
Title

Towards a standardized structural-functional group connectome in MNI space

Authors

Andreas Horn (a,b) and Felix Blankenburg (b,c)

Author Affiliations

(a) Clinical Research Group 247, Movement Disorders Section, Department of Neurology, 

Charité – University Medicine (CVK), Berlin, Germany

(b) Center for Adaptive Rationality (ARC), Max-Planck-Institute for Human Development, 
Berlin, Germany

(c) Neurocomputation and Neuroimaging Unit, Department of Education and Psychology, 
Freie Universität Berlin, 14195 Berlin

Corresponding Author

Dr. Andreas Horn

Clinical Research Group 247, Movement Disorders Section, Department of Neurology,

Charité – University Medicine (CVK), Berlin, Germany 

Augustenburger Platz 1, 13353 Berlin, Germany

E-mail: andreas.horn@charite.de

Phone: +49 (0) 30 450 660 279

Fax: +49 (0) 30 450 560 938  

!  / !1 46

mailto:andreas.horn@mpib-berlin.mpg.de


Keywords
DTI, dMRI, fMRI, resting-state, atlas, connectome, MNI-space, structure-function 
agreement, functional parcellation of the thalamus, voxel-wise connectivity

!  / !2 46



1. Abstract

The analysis of the structural architecture of the human brain in terms of connectivity 
between its sub-regions has provided profound insights into its underlying functional 
organization and has coined the concept of the “connectome”, a structural description of 
the elements forming the human brain and the connections among them.

Here, as a proof of concept, we introduce a novel group connectome in standard space 
based on a large sample of 169 subjects from the Enhanced Nathan Kline Institute - 
Rockland Sample (eNKI-RS). Whole brain structural connectomes of each subject were 
estimated with a global tracking approach, and the resulting fiber tracts were warped into 
standard stereotactic (MNI) space using DARTEL. Employing this group connectome, the 
results of published tracking studies (i.e., the JHU white matter and Oxford thalamic 
connectivity atlas) could be largely reproduced directly within MNI space. Additionally, 
structural and functional connectivity matrices between approximately forty thousand 
nodes of the brain were calculated. Furthermore, including additional resting-state fMRI 
data from the same subjects, functional centrality as well as structure-function agreement 
indices as reported in the literature could be widely reproduced. Taken together, the 
combination of a novel whole brain fiber tracking approach and an advanced normalization 
method led to a group connectome that allowed (at least heuristically) to perform fiber 
tracking directly within MNI space. Hence, it may be used for various purposes such as the 
analysis of structural connectivity and modeling experiments that aim at studying the 
structure-function relationship of the human connectome. Moreover, it may even represent 
a first step towards a standard DTI template of the human brain in stereotactic space. The 
standardized group connectome might thus be a promising new resource to better 
understand and further analyze the whole anatomical architecture of the human brain on a 
population level.

2. Introduction

The analysis of the structural architecture of the human brain in terms of connectivity 
among its sub-regions has provided profound insights into its underlying functional 
organization. Thus, structural brain connectivity has been extensively studied over the last 
years, increasingly aiming at modeling “global” whole brain connectivity (Hagmann, 2005) 
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instead of “local” connectivity between small sets of regions of interest. This development 
led to the concept of the “connectome”, which was defined as a “comprehensive structural 

description of the network of elements and connections forming the human brain” (Sporns 
et al., 2005).
In the living brain, structural connectivity is usually estimated using diffusion MRI (dMRI; 
Basser et al., 1994) based fiber-tractography experiments. The most common approach is 
to perform dMRI based fiber tracking between a set of pre-defined areas of interest in the 
brain (Fig. 1, top) and this way to gain insights into their structural connectivity. However, 
results from connectomic analyses have shown that modeling the whole brain structural 
connectivity may lead to more integrated results when studying the brain’s structural 

architecture (Bullmore and Sporns, 2009; Hagmann et al., 2008) or its structure-function 
relationship (Honey et al., 2009; Horn et al., 2013; Skudlarski et al., 2008). Thus, it 
became apparent that dMRI-based fiber-tractography experiments needed to be extended 
from a local point-to-point to a global whole brain approach. To attain this, usually, the gray 
matter volume of the brain is parcellated into subregions that cover the whole brain and 
define nodes of a connectivity graph (Sporns, 2011). Connectivity is then analyzed 
between each pair of nodes and most often stored in a connectivity or adjacency matrix. 
Entries xij of these matrices denote the connectivity strength (i.e. the number of tracts that 
connect two regions or the average fractional anisotropy on the connecting fiber tract) 
between the ith and jth region of the parcellation scheme. Structural connectivity matrices 
are most often stored symmetrically, since directional connectivity information is not 
available from diffusion weighted imaging. However, performing fiber tracking experiments 
between every pair of nodes for each subject can be a computationally demanding task 
with increasing number of nodes (Horn et al., 2013).
With the introduction of the Gibbs‘-tracking algorithm (Reisert et al., 2011), it became 
feasible to estimate fiber tracts for the whole brain in a single computational step, i.e. 
without the need to define seed and target regions of the fiber tracking experiment at all 
(Fig. 1, bottom). The algorithm works on data acquired with standard diffusion-weighted 
sequences and has been implemented in two software packages (DTI&Fibertools for SPM, 
http://www.uniklinik-freiburg.de/mr/live/arbeitsgruppen/diffusion/fibertools_en.html, and the 
MITK diffusion package, http://www.mitk.org/DiffusionImaging). In 2009, the algorithm 
showed superior results to nine other fiber tracking methods in the MICCAI-Fibercup 
(Fillard et al., 2011) and was able to robustly resolve fiber-crossings based on standard 
diffusion-weighted imaging series (Kreher et al., 2008; Reisert et al., 2011).
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Another, so-far mostly neglected possibility gained by the use of this approach is to 
normalize the whole brain fiber tracking results into a standard stereotactic space. To 
explore this possibility, we combined the Gibbs‘ tracking approach with a state-of-the-art 
normalization procedure, DARTEL (Ashburner, 2007), to estimate a group connectome in 
standard Montreal Neurological Institute (MNI) space. 

Structural connectomes were reconstructed in 169 subjects obtained from the ‘Enhanced 

Nathan Kline Institute - Rockland Sample’ (eNKI-RS; Nooner et al., 2012), which is publicly 
available (http://fcon_1000.projects.nitrc.org/indi/enhanced/). The NKI-RS was designed to 
recruit 1000 participants (in four years) that form a community-ascertained, lifespan 

sample (0.32% of the population) in which age, ethnicity, and socioeconomic status are 
representative of Rockland County, New York, whose ethnic and economic demographics 
resemble those of the United States (Nooner 2012; U.S. Census Bureau, 2010; for sample 
characteristics, see table S1). This dataset entails a high number (137) of diffusion 
directions due to the use of a multiband imaging acquisition protocol (Xu et al., 2012), and 
includes subjects over various phenotypic data with an age distribution ranging across the 
whole lifespan. The resulting fiber tracts that model the whole brain white matter 
architecture of each subject were then normalized into standard space using DARTEL, 
which led to a dataset that not only describes relational connectivity information (is region 
A connected to region B) but also accounts for the anatomical course of each fiber tract 
(how is region A connected to B anatomically) in standard space. 

