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The wiring of the brain connects micro-architecturally diverse neuronal
populations, but the conventional graph model, which encodes macroscale
brain connectivity as a network of nodes and edges, abstracts away the rich
biological detail of each regional node. Here, we annotate connectomes with
multiple biological attributes and formally study assortative mixing in anno-
tated connectomes. Namely, we quantify the tendency for regions to be con-
nected based on the similarity of their micro-architectural attributes. We
perform all experiments using four cortico-cortical connectome datasets from
three different species, and consider a range of molecular, cellular, and lami-
nar annotations. We show that mixing between micro-architecturally diverse
neuronal populations is supported by long-distance connections and find that
the arrangement of connections with respect to biological annotations is
associated to patterns of regional functional specialization. By bridging scales

of cortical organization, from microscale attributes to macroscale con-
nectivity, this work lays the foundation for next-generation annotated

connectomics.

The brain is a complex network of anatomically connected and func-
tionally interacting neuronal populations'. Representing the brain as a
graph of grey matter nodes interconnected by white matter edges
allows us to articulate and quantify its organizational principles. A
compact set of hallmark features has been documented across
organisms, spatial scales and reconstruction technologies’. These
include communities of densely interconnected brain regions and
disproportionately well connected hubs**. Together, these features
promote a balance between specialization and integration®.

An important limitation of the graph model of the brain is
the assumption that all regions are the same. Yet, regions differ in
their intrinsic micro-architectural attributes®'®. These attributes
include gene expression", cellular morphology”'® and density",
cell type”, neurotransmitter receptor profiles”*, laminar
differentiation2%, and myelination”. Understanding how the het-
erogeneous micro-architectural attributes of regional nodes are rela-
ted to their connectional fingerprint is a fundamental question in
systems neuroscience'’*°>2,

Multiple studies have shown that the arrangement of connections
and regional attributes are related. For example, regions with more
macroscale connections tend to have more dendritic spines, larger
dendritic trees and greater neural density”. Moreover, regions with
similar attributes are more likely to be connected with each
other'*?>723334 suggesting a tendency for homophilic attachment.
However, the assessment of the relationship between connectivity and
micro-architecture is complicated by the background influence of the
brain’s spatial embedding on both, whereby spatially proximal regions
are likely to have similar micro-architecture, but also to share anato-
mical connections® %, Disentangling the relationships between neural
wiring, regional heterogeneity and spatial embedding is a core
challenge®**°. Furthermore, studies are often limited to a constrained
set of attributes in a single organism, precluding discovery of universal
principles of cortico-cortical organization.

Here we apply principled methods from network science to con-
struct annotated connectomes. We use connectomes reconstructed
from tract-tracing in model organisms as well as high-resolution in vivo
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imaging in humans, and annotate them with multiple micro-
architectural attributes including gene expression, neuron density,
receptor fingerprints and intracortical myelin. We then systematically
quantify the assortativity of these annotated connectomes: the ten-
dency of regions with similar attributes to connect with one another. In
particular, we implement null models to assess the contribution of
spatial constraints. We find a tendency for regions with similar anno-
tations to connect with each other, and highlight the role of long-
distance projections in connecting micro-architecturally diverse
regions. We also generalize the concept of assortative mixing to
address two biologically relevant questions about wiring principles of
brain networks. First, we consider heterophilic assortativity: are
regions enriched with one attribute more likely to be connected with
regions enriched with another attribute? Second, we consider local
assortativity: how similar is a region to its connected neighbors in
terms of its annotations?

Results

The results are organized as follows. We first use the assortativity
coefficient to explore the relationship between connectivity and the
regional distribution of nodal attributes. We then specifically look at
the assortative mixing of long-range connections. Finally, we uncover
heterophilic patterns of connectivity between different micro-
architectural properties and extend the general concept of assorta-
tivity to the local level.

We use four different connectomes, namely a human diffusion-
weighted MRI structural connectome, a human resting-state functional
MRI connectome, a macaque tract-tracing connectome and a mouse
tract-tracing connectome (Fig. 1a). Each connectome is annotated with
micro-architectural annotations. In other words, each node in the
connectome is given a local annotation score associated with a micro-
architectural attribute. The human connectomes are annotated with
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cortical thickness, TIw/T2w ratio (a proxy for intra-cortical myelin*),
the ratio of excitatory-to-inhibitory neurotransmitter receptors in a
region (E/I ratio), the density of neurotransmitter receptors in a region
and the principal axis of gene expression (gene PC1). The macaque is
annotated with cortical thickness, TIw/T2w ratio and neuron density
while the mouse connectome is annotated with its principal axis of
gene expression (Fig. 1b).

Assortativity of cortical attributes

We first explore the relationship between micro-architectural anno-
tations and connectome organization using the assortativity coeffi-
cient. For a given annotated network, assortativity is defined as the
Pearson correlation between the local annotation scores of con-
nected nodes*. In other words, it quantifies the tendency for nodes
with similar annotation scores to be connected (Fig. 2a). An impor-
tant challenge for measuring assortativity is that cortical attributes
are spatially autocorrelated, and at the same time, connections also
tend to form between brain regions that are proximal in space”. As a
result, assortativity may be trivially confounded by spatial embed-
ding. To assess how cortical attributes are related to brain con-
nectivity, we control for this spatial autocorrelation®*****, Namely, we
compare empirical assortativity coefficients to the assortativity
coefficients of null annotations with preserved spatial autocorrela-
tion (Fig. 2b).

We find that all annotations are positively assortative (i.e., brain
regions tend to be connected to other regions with similar attributes),
but that surrogate annotations also have positive assortativity scores
(Fig. 3a). To account for the influence of spatial autocorrelation on
assortativity, we compute the standardized assortativity score
(z-assortativity) of each attribute relative to the null distributions of
spatial autocorrelation-preserving surrogates and evaluate the sig-
nificance of the scores using a two-sided permutation test, corrected
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Fig. 1| Annotated connectomes. We annotated four connectomes with micro-
architectural attributes. a Connectomes include a human structural and a human
functional connectome reconstructed using data from the HCP®, a macaque con-
nectome generated using data from the CoCoMac database and initially introduced
in Scholtens et al.”, and a mouse connectome reconstructed using data from the
Allen Mouse Brain Connectivity Atlas and introduced in Oh et al.">. The human
connectomes are parcellated according to the 800-nodes Schaefer functional
atlas®, the macaque connectome is parcellated according to a hybrid Walker-von
Bonin and Bailey atlas'” and the mouse connectome comprises 213 brain regions
from the Allen Mouse Brain Atlas'®. Spatial coordinates used for visualization of the

human and macaque connectomes correspond to the parcel centroids of their
respective atlas. The spatial coordinates used for visualization of the mouse con-
nectome were obtained from the Allen Reference Atlas, version 2 (2011). b Human
connectomes are annotated with measures of neurotransmitter receptor density,
the ratio of excitatory-to-inhibitory neurotransmitter receptors, the principal axis
of gene expression (gene PC1), TIw/T2w ratio and cortical thickness. The macaque
connectome is annotated with neuron density (neuron-to-cell ratio), cortical
thickness and T1w/T2w ratio. The mouse connectome is annotated with the prin-
cipal axis of gene expression (gene PCl).
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a | assortativity
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Fig. 2 | Assortative mixing. a Given an annotated network where each node has a
local annotation score, we can quantify the tendency for nodes with similar scores
to be connected using the assortativity coefficient. This coefficient is defined as the
Pearson correlation between the scores of connected nodes*. This relationship
between the scores of connected nodes can be visualized with a scatterplot of a
network’s edges where the position of each edge is determined by the annotation
scores of its two endpoints. Here, the intersection of the two dashed lines indicates
the position of the edge highlighted in the zoomed-in frame of the network. In this
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example, the assortativity coefficient (r) is equal to 0.54. b To control for spatial
constraints, the assortativity coefficient of an empirical annotation is compared to
the assortativity coefficients of n =10,000 null annotations that preserve the spatial
autocorrelation of the empirical one*®***, The boxplots in b represent the 1st, 2nd
(median) and 3rd quartiles of the null distribution; whiskers represent endpoints of
the distribution. The spatial coordinates used for the visualization of the con-
nectome corresponds to the parcel centroids of the 800-nodes Schaefer functional
atlas®.

