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Abstract

Quantitative measurementof brainsize,shapeandtemporalchange(for example,
in orderto estimateatrophy)is increasinglyimportantin biomedicalimageanaly-
sisapplications.New methodsof structuralanalysisattemptto improverobustness,
accuracy andextentof automation.A fully automatedmethodof longitudinal(tem-
poralchange)analysis,SIENA, waspresentedin [17]. In thispaper, improvements
to thismethodaredescribed,andalsoanextensionof SIENA to a new methodfor
cross-sectional(singletime point) analysis.Themethodsarefully automated,ro-
bust andaccurate:0.15%brainvolumechangeerror (longitudinal);0.5-1%brain
volumeaccuracy for single-timepoint (cross-sectional).A particularadvantageis
therelative insensitivity to differencesin scanningparameters.

Keywords: Structuralbrain analysis,atrophymeasurement,normalisedregistra-
tion

1 Intr oduction

Variousmethodshave beenproposedandimplementedfor cross-sectional(single
timepoint)or longitudinal(multipletimepoints)analysisof brainatrophy(or more
generalchangesin brainsizeandshape)usingmagneticresonanceimaging(MRI).
A majorpotentialapplicationof atrophymeasurementis asasurrogatemarker for
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theprogressionof neuro-degenerative diseasessuchasAlzheimer’s disease,or of
diseaseswith secondaryneuronalor axonalinjury, suchasmultiple sclerosis.

Cross-sectionalmethods(e.g.,[3]) work by measuringbrain tissuevolume- nor-
mally whiteplusgrey matter- andcomparingthisagainstanormalisationvolume-
normallyeitherbraintissuepluscerebrospinalfluid (CSF)volume,or intra-cranial
volume. Longitudinal methods(e.g., [4, 9]) typically register (align) two scans
separatedin time andfind regionsof change.In general,cross-sectionalanalysis
tendsto incur highermeasurementerrorthanlongitudinalanalysis.This is related
mainly to thepracticaldifferencebetweenintegrated(cross-sectional)anddiffer-
ential (longitudinal)measurementof change.Althoughmany datasetsdo contain
multiple timepointmeasurements,therearealsosituationswhereonly singletime
pointsareavailable,or wherethequestionof interestrelatesto “absolute”atrophy
ratherthanits rate.

This paperpresentscompletelyautomatedlongitudinalandcross-sectionalmea-
surementmethodsnamedrespectively SIENA (StructuralImageEvaluation,us-
ing Normalisation,of Atrophy) andSIENAX (anadaptationof SIENA for cross-
sectionalmeasurement).

SIENA performssegmentationof brainfrom non-braintissuein theheadandesti-
matestheouterskull surface(for bothtime-points),andusestheseresultsto regis-
ter thetwo images,while correcting(normalising)for imaginggeometrychanges.
Thenthe registeredsegmentedbrain imagesareusedto find local atrophy, mea-
suredon thebasisof themovementof imageedges.

SIENAX alsoperformssegmentationof brain from non-braintissuein the head
andestimatestheouterskull surface,with datafrom asingletime-point.Thebrain
andskull imagesarethenregisteredto astandardspacebrainandskull imagepair.
This stepnormalisesfor skull size,andmeansthat it is not necessaryto measure
CSFvolume (otherwisea problemin T1-weightedimagesas it is hard to accu-
ratelyseparateCSFandskull). Next aprobabilisticbrainmaskderivedin standard
spaceis appliedto make surethatcertainstructuressuchaseyes/opticnerve have
not beenincludedin the brain segmentation.Finally tissue-typesegmentationis
carriedout (includingpartialvolumeestimation)anda (normalised)brainvolume
estimateis produced.
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2 SIENA - Longitudinal Method

The SIENA methodwasoriginally describedin [17]. The major subsequentim-
provementis in thefinal stage(thechangeanalysis),so the initial stagesareonly
describedbriefly.

2.1 Brain Extraction

The first processingstageis the extraction of the brain from eachof the input
images,that is, thesegmentationof brainfrom non-braintissue.Themethodused
is known asBET - Brain ExtractionTool [15, 16]. BET usesa tessellatedmeshto
modelthesurface;this modelis allowed to deformaccordingto variousdynamic
localcontrollingtermsuntil it optimallyfits thebrainsurface.Resultsarenormally
in extremelygoodcorrespondencewith manuallysegmentedoutput,evenaround
theeyes,oneof themostdifficult areasto segmentfrom thebrain.

