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can be made to represent the average anatomy and its variation in a subpopulation.
17.8.3

Uses of average templates

Average brain templates have a variety of uses. If functional imaging data from
Alzheimer’s patients is warped into an atlas template based on young normals, signals in regions with selective atrophy in disease are artificially expanded to match
their scale in young normals, and biases can result. If the atlas has the average
geometry for the diseased group, which may include atrophy, least distortion is applied by warping data into the atlas. Since the template (in Fig. 17.17) also has the
average affine shape for the group [58], least distortion is applied when either linear
or nonlinear approaches are used. The notion of least distortion can be formulated
precisely using  (1) the associated matrix and deformation tensor metrics [146], or
(2) using the  -norm on the Hilbert space of deformation field coefficients [23],
or (3) indirectly through a continuum-mechanical operator or regularization functional that defines what it means for a distortion to be irregular ( [148]; see Section 17.4). Interestingly, automated registration approaches were able to reduce
anatomic variability to a greater degree if a specially-prepared image template was
used as a registration target [32, 146]. With smaller deformations, nonglobal minima of the registration measure may be avoided, and convergence may also be
faster, as the parameter space is searched for an optimal match. Average templates
 0 brain [23] and for individual strucare under rapid development for the
$
tures such as the corpus callosum, [18, 19, 22], central sulcus [149], cingulate and
paracingulate sulci [25,26,150], hippocampus [12,32,74,151], and for transformed
 0 cortex [23, 32, 137, 152].
representations of the human and
$

17.9

Deformation-based morphometry

17.9.1

Deformable probabilistic atlases

17.9.2

Encoding brain variation

As noted earlier, + " =  < algorithms create deformation maps (Fig. 17.8)
that indicate 3D patterns of anatomic differences between any pair of subjects.
By defining probability distributions on the space of deformation transformations
which drive the anatomy of different subjects into correspondence [25, 26, 85, 153,
154], statistical parameters of these distributions can be estimated from databased
anatomic data to determine the magnitude and directional biases of anatomic variation. Encoding of local variation can then be used to assess the severity of structural variants outside of the normal range, which, in brain data, may be a sign of
disease [25, 26]. Methods for representing variation and detecting group difference in shape can be collectively referred to as approaches for deformation-based
morphometry.

To see if disease-specific features could be detected in individual patients, a random vector field approach was recently developed to construct a population-based
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Figure 17.17: Average brain templates. Axial, sagittal, and coronal images are shown from
a variety of population-based brain image templates. For comparison purposes, the left
column shows a widely-used average intensity dataset (ICBM305) based on 305 young normal subjects, created by the International Consortium for Brain Mapping [64]; by contrast,
templates shown in the middle and right columns are average brain templates created from
high-resolution 3D MRI scans of Alzheimer’s disease patients. (middle column:) Affine brain
template, constructed by averaging normalized MR intensities on a voxel-by-voxel basis data
after automated affine registration; (right column) Continuum-mechanical brain template,
based on intensity averaging after continuum-mechanical transformation. By using spatial
transformations of increasing complexity, each patient’s anatomy can increasingly be reconfigured into the average anatomical configuration for the group. After intensity correction
and normalization, the reconfigured scans are then averaged on a pixel-by-pixel basis to
produce a group image template with the average geometry and average image intensity
for the group. Anatomical features are highly resolved, even at the cortex (right column, top
image). Transformations of extremely high spatial dimension are required to match cortical
features with sufficient accuracy to resolve them after scans are averaged together.
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Figure 17.18: Pathology detection in Alzheimer’s disease. A color-coded probability map
(left), shown on a 3D graphical surface model of an Alzheimer’s patient’s cortex, provides
probability statements about the deviation of cortical regions from the norm. The inherent
variability in normal cortical anatomy is encoded in the form of a surface-based probability



field, known as an anisotropic lattice process, or a random vector field. The resulting map
exhibits regions of severely depressed probability values (p