a | assortativity compared to spatial autocorrelation-preserving nulls

® [] human (structural) @[] human (functional) @[] macaque @[] mouse
0.10 A ® b4 044 ® 0.10 +
0.6 ¢
Fo ° empirical
= i 0.05 - annotation
©
S 0.4- 0.057 g
© annotation
E 0.00 H
0.2
b | standardized assortativity
z 2
=
E Prog > 0.05
5 M p:; <0.05
P01

r T T T T T T T T T T T T 1

- o — %] . (o] — 1%} [%] . —
C s (@] 2 v C = Q E w (_% [%] C Q
] © a v () © a < i v a
Ee] o = c o o = c = c he] ]

— [J] > < — (] > v >~ ~

5 = < 2 o 5 = 2 S E R S )
= w ] — c o L <) — = — < o %
=% Qo — = Q oo — = — =i 5

] 3 v

h} b} =

b hes

annotation

Fig. 3 | Standardized assortativity of micro-architectural annotations.

a Assortativity of empirical annotations (points) are compared to n=10,000 null
annotations with preserved spatial autocorrelation (boxplots). For the human
connectomes, the nulls were generated using a spatial permutation model. For the
mouse and macaque connectomes, the nulls were generated using a parameterized
null model. b Standardized assortativity scores (z-assortativity), computed relative
to the spatial autocorrelation-preserving null annotations. Significance is evaluated

using a two-sided permutation test, corrected for false discovery rate (FDR). Gene
PCI (pspin = 0.0049), TIw/T2w ratio (pspin=0.0001) and cortical thickness

(pspin = 0.0017) are significantly assortative on the functional connectome, while
TIW/T2W (DPmoran = 0.002) and neuron density (Pmoran = 0.0001) are significantly
assortative on the macaque connectome. Boxplots in a represent the 1st, 2nd
(median) and 3rd quartiles; whiskers represent the non-outlier endpoints of the
distribution; and + symbols represent outliers.

for false discovery rate (Fig. 3b). This method ensures that the p-values
are not inflated as a result of spatial autocorrelation®, See Supple-
mentary Fig. 1 for examples of p-values obtained with spatially-naive
null models. We find that annotations are not significantly assortative
on the human structural connectome, while gene PC1 (z-assort =3.15,
Pspin = 0.0049), TIw/T2w (z-assort = 6.02, pspin =0.0001) and cortical
thickness (z-assort=3.63, pspin=0.0017) are significantly assortative

on the human functional connectome. In the macaque connectome,
we observe a significant difference between the assortativity of
T1w/T2w and null annotations (z-assort =3.98, poran = 0.002) as well
as between neuron density and null annotations (z-assort=3.93,
Pmoran = 0.0001). No significant difference is observed for the cortical
thickness. In the mouse connectome, no significant difference is
observed for gene PCl.
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Fig. 4 | Assortative mixing of long-range connections. Assortativity is computed
in each of the four connectomes, thresholded such that a percentile of the shortest
connections are removed. These assortativity scores are standardized with respect
to a null distribution of n=10,000 spatial autocorrelation-preserving nulls.

Standardized assortativity scores (z-assortativity) for each annotation are displayed
as a function of the percentile of connections removed in the network. For all four
connectomes, annotations become less assortative as short-range connections are
removed.

To ensure that the results are not sensitive to processing choices,
we replicated the experiments using different parcellation schemes,
single-hemisphere connectomes, an independently acquired dataset,
additional spatially-autocorrelation preserving nulls models and a
rank-based assortativity measure (Supplementary Figs. 2-4). Further-
more, for each assortativity results, we regressed out the potential
contribution of the other annotations, confirming that the results are
not confounded by relationships between pairs of annotations (Sup-
plementary Fig. 5). We also explored the relationship between anno-
tations using multiple linear regression and dominance analysis
(Supplementary Fig. 6).

The results show that there are numerous instances where
annotations that are prima facie assortative are actually not sig-
nificantly assortative when we account for spatial autocorrelation. We
do find instances, however, where assortativity is significantly larger
than expected from the brain’s spatial embedding and, interestingly,
these findings are consistent with recent reports in the literature. The
significant standardized assortativity of neuron density in the macaque
cortex is consistent with reports that neuron density is more related to
the existence of connections than geodesic distance®. Significant
assortativity in the functional connectome is also consistent with
recent reports that functional connectivity gradients are closely
aligned with multiple micro-architectural properties®>*%,

Geometric contributions to assortativity

Recent theories suggest that long-distance connections in the struc-
tural connectome enhance the diversity of a brain region’s inputs and
outputs*®. Long-distance connections may thus potentially promote
communication between regions with dissimilar attributes. This idea,
however, has never been formally tested from the perspective of bio-
logical annotations.

We therefore explored how the standardized assortativity of dif-
ferent attributes, relative to null annotations with preserved spatial
auto-correlation, varies as we consider connections of different
lengths. For all four connectomes and for each annotation, we com-
pute the standardized assortativity across thresholded connectomes
where a given percentile of the shortest connections is removed. We
find that as short-distance connections are removed — leaving behind

the longest connections — the standardized assortativity of all
annotations across all four connectomes decreases (Fig. 4). Notably,
with 80% of the human structural connectome’s connections
removed, four annotations become significantly disassortative (two-
sided permutation test, FDR-corrected): E/I ratio (z-assort=-2.94,
Pspin=0.021), gene PCl (z-assort=-2.88, pgnin=0.021), Tiw/T2w
ratio (z-assort=-2.27, psin=0.0499) and cortical thickness
(z-assort=-2.49, pspin = 0.039). In other words, the remaining long-
range connections link regions with attributes that are more dis-
similar than we would expect from the brain’s spatial embedding.
Again, these results are consistent across multiple methodological
choices (Supplementary Figs. 2-4). This confirms the notion that
long-distance connections increase the diversity of a region’s inputs
and outputs, supporting the integration of information between
micro-architecturally dissimilar regions.

Heterophilic mixing of cortical attributes
In the previous sections, we used the assortativity coefficient to ask if
two areas are more likely to be connected if they are enriched with the
same attribute. In other words, we quantified the homophilic mixing of
micro-architectural attributes. An equally important question is whe-
ther there exists heterophilic mixing in the brain. In other words, are
two regions more likely to be connected if one region is enriched with
one attribute while the other is enriched with a different attribute?
Cortico-cortical connectivity may indeed reflect interactions between
pairs of distinct attributes. For instance, it has been hypothesised that
the noradrenergic and cholinergic systems influence in distinct ways
large-scale dynamical processes in the brain*’. Laminar organization
also appears to be closely related to brain connectivity***°. We next
ask if the heterogeneous distribution of pairs of attributes from multi-
member classes of annotation — neurotransmitter receptor profiles
and laminar differentiation — is reflected in the connectivity of
the brain.

