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Image-based Large-Deformation Diffeomorphic Mapping
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How to quantify the “shape” differences that are visually apparent?

Csernansky, JG et al, AJP, 2002, 2004 



Singular Value Decomposition on the Cortical Surface – Joshi

{ ( ) ( ) ,  }i iU u x h x x x= = − ∈M

3D Gaussian random vector fields modulo the identity map on the smooth 
subcortical manifold
Expand using a complete orthonormal base through the characteristic equation: 

( ) ( , ) ( ) ( ),k k U kx K x y y d y xλ φ φ ν= ∈∫M M

{ , }k kλ φ are the eigenvalues, eigenfunctions

is the surface measure around the surface point y( )d yν

UK is the covariance of U

Discretizing, we get in matrix form:
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Joshi S, Miller MI, Grenander U. Int J Pattern Recog Artificial Intell (Special Issue) 1997



Singular Value Decomposition on the Cortical Surface – Joshi
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Singular Value Decomposition on the Cortical Surface – Joshi

Joshi S, Miller MI, Grenander U. Int J Pattern Recog Artificial Intell (Special Issue) 1997

i SVD: TU PDQ=

iwhere 1  
1

U VU
M

=
−

2

ˆ

(3 num surface points)

(3 num surface points)  

TK UU

N
P

×

↓

× ×

∼

1 1 1
1 2
1 1 1
1 2
1 1 1
1 2
2 2 2
1 2
2 2 2
1 2
2 2 2
1 2

1 2

1 2

1 2

x x x
N

y y y
N

z z z
N

x x x
N

y y y
N

z z z
N

jx jx jx
N

jy jy jy
N

jz jz jz
N

u u u
u u u
u u u
u u u
u u u

U u u u

u u u
u u u
u u u

 
 
 
 
 
 
 
 

=  
 
 
 
 
 
 
 
  

"

"

# # #

"

# # #subject 1

surface vertex 1

surface vertex 2

surface vertex j

subject 2

subject N



Statistics on the Hippocampus
For each subject i, its deformation vector fields expand to:

with vector-coefficients for each s
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87% 95%74%

Percentage of total variance accounted for

The coefficients αik are used in statistical 
analyses. 
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Statistics on the Hippocampus

• General linear model
• Multivariate ANOVA and discrimination
• Canonical correlation for multiple-group comparisons



Statistics on the Hippocampus
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Interpreting Eigenvectors

Max ev02 coefficient Case Group I vs. Control Case Group II vs. Control Case Group III vs. Control Min ev02 coefficient

2 2ˆi iu α φ=

Autism, Wang, L, Dager, S, Constantino, J, Csernansky J, 2004, unpublished 



Subfield Zones of the Hippocampus in AD

CA1 CA2 CA3 CA4 Gyrus Dentaus Subiculum

R L

Tail

Head

Top View

Head

TailR L

Bottom View

CA1

Alzheimer’s disease, 
Csernansky J, Wang L, 
Miller M, Morris J
2004

Duvernoy, Henri M.  The Human Hippocampus: An Atlas of Applied Anatomy. New York: Springer-Verlag, 1988.
Glick, I. Senior Honors Thesis, Washington University in St. Louis, 2002.
Wang, L etl al, NeuroImage, 2003.



Extension to Other Vector Fields Analyses

• Asymmetry in schizophrenia
– Formulation: L-R flip across mathematical sagittal plane
– Asymmetry = residual
– Measure of shape asymmetry

• Time-dependent change in AD
– Formulation: rigid-motion registration of follow-up and baseline
– Change = residual
– Measure of shape change
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Asymmetry
Singular Value Decomposition
Empirical estimate of
covariance:

( )kk

N

i

T
ii uuuu

N
K φλ ,))((

1
1

1
⇒−−

−
= ∑

=

kii

N

k
kii uZZuKuNu φφ ,,),,(~

1
==∑

=





−−+





−−
−+

=

∑

∑

=

=

2

1

1

22

1

11

21

))((

))((
1

1

N

i

T
ii

N

i

T
ii

ZZZZ

ZZZZ
NN

ΣPooled sample 
covariance:

ZΣZeff T 1−=Asymmetry Measure:
Wang, L, et. al, NeuroImage 2001



Asymmetry: Normative
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Asymmetry: Schizophrenia
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Asymmetry: Control vs. Schizophrenia
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Progression
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Progression
Singular Value Decomposition
Empirical estimate of
covariance:
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Change: Normal Aging
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Change: Mild AD
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Progression: Normal Aging vs. Mild AD
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Statistical Computation and Inference on the 
Subcortical Surface

Generate Family of 
Diffeomorphic Maps 
from Template MR
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Vector Fields 

of Subcortical Structure 
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Inference

Visualization and 
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