0.00001), particularly in infe-

rior frontal cortex. A probability map is also shown (right) for a normal control subject. The
system is refined as the underlying database of subjects increases in size and content. (For
a color version of this Figure see Plate 39 in the color section of this book.)

brain atlas [25, 26]. Briefly, given a 3D MR image of a new subject, a warping algorithm calculates a set of high-dimensional volumetric maps, elastically matching
this image with other scans from an anatomic image database. Target scans are selected from subjects matched for age, handedness, gender, and other demographic
factors [25,26,28,29]. The resulting family of volumetric warps provides empirical
information on local variability patterns. A probability space of random transformations, based on the theory of anisotropic Gaussian random fields [25,26], is then
used to encode the variations. As noted earlier, cortical matching approaches are
needed to represent variations in gyral patterns [25,26,28,29]. Confidence limits in
stereotaxic space are determined, for points in the new subject’s brain, enabling the
creation of color-coded probability maps to highlight and quantify regional patterns
of deformity (Fig. 17.18).
17.9.3

Tensor maps of directional variation

Figure 17.16 shows a tensor map of variability for normal subjects, after mapping 20 elderly subjects’ data into Talairach space (all right handed, 10 males, 10
females). Ellipsoidal glyphs indicate the principal directions of variation — they
are most elongated along directions where anatomic variation is greatest across
subjects. Clearly, structures do not vary to the same degree in every coordinate di-
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rection [20], and even these directional biases vary by cortical system. Each glyph
represents the covariance tensor of the vector fields that map individual subjects
onto their group average. Because gyral patterns constrain the mappings, the fields
reflect variations in cortical organization at a more local level than can be achieved
by matching only global cortical geometry. Note the elongated glyphs in anterior temporal cortex and the very low variability (in any direction) in entorhinal
and inferior frontal areas. By better defining the parameters of allowable normal
variations, the resulting information can be leveraged to distinguish normal from
abnormal anatomical variants. The tensor fields make it easier to detect anomalies,
which may be small in magnitude but in an unusual direction. Local computation
of the variance components also means that confidence limits for abnormal structure are appropriately relaxed in regions of high anatomic variability, so normal
differences are not signaled as deficits.
17.9.4

Anisotropic Gaussian fields

In a probabilistic atlas, well-defined statistical criteria are required to identify
significant differences in brain structure. These criteria can be formulated in different ways, depending on the attribute whose statistical variation is being modeled.
One approach is to use the theory of Gaussian random fields, a modeling technique
used widely in functional image analysis (e.g., SPM; [155]). By contrast with funcfields, the deformation
tional signals, which are generally treated as random
$
maps that quantify structural differences are treated as random  0  fields. In$
stead of a field of variance values, the variability of the deformation vectors, and
their directional tendencies, are stored using a covariance tensor at each anatomical
point [20, 156].
In one study [25, 26, 156], an approach was developed to detect brain structure
differences between two groups, or between an individual subject and a database
,   is the deformation vector
of demographically matched subjects. Suppose
required to match the structure at position in an atlas template with its counterpart
in subject = of group . (If surface models are being analyzed, rather than full
,   is the deformation vector matching parametric mesh
brain volumes [29],
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with its counterpart in subject = of group .) We then model the
deformations as:
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Here    is the mean deformation for group , and   is a non-stationary,
anisotropic covariance tensor field [Fig. 17.16, panels (a),(b)], which relaxes the
confidence threshold for detecting
abnormal structure in regions where normal vari    
ability is extreme,
is the upper triangular Cholesky factor tensor field, and
 0   
is a trivariate random vector field whose components are independent stationary Gaussian random fields.
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17.9.5