Three separate analyses were performed to characterize the quality of the approach. In a 
first explorative analysis, the obtained dataset was compared to seven white matter 
parcellations of the JHU DTI-based white-matter atlases (Bürgel et al., 2006; five 
exemplary tracts are shown in fig. 4). Tracts isolated by the white matter parcels defined 
by the atlas were heuristically examined and visualized. As an example, it was evaluated, 
whether the ‘corticospinal tract’ as defined by the JHU DTI-based white-matter atlas 
traversed mainly in dorsoventral direction and represented this well-known fiber bundle in 
shape. In a second, more elaborative step to further analyze the quality of the normalized 
group connectome, a parcellation of the thalamus based on connectivity to seven cortical 
regions was performed. This was done to obtain a qualitative and quantitative assessment 
of the connectome by a comparison to well-accepted results from Behrens and colleagues 
(2003). In the original and the present study, a probability of connectivity to each of seven 
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cortical regions was assigned to every voxel in the thalamus. The resulting ‘Oxford 
thalamic connectivity atlas’ (original study) thus defines seven functional zones in the 

thalamus that denote connection probabilities to prefrontal, premotor, primary motor, 
sensory, posterior parietal, temporal and occipital cortical regions and is released with the 
FMRIB Software Library (FSL; http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases). As stated above, 
we aimed at reproducing the functional thalamic parcellations. Importantly, however, this 
analysis was completely performed within MNI space, i.e. using connectivity information 
obtained exclusively from the normalized group connectome presented here. In a last 
step, we estimated whole brain statistical connectivity information based on a common 
graph-theoretical key-signature, namely eigenvector centrality (Lohmann et al., 2010) and 
a novel structure-function agreement index (Horn et al., 2013; Skudlarski et al., 2008). 
These measures were calculated for each gray matter voxel in the brain and statistically 
evaluated across the group of subjects.

Alongside with the normalized structural fiber set of each subject, structural connectivity 
matrices accounting for relational connectivity between each pair of voxels were 
estimated. Since the eNKI-RS also includes functional magnetic resonance imaging (fMRI) 
data (exhibiting a very short TR interval of 645ms), functional connectivity matrices based 
on resting-state fMRI (rs-fMRI) data of all included subjects were estimated in this study to 
complement the structural dataset. However, except for the structure-function agreement 
index, the following sections focus on the structural connectivity part. Each voxel of the 
parcellation scheme was defined on a group template in MNI-space and was thus 
comparable across subjects. 

The whole dataset (i.e. the group connectome in standard stereotactic space, the 
structural and functional connectivity matrices and the functional time courses) will be 
made available for download to the scientific community on the Neuroimaging Informatics 
Tools and Resources Clearinghouse website (www.nitrc.org). The dataset was termed 
‘Gibbs’ connectome’ after the whole-brain tracking method applied (Reisert et al., 2011). 
Such a dataset of normalized whole brain fiber tracts from multiple subjects may be a 
useful resource in formally understanding the architecture and function of the human brain 
(Sporns et al., 2005; Stephan, 2013). It may be used for various purposes such as the 
study and analysis of structural connectivity (Stephan, 2013) and modeling experiments 
that aim to study the structure-function relationship of the human connectome (Deco et al., 
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2011; Senden et al., 2014; 2012). It might also be suitable as an initial step to establish a 
standard (probabilistic) DTI template of the human brain in the future.

–– INSERT FIGURE 1 HERE ––
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3. Materials and Methods

Estimation of the group connectome

Data basis of the connectome

In total, the ‘first release’ of the ‘Enhanced NKI Rockland Sample’ (eNKI-RS) (Nooner et 
al., 2012) comprises 181 subjects from which eight subjects that lacked either DTI or fMRI 
data were excluded in this study. Four further subjects did not yield an appropriate co-
registration of the anatomical image to the group template based on profound manual 
inspection and were thus excluded as well. See table S2 for a list of excluded subject IDs 
and the reasons for their exclusion. Finally, 169 subjects were included in this study. The 
final sample consisted of 107 female and 62 male subjects with a mean age of 41.32 
years (standard-deviation ± 20 years). For one subject of age 37, sex information was not 

available. 148 of subjects had right, 8 left hand-dominance and the remaining 13 reported 
no hand-dominance. For a list of subject IDs and phenotypic information, please see table 
S1. Participant IDs are kept equal to the IDs in the eNKI-RS and further phenotypic 
information may be accessed via the eNKI-RS “full release” (see http://
fcon_1000.projects.nitrc.org/indi/enhanced/).

High angular diffusion images (HARDI) were used for global tracking that had been 
acquired with a diffusion-sensitive multiband sequence (TR = 2,400 ms, TE = 85 ms, 
voxel-size of 2 × 2 × 2 mm3, 64 slices). An effective mean b-value of 1,500 s/mm2 was 

used for 137 diffusion encoding directions. In addition, 9 volumes with very low diffusion 
weighting (b-value = 5 s/mm2) equally distributed throughout the scan were acquired (b0-
images). Acquisition time of DTI images lasted 5.58 minutes. Details of the MR protocol 
are available online (http://fcon_1000.projects.nitrc.org/indi/enhanced/mri_protocol.html).

For anatomical segmentation and estimation of a group template, high-resolution 
anatomical images were used that had been acquired using a standard magnetization-
prepared rapid gradient-echo (MP-RAGE) sequence (TR = 1,900 ms, TE = 2.52 ms, 
isotropic voxel-size of 1 × 1 × 1 mm3, 176 slices with a distance factor of 50% resulting in a 
slice gap of 0.5 mm). 
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Finally, functional images that were utilized had been acquired using a multiband 
sequence (TR = 645 ms, TE = 30 ms, voxel-size 3x3x3 mm3, 40 slices). A total of 900 EPI 
volumes were provided which were recorded in one run of 9.46 minutes.

Estimation of whole brain fiber sets in subject space

To estimate structural connectivity, the Gibbs‘ tracking-approach (Kreher et al., 2008) as 
implemented in the DTI & Fiber Tools for SPM (Reisert et al., 2011) was used to 
reconstruct the global fiber-dataset directly from the DTI volumes. In this approach, based 
on the raw HARDI data, a piecewise approximation of neuronal pathways is achieved by 
annealing small cylinders to chains that finally form fiber tracts. These cylinders are 
simulated as particles moving in a Brownian motion fashion, and their polymerization to 
chains is attained by slowly reducing a simulated temperature. In a Bayesian framework, a 
signal Ŝ* is simulated by a spatially distributed sum of all cylinders and optimized 

iteratively during cylinder annealing to best explain the empirical MR-signal Ŝ. The 
following parameters were chosen: Starting temperature: 0.1, stop temperature: 0.001, 
numbers of steps: 50, numbers of iterations: 5 × 108, particle width: 1 mm, particle length: 

1 mm, weight (unitless): 0.058, density penalty: 0.2. Global tracking was performed on a 
tracking-mask that was based on the white matter volume of the anatomical volumes 
(which was co-registered to the b0-images). These parameters represent the default 
“dense” parameter set (Reisert et al., 2011) and were kept identical for fiber tracking in all 
subjects. On average 1.23 × 105 fibers were obtained for each subject.

