Brain Atr ophy Analysis Using Single-and Multiple-T ime-Point Data

FMRIB TechnicalReportTRO1SMS1
(A relatedpaperasbeenacceptedor publicationin Neurolmage)

StephenM. Smith! YongyueZhang' Mark Jenkinson!
JacquelineCher®! P.M. Matthews!
Antonio Federicd Nicola De Stefand

1: Oxford Centrefor FunctionalMagneticResonancémagingof the Brain (FMRIB),
Departmentf Clinical Neurology University of Oxford, JohnRadcliffe Hospital,
Headlgy Way, HeadingtonOxford, UK
2: NeurometabolidJnit & NMR Centre Universityof Siena,ltaly
3: MRS Lab, McConnellBrain ImagingCentre MNI, Canada

Correspondcéo S.Smith- st eve@ nri b. ox. ac. uk

Abstract

Quantitatve measuremertf brainsize,shapeandtemporalchange(for example,
in orderto estimateatrophy)is increasinglyimportantin biomedicalimageanaly-
sisapplications New methodof structuralanalysisattemptto improve robustness,
accurag andextentof automation A fully automateanethodof longitudinal(tem-
poralchangepnalysisSIENA, waspresentedh [17]. In this paperimprovements
to this methodaredescribedandalsoanextensionof SIENA to a nev methodfor
cross-sectionglsingletime point) analysis.The methodsarefully automatedro-
bustandaccurate0.15%brain volume changeerror (longitudinal); 0.5-1%brain
volumeaccurag for single-timepoint (cross-sectional)A particularadvantages
therelative insensitvity to differencesn scanningparameters.

Keywords: Structuralbrain analysis,atrophymeasurementiormalisedregistra-
tion

1 Intr oduction

Variousmethodshave beenproposedandimplementedor cross-sectionglsingle
time point) or longitudinal(multiple time points)analysisof brainatrophy(or more
generathangesn brainsizeandshapelsingmagnetiaesonancemaging(MRI).
A majorpotentialapplicationof atrophymeasuremeris asa surrogatanarker for



the progressiorof neuro-dgeneratre diseasesuchasAlzheimers diseaseor of
diseasesvith secondaryneuronalbr axonalinjury, suchasmultiple sclerosis.

Cross-sectionainethodg(e.qg.,[3]) work by measuringorain tissuevolume- nor
mally white plusgrey matter- andcomparinghis againse.normalisatiorvolume-
normallyeitherbraintissuepluscerebrospindluid (CSF)volume,or intra-cranial
volume. Longitudinal methods(e.qg., [4, 9]) typically register (align) two scans
separatedn time andfind regionsof change.In general cross-sectionaknalysis
tendsto incur highermeasuremergrrorthanlongitudinalanalysis.This is related
mainly to the practicaldifferencebetweenintegrated(cross-sectionalxnddiffer-
ential (longitudinal)measuremerdf change Although mary datasetsdo contain
multiple time point measurementsherearealsosituationswvhereonly singletime
pointsareavailable,or wherethe questionof interestrelatesto “absolute”atrophy
ratherthanits rate.

This paperpresentompletelyautomatedongitudinal and cross-sectionamnea-
surementmethodsnamedrespecirely SIENA (Structurallmage Evaluation, us-
ing Normalisation,of Atrophy) andSIENAX (anadaptatiorof SIENA for cross-
sectionaimeasurement).

SIENA performssegmentatiorof brainfrom non-braintissuein the headandesti-

mateghe outerskull surface(for bothtime-points) andusesheseresultsto regis-

ter thetwo imageswhile correcting(normalising)for imaginggeometrychanges.
Thenthe registeredsegmentedbrainimagesare usedto find local atrophy mea-
suredon the basisof the movementof imageedges.

SIENAX also performsseggmentationof brain from non-braintissuein the head
andestimateshe outerskull surface,with datafrom a singletime-point. Thebrain
andskullimagesarethenregisteredo a standardgspacebrainandskull imagepair.
This stepnormalisedor skull size,andmeanghatit is not necessaryo measure
CSFvolume (otherwisea problemin T1-weightedimagesasit is hardto accu-
rately separat€CSFandskull). Next aprobabilisticbrainmaskderivedin standard
spaceis appliedto make surethatcertainstructuresuchaseyes/opticnene have
not beenincludedin the brain segmentation. Finally tissue-typeseggmentationis
carriedout (including partial volumeestimationjanda (normalised)rainvolume
estimatds produced.



