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The last two decades have seen an unprecedented development of human brain mapping approaches at various
spatial and temporal scales. Together, these have provided a large fundus of information on many different as-
pects of the human brain including micro- and macrostructural segregation, regional specialization of function,
connectivity, and temporal dynamics. Atlases are central in order to integrate such diverse information in a topo-
graphically meaningful way. It is noteworthy, that the brain mapping field has been developed along several
major lines such as structure vs. function, postmortem vs. in vivo, individual features of the brain vs.
population-based aspects, or slow vs. fast dynamics. In order to understand human brain organization, however,
it seems inevitable that these different lines are integrated and combined into amultimodal human brainmodel.
To this aim,weheld aworkshop todetermine the constraints of amulti-modal humanbrainmodel that are needed
to enable (i) an integration of different spatial and temporal scales and data modalities into a common reference
system, and (ii) efficient data exchange and analysis. As detailed in this report, to arrive at fully interoperable
atlases of the human brain will still require much work at the frontiers of data acquisition, analysis, and represen-
tation. Among them, the latter may provide themost challenging task, in particular when it comes to representing
features of vastly different scales of space, time and abstraction. The potential benefits of such endeavor, however,
clearly outweigh the problems, as only such kind of multi-modal human brain atlas may provide a starting point
from which the complex relationships between structure, function, and connectivity may be explored.

© 2014 Elsevier Inc. All rights reserved.
Introduction

The last two decades have seen remarkable advances in human
brain mapping at multiple spatial and temporal scales. Together, these
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developments have provided a large corpus of information about
many different aspects of human brain organization, including micro-
and macro-structure, regional specialization of function, (structural
and functional) connectivity, as well as temporal dynamics. They have
also led to specialized brain mapping subfields along several major
lines, such as structure vs. function, postmortem vs. in vivo, individual
features vs. population-based aspects, as well as slow vs. fast dynamics
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(Toga et al., 2006). In order to relate these different aspects to each other
and understand the organization of the human brain, it is necessary to
achieve closer integration across modalities. One key aspect of this in-
volves multi-modal human brain atlases. The concept of a multi-modal
atlas is not new — different modalities ranging from cytoarchitecture
or gene expression data to activity and connectivity maps identified
through functional imaging have been mapped in the past, and com-
bined into a common reference space (e.g., Eickhoff et al., 2005;
Hawrylycz et al., 2012; Toga et al., 2006; Van Essen et al., 2012). A fre-
quently used volumetric reference space is the Montreal Neurological
Institute (MNI) space for which thousands of individual data sets have
been collected in the past (Evans et al., 1992, 2012). Differentmodalities
can thus be compared using the topography represented by MNI space
as a framework.

This approach, while having proven invaluable for reconciling dis-
tinct data sets into a common 3-dimensional coordinate framework,
also has drawbacks. In order to take full advantage of a multi-modal ap-
proach, a comprehensive brain atlas must go beyond a simple superim-
position of individual datasets or aspects of brain organization and
instead should integrate data across multiple modalities as accurately
as possible as a prerequisite for quantitative analyses of their interrela-
tionships. Meeting this objective entails compensating for individual
variability in functional and microstructural organization rather than
just using shape features (e.g., folding patterns) for inter-subject align-
ment. In addition, several constraints must be respected to enable the
integration of different spatial and temporal scales, as well as different
data modalities into a common reference system for efficient data ex-
change, visualization, and analysis.