Normalization of whole brain fiber sets into MNI space and establishment of the group 
connectome

After reconstruction of the whole brain structural connectome, a fiber of length n segments 
was represented as an n × 3 matrix, where each row represented an xyz-coordinate in 

native voxel space. Distance between segments was defined by the cylinder length 
parameter (= 1 mm) used in the tracking experiment. Coordinates of each segment were 
warped from the diffusion space into voxel-space of the subject‘s anatomical MP-RAGE 
scan using a rigid-body co-registration matrix estimated by SPM8. In a second step, 
coordinates were projected into the space of the DARTEL template which corresponds to 
the best mean anatomical configuration of the whole group. This was done by applying the 
point-to-point mapping defined in each subject‘s six-dimensional DARTEL flow-field to 
each segment. Coordinates of each segment were transformed into MNI152 space using 
an affine transformation that mapped from the group template to the MNI template. Note 
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that this last transform was identical for all subjects. Final coordinates were transposed 
from voxel- to world-coordinates (millimeters) to allow for a direct comparison with 
functional coordinates reported in the literature. During all three co-registration steps, 
fibers were denoted in floating-point vector format, thus, there was no interpolation needed 
in any step of the transformation.

The normalized group connectome was established by combining normalized tracts 
obtained for each subject into a joint dataset. This led to a summation of a large number of 
fiber-tracts (20.7 million) which in the employed sample account for subject-specific 
anatomical variations over a wide group of subjects ageing across the whole lifespan. To 
allow for post-hoc selection of fiber-tracts of interest, each single fiber of the group 
connectome was labeled with fields for subject age, sex and handedness. Furthermore, 
each fiber was tagged by the subject ID which it originated from. In this way, subject 
specific phenotypical information (which is available in the NKI-RS full release) can be 
integrated with white-matter anatomy across the whole group connectome.

Definition of parcellation maps for connectivity matrices

To define a consistent anatomical gray matter mask for the whole group, T1-weighted 
anatomical images were transformed into common space using a diffeomorphic image 
registration algorithm (DARTEL; Ashburner, 2007) as implemented in SPM8 (Friston et al., 
2004). This approach allows for voxel-to-voxel comparisons across subjects in all sets of 
connectivity matrices estimated later on. The gray matter volume of this template was then 
downsampled to obtain a total of 45,398 gray matter voxels of 3.2 × 3.2 × 3.2 mm3 in size. 
This voxel-wise approach parcellates the brain without implying anatomical assumptions 
and preserves a high spatial resolution (Fig. 2; Horn et al., 2013). Thus, clustering of 
heterogeneously connected brain regions can be omitted (Rubinov and Sporns, 2010).

Estimation of structural connectivity matrices

A connection between two voxels i and j received a connectivity score sij of

! (1)
where for each fiber tract k, dk1 and dk2 are the distances (in voxels) between voxel i and 
one end of the fiber tract and j and the other end of the fiber tract (n is the number of fiber 
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tracts). If dk1 or dk2 exceeded the distance of 2.5 voxels (= 5mm), the connection was 
ignored. This was done, since a connection to a point too distant from the fiber terminal 
would lead to a loss of precision, even when penalized by distance. This way, a structural 
connectivity matrix was obtained for each subject where entries sij accounted for the 
connectivity strength of the connection between voxels i and j. Please note that distances 
(dk1 and dk2) between the center of a voxel and one end of a fiber tract are never exactly 
zero and thus penalize the strength exponentially. Besides, fiber tracts are estimated only 
within the white matter volume of the brain, whereas voxels of interest reside within the 
gray matter volume, resulting in a distance that must be bridged between cortical 
structures and their white matter connectivity (Zalesky and Fornito, 2009).

Estimation of functional connectivity matrices

Functional images were corrected for rigid body movements using SPM8. Functional time 
series were detrended and two mean signals extracted from white matter and cerebral 
fluid volumes, as well as rigid body motion parameters were regressed out to minimize 
effects of physiological noise (Van Dijk et al., 2010; Weissenbacher et al., 2009). Signals 
were bandpass-filtered using a fast Fourier transformation based filter with cutoff values of 
0.009 and 0.08 Hz. Thus, for each subject, approximately 45 thousand pre-processed time 
series each comprising 900 data-points were obtained. Pearson‘s correlation coefficients 
were calculated between each pair of time signals, forming a weighted, undirected 
connectivity matrix for each subject. 

Evaluation of the group connectome

The evaluation (i.e. quality assessment) of the human group connectome estimated in this 
study imposes some difficulties since there is no well-accepted gold-standard (i.e. no 
reference connectome in standard stereotactic space) available. Quality of the 
connectome was thus assessed by performing three analyses that aimed at comparing its 
data to published, well-known results that describe white-matter anatomy of the human 
brain in three different ways.

Comparison to JHU white-matter atlas

To evaluate the quality of the normalized whole brain structural connectome, the dataset 
was first compared to nine white matter parcellations of the JHU DTI atlas (Bürgel et al., 

2006; five exemplary tracts are shown in fig. 4, four other tracts in fig. S1). Tracts that both 
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started and ended within a specific volumetric parcellation defined by the JHU atlas were 
selected from the whole brain fiber set and visualized in synopsis with the according white 
matter region of the atlas. This first heuristical step could show that fiber-tracts within 
parcellations of the JHU atlas were equally represented within the ‘Gibbs connectome’ 

dataset proposed here, and that they resembled the anticipated anatomical structures 
macroscopically. As an example, a tract isolated by the JHU ‘corticospinal tract’ 

parcellation was expected to predominantly traverse in dorsoventral direction.

Comparive analysis to Oxford thalamic connectivity atlas

In a second step, the thalamus was parcellated into seven regions based on its 
connectivity to prefrontal, temporal, sensory, primary motor, premotor, occipital and 
posterior parietal cortical regions. This was done to replicate results from the well-
accepted ‘Oxford thalamic connectivity atlas’ (Behrens et al., 2003), which is released with 
FSL. To evaluate the quality of the normalized group connectome, the analysis was 
performed completely within MNI space, exclusively using the final set of normalized fiber-
tracts. As in the original study by Behrens and colleagues, a probability of connectivity to a 
certain cortical region was assigned to each voxel of the thalamus. This was done by 
counting all fibers that connected it to one of the seven cortical zones and mapping the 
percentages to the voxel. Fibers that started (or ended) within a range of 3 mm to both the 
thalamic voxel and a voxel within one of the cortical regions were used to form 
connections. Resulting projection maps were smoothed with an isotropic Gaussian‘ kernel 
of 3 mm FWHM. Similarity between original results (Behrens et al., 2003) and results from 
this study was estimated qualitatively by creating three-dimensional images showing both 
results for each functional zone (fig. 5). This was done by rendering isovolumes of each 
functional zones at 50% probability using LEAD-DBS software (Horn et al., 2015). In 
addition, a quantitative comparison was obtained by estimating Spearman’s rank-
correlation coefficients values across intensity values of all thalamic voxels (fig. 5, lower 
right of each panel).