2 SIENA - Longitudinal Method

The SIENA methodwasoriginally describedn [17]. The major subsequenim-
provementis in the final stage(the changeanalysis)sotheinitial stagesareonly
describedriefly.

2.1 Brain Extraction

The first processingstageis the extraction of the brain from eachof the input
imagesthatis, the segmentatiorof brainfrom non-braintissue.The methodused
is known asBET - Brain ExtractionTool [15, 16]. BET usesatessellategneshto
modelthe surface;this modelis allowed to deformaccordingto variousdynamic
local controllingtermsuntil it optimally fits thebrainsurface.Resultsarenormally
in extremelygoodcorrespondenceith manuallysegmentedoutput,even around
the eyes,oneof the mostdifficult areago segmentfrom thebrain.

BET provides a binary brain mask, the sggmentedbrain image and an external
skull surfaceimageasoutput. The cerebellumis includedin the segmentedbrain,
asis the upperpart of the brain stem- the stemis automaticallycut accordingto
a surfaceinterpolatedsagittallyacrossthe ventralcerebellum ponsandtemporal
lobes.

For anexampleextractedbrainsurface,seeFigurel (left).

Figure 1: Left: Examplebrain suriace found by BET. Middle: Exampleskull
surfacefound by BET. Right: examplesubtractionmageafterregistrationof two
imagesfrom a subjectwithout atrophy



2.2 Skull Extraction

Measuremenbf changesn brain size benefitsfrom the estimationof the skull
(whichis of fairly unvarying sizeovertime in anadult) asa normalisingfactorin
both cross-sectionandlongitudinalmeasurementd heimportanceof thisin the
lattercasewill now be explainedin moredetail.

Before brain changecan be measuredthe two imagesof the brain have to be
registered(aligned).Clearlythis registrationcannotallow rescaling otherwisethe
overall atrophywill be underestimatedHowever, becausef possiblechangesn
imaginggeometryovertime (dueto gradientcalibrationdrift or variablelocalfield
distortions)t is necessarjo holdthescaleconstan{seealso[7] for previouswork
onthisproblem;notethatsomelongitudinalmethodshave failedto take accounof
this problem,althoughmethodshasedprimarily on cross-sectionaheasurements
tendto normaliseagainsit). With the methoddescribechere this canbeachiered
by usingthe exterior skull surface(assumedo be constanin sizeandshapefor an
individual) asa scalingconstraintin theregistration.

In most MR images,the skull appearsvery dark. In T1-weightedimages,the
internal surface of the skull is largely indistinguishablefrom the CSFE which is
alsodark. Thusthe exterior surfaceis searchedor. This alsocanbe difficult to
identify, evenfor humanexperts,butis themostrealisticsurfaceto aimto find. The
exterior skull surfaceis found automaticallyasthe final stageof brain extraction,
usingBET. Startingwith theestimatedrainsurface ,eachsurfacepointis takenas
thestartof asearctoutwardsfor the optimalskull position. Themostdistant(from
thebrain)pointof low intensity(beforethebright scalp)is found,andthefirst peak
in gradientoutsideof thisis thendefinedasthe exactpositionof theexterior of the
skull surface. This methodis quite successfulevenin regionsof overlying (dark)
muscleor wherethereis significant(bright) marrav within thebone.

Thusa skull imageis generatedor eachinput image,to be usedin registration.
For example,seeFigurel (middle).

2.3 Registration

As alreadystated,beforethe differencesbetweentwo imagescan be found, the
brainsin the two imagesmust be aligned, using a registration procedure. The
registration carried out usesa robust and accurateautomatedinear registration
tool, FLIRT (FMRIB’s LineariImageRegistrationTool) [11].



The useof FLIRT in this applicationis more comple thanin the more normal
caseof registrationof two singleimages. A three-steprocedurds used,where
thebrainimagesareusedo optimisetheinitial registrationandthefinal translation
androtation,whilst the skull imagesareusedto optimisethe scalingandskew.

Onecould stophereandapply changeanalysisto the registeredsecondbrainand
theoriginalfirst brain. However, thisis not optimal,asthe secondorainimagehas
beenthrougha processingtepthatthefirst brainimagehasnot, namelya spatial
transformation(involving interpolationof its values). The imageswill therefore
look slightly different; the transformedsecondorainimagewill be slightly more
blurredthanthe first brainimage. To ensurethatthe imagesbeingcomparedun-
dego equivalentprocessingteps pothinputimagesaretransformedo a position
which is halfway betweenthe two. In this way both imagesare subjectedio a
similar degreeof interpolation-relatedlurring.

