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Once these parameters are estimated, a significance level can be assigned to the
overall experiment, so long as the theoretical assumptions are not violated.
17.10.3

Statistical flattening

An underlying assumption of the above parametric approach is that the pro=    Gaussian field, i.e., its statistical characteristics,
cess is a
including its







)
roughness parameter
(or its reciprocal, the smoothness
), are the same at
each point in the image. The FWHM of the process should be constant in all directions and across all voxels in the image. While these assumptions are reasonable for
functional imaging data, they are likely to be violated for structural imaging data.
Binary structure masks, for example, are constant across large regions, and even after smoothing the signal changes more rapidly at the edges of structures [157]. The
distribution of cluster sizes that occur by accident is therefore considerably skewed
towards larger cluster sizes in smooth regions of the image, resulting in more false
positives (and false negatives in rough regions) than predicted by formulae for stationary fields. To address this, [157], suggested a statistical flattening approach in
which the data are warped into a new space, which may have higher dimension
than the data, so that in the new space the smoothness of the normalized residuals
of the statistical model is stationary. The " -value for cluster sizes above a threshold
can then be applied using size measurements in the new space, or by estimating the
effective resolution of the field directly from the normalized residuals [157].
17.10.4

Permutation

A final approach to estimating " -values for significant features in statistical
maps is to estimate their distribution under the null hypothesis by permutation
[53, 54]. This nonparametric approach avoids assumptions about the spatial autocorrelation of the process and has been successful in functional imaging as well
[179]. Subjects are randomly assigned to groups and the distribution of accidental clusters is tabulated empirically. In a recent study of maturation changes in
gray matter distribution between childhood and adolescence [53, 54], significant
regional reductions were found in gray matter that were specific to dorsal frontal
and parietal cortices (Fig. 17.20; "
0.05, permutation test). Although random
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permutations revealed that false positive clusters occurred (on average 5.8 per simulation), the age-contrast revealed a number of suprathreshold clusters (57), which
was significantly higher than predicted by the null distribution.
17.10.5

Joint assessment of shape and tissue distribution

Non-linear registration provides an opportunity to integrate the approaches for
deformation-based and voxel-based morphometry [32,33,38]. By jointly assessing
group differences in anatomical shape and tissue distribution, powerful tests can
be developed to detect disease-specific differences. In dementia for example, it is
of practical value to track the profile of cortical gray matter loss in an individual
subject in vivo. Nonetheless, the extreme variability in gyral patterns confounds efforts to calibrate this loss against a normative population, or determine the average
profile of early tissue loss in a group. With an approach to compute gyral pattern variations across subjects, variations in cortical gray matter distribution can be
mathematically separated from variations in cortical organization, and both can be
visualized and statistically assessed. Figure 17.21 shows the profile of cortical gray
matter loss in a population of patients with mild to moderate Alzheimer’s disease,
relative to a group of elderly control subjects matched for age, gender, handedness,
and educational level. Measurements of gray matter density were derived from filtered gray matter maps and textured onto cortical models as an attribute for each
subject. By using cortical pattern matching to define corresponding regions across
subjects, gray matter measurements could be averaged and compared across homologous regions of cortex for all 46 subjects in the study. When these patterns of
cortical variability were directly encoded using a random vector field, and a secondary statistical distribution was used to encode gray matter variation in normals,
severe reductions in gray matter (up to 30% loss, greater in the left hemisphere)
were observed across the lateral temporal surfaces in the AD cohort. This pattern
is consistent with the profile of early perfusion deficits and metabolic reductions.
If an a priori hypothesis had not been available on the localization of gray matter
reductions, corrected " -values for the reduction could be obtained by permutation.
A variational approach can also be developed to assess the statistical significance
of gray matter loss across the cortical sheet. If a partial differential equation,
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is run in the parameter space of the group average cortex, this generates a deformed
   whose deformation gradient tensor approximates the smoothness tensor
grid
,
 , of the normalized residuals of the gray matter distribution on the surface (here
< is the contravariant metric tensor of the grid). If the smoothness tensor has
nonzero curvature (and is therefore not realizable as a deformation tensor), the
deformation gradient approximates it in the Frobenius matrix norm. Relative to
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Figure 17.20: Voxel-based morphometry. (Data from [53, 54]). Changes in stereotaxic gray
matter distribution can be assessed by comparison of binary maps of gray matter, after



alignment of individual data into stereotaxic space. Here, regions of profound gray matter
reduction are observed between childhood and adolescence (top panels; p

0.05, permuta-

tion test). Differences in local gray matter content are assessed by fitting a linear statistical
model at each voxel, to assess the significance of gray matter reductions with increasing
age. The significance of the effect is then assessed by creating a voxel-by-voxel map of
these statistics and examining the null distribution of features that occur in these maps
under the null hypothesis of no difference between groups. To control for false positives,
distributions for peak values in the maps, or extents of clusters above a given threshold, can
be derived from the theory of stationary Gaussian fields. If the stationarity assumption is
violated, some small regions may appear to be significantly different (null map; bottom panels), even if the groups are randomized and there are no true differences. To avoid this, the
empirical distribution of different statistical features can be assessed directly from the data
by randomly assigning subjects to groups and tabulating a reference distribution, relative to
which experimental differences can be assessed.

