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Abstract. Amyotrophic lateral sclerosis (ALS) is a progressive motor
neuron disease with poor prognosis. Previous DW-MRI based studies in
ALS on WM tracts showed a decrease of FA in tracts related to the mo-
tor system. Recent evidence suggests that extra-motor tracts are also
affected by ALS. This paper aims to analyse the cingulum tracts of
ALS patients and controls. To do so, we introduce kernel matching, a
novel method to obtain optimal correspondence between the white mat-
ter tracts. The orientation of tract tensors in atlas space as well as the
global tract shape are employed as prior information. The method proved
successful to reduce the large variance of tensor shape features along the
cinguli emanating from registration errors. Only after applying the pro-
posed kernel matching method we found a significant increase in the
tensor norm of both cinguli. We hypothesize that the degeneration of
fibers increases tensor norm.

1 Introduction

Amyotrophic lateral sclerosis (ALS) is a progressive motor neuron disease fea-
turing upper as well as lower motor neuron degeneration and poor prognosis.
The exact cause of ALS is currently unknown.

Diffusion weighted MRI (DW-MRI) is a powerful modality to study the de-
generation of white matter (WM) tracts. Previous DW-MRI based studies on
ALS performed either voxel-based analysis (VBA) of WM tracts after a full-
tensor non-rigid registration [1] or tract-based spatial statistics (TBSS) after a
fractional anisotropy (FA)-based registration [2]. Both studies showed a decrease
of FA in tracts related to the motor system such as the corticospinal tract (CST).
Sage [1] reported an increase of the mean diffusivity along the CST.

Recent evidence suggests that extra-motor tracts are also effected by ALS. For
instance, both [1] and [2] found a lower FA in the body of the corpus callosum
(CC). Related fMRI studies showed a decrease of blood oxygen level-dependent
(BOLD) contrast in the medial part of the cingulum during the execution of
motor tasks [3]. So far the cingulum has not been reported to be structurally
involved in ALS.
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The analysis of atlas-tract statistics, such as in [4], relies on a good registra-
tion. Particularly, the assessment of smaller tracts is rather sensitive to regis-
tration errors, which increase the variance in the tensor shape features. These
registration errors result from spatial regularization and ignore small local mis-
matches in order to find a transformation that is continuous at a larger scale
[5]. TBSS provides a method that is less sensitive to registration errors as it
projects tensor features on the closest location of the FA skeleton. While doing
so, differences in orientation between the projected tensor and the target on the
FA skeleton are ignored. Hence, this may result in a misregistration for closely
spaced tracts such as the cingulum and the CC. Alternatively, fibers may be
tracked in subject space, transformed to the atlas space followed by clustering
[6]. Although more accurate, this method is less precise due to the low SNR of
the subjects’ datasets in which tracking is performed.

This paper aims to analyse the cingulum tracts of ALS patients and controls.
Our study employs a novel kernel matching approach that is used for registration
of the cingulum tracts. The kernel matching locally improves tract correspon-
dence by employing the orientation of tract tensors in atlas space as well as the
global tract shape as prior information. By doing so a projection step such as in
TBSS is rendered superfluous. Statistics are computed in subject space to avoid
unnecessary interpolation of the tensor data.

2 Method

2.1 Tract Segmentation in a Population-Specific Atlas

We consider tract segmentation in a population-specific tensor atlas as an ini-
tialization for our kernel matching method. This atlas contains the complete
diffusion information [7] and is built for this study using a non-rigid viscous
fluid registration model [5]. Fiber tractography is performed in the atlas using
the FACT algorithm [8]. The resulting fiber points are clustered and a spline is
fitted through the cluster center points catlas, resulting in a smooth centerline
[9]. Tracts are represented by this set of cluster centers points, the original fiber
points and the cluster-membership of each fiber point to a cluster center de-
fined in [9] as the Gaussian-weighted distance (σ = 3mm, approx. 1 voxel) . The
inverse of each subject-to-atlas transformation is computed, which effectively
transforms atlas tracts back to subject space.