The typical quality of this brain registrationis illustratedin Figure 1 (right), an
examplesubtractiorof a registeredpair of headimageswhich shavs only appre-
ciablemotionoutsideof the skull.

All of thebrainandskullimagesarenow discardedpnly the originalunsgmented
imagesandthe brain maskimagesare kept. The transformationsare appliedto
theseimagessothattwo registered“common-space”headimagesandtwo regis-
teredbrainmaskimagesresult. Thesefour imagesare passedn to the next stage.

2.4 Masking

Theregisteredbinarybrainmasksarenow combinednto a singlemaskwhich will
be appliedto the registeredheadimagesto producetwo new registeredbrainim-
ages.Thereasorfor this (ratherthankeepingthe original registeredbrainimages)
is thatevenslight differencesn the original brain segmentationgi.e., the produc-
tion of the brain masks)would causethe artefaictualappearancef brain change.
Thusthe two masksare“binary ORed” - i.e., if eitheris 1 at a particularvoxel,
theoutputis 1. (They cannotbe“ANDed” asthe brainfrom the secondime point
would causeincorrectlyreducedmaskingof thefirst time pointimagein the case
of atrophy)

Theresultingcombinedmaskis thenappliedto theregisteredheadimagesto pro-
ducetwo registeredbrainimages. Thesetwo imagesare passedo thefinal stage
for theanalysisof change.



2.5 ChangeAnalysis

Thenext stagein theanalysiss thechangesstimationitself. Thereis greatvariety
in how thisis achievedamongspublishedongitudinalatrophymethods Somere-
searcher¢e.g.,[10, 9,12]) usenormalizedsubtractiorof theimagesassuminghat
resultingareasof significantdeviation from zerocorrespondo areasof interesting
brainchange Thisreliesontheassumptiorthattheimageswill appeaexactly the
same(apartfrom the changeof interest);variousproceduresuchas histogram-
matchingandrelative biasfield correctionhave beensuggestedl12], in orderto
attemptto make theimagedook assimilar aspossible.Otherslook moredirectly
for changesaroundtissueboundariesFor example,[5, 4, 7, 6] usethe“boundary
shift integral” (the areaunderthe intensity profile acrossa boundaryin image 1
is subtractedrom that for image 2, and normalisedby the boundaryheight, re-
sultingin anaccuratemeasuref lateralmotion), which givesthe motion of each
edge,evenif blurred,but only if imagecontrastsn generalarewell matchedbe-
tweenscans. Methodsthat are principally cross-sectionah nature,suchasthat
of Fisher[3, 14], Ge[8] andReddick[13] avoid the needto addresghe issueof
changeanalysis.

The systempresentederefirst attemptsto find all brain surfaceedgepointsand
thenestimateshemotionof theseedgepointsfrom onetime pointto thenext. This

edgemotionis foundfor thewholebrainsurface enablingthetotal volumechange
to be estimated.The previously publishedversionof SIENA found edgeson the

basisof edgestrengthandthenfoundedgemotionby searchingor matchingedge
pointsfrom oneimageto the next. This sufferedslightly from relatively imprecise
definition of edgepoints,i.e., discriminationwasimperfect. The currentversion
usesfull tissue-typesggmentationto find edgepoints,andthusis more correctly
selectve, and also enforcescontinuity of the estimatedbrain surface. Thusthe

systempresentedherefindsall brainsurfaceedgepoints(includinginternalbrain-

CSFedgepoints,suchasthosearoundtheventricles)andthenfinds the motion of

thesepoints,in aBayesiarframework, perpendiculato thelocaledge to sub-voxel

accurag.

In orderto find all brainsurfaceedgepoints,tissuesggmentations performedon
the imagefrom time point 1 after applicationof the joint brain mask(seepre-
vious section). The tool used[18] carriesout tissue(Grey Matter, White Mat-
ter and CSF) segmentationand bias field correction. The methodis basedon
a hiddenMarkov randomfield (segmentationlabelling) modeland an associated
Expectation-Maximizatioalgorithmfor estimatingissueintensityparameterand
biasfield (spatialintensityinhomogeneity). The whole processs fully automatic



(after beinginstructedasto whetherthe imageis T1 or T2, andwhetherto at-

temptto segmentgrey andwhite matterasa single classor as separatelasses),
producingatissue-labelledegmentationlt is robustandreliable,comparedo the

more commonfinite-mixture-model-basemethodswhich are sensitve to noise,
particularlyasthey useno spatialneighbourhoodnformation.