In June of 2013, the International Neuroinformatics Coordinating
Facility (INCF) held a workshop as a satellite event of OHBM 2013 in
Seattle, WA, USA, entitled Towards a multi-modal human brain atlas,
which brought together scientists from the different brain mapping
fields who aim to identify the limitations of such multi-modal human
brain model and to identify potential solutions to these constraints.
The participants agreed that given the highly diverse needs of different
fields within neuroscience with respect to standards and templates, a
single template or reference brain for all applications should be inade-
quate. Instead, themulti-modal human brain model is envisioned to re-
side inmultiple, interoperable reference spaces. It is also clear, however,
that an open-ended number of reference spaces and templates
poses a challenge because unconstrained proliferation would ne-
gate the very idea of a reference space. Moreover, there is only
one reference space presently available, the BigBrain (Amunts
et al., 2013), which is capable of integrating data about the micro-
structure of the human brain, or results of physiological recordings
of small networks while considering the topography of the brain at
a spatial resolution of 20 μm. Thus, the community needs to define
the rules for how to navigate among different spaces, to develop an
approach that considers how a multi-modal brain atlas is built, and
to set the criteria for quality of certain reference spaces or tem-
plates. Here, we propose some steps in that direction and present
a summary of the key challenges impeding this vision of interoper-
able multi-modal human brain atlases as well as a potential
roadmap towards such models.

Before starting, we would like to point out, that while presenting
challenges and potential solutions to these that are generic to brain
atlas development, we focus our presentation and the provided exam-
ples onmapping the graymatter of the human brain based on structure,
function and connectivity. Conversely, the construction of white matter
atlases based (primarily) on diffusion-weighted imaging (e.g.,
Durrleman et al., 2011; Oishi et al., 2008; Prasad et al., 2014; Thiebaut
de Schotten et al., 2011; Zhang et al., 2010), their integration with
those representing gray matter features or cross-species comparisons
(Dougherty et al., 2005; Jbabdi et al., 2013; Javad et al., 2014; Sallet
et al., 2013; Thiebaut de Schotten et al., 2012; Yendiki et al., 2011) will
not be in the focus of the present work. We hope that this constraint
will allow us to provide a more coherent overview on the state of the
field, the challenges towards a true multi-modal brain atlas and poten-
tial solutions to overcome these.

Key challenges for a multi-modal human brain atlas

Interoperability between reference spaces, templates, and other atlases

The spatial superposition and comparison of different templates
containing different sets of data will be crucial for accurate integra-
tion of different sources of knowledge and multi-modal mapping of
the human brain. As a result, establishing precise and representa-
tionally valid mappings between different standard spaces and
templates is of utmost importance towards the development of a
multi-modal human brain atlas (Zilles and Amunts., 2010), espe-
cially in light of the ever-increasing number of sub-group specific
templates (i.e. for different age groups, ethnicities, and pathologies,
cf. Fonov et al., 2011).

In this text, template refers to an exemplary brain scan or an
aggregate of brain scans, which are possibly multi-modal and
often averaged across multiple subjects. A space in this context is
simply the coordinate system associated with a specific template.
We can think of an atlas as a way to label this (or these) image(s),
deciding where the structures or features described by the atlas lie
using the template coordinate system (cf. Fig. 1). In short, an atlas
can be defined as a mapping between a template and a probability
distribution associated with the set of labels. The mapping can
simply be from one point in the coordinate system (x,y,z) to one
specific label, but the definition above would account for
probabilistic atlases. Each position may have different labels: For
example, one and the same region in a brain can anatomically be
labeled based on its location in a particular gyrus, lobe, Brodmann
area, cytoarchitectonic area represented as a probabilistic map,
cortical layer, area defined by gene expression patterns or connec-
tivity, functional response pattern, etc.

While the methods for brain image registration are constantly im-
proving (Klein et al., 2009, 2010), mapping between templates or be-
tween individual subjects and a particular template is severely
impaired bywhat has been termed the correspondence problem; biolog-
ically, it has its origin in the inter-individual variability in size, shape,
and morphology of human brains. For example, not all macroscopic
brain landmarks (sulci, gyri, etc.) are present in the same way in each
subject, especially for the highly convoluted cerebral cortex (Ono
et al., 1990).