2.2 Optimize Cluster Location in Subject Space by Kernel
Matching

Kernel matching aims at improving the atlas tract to subject transformation.
The atlas tract may be warped in the normal plane τ(catlas) to its local ori-
entation, to achieve correspondence with the local subject tensor orientation.
From the tensors, only orientation information is employed. Given a principal
eigenvector vi = (vx, vy, vz)

T , an orientation mapping can be defined by consid-
ering the outer-product Mi = vivT

i . The resulting 9-tuple can be reduced to a
5-dimensional normalized vector wi [10]:
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This operation ensures that antipodal vectors are mapped to the same point in
the 5-dimensional space. We define the similarity 0 ≤ s ≤ 1 in orientation be-
tween two diffusion tensors as s(w1,w2) = 1

2 ((w1 · w2) + 1). The location of an
atlas cluster center point is updated by adjusting q ∈ τ(catlas) such that a match-
ing kernel η is found in a subject that maximizes kernel similarity, argmaxqS(q).
S(q) is defined as:

S(q) =

{∑
p∈η

s(wp,atlas,wp+q,subject) · s(wp,atlas,wcatlas)

}
. (2)

In this equation, the first term decribes the similarity in orientation between
atlas and subject. The second term ensures that adjacent bundles with a different
orientation are ignored.

The cubic kernel η gives an equal weight to all elements. η is sized 5 × 5 × 5
voxels (1.0 × 1.0 × 1.1 cm3), which is slightly broader than the average width of
the small WM tracts which we are interested in. We limit η to WM voxels that
have FA > 0.2 and mode > 0 (see below) such that their principal eigenvector
is well-defined.

Contrast in WM tract orientation is largest in the direction perpendicular to
the tract. Furthermore, the registration error of the atlas tract is expected to be
smaller than 1.5 cm. Therefore, we update catlas in the plane τ(catlas) normal to
the local tract orientation. τ(catlas) is of small size 1.5 × 1.5 cm2, discretized at
a finer 0.5 voxel-size interval resulting in 17 × 17 points.

Interpolation of tensor values is done in a Log-Euclidean space to prevent
tensor swelling effects [11]. The atlas tensor field is transformed to subject space
before S(q) is evaluated and tensors are rotated accordingly.

Cluster locations in subject space are updated to the position catlas +q where
S(q) is maximal. The resulting centerline through these updated cluster loca-
tions is regularized by fitting a b-spline followed by projecting each cluster to
the closest point on the spline. One iteration of the algorithm was performed,
as more repetitions did not alter the solution. The location of fiber points is up-
dated by interpolation of the cluster translations using the cluster-membership
[9] as weights.

2.3 Tensor Shape and Tract Statistics

Conventionally, DW-MRI analyses of WM tracts rely on the FA to describe the
tensor shape. Recently, it was shown that the tensor shape is entirely described
by three features: FA, mode and norm, which form an orthogonal set of features
[12]. FA measures the anisotropy, mode the type of anisotropy (ranging from −1
for planar to +1 for linear anisotropy) and norm the amount of diffusivity.

These features are calculated at cluster centers as a weighted sum of the
feature at all fiber points employing the cluster-membership as weights. Patient
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and control feature profiles are compared per cluster center using a t-test with
a modest significance threshold of p < 0.05 (uncorrected), because of a small
population size.

3 Results

3.1 Data Acquisition

Over a period of 3 years we consecutively included all 11 patients that entered
four neuromuscular outpatient clinics in the Netherlands (University Medical
Centres of Amsterdam, Utrecht, Rotterdam, and the Catharina Hospital in Eind-
hoven) and met our inclusion criteria (ALS, bulbar onset of disease) as well as 11
age matched controls. DTI data were acquired on a 3T scanner (Intera, Philips
Healthcare, Best, The Netherlands). The spatial resolution was 2.0 × 2.0 × 2.2
mm, per patient 64 axial slices of matrix size 128x128 were acquired for 32 gra-
dient directions with a diffusion weighting of b = 1000 smm−2. Additionally,
one set of images was acquired without any diffusion-weighting. Eddy current
distortions were corrected for by an affine registration in the phase direction [13].

