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ABSTRACT

In this work we consider the process of aligning a set of anatomical MRI scans, from a group of subjects, to a
single reference MRI scan as accurately as possible. A key requirement of this anatomical normalisation is the
ability to bring into alignment brain images with different ages and disease states with equal accuracy and precision,
enabling the unbiased comparison of different groups. Typical images of such anatomy may vary in terms of both
tissue shape, location and contrast. To address this we have developed, a highly localised free-form inter-subject
registration algorithm driven by normalised mutual information. This employs an efficient multi-image resolution
and multi-deformation resolution registration procedure. In this paper we examine the behaviour of this algorithm
when applied to aligning high-resolution MRI of groups of younger, older and atrophied brain anatomy to different
target anatomies. To gain an insight into the quality of the spatial normalisation, we have examined two properties
of the transformations: The residual intensity differences between spatially normalised MRI values and the spatial
discrepancies in transformation estimates between group and reference, derived from transformations between 168
different image pairs. These are examined with respect to the coarseness of the deformation model employed.

Keywords: Spatial Normalisation, Inter-Subject Non-Rigid Registration, Brain Atlas, Normalised Mutual Informa-
tion

1. INTRODUCTION

The ability to map volumetric brain image data from different subjects into a common reference space is becoming an
increasingly valuable tool in all areas of brain imaging.! It allows direct voxel by voxel comparison of measurements
made in each subject’s anatomy and the construction of statistical maps of these measurements acquired from different
clinical groups. However, the task of mapping different individual brains to a common space is a fundamental problem
stemming from the inherent variability of human brain anatomy, particularly in the cortex.*® The field of inter-
subject brain mapping or atlas matching is extensive. It can be broadly divided into approaches attempting only
to recover gross anatomical correspondence’® (accounting for the size and shape of lobes etc), allowing analysis
of residual structural differences,'® and approaches which attempt to derive a complete voxel level correspondence
between all smaller structures.!™*® These finer, voxel level, estimation schemes have tended to focus on intensity
based registration, rather than more sparse, feature based alignment. To deal with the problem of correspondence
and missing or additional sulci or gyri, workers have examined the introduction of additional constraints into the
volume registration process. These often make use of explicitly identified surfaces'® or common sulci or gyri.!”:18
Other methods still, have looked at employing alternative coordinate systems, particularly the cortical surface, in
which to carryout or refine the sulcal alignment.>!9:20 However the extraction of specific features can be at the cost
of providing a less automated solution, often requiring user interaction in the process of surface delineation in noisy
or motion-corrupted data.

Within our research group, large scale clinical imaging studies are carried out on a range of degenerative brain
diseases using both high resolution, multi-echo anatomical MRI and low resolution MRSI acquisitions. These diseases
can commonly induce both atrophy and tissue contrast changes with respect to normal anatomy. We aim to develop
a system capable of bringing all data from control and disease groups into a common reference space for analysis.
Due to the large quantity of data and the variety of disease effects influencing tissue contrast, we have concentrated
on developing fully automated techniques using voxel based rather than feature based registration. Here we examine
the use of an entropy driven spatial normalisation scheme which may also provide robustness to local tissue contrast
changes.
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2. METHODS
2.1. Registration criteria

Entropy derived alignment criteria such as joint entropy?! and mutual information?2-2% have been shown to provide a
robust measure of multi-modality alignment, while normalisation of the criteria provides further robustness through
overlap invariance.26 Although extreme intensity distortion has been shown to influence the registration measure
requiring additional spatial encoding schemes,?”?® this problem generally arises only for the most extreme intensity
inhomogeneity induced by surface or phased array imaging coils. Here we make use of the overlap invariant form of
normalised mutual information which can be expressed as,

H(M,) + H(My)

C(My; M) = H(My, My)

1)
where H(M;) and H(Ms) are the marginal entropies of the reference m; € My and subject me € Mo MRI values
occurring in the volume of overlap of points,

Xll - X1 < X1|T12(X1) < Xz, (2)

in the reference X; and test subject X» MRI volumes, related by transformation Tio. H (M, M>) is the joint
entropy of the co-occurrence of the values in the two scans. These entropies are evaluated from the joint probability
distribution of corresponding image intensities p(m;y, m2) directly using,

H(M, M) = Y > —p(mi,ms)log(p(mi,ms)), ®3)
m1EM1 mo€Ms
H(M) = Y —pi(mi)log(pi(m)), (4)
m1 €My
and,
H(My) = Y —pa(ms)log(pa(ma)), (5)
ma€ Mz
where,
pi(mi) == > p(mi,my), (6)
ma€Ma
and,
pa(ma) == D p(mi,ms). (7)
m1€EM;

In our implementation, the joint probability distributions p(m;,ms) are derived from a discrete histogram, evaluated
for a given transformation, using tri-linear intensity interpolation.

