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I. Challenges in Population-Based Brain Mapping
Advanced brain imaging technologies now provide a means to investigate disease and therapeutic response in
their full spatial and temporal complexity. Imaging studies of clinical populations continue to uncover new
patterns of altered structure and function, and novel algorithms are being applied to relate these patterns to
cognitive and genetic parameters. Post mortem brain maps are also beginning to clarify the molecular substrates
of disease.
As imaging studies expand into ever-larger patient populations, population-based brain atlases offer a powerful
framework to synthesize the results of disparate imaging studies. These atlases use novel analytical tools to fuse
data across subjects, modalities, and time. They detect group-specific features not apparent in individual patients’
scans. Once built, these atlases can be stratified into subpopulations to reflect a particular clinical group. The
disease-specific features they resolve can then be linked with demographic factors such as age, gender,
handedness, as well as specific clinical or genetic parameters (Mazziotta et al., 1995; Toga and Mazziotta, 1996).
New brain atlases are also being built to incorporate dynamic data. Despite the significant challenges in
expanding the atlas concept to the time dimension, dynamic brain atlases are beginning to include probabilistic
information on growth rates that may assist research into pediatric disorders (Thompson and Toga, 1999).
Imaging algorithms are also significantly improving the flexibility of digital brain templates. Deformable brain
atlases are adaptable brain templates that can be individualized to reflect the anatomy of new subjects, and
probabilistic atlases are research tools that retain information on cross-subject variations in brain structure and
function. These atlases are powerful new tools with broad clinical and research applications (Roland and Zilles,
1994; Kikinis et al., 1996; Toga and Thompson, 1998).
Disease-Specific Atlases.
This chapter introduces the topic of a disease-specific brain atlas (Fig. 1). This
type of atlas is designed to reflect the unique anatomy and physiology of a particular clinical subpopulation
(Thompson et al., 1997, 1998, 1999; Mega et al., 1997, 1998, 1999; Narr et al., 1999). Based on wellcharacterized patient groups, these atlases contain thousands of structure models, as well as composite maps,
average templates, and visualizations of structural variability, asymmetry and group-specific differences. They act
as a quantitative framework that correlates the structural, metabolic, molecular and histologic hallmarks of the
disease (Mega et al., 1997). Additional algorithms are described that use information stored in the atlas to
recognize anomalies and label structures in new patients. Because they retain information on group anatomical
variability, disease-specific atlases are a type of probabilistic atlas specialized to represent a particular clinical
group. The resulting atlases can identify patterns of altered structure or function, and can guide algorithms for
knowledge-based image analysis, automated image labeling (Collins et al., 1994; Pitiot et al., 1999), tissue
classification (Zijdenbos and Dawant, 1994) and functional image analysis (Dinov et al., 1999).
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Fig. 1. Elements of a Disease-Specific Atlas. This schematic shows the types of maps and models contained in a diseasespecific brain atlas. In the main text, we explain how these maps are created, and review their applications. Examples are
shown from an atlas that represents an Alzheimer’s Disease population. To construct the atlas, databases of structural
imaging data are used to develop detailed models of cortical structure and anatomic subsystems. These models are
statistically combined to create group average models that can be compared with a normal database. Patterns of variability,
asymmetry, and disease-specific differences are also computed from the anatomic data. Specialized techniques create a
well-resolved average image template for the patient population (Continuum-Mechanical Template, center right). This
template provides a coordinate framework to link in vivo metabolic and functional data with fine-scale anatomy and
biochemistry. In recent studies (Mega et al., 1997), histologic maps of post mortem neurofibrillary tangle (NFT) staining
density were correlated with in vivo metabolism. 3D FDG-PET data, obtained 8 hours before death, was compared with
whole-brain cryosections acquired immediately post mortem and stained for NFTs by the Gallyas method. Using the
algorithm of (Thompson and Toga, 1996; warped image), distorted tissue sections were elastically warped back to their
configuration in the cryosection blockface (top row). A further 3D registration projected the data into pre-mortem MR and
co-registered PET data (top right).
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Panel 1.
Disease-specific atlases can contain probabilistic information on how brain structure varies in large human
populations (for detailed explanations of these atlasing approaches, please see Thompson et al., 1999). This tensor map
reveals the preferred directions of cortical variation, after sulcal pattern correspondences are taken into account. Variability
is greatest in temporo-parietal cortex. If cortical variations are modeled as vector field displacements of an average cortical
model, ellipsoids of constant probability density can be computed for positions of cortical regions (relative to the average
cortex). These ellipsoids are shown, colored by the determinant of the covariance tensor. Fields of tumbling ellipses have
also been used to visualize multi-directional parameters in diffusion imaging data, and offer a means to represent cortical
variability for anomaly detection and Bayesian image labeling.