BET provides a binary brain mask, the segmentedbrain imageand an external
skull surfaceimageasoutput.Thecerebellumis includedin thesegmentedbrain,
asis theupperpartof thebrainstem- thestemis automaticallycut accordingto
a surfaceinterpolatedsagittallyacrosstheventralcerebellum,ponsandtemporal
lobes.

For anexampleextractedbrainsurface,seeFigure1 (left).

Figure 1: Left: Examplebrain surface found by BET. Middle: Exampleskull
surfacefoundby BET. Right: examplesubtractionimageafter registrationof two
imagesfrom asubjectwithout atrophy.
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2.2 Skull Extraction

Measurementof changesin brain size benefitsfrom the estimationof the skull
(which is of fairly unvaryingsizeover time in anadult)asa normalisingfactorin
bothcross-sectionalandlongitudinalmeasurements.Theimportanceof this in the
lattercasewill now beexplainedin moredetail.

Before brain changecan be measured,the two imagesof the brain have to be
registered(aligned).Clearlythis registrationcannotallow rescaling,otherwisethe
overall atrophywill beunderestimated.However, becauseof possiblechangesin
imaginggeometryover time(dueto gradientcalibrationdrift or variablelocalfield
distortions),it is necessaryto holdthescaleconstant(seealso[7] for previouswork
onthisproblem;notethatsomelongitudinalmethodshavefailedto takeaccountof
this problem,althoughmethodsbasedprimarily on cross-sectionalmeasurements
tendto normaliseagainstit). With themethoddescribedhere,thiscanbeachieved
by usingtheexteriorskull surface(assumedto beconstantin sizeandshapefor an
individual) asascalingconstraintin theregistration.

In most MR images,the skull appearsvery dark. In T1-weightedimages,the
internal surfaceof the skull is largely indistinguishablefrom the CSF, which is
alsodark. Thusthe exterior surfaceis searchedfor. This alsocanbe difficult to
identify, evenfor humanexperts,but is themostrealisticsurfaceto aimto find. The
exterior skull surfaceis foundautomaticallyasthefinal stageof brainextraction,
usingBET. Startingwith theestimatedbrainsurface,eachsurfacepoint is takenas
thestartof asearchoutwardsfor theoptimalskull position.Themostdistant(from
thebrain)pointof low intensity(beforethebrightscalp)is found,andthefirst peak
in gradientoutsideof this is thendefinedastheexactpositionof theexteriorof the
skull surface.This methodis quitesuccessful,evenin regionsof overlying (dark)
muscleor wherethereis significant(bright) marrow within thebone.

Thusa skull imageis generatedfor eachinput image,to be usedin registration.
For example,seeFigure1 (middle).

2.3 Registration

As alreadystated,beforethe differencesbetweentwo imagescanbe found, the
brains in the two imagesmust be aligned,using a registrationprocedure. The
registrationcarriedout usesa robust and accurateautomatedlinear registration
tool, FLIRT (FMRIB’sLinearImageRegistrationTool) [11].
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The useof FLIRT in this applicationis morecomplex than in the more normal
caseof registrationof two single images.A three-stepprocedureis used,where
thebrainimagesareusedto optimisetheinitial registrationandthefinal translation
androtation,whilst theskull imagesareusedto optimisethescalingandskew.

Onecouldstophereandapplychangeanalysisto theregisteredsecondbrainand
theoriginal first brain.However, this is notoptimal,asthesecondbrainimagehas
beenthrougha processingstepthat thefirst brain imagehasnot, namelya spatial
transformation(involving interpolationof its values). The imageswill therefore
look slightly different; the transformedsecondbrain imagewill be slightly more
blurredthanthefirst brain image. To ensurethat the imagesbeingcomparedun-
dergo equivalentprocessingsteps,bothinput imagesaretransformedto aposition
which is halfway betweenthe two. In this way both imagesare subjectedto a
similar degreeof interpolation-relatedblurring.

The typical quality of this brain registrationis illustratedin Figure1 (right), an
examplesubtractionof a registeredpair of headimages,which shows only appre-
ciablemotionoutsideof theskull.