Inter-subject variability and methodically induced variability inter-
act and may influence biological parameters represented in a template
brain. In particular, the following factors are relevant:

I. normal variability depends upon the brain region — areas of
Broca's region are more variable, for example, than the primary
visual cortex and the striatum

II. normal variability depends upon the spatial scale investigated—

the occipital lobe is always at the back of the brain, but its shape,
sulcal pattern (secondary and tertiary sulci in particular), and the
location of individual cortical areas are variable (Caspers et al.,
2013)

III. the global features of the brain introduce some variability, a brain
of an Alzheimer patient will have different parameters than that
of a young adult or a newborn

IV. themethod employed for spatial normalization, e.g. the degree of
freedom for achieving spatial correspondence and the amount of
subsequent spatial smoothing

V. reproducibility of the respective feature, i.e., the amount of noise
that is associated with its observation

There are many cases where a one-to-one mapping of morphologi-
cal features between (template) brains is not feasible, e.g. when a



Fig. 1. A. Rendering of three anatomical regions in the left temporal lobe as delineated by two different brain atlases. The Superior Temporal from the ICBM atlas (yellow), overlaps both
theSuperior Temporal Gyrus (blue) and the Middle Temporal Gyrus (red) regions in the AAL atlas to differing degrees. B. The same region boundaries drawn as projections in the three
cardinal directions. An examination of the patterns of overlap in just 3 regions points to the complexity of the concordance problem. Image taken from http://dx.doi.org/10.1371/
journal.pone.0007200.g001 C. Illustration of the differences between templates not only in terms of resolution and blurring but also in terms of anatomical configuration. All four of
the displayed reference brains arewithinMNI space, i.e., should reflect the same stereotaxic space. From left to right, these are i) the single subject template (Colin27), the FIL EPI template,
the MNI152 linear average and the MNI152 non-linear average template.
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particular sulcus is duplicated or branched in one brain, but not in an-
other. In addition, mapping gross anatomical landmarks on each other
usually implies that there is a correspondence between the various
local structural and functional features, an assumption that is often
not proven. Consequently, aligning gross morphology, until recently
the standard approach for matching between subjects and templates,
may not always represent the optimal way to map between labels
(Brett et al., 2002; Tucholka et al., 2012; Robinson et al., 2014; Smith
et al., 2013).

Furthermore, the relationship between brain morphology and the
representations of cortical areas or functional specializations is also var-
iable (Amunts et al., 2004; Eickhoff et al., 2009). Hence, enforcing regis-
tration purely based on shape characteristics may lead to suboptimal
alignment of functional neuroanatomy, increased variance and a loss
of biological validity. Methods based on functional alignment have be-
come more and more applied — they approach the problem “from the
other site”, which makes sense for solving many scientific questions
(Dumoulin and Wandell, 2008; Frost and Goebel, 2012; cf. Javad et al.,
2014). Both approaches are relevant. Evidence has been provided last
time, that the relationship between sulcal morphology and functional
parcellation is close in regions beyondprimary cortical areas, e.g., the fu-
siform gyrus (Weiner et al., 2014). Since other areas such as areas 44
and 45 of Broca's region seem to exhibit a less strong relationship, it
would be relevant to address the variable relationship between both as-
pects of brain organization in a systematic way. However, the degree to
which idiosyncrasies and variability should be handled in the spatial
mapping between individuals, templates, and the ensuing atlases re-
mains a challenge (Devlin and Poldrack, 2007) for which multi-modal
registration algorithms are certainly part of the solution (Sabuncu
et al., 2010).

It should be noted that even when a one-to-onemapping is likely to
exist, the community has not always agreed on some common proce-
dure to identify regions or landmark. A striking example of the current
situation has been presented in Bohland et al., 2009. This work demon-
strates that even undisputed brain regions (e.g., the superior temporal
gyrus)may have little correspondence between different atlases. Efforts
to specify a standard procedure for labeling regions and/or landmarks in
the normal population are therefore critical to our ability to refer to the
same location across subjects (Klein and Tourville, 2012), and need to
be integrated in the relevant software packages. The variability induced
by the spatial registration procedures adds to currentmismatch of labels
between studies.