We present data from several on-going projects, whose goal is to create disease-specific atlases of the brain in
Alzheimer’s Disease, schizophrenia, and several neurodevelopmental disorders. Since current brain templates
poorly represent the anatomy of these clinical populations, the resulting atlases offer a framework to investigate
each disease. Pathological change can be tracked over time, and disease-specific features resolved. Rather than
simply fusing information from multiple subjects and sources, new mathematical strategies are introduced to
resolve group-specific features not apparent in individual scans.
Anatomical Templates. Central to the construction of a disease-specific atlas is the creation of averages,
templates and models to describe how the brain and its component parts are organized, and how they are altered
in disease. Statistical models are created to reveal how major anatomic systems are affected, how the pathology
progresses, and how these changes relate to demographic or genetic factors. To create templates that reflect the
morphology of a diseased group, specialized strategies are required for population-based averaging of anatomy
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(Thompson et al., 1996a,b, 1998; Grenander and Miller, 1998). In one approach (Thompson et al., 1999), sets of
high-dimensional elastic mappings, based on the principles of continuum mechanics, reconfigure the anatomy of
a large number of subjects in an anatomic image database. These three-dimensional deformation fields are used to
create a crisp anatomical image template with highly-resolved structures in their mean spatial location. The
mappings also generate a richly detailed local encoding of anatomic variability, with up to a billion parameters
(Thompson and Toga, 1997; Grenander and Miller, 1998). The resulting variability parameters are stored as a
tensor field (Section 9) and leveraged by pattern recognition strategies that automatically identify anatomical
structures in new patients’ scans, and identify disease-specific characteristics (Pitiot et al., 1999; Thompson et al.,
1999).
Cortical Patterns.
Cortical patterns are altered in a variety of diseases. Sulcal pattern anomalies have been
identified in schizophrenia and epilepsy (Kikinis et al., 1994; Cook et al., 1994; Fuh et al., 1998), and diffuse
cortical atrophy is typical of Alzheimer's disease, Pick's disease and other dementias (Schmidt, 1992). Gyral
anomalies, such as cortical dysplasias, have also been linked with neurodevelopmental delay (Sobire et al., 1995).
Nonetheless, ratings of structural change in the cortex are still largely based on qualitative assessment (Berg et
al., 1993).
To clarify how diseases affect the cortex, specialized approaches are described for averaging cortical anatomy
across subjects. Gyral pattern matching (Thompson and Toga, 1996; Thompson et al., 1999) is used to create
average cortical models, to measure cross-subject differences, and to encode the magnitude and principal
directions of anatomical variation at the cortex. In the resulting cortical templates, subtle features emerge.
Regional asymmetries appear that are not apparent in individual anatomies. Population-based maps of cortical
variation reveal a mosaic of variability patterns that are characteristic of each cortical region.
Pathology Detection.
Normal anatomic complexity makes it difficult to design automated strategies
that detect abnormal brain structure. Considerable research has focused on uncovering specific patterns of
anatomic alterations in Alzheimer’s Disease and other dementias (Friedland and Luxenberg, 1988), schizophrenia
(Kikinis et al., 1994; Csernansky et al., 1998), epilepsy (Cook et al., 1994), attention deficit hyperactivity
disorder (ADHD; Giedd et al., 1994), autism (Filipek et al., 1996; Courchesne, 1997), and cortical dysplasias
(Sobire et al., 1995). Some of the results of these morphometric studies are summarized in Table 1. At the same
time, brain structure is so variable that group-specific patterns of anatomy and function are often obscured.
Demographic Factors.
Reports of structural differences in the brain linked to gender and handedness
are still controversial, and these factors may also interact with disease-specific abnormalities (Thompson et al.,
1999; Narr et al., 1999). Other factors that interfere with analysis include educational level, premorbid
adjustment, treatment history and response, and the duration and course of illness (Carpenter et al., 1993).
Interactions of these variables make it harder to detect disease-specific patterns and relate them to clinical and
genetic parameters.
The importance of these linkages has propelled computational anatomy to the forefront of brain imaging
investigations. To distinguish abnormalities from normal variants, a realistically complex mathematical
framework is required to encode information on anatomic variability in homogeneous populations (Grenander
and Miller, 1998; Thompson and Toga, 1999). As we shall see, elastic registration or warping algorithms offer
substantial advantages in creating brain atlases that encode patterns of anatomic variation and detect pathology.
Dynamic Brain Atlases.
While brain atlases have traditionally relied on static representations of anatomy,
many of the diseases that affect the human brain are progressive (e.g., dementia, neoplastic tumors). Other
disorders may be relapsing-remitting (e.g., multiple sclerosis), or may display a normal phenotype with an
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aberrant time-course (e.g., delayed neurodevelopment). The progression of a disease may also be modulated by
therapy, ranging from drug treatment to surgery. In response to these challenges, dynamic brain atlases retain
spatio-temporal information on patterns of neuroanatomic change. They offer a means to analyze the dynamics of
disease. Later in the chapter, we describe how atlases can be expanded to incorporate quantitative (4D) maps of
growth or degenerative patterns in the brain. These maps characterize local growth or atrophic rates in
development or disease. Atlases that incorporate confidence limits on growth rates, in particular, offer a new type
of normative framework to analyze aberrant brain development and childhood onset disorders (Thompson and
Toga, 1999).
II. Types of Brain Atlases
Coordinate Systems.
Rapid progress has been made in recent years by research groups developing
standardized three-dimensional brain atlases (Talairach and Tournoux, 1988; Greitz et al., 1991; Höhne et al.,
1992; Thurfjell et al., 1993; Kikinis et al., 1996). While few of these atlases aim to represent anatomy and
function in disease, several commercially-available atlases of pathology combine histologic data with illustrative
metabolic or structural images. The Harvard Brain Atlas (Johnson et al., 1996) is a rich source of annotated CT,
MRI, SPECT and PET (single photon/positron emission computed tomography) images from a number of clinical
populations. Cerebrovascular, neoplastic and degenerative diseases are represented (including stroke, vascular
dementia, and Alzheimer’s Disease), as are inflammatory, autoimmune and infectious diseases (multiple sclerosis
and AIDS). In a similar effort, the Atlas of Brain Perfusion SPECT has been produced by Brigham and Women's
Hospital (Holman et al., 1994). This atlas presents 21 SPECT images with co-registered scans (SPECT merged
with CT or MRI), and all scans are annotated with relevant clinical information and case histories. Other
collections focus on post mortem data. The On-line Neuropathology Atlas developed by the University of
Debrecen Medical School (Hegedüs and Molnár, 1996) includes labeled images of the normal brain, with an
extensive collection of pathological images from patients with cerebrovascular disease, neoplasms, as well as
inflammatory and degenerative disorders.
Perhaps surprisingly, few atlases of neuropathology use a standardized 3-dimensional coordinate system to
integrate data across patients, techniques, and acquisitions. To suggest why this can be advantageous, we review
recent developments in the brain atlasing field that have created a framework for inter-laboratory communication.
Digital templates placed in a well-defined coordinate space (Evans et al., 1992; Friston et al., 1995; Drury and
Van Essen, 1997), together with algorithms to align data with them (Toga, 1998), have enabled the pooling of
brain mapping data from multiple subjects and sources, including large patient populations. As we shall see,
standardized coordinate systems also allow parameterized, anatomical models to be statistically combined
(Thompson et al., 1996). By combining anatomical models, the results of morphometric studies can be leveraged
to create disease-specific brain templates. Automated algorithms can then capitalize on atlas descriptions of
anatomical variance to guide image segmentation (Le Goualher, 1998; Pitiot et al., 1999), tissue classification
(Zijdenbos and Dawant, 1994), functional image analysis (Dinov et al., 1999) and pathology detection
(Thompson et al., 1997).
Before describing atlases specialized to represent disease, we first review developments in informatics that led to
the creation of deformable anatomic templates. These templates are a flexible type of brain atlas that can be
customized to represent a given individual, and then subsequently to represent a population.
Early Anatomic Templates.
Research on brain atlases was originally based on the premise that brain
structure and function imaged in any modality can be better localized by correlation with higher resolution
anatomic data placed in an appropriate spatial coordinate system. Three-dimensional brain templates also provide
reference information for surgical planning, and have been used to guide stereotaxic radiosurgery and electrode
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implantations (Talairach et al., 1967; Kikinis et al., 1996). Because of their detailed characterization of anatomy,
most early brain atlases were derived from one, or a few, post mortem specimens (Brodmann, 1909;
Schaltenbrand and Bailey, 1959; Van Buren and Maccubin, 1962; Talairach et al., 1967; Van Buren and Borke,
1972; Schaltenbrand and Wahren, 1977; Matsui and Hirano, 1978; Talairach and Tournoux, 1988; Ono et al.,
1990). These anatomical references typically represent a particular feature of the brain, such as a neurochemical
distribution (Mansour et al., 1995), myelination patterns (Smith, 1907; Mai et al., 1997), or the cellular
architecture of the cortex (Brodmann, 1909).
Digital Manipulations.
Atlas templates became considerably easier to manipulate with the transition
from paper to digital format. Widely-used brain atlases were converted to electronic form, and image registration
algorithms made it feasible to overlay digital atlas data onto volumetric radiologic scans. In an endeavor to fuse
data from multiple atlases, Nowinski et al. (1997) merged the thalamic and brainstem anatomical maps of
Schaltenbrand and Wahren (1977), and the Talairach atlases (1988) with cortical and sulcal atlases employed in
radiology (Brodmann, 1909; Ono et al., 1990). Recent neurosurgical systems (e.g., the CASS system; Computer
Assisted Stereotaxic Surgery, Midco Corporation, CA) now support the digital overlay of the Schaltenbrand,
Talairach and Brodmann atlas data onto individual patient MR scans to create composite maps and simulation
displays for surgical planning (Hardy, 1994; St-Jean et al., 1998).
Multi-Modality Atlases.
Because of the superior anatomic resolution, several digital atlases have been
created using cryosection imaging. This technique allows the serial collection of photographic images from a
cryoplaned specimen blockface (Bohm et al., 1983; Greitz et al., 1991; Toga et al., 1994). Using 10242, 24bits/pixel digital color cameras, cryosection imaging offers a spatial resolution as high as 100 microns/voxel for
whole human head cadaver preparations, or higher for isolated brain regions (Toga et al., 1997). Unlike paper
atlases, digital cryosection volumes are amenable to a variety of resampling and repositioning schemes. Structures
can therefore be rendered and visualized from any angle. In the Visible Human Project (Spitzer et al., 1996), two
(male and female) cadavers were cryoplaned and imaged at 1.0 mm intervals (0.33 mm for the female data), and
the entire bodies were also reconstructed via 5,000 post mortem CT and MRI images. The resulting digital
datasets consist of over 15 gigabytes of image data. While not an atlas per se, the Visible Human data has served
as the foundation for developing related atlases of regions of the cerebral cortex (Drury and Van Essen, 1997),
and high-quality brain models and visualizations (Schiemann et al., 1996; Stewart et al., 1996). Using multimodality data from a patient with a localized pathology, and more recently the Visible Human data, Höhne and
co-workers developed a commercially available brain atlas designed for teaching neuroanatomy (VOXEL-MAN;
Höhne et al., 1990, 1992; Tiede et al., 1993; Pommert et al., 1994).
Post Mortem Data Fusion.
Fusion of metabolic and functional images acquired in vivo with post mortem
biochemical maps provides a unique view of the relationship between brain function and pathology. Mega et al.
(1997) scanned Alzheimer’s patients in the terminal stages of their disease using both MRI and PET. Using
elastic registration techniques (Thompson et al., 1996), these data were combined with post mortem histologic
images showing the gross anatomy (Toga et al., 1994), a Gallyas stain of neurofibrillary tangles, and a variety of
spatially indexed biochemical assays (Fig. 2). The resulting multimodality maps of the Alzheimer’s disease brain
relate the anatomic and histopathologic underpinnings of the disease in a standardized coordinate space. These
data are further correlated with in vivo metabolic and perfusion maps of this disease. The resulting maps are key
components of a growing disease-specific atlas (Mega et al., this volume).
III. Analyzing Brain Data
One of the driving forces that made anatomical templates important in brain imaging was the need to perform
brain to brain comparisons. Anatomic variations severely hamper the integration and comparison of data across
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subjects, and can lead to misleading results (Meltzer and Frost, 1994; Woods, 1996). Motivated by the need to
standardize and pool data across subjects, and compare results across laboratories, several registration methods
have been developed to align brain mapping data with an atlas. The simplest registration techniques are linear,
removing global differences in brain size. Non-linear approaches, however, can eliminate even the most local size
and shape differences that distinguish one brain from another. Transforming individual datasets into the shape of
a single reference anatomy, or onto a 3D digital brain atlas, allows subsequent comparison of brain function
across individuals (Christensen et al., 1993; Ashburner et al., 1997). Interestingly, the transformations required to
remove individual differences in anatomy are themselves a rich source of morphometric data (Thompson and
Toga, 1999). As we shall see later (Section 10), this data can be used to create disease-specific atlases.
Spatial Normalization. In the earliest brain atlases, spatial normalization systems were proposed to transform
new data to match the space occupied by the atlas. In the Talairach stereotaxic system (Talairach and Tournoux,
1988), piecewise affine transformations are applied to 12 rectangular regions of brain, to re-position the subject’s
brain in a defined space. The Talairach stereotaxic system rapidly became an international reporting standard for
functional activation sites in PET and fMRI studies (Fox et al., 1985, 1988; Friston et al., 1989, 1991).
Use of Digital Templates.
While stereotaxic methods provide a common coordinate system to pool
activation data for multi-subject comparisons, the accuracy and utility of the underlying atlas is equally dependent
on the anatomical template itself (Roland and Zilles, 1994). Clearly the success of any brain atlas depends on
how well the anatomies of individual subjects match the representation of anatomy in the atlas. The Talairach
templates, for example, are based on post mortem brain sections from a 60 year-old female subject. They
therefore poorly reflect the in vivo anatomy of subjects in activation studies, and are even less representative of
brains undergoing degenerative or developmental change. To address some of these limitations, a composite MRI
dataset was constructed from several hundred young normal subjects (239 males, 66 females; age: 23.4±4.1
years; Evans et al., 1992, 1994). These subjects’ scans were individually mapped into the Talairach system by
linear transformation, intensity normalized, and averaged on a voxel-by-voxel basis. Although the resulting
average brain has regions where individual structures are blurred out due to spatial variability in the population
(Evans et al., 1992; 1994; see Section 10), the effect of anatomical variability in different brain areas is illustrated
qualitatively by this image template. The average intensity template is part of the widely used Statistical
Parametric Mapping package (SPM; Friston et al., 1995). Automated methods were subsequently developed to
map new MRI and PET data into a common space. Because the composite MR target atlas was digital, algorithms
could align new MR data with the template by maximizing a measure of intensity similarity, such as 3D crosscorrelation (Collins et al., 1994,1995), ratio image uniformity (Woods et al., 1992), or mutual information (Viola
et al., 1995; Wells et al., 1997). Any alignment transformation defined for one modality, such as MRI, can be
identically applied to another modality, such as PET, if a previous cross-modality intrasubject registration has
been performed (Woods et al., 1993). For the first time then, PET data could be mapped into stereotaxic space
via a correlated MR dataset (Woods et al., 1993; Evans et al., 1994). Registration algorithms therefore made it
feasible to automatically map data from a variety of modalities into an atlas coordinate space based directly on the
Talairach reference system.
IV. Individualized Brain Atlases
Anatomic Variations. No two brains are the same, which presents a challenge in creating standardized atlases.
Even without pathology, brain structures vary between individuals in every metric; shape, size, position and
orientation relative to each other (Steinmetz et al., 1989, 1990). Due to the obvious limitations of a fixed atlas,
new algorithms were developed to elastically re-shape an atlas to the anatomy of new individuals. The resulting
deformable brain atlases more accurately project atlas data into new scans. Their uses include surgical planning
(Warfield et al., 1998; St-Jean et al., 1998), anatomical labeling (Iosifescu et al., 1997) and shape measurement
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(Thompson et al., 1997; Haller et al., 1997; Csernansky et al., 1998; Subsol et al., 1998). The shape of the digital
atlas is adapted using local warping transformations (dilations, contractions and shearing), producing an
individualized brain atlas (Evans et al., 1991; Miller et al., 1993; Christensen et al., 1993; Sandor and Leahy,
1994; 1995; Rizzo et al., 1995). Pioneered by Bajcsy and colleagues at the University of Pennsylvania (Broit,
1981; Bajcsy and Kovacic, 1989; Gee et al., 1993, 1995, 1998), this approach was adopted by the Karolinska
Brain Atlas Program (Seitz et al., 1990; Thurfjell et al., 1993; Ingvar et al., 1994). Warping algorithms can
transfer maps of cytoarchitecture, biochemistry, functional and vascular territories into the coordinate system of
different subjects (see Toga, 1998, for a review). Intricate patterns of structural variation in anatomy can be
accommodated. These transformations must allow any segment of the atlas anatomy, however small, to grow,
shrink, twist and even rotate, to produce a transformation that encodes local differences in topography from one
individual to another.
Non-linear mapping of raster volumes or 3D geometric atlases onto individual datasets has empowered many
studies of disease. These include brain structure labeling for hippocampal morphometry in dementia (Haller et al.,
1997), analysis of subcortical structure volumes in schizophrenia (Iosifescu et al., 1997; Csernansky et al., 1998),
estimation of structural variation in normal and diseased populations (Collins et al., 1994; Thompson et al.,
1997), and segmentation and classification of multiple sclerosis lesions (Warfield et al., 1995). Digital anatomic
models can also be projected into PET data to define regions of interest for quantitative calculations of regional
cerebral blood flow (Ingvar et al., 1994; Dinov et al., 1999). These template-driven segmentations require
extensive validation relative to more labor-intensive manual delineation of structures, but show considerable
promise in studies of disease.
Analyzing Brain Data with an Atlas.
The ability to relate atlas data to a new subject’s brain images also
operates in reverse. By inverting the deformation field that reconfigures an atlas to match an individual, an
individual’s data can be nonlinearly registered with the atlas, removing subject-specific anatomical differences.
Functional data then be compared and integrated across subjects, with confounding anatomical effects factored
out. Since they transfer multi-subject data more accurately into a stereotaxic framework, non-linear registration
algorithms are now increasingly used in functional image analysis packages (Seitz et al., 1990; Friston et al.,
1995; Ashburner et al., 1997).
Because variations in structure and function are so great, and both are altered in disease, non-linear registration
approaches become relevant in creating disease-specific templates. These algorithms eliminate the anatomic
component of functional variation, and are required to separate variations in structure and function. They are also
vital in creating deformable atlases, which offer a means to represent, and measure, variations in structure.
Intensity/Model-Driven Algorithms.
Elastic registration, or warping, algorithms the drive a deformable atlas
can be classified into two basic types (see Thompson and Toga, 1998, for a review). We briefly review these,
because of their fundamental role in transferring data between scans and atlas templates, in either direction.
1. Intensity-Driven Approaches.
These algorithms measure the similarity between the deforming atlas
and the patient’s scan. They then optimize the measure by tuning parameters of the deformation field. The
widely-used Automated Image Registration (Woods et al., 1998) and Statistical Parametric Mapping algorithms
(Ashburner et al., 1997) are examples of this approach. As the cost function is optimized, increasingly complex
warping fields are expressed in terms of a 3D cosine basis (SPM) or by tuning parameters of 3D polynomials
(AIR). Since they use purely mathematical criteria, intensity-driven approaches by-pass information on the
topological organization of the brain. Accurate anatomic correspondences, especially at the cortex, are sometimes
difficult to establish. Nonetheless, their speed and automation makes them ideal for many applications.
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2. Model-Driven Approaches.
These algorithms establish biologically constrained object-to-object
correspondences in the brain. They first build large systems of anatomical models in the atlas and patient’s scan
(Thompson et al., 1996). This topological model of the brain’s anatomy is used to derive a transformation
matching anatomical surface boundaries and cortical features exactly, guiding the volumetric mapping of the atlas
onto the patient (Fig. 3).
When extended to accommodate more subjects, deformations that match an atlas with each patient in a
population can be used to create statistical maps of anatomy, revealing patterns of variability, asymmetry or
abnormality in a group (Thompson et al., 1996, 1997). With a model-driven approach, graphical surface models
represent each major anatomic system, so a comprehensive geometric atlas can be built. Average representations
can be created for each anatomical element, along with statistical maps that can be visualized directly or used to
guide subsequent image analysis.
Continuum-Mechanical Atlases.
Many brain atlases have been developed to deform according to the
principles of continuum mechanics (Broit, 1981; Bajcsy and Kovacic, 1989; Christensen et al., 1993, 1996;
Davatzikos, 1996; Thompson and Toga, 1998; Gee et al., 1998). This feature is relevant to understanding how
variations in structure can be encoded. In modeling the atlas deformations, differential equations are used to make
the deforming atlas conform to the behavior of elastic or fluid materials. An advantage of this approach is that the
well-understood mathematics enforces several desirable characteristics in the mappings. For instance, atlas-topatient mappings should be one-to-one (i.e., the deformed atlas should not tear or self-intersect). This is
surprisingly difficult to guarantee, unless continuum-mechanical or variational methods are applied (Christensen
et al., 1995; Dupuis et al., 1998; see Footnote 1). The continuum-mechanical operators that govern the atlas
deformations also have a spectral (or eigenfunction) representation that helps calculate the mappings rapidly
(Miller et al., 1993; Ashburner et al., 1997).
Footnote 1. Applying Large Deformations to Brain Atlases. Christensen et al. (1995) observed that most warping methods that are used
to adapt deformable brain atlases do not maintain the topological integrity of the deforming template if large deformations are required.
In 2D, for example, a specification of correspondences at point landmarks is usually extended to produce a deformation field by
minimizing a specific regularizing functional such as the thin-plate spline energy (Bookstein, 1997):
Jthin-plate(u)= ∫R2 [ (∂11u)2 + 2(∂12u)2 +(∂22u)2 ] dx1 dx2
where ∂iju = ∂2u/∂xi∂xj , or the membrane spline (Amit et al., 1991; Gee et al., 1993; Ashburner et al., 1997) or elastic body energies
(Miller et al., 1993):
Jmemb(u)= ∫ [ (∂1u1)2+(∂1u2)2+(∂2u1)2+(∂2u2)2 ] dx1 dx2
Jelas(u)= ∫ ∑i=1 to 2∑j=1 to 2 [ (λ/2)(∂iui)(∂juj) + (µ/4)((∂iuj)+(∂jui)) 2 ] dx1 dx2
Since the transformations that minimize these energies do not guarantee that the deforming template remains intact after large landmark
deformations, Christensen et al. (1995) suggested a way to avoid this problem. By forcing the warping field to arise by Euler integration
of a continuously differentiable velocity field: v: (x,t)∈Ωx[0,1]→ v(x,t)∈R3, the resulting transform:
u(x,t) = u(x,0)+ ∫ s=0 to t v(u(x,s),s) ds
is a unique diffeomorphism. Dupuis et al. (1998) further suggested that the Dirichlet problem for image matching (Joshi et al., 1995)
could be reformulated by forcing the optimal velocity field to minimize quadratic energetics on the space-time element Ωx[0,1]= [0,1]4 ⊂
R4, governed by a matrix constant coefficient differential operator: E(v) = ∫ Ωx[0,1] ||Lv(u(x,t),t)||2 dx dt.. For matching a system of N point
landmarks with this type of flow, the optimal solution was then shown (Joshi, 1998) to be derivable from the paths of the N landmarks
directly, resulting in the parameterization: û(x,t) = ∑i ci(t)GG†(x,û(xi,t)). Here the coefficients ci(t) are R3-valued functions on [0,1], and
G(x,y) is the matrix Green’s operator corresponding to L. The resulting framework for constructing diffeomorphic (smooth one-to-one)
brain maps allows arbitrarily complex atlas transformations while guaranteeing that the digital template remains intact and connected
under the transformation.
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Statistical Templates.
The deformable template framework has also been widely tested in computer
vision applications where shape variability needs to be accommodated, such as written digit identification or face
recognition. This makes it easier to build a statistical theory of shape for encoding brain variation, using Gaussian
fields (Thompson et al., 1996a,b, 1997a,b; Davatzikos et al., 1997; Ashburner et al., 1997; Gee et al., 1998;
Dupuis et al., 1998; Thirion et al., 1998; Cao and Worsley, 1999; Le Goualher et al., 1999) or Riemannian shape
manifolds (Bookstein, 1997). Probabilistic transformations can then be applied to deformable anatomic templates
to create a type of probabilistic atlas that measures variability and detects pathology (Thompson et al., 1997,
1998; Joshi et al., 1998; Grenander and Miller, 1998).
Individualizing an Atlas.
To understand how deformable atlases work, consider the deforming atlas to be
embedded in a 3D elastic or fluid medium (Fig. 4). The medium is subjected to distributed internal forces, which
reconfigure it, and lead the image to match the target. In elastic media, the displacement vector field u(x)
resulting from internal driving forces F(x) (called ‘body forces’) obeys the Navier-Stokes equilibrium equations
for linear elasticity:
µ∇
∇2u + (λ+µ)∇
∇(∇
∇T•u(x)) + F(x) = 0, ∀x∈R
(1).
Here R is a discrete lattice representation of the atlas, ∇T•u(x)=∑
∑∂uj/∂xj is the cubical dilation of the medium, ∇2
is the Laplacian operator, and Lamé’s coefficients λ and µ refer to the elastic properties of the medium. Body
forces, F(x), drive the atlas into correspondence with similar regions in the patient. In a model-based approach,
these forces are computed from a large set of anatomical surface models (Thompson and Toga, 1998), so that the
deformations of structure boundaries are propagated to the image volume. In an intensity-based approach, the
body forces are derived from the gradient of a local cost function. The cost function is a metric designed to
capture how well the atlas is aligned with the patient’s scan. Common measures include squared differences in
normalized pixel intensities (Christensen et al., 1993; Woods et al., 1993, 1998; Ashburner et al., 1997), ratio
image uniformity (Woods et al., 1992), regional correlation (Bajcsy and Kovacic, 1989; Collins et al., 1995), or
mutual information (Kim et al., 1997; Kjems et al., 1999). If an elastic model is used, the equilibrium equations
are solved numerically by finite difference, finite element, or spectral methods, and the 3-dimensional
deformation field u(x) warps the atlas into register with the target scan.
Massively Parallel Implementations.
Recently, Christensen et al. (1993, 1995, 1996) proposed a viscousfluid based warping transform, to individualize a labeled atlas and segment hippocampal anatomy in new
patients’ scans (cf. Haller et al., 1997; Csernansky et al., 1998). Manual tag points first roughly align the atlas
and patient’s anatomy. An intensity-based force (2) then drives a large-distance non-linear fluid evolution of the
neuroanatomic template. With the introduction of concepts such as deformation velocity and a Eulerian reference
frame, the energetics of the deformed medium are hypothesized to be relaxed in a highly viscous fluid:
F((x,u(x,t)) = -(T(x-u(x,t))-S(x)) ∇Tx-u(x,t)
∇(∇
∇T•v(x,t)) + F(x,u(x,t)) = 0
µ∇
∇2v(x,t) + (λ+µ)∇
∂u(x,t)/∂t = v(x,t) - ∇u(x,t)v(x,t)