The tissuesegmentationlabelsare usedto find all brain edgepoints. First, gray

andwhite voxelsarecombinednto asingleclass asarealsoCSFandbackground
voxels. All boundaryvoxels betweenthesetwo resultingclassesre usedfor the

next processingtage.Notethatthis methodof finding brainedgevoxels enforces
a continuoussurface (without breaks),althoughnot necessarilya topologically
simple one. Figure 2 shavs example slicesthroughan image after edgepoint

detection(andalsoexampleperpendiculaimageprofilesasdescribeelow).

Figure 2. Exampleslicesthroughan imageafter edgepoint detection,and also
exampleperpendiculaimageprofiles.

Next, thecommon-spaceegisteredmagefrom time pointoneis processedteach
brainedgepoint. Firsttheimagegradientdirection(in 3D) is found, usinga sim-

ple 3x3x3 Gaussian-weightederivative operator This is usedto find the surface
normalunit vector (andwill alwayspointfrom the darker side of the boundaryto

the lighter side - this informationwill later be usedto tell the differencebetween
atrophyand“growth”).

Next, al1D array(anintensityprofile perpendiculato theedge)is filled with values
from the image. Thesevaluesare sampledat sub-voxel positions(usingtri-linear
interpolation)asthe arrays elementswill notin generalfall exactly at voxel grid
positions. Thelengthof the arrayis presetto a fixed numberof millimeters(typ-
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ically +3); the extentwill alsobe limited by the presenceof a secondedge,for
example,thefar sideof a sulcus,in orderto preventothernearbyedgesrom con-
fusingthemotionestimation.A secondlD arrayis filled with valuesfrom exactly
the sameimage positionsfrom the (common-spaceegistered)imagefrom time
pointtwo.

Edgemotion is now estimatedby finding the relative shift, betweenthe arrays,
which producesthe maximum correlation(to sub-voxel accurag usinginterpo-
lation of the correlationscores). However, beforethe correlation,eacharrayis
pre-processeih two ways.

First eachprofile is cornvolved with a differentiatingkernel, asit makes senseo
correlatethe derivatives (edge-enhancements) thetwo 1D imageprofilesrather
thantheraw imagevalues;if thereareintensityor contrastdifferencedbetweerthe
two images the positionof maximumcorrelationcould be skewed, but this effect
is muchreducedif correlatingedge-enhancedersionsof the profiles. Thusthis
methodrequiresno (intensity) normalisatiorof theimages,andis not sensitve to
problemsarisingfrom intensityinhomogeneitieacrossheimages.

Thesecondprocesss the multiplication of eachprofile by a high-paver exponen-
tial profile (smoothedsharpcutof); this actsasa prior onthe expectedmotion by
weightingthe correlationscore,so that highermotionsare lesslikely thansmall
ones- this helpsreducethe effect of large motion mismatchegwhich otherwise
malke a large contrikution to errorin the overall method).This canbe viewed asa
Bayesiarprior:

P(displacementiatg o P(datddisplacementP(displacemer)y (1)

wherethefirst termontheright canbethoughtof astheraw correlationscore,and
secondermis the prior on thedisplacemenbetweerthe profiles

—displacemerﬁ

P(displacementx e™ 207, (2)

which haso setto a suitablelengthsuchas 7mm. Becauséhe posterioron the
displacemenis simply usedto find the maximumprobabilitythe constant®f pro-
portionalityareunimportant.

Thusthe optimal displacements foundfor eachedgepoint, and,asstatedearlier
thedirectionof theedgenormaldeterminesvhetheratrophyor “growth”! is taking

Growth” could eitherbereal, e.g. oedemapr dueto nonlinearmotion betweerthe two time
points. In thelatter case,t will tendto canceloutwith atrophymeasurementat otherpointsin the
image.



placeatthis point. The positionof optimaldisplcaemenis estimatedo sub-voxel
accurayg by fitting a quadraticthroughthe correlationvaluesat the peakandits
two neighboursFigure3 shavs exampleprofilesfrom oneedgepointwith aslight
shift betweertime points,andthe derivativesof theseprofiles.
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Figure 3: Exampleprofilesfrom one edgepoint with a slight shift betweentime
points,andthe dervativesof theseprofiles.

For exampleslicesshaving atrophyasdarkedgepointsand“growth” aslight, see
Figure4.

