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ABSTRACT

Cerebellar dysfunction can lead to a wide range of movement disorders. Studying the cerebellar atrophy pattern
associated with different cerebellar disease types can potentially help in diagnosis, prognosis, and treatment
planning. In this paper, we present a landmark based shape analysis pipeline to classify healthy control and
different ataxia types and to visualize the characteristic cerebellar atrophy patterns associated with different
types. A highly informative feature representation of the cerebellar structure is constructed by extracting dense
homologous landmarks on the boundary surfaces of cerebellar sub-structures. A diagnosis group classifier based
on this representation is built using partial least square dimension reduction and regularized linear discriminant
analysis. The characteristic atrophy pattern for an ataxia type is visualized by sampling along the discriminant
direction between healthy controls and the ataxia type. Experimental results show that the proposed method can
successfully classify healthy controls and different ataxia types. The visualized cerebellar atrophy patterns were
consistent with the regional volume decreases observed in previous studies, but the proposed method provides
intuitive and detailed understanding about changes of overall size and shape of the cerebellum, as well as that
of individual lobules.
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1. INTRODUCTION
The cerebellum plays an important part in motor control, and is also involved in cognitive functions such as
attention and language1 . Cerebellar dysfunction can lead to a wide range of movement disorders including
incoordination, reduced manual dexterity, postural instability, and gait disturbances1 . Despite the significant
impact of cerebellar diseases on patients’ lives, the current standard of diagnosis and treatment of cerebellar
diseases is inadequate2, 3 . Magnetic resonance (MR) imaging provide potentials to improve the understanding and
evaluation of cerebellar neuro-degeneration by revealing the structural changes of the cerebellum. Figure 1 shows
example coronal sections of the cerebellum from healthy control (HC), spinocerebellar ataxia type 2 (SCA2),
spinocerebellar ataxia type 6 (SCA6), and ataxia-telangiectasia (AT). We can see that the three ataxia types
show cerebellar atrophy as compared to the healthy control, each has different regional atrophy patterns. It is
of great interest to study the cerebellar structural pattern associated with each disease type, and to correlate
the structural change with specific functional degeneration. On the scientific side, it helps researchers further
understand the localized function map of the cerebellum. On the clinical side, it may help in the development
of disease-modifying therapy, designing efficient therapeutic trials, and monitoring individual patient progress.
Various methods have been proposed to study structural changes of the brain based on MR images4 . Region
of interest (ROI) volumetry has been traditionally used to obtain regional measurement of anatomical volumes
and to investigate abnormal tissue structures with disease5 . ROI volumetric measure is simple and reliable, but it
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Figure 1. Example coronal sections of the cerebellum from a HC and three ataxia types.

often cannot capture localized structural change patterns. Voxel-based analysis (VBA) overcome the limitations
of ROI volumetry. It maps a subject image to a standard template space and applies a voxel-wise linear statistical
test on voxel morphometric measures, such as a Jacobian determinant of the deformation and tissue density6 .
To overcome the limitations of mass-univariate analysis in VBA, high-dimensional pattern classification methods
have been proposed7–10 . These methods aim to capture multivariate nonlinear relationships in the data and seek
to achieve high classification accuracy at the individual level. Statistical shape analysis also plays an important
role in structural analysis11–13 , where the complete shape of the anatomical structure is encoded in a vector and
statistical analysis methods are designed to study the population distribution in high-dimensional shape space.
Our approach is closely related to statistical shape analysis and high-dimensional pattern classification methods. In particular, we propose a method to classify cerebellar ataxia types and visualize the cerebellar atrophy
patterns associated with different disease types based on landmark shape representation of cerebellar lobules.
Dense homologous landmarks are generated on the boundary surfaces of cerebellar sub-structures and a highdimensional feature vector is generated by stacking the spatial coordinates of all the landmarks. This shape
representation provides a highly informative feature representation of cerebellar structure. Partial least squares
is used to reduce the data dimension, and regularized linear discriminant analysis is carried out in the dimensionreduced space to classify different ataxia types. Due to the linear properties of both dimension-reduction and
discriminant analysis, the characteristic cerebellar atrophy patterns for different ataxia types can be visualized
by sampling along the discriminant direction between healthy controls and the ataxia types and reprojecting to
the high-dimension shape space.

