
INTRODUCTION

Shape analysis of a brain structure has the potential to provide
important information above and beyond simple volume 
measurements and may characterize abnormalities in the 
absence of volume differences. We investigate hippocampal
shape analysis in schizophrenia using a surface-based 
approach. Participants are 35 medicated patients meeting 
DSM-IV criteria for schizophrenia or schizoaffective disorder 
and 21 healthy controls. Left and right hippocampi are 
manually segmented from their magnetic resonance scans. 
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PATTERN CLASSIFICATION AND VISUALIZATION

Fisher’s linear discriminant (FLD) is used to perform the 
classification on feature vectors. Classification is tested 
using a jack-knife methodology and using the following 
three feature selection schemes denoted as “PC”, “SF” and 
“SF-J”. For the “PC” case, classification is performed using 
the first few PCs, which accounts for a significant amount 
of data variance, based on the assumption that this 
information is crucial for classification and the rest noise; 
the best accuracies achieved are 71% for left and 73% for 
right. To improve the classification rate, we use a p-value 
derived from a two-sample t-test on feature values to order 
features, and a smaller p-value corresponds to a more 
significant feature. For the “SF” (significant feature) case, 
the t-test is applied using all 56 subjects, and nearly perfect 
accuracy (>98%) can be achieved. In “SF-J” (SF with 
jackknife) case, we also run a t-test in a jackknife fashion 
to remove possible bias, and achieve the best accuracies 
of 93% for left and 79% for right. Fig. 4 shows the jackknife 
results for left hippocampi. Fig. 5 shows the best receiver 
operating characteristic (ROC) curves for both left and right 
sides using “SF-J” feature selection, where normalization is 
done to make test object projections comparable across 
jackknife trials. Based on the PCA and FLD framework, we 
visualize the deformation showing class differences by 
backprojecting the vector representing the normal to the 
separating hyperplane onto the mean surfaces. Fig. 6 
shows such a visualization: the shape abnormality seems 
to appear in the both anterior and posterior regions for both 
left and right hippocampi, and in the middle region for left 
ones.

SURFACE REPRESENTATION

We parameterize each hippocampus surface using spherical 
harmonic (SPHARM) expansions [1]. Each surface can be 
reconstructed using SPHARM coefficients, and using more 
coefficients leads to a more detailed reconstruction (Fig. 1). 
The coefficients can be normalized to keep only shape 
information (i.e., excluding translation, rotation, and scaling). 
The shape descriptor is then formed by a set of surface 
landmarks, which are uniformly sampled from normalized 
reconstruction and comparable across subjects; see Fig. 2 for 
several examples. Fig. 3 shows the normalized SPHARM 
reconstruction for the whole data set. Principal components 
analysis (PCA) is applied to landmark descriptors of all the 
shapes and reduces each to a low dimension feature vector. 
Each feature vector contains the first 55 Principal Components 
(PCs) and all the variance in the dataset has been kept. 
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DISCUSSIONS

Most previous hippocampus-related shape studies have 
used volumetric representations such as image-based 
deformations [2,7], binary images [5] and distance maps 
[4]. Surface-based techniques has the advantage that, for 
a volumetric object, its boundary or surface actually 
defines the shape. Some previous studies [3,6] also 
employ SPHARM surface representation, and they look at 
a summarized measurement of shape asymmetry. We 
perform shape analysis in a more detailed level, and focus 
on left and right hippocampi themselves. We achieve good 
classification rates in distinguishing patients from controls 
and also visualize the statistical group differences learned 
by the classifier. The left hippocampus seems to be a 
stronger predictor than the right. The abnormality in 
anterior and posterior regions is detected for both sides.

Fig. 1. Volumetric object surface and 
SPHARM reconstructions using 
coefficients up to degrees 1, 5, 12.

Fig. 2. Four sampled surfaces (mesh 
vertices are landmarks) using 
icosahedron subdiv ision at level 3.

Fig. 3. Normalized SPHARM reconstruction: left and right hippocampi
from 21 healty controls and 35 schizophrenic patients.

Fig. 4. Jackknife classification 
results for left hippocampi. 
PC, SF, SF-J are three feature 
selection schemes. The 
number of features used in the 
classification according to a 
certain ordering (PC, SF or SF-
J) is plotted on the X axis. The 
jackknife classification 
accuracy is plotted on the Y 
axis.

Fig. 5. ROC curves show the 
sensitiv ity versus specificity 
as the threshold for 
classification is shifted. The 
number of features (19 for left, 
14 for right) is selected to give 
the maximum area under the 
ROC curve (AUROC). AUROC 
is an alternative way for 
evaluating the performance of 
a classifier.

Fig. 6. Visualization of discriminative patterns by mapping the vector 
normal to the separating hyperplane onto the mean surface. Each 
landmark corresponds to a subvector, and its magnitude is coded in 
color. Red indicates more discriminative power while blue less. In 
each of (a-b), the first two views display the directions towards a 
more normal shape, while the last two towards more schizophrenic.