2.2. Reference MRI atlas preparation

There are a number of approaches to constructing a common reference anatomy as a target for spatial normalisation.
A popular approach is to use a single anatomy pre-aligned in standard coordinates,?® allowing the reporting of
the location of any findings in these standard coordinates. Alternatively an average brain can be constructed in an
average coordinate system®15 to provide a reference anatomy which represents average of the variability of the group
or groups being studied. However this process inherently depends on the basic step of inter-subject registration in
order to create an average space. For this work, we examine the basic step of mapping between individual MRI’s and
make use of a single representative MRI as reference space. We are primarily concerned with accurate normalisation
of different subject groups, rather than in the ability to report results in a standard anatomical coordinate system.
The use of a single MRI as opposed to an averaged and blurred MRI ensures that we retain the finest anatomical
structures for registration.

To improve the robustness to head and scalp shape variation and minimize computation time, we take a similar
approach to that of>* and make use of a brain editing step to limit deformation estimates to fitting only brain tissue
defined in the atlas. The brain voxels are identified using a simple morphological segmentation requiring minimal
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user interaction.3! This step is only applied once to the reference atlas, and not to the MRI of each subject. All

tissues outside the reference brain are set to a padding value to be ignored. MRI values of all tissues within the
brain, including the CSF of the ventricles, are retained. A voxel dilation step is applied to retain a layer of between
2 and 4 voxels around the brain surface. This ensures that the outer boundary is included within the mask to aid in
volume matching. This masked region is shown for the atlas data used in the experiments, in Figure 1.

2.3. Hierarchical transformation refinement

To provide a fully automated and robust estimate of the mapping between a subject and an atlas, we employ an
hierarchical approach to the volume matching. This begins by estimating the rigid registration between a subject
and the reference MRI using a multi-resolution optimization of Normalised Mutual Information.?6:25 We use the
full MRI scan at this stage, rather than the brain masked reference image, to provide the most robust recovery of
large scale alignment. This can automatically recover gross differences in patient positioning of 30 or more degrees,
between a pair of scans.?®  We then further refine this global estimate by re-estimating a nine parameter (rigid and
scale) transformation between the reference and subject anatomy. This is estimated using the brain masked reference
image only, so that the scale estimates apply to the brain tissue only, and not the scalp, skull or other head features.
This nine parameter global estimate then forms the starting point for the local-registration.

We have used an approach developed from those described in,32:3%33 employing a smooth cubic B-Spline model

for the geometric transformation field. This is controlled by a 3D lattice of control knots,

Qi j.k
Kije=1| Bijr |, (8)
ryimj,k

at locations (i, j, k) € Z3, to describe the B-spline®* deformation in each axis. We distribute these regular lattice
points with isotropic spacing of ¢ voxels, over the the reference MRI such that [i, 7, k]T.c € X;.

2.4. Estimation of fine lattice deformations using Normalised Mutual Information

We have modified the tissue deformation algorithm used in3° in two important areas, to allow the estimation of much
finer lattice deformation estimates between different brain anatomy.

The first issue in the estimation of finer lattice deformations using entropy measures, is that of limited statistical
support for numerical derivative estimation. Using a histogram of say 64 by 64 bins, as in,3° combined with a smaller
region of support for each parameter, means that the numerically estimated change in the distribution p(ms,ms2),
for a given change in parameter K; ;, is derived from very few voxel pairs. Depending on the structures present
in a given region, the resulting change in the numbers of voxel value pairs contributing to each bin of a 64 by 64
histogram as a local region of image is deformed, can be very small. A direct approach to increasing the sensitivity of
a histogram estimate of p(m;,ms), is to increase the bin width. This is equivalent to extending the Gaussian window
width in a parzen window estimate of the distribution. As discussed in,?® we must be careful to ensure contrast
between tissue regions providing registration information is retained in these binned or grouped intensities. For this
application we are most concerned with the gray, white and CSF structures in the T1 MRI acquisition, stored as 8
bit numbers. We have therefore increased the bin width, reducing the total number of bins over the full range of
MRI values to 24. Experimentally this visually maintains adequate contrast between the main tissues of interest in
our T1 weighted 3D gradient echo acquisitions.