All of thebrainandskull imagesarenow discarded;only theoriginalunsegmented
imagesandthe brain maskimagesarekept. The transformationsareappliedto
theseimagessothattwo registered(“common-space”)headimagesandtwo regis-
teredbrainmaskimagesresult.Thesefour imagesarepassedon to thenext stage.

2.4 Masking

Theregisteredbinarybrainmasksarenow combinedinto asinglemaskwhichwill
beappliedto the registeredheadimagesto producetwo new registeredbrain im-
ages.Thereasonfor this (ratherthankeepingtheoriginal registeredbrainimages)
is thatevenslight differencesin theoriginal brainsegmentations(i.e., theproduc-
tion of thebrain masks)would causethe artefactualappearanceof brain change.
Thusthe two masksare“binary ORed” - i.e., if either is 1 at a particularvoxel,
theoutputis 1. (They cannotbe“ANDed” asthebrainfrom thesecondtime point
would causeincorrectlyreducedmaskingof thefirst time point imagein thecase
of atrophy.)

Theresultingcombinedmaskis thenappliedto theregisteredheadimagesto pro-
ducetwo registeredbrain images.Thesetwo imagesarepassedto thefinal stage
for theanalysisof change.
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2.5 ChangeAnalysis

Thenext stagein theanalysisis thechangeestimationitself. Thereis greatvariety
in how this is achievedamongstpublishedlongitudinalatrophymethods.Somere-
searchers(e.g.,[10, 9,12]) usenormalizedsubtractionof theimages,assumingthat
resultingareasof significantdeviation from zerocorrespondto areasof interesting
brainchange.This relieson theassumptionthattheimageswill appearexactly the
same(apartfrom the changeof interest);variousproceduressuchashistogram-
matchingandrelative biasfield correctionhave beensuggested[12], in order to
attemptto make theimageslook assimilar aspossible.Otherslook moredirectly
for changesaroundtissueboundaries.For example,[5, 4, 7, 6] usethe“boundary
shift integral” (the areaunderthe intensityprofile acrossa boundaryin image1
is subtractedfrom that for image2, andnormalisedby the boundaryheight, re-
sulting in anaccuratemeasureof lateralmotion),which givesthemotionof each
edge,even if blurred,but only if imagecontrastsin generalarewell matchedbe-
tweenscans.Methodsthat areprincipally cross-sectionalin nature,suchasthat
of Fisher[3, 14], Ge [8] andReddick[13] avoid theneedto addressthe issueof
changeanalysis.

The systempresentedherefirst attemptsto find all brainsurfaceedgepointsand
thenestimatesthemotionof theseedgepointsfrom onetimepointto thenext. This
edgemotionis foundfor thewholebrainsurface,enablingthetotalvolumechange
to be estimated.The previously publishedversionof SIENA foundedgeson the
basisof edgestrength,andthenfoundedgemotionby searchingfor matchingedge
pointsfrom oneimageto thenext. Thissufferedslightly from relatively imprecise
definition of edgepoints, i.e., discriminationwasimperfect. The currentversion
usesfull tissue-typesegmentationto find edgepoints,andthusis morecorrectly
selective, andalso enforcescontinuity of the estimatedbrain surface. Thus the
systempresentedherefindsall brainsurfaceedgepoints(includinginternalbrain-
CSFedgepoints,suchasthosearoundtheventricles)andthenfindsthemotionof
thesepoints,in aBayesianframework,perpendicularto thelocaledge,to sub-voxel
accuracy.

In orderto find all brainsurfaceedgepoints,tissuesegmentationis 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) modelandan associated
Expectation-Maximizationalgorithmfor estimatingtissueintensityparametersand
biasfield (spatialintensityinhomogeneity).Thewholeprocessis fully automatic
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(after being instructedas to whetherthe imageis T1 or T2, andwhetherto at-
temptto segmentgrey andwhite matterasa singleclassor asseparateclasses),
producinga tissue-labelledsegmentation.It is robustandreliable,comparedto the
morecommonfinite-mixture-model-based methods,which aresensitive to noise,
particularlyasthey useno spatialneighbourhoodinformation.

The tissuesegmentationlabelsareusedto find all brain edgepoints. First, gray
andwhitevoxelsarecombinedinto asingleclass,asarealsoCSFandbackground
voxels. All boundaryvoxels betweenthesetwo resultingclassesareusedfor the
next processingstage.Notethatthis methodof finding brainedgevoxelsenforces
a continuoussurface (without breaks),althoughnot necessarilya topologically
simple one. Figure 2 shows exampleslices throughan imageafter edgepoint
detection(andalsoexampleperpendicularimageprofilesasdescribedbelow).

