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ABSTRACT

We propose a new approach for quantifying regions of 

interest (ROIs) in medical image data. Rotationally invariant 

shape descriptors (ISDs) were applied to 3D brain regions 

extracted from MRI scans of 5 Parkinson’s patients and 10 

control subjects. We concentrated on the thalamus and the 

caudate nucleus since prior studies have suggested they are 

affected in Parkinson’s disease (PD). In the caudate, both 

the ISD and volumetric analyses found significant 

differences between control and PD subjects. The ISD 

analysis however revealed additional differences between 

the left and right caudate nuclei in both control and PD 

subjects. In the thalamus, the volumetric analysis showed 

significant differences between PD and control subjects, 

while ISD analysis found significant differences between 

the left and right thalami in control subjects but not in PD 

patients, implying disease-induced shape changes. These 

results suggest that employing ISDs for ROI 

characterization both complements and extends traditional 

volumetric analyses. 

1. INTRODUCTION

The recent demonstration that different brain pathologies 

are associated with characteristic morphological changes 

has spurred interest in quantifiable metrics of shape and 

volume. Volumetric analysis approaches to classifying 

regions of interest (ROIs), while easy to compute and 

invariant to the exact co-ordinate system, do not utilize 

potentially valuable shape information [1]. Whole-brain 

morphometry techniques [2] warp the data in an attempt to 

match it to a template brain, but it is often difficult to 

determine if shrinkage at the edge of the brain is secondary 

to actual cortical loss, or if that structures that are deeper are 

lost, and thus the brain is starting to “collapse” upon itself. 

Shape modeling based analysis approaches have also been 

proposed for characterizing regions in medical data. Styner 

et al. described the use of medial shape representations (m-

reps) for the analysis of the hippocampus in schizophrenia, 

where regions were represented as a series of linked medial 

atoms each of which contained position, radius, tangent 

plane, and object angle information [3]. However, that 

approach requires pre-alignment of the analyzed regions. 

In this paper we employ non-parametric, 

rotationally invariant shape descriptors (ISDs) to model 3D 

regions of interest. The proposed approach does not require 

the use of any template brain structures or the pre-alignment 

of ROIs. We applied the ISDs to quantify the shapes of the 

thalami and caudate nuclei in control subjects and patients 

with Parkinson’s disease (PD). In the caudate, we found that 

the results of ISD analysis generally agree with those of 

traditional volumetric analysis, while finding additional 

differences between the left and right caudate nuclei in both 

control and PD subjects. In the thalamus, ISDs were able to 

find evidence that the normally-discordant left and right 

thalami became more similar in shape in the PD patients, 

despite minimal changes in overall volume. 

2. METHODS

2.1 Data Description 

The data used in this study consisted of MRI scans of 10 

control subjects and 5 PD patients. Three of the control 

subjects and one PD patient were left-handed. Of the PD 

patients, two exhibited symptoms on the left-side, two on 

the right, and one on both. Scans were taken before and 

shortly after the administration of the drug L-dopa, and 

were recorded ~2hrs apart.

The data were acquired on a 3.0 Tesla Siemens 

scanner (Siemens, Erlangern, Germany) with a birdcage 

type standard quadrature head coil and an advanced nuclear 

magnetic resonance echoplanar system. The participant’s 

head was positioned along the canthomeatal line. Foam 

padding was used to limit head motion within the coil. 

High-resolution T1 weighted anatomical images (3D SPGR, 

TR=14ms, TE=7.7 ms, flip angle=25˚, voxel dimensions 

1.0×1.0×1.0mm, 176×256 voxels, 160 slices) were acquired 

for co-registration and normalization of functional images. 

ROIs were manually drawn using the IRIS 2000 

software [9] by a trained research assistant using a computer 

mouse. The research assistant was blinded to disease 

category. These resulted in binary masks covering each 

region of interest. 

The binary masks were inspected manually for 

self-occlusion to ensure that they could be characterized by 
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the proposed method. The thalamus and the caudate were 

the two brain regions chosen for analysis, because structural 

changes in both have been implicated in PD.  