To address these questions, we analyze two datasets (Fig. 5a). The
first is a positron emission tomography (PET)-derived atlas of 18
receptors and transporters from 9 neurotransmitter systems®. The
second is the thickness of individual cortical layers in the Merker-
stained BigBrain histological atlas?®*". To quantify heterophilic mixing,
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Fig. 5| Heterophilic mixing. a Topographic distribution of PET-derived brain maps
showing the density of 18 transporters and receptors®, as well as the topographic
distribution of laminar thicknesses extracted from the Merker-stained BigBrain
histological atlas?**". The spatial coordinates corresponds to the parcel centroids of
the 800-nodes Schaefer functional atlas® (b) Heterophilic mixing matrices for the
receptors/transporter annotations (left) and for the laminar thickness annotations
(right). Positive values indicate that regions that score highly on an annotation x are
more likely to be connected to regions that score highly on an annotation y than
would be expected from the brain’s spatial embedding. Negative values indicate
that regions that score high on an annotation x are more likely to be connected to
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regions that score low on an annotation y. Black squares highlight statistically
significant relationships (p < 0.05), evaluated using a two-sided permutation test
with spatial autocorrelation-preserving null annotations and corrected for multiple
comparisons (FDR). ¢ Relationship between the standardized assortativity of
annotation pairs in the structural connectome (SC) and in the functional con-
nectome (FC). We find a strong relationship between z-assortativity in SC and
z-assortativity in FC (r=0.74). Highlighted in red are annotation pairs that are
significantly assortative in FC. Highlighted in blue are annotation pairs that are
significantly disassortative in FC.

we extend the concept of assortativity to pairs of annotations. In other
words, we compute the assortativity coefficient for pairs of annota-
tions such that the annotation at endpoint i represents an attribute x
and the annotation at endpoint j represents a different attribute y.
Figure 5b shows the heterophilic mixing matrices of the structural and
functional connectomes for both receptor density and laminar thick-
ness. The assortativity results are standardized with respect to spatial
autocorrelation-preserving null annotations generated by permuting
the attributes on the surface of the brain (spins). Importantly, these
permutations preserve the correlation between brain maps. By con-
trolling for both the brain’s spatial embedding and the correlation
between brain maps, the analyses specifically assess the relationship
between brain connectivity and the heterogeneous distributions of
pairs of micro-architectural attributes. Positive values in each matrix
indicate that a region that scores highly on an annotation x is more
likely to be connected to a region that scores highly on an annotation y

than expected from the spatial distribution of each annotation.
Negative values indicate that a region that scores high on an annota-
tion x is more likely to be connected to a region that scores low on an
annotation y than expected from the spatial distribution of each
annotation.

Several salient associations emerge that are consistent with prior
intuitions and qualitative descriptions in the literature (Fig. 5b). For
the laminar thickness, we find consistent mixing patterns for both the
structural and functional connectomes. Namely, layers I1I, V and VI are
assortative with respect to each other, but disassortative with respect
to layer IV. In other words, we find that brain areas with a prominent
layer IV tend to preferentially connect with brain areas with thin layers
1, V and VI, whereas brain regions with prominent layers Ill, V and VI
tend to preferentially connect with each other. Interestingly, in the
functional connectome, these mixing patterns can be explained by the
relationship between each laminar thickness map and the functional

Nature Communications | (2023)14:2850
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hierarchy, defined as the main axis of variance in the brain’s functional
connectivity matrix®*>, Indeed, assortative mixing between two anno-
tations arises when attributes have positive or negative relationships
with the main axis of brain connectivity, while disassortative mixing
arises when attributes have opposite relationships with this axis
(Supplementary Fig. 7ab). For the patterns of assortativity observed
between layer IV and layers IlI, V and VI, it has been shown that the
thickness of layer IV is most prominent in the primary visual cortex
(ref. 26), while the thicknesses of layers III, V and Vlincreases along the
visual processing hierarchy (ref. 26). Similarly, we find here that the
thickness of layer IV is positively correlated with the functional hier-
archy while the thicknesses of layers Ill, V and VI are negatively cor-
related with the functional hierarchy (Supplementary Fig. 7c). These
opposing relationships with the functional hierarchy, such that a
prominent layer IV is associated with unimodal brain regions while
prominent layer III, V and VI are associated with multimodal regions
explain the mixing patterns observed (Supplementary Fig. 7c).

This general idea also extends to receptors where we broadly find
evidence of disassortative mixing for pairs of receptors and trans-
porters predominantly expressed in brain regions on opposite ends of
this functional hierarchy. More specifically, we find 10 pairs of recep-
tors and transporters that are significantly disassortative (Supple-
mentary Table 1). A clear pattern emerges, whereby each pair involves
a transporter (SHTT, NAT or VAChT) and a receptor. This is in line with
their relationship with the functional hierarchy: transporter maps tend
to be anticorrelated with the unimodal-transmodal hierarchy, while
the identified receptor maps tend to be positively correlated with the
unimodal-transmodal hierarchy (Supplementary Fig. 7d). Altogether,
these results highlight a network-mediated balance between trans-
porter and receptor density.

We also find a significant assortative relationship in the functional
connectome between vesicular acetylcholine transporters (VaChT)
and NAT (z-assort=5.10, pspin=0.028). Transporters are generally
expressed pre-synaptically. Thus, the results show that regions densely
innervated by cholinergic neurons tend to be connected with regions
densely innervated by noradrenaline neurons, above and beyond what
would be expected from the brain’s spatial embedding. Our findings
therefore support the idea that these two systems interact with each
other and with the brain’s topology to influence large-scale dynamical
processes*’. Assortative relationships tend to be similar in both
structural and functional connectomes (Fig. 5c). They are also replic-
able with alternate parcellations and datasets (Supplementary Fig. 8).
Collectively, these complex heterophilic mixing patterns show evi-
dence of how macroscale white matter projections support interfacing
among neuronal populations with diverse microscale attributes.

Local assortative mixing

In the previous two sections, we explored how cortical attributes align
with the underlying connectome at the global level. Here we extend
this concept to the local level and consider the extent to which indi-
vidual regions connect to regions with similar attributes. We first
compute the absolute difference between the local annotation scores
of connected nodes (edge differences; Fig. 6a, left). To quantify the
local assortativity of a region, we then compute the average of its edge
differences to its connected neighbours, weighted by the connection
weight between the two nodes (mean difference; Fig. 6a, right). This
local assortativity score represents how different a region is from other
regions it is anatomically connected with in terms of its biological
attributes.

Importantly, annotation scores that deviate from the mean of the
distribution are on average more dissimilar to any other score (Fig. 6b).
To account for this, we define the homophilic ratio of a node as the
ratio between its mean difference with connected neighbors and its
mean difference with all the nodes in the network (Fig. 6b). Nodes that
have large homophilic ratios are nodes that tend to connect to brain

regions with more dissimilar properties (disassortative) while nodes
that have small homophilic ratios tend to connect to regions with more
similar properties (assortative).