Figure2: Exampleslicesthroughan imageafter edgepoint detection,andalso
exampleperpendicularimageprofiles.

Next, thecommon-spaceregisteredimagefrom timepointoneis processedateach
brainedgepoint. First theimagegradientdirection(in 3D) is found,usinga sim-
ple 3x3x3Gaussian-weightedderivative operator. This is usedto find thesurface
normalunit vector(andwill alwayspoint from thedarker sideof theboundaryto
the lighter side- this informationwill laterbeusedto tell thedifferencebetween
atrophyand“growth”).

Next, a1D array(anintensityprofileperpendicularto theedge)is filled with values
from the image.Thesevaluesaresampledat sub-voxel positions(usingtri-linear
interpolation)asthearray’s elementswill not in generalfall exactly at voxel grid
positions.Thelengthof thearrayis presetto a fixednumberof millimeters(typ-
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); the extent will alsobe limited by the presenceof a secondedge,for
example,thefar sideof a sulcus,in orderto preventothernearbyedgesfrom con-
fusingthemotionestimation.A second1D arrayis filled with valuesfrom exactly
the sameimagepositionsfrom the (common-spaceregistered)imagefrom time
point two.

Edgemotion is now estimatedby finding the relative shift, betweenthe arrays,
which producesthe maximumcorrelation(to sub-voxel accuracy using interpo-
lation of the correlationscores). However, beforethe correlation,eacharray is
pre-processedin two ways.

First eachprofile is convolved with a differentiatingkernel,as it makessenseto
correlatethederivatives(edge-enhancements)of thetwo 1D imageprofilesrather
thantheraw imagevalues;if thereareintensityor contrastdifferencesbetweenthe
two images,thepositionof maximumcorrelationcouldbeskewed,but this effect
is muchreducedif correlatingedge-enhancedversionsof the profiles. Thusthis
methodrequiresno (intensity)normalisationof theimages,andis not sensitive to
problemsarisingfrom intensityinhomogeneitiesacrosstheimages.

Thesecondprocessis themultiplicationof eachprofileby ahigh-power exponen-
tial profile (smoothedsharpcutoff); this actsasa prior on theexpectedmotionby
weightingthe correlationscore,so that highermotionsarelesslikely thansmall
ones- this helpsreducethe effect of large motion mismatches(which otherwise
make a largecontribution to error in theoverall method).This canbeviewedasa
Bayesianprior:

	�

displacement� data
�� 	�


data� displacement
 	�
 displacement
�� (1)

wherethefirst termon theright canbethoughtof astheraw correlationscore,and
secondtermis theprior on thedisplacementbetweentheprofiles

	�

displacement
������ displacement���� � � (2)

which has � set to a suitablelengthsuchas7mm. Becausethe posterioron the
displacementis simplyusedto find themaximumprobabilitytheconstantsof pro-
portionalityareunimportant.

Thustheoptimaldisplacementis foundfor eachedgepoint,and,asstatedearlier,
thedirectionof theedgenormaldetermineswhetheratrophyor “growth”1 is taking

1“Growth” couldeitherbe real,e.g. oedema,or dueto nonlinearmotion betweenthe two time
points. In thelattercase,it will tendto cancelout with atrophymeasurementsat otherpointsin the
image.
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placeat thispoint. Thepositionof optimaldisplcaementis estimatedto sub-voxel
accuracy by fitting a quadraticthroughthe correlationvaluesat the peakandits
two neighbours.Figure3 showsexampleprofilesfrom oneedgepointwith aslight
shift betweentime points,andthederivativesof theseprofiles.
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Figure3: Exampleprofilesfrom oneedgepoint with a slight shift betweentime
points,andthederivativesof theseprofiles.

For exampleslicesshowing atrophyasdarkedgepointsand“growth” aslight, see
Figure4.

2.6 PercentageBrain VolumeChangeQuantification

Brainatrophyis convenientlyquantifiedby asinglenumbersuchasthepercentage
brainvolumechange(PBVC).Theinitial valueobtainedfrom thechangeimageis
thesumof all edgepoint motions(linearvoxel units),which, whenmultiplied by
voxel volume,givesthe total BVC. This is onepossiblemeasure,aswould be a
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Figure4: Exampleslicesshowing atrophyasdark edgepointsand“growth” as
light.

