesionsegmentation

methodsintheliteraturecontainintensitynormalizedvoxelintensities,the

mostpopularofwhichishistogrammatching[131].Othercommonfeaturesare

functionsofneighborhoodsofanimagevoxel[132,133,134,135,80,7,136]or

locationinformationfromananatomicalatlas[132,137,138,139,135]. The
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supervisedclassificationalgorithmusedbythesemethodsincludeneuralnet-

works[133,72,140,141,142],k–nearestneighbors[132,143],bayesianclassifiers

[138,79],principalcomponentanalysisclassification[135],Parzenwindowclas-

sifiers[77],modelstacking[80,136],classificationbasedon MarkovRandom

Fields[134,81],supervisedlearningofoptimalspectralgradients[82],and

randomforests[137]. Kamber(1995)doescomparefourdifferentclassifica-

tionmethods:aminimumdistanceclassifier,aBayesianclassifier,anunpruned

decisiontree,andapruneddecisiontreeandfoundthattheBayesianclas-

sifierperformedbest.[139]Theonlyfeaturesusedinthemethodproposed

byKamberaretheMRIvoxelintensitiesandatlasderivedpriorprobabilities

ofavoxelcontaininglesion;themethodusesneitherintensitynormalization

norfunctionsoftheimageintensities. Manyoftheaforementionedlesionseg-

mentationmethodsusedifferentimagepre-processingsteps.Inthisworkwe

evaluatetheimpactofclassificationalgorithmsandfeatureextractionfunctions

onclassificationperformance.Ourdataisreslicedto1mmisotropicresolution,

acommonresolutionformanyimageprocessingalgorithms,evenfordataac-

quiredatalowernominalresolution.Aspre-processingstepsmayalsoinfluence

classificationresults,futureworkisneededtoinvestigatethisimpact.

Weinvestigatethechoiceofsupervisedclassificationalgorithmandfeature

extractionfunctionontheperformanceoflesionsegmentationmethods. Our

findingsarethattheparticularclassificationalgorithmislessimportantthan

thecarefuldevelopmentofthefeaturevectors.Fortheemployedfeatureextrac-

tionmethods,classificationalgorithmswithalineardecisionboundary(logistic

regressionandlineardiscriminantanalysis)performedequallywellasclassifiers
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withnonlineardecisionboundaries.Also,theperformanceofthesimplerclas-

sificationalgorithmswiththefeaturevectorscontainingadditionalfeaturesis

superiortothatofthemorecomplexclassifiersontheoriginalfeatures.
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Chapter5

Relating multi-sequence

longitudinalintensityprofiles

andclinicalcovariatesin

incident multiplesclerosislesions

5.1 Introduction

Structuralmagneticresonanceimaging(MRI)canbeusedtodetectlesionsin

thebrainsofmultiplesclerosis(MS)patients. Theformationoftheselesions

isacomplexprocessinvolvinginflammation,tissuedamage,andrepair–to

allofwhichMRIhasbeenshowntobesensitive. TheMcDonaldcriteriafor

diagnosisofMSemphasizethekeyroleofdisseminationoflesionsinthecentral

nervoussystemonMRInotonlyinspace,butalsointime[4].Characterizing

thelongitudinalbehavioroflesionsonstructuralMRIisthereforelikelytobe
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importantformonitoringdiseaseprogressionandresponsetotherapyandfor

understandingtheetiologyofthedisease.Surprisingly,thereispoorassoci-

ationbetweenclinicalfindingsandtheradiologicalextentofinvolvementon

MRIusingtraditionalvolumetricmeasures,aphenomenonreferredtoasthe

clinico-radiologicalparadox[5].Hereweaddressthisparadoxbymodelingthe

associationbetweenthelongitudinalbehavioroflesionsafterincidenceonMRI

andclinicalcovariatesanddisease-modifyingtreatment.

Previousworktocharacterizethelongitudinalbehavioroflesionsonstruc-

turalMRIandtofurtherrelatethesechangestoclinicalinformationhasonly

involvedsinglestructuralMRIsequences.Intheworkof[144,145]and[146],

longitudinallesionbehaviorischaracterizedonlyontheintensitynormalized

protondensity(PD)volume,usingbi-weeklyMRIstudies.Althoughtheydid

notrelatethesechangestoclinicalcovariates,itwasfoundthatthemaximal

insultwithinalesionoccurredatthecenterofthelesion,thatlowerinitial

intensitywithinalesionwaspredictiveofrepair,andthatmostlesionactivity

didnotlastbeyond10weeks. Morerecently,[147]examinedthechangeovera

2-yearperiodinnormalizedT1-weighted(T1)intensitywithinnewlesions,and

comparedthesechangesinpediatricandadult-onsetMSpatients. Ageneral-

izedlinearmixed-effectsmodelwasusedtorelateclinicalcovariates,suchas

diseasedurationandtreatments,tochangesinintensityintheMRI.Theonly

statisticallysignificantrelationshipwasthattheT1intensityinlesionsincreased

betweenincidenceand1-yearfollow-up,andthisrecoverywasmorepronounced

inchildren. Workhasalsobeendonetorelatelongitudinalchangesinlesion

intensitytosamplesizecalculationsforclinicaltrials.[148]usedthechangein

the25thpercentileofintensity-normalizedPDsignalwithinalesionovertime
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toestimatenecessarysamplesizesforclinicaltrialsofdifferinglengths. The

25th,50th,and75thpercentilesofmultipleMRIsequenceswereassessed,and

itwasfoundthatthe25thpercentileofthenormalizedPDyieldedthesmallest

samplesizerequirements. Alimitationofthesestudiesisthateachusesonly

one MRIsequencetocharacterizethebehaviorofthelesions,whichignores

informationknowntobeavailableintheothersequences[149].

Here,wedescribetwomodelstounderstandtherelationshipbetweenclinical

covariatesandthelongitudinalintensityprofilesinlesiontissuefromtheT1,T2,

T2-weightedfluid-attenuatedinversionrecovery(FLAIR),andPDsequences.

Thefirstisaprincipalcomponentanalysis(PCA)andregressionmodeland

thesecondconsistsoffunction-on-scalarregressionmodels[150]. Weusemulti-

sequenceMRIstudiesacquiredattheNationalInstituteofNeurologicalDisease

andStroke(NINDS),withsubjectsbeingscannedonaverageonceevery37days

(sd52.3,range[13,889])yieldinganaverageof21scanspersubject(sd8.0,

range[10,37]).InthePCAandregressionmodel,wefirstreducethedata

toascalar,voxel-levelbiomarkerforidentifyingslowandpersistent,long-term

intensitychanges(whichwewillrefertofromthispointonasintensitychanges

forsimplicity)withinlesiontissue. Theabilityofthebiomarkertoidentify

thesechangesisthenvalidatedinanexpertratertrialwithtworaters,aneuro-

radiologistandaneurologist.Afterthisvalidation,werelatethebiomarkerto

clinicalinformationinavoxel-levelmixed-effectsregressionframework.Inthe

function-on-scalarregression,wedirectlyrelatetheentirelongitudinaltrajec-

toriesfromeachsequencetotheclinicalcovariates.Thisallowsforassessment

ofhowtheclinicalinformationrelatestotheintensitypointsatthepost-lesion

incidencetimeperiodsatwhichtheseassociationsoccur,unlikeinthePCA
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regressionmodel.

5.2 Materialand methods

Inthissection,wefirstdescribetheimageacquisitionandpreprocessing,fol-

lowedbythepatientdemographics.Next,webrieflydescribethelongitudinal

lesionintensityprofilesinthesubsectionLesionProfiles,withamorecomplete

descriptionofthepipelineforextractingtheseprofilesprovidedintheAppendix.

Wethenintroducetwomodelsforstudyingtherelationshipbetweenthelesion

profilesandtheclinicalinformationinthesubsectionsPrincipalComponent

AnalysisandRegressionandFunction-on-ScalarRegressions. Thesubsection

PrincipalComponentAnalysisandRegressionalsoincludestheexpertrater

trialofthevoxel-levelbiomarkerforidentifyingintensitychangeswithinlesion

tissue. Allanalysis,exceptforimagepreprocessing,wasperformedintheR

environment[151]usingtheRpackageoro.nifti[152].

5.2.1 Imageacquisitionandpreprocessing

Whole-brain2DFLAIR,PD,T2,and3DT1volumeswereacquiredina1.5tesla

(T)MRIscanner(SignaExciteHDxt;GEHealthcare,Milwaukee, Wisconsin)

usingthebodycoilfortransmission.The2DFLAIR,PD,andT2volumeswere

acquiredusingfast-spin-echosequences,andthe3DT1volumewasacquired

usingagradient-echosequence. ThePDandT2volumeswereacquiredas

shortandlongechoesfromthesamesequence.Thescanningparameterswere

clinicallyoptimizedforeachacquiredimage.

