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* Computational Anatomy (CA) [5,9] 1s the mathematical and computational analysis of
biomedical shape and form. CA has three parts:
1. anatomical manifold generation via segmentation of known structures

ii. anatomical manifold quantification via morphometric comparison

iii. disease detection and diagnosis.
* CA synthesizes D’Arcy W. Thompson’s seminal ideas [10] in which transformations of local
coordinate systems are used to compare anatomical structures.
* A key component of CA is the Large Deformation Diffeomorphic Metric Mapping (LDDMM)
algorithm [2] that provides a framework for a hierarchy of mappings of embedded structures
such as landmarks, gyral/sulcal curves, cortical surfaces, scalar and diffusion image volumes.
* Such a sequence of mappings ensures that connected sets and disjoint sets remain connected
and structure and topology remain preserved.
* LDDMM can be used to study anatomical structures at various scales from brain structures to
sub-microscopic structures, and is being used in Morphometry BIRN and Mouse BIRN projects.
e LDDMM has been extended to LDDMM-Landmark, LDDMM-Curve, LDDMM-Surface and
LDDMM-DTI.
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Morphometry BIRN Top left shows the datatlow for the shape analysis-processing pipeline: 1)
structural MRI data is uploaded from WashU, 2) de-identified locally, 3) semi-automated
subcortical segmentation is done at MGH, 3) shape analyses of segmented hippocampus data 1s
done at JHU, and 4) visualization of combined morphometric results 1s done at BWH. Top right
shows analysis of LDDMM generated metric distances between hippocampi in a study of
Alzheimer’s via a Linear Discriminant Analysis 2D scatter plot [6]. Class labels are represented by
Nondemented Controls (1), Alzheimer’s Disease (2) and Semantic Dementia (3).

Teragrid resources at SDSC and NCSA via GPFS-WAN were used to analyze hippocampi
from 101 subjects. Shown below on the left is a sequence of deformed pair of hippocampi from
template to target at time instants of # = 0, 10, 15 and 20; the right most panel shows velocity
vector information highlighting significant hippocampal deformation areas or brain regions that
differ between the control and Alzheimer’s scans.

Mouse BIRN. Figure below shows how LDDMM transforms a template dendrite spine towards a
target spine in a shape analysis of spines from animal models of FragileX and Parkinson’s
Disease. Preliminary results suggest that after accounting for volume, length, surface area and type
of spine, there is significant difference in the condition of the spines (p<0.03) [1]. Note how
changes in shape are indicated by velocity vectors.
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LDDMM-Landmark and LDDMM-Curve [4]: landmarks (left) and curves (right) placed on
template (top) and target (bottom) cingulate surfaces. Increasing sub-voxel accuracy of LDDMM
algorithms 1s indicated by the averaged CDF for surface distances between 130 left cingulate
surfaces from a study of schizophrenia at the laboratory of Dr. Csernansky, Washington

University in St Louls.
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LDDMM-Surtface [11]: target and template planum temporale (PT) cortical surfaces are colored

by curvature information while deformed surfaces are colored by the degree of deformation. Red
and blue respectively denote stretched and compressed regions after matching. CDFs indicate
sub-voxel accuracy after mapping of 20 surfaces. Distance error maps intuitively show how far
original (left) and deformed (right) surfaces are from the template surface respectively. Data from
the laboratory of Dr. Barta, Johns Hopkins University School of Medicine.
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LDDMM-DTTI [3]: tensor distribution of a region in one slice before (left) and after (middle)
mapping (blue and red indicate template and target respectively). The graph compares the
difference between template and target tensors before and after different matching schemes.
LDDMM-DTI improves quality in areas with low FA values.
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Computational Functional Anatomy of the Medial Temporal Lobe (MTL) [7,8]: Above left shows
coronal (left) and sagittal (right) cropped views of segmentations of MTL averaged from 15
subjects with different alignment schemes. Top right shows hemodynamic responses represented
by the beta coefficient of functional response from a 39-voxel (609 mm>?) cluster within the right
perirhinal cortex. Lower panel shows areas of significant functional activity during the recognition
memory task associated with incidental encoding (R v FF: remembered vs forgotten), showing as
colored overlays on coronal slices through the MTL.

The above examples demonstrate the impact of LDDMM and its extensions on the precise
quantification of anatomical structure and function in disease.
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