PBVC derived directly from this. However, a moreinvariantmeasureis obtained
by dividing thisvolumeby thenumberof edgepointsfoundtimesthevoxel “area”.
(Note,thefinal stagesof SIENA arealwayscarriedoutwith cubicvoxels,sothere
is no confusionaboutthedefinitionof areahere.)This measureis thenthemean
perpendicularbrainsurfacemotion. Thereasonwhy this is preferableto thetotal
volumechangeis that it is not (to first order)dependenton the numberof edge
pointsfound.As thenumberof edgepointsdependson slicethickness(seebelow
- typically by afactorof two between1mmslicesand6mm)and(to alesserextent)
otherscanningdetails,it is agoodideato normalizefor thenumberof pointsfound.
Finally, if it is requiredto convert themeansurfacemotionto aPBVC,theratioof
thebrainvolumeto thebrainsurfaceareaneedsto beestimated.

In this formulation: �����! #"
$&% � (3)

where

�
is themeansurfacemotion,

 "
is theedgemotion(voxels)summedover

all edgepoints,
�

is voxel volume, % is thenumberof detectededgepointsand $
is voxel cross-sectionalarea.Thus,

% brainvolumechange

�('*)+) �-,
.

�('*)+) �0/ ..
� '*)+) �0/ � (4)

where

,
is thebrainsurfacearea(actual,i.e.,not $&% ),

.
is theactualbrainvolume,/

is theratioof actualareato volume.
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It is possibleto find

/
directly for any given imagewithout knowing

,
or
.

; if a
singleimageis scaledby a known amountandthencomparedwith the unscaled
versionusing the above changeanalysis,the correctPBVC is known from the
scalingthat was applied,and the measurementof

�
then allows

/
to be found.

It variesacrossscanners,slice thicknessesandpulsesequence,but normally lies
between0.1 and0.2mm1 � . Applying this method(referredto asself-calibration)
helpsreducebias(systematicerror)in thereportedestimatesof PBVC.

ThecompleteSIENA methodis summarisedin Figure5.

3 SIENAX - Cross-SectionalMethod

SIENAX is closelyrelatedto theSIENA longitudinalmethod,but, insteadof using
imagesfrom two different time points,SIENAX attemptsto estimatenormalised
brainvolume(NBV)2 from a singleimage,usingtheskull to normalisespatially,
with respectto astandardimage.Cross-sectionalstudiesof brainatrophynormally
attemptto relatebrainsizeat agivenpoint to thesizeof thebrainat maturity. In a
cross-sectionalstudythelattercanonly beestimatedfrom skull size,but theclose
relationshipbetweennormalskull andbraingrowth makesthis a reliablemarker.
Thus, the goal for determinationof relative brain atrophyis to accuratelydefine
brain sizewith respectto skull size,normalisedto a standardtemplate.Another
way of looking at the value of normalisingfor head/skullsize is that it reduces
within-groupvariations,makingcross-groupcomparisonsmoresensitive.

An alternative to usingheadsizein normalisationis to estimateCSFvolume(to
endup with a measureof intra-cranialvolume). Oneadvantageof the approach
describedhereis that it is not restrictedto runningon imageswhereCSFcanbe
robustly found. For example,in T1-weightedimages,it is hardto distinguishbe-
tweenCSFandskull voxels,reducingtheaccuracy of CSF-volume-basednormal-
isation;clearlythis is notaproblemfor SIENAX.

BecauseSIENAX usesseveralof the techniquesalreadydescribedabove, thede-
scriptionof themethod,givenbelow, is relatively brief.

2“NBV” will beusedto refer to brainvolumeafter normalisationto standardspace;“BV” will
beusedto referto originalbrainvolume,i.e.beforethisnormalisation.NotethatBV is in mm2 , and
thatthenormalisationfactoris dimensionless,sothatNBV is alsoin mm2 .
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combine masks apply combined maskapply combined mask

calculate brain change

brain extraction brain extraction
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input 1 input 2

reg mask 1reg head 1 reg mask 2 reg head 2

combined maskreg brain 1 reg brain 2

brain change

Figure5: Overview of SIENA.
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3.1 Brain Extraction and Normalisation

SIENAX usesBET to find thebrainandskull imagesfrom the singleinput head
image. Theseare then used,in a similar mannerto the registrationprocessin
SIENA, to register the imageto standardspacebrain andskull images(derived
from the MNI152 standardimage[2, 1]). Next a standardspacemaskis usedto
makesurethatnopartsof theeyesareleft from thebrainextraction(becauseof the
connectionof theoptic nerve, this canoccasionallyhappen)andalsoto provide a
consistent(i.e.,non-arbitrary)cutoff point for thebrainstem.