Estimation of structural connectivity between default mode regions

To reproduce key findings from a study that examined structural connectivity between main 
regions that form part of the default mode network (DMN), a well-characterized functional 
network characterized by rs-fMRI, fibers that connect regions from a template of the DMN 
were selected from the group-connectome and visualized keeping the same color scheme 

!  / !12 46



as in the original study using TrackVis software. Thresholding the DMN template by 0.3 led 
to six clusters with a voxel count >50 which were used in the connectivity analysis. These 
clusters corresponded to posterior cingulate cortex/retrosplenial cortex (PCC/RSC), medial 
prefrontal cortex (MPFC), bilateral medial temporal lobes (MTL) and bilateral inferior 
parietal cortices (IPC). The latter clusters were discarded in this analysis for reasons of 
compatibility since they had not been analysed in the original study by Greicius.

Calculation of graph-theoretical key signatures

In a last step, we estimated whole brain statistical connectivity information based on a 
common graph-theoretical key-signature, namely eigenvector centrality (Lohmann et al., 
2010), and a structure-function agreement index (Horn et al., 2013; Skudlarski et al., 
2008). These two measures were calculated for each gray matter voxel in the brain and 
statistically mapped over the group of subjects.
Centrality analyses were limited to connectivity between voxels residing within the 
cerebrum. Voxels within the cerebellum were neglected in these analyses (also see 
Hagmann et al., 2008).

Eigenvector centrality is a self-referential measure that weights the sum of connectivities 

aij by the centrality of j in the following form: 

! (2)
Thereby, a node that has many strong connections to central nodes is rated higher than a 
node with the same amount of strong connections to provincial nodes. Thus, nodes have 
high eigenvector centrality if they connect to other nodes that equally have a high 
eigenvector centrality. Let λ be the largest eigenvalue of the whole connectivity matrix A 

and x be it‘s corresponding eigenvector, then equation 2 can be re-written as

! (3)
which renders the estimation of eigenvector-centrality an eigen-decomposition problem, 
i.e. a fast method to estimate robust whole-network centrality for each node (Lohmann et 
al., 2010).

Graph metrics measures were calculated for each voxel‘s structural and functional 
connectivity. Brain maps with eigenvector centrality estimates were z-scored and statistical 
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group results were then obtained by calculating one-sample t-tests over the group of 
subjects using SPM8. All results were thresholded at FWE p < 0.05.

To show the relationships between structural and functional connectivity profiles of each 
voxel, main results from a previous study performed on 19 healthy subjects were 
replicated (Horn et al., 2013). Here, the Pearson‘s correlation coefficient (termed “corrcoef” 
in equation 4) between structural connectivity si of each voxel and functional connectivity fi 
of a certain voxel to the rest of the brain was estimated. Both connectivity estimates were 
represented by 1 × n vectors accounting for connectivity between voxel i and the n-1 other 

voxels.

! (4)

This resulted in a single R value describing the whole brain structure-function agreement 
of a certain voxel, which represents a whole brain structure-function agreement index. R-
values were Fisher-z-transformed to a Gaussian distribution and again analyzed using 
one-sample t-tests over the group of subjects with SPM8. All metrics were estimated for 

each voxel in the grey matter of the brain. Resulting maps were z-scored and averaged 

across the group of subjects. 

–– INSERT FIGURE 2 HERE ––  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4. Results

The final group connectome, which included fiber tracts from all subjects in MNI space 
comprised 20.7 million fibers (in figure 3, only one percent of all fibers are displayed). 

–– INSERT FIGURE 3 HERE ––

Comparison to JHU DTI atlas data

To compare fibertracks within the Gibbs’ connectome with a previously published, well-
accepted dataset, fibers that started and ended within a white-matter parcellation defined 
by the JHU DTI atlas were isolated from the whole group of 20.7 million fibers defined by 
the Gibbs’ connectome. Key statistics of the isolated groups of fiber-tracts were exported 

using TrackVis software (table 1). A synopsis of the JHU DTI atlas white matter 
parcellations and the according tracts from the ‘Gibbs connectome’ fiberset showed high 
agreement between both datasets (Figure 4 & S1). All tracts shown in the figures are left 
hemispheric, however, results for the right hemisphere showed equal agreement. 
Certain tracts were suitable to compare their general traversing course to a mean vector of 
the isolated fibers. The corticospinal tract predominantly traverses in dorsoventral 
direction. Accordingly, the mean vector of isolated fibers was found to be x=0.01, y=0.27, 
z=-0.96, i.e. the main traversing direction of fibers isolated by the white matter parcellation 
of the corticospinal tract was in dorsoventral (z-) direction (see blue fibers in figure 4, top 
row). The value of 0.27 in anteroposterior direction is due to the cerebellar tracts (see 
green fibers in figure 4, top row). Moreover, the cingulum bundle and inferior frontooccipital 
fascicle (IFO) predominantly traverse in anteroposterior direction. Accordingly, mean 
traversing vectors were x=-0.01, y=0.98, z=0.22 for the cingulum and x=-0.15, y=0.99, 
z=0.05 for the IFO. Both vectors exhibit the largest entry in the y-axis.
Based on visual examination and a semi-quantative comparison between mean vectors of 
tracts (see table 1), all nine tracts represented a good model of structural anatomy within 
the white-matter parcellations defined by the JHU DTI atlas.

–– INSERT FIGURE 4 HERE ––
–– INSERT TABLE 1 HERE ––
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Thalamic parcellation based on cortical connectivity

The thalamus was parcellated into functional zones by the amount of their connectivity to 
seven cortical regions with the aim to reproduce the findings of Behrens and co-authors 
(2003). Resulting functional thalamic zones estimated in this study (fig. 5, yellow regions) 
were symmetric and largely covered similar parts of the thalamus as results from Behrens 
and colleagues (blue regions). Spearman’s rank-correlation coefficients between all 
thalamic voxels of functional zones in the Oxford thalamic connectivity atlas and results 
from this study were estimated. All R-values were significant at p<0.001 and ranged from 
0.04 to 0.6.

–– INSERT FIGURE 5 HERE ––

Structural DMN connectivity

As in the original study made by Greicius and colleagues (2009), fiber-tracts connecting 
posterior cingulate cortex (PCC) and medial prefrontal cortex (MPFC; blue tracts in fig. 6 
top left panel) as well as precuneus and medial temporal lobes (MTL; orange tracts) were 
found. Again, as in the original study, fibers from the MTL entered more caudally, i.e. the 
putative retrosplenial portion of the PCC/RSC, whereas fibers from the MPFC entered 
more rostrally, i.e. the PCC proper.