"
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this new computational grid, the residuals become stationary and isotropic, and
-values for the gray matter reductions can be evaluated.
17.11

Dynamic (4D) brain maps

If the brain is imaged repeatedly over a period of time, dynamic changes in
brain structure can be investigated. These structural changes include tumor growth,
degenerative change, and the growth patterns of normal and abnormal brain development. Static representations of brain structure may not be ideal for determining the complex dynamics of brain development and disease. In developmental
disorders, for example, a child may display a normal phenotype with an aberrant
time-course. Similarly, if growth rates are abnormal, morphology may not be detectably different at any time-point, due to the wide variations in normal anatomy.
Ideally, the dynamics of brain growth and degeneration should be compared against
a database of dynamic normative data.
Using high-dimensional surface-based warping, we recently identified an anterior-to-posterior wave of peak growth rates at the corpus callosum, during the first
15 years of life (Fig. 17.22; [31] ). Scans were acquired from young normal children across multiyear time-spans (up to 4 years), and maps of local growth rates
were derived from elastic transformations that reconfigured the earlier anatomy
into its later configuration. By applying local operators to the deformation fields,
0  maps were created to reflect the magnitude and principal directions of tissue dilation or contraction, and the local rates, divergence, and gradients of the
growth processes detected in the dynamically changing brain. The reliability of the
results was also investigated by acquiring null maps of anatomical change across
very short intervals. After the age of 6, peak growth rates were consistently found
in regions of the corpus callosum that connect linguistic and association cortices
of the two brain hemispheres. After puberty, these growth rates were considerably
reduced, and tissue loss was also identified in subcortical regions.
Growth maps offer improved spatial detail and detection sensitivity that may be
advantageous in detecting early degenerative change in dementia. They may also be
used to track the effects of therapeutic interventions in patients with tumor growth,
active lesions, and traumatic brain injury. The ability to map the local dynamics
of growth in an individual child is also advantageous scientifically and clinically.
As a result, we are currently applying this approach to wider normative subject and
patient populations to establish dynamic criteria for assessing developmental and
degenerative disease processes.
17.12

Conclusion

In this chapter, we reviewed some exciting developments in the field of brain
image analysis and atlas construction. Brain imaging studies are expanding into
ever-larger populations, and this enables digital atlases to be developed that synthesize brain data across vast numbers of subjects. Data can also be fused across mul-
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Figure 17.21: Statistical map of average gray matter loss in Alzheimer’s disease (N=46).
Based on averaging and comparing gray matter measurements across equivalent regions
of cortex in all 46 subjects, a statistical field can be generated that reflects whether the
average gray matter is reduced in patients with mild Alzheimer’s disease (average of 26
subjects) relative to matched controls (average of 20 subjects). By mapping the significance of this reduction at each cortical location (top panels), pervasive reductions are found
in temporal lobe and temporo-parietal cortex. This profile of gray matter loss mirrors the
anatomical distribution of early perfusion deficits and metabolic change in mild to moderate
AD. The percentage reduction (bottom panels) in average gray matter follows approximately
the same anatomical pattern as the significance map, suggesting that there is indeed a hierarchy in the severity of gray matter loss at this stage of the disease, rather than a fluctuation
in the local power of the statistical model to detect it. (For a color version of this Figure see
Plate 41 in the color section of this book.)

1118 Brain Image Analysis and Atlas Construction

Figure 17.22: Growth patterns in the developing human brain detected from the age of 3
through 15 years. An anterior-to-posterior wave of peak growth rates is detected in a range
of young normal subjects scanned repeatedly across multiyear time spans (up to 4 years). In
a subject scanned at age 3 and exactly 3 years later aged 6 (far left), a focus of peak growth
rates (60-80% locally) was found throughout the anterior corpus callosum, in frontal circuits
that sustain a vigilant mental state and support the regulation and planning of new actions.
Growth rates at the isthmus, where associative fibers cross, were more quiescent (0-20%
growth; far left panel). Regions of greatest growth are indicated (red colors) for each subject,
distinguishing them from regions of little or no growth (blue colors). In a range of subjects
scanned at the ages of 6 and 7, 7 and 11, 8 and 12, 9 and 13, and 11 and 15, highest growth
rates were consistently attained at the callosal isthmus, in temporo-parietal systems that are
functionally specialized to support spatial association and language function. Intriguingly,
the same topographic pattern of growth is observed in a child scanned at age 11 and then
exactly 4 years later at age 15, but growth rates are everywhere reduced (far right). (For a
color version of this Figure see Plate 42 in the color section of this book.)
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tiple imaging modalities, to better understand brain structure and function in health
and disease. Mathematical algorithms can exploit the data in these populationbased atlases to detect pathology in an individual or patient group, to detect group
features of anatomy not apparent in an individual, and to uncover powerful linkages
between structure and demographic or genetic parameters. These algorithms in turn
draw upon developments in the computer vision, pattern recognition, graphics, and
statistical research arenas. Above all, the pace of technological development in
brain imaging has clearly been matched by the rapid emergence of powerful algorithms for data analysis. The resulting armory of tools shows enormous promise in
shedding light on the complex structural and functional organization of the human
brain.
17.13
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