2. METHOD
2.1 Cerebellar lobules and lobes
The cerebellum includes a central mass of white matter called the corpus medullare (CM) and surrounding gray
matter branches, called lobules, numbered from I to X14 . Specific groups of lobules are referred to as lobes; for
example, lobules I through V make up the anterior lobe. Figure 2 shows a surface rendering of the cerebellar
lobules and their names.
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Figure 2. Cerebellar lobules and lobes. (a) Anterior view; (b) Posterior view.

2.2 Materials and preprocessing
T1-weighted magnetization prepared rapid gradient echo (MPRAGE) images of 123 subjects were acquired on
a 3.0T MR scanner (Intera, Phillips Medical Systems, Netherlands). There are 65 healthy controls (HC) and
58 patients with four types of cerebellar ataxia. The subjects were diagnosed by blood test. Demographic

information is provided in Table 1. The cerebellum was segmented from the MR image and parcellated into
22 cerebellar sub-structures defined in Sec. 2.1, using the method proposed in Yang et al. (2013)15 . A dense
triangulation of the boundary surface of each lobule was generated by the marching cubes algorithm16 . Figure 3
shows the input MR image, the lobule segmentation, and the generated triangular meshes of lobules.
Table 1. Demographic information on the 123 subjects being studied. Key: N number of subjects; m/f is the male/female
ratio; Age is the mean age; SD is the standard deviation of the age; healthy controls (HC); spinocerebellar ataxia type
2 (SCA2), type 3 (SCA3), type 6 (SCA6) and type 8 (SCA8); ataxia-telangiectasia (AT).

HC
SCA2
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N

(m/f)

Age

(SD)

65
4
7
27
2
18

(28/37)
(3/1)
(2/5)
(7/20)
(2/0)
(12/6)

50.7
48.8
51.7
58.4
43.5
18.3

(17.7)
(8.8)
(9.3)
(9.3)
(16.3)
(6.2)

Figure 3. From MR image to lobule meshes: (a) MR image of the cerebellum; (b) Lobule segmentation; (c) Triangular
meshes of all lobules; (d) Vertices of the lobule meshes.

2.3 Landmark based shape representation
The landmark representation describes a shape by locating a set of landmarks on the outline, where a landmark is
defined as “a point of correspondence on each object that matches between and within the populations”17 . Landmark has been widely used in modeling shape priors in segmenting anatomical structures18–20 and in studying the
structural changes associated with growth and diseases12, 13 . A challenge of using the landmark representation
to model anatomical structures, especially 3D structures, is establishing dense corresponding landmarks across
different subjects. Multi-structure shape (as in the collection of lobules comprising a cerebellum) adds another
level of complexity21 . We address the correspondence building problem for multiple structures by applying a
two-step nonrigid point set registration between the template point set and the subject point set, with the first
step registering all lobules as a whole and the second step registering each lobule separately. The deformed template point set is then used as the landmarks of the subject. The steps for generating landmark representation
is described in detail next.
Let Pk be the ordered set of points from the kth lobule mesh of a subject, generated as described in Sec. 2.2.
P = {P1 , P2 , . . . , PK } is the ordered set of points from all lobules, where K is the number of lobules, and
K = 22. P is called the point set of a subject or subject point set. An arbitrary subject was selected as the
template, and the template point set is denoted by P 0 . First, each subject point set P is aligned to P 0 by a
rigid transformation in order to remove its rotation and translation, resulting in P r . Then, the two-step nonrigid
registration is carried out for each subject: 1) P 0 is registered to P r through a nonrigid registration, resulting
in P 1 . Coherent point drift (CPD)22 is used to implement the nonrigid point set registration. 2) For each lobule
k, Pk1 (the set of points in P 1 that belongs to lobule k) is registered to Pkr (the set of points in P r that belongs
to lobule k) through a nonrigid transformation, resulting in Pk2 .