Indices of Centrality

Eigenvector centrality was computed for each of ~44k voxels and mapped to the brain. 
One-sample t-tests were then performed across the group of subjects. Results were 
averaged and mapped to the brain using caret5 software. Centrality estimates are shown 
in direct comparison to prior literature results in fig. 6, top right and bottom left panels. For 
functional connectivity, peak regions were located in bilateral posterior parietal, bilateral 
medial prefrontal, bilateral inferior parietal cortices as well as bilateral superior/middle 
frontal gyri. In structural connectivity, peak regions were located in bilateral precuneus/
posterior parietal cortices, bilateral medial prefrontal cortices, right hippocampus, bilateral 
postcentral gyri (predominantly BA 3a).
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Index of whole brain structure-function agreement

To analyze the structure-function relationship of both functional and structural connectivity 
estimates, a structure-function agreement index (Eq. 4; Horn et al., 2013) was calculated 
for each voxel (Fig. 6, bottom right panel). This index is high for voxels that show a similar 
profile to the rest of the brain in both structural and functional connectivity. Similarly to 
Eigenvector centrality reported above, bilateral precuneus/retrosplenial cortex, bilateral 
medial prefrontal cortex and right hippocampus as well as bilateral postcentral gyrus 
(predominantly Brodmann area 3a) and bilateral superior/medial frontal gyri showed high 
structure-function agreement.

–– INSERT FIGURE 6 HERE ––  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5. Discussion

The main goal of this study was to introduce a structural group connectome of a large 
sample of subjects (n=169) of both sexes with ages ranging across the whole lifespan in 
standard space as a proof of concept. This was done by estimating a whole brain fiber set 
modeling the white matter structural connectivity of each subject. The resulting fiber sets 
were warped into standard stereotactic (MNI) space using a modern nonlinear 
normalization routine (Ashburner et al., 2007). Extending this central part of the study, both 
functional and structural connectivity matrices were estimated for each subject. These 
matrices account for connectivity strength indices between 44k gray matter voxels in the 
gray matter of the human brain.

A structural atlas of human white matter anatomy

Over the last decades, researchers have aimed to establish atlases of structural 
connectivity that help to preserve and understand human and non-human white matter 
anatomy (Mori et al., 2008; Schmahmann and Pandya, 2006; Stephan, 2013). In non-
human primates, connectivity information has often been assessed by using anatomical 
tracer studies and results from such experiments have been collected in databases, e.g. 
the relational database “Collation of Connectivity Data for the Macaque” (CoCoMac, http://
cocomac.g-node.org/; Stephan et al., 2001).  Despite the advances in the field of dMRI 
(see below), primate tract tracing still represents the gold standard to establish 
anatomically informed models of brain function. In a recent paper (Stephan, 2013), the 
author discusses the vast influence which the database had on the field of neuroscience 
since its release in 2001 and how it became a leading tool to anatomically inform models 
that aim to understand brain function. For certain analyses, however, human structural 
connectivity information may be needed and may not be transferable from the macaque 
brain (Mantini et al., 2012), which fosters the need of human brain connectivity databases.

In a seminal paper that defined the term “connectome” (alongside the dissertation of Patric 

Hagmann; Hagmann, 2005; see Sporns, 2010), (Sporns et al., 2005), the authors argued 
that a quantitative database of the anatomical connectivity of the human brain is a crucial 
preliminary in the process of gaining a formal understanding of human brain function. In 
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the years that followed the publication of this paper, the idea to establish a 
“comprehensive structural description of the network of elements and connections forming 
the human brain” (Sporns et al., 2005) has gained rapidly growing interest in the field, 

yielding large-scale data-collection initiatives (Biswal et al., 2010; Nooner et al., 2012; 
Toga et al., 2012; Van Essen et al., 2013; 2012) as well as analyses (Glasser et al., 2013; 
Setsompop et al., 2013; Smith et al., 2013; Zuo et al., 2011), which illustrates the interest 
in structural connectivity databases of the human brain. Thus, in the past, several dMRI-
based white matter atlases have been introduced (Mori et al., 2008) which were usually 
based on single subject data (Bürgel et al., 2006; Catani et al., 2002; Hagmann et al., 
2003; Makris et al., 1997; Pajevic and Pierpaoli, 2000; Stieltjes et al., 2001; Wakana et al., 
2004). Therefore, none of these atlases can be used to query quantitative in-between 
region connectivity information. The ‘Gibbs connectome’ introduced here constitutes a 

dataset which can be used to actually perform fiber tracking (in terms of a post-hoc 
selection of connecting fiber-tracts) within MNI space on basis of structural group data of a 
large sample of subjects. This dataset might be used to address numerous scientific 
questions such as the development of white matter anatomy across the life span or 
differences in white matter anatomy between sexes.
  

Evaluation of the group connectome in standard space

In lack of a well-accepted gold-standard or reference connectome in standard stereotactic 

space, evaluation of the group connectome was performed by mainly qualitatively 

comparing its data to published, well-known results that describe white-matter anatomy of 
the human brain in three different ways.

As a first comparative analysis, the JHU white-matter atlas (Bürgel et al., 2006) was used 

