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Hippocampal shape analysis using medial surfaces

Sylvain Bouix,a,b,T Jens C. Pruessner,c D. Louis Collins,c and Kaleem Siddiqi d

aDepartment of Psychiatry, Boston VA Healthcare System, Harvard Medical School, Boston, MA 02115, USA
bSurgical Planning Laboratory, Brigham and Women’s Hospital, Harvard Medical School, Boston, MA 02115, USA
cMcConnell Brain Imaging Centre, McGill University, Montréal, QC, Canada
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In magnetic resonance imaging (MRI) research, significant attention

has been paid to the analysis of the hippocampus (HC) within the

medial temporal lobe because of its importance in memory and

learning, and its role in neurodegenerative diseases. Manual segmen-

tation protocols have established a volume decline in the HC in

conjunction with Alzheimer’s disease, epilepsy, post-traumatic stress

disorder, and depression. Furthermore, recent studies have investigated

age-related changes of HC volume which show an interaction with

gender; in early adulthood, volume reduction of the HC is found in men

but not in women. In this paper, we investigated gender differences in

normal subjects in young adulthood by employing a shape analysis of

the HC using medial surfaces. For each subject, the most prominent

medial manifold of the HC was extracted and flattened. The flattened

sheets were then registered using both a rigid and a non-rigid

alignment technique, and the medial surface radius was expressed as

a height function over them. This allowed for an investigation of the

association between subject variables and the local width of the HC.

With regard to the effects of age and gender, it could be shown that the

previously observed gender differences were mostly due to volume loss

in males in the lateral areas of the HC head and tail. We suggest that

the analysis of HC shape using medial surfaces might thus serve as a

complimentary technique to investigate group differences to the

established segmentation protocols for volume quantification in MRI.
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Introduction

Magnetic resonance imaging (MRI) is a frequently used tool by

neuroscientists and clinicians for volumetric analysis of specific

structures of the central nervous system (CNS). In neurodegener-

ative diseases like Alzheimer’s, a region that has been especially

prone to volume loss is the medial temporal lobe (MTL), and the

specific structures contained within the MTL, like the hippo-

campus (HC) and parahippocampal gyrus (PHG). These structures

are also implicated in post-traumatic stress disorder, epilepsy,

depression, and normal aging. Finally, the structures of the MTL

are frequently investigated for their involvement in acquisition and

retention of memory (Corkin et al., 1997; Mori et al., 1997;

Schacter and Wagner, 1999), clearly indicating a need for precise

analysis of their involvement in these conditions and functions. In

MRI, investigation of these structures is often done using manual

segmentation protocols, which yield a quantification of the space

the structure occupies within the CNS. Although this technique can

successfully demonstrate the involvement of the HC and the PHG

in neurodegenerative disease, specific disorders, memory function,

and normal aging, it is incapable of showing changes within the

structure, taking only the total volume into account. Alternative

techniques like voxel-based morphometry (VBM) are not based on

manual segmentation of specific structures and do not allow

significant findings to be interpreted as evidence of volume loss.

Taken together, a precise definition of volume loss within

structures in conjunction with normal aging, memory functions,

or specific disease states is missing, justifying the need for the

development of additional analysis tools.

In both clinical and research contexts, quantitative models for

the three-dimensional (3D) shape of these structures might allow

an alternative approach for the statistical analysis of their distinct

characteristics. In fact, there has been significant progress in the

development of such methods for use in computational anatomy, as

described by several recent articles in Thomson et al. (2004). A

first class of methods uses a feature vector, e.g., determined by

spherical harmonics or invariant moment representations (Brech-

buhler et al., 1995; Mangin et al., 2003), and attempts to
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discriminate between classes of shapes using clustering techniques.

Such methods are usually numerically stable and allow for the

computation of relevant statistics. However, the representations are

coarse and hence an interpretation of the results in terms of

anatomical changes can be difficult. A second class of methods is

based on a representation of an object’s surface or interior, along

with a study of the mechanical deformations required to transform

one object into another (Bookstein, 1997; Cootes et al., 1995;

Csernansky et al., 1998). This popular technique is very intuitive,

but relies on the use of registration techniques which can be

difficult to implement. The calculation of significant statistics from

the recovered deformation fields also poses a challenge. A third

class makes use of medial representations which provide informa-

tion on an object’s reflective symmetries. Unfortunately, these

medial models still need to be registered with each other before any

statistics can be derived (Bouix et al., 2001; Styner et al., 2003a).

In clinical studies, different classes of methods are often combined

in order to obtain intuitive and statistically significant results, see

for example Styner et al. (2003b). With respect to structures such

as the HC, this last class of methods is attractive because it can be

shown that the number of medial surface manifolds is small and

hence the representation is compact. The most prominent sheet can

be used to register individual data sets in an object-centered way,

followed by more precise comparisons (Styner and Gerig, 2001).