The homophilic ratios of all five annotations on the structural
connectome are shown in Fig. 6¢. The homophilic ratios are consistent
across parcellations and datasets (Supplementary Fig. 9). We also
computed the homophilic ratio of each annotation on the functional
connectome (Supplementary Fig. 10). For the structural connectome,
we summarized the assortativity of each node by computing their
averaged homophilic ratio across all five annotations and quantified
the relationship between homophilic ratio and mean connection dis-
tance as well as node strength (Fig. 6d). We find a significant rela-
tionship for both mean connection distance (r=0.35, pspin = 0.0001),
and node strength (r=0.21, ps,in=0.021). In other words, dis-
assortative regions have, on average, longer connections, which is
consistent with our previous findings that long distance connections
tend to be disassortative (Fig. 4). Also, the results highlight a general
trend in the structural connectome where brain regions that have large
node strength (i.e., “hub” regions) tend to be more disassortative. In
other words, the hub regions of the brain tend to connect to regions
that have dissimilar micro-architectural attributes.

We next explored whether these findings are consistent across
communities of the brain. We clustered the human structural con-
nectomes into 9 communities of highly interconnected regions and
computed the mean homophilic ratio and mean node strength inside
each community. We find that the relationships between node
strength, mean connection distance and homophilic ratio hold for all
communities, with the exception of the dorsolateral prefrontal com-
munity (Supplementary Fig. 11). Brain regions in this community have,
on average, the largest node strengths but the smallest homophilic
ratios. In other words, contrary to the other hub regions of the brain,
nodes in DLPFC tend to preferentially connect to regions that have
similar micro-architectural attributes.

Finally, we ask whether the homophilic ratio of a brain region is
related to its functional specialization. We extracted brain maps of
probabilistic associations between functional keywords and individual
voxels using the Neurosynth meta-analytic engine* and correlated the
brain maps associated with 123 cognitive and behavioural terms** with
the averaged homophilic ratio brain map. We then grouped the cor-
relation scores based on the cognitive category associated with each
term (Fig. 6e). We find, on average, significant (two-sided permutation
test, FDR-corrected) negative correlations between the average
homophilic ratio brain map and both the “action” (r=-0.20, p=0.02)
and the “Executive/Cognitive control” (r=-0.21, p=0.0001) cate-
gories. In other words, regions with large activation during tasks of
these categories tend to have small homophilic ratios. Conversely, we
find that cognitive terms associated to the “learning” and “memory and
emotion” categories have, on average, activation maps that are posi-
tively correlated with the average homophilic ratio brain map (learning
and memory: r=0.11, p = 0.003; emotion: r=0.15, p=0.003). In other
words, regions with large activation during tasks of these categories
tend to have large homophilic ratios. This suggests that executive
functions are subtended by a network of areas that tend to connect to
other areas with similar microscale attributes. Conversely, integrative
functions such as consolidation and memory are subtended by a set of
medial temporal structures that project to regions with diverse
microscale attributes. Correlations for individual cognitive terms are
shown in Supplementary Fig. 12.

Discussion

In the present report we investigate the link between connectome
architecture and microscale biological annotations. More specifically,
we ask whether brain regions with similar attributes are more likely to
be connected with each other above and beyond the role of spatial
proximity. We systematically assess the tendency for global and local
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Fig. 6 | Local assortative mixing. a We first computed the weighted average of the
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scores of all the other nodes in the network (black points in the scatterplot) is
directly related to its annotation score. A similar relationship exists when con-
sidering connected neighbors (gray points in the scatterplot). Therefore, a node’s
homophilic ratio is defined as its mean difference with connected neighbors,
divided by its mean difference with all the nodes in the network. ¢ Homophilic
ratios of five micro-architectural attributes, for the human structural connectome.
d The homophilic ratio, averaged across the five micro-architectural attributes
shown in ¢, is significantly correlated (permutation tests against n =10,000 spatial
autocorrelation-preserving nulls, two-sided) with the mean connection distance
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estimates. e We correlated 123 parcellated brain maps of probabilistic associations
between functional keywords and individual voxel activation®® with the averaged
homophilic ratio of each node. These keywords are separated into 11 different
cognitive categories: executive/cognitive control, action, motivation, attention,
reasoning and decision making, social function, language, other, perception,
learning and memory, and emotion. On average, we find significant (two-sided
permutation test, FDR-corrected) negative correlations between the averaged
homophilic ratio brain map and the activation maps associated to the “action”
(r=-0.20, p=0.02) and the “Executive/Cognitive control” (r=-0.21, p=0.0001)
categories. Conversely, the averaged homophilic ratio brain map is positively
correlated with activation maps associated to the “learning and memory” (r=0.11,
p=0.003) and “emotion” (r=0.15, p = 0.003) categories. Boxplots in e represent
the distribution’s 1st, 2nd (median) and 3rd quartiles; whiskers represent the dis-
tribution’s endpoints. Spatial coordinates in a-c correspond to the parcel centroids
of the 800-nodes Schaefer functional atlas®. Cortical surfaces in c are visualized on
the pial surface of the FreeSurfer'* fsaverage template using PySurfer'*2,

homophilic mixing across a variety of attributes. We show that mixing
between micro-architecturally diverse neuronal populations is sup-
ported by long-distance connections. Finally, we highlight how brain
connectivity supports heterophilic mixing patterns between neuro-
transmitter systems and cortical layers.

The present work builds upon an exciting new direction in network
neuroscience to jointly consider macroscale networks and microscale
attributes®”'#** Contemporary theories emphasize the link between
cytoarchitectonic similarity and synaptic connectivity*s~°*>*, Numer-
ous recent reports related macroscale connectivity to microscale
annotations, including gene expression'°, cytoarchitecture* >34
and neurotransmitter receptor profiles?”?*, While some of these studies
have shown evidence of global assortative mixing for specific attributes

and connectomes types, the extent to which these findings can be
generalized to wiring principles across network reconstruction techni-
ques, species, spatial scales and annotations remains unknown. By
considering a broad range of annotation in multiple connectome
datasets, the present work comprehensively studies how connectivity
between neural populations depends on their micro-architecture.
Importantly, the spatial embedding of the brain constrains
its organization”. Microscale attributes are graded across the
cortex®'%®!, which means that most cortical attributes are spatially
autocorrelated™****%, There is also a concomitant prevalence of short-
distance connections compared to long-distance connections®, with
connection probability and strength typically decaying exponentially
with spatial distance®**%*%¢, Collectively, these principles of cortical
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organization necessitate careful consideration and methodological
control of spatial effects when studying the relationship between
connectivity and annotations>543446267,

Here, we rigorously assess how network wiring, micro-
architectural features and spatial embedding are intertwined from
the perspective of assortativity. Although degree assortativity - whe-
ther nodes with similar degrees are more likely to be connected with
each other - has previously been studied in brain networks®® "%, the
fundamental idea is more general and can be applied to any nodal
features. In this sense, assortativity, combined with spatially-
constrained null models, is the ideal framework to study con-
nectome annotations.

For the functional connectome, we find a significant relationship
between connectivity and gene PC1, T1w/T2w, and cortical thickness.
This is consistent with previous reports that these three properties are
related to the principal gradient of functional connectivity®>*, which
can be thought of as the dominant pattern of assortativity in functional
connectomes™. For the structural connectome, we find that assorta-
tive connectivity heavily depends on the annotation itself. While we
find significant assortativity in the macaque for Tlw/T2w and neuron
density (consistent with previous reports*’), we find also numerous
counter-examples of annotations that are not assortative beyond the
background effect of spatial embedding. For instance, we find that
receptor density and E/I ratio, TIw/T2w ratio, cortical thickness and
gene PCl are not assortative in the human connectome, nor is gene PC1
assortative on the mouse connectome. Collectively, these results
support a general tendency for cytoarchitectonically similar regions to
be connected, but also highlight the fact that not all features conform
to this wiring principle.