Forimagepreprocessing,weuse MedicalImageProcessingAnalysisand
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Visualization(http://mipav.cit.nih.gov)andtheJavaImageScienceToolkit

(http://www.nitrc.org/projects/jist)[27]. Weinterpolateallimagesforeach

subjectateachvisittoavoxelsizeof1mm3andrigidlyco-registerallvolumes

longitudinallyandacrosssequencestotheMontrealNeurologicalInstitutestan-

dardspace[153]. Weremoveextracerebralvoxelsusingaskull-strippingproce-

dure[154]. WeautomaticallysegmenttheentirebrainusingtheT1andFLAIR

images[66]toproduceamaskofnormal-appearingwhitematter(NAWM),

orwhitematterexcludinglesions.Afterpreprocessing,studiesweremanually

qualitycontrolledbyaresearcherwithoverfouryearsexperiencewithstructural

MRI(EMS).Studieswithmotionorotherartifactswereremoved.

5.2.2 Patientdemographics

Forthisanalysis,weuse60subjectsscannedattheNINDS,withtheearliest

scanperformedin2000andthemostrecentscanperformedin2008. Three

subjectswereexcludedduringtheexpertvalidationbecauseitwasfoundthat

thelongitudinalregistrationhadfailed,causingoverallpoorsegmentationof

lesiontissue.Afterexclusionofthesesubjectsandsubjectsthatdidnothave

voxelswithincidentlesionsthatmetaprespecifiedinclusioncriteria(subjects

scannedatleastoncewithin40daysoflesionincidenceandatleastonce200

daysafterlesionincidence),therewere34subjectsleftintheanalysis. The

34subjectsincludedintheanalysishadanaverageof21scanseach(sd8.0,

range[10,37]). Figure5.1showsthetimepointsatwhicheachofthe34

subjectswasscanned. Eachrowoftheplotcorrespondstoasubject,and

eachpointintheplotrepresentsanMRIstudy,withtimefromthesubject’s
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baselinevisitinyearsalongthehorizontalaxis.Thetotalfollow-uptimeper

subjectwasonaverage2.2years(sd1.2,range[0.9,5.5]).Themeanageofthe

subjectsatbaselinewas37years(sd10.1,range[18,60]). Atbaseline,there

were30subjectswithrelapsing-remitting MS(RRMS)and4subjectswith

secondary-progressive MS(SPMS).Therewere20femalesand14males,14

subjectsondisease-modifyingtreatment,and2subjectswhoreceivedsteroids

atthebaselinevisit.Thedisease-modifyingtreatmentsanduseofsteroidsfor

manyofthesesubjectschangedatsubsequentfollow-upvisits.

5.2.3 Lesionprofiles

Figure5.2showsanexampleofthelongitudinal,multi-sequenceMRIstudies

usedforthisanalysis.Forouranalysis,weuseintensityprofilesfromvoxelsthat

aredetectedduringasubject’sfollow-upperiod. ThefirstrowofFigure5.2

showsthemultiple MRIsequencesatonetimepoint(fromlefttoright,the

FLAIR,T2,PD,andT1sequences).Ineachsequence,aredboxshowsanarea

withalesionthatdevelopsduringthefollow-upperiod.Thesubsequent4rows

ofthefigureshowthelongitudinalbehaviorwithinthisredbox.Eachcolumn

ofthefigureshowsadifferentMRIstudy,startingat98daysafterbaselinein

thefarleftcolumnandgoinguntil343daysafterbaseline. Thelesioninthe

redboxisfirstobserved175daysafterbaseline.

Thepipelineforextractingthelongitudinalvoxel-levellesionprofilesfrom

thecollectionofmulti-sequencestructuralMRIisdividedintofoursteps:(1)

identifyingvoxelswithnewlesionformation,(2)intensitynormalization,(3)

temporalalignment,and(4)temporalinterpolation. Webrieflydescribethese
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Figure5.1:Thetimepointsatwhicheachofthe34subjectsincludedinthe
analysiswasscanned.Eachrowoftheplotisasubject,andeachpointinthe
plotrepresentsanMRIstudy.Thehorizontalaxisrepresentsthetimefromthe
subject’sbaselinevisitinyears.

stepshereandincludeanextendeddescriptionofallstepsinthispipelinein

theAppendix.Forthefirststepofidentifyingthelesiontissue,wedistinguish

betweenareasthatcontainvasogenicedema(whichwewillrefertosimplyas

“edema”)andactuallesiontissue,whichbothmanifestasareasofabnormal

signalintensity,especiallyontheT2-weightedsequences.Forthisanalysis,we
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areinterestedonlyinareaswithtissuedamage,asopposedtotheneighboring

edema. Wecombinetwopreviouslydevelopedlesionsegmentationmethods,

SuBLIMEandOAISIS,tofindnewlesionvoxelsanddistinguishbetweenedema

andlesiontissue[9,7]. Therowlabeled“Segmentation”inFigure5.2shows

theedemaandlesiontissuesegmentationforeachstudyatthetimepointin

whichthelesionwasdetected. Thesubsequentanalysisisperformedonlyon

thelesiontissueinnewlesionvoxels.

Forintensitynormalization,weputtheunitsfromeachimagingsequence

intostandarddeviationsaboutthemeanofintensitieswithintheNAWMmask

[66]forthesequence,usingthemethodologyof[93]and[155].Aftersegmenta-

tionandnormalization,theintensitynormalizedlongitudinalprofilesfromthe

lesioninFigure5.2forallfoursequencescanbeseeninthefirstcolumnof

Figure5.3.FromtoptobottominthefirstcolumnofFigure5.3wehavethe

profilesfrom150randomlysampledvoxelsfromthelesioninFigure5.2forthe

FLAIR,T2,PD,andT1sequences.Eachlineintheplotrepresentsthelongi-

tudinalprofilefromasinglevoxel.Thex-axisshowsthetimeindaysfromthe

baselinevisit,withthepointoflesionincidencedenotedbyaverticaldashed

line,andthey-axisshowsthenormalizedsequenceintensities.

Inthiswork,weareinterestedinthelesiondynamicsonlyafterlesionin-

cidence,soweperformlinearinterpolationwithinthewindowafterlesioninci-

denceandupto200dayspost-incidence. Weselecttheendpointof200days,

asithasbeenpreviouslyfoundthatnewT2lesionsshowthemostdramatic

changesinintensityforthreetofourmonths[146],andweopttobeconserva-

tiveandincludesomedatabeyondthisreportedstabilizationpoint.Voxelsare

selectedfortheanalysisifthesubjecthasatleastonevisit200daysormore
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afterlesionincidence,andatleastonevisitwithin40daysofincidence.Ofthe

60subjectsinthisanalysis,34havevoxelprofilesmeetingthisinclusioncriteria,

afterremovingthethreesubjectsforpoorlongitudinalregistration. Welinearly

interpolateoveragridof0to200daysinincrementsof5dayssothatallprofiles

areobservedonthesametimegrid. Wedenotethevectorofobservationsfrom

avoxeloverthistimegridforsequenceSinvoxelvforsubjectiinlesionlat

registeredstudytimet(sincelesionincidence)asSNilv(t),forS=FLAIR,T1,

T2,andPD.ThenweletSNilvbethelongitudinalcollectionoftheseinterpolated

values,namelythe1×41vectorSNilv={S
N
ilv(t):t∈(0,5,...,200)}.Thesecond

columnofFigure5.3showsthetemporallyregisteredandlinearlyinterpolated

profiles,SNilv,overtheperiodof0to200daysforthelesioninFigure5.2forthe

same150randomlysampledvoxelsasshowninthefirstcolumn.

5.2.4 Principalcomponentanalysisandregressions

Inthissection,weoutlinethePCAandregressionmodelingapproachforstudy-

ingtherelationshipbetweenthelongitudinallesionprofilesanddemographics,

disease,andtreatment. Webeginbydescribingthevoxel-levelbiomarkerfor

identifyingintensitychangeswithinlesiontissue.Nextwedescribethevalida-

tionofthisbiomarkerwithanexpertratertrialwithtworaters,aneuroradiol-

ogistandaneurologist.Last,wedescribeamixed-modelregressionframework

forrelatingthevoxel-levelbiomarkertoclinicalcovariates.
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5.2.4.1 Biomarker

Webeginbydescribingthevoxel-levelbiomarkerforidentifyingintensitychanges

withinlesiontissue. Thebiomarkeristhescoreonthefirstprincipalcompo-

nent(PC),afterperformingPCAonthelongitudinallesionprofiles.Toperform

PCAonthelongitudinallesionprofiles,wefirstconcatenatetheprofilesforeach

voxelfromthefoursequencestogether.Foreachsequenceandateachvoxel,we

havea1×41vectoroflongitudinalintensities,SNilv.LetIilvdenotethe1×164

dimensionalvectorofthefourconcatenatedprofiles,SNilv,fromsubjectilesion

landvoxelv. Moreprecisely,

Iilv={FLAIR
N
ilv,T1

N
ilv,T2

N
ilv,PD

N
ilv} (5.1)

andweindextheentriesIilv(j),wherej=1,...,164isthej
thentryofthe

concatenatedvector.Notethatwefirstremovethemeanfromtheconcatenated

profilesandthenperformaPCAontheseconcatenatedprofiles.Letφkdenote

thekthPC,whereφkisalsoindexedbyj.Therelationshipbetweenthescore

onthekthPC,theone-dimensionalvalueξilv(k),andtheobservedtrajectory

forIilv(j)is:

Iilv(j)=

K

k=1

ξilv(k)φk(j). (5.2)

WefocusonthefirstPC,φ1,andthescoreonthiscomponent,ξilv(1).Thefirst

PCisfoundtoidentifyintensitychangesatthevoxel-levelwithinlesions.Posi-

tivevaluesofξilv(1)correspondtoareturnofthevoxeltointensityvaluescloser

tothatofnormal-appearingtissueandnegativevaluesofξilv(1)correspondto
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thevoxelsmaintainingintensityvaluesclosertothoseatlesionincidence.This

biomarker,ξilv(1),collapsesthefullprofilesateachvoxelfromthefourse-

quencesintoasinglescalar. WeusethescoreonthefirstPCinthisanalysis,as

theotherPCsexplainonly25%ofthevariationinthedatA,werenotfoundto

beassociatedwithanybiologicalprocesses,andarethuslikelyduetoscanner-

relatedandothernoise.Toassessthevariabilityinboththemeanandthefirst

PC,webootstrapthisprocedurebyresamplingsubjectswithreplacement1000

times[156].