2
P 2 = P12 , P22 , . . . , PK
is therefore the set of landmarks for the subject, since it outlines the shape of the
subject and at the same time has one-to-one point correspondence with the template point set P 0 , and thus

with all the other subject point sets. Figure 4 shows the initial template point set P 0 , and the template point
set after each step of nonrigid registration, i.e., P 1 and P 2 , overlaid with subject point set P r . Let {xi , yi , zi }
be the spatial coordinates of the ith landmark. The landmark representation of the subject is the vector
T

s = [x1 , y1 , z1 , x2 , y2 , z2 , . . . , xM , yM , zM ] ,

(1)

PK
where M = k=1 MK is the number of landmarks from all lobules. In our case M ≈ 15000. The landmark
representation s will be used as the feature vector for each subject in the following analysis.

Figure 4. Two-step nonrigid point set registration: (a) Template point set and subject point set before nonrigid registration;
(b) after whole cerebellum nonrigid registration; (c) after individual lobule nonrigid registration.

2.4 Dimension reduction and discriminant analysis
The high-dimensional feature vector s (the spatial coordinates of 15000 landmarks) and the small sample size
N (∼100 subjects) make the discriminant analysis ill-posed. A critical step before analysis is dimension reduction.
We use partial least squares (PLS), a supervised linear dimension-reduction method23 . PLS constructs new
predictor variables as linear combinations of the original predictor variables; it is closely related to principal
component analysis (PCA). PCA finds combinations of the predictors with large variance, while PLS finds
combinations of the predictors that have a large covariance with the response values. PLS therefore combines
information about the variances of both the predictors and the responses while also considering the correlations
among them. Figure 5(a) shows the subject shape representations projected to the first two components of PLS.
We can see that HC, SCA6, and AT form clusters.
After dimension reduction, linear discriminant analysis (LDA)24 is used to classify the diagnosis groups and
to find the discriminant pattern between any two diagnosis groups. LDA finds a linear combination of features
that characterizes or separates two or more classes of objects. The resulting combination is often used as a linear
classifier. Let x denote the feature vector of a sample in the dimension-reduced space associated with a class label
y ∈ {0, 1, . . . , C}. LDA assumes that the conditional probability density functions p(x|y = c), c = 0, 1, . . . , C,
are normally distributed with common covariance Σ and different mean vectors µc , c = 0, 1, . . . , C. The class
prediction problem is solved by maximizing the posterior probability that the observation belongs to a particular
class p(y|x). In the case of two classes, the decision criterion becomes a threshold on the dot product
ω · x > h,

(2)

ω = Σ−1 (µ1 − µ2 ) .

(3)

for some threshold constant h, where
ω, called the discriminant direction, is the direction that the data from the two classes are most separated when
projected on a line in this direction.
In this work, we use the shrunken centroids regularized discriminant analysis25 , a modified version of LDA.
Instead of using the sample covariance matrix estimation Σ̂ in the discriminant function, they use a shrunken
version of the sample covariance matrix
Σ̃ = αΣ̂ + (1 − α) Ip ,
(4)
where Ip is the p × p identity matrix and 0 ≤ α ≤ 1. By introducing a slightly biased covariance matrix, it
stabilizes the sample covariance estimates. It also stabilizes the variance and reduces the bias of the discriminant
function, leading to an improved prediction accuracy25 .

2.5 Characteristic atrophy pattern visualization
Visualization of the anatomical shapes and shape differences between different diagnosis groups are key elements
in the exploration of data, formulating and testing of hypotheses. In this section, we aim to visualize the
characteristic cerebellar atrophy patterns as they change from HC to a particular ataxia type. We visualize the
cerebellar atrophy pattern of a particular ataxia type as a series of synthetic shapes sampled along a line in the
discriminant direction ω between HC and the ataxia type.
Given the discriminant direction ω, as computed in Sec. 2.4, in the dimension-reduced space, the corresponding direction in high-dimensional shape space can be computed as
w = Vω,