2.2 Invariant Shape Descriptors 

The rotationally invariant shape descriptors presented here 

to describe 3D shapes are derived from a quantum 

mechanical method based on the angular momentum 

operator, and are described in [4]. Shapes are first mapped 

into the space of spherical harmonics (SPHARM) [5] with 

the highest order harmonic determining the resolution of the 

description. Clebsch-Gordon coefficients [6] are then used 

to produce contravariant tensors which are contracted to 

calculate the so-called “reduced invariants,” which are the 

invariant shape descriptors (ISDs) we generate for the 

shapes. In addition to being insensitive to rotation, the 

elements of the ISD vectors all scale linearly with volume, 

so that volume normalization can be achieved by scaling the 

vector with respect to one of its elements. This element is 

usually the first in the vector, as it is a rough measure of 

shape volume.  

This method requires that the shape be spherically 

parametric. Thus, shapes with complex topologies, such as 

self-occlusion, can be problematic for this approach. For 

example, the entire cross-section of the hippocampus 

(Figure 1, left) cannot be parameterized. We note, however, 

that this does not preclude the possibility of splitting up a 

concave shape into convex sections that are amenable to 

parameterization (e.g., Figure 1, right).

Figure 1: (left) Example of a complex shape (the hippocampus [7]) 

that would be poorly parameterized by naïve application of the 

proposed method. (right) A subset of the shape could be 

characterized, however. 

Shapes that can be parameterized will be represented by a 

single unique descriptor vector, which can then be used for 

classification. As an example, Figure 2 shows the computed 

ISDs (described in the next section) for the left thalamus of 

a control subject. 

Figure 2: Example of an invariant shape descriptor.

2.3 Calculation of the Invariants 

The first step in calculating the invariants is to describe the 

shape as a surface ),(  in spherical coordinates, 

with and as the zenithal and azimuthal coordinates, 

respectively. The value of this function at a given ),(  is 

the distance from the center of volume of the shape to the 

surface. Objects not of spherical topology will thus be 

problematic as there may be one-to-many mappings 

between coordinates and distances to the surface. The 

parametric description of the shape is then projected onto 

the space of spherical harmonics, yielding a set of 

coefficients as follows: 
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and L is the order of the highest spherical harmonic used, 

and hence represents the resolution of the analysis. 

We next compute invariants based on the coupling 

of the angular momenta of two particles in quantum 

mechanics [6]. A set of invariants (N, P, and Q) are 
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The m

lba ll ),( are tensors based on the Clebsch-Gordon 

coefficients lmmlml bbaa |,,, used in quantum mechanics 

[6].  

The N, P, and Q invariants described in equations 

(2) – (5) are used to build the ISDs. First, the so-called 

“reduced invariants” (n, p and q) are calculated [4]: 
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)()( . The ISDs are then formed by 

concatenating the n, p, and q invariants:
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A number of symmetry conditions [4] reduce the number of 

invariants that have to be computed, and thus the length of 

the ISDs. This length is tabulated for a few maximum 

spherical harmonic orders below: 

SPHARM Order 5 7 10 15 20 

Length of ISD 

vector 
390 1502 6957 41996 159213 

Table 1: Lengths of ISDs for different orders of spherical 

harmonics.

A spherical harmonic resolution (L) of 10 was used in this 

paper, resulting in ISDs of length 6957 as this resulted in a 

good balance between accuracy and computational 

complexity. 

2.4 Analysis of the ISDs 

The significance of the differences between ISD vectors 

was investigated using the permutation test [8]. This method 

assigns a significance value to a difference between two 

datasets by comparing the Euclidean mean separation of the 

two sets with the distances between datasets formed through 

random selections from the two original groups. The 

permutation test was applied to three representations of the 

data: 1) volumes, 2) feature vectors, and 3) volume-

normalized feature vectors.  

Differences between the invariant features can be 

attributed to 1) errors in the manual segmentation of the 

regions of interest, 2) quantization noise due to the discrete 

voxel representations, 3) the mapping of the continuous 

range of values that angles and distances to the shape 

surface in the spherical parameterization can take into 

discrete samples, and 4) actual shape differences. 

To assess the effects of the first three sources, the 

difference between the pre- and post-drug ISDs was found 

for both the thalamus and the caudate. The coefficient of 

variance (COV) was then calculated for each ISD index, 

and the sorted COVs were plotted.

3. RESULTS

The results for the normalized and un-normalized invariants 

were very similar. The former, along with the corresponding 

results for the volumetric analysis, are presented below, for 

the thalamus and the caudate. 

3.1 Significance of Pre-/Post-Drug Differences

The significance of the differences between the pre-drug 

and post-drug brain regions as calculated using volumetric 

analysis and normalized ISDs are shown in Table 2. 