(2)
(3)
(4)

The deformation velocity of the atlas (3) is governed by the creeping flow momentum equation for a Newtonian
fluid, and the conventional displacement field in a Lagrangian reference system (4) is connected to an Eulerian
velocity field by the relation of material differentiation. Experimental results were excellent (Christensen et al.,
1996). Nonetheless, both elastic and fluid algorithms contain core systems of up to 0.1 billion simultaneous
partial differential equations (1 or (2)-(4)). In early implementations, deformable registration of a 1283 MRI atlas
to a patient took 9.5 and 13 hours for elastic and fluid transforms, respectively, on a 128×64
DECmpp1200Sx/Model 200 MASPAR (Massively Parallel Mesh-Connected Supercomputer). This spurred work
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to modify the algorithm to individualize atlases on standard single-processor workstations (Thirion, 1995; BroNielsen and Gramkow, 1996; Freeborough and Fox, 1998).
Bro-Nielsen and Gramkow (1996) used the eigenfunctions of the Navier-Stokes differential operator L =
µ∇2+(λ+µ)∇(∇T•), which governs the atlas deformations, to derive a Green’s function solution u*(x)=G(x) to the
δ(x-x0). This speeds up the core registration step by a factor of 1000. The
impulse response equation Lu*(x)=δ
solution to the full PDE Lu(x)=-F(x) was approximated as a rapid filtering operation on the 3D arrays
representing body force components:
u(x)=

-∫

Ω

G(x-r).F(r) dr = -(G*F)(x),

(5)

where G* represents convolution with the impulse response filter. As noted in (Gramkow and Bro-Nielsen,
1997), a recent fast, ‘demons-based’ warping algorithm (Thirion, 1995) calculates the atlas flow velocity by
regularizing the force field driving the template with a Gaussian filter (cf. Collins et al., 1994). Since this filter
may be regarded as a separable approximation to the continuum-mechanical filters derived above, interest has
focused on deriving additional separable (and therefore computationally fast) filters to create subject-specific
brain atlases and rapidly label new images (Gramkow, 1996; Lester et al., 1999). Fast multi-grid solvers have also
accelerated systems for atlas-based segmentation and labeling (Dengler and Schmidt, 1988; Bajcsy and Kovacic
(1989); Collins et al., 1994, 1995; Gee et al., 1993,1995; Schormann et al., 1996). Some of these now have
sufficient speed for real-time surgical guidance applications (Warfield et al., 1998).
V. Model-Driven Deformable Atlases
The extreme difficulty of finding structures in new patients based on intensity criteria alone has led several
groups to develop model-driven deformable atlases (Thompson and Toga, 1997; Toga and Thompson, 1997).
Anatomic models provide an explicit geometry for individual structures in each scan, such as landmark points,
curves or surfaces. Because the digital models reside in the same stereotaxic space as the atlas data, surface and
volume models stored as lists of vector coordinates are amenable to digital transformation, as well as geometric
and statistical measurement (Thompson et al., 1996). The underlying 3D coordinate system is central to all atlas
systems, since it supports the linkage of structure models and associated image data with spatially-indexed
neuroanatomic labels, preserving spatial information and adding anatomical knowledge.
In Sections 6-10, we show how anatomical models can create probabilistic atlases and disease-specific templates.
Statistical averaging of models provides a means to analyze brain structure in morphometric projects, localizing
disease-specific differences with statistical and visual power. We first describe how models can drive deformable
atlases, measuring patient-specific differences in considerable detail.
When deforming an atlas to match a patient’s anatomy, mesh-based models of anatomic systems help guide the
mapping of one brain to another. Anatomically-driven algorithms guarantee biological as well as computational
validity, generating meaningful object-to-object correspondences, especially at the cortex. Ultimately, accurate
warping of brain data requires:
(1) matching entire systems of anatomic surface boundaries, both external and internal, and
(2) matching relevant curved and point landmarks, including ones within the surfaces being matched (e.g.,
primary sulci at the cortex, tissue type boundaries at the ventricular surface).
In our own model-driven warping algorithm (Thompson and Toga, 1996, 1997, 1998), systems of model surfaces
are first extracted from each dataset, to guide the volumetric mapping. The model surfaces include many
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functional, cytoarchitectonic and lobar boundaries in 3 dimensions. Both the surfaces and the landmark curves
within them are reconfigured to match their counterparts in the target datasets exactly. We will discuss this
approach in some detail.
Anatomical Models.
Since much of the functional territory of the human cortex is buried in cortical folds or
sulci, a generic structure is built to model them (Fig. 3,5; Thompson and Toga, 1996). The underlying data
structure is a connected system of surface meshes, in which the individual meshes are parametric. These surfaces
are 3D sheets that divide and join at curved junctions to form a connected network of models. With the help of
these meshes, each patient’s anatomy is modeled in sufficient detail to be sensitive to subtle differences in
disease. Separate surfaces model the deep internal trajectories of features such as the parieto-occipital sulcus, the
anterior and posterior calcarine sulcus, the Sylvian fissure, and the cingulate, marginal and supracallosal sulci in
both hemispheres. Additional gyral boundaries are represented by parameterized curves lying in the cortical
surface. The ventricular system is modeled as a closed system of 14 connected surface elements whose junctions
reflect cytoarchitectonic boundaries of the adjacent tissue (Fig. 6; Thompson and Toga, 1998). Information on the
meshes’ spatial relations, including their surface topology (closed or open), anatomical names, mutual
connections, directions of parameterization, and common 3D junctions and boundaries is stored in a hierarchical
graph structure. This ensures the continuity of displacement vector fields defined at mesh junctions.
Surface Parameterization.
After imposing an identical regular grid structure on anatomic surfaces from
different subjects (Fig. 5), the explicit geometry can be exploited to drive and constrain correspondence maps that
associate anatomic points in different subjects. Structures that can be extracted automatically in parametric form
include the external cortical surface (discussed in Section 8), ventricular surfaces, and several deep sulcal
surfaces. Recent success of sulcal extraction approaches based on deformable surfaces (Vaillant et al., 1997) led
us to combine a 3D skeletonization algorithm with deformable curve and surface governing equations to
automatically produce parameterized models of cingulate, parieto-occipital, and calcarine sulci, without manual
initialization (Zhou et al., 1999). Additional, manually-segmented surfaces can also be given a uniform rectilinear
parameterization using algorithms described in (Thompson et al., 1996a,b), and used to drive the warping
algorithm. Each resultant surface mesh is analogous in form to a uniform rectangular grid, drawn on a rubber
sheet, which is subsequently stretched to match all data points. Association of points on each surface with the
same mesh coordinate produces a dense correspondence vector field between surface points in different subjects.
This procedure is carried out under stringent conditions (see Footnote 2), to ensure that landmark curves and
points known to the anatomist appear in corresponding locations in each parametric grid.
Footnote 2. For example, the calcarine sulcus (see Fig. 5) is partitioned into two meshes (CALCa and CALCp). This ensures that the
complex 3D curve forming their junction with the parieto-occipital sulcus is accurately mapped under both the surface displacement and
3D volumetric maps reconfiguring one anatomy into the shape of another. Fig. 5(b) illustrates this procedure, in a case where 3 surface
meshes in one brain are matched with their counterparts in a target brain. Section 8 describes a separate approach, which is needed to
match systems of curves lying within a surface, such as the cortex, with their counterparts in a target brain.

Displacement Maps.
field:

For each surface mesh Mlp in a pair of scans Ap and Aq we define a 3D displacement
Wlpq[rlp(u,v)] = rlq(u,v)-rlp(u,v)

(6)