to select fibers from the connectome that traversed within its white matter parcellations. 
Both the white matter parcellations and the selected fiber tracts were visualized in 
synopsis to show that the fiber tracts of the group connectome selected at the specific 
voxels within MNI space traversed in the expected direction. Since the fiber tracts were 
color-coded by traversing direction (standard xyz mapping to rgb), it was expected that 
fibers e.g. selected using the cortico-spinal tract parcellation turned out predominantly blue 
(mainly traversing in dorsoventral direction), whereas the ones selected using the 
cingulum parcellation should turn out green (antero-posterior direction). This analysis 
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could give a first reassurance that the large fiber bundles remained in correct anatomical 
position after DARTEL normalization into standard space. 
As a second, more quantitative analysis, results published as the ‘Oxford thalamic 
connectivity atlas’ (Behrens et al., 2003) were largely reproduced. As in the original study, 
the cortex was parcellated into seven regions. Using all fibertracts of the group-
connectome, a probability of connectivity to the seven cortical regions was assigned to 
each voxel of the thalamus. This was done to characterize the quality of the normalized 
group connectome, so it should be emphasized that the analysis carried out here was 
performed entirely within MNI space, i.e. after normalization of the whole brain fiber tracts 
in each subject. Overall, the resulting thalamic parcellations showed a similar assignment 
of thalamocortical connectivity carried out in MNI space. However, direct quantitative 
comparison between the resulting functional zones in the thalamus showed partly very low 
correlation values. For instance, in the case of the “occipital” functional zone, the 
systematic mapping differences between the tracking algorithms used in the Behrens 
study and this study led to the lowest R-value (0.04). Still, both regions cover a similar 
shape based on visual examination (fig. 5) and reside within the posterior part of the 
thalamus. However, the results of this study predominantly fill the thalamus at its 
anatomical border, whereas the results of the original study resided slightly more to the 
center of the nucleus. Such systematic differences between results from the two studies 
might potentially stem from a fundamentally different tracking method applied (Gibbs’ 
tracking versus probabilistic tracking). Also, the differing preprocessing strategies (tracking 
within MNI-space on the whole group connectome versus in native space on single 
subjects) could have contributed to discrepancies. However, the most likely reason might 
be, that the results of the Behrens study were based on a single subject and were further 
validated by data obtained from seven additional subjects. Only in five of seven subjects, 
resulting clusters were similar in location, ordering and size of those in the original subject. 
In the present study, 169 subjects form a heterogeneous group were included.
This analysis extended the first analysis by quantitative means and shows that the 
standardized group connectome entails a plausible representation of whole brain white 
matter anatomy. The thalamus is an ideal structure to characterize whole brain 
connectivity because it projects to a large proportion of the cortex and is situated in the 
center of the brain. It should be noted that the thalamic parcellations are quite small in size 
(in the original thalamic atlas ranging from 0.3 to 7.4 cubic centimeters), which 
demonstrates that the resolution of the group connectome appears fine enough to perform 
precise parcellation analyses in standard space.
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The latter analysis applied the group connectome to the field of connectivity-based 
parcellation. A distinct, but even more frequent application of dMRI is fiber tractography, 
which can be performed solely based on the group connectome data in terms of a post-
hoc selection of relevant fibers. To show a direct comparison to a priorly published fiber-
tracking study, results from the paper of Greicius and colleagues (2009) were reproduced. 
This study was first to show that functionally associated regions of the default mode 
network were actually connected structurally. By using a DMN template available in 
standard MNI space (Wang et al., 2014), we could show strikingly similar connectivity 
between the DMN regions as shown in the initial study (figure 6, top left panel). 
Finally, eigenvector centrality indices were calculated to further characterize the 
connectome at a whole brain level. Functional connectivity estimates were additionally 
included in this analysis. Both structural and functional eigenvector centrality estimates 
were largely similar to prior results reported in the literature, especially highlighting 
posterior cingulate and precunear regions, which have been described as hub-regions in 
the brain based on structural (Hagmann et al., 2008, van den Heuvel et al., 2010), 
functional (Zuo et al., 2011) and combined (Horn et al., 2013; Skudlarski et al., 2008) 
measures before. Regarding structural centrality, a study by Hagmann and colleagues 
analyzed centrality of structural connectivity (Hagmann et al., 2008) based on a 
parcellation scheme of 998 cortical regions and showed that centrality ranked highest in 
the precuneus/retrosplenial cortex. A study by van den Heuvel and colleagues (2010) 
extended these results by comparing hubness of regions based on several graph-metrics 
and in 2013, a second study increased spatial resolution by applying a parcellation 
scheme of 500 random ROIs 20 times (figure 6, bottom left panel; Nijhuis et al., 2013). The 
latter study could identify not only the precuneus but also other regions forming part of the 
default mode network as highly central regions based on structural connectivity. 
Accordingly, here, regions such as the precuneus, the medial prefrontal cortex, the inferior 
parietal cortex, the superior temporal gyrus and the hippocampus (Buckner et al., 2008) 
ranked among the most central regions of the structural brain architecture. In functional 
connectivity, the study by (Zuo et al., 2011) analyzed centrality of rs-fMRI data in a very 
large sample of 1003 participants (data from the 1000 functional connectomes data-
sharing initiative; Biswal et al., 2010) and found largely comparable results as reported 
here (for a direct comparison, see fig. 6, upper right panel). Differences in functional 
connectivity include that our results additionally highlighted the occipital cortex. A potential 
explanation could be that in the eNKI-RS, subjects were measured with their eyes open, 
whereas 14 of 31 datasets included within the Zuo study had been acquired with eyes 
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closed. In addition to that, the study by Zuo and colleagues isolated the inferior parietal 
cortex as a central hub of the functional connectome, only a part of which showed as 
central in our results. As a second measure, the structure-function agreement index (Horn 
et al., 2013) was calculated for each voxel. We were able to reproduce the main findings of 
two studies that estimated this measure before (Horn et al., 2013; Skudlarski et al., 2008) 
on a larger sample of subjects (fig. 6, bottom right panel). As in the original studies,  medial 
prefrontal cortices, retrosplenial cortex and medial temporal cortices were peak regions of 
structure-function similarity. However, the precuneus and inferior parietal cortices did not 
result as a clear peak region in the results of this study.
Limitations of the present study fundamentally stem from the lack of a gold standard to 
which the connectomic data could be compared directly. To the best of our knowledge, the 
DARTEL normalization procedure has not yet been used to estimate spatial normalization 
parameters for white-matter tracts before. Thus, future studies that aim at assembling 
structural connectomes in a standardized stereotactic space will need to deliver a more 
deliberate, direct evaluation of the normalized fiber tracts. Furthermore, data generated 
with different (global) tracking methods could be used to estimate comparative datasets in 
the future.

Outlook and further use of the dataset

The ‘Gibbs connectome’ presented here is based on data collected within the Enhanced 
Nathan Kline Institute-Rockland Sample (eNKI-RS), an ongoing, institutionally centered 
endeavor aimed at creating a large-scale (N > 1000) community sample of participants 
across the lifespan. Besides the structural and functional resting state data, measures that 
are taken for each participant include a wide array of physiological and psychological 
assessments, as well as genetic information. Data is made publicly available by the eNKI-
RS project and can be mapped to subject‘s analyzed in the current study. Thus, using the 

‘Gibbs connectome’ dataset in combination with according psychological, physiological or 
genetic information of interest makes it possible to perform decoding, classification or 
regression analyses without the need of pre-processing and handling of raw neuroimaging 
data.
As stated above, the connectome itself is based on data that is publicly available. The 
contribution of the processed dataset and connectome published with this study consists 
of several major points: (i) A template of white-matter anatomy in standard stereotactic 
space that can be used to perform fiber-tracking is not available at present. This first step 
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towards a development of such a framework now incorporates >100 subjects but could be 
extended to thousands of subjects in the future. The combination of two modern imaging 
techniques (Gibbs’ tracking and DARTEL normalization) has not been used to establish a 
whole-brain group connectome in stereotactic standard space. Broad phenotypic 
characterization is available for this particular dataset. This makes way for studies that 
focus on individual differences, cohort-comparisons or similar based on the preprocessed 
dataset presented here. (ii) Using the template instead of raw data, processing time can be 
drastically reduced. Processing time of the dataset (connectivity matrices, whole-brain 
normalization) took roughly 18 months on an unparalleled standard computer and has 
been mostly processed on a compute cluster parallelized over 24 cores. Furthermore, the 
dataset presented here adds up to ~84GB disk storage space, the group-connectome 
alone to 4GB. In comparison, data of the original dataset amounts to 198GB with nifti files 
still in compressed .nii.gz format. Thus, around 114GB disk-storage space can be saved if 
computing on the processed version of the dataset and 194GB if only using the 
normalized group-connectome. (iii) In medical studies in which subject-specific dMRI is not 
available and cannot be acquired, a standardized connectome might help to gain at least 
some canonical insight into white-matter connectivity if the interpretation of results is done 
carefully. To name an example, patients that underwent deep-brain-stimulation (DBS) 
surgery are subject to a very limited signal absorption rate (SAR) level if the implanted 
electrodes and stimulators are certified for use in the MR scanner at all. On the other 
hand, especially in DBS, fiber tracking results connecting the precisely located electrode 
contacts (Horn and Kühn, 2015) with the rest of the brain show interesting new insights 
that may help to better understand the mechanism of action of DBS and to characterize 
the profile of clinical effects and side effects in single patients (Butson et al., 2006; Coenen 
et al., 2011a; 2011b). (iv) The dataset may enable scientists who use different modalities 
(like EEG, MEG etc.) and who have no access to MRI, to combine studies obtained with 
other methodology with insights from the brain's inner structural formation. Also, 
researchers from the field of machine learning could directly make use of the presented 
dataset for their work. In the multidisciplinary field of computational neuroscience, 
especially in studies that aim to bridge the gaps between micro-, meso- and macroscopic 
scales (Sporns et al., 2005) of the human connectome, recent studies have modeled 
whole brain neuronal activity in a ‘bottom-up’ sense, i.e. by modeling single cells or 
neuronal columns, generating mean-field activation patterns and finally synthesizing whole 
brain neuronal activity that was compared to empirical fMRI-based BOLD signals as 
measured in the scanner (Deco et al., 2013a; 2009; Deco and Jirsa, 2012; Ghosh et al., 
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2008; Honey et al., 2009; 2007; 2010; Horovitz et al., 2009; Senden et al., 2012). 
Parameters of such modeling experiments were often tuned by whole brain structural 
connectivity (Deco et al., 2013b; Hagmann et al., 2007; Honey et al., 2007) estimates, or 
the latter were used as priors for statistical optimization. Thus, most of these experiments 
used structural and functional connectivity estimates from empirical work (Hagmann et al., 
2007; Honey et al., 2010) as a starting point. The dataset could also extend claims made 
by studies that don‘t use actual MRI-imaging data such as meta-analyses / literature-
based studies. For instance, in (Fox et al., 2014), a similar group-connectome has already 
been applied. (v) Furthermore, in fMRI imaging, it is common to use extensive spatial 
smoothing to account for inter-subject anatomical variation when pooling over subjects 
(Grabner 2014). The group-connectome may yield potential to pool over subjects more 
elaborately, i.e. based on structural connectivity – as has been done based on functional 
localizers (Nieto-Castañón 2012). Such a prospect could be achieved by first normalizing 
each subject‘s activation map into the space of the group connectome using their white-
matter connectivity and then calculating group-contrasts as usual.