Heterogeneity and variability of features

Features can be classified according to certain aspects of brain orga-
nization, e.g., structure, function, and (functional or anatomical) con-
nectivity (Eickhoff and Grefkes, 2011). Within these axes, features can
be differentiated, which represent distinct, though not always indepen-
dent, information. For example, the density of cell bodies (“structure”)
is inversely correlated with the neuropil, i.e., space occupied by synap-
ses, dendrites, and axons (“connectivity”). In addition, the attribution
to one of these axes may not be unambiguous; e.g., the expression of a
certain transcription factor or a receptor for a certain neurotransmitter
can be interpreted both in terms of structure or function.

When comparing one and the same feature between different
brains, inter-subject differences occur. Limiting these differences just
to “noise”, which results in a “signal loss”, would not be adequate. Rath-
er inter-individual differences (inter-subject variability) is an important
topic of research as it may contain important information, for example
for a certain cognitive experience or ability (Schlaug et al., 1995). In
fact, relating inter-individual differences in brain structure to behavioral
phenotype may represent a most powerful approach to inferring func-
tional correlates of inter-personally variable anatomy (e.g., Durrleman
et al., 2011; Thiebaut de Schotten et al., 2011). Following the notion
that inter-subject variability may be a key component of understanding
brain organization, most current brain atlases are probabilistic by their
very nature (e.g., Forkert et al., 2012; Mazziotta et al., 2001; Roland
and Zilles, 1994; Sun et al., 2012) and hence reflect this important as-
pect of brain organization.

Another important though often neglected scale is that of inter-
subject averaging — within the analysis of a neuroimaging experiment
and also in the creation of that template itself (e.g., the MNI 305, MNI
152, etc.; Evans et al., 2012). Many spatial features of brain organization
show marked inter-individual differences and become lost when aver-
aging across subjects. The orientation columns in the visual cortex pro-
vide the best example of such a feature. While these may be clearly
identified in individual subjects, their arrangement and number is high-
ly variable across subjects, resulting in a loss of feature information
when pooling over different individuals (Yacoub et al., 2008).

At the other end of the averaging spectrum are those features
that can only be identified at the group level such as task-based co-
activation patterns that emerge from the aggregation of hundreds of dif-
ferent neuroimaging experiments collectively probing a vast multitude
of paradigms (Eickhoff et al., 2010) or structural covariance maps that
are calculated by the correlation of anatomical features across subjects
(Evans, 2013). Mapping the human brain and creating a probabilistic
multi-modal atlaswill provide information that allows inference on fea-
tures and their variability across a population, as illustrated by multi-
modal data obtained from the Human Connectome Project (Smith
et al., 2013). The relationship between features that i)may bridge across
scales, those that ii) are only describable at the individual level, and
those that iii) are defined by across subject relationships are important
frontiers for investigation.

Finally it has to be mentioned that the quality and meaning of fea-
tures also depends on methodological aspects. The spatial scale of
many features depends on the amount of deformation that is enforced
during the spatial normalization, e.g. the parameterization and regula-
tion of the registration method, necessary to switch from one represen-
tation to the other and/or filtering applied prior to data analysis. That is,
there can be a complex interaction between the spatial scale of features
that can be represented in a map, spatial registration, the choice of the
template and of the employed atlas. As a simple example, it has repeat-
edly been shown that functional maps may be markedly different
depending on whether analysis is carried out on volume- or surface-
based templates following volume- and surface-based registration, re-
spectively (Tucholka et al., 2012; Van Essen et al., 2012).

Time-dependency of atlas information

Although mapping the human brain and creating a multi-modal
atlas is intrinsically a spatial endeavor, the fact that features may be
expressed at very different time scales should not be ignored. On the
upper end of these temporal scales, changes during evolution
(Mantini et al., 2012; Orban et al., 2004; Sallet et al., 2013) and over
lifespan, both in development and aging, entail a massive effect on
any attempt to characterize brain structure, function, and connectivity
(Dougherty et al., 2005). Consequently, any map of regional organiza-
tion must be considered a reflection of a particular developmental
stage. This issue is further complicated by the fact that lifetime trajecto-
ries may differ over subjects, rendering brain maps substantially more
variable during periods of intensive development (e.g. during infancy
and childhood as well as aging) or in the presence of pathological pro-
cesses. Although such differences in trajectories and in regional inter-
individual variability are well acknowledged in the respective research
fields, attempts to capture them into a spatio-temporal framework are
few.