3.2 TissueSegmentation

Next, thetissuesegmentationprogramdescribedabove [18] is usedto segmentthe
extractedbrainimageinto grey, white,CSFandbackground,giving aBV estimate.
However, unlike thesegmentationcarriedoutfor SIENA (wheretheexactposition-
ing of thebrainboundary, to sub-voxel position,is not important,becauseit is the
motion of the profiles aroundthis position that matterandnot the exact central
point of theprofiles),theexactvolumesof thedifferenttissuesis now very impor-
tant. Thusthesegmentationmethodincludesestimationof partial volumeeffects
for edgevoxels, giving highervolumetricaccuracy thana “binarised” segmenta-
tion. This is achievedby modellingthedistributionsof theintensityin eachtissue
class,andusingthesemodelsto estimatepartial volumeeffect for any particular
voxel, givenits intensityandits neighbourhood.

This segmentationis actually carriedout on the original extractedbrain image,
not the normalisedone. This is so that no interpolationhasbeenappliedto the
image,which would slightly degradethe imageandleadto slightly lessaccurate
segmentation.(Theeyeandbrainstemmaskingdiscussedabove is actuallycarried
out on this image,by applyingthereversenormalisationregistrationtransformto
thestandardspacemaskto bring it into registerwith theinput image.)

Thusthesegmentationgivesatotalvolumefor braintissue(BV). This is multiplied
by a volumetricscalingfactor(derived from thenormalisationtransform),to give
normalisedbrain volume(NBV). The NBV canoptionally be split into grey and
white volumes.

ThecompleteSIENAX methodis summarisedin Figure6.
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Figure6: Overview of SIENAX.
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4 Validation / Results

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

To testtheaccuracy of SIENA, 16normalvolunteerswerescannedin two separate
sessionseach,with a rangeof slicethicknesses,to enablethedependenceon slice
thicknessof theaccuracy to bedetermined(this datais alsoused,in Section4.4,
to testSIENAX). Thesubjects’agesrangedfrom 26 to 44; half werefemale.The
scannerwas a Philips NT 1.5T operatingat the NMR Centerof the University
of Siena.Scans1 to 6 were1mm to 6mm slice thickness,T1-weightedaxial 2D
fast field echo,TE=11ms,TR=35ms,flip=403 , NAqc=1. The 1mm scanlasted
18 minutes,andeachsuccessive scantook lesstime, with the 6mm scanlasting
3 minutes. Scan7 was a 3mm slice thicknessaxial volumetric fast field echo,
TE=3ms,TR=20ms,flip=303 , NAqc=1, and lasted4 minutes. Scan8 was the
sameasscan7, but with coronalslices,lasting4 minutes.For all scansthein-slice
resolutionwas1mmby 1mm,andenoughslicesweretaken to includethe top of
thescalpandthebottomof thecerebellum.Theinter-sessioninterval wasmostly
between1 and7 days.Half of thesubjectswerescannedwith theslice thickness
orderreversed,to controlfor ordereffects.

Theresulting128pairsof imageswereprocessedwith SIENA, with nomanualin-
tervention.TheregistrationresultsandBET segmentationwerecheckedmanually
- no obviously incorrectsegmentationswerefoundfor any of the256imagesand
no obviously incorrectregistrationswerefoundin any of the128pairs.

All PBVC measuresshouldideally bezero,asthesubjectsshouldnot beshowing
any atrophyover sucha shorttime interval. Therearetwo clearresultsfrom the
analysis. Firstly, thereis no clearslice-dependenceto the errors. Secondly, the
errorin PBVCissmall- themedianabsoluteerroroverall resultsis lessthan0.15%
(a reductionof 0.05% from the medianerror of 0.2% found using the original
versionof SIENA, reportedin [17]). The fact that thinnerslicesdo not generate
significantlybetterresultsthanthickerslicesmayatfirst seemsurprising.However,
onepossiblereasonfor this resultis thatthelower resolutionscansaretakenmore
quickly andthereforeprobablycontainlessimagedistortiondueto subjectmotion
duringthescan.

