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ABSTRACT

Shape, scale, orientation and position, the physical features associated with white matter DTI tracts, can either
individually or in combination be used to define feature spaces. Recent work by Mani et al.1 describes a
Riemannian framework in which these joint feature spaces are considered. In this paper, we use the tools and
metrics defined within this mathematical framework to study morphological changes due to disease progression.
We look at sections of the anterior corpus callosum, which describes a deep arc along the mid-sagittal plane, and
show how multiple sclerosis and normal control populations have different joint shape-orientation signatures.
Keywords: Riemannian metrics, shape analysis, DTI, multiple sclerosis

1. INTRODUCTION
The corpus callosum (CC) connects the two brain hemispheres and thus plays a vital role in interhemispheric
communication. Changes to its shape or structure, which occur because of aging2, 3 or degenerative disease,4–6 is
the subject of active study. There is an interest in linking these physical changes with neurological impairment.7
There is also an interest in linking the different stages of a degenerative disease such as multiple sclerosis (MS),
schizophrenia or Alzheimer’s, with physical alterations.8, 9
One of the underlying mechanisms for these topographical changes is atrophy. In the case of multiple sclerosis
(MS), a degenerative disease associated with atrophy, whole brain grey matter volume loss occurs even in the
earliest stages of the disease. What is not as well understood is the nature and extent of white matter volume
loss.10 The CC is an ideal brain structure to study white matter atrophy in MS subjects since it has the largest
concentration of white matter tracts and we expect it to be disproportionately affected.
The study of morphological changes in the CC, which falls under the purview of shape analysis, can be
categorized as volume-based or tract-based. With volume-based analysis, two broad approaches have been
followed in the literature. The first approach has been to present the CC as an abstraction using a geometric
representation such as a fixed topology skeleton or a medial axis description. Classification using a linear
discriminant method such as support vector machine (SVM) is then performed.11, 12 In other studies, different
principal component analysis (PCA) techniques have been used to study the modes of local and global variation.13
The second set of approaches, more common in clinical studies, has been to divide the CC into well-defined
partitions and to analyze quantitive parameters such as the width (dorsal-to-ventral) and thickness (anterior-toposterior)8, 14, 15 of these sections.
With tract-based analysis, the research emphasis has been on the evaluation of microstructure functions
such as fractional anisotropy (FA) and mean diffusivity (MD) along the lengths of tracts. Correspondence and
averaging methods have been applied to preserve the FA function for bundles and atlases of prominent CC tracts
like the genu and splenium.16, 17 Classification based on the geometrical shapes of fiber tracts has received less
attention.
In this paper, we present new tract-based methods based on geometry to assess fiber integrity. We use the
Riemannian metrics described in an earlier paper1 to look at changes in the shape and alignment of fiber tracts
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and through a case-control study of MS subjects, demonstrate the feasibility of our methods. In particular,
we look at the anterior CC which when viewed along the midsagittal plane forms a deep arc. We expect that
atrophy would result in a straightening of this arc as some studies13 suggest. We also expect that the shape and
orientation metrics we use, when considered together, are well suited to detect such changes.
Section 2 briefly describes these metrics. The results in the form of distance maps are presented in Section 3
and this is followed by a discussion in Section 4.

2. MATHEMATICAL FRAMEWORK
1

In previous work, we presented a Riemannian framework where the different physical features (shape, orientation, scale and position) associated with a fiber tract modeled as an open curve, could be studied. With this versatile setup, different combinations of features (shape, shape+orientation, shape+scale, shape+orientation+scale,
shape+orientation+scale+position) are possible and each constitute a different joint manifold. Geodesic distances and geodesic paths computed between two curves quantify the differences between fibers. The main ideas
in this framework are summarized below:
The fiber tract is represented as an open continuous parameterized curve, β : [0, 1] → R3 . We define a representation of a curve β using a square-root velocity function (SRVF):18
q(t) = q

β̇(t)

, q : [0, 1] → R3 .