Medial models have been successfully used in medical image

analysis in a number of contexts, see Golland et al. (1999) and

Pizer et al. (1999) for some recent applications. Applying these

methods in 3D presents an additional challenge because only a

small class of computationally reliable algorithms exist. One such

class relies on pruning strategies for 3D Voronoi diagrams (Attali

et al., 1997; Näf et al., 1996). Styner and Gerig (2001) have

recently developed such a framework where medial models

developed by Pizer et al. (2003) and Joshi et al. (2001) are used

to segment the HC and spherical harmonics along with a coarse-

scale sampled medial description are used to represent its shape.

In this paper, we adopt a similar strategy, but use a novel

algorithm we have developed for computing medial surfaces. We

apply this method to the analysis of a HC data set for which a

volume loss with age in young adulthood has been previously

observed in normal male subjects but not in normal females

(Pruessner et al., 2001). Our hypothesis is that the volume loss is not

uniform over the HC, but is rather localized to specific regions. Our

goal is to locate these regions of volume loss as well as the regions

where gender differences are most prominent, and to quantify the

strength of these effects. To do so, we extract the most prominent

medial sheet of the HC for each subject and then flatten it. We then

register the flattened sheets in a common coordinate frame using
Fig. 1. Hippocampal data from one subject. (a) A sagittal T1-weighted MR image.

(labeled). (c) An enlarged 3D view of the labeled HC.
both a rigid and a non-rigid alignment technique. This allows us to

express the medial surface radius, which indicates the local width of

the HC, as a height function over each flattened surface. We then

carry out a statistical examination of the relationship between

gender and age and local object width. Our main finding is that the

previously observed gender differences were mostly due to volume

loss in males in the lateral areas of the HC head and tail.
Materials and methods

Hippocampal data

In a previously published analysis (Pruessner et al., 2001), the

left and right HC and AG were manually segmented from T1-

weighted MR images (three-dimensional spoiled gradient echo

acquisition with sagittal volume excitation; repetition time 18 ms,

echo time 10 ms, flip angle 308: 1 mm3 voxels) from 80 normal

healthy subjects. These subjects included 39 healthy men and 41

healthy women in the age range of 18–42 years (mean age 25.09 F
4.9 years). The MRI data for each subject were first corrected for

image intensity non-uniformity (Sled et al., 1998) and linearly

registered to a standard brain-based coordinate system known as

stereotaxic space (Collins et al., 1994). It was then segmented

manually by 3D voxel painting using a recently developed

segmentation protocol for the HC in normal controls in early

adulthood (Pruessner et al., 2000). By resampling with a tri-cubic

interpolation kernel onto a 1 mm3 voxel grid in stereotaxic space

(Collins et al., 1994), each brain volume was normalized for size,

orientation, and position. A typical segmentation of an individual

HC is shown in Fig. 1.

A quantitative analysis of the original label volumes derived

from the MR images revealed an overall hemispheric difference

with the right HC being bigger than the left (4300 vs. 4072

mm3, P b 0.001). Furthermore, there was a correlation with age

in the group of men for both the left and the right HC

(Spearman’s r = �0.44, P b 0.005) that was not apparent in the

group of women (r = 0.01, P N 0.20). In order to determine the

location of these differences, a regression analysis was applied to

each voxel with image intensity as the dependent variable

(Pruessner et al., 2001). Since nearby voxels were expected to

be correlated, the technique of Worsley et al. (1998) was used to

determine the critical threshold to identify statistically significant

regressions. The analysis revealed that differences between men

and women seemed to occur mostly in the head and tail of the

HC. However, it was not possible to determine whether the

observed differences were due only to a volume reduction or
(b) A zoomed sub-image centered on the HC, which is manually segmented
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were associated with the overall shape of the HC as well. The

medial surface algorithm presented here extends the possibilities

for analysis, allowing for the investigation of shape differences

in the HC between men and women. We chose to focus this

analysis on the radius function of the medial surface of the HC,

which indicates the local width of this structure at different

locations in the medial temporal lobe.

Average outward flux based medial surfaces

This section presents an overview of the skeletonization

algorithm introduced in Siddiqi et al. (2002). Beginning with a

binary volume as its input, this algorithm produces a digitized

version of the 3D skeleton or medial axis (Blum, 1973). Formally,

the 3D skeleton is the locus of centers of all maximal inscribed

spheres within the volume, along with their radius values. In what

follows we shall refer to the 3D skeleton as the medial surface,

since almost all points of this structure lie on two-dimensional (2D)

manifolds in 3D. A formal classification of the types of points on

the 3D skeleton is presented in Giblin and Kimia (2004).