1. Conclusion 

In this study, a whole brain structural group connectome was established that may be used 
to perform fiber tracking in a standardized stereotactical (MNI) space. Besides, voxel-wise 
structural and functional connectivity matrices are presented, that can be used for 
modeling studies and statistical analyses regarding the structure-function connectivity 
agreement in the human brain. The data is made available on www.nitrc.org and is based 
on the ‘first release’ of the eNKI-RS (http://fcon_1000.projects.nitrc.org/indi/enhanced/), 
which allows to perform further analyses on the dataset using the vast phenotypic data 
that is made available within the eNKI-RS. It is planned to add more subjects that have 
already been released within the eNKI-RS to the ‘Gibbs connectome’-dataset in the future.
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6. Figures

!

Figure 1: Comparison of the standard fiber tracking approach with the global 
method. Top: In the usually applied “local approach”, ROI are defined e.g. based on MNI-
coordinates or results from fMRI analyses. Connectivity between a pair of ROI is then 
estimated by performing fiber-tracking using the specified ROI as seeds. Resulting tracks 
may be transformed back into MNI space and averaged across subjects. Repeating this 
procedure for each seed of the parcellation matrix results in a high computational load. 
Bottom: The global method. A fiber-set can be estimated for the whole brain without 
definition of seeds for each subject and transformed into MNI space. If needed, fibers that 
connect a pair of seeds can be directly obtained from the fiber set.
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Figure 2: Summary of methods. A) Anatomical T1-images were used to estimate a 
group template using DARTEL. The gray matter portion of this template was parcellated 
into ~44k voxels which defined the nodes of connectivity in the graph-theoretical analyses. 
B) Diffusion data and functional time series were used to construct structural and 
functional connectivity matrices accounting for connectivity between each node (C). D) 
Centrality indices were estimated for structural and functional connectivities separately and 
mapped to the brain. E) To compare whole brain structure-function agreement, functional 
and structural connectivity-vectors from each voxel to the rest of the brain were correlated. 
This spatial correlation coefficient was equally mapped to the brain. F) Deformation 
parameters from the DARTEL approach were used to normalize dMRI based fibers into 
standard stereotactic space, resulting in a group connectome in MNI space. G) Based on 
this group-template, comparisons to the JHU atlas and the Oxford thalamic connectivity 
atlas were performed.
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Figure 3: Display of the full group connectome. The group connectome which is 
composed of the whole brain connectomes of 169 subjects yields a total count of 20.7 
million fibers. Here, only one percent of fibers (20k) are randomly displayed using TrackVis 
software. Views from left (left), frontal (center) and top (right).
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Figure 4: Exemplary synopsis of JHU white matter parcellations and the according 
tracts from the Gibbs’ connectome dataset. Top: corticospinal tract, view from left. 
upper middle: cingulum bundle, view from left. lower middle: Inferior fronto-occipital 
fascicle, dorsal to ventral view. Bottom: Forcepses (major/minor), dorsal to ventral view. 
Fibers that started and ended within the region of interest (ROI) were isolated from the 
whole brain Gibbs connectome dataset using TrackVis software and visualized in standard 
color-coding by traversing direction (xyz-traversing direction maps to rgb, respectively). 
This first heuristical analysis could demonstrate that after normalization, tracts of the whole 
brain group connectome could be found in correct position in MNI-space as defined by the 
well-known JHU white matter parcellation atlas and retained an expected shape. See 
Figure S2 for four additional tracts.
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Figure 5: Parcellation of the thalamus based on cortical connectivity. 
The thalamus was parcellated into functional zones based on the percentage of 
connectivity to cortical areas (prefrontal, temporal, sensory, primary motor, premotor, 
occipital and posterior parietal regions) similar to the study performed by Behrens and 
colleagues (2003). A synopsis of functional zones isolated in the Behrens study (blue) and 
this study (yellow) is shown in the top rows. An isosurface of 50% probability is displayed 
for both studies. Spearman’s rank-correlation indices shown in the lower right of each 

panel measure the degree of similarity between the functional zones isolated in the Oxford 
thalamic connectivity atlas and this study.

!

Figure 6: Reproductions of literature results. Top left panel: Structural connectivity 
between main regions forming part of the DMN. Left: original results adapted and 
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reproduced from (Greicius et al., 2009). Right: reproduced results using the group 
connectome presented here and a template of the DMN. Top right panel: functional 
eigenvector centrality estimates adapted and reproduced from (Zuo et al., 2011), where 
1003 functional connectomes were analysed on a voxel-wise basis (left). Functional 
eigenvector centrality estimates from this study (right). Bottom left panel: Structural degree 
centrality estimates adapted and reproduced from (Nijhuis et al., 2013; left). Structural 
eigenvector centrality results obtained in the present study (right). Bottom right panel: A 
voxel-wise structure-function agreement index calculated in (Horn et al., 2013; left) and the 
present study (right). For each voxel of the brain, the similarity of its structural and 
functional whole-brain connectivity was estimated and plotted onto the brain‘s surface. 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7. Supplementary Data 

�  

Figure S1: Four additional results of comparison between white-matter parcellations of the 

JHU atlas and the ‘Gibbsconnectome’ fiber set introduced here (see figure 4 for additional 

tracts). Top: Superior longitudinal fascicle. Upper middle: Anterior thalamic radiation. Lower 
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middle: Inferior fronto-occipital fascicle. Bottom: Inferior longitudinal fascicle. Views from 

left. 
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9. Tables

Table 1: Key statistics from tracts of the Gibbs’ connectome traversing within white-
matter parcellations defined by the JHU DTI atlas. Fibers that started and ended within 
a white-matter parcellation defined by the JHU DTI atlas were isolated from the whole 
group of 20.7 million fibers defined by the Gibbs’ connectome. Key statistics of the isolated 
groups of fiber-tracts were exported using TrackVis software.