5.2.4.2 Expertvalidationofbiomarker

Weuseexpertvalidationtodeterminethequalityofthelesiontissuesegmenta-

tion(excludingedema)aswellastheabilityofthebiomarkertoidentifyareas

ofslow,long-termintensitychange. Forthisvalidationweusetworaters,a

neuroradiologistwith11yearsofresearchexperienceinMS(DSR)andaneu-

rologistwith4yearsofresearchexperienceinMS(MKS).Foreachlesion,we

firstdeterminetheaxialsliceoftheimagethatcontainsthelargestnumberof

voxelswithabnormalsignalintensity.Thenforeachlesionthetworatersare

presentedthefollowing:(1)thefullaxialslicefortheFLAIR,T2,PD,and

T1volumesthatcontainsthelargestnumberofvoxelswithabnormalsignal

intensity;(2)theentirecollectionoflongitudinalscansforaboxcontainingthe

abnormalsignalintensityintheFLAIR,T2,PD,andT1volumesforthisaxial

slice;(3)thesegmentationofthelesionandedematissuewithinthisbox;(4)

thebiomarkerforthevoxelssegmentedaslesiontissuewithinthisboxanda

scalefortheintensitieswithinthisimage;(5)theentirecollectionoflongitu-

dinalscansfortheFLAIR,T2,PD,andT1weightedvolumeswithinthisbox
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withthescoreforthefirstPCoverlaidontheimagesforeachscanafterlesion

incidence. Theratersarethenaskedtoratethequalityofthelesiontissue

segmentationandthebiomarkerforidentifyingareasofintensitychangeson

anintegerscalefrom1to4,witheachratingcorrespondingtothefollowing:

(1)failedmiserably;(2)someredeemingfeatures;(3)passedwithminorerrors;

and(4)passed.Examplesoftheimagespresentedtotheratersforeachlesion

thatreceivedaratingof1through4forthescoreonthefirstPCbybothraters

areprovidedintheAppendix.Forty-sevenlesionsareselectedatrandomtobe

repeatedintheanalysistoassessintra-raterreliability.

Wereportthemedianoftheratingsofthelesionsegmentationandthe

biomarkerforeachrateroveralllesions. Toassessbetween-raterandwithin-

raterreliability,wereporttheCohen’sκcoefficientsoverallofthelesionsand

forthesetofrepeatedlesionsrespectively,forboththeratingofthebiomarker

andthelesionsegmentation. Wealsoreportκfortheratingofthelesion

segmentationandthebiomarkerforalllesions,foreachrater,todetermineif

thequalityofthesegmentationandthequalityofthebiomarkerarerelated. We

nonparametricallybootstrapbysubjectwithreplacement1000timestoproduce

theconfidenceintervalsforthemedianoftheratingsforeachraterandtheκ

coefficients.

5.2.4.3 Regression model

Theclinicalinformationforeachsubjectthatweconsiderateachstudyvisit

consistsofMSdiseasesubtype,age,sex,anindicatoroftreatmentwithsteroids,

anindicatorofdisease-modifyingtreatment,anddistancetotheboundaryof

anareaofabnormalsignalintensity.Anexampleofdistancetotheboundary
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ofanareaofabnormalsignalintensitycanbeseenintheseventhrowofthe

Figure5.2. Wecenterageatthemeanageof36yearsoverallofthevoxel-level

observations.Duringtheobservationperiod,manyofthesubjectswereenrolled

inclinicaltrialsatNINDStotestvariousexperimentaltherapies.Ourindicator

ofdisease-modifyingtreatmentindicatestreatmentwithanyoftheFoodand

DrugAdministration-approvedtreatments,includinginterferonbeta1-a(intra-

muscularorsubcutaneous),interferonbeta1-b,andglatirameracetate,aswell

asexperimentaltherapy.Asmanyofthecovariateschangeovertime,wemodel

therelationshipbetweenthelesionprofilesandthevalueofthecovariateatthe

timeoflesionincidencefortheparticularprofiles.Forthefollowinganalysis,

wehaveatotalof57,908voxelsfrom315lesionsin34subjects.

Wenowintroducealinearmixed-effectsmodeltorelatethebiomarker,that

isthescoreonthefirstPC,totheclinicalcovariates[157]. Weusethevalue

ofthecovariateatthetimeoflesionincidencefortheparticularprofiles,which

canvarywithinsubject.Thus,foraddedprecision,thecovariatesthatchange

overtimeareindexedbythesubjectindexi,lesionindexlandvoxelindex

v,asvoxelsfromthesamelesionmayhavedifferenttimesofincidence. For

example,thesexofthesubjectdoesnotchangebytimeoflesionincidence,so

itisonlyindexedbyi.Incontrast,ageofthesubjectchangeswithvoxellesion

incidenceandisindexedbyi,landv. Wealsoaddrandomeffectsforsubject

andlesion,whichwedenotebybiandbl,respectively,withbothfollowinga

normaldistribution:bi∼N(0,σ
2
i)andbl∼N(0,σ

2
l),whereσ

2denotesthe

varianceoftherandomeffects. Weconsiderthefollowingbasicmodelforthe

associationbetweenthebiomarker,ξilv(1),andthecovariates:
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ξilv(1)=β0+β1SPMSilv+β2Distanceilv+β3Ageilv+β4(Age−4)+ilv

+β5Steroidsilv+β6Malei+β7Treatmentilv+bi+bl+ ilv

Weassumethattheerrortermsareindependentandidenticallydistributed,

witheachfollowinganormaldistribution, ilv∼N(0,σ
2).Inthemodel,the

termSPMSisanindicatorofbeingdiagnosedwithSPMSwherethecomparison

groupisbeingdiagnosedwithRRMS.Notethattheagetermhasbeencentered

atthemeanageof36years.Theterm(Age−4)+ilv=Ageilv·1(Ageilv>4)is

asplinetermforcenteredageover4years(orageover40years),whichwasin-

cludedinthemodelaftervisualizingtherelationshipbetweenthebiomarkerand

age. Wealsoinvestigatedsimplermodelswiththesamemixed-effectsstructure,

butwhereweconsideredeachcovariateseparately.

Totestforassociations,weusetwoprocedures.First,weperformapara-

metricbootstrappingprocedure[156],andsecondwecalculatep-valuesusing

anormalapproximationforthedistributionofthefixed-effectsinthemixed-

effectsmodel[158]. Weuse1000bootstrapsamplesforthebootstrapprocedure.

Weperformtheparametricbootstrapbecausesteroiduseanddiseasesubtype

ofSPMSdidnotalwaysappearinnonparametricbootstrapsamples.Acom-

pletedescriptionofthisprocedureisfoundintheAppendix. Wealsousethe

normalapproximation,asthisapproximationhasbeenfoundtobeareasonable

approximationforthedistributionofthefixed-effectsinmostsettings[158].
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5.2.5 Function-on-scalarregressions

Thepreviousmodelisanattempttocollapsetheinformationfromthefour

profiles(acrosssequencesandtime)intoasinglescalarateachvoxel. Asan

alternative,wealsofitatwo-stepfunction-on-scalarregressionmodel[150],

wherewecaninvestigatetherelationshipbetweenthecovariatesofinterestand

theprofileateachtimepoint. Wefitafunction-on-scalarregressionmodel

foreachsequenceseparately.Forsimplicityofnotation,wenowusetforthe

registeredtime,asopposedtot.Theoutcomeinthemodelisthefulllesion

intensityprofile:

SNilv(t)=β0(t)+β1(t)SPMSilv+β2(t)Distanceilv+β3(t)Ageilv

+β4(t)(Age−4)+ilv+β5(t)Steroidsilv+β6(t)Malei

+β7(t)Treatmentilv+ ilv(t)

forS=FLAIR,T1,T2,andPD.Tofitthemodel,weuseatwo-stepfunction-

on-scalarregressionimplementedintheRpackagerefund[159].Theprocedure

firstfitsascalar-on-scalarregressionateachindividualtimepoint. Thenthe

resultingcoefficientfunctionsaresmoothedovertimeusingacubicsplinebasis

withanautomaticallyselectedpenaltyonthesecondderivative.