The medial surface provides a compact description of a

volumetric object while reflecting its local symmetries, as

illustrated in Fig. 2. A portion of a medial surface is shown in

pink, the surface patches to which it corresponds are shown in blue

and the maximal inscribed sphere in black. Intuitively, each point

Q on the medial manifold is associated with two distinct points P1,

P2 on the object’s surface to which it is closest in the sense of

Euclidean distance. The points P1 and P2 are often referred to as

the bi-tangent points of Q, since at each such point the maximal

inscribed sphere and the surface of the object share a tangent plane.

On a single medial manifold, this mapping of medial manifold

points to surface points is one-to-two and onto. Hence, the radius

function along with the medial surface can be viewed as describing

the local width of the object. The object’s surface can be

reconstructed by considering the envelope of all the spheres drawn

at all medial surface points.
Fig. 2. A portion of a medial surface is shown in pink, the surface patches to

which it corresponds are shown in blue and the maximal inscribed sphere in

black. Each point Q on the medial manifold is associated with two distinct

points P1, P2 on the object’s surface to which it is closest in the sense of

Euclidean distance (see text).
The Hamilton Jacobi formulation

We now review the algorithm on which the subsequent analysis

of HC shape is based. For details we refer the reader to Siddiqi et

al. (2002). Consider the grassfire flow

BS
Bt

¼ N ð1Þ

acting on a closed 3D surface S, such that each point on its

boundary is moving with unit speed in the direction of the inward

normal N . In physics, such equations are typically solved by

looking at the evolution of the phase space of an equivalent

Hamiltonian system. Let D be the Euclidean distance function to

the initial surface S0 (Borgefors, 1984). The magnitude of its

gradient, tjDt, is identical to 1 in its smooth regime. With q =

(x, y, z), p = (Dx, Dy, Dz), and tpt = 1, the Hamiltonian system is

given by

p ¼ 0; 0; 0ð Þ; q ¼ Dx;Dy;Dz

� �
ð2Þ

with an associated Hamiltonian function H = 1 + tjDt. The
discrimination of medial from non-medial surface points can be

approached by computing the baverage outward fluxQ of the vector
field q at a point. This quantity is given by

Average Outward Flux qð Þ ¼
R

dR h q ;N 0idS
area dRð Þ ð3Þ

where dS is a surface area element of the bounding surface dR of a

volume R and N 0 is the outward normal at each point on the

surface. It can be shown that as the volume shrinks to a point not

on the medial surface, the average outward flux approaches zero.

In contrast, when the volume over which it is computed shrinks to

a medial surface point, the average outward flux approaches a

strictly negative number (Dimitrov et al., 2003; Siddiqi et al.,

2002). Thus, it is an effective way for distinguishing between these

two cases. This calculation is used to guide a thinning process in a

cubic lattice, while taking care to preserve the object’s topology.

Preserving topology

A point is a simple point if its removal does not change the

topology of the object. Hence in 3D, its removal must not

disconnect the object, create a hole, or create a cavity. Malandain et

al. (1993) have introduced a topological classification of a point x

in a cubic lattice by computing two numbers:
! CT: the number of 26-connected components 26-adjacent to x

in O \ N26
T

! C̄: the number of 6-connected components 6-adjacent to x in

Ō \ N18
T

where O is the 26-connected object, Ō is its complement (the 6-

connected background), N26
T is the 26 neighborhood of x without x,

and N18 is the 18 neighborhood of x including x. Further, they have

shown that if CT = 1 and C̄ = 1, the point is simple, and hence

removable.

Our basic strategy now is to guide the thinning of the object

by the average outward flux measure computed over a very small

neighborhood. Points with the most negative average outward

flux are the strongest medial surface points. The process is

stopped when all surviving points are not simple or have an

average outward flux below some chosen (negative) value, or



Fig. 4. A flattening which approximately preserves the distance between

any two points leads to an accurate 2D representation (b) of the original

extended medial manifold (a). The coloring represents increasing Euclidean

distance (from red to blue) of each medial manifold point to the surface of

the original object.
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both. Unfortunately, the result is not guaranteed to be a thin set,

i.e., one without an interior.

This last constraint can be satisfied by defining an appropriate

notion of an endpoint in a cubic lattice. In R3, if there exists a plane

that passes through a point x such that the intersection of the plane

with the object includes an open curve which ends at x, then x is an

end point of a 3D curve, or is on the rim or corner of a 3D surface.

This criterion can be discretized easily to 26-connected digital

objects by examining 9 digital planes in the 26-neighborhood of x

(Pudney, 1998). The thinning process proceeds as before, but the

threshold criterion for removal is applied only to endpoints. A full

description of the procedure is given in Algorithm 1.

Algorithm 1: Average Outward Flux Ordered Thinning.