The contribution of the skull-basedstepin the registrationwasalsoinvestigated;
theerror introducedby this stepwasnearlyaslarge asthe total error, suggesting
that theskull-basedregistrationon averagemaycontribute fairly highly to overall
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atrophymeasurementerror. However, this stepis importantto include,given the
commonproblemof imaginggeometrydrift.

As a further testof the SIENA method,oneof the subject’s datasetswastested
acrossslice thicknesses- eachimagefrom time point 1 was testedagainsteach
imagewith a different slice thicknessfrom time point 2. The medianabsolute
errorwasonly 0.4%,despitethedifferencesbetweentheimagesin eachpairing.

Thefinal outcomeof theseinvestigations,therefore,is that theerror in measuring
PBVC betweenimagesacquiredusing the samepulsesequenceis around0.15.
This valueis not stronglyslice-thicknessdependent.

4.2 SIENA - Validation Using Patient Data fr om ThreeTime Points

Furtherinvestigationswerecarriedout with datasetsof three-time-pointscansof
patients.A sensitive methodof erroranalysis[4] canbecarriedout on suchdata;
theatrophymeasurefrom thefirst timepoint (t0) to thesecond(t1) is addedto the
measurefrom thesecondtime point (t1) to the third (t2), andthis sumcompared
with thedirectmeasurefrom t0 to t2. This will show up mostsourcesof error in
theatrophyestimationprodecureandis thereforeausefulvalidationof themethod.
Sourcesof errornot coveredarethosewhich affect bothhalvesof thecomparison
equally; for example,if a scalingerrorwascausedby inaccurateskull estimation
at onetime point,andaffectedthet0 to t1 atrophymeasurein thesameway thatit
affectedthet0 to t2 measure,thiswouldnot show in thethree-time-pointanalysis.

Previously, MR imagesof brainsof 39multiplesclerosispatientswereusedin this
mannerto show that theerror in PBVC estimationon patientdataagreeswith the
estimatederivedfrom thetest-retestnormalsdata[17]. A seconddatasethasmore
recentlybeenanalysedusing141ageingvolunteers(meanage75, standarddevi-
ation6 years),courtesyof theChallenge/Optimaproject,Drs. Kevin Bradley and
MarcBudge,Radcliffe Infirmary, Oxford. Theresultsareshown in Figure7; points
shouldideally lie on the 4

�65
line. Theerrorbarsshow

�
0.15%,andaresuffi-

cient to explain themajority of thedeviationsfrom the line (themediandistance
from theline is 0.22%),demonstratingthat theprecisionof themethodasapplied
to “active atrophy”datasetsis comparableto thatwith normalcontrols(otherdata
setshaveshown evencloseragreementwith the“Sienanormals”errorestimation).
Note that thereis a slight biasabove the line for higheratrophyrates,suggesting
thathigheratrophyis slightly underestimatedcomparedwith lower rates.A possi-
ble explanationis in theBayesianweightingagainstlargeedgemotion(usefulfor
reducingerrorandthusincreasingsensitivity) - this tradeoff is beinginvestigated
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further.

Figure7: Plot of (PBVC from t0 to t2) vs (PBVC from t0 to t1 plusthat for t1 to
t2).

4.3 SIENA - Intersite Image Testing

As anextremetestof therobustnessof SIENA to changesin imagingparameters,
threeimagesof thesamesubject,eachusinga differentMR scanner, wereusedin
an A-B-C-A atrophyestimationtest. Clearly theatrophyresultsfrom thesethree
testsshouldsumto zero. Two scansweretaken at 1.5T with 3mm slices(NMR
Center, University of Sienaand Montreal NeurologicalInstitute) and one at 3T
with 3.5mmslices(FMRIB, Oxford). The scansspana periodof oneyear. The
meanabsolutePBVCestimatedis 1.2%,andthesummedPBVCis 0.3%.
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4.4 SIENAX - Investigationof Err or asa Function of SliceThickness

To testtheerrorof SIENAX, thedatafrom the16 normalvolunteersdescribedin
Section4.1 wasused. Every pair of within-subjectsame-slice-thicknessimages
was usedin a test-retestof both BV and NBV. The meanerror in BV (i.e. due
to BET andsegmentationonly) was0.4%(this error is expressedasa percentage
of brain volume),andthe meanerror in NBV (i.e. for the whole processinclud-
ing normalisation)was1%. Thus,asexpected,the normalisationstepincreases
test-retesterror. However, thevalueof thenormalisationstep(by reducingcross-
subjectvariability) canbeseenwhenthestandarderrorof themeanbrainvolume
for thegroupis estimatedwith andwithoutnormalisation;SE(BV) for thegroupis
1.5%andSE(NBV) is 0.7%.