carrying each surface point rlp(u,v) in Ap into structural correspondence with rlq(u,v), the point in the target mesh
parameterized by rectangular coordinates (u,v). This family of high-resolution transformations, applied to
individual meshes in a connected system deep inside the brain, elastically transforms elements of the surface
system in one 3D image to their counterparts in the target scan. Weighted linear combinations of radial functions,
describing the influence of deforming surfaces on points in their vicinity, extend the surface-based deformation to
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the whole brain volume (see Fig. 7). Recent extensions of the core algorithm to include continuum-mechanical,
and other filter-based models of deformation (Thompson and Toga, 1998; cf. Joshi et al., 1995; Davatzikos,
1996; Schiemann and Höhne, 1997; Gabrani and Tretiak, 1999) have yielded similar encouraging results. Fig. 7
shows how the algorithm performs on cryosection data.
VI. Probabilistic Atlases
Encoding Anatomic Variability.
Many morphometric studies focus on identifying systematic alterations
in anatomy in a variety of diseases (Table 1). These studies are complicated by the substantial overlap between
measures of normal and diseased anatomy. Normal anatomic complexity makes group specific patterns hard to
discern. However, disease-specific variants may be easier to localize by creating average models of anatomy,
rather than deriving volumetric descriptors.
In response to these challenges, probabilistic atlases are research tools that retain information on anatomic and
functional variability (Mazziotta et al., 1995; Thompson et al., 1997). A probabilistic atlas solves many of the
limitations of a fixed atlas in representing highly variable anatomy. As the subject database increases in size and
content, the digital form of the atlas allows efficient statistical comparisons of individuals or groups. In addition,
the population that an atlas represents can be stratified into subpopulations to represent specific disease types, and
subsequently by age, gender, handedness, or genetic factors.
Parametric Mesh Modeling.
Parametric meshes (Thompson et al., 1996a,b) offer a means to create average
models of anatomy. Once anatomical data is transformed to a standardized coordinate space, such as the
Talairach space, a computational grid structure can be imposed on anatomical surface boundaries. These mesh
models represent boundary point locations in stereotaxic coordinates (Fig. 5). Averaging of corresponding grid
points across subjects results in an average surface model for each structure. At the same time, knowledge of each
subject’s deviations from the group average anatomy can be retained as a vector displacement map (Fig. 5). After
storing these maps from large numbers of subjects, local biases in the magnitude and direction of anatomic
variability can be displayed as a map. Variability maps for deep sulcal surfaces are shown in Fig. 8. In these
maps, the color shows the root mean square magnitude of the displacement vectors that map individuals to the
group mean. Separate maps are displayed for elderly normals (mean age: 72.9 ± 5.6 yrs.; all 10 right-handed), and
demographically matched Alzheimer’s patients (age: 71.9 ±10.7 yrs.; all 10 right-handed; mean Mini-Mental
State Exam score: 19.7 ± 5.7, out of 30). As expected, there is an extraordinary increase in anatomical variability
from deep structures (0-5 mm at the corpus callosum) to peak r.m.s. values of 12-13 mm at the posterior Sylvian
fissures (Thompson et al., 1998). In AD however, Sylvian fissure variability rose extremely sharply from an SD
of 6.0 mm rostrally on the left to 19.6 mm caudally. Underlying atrophy and possible left greater than right
degeneration of perisylvian gyri (Loewenstein et al., 1989; Siegel et al., 1996) may widen the Sylvian fissure,
superimposing additional individual variation and asymmetry on that seen in normal aging.
Brain Asymmetry.
A third feature observable from the average anatomical models (Fig. 8) is that consistent
patterns of brain asymmetry can be mapped, despite wide variations in asymmetry in individual subjects. In
dementia, the increased cortical asymmetry probably reflects asymmetric progression of the disease. Fig. 9 shows
average maps of the lateral ventricles, again from Alzheimer’s Disease and matched elderly normal populations.
As expected, the ventricles are significantly enlarged in dementia. Notice, however, that a pronounced asymmetry
is observed in both groups (left volume larger than right, p < 0.05). This is an example of an effect that becomes
clear after group averaging of anatomy, and is not universally apparent in individual subjects. It is, however,
consistent with prior volumetric measurements (Shenton et al., 1991; Aso et al., 1995). Anatomical averaging can
also be cross-validated with a traditional volumetric approach. Occipital horns were on average 17.1% larger on
the left in the normal group (4070.1 ± 479.9 mm3) than on the right (3475.3 ± 334.0 mm3; p < 0.05), but no
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significant asymmetry was found for the superior horns (left: 8658.0 ± 976.7 mm3; right: 8086.4 ± 1068.2 mm3;
p > 0.19) or for the inferior horns (left: 620.6 ± 102.6 mm3; right: 573.7 ± 85.2 mm3; p > 0.37). The asymmetry
is clearly localized in the 3D group average anatomic representations. In particular, the occipital horn extends (on
average) 5.1 mm more posteriorly on the left than the right. The capacity to resolve asymmetries in a group atlas
can assist in studies of disease-specific cortical organization (Thompson et al., 1997; Mega et al., 1998;
Zoumalan et al., 1999; Narr et al., 1998, 1999).
Corpus Callosum Differences. We also tested the ability of anatomical averaging to identify disease-specific
patterns in clinical populations. First, the approach was used to detect pre-clinical hippocampal atrophy in
patients with minimal cognitive impairment (Kwong et al., 1999; Mega et al., this volume). To identify more
focal effects, we attempted to identify regionally selective patterns of callosal change in patient groups with
Alzheimer’s disease and schizophrenia (Thompson et al., 1998; Narr et al., 1999). The mid-sagittal callosum was
first partitioned into 5 sectors (Fig. 10; Duara et al. (1991); Larsen et al., 1992). This roughly segregates callosal
fibers from distinct cortical regions. In AD, focal fiber loss was expected at the callosal isthmus (sector 2) whose
fibers selectively innervate the temporo-parietal regions with early neuronal loss and perfusion deficits (Brun and
Englund, 1981). Consistent with this hypothesis, a significant area reduction at the isthmus was found, reflecting
a dramatic 24.5% decrease from 98.0 ± 8.6 mm2 in controls to 74.0 ± 5.3 mm2 in AD (p < 0.025). Terminal
sectors (1 and 5) were not significantly atrophied, and the central midbody sector showed only a trend toward
significance (16.6% mean area loss; p < 0.1), due to substantial inter-group overlap. Average boundary
representations, however, localized these findings directly. At the isthmus, average models in AD showed a
pronounced shape inflection at stereotaxic location (0.0,-25.0,19.0) (see Fig. 10).
Gender in Schizophrenia.
Different shape alterations were observed in schizophrenia (Narr et al., 1999;
Fig. 11). A significant bowing effect was observed, reflecting enlargement of the underlying 3rd ventricle. By
creating separate average models for male and female patients, significant gender effects also emerged (Fig.
11(a)-(d)). The greater bowing effect in male than female patients was confirmed by multivariate analysis of
variance, and is highlighted in the average anatomic templates. As emphasized by this example, even if no sex
difference is present in normal callosal morphology (see Thompson et al., 1999, for a review of this controversy),
this does not preclude sex effects from interacting with morphometric abnormalities in diseased populations. In
schizophrenia, there is typically a later age of onset in female schizophrenics, and hereditary factors may be
unevenly distributed between the sexes (De Lisi et al., 1989; Waddington, 1993; Colombo et al., 1993).
Stratification of probabilistic atlases by gender and other genetic factors provides a computationally fast way to
visualize these effects and relate them to epidemiologic data (Mazziotta et al., 1995; Mega et al., 1998; Zoumalan
et al., 1999; Blanton et al., 1999; Le Goualher et al., 1999).
VII. Atlas-Based Pathology Detection
Deformable Probabilistic Atlases.
As noted earlier, warping algorithms create deformation maps (Fig. 7)
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 (Grenander, 1976; Amit et al., 1991; Grenander and Miller, 1994; Thompson and Toga, 1997;
Thompson et al., 1997), 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 (Thompson et al., 1997).
Encoding Brain Variation.
To see if disease-specific features could be detected in individual patients, we
developed a random vector field approach to construct a population-based brain atlas (Thompson and Toga,

16

1997). 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 (Thompson et al.,
1997, 1998). 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 (Thompson et al., 1997), is then used to encode the variations. For the cortex, specialized approaches are
needed to represent variations in gyral patterns (Thompson et al., 1997; Thompson and Toga, 1998; Section 8).
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. 12).
Comparing a Subject with an Atlas.
In one validation experiment (Thompson et al., 1997; Fig. 12),
probability maps were created to highlight abnormal deviations in the callosal and midline anatomy of a tumor
patient. The two regions of metastatic tissue induced marked distortions in the normal architecture of the brain.
After storing variations in deep surface anatomy as a spatially-adaptive covariance tensor field (Thompson et al.,
1997), probability maps were generated for the tumor patient. In the tumor patient, the herniation effects apparent
in the blockface imagery (Fig. 12(a)) were detected in the probability maps of structures near the lesion sites (Fig.
12(b)).
In this approach, the tensor field stores information on the preferred directions of normal variability. For example,
it retains information that lateral displacements of the callosum are more unlikely than vertical displacements in a
normal group. 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.
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; Friston et al., 1995). By
contrast with functional signals, which are generally treated as random scalar fields, the deformation maps that
quantify structural differences are treated as random vector fields. Instead 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 (Thompson et al., 1996; Cao and Worsley, 1999).
In one study (Thompson et al., 1997; cf. Cao and Worsley, 1999), we developed an approach to detect brain
structure differences between two groups, or between an individual subject and a database of demographically
matched subjects. Suppose Wij(x) is the deformation vector required to match the structure at position x in an
atlas template with its counterpart in subject i of group j. (If surface models are being analyzed, rather than full
brain volumes (Thompson and Toga, 1998), Wij(x) is the deformation vector matching parametric mesh node
x(u,v) with its counterpart in subject i of group j.) We then model the deformations as:
Wij(x) = µj(x) + Σ(x)1/2εij(x).

(7)

Here µj(x) is the mean deformation for group j, and Σ(x) is a non-stationary, anisotropic covariance tensor field
(Section 9), which relaxes the confidence threshold for detecting abnormal structure in regions where normal
variability is extreme, Σ(x)1/2 is the upper triangular Cholesky factor tensor field, and εij(x) is a trivariate random
vector field whose components are independent stationary Gaussian random fields.
Deformation-Based Morphometry.

A T2 or F statistic that indicates evidence of significant difference in
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deformations between the groups is calculated at each lattice location in a 3D image or parameterized 3D surface,
to form a statistic image (Thompson et al., 1997). Specialized algorithms, using corrections for the metric tensor
of the underlying surface, are required to calculate these fields at the cortex (see next Section). Under the null
hypothesis of no abnormal deformations, the statistic image is approximated by a T2 random field. Specifically,
the significance of a difference in brain structure between two subject groups (e.g., patients and controls) of N1
and N2 subjects is assessed by calculating the sample mean and variance of the deformation fields (j=1,2):

∑
∑

Wµj(x) =
Ψ(x)=(1 / N1+N2-2){

∑

j=1 to 2

i=1 to Nj

i=1 to Nj

Wij(x) / Nj

[Wij(x)- Wµj(x)][ Wij(x)- Wµj(x)]T}.

and computing the following statistical map (Thompson et al, 1997; Cao and Worsley, 1999):
Ψ(x)] -1[ Wµ2(x) - Wµ1(x)],
T2(x)= {N1N2 / (N1+N2) (N1+N2-2)} [ Wµ2(x) - Wµ1(x)]T [Ψ
Under the null hypothesis, (N1+N2-2)T2(x) is a stationary Hotelling’s T2-distributed random field. At each point,
if we let ν=(N1+N2-2) and we let the dimension of the search space be d=3, then:
F(x)=((ν-d+1)/d)T2(x) ~ F d,(ν-d+1).
In other words, the field can be transformed point-wise to a Fisher-Snedecor F distribution (Thompson et al.,
1997). To obtain a p-value for the effect that is adjusted for the multiple comparisons involved in assessing a
whole field of statistics, Cao and Worsley (1999) examined the distribution of the global maximum T2max of the
resulting T2-distributed random field under the null hypothesis. The resulting probability that T2(x) ever exceeds
a fixed high threshold T2max is approximated by the expected Euler characteristic Ε[χ(A(T2max))] of the excursion
sets of the Hotelling’s T2-distributed random field above the threshold T2max. Then p[T2max ≥ t] is approximated by

∑

Rnρn(t), where the number of n-dimensional resolution elements Rn=Vn/(FWHM)n depends on the
effective full-width-at-half-max (FWHM) of the component Gaussian images εij(x), and on the Euler
characteristic (V0), caliper diameter (V1/2), surface area (2V2) and volume (V3) of the search region. The ndimensional EC densities are given by (Cao and Worsley, 1999):
n=0 to d

∫

ρ0(t) = t to ∞[Γ((ν+1)/2)/ (νπ)1/2Γ(ν/2)].[1+(u2/ν)]-1/2(ν+1) du,
ρ1(t) = ((4 ln 2)1/2/2π).[1+(t2/ν)]-1/2(ν-1),
ρ2(t) = ((4 ln 2)/(2π)3/2).[Γ((ν+1)/2)/ (ν/2)1/2Γ(ν/2)].[t[1+(t2/ν)]-1/2(ν-1)],
ρ3(t) = ((4 ln 2)3/2/(2π)2).[((ν-1)/ν)t2-1].[1+(t2/ν)]-1/2(ν-1).
The global maximum of the random deformation field, or derived tensor fields (Thompson et al., 1998), can be
used to test the hypothesis of no structural change in disease (Worsley, 1994a,b; Cao and Worsley, 1999). 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 (Ashburner et al., 1998; Gaser et al., 1998). This can help explore
linkages between atlas descriptions of variance and behavioral or cognitive parameters (Mega et al., 1998; Fuh et
al., 1998; Zoumalan et al., 1999)
Pattern-Theoretic Approaches.
In a related approach based on pattern theory (Grenander and Miller,
1998), a spectral approach to representing anatomic variation is developed. Deformation maps expressing
variations in normal anatomies are calculated, with a non-linear registration procedure based on continuum
mechanics (Miller et al., 1993; Christensen et al., 1993). Each deformation map is expanded in terms of the
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eigenfunctions of the governing operator that controls the transformations (such as the Laplacian ∇2 (Ashburner
et al., 1997) or Cauchy-Navier operator (λ+µ)∇(∇•) + µ∇2 (Christensen et al., 1996). Gaussian probability
measures are defined on the resulting sequences of expansion coefficients (Amit et al., 1991; Grenander and
Miller, 1998). Essentially this spectral formulation is a model of anatomic variability. Once the model parameters
σk are learned (see Footnote 3), every subject’s anatomy can be represented by a feature vector (z1,…,zn), whose
elements are just the coefficients of the deformation field required to match their particular anatomy with a mean
anatomical template. If the parameters of anatomical variation are altered in disease, a pattern classifier can
classify new subjects according to their statistical distance from the diseased group mean relative to the normal
group mean (Thompson et al., 1997; Joshi et al., 1998). From a validation standpoint, the operating
characteristics of such a system can be investigated (i.e., false positives versus false negatives; Thompson et al.,
1997; Joshi et al., 1998). Currently being tested as a framework to encode anatomic variation, these deformable
atlas systems show considerable promise in identifying disease-specific differences (Haller et al., 1997; Joshi et
al., 1998).
Footnote 3.
In Grenander’s formalism, the distribution of the random deformation fields u(x) is assumed to satisfy the stochastic
differential equation:
L(u(x)) = e(x).
(8)
Here L is the operator governing the deformation and e(x) is a 3×1 random noise vector field, whose coefficients in L’s eigenbasis are
zero-mean independent Gaussian variables with variances σk 2. If the differential operator L has eigenbasis {ϕk} with eigenvalues {λk}, a
probability density can be defined directly on the deformation field’s expansion coefficients (z1,…,zn). If
u(x) = Σkzkϕk(x)

(9)

then:
p(z1 ,…,zn)= exp -(1/2)(Σk=1 to n log{2πσk 2/λk2} + Σk=1 to n {|λkzk|2/σk 2})

(10)

Bayesian Pattern Recognition.
Pattern recognition algorithms for automated identification of brain
structures can benefit greatly from encoded information on anatomic variability (Ashburner et al., 1998; Gee et
al., 1998; Vaillant and Davatzikos, 1999). We recently developed a Bayesian approach to identify the corpus
callosum in each image in an MRI database (Pitiot et al., 1999). The shape of a deformable curve (Fig. 13, panel
7) is progressively tuned to optimize a mathematical criterion measuring how likely it is that it has found the
corpus callosum. The measure includes terms that reward contours based on their agreement with a diffused edge
map (panels 7-9), their geometric regularity, and their statistical abnormality when compared with a distribution
of normal shapes. As we have seen, by averaging contours derived manually from an image database, structural
abnormalities associated with Alzheimer’s Disease and schizophrenia were identified (Fig. 10,11; Thompson et
al., 1998; Narr et al., 1999). Automated parameterization of structures will accelerate the identification and
analysis of disease-specific structural patterns.

