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Maps of the Brain
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We review recent developments in brain mapping and computational anatomy that have greatly expanded our ability
to analyze brain structure and function. The enormous diversity of brain maps and imaging methods has spurred the
development of population-based digital brain atlases. These atlases store information on how the brain varies across
age and gender, across time, in health and disease, and in large human populations. We describe how brain atlases,
and the computational tools that align new datasets with them, facilitate comparison of brain data across
experiments, laboratories, and from different imaging devices. The major methods are presented for the construction
of probabilistic atlases, which store information on anatomic and functional variability in a population. Algorithms are
reviewed that create composite brain maps and atlases based on multiple subjects. We show that group patterns of
cortical organization, asymmetry, and disease-specific trends can be resolved that may not be apparent in individual
brain maps. Finally, we describe the creation of four-dimensional (4D) maps that store information on the dynamics
of brain change in development and disease. Digital atlases that correlate these maps show considerable promise in
identifying general patterns of structural and functional variation in human populations, and how these features
depend on demographic, genetic, cognitive, and clinical parameters. Anat Rec (New Anat) 265:37–53, 2001.
© 2001 Wiley-Liss, Inc.

KEY WORDS: biomedical imaging; brain mapping; cryosection imaging; neuroanatomy; atlas; neuroimaging; Alzheimer
disease

The widespread collection of normal
and diseased brain images in vivo and
ex vivo enables a tremendous increase
in the number of investigations focus-
ing on the structural and functional
organization of the brain. The com-
plexity and variability of human brain
(in particular) across subjects is so
great that reliance on maps is essen-
tial to effectively analyze and interpret

brain data. Design of appropriate
maps for human brain data presents
considerable challenges, because
these systems must capture how brain
structure and function vary across age
and gender, in different disease states,
across imaging modalities, and even
across species.

This study introduces brain maps as
applied to a variety of research areas
in health and disease. It includes a
brief survey of the types of maps and
to what questions they are applied.
First, there is an overview of brain
mapping, describing the elements of a
map as distinct from an image. Next,
there follows a discussion of coordi-
nate systems and how they reference
source data from individuals, fol-
lowed by a description of deformable
atlases and how they can adapt to and
measure variability across subjects
and systems. We introduce maps that
describe relationships between differ-
ent observations, such as across modal-
ities or with a changing morphology.
Finally, we describe the categoriza-
tion of subpopulations.

MAPS AND ATLASES

Diversity of Brain Maps

Comprehensive maps of brain struc-
ture have been created at a variety of
spatial scales. These are based upon
3D tomographic images (Damasio,
1995), anatomic specimens (Talairach
and Szikla, 1967; Talairach and Tour-
noux, 1988; Ono et al., 1990; Duver-
noy, 1991) and different histologic
preparations that reveal regional cyto-
architecture (Brodmann, 1909) and
regional molecular content such as
myelination patterns (Smith, 1907;
Mai et al., 1997), receptor binding
sites (Geyer et al., 1997), protein den-
sities and mRNA distributions. Other
brain maps have concentrated on
function, quantified by positron emis-
sion tomography (PET; Minoshima et
al., 1994), functional MRI (Le Bihan,
1996) or electrophysiology (Avoli et
al., 1991; Palovcik et al., 1992). Addi-
tional maps have been developed to
represent neuronal connectivity and
circuitry (Van Essen and Maunsell,
1983), based on compilations of em-

Dr. Toga is Professor of Neurology, Di-
rector of the Laboratory of Neuro Imag-
ing, and Co-Director of the Division of
Brain Mapping at the UCLA School of
Medicine. He is also founder and editor-
in-chief of the journal, NeuroImage. Dr.
Thompson is Assistant Professor of
Neurology and member of the Labora-
tory of Neuro Imaging. He is the recipi-
ent of numerous awards including the
Di Chiro Outstanding Scientific Paper
(1998) and the Eiduson Neuroscience
Award. They are part of an interdiscipli-
nary group focused on the imaging,
mapping, and modeling of brain struc-
ture and function in health and disease.
*Correspondence to: Arthur W. Toga,
Laboratory of Neuro Imaging, Depart-
ment of Neurology, UCLA School of
Medicine, Rm. 4238, Reed Neurological
Research Center, 710 Westwood Plaza,
Los Angeles CA 90095-1769. Fax: 310-
206-5518. E-mail: toga@loni.ucla.edu

THE ANATOMICAL RECORD (NEW ANAT.) 265:37–53, 2001

© 2001 Wiley-Liss, Inc.



pirical evidence (Brodmann, 1909;
Berger, 1929; Penfield and Boldrey,
1937).

Each of these brain maps has a dif-
ferent spatial scale and resolution,
emphasizes different functional or
structural characteristics, and none is
inherently compatible with any other.
Each strategy clearly has its place
within a collective effort to map the
brain, but unless certain precautions
are taken enabling common registra-
tion, these brain maps will remain as
individual and independent efforts,
incomparable with each other.

Brain Atlases

To address these difficulties, brain at-
lases provide a structural framework
in which individual brain maps can be
integrated. Most brain atlases are
based on a single subject’s anatomy in
a standardized 3D coordinate system,
or stereotaxic space. The chosen data
set acts as a template on which other
brain maps (such as functional im-
ages) can be overlaid. The anatomic
data provides the additional detail
necessary to accurately localize acti-
vation sites, as well as providing other
structural perspectives such as che-
moarchitecture. Digital mapping of
structural and functional image data
into a common 3D coordinate space is
a prerequisite for many types of brain
imaging research, as it supplies a
quantitative spatial reference system
in which brain data from multiple
subjects and modalities can be com-
pared and correlated.

Given the fact that there is neither a
single (accepted) representative brain
nor a simple method to construct an
“average”, the construction of brain
atlases to represent large human pop-
ulations has become the focus of in-
tense research. Deformable atlases,
which can be adapted to reflect the
anatomy of new subjects, and proba-
bilistic atlases, which retain informa-
tion on population variability, are
powerful approaches with a range of
clinical and research applications.
These atlases can be used to support
pathology detection in individual sub-
jects or groups. Single modality at-
lases also ultimately may be insuffi-
cient, because of the need to establish
the relationship between different
measurements of anatomy and physi-

ology. In response to these challenges,
multi-modal atlases combine detailed
structural maps from multiple imag-
ing sensors in the same 3D coordinate
space. Multi-modal atlases provide
the best of all worlds, offering a real-
istically complex representation of
brain morphology and function in its
full spatial and multidimensional
complexity.