(5)

where V = [v1 , v2 , . . . , vd ] and vi is the ith component computed from PLS. In order to be representative of the
data, we select the line trajectory in the direction w that passes through the point µ, the mean of all subjects,
and we call it the discriminant line. The parametric representation of the discriminant line sl can then be written
as
sl (t) = µ + tw, t ∈ R.
(6)
To visualize the line trajectory, we sample five equidistant points sl (t0 + k∆t), k = 0, 1, . . . , 4 on the line, and
reconstruct the cerebellar lobule surfaces from the points. The points are sampled so that the first and third ones
are the projection of the HC mean, µHC , and the mean of the ataxia type of interest, µAtaxia , respectively. The
shape corresponding to the fifth point sl (t0 + 4∆t) depicts a conjectured extreme disease subject of the ataxia
type, so that the cerebellar atrophy can be observed more evidently.

3. RESULT
3.1 Diagnosis group classification
In this experiment, we tested the proposed method on classifying HC and different ataxia types, i.e., SCA2,
SCA3, SCA6, SCA8, and AT. See Table 1 for the number and demographic information for each diagnosis
group. A leave-one-out experiment was carried out to evaluate the classification performance, where each of the
123 subjects was used as a test subject while the remaining 122 were used to compute the PLS projection and
train the linear discriminant classifier. The average leave-one-out classification successful rate is 0.829, which
is computed as the number of correctly predicted diagnosis prediction divided by the number of subjects used.
Figure 5(b) is the confusion matrix between the true diagnosis and predicted diagnosis. We can see that the
classifier predicts the majority diagnosis groups well (HC, SCA6, and AT), proving the representational and
discriminant power of the proposed shape representation. The classifier did not predict SCA2, SCA3, and SCA8
well, we believe due to the limited training samples. A major source of error is classifying ataxia types as HC.
This may be because that the cerebellum of patients with a short disease duration have mild cerebellar atrophy,
and it is therefore difficult to distinguish their cerebella from healthy subjects.
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Figure 5. Dimension reduction and discriminant analysis: (a) Subject points in the first two dimension after PLS dimension
reduction; (b) Confusion matrix between the true diagnosis and predicted diagnosis from leave-one-out experiment.

3.2 Disease-specific atrophy pattern visualization
In this section, we show the characteristic atrophy patterns associated with different cerebellar ataxia types, as
described in Sec. 2.5. Figures 6 and 7 shows the cerebellar atrophy patterns for SCA2, SCA3, SCA6, and AT,
viewed from the front and back of the cerebellum. We can see that noticeable cerebellar atrophy is observed for
all ataxia types, but different ataxia types have different patterns of shape changes.
SCA2 has the biggest atrophy in the corpus medullare among the four ataxia types (see the shrinking corpus
medullare in Fig. 7), indicating large white matter atrophy. There is significant atrophy in the anterior and
middle lobes (see the primary and horizontal fissure become wider from Fig. 7), while the caudal lobes do not
change much. These observations agree with the observations in Jung et al. (2012)5 that the volume of corpus
medullare, the anterior lobe, middle lobe of SCA2 patients were reduced compared to controls, while the caudal
lobes are relatively preserved. The visualization also suggests that although there is atrophy in most of the
cerebellum, the overall size of the cerebellum does not change too much.
SCA3 has the mildest cerebellar atrophy among the four, with no significant change in size. There is still
noticeable lobule atrophy, as we can see that left and right CRUS I lobules become smaller in Fig. 7, but the
degree of atrophy is less than the other three types. SCA3 has more WM loss compared to SCA6 and AT. These
observations agree with the observations in Burk et al. (1996)26 and Lukas et al. (2006)27 .
SCA6 has significant atrophy in almost all parts of the cerebellum and decrease in the overall size of the
cerebellum. SCA6 has less atrophy in the corpus medullare than SCA2 and SCA3 (Fig. 6). These observations
agree with the observations in Jung et al. (2012)28 that compared to SCA2, SCA6 has larger atrophy in posteriorinferior regions of the cerebellum but less atrophy in the corpus medullare. They also agree with the voxel-based
morphometry study on SCA3 and SCA6 in Lukas et al. (2006)27 , in which significant grey matter loss was found
in SCA6 in hemispheric lobules bilaterally as well as in the vermis. White matter analysis revealed significant
changes in SCA3, whereas no significant white matter reduction was found in SCA6 patients.
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AT has the most significant whole cerebellum atrophy. The size of the cerebellum decreases rapidly when
moving from healthy to AT. All lobules shrink, especially the middle lobes. These observations agree with the
observations in Tavani et al. (2003)29 that all parts of the cerebellar hemispheres and vermis undergo moderate
to severe atrophy in AT patients in the age range 9 to 40, and the lateral part of the cerebellar hemispheres has
the most severe atrophy.
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Figure 6. Characteristic cerebellar atrophy patterns for four different ataxia types, viewing from the front of the cerebellum.
The columns show in turn the five equidistant points sampled on the discriminant line, with the first column being the
projection of the HC mean and the third being the projection of ataxia mean.
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Figure 7. Characteristic cerebellar atrophy patterns for four different ataxia types, viewing from the back of the cerebellum.
The columns show in turn the five equidistant points sampled on the discriminant line, with the first column being the
projection of the HC mean and the third being the projection of ataxia mean.