VIII. Cortical Modeling
Cortical morphology is notoriously complex, and presents unique challenges in anatomic modeling. The cortex is
also severely affected in disorders such as Alzheimer’s disease, Pick’s disease and other dementias, by tumor
growth, and in cases of epilepsy, cortical dysplasias, and schizophrenia.
A major challenge in investigations of disease is to determine (1) whether cortical organization is altered, and if
so, which cortical systems are implicated, and (2) whether normal features of cortical organization are lost, such
as sulcal pattern asymmetries. This requires methods to create (1) a well-resolved average model of the cortex
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specific for a diseased group, and (2) a statistical framework to compare these average models with normative
data.
Averaging Images or Averaging Geometry.
In an atlasing context, it would be ideal to create a
disease-specific template for a clinical group with well-resolved anatomical features in their mean anatomical
configuration. Unfortunately this cannot be achieved by averaging together structural images in the traditional
way, after a simple linear transformation to a standard space (Evans et al., 1994). If images are averaged in this
way, cortical patterns are washed away due to wide variations in gyral organization. We describe a way to avoid
this. First, an average cortical surface model is created with well-resolved gyral features in the group mean
configuration. Continuum-mechanical mappings are then used to bring each subject’s gyral pattern into
correspondence with the average cortex. Maps of cortical variation are created as a by-product. Finally, a highdimensional mapping (driven by 84 structures per brain) elastically deforms each brain into the group mean
geometric configuration. Once elastically reconfigured, the scan intensities are averaged on a voxel-by-voxel
basis to produce a group-specific atlas template with a well-resolved cortex. Disease-specific templates in
Alzheimer’s Disease and schizophrenia will be used to illustrate this method.
Cortical Matching.
Cortical anatomy can be compared, between a pair of subjects, by computing the warped
mapping that elastically transforms one cortex into the shape of the other. These transformations can also match
large networks of gyral and sulcal features with their counterparts in the target brain (Thompson and Toga, 1996,
1997; Davatzikos, 1996; Van Essen et al., 1997; Fischl et al., 1999). Differences in cortical organization prevent
exact gyrus-by-gyrus matching of one cortex with another. Nonetheless, an important intermediate goal has been
to match a comprehensive network of sulcal and gyral elements that are consistent in their incidence and topology
across subjects (Ono et al., 1990; Leonard et al., 1996; Kennedy et al., 1998; see Footnote 4).
Footnote 4.
Our method (Thompson and Toga, 1996) is conceptually similar to those of Dale and Sereno (1993), Davatzikos
(1996) and Fischl et al. (1999). 3D active surfaces (Cohen and Cohen, 1992) extract parametric representations of each subject's cortex,
by deforming a tiled spherical mesh into the shape of the cortex. On these surface models, corresponding networks of anatomical curves
are identified. Specifically, 36 parametric curves are created per subject to represent the major elements of the gyral pattern. These
include the superior and inferior frontal, central, postcentral, intraparietal, superior and inferior temporal, collateral, olfactory and
occipito-temporal sulci, as well as the Sylvian fissures. Additional 3D curves are drawn in each hemisphere to represent gyral limits at
the interhemispheric margin (Thompson et al., 1997). Stereotaxic locations of contour points derived from the data volume are then
redigitized to produce 36 uniformly parameterized cortical contours per brain, representing the primary gyral pattern of each subject
(Thompson et al., 1997). The transformation relating these networks is expressed as a vector flow field in the parameter space of the
cortex (Fig. 14). This vector flow field in parameter space indirectly specifies a correspondence field in 3D, which drives one cortical
surface into the shape of another. This mapping not only matches overall cortical geometry, but matches the entire network of the 36
landmark curves with their counterparts in the target brain, and thus is a valid encoding of cortical variation.
Spherical, Planar Maps of Cortex.
Several simpler maps of the cortex are made to help calculate the transformation. Because each
subject’s cortical model is arrived at by deforming a spherical mesh (MacDonald et al., 1993; Thompson and Toga, 1996; Davatzikos et
al., 1996), any point on the cortex maps to exactly one point on the sphere, and a spherical map of the cortex is made which indexes
sulcal landmarks in the normally folded brain surface. These spherical locations, indexed by two parameters, can also be mapped to a
plane (Fig. 14; Thompson et al., 1997; Thompson and Toga, 1998). A flow field is then calculated that elastically warps one flat map
onto the other (Fig. 15; or equivalently, one spherical map to the other). On the sphere, the parameter shift function u(r):Ω → Ω, is given
by the solution Fpq:r→r-u(r) to a curve-driven warp in the spherical parametric space Ω=[0,2π)×[0,π) of the cortex (Thompson et al.,
1996, 1998). For points r=(r,s) in the parameter space, a system of simultaneous partial differential equations can be written for the flow
field u(r):
L‡(u(r)) + F(r-u(r)) = 0, ∀r∈Ω,
u(r) = u0(r) , ∀r∈M0∪M1.

(8)

Here M0, M1 are sets of points and (sulcal or gyral) curves where displacement vectors u(r) = u0(r) matching corresponding anatomy
across subjects are known. The flow behavior is modeled using equations derived from continuum mechanics, and these equations are
governed by the Cauchy-Navier differential operator L = µ∇2+(λ+µ)∇(∇T•) with body force F (Thompson et al., 1996, 1998; Grenander
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and Miller, 1998). The only difference is that L‡ is the covariant form of the differential operator L, for reasons explained in the next
section.
Covariant Field Equations. Since the cortex is not a developable surface (Davatzikos, 1996), it cannot be given a parameterization
whose metric tensor is uniform. As in fluid dynamics or general relativity applications, the intrinsic curvature of the solution domain
should be taken into account when computing flow vector fields in the cortical parameter space, and mapping one mesh surface onto
another; otherwise errors will arise. The result is a covariant regularization approach (Einstein, 1914; Thompson and Toga, 1998;
Thompson et al., 1999). From a practical standpoint, this approach uses a mathematical trick that makes it immaterial whether a spherical
or planar map is used to simplify the mathematics of cortical matching. Either a spherical or a planar map can be used. Since the flows
defined on these maps are adjusted for variations in the metric tensor of the mapping, the results become independent of the underlying
parameterization (spherical or planar). In fact, spherical and planar maps involve different amounts of local dilation or contraction of the
surface metric, but this metric tensor field is stored and used later to adjust the flow that maps one cortex on another, so which one is
used is immaterial. The covariant approach was introduced by Einstein (1914) to allow the solution of physical field equations defined by
elliptic operators on manifolds with intrinsic curvature. Similarly, the problem of deforming one cortex onto another involves solving a
similar system of elliptic partial differential equations (Drury et al., 1996; Davatzikos, 1996; Thompson and Toga, 1998; Bakircioglu et
al., 1999), defined on an intrinsically curved computational mesh (in the shape of the cortex). In the covariant formalism, the differential
operators governing the mapping of one cortex to another are adaptively modified to reflect changes in the underlying metric tensor of
the surface parameterizations (Fig. 14).

--

Technical Details.
Although planar (or spherical) maps serve as proxies for the cortex (Fig. 14), different
amounts of local dilation and contraction are required to transform the cortex onto these simpler 2-parameter
surfaces. In the covariant tensor approach (Thompson and Toga, 1998), exact information on these metric
alterations is stored in the metric tensor of the mapping, gjk(r). In the subsequent matching procedure, correction
terms (Christoffel symbols, Γijk) make the necessary adjustments for fluctuations in the metric tensor of the
mapping procedure. Since metric distortions caused by mappings to spheres or planes can always be encoded as a
metric tensor field, a covariant approach supports comparisons of cortical data using either flattened or spherical
maps. In the partial differential equation formulation (1), we replace L by the covariant differential operator L‡. In
L‡, all L’s partial derivatives are replaced with covariant derivatives. These covariant derivatives are defined with
respect to the metric tensor of the surface domain where calculations are performed (see Footnote 5).
Footnote 5. The covariant derivative of a (contravariant) vector field, ui(x), is defined as ui,k = ∂uj/∂xk + Γjik ui (Thompson and Toga,
1998) where the Γjik are Christoffel symbols of the second kind (Einstein, 1914). This expression involves not only the rate of change of
the vector field itself, as we move along the cortical model, but also the rate of change of the local basis, which itself varies due to the
intrinsic curvature of the cortex. On a surface with no intrinsic curvature, the extra terms (Christoffel symbols) vanish. The Christoffel
symbols, expressed in terms of derivatives of the metric tensor components gjk(x), are calculated from the cortical model: Γijk = (1/2) gil
(∂glj/∂xk+∂glk/∂xj-∂gjk/∂xi ). Scalar, vector and tensor quantities, in addition to the Christoffel symbols required to implement the diffusion
operators on a curved manifold are evaluated by finite differences. These correction terms are then used in the solution of the Dirichlet
problem (Joshi et al., 1995) for matching one cortex with another. A final complication is that different metric tensors gjk(rp) and hjk(rq)
relate (1) the physical domain of the input data to the computation mesh (via mapping Dp-1), and (2) the solution on the computation
mesh to the output data domain (via mapping Dq). To address this problem, two different approaches are possible, using either (1)
simultaneous covariant regularization, or (2) Polyakov actions and Beltrami flows (concepts from high-energy physics). In the first
approach (Fig. 14), the PDE L‡‡u(rq)=-F is solved first, to find a flow field Tq:r→r-u(r) on the target spherical map with anatomicallydriven boundary conditions u(rq) = u0(rq), ∀rq∈M0∪M1. Here L‡‡ is the covariant adjustment of the differential operator L with respect
to the tensor field hjk(rq) induced by Dq. Next, the PDE L‡u(rp)=-F is solved, to find a reparameterization Tp:r→r-u(r) of the initial
spherical map with boundary conditions u(rp) = 0, ∀rp∈M0∪M1. Here L‡ is the covariant adjustment of L with respect to the tensor field
gjk(rp) induced by Dp. The full cortical matching field (Fig. 14, top right) is then defined as x→Dq(Fpq(Dp-1(x))) with Fpq = (Tq) -1ο (Tp) -1.
A second (conceptually related) approach uses Beltrami flows to establish a p-harmonic map from one surface to the other. If P and Q are
cortical surfaces with metric tensors gjk(ui) and hjk(ξα) defined in local coordinates ui and ξα (i, α=1,2), the energy density of a map
between the surfaces ξ(u): (P,g) → (Q,h) is the functional e(ξ):P → R defined in local coordinates as:
e(ξ)(u)= gij(u) ∂ξα(u)/∂uI ∂ξβ(u)/∂uj hαβ(ξ(u))
The Dirichlet energy of the mapping ξ(u) (i.e. the generalization of the Hilbert space norm to curved spaces) is defined as: E(ξ) = ∫P
e(ξ)(u) dP, where dP=(√det[gij])du1du2. The Euler equations, whose solution ξα(u) minimizes the mapping energy, are
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0 = L(ξi) = Σm=1 to 2 ∂/∂um [(√det[gru]) Σl=1 to 2 gmlur ∂ξi/∂ul ] (i=1,2),
(Liseikin, 1991). These equations can be discretized to produce a Beltrami flow (Sochen et al., 1999) or a quasilinear elliptic system
(Liseikin, 1991) whose solution is a harmonic map from one surface to the other. This harmonic map (1) minimizes the change in metric
from one surface to the other, and (2) is again independent of the parameterizations (spherical or planar) used for each surface.