Part I: Average Outward Flux

Compute the Euclidean Distance Transform D of the object;

Compute the gradient vector field j D;

Compute the average outward ux of j D using Eq. 3;

for (each point x in the interior of the object) do

Flux xð Þ ¼ 1
n

P26
i ¼ 1 hNi;jD xið Þi;

(where xi is a 26-neighbor of x and Ni is the outward normal

at xi of the unit sphere centered at x)

Part II: Topology Preserving Thinning

for (each point x on the boundary of the object) do

if (x is simple) then

insert (x, Heap) with Flux(x) as the sorting key for

insertion;

while (Heap.size N 0) do

x = HeapExtractMax(Heap);

if (x is simple) then

if (x is an end point) and (Flux(x) b Thresh) then

mark x as a skeletal (end) point;

else

Remove x;

for (all neighbors y of x) do

if ( y is simple) then

insert( y, Heap);

Labeling the medial surface

Points on the medial surface can now be labeled as border

points, curve points, surface points, or junction points using the

classification of Malandain et al. (1993). However, certain special

configurations of voxels can lead to misclassification of junction

points as surface points and these cases have to be dealt with using

a definition for simple surfaces (Malandain et al., 1993).
Fig. 3. The rim of the medial manifold is extended to the corresponding closest bo

coloring of the original and extended medial manifolds is according to increasing
Let x be a surface point (C̄ = 2 and CT = 1). Let Ax and Bx be

the two connected components of Ō \ N18 6-adjacent to x. Two

surface points x and y are in an equivalence relation if there exists a

26-path x0, x1,. . .,xi,. . .,xn with x0 = x and xn = y such that for i a
[0,. . .,n � 1], (Axi \ Axi + 1 p a; and Bxi \ Bxi + 1 p a) or (Axi \
Bxi + 1 p a; and Bxi \ Axi + 1 p a; ). A simple surface is defined as

any equivalence class of this equivalence relation.

All the distinct simple surfaces comprising the medial surface

can be detected automatically. The essential idea is to use a point

on the medial surface as a bsourceQ and to build its corresponding

simple surface via a depth first search strategy. This process is

carried out recursively and terminates when all medial surface

points have been used.

The extended medial manifold

The process of parsing the medial surface of each HC volume

(described in Hippocampal data) into its distinct simple surfaces

revealed that across the entire population there was a single

prominent sheet and only a small number of additional sheets.

Furthermore, these additional sheets played essentially no role with

regard to shape description: with only one exception, the volume

reconstructed by the most prominent sheet was less than 1%

different than that reconstructed by the entire medial surface. Thus,

in what follows, we focus our analysis on this prominent sheet,

which we refer to as the medial manifold.
undary points on the original HC, thus removing some of its variability. The

Euclidean distance (from red to blue) from the boundary.



Fig. 5. Statistics of the inter-distance errors introduced by the flattening

algorithm for all pairs of points over all 160 medial manifolds.

Fig. 7. A rigid alignment between the flattened medial manifolds is

computed using the centroids and principal axes of each to define a

common coordinate frame.
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The key issue now is to establish a method by which to align

the medial manifolds derived from each individual subject’s HC

data so that a statistical analysis of shape can be carried out. In

general, the problem of finding a correspondence between two

manifolds is an area of ongoing research in the image analysis and

computer vision communities, and the precise choice of technique

is usually domain and application dependent. With regard to the

HC medial manifolds, an issue that arises is that there is

considerable variation in the shape of the outer rim (the bounding

contour). Intuitively, the medial manifold shrinks in area locally as

the corresponding HC cross-section becomes circular (the neck-

like regions in Fig. 3b). It is advantageous to reduce this variability

and ensure a larger overlap between the sheets to better drive the

ensuing alignment process.

We proceed to do this by smoothly extending the rim of each

medial manifold to the boundary of the original HC by following

the direction of the gradient jD of the Euclidean distance function

D (see The Hamilton Jacobi formulation). With the exception of

very specific degenerate configurations, each point on the rim has a

unique corresponding closest point in the sense of Euclidean

distance to the boundary of the object (Damon, 2003; Giblin and

Kimia, 2004), and thus this extension is mathematically sound. The
Fig. 6. Mean (left) and standard deviation (right) of the inter-distance errors caus

standard deviation are computed by considering pairwise distance errors to all ot
outcome of this process is illustrated in Fig. 3, where the coloring

of the medial manifold points is according to increasing Euclidean

distance (from red to blue) from the boundary.

Establishing correspondences between extended medial manifolds

Motivation

One approach to establishing correspondences between the

extended medial manifolds so that shape variation across a

population can be studied is to associate each sheet with a

common coordinate frame by fitting a coarsely sampled medial

model to it, as in Styner and Gerig (2001). Whereas this leads to a

one-to-one correspondence between the sheets, the deformation

each medial manifold has to undergo to fit the common frame can

itself introduce shape changes. Such changes can be quite

significant particularly when there is variation in medial manifold

shape, as is expected across the HC data set. This will in turn have
ed by flattening of a single medial manifold. At each point the mean and

her points on the medial manifold.
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an impact on the subsequent statistical analysis, which will not

only reflect shape changes that are due to anatomical differences

but also variations that are introduced by the fitting process.