(1)

||β̇(t)||

In order to compare any two curves, we will compare their SRVFs. The metric that we use for this comparison
is the L2 metric. One important advantage of this representation is its invariance to reparameterization of curves.
Because of this invariance, we can define a distance between the two curves as
d(β1 , β2 ) = min (kq1 − (q2 , γ)k2 ) ,
γ∈Γ

(2)

where γ is the reparameterization function for any curve and (q, γ) is the reparameterized SRVF. This minimization is performed using the standard dynamic programming (DP) algorithm, and it results in a quantification of
differences in curves represented in the feature spaces.
In analyzing shape changes to the CC, we use metrics that quantify the shape and shape+orientation differences between curves.

2.1 Comparison using shape and orientation
Curves in the shape+orientation manifold are invariant to translation/position and scale. Since the SRVF
function (Equation 1) is defined in its entirety by the derivative of β, translational invariance is automatically
achieved. In order to remove the influence of scales of curves in this setup, we rescale them to be of the same
length; a length of 1 is generally used. The set of all SRVF functions associated with curves of length one
are elements of a unit hypersphere in L2 (since their norms are one). The differential geometry of a sphere
is well-known so this simplifies the subsequent shape analysis; for example, if q1 and q2 are two elements of a
unit hypersphere, the geodesic distance between them is given by length of shortest arc connecting them on the
sphere. The distance between two curves that depends only on their shapes and orientations is:


Z 1
d1 (β1 , β2 ) = min cos−1 (
h(q1 , γ)(t), (q2 , γ)(t)i dt) .
(3)
γ∈Γ

0

The quotient shape+orientation space is a sphere so the geodesic or shortest path between the two curves is a
great circle. It can be specified analytically by
ψ(τ ) =
where θ = d1 (β1 , β2 ).

1
[sin(θ − τ θ)q1 + sin(τ θ)(q2 , γ ∗ )] ,
sin(θ)

(4)

2.2 Comparison using shape only
To compare fibers based only on their shapes, we remove all other physical variables (positions, scales, and
orientations) from the curve representation. We have already described how to achieve translation and scale
invariance. In order to obtain invariance to orientation we define an equivalence class of functions under SO(3)
(the set of all possible rotations in R3 ). Since we also have to be invariant to reparameterization, the group
action of SO(3) is combined with the action of Γ to obtain the shape space. Thus, we minimize over SO(3) as
well as Γ to get the distance function
d2 (β1 , β2 ) =

cos−1 (

min
γ∈Γ,O∈SO(3)

1

Z

h(q1 , γ)(t), O(q2 , γ)(t)i dt).

(5)

0

Let γ ∗ and O∗ be the reparameterization and the rotation that minimize the right side in this equation. For
θ = d2 (β1 , β2 ), the geodesic path between two curves is given by
ψ(τ ) =

1
[sin(θ − τ θ)q1 + sin(τ θ)(O∗ q2 , γ ∗ )] .
sin(θ)

(6)

2.3 Computing means of fiber bundles
To find a representative mean of a set of curves in a nonlinear manifold, we compute a Karcher mean. This is an
intrinsic computation that uses the exponential and inverse exponential maps of the given manifold to compute
a local mean. For a given collection of fibers {β1 , β2 , . . . , βn }, with function representations
{q1 , q2 , . . . , qn }, the Karcher mean is defined as:
µ̄n = argmin
f ∈S

n
X

ds (q, qi )2 .

(7)

i=1

A gradient approach such as the gradient descent algorithm is used to find the local minimum of the cost function.
The mean of a fiber bundle is a statistical summary, but also, as used in our data analysis, a convenient way to
represent a set of fibers.

3. RESULTS
3.1 Data
To study shape changes in the genu, DTI data from 20 subjects, 10 normal controls (NC) and 10 MS patients
were used. The MS subjects had a mean age of 44 ± 12 years and the mean disease duration was 10 ± 10 years.
Registration of the data set is not required (other than an alignment to a common coordinate system) but was
performed in this case. To obtain the DTI tracts, anatomical regions corresponding to the genu and rostrum
were seeded and streamline tractography with fourth order Runge-Kutta integration was performed. A few fibers
from the posterior-most section of the genu and another small set from the mid-section of the genu, were used
to compute two average curves, one for each section. The Karcher mean algorithm (Equation 7) was used for
this. We shall refer to these two curves, shown in Figure 1a, as the lower curve (LC) and the upper curve (UC)
respectively. A total of 40 LC/UC curves (2 curves/subject × 10 subjects/group × 2 groups) were used in this
study. To maintain consistency, the entire dataset was post-processed by a single individual.