The table shows that none of the comparisons are 

significant. Thus, for the subsequent analyses, the ISDs and 

volumes used were the averages of the pre-drug and post-

drug cases. Although none of the comparisons are 

statistically significant, we note the volumetric tests are 

almost always more significant than the ISD tests, implying 

some minor volume changes, but fewer shape changes in 

tracings.

CAUDATE THALAMUS 

Volume ISDs Volume ISDs 

Left(Control) 0.8233 0.5895 0.7461 0.9468 

Right(Control) 0.1271 0.9974 0.5487 0.7333 

Left(PD) 0.1492 0.6170 0.2504 0.3462 

Right(PD) 0.4286 0.7673 0.2496 0.9519 

Table 2: Significances of pre-/post-drug differences.

3.2 Brain Region Comparisons 

The average of the pre- and post-drug ISDs for each ROI 

were then compared using the permutation test, with the 

following results: 
CAUDATE THALAMUS 

Comparison Vol. ISDs Vol. ISDs 

LC vs. RC 0.8149 0.0276 0.8054 0.0014

LC vs. LP 0.0016 0.002 0.0103 0.1787

LC vs. RP 0.0023 0.0017 0.0668 0.0648 

RC vs. LP 0.029 0.0036 0.0031 0.0141 

RC vs. RP 0.0478 0.0639 0.0352 0.1084

LP vs. RP 0.7729 0.0049 0.2518 0.1743 

Abbreviations: L = Left, R = Right, C = Control, P = PD 

Table 3: Level of significance of differences between brain 

regions.

Statistically significant (p <= 0.05) comparisons have been 

highlighted in bold. The results show that the volumetric 

and ISD analyses generally agree for the caudate, while they 

provide complementary results for the thalamus. 

4.  CONCLUSIONS 

Our dataset is fairly unique in that two structural scans were 

taken for each subject ~2hrs apart before and after the 

administration of the drug L-dopa. Since we assumed that 

morphological shape changes did not occur in the ~2hrs 

between scans, manual segmentation errors could be 

characterized by comparing shape invariants before and 

after the administration of the drug. 

The results in Table 2 indicate that tracing errors 

from manual segmentation were not significant. While the 

volume test could only show that there were no significant 

changes in volume, the invariants show that there were also 

no significant shape changes. 

Our results in Table 3 show that the volumetric 

analysis was able to find significant differences in volume 

in the caudate nucleus between control and PD subjects 

[10]. These results are matched by the ISD analysis, which 

shows significant or near-significant shape changes in these 

regions. However the invariant analysis was also able to 

discover significant differences between the left and right 
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caudate nuclei in control subjects and in PD patients. These

differences were not significant in the volumetric analysis. 

The analysis of the thalamus showed that there 

were significant or near-significant changes in the volumes

of both the left and right thalami between control and PD

subjects. The invariants did not find significant shape 

changes in most of these cases, implying that the thalami in

PD patients were scaled relative to those of control subjects

[11]. The invariants found significant differences in shape 

between the left and right thalami in control subjects. These 

differences were not present in PD patients, which implies

that PD may cause normally different thalamic shapes to 

become more similar.

5. FUTURE WORK 

In Figure 3, the relationship between the two analyses (ISD

vs. volume) was investigated by plotting the logarithms of 

the statistical significances calculated by each method.
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Figure 3: Correlation between volumetric and ISD analyses.

The figure suggests that the ISDs were able to find more

significant differences in the caudate than the volumetric

analyses, while the reverse was true for the thalamus. This

indicates that the invariants described in this paper are able

to provide complementary results to volumetric analysis. In 

addition, while the ISD vectors are large, most of the 

invariants are robust to tracing error. In Figure 4, sorted

logarithms of coefficients of variance (COVs) are graphed 

for the tracing error ISDs of the caudate nucleus in control

subjects, where tracing error is defined as the pre-drug ISD 

subtracted from the post-drug ISD for each ROI. Very 

similar results were also found for the thalamus. The steep

drop in the COVs suggests that tracing errors in manual

segmentation are not random. It may therefore be possible

to derive shape descriptors that are relatively robust to

manual segmentation errors.
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Figure 4: Logarithm of sorted Coefficients of Variance for the 

tracing error ISDs from the caudates of control subjects. 
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