At the other temporal extreme, oscillatory brain activity and syn-
chronization of neuronal networks in the range of milliseconds repre-
sent the finest temporal scale that may be resolved by today's human
neuroimaging methods. Given their dynamic and often context-
dependent nature as well as their much coarser spatial resolution
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(e.g., in EEG or MEG data), such information is obviously difficult to
present in an atlas based on spatial templates. As a result, little effort
has yet beenmade to integrate information on the topographic distribu-
tion of features on fast temporal scales into human brain atlases. Never-
theless, dynamic features like electrical transient and oscillations do
have spatial properties as evident when looking at generator analyses
or power maps and there may thus be the potential to include features
that live on a faster temporal scale into a multi-modal brain atlas.

Integration of information from different subjects and experiments

As stated above, an atlas can be defined as a mapping from one or
more (individual or group) template, which define the spatial frame-
work, to a feature or label. This is different from traditional postmortem
atlases, e.g., Brodmann's cytoarchitectonic map (1909), which is based
on a single brain and single modality— cytoarchitecture. New atlas sys-
tems such as the JuBrain atlas have been constructed by registeringmul-
tiple brains on a template in order to represent inter-individual
correspondence in a probabilistic way and allow the integration across
modalities (Eickhoff et al., 2005; Zilles and Amunts, 2010). As a conse-
quence, the association of any other data to this atlas can only be prob-
abilistic. That is, different within one and the same system of labels,
features that may be mutually exclusive in an individual (two different
histological areas) may be associated with different probabilities to one
and the same position.

Atlas labels represent particular spatially constrained properties of a
specific cortical or subcortical location, e.g., a cytoarchitectonic area, a
functional response, a connection pattern, or the location on a given
gyrus. Numerical representation of labels or brain signals and their
probability/intensity are often calledmaps. The labeling of any given lo-
cation may be either probabilistic (in which each location is assigned a
probability for each of the different labels in the respective map) or de-
terministic (in which the mapping attributes to each location one and
only one label, i.e., one label has probability onewhereas the probability
for all other labels is zero). Probabilistic labels are particularly common
in population-basedmapping where they denote, e.g. the percentage of
subjects featuring a particular characteristic at any given location. In
turn, deterministic atlases may be derived from parcellations in a single
brain (e.g. by labeling anatomical features) or as the result of a hard
parcellation from probabilistic atlases (e.g., by computing maximum
probability maps).

In that context, it may be noted that some atlases may not cover all
brain regions, i.e., may not represent a complete map. In other words,
some location in spacemay have a probability of zero for each label. Ex-
amples are atlases for specific structure such as the thalamus and basal
ganglia Morel and Duvernoy's atlas of the brain stem and cerebellum
(Morel et al., 1997; Naidich et al., 2009). Atlases that are yet under de-
velopment, i.e., for which not all labels are yet available, such as the
JuBrain or the Brainnetome atlases, provide a related but in some aspects
also distinct case. In particular, a probability of zero for all labels in an
atlas covering a specific structure indicates that the current voxel is out-
side that structure. In a yet incomplete atlas, it could also be found at a
not yet mapped region.

One important endeavor in the context of atlas generation is to inte-
grate the wealth of individual maps and data (in particular those on
task-based functional neuroimaging data) into a larger framework of a
database. Coordinate databases like BrainMap, and Neurosynth, storing
the location of significant effects inmany individual experiments, repre-
sent important first steps into this direction as they, together with a ro-
bust taxonomy of experimental designs, allow meta-scale integration
on neuroimaging data and quantitative functional decoding (Laird
et al., 2009, 2011).

Integrating the intrinsically heterogeneous and noisy information
provided by the current neuroimaging literature with maps derived
from other modalities, such as anatomical features or connectivity, re-
mains an important challenge for the generation of a multi-modal
atlas (see Fig. 2). This can be facilitated by improvements in data acqui-
sition and analysis (cf. Smith et al., 2013; Van Essen et al., 2013).