2.6 PercentageBrain Volume ChangeQuantification

Brain atrophyis corvenientlyquantifiedby a singlenumbersuchasthepercentage
brainvolumechanggPBVC). Theinitial valueobtainedrom thechangemageis
the sumof all edgepoint motions(linearvoxel units), which, whenmultiplied by
voxel volume, givesthe total BVC. This is one possiblemeasureaswould be a



Figure 4: Exampleslicesshaving atrophyas dark edgepoints and “growth” as
light.

PBVC derived directly from this. However, a moreinvariantmeasuras obtained
by dividing this volumeby thenumberof edgepointsfoundtimesthevoxel “area”.

(Note, thefinal stageof SIENA arealwayscarriedoutwith cubicvoxels,sothere
is no confusionaboutthe definition of areahere.) This measurds thenthe mean
perpendiculabrain surfacemotion. Thereasorwhy this is preferableto thetotal

volume changeis thatit is not (to first order) dependenbn the numberof edge
pointsfound. As the numberof edgepointsdepend®n slice thicknesgseebelav

- typically by afactorof two betweerlmmslicesandé6mm)and(to alessemextent)
otherscanningletails,it is agoodideato normalizefor thenumberof pointsfound.
Finally, if it is requiredto cornvertthemeansurfacemotionto aPBVC, theratio of

the brainvolumeto thebrainsurfaceareaneedgo beestimated.

In this formulation: >

v m

—— 3
a,N 7 ( )

wherel is themeansuriacemotion, " m is theedgemotion(voxels) summedbver

all edgepoints,v is voxel volume, N is the numberof detectededgepointsanda

is voxel cross-sectionarea.Thus,

| =

10004 1001fV
vV oV

whereA isthebrainsurfaceareaactual,.e.,notaN), V istheactualbrainvolume,
f is theratio of actualareato volume.

% brainvolumechange= =1001f, (4)
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It is possibleto find f directly for ary givenimagewithoutknowing A or V; if a

singleimageis scaledby a known amountandthencomparedwith the unscaled
versionusing the above changeanalysis,the correctPBVC is known from the

scalingthat was applied, and the measuremenof / then allows f to be found.

It variesacrossscannersslice thicknessesnd pulsesequencebut normally lies

between0.1and0.2mntt. Applying this method(referredto asself-calibration)
helpsreducebias(systematierror)in thereportedestimateof PBVC.

ThecompleteSIENA methodis summarisedn Figure5.

3 SIENAX - Cross-SectionaMethod

SIENAX is closelyrelatedto the SIENA longitudinalmethod but, insteadof using
imagesfrom two differenttime points, SIENAX attemptsto estimatenormalised
brainvolume (NBV)? from a singleimage,usingthe skull to normalisespatially
with respecto astandardmage.Cross-sectionatudiesof brainatrophynormally
attemptto relatebrainsizeat a givenpointto the sizeof the brainat maturity In a
cross-sectionatudythelatter canonly be estimatedrom skull size,but the close
relationshipbetweemormalskull andbrain grovth makesthis a reliable marler.
Thus, the goal for determinationof relatve brain atrophyis to accuratelydefine
brain sizewith respecto skull size, normalisedio a standardemplate. Another
way of looking at the value of normalisingfor head/skullsizeis thatit reduces
within-groupvariations,makingcross-grouggomparisongnoresensitve.

An alternatve to usingheadsizein normalisationis to estimateCSF volume (to

endup with a measureof intra-cranialvolume). One advantageof the approach
describedhereis thatit is not restrictedto runningon imageswhereCSFcanbe

robustly found. For example,in T1-weightedimagesit is hardto distinguishbe-

tweenCSFandskull voxels,reducingtheaccurag of CSF-wlume-basediormal-

isation;clearlythisis notaproblemfor SIENAX.

BecauseSIENAX usesseveral of the techniquesalreadydescribedabove, the de-
scriptionof themethod givenbelow, is relatively brief.

2«NBV” will be usedto referto brain volumeafter normalisatiorto standardspace;'BV" will
be usedto referto original brainvolume,i.e. beforethis normalisation NotethatBV is in mm?, and
thatthe normalisatiorfactoris dimensionlesssothatNBYV is alsoin mm?.
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Figure5: Overview of SIENA.
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3.1 Brain Extraction and Normalisation

SIENAX usesBET to find the brain and skull imagesfrom the singleinput head
image. Theseare thenused,in a similar mannerto the registration processin

SIENA, to registerthe imageto standardspacebrain and skull images(derived
from the MNI152 standardmage|[2, 1]). Next a standardspacemaskis usedto

malke surethatno partsof theeyesareleft from thebrainextraction(becaus®f the
connectiorof the optic nerne, this canoccasionallyhappen)yandalsoto provide a
consistenti.e., non-arbitrary)utof pointfor the brainstem.