Toassessthevariabilityinthecoefficientfunctionsandprovidebootstrapped,

point-wise95%confidenceintervals,wenon-parametricallybootstrapbysub-

jectusing1000resampleddatasets. Whensamplesdonotcontainsubjects

withacovariate,forexampletheindicatorofsteroids,weremovethissample
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fromthebootstrapandreplaceitwithanothersample.Thedifferencebetween

thefunction-on-scalarregressionandthePCAregressionmodelisthatPCA

collapsestheentiretemporalintensityprofileofthevoxelintoascalar. By

contrast,thefunction-on-scalarregressioninvestigatestheassociationatev-

erytimepoint. Whilefunction-on-scalarregressionismorecomprehensiveand

interpretable,itismoreappropriatewhentherearestrongfunctionaleffects

thatarenotcapturedbyasmallnumberofprincipalcomponents,duetothe

potentialfordecreasedstatisticalpower

5.3 Results

5.3.1 Principalcomponentanalysisandregression

5.3.1.1 Biomarker

InFigure5.4Aweshowthemeanprofilesforeachsequenceovertheregis-

tered200dayperiod,andinFigure5.4BweshowthefirstPC,φ1,foreach

sequenceovertheregistered200dayperiod,wherethefirstPCisdividedinto

differentsequencesforpurposesofpresentation. Thesubfiguresforboththe

meanandthefirstPCshowthebootstrapped95%confidenceintervals. The

firstPCexplains75%(95%CI:[72%,76%])ofthevariationintheconcatenated

longitudinalprofiles.

TointerpretthePCs,werecallthatthenormalizationprocedureputsthe

volumesintounitsofstandarddeviationsabovethemeanoftheNAWM.There-

foreavalueof0ontheimagecorrespondstotheaveragevalueofNAWMfrom

theparticularMRIscan. ThemeanprofilesfortheFLAIR,T2,andPDare
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allabove0throughoutthetimecourse,aslesionsarehyperintenseonthesese-

quences.Incontrast,themeanprofilefortheT1sequenceisbelow0,aslesions

arehypointenseonthissequence.ThefirstPCfortheFLAIR,T2,andPDis

negativethroughoutthetimecourse,withvaluescloserto0atlesionincidence

(time0).PositivescoresonthisPCindicateadecreaseinthesignalinthese

sequences,whichcorrespondstoareturnofthevoxeltointensityvaluescloser

tothatofnormal-appearingtissue.Incontrast,negativescoresindicatethe

voxelmaintainingintensityvaluesclosertothoseatlesionincidence,withmore

hypointensitythantheaverageprofile.Similarly,forT1thefirstPCispositive

throughoutthetimecourse,withvaluescloserto0atlesionincidence.Positive

scoresonthisPCindicateincreasedsignalontheT1.Aslesionsarehypointense

ontheT1,thisalsoindicatesareturnofthevoxeltointensityvaluescloserto

thatofnormal-appearingtissue.Negativescoresagaincorrespondtothevoxels

maintainingintensityvaluesclosertothoseatlesionincidence.

WethereforeconsiderthescoreonthefirstPCtobeabiomarkerofintensity

changeswithinthelesionatthevoxellevel.InthelastrowofFigure5.2wesee

thePCscoresorthebiomarkerfromthelesionthatisshowninthefigure. We

seethatthepositivescoresindicateareasofthelesionthatreturntovaluesof

normal-appearingtissue,whilethenegativescoresshowareasthatremainat

theintensityvaluesatlesionincidence.

5.3.1.2 Expertvalidationofbiomarker

Weuseexpertvalidationtodeterminethequalityofthelesionsegmentation(ex-

cludingedematissue)andtheabilityofthebiomarkertoidentifyareasofslow,

long-termintensitychange.Thedistributionsoftheratingsforthetworaters
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forboththelesionsegmentationandthebiomarkerareshowninFigure5.5.

ThefirstrowofplotsinFigure5.5showsthedistributionoftheratingsforthe

lesionsegmentationandthesecondrowshowstheratingsforthebiomarker.

Plotsintheleftcolumnareratingsbytheneuroradiologist,andplotsonthe

rightcolumnareratingsbytheneurologist. Themedianratingforboththe

lesionsegmentationandthebiomarkerbytheneuroradioloistare4(95%CI:

[4,4]),whichisaratingofpassed,thehighestpossiblerating. Themedian

ratingforboththelesionsegmentationandthebiomarkerbytheneurologist

are3(95%CI:[3,3]),whichisaratingofpassedwithminorerrors.Notethat

criteriaforassigningscoreswerenotdiscussedbetweenthetworaterspriorto

theirrespectiveanalyses.

Theκcoefficientsforthewithin-andbetween-rateragreementforboththe

lesionsegmentationandthescoresonthebiomarkerareshowninTable5.1.

Thevaluesfortheκcoefficientrangebetween0and1,withavalueof1indicat-

ingtotalagreementand0indicatingnoagreement.Thewithin-rateragreement

forthelesionsegmentationandthescoreonthebiomarkerarehigherforthe

neuroradiologistthantheneurologist.Thereisonlymodestagreementbetween

theneuroradiologistandneurologistonbothratings,withaκcoefficientof0.29

(95%CI:[0.18,0.41])forthelesionsegmentationand0.24(95%CI:0.11,0.39)

forthescoreonthebiomarker.Thisisdue,inpart,tothefactthattheneurol-

ogistspreadratingsofthestudiesbetween3and4,whiletheneuroradiologist

gavemoreratingsof4.

Theκcoefficientfortheagreementbetweentheratingofthelesionsegmen-

tationandthebiomarkeris0.97(95%CI:0.93,1.00)fortheneuroradiologist

and0.68(95%CI:0.58,0.78)fortheneurologist.Thehighcorrelationbetween
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theseratings,especiallyfortheneuroradiologist,indicatesthatthequalityof

thesegmentationimpactsthequalityoftheratingofthebiomarker.Comments

fromtheratersmirroredthisfinding,asmanyofthelowscoresforboththe

lesionsegmentationandthebiomarkerweredueto:(1)missingthefirsttime

pointoflesionincidenceandsegmentingitasnewlesionatalatertimepoint;

(2)notsegmentingtheentirelesion;and(3)partsofthesamelesionbeing

segmented(unnecessarily)atdifferenttimepoints.Asboththeratingsforthe

lesionsegmentationandthescoreonthebiomarkerwerehigh,thequalityofthe

lesionsegmentationdoesnotappeartobenegativelyimpactingthemethod.
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Figure5.2:Thefirstrowofthefigureshowsanaxialslicefromthemultiple
MRIsequences,175daysafterbaseline(fromlefttoright,theFLAIR,T2,PD,
andT1sequences).Ineachsequence,aredboxshowsanareawithalesionthat
developsduringthefollow-upperiod.Inthesubsequentrowsofthefigure,we
showthelongitudinalbehaviorwithinthisredbox.Eachcolumnofthefigure
representsadifferentMRIstudy,startingat98daysafterbaselineinthefar
leftcolumnandgoinguntil343daysafterbaseline.Alesionisfirstidentified
inthisareaat175days.Thefirstfourrowsshowthelongitudinalbehaviorof
theFLAIR,T2,PD,andT1sequences.Thenextrowshowsthesegmentation
oftheedemaandlesiontissue. Thefollowingrowshowsthedistancetothe
boundaryofabnormalMRIsignal. Thelastrowshowsthescoreonthefirst
PC,whichidentifiesareasoflesionrepairandpermanentdamage.
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Figure5.3:Thefirstcolumnofthefigureshowsthefulllongitudinalprofiles
fromallfoursequences(fromtoptobottom,theFLAIR,T2,PD,andT1
sequences).Theprofilesarefrom150randomlysampledvoxelsfromthelesion
inFigure5.2,andfordisplaypurposestheperiodsbetweeneachstudyhave
beenlinearlyinterpolated. Eachlineintheplotrepresentsthelongitudinal
profilefromasinglevoxel.Thex-axisshowsthetimeindaysfromthesubject’s
baselinevisit,thetimeoflesionincidenceisdenotedbyadashedline,andthe
y-axisshowsthenormalizedsequenceintensities.Thesecondcolumnshowsthe
samevoxelsaftertemporalalignmentandlinearinterpolationoverthe200day
periodafterincidence,thetimeperiodusedinthisanalysis. Theprofilesare
coloredbydistancetotheboundaryofabnormalMRIsignal.
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Figure5.4:PanelAofthefigureshowsthemeanprofilesforeachoftheimaging
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Figure5.5:Thefirstrowofplotsshowsthedistributionsoftheratingsforthe
lesionsegmentation,andthesecondrowshowstheratingsforthebiomarker.
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5.3.1.3 Regression model

Figure5.6:Thisfigureshowsbarplotsofthecoefficientestimatesfromtheuni-
variateandmultivariatemixed-effectsmodelswiththebiomarkerasanoutcome.
Theresultsfromtheunivariatemodelareshowninblue,andtheresultsfrom
themultivariatemodelareshowningreen. Asterisksindicatesignificanceat
the5%level.Inboththeunivariateandmultivariatemodels,disease-modifying
therapy,steroids,andagewerefoundtobesignificant.