Detecting shape differences

or  statistic that indicates evidence of significant difference in deforA
mations between the groups is calculated at each lattice location in a 3D image
or parameterized 3D surface, to form a statistic image. Under the null hypothesis

of no abnormal deformations, the statistic image is approximated by a
random
field. Specifically, the significance of a difference in brain structure between two
subject groups (e.g., patients and controls) of   and   subjects is assessed by
calculating the sample mean and variance of the deformation fields (  -   ):
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and computing the following statistical map [25, 26, 156]:
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Under the null hypothesis, 
is a stationary Hotelling’s

distributed random field. At each point, if we let        :   and we let the
dimension of the search space be  , then:
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In other words, the field can be transformed point-wise to a Fisher-Snedecor 
distribution [25, 26]. To obtain a " -value for the effect that is adjusted for the multiple comparisons involved in assessing a whole field of statistics,
Cao and Wors
ley [157] examined the distribution of the global maximum
of the resulting
-distributed
The resulting probability
   random field under the null hypothesis.

that
ever exceeds a fixed high threshold
is approximated by the ex    43 of the excursion sets of the Hotelling’s
pected
Euler characteristic +
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. Then "
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depends on the effective full-width-at-half-max

(FWHM) of the component Gaussian images 0    , and on the Euler characteristic
   ), and volume (   ) of the search
(  ), caliper diameter (    ), surface area ( 

region. The -dimensional EC densities are given by [156]:
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The global maximum of the random deformation field, or derived tensor fields
( [28, 29]; see below), can be used to test the hypothesis of no structural change
in disease [156,158,159]. Similar multivariate linear models can be used to test for
the effect of explanatory variables (e.g., age, gender, clinical test scores) on a set
of deformation field images [27, 76]. This can help explore linkages between atlas
descriptions of variance and behavioral or cognitive parameters [51, 52, 132, 160].
17.9.6

Tensor-based morphometry

Since the goal of brain mapping is to localize structural and functional effects
in the brain, local changes must be distinguished from positional shifts of a given
brain region. This can be a confounding problem when structural or functional
data are analyzed voxel-by-voxel after only a linear transformation into stereotaxic
space, since the tissue that appears in a given stereotaxic voxel may shift. This
may be due to a structural difference in a distant anatomical region, which moves
the relative positions of other tissues, or it may be due to a registration difference where a distant anatomical change alters the ability of the algorithm to align
other image voxels. Ideally then, disease-related shape changes that affect a given
structure in the brain should be separated into dilations and contractions within the
structure itself, and global mechanical or positional shifts due to changes in other
brain structures. Tensor maps [31, 38] offer a solution to this problem. Because
they refer to the local derivatives of the deformation field, tensor maps of shape
differences are invariant to global translational differences in structures. The shape
differences they detect are therefore less sensitive to registration artifacts. To characterize purely local differences, tensor maps examine differential properties of
the deformation fields, including local expansion, contraction, or shearing effects
recovered by the warping transformation. The Jacobian of the deformation field
has been used as a local index of gender-specific shape differences in the corpus
callosum [18, 19, 161]. Other local vector field operators, including the gradient
   ; [28,29,162], the specialized norm divergence
and divergence (  
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  ; [30, 163]), and the delta-filter [147] have been apoperator (    
plied to deformation fields, in studies of brain development, tumor progression, and
multiple sclerosis lesion growth. Each of these operators is designed to emphasize
different aspects of growth or pathologic processes. Their differing signal-to-noise
therefore offers an approach to enhance the detection sensitivity of deformationbased morphometry.
17.9.7

Mapping brain asymmetry

There is a vast literature on cortical surface asymmetries [164–167]. These
asymmetries have been related to functional lateralization [168], handedness [169],
language function [167], and asymmetries of associated cytoarchitectonic fields
and their thalamic projection areas [170]. After group averaging of anatomy, asymmetric features emerge that are not observed in individual anatomies due to their
considerable variability. As shown in Fig. 17.16 (sagittal projection), the marked
anatomic asymmetry in posterior perisylvian cortex, actually extends rostrally into
postcentral cortex, with the posterior bank of the postcentral gyrus thrust forward
by 8-9 mm on the right compared to the left. The asymmetry also extends caudally
across the lateral convexity into superior and inferior temporal cortex. As shown
earlier by averaging ventricular models (Fig. 17.5), this asymmetry penetrates subcortically into the occipital ventricular horn, but not into adjacent parieto-occipital
and calcarine cortex [25, 26].
The improved ability to localize asymmetry and encode its variability in a
disease-specific atlas has interesting applications in schizophrenia [128]. Schizophrenic patients have anatomic alterations in several brain regions, including the
superior temporal gyrus (e.g., [171]), and several studies have reported a lack of
asymmetry in schizophrenic patients (e.g., [172] although the findings remain controversial [173].
17.9.8

