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Whither this talk?

• Main theme: measuring changes in 
neuroanatomy.

• Focus on two methods:

• non-linear registrations and deformation 
based morphometry.

• Cortical thickness.



Behaviour <> Anatomy

• 15 mouse models 
with behavioural 
mutations.

• 13 showed 
abnormal 
neuroimaging 
findings.
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Figure 1: Neuroimaging findings in mouse mutants. Selected mouse mutants from Table 1 

illustrate neuroimaging phenotypes and imaging protocols. In (a), an average control mouse 

image is shown with two Jacobian overlays indicating local volume changes in the heterozygous 

and homozygous wobbly mutants. Values greater or less than unity in the Jacobian field 

represent growth or shrinkage respectively. Jacobian overlays in panel (a) are shown in regions 

where p < 0.05 with white contour lines indicating p = 0.002 (a false discovery rate of 5% in the 

Nieman et al., 2007



Tensor Based Morphometry

• The goal: localize differences in brain shape.
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Non-uniformity correction
Sled, Zijdenbos, Evans: IEEE-TMI Feb 1998 
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Jacobians

symmetr ic posit ive-definite, the square root of ! a l-

ways exist s. The components of the er ror vector " are
independent and ident ica lly dist r ibu ted as smooth sta -

t ionary Gaussian random fields with zero mean and

unit standard devia t ion . The er ror st ructure !1/2" was
first in t roduced in Worsley (1996) and Cao and Worsley

(1999). An equat ion of type (1) is ca lled a stochastic

evolu tion equation and it models how the st ructure

evolves over t ime. Any smooth morphologica l change

can be completely descr ibed by (1) with in the bound set

by the er ror st ructure !1/2". Modeling the ra te of

change as a differen t ia l equa t ion or igina tes from New-

ton . If the deformat ion is assumed to follow a diffusing

behavior , then L can be chosen as the Laplacian oper -

a tor

L ! " 2! # 2
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If the morphologica l changes are assumed to follow a

fluid dynamics model, L becomes a Navier–Stokes op-

era tor given in Landau and Lifsh itz (1989).

Longitudina l ana lysis based on (1) is essen t ia lly the

inverse problem of bra in regist ra t ion . This ana lysis

t r ies to determine the par t ia l differen t ia l opera tor L

with given displacement fields. On the other hand, in

bra in regist ra t ion , the object ive is to find the displace-

ment field U tha t matches homologous poin ts between

two images based on minimizing a cost funct ion or

actua lly solving par t ia l differen t ia l equa t ions. The

most widely used physica l models tha t have been used

in bra in regist ra t ion are elast ic deformat ions and fluid

dynamics models (Chr istensen et al., 1993; Thompson

et al., 1999; Davatzikos, 1999; Gee and Bajcsy, 1999).

Suppose tha t the displacement field U is obta ined as a

solu t ion of the elast ic deformat ion equa t ion given by

#U

#t
! L elast ic#U$ $ !1/2%,

where the elast ic opera tor

L elast ic#U$ ! &1% 2U $ &2%#% ! U $ $ F

is defined in Warfield et al. (1999). Then using th is

displacement field U as given da ta , we t ry to est imate

(1) which minimizes a cer ta in er ror cr iter ion based on

!1/2". Then the best est imator of L is heavily biased

toward the pr ior opera tor L elast ic. It indica tes tha t the

est imat ion of (1) should be based on an image regist ra -

FIG. 2. Square gr id under t ransla t ion , rota t ion , and volume change. Red, volume increase; blue, volume decrease; gray, rota t ion ; yellow,

t ransla t ion . (a ) Square gr id under no deformat ion . (b) Hor izonta l t ransla t ion caused by loca l volume increase on the left side. (c) 45° clockwise

rota t ion . The rota t ion induces the outer region of the center of the rota t ion to t ransla te. (d) Volume expansion in the middle causes the gr id

to radia lly t ransla te outward.

