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Abstract. Regional morphometic analyses of the corpus callosum (CC)
are typically done using the 2D medial section of the structure, but
the shape information is lost through this method. Here we perform
3D regional group comparisons of the surface anatomy of the CC between 12 preterm and 11 term-born neonates. We reconstruct CC surfaces from manually segmented brain MRI and build parametric meshes
on the surfaces by computing surface conformal parameterizations with
holomorphic 1-forms. Surfaces are registered by constrained harmonic
maps on the parametric domains and statistical comparisons between
the two groups are performed via multivariate tensor-based morphometry (mTBM). We detect statistically significant morphological changes
in the genu and the splenium. Our mTBM analysis is compared to the
medial axis distance [13], and to a usual 2D analysis.
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Introduction

The corpus callosum (CC) is affected in a number of disorders of the central
nervous system, and in particular, several recent studies have shown morphological changes in neonates in infants associated to preterm birth [1, 15]. Typical
morphometric analyses of the CC in both adult and infant subjects start with
manual or automatic segmentation of the structure, followed by an analysis of
the mid-sagittal slice (see e.g. [10, 7]). While these methods have yielded important information, they fail to take into account the 3D stucture of the CC.
Alternatively, a whole brain voxel-wise analysis such as voxel-based morphometry (VBM) or tensor-based morphometry (TBM) is applied to the whole brain at
once, including the CC. One such study in preterm neonates [4]) did not find any
significant differences in the CC in the preterm compared to term born groups.
Here instead, we perform a surface-based analysis of the CC, and we compare it to a more standard 2D mid-sagittal analysis. We first propose a novel
pipeline for group comparisons of the surface anatomy of the CC in neonates.
Fig. 1 illustrates our pipeline. In previous studies, we applied a similar method
to the ventricles, the thalamus and the hippocampus [24, 25]. As in studies of
subcortical structures in adults (e.g. [20, 21]), we expect that our method will

increase statistical power to detect statistical differences between the term born
and premature groups, as well as improve localization of the changes. Secondly,
we perform a group analysis using our pipeline on the CC. Using brain T1weighted MRI scans from 12 preterm and 11 term-born neonates, we aim to detect surface-based regional differences in shape between the two groups. In the
current study, we focus exclusively on preterm neonates with no visible evidence
of white matter injury as determined by an expert neuroradiologists, in order
to demonstrate the power of our method to detect the subtle brain injuries that
may be present in those subjects.
The methods described exploit the full 3D structure of the CC, and are
expected to have higher detection power compared to 2D based ones. In particular, we tested the hypothesis that our surface-based morphometry method would
yield differences between preterm neonates and control term neonates in the CC
in cases where 2D analyses do not. We expect that they will yield important
results on the effect of prematurity on brain anatomy. The software described
below is freely available online, see [22].

Fig. 1. The proposed grid generation. The subcortical structures are segmented from
T1 scans, and a conformal grid is generated on their surface.
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2.1

Subjects and Methods
Neonatal Data

Our dataset comprises 12 premature neonates (gestational ages 25-36 weeks,
43.02 ± 1.7218 weeks at scan time) with normal MR scans and 11 healthy term
born infants (gestational ages 43.0150 ± 1.7392 weeks at scan time). T1-weighted
MRI scans were acquired using a dedicated neonatal head coil on a 1.5T GE
scanner using a coronal three-dimensional (3D) spoiled gradient echo (SPGR)
sequence. The inclusion criteria for our preterm subjects were the following: 1)

prematurity (less than 37 gestational weeks at birth), and 2) visually normal
scans on conventional MR imaging. All subjects with visible injuries were excluded from the dataset. Structural MRI are qualitatively classified as controls
by 2 board certified neonatal neuroradiologists. The institutional review board
at our medical center approved the study protocol.
We manually segmented the corpora collosa with Insight Toolkit’s SNAP program [26]. Tracings were done in the registered template space by an experienced
pediatric neuroradiologist, using standard protocols. Fig. 2 shows an example of
a reconstructed surface and its holomorphic one-forms for one subject.
2.2

Grid Generation

We compute conformal grids on each of the segmented CCs using a method
based on holomorphic differentials, as described in [18].
One challenge to generate parametric surfaces for subcortical structures is the
complex topology, e.g. long and thin tail in caudate and multiple-arm structure of
the lateral ventricles. A canonical space such as a sphere [14] typically generates
a lot of distortion in these cases [21]. On the other hand, conformal geometry
may conformally map topologically complex surfaces to a plane. The key step
to turning this nonlinear conformal parameterization problem into a linear one
is to have a topology optimization step [18]. For example, here we leave holes
and model the CCs as surfaces that are topologically equivalent to a cylinder
with two open boundaries. The surface partitioning is done by tracing curves
that go through the zero point and have equal parameter coordinates. Although
surface geometry is widely variable across subjects, these zero point locations are
stable and intrinsically determined by the CC surfaces’ conformal structures. The
resulting surface partitions are very robust and stable, and our grid computation
method is intrinsic and efficient because the conformal grid computation is done
by solving a linear system of equations [18].