Early Brain Atlases

Brain atlases were (are) built because
accurate localization of brain struc-
ture and function in any modality may
be improved by correlation with
higher resolution anatomic data
placed in an appropriate spatial coor-
dinate system. Three-dimensional

neuroanatomic templates also have
the potential to provide important ref-
erence information when planning
stereotaxic surgical procedures, in-
cluding radiosurgery and electrode
implantations (Talairach and Szikla,
1967; Kikinis et al., 1996). Most early
atlases of the human brain, and other
species (Paxinos and Watson, 1986;
Swanson, 1992), were derived from
one, or at best a few, individual post
mortem specimens (Brodmann, 1909;
Schaltenbrand and Bailey, 1959; Ta-
lairach and Szikla, 1967; Schalten-
brand and Wahren, 1977; Matsui and
Hirano, 1978; Talairach and Tour-
noux, 1988; Ono et al., 1990). Such
atlases take the form of anatomical
references or represent a particular
feature of the brain (Van Buren and

Maccubin, 1962; Van Buren and
Borke, 1972), such as a specific neu-
rochemical distribution (Mansour et
al., 1995) or the cellular architecture
of the cerebral cortex (Brodmann,
1909). None, to date, establishes a re-
lationship between any two or more
features of the brain. Commonly used
human atlases include those of Ta-
lairach and Tournoux (1988) and the
thalamic and brainstem anatomical
maps of Schaltenbrand and Wahren
(1977). Due to individual variations in
anatomy among normal subjects, pro-
portional scaling systems are typically
employed to reference a given brain to
an atlas brain (Talairach and Tour-
noux, 1988). More sophisticated elas-
tic or fluid transformations, involving
local matching, are described below.
These approaches locally deform a
digital atlas to reflect the anatomy of
new subjects.

MRI-Based Atlases

Recent atlases based on magnetic res-
onance image (MRI) data have the ad-
vantage of intrinsic three-axis regis-
tration and spatial coordinates
(Damasio, 1995), but have relatively
low resolution and lack anatomic con-
trast in important subregions. The
Harvard Brain Atlas, based on a 1 3
1 3 1.5 mm resolution 3D SPGR
(spoiled gradient-recalled acquisition)
scan of a 25-year-old, normal subject,
was enhanced by anisotropic diffu-
sion filtering (Kikinis et al., 1996; dif-
fusion MRI described in Mori and
Barker, 1999), before being seg-
mented into 150 hand-labeled re-
gions, which include white matter
tracts as well as major neuroanatomic
structures. Nevertheless, many high-
resolution MR atlases, with up to
100–150 slices, a section thickness of
2 mm, and 2562 pixel imaging planes
(Evans et al., 1991; Lehmann et al.,
1991) still result in resolutions lower
than the complexity of many neuro-
anatomic structures. A recent innova-
tion in the collection of atlas quality
MR (Fig. 1) utilizes multiple scans
(N 5 27) and a registered average of a
single individual to overcome the lack
of contrast and relatively poor signal
to noise (Holmes et al., 1998). The
resulting volumetric datasets can
serve as the basis for generating de-
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tailed 3-dimensional models of ana-
tomical structures, represented using
a variety of volumetric and graphical
surface formats (Fig. 2). The models
can then be viewed either interac-
tively, or off-line, using volume ren-
dering and ray-tracing algorithms. Se-
lective transparency can be applied to
the models and animated fly-throughs
generated to assist in visualizing the
complex relationships among ana-
tomical systems.

Cryosection Imaging

Several digital atlases have been de-
veloped using photographic images
of cryoplaned frozen specimens
(Bohm et al., 1983; Greitz et al.,
1991). Photographed material, al-
though providing superior anatomic
detail, has limitations. For accurate

correlations, data must be placed in
a plane equivalent to that of the im-
age of interest. Digital imaging, how-
ever, overcomes many limitations of
conventional film photography. Us-
ing 1,0242, 24-bits/pixel digital color
cameras, spatial resolution can be as
high as 100 microns/voxel for whole
human head cadaver preparations,
or higher for isolated brain regions
(Toga et al., 1994). Cryosectioning in
micron increments permits data col-
lection with high spatial resolution
in the axis orthogonal to the section-
ing plane. Acquisition of images in
series directly from the consistently
positioned cryoplaned blockface
also avoids the need for serial image
registration before reconstruction.
Serial images can be reconstructed
to a 3D anatomic volume that is

amenable to various resampling and
positioning schemes.

Multi-Modality Atlases

Characterizing a single subject with
multiple imaging devices clearly com-
bines the strengths of each imaging
modality. In the Visible Human
Project (Spitzer et al., 1996; Spitzer
and Whitlock, 1998), two (male and
female) cadavers were cryoplaned and
imaged at 1.0 mm intervals, 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.

Although not an atlas per se, the
Visible Human imagery has sufficient
quality and accessibility to make it a
test platform for developing methods
and standards (Spitzer et al., 1996).
The data has served as the foundation
for developing related atlases of re-
gions of the cerebral cortex (Drury
and Van Essen, 1997), and high-qual-
ity brain models and visualizations
(Schiemann et al., 1996; Stewart et al.,
1996). Using multi-modality data
from a patient with a localized pathol-
ogy, and more recently the Visible Hu-
man data, Höhne and co-workers de-
veloped a commercially available
brain atlas designed for teaching neu-
roanatomy (VOXEL-MAN; Höhne et
al., 1990, 1992; Tiede et al., 1993;
Pommert et al., 1994). Data from sin-
gle subjects, premortem and postmor-
tem, provides a unique view into the
relationship between in vivo imaging
and histologic assessment. Mega et al.
(1997) scanned Alzheimer patients in
the terminal stages of their disease us-
ing both MRI and PET. These data
were combined with post mortem 3D
histological images showing the gross
anatomy (Toga et al., 1994) and a Gal-
lyas stain of neurofibrillary tangles.
This multimodal, but single subject,
atlas of Alzheimer disease relates the
anatomic and histopathological un-
derpinnings to in vivo metabolic and
perfusion maps of this disease.

REFERENCE SYSTEMS

Matching a Brain to an Atlas

In existing atlases, spatial normaliza-
tion systems are typically employed to
reference a given brain with an atlas

Figure 1. High-resolution anatomy from MRI using registration and signal averaging. Using
advances in image processing, atlas-quality MRI datasets can be generated with superior
contrast and signal-to-noise than typically attainable using tomographic techniques. Twen-
ty-seven volumetric MRI scans were acquired from the same individual, histogram-equal-
ized, and mutually registered. Signal intensities then were averaged voxel-by-voxel across
all images to produce a signal high-contrast MRI dataset. Individual nuclei of the basal
ganglia (a) and its striations (b), as well as deep white matter commissures (c) and the
foliations of the cerebellum (d) can be observed in detail usually attainable only with
whole-brain cryosection imagery (Toga et al., 1994). High-resolution MRI datasets are
advantageous as they can be digitally overlaid, using automated algorithms, onto lower
resolution structural or functional data to assist in image interpretation and analysis [data
from Holmes et al. (1998)].
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brain (Talairach and Szkilra, 1967;
Talairach and Tournoux, 1988). This
allows individual data to be superim-
posed on the data in the atlas, in other
words, to be transformed to match the
space occupied by the atlas. In the
Talairach stereotaxic system, piece-
wise affine transformations are ap-
plied to 12 rectangular regions of
brain, defined by vectors from the an-
terior and posterior commissures to
the extrema of the cortex. These trans-
formations re-position the anterior
commissure of the subject’s scan at
the origin of the 3D coordinate space,
vertically align the interhemispheric
plane, and horizontally orient the line
connecting the two commissures.
Each point in the incoming brain im-
age, after it is “warped” into the atlas
space, is labeled by an (x,y,z) address
referable to the atlas brain. Although

originally developed to help interpret
brain stem and ventricular studies ac-
quired using pneumoencephalogra-
phy (Talairach and Szlikra, 1967), the
Talairach stereotaxic system rapidly
became an international standard for
reporting functional activation sites in
PET studies, allowing researchers to
compare and contrast results from
different laboratories (Fox et al., 1985,
1988; Friston et al., 1989, 1991).