Wefitbothunivariateandmultivariatemixed-effectsmodelstoinvestigate

therelationshipbetweenthecovariatesandthebiomarker. Theestimatesof

thecoefficientsfrombothmodelsareshowninthebarplotsinFigure5.6,

withasterisksindicatingstatisticalsignificanceatthe5%levelusingtheboot-

strapped95%confidenceintervals.Tablescontainingthecoefficientestimates,

standarderrors,t-statistics,p-valuesusingthenormalapproximation,and95%

bootstrappedconfidenceintervalscanbefoundintheAppendixforboththe

univariateandthemultivariatemodels. Therearenodifferencesinthecon-

clusionsdeterminedbythenormalapproximationandthebootstrapped95%

confidenceintervals.Forcontinuouscovariates,suchasage,thecoefficientis
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interpretedastheexpectedchangeinthebiomarkerforaoneunitincreasein

thecovariate.Forbinaryvariables,suchasdiseasesubtype,thecoefficientis

interpretedasthedifferenceintheexpectedchangeinthebiomarkerinthe

specifiedgroup. Therefore,positivecoefficientsareindicativeofthevoxelre-

turningtointensityvaluesclosertonormal-appearingtissuewithanincrease

inthecovariate,whilenegativecoefficientsareindicativeofthevoxelmain-

tainingtheintensitiesatlesionincidencewithanincreaseinthecovariate(or

insomerarecaseshavingintensitiesthathaveanincreasingdeparturefrom

thoseofnormal-appearingtissueovertimewithanincreaseinthecovariate).

Theresultsindicatethatvoxelsthatarefartherawayfromtheboundaryhave

increasedriskformaintainingabnormalsignalintensity.Inthismodel,theco-

efficientfordistancetotheboundaryhasavalueof-9.4(95%CI:[-9.6,-9.3]),

indicatingthatforaonevoxel(or1mm)increaseindistanceawayfromthe

boundary(towardthecenterofthelesion)theaveragevalueofthebiomarker

decreasesby9.4,adjustingfortheothercoefficientsandtherandomeffects.In

thelastrowofFigure5.2,weseethisspatialrelationshipbetweenthebiomarker

andthedistancetothelesionboundary,withpositivescoresneartheboundary

andnegativescoresnearthecenterofthelesion.Inbothmodels,wefoundthe

useofdisease-modifyingtreatmentandsteroidstobeassociatedwithreturnof

avoxeltothevalueofnormal-appearingtissue.Thecoefficientfortreatment

hasavalueof5.4(95%CI:[4.7,6.1]),indicatingthatwhensubjectsareon

treatmenttheaveragevalueofthebiomarkerincreasesby5.4,adjustingfor

theothercoefficientsandtherandomeffects.Theuseofsteroidshasasimilar

interpretation,withacoefficientvalueof4.3(95%CI:[2.7,5.9]).
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5.3.2 Function-on-scalarregression

Theresultingcoefficientfunctionsfromthefunction-on-scalarregressionwith

bootstrapped,point-wise95%confidenceintervalswiththeFLAIRprofileas

theoutcomeareshowninFigure5.7.SimilarfiguresformodelswiththeT2,

PD,andT1profilesareprovidedintheAppendix. Thecoefficientfunctions

forcontinuousvariablesinthefunction-on-scalarregressionmodelareinter-

pretedasthechangeintheexpectedprofileateachtimepointforaoneunit

increaseinthecovariate.Similarly,forbinaryvariables,thecoefficientfunction

isinterpretedasthechangeintheexpectedprofileforthespecifiedgroup.For

theFLAIRprofiles,thecoefficientfunctionscorrespondingtodistancetothe

boundaryandagehavebootstrapped95%confidenceintervalsthatdonotover-

lapwith0acrossanyofthetimepoints,andarethereforestatisticallysignificant

atthe.05level.Thecoefficientfunctionfordistancetotheboundaryisgreater

than0throughouttheentiretrajectory,indicatingthatthefartherawayfrom

theboundarythevoxelis,themoretheFLAIRhyperintensityismaintained

withinthevoxel.Foraonevoxel(or1mm)increaseindistanceawayfromthe

boundary(towardthecenterofthelesion)theaveragenormalizedintensityof

thetrajectoryincreasesbyaround0.5atalltimepoints,adjustingfortheother

coefficientsandtherandomeffects.Theresultfordistancefromtheboundary

agreeswiththeresultsfromthePCAregressionmodel.
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Figure5.7:Eachdarklinerepresentsthecoefficientfunction,andtheshaded
arearepresentsabootstrapped,point-wise95%confidenceinterval.Alongthe
x-axisofeachplotisthetimeindaysfromlesionincidence.Alongthey-axis
isthevalueofthecoefficientfunctionateachtimepoint. Onlydistancefrom
theboundaryandagewerefoundtobedifferentfor0atanypointalongthe
profile.

5.4 Discussion

Weintroducetwomodelstorelateclinicalinformationtothelongitudinalinten-

sityprofilesinlesiontissuefromconventionalMRIsequences.Thefirstmodelis
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thePCAregressionmodel,wherewecollapsethelongitudinal,multi-sequence

MRIinformationintoabiomarkerofslow,long-termintensitychangeswithin

thelesionatthevoxel-levelandthenrelatethistoclinicalinformation. We

validatetheabilityofthebiomarkertodetecttheseintensitychangesusingan

expertratertrial.Thesecondmodelisthefunction-on-scalarregressionmodel,

whichrelateseachlongitudinalintensityprofilesseparatelytotheclinicalin-

formationandallowsforassessmentofthetimepointsinwhichtheclinical

informationisimpactingtheprofiles. Themethodologypresentedhereshows

promiseforbothunderstandingthetimecourseoftissuedamagein MSand

forevaluatingtheimpactofneuroprotectiveorreparativetreatmentsforthe

disease.Thebiomarkermaybeparticularlyusefulinclinicaltrialsettings,as

itissensitivetotheeffectsofdisease-modifyingtherapiesandshowsimpres-

siveperformanceinexpertvisualvalidation.Reliablemethodstoevaluatesuch

treatments,whicharecurrentlyunderdevelopment,arelackingatpresent.In

contrasttopriorstudiesofchangeinlesionintensityinclinicaltrials,ourwork

isfocusedonvoxel-levelanalysis,andthereforeitcanprovidespatialinforma-

tionaboutintensityrecoveryanddoesnotartificiallyreducethesizeofthedata

set.Thismayhaveimplicationsonthesamplesizecalculationsforclinicaltri-

als.Thesemethodsarealsobroadlyapplicabletootherimagingmodalitiesand

diseaseareas,inwhichlongitudinalintensityprofilesmayleadtomoresensitive

andspecificbiomarkers.

InthePCAandregressionmodel,weobserveastatisticallysignificantrela-

tionshipbetweenthebiomarkerandtheuseofdisease-modifyingtherapyand

steroids.Bothtreatmentandsteroidswereassociatedwithareturnofavoxel

tointensityvaluesclosertothatofnormal-appearingtissue.Theinferencefrom
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bothmodelsinregardstodisease-modifyingtreatmentshouldonlybetakenas

aproof-of-conceptfortherelationshipbetweentheimagingandtheclinicalco-

variates.Themodelsmaysufferfromconfoundingbyindication,whicharises

whenindividualswhoareonatreatmentaredifferentfromthosewhodonot

receivetreatment,duetounobservedconsiderations.Inthemultivariatemodel,

weadjustforage,sex,anddiseasesubtype,butunobservabledifferencesrelated

totreatmentchoicemaycausebiasedconclusions. However,biasintermsof

treatmenteffectwouldmostplausiblyresultinunderestimationofimprove-

ments,asmoreaggressivetherapiesarecommonlygiventosubjectswithmore

aggressiveorrefractorydisease.Thus,ourfindingsmightunderestimatewhat

wouldbeobservedinarandomizedtrialofdisease-modifyingtherapy.

Onelimitationofthisstudywastherelativelysmallnumberofsubjects.

Futureworkwillinvolvedeployingthemethodologyandmodelsonalarger

numberofsubjects(n=34),inbothobservationalstudiesandrandomized

clinicaltrials. Whilemanyofthecoefficientfunctionsfromthefunction-on-

scalarregressionarenotfoundtobestatisticallydifferentfrom0,thismodel

mayhavemorepowerwithmoresubjects. Forthebootstrapprocedurewe

onlyhave34subjects,resultinginwideconfidenceintervalsfortheestimated

coefficientfunctions.Incontrast,theregressionusingscoreoutcomesidentifies

strongassociationsbetweenspecificcovariatesandmultisequencelongitudinal

patternsoflongitudinalintensities.