Fig. 2. Example of a CC segmentation (left) and its conformal grid (right).

We have successfully applied this method in adults to process hippocampal
and lateral ventricular surfaces in HIV/AIDS and Alzheimer’s disease studies
[21, 23], and in neonatal ventricular, hippocampal and thalamic data [24, 25].

The induced parametrization is one-to-one, angle-preserving, and preserve small
similarities between surfaces. Examples of the grids that we generated are shown
in Fig. 2.

2.3

Surface Registration

We use a parametric surface approach to register the CCs. The induced parameterization computes a one-to-one mapping from an anatomical surface to
a plane, which serves as a canonical space to compute correspondences between
surfaces [5, 16]. The achieved parameterization helps us to accurately analyze
signals localized on brain surfaces.
We register CC surfaces across subjects using constrained harmonic maps.
The constrained harmonic map can be computed as follows.
Given two surfaces S1 and S2 , whose conformal parameterizations are τ1 :
S1 → <2 and τ2 : S2 → <2 ., we want to compute a map φ : S1 → S2 . Instead of
directly computing φ, we can easily find a harmonic map between the parameter
domains. We look for a harmonic map, τ : <2 → <2 , such that its composition
with the conformal parametrization on S1 gives the conformal parametrization
on S2 :
τ ◦ τ1 (S1 ) = τ2 (S2 ), τ ◦ τ1 (∂S1 ) = τ2 (∂S2 ), ∆τ = 0
Then the map φ may be obtained by φ = τ1 ◦ τ ◦ τ2−1 . Since τ is a harmonic
map, and τ1 and τ2 are conformal maps, the resulting φ is a harmonic map.

2.4

Surface Multivariate Tensor-based Morphometry (mTBM)

Our ultimate aim is to determine the intrinsic surface morphology of segmented
CCs in preterm neonates. We do so by applying a multivariate tensor-based
morphometry analysis (mTBM) [8, 21, 23].
In mTBM, for each subject in the data set, the registration yields a displacement field u between the template and the subject’s images. A Jacobian matrix
J = Id + ∇u is computed at each vertex from the registration between template
and subjects images, where Id is the identity matrix. In tensor-based morphometry, these Jacobian matrices, or a function of their components are typically
used as metrics for group comparisons. Several papers on comparisons of univariate (det J, trJ, ...) and multivariate
(log S or their eigenvalues, where S are
√
the deformation tensors S = JJ T ) measures were written by our groups and
others to evaluate these different possible statistics for volume and surface TBM
(see e.g. [8] for the volume-based mTBM and [21, 25, 24] for the surface-based
one). In general, the multivariate measures yielded increased statistical power
when compared to the univariate ones. As with studies on adults and other subcortical structures in neonates, deformation tensors are expected to outperform
univariate measures in terms of detection power in neonates.

2.5

Medial Axis Method (MAD)

One of the most commonly used morphometry measure on surface data is the
radial distance ρ from a medial axis to a vertex of the surface [13, 17]. The
medial axis is computed using the center point on the iso-parametric curves, i.e.
the iso-parametric curve is perpendicular to the medial axis, on the computed
conformal grid [23], after which ρ is easily found at each vertex. We will use
MAD both as a validation and as a comparison tool for the statistical analysis
in mTBM, as well as a combined MAD + mTBM measure. We hypothesize that
our method will outperform MAD, and that the combined mTBM + MAD will
give more powerful results than each method taken independently.
2.6

MTBM on the Mid-Sagittal Surface

Analyses on segmented corpora callosa are typically performed on the midsagittal surface, using either the 2D surface area (see for example [10, 11]), or the
1D medial line (see e.g. [7]). Neither of these methods take into account the rich
3D structure of the CC, and we hypothesize that some important information
is lost by reducing it to a single slice. To compare our surface based method to
these standard 2D analyses, we will perform a mTBM analysis on 2D binarized
CCs, using the mid-sagittal surface. We will use a fluid registration to match
the 2D CCs [9], in which the moving image is treated as a viscous fluid, and the
driving force is the difference in intensity between the moving and target images.
The registration template is randomly chosen as one of the term-born subjects.
Statistics are computed as in Secs. 2.4 and 2.7. This method was used in several
prior publications, see e.g. [10, 11].
2.7