In our framework, we first employ a flattening of each medial

manifold onto a 2D plane which approximately preserves the

distance between any two points on it. This allows local properties

of the manifold, such as the radius, to be viewed as height functions
Fig. 8. Two different rigid radius maps A and B are warped to a template using the

distance transforms A’ and B’ are nearly identical to the template, thus allowing
above the plane (mappings of the form R2 Y R). We then consider

methods for registering the flattened manifolds. First, the manifolds

are aligned taking their centroid as the origin and using the

principal axes of variation as the coordinate directions. This, being

a rigid body transform, introduces no deformation to the flattened

manifolds, but does not guarantee a one-to-one correspondence

between all points. Second, we employ the Demons registration
ir respective Euclidean distance transforms (Borgefors, 1984). The resulting

for an accurate resampling of the radius and support maps.



Fig. 9. A representative warping field provided by the Demons algorithm

(Guimond et al., 2001; Thirion, 1998) along with a magnified view of the

bottom right portion. The white outline represents the boundary of the test

surface and the red outline the boundary of the target surface. The color

coding shows increasing displacement from blue to red. The black vectors

indicate the direction of that displacement.
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algorithm (Guimond et al., 2001; Thirion, 1998) to deform each

flattened manifold onto a template. Since shape differences

between the individual manifolds are now removed, the results of

any statistical analysis have to be interpreted with some care.

Flattening

Surface flattening or more generally surface mapping is

important for many applications in computer graphics, computer

vision, and medical imaging. Elaborate methods have been recently

developed whose goal is to map complicated surfaces such as those

obtained from the cortex or the colon onto simple ones (typically

spheres, cylinders, or planes) while preserving geometric properties

of the object such as distance between points, area, angles, or edge

orderings (Angenent et al., 1999; Drury et al., 1996; Fischl et al.,

1999; Haker et al., 2000; Hermosillo et al., 1999). These methods

are designed for objects with specific topologies and are often

computationally expensive, e.g., they are implemented using level

set methods (Hermosillo et al., 1999) or finite element methods

(Angenent et al., 1999; Haker et al., 2000). This is a major drawback

for the analysis of HC data over a population of individuals. An

alternate framework which is both quite general as well as

computationally efficient is that of multidimensional scaling

(MDS) (Grossman et al., 2002; Roweis and Saul, 2000; Tenenbaum

et al., 2000). Given a set of points in lD, classical MDS finds

analytically the optimal layout of points in m � D (l N m) such that

the distance between any two points is approximately preserved.

These methods are fast and accurate, but can lead to serious artifacts

for surfaces which are non-convex such as the medial manifolds

of HC data, which have bneckQ-like regions (see Fig. 3c).
Thus, we employ a different flattening method, which is

inspired by early work on the map making problem (Sammon,

1969; Schwartz et al., 1989). Let there be N points in l � D that are

to be flattened so that they lie in m � D, with l N m. Let dTij be the
geodesic distance between points xi = (xi1, xi2, . . . ,xil) and xj in

l � D and dij be the geodesic distance between the corresponding

points yi = ( yi1, yi2, . . . ,yim) and yj in m � D. Sammon (1969)

defines an error function E based on dTij and dij, which represents

how well the m-space configuration fits the points in l-space:

E ¼ 1

c

XN
i ¼ 1

XN
j ¼ 1

dTij � dij
� �2

dTij

#
;

"
ð4Þ

where c =
P

N
i = 1

P
N
j = i [dTij ]. One is essentially left with the task

of moving the points yi in order to minimize E, which can be

solved using a standard gradient descent strategy. Although such a

technique is not guaranteed to find the global minimum of this

energy, our experiments show that this method leads to flattened

medial manifolds with low distortion (Fig. 4).

Fig. 5 shows statistics of the inter-distance errors introduced by

this flattening algorithm for all pairs of points over all 160 medial

manifolds associated with the 80 HC volumes in the current study.

In other words, there are 160 data points shown for the mean,

median, and standard deviation. The errors are in fact very small,

with a maximum mean error of approximately 0.45 mm. Fig. 6

shows how these errors are distributed for a single medial

manifold. Here it appears that the maximum error due to flattening

occurs on the medial side of the HC, near its head and its tail.

Alignment

Once the extended medial manifolds have been flattened, they

can be registered using two methods. The first is a rigid body
transformation which preserves the shape of each manifold but

does not provide a one-to-one correspondence between them. The

second is a non-rigid transformation which deforms each manifold

to a template. This latter technique establishes one-to-one

correspondences between the manifolds at the cost of deforming

their shapes. It is important to note that the original HC label

volumes were derived from stereotaxically transformed data and

hence have been subjected to an initial spatial normalization based

on overall brain size, position, and orientation. The rigid trans-

formation described below is akin to a local linear transformation,

further improving HC alignment without changing HC size.