3.2 TissueSegmentation

Next, thetissuesggmentatiorprogramdescribedabove [18] is usedto segmentthe
extractedbrainimageinto grey, white, CSFandbackgroundgiving aBV estimate.
However, unlike the sggmentatiorcarriedoutfor SIENA (wheretheexactposition-
ing of the brainboundaryto sub-\oxel position,is notimportant,becausdt is the
motion of the profiles aroundthis position that matterand not the exact central
point of the profiles),the exactvolumesof the differenttissuess now very impor
tant. Thusthe segmentatiormethodincludesestimationof partial volume effects
for edgevoxels, giving highervolumetricaccurag thana “binarised” segmenta-
tion. Thisis achiezed by modellingthe distributionsof theintensityin eachtissue
class,andusingthesemodelsto estimatepartial volume effect for ary particular
voxel, givenits intensityandits neighbourhood.

This sggmentationis actually carried out on the original extractedbrain image,
not the normalisedone. This is so that no interpolationhasbeenappliedto the
image,which would slightly degradethe imageandleadto slightly lessaccurate
sggmentation(Theeye andbrainstemmaskingdiscusse@bore is actuallycarried
out on thisimage,by applyingthe reversenormalisatiornregistrationtransformto
the standardspacemaskto bring it into registerwith theinputimage.)

Thusthesegmentatiorgivesatotal volumefor braintissug(BV). Thisis multiplied
by a volumetricscalingfactor(derived from the normalisationtransform),to give
normalisedbrain volume (NBV). The NBV canoptionally be split into grey and
white volumes.

ThecompleteSIENAX methodis summarisedn Figure6.

13



uone.ssibal wouy Jo1oe)

Buireos Buisn sjeds pue |
alun|oA anssi ureiq UNOJ

Ilelg-uouyurelq ol uawbas

’ Sysew auIquiod

ysew
pJepue)s bal

ySew pauiquiod Ajdde

Buiolsal

uonensibai
paseq-1dI14

;

(fjuo a9uo sabew prepuels Jo 19s
)Jelaualb 01 pasn) uonoe.xa ureiq

Fab]

'
-4

!
f
1

reiq psepuels [lNYS prepuels

Figure6: Overvien of SIENAX.

14



4 Validation / Results

4.1 SIENA - Investigation of Accuracy asa Function of Slice Thick-
ness

To testtheaccurag of SIENA, 16 normalvolunteersverescannedn two separate
sessiongach,with arangeof slicethicknessego enablethe dependencen slice
thicknessof the accurag to be determinedthis datais alsoused,in Section4.4,
to testSIENAX). Thesubjects’agesrangedirom 26 to 44; half werefemale.The
scannemwas a Philips NT 1.5T operatingat the NMR Centerof the University
of Siena. Scansl to 6 were Immto 6mm slice thickness,T1-weightedaxial 2D
fastfield echo, TE=11ms,TR=35ms,flip=40°, NAqc=1. The 1mm scanlasted
18 minutes,and eachsuccessie scantook lesstime, with the 6mm scanlasting
3 minutes. Scan7 was a 3mm slice thicknessaxial volumetric fastfield echo,
TE=3ms, TR=20ms,flip=30°, NAqc=1, and lasted4 minutes. Scan8 was the
sameasscan?, but with coronalslices,lasting4 minutes.For all scanghein-slice
resolutionwas 1mm by 1mm, andenoughslicesweretaken to includethe top of
the scalpandthe bottomof the cerebellum.Theinter-sessiorinterval wasmostly
betweenl and7 days. Half of the subjectswere scannedvith the slice thickness
orderreversedto controlfor ordereffects.

Theresulting128pairsof imageswereprocesseavith SIENA, with no manualin-

tervention. TheregistrationresultsandBET segmentationverecheclked manually
- no obviously incorrectsegmentationsverefound for ary of the 256 imagesand
no obviously incorrectregistrationswerefoundin ary of the 128 pairs.

All PBVYC measureshouldideally be zero,asthe subjectsshouldnot be shaving
ary atrophyover sucha shorttime intenval. Therearetwo clearresultsfrom the
analysis. Firstly, thereis no clearslice-dependenct the errors. Secondly the
errorin PBVCis small- themedianabsoluteerroroverall resultss lessthan0.15%
(a reductionof 0.05% from the medianerror of 0.2% found using the original
versionof SIENA, reportedin [17]). Thefactthatthinnerslicesdo not generate
significantlybetterresultghanthicker slicesmayatfirst seensurprising.However,
onepossiblereasorfor this resultis thatthelower resolutionscansaretaken more
quickly andthereforeprobablycontainlessimagedistortiondueto subjectmotion
duringthescan.