By definition, assortativity means that brain regions will be con-
nected to regions that are similar to themselves; a functional con-
sequence is that regions are less likely to be exposed to diverse inputs.
Importantly, we find that long distance connections are an archi-
tectural feature that potentially serves to diversify inputs to a brain
region. Indeed, the longest connections, in structural (diffusion and
tract-tracing) and functional connectomes are significantly dis-
assortative, meaning that they are more likely to connect dissimilar
regions than expected from the brain’s spatial embedding. This is in
line with the notion that greater prevalence of short-range
connections®?*** % which presumably entail lower material and
metabolic cost®, is counter-balanced by a small number of high-cost,
high-benefit long-range connections that support communication
between regions with diverse functions’>*. Previous studies have
found that long-range connections, which are heterogeneously dis-
tributed along microarchitectural and cognitive hierarchies’>’®, help to
shorten communication pathways*, and bridge specialized modules*®.
Our results build on this literature by showing that long-range con-
nections are also more likely to be placed between regions that are
biologically distinct.

We also extend the conventional framework of assortativity to ask
two biologically important questions about heterophilic and local
homophilic mixing. The notion of heterophilic mixing becomes par-
ticularly convenient when we study a multi-member class of annota-
tions, and wish to know whether a node enriched with one attribute is
likely to be connected to a node enriched with another attribute. In the
brain, two notable examples are receptor profiles and laminar differ-
entiation, both of which have been associated to patterns of synaptic
connectivity”*®. For instance, ascending cholinergic and nora-
drenergic neuromodulatory systems are thought to provide com-
plementary mechanisms to balance segregation (cholinergic) and
integration (noradrenergic)*’. Our results highlight a tendency for
cortical areas that are rich in cholinergic and noradrenergic trans-
porters to be connected, offering a potential anatomical mechanism to
maintain this balance. We also find that the thickness of granular layer
IV, which is more prominent in sensory regions, is disassortative with

the thickness of the other layers of the cortex. This is in line with
previous findings that have shown that sensory regions, such as visual
cortex, form segregated modules in macroscale structural and func-
tional networks®®”””°, How heterophilic mixing is organized between
different classes (e.g., areas enriched with specific layers connected to
areas enriched with specific receptors®°) remains an exciting question
that could be readily addressed with the present framework.

Finally, we zoom in to specific regions and assess the extent to
which their local biological annotations conform to the annotations of
their connected neighbours, thereby generalizing the concept of glo-
bal assortativity to the local level. Using meta-analytic decoding, we
find that regions that connect to biologically similar regions tend to
be associated with executive function. This may reflect the fact that
these areas (e.g., dorsolateral prefrontal cortex), which are cytoarchi-
tecturally distinct from other prefrontal regions®, form a highly
interconnected module in the structural connectome®®. Conversely,
regions that connect with biologically dissimilar regions tend to be
associated with memory function. This may reflect the idea that these
regions (e.g., medial temporal cortex) are involved in integrating sig-
nals from multiple specialized circuits”. Collectively, these results
show that the arrangement of connectivity patterns with respect to
biological annotations may ultimately shape patterns of regional
functional specialization.

The present results should be interpreted with respect to
important methodological limitations. First, human structural con-
nectomes were reconstructed using diffusion imaging, a technique
that is known to yield multiple false positives and false negatives®***,
and which cannot be used to infer directionality. Although we
replicated the results using high fidelity tract-tracing and histology
in multiple animal models, further development in reconstructing
human white-matter connectomes is needed. Second, despite the
fact that we tried to be as extensive and comprehensive as possible
in our choice of annotations, spanning molecular, cellular and
laminar attributes, the final set of annotations is incomplete. Excit-
ing technological and data-sharing advances will eventually permit
even more detailed and comprehensive biological annotations to be
studied using this framework. Third, the number and the resolution
of samples across annotations varies. To mitigate the impact of
sampling and resolution differences on our results, we parcellated
each brain map according to the same atlas, which effectively maps
them to a set number of brain regions uniformly distributed across
the cortex and across datasets. Relationship between connectivity
and attributes depend on how brain regions are defined (i.e., par-
cellations). We systematically studied multiple parcellations, but
how best to delineate functional territories of the cortex remains an
open challenge in the field®*%.

In summary, the present work bridges scales of cortical organi-
zation, from microscale attributes to macroscale connectivity. By
carefully controlling the background effect of spatial embedding, we
systematically assess how connectivity is interdigitated with a broad
range of micro-architectural attributes and empirically test multiple
theories about the wiring of cortical networks. This work lays the
foundation for next-generation annotated connectomics.

Methods

Connectomes

Human connectomes (HCP). The human connectomes were gener-
ated using data from the Human Connectome Project S900 release®.
Scans from N =327 unrelated participants (age 28.6 +3.73 years, 55%
females) were used to reconstruct a consensus structural and func-
tional connectome. Informed consent was obtained for all subjects
(the protocol was approved by the Washington University Institutional
Review Board as part of the HCP). The participants were scanned in the
HCP’s custom Siemens 3T “Connectome Skyra” scanner, and the
acquisition protocol included a high angular resolution imaging
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(HARDI) sequence and four resting state fMRI sessions. Briefly, the
dMRI data was acquired with a spin-echo EPI sequence (TR = 5520 ms;
TE=89.5ms; FOV=210x180 mm? voxel size=125mm?> b-value=
three different shells i.e., 1000, 2000, and 3000 s/mm* number of
diffusion directions =270; and number of bO images=18) and the
resting-state fMRI data was acquired using a gradient-echo EPI
sequence (TR=720ms; TE=33.1ms; FOV=208x180 mm? voxel
size =2 mm®; number of slices =72; and number of volumes =1200).
Additional information regarding the acquisition protocol is available
at ref. 86.

The data was pre-processed according to the HCP minimal pre-
processing pipelines®” and structural connectomes were recon-
structed from the dMRI data using the MRtrix3 package®®. Grey matter
was parcellated into 800 cortical regions according to the Schaefer
functional atlas®* and fiber orientation distributions were generated
using a multi-shell multi-tissue constrained spherical deconvolution
algorithm®®", The initial tractogram was generated with 40 million
streamlines, with a maximum tract length of 250 and a fractional ani-
sotropy cutoff of 0.06. Spherical-deconvolution informed filtering of
tractograms (SIFT2) was used to reconstruct whole brain streamlines
weighted by cross-section multipliers®>. More information regarding
the individual network reconstructions is available at ref. 93.

A group consensus structural network was then built such that the
mean density and edge length distribution observed across individual
participants was preserved’. The weights of the edges in the con-
sensus networks correspond to the log-transform of the number of
streamlines in the parcels, averaged across participants for whom
these edges existed. A group-average functional connectivity matrix
was constructed by concatenating the regional fMRI BOLD time series
of all four resting-state sessions from all participants and computing
the zero-lag Pearson correlation coefficient between each pair of brain
regions. Experiments were also replicated using connectomes parcel-
lated into 400 cortical regions, again according to the Schaefer func-
tional atlas®®, and without log-transforming the edge weights.