JHU DTI atlas region label Number of 
tracts

Mean 
Vector 
(x,y,z)

Minimum 
Length

Maximu
m 

Length 
(mm)

Mean 
Length 
(mm)

Anterior thalamic radiation 241331 -0.23
0.91
0.33

6.41 173.99 22.97
(±14.41)

Corticospinal tract 172451 0.01
0.27

-0.96

6.02 199.12 18.33
(±9.35)

Cingulum (cingulate gyrus) 115159 -0.01
0.98
0.22

6.72 155.44 22.48
(±14.55)

Cingulum (hippocampus) 21247 -0.05
0.94
0.34

6.92 97.72 15.10
(±6.68)

Inferior fronto-occipital fasciculus 114141 -0.81
0.98
0.01

6.04 230.54 21.01
(±14.17)

Inferior longitudinal fasciculus 165936 -0.15
0.99
0.05

5.66 174.86 23.60
(±15.66)

Superior longitudinal fasciculus 772341 -0.53
0.81
0.24

5.65 194.65 19.98
(±11.10)

Forceps major 384428 0.98
0.19
0.04

5.83 212.08 29.45
(±20.17)

Forceps minor 312853 -0.08
0.84
0.53

4.93 163.29 24.02
(±14.44)

Superior longitudinal fasciculus (temporal part) not evaluated

Uncinate fasciculus not evaluated
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11.  Supplementary information

Table S1: Phenotypic information of included subjects. Groups refer to the according file 
needed to download to access the specific subject.

Subject ID Age Sex Hand-Dominance Group
136018 6 F None 0

148071 9 F Right 0

197570 10 F Right 0

103872 11 F Left 0

109459 11 M Right 1

179454 11 M Left 1

150716 11 M Right 1

161513 11 M Right 1

130249 13 F Right 2

132088 13 F Right 2

165660 14 F Right 2

157873 15 M Right 2

151580 15 M Right 2

168013 15 F Right 3

152384 15 M Right 3

166009 15 M Right 3

164326 16 M Right 3

112347 17 F None 3

179309 17 F Right 4

134795 18 M Right 4

174363 18 F Right 4

139480 18 M Right 4

188199 18 F Right 5

158744 18 M Right 5

156678 19 M Right 5

117168 19 M Right 5

122512 19 F Right 5

185781 20 F Right 6

173085 20 F Right 6

158411 20 M Right 6

168357 20 F Right 6

112249 20 F Right 6

123971 20 M Right 7
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119866 20 M Right 7

115454 20 F Right 7

162251 20 F Right 7

154423 21 F Right 7

179005 21 M Right 8

188854 21 M Left 8

139300 21 F Right 8

199340 22 M Right 8

137679 22 M None 9

177330 22 F Right 9

159429 22 M Right 9

180093 22 M Right 9

192197 23 M None 10

136303 23 F Right 10

116834 23 M Right 10

137496 23 F Right 10

168239 23 F Right 10

146714 23 M Right 11

123173 24 F Right 11

144667 24 M None 11

126919 24 F None 11

173496 25 F Right 11

193358 26 M Right 12

135671 26 F Right 12

168413 26 M Right 12

162704 26 F Right 12

150525 27 M Right 13

141795 27 F Right 13

105290 28 M None 13

185428 30 F Right 13

183726 30 F Right 13

137073 30 M Right 14

122169 32 M Right 14

123657 33 M Right 14

131127 34 F Right 14

187635 36 F Right 15

102157 36 F Right 15

116065 37 Not available Right 15

178174 37 F Left 15

194023 37 F Right 15

111282 39 F None 16
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122816 39 F Right 16

118051 39 F Right 16

162902 40 F Right 16

155458 41 F Right 16

109727 41 M Right 17

139212 41 F Right 17

150589 41 F None 17

167827 42 F Right 17

155419 42 M Right 17

195031 42 F Right 18

190501 43 F Right 18

123429 43 F Right 18

122844 44 F Right 18

115824 44 F Right 18

158560 44 F Right 19

105488 44 M Right 19

108355 46 M Right 19

189478 46 F Right 19

116039 46 F Left 19

156263 47 F Right 20

116842 47 M Right 20

131832 47 M Right 20

153114 47 F Right 20

132850 48 F Right 20

179873 48 F Right 21

114232 48 F Right 21

178453 49 M Right 21

132995 49 F Right 21

196651 49 F Right 21

106780 49 F Right 22

199620 49 F Right 22

103645 49 M Right 22

164900 49 F Right 22

183457 50 M Right 22

182376 50 F Right 23

185676 51 M Right 23

198357 51 F Right 23

144702 51 M None 23

161200 51 F Right 23

115321 51 F Right 24

136416 51 F Right 24
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120557 52 F Right 24

188219 54 F Right 24

132717 54 F Right 25

146865 54 F Right 25

152968 56 F Right 25

173286 56 F Right 25

195236 57 M Left 26

113013 57 F Right 26

168489 57 F Right 26

174886 57 F Right 26

115564 58 F Right 26

112828 58 F Right 27

186277 58 F Right 27

166987 59 F Right 27

177857 59 M None 27

198130 59 F Right 27

169007 59 M Right 28

180308 59 F Right 28

147122 60 F Right 28

125762 60 F Right 28

192736 61 F Right 28

153131 61 M Right 29

133436 61 F None 29

154419 62 F Right 29

105521 62 M Right 29

149794 62 F Right 29

144314 63 F Right 30

106057 63 F Right 30

190053 63 F Right 30

160099 64 F Right 30

165532 65 F Right 30

197456 65 F Right 31

177681 66 F Right 31

157947 66 F Right 31

196558 66 F Right 31

186697 67 F Right 32

188939 67 M Right 32

171266 68 F Left 32

113030 68 F Right 32

181439 69 M Right 32

152189 70 F Right 33
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Table S2: Subjects from the eNKI-RS ‘first release’ that have been excluded in this study

109819 71 M None 33

144495 72 M Right 33

163059 73 M Right 33

198985 74 F Right 34

179283 75 F Right 34

127800 75 M Right 34

138558 76 M Right 34

127733 76 F Right 34

133894 77 M Left 35

170363 80 M Right 35

137714 81 M Right 35

153790 81 F Right 35

116415 83 M Right 35

Subject ID Reason

103714 No dMRI available

118439 No dMRI available
121498 No dMRI available
144344 No dMRI available
182604 No dMRI available
120538 No fMRI available
120652 No fMRI available
141473 No fMRI available
194956 DARTEL Mapping inaccurate
198051 DARTEL Mapping inaccurate
197836 DARTEL Mapping inaccurate
199155 DARTEL Mapping inaccurate
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