Rigid alignment. The simplest technique exploits the fact that the

HC volumes, and hence their associated flattened medial mani-

folds, have a bbananaQ-like shape with a clear direction along

which each structure is elongated. For each flattened manifold, the

centroid of all points is associated with the origin and the principal

component directions with the x and y axes of a common

coordinate frame. In what follows, we shall refer to medial

manifolds aligned in this fashion along with their associated medial

surface radius values as rigid radius maps. Examples of this type

of alignment are illustrated in Fig. 7.

Non-rigid alignment. The second technique relies on a template

created by averaging all the rigidly aligned flattened medial

manifolds and thresholding this average map at the 50% level.

Unfortunately, binary maps do not contain enough information to

be accurately warped to each other. In order to exploit 2D shape

information, we compute the Euclidean distance function (Borge-

fors, 1984) to the boundary of each binary map and then compute

the transformation for warping each to the Euclidean distance

transform of the template. Once this non-linear transformation has

been computed, it can then be used to warp and interpolate the

rigid radius maps. The actual warping technique is a variation of

the Demons algorithm (Thirion, 1998), implemented by Guimond



Fig. 10. An example regression map for the statistical analysis with an

associated scale bar and a color bar to indicate t values. Black and white

regions reach statistical significance, negatively and positively, respectively.
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et al. (2001), which is well established in the medical image analysis

community. The procedure is illustrated in Fig. 8. Observe that the

resulting warped distance transforms (AV,BV) are nearly identical to

the template distance transform, illustrating the robustness of the

warping procedure. A representative example of a warping field

obtained by this algorithm is provided in Fig. 9. In what follows, we

shall refer to these flattened medial manifolds along with their

associated medial surface radius values as warped radius maps.

Statistical analysis

Once the flattened medial manifolds had been aligned, the

associated individual 2D radius maps could be averaged as well as

employed for further statistical analysis, keeping in mind that the

intensity information contained in each map at each point referred

to the local width of the original HC. Pixel-based regression was

used to localize statistically significant shape differences that are

correlated with age or gender. As an example, the flattened medial

surfaces were used in a linear regression model with gender as a

dependent variable, age as a covariate, and the individual points on

the 2D maps as dependent variables in order to compute the slope

of the effect of gender on the shape of the HC. This regression was

estimated at each pixel location in the 2D map. In order to detect

regions that were significantly different (i.e., where the differences

were above chance), it was necessary to correct for multiple

comparisons and local spatial correlations. We used the random
Fig. 11. This figure illustrates levels of support associated with the medial manifol

regions indicate locations covered by 100% of the flattened medial manifolds. C

obtained by adding the red, orange, green, indigo, and black regions, respectively
field theory of Worsley et al. (1998) to determine the t-value

threshold that indicates statistically significant differences, given a

selected level of a-error.
Before interpreting the regression maps, it is important to

consider the type of alignment technique used to register the

individual maps since the technique will affect the point-to-point

homology. In most cases, a significant change in the radius

function means either compression (radius decreases) or expansion

(radius increases) of the corresponding surface points on the HC.

This is always true in the warped maps. However, in the rigid

maps, a one-to-one correspondence is not established. Thus, when

there is a loss of radius along the border and a gain right next to it,

it is likely to be due to a shift or bend of the flattened maps at that

location. Although further analyses should be performed to

confirm the shift/bend effect, the positive/negative regression

pattern and a complete loss of significance in the corresponding

warped maps are strong indicators of this type of shape change.

To examine the effects of both age and gender on HC shape,

linear regression analyses were performed separately for each pixel,

on both the rigid radius maps and the warped radius maps associated

with the HC of the left and right hemispheres for all data sets. Before

computing the regressions, the radius maps were blurred with a 3-

mm full-width half-maximum 2D Gaussian kernel. Given the

number of subjects, data resolution, pixel size, and area of search

region, the critical t value for a 2-tailed a significance level of P b

0.05 after correcting for multiple comparisons is jtj N 4.11 for peak

voxels and jtj N 3.2 for clusters of more than 4.5 voxels, according to

the random field theory of Worsley et al. (1998). Fig. 10 is an

example regression map where the anterior, posterior, lateral, and

medial regions of the HC are identified, and where a scale bar as well

as a color bar indicating t values are shown. The data are presented in

a spectral color scale, from �3.2 to 3.2. Black and white regions

reach statistical significance, negatively and positively, respectively.

Almost significant negative regions are purple and almost signifi-

cant positive regions are red.
Validation of method

Registration and alignment

Fig. 11 shows the results of the rigid and non-rigid registration

of the radius maps for all subjects. The support maps of the rigid
ds of the left and right HC datasets. In the second and fourth columns, gray

overages by 90%, 70%, 50%, 30%, and 10% of the entire HC data set are

.