The success of any brain atlas de-
pends on how well the anatomies of
individual subjects match the repre-
sentation of anatomy in the atlas.
Whereas stereotaxic methods provide
a common coordinate system for
pooling activation data and multi-sub-
ject comparisons, the accuracy and
utility of the atlas is equally depen-
dent on the anatomical template itself
(Roland and Zilles, 1994). The Ta-

lairach templates are based on post
mortem sections of the brain of a 60-
year-old female subject that clearly
did not reflect the in vivo anatomy of
subjects in activation studies. The at-
las plates also have a variable slice
separation (3 to 4 mm), and data from
orthogonal planes are inconsistent.

To address these limitations, a com-
posite MRI dataset was constructed
from several hundred young normal
subjects (239 males, 66 females; age:
23.4 6 4.1 years) whose scans were
individually mapped into the Ta-
lairach system by linear transforma-
tion, intensity normalized, and aver-
aged on a voxel-by-voxel basis (Evans
et al., 1992, 1994). Although the re-
sulting average brain has regions
where individual structures are
blurred out due to spatial variability
in the population (Evans et al., 1992;
1994), the effect of anatomical vari-
ability in different brain areas is illus-
trated qualitatively by this map. The
average intensity template is part of
the widely used Statistical Parametric
Mapping package (SPM; Friston et al.,
1995). The development of automated
methods to map new MRI and PET
data into a common space could be
used to optimally align new MR data
with the template by maximizing a
measure of intensity similarity, such
as 3D cross-correlation (Collins et al.,
1994a, 1995), ratio image uniformity
(Woods et al., 1992), or mutual infor-
mation (Viola and Wells, 1995; Wells
et al., 1997). Any alignment transfor-
mation 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 automat-
ically map data from a variety of mo-
dalities into an atlas coordinate space
based directly on the Talairach refer-
ence system.

DEFORMABLE ATLASES

Cross-Subject Anatomic
Variations

The use of spatial normalization
schemes based upon deep white mat-

Figure 2. Computational models of anatomy. Using a 3D coordinate system to represent
structure locations, detailed models of anatomical substructures can be created. These
models are visualized using a combination of 3D volume and surface rendering techniques.
Structures such as the cortex can be represented using a connected mesh of triangular
tiles, and their reflectance can be made to depend on their surface normals to give the
impression of depth. User-defined attributes such as selective transparency, color, and
textures may also be applied before visualization. This model shows different components
of the limbic system, generated using both automated and manual techniques from the
high-resolution MRI dataset shown in Figure 1. The resulting graphical models can be
databased and indexed to anatomical nomenclature as components of a digital atlas
(Toga et al., 1996; Thompson et al., 2000), and can serve as components of more complex
scientific visualizations and animations (Thompson and Toga, 1997; Toga and Thompson,
1998).
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ter features (the AC and PC), such as
outlined above, has yet to completely
accommodate the most variable brain
structure, the cortex. The cortex is
also the site of interest for most func-
tional activation studies. Considerable
normal variation in sulcal geometry
has been found in primary motor, so-
matosensory and auditory cortex
(Missir et al., 1989; Rademacher et al.,
1993), primary and association visual
cortex (Stensaas et al., 1974), frontal
and pre-frontal areas (Rajkowska and
Goldman-Rakic, 1995), and lateral
perisylvian cortex (Geschwind and
Levitsky, 1968; Steinmetz et al., 1989,
1990; Ono et al., 1990). More recent
3D analyses of anatomic variability, in
post mortem, in vivo normal, and dis-
eased populations, have found a
highly heterogeneous pattern of ana-
tomic variation (Thompson et al.,
1996b, 1998a).

In view of the complex structural
variability between individuals, a
fixed brain atlas may fail to serve as a
faithful representation of every brain
(Roland and Zilles, 1994; Mazziotta et
al., 1995). Because no two brains are
the same, this presents a challenge for
attempts to create standardized at-
lases. Even in the absence of any pa-
thology, brain structures vary be-
tween individuals not only in shape
and size, but also in their orientations
relative to each other. Such normal
variations have also complicated the
goals of comparing functional and an-
atomic data from many subjects
(Rademacher et al., 1993; Roland and
Zilles, 1994).

Numerous studies have determined
how severe the inter-subject varia-
tions in anatomy are, even after trans-
forming individual anatomic data into
the Talairach stereotaxic system.
Clearly, direct averaging of digital
brain maps, after transformation to a
common 3D coordinate space, is only
valid if homologous cortical regions in
different subjects have been brought
into register by the spatial normaliza-
tion transformation. Extreme varia-
tions in cortical patterns, observed in
normal subjects and exacerbated in
disease states by additional patho-
logic change, suggest that caution is
necessary in selecting the transforma-
tion system to support cross-subject
and cross-group comparisons of cor-

tically-derived events or functional
maps. The most severe challenge oc-
curs when the topology itself is under-
going considerable change due to de-
velopment or degeneration, for
example. Direct digital subtraction of
stereotaxic functional maps in studies
of disease states, such as dementia,
may lead to spurious results: maps of
apparent significance may reflect dif-
ferences that are anatomic, rather
than functional, in character (Meltzer
and Frost, 1994; Woods, 1996). These
difficulties have led to the suggestion
that direct reference to the sulci that
frame architectonic fields may present
a more reliable basis for functional
mapping than reference to a single
standard or idealized brain (Stein-
metz et al., 1990; Rademacher et al.,
1993; Watson et al., 1993; Thompson
et al., 1996, 1998).

Atlas to Brain Transformations

Image warping algorithms, specifi-
cally designed to handle 3D neuroana-
tomic data (Christensen et al., 1993;
1996; Collins et al., 1994a, 1995; Rab-
bitt et al., 1995; Thirion, 1995; Bro-
Nielsen and Gramkow, 1996; Davatzi-
kos, 1996; Thompson and Toga, 1996)
can be used to transfer all the infor-
mation in a 3D digital brain atlas onto
the scan of any given subject, while
respecting the intricate patterns of
structural variation in their anatomy.
These transformations must allow
any segment of the atlas anatomy,
however small, to grow, shrink, twist
and even rotate, to produce a transfor-
mation that represents and encodes
local differences in topography from
one individual to another. Such de-
formable atlases (Bajcsy and Kovacic,
1989; Seitz et al., 1990; Evans et al.,

1991; Gee et al., 1993; Christensen et
al., 1993; Miller et al., 1993; Sandor
and Leahy, 1994; 1995; Rizzo et al.,
1995) can be used to carry 3D maps of
functional and vascular territories
into the coordinate system of different
subjects, as well as information on dif-
ferent tissue types and the boundaries
of cytoarchitectonic fields and their
neurochemical composition.

How Can One Brain Be
Deformed to Match Another?