Labeling regions or mapping features?

Several questions regarding the ultimate goal of human brain
atlasing arise from the inherent spatial complexity of the human
brain. The brain may be parcellated (by deterministic labels or maxi-
mum probability maps) or (probabilistically) labeled by a large number
of regionally specific properties: Is then the goal to identify and delineate
distinct regions in the brain, i.e., regions that are maximally different from
each other and maximally homogeneous within them? Or rather is the
goal to provide a multivariate and probabilistic description for each voxel
of one or several template spaces? Note that the second goal is more am-
bitious and one should relatively more easily be able to achieve the
first than the second. One of the particular challenges in the latter is
that atlases may not align as discussed above (atlas correspondence
problem), which will make it difficult for any modality to inform
another.

A detailed multivariate description of each brain location (voxel or
surface vertex) in an atlas has the seeming advantage in that more flex-
ible assumptions aremadewith respect to the underlying functional or-
ganization. In turn, such atlases have substantial drawbacks when it
comes to labeling a particular location — the problem of defining
where “I am” is merely postponed to later steps of analysis. Conversely,
approaches aimed at parcellating the brain into distinct regions provide
a counter advantage, as they allow for an easy communication of where
in the brain a particular property is located, albeit at the expense of not
reflecting the heterogeneous nature of regional differentiation and pro-
viding a “static” representation dependent on the set of features and the
specific algorithm used for labeling.

Last, note that there is a fundamental difference between a brain
characteristic that has a true probabilistic nature (e.g. the amount or
percentage of free dopaminergic receptors in a given regions) and the
“pseudo probabilistic” nature because frequencies are computed (e.g.,
the handmotor cortex is located anterior to the central sulcus, but aver-
aging handmovement fMRI datasetwill show someprobability that it is
posterior to the sulcus because of the registration problem).

What do we need to build a better multi-modal brain atlas?

The challenges for the construction of a conceptual and computa-
tional infrastructure supporting reliable and scientifically meaningful
information on human brain organization are great— as are the expect-
ed benefits. Clearly this infrastructure has to be dynamic, integrating
semantic technologies and including the notion of versions and prove-
nance, and therefore is likely to rely onmodernweb based software de-
velopment. To be successful, this constructionwill also have to be tied to
efforts in the development of brain structure and function ontologies,
access to data with neuroimaging data-sharing initiatives (Poline
et al., 2012) and databasing (Laird et al., 2011), closely linked to the de-
velopments and advances in registration and machine learning
methods for landmarks identification, and to advance in data acquisi-
tions and modeling. Establishing the standards in the human brain
atlasing domain is crucial, however, for our scientific community and
will not succeed if not undertaken by an international effort.

Based on the topics discussed above, we think that the following as-
pects have to be considered to advance atlasing the human brain (cf.
schematic summary in Fig. 3):

Establish reliable and anatomically precise mappings between different
templates and atlas spaces

There are highly diverse needs of different fields within neuroimag-
ing with respect to standards and templates, and a single reference
brain may not fit applications. In order to integrate information on the



Fig. 2. Example of the heterogeneous nature of information that can make up a multi-modal brain atlas. For this illustration we compiled a selective description of a single voxel in MNI
standard space. The upper part of the figure illustrates the anatomical assignment of this voxel according to various structural brain atlases. The lower part provides some examples of
potential features that can be associatedwith this voxel, namelywhole-brain structural (established by probabilistic tractography) and functional (measured by resting-state correlations)
connectivity patterns, quantitative reverse inference by means of the BrainMap database and structural covariance measurements in a cohort of healthy subjects.