Human connectomes (Lausanne). Our experiments were also repli-
cated in a second dataset collected at the Lausanne University Hospital
(N=67; age 28.8 + 9.1 years, 40% females)®. Participants were scanned
in a 3-Tesla MRI Scanner (Trio, Siemens Medical, Germany). Informed
consent was obtained for all subjects (the protocol was approved by
the Ethics Commiittee of Clinical Research of the Faculty of Biology and
Medicine, University of Lausanne, Switzerland). Details regarding data
acquisition, pre-processing and network reconstruction are available
at ref. 95. Briefly, the data acquisition protocol included a
magnetization-prepared rapid acquisition gradient echo (MPRAGE)
sequence (Imm in-plane resolution, 1.2 mm slice thickness), a diffusion
spectrum imaging (DSI) sequence (128 diffusion-weighted volumes
and a single b0 volume, maximum b-value 8000 s/mm?
2.2 x2.2 x3.0 mm voxel size), and a gradient echo-planar imaging (EPI)
sequence sensitive to blood-oxygen-level-dependent (BOLD) contrast
(3.3 mm in-plane resolution and slice thickness with a 0.3 mm gap, TR
1920 ms, resulting in 280 images per participant). Grey matter was
parcellated into either 219 and 1000 equally sized parcels®. The
Connectome Mapper Toolkit was used for the initial signal
processing® while gray and white matter were segmented from the
MPRAGE volume using freesurfer®. Structural connectivity matrices
were reconstructed for individual participants using deterministic
streamline tractography on reconstructed DSI data. 32 streamline
propagations were initiated per diffusion direction and per white
matter voxel.

Again, a group consensus structural network was built such that
the mean density and edge length distribution observed across indi-
vidual participants was preserved’. The weights of the edges corre-
spond to the log-transform of the streamline densities, averaged
across participants and scaled to values between 0 and 1. fMRI volumes

were corrected for physiological variables (regression of white matter,
cerebrospinal fluid, as well as motion), BOLD time series were sub-
jected to a lowpass filter and motion “scrubbing”® was performed. A
group-average functional connectivity matrix was reconstructed using
the same procedure as described above.

Macaque connectome. The macaque connectome was initially
introduced in Scholtens et al.” and was generated using data from
the CoCoMac database, an online repository of tract-tracing
experiments'’’. The parcellation used for the network reconstruction
is an hybrid between the Walker-von Bonin and Bailey atlases'” and
contains 39 non-overlapping cortical regions. The network was con-
structed such that a connection is assigned to pairs of brain regions if
(i) atractis reported in a least five studies in the database and ii) at least
66% of the reports are positive. The connectome is directed and each
edge is weighted between 1 and 3 based on the averaged reported
strength of the connection.

Mouse connectome. The mouse connectome was generated by Oh
et al.'? using data from the Allen Mouse Brain Connectivity Atlas. This
connectivity atlas contains high-resolution images acquired from 469
injection experiments performed in the right hemisphere of C57BL/6)
male mice. Each experiment produced 140 high-resolution (0.35 um)
coronal sections of EGFP-labelled axonal projections which were then
registered to the Allen Mouse Brain Atlas'®. A weighted directed
connectome of 213 brain regions was constructed. The strength of
each connection was obtained by fitting a linear connectivity model to
the data. The connectivity data, the name of the 213 brain regions as
well as the euclidean distance between each region was obtained from
the supplemental material of Oh et al.'®. The spatial coordinates used
for visualization were obtained from the Allen Mouse Reference Atlas,
version 2 (2011).

Annotations

Human annotations. Cortical thickness and Tlw/T2w ratio were
extracted from high-resolution structural scans made available by the
Human Connectome Project®. For the HCP connectomes, the mor-
phometric measures were obtained for each one of the 201 individuals
used to reconstruct the connectomes and averaged, for each node of
the parcellations, across subjects. For the Lausanne connectomes, the
morphometric measures, averaged across subjects of the S1200
release, were fetched and parcellated using neuromaps®..

The principal axis of transcriptional variation across the human
cortex (gene PC1) captures a hierarchy of transcriptomic specialization
across the human cortex®” and has been used in multiple studies
(refs. 11, 34, 104-106. It was computed using the Allen Human Brain
Atlas (AHBA; https://human.brain-map.org/)", which provides regional
microarray expression data from six post-mortem brains (1 female,
ages 24-57, 42.5+13.38). The AHBA data was pre-processed and
mapped to the parcellated brain regions using the abagen toolbox
(https://github.com/rmarkello/abagen)'”’. During pre-processing, the
MNI coordinates of tissue samples were updated to those generated
via non-linear alignment to the ICBM152 template anatomy (https://
github.com/chrisgorgo/alleninf). Microarray probe information was
re-annotated for all genes using data provided by Arnatkeviciute and
colleagues'®®. For bilateral connectomes, microarray expression sam-
ples were mirrored across hemispheres to increase spatial coverage.
Then, probes were filtered by only retaining those that have a pro-
portion of signal to noise ratio greater than 0.5. When multiple probes
indexed the expression of the same gene, the one with the most
consistent pattern of regional variation across donors was selected.
Samples were then assigned to individual regions in the parcellations.
If a sample was not found directly within a parcel, the nearest sample,
up to a 2mm-distance, was selected. If no samples were found within
2 mm of the parcel, the sample closest to the centroid of the empty

Nature Communications | (2023)14:2850


https://human.brain-map.org/
https://github.com/rmarkello/abagen
https://github.com/chrisgorgo/alleninf
https://github.com/chrisgorgo/alleninf

Article

https://doi.org/10.1038/s41467-023-38585-4

parcel across all donors was selected. To reduce the potential for
misassignment, sample-to-region matching was constrained by hemi-
sphere and gross structural divisions (i.e., cortex, subcortex/brain-
stem, and cerebellum, such that e.g., a sample in the left cortex could
only be assigned to an atlas parcel in the left cortex). All tissue samples
not assigned to a brain region in the provided atlas were discarded.
Tissue sample expression scores were then normalized across genes
using a scaled robust sigmoid function', and were rescaled to a unit
interval. Expression scores were also normalized across tissue samples
using the same procedure. Microarray samples belonging to the same
regions were then aggregated by computing the mean expression
across samples for individual parcels, for each donor. Regional
expression profiles were finally averaged across donors to obtain a
single genes x brain regions matrix. From the 15,632 genes listed in this
matrix, 1906 brain-specific genes were used to compute the principal
axis of transcriptional variation using Principal component analysis.
The list of brain-specific genes was obtained from™. The principal axis
obtained (gene PCl) captures 20% of the total gene expression var-
iance in the matrix.

Receptor density information was collected for 18 different
neurotransmitter receptors and transporters from a total of 25 dif-
ferent studies as described in ref. 22. The receptor maps include
S5HT1a'%, SHT1b'%"°, SHT2a™, SHT4", SHT6"?, SHTT"Y, a,f3,"", CB1'*,
Dlus’ D2115’ DATW, GABAAus, H3u9’ Mllzo, mGluRS““ZZ, NMDAIB'IM,
MU'%, NAT™¢, VAChT'#'?, Positron emission tomography (PET)
images registered to the MNI space were parcellated and receptors/
transporters with more than one mean image of the same tracer (5-
HT1b, D2, VAChT) were combined using a weighted average. Tracer
maps, each corresponding to a single receptor/transporter where
then normalized across regions to values between 0 and 1. Receptor
density was computed as the average density, across all 18 receptors
while an excitatory/inhibitory ratio was computed as the ratio
between the mean density of excitatory receptors and the mean
density of inhibitory receptors. Excitatory receptors include: SHT2a,
5HT4, 5SHT6, a4f,, D1, M1, mGLuRS. Inhibitory receptors include:
5HT1a, 5HT1b, CB1, D2, GABA,, H3, MU.