Any successful warping transform for
cross-subject registration of brain
data must be high-dimensional, to ac-
commodate fine anatomic variations
(Joshi et al., 1995; Christensen et al.,
1996; Thompson and Toga, 1998).
This warping is required to bring the
atlas anatomy into structural corre-
spondence with the target scan at a
very local level (Fig. 3). Another diffi-
culty arises from the fact that the to-
pology and connectivity of the de-
forming atlas have to be maintained
under these complex transforms. This
is hard or simply impossible to
achieve in traditional image warping
manipulations (Christensen et al.,
1995a,b). Physical continuum models
of the deformation address these dif-
ficulties by considering the deforming
atlas image to be embedded in a three-
dimensional deformable medium,
which can be either an elastic mate-
rial or a viscous fluid. The medium is
subjected to certain distributed inter-
nal forces, which reconfigure the me-
dium and eventually lead the image to
match the target. These forces can be
based mathematically on the local in-
tensity patterns in the datasets, with
local forces designed to match image
regions of similar intensity.

SUBSYSTEM MAPS

The development of maps for anatom-
ical subsystems, such as the somato-
sensory or motor systems, is typically
driven by the need to catalogue func-
tional activation studies or to describe
pathways of connectivity. With the ad-
vent of deformable maps that can in-
corporate variability, however, indi-
vidual structures such as specific
nuclei or other distinguishable ana-
tomic features are more frequently
the subject of intensive mapping ef-

The success of any brain
atlas depends on how
well the anatomies of

individual subjects
match the

representation of
anatomy in the atlas.
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forts (Paxinos and Huang, 1995). A
number of pathogenic processes have
selective neuroanatomic targets re-
sulting in characteristic morphologi-
cal changes. Careful population map-
pings of these changes can produce a
neuroanatomic signature that identi-
fies the disease. Examples include the
corpus callosum (Fig. 4) in dementia
or schizophrenia (Thompson et al.,
1998a; Narr et al., 2000), the cerebel-
lum in autism (Courchesne, 1997) and
the cingulate gyrus in Alzheimer dis-
ease (Mega and Cummings, 1996;
Mega et al., 1998) among others.

Maps of the Corpus Callosum
Neuroimaging studies of the corpus
callosum, for example, are easier to
understand if its elaborate internal or-
ganization is considered. The corpus
callosum connects the cortical sur-
faces of the two brain hemispheres,
and there is a topographically specific
organization of callosal fibers in rela-
tion to the cortical regions they con-
nect. Tract-tracing studies using an-
terograde or retrograde labels such as
biocytin or rhodamine-labeled latex
microspheres (Innocenti, 1994) have
established the topographic distribu-

tion of callosal connections at the cor-
tex in several species. A massive peri-
natal loss of callosal axons, lasting
from the 35th gestational week to the
end of the first post-natal month
(Clarke et al., 1989; La Mantia and
Rakic, 1990) is thought to lead to a
restricted pattern of adult callosal
connections (Innocenti, 1994). In the
adult callosum, the genu (or anterior
third) connects pre-frontal cortices,
the midbody (middle third) connects
motor, somatosensory and auditory
cortices, and the splenium (posterior
fifth) carries temporal, parietal, and

Figure 3. Transforming one anatomical dataset to match another. 3D image deformation, or warping algorithms (Toga, 1998; Thompson
et al., 2000) have powerful applications in the analysis of anatomical and functional maps. They apply a complex pattern of dilation and
contraction (top left) to a 3D dataset, which reshapes the anatomy to match the anatomy in another dataset. They can correct for
distortions due to post mortem anatomical change or histologic staining, reshaping cryosection or histologic images to match their in vivo
configuration. Atlases can also be deformed to equate their anatomy with individual datasets. Anatomically-based warping algorithms
(Thompson and Toga, 1996) use models of anatomical surfaces and curves (top right and bottom panels) to constrain the transformation,
allowing key functional boundaries (here the calcarine and parieto-occipital sulci) to be matched in both datasets. By contrast with global
registration approaches, the amount of deformation applied typically varies across the brain (see magnitude of deformation, top right).
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occipital (visual) fibers. Perisylvian fi-
bers from superior temporal and pa-
rietal cortex relay information from
critical language and association ar-
eas, and cross mainly in the isthmus.
To a certain degree, callosal fiber
types are also organized topographi-
cally. Fast-conducting, large diameter
(.3 mm sensorimotor fibers are con-

centrated in the posterior midbody
and splenium, whereas thinner, more
lightly myelinated fibers are found at
the genu. These fibers at the genu of-
fer a lower conduction velocity, con-
necting pre-frontal regions implicated
in longer-term planning and organiza-
tion of behavior (Aboitiz et al., 1992).
Nonetheless, the idea of a sharply-de-

fined cortical map at the callosum has
been mitigated by recent anterograde
tracer studies in humans (Di Virgilio
and Clarke, 1997). These suggest that
heterotopic connections (i.e., between
non-equivalent cortical areas in each
brain hemisphere) are numerous and
widespread, even in the genu and sple-
nium where callosal axons are most
highly segregated.

To avoid making arbitrary defini-
tions, Denenberg et al. (1991) per-
formed a factor analysis to determine
a “natural” partition of the callosum.
Thickness measurements were ob-
tained from a population of 104 nor-
mal adults (by connecting 100 equally
spaced points on the inner and outer
callosal boundaries; Fig. 4f), and these
measures were used to determine

seven regions with consistent varia-
tions (7 factors). Ultimately, the parti-
tioning scheme chosen depends on
the application objectives and the
scale of the expected structural effects
(Bookstein, 1997). Many of the con-
flicts among different callosal map-
ping studies may derive from the use
of different anatomical mapping and
partitioning techniques (see Bishop
and Wahlsten, 1997; reviewed in
Thompson et al., 2000a).

MULTIPLE MODALITIES AND
DIMENSIONS

As noted earlier, due to pronounced
anatomic variability between individ-
ual human brains, any atlas or clinical
diagnostic system based on a single

Figure 4. Common partitioning schemes for regional analysis of the corpus callosum. In view
of the topographically-specific relation between callosal regions and the cortical regions
they connect, several partitioning approaches have been devised to allow separate
analysis of different callosal sectors. Vertical partitions subdivide the callosum based on
fractions of its maximal anterior-posterior length. Vertical fifths (a) (e.g., Duara et al., 1991;
Larsen et al., 1992) or equal angular sectors, relative to the callosal centroid (labeled CG in
b), are commonly used. Variants of the radial partition have used rays emanating from the
midpoint of the line joining the inferior rostrum and inferior splenium (Weis et al., 1993). A
variant of the widely-used Witelson partition (c; Witelson, 1989), further subdivides the
anterior third (A) into rostrum, genu, and rostral midbody, using an additional vertical line
(Rajapakse et al., 1996). Angular rays from the callosal centroid (CG) can be used to
produce a partition with 100 equiangular elements (e) (Rajapakse et al., 1996). The center
of these elements (e) can also be used to derive a curvilinear reference line (d) (Clarke et
al., 1989). By using a set of nodes to partitioning this line into 5 (as in d) or 30 (Clarke et al.,
1989) equal segments, a slightly different set of sectors can be defined based on the
shortest line through each node connecting inner and outer callosal boundaries. These
shortest lines form the basis for maximal splenial width (SW) and minimal body width (BW)
measurements (Clarke and Zaidel, 1994), and derived bulbosity measures (Clarke et al.,
1989). Alternatively, sets of 100 nodes equally spaced along inner and outer boundaries (f)
can be joined directly (Denenberg et al., 1991), before a factor analysis to determine a
natural partition. Stievenart et al. (1997) partition the callosum by defining rays (g) normal to
a series of equidistant nodes on the ventral callosal boundary. Finally, approaches based
on deformable templates (h) measure the deformation required to match a digital tem-
plate of the callosum with callosal outlines from individual subjects. Atlases also can be
passively carried along in the deformation to reveal patterns of shape difference or shape
change over time (Thompson et al., 2000). A simulated deformation is shown in h. Statistics
of these deformation maps can be used to localize and test the significance of patterns of
shape differences (Davatzikos et al., 1996; Bookstein, 1997; Thompson and Toga, 1998)
(schematics shown here are adapted from diagrams created by Clarke et al., 1989;
Witelson, 1989; Clarke and Zaidel, 1994; Rajapakse et al., 1996; Stievenart et al., 1997).