The contritution of the skull-basedstepin the registrationwas alsoinvestigated;
the errorintroducedby this stepwasnearlyaslarge asthe total error, suggesting
thatthe skull-basedegistrationon averagemay contritute fairly highly to overall

15



atrophymeasuremengrror However, this stepis importantto include,giventhe
commonproblemof imaginggeometrydrift.

As a furthertestof the SIENA method,one of the subjects datasetswastested
acrossslice thicknesses eachimagefrom time point 1 wastestedagainsteach
imagewith a differentslice thicknessfrom time point 2. The medianabsolute
errorwasonly 0.4%,despitethe differencedetweertheimagesn eachpairing.

Thefinal outcomeof theseinvestigationsthereforejs thatthe errorin measuring
PBVC betweenimagesacquiredusing the samepulsesequences around0.15.
This valueis not stronglyslice-thicknesslependent.

4.2 SIENA - Validation Using Patient Data from ThreeTime Points

Furtherinvestigationsvere carriedout with datasetsof three-time-poinscansof
patients.A sensitve methodof erroranalysis[4] canbe carriedout on suchdata;
theatrophymeasurdrom thefirst time point (t0) to thesecondtl) is addedo the
measurdrom the secondime point (t1) to the third (t2), andthis sumcompared
with the direct measurdrom t0 to t2. This will shav up mostsourcesof errorin
theatrophyestimatiorprodecureandis thereforea usefulvalidationof themethod.
Sourcef errornot coveredarethosewhich affect both halvesof the comparison
equally;for example,if a scalingerrorwascausedy inaccurateskull estimation
atonetime point, andaffectedthetO to t1 atrophymeasuren the sameway thatit
affectedthetO to t2 measurethis would not shaw in thethree-time-poinainalysis.

Previously, MR imagesof brainsof 39 multiple sclerosigatientswvereusedin this
mannerto shav thatthe errorin PBVC estimationon patientdataagreeswith the
estimatedervedfrom thetest-reteshormalsdata[17]. A secondiatasethasmore
recentlybeenanalysedising 141 ageingvolunteergmeanage75, standardievi-
ation 6 years),courtesyof the Challenge/Optimaroject,Drs. Kevin Bradley and
MarcBudge,Radcliffe Infirmary, Oxford. Theresultsareshavnin Figure7; points
shouldideally lie onthey = z line. The errorbarsshav +0.15%,andare suffi-
cientto explain the majority of the deviationsfrom the line (the mediandistance
from theline is 0.22%),demonstratinghatthe precisionof the methodasapplied
to “active atrophy” datasetsis comparabléo thatwith normalcontrols(otherdata
setshave shavn evencloseragreementvith the“Sienanormals”errorestimation).
Note thatthereis a slight biasabove the line for higheratrophyrates,suggesting
thathigheratrophyis slightly underestimatedomparedvith lower rates.A possi-
ble explanationis in the Bayesianveightingagainstarge edgemotion (usefulfor
reducingerror andthusincreasingsensitvity) - this tradeof is beinginvestigated
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further

T T T T
FEVC: (tB-:ted ws (t8->t1 + t1-3t2) —e—

Figure7: Plotof (PBVC from t0 to t2) vs (PBVC from t0 to t1 plusthatfor t1 to
t2).

4.3 SIENA - Intersite Image Testing

As an extremetestof the robustnesf SIENA to changesn imagingparameters,
threeimagesof the samesubject,eachusinga differentMR scannerwereusedin
an A-B-C-A atrophyestimationtest. Clearly the atrophyresultsfrom thesethree
testsshouldsumto zero. Two scansweretaken at 1.5T with 3mm slices(NMR
Center University of Sienaand Montreal Neurologicallnstitute) andone at 3T
with 3.5mmslices(FMRIB, Oxford). The scansspana periodof oneyear The
meanabsolutePBVC estimateds 1.2%,andthe summedPBVCis 0.3%.
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4.4 SIENAX - Investigationof Err or asa Function of Slice Thickness

To testthe errorof SIENAX, the datafrom the 16 normalvolunteersdescribedn
Section4.1 wasused. Every pair of within-subjectsame-slice-thicknessnages
was usedin a test-retesof both BV and NBV. The meanerrorin BV (i.e. due
to BET andsegmentationonly) was0.4% (this erroris expressedisa percentage
of brain volume),andthe meanerrorin NBV (i.e. for the whole processnclud-
ing normalisation)was 1%. Thus, as expected,the normalisationstepincreases
test-reteserror However, the value of the normalisationstep(by reducingcross-
subjectvariability) canbe seenwhenthe standarderror of the meanbrainvolume
for thegroupis estimatedvith andwithoutnormalisationSE(BV) for thegroupis
1.5%andSE(NBV)is 0.7%.