4. CONCLUSION
In this paper, we present a landmark based cerebellar shape analysis pipeline to discriminate and visualize the
differences in cerebellar structure associated with different cerebellar ataxia types. A leave-one-out experiment
demonstrates the effectiveness of the proposed analysis in classifying diagnosis. The visualized disease-specific
atrophy patterns associated with different ataxia types were consistent with the regional volume decreases observed in previous studies, and they provide more intuitive and detailed understanding about the shape changes
of the whole cerebellum as well as the sub-structures. In addition to studying disease-specific cerebellar atrophy
patterns, the proposed shape analysis pipeline can be adapted to study function-specific atrophy patterns.

REFERENCES
[1] Manto, M., “The cerebellum, cerebellar disorders, and cerebellar researchtwo centuries of discoveries,” The
Cerebellum 7(4), 505–516 (2008).
[2] Marmolino, D. and Manto, M., “Past, present and future therapeutics for cerebellar ataxias,” Current
Neuropharmacology 8(1), 41 (2010).
[3] Klockgether, T. and Paulson, H., “Milestones in ataxia,” Movement Disorders 26(6), 1134–1141 (2011).
[4] Cuingnet, R., Gerardin, E., Tessieras, J., Auzias, G., Lehéricy, S., Habert, M.-O., Chupin, M., Benali,
H., Colliot, O., Initiative, A. D. N., et al., “Automatic classification of patients with Alzheimer’s disease
from structural MRI: a comparison of ten methods using the ADNI database,” NeuroImage 56(2), 766–781
(2011).
[5] Jung, B. C., Choi, S. I., Du, A. X., Cuzzocreo, J. L., Ying, H. S., Landman, B. A., Perlman, S. L., Baloh,
R. W., Zee, D. S., Toga, A. W., et al., “MRI shows a region-specific pattern of atrophy in spinocerebellar
ataxia type 2,” The Cerebellum 11(1), 272–279 (2012).
[6] Ashburner, J. and Friston, K. J., “Voxel-based morphometry–the methods,” NeuroImage 11(6), 805–821
(2000).
[7] Fan, Y., Shen, D., Gur, R. C., Gur, R. E., and Davatzikos, C., “COMPARE: classification of morphological
patterns using adaptive regional elements,” IEEE Trans. Med. Imag. 26(1), 93–105 (2007).
[8] Batmanghelich, N. K., Taskar, B., and Davatzikos, C., “Generative-discriminative basis learning for medical
imaging,” IEEE Trans. Med. Imag. 31(1), 51–69 (2012).
[9] Feng, J., Tang, X., Tang, M., Priebe, C., and Miller, M., “Metric space structures for computational
anatomy,” MICCAI Workshop, Machine Learning in Medical Imaging , 123–130 (2013).