With the advent of
deformable maps that

can incorporate
variability, individual

structures such as
specific nuclei or other

distinguishable
anatomic features are

more frequently the
subject of intensive

mapping efforts.
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subject’s anatomy cannot succeed
fully. A deformable brain atlas coun-
teracts some of the limitations of a
fixed atlas by using mathematically
flexible transformations, but its suc-
cess remains based on the premise
that brains resemble a prototypical
template of anatomy, and can be pro-
duced by continuously deforming it.

To realize the quantitative potential
of digital atlases, data from single sub-
jects must be extendable to popula-
tions (Mazziotta et al., 1995, 2000).
Atlasing considerations suggest that a
statistical confidence limit, rather
than an absolute representation of
neuroanatomy, may be more appro-
priate for representing particular sub-
populations.

Population-Based Atlasing
Approaches

Methods to create probabilistic brain
representations currently fall into
three major categories, each differing
slightly in its conceptual foundations.
The three methods are: the density-
based, label-based, and deformation-
based approaches. Benefits of each ap-
proach are outlined below.

Density-based approaches. Initial
approaches to population-based atlas-
ing concentrated on generating ‘aver-
age’ representations of anatomy by in-
tensity averaging of multiple MRI
scans (Evans et al., 1992; Andreasen et
al., 1994). A large number of MRI
scans are each linearly transformed
into stereotaxic space, intensity-nor-
malized and averaged on a voxel-by-
voxel basis, producing an average in-
tensity MRI dataset. The average
brains that result have large areas, es-
pecially at the cortex, where individ-
ual structures are blurred out due to
spatial variability in the population.
Although this blurring limits their
usefulness as a quantitative tool, the
templates can be used as targets for
the automated registration and map-
ping of MR and co-registered func-
tional data into stereotaxic space
(Evans et al., 1994).

Label-based approaches. In label-
based approaches (Evans et al., 1994;
also known as SPAM approaches,
short for ‘statistical/probabilistic

anatomy maps’), large ensembles of
brain data are manually labeled, or
‘segmented,’ into sub-volumes, after
mapping individual datasets into ste-
reotaxic space. A probability map is
then constructed for each segmented
structure, by determining the propor-
tion of subjects assigned a given ana-
tomic label at each voxel position in
stereotaxic space (Evans et al., 1994;
Otaky et al., 1995; Paus et al., 1996).
The prior information that these
probability maps provide on the loca-
tion of various tissue classes in stereo-
taxic space has been useful in design-
ing automated tissue classifiers and
approaches to correct radio-frequency
and intensity inhomogeneities in MR
scans (Zijdenbos and Dawant, 1994).
In our laboratory, we have also used
SPAM probabilistic maps to constrain
the search space for significant activa-
tions in PET and SPECT imaging ex-
periments (Dinov et al., 1998; Mega et
al., 1998). Statistical data on anatomic
labels and tissue types normally found
at given positions in stereotaxic space
provide a vital independent source of
information to guide and inform
mathematical algorithms that analyze
neuroanatomic data in stereotaxic
space.

Deformation-based approaches. As
noted earlier, when applied to two dif-
ferent 3D brain scans, a non-linear
registration or warping algorithm cal-
culates a deformation map that
matches up brain structures in one
scan with their counterparts in the
other. The deformation map indicates
3-dimensional patterns of anatomic
differences between the two subjects
(Bookstein, 1989). In probabilistic at-
lases based on deformation maps
(Thompson and Toga, 1997, 1998a),
statistical properties of these defor-
mation maps are encoded locally to
determine the magnitude and direc-
tional biases of anatomic variation.
Encoding of local variation can then
be used to assess the severity of struc-
tural variants outside of the normal
range, which may be a sign of disease
(Amit et al., 1991; Callini et al., 1994b;
Thompson et al., 1997). A major goal
in designing this type of pathology de-
tection system is to recognize that
both the magnitude and local direc-
tional biases of structural variability

in the brain may be different at every
single anatomic point (Thompson et
al., 1996). In contrast to the intensity
averaging of other current approaches
(Evans et al., 1992; Andreasen et al.,
1994), an anisotropic random vector
field framework is introduced to en-
code directional biases in anatomic
variability and map out abnormalities
in new subjects (Thompson et al.,
1997; Grenander and Miller, 1998).

The three major approaches for
probabilistic atlas construction differ
only in the attribute whose statistical
distribution is modeled and analyzed.
Random vector fields (i.e., vector dis-
tributions of deformation vectors at
each point in space) are analyzed in
approaches based on deformation
maps, while random scalar fields are
used to model MR intensity statistics
in the density-based approach, and to
model the incidence of binary labels
in space in the label-based approach.

Encoding Brain Variation

Realistically complex mathematical
strategies are needed to encode com-
prehensive information on structural
variability in human populations. Par-
ticularly relevant is 3-dimensional sta-
tistical information on group-specific
patterns of variation, and how these
patterns are altered in disease. This in-
formation can be encoded so that it can
be exploited by expert diagnostic sys-
tems, whose goal is to detect subtle or
diffuse structural alterations in disease.
Strategies for detecting structural
anomalies can leverage information in
databased anatomic data by invoking
encoded knowledge on the variations in
geometry and location of neuroana-
tomic regions and critical functional in-
terfaces, especially at the cortex.

Atlases of Cortical Patterns

The random vector field approach is a
general strategy to construct popula-
tion-based atlases of the brain
(Thompson and Toga, 1997). Briefly,
given a 3D MR image of a new subject,
a high-resolution parametric surface
representation of the cerebral cortex
is automatically extracted. The algo-
rithm then calculates a set of high-
dimensional volumetric maps, elasti-
cally deforming this surface into
structural correspondence with other
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cortical surfaces, selected one by one
from an anatomic image database.
The family of volumetric warps so
constructed encodes statistical prop-
erties of local anatomical variation
across the cortical surface. Special-
ized strategies elastically deform the
sulcal patterns of different subjects
into structural correspondence, in a
way that matches large networks of

gyral and sulcal landmarks with their
counterparts in the target brain.