Changes in asymmetry

To see if cortical asymmetries were lost in schizophrenia, average cortical representations have recently been created for schizophrenic patients (15 males, all
right-handed) and matched controls (also 15 males, right-handed; [36]). As described in Section 17.8, 38 major sulcal curves were used to drive each subject’s
gyral pattern into a group mean configuration (Fig. 17.19). The magnitude of
anatomic variation in each brain region was also computed from the deformation
vector fields and shown in color as a variability map (Fig. 17.19, colors). Perhaps
surprisingly, asymmetry was not attenuated in the patient group. This can be seen
immediately in the sagittal projections of average anatomy for each group. Significant asymmetries were confirmed by calculating curvature and extent measures
from the parametric mesh models [36]. In frontal cortex, the patients also displayed
greater variability than controls. Since relatively subtle asymmetries emerge clearly
in a group atlas, these disease-specific, population-based atlases may be advanta-

1110 Brain Image Analysis and Atlas Construction

Figure 17.19: Anatomical variability of the cerebral cortex. (N=15, schizophrenia patients,
and N=15 matched controls; all males). (Data from Narr et al. [128].) 3D maps of variability
are shown on average surface representations of the cortex derived from a schizophrenia (left) and normal control population (right). In frontal association cortex (red colors),
schizophrenic patients exhibit greater individual variations in gyral patterns. Contrary to
several recent research reports, the marked brain asymmetry in temporo-parietal cortex
does not appear to be lost in schizophrenia. Again, variability is calculated based on 3D
displacement maps, which locally encode the amount of deformation required to drive each
subject’s gyral pattern into exact correspondence with the average cortex for the group. (For
a color version of this Figure see Plate 40 in the color section of this book.)

geous for investigating a variety of alterations in cortical organization or lateralization and their dependencies on genetic parameters [33, 38, 57, 74]. In a related
study [41, 42], we found a robust and significant increase in the average magnitude of cortical asymmetry across the first 30 years of life. There was also a further increase in average cortical asymmetry between normal elderly subjects and
Alzheimer’s patients [28, 29], in regions where asymmetric changes in perfusion
and metabolism occur early in the disease.
17.9.9

Abnormal asymmetry

In an interesting development, Thirion et al. [30] applied a warping algorithm
to a range of subjects’ scans, in each case matching each brain hemisphere with
a reflected version of the opposite hemisphere. The resulting asymmetry fields
were treated as observations from a spatially-parameterized random vector field,
and deviations due to lesion growth or ventricular enlargement were detected using the theory developed in [25, 26]. Due to the asymmetric progression of many
degenerative disorders [28, 29], abnormal asymmetry may prove to be a sensitive
index of pathology in individual subjects or groups. From a more practical stand-
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point, asymmetry fields are smaller in magnitude than subject-to-subject deformation maps. This makes the fields easier to estimate with automated nonlinear registration algorithms. When the estimated deformation is small, it is easier to avoid
false, nonglobal minima of the matching measure being optimized. This improves
the robustness of deformation-based morphometry for pathology detection.
17.9.10