Laminar thickness information was extracted from the Merkel-
stained BigBrain histological atlas®**. Individual cortical layers were
individually segmented with a convolutional neural network, as
described in Wagstyl et al.*%, and the laminar surfaces were made
available on the BigBrain Project website (https://ftp.bigbrainproject.
org/). Laminar thickness was computed as the Euclidean distance
between each pair of corresponding vertices on each 3D surfaces. The
data was then parcellated to the Schaefer (800 nodes) parcellation®
using surface parcellation files in the BigBrain space that are also
available on the BigBrain Project website.

Macaque annotations. Three macaque annotations were obtained.
The cortical thickness and Tlw/T2w ratio cortical maps are originally
from Donahue et al.’”” and were extracted from the structural MRI
scans of 19 adult macaques (Tlw and T2w, 0.5 mm isotropic). These
brain maps were publicly shared in the BALSA database™ (https://
balsa.wustl.edu/study/show/W336). The cortical maps were first par-
cellated using a 91 regions parcellation scheme (M132). The data was
then further parcellated to the WBB atlas using a region-wise mapping
provided in". Neuron density information was extracted from brain
tissues of an Old World macaque monkey" and mapped to the WBB
atlas using a mapping provided in".

Mouse annotations. The principal axis of gene expression variation
(gene PCl1) was computed using data from the Allen Mouse Brain
Atlas'®. This atlas contains gene expression profiles, obtained using in-
situ hybridization, from more than 20,000 genes. Expression density
within each of the 213 structures defined in the 0oh2014 connectome
was computed by combining/unionizing grid voxels with the same 3-D

structural label. The data was obtained using the mouse module of the
abagen toolbox (https://github.com/rmarkello/abagen)'”’. To facilitate
comparison between genes, we normalized expression levels for each
gene. We then computed the principal axis of gene expression varia-
tion across brain regions using principal component analysis.

Spatial autocorrelation-preserving null annotations

We controlled for the brain’s spatial constraints using null models that
preserve the spatial autocorrelation of the empirical attributes. The
use of spatial permutation nulls (spin nulls) was prioritized since they
tend to be more conservative®, These nulls require the use of spherical
projections of the brain, which were not available in animal datasets.
For the animal datasets, we therefore relied on a parameterized null
model that uses Moran spectral randomization (Moran nulls)*. All the
results were also replicated with a third null model originally proposed
by Burt and colleagues (Burt nulls), and the results obtained with spin
nulls (i.e. for the human connectomes) were also replicated with the
Moran nulls. The spin, Moran and Burt nulls were respectively imple-
mented with the neuromaps (https://github.com/netneurolab/
neuromaps)®, brainspace (https://github.com/MICA-MNI/
BrainSpace)® and brainSMASH (https://github.com/murraylab/
brainsmash)** toolboxes. Using these annotations, we performed
two-sided permutation tests. In other words, a distribution of 10,000
null annotations was generated and a p-value was computed by com-
paring the empirical result to the distribution of null results obtained
with the null annotations. P-values were also corrected for False dis-
covery rate (FDR) using the Benjamini-Yekutieli procedure, which
controls for false discovery rate under arbitrary dependence

assumptions',

Spin nulls. The original framework for this spatial permutation model
was introduced in Alexander-Bloch et al.** and consists in generating
null distributions by applying random rotations to spherical projec-
tions of the brain. Here, we use a framework adapted to parcellated
data originally proposed in Vazquez-Rodriguez et al.**. Namely, we
select for each parcel the vertex closest to its center of mass on the
spherical projection of the fsaverage surface. We then apply a rotation
to the coordinates of these centers of mass and reassign to each parcel
the value of the closest rotated parcel. To preserve homotopy across
hemispheres, the rotations are generated independently for one
hemisphere and then mirrored across the anterior-posterior axis for
the other.

Moran nulls. The generation of spatially constrained nulls using
Moran spectral randomization was first proposed in the ecology
literature™ and relies on a spatially-informed weight matrix W. The
eigenvectors of W provide an estimate of the autocorrelation in the
brain and are used to impose a similar spatial structure on random,
normally distributed surrogate data. Here, W is defined as the inverse
of the distance matrix between brain regions. For the human con-
nectomes, the distance between pairs of parcels was defined as the
mean geodesic distance between every vertex pair in both parcels. In
the animal connectomes, it was defined as the euclidean distance
between both parcels. Data was generated separately for each hemi-
sphere using the same random seed to obtain null annotations that
preserve homotopy across hemispheres.

Burt nulls. This parameterized null model was originally proposed in
Burt et al.**. First, the empirical brain map is randomly permuted. Then,
this permuted brain map is spatially smoothed and re-scaled to re-
introduce the spatial autocorrelation (SA) of the empirical brain map.
The smoothing process is achieved via the following transformation:

y=18"*x+|a|"?z, o)
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where y is the surrogate map, X is the permuted data and z is a vector
of random gaussian noise. The a and 8 parameters are estimated via a
least-square optimization between variograms of the original and
permuted data. By maximizing the fit between the variograms of the
original and permuted data, we ensure that the SA of the surrogate
map matches the SA of the empirical map. Again, the distances
between pairs of parcels in the human connectomes were obtained by
averaging the geodesic distance between every vertex in the two
parcels while they were obtained by computing the euclidean distance
between each parcel in the animal connectomes. Also, data was
generated separately for each hemisphere using the same random
seed to obtain null annotations that preserve homotopy across
hemispheres. The hyper-parameters used were the default parameters
provided by the brainSMASH software* (https:/github.com/
murraylab/brainsmash).

Assortativity

To study the relationship between distributions of cortical attributes
and the topological architecture of our connectomes, we relied on the
assortativity coefficient, which is defined as the Pearson correlation
between the annotations of connected nodes*’. More precisely, given
an adjacency matrix A, where a; represents the strength of the con-
nection between brain regions i and j, and a vector of annotations x,
where x; represents the annotation attributed to node i, the assorta-
tivity of a network, with respect to x is defined as:

- (/]

= 2 om™ @
if

where 2m corresponds to the sum of the edge weights in the network

and x; represents the standardized score of the annotation attributed

to node i

X;= , 3)

X corresponds to the expected value of x and oy corresponds to the
standard deviation of x:

_ 1
X=5 ZI: kix; (4)

1 _
xzwmzi:ki(xi—x)z- )

k; corresponds to the strength of node i.

Q

Ranked-based assortativity

More generally, given an annotation x, we can define the vectors x?
and x? as the annotations of endpoints i and endpoints j across all
edges (i,j) in the network. In other words, each entry in the vectors x?
and x? represent the annotations of nodes connected by an edge in the
network. The assortativity coefficient can then be defined as a weigh-
ted Pearson correlation between these two vectors, weighted by the
weight of the connection between each edge.

By ranking the annotation scores in the vectors x and x?, we can
compute a rank-based assortativity coefficient that corresponds to the
weighted Spearman correlation between these two vectors. This rank-
based coefficient allows us to evaluate the existence of monotonic
relationships between the annotations of connected brain regions.

Partial assortativity
To evaluate the partial assortativity of an annotation y with respect to
X, another vector of annotation score, we fit a linear regression

between the scores y” and x?, as well as between the scores y? and x?,
for all edges (i,j) in the network, and then compute the weighted
Pearson correlation between the residuals of these regressions.