The second issue is the problem of retaining stability of the transformation estimate where there is no local
image structure to determine the transformation parameter. Although B-Spline’s have an inherent smoothness
constraint, where groups of neighbouring control knots have no image structure to determine their value, folding of
the transformation may still occur, as partial derivatives of the registration criteria are dominated by image noise.
An example of such regions are those uniform areas of white matter below the cortex and around the ventricles.
These are particularly a problem since they are also where large deformations can occur to accommodate significant
differences in ventricle size in ageing or atrophied brains. Experimentally we have found that, unlike the use of
coarser B-Spline brain deformation models,?® folding does occur as the lattice spacing is decreased in inter-subject
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registration. To prevent this, we have introduced an additional regularization term into the registration criteria. We
have used the following bending energy,

1 2T1,\"  [(8°Ti2\” | [T\~ [T\ [T\~ [Ti\’
B(T1) = — / / / 2) 2) 2) 12 12 12
N Joy Joy Jas Oxy Ox; Ox; 0o OroT3 Orix3
9)
evaluated and averaged over the N overlapping voxels in the reference MRI. This was employed by Ruckert et al32-36

for a coarser 10mm B-Spline model of tissue deformation in the breast. Incorporating this into the global registration
criteria gives the following expression:

R(Ty2) = C(T12) — wB(T12), (10)

to be maximised, where C(T12) is the normalised mutual information between two MRI images evaluated for trans-
formation T12 and w is the weighting term controlling the influence of the regularization to maintain smoothness of
the transformation. The value of w was estimated experimentally on brain images to minimize folding conditions
and remains fixed for all registrations presented here.

2.5. Evaluation and optimisation of the non rigid transformation

One of the main advantages for using a B-Spline model in our application in favor of other representations such as
the thin-plate spline,®” is the local nature of the control.*® Since the deformation at a given location is determined
only by the 4 x 4 x 4 control knots around that point, moving any one control point affects only the location of
3¢ x 3¢ x 3¢ voxels lying around that point. This allows efficient evaluation of the partial derivatives of the global
match criterion with respect to each spline control point location.

Following this initial global registration estimation procedure, the local B-Spline parameters K; ; » are initialised
with the nine parameter (6 rigid + 3 scale) global transformation T45. Given that a third order B-Spline will pass
through the control knot locations for a linear function, the control knots are simply initialised such that

)
K?’j,k = le J Cc]. (11)
k

In order to find the deformation transformation we use a simple gradient ascent to find the maximum of the registra-
tion criteria. For each iteration we first estimate numerically the gradient vector VR(K; ;1 ), of the global registration
criteria with respect to each B-Spline parameter. The partial derivative components of knots for which the region
of support does not fall 50% within the segmented and dilated brain volume are not evaluated but set to zero. The
estimate of K} ; , at iteration ¢ is then updated in a simple up-hill search,

Kt =K p FAVR(KS ;) (12)
The initial value of A was found experimentally and the same initial value was used for all registrations in this paper.
An adaptive reduction in A was used so that the rate of ascent is reduced such that A — A\/2 when R(K‘*1) < R(K).
A multi-grid approach derived from that described in3° is used to provide an efficient and robust recovery of larger
scale deformations. However, the range of deformations between one individual anatomy and another, ranging from
the size of overall lobes down to differences in the thickness of the gray matter layer in the cortex is appreciably greater
than that induced by physical brain tissue deformation. To estimate this much larger dynamic range of deformations
we have used a pyramid of B-Spline lattices with four levels and a factor two between the lattice spacing in each. The
deformation lattice spacing and the underlying image resolution used to estimate the deformation is directly linked:
the base resolution of the MRI’s is set by re-sampling both MRI images to 0.8mm cubic voxels using a Gaussian
filtering kernel of 0.8mm F.W.H.M. The base resolution of the deformation lattice is set to 3 voxels or 2.4mm. Up
from this base level, the image sampling resolution and spatial resolution is reduced by a factor 2 as the lattice and
voxel spacing is increased by a factor of two at each level. The four image resolutions aligned in order are 6.4mm,
3.2mm, 1.6mm and 0.8mm, using lattices of spacing 19.2mm, 9.6mm, 4.8mm and 2.4mm respectively.