Cortical morphology is notoriously
complex, and presents unique chal-
lenges in anatomic modeling investi-
gations. In response to these chal-
lenges, much research has been
devoted to developing cortical param-
eterization and flattening algorithms.
These methods optimally transform

maps of cortical features onto a sim-
pler, non-convoluted surface such as a
2D plane (Van Essen and Maunsell,
1980; Schwartz and Merker, 1986;
Carman et al., 1995; Drury et al.,
1996), an ellipsoid (Dale and Sereno,
1993; Sereno et al., 1996) or a sphere
(Davatzikos, 1996; Thompson et al.,
1996a, 1997, 1998a).

Cortical parameterization offers
substantial advantages for visualizing
cortical topography, and provides po-
tentially clearer interpretations of
how architectonic fields and func-
tional loci are related in the cortex
(Van Essen et al., 1997). Parameter-
ization and flattening techniques have
also been applied to cortical models
derived from the Visible Human data-
sets (Spitzer et al., 1996), and the re-
sulting templates have served as the
foundation for developing related at-
lases of cortical regions (Drury and
Van Essen, 1997). These cortical at-
lases serve as a structural framework
upon which architectonic, functional,
and electrophysiological data, can be
compared and integrated. Parametric
models of the cortex also make com-
parisons of cortical anatomy more
tractable in disease states (Thompson
et al., 1997) and even across species
(Van Essen et al., 1997). They can also
help overcome problems caused by
wide cross-subject variations in corti-
cal geometry, by supporting non-lin-
ear registration of cortically-derived
functional data and histologic brain
maps localized at the cortex (Davatzi-
kos, 1996; Thompson and Toga, 1996;
Mega et al., 1997).

Warping the Cerebral Cortex

Despite the advantages provided by
transformations that simplify its ge-
ometry, the cortical surface presents
significant challenges for all brain
mapping and registration algorithms
that strive to match the anatomy of
one subject’s cortex with another. The
need to make comparative measure-
ments at the cortex across subjects re-
quires a surface-to-surface warp that
not only matches overall cortical ge-
ometry, but also enforces point-to-
point correspondence to a higher de-
gree. Specialized approaches have
been developed to match cortical re-
gions, so that networks of sulci and
gyri are individually matched (Thomp-

Figure 5. Cortical flattening and averaging. Average cortical surfaces can be generated
for a subject population by matching gyral patterns across individuals. a: A flattened
representation of the cortex (cf., Van Essen et al., 1997; Thompson et al., 2000) for the left
hemisphere of one subject, with the average cortical pattern for the group overlaid
(colored lines). b: Shows the result of transforming the individual’s sulcal pattern into the
average configuration for the group, using an image warping algorithm (Thompson et al.,
2000). The 3D cortical regions that map to these average locations are then recovered in
each individual subject, as follows. A color code (c) (Thompson and Toga, 1997) represent-
ing 3D cortical point locations 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 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 (f); this average is based on N 5 9 Alzheimer
patients). Note that a smooth cortex is produced (e) if the color images are averaged
without warping, as gyral landmarks do not constructively interfere in the averaging pro-
cess. The transformation fields that map individuals onto the group average can also be
stored and used to measure regional anatomic variability (see Thompson et al., 2000 for a
detailed review).
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son and Toga, 1996, 1998; Fig. 5). Dif-
ferences in the serial organization of
cortical gyri prevent exact gyrus-by-
gyrus matching of one cortex with an-
other. Some cortical areas are partic-
ularly subject to variations in the
incidence and topology of accessory
gyri, and one subject may have two or
three gyri where one gyrus is found in
another subject. This feature is espe-
cially notable in studies of paracingu-
late and temporo-parietal regions, in
particular the planum temporale and
posterior perisylvian areas that form a
critical part of the language represen-
tation of the left hemisphere (Ono et
al., 1990; Leonard, 1996; Paus et al.,
1996). Because the assumption that
brains are topologically equivalent
breaks down once the functional units
of the cortex are finely subdivided, an
important intermediate goal has been
to identify and match a comprehen-
sive network of sulcal and gyral ele-
ments that are consistent in their in-
cidence and topology across subjects
(Ono et al., 1990; Rademacher et al.,
1993; Thompson et al., 1996, 1997).

In surface-based approaches, 3D
deformable models (Cohen and Co-
hen, 1992; MacDonald et al., 1993; Da-
vatzikos, 1996; Thompson and Toga,
1996) are used to automatically ex-
tract parametric representations of
each subject’s cortex, on which corre-
sponding networks of anatomical

curves are identified. The transforma-
tion relating these networks is ex-
pressed as a vector flow field in the
parameter space of the cortex that in-
directly specifies a correspondence
field in 3D driving one cortical surface
into the shape of another (Drury et al.,
1996; Davatzikos, 1996; Thompson
and Toga, 1996; see Fig. 5).

An advantage of this approach is
that an average model of the cortex
can be generated for a population that
retains the major gyral and sulcal
landmarks (Fig. 5f). First, a set of col-
or-coded 2D images is generated so
that each point in the 2D image in-
dexes a point on the cortical surface
(Fig. 5c). These images essentially
store information on the morphology
of the cortex. These images, however,
can then be warped so that corre-
sponding gyri are aligned across sub-
jects. If the warped images (Fig. 5d)
are averaged pixel-by-pixel, the result-
ing color-coded image can be con-
verted back into a cortical model with
the average geometry of the group,
which still retains gyral features (Fig.
5f; Thompson et al., 2000b).

This cortical averaging approach
can therefore retain features of the
cortex that would in general be
washed away by averaging brain im-
ages directly. By retaining an average
geometry for the cortical pattern,
other features of cortical organization

emerge after group averaging, that
may not be apparent in an individual,
due to the large cross-subject varia-
tions in cortical patterning. The aver-
age profile of cortical asymmetry in a
population can be computed, for ex-
ample, by averaging geometric mod-
els of the sulcal pattern, and compar-
ing the results in both brain
hemispheres (Fig. 6; Thompson et al.,
2000). The ability to compare these
cortical models across groups and
across time can then be used to test
hypotheses about the loss of cortical
asymmetry in disease (Narr et al.,
2000), its progression during develop-
ment (Sowell et al., 2000), and modu-
lation by disease processes (Thomp-
son et al., 1998a).

Disease States

Cortical structure is severely affected
in disease states such as Alzheimer
disease, Pick disease and other de-
mentias, by tumor growth, and in
cases of epilepsy, cortical dysplasias,
and schizophrenia. Cortical matching
approaches can be exploited by algo-
rithms that detect these alterations. In
one approach (Thompson et al.,
1997), a probability space of random
transformations, based on the theory
of anisotropic Gaussian random
fields, encodes information on com-
plex variations in gyral and sulcal to-
pography from one individual to an-
other. Confidence limits in stereotaxic
space are determined, for cortical sur-
face points in a new subject’s brain,
and color-coded probability maps are
created to highlight and quantify re-
gional patterns of deformity in the
anatomy of new subjects.