Multiple linear regression and dominance analysis

To characterize the assortativity of a brain region across multiple
annotations, we built multiple linear regression models. These models
were used to explain the annotation score of a brain region for a
specific annotation from the annotation scores, across all annotations
available, of its connected brain regions. Formally, given a vector of
annotation scores y? representing the annotations score of endpoints,j
for all edges (i,j) and vectors of annotation scores for independent
variables x{" x{, ..., x?, which represent the annotations scores of
endpoints i, for variables xj, X5, ..., X,, we modeled the annotation
score of the dependent variable y from the annotation scores of the
independent variables x;, X5, ..., X, using a linear regression model:

YD =bo +byX + )Xy + - + DX 6)

where by, by, ..., b, are the regression coefficients and by is the inter-
cept. The regression coefficients were estimated using weighted least
squares with the strength of the connections between pairs of brain
regions used as weights.

We then estimated the contribution of each annotation to those
linear regression models using dominance analysis. This technique
consists in fitting the same regression model using every combination
of input variables® and then evaluating the total dominance of a
variable, defined as the average of the relative increase in R2 observed
when adding this variable to each submodel. This measure indicates
how each regressor variable contributes to the model while accounting
for interactions between regressors.

Heterophilic mixing

The assortativity coefficient can also measure the heterophilic mixing
between pairs of annotations. We define heterophilic mixing as the
tendency for nodes with a given standardized scores for an attribute x
to connect to nodes with similar standardized scores for another
attribute y. The assortativity coefficient, for pairs of annotations x and
y is defined as:

% g5
Xy~ 2 2m X (7)
ij

-
Il

Homophilic ratio

To quantify the extent to which individual regions connect to regions
with similar attributes, we computed the homophilic ratio of each
node. This measure is a ratio between the weighted average of
the absolute difference of a node’s annotation with its neighbors and
the averaged absolute difference of this node’s annotation with all the
other nodes in the network. More precisely, the homophilic ratio h of a
given node i for an annotation x is defined as

a;
ij*“Xi — Xl

, ()]
%Zﬂxi =X

hy (D=

where n is the number of nodes in the connectome.

Mean connection distance

The mean homophilic ratio of each node was compared to its mean
connection distance. This measure is defined as the average distance
between a node and its connected neighbors, weighted by the weight
of each connection. More precisely, the mean connection distance
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(MCD) of a node i is defined as
1

where dj; corresponds to the Euclidean distance between nodes i and /.

Community detection

Communities are groups of nodes with dense connectivity among each
other. The Louvain method was used to identify a community assign-
ment or partition that maximizes the quality function Q"":

1 5
Q= ﬂz {Aij _ y;_snfl} 6(c;.cp), (10)

t

where Aj; is the weight of connection between nodes i andj, s;and s; are
the directed strengths of i and j, m is a normalizing constant, c; is the
community assignment of node i and the Kronecker §-function 6(u, v)
is defined as 1 if u=v and O otherwise. The resolution parameter y
scales the importance of the null model and effectively controls the
size of the detected communities: larger communities are more likely
to be detected when y <1 and smaller communities (with fewer nodes
in each community) are more likely to be detected when y>1.

To detect stable community assignments for the structural con-
nectome we initiated the algorithm 100 times at each value of the
resolution parameter and consensus clustering was used to identify
the most representative partitions'®. This procedure was repeated for
a range of 100 resolutions between y=0.25 and y=7.5. We then
quantified the similarity between pairs of consensus partitions using
the z score of the Rand index"’. Ultimately, we chose the
9-communities consensus partition obtained at y=1.23 because the
generated partitions obtained for this value of y showed high mutual
similarity and persisted through stretches of y values. The whole
procedure was implemented using code available in the netneurotools
python toolbox (https://github.com/netneurolab/netneurotools).

Probabilistic activation maps
Using the Neurosynth meta-analytic engine®® we extracted brain maps
of probabilistic associations between functional key words and indi-
vidual voxels, synthesized from results from more than 15,000 pub-
lished fMRI studies. The probabilistic measures quantify the
probability that a given term is reported in a study and that there is
activation observed in a given voxel. It can be interpreted as a quan-
titative representation of how regional fluctuations in activity are
related to psychological processes. We analyzed the functional maps
associated to 123 cognitive and behavioural terms from the Cognitive
Atlas (ref. 54, ranging from umbrella terms (“attention”, “emotion”) to
specific cognitive processes (“visual attention”, “episodic memory”),
behaviours (“eating”, “sleep”), and emotional states (“fear”, “anxiety”).
These cognitive terms were grouped into 11 cognitive categories.
These categories consist of “Action”, “Learning and Memory”, “Emo-
tion”, “Attention”, “Reasoning and Decision Making”, “Executive/Cog-
nitive control”, “Social Function”, “Perception”, “Motivation”,
“Language” and “other”. Lists of terms associated with each category
can be found here: http://www.cognitiveatlas.org/concepts/
categories/all. To evaluate whether, on average, terms associated to
one of these categories are significantly correlated with the average
homophilic ratio brain map, we performed a two-sided permutation
test where we randomly permuted the categories associated with each
term and computed the average correlations obtained from these
permuted categories. This was repeated 10000 times, and a p-value
was computed by comparing the average correlations obtained with
the empirical categories with the null distribution of average correla-
tions obtained with the permuted categories. The p-values obtained

were then corrected for false discovery rate using the Benjamini-
Yekutieli procedure.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data used to conduct the analyses is available at https://github.
com/netneurolab/bazinet_assortativity. More generally, the HCP
dataset®® is available at https:;/db.humanconnectome.org/data/
projects/HCP_1200, the Lausanne dataset is available at https://doi.
org/10.5281/zenodo.2872624, the Allen Human Brain Atlas" is available
at https://human.brain-map.org, the receptor density atlas® is avail-
able  through  neuromaps  (https://github.com/netneurolab/
neuromaps)®, the Allen Mouse Brain Connectivity Atlas'®* is available
at https://connectivity.brain-map.org, the Allen Mouse Brain Atlas' is
available at https://mouse.brain-map.org/static/atlas, the CoCoMac
database'® is available at http://cocomac.g-node.org, the macaque
neuron density”” data is available at https://doi.org/10.1073/pnas.
1010356107, the macaque structural MRI scans® are publicly avail-
able in the BALSA database™ (https://balsa.wustl.edu/study/show/
W336) and the BigBrain data’*' is available at https:/ftp.
bigbrainproject.org/. Source data are provided with this paper.

Code availability

The code used to conduct the analyses and generate the figures pre-
sented in this paper is available at https://github.com/netneurolab/
bazinet_assortativity and directly relies on the following open source
Python packages: BrainSMASH*, BrainSpace”, Matplotlib™°,
neuromaps®, NumPy'*, PySurfer*?, Scipy'*® and Seaborn'**.,

References

1. Bullmore, E. & Sporns, O. Complex brain networks: graph theo-
retical analysis of structural and functional systems. Nat. Rev.
Neurosci. 10, 186-198 (2009).

2. van den Heuvel, M. P., Bullmore, E. T. & Sporns, O. Comparative
connectomics. Trends Cognitive Sci. 20, 345-361 (2016).

3. Sporns, O. & Betzel, R. F. Modular brain networks. Ann. Rev. Psy-
chol. 67, 613-640 (2016).

4.  vanden Heuvel, M. P., Kahn, R. S., Gofi, J. & Sporns, O. High-cost,
high-capacity backbone for global brain communication. Proc.
Natl. Acad. Sci. 109, 11372-11377 (2012).

5. Sporns, O. Network attributes for segregation and integration in
the human brain. Curr. Opin. Neurobiol. 23, 162-171 (2013).

6. Huntenburg, J. M., Bazin, P.-L. & Margulies, D. S. Large-scale gra-
dients in human cortical organization. Trends