Fig. 12. Gradations of intensity are created on an original 3D medial manifold (left column) and then mapped to the plane using the flattening process (middle

column) followed by warping to the average template (right column). Results are shown for a lateral to medial gradation (top row) and a posterior to anterior

gradation (bottom row). In both cases, the gradation is stretched but is otherwise preserved.
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radius maps shown in column b demonstrate that there is a

significant overlap across all subjects in the middle of the map,

although the overlap decreases significantly towards the edge. This

decrease is explained by anatomical differences of HC shape

between subjects, which is not corrected for by rigid registration.

After a registration based on warping (column d), the fit is much

better toward the edges, indicating a high degree of alignment for

the warped support maps between all subjects. This non-rigid

registration also results in an improved point-to-point homology

between the associated radius maps.

In order to qualitatively demonstrate that the flattening and

warping steps preserve local spatial relationships we created two
Fig. 13. A linear regression was carried out comparing radius maps for the left HC v

with a layer of voxels added to the top of the head of the HC.
different gradations of intensity on the original medial manifolds

and examined them after each of these steps were applied. The

results are presented in Fig. 12 for a lateral to medial gradation (top

row) and a posterior to anterior gradation (bottom row). Both of

these indicate that the gradation, though stretched, is preserved.

This suggests that the mapping of 3D medial manifold points to

points on the 2D average template is smooth.

Simulated shape changes

We carried out a quantitative validation by evaluating the

method using simulated (known) shape changes. We selected the
olumes of 33 female subjects with those obtained for the same volumes, but



Table 1

Volume statistics for the HC volumes used in the validation experiment

Group n Mean volume Standard deviation of volume

Original 33 4110 398

1 mm 33 4281 408

2 mm 33 4426 421

S. Bouix et al. / NeuroImage 25 (2005) 1077–10891086
left HC volumes of 33 female subjects and created a second data

set by adding a layer of voxels to the top of the head of the HC for

each volume. We then ran linear regressions to compare the radius

maps associated with each data set. For this experiment, the critical

t value for a 2-tailed a significance level of P b 0.05 after

correcting for multiple comparisons is jtj N 4.59 for peak voxels

and jtj N 3.21 for clusters of more than 7 voxels, according to the

random field theory of Worsley et al. (1998). The results are shown

in Fig. 13. With a 1-voxel layer addition, the results show a trend

toward significance, but neither the peak values nor the clusters

reach significance. With a 2-voxel layer addition, significant

localized differences can be observed both before and after

warping and these differences are properly located at the head of

the HC.

Statistics based only on the volume of the different HC data sets

correlate well with the above results. A two-tailed t test comparing

original HCs vs. HCs with an additional layer gives P = 0.08567

for the 1 voxel case, which is not significant, but P = 0.002281 for

the 2-voxel case, which is highly significant (Table 1).
Results

When examining the results from the regression for gender

differences after controlling for the effects of age (Fig. 14), a

portion in the body of the HC on the lateral side approaches

significance (t = 3.1) in the left hemisphere in the rigid radius

maps. This difference almost disappears in the warped map.

There could be an expansion of the corresponding surface points
Fig. 14. Linear regressions to examine the effects of gen
of the HC; however, one should be cautious with this claim

considering that this positive region is located near the medial

manifold border. In the right hemisphere, in the rigid radius maps,

there are both positive and negative regression effects in the

posterior medial portion of the HC tail approaching significance

(t = 3.1 and t = �3.1). The positive medial region at the tail of

the hippocampus is balanced by an almost equivalent negative

region on the lateral side. This effect, combined with its

disappearance in the warped map, suggests that the difference

is due to a shifting or bending of the HC and hence the rigid

maps, as discussed in Statistical analysis.

Fig. 15 illustrates the effects of age on the radius maps for

both left and right hemispheres for women. Within women, a

positive regression with age can be found along a strip in the

medial portion in the anterior HC, corresponding to the area of the

gyrus intralimbicus, in the left hemisphere, approaching signifi-

cance (t = 3.1). In the right hemisphere, there is a very small

portion in the transition from body to head of the HC, in the

midline of the structure, which approaches significance for a

negative regression value (t = �3.1). In the warped maps, these

tendencies either disappear (right hemisphere) or are significantly

reduced in size (left hemisphere), indicating that there are

probably no significant changes with respect to age in women.

Within the group of men, a different picture emerges as shown

in Fig. 16. Here, the results show a consistent pattern of negative

regression with age in both the left and right hemispheres in the

rigid radius maps, which can be observed towards the lateral

border of the HC head, and towards the midline of the tail (t b

�3.2, size N 7 voxels). In addition, in the right hemisphere, there is

an area in the medial portion of the HC head that reaches

significance (t b �3.2, size N 7 voxels). In the warped maps, there

is a small portion in the anterior medial part of the HC,

corresponding to the HC head, where effects reach significance

in the left hemisphere (t b �3.2, size N 7 voxels), and approach

significance in the right hemisphere (t b �3.1, size N 7 voxels).