Starting at the coarsest resolution, the optimisation is run to convergence at each level. The convergence criteria
is simply based on the percentage change in the criteria falling below a set level. This was determined experimentally
and fixed at 0.0025% for each level except the finest 2.4mm knot spacing which is allowed to converge down to a
percentage change of less than 0.0002%.
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2.6. Test data

All data used in these experiments was acquired in imaging studies carried out within MRI unit at the V.A.M.C.
in San Francisco. We focused on the use of high resolution 3D gradient echo T1 weighted anatomical MRI images
which were acquired on a Siemens Vision system, using an MPRAGE sequence (TR=10ms,TE=4ms). The images
were reconstructed with a voxel size of 1mm x lmm x 1.5mm.

2.6.1. Choice of reference anatomy

In the general case, for most of these studies, one or more groups of healthy subjects with given demographics
(age,sex,handedness,etc) are imaged to form a reference for MRI and MRSI measurements. One or more groups of
disease subjects are then also imaged and comparisons made between groups. It is assumed that a normal or control
anatomy will be used as a reference space for any analysis. One of the major variables affecting anatomy between
normal controls is the age of the group being studied. Depending on the clinical condition being studied the imaging
may concentrate on an older group only (for example in Alzheimer’s imaging) or have a range of ages (for example
in the study of the effects of alcohol). We have therefore selected two data sets with significantly different ages to be
used as target anatomies to compare spatial normalisation of different groups. These two MRI’s are shown in brain
masked form in Figure 1.

Figure 1. Orthogonal slices through the MRI data sets used as a target reference spaces: Top row shows the
33Y/old male used as a younger reference anatomy. The bottom row shows the 72 Y/old female used as the older
reference anatomy. Note differences in the size of the ventricles and the sulcal C.S.F. spaces.

2.6.2. Selection of test groups

Three test groups were selected to represent the range of data being acquired in our clinical studies. These consisted of
a group of younger normal subjects (N=16, mean age=33yrs, all male), a group of older normal subjects (N=16,mean
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age=68yrs,6 male, 10 female), and a group of older probable Alzheimer’s patients (N=10, mean age=79yrs, 5 male,
5 female).

3. EXPERIMENTAL RESULTS
3.1. Spatial alignment of image intensities

Following estimation of the transformation of each subject in each group to each of the two reference MRI’s, each
subject MRI was transformed into the coordinate system of the reference MRI using tri-linear intensity interpolation.
To investigate the effect of the B-Spline knot spacing, this was done using each of the four levels of knot spacing. The
average image was then calculated for each spatially normalised group. The average images for the young normal
control group are shown in Figure 2, using all four lattice spacings. The blurring of the average image resulting
from misalignment of structures across the different subjects is clearly visible in the coarser deformation models. As
the lattice spacing is reduced, the smaller sulci and gyri are revealed within this average image. This focusing is
particularly apparent in the sagittal slice.

Reference MRI Average Images Constructed from 16 Individuals

A ] [

2.4mm B-Spline 4.8mm B-Spline 9.6mm B-Spline 19.2mm B-Spline

Figure 2. Transaxial (top) and sagittal (bottom) slices through the young normal reference MRI (left) and average
images created from the 16 spatially normalised MRI’s of the young normal group. The four average images were
created using transformation estimates provided by the different levels of B-Spline lattice spacing, shown below each
image in mm. The improvement in alignment is most clearly seen in the smaller sulci of the cortex. (All image data
shown with an identical mapping from MRI to gray value)

For comparison, Figure 3 shows the average image calculated from each of the younger control, older control and
Alzheimer’s groups mapped to the younger reference MRI using the solution from the finest deformation lattice.
The older and younger group averages are very similar, down to the finer cortical structures. However, from closer
inspection of the sagittal slice in the Alzheimer’s average image, it is clear that there is a darkening and loss of finer
sulcal structures. This suggests the presence of a residual disease related atrophy in the spatially normalised average
scan, which is not captured by our 2.4mm B-Spline deformation estimate.

We then investigated how well the entropy criteria, combined with the deformation model is aligning intensities
in the different subjects. To do this we evaluated the mean standard deviation of the MRI intensity at each point
in the reference space, across the masked brain voxel values of the normalised MRI’s. This was repeated for each
group, each reference MRI and each B-Spline lattice spacing. These averaged standard deviations are shown as plots
against lattice spacing in Figure 4. These traces indicate that the ability of the spatial normalisation simply to align
intensity values, is clearly influenced by the choice of reference anatomy. Fewer residual intensity differences are
seen when mapping a younger group to a younger reference brain, than when mapping the same group to an older
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Reference MRI Younger Group Avg. Older Group Avg. Alzheimer’s Group Avg.