Model-based shape analysis

Mesh-based modeling of anatomy [25, 26, 36, 47, 48, 80, 81] allows detailed
analysis of morphometric differences for specific structures. In recent years, an
anatomical modeling approach has been developed which imposes a parametric
computational grid onto anatomical surfaces (up to 84 per brain; [25, 26, 80, 81]).
Shape parameters are then computed, including surface complexity, curvature, and
asymmetry indices, as well as surface area and extent measures in 3 dimensions
[20]. These shape measures are then typically subjected to multivariate analysis
of variance (MANOVA), to test hypotheses about disease-specific changes. Interactions between disease and gender, age, and other demographic factors can also
be assessed [40]. Significantly altered structural patterns were detected in patients
with, or at risk for, Alzheimer’s disease [25, 26, 124], in adult and childhood-onset
schizophrenia [36, 47, 48, 133, 134], and in fetal alcohol syndrome [41, 42]. In
dementia, significant linear relationships were also found between localized shape
differences and cognitive scores [51,52]. The mesh-based approach has also uncovered gender differences in the development subcortical structures [133, 134], interactions between gender and disease [36] and subtle developmental shape changes in
childhood [31, 114], and adolescence [41, 42]. The resulting toolkit [20, 28, 29, 38]
provides an approach for the statistical analysis of shape, and creates average models, maps of variability, asymmetry, and group differences that can be used to build
disease-specific brain atlases [32, 34]. Related approaches for neuroanatomical
shape analysis, based on Riemannian shape manifolds [147] and pattern theory [23]
are reviewed in [28, 29, 32, 38, 40].
17.10
17.10.1

Voxel-based morphometry
Detecting changes in stereotaxic tissue distribution

Additional techniques have been applied to detect group differences in the
stereotaxic distribution of tissue types in the brain. In these approaches, binary
maps of gray matter, white matter, and CSF are analyzed, after linear alignment of
individual MRI scans to an image template in Talairach space [53, 54, 174–176].
Aligned volumes are first RF-corrected and segmented, using a tissue classifier,
to produce binary maps for each tissue type. Differences in incidence of tissue,
at each stereotaxic voxel, are assessed by computing a statistical parametric map
(SPM; [155]) in which each voxel contains a statistic quantifying the group difference at that stereotaxic position. Because this approach investigates group differences in tissue incidence at each stereotaxic voxel, it is commonly referred to as
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voxel-based morphometry. At each voxel, the actual statistic is compared with a
reference (or  ) distribution for the statistic (i.e., the values it takes when groups
are sampled from the same population, and no effect is present). This gives a " value for how likely it is that such a difference could occur by accident, if only that
voxel were assessed. Because a vast number of voxels are assessed, " -values have
to be corrected for multiple comparisons before the significance of the results are
assessed, unless there was an a priori hypothesis of an effect at a specific stereotaxic
voxel. Bonferroni corrections, which adjust " -values based on the total number of
independent tests, are not used because data at neighboring voxels are highly correlated. Approaches to obtain corrected " -values include the theory of stationary
Gaussian random fields, statistical flattening [157], and permutation [53,54]. These
approaches are described next.
17.10.2

Stationary Gaussian random fields

The application of Gaussian field theory to detect significant group differences
in brain images has revolutionized the field of brain mapping [155, 177]. Typically
applied to functional images of brain activation or metabolism, Gaussian field theory models the distributions of features in statistical maps that would be found by
accident, if the null hypothesis of no significant difference between groups were
true. Experimental effects are compared with these null distributions to check if
they could have occurred accidentally, or whether there is enough evidence to reject the null hypothesis of no differences between groups. The features whose

distributions are modeled include (1) the maximum value (or peak height, /
)
of the statistic that would be found in the map, and (2) the size of the largest connected cluster of voxels above a given threshold. Null distributions for more complex features can also be derived mathematically, such as the number of clusters
exceeding a given height and spatial extent, or the total spatial extent of these clusters. These features are thought of as measurements of “rising swells or waves
in a choppy (noisy) sea” [178], where the roughness of the sea is estimated from

the data. To estimate the probability that the maximum value of the map ( /
)
is greater than a given threshold under the null hypothesis (i.e., when no differ   43 of a
ence is present), [158, 159] used the expected Euler characteristic +
binarized map thresholded at , so that for high ,
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Here    and  are the volume and dimension of the search region, and 0   
is the  -th order Hermite  polynomial. The roughness tensor,  (or its inverse,
the smoothness tensor,  ) ), is crucial for estimating " -values. It is defined as
the covariance matrix of the partial derivatives of the process along each of the
   , 3
 coordinate axes, with variances 
on the diagonal and off-diagonal
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