These results suggest strongly that there is a compression of the

surface of the HC in the lateral and medial part of the head. As was
der, having corrected for age, on the radius maps.



Fig. 15. Linear regressions to examine the effects of age on the radius maps for women.
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the case for the analysis of all the data (Fig. 14), there are negative

and positive regions near the tail of the hippocampus in the rigid

map that disappear in the warped map, which is likely to be

explained by a shifting or bending of the HC.
Discussion

Using quantified HC volumes from a recently developed

segmentation protocol (Pruessner et al., 2000), a gender-specific

age-related volume decline was observed in a healthy population of

men and women in early adulthood in a previous study (Pruessner

et al., 2001). This earlier study investigated signal-intensity
Fig. 16. Linear regressions to examine the effe
changes within the HC volumes using voxel-based regressions

and showed that within the group of women a signal-intensity

increase was apparent mostly in the middle portion of the HC along

the superior border, where white-matter structures lie adjacent to

the HC (alveus and fimbria). In contrast, in the group of men, a

signal-intensity decrease was observed in areas adjacent to

ventricular space (lateral rim: inferior horn of the lateral ventricle;

medial rim: quadrogeminal cistern and uncal recess of the inferior

horn of the lateral ventricle). This led to the conclusion that the

observed HC volume decline with age in the group of men was

caused by a decline of HC volume with an accompanying volume

increase of the adjacent ventricles (Pruessner et al., 2001).

However, due to variability in HC shape and positioning in
cts of age on the radius maps for men.
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three-dimensional space, the precise location of these volume

changes could not be determined. The current study, where HC

shape is analyzed using medial surfaces, is able to complement and

extend the previously observed findings.

In the experiment simulating shape changes, the HC labels from

each member of a group of 33 female subjects were modified by

adding one and two layers of voxels, respectively, to the top of the

anterior 10 mm of the HC volumes. The two groups of modified

labels were then compared to the original unmodified labels using

the shape-analysis procedure (medial surface extraction, flattening,

and rigid or warped alignment). The results of the regression,

clearly indicating significant differences in the expected location

for the two layer voxel group, and showing a trend for the one layer

voxel group, demonstrate the sensitivity and the spatial specificity

of the procedure. The amount of change that was introduced by the

process of adding voxels, approximately 4% for the one layer

voxel group and 7% for the two layer voxel group, indicates that

the procedure is as sensitive in the detection of changes as are

manual segmentation protocols of the HC. The latter usually have

an inter-rater reliability that is around 5% (Pruessner et al., 2000;

Watson et al., 1992). However, in contrast to manual segmentation

protocols, the current procedure allows for a determination of the

location of changes within the structure, giving it a clear advantage

over competing methods.

It can be difficult to judge with certainty which anatomical

correlates are associated with each observed effect in the radius

maps. However, when rigid maps and warped maps agree on a

loss (or gain) of radius, one can safely conclude that the radius

maps reflect a compression (or expansion) of the corresponding

surface points of the HC. In this study, a compression of the HC

head in males with respect to age was observed. This is an

important addition to previously available tools which are often

unable to locate such effects with certainty. For example, in voxel-

based morphometry, the results are based on differences in the

gray matter density maps which can be caused by a number of

factors. This has been noted in the literature and the suggestion

has been made to ensure proper registration of all images prior to

VBM analysis (Bookstein, 2001). However, since the goodness of

fit of the registration is not normally investigated quantitatively,

such studies are not immune to the impact of imperfect

registration. Combined with manual segmentation protocols, the

current method makes it possible to determine the location of

compression/expansion of the structure of interest. Furthermore,

since the technique is fully automatic and allows for the analysis

of within-structure differences, it is superior with respect to

reliability to techniques based on the manual labeling of complete

structures.

One potential caveat of using this method is that it might

present a more conservative approach compared to other volu-

metric analysis techniques. The radius maps are likely to explain

not all the existing volumetric variability, and variability due to

differences in medial manifold shape is lost after the warping.

In its current form, we suggest that our method of radius map

analysis of MRI structures based on aligning flattened medial

manifolds be used in conjunction with already established

quantification methods. In cases such as voxel-based morphometry,

the addition of a radius map-based analysis might allow for a better

evaluation of the results with respect to underlying volume

differences. Furthermore, due to the correspondence between

medial manifold points and points on the original HC surfaces,

in future studies available anatomical labels on the surface could be
incorporated into the analysis, and geometric quantities other than

radius (e.g., principal curvatures on the surface) could be

considered. Since no data are currently available comparing MRI

radius map analysis of the HC with other approaches, such studies

will have to demonstrate the effectiveness of our framework. We

believe that in combination with manual or automatic volume

quantification methods, potentially important additional informa-

tion can be derived.
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