Thetwomodelspresentedinthisworkarefitvoxel-wiseandthereforemay

besensitivetomajormisregistrationwithinastudyandbetweenlongitudinal

studiesforthesamesubject.Themodelsarealsosensitivetolocaldisplacement

oftissueduetotransientswellinginandaroundlesionsorresorptionoflesion
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tissue. Wethereforedonotcalltheslowchangesinintensitywithinthevoxels

thatareobserved“tissuerepair,”aswecannotbecertainthatthechangeis

notduetomisregistrationordisplacementoftissuefromthelesionsthemselves.

Wedoobservearelationshipbetweenthereturnofvoxelstotheintensityof

normal-appearingtissueandbothdisease-modifyingtreatmentandtreatment

withsteroids,andthereforefindthismeasureusefulanddeservingoffurther

study. Wealsoseeanassociationwiththedistancetotheboundaryofthe

lesionandslow,long-termintensitychanges–withvoxelsneartheboundaryof

thelesionreturningtobaselineintensityandvoxelsnearthecenterofthelesion

maintainingabnormalsignalintensity.Futureworktoassesstissuerepairmay

involveinvestigatinganonlinearregistrationwithinindividuallesions.

Themethodsdescribedhereuseonlyconventionalclinicalimagingforpa-

tientswithMS,namelyFLAIR,T2,PD,andT1. Whilethisisbeneficialfor

usingthemethodologyinaclinicaltrialsettingorforanalysisofretrospec-

tiveimagingstudies,onecouldalsoincorporateadvancedimagingintothe

method. Forexample, magnetizationtransferratioimaging[160],quantita-

tiveT1-weightedimaging[161],anddiffusiontensorimaging[162]havebeen

studiedin MSlesions. Thelongitudinaldynamicsoflesionsontheseimages

couldbeincorporatedintoourframeworktobetterunderstandthebehaviorof

lesionsovertimeandtheimpactofdisease-modifyingtherapiesonthisbehavior.

Forthisanalysis,allMRIstudiesareacquiredonasingle1.5TMRIscan-

neratoneimagingcenter.Similaranalysiscouldbeperformedathigherfield

strength,butforthisanalysisweusea1.5Tdatasetfortheavailabilityofthe

largeretrospectivecohortstudyoveralongperiodoftime. Althoughdiffer-

entscanningparameterswereusedfortheacquisitions,furtherinvestigationis
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warrantedintotherobustnessofthemethodstochangesinscanner,changesin

magneticfieldstrength,aswellchangesintheimagingcenter.
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AppendixA

Appendixto“OASISis

AutomatedStatisticalInference

forSegmentation,with

applicationsto multiplesclerosis

lesionsegmentationin MRI

A.1 OASIScoefficients

Table1andTable2displaythecoefficientsfromthetwofitsoftheOASISmodel.

Thecoefficientsforeachmodalityarethelogoddsratiosoflesionincidencefor

voxelscorrespondingtoanincreasedintensityofonenormalizedunit,fixingall

otherpredictors.LesionsarecharacterizedbyhyperintensitiesintheFLAIR,

PD,andT2-weightedimagesandhypointensitiesintheT1-weightedimage,
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althoughnotalllesionswillappearontheT1-weightedimage. Asexpected,

thesignsofcoefficientsfortheFLAIRandT2-weightedintensitiesarepositive.

ThecoefficientofnegativesignforthePDandpositivesignfortheT1-weighted

areinterpretedinthecontextwhereallotherpredictorsarefixed.Duetothe

strongcorrelationamongtheimagingmodalities,itisdifficulttovisualizethe

impactthataonestandarddeviationincreaseinthenormalizedintensityinan

imagehasonthelogoddsratiowhenallothermodalitiesarekeptconstant.

Thecoefficientsforthesmoothedvolumesaremoredifficulttointerpret.They

areagainthelogoddsratiosoflesionincidenceforvoxelscorrespondingtoan

increasedintensityofonenormalizedunit,fixingallotherpredictors.But,itis

verydifficulttoconceptualizewhataoneunitincreaseinthesmoothedFLAIR

withkernelwindowsizeof10,fixingtheFLAIRandthesmoothedFLAIRwith

kernelwindowsizeof20.Theintensitiesinthesethreeimagesarehighlycorre-

latedandthismayexplain,forexample,whythesignsforthesmoothedFLAIR

imageareopposite,whenintuitivelyyouwouldexpectbothtobepositive.Also,

thesignsonthecoefficientsfromeachmodalityfromthefirstandsecondfit

areallthesame,exceptforthecoefficientforthesmoothedT2-weightedwith

kernelwindowsizeof10,thesmoothedT2-weightedwithkernelwindowsizeof

20andtheinteractionbetweentheT2-weightedimageandthesmoothedT2-

weightedwithkernelwindowsizeof20. Again,thismaybeexplainedbythe

correlationamongtheimages. Wealsoassessedthevariationinthecoefficients

bynonparametricallybootstrappingthesubjectswithreplacement.Theboot-

strapped95%confidenceintervalsforthecoefficientsarealsoprovidedinTable

1.Thevarianceofthesecoefficientsislargeincomparisontotheestimatesof

thecoefficients. Thismaybeexplainedbythestrongcorrelationamongthe
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imagingmodalitiesandthesmoothedimages.But,theinstabilityinthecoeffi-

cientsdoesnotimpacttheperformanceofOASIS,asillustratedinthestability

ofthepartialROCcurve.
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A.2 Repeatedsubjectsforvalidationstudy1

Table3displaysthepreferredmethodamongsttheOASISempiricallyadjusted

thresholdandLesionTOADSsegmentationfromtheneuroradiologist,neurolo-

gist,andradiologistforthefivesubjectswithrepeatedstudiesfromvalidation

set2. TherewasatiebetweenthetwomethodsfortheRadiologist’ssecond

rankingofSubject5.

TableA.3:Preferredmethodfromneuroradiologist,neurologist,andradiologist
forthe5repeatedsubjectsinvalidationset2

Neuroradiologist FirstRanking SecondRanking RankingPreserved

Study1 OASIS OASIS Yes
Study2 LesoinTOADS LesionTOADS Yes
Study3 OASIS OASIS Yes
Study4 OASIS OASIS Yes
Study5 LesionTOADS OASIS No

Neurologist

Study1 OASIS OASIS Yes
Study2 LesionTOADS LesionTOADS Yes
Study3 OASIS OASIS Yes
Study4 OASIS OASIS Yes
Study5 OASIS LesionTOADS No

Radiologist

Study1 OASIS OASIS Yes
Study2 OASIS LesionTOADS No
Study3 OASIS OASIS Yes
Study4 OASIS LesionTOADS No
Study5 LesionTOADS tie No
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AppendixB

Appendixto“Acomparisonof

supervised machinelearning

algorithmsandfeaturevectors

for MSlesionsegmentationusing

multimodalstructural MRI”

B.1 Classificationalgorithms

Voxel-levellesionsegmentationisabinaryclassificationproblemwithtwoclasses,

voxelseithercontainlesionordonotcontainlesion. Weusethenotation

yv∈{0,1}tobeaclasslabelindicatingwhetherornotvoxelvofabrain

imagefromMRIstudycontainsalesion.Hereweprovideabriefsummaryof

eachclassificationalgorithmusedinouranalysisandthetuningparameters
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associatedwiththealgorithm. Acompleteoverviewofthesealgorithmscan

befoundinTheElementsofStatisticalLearning:DataMining,Inferenceand

Prediction[163]. Foreachclassificationalgorithm,Table4.1inthe Methods

sectionshowstheRpackageusedtofitthealgorithmandthevaluesforthe

tuningparameters.Infittingeachofthealgorithmsonthetrainingset,10-fold

crossvalidationwasusedtooptimizealltuningparameters.

B.1.1 Logisticregression

Logisticregressionisaspecialcaseofthegeneralizedlinear model,witha

logisticlinkfunction.Thegeneralizedlinearmodelwithlogisticlinkfunction,

t,ist{P(yv=1|X=x)}=β0+β
Tx,wheret(s)=log(s

1−s
). Theresulting

decisionboundaryforlogisticregressionislinear.

B.1.2 Lineardiscriminantanalysis

LineardiscriminantanalysismodelseachclassasamultivariateGaussianwith

probabilitydistributionfunctionsf0(v)andf1(v)withmeansµ0andµ1respec-

tively.Lineardiscriminantanalysismakestheassumptionthatbothclasseshave

acommoncovariancematrixΣ.Priorprobabilitiesofbelongingtoaclassare

calculatedfromthetrainingdataandaredenotedasπ0andπ1.Then,theprob-

abilityofvoxelbeingpartofalesionisdefinedasP(yv=1|X=x)=
f1(x)π1
f0(x)π0

.

Theresultingdecisionboundaryislinear.
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B.1.3 Quadraticdiscriminantanalysis

Quadraticdiscriminantanalysisissimilartolineardiscriminantanalysis,but

allowsforthetwoclassestohavedifferentcovariancematrices,Σ0andΣ1.The

resultingdecisionboundaryisaquadraticsurface.

B.1.4 Gaussian mixture model

InaGaussianmixturemodel,eachclasskismodeledasamixtureofnormal

distributionswithdensityP(X=x|yv=k)=
Rk
r=1ψkrφ(X;µkr,Σ),k=0,1.