A moredetailedinvestigationof theseresultsis now described.Firstly, Figure8
shows separateplots for thedifferentsubjectsof thevolumetricscalingfactorde-
rived from thenormalisationstep.Thedifferentslice thicknessesareplottedin

5
in the sameorderasbefore;however, this time therearetwo separatevaluesfor
eachslice thickness(onefor eachtime point). The vertical spreadof the differ-
entsubjects’plotsshows thevariationin headsizewithin this group.Therelative
constancy of eachplot (particularlyfor the first 6 slice thicknesses)is encourag-
ing. The slightly differentresultsfor the final two slice thicknesses(

5
valuesof

12 to 15) are still lessthan the spreadacrosssubjects,and are presumablydue
to thequitedifferentsequencesusedfor theseimages(includingpossiblyslightly
differentimaginggeometrycalibration).

Figures9 and10 show plots of estimated BV andNBV. The BV estimatesare
moreconsistent(within subject)thantheNBV estimates,aserrorsdueto thenor-
malisationhave not beenadded.However, thevalueof the normalisationcanbe
seenby notingthatthefractionalspreadacrosssubjectsis reducedby afactorof at
least2.

4.5 SIENAX - MS vs Normals

A comparisonwas madeof a group of normals(N=20) with subgroupsof MS
patients(N=72, meanEDSS=4). ANOVA Tukey testsof NBV show significant
differencebetweennormalsandall EDSSbins exceptfor EDSS 798 , asseenin
Table1.
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Figure8: Plots(oneplot for eachsubject)of volumetricscalingfactor( 4 ) derived
from normalisationvs differentslicethicknesses(
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Figure9: Plotsof BV vsdifferentslicethicknesses.
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4.6 SIENAX - Extr emeParenchyma Loss

Figure11 shows theSIENAX outputfor anepilepsypatientfollowing frontal lobe
surgery. SIENAX hassuccessfullycopedwith boththebrainextractionandtissue
segmentation.TheNBV for thispatientis estimatedat

';: 8+<>= '*)+? mm
�

(compared
with

';:�@BA = '*) ? mm
�

in a relevantcontrolgroup.)

Figure11: SIENAX outputfor anepilepsypatientfollowing frontal lobesurgery.
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4.7 SIENAX - Further Investigationof Err or and Age-Dependency

A differentstudyof 19 normals(3mm slice thicknessT1-weightedimages)was
processedby SIENAX. Figure12 shows a plot of NBV vs date-of-birth. Again,

Figure12: NBV vs date-of-birthfor 19normals.

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

Otherdatasetsusedto testerror in SIENAX resultshave givenlower meanerrors
thanthe1%foundwith thesetwo datasets,up to a factorof 2.

5 Conclusion

This paperpresentsSIENA, a fully automatedmethodof longitudinal(temporal)
brain changeanalysis,and an extensionto a new method,SIENAX, for cross-
sectional(singletimepoint) analysis.SIENA is useful,for example,for longitudi-
nal studieswheremaximalsensitivity to changeover time is required.SIENAX is
useful,for example,for differentiatingtwo groupsof subjectsonthebasisof single
time pointbrainsizemeasurement.

Themethodsarefully automated,robustandaccurate:0.15%brainvolumechange
error(longitudinal)and0.5-1%brainvolumeaccuracy for single-timepoint(cross-
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sectional).

TheSIENA andSIENAX softwareis freely availableaspartof theFMRIB Soft-
wareLibrary (FSL) from thewww.fmrib.ox.ac.uk/fslwebsite.
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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 7C8 33 1.44 0.07
EDSS 7 A 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

Table1: DifferentiatingdifferentMS sub-groupson thebasisof SIENAX NBV.
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