With this mathematical adjustment, we eliminate the confounding effects of metric distortions that necessarily
occur during the mapping procedure. The resulting cortical matching field is independent of the auxiliary
mappings (spherical or planar) used to extract it.
Retention of 3D Cortical Information. To ensure that each subject’s spherical map can be converted back into
a 3D cortical model, cortical surface point position vectors in 3D stereotaxic space are represented on the sphere
using a color-code (at 16 bits per channel). This forms an image of the parameter space in RGB color image
format (Fig. 14; Thompson and Toga, 1997). To find good matches between cortical regions in different subjects,
we first derive a color image map for each respective surface model, and transfer the entire network of sulcal
curves back onto it. After performing the matching process using a flow in the parametric space (Fig. 14,15), the
corresponding 3D mapping is recovered, carrying one cortex onto another.
IX. Cortical Averaging
The warping field deforming one cortex into gyral correspondence with another can also be used to create an
average cortex. To do this, all 36 gyral curves for all subjects are first transferred to the spherical parameter
space. Next, each curve is uniformly re-parameterized to produce a regular curve of 100 points on the sphere
whose corresponding 3D locations are uniformly spaced. A set of 36 average gyral curves for the group is created
by vector averaging all point locations on each curve. This average curve template (curves in Fig. 15(b)) serves
as the target for alignment of individual cortical patterns (cf. Fischl et al., 1999). Each individual cortical pattern
is transformed into the average curve configuration using a flow field within the spherical map (Fig. 15(a),(b)).
By carrying a color code (that indexes 3D locations) along with the vector flow that aligns each individual with
the average folding pattern, information can be recovered at a particular location in the average folding pattern
(Fig. 15(d)) specifying the 3D cortical points mapping each subject to the average. This produces a new
coordinate grid on a given subject’s cortex (Fig. 15(f)) in which particular grid-points appear in the same location
across subjects relative to the mean gyral pattern. By averaging these 3D positions across subjects, an average 3D
cortical model was constructed for the group (Fig. 16, bottom row). The resulting mapping is guaranteed to
average together all points falling on the same cortical locations across the set of brains, and ensures that
corresponding features are averaged together.
Cortical Variability.
By using the color code (Fig. 15(d)) to identify original cortical locations in 3D space
(Fig. 15(f)), displacement fields are recovered mapping each patient into gyrus-by-gyrus correspondence with the
average cortex (Fig. 17). Anatomic variability is then defined at each point on the average cortex as the root mean
square (r.m.s.) magnitude of the 3D displacement vectors, assigned to each point, in the surface maps driving
individuals onto the group average (Thompson et al., 1996a,b, 1997, 1999). This variability pattern is visualized
as a color-coded map (Fig. 18).
Overall, variability values rise sharply (Fig. 18) from 4-5 mm in primary motor cortex to localized peaks of
maximal variability in posterior perisylvian zones and superior frontal association cortex (16-18 mm). Primary
sensory and motor areas show a dramatic, localized invariance (2-5 mm), but variability rises sharply with the
transition anteriorly from motor area 4 to prefrontal heteromodal association cortex. Intermediate variability
values (6-10 mm) over the inferior prefrontal convexity fall sharply with the transition to archicortical
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orbitofrontal cortex, where the gyral pattern is highly conserved across subjects (2-5 mm variability). More
laterally, the posterior frontal cortex, including territory occupied by Broca’s area, display intermediate variability
(6-10 mm). Temporal lobe variability rose from 2-3 mm deep in the Sylvian fissure to 18 mm at the posterior
limit of the inferior temporal sulcus in both brain hemispheres, extending into the posterior heteromodal
association cortex of the parietal lobe (14-18 mm). When a variety of widely-used registration systems were
examined in addition to the Talairach system (Thompson et al., 1999), 3D variability in these higher-order
processing areas was consistently a factor of ten greater than the variability in the most highly conserved areas of
cortex. The region of maximal variability, in temporal cortex, is tightly linked with the location of human visual
area MT (or V5; Watson et al., 1993). This suggests that extreme caution is necessary when referring to
activation foci in this important area using stereotaxic coordinates. The overall patterns of variation corroborate
recent volumetric findings based on a fine-scale parcellation of the cortex (Kennedy et al., 1998). These studies
also suggest a greater morphologic individuality in cortical regions that are phylogenetically more recent.
Tensor Maps of Directional Variation.
Structures do not vary to the same degree in every coordinate
direction (Thompson et al., 1996), and even these directional biases vary by cortical system. The principal
directions of anatomic variability in a group can be shown in a tensor map (Figs. 19 and 20). The maps have two
uses. First, they make it easier to detect anomalies, which may be small in magnitude but in an unusual direction.
Second, they significantly increase the information content of Bayesian priors used for automated structure
extraction and identification (Gee et al., 1995; Mangin et al., 1995; Royackkers et al., 1996; Pitiot et al., 1999).
Fig. 19 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). Rectangular glyphs indicate the principal directions of
variation - they are most elongated along directions where anatomic variation is greatest across subjects. 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 only matching 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.
Emerging Asymmetries.
There is a substantial literature on Sylvian fissure cortical surface asymmetries
(Eberstaller, 1884; Cunningham, 1892; Geschwind and Levitsky, 1968; Davidson and Hugdahl, 1994). These
asymmetries have been related to functional lateralization (Strauss et al., 1983), handedness (Witelson, 1989),
language function (Davidson and Hugdahl, 1994), and asymmetries of associated cytoarchitectonic fields
(Galaburda and Geschwind, 1981) and their thalamic projection areas (Eidelberg and Galaburda, 1982). After
group averaging of anatomy, asymmetric features emerge that are not observed in individual anatomies due to
their considerable variability. As shown in Fig. 18 (sagittal projection), the marked anatomic asymmetry in
posterior perisylvian cortex (Geschwind and Levitsky, 1968), 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. 9), this asymmetry penetrates subcortically into the occipital
ventricular horn, but not into adjacent parieto-occipital and calcarine cortex.
The improved ability to localize asymmetry and encode its variability in a disease-specific atlas has interesting
applications in schizophrenia (Narr et al., 1999). Schizophrenic patients have anatomic alterations in several brain
regions, including the superior temporal gyrus (e.g., Nestor et al., 1993). This gyrus is the approximate site of
Wernicke's language area, and marks the planum temporale on its superior banks (Geschwind et al., 1985;
Galaburda et al., 1990). To focus on language-related cortex in schizophrenic patients, many investigators have
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measured the asymmetry of the planum temporale and Sylvian fissure in MR images. Nonetheless, studies of
these important regions have not always agreed in their findings, with some reporting a lack of asymmetry in
schizophrenic patients (Hoff et al., 1992; Kikinis et al., 1994; Petty et al., 1995) and others not (De Lisi et al.,
1994; Kleinschmidt et al., 1994; Frangou et al., 1997).
To see if cortical asymmetries were lost in schizophrenia, we made average cortical representations for
schizophrenic patients (15 males, all right-handed) and matched controls (also 15 males, right-handed). As
described in Section 8, 36 major sulcal curves were used to drive each subject’s gyral pattern into a group mean
configuration (Fig. 21). 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. 21, 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 (Narr et al., 1999). In frontal cortex, the patients also displayed
greater variability than controls. Since relatively subtle asymmetries emerge clearly in a group atlas, populationbased atlases may be advantageous for investigating a variety of alterations in cortical organization or
lateralization, and their dependencies on genetic parameters (Kikinis et al., 1994; cf. Csernansky et al., 1998; Le
Goualher et al., 1999).
Abnormal Asymmetry. In an interesting development, Thirion et al. (1998) 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 (Thompson et al., 1997). Due to the asymmetric progression of many degenerative disorders
(Thompson et al., 1998), abnormal asymmetry may prove to be a sensitive index of pathology in individual
subjects or groups. From a more practical standpoint, asymmetry fields are smaller in magnitude than subject-tosubject deformation maps. This makes the fields easier to estimate with automated non-linear registration
algorithms (Section 4). When the estimated deformation is small, it is easier to avoid false, non-global minima of
the matching measure being optimized.
X. Brain Averaging
Average Image Templates.
So far we have described a scheme to create average anatomical models
for specific patient groups. By assembling these average models for a wide range of systems (cortex,
hippocampus, ventricles, deep sulci, and basal ganglia), an annotated atlas of structures can be built. Nonetheless,
before new data to be pooled into the atlas, an average intensity image template is also required that reflects the
unique morphology of the diseased population. This makes it easier for automated, intensity-based registration
algorithms to align new data with the atlas.
To create a mean image template for a group, several approaches are possible. Which one is used depends on the
application objectives. We describe a particular approach, which guarantees that the average template has (1)
well-resolved cortical features (Thompson et al., 1999), and (2) the average size and shape for a subject group
(Woods et al., 1998). To create an atlas template that is consistent with an average set of anatomical models,
high-dimensional model-based registration is required. If scans are mutually aligned with only a linear
transformation, the resulting average brain is blurred in the more variable anatomical regions. The resulting
average brain also tends to exceed the average dimensions of the component brain images.
By averaging geometric and intensity features separately (cf. Ge et al., 1994; Bookstein, 1997; Grenander and
Miller, 1998; Thompson et al., 1999), a template can be made with the mean intensity and geometry for a patient
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population. We illustrate this approach by using the cortical transformations defined above (Section 9) to create a
well-resolved disease-specific image template for an Alzheimer’s Disease population.
First, a group of well-characterized Alzheimer’s patients was selected, for whom a range of anatomical surface
models (84 per brain) had been created in prior morphometric projects (Thompson et al., 1998). An initial image
template for the group was constructed by (1) using automated linear transformations (Woods et al., 1993) to
align the MRI data with a randomly selected image, (2) intensity-averaging the aligned scans, and then (3)
recursively re-registering the scans to the resulting average affine image. The resulting average image was
adjusted to have the mean affine shape for the group (Woods et al., 1998). Images and surface models were then
linearly aligned to this template, and an average surface set was created for the group (Thompson et al., 1997).
Displacement maps (Fig. 22) driving the surface anatomy of each subject into correspondence with the average
surface set were then computed, and were extended to the full volume with surface-based elastic warping (see
Fig. 7; Thompson and Toga, 1996, 1998). These warping fields reconfigured each subject’s 3D image into the
average anatomic configuration for the group. By averaging the reconfigured images (after intensity
normalization), a crisp image template was created to represent the group (Fig. 23). Note the better-resolved
cortical features in the average images after high-dimensional cortical registration. If desired, this AD-specific
atlas can retain the coordinate matrix of the Talairach system (with the AC at (0,0,0)) while refining the gyral
map of the Talairach atlas to encode the unique anatomy of the AD population. By explicitly computing matching
fields that relate gyral patterns across subjects, a well-resolved and spatially consistent set of probabilistic
anatomical models and average images can be made to represent the average anatomy and its variation in a
subpopulation.
Disease Progression.
The templates so far described, for the dementia and schizophrenia populations,
have been based on homogeneous patient groups, matched for age, gender, handedness, and educational level.
Since AD, in particular, is a progressive disease (see next Section), the initial atlas template was created to reflect
a particular stage in the disease (MMSE score: 19.3 +/- 2.0). At this stage, patients often present for initial
evaluation, and MR, PET and SPECT scans have maximal diagnostic value. Nonetheless, by expanding the
underlying patient database, atlases are under construction to represent the more advanced stages of Alzheimer’s
disease. By stratifying the population according to different criteria, different atlases can be synthesized to
represen other clinically defined groups.
Image Distortion and Registration Accuracy.
Since the anatomy of a dementia population is poorly reflected
by current imaging templates, substantially less distortion will be applied by mapping multi-modality brain data
into an atlas that reflects AD morphology (Mega et al., 1997; Thompson et al., 1998; Woods et al., 1998).
Incoming subjects deviate least from the mean template in terms of both image intensity and anatomy.
Registration of their imaging data to this template therefore requires minimal image distortion. Since the template
has the average affine shape for the group (Woods et al., 1998), least distortion is applied when either linear, nonlinear, approaches are used. 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 (Woods et
al., 1998; Thompson et al., 1999).
Other Average Templates.
Several approaches are under active development to create average brain
templates. Many of them are based on high-dimensional image transformations. Average templates have been
made for the Macaque brain (Grenander and Miller, 1998), and for individual structures such as the corpus
callosum, (Davatzikos, 1996; Gee et al., 1998), central sulcus (Manceaux-Demiau et al., 1998), cingulate and
paracingulate sulci (Paus et al., 1996; Thompson et al., 1997), hippocampus (Haller et al., 1997; Joshi et al.,
1998; Csernansky et al., 1998; Thompson et al., 1999) and for transformed representations of the human and
Macaque cortex (Drury and Van Essen, 1997; Grenander and Miller, 1998; Thompson et al., 1999; Fischl et al.,
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1999). Under various metrics, incoming subjects deviate least from these mean brain templates in terms of both
image intensity and anatomy. Registration of new data to these templates not only requires minimal image
distortion, but also allows faster algorithm convergence. This is because with smaller deformations, non-global
minima of the registration measure may be avoided, as the parameter space is searched for an optimal match. For
these reasons, templates that reflect the mean geometry and intensity of a group are a topic of active research
(Grenander and Miller, 1998; Woods et al., 1998; Thompson et al., 1999).
XI. Dynamic (4D) Brain Atlases
4D Coordinate Systems.
Atlasing of data from the developing or degenerating brain presents unique
challenges (Toga et al., 1996). However, warping algorithms can be applied to serial scan data to track disease and
growth processes in their full spatial and temporal complexity. Maps of anatomical change can be generated by
warping scans acquired from the same subject over time (Thirion and Calmon, 1997; Thompson et al., 1998).
Serial scanning of human subjects (Fox et al., 1996; Subsol et al., 1997; Freeborough et al., 1998; Thompson et al.,
1998) or experimental animals (Jacobs and Fraser, 1994) in a dynamic state of disease or development offers the
potential to create 4D models of brain structure. These models incorporate dynamic descriptors of how the brain
changes during maturation or disease. They are therefore of interest for investigating and staging brain
development. In an atlas setting, these 4-dimensional maps can act as normative data to define aberrant growth
rates and their modulation by therapy (Haney et al., 1999).
In our initial human studies (Thompson et al., 1998, 1999), we developed several algorithms to create 4D
quantitative maps of growth patterns in the developing human brain. Time-series of high-resolution pediatric MRI
scans were analyzed. The resulting tensor maps of growth provided spatially-detailed information on local growth
patterns, quantifying rates of tissue maturation, atrophy, shearing and dilation in the dynamically changing brain
architecture. Pairs of scans were selected to determine patterns of structural change across the inter-scan interval.
Deformation processes recovered by a high-dimensional warping algorithm were then analyzed using vector field
operators to produce a variety of tensor maps (Figs. 24). These maps were designed to reflect the magnitude and
principal directions of dilation or contraction, the rate of strain, and the local curl, divergence and gradient of flow
fields representing the growth processes recovered by the transformation.
The growth maps obtained in these studies exhibit several striking characteristics. First, foci of rapid growth at the
callosal isthmus appeared consistently across puberty. These rates appeared to attenuate as subjects progressed into
adolescence (Fig. 24). Rapid rates of tissue loss were also revealed at the head of the caudate, in an earlier phase of
development (Fig. 25).
In the near future, 4D atlases will be map growth and degeneration in their full spatial and temporal complexity.
Despite the logistic and technical challenges, these mapping approaches hold tremendous promise in analyzing the
dynamics of degenerative or neoplastic diseases. They will ultimately play a role in detecting how different
therapeutic approaches modulate the course of disease.