POPULATION SPECIFICITY

Coordinate Systems

Atlasing of developmental brain data
presents unique challenges. Imposi-
tion of standardized coordinate sys-
tems is difficult, and their relationship
to anatomic nomenclature is hard to
define, when potentially drastic mor-
phological differences exist among
data sets. In Yoon et al. (1997), a pho-
tographic atlas of the human embryo
was created, based on detailed obser-
vations in utero from the 4th to the
7th week after ovulation (Carnegie
Stages 10–18). In Chong et al. (1997),

Figure 6. Mapping brain asymmetry. By averaging geometric models of sulcal landmarks in
each brain hemisphere, the average pattern of structural asymmetry can be computed for
a population. Here the magnitude of structural asymmetry clearly apparent (N 5 20 normal
elderly subjects) in perisylvian cortices. The average right (R) hemisphere cortical pattern is
torqued forward relative to the same cortical elements in the left brain hemisphere (L),
consistent with in vivo and post mortem volumetric studies. By better defining the param-
eters of allowable normal variations, the resulting information can be leveraged to distin-
guish normal from abnormal anatomical variants (Thompson et al., 2000a).
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26 normal formalin-fixed fetal speci-
mens with a gestational age of 9 to 24
weeks were examined with high-reso-
lution MRI using a conventional clin-
ical magnet and pulse sequences, and
MR findings were correlated with his-
tologic atlas data. Although templates
of normal development helped to
identify expected developmental fea-
tures, it was noted that direct correla-
tion of fetal MR images with anatomic
atlases might result in a mistaken di-
agnosis of delayed development, be-
cause of a time lag in the detection of
structures on MR images.

Current atlases of fetal development
(O’Rahilly and Müller, 1987; England,
1990) use collections of labeled data
from multiple imaging modalities to
characterize specific developmental
stages. The first comprehensive MRI
atlas of pediatric cranial anatomy
(Salamon et al., 1990) incorporates
180 MRI scans acquired parallel to the
orbito-meatal anatomical plane, and
360 explanatory diagrams depicting
functional neuroanatomy from birth
through 16 years of age. In this collec-
tion, 3D horizontal and sagittal im-
ages facilitate identification of sulci
and gyri. Stereotaxic coordinate sys-
tems, however, were not applied to
the atlas data due to difficulties in us-
ing them to reference embryonic and
pediatric data. In the spirit of the de-
formable atlas methods described ear-
lier, extreme deformations could be
imposed to fit all stages of develop-
ment into a standardized atlas, but
this would hardly meet the primary
requirement of atlasing, which is to
provide a natural coordinate frame-
work in which to localize and classify
structures present in developing brains.

Alternatively, different atlases and
coordinate systems for several dis-
crete stages of development might be
used. Numerous anatomic features,
due to their emergence and disappear-
ance during development, could be
used to place individual brains into an
appropriate atlas in the set. Warping
approaches could then be applied to
the atlas coordinate systems as a basis
to compare and quantitate develop-
ment (Toga et al., 1996b; Thompson et
al., 1998b). Temporal interpolation
between atlases in the set could be
used to generate additional anatomic
templates, representing brains at any

stage of maturity in between those
stages represented in the initial inven-
tory.

DYNAMIC MAPS

In many ways, static representations
of brain structure are ill-suited to an-
alyzing dynamic processes of brain
development and disease. The intense
interest in brain development and dis-
ease mandates the design of mathe-
matical systems to track anatomical
changes over time and map dynamic
patterns of growth or degeneration.

Temporal Maps of Brain
Structure

Current structural brain imaging in-
vestigations typically focus on the
analysis of 3-dimensional models of
brain structure, derived from volu-

metric images acquired at a single
time-point from each subject in the
study. Serial scanning of human sub-
jects, when combined with a powerful
set of warping and analysis algo-
rithms, however, can enable disease
and growth processes to be tracked in
their full spatial and temporal com-
plexity.

One of the most promising applica-
tions of warping algorithms is their
use as a virtual sensor (Gee et al.,
1993), creating exquisitely detailed
maps of anatomic differences. Maps
of anatomical change can also be gen-
erated by warping scans acquired
from the same subject over time
(Thompson et al., 1998b). Serial scan-
ning of human subjects (Fox et al.,
1996; Freeborough et al., 1996;
Thompson et al., 1998b) or experi-
mental animals (Jacobs and Fraser,

1994) in a dynamic state of disease or
development offers the potential to
create 4-dimensional models of brain
structure. These models incorporate
dynamic descriptors of how the brain
changes during maturation or dis-
ease. For a range of patient popula-
tions, 4D models of the brain can be
based on imaging and modeling its
3-dimensional structure at a sequence
of time-points. In a changing mor-
phology, warping algorithms enable
one to model structural changes that
occur over prolonged periods, such as
developmental, aging or disease pro-
cesses, as well as structural changes
that occur more rapidly, as in recov-
ery after trauma or tumor growth. A
4-dimensional approach can provide
critical information on local patterns
and rates of tissue growth, atrophy,
shearing and dilation that occur in the
dynamically changing architecture of
the brain (Toga et al., 1996b; Thomp-
son et al., 1998b).

Mapping Growth Patterns in
Four Dimensions

In our initial human studies (Thomp-
son et al., 1998b; Thompson and
Toga, 1998b), we developed several al-
gorithms to create 4-dimensional
quantitative maps of growth patterns
in the developing human brain. Time-
series of high-resolution pediatric
MRI scans were analyzed. The result-
ing 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.

3D (2562 3 124 resolution) T1-
weighted fast SPGR (spoiled GRASS)
MRI volumes were acquired from
young normal subjects (mean age:
8.663.1 yrs.) at intervals ranging from
2 weeks to 4 years. Pairs of scans were
selected to determine patterns of
structural change across the interval
between the two scans. These scan
pairs were pre-processed with a radio-
frequency bias field correction algo-
rithm, and rigidly registered using au-
tomated image registration software
(Woods et al., 1993). Registered scans
were then histogram-matched and a
preliminary map of differences in MR
signal intensities between the two
scans was constructed. Although dif-

The intense interest in
brain development and
disease mandates the

design of mathematical
systems to track

anatomical changes
over time and map
dynamic patterns of

growth or degeneration.
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ference maps help to determine
whether structural change has oc-
curred in dementia (Freeborough et
al., 1996), these maps do not localize
change, nor do they provide 3-dimen-
sional measures of dilation, contrac-
tion or shearing of anatomic regions.
To address this, parametric mesh
models (Thompson et al., 1996a,
1997, 1998a) were created to repre-
sent a comprehensive set of deep sul-
cal, callosal, caudate and ventricular
surfaces at each time-point. Parame-
terized cortical surface models were
also automatically extracted from
each of the mutually registered histo-
gram-matched scans. Surface models
based on manually-digitized data
were averaged across multiple trials
(N 5 6) to minimize error. The defor-
mation field required to match the

surface anatomy of one scan with the
other was extended to the full volume
using a continuum-mechanical model
based on the Cauchy-Navier operator
of linear elasticity (Thompson and
Toga, 1998b). Deformation processes
recovered by the warping algorithm
were then analyzed using vector field
operators to produce a variety of ten-
sor maps. 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 re-
covered by the transformation.

Tensor Maps of Growth

In contrast to the near-zero maps of
change recovered at short time inter-

vals (2 weeks), tensor maps of growth
spanning large time intervals (4 years)
showed complex and heterogeneous
patterns of change. In one subject
scanned at ages 7, 9 and 11, compar-
ative stability of lobar and thalamic
anatomy, and negligible changes at
the cortex, were accompanied by pro-
nounced focal growth of the callosal
isthmus (up to 80%; Fig. 7a,b), ven-
tricular enlargement and loss of cau-
date tissue (Fig. 7c). Similar tensor
mapping approaches can reveal the
complex dynamics of tissue loss in in-
dividuals or groups of patients with
Alzheimer disease (Fig. 7d,e; Thomp-
son et al., 2000f).