Fig. 3. Schematic summary of the relationship betweendatasets (illustrated by fMRI scans but including all types of features on brain organization), interoperable templates (providing the
spatial framework for the analysis and representation of a particular feature) and atlases (asmappings between a template and the probability distribution for a set of features/labels).We
differentiate between template or a probabilisticmap (T), towhich data are registered through amapping (M), and labeling schemes (L) that take as input a template and output a labeled
volume (or surface). An atlas (A) in this framework is a labeled template. Atlases would growwith new reproducible features, and ways to interact with data, template or atlases in a pro-
grammatic way would benefit from open-science projects in the neuroinformatic domain and web based discussions within the brain imaging community.
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most diverse aspects of brain organization into a truly multi-modal
brain atlas, this atlas may thus live in various template and associated
spaces bridged by established pipelines that make them interoperable.
To define the procedures to interoperate between them, to quantify
the error of transformation between them, and to estimate the quality
of a certain atlas or reference space are tasks that have yet to be resolved
in order to handle the various spaces and templates. For the cerebral
cortex, it is particularly important to optimize the alignment of func-
tional regions rather than the underlying pattern of gyri and sulci. For-
tunately, recently reported methods for function-based intersubject
alignment hold great promise for improving the fidelity of human corti-
cal alignment (Conroy et al., 2013; Robinson et al., 2014; Smith et al.,
2013).

Provide a framework that may integrate heterogeneous information at
different levels of abstraction

As noted, some features such as orientation sensitivity or oscillatory
behavior may only be fully understood at time-, space-, or averaging-
scales, which may have a complex or even unknown relationship to a
reference space. Other important features such as individual task fMRI
results reflect information that in isolation may only be of limited use,
andmay not allow generalization. To integrate the diverse nature of fea-
tures into a (spatial) brain atlas may thus require compromiseswith re-
spect to the amount of (temporal or context-dependent) information
that may be retained. Finding approaches that either abstract their spa-
tial properties or provide large-scale agglomeration across individual
findings will thus be an important step towards the integration of
these aspects into a multi-modal atlas.

Distinguish between labels and descriptions

A multi-modal brain atlas will need a coordinate system with a
(limited) set of robust labels denoting distinct regions attached to
these coordinates that map between the different templates. It is neces-
sary to identify robust parcellations, i.e., parcellations, which can be
reproduced in (almost) all brains, as these labels will facilitate commu-
nication between features and investigators. Cytoarchitecture provides
a strong basis in that respect (Zilles and Amunts, 2010), as it represents
a basic architectonic framework of cortical organization. To which ex-
tent such label-framework based on static, structural aspects is suited
to label dynamic, functional properties though remains to be explored.
By the integration of a large amount of features reflecting regional prop-
erties in structure, function, and connectivity, however, the atlas will
provide a detailedmultivariate description for each voxel of the interop-
erable template spaces.

Provide a spatial framework that accommodates multi-scalar data

A multi-modal atlas that has some longevity in brain mapping
research must acknowledge that data will be collected at increasingly
fine spatial scales. At present, atlases that are used for neuroimaging
experiments are defined on a 1 mm 3D grid. As imaging technology
advances and as we seek to incorporate high-resolution (b10 μm)
data from invasive or post-mortem techniques, we need a spatial frame-
work that bridges these scales. The recent BigBrain dataset (Amunts
et al., 2013) is one example of a higher (20 μm) resolution 3D
cytoarchitectonic map that would be a template for integrating imaging
data and gene expression data from the Allen Brain atlas (Hawrylycz
et al., 2012). In this context, we would like to note that it seems
inevitable for such high-resolution templates to be based on individual
subjects, as inter-subject averaging defies the whole purpose of repre-
sentation at themicrometer level. This again highlights the essential na-
ture of establishing precise mappings between different template
spaces for interoperability.
In summary, we conclude that to arrive at fully interoperable atlases
of the human brain will still require much work at the frontiers of data
acquisition, analysis and representation. Among them, the latest may
provide the most challenging tasks, in particular when it comes to
representing features of vastly different scales of space, time and ab-
straction. The potential benefits of such endeavor, however, clearly out-
weigh the problems, as only such kind of multi-modal human brain
atlasmay provide a startingpoint fromwhich the complex relationships
between structure, function and connectivity may be explored.
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