XII. Conclusion
Encoding patterns of anatomical variation in disease presents significant challenges. By describing an atlasing
scheme that treats intensity and geometric variation separately, we described the creation of well-resolved image
templates and probabilistic models of anatomy that reflect the average morphology of a group. The continual
refinement of anatomic templates is likely to be leveraged by algorithms for deformation-based morphometry in
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large image databases (Thompson et al., 1997; Ashburner et al., 1998), and by next-generation probabilistic
atlases. Atlas data on anatomic variability can also act as Bayesian prior information to guide algorithms for
automated image registration and labeling (Gee et al., 1998; Ashburner et al., 1998; Pitiot et al., 1999). The
resulting atlases are expandable in every respect, and may be stratified into subpopulations according to clinical,
demographic or genetic criteria.
We also described approaches for creating and averaging brain models. These techniques produce statistical maps
of group differences, abnormalities, and patterns of variation and asymmetry. These maps and models are key
components of disease-specific brain atlases. We also described registration algorithms that transfer post mortem
maps into an atlas, to correlate them with functional and metabolic data. The result is a multi-modality atlas that
relates cognitive and functional measures with the cellular and pathologic hallmarks of the disease (Fig. 1; Mega
et al., 1997).
As well as disease-specific atlases reflecting brain structure in dementia and schizophrenia (Thompson et al.,
1999; Narr et al., 1999), research is underway to build dynamic brain atlases that retain probabilistic information
on growth rates in development and degeneration (Thompson et al., 1999). Refinement of these atlas systems to
support dynamic and disease-specific data should generate an exciting framework to investigate variations in
brain structure and function in large human populations.
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Figure Legends
Fig. 1. Elements of a Disease-Specific Atlas. This schematic shows the types of maps and models contained in a diseasespecific brain atlas. In the main text, we explain how these maps are created, and review their applications. Examples are
shown from an atlas that represents an Alzheimer’s Disease population. To construct the atlas, databases of structural
imaging data are used to develop detailed models of cortical structure and anatomic subsystems. These models are
statistically combined to create group average models that can be compared with a normal database. Patterns of variability,
asymmetry, and disease-specific differences are also computed from the anatomic data. Specialized techniques create a
well-resolved average image template for the patient population (Continuum-Mechanical Template, center right). This
template provides a coordinate framework to link in vivo metabolic and functional data with fine-scale anatomy and
biochemistry. In recent studies (Mega et al., 1997), histologic maps of post mortem neurofibrillary tangle (NFT) staining
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density were correlated with in vivo metabolism. 3D FDG-PET data, obtained 8 hours before death, was compared with
whole-brain cryosections acquired immediately post mortem and stained for NFTs by the Gallyas method. Using the
algorithm of (Thompson and Toga, 1996; warped image), distorted tissue sections were elastically warped back to their
configuration in the cryosection blockface (top row). A further 3D registration projected the data into pre-mortem MR and
co-registered PET data (top right).
Post mortem tissue sections, from patients with
Fig. 2. Elastic Registration of Brain Maps and Molecular Assays.
Alzheimer’s Disease, are gridded (left) to produce tissue elements for biochemical assays. These assays provide detailed
quantitative measures of the major hallmarks of AD, including beta-amyloid and synaptophysin density. To pool this data in
a common coordinate space, tissue elements are elastically warped back into their original configuration in the cryosection
blockface (middle panel). Image data acquired from the same patient in vivo can then be correlated with regional
biochemistry (Mega et al., 1997). When tissue sections are warped to the blockface, continuum-mechanical models are used
to make the deformations reflect how real physical tissues deform. The complexity of the required deformation vector field
in a small tissue region (magnified vector map, right) demonstrates that very flexible, high-dimensional transformations are
essential (Thompson and Toga, 1996; Schormann et al., 1996; Christensen et al., 1996). These deformation vector fields
project histologic and biochemical data back into their in vivo configuration, populating a growing Alzheimer’s Disease
atlas with maps of molecular content and histology.
Fig. 3. Models of Deep Sulcal and Ventricular Surfaces can Measure Anatomic Differences across Subjects. Parametric
surface models of deep anatomic structures can guide the mapping of one brain to another (data from Thompson and Toga,
1996). This mapping measures anatomic differences between two subjects. Deep sulcal surfaces include: the anterior and
posterior calcarine (CALCa/p), cingulate (CING), parieto-occipital (PAOC) and callosal (CALL) sulci and Sylvian fissure
(SYLV). Also shown are the superior and inferior surfaces of the rostral horn (VTSs/i) and inferior horn (VTIs/i) of the
right lateral ventricle. Ventricles and deep sulci are represented by connected systems of rectangularly-parameterized
surface meshes, while the external surface has a spherical parameterization (Section 8). Connections are introduced between
elementary mesh surfaces at known tissue-type and cytoarchitectural field boundaries, and at complex anatomical junctions
(such as the PAOC/CALCa/CALCp junction shown here). Color-coded profiles show the magnitude of the 3D deformation
maps warping these surface components (in the right hemisphere of a 3D T1-weighted SPGR MRI scan of an Alzheimer's
patient) onto their counterparts in an age-matched normal subject.
Fig. 4. Continuum-Mechanical Warping. (a) The complex transformation required to reconfigure one brain into the shape of
another can be determined using continuum-mechanical models, which describe how real physical materials deform. In this
illustration, two line elements embedded in a linearly elastic 3D block (lower left) are slightly perturbed (arrows). The goal
is to find how the rest of the material deforms in response to this displacement. The Cauchy-Navier equations (shown in
discrete form, top) are solved to determine the values of the displacement field vectors, u(x), throughout the 3D volume. (b)
Lamé Elasticity Coefficients. Different choices of elasticity coefficients, λ and µ, in the Cauchy-Navier equations (shown in
continuous form, top) result in different deformations, even if the applied internal displacements are the same. In histologic
applications where an elastic tissue deformation is estimated, values of the elasticity coefficients can be chosen which limit
the amount of curl (lower right) in the deformation field. Stiffer material models (top left) may better reflect the
deformational behavior of tissue during histologic staining procedures. Note: To emphasize differences, the displacement
vector fields shown in this figure have been multiplied by a factor of 10. The Cauchy-Navier equations, derived using an
assumption of small displacements, are valid only when the magnitude of the deformation field is small.
Fig. 5. Mesh Construction and Averaging. The derivation of a standard surface representation for each structure makes it
easier to compare anatomical models from multiple subjects. An algorithm converts a set of digitized points on an
anatomical structure boundary (e.g., deep sulci, top left) into a parametric grid of uniformly spaced points in a regular
rectangular mesh stretched over the surface (Thompson et al., 1996). By averaging nodes with the same grid coordinates
across subject (bottom left), an average surface can be produced for the group. However, information on each subject’s
individual differences is stored as a vector-valued displacement map (bottom right). This map indicates how that subject
deviates locally from the average anatomy. These maps can be stored to measure variability and detect abnormalities in
different anatomic systems.
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Fig. 6. Partitioning the Ventricles into 3D Surface Elements. A model of the lateral ventricles is shown, in the context of a
coronal anatomic image and a smoothed cortical surface mesh. The ventricles are partitioned into 14 connected surface
elements, whose junctions reflect tissue type boundaries at the ventricular surface. For example, a combination of caudate,
thalamic, and septal tissues (as well as callosal fibers) surround the superior ventricular horn, and each exhibits different
patterns of variation and asymmetry (Fig. 8). To ensure that these parameters are not confounded, each ventricular element
is modeled separately.
Fig. 7. A Deformable Cryosection Atlas Measures Anatomic Differences. Structure boundaries from a patient with
Alzheimer's disease (top left) are overlaid on a cryosection atlas (top right), which has been registered to it using a simple
linear transformation. A surface-based image warping algorithm is then applied to drive the atlas into the configuration of the
patient’s anatomy (bottom left). Histologic and neurochemical maps, accessible only post mortem, can be transferred onto the
living subject’s scan (Mega et al., 1997). The amount of deformation required is displayed as a tensor map (only 2
components of the fully 3D transformation are shown). Tensor maps, and derived vector or scalar fields, can be analyzed in a
statistical setting to examine anatomic variation, detect pathology, or track structural changes over time.
Fig. 8. Population-Based Maps of 3D Structural Variation and Asymmetry. Statistics of 3D deformation maps help define
confidence limits on normal anatomic variation. 3D maps of anatomic variability and asymmetry are shown for 10 subjects
with Alzheimer’s Disease (AD; age: 71.9±10.9 yrs.), and 10 normal elderly subjects matched for age (72.9±5.6 yrs.), gender,
handedness and educational level (Thompson et al., 1998). Normal Sylvian fissure asymmetries (right higher than left;
p<0.0005) were significantly greater in AD than in controls (p<0.0002; top panels). In the 3D variability maps derived for
each group (lower panels), the color encodes the root mean square magnitude of the displacement vectors that map surfaces
from each of the ten patients' brains onto the average. 3D cortical variability (lower right panel) increased in AD from 2-4
mm at the corpus callosum to a peak standard deviation of 19.6 mm at the posterior left Sylvian fissure.
Fig. 9. Population-Based Maps of Ventricular Anatomy in Normal Aging and Alzheimer's Disease. 3D parametric surface
meshes (Thompson et al., 1996) were used to model the 14 ventricular elements, shown in Fig. 6, in 3D MRI scans of 10
Alzheimer's patients (age: 71.9±10.9 yrs.) and 10 matched controls (72.9±5.6 yrs.; Thompson et al., 1998). 3D meshes
representing each surface element were averaged by hemisphere in each group. (top:) The color map shows a 3D r.m.s.
measure of group anatomic variability pointwise on an average surface representation for each group, in Talairach stereotaxic
space. Oblique side views reveal enlarged occipital horns in the Alzheimer's patients, and high stereotaxic variability in both
groups. (lower panels:) A top view of these averaged surface meshes reveals localized asymmetry, variability, and
displacement within and between groups. Asymmetries at the ventricles and Sylvian fissure emerge only after averaging of
anatomical maps in large groups of subjects. These patterns can be encoded probabilistically to detect structural anomalies in
individual patients or groups (Thompson et al., 1997).
Fig. 10. Corpus Callosum in Alzheimer’s Disease. Midsagittal corpus callosum boundaries were averaged from patients
with Alzheimer’s Disease and from elderly controls matched for age, educational level, gender and handedness. The average
representations show a focal shape inflection in the Alzheimer’s patients relative to normal elderly subjects of the same age.
A statistically significant tissue loss is also found at the isthmus (2nd sector, when the structure is partitioned into fifths). The
isthmus connects regions of temporo-parietal cortex that exhibit early neuronal loss and perfusion deficits in AD (Thompson
et al., 1998).
Fig. 11. Corpus Callosum in Schizophrenia. [Data from Narr et al., 1999]. Midsagittal corpus callosum boundaries were
averaged from 25 patients with chronic schizophrenia (DSM-III-R criteria; 15 males, 10 females; age: 31.1 +/- 5.6 yrs.) and
from 28 control subjects matched for age (30.5 +/- 8.7 yrs.), gender (15 males, 13 females) and handedness (1 left-handed
subject per group). Profiles of anatomic variability around the group averages are also shown (in color) as an r.m.s. deviation
from the mean. Anatomical averaging reveals a pronounced and significant bowing effect in the schizophrenic patients
relative to normal controls. Male patients show a significant increase in curvature for superior and inferior callosal boundaries
(p < 0.001), with a highly significant Sex by Diagnosis interaction (p < 0.004). The sample was stratified by Sex and
Diagnosis and separate group averages show that the disease induces less bowing in females (panel 1) than in males (panel 2).
While gender differences are not apparent in controls (panel 3), a clear gender difference is seen in the schizophrenic patients
(panel 4). Abnormalities localized in a disease-specific atlas can therefore be analyzed to reveal interactions between disease
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and demographic parameters.
Fig. 12. Distortions in Brain Architecture induced by Tumor Tissue: Probability Maps for Ventral Callosum and Major Sulci.
Color-coded probability maps, (b), quantify the impact of two focal metastatic tumors (illustrated in red; see cryosection
blockface, (a)) on the ventral callosal boundary, as well as the parieto-occipital and anterior and posterior calcarine sulci in
both brain hemispheres.
Fig. 13. Probabilistic Labeling of Structures in Image Databases.
An atlas storing information on anatomic variability is
used to guide an algorithm in finding the corpus callosum boundary (panel 9) in each image in an anatomic database (N=104;
Pitiot et al., 1999). The output of an edge detector (panel 2) is run through a connectivity filter that suppresses the smallest
connected sets of edge pixels. The filtered edge image is then diffused over time (panels 4-6) and a deformable curve (panel
7) is adapted to optimize a matching measure (panel 10). This measure penalizes curve shapes that are (1) too bent or
stretched, that (2) fail to overlap the diffused edge image, or that (3) are unlikely based on a statistical distribution of normal
corpus callosum shapes. Given an image database, algorithm parameters (such as the size of the connectivity filter; panel 11)
can be tuned based on their overall performance on an image database. Their optimal values differ depending on how noisy
the images are. Boundaries can then be averaged from patients with dementia or schizophrenia to detect anomalies. Using
separate sets of training and test images, these algorithms can both invoke and generate information on structural variation
and pathology.
Fig. 14. Maps of the Human Cerebral Cortex: Flat Maps, Spherical Maps, and Tensor Maps. Extreme variations in cortical
anatomy (3D Models; top left) present challenges in brain mapping, because of the need to compare cortically-derived brain
maps from many subjects. Comparisons of cortical geometry can be based on the warped mapping of one subject's cortex onto
another (top right; Thompson et al., 1997). These warps can also transfer functional maps from one subject to another, or onto
a common template for comparison. Current approaches for deforming one cortex into the shape of another, typically simplify
the problem by first representing cortical features on a 2D plane, sphere or ellipsoid, where the matching procedure (i.e.
finding u(r2), above) is subsequently performed (Thompson and Toga, 1996, Davatzikos et al., 1996; Drury et al., 1996; Van
Essen et al., 1997; Bakircioglu et al., 1999; Vaillant and Davatzikos, 1999). In one approach (Thompson et al., 1997), active