In the near future, these brain map-
ping techniques will provide the abil-
ity to map growth and degeneration in
their full spatial and temporal com-

Figure 7. Mapping dynamic growth and regressive processes in the brain. Tensor maps (Thompson et al., 2000) can be used to reveal the
patterns of growth in the developing brain. Local growth rates can also be mapped. An image warping algorithm, based on the principles
of continuum mechanics, is used to reconfigure a subject’s anatomy from its shape at an initial time-point into its shape at a later
time-point. Eighty percent growth at the callosal isthmus is observed across a 4-year time-span, (a) in a girl imaged with MRI at ages 8 and
12, and (b) in another girl imaged at ages 9 and 13. Tissue loss (blue colors, c) is also observed in a young boy between the ages of 7 and
11, revealing the complex profiles of growth and regressive processes occurring at this comparatively late period of brain development.
Tensor maps also reveal the dynamic complexity of tissue loss in a female patient with Alzheimer disease imaged at the beginning and end
of a 19-month interval with high-resolution MRI (d). The patient, aged 74.5 years at first scan, exhibits faster tissue loss rates (e) in the
hippocampal head (10% per year) than in the fornix. These maps can elucidate the dynamics of degeneration and therapeutic response
in an individual or a population (Thompson et al., 2000).
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plexity. Despite logistic and technical
challenges, these mapping ap-
proaches hold tremendous promise
for representing, analyzing and un-
derstanding the extremely complex
dynamic processes that affect regional
anatomy in the healthy and diseased
brain. (See Marshall and Marshall,
1994, for a detailed review.)

SPECIES

An immense variety of brain maps
and atlases have been created to rep-
resent non-human primates, and a va-
riety of other species. Despite the ad-
vent of modern neuroimaging, our
knowledge of the molecular, cellular,
systems and functional organization
of the human brain remains rudimen-
tary compared with the vast number
of neuroscientific studies conducted
in other species. The systematic elec-
trophysiologic mapping of the neocor-
tex in a wide range of mammals has
revealed how cortical specialization
varies across species (Manzoni, 1997).
Many specialized stereotaxic systems,
atlases, and parcellation schemes
have also been developed for brain
mapping in non-human species (e.g.,
Shantha et al., 1968; Szabo and
Cowan, 1984; Paxinos and Watson,
1986; Felleman and Van Essen, 1991;
Martin and Bowden, 1996). In parallel
with the development of interna-
tional, electronic registries for human
brain mapping data (e.g., BrainMap;
Fox et al., 1994), similar systems are
under active development for the ar-
chival and meta-analysis of brain
mapping data obtained in other spe-
cies.

Multi-Modality Maps

Neuroimaging investigations in non-
human primates have also included
multi-modality studies. In our labora-
tory (Cannestra et al., 1998), a 3D
multi-modality computerized map of
the Nemestrina monkey brain was cre-
ated by combining pre-mortem CT,
PET, and MRI with a reconstructed
post mortem volume of high-resolu-
tion full-color cryosection images,
captured at 50 micron increments.
The resulting data sets were reposi-
tioned into the Horsley and Clark
(1908) stereotaxic coordinate system,
and labeled 3D surface models were

reconstructed to represent nuclei,
tracts, and other neuroanatomical
features.

In the future, statistical character-
ization of the relationships among
cortical regions in human and non-
human primate populations will be
invaluable in investigating how archi-
tectural patterns vary across individu-
als and species. Because neuronal
connectivity patterns have been
mapped extensively in several species,
brain mapping tools that support
cross-species comparisons of brain
maps are likely to help in elucidating
the complex functional geography of
the human cortex.

CONCLUSION

As we have seen, the use of brain
maps is as varied as their construc-
tion. Their utility results from their
capacity to measure, visualize, com-
pare and summarize brain images.
Maps can take on many forms, from
descriptions of structure to function
of the whole brain to maps of groups
or populations. Individual systems of
the brain can be mapped as can
changes over time, as in development
or degeneration. Maps enable com-
parison across individuals, modalities
or states. Differences between species
can be catalogued. But in most cases,
the value added by brain maps is the
unique and critical ability to integrate
information from multiple sources.
Although dependent upon appropri-
ate coordinate systems, deformation
methods and visualization strategies,
accurate and representative brain
maps hold the most promise for help-
ing to create a comprehensive under-
standing of brain in health and dis-
ease.
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Symbolic modeling of human anatomy
for visualization and simulation. IEEE
Vis Biomed Comp 2359:412–423.

Rabbitt RD, Weiss JA, Christensen GE,
Miller MI. 1995. Mapping of hyperelastic
deformable templates using the finite el-
ement method. Proc SPIE 2573:252–265.

Rademacher J, Caviness VS Jr, Steinmetz
H, Galaburda AM. 1993. Topographical
variation of the human primary cortices:
Implications for neuroimaging, brain
mapping and neurobiology. Cereb Cor-
tex 3:313–329.

Rajapakse JC, Giedd JN, Rumsey JM, Vai-
tuzis AC, Hamburger SD, Rapoport JL.
1996. Regional MRI measurements of the
corpus callosum: a methodological and de-
velopmental study. Brain Dev 18:379–388.

Rajkowska G, Goldman-Rakic P. 1995. Cy-
toarchitectonic definition of pre-frontal

REVIEW THE ANATOMICAL RECORD (NEW ANAT.) 51



areas in the normal human cortex: II.
Variability in locations of areas 9 and 46
and relationship to the Talairach coordi-
nate system. Cereb Cortex 5:323–337.

Roland PE, Zilles K. 1994. Brain atlases—A
new research tool. Trends Neurosci 17:
458–467.

Rizzo G, Gilardi MC, Prinster A, Grassi F,
Scotti G, Cerutti S, Fazio F. 1995. An
elastic computerized brain atlas for the
analysis of clinical PET/SPET data. Eur
J Nucl Med 22:1313–18.

Salamon G, Raynaud C, Regis J, Rumeau
C. 1990. Magnetic resonance imaging of
the pediatric brain: an anatomical atlas.
New York: Lippincott-Raven Publishers.

Sandor SR, Leahy RM. 1994. Matching de-
formable atlas models to pre-processed
magnetic resonance brain images. Proc
IEEE Conf on Image Processing 3:686–690.

Sandor SR, Leahy RM. 1995. Toward au-
tomated labeling of the cerebral cortex
using a deformable atlas. In: Bizais Y,
Barillot C, Di Paola R, editors. Info Pro-
ceedings in Medical Imaging, June 1995.
p 127–138.

Schaltenbrand G, Bailey P. 1959. Introduc-
tion to stereotaxis with an atlas of the
human brain. New York, Stuttgart: Thi-
eme.

Schaltenbrand G, Wahren W. 1977. Atlas
for stereotaxy of the human brain, 2nd
ed. New York, Stuttgart: Thieme.

Schiemann T, Nuthmann J, Tiede U,
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