597DEFORMATION-BASED MORPHOMETRY

(from Chung, 2003)
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Measuring morphological variability
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Deformation differences

Spring S, Lerch JP, Henkelman RM. Sexual dimorphism revealed in the structure of the mouse brain using three-dimensional 
magnetic resonance imaging. NeuroImage, in Press.



Cortical Thickness

• The goal: measure the thickness of the 
cortex.
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Processing Steps in Pictures



Processing Continued

4.5mm

1.0mm



Mouse Cortical 
Thickness



Huntington’s Mouse

• YAC128 mouse: 120 CAG repeats on the 
human huntingtin gene.

• Behavioural (motor) abnormalities at 9 
months.

• Histopathology quite similar to human 
Huntington’s disease.

Collaboration with Jeffrey Carroll and Michael Hayden, UBC





Assessing shape of striatum



Results



Changes 
throughout the 

brain





Alzheimer's Disorder (AD)

• AD: age-related disease marked by neuropathological 
features and brain atrophy.

• Subjects scanned at the Ludwig-Maximillians 
Universität, Munich, Germany.

• Patient group: probable AD (NINCDS-ARDRA).
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AD progression
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Predicting AD

Use discriminant functions at each point (either linear or 
quadratic discriminants or logistic regression).

Compute the sensitivity and specificity that each point on 
the cortex has in reproducing the clinical diagnosis.

The Goal: use nothing but cortical thickness information to 
reproduce the clinical diagnosis.

Sensitivity: Prediction of AD given diagnosis is AD
Specificity: Prediction of Control given diagnosis of control



Per Vertex Diagnostics
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Diagnosis Illustrated
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Diagnoses on Areas
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Predictive Ability

• One vertex had perfect sensitivity and 
specificity

• A few vertices in the PHG had perfect 
specificity and only one false negative.

• Perfect prediction can also be accomplished 
by one point from each PHG plus the MMSE 
score.



Mapping Anatomical Correlations Across 
Cerebral Cortex (MACACC)

• Hypothesis: the thickness of the cortex 
across associated areas will change in a 
correlated fashion.

• Corollary Hypothesis:  these correlations 
can be influenced by developmental patterns 
and cognitive factors.



Cross-cortical Correlations

• Correlated change: as one part of the cortex 
changes in thickness another part features a 
statistically correlated change.

• Measured using Pearson’s r - which takes on 
a value between 1 and -1 defining the 
strength of the correlation.



MACACC-strength

• Correlation strength: every vertex is 
correlated with every other vertex; 
correlation strength is the mean Pearson’s r 
value of all (40,961) correlations.

Vertex 1 2 3 n Strength

1 1 0.7 0.55 0.89 0.79

2 0.7 1 0.66 0.43 0.70

3 0.55 0.66 1 0.29 0.63

n 0.89 0.43 0.29 1 0.65



MACACC Group 
Differences

• Two fundamental questions that can be 
asked:

• is the direction of the correlation with the 
seed region different?

• is the variance of the correlation with the 
seed region different?



Study Sample
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• NIMH Child Psychiatry 
Branch Data.

• 292 subjects.

• Cross-sectional.

• All normal controls



MACACC-strength



Seed region: BA 44

• BA 44, as defined by 
probabilistic map of 10 
subjects (Amunts et al)

• Part of Broca’s Area

Amunts, K., Schleicher, A., Burgel, U., Mohlberg, H., Uylings, H. B. and Zilles, K. (1999) Broca's 
region revisited: cytoarchitecture and intersubject variability. J Comp Neurol 412, 319-341.



BA 44 correlation

1.0

0.8

Cross-cortical correlation DTI probability map*

* Parker, G. J., Luzzi, S., Alexander, D. C., Wheeler-Kingshott, C. A., Ciccarelli, O. and Lambon Ralph, M. A. (2005) 
Lateralization of ventral and dorsal auditory-language pathways in the human brain. Neuroimage 24, 656-666.



Young: < 8.8 years.
Old: > 14.2 years.Age Differences
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Low: < 100.
High: > 120.IQ Differences
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