Themixingproportionsforeachclass,ψkr,mustsumtoone. Then,P(yv=

1|X=x)= P(X=x|yv=1)π1
P(X=x|yv=1)π1+P(X=x|yv=0)π0

,whereπ0andπ1arethepriorprobabil-

itiesofbelongingtoeachclass,calculatedfromthetrainingdata.Thedecision

boundaryfortheGaussianmixturemodelismulti-modal

B.1.5 Supportvector machinewithlinearkernel

Inasupportvectormachinewithlinearkernel,weaimtofindthehyperplane

thatseparatesthetwoclasseswiththelargestmargin. Thehyperplanethat

separatesthetwoclassisdefinedas,{x:f(x)=β0+β
tx}. AcostCis

assignedtovoxelsvthatareclassifiedincorrectly,and ψi≤C,whereψiis

theamountwhichthevoxelisontheincorrectsideofthemargin. Wesearch

overtheC=1/8,1/4,1/2,1,2,4,and8. Thedecisionboundaryforthe

supportvectormachineislinearintheimplicitkernelspace,butnonlinearin

theoriginalspace.
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B.1.6 Randomforest

Arandomforestcombinesmultipleclassificationtreesandtheseclassification

treesvoteonwhichclassanewvoxelshouldbeclassifiedas.Intheimplemen-

tationoftherandomforest,weuse500classificationtrees.Theparameterwe

tunethealgorithmoveristhemtryparameter,thenumberofvariablessampled

ateachsplitofthedecisiontree. Wesearchovermtry=1tothedimensionof

thefeaturespace.Thedecisionboundaryforeachtreeispiecewiselinear.

B.1.7 k-nearestneighbors

Ink-nearestneighborstoclassifyanewvoxel,v,withfeaturesX =x,we

calculatethedistanceofitsfeaturesfromthefeaturesofthevoxelsinthe

labeledtrainingset,usingEuclideandistance.Thekvoxelsinthetrainingset

withthesmallestdistancetothenewvoxelvoteontheclassofthenewvoxel.

Thetuningparameterforthek-nearestneighboralgorithmisthenumberof

voxelstobeused. Wesearchoverk=1,10,and100neighbors.

B.1.8 Neuralnetwork

Inasinglehiddenlayerneuralnetwork,derivedfeatures,Z,arecreatedfrom

linearcombinationsoftheinputfeatures,X:Zp=σ(αop+α
T
pX),p∈{1,...,P}.

ThesederivedfeaturesZarecalledhiddenunits. Weelectedtouseasigmoid

activationfunctionσ,σ(s)= 1
(1+exp(−s))

,asthisistypical. Theoutcome,yv,

isthenmodeledasafunctionofthehiddenunits:yv=t(β0+β
Tz).Weuse

asinglehiddenlayerneuralnetworkwithsigmoidactivationfunction;10-fold

crossvalidationisusedtoselectthenumberofhiddenunitsinthealgorithm
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andsearchoverP=1,5,and10.

B.1.9 Superlearner

Thesuperlearnerisamethodforcombiningclassestimationsfromdifferent

classificationalgorithms,byweightingtheclassifiersaccordingtotheirprediction

performanceusingacross-validationlossfunction. Weusethesuperleaner

algorithmwith10-foldcrossvalidationwithmeansquarederrorloss,butany

othercrossvalidationorlossfunctionmaybeused.Thesuperlearnerrequires

alibraryofKsupervisedclassificationalgorithms.Totrainthesuperlearner

with10-foldcrossvalidation,thetrainingset,T,ofsizenvoxelsispartitioned

into10equalsamples. Foreachofthese10samples,theKalgorithmsare

trainedontheremainingdatainthetrainingset.Apredictionforeachvoxel

vinthereservedsampleisthenmadeforthekthclassificationalgorithm,hk,

denotedasϕk(v),k∈{1,...,K}. Afterthisisperformedforall10samples,

acoefficientαkforeachclassificationalgorithmisselected,tominimizethe

meansquareerror: 1
n v∈T[yv− kαkϕk(v)]

2,undertheconstraint kαk=1.

Thefittedclassifierswiththecoefficientsαkcanthenusedtomakepredictions

fornewsamples. WeusetheSuperLearnerRpackagebasedonalloftheother

supervisedclassificationalgorithmsandtuningparametersusedinthisanalysis.

Todecreasepredictiontimefornewdata,algorithmswithαkcoefficientsclose

tozeroaredroppedduringthepredictionphase(theonlySLparameterisset

toTRUEwhenmakingpredictions;thedefaultforthisparameterisFALSE).
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AppendixC

Appendixto“Relating

multi-sequencelongitudinal

intensityprofilesandclinical

covariatesinincident multiple

sclerosislesions”

C.1 Longitudinalprofilepipeline

Hereweprovideamorecompletedescriptionoftheprocedureforextracting

thelongitudinalvoxel-levellesionprofiles,whichisdividedintofoursteps:(1)

identifyingvoxelswithnewlesionformation,(2)intensitynormalization,(3)

temporalalignment,and(4)temporalinterpolation.Allvoxelsinthisanalysis

arepartofincidentorenlarginglesionsdetectedduringthesubject’sfollow-up
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period.Allvoxelsthatarepartoflesionsthatexistedatbaselineareexcluded

fromtheanalysis.

C.1.1 Identifyingvoxelswithnewlesionformation

Whenidentifyingvoxelswithnewlesionformation,wedistinguishbetweenar-

easthatcontainvasogenicedema(whichwewillrefertosimplyas“edema”)

andactuallesion,whichbothmanifestasareasofabnormalsignalintensity,

especiallyontheT2-weightedsequences. Forthisanalysis,weareinterested

inareaswithtissuedamage,asopposedtoedema.Toidentifyareaswithnew

lesionformation,wefirstfindareasintheMRIwithnewabnormalsignalin-

tensity,whichincludesbothedemaandlesion. Wethensegmentlesionsby

analyzingsubsequentvisitdata.

SuBLIMEsegmentationofvoxel-levellesionincidenceandenlargementisa

methodfordetectingvoxelsthatarepartofanareaofnewabnormalsignal

intensitybetweentwoMRIstudies[9].Foreachsubject,weproduceSuBLIME

mapsbetweentherespectivesetsofconsecutiveMRIstudies. Weexcludeall

abnormalsignalintensityareasthatcontainedfewerthan27voxels,asthese

areascouldbeartifactornoise. Wethenproducecross-sectionallesionsegmen-

tationsusingOASISsegmentationofabnormalsignalpresence[7].Asthesignal

fromedemadisappearsrapidlyfromtheMRIafterlesionformation,welocate

theincidentabnormalsignalvoxelsusingSuBLIME,butonlyincludethevoxels

thataredetectedbyOASISatthefollowingstudyvisit,asthesevoxelsshould

notcontainedema.Therefore,onlyvoxelsthathaveanMRIstudywithin40

daysafterSuBLIMEdetectstheareaofabnormalsignalintensity,wherethe
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intensityremainsintheOASISmaps,areconsideredaslesiontissueandused

inthisanalysis,asbythistimeedemawouldsubside. Weuseexpertvalidation

byaneuroradiologistandaneurologist,bothwithexperienceinMSimaging,to

confirmthatthismethodisidentifyinglesiontissue,whichwedescribeindetail

inthesectionExpertValidation.ThefigurebelowshowstheSuBLIMEsegmen-

tationforeachstudyandtheOASISsegmentationforeachstudy,corresponding

toFigure5.2.TherowcorrespondingtotheSuBLIMEsegmentationisfurther

dividedintoedemaandlesionvoxelsusingthemethoddescribedabove.Only

voxelsthatarepartoflesiontissueareusedintheanalysis.

C.1.2 Intensitynormalization

StructuralMRIisacquiredinarbitraryunits.Therefore,inadditiontopulse

sequencesimilarity,intensitynormalizationisparamountforcomparinginten-

sitiesinavoxelovertimewithinsubjectandforcomparingvoxelintensities

betweensubjects. Wenormalizeeachsequenceseparatelyoneachscanbycal-

culatingthemeanandstandarddeviationoveramaskofthenormal-appearing

whitematter(NAWM)fromthebrainsegmentationdescribedinthesection

ImageAcquisitionandPreprocessing[66]. Wethensubtractthemeanfrom

theintensityineachvoxelanddividebythestandarddeviation[93,155].Let

Silv(t)betheobservedintensityfromimagingsequenceSinvoxelvforsubject

iinlesionlatstudytimet,withS=FLAIR,T1,T2,andPD.LetµSi(t)and

σSi(t)bethemeanandstandarddeviation,respectively,overtheNAWMmask

forsequenceSatscantimetforsubjecti.Thenthenormalizedintensityin

voxelvinlesionlforsubjectiatscantimetis:
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FLAIR

T2

PD

T1

SuBLIME

OASIS

Distance

Edema

Lesion

6 voxels

0 voxels

PC 1 
Scores

35

-54

0

FLAIR                                    T2                                      PD                                       T1

Time                 98             119           175           210           238            266            280           343             

FigureC.1:EachcolumnofthefigurerepresentsadifferentMRIstudy,starting
at98daysafterbaselineinthefarleftcolumnandgoinguntil343daysafter
baseline.Alesionisfirstidentifiedinthisareaat175days.Thefirstfourrows
showthelongitudinalbehavioroftheFLAIR,T2,PD,andT1sequences.The
nextrowsshowtheSuBLIMEsegmentationoflesionincidenceforeachstudy
andtheOASISsegmentationoflesionpresenceineachstudy.TheSuBLIME
segmentationhasbeenfurtherdividedintoareasofedemaandlesion.