surface extraction of the cortex provides a continuous inverse mapping from the cortex of each subject to the spherical
template used to extract it. These inverse maps are applied to connected networks of curved sulci in each subject. This
transforms the problem into one of computing an angular flow vector field u(r2), in spherical coordinates, which drives the
network elements into register on the sphere (middle panel; Thompson and Toga, 1996). The full mapping (top right) can be
recovered in 3D space as a displacement vector field which drives cortical points and regions in one brain into register with
their counterparts in the other brain. Tensor Maps (middle and lower left): Although these simple 2-parameter surfaces can
serve as proxies for the cortex, different amounts of local dilation and contraction (encoded in the metric tensor if the
mapping, gjk(r)) are required to transform the cortex into a simpler 2-parameter surface. These variations complicate the
direct application of 2D regularization equations for matching their features. A covariant tensor approach is introduced in
(Thompson and Toga, 1998a,b; see red box) to address this difficulty. The regularization operator L is replaced by its
covariant form L*, in which correction terms (Christoffel symbols, Γijk) compensate for fluctuations in the metric tensor of the
flattening procedure. A covariant tensor approach (Thompson and Toga, 1998a,b) allows either flat or spherical maps to
support cross-subject comparisons and registrations of cortical data by eliminating the confounding effects of metric
distortions which necessarily occur in the flattening procedure.
Fig. 15. Gyral Pattern Matching. Gyral patterns can be matched in a group of subjects to create average cortical surfaces. (a)
shows a cortical flat map for the left hemisphere of one subject, with the average cortical pattern for the group overlaid
(colored lines). (b) shows the result of warping the individual’s sulcal pattern into the average configuration for the group,
using the covariant field equations (Section 8). The individual cortex (a) is reconfigured (b) to match the average set of
cortical curves. The 3D cortical regions that map to these average locations are then recovered in each individual subject, as
follows. A color code (c) representing 3D cortical point locations (e) in this subject is convected along with the flow that
drives the sulcal pattern into the average configuration for the group (d). Once this is done in all subjects, points on each
individual’s cortex are recovered (f) that have the same relative location to the primary folding pattern in all subjects.
Averaging of these corresponding points results in a crisp average cortex (Fig. 15). These transformation fields are stored and
used to measure regional variability.
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Fig. 16. Average Cortex in Alzheimer’s Disease. The average cortical surface for a group of subjects (N=9, Alzheimer’s
patents) is shown as a graphically rendered surface model. If sulcal position vectors are averaged without aligning the
intervening gyral patterns (top), sulcal features are not reinforced across subjects, and a smooth average cortex is produced.
By matching gyral patterns across subjects before averaging, a crisper average cortex is produced (bottom row). Sulcal
features that consistently occur across all subjects appear in their average geometric configuration.
Fig. 17. Matching an Individual’s Cortex to the Average Cortex. 3D variability patterns across the cortex are measured by
driving individual cortical patterns into local correspondence with the average cortical model. (a) shows how the anatomy of
one subject (brown surface mesh) deviates from the average cortex (white), after affine alignment of the individual data. (b)
shows the deformation vector field required to reconfigure the gyral pattern of the subject into the exact configuration of the
average cortex. The transformation is shown as a flow field that takes the individual’s anatomy onto the right hemisphere of
the average cortex (blue surface mesh). The largest amount of deformation is required in the temporal and parietal cortex
(pink colors, large deformation). Details of the 3D vector deformation field ((b), inset) show the local complexity of the
mapping.
Fig. 18. 3D Cortical Variability in Talairach Stereotaxic Space. (a) The profile of variability across the cortex is shown
(N=26 Alzheimer’s patients), after differences in brain orientation and size are removed by transforming individual data into
Talairach stereotaxic space. The following views are shown: oblique frontal, frontal, right, left, top, bottom. Extreme
variability in posterior perisylvian zones and superior frontal association cortex (16-18 mm; red colors) contrasts sharply with
the comparative invariance of primary sensory, motor, and orbitofrontal cortex (2-5 mm, blue colors).
Fig. 19. Tensor Maps Reveal Directional Biases of Cortical Variation. Tensor maps can be used to visualize these complex
patterns of gyral pattern variation at the cortex. The maps are based on a group of 20 elderly normal subjects. Color
distinguishes regions of high variability (pink colors) from areas of low variability (blue). Rectangular glyphs indicate the
principal directions of variation - they are most elongated along directions where there is greatest anatomic variation across
subjects. Each glyph represents the covariance tensor of the vector fields that map individual subjects onto their group
average anatomic representation. The resulting information can be leveraged to distinguish normal from abnormal anatomical
variants using random field algorithms, and can define statistical distributions for feature labeling at the cortex (cf. Le
Goualher et al., 1999; Vaillant and Davatzikos, 1999).
Fig. 20. Confidence Limits on Normal Anatomic Variation: Tensor Field Representation. Again, two tensor maps reveal the
preferred directions of cortical variation, after sulcal pattern correspondences are taken into account. Variability is greatest in
temporo-parietal cortex. If cortical variations are modeled as vector field displacements of an average cortical model,
ellipsoids of constant probability density can be computed for positions of cortical regions (relative to the average cortex).
These ellipsoids are shown, colored by the determinant of the covariance tensor. Fields of tumbling ellipses have also been
used to visualize multi-directional parameters in diffusion imaging data, and offer a means to represent cortical variability for
anomaly detection and Bayesian image labeling.
Fig. 21. Anatomical Variability of the Cerebral Cortex. (N=15, Schizophrenia Patients, and N=15 Matched Controls; all
males). [Data from Narr et al. (1999)]. 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 is clearly apparent in the schizophrenic patients as well as in controls.
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 (see Section 8).
Fig. 22. Mapping a Patient into the Group Average Configuration. Instead of matching just the cortex, this figure shows the
complex transformation required to match 84 different surface models in a given patient, after affine alignment, into the
configuration of an average surface set derived for the group (see Thompson et al., 1999, for details). The effects of several
anatomic surfaces driving the transformation are indicated, including the cingulate sulcus (CING), hippocampal surface
(HPCP), superior ventricular horn (VTS), parieto-occipital sulcus, and the anterior calcarine fissure (CALCa). This surface-
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based vector field is extended to a full volumetric transformation field (0.1 billion degrees of freedom) which reconfigures
the anatomy of the patient into correspondence with the average configuration for the group. Storage of these mappings
allows quantification of local anatomic variability.
Fig. 23. Average Brain Templates. Axial, sagittal and coronal images are shown from a variety of population-based brain
image templates. For comparison purposes, (a) shows a widely-used average intensity dataset (ICBM305) based on 305
young normal subjects, created by the International Consortium for Brain Mapping (Evans et al., 1994); by contrast,
templates (b) and (c) are average brain templates created from high-resolution 3D MRI scans of Alzheimer’s Disease patients.
(b) Affine Brain Template, constructed by averaging normalized MR intensities on a voxel-by-voxel basis data after
automated affine registration; (b) Continuum-Mechanical Brain Template, based on intensity averaging after continuummechanical 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 (c).
Transformations of extremely high spatial dimension are required to match cortical features with sufficient accuracy to
resolve them after scans are averaged together.
Fig. 24. Tensor Maps of Growth. (top panel:) A complex pattern of growth is detected in the corpus callosum of a young
normal male subject in the 4-year period from 7 to 11 years of age. Vector field operators emphasize patterns of contractions
and dilations, emphasizing their regional character. The color code shows values of the local Jacobian of the warping field,
which indicates local volume loss or gain. The effects of the transformation are shown on a regular grid ruled over the
reference anatomy and passively carried along in the transformation that matches it with the later anatomy. Despite minimal
changes in overall cerebral volume, callosal growth is dramatic, with peak values throughout the isthmus and posterior
midbody (top panel). Rapid heterogeneous growth, with a similar topographic pattern, is also observed in two young normal
females (next two panels), during a one-year period from the age of 6 to 7, and during a 4-year period spanning puberty, from
9 to 13 years of age. The final panel shows growth mapped in a male subject across a period of 4 years from 11 to 15 years of
age. Growth rates have clearly attenuated, but have a similar pattern to that of the younger subjects.
Fig. 25. 3D Patterns of Deep Nuclear Tissue Loss. In the 4-year period from 7 to 11 years of age, a young normal male
subject displays a local 50% tissue loss at the caudate head, as well as a 20-30% growth of the internal capsule and a 5-10%
dilation of the superior ventricular horn (Thompson et al., 1999). Graphical visualizations of growth rates indicate the
regional complexity of the growth processes between the two scans.
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Table 1. Morphometric Abnormalities in Disease. Although not an exhaustive list, this table summarizes the anatomic alterations found in
major neurological diseases, as well as confounding differences due to demographic factors. Most recent studies have used large archives of
volumetric (3D) MRI scans to detect structural alterations in disease. Disease-specific atlases offer a computational framework to combine
digital structure models from large clinical subpopulations, localizing group differences. Once models are in a conveniently parameterized
format, they can be statistically combined to reveal group-specific features not observable in individual data. Patterns of average asymmetry
and variation also emerge. Complementary to the more traditional volumetric descriptors, computational models and images can be combined
to build probabilistic atlases that localize regional abnormalities.
Sulcal and ventricular enlargement; gross cerebral atrophy, starting in temporal and parietal areas (Kido et
Alzheimer’s Disease
al., 1989; Erkinjuntti et al., 1993; Killiany et al., 1993), entorhinal cortex (Arnold et al., 1991; Braak and Braak, 1991), the basal nucleus of
Meynert (Whitehouse et al., 1991), amygdala (Cuénod et al., 1993), and hippocampus (West et al., 1994); caudate, lenticular and thalamic
atrophy also reported (Jernigan et al., 1991).
Enlarged lateral and 3rd ventricles (median 40% increase; Lawrie and Abukmeil, 1998); reduced brain volume
Schizophrenia
(averaging 3%) with disproportionate temporal lobe reductions and gray matter deficits (including hippocampus; Lawrie and Abukmeil, 1998;
Csernansky et al., 1998; Joshi et al., 1998); shape difference (Casanova et al., 1990; DeQuardo et al., 1996; Bookstein, 1997) or increased
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bowing of corpus callosum, stronger in male patients (Narr et al., 1999); thalamic and midline anomalies (Andreasen et al., 1994, 1995);
striatal enlargement secondary to antipsychotic medication (Chakos et al., 1994; Harrison, 1999); loss or reversal of cortical pattern asymmetry
(Falkai et al., 1992; Shenton et al., 1992; Bilder et al., 1994).
Abnormal hippocampal morphology, including unilateral or bilateral volume loss, in patients with temporal lobe
Epilepsy
epilepsy (TLE; Jack, 1994); left temporal lobe may atrophy faster in left unilateral TLE than right temporal lobe in right unilateral TLE.
Regional cerebral enlargement in posterior, temporal, and occipital but not frontal cortices; enlarged total cerebellar volume
Autism
(Piven et al., 1997); controversy over localized hypoplasia at the cerebellar vermis, lobules VI and VII; possible hypoplastic and hyperplastic
subgroups (Courchesne et al., 1994; Filipek, 1995).
4.7% smaller total cerebral volume (p < 0.02) and smaller cerebellum, with significant loss of normal right > left caudate
ADHD
asymmetry and reversal of lateral ventricular asymmetry (Castellanos et al., 1996). Reduced area of the callosal splenium (Semrud-Clikeman et
al., 1994; Lyoo et al., 1996), genu (Hynd et al., 1991) and rostrum (Giedd et al., 1994; Baumgardner et al., 1996).
Reduced frontal lobe volume (Jernigan et al., 1993) and reduced anterior callosal area (Wang et al., 1992); reduced
Down’s Syndrome
volume in cerebellar hemispheres and hippocampus (Raz et al., 1995).
Fetal Alcohol Syndrome Striatal, callosal and cerebellar abnormalities (Roebuck et al., 1998). Complete or partial agenesis of the corpus
callosum (Riley et al., 1995; Johnson et al., 1996); midline anomalies (callosal hypoplasia, cavum septi pellucidi and cavum vergae) associated
with increased number of facial anomalies (Swayze et al., 1997). Reduced size of basal ganglia (Mattson et al., 1996) and vermian lobules I-V
(Sowell et al., 1996).
Obsessive Compulsive Disorder (OCD) Smaller striatal volumes in pediatric OCD, inversely correlated with symptom severity
(Rosenberg et al., 1997; see Aylward et al. 1996, for a contrary view). Larger third ventricle volumes, but no differences in prefrontal cortical,
lateral ventricular, or intracranial volumes (Rosenberg et al., 1997). White matter reductions also reported (Jenike et al., 1996; N=20).
Increased sizes of the caudate, putamen, and globus pallidus, but not total cerebral, prefrontal, or
Sydenham’s Chorea
midfrontal volumes (Giedd et al., 1996).
Recurrent inflammatory lesions throughout the white matter; T2-hyperintense lesions most prominent in the corpus
Multiple Sclerosis*
callosum, internal capsule, and around the lateral ventricular body and occipital horns (Lee et al., 1999). [*Unlike the above disorders, lesions
alter image intensity rather than morphology; stereotaxic maps have revealed regional biases in lesion deposition (Narayanan et al., 1997; Lee
et al., 1997).]
Demographic Factors
Cerebral volume declines by 2% per decade after age 50 (Miller et al., 1980). Corpus callosum area shows greater
Age
age-related decline in males (Burke and Yeo, 1994; N=97). Large-scale morphometric studies of brain development include Giedd et al.,
1996a,b (N=99,104); Paus et al., 1999 (N=111). Adolescent brain volume increases are specific to dorsal cortices (Jernigan et al., 1991;
Pfefferbaum et al., 1994).
9% greater mean forebrain volume in adult men than women (N=71 men/49 women; Jäncke et al., 1997); controversy over
Gender
whether splenium of corpus callosum is larger in women (DeLacoste-Utamsing and Holloway, 1982). In women, splenium may also be more
bulbous (Clarke et al., 1989) or shaped differently (Davatzikos, 1996; Bookstein, 1997). For a review of this controversy, see Bishop and
Wahlsten, 1997; Beaton, 1997; Thompson et al., 1999.
Normal left > right volume asymmetry of the planum temporale (PT) reduced in left-handers, without significant
Handedness
gender effects; same result in monozygotic twins discordant for handedness (Steinmetz, 1996). Hand preference associated with increased
connectivity (increased neuropil in left area 4) and an increased intrasulcal surface of the precentral gyrus in the dominant hemisphere (Amunts
et al., 1996).
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