[10] Yang, Z., Zhong, S., Carass, A., Ying, S. H., and Prince, J. L., “Deep learning for cerebellar ataxia classification and functional score regression,” MICCAI Workshop, Machine Learning in Medical Imaging , 68–76
(2014).
[11] Tao, X., Prince, J. L., and Davatzikos, C., “Using a statistical shape model to extract sulcal curves on the
outer cortex of the human brain,” IEEE Trans. Med. Imag. 21(5), 513–524 (2002).
[12] Styner, M., Gerig, G., Lieberman, J., Jones, D., and Weinberger, D., “Statistical shape analysis of neuroanatomical structures based on medial models,” Medical Image Analysis 7(3), 207–220 (2003).
[13] Younes, L., Ratnanather, J. T., Brown, T., Aylward, E., Nopoulos, P., Johnson, H., Magnotta, V. A.,
Paulsen, J. S., Margolis, R. L., Albin, R. L., et al., “Regionally selective atrophy of subcortical structures
in prodromal HD as revealed by statistical shape analysis,” Human Brain Mapping 35(3), 792–809 (2014).
[14] Bogovic, J. A., Jedynak, B., Rigg, R., Du, A., Landman, B. A., Prince, J. L., and Ying, S. H., “Approaching
expert results using a hierarchical cerebellum parcellation protocol for multiple inexpert human raters,”
NeuroImage 64(1), 616–629 (2013).
[15] Yang, Z., Ye, C., Bogovic, J. A., Carass, A., Jedynak, B. M., Ying, S. H., and Prince, J. L., “Automated
cerebellar lobule segmentation with application to cerebellar structural analysis in cerebellar disease,” NeuroImage (In Press 2015).
[16] Lorensen, W. E. and Cline, H. E., “Marching cubes: A high resolution 3D surface construction algorithm,”
ACM Siggraph Computer Graphics 21(4), 163–169 (1987).
[17] Stegmann, M. B. and Gomez, D. D., “A brief introduction to statistical shape analysis,” Informatics and
Mathematical Modelling, Technical University of Denmark, DTU 15, 11 (2002).
[18] Cootes, T. F., Taylor, C. J., Cooper, D. H., and Graham, J., “Active shape models-their training and
application,” Computer Vision and Image Understanding 61(1), 38–59 (1995).
[19] de Bruijne, M., van Ginneken, B., Viergever, M. A., and Niessen, W. J., “Adapting active shape models
for 3D segmentation of tubular structures in medical images,” Information Processing in Medical Imaging ,
136–147 (2003).
[20] Yang, Z., Carass, A., Chen, C., and Prince, J. L., “Simultaneous cortical surface labeling and sulcal curve
extraction,” SPIE Medical Imaging , 831414–831414 (2012).
[21] Frangi, A. F., Rueckert, D., Schnabel, J., Niessen, W. J., et al., “Automatic construction of multipleobject three-dimensional statistical shape models: Application to cardiac modeling,” IEEE Trans. Med.
Imag. 21(9), 1151–1166 (2002).
[22] Myronenko, A. and Song, X., “Point set registration: Coherent point drift,” IEEE Trans. Pattern Anal.
Mach. Intell. 32(12), 2262–2275 (2010).
[23] Abdi, H., “Partial least square regression (PLS regression),” Encyclopedia for Research Methods for the
Social Sciences , 792–795 (2003).
[24] Fisher, R. A., “The use of multiple measurements in taxonomic problems,” Annals of Eugenics 7(2), 179–188
(1936).
[25] Guo, Y., Hastie, T., and Tibshirani, R., “Regularized linear discriminant analysis and its application in
microarrays,” Biostatistics 8(1), 86–100 (2007).
[26] Bürk, K., Abele, M., Fetter, M., Dichgans, J., Skalej, M., Laccone, F., Didierjean, O., Brice, A., and
Klockgether, T., “Autosomal dominant cerebellar ataxia type I clinical features and MRI in families with
SCA1, SCA2 and SCA3,” Brain 119(5), 1497–1505 (1996).
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