Figure 3. Transaxial (top) and sagittal (bottom) slices through the young normal reference MRI (left) and av-
erage images created from the spatially normalised MRI’s of the young normal group, older normal group and the
Alzheimer’s group. (All image data shown with an identical mapping from MRI to gray value)

reference brain. For the older normal control group however, the use of either reference MRI appears to provide
comparable recovery of intensity alignment. The largest sensitivity to choice of reference anatomy is seen in the older
Alzheimer’s group. Here the use of a younger reference atlas appears to significantly degrade the alignment of MRI
values when compared to using a reference MRI from an older individual.

Overall, the consistant reduction in residual intensity variation as the deformation lattice spacing is reduced,
indicates that, at least in some parts of the image, the transformation model is still under fitting to the true
anatomical mapping.

3.2. Spatial discrepancy in anatomical transformations

Our aim is to investigate the spatial distribution of errors when estimating the mapping between a group of subjects
and a given reference anatomy. Without a voxel by voxel ground truth defining the correspondence from individual
to reference for each subject, the error cannot be directly measured. However, we can examine the consistency or
precision of this mapping by comparing multiple registration estimates. The approach we have taken is illustrated
in Figure 5. We use R to denote a reference anatomy, and let S1 and S2 denote subjects 1 and 2 from the same
group, G. Tg; and Tpgy describe the transformations from the reference to S1 and S2. Let T, be an additional
transformation from S1 to S2. Each transformation T;; has some immeasurable error €;; with mean p;; and variance
o2

Consider a point xg in reference space. Let x2 be the same point after transformation into subject S2 using
T12TriXRr, and let xa/ be the point transformed in subject S2 using Tr2xgr. Because each T;; has some error, in
general X2 # Xao/, and ega denotes the discrepancy between x, and x2/. We assume that the transformation T;; is
smoothly varying and can be approximated locally by a linear model, so that for small errors we have:

€GA = €R1 + €R2 + €12. (13)
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Figure 4. Graphs showing the relationship between the residual intensity variation after registration for each group
of MRI’s to each reference MRI, using different B-Spline knot spacing’s.

If independence of the transformations and errors are also assumed,?® then the mean and variance of the error at
that point over a group of subjects can be estimated as,

HGA = BR1 + BR2 + a2 (14)

0GA = Oy + Ok + 010 (15)
The quantities pga and J?; 4 can be estimated for each group of subjects. We can assume that purg := pr1 =~ pr2
and 0%y 1= 0%, ~ 0%y, where upe and 0%, are the mean and variance of the error of transformation from the
reference into the subject group. If additional within group registrations are performed, then we can obtain an
estimate of 112 and 0%, as follows. As shown in Figure 5, let S3 denote subject 3 from group G, and let T53 and T3
describe the transformations from S2 and S1 to S3. Consider a point x; in subject S1. Let x3 be the same point after
transformation into subject S3 using Ts3T12x;, and let x3/ be the point transformed into subject S3 using Ti3x;.
Because of the transformation errors, generally x3 # x3/, and egg denotes the distance between these points. Using
the same linearity assumption as before, we have,

€GG = €12 + €23 + €13, (16)
and assuming independence of the transformations and errors, the mean and variance are,

pae = 12 + pos + p13
2 _ 2 2 2
0gg = 012 + 033 + 013-

(17)

The quantities pgg and o2 can be estimated for each group of subjects. If we assume that p, := p12 & poz & p3

and 02 := 0%, ~ 03; ~ 0%4, where p,, and o2 are the mean and variance of the error of transformation within a
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€56 Within Group Discrepancy

Reference Atlas

Figure 5. An illustration of the estimation of within and between group discrepancy using combinations of multiple
transformation estimates.

subject group, then we can let u,, = pe/3 and o2 = 02, /3. These estimated quantities can be substituted for ;2
and o}, in equations 14 and 15, along with pgg and 0%, we get,

HGA = 20RG + Pw
peA = 2ure + pac /3
_ Mg — pea/3

-5
Different groups of subjects can be registered to different reference anatomies, and the estimates of urg can be

calculated at each point xg in the reference anatomy, in order to determine the degree to which the choice of
reference influences the precision of the resulting registration.