A moredetailedinvestigationof theseresultsis nov described.Firstly, Figure8
shaws separatglotsfor the differentsubjectsof the volumetricscalingfactorde-
rived from the normalisationstep. The differentslice thicknessesreplottedin z
in the sameorderasbefore; however, this time therearetwo separatevaluesfor
eachslice thickness(onefor eachtime point). The vertical spreadof the differ-
entsubjects’plots shawvs thevariationin headsizewithin this group. Therelative
constang of eachplot (particularlyfor thefirst 6 slice thicknessesis encourag
ing. The slightly differentresultsfor the final two slice thicknessegz valuesof
12 to 15) are still lessthanthe spreadacrosssubjects,and are presumablydue
to the quite differentsequencessedfor theseimages(including possiblyslightly
differentimaginggeometrycalibration).

Figures9 and 10 shav plots of estimated BV andNBYV. The BV estimatesare
moreconsisten{within subject)thanthe NBV estimatesaserrorsdueto the nor
malisationhave not beenadded. However, the value of the normalisationcanbe
seenby notingthatthefractionalspreadacrosssubjectds reducedy afactorof at
least2.

45 SIENAX - MS vsNormals

A comparisorwas madeof a group of normals(N=20) with subgroupsof MS
patients(N=72, meanEDSS=4). ANOVA Tukey testsof NBV shaw significant
differencebetweennormalsandall EDSSbins exceptfor EDSS< 2, asseenin
Tablel.
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4.6 SIENAX - ExtremeParenchyma Loss

Figurell shavs the SIENAX outputfor anepilepsypatientfollowing frontal lobe
sulgery SIENAX hassuccessfully}copedwith boththe brainextractionandtissue
segmentation TheNBV for this patientis estimatedat 1.26 + 105 mm? (compared
with 1.45 + 106 mm? in arelevantcontrolgroup.)

Figurell: SIENAX outputfor anepilepsypatientfollowing frontal lobe suigery
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4.7 SIENAX - Further Investigationof Err or and Age-Dependency

A different study of 19 normals(3mm slice thicknessT1-weightedimages)was
processedby SIENAX. Figure 12 shawvs a plot of NBV vs date-of-birth. Again,
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Figure1l2: NBV vs date-of-birthfor 19 normals.

the standarderror of the NBV is approximately0.7%, andthe estimatedatrophy
ratefor thesenormalsis 0.2%p.a.

Otherdatasetsusedto testerrorin SIENAX resultshave givenlower meanerrors
thanthe 1% foundwith thesetwo datasets,up to afactorof 2.

5 Conclusion

This paperpresentsSIENA, a fully automatednethodof longitudinal (temporal)
brain changeanalysis,and an extensionto a nev method, SIENAX, for cross-
sectional(singletime point) analysis.SIENA is useful,for example,for longitudi-
nal studieswheremaximalsensitvity to changeovertimeis required.SIENAX is
useful,for example for differentiatingtwo groupsof subjectonthebasisof single
time pointbrainsizemeasurement.

Themethodsarefully automatedrobustandaccurate0.15%brainvolumechange
error(longitudinal)and0.5-1%brainvolumeaccurag for single-timepoint (cross-
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sectional).

The SIENA andSIENAX softwareis freely availableaspart of the FMRIB Soft-
wareLibrary (FSL) from thewww. f nTi b. ox. ac. uk/ f sl website.
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Group N | MeanNBV /10° mm? | SD/10° mm? | P
Controls | 20 | 1.45 0.05

TotalMS | 72| 1.39 0.10 0.0001
EDSS< 2 | 33| 1.44 0.07

EDSS< 5 | 61| 1.41 0.09 0.01
EDSS2-4 | 27 | 1.38 0.10 0.0001
EDSS5-8 | 10| 1.27 0.10 0.0001

Tablel: DifferentiatingdifferentMS sub-group®nthe basisof SIENAX NBV.
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