3.2 Tract-Based Spatial Statistics

TBSS was performed after tensor-based registration (section 2.1). Results are
shown in fig. 1. A decreased FA in the corticospinal tract (CST) and in the
body of the corpus callosum (CC) is observed. The norm is increased in a few

Fig. 1. TBSS results on FA (a) and norm of the left (b) and right (c) cingulum. Marked
voxels show a significant decrease in FA (a) or a significant increase in norm (b,c)
between ALS patients and controls according to a t-test with p < 0.05 (uncorrected).
(a) Shows the FA is lowered for the CST and CC. (b) Shows a small effect for the norm
of the left cingulum in the annotated area. (c) No significant effect is observed in the
right cingulum.
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Fig. 2. Location of right cingulum cluster centers in atlas (a) and in subject before (b)
and after (c) kernel matching. (d) Kernel similarity S(q) evaluated for τ (catlas) around
marked cluster in (b), with the kernel η(catlas + q) displayed at an arbitrary location.

voxels of the left cingulum, whereas no differences could be found in the right
cingulum. According to the authors, TBSS is less suited for this particular area
as the projection direction towards a skeleton with a tubular rather than a
sheet-like topology, such as the inferior part of the cingulum, is not uniquely
defined. In these areas the TBSS method employs a local search for maximum
FA within a circular space in the appropriate axial slice, rather than along a
single perpendicular direction [14].

3.3 Kernel Matching

Both cingulum tracts were tracked in the atlas and a centerline through its
cluster center points was derived. The atlas cluster center points, depicted in fig.
2a, were transformed to subject space. Fig. 2b illustrates that in a representative
subject these cluster center points did not align with the cingulum but instead
were incorrectly positioned in between the cingulum and CC, due to a small
registration error.

Subsequently, kernel matching was applied to obtain better correspondence
between the atlas tracts and the subjects’ tensor orientation field. Figure 2d
shows the kernel similarity S(q) evaluated in the normal plane τ(catlas) of the
annotated cluster center point in fig. 2b. A high contrast in S(q) may be ob-
served for a small region adjacent to the initialized cluster center point catlas.
This region corresponds to the cross section of the subjects’ cingulum bundle
at that particular location. The initial cluster center point (purple) is clearly
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Fig. 3. (a) Defining arc length to parameterize the right cingulum in atlas space. (b,c)
Standard deviation of the norm for the left (b) and right (c) cingulum in controls before
and after kernel matching. Mean norm for both cinguli is approximately 1.5 × 10−3

(d,e) T-test results for the difference in norm between patients and controls evaluated
at the left (d) and right (e) cingulum cluster centers. The dashed line denotes the
significance threshold (p < 0.05).
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suboptimally positioned and will be translated by q to the voxel with maximal
S(q). Kernel matching results in a clear improvement in correspondence between
the atlas tracts and this subjects’ tensor orientation field (see fig. 2c).

Tensor feature profiles of tracts evaluated after kernel matching are expected
to have a lower standard deviation since these tracts are better aligned to the
subject data. This reduction is demonstrated in the norm profiles of both cinguli
of the control group in fig. 3b-c. The standard deviation is reduced up to 30%
for clusters in the anterior and medial parts of the cingulum. Similar reductions
are observed for the FA and mode profiles (data not shown).

Feature profiles that are evaluated before the application of kernel matching
show an increase of tensor norm only in the left cingulum that is similar to
the TBSS result, see fig. 3d. FA and mode profiles do not show an effect (data
not shown). The reduced standard deviation after kernel matching enables a
more accurate comparison of patient and control profiles. This results in an
enlarged significance of the effects observed in the left cingulum and in addition
a similar effect in the right cingulum, see fig. 3d-e. A permutation test as in [1]
without correction for multiple comparisons gives exactly the same results as the
paired t-test. The suprathreshold multiple comparison correction [15] indicates
a significant difference of the entire right CG, but not the left.

KM was also applied to other WM tracts of interest (CST, Inferior Longitu-
dinal Fasciculus, Arcuate Fasciculus and Fornix) resulting in similar decreases
in standard deviation as in the CG tracts. No additional significant differences
between controls and patients were found.

4 Discussion

Both the atlas-tract based method without kernel matching and the TBSS analy-
sis showed a difference in norm for the left cingulum. Only after applying the
proposed kernel matching method we found a significant increase in the tensor
norm of the right cingulum. This effect may be attributed to a higher initial
variance, reduced after kernel matching. We hypothesize that the degeneration
of fibers increases tensor norm. A related increase in tensor FA is also found but
not significant, which may be due to the low number of included patients.

Future work might extend the application of our method to improve the corre-
spondence of more sheet-like tracts by applying kernel matching to the skeleton
points defined in the continuous medial representation suggested by [16]. Here,
the matching may be restricted to translate cluster center points along the nor-
mal line to the sheet structure, instead of the normal plane of the fiber bundle.
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