URG (18)

Transformation estimates between a total of 168 different image pairs were calculated (each scan of each group
was registered to each reference MRI, its neighbour in the group and its next neighbour, as in Figure 5). For each
of the groups and reference MRI’s, the mean value of urg was estimated over the entire segmented reference brain.
These results are summarised in table 1. From these it is clear that, as with the intensity variation, the choice of
reference anatomy influences the precision of the final registration estimates. The younger control group of MRI
scans appear to be aligned with comparable precision to both the younger and older reference MRI. This may be
because this group is simply more limited in the range of anatomical variation, particularly in the shape and size
of the ventricles and sulcal spacing, compared to the older groups, and therefore requires a less extreme range of
deformations. The older normal and older Alzheimer’s groups are however more consistently mapped to the older
reference MRI, than the younger reference MRI. There is though, little difference in the consistency between the
mapping of the older Alzheimer’s and the older normal control group to the older atlas. In fact, the older reference
MRI appears to be a slightly better match to the Alzheimer’s group, than to the older normal group. Overall, this
comparable consistency in mapping from both the older groups to the older atlas is important, since it allows us to
use this older reference as a common space in the comparison of structural or metabolite maps created from both
groups.

The spatial distribution of these discrepancies was also examined. An example of the regions of greatest average
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Ref. Younger Group Older Group Older AD Group
Younger MRI 1.68mm 1.99mm 2.00mm
Older MRI 1.63mm 1.76mm 1.66mm

Table 1. Estimates of the mean discrepancy (ugrg) in mapping points from reference MRI to subject MRI averaged
over the reference MRI brain voxels.

discrepancy in mapping the older Alzheimer’s group to the older reference MRI are shown by iso-discrepancy contours
in Figure 6. From this it is clear that the main discrepancies occur in the outer cortex, presumably where single sulci
in the reference MRI must map to multiple sulci in one of more of the subjects, or vice versa. Another interesting
region of discrepancy in the Alzheimer’s group transformation estimates occurs around the left (right in the coronal
image) hippocampus. Given that this is a known site of atrophy in Alzheimer’s disease this local region of discrepancy
may be a function of disease, rather than normal variability.

10.Omm

Figure 6. Transaxial, sagittal and coronal slices through the average AD group MRI in older reference MRI
coordinates (2.4mm B-Spline transformation estimates), with an iso-discrepancy contour showing regions where the
estimated average discrepancy in the reference to subject transformation exceeded 3mm (twice the slice thickness)
over the 10 subjects.

4. DISCUSSION

We have developed a fully automated high resolution spatial normalisation methodology driven by Normalised Mutual
Information, and examined its ability to consistently align a range of different types of brain anatomy to different
reference anatomies. Estimation of a single transformation to the highest deformation resolution (2.4mm B-Spline
knot spacing) takes between 2 and 4 hours on an 800Mhz Pentium III CPU, running a C++ implementation under
the Linux operating system. High resolution B-Spline deformations were estimated between a total of 168 different
image pairs, within three different subject groups. All registration estimates in this study were carried out completely
automatically with no starting estimates or user intervention, other than the segmentation of brain anatomy from
the two reference MRI’s.

We evaluated the ability of the algorithm to bring different types of brain anatomy into registration with different
reference MRI’s in two ways. Firstly we examined the residual intensity variation across each group of subjects
following spatial normalisation. These results indicated that the use of an older reference anatomy for spatial
normalisation of older or atrophied brain anatomy appreciably decreased the residual intensity differences in the
normalised MRI’s. Secondly we examined the spatial discrepancy of the transformation estimates when registering
the groups to different reference MRI’s. These results again indicated that the ability to consistently map groups of
subject brains to a reference MRI was influenced by the choice of reference anatomy.
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The results we obtained in this work were certainly influenced by our choice of final lattice spacing. A finer
B-Spline lattice spacing may have decreased the residual errors by allowing the thinning of gray matter layers in the
atrophy group to be more fully described by the spatial normalisation. Our choice was mainly limited by computing
resources (both memory and CPU), and we hope to gain more experience with finer scale deformation models when
more powerful computing resources are available. However it may be the case that finer deformation models increase
the effect of over-fitting and lead to an increase in the discrepancy of transformations elsewhere.

In this work we have concentrated on the influence of age and atrophy as the main confounding factors, since
these are the main variables in many of our imaging studies. We have not however examined the influence of other
demographic classifications such as sex or handedness. In the future we plan to extend the work to examine effect of
these and other more varied clinical subject groups, where tissue contrast variation (rather than simply tissue loss)
arising from disease may also be an important factor.
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