3.2 Distance maps
Distance matrices of the NC and MS populations are used to look at LC-LC, UC-UC and LC-UC distances. The
layout of such a map is shown in Figure 1b. The first quadrant shows LC-LC distances of the 10 LC fibers in
the group; the fourth quadrant shows the UC-UC distances of the 10 UC fibers; the second and third quadrants
show the LC-UC distances between 20 fibers. We represent both shape and shape+orientation distances and NC
and MS populations in this way. The distances have a common scale so intra- and interpopulation comparisons
can easily be made.
Distance maps are an efficient way to make intra- and interpopulation comparisons. We can analyze the three
distribution profiles–the LC-LC, UC-UC and LC-UC distances–both within the NC and MS populations as well
as between the NC-MS populations. We can also make the same comparisons between the two manifolds.

3.2.1 Shape distances
From Figure 2 we see that the intrapopulation shape differences are small for the LC-LC/UC-UC comparisons.
The LC-UC distances are only slightly greater. This pattern is observed in both the control and MS populations
with the MS group having slightly larger differences. This suggests that the shapes of the two curves within a
population are similar, with the MS population showing more variation. The variances in Table 1 computed for
the shape manifold further support this visual summary.
3.2.2 Shape+orientation distances
The shape distances are a baseline. With the additive orientation distances in the shape+orientation manifold,
we expect the LC-UC distances to be greater since the two curves are differently oriented. This is what we
observe in the control group with large distances in the second and third quadrants (see Figure 2). The striking
visual showing the second quadrant differences between the two manifolds is further supported by the Wilcoxon
signed-rank statistic. This is a nonparametric hypothesis test between paired dependent samples. The p-value
of 0 that we get for both the NC and MS populations strongly indicates that the median distances are different
for the two manifolds.
Figure 2 also shows that the second quadrant LC-UC distances in the shape+orientation manifold are both
smaller and more variable for MS patients. The LC-UC variance for the MS subjects in Table 1 in fact shows
that they are the most variable group. Because of the heterogeneity in variance between the NC and MS groups,
a nonparametric rank-based test to compare populations was not performed.
Overall, the data suggests that the relative LC and UC orientation differences become smaller for the MS
group as the disease progresses.

4. DISCUSSION/CONTRIBUTION
In a comparative study of NC and MS subjects, the shape+orientation distance maps have different signatures for
the two populations with the MS group showing more variability. This variability is suggestive of alterations to
callosal shape that accompany illness progression. The genu curvature may either be getting more pronounced
or straightening out. PCA models of shape changes in the CC indicate that the CC flattens out.13 We can
confirm this by designing an experiment with three curves from three different locations in the anterior CC.
More expensive longitudinal studies that follow a patient over time, can also verify this.
Using only 10 MS subjects and 10 NC for comparison, we have demonstrated an effective new design that uses
shape distances in tandem with shape+orientation distances to study shape, morphology and changes to these.
Our feasibility study needs to be repeated on a larger sample matched for age, gender and handedness, factors
that are known to affect callosal size and shape.2, 19 The broader context of this work is to develop methods to
identify and track progressive white matter disease. We envision that tools such as this will improve the clinical
evaluation of patients suffering from MS and other similar degenerative diseases.
Table 1. Within-group variance for distance distributions

NC

MS

LC-LC

UC-UC

LC-UC

LC-LC

UC-UC

LC-UC

shape

0.0026

0.0048

0.0030

0.0089

0.0039

0.0089

shape+orientation

0.0032

0.0043

0.0040

0.0080

0.0108

0.0176

† Distances between the same curve (d = 0) were not included in the variance computation
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