SNilv(t)=
Silv(t)−µSi(t)

σSi(t)

Thus,allimageintensitiesareexpressedasadeparture,inmultiplesofstandard

deviationofwhitematterintensities,fromthesubject’smeannormal-appearing

whitematter(NAWM)ineachimagingsequence.
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C.1.3 Temporalalignment

ThedateofthestudyvisitatwhichSuBLIMEdetectsthelesionvoxelsis

consideredthetimeofincidenceforthisvoxel.Ifavoxelisdeterminedto

beaneworenlarginglesionbySuBLIMEmorethanonceoverthefollow-up

time,thefirstoccurrenceisconsideredtobethetimeoflesionincidencefor

thatvoxel. Voxelprofilesfromincidentlesionsduringthefollow-upofeach

subjectarealignedintime,usingthetimeofincidenceastime0,thereforeany

observationsbeforeincidencehaveanegativetimeandafterlesionincidence

haveapositivetime. Lettdenotethisalignedtimescale. Thenwehave

SNilv(t),whereS
N
ilv(0)indicatestheintensityinsequenceSatthetimeoflesion

incidence.

C.1.4 Temporalinterpolation

Nextweperformatemporallinearinterpolationsothatallvoxelsareobserved

onthesametimegrid.Inthiswork,weareinterestedinthelesiondynamics

onlyafterlesionincidence,thereforeweperformthelinearinterpolationwithin

thewindowafterlesionincidenceandupto200dayspost-incidence.Theend

pointof200daysisselectedasithasbeenpreviouslyfoundthatnewT2lesions

showthemostdramaticchangesinintensityforthreetofourmonths[146],and

weopttobeconservativeandincludedatabeyondthisreportedstabilization

point. Voxelsareselectedfortheanalysisifthesubjecthasatleastonevisit

200daysormoreafterlesionincidence. Ofthe60subjectsinthisanalysis,

34havevoxelprofilesmeetingthisinclusioncriteria,afterremovingthethree

subjectsforpoorlongitudinalregistration. Welinearlyinterpolateoveragrid
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of0to200daysbyincrementsof5dayssothatallprofilesareobservedonthe

sametimegrid. Wedenotethevectorofobservationsfromavoxeloverthis

timegridforsequenceSasSNilv,whereS
N
ilvisa1×41vector.

C.2 Parametricbootstrappingprocedure

LetBbethenumberofbootstrapsamplestobeperformedandletbindex

theseBsamples.LetYilvbetheoutcomeforanobservationindexedbyi,l,

andv.LetX bethedesignmatrixandβbethevectorofthecoefficients.For

thisanalysiswehaveamodeloftheform:

Yilv=Xβ+bi+bl+ ilv

wherebi∼ N(0,σ
2
i)andbl∼ N(0,σ

2
l)arerandomintercepts,and ilv∼

N(0,σ2)isanerrorterm.Fortheparametricmodel,wefittheabovemixed-

effectmodeltogetanestimateofβ,whichwedenoteasβ̂. Wethenfix

thisestimate,andkeepXβ̂. Usingthefittedvariances,σ̂2i,σ̂
2
landσ̂

2,we

generatearandominterceptforeachlesionfromaN(0,̂σ2i)distribution,a

randominterceptforeachsubjectfromaN(0,̂σ2l),andrandomnoiseforeach

voxelfromaN(0,̂σ2). WethenaddtherandominterceptsandnoisetoXβ̂for

thecorrespondingobservationandusethisasouroutcometorefitthemodel

andgetoutbootstrappedcoefficientvectorβ∗b.Toobtainthebootstrapsample,

werepeatthisprocedureBtimes.
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C.3 Expertvalidation

Examplesofthesetofevaluationimagespresentedtotheexpertsforeachlesion

areshowninFiguresC.2,C.3,C.4,andC.5.Thefirstrowofthefiguresshows

thefullaxialslicefortheFLAIR,T2,PD,andT1volumesthatcontainsthe

largestnumberofvoxelswithabnormalsignalintensity. Thesecondthrough

fourthrowsshowtheentirecollectionoflongitudinalscansforaboxcontaining

theabnormalsignalintensityintheFLAIR,T2,PD,andT1weightedvolumes

atthebaselinetimepointforthisaxialslice.Thescansaredisplayedinchrono-

logicalorder,fromfirsttimepointtolasttimepoint,fromlefttoright. The

fifthrowshowsthesegmentationofthelesionandedematissuewithinthisbox

ateachtimepoint.ThesixthrowshowsthescoreonthefirstPCforthevoxels

segmentedaslesiontissue,displayedatthetimeoflesionincidenceforeach

voxel.Thesevenththroughtenthrowshowtheentirecollectionoflongitudinal

scansfortheFLAIR,T2,PD,andT1weightedvolumeswithinthisbox,with

thescoreforthefirstPCoverlaidontheimagesforeachscanafterlesioninci-

dence.ThelastrowshowsthescaleforthescoreonthefirstPC.Thefigures

showexamplesofthefourdifferentratingsforthescoreonthefirstPC.Both

ratersratethescansaseither(1)failedmiserably,(2)someredeemingfeatures,

(3)passedwithminorerrors,or(4)passed.
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C.4 Principalcomponentanalysisandregres-

sion

TableC.1showsthecoefficientestimates,standarderrors,t-statistics,thep-

valuesusingthenormalapproximation,andthe95%bootstrappedconfidence

intervalsforthemultivariatePCAregressionmodel.TableC.2showsthesame

fortheindividualunivariatePCAregressionmodels.
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PC 1 Scores

−28.1

2.5

33.1

FigureC.2:Thisscanreceivedaratingof4forthescoreonthefirstPCfrom
bothraters.Bothratersalsogavearatingof4forthelesionsegmentation.
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PC 1 Scores

−21.7

−0.7

20.4

FigureC.3:Thisscanreceivedaratingof3forthescoreonthefirstPCfrom
bothraters. Bothratersalsogavearatingof3forthelesionsegmentation.
Notethatatthe23rdtimepointnewlesionvoxelsaresegmented,butthescore
forthefirstPCisnotproducedforthistimepoint,asthevoxelsdidnotmeet
thescanningcriteriaforbeingincludedintheanalysis.
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PC 1 Scores

0

7

14

FigureC.4:Thisscanreceivedaratingof2forthescoreonthefirstPCfrom
bothraters.Bothratersalsogavearatingof2forthelesionsegmentation.The
neuroradioloigstcommentedthatthisscanreceivedalowratingbecauseitwas
notclearthatthesegmentedportionfortimepoint3waslesion.
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PC 1 Scores

−28.1

−4.1

19.9

FigureC.5:Thisscanreceivedaratingof1forthescoreonthefirstPCfrom
bothraters. Bothratersalsogavearatingof1forthelesionsegmentation.
Bothraterscommentedthatthelowratingwasbecausethelesionhadexisted
inalltimepointsandwasnotanewlesion.
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C.5 Function-on-scalarregression

Thecoefficientfunctionsfromthefunction-on-scalarregressionwithbootstrapped

95%confidenceintervalswiththeT2,PD,andT1profileastheoutcomeare

shownbelow.SimilartousingtheFLAIRprofileastheoutcome,onlythedis-

tancetotheboundaryandagewerefoundtobedifferentfrom0atanypoint

alongtheprofile.
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FigureC.6:Eachdarklinerepresentsthecoefficientfunction,andtheshaded
arearepresentsabootstrapped,point-wise95%confidenceinterval.Alongthe
y-axisisthevalueofthecoefficientfunctionateachtimepoint.Onlydistance
fromtheboundaryandagewerefoundtobedifferentfrom0atanypointalong
theprofile.
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FigureC.7:Eachdarklinerepresentsthecoefficientfunction,andtheshaded
arearepresentsabootstrapped,point-wise95%confidenceinterval.Alongthe
x-axisofeachplotisthetimeindaysfromlesionincidence.Alongthey-axis
isthevalueofthecoefficientfunctionateachtimepoint. Onlydistancefrom
theboundaryandagewerefoundtobedifferentfrom0atanypointalongthe
profile.
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FigureC.8:Eachdarklinerepresentsthecoefficientfunction,andtheshaded
arearepresentsabootstrapped,point-wise95%confidenceinterval.Alongthe
x-axisofeachplotisthetimeindaysfromlesionincidence.Alongthey-axis
isthevalueofthecoefficientfunctionateachtimepoint. Onlydistancefrom
theboundaryandagewerefoundtobedifferentfrom0atanypointalongthe
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[2]À.RoviraandA.Léon,“Mrinthediagnosisandmonitoringofmultiple

sclerosis:anoverview,”Europeanjournalofradiology,vol.67,no.3,pp.

409–414,2008.
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