Multivariate Statistical Analysis

Since the S are positive definite matrices, they do not form a vector space under
the usual matrix addition and scalar multiplication, so we can not use standard
Euclidean statistics. Instead, they are transported to the tangent plane at the
origin of the manifold of deformation tensors [2], where standard flat space statistics can then be used. In practice, all that this means is that mTBM statistics
are computed on the matrix logarithm log(S) instead of directly on S.
For MAD, a standard voxel-wise t-test is used to compare the preterm to
the term-born neonates, while for either of the multivariate tests (mTBM or
MAD + mTBM), group statistics are computed using the Hotelling’s T 2 test [6]
- the multivariate extension of the Student’s t-test -, as described in [8, 21, 23]. In
order not to assume a normal distribution, we run a vertex-based permutation
test on the results [12, 8, 21]. We randomly assign diagnostic labels (premature
or term-born) to each subject, without replacement. A Hotelling’s T 2 -test is
performed at each vertex using the new labels, and p-values are found using
the standard Hotelling’s T 2 -test for normally distributed data. The procedure is
repeated 10000 times. We obtain a null distribution of T 2 -values at each vertex
to which we compare the T 2 -values from the real data.

We also created cumulative distribution function (CDF) plots of the resulting
uncorrected p-values (as in a conventional false discovery rate analysis (FDR)
[3]). The critical p-value [3] is the highest non-zero point at which the CDF
plot intersects the y = 20x line, and represents the highest statistical threshold
(if there is one) that can be applied to the data, for which at most 5% false
positives are expected in the map. If there is no such intersection point (other
than the origin), there is no evidence to reject the null hypothesis.

3

Results

Figure 3 shows the surface statistics for mTBM and 3 other statistics, the radial
distance, the determinant of J, and mTBM + radial distance. Clusters of significance are found around genu than splenium areas. While all measures give
similar clusters of significance, mTBM demonstrates the strongest statistical
power over det J and the radial distance. The combination of methods mTBM
+ radial distance gave the most powerful results, as expected.
The plot in the bottom panel shows the CDF of p-values vs. p-values. Height
above the x = y line indicate how powerful a statistic is. While the mTBM line
falls higher than those of the univariate statistics, only the combined mTBM +
radial distance fall above the y = 20x line, see Sec. 2.7.
Figure 4 shows the results of using 2D multivariate TBM on the mid-sagittal
surface. The genu and a small regions of the anterior body of the CC are significant (p = 0.001 over the whole CC). A similar analysis using the determinant
of the Jacobian matrix did not yield any areas of significance (p=0.55 over the
whole CC).

4

Discussion

Here we describe a novel surface based method for the analysis of the CC in
neonates, and apply it to compare a group of neonates and controls. As hypothesized, our mTBM statistics outperformed both univariate measures, and the
combined mTBM + MAD statistics also outperformed mTBM alone. We are
currently working on increasing the sample size to confirm the above results. In
larger studies in adults using the above method, mTBM outperformed univariate
methods to detect brain differences in lateral ventricles in HIV/AIDS patients
[21], and in a large ADNI morphometry study (N=804) of subcortical structures
[19], and we expect this to be the case here too.
The surface based method also outperformed more standard mid-sagittal
analysis of the CC. While both methods yield significant and consistent results,
the 2D one detects fewer clusters of significance compared to the 3D surfacebased one.
A large study of very preterm infants [15], showed significantly reduced crosssectional area in the preterm subjects for all areas of the CC, and the results were
more pronounced in the mid-body and posterior regions; the overall shape of the
preterm CCs was also more circular than the controls. The preterm subjects used

here range from 25-36 weeks, and our sample only preterm subjects with visibly
normal scans, so we expect to see less pronounced differences than in the [15].
We focussed only on visibly normal preterms in order to see if our method could
detect more subtle differences that could not be seen by a radiologist. While our
results are consistent with areas of difference found in [15], we indeed find fewer
regions of difference here. As our data set increases, we will be able to distinguish
differences between the very preterm and more mildly preterm subjects.
Another study showed slower growth rate of the CC in between 2-6 weeks
of life in very low birth weight preterm neonates [1]. While we did not show
longitudinal data here, a similar study could be done here by creating maps
from data at two different time points. Hence, in the future, our method could
be used it to determine for example more specifically which regions of the CC
have impaired growth in premature neonates.
Finally, while we have applied the methods here to preterm neonates, but
the method described above can be applied to study group differences in the CC
from neurological conditions in subjects of all ages.
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9. N Leporé et al, SPIE Medical Imaging, 2008
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Fig. 3. Surface-based statistics. Top panel: P-values for the comparison of two groups,
for 4 different statistics. The meaning of the different colors is shown in the colorbar.
Bottom panel: CDF of the p-values vs. the p-values, for all 4 statistics.

Fig. 4. 2D multivariate TBM on the mid-sagittal slice of the corpus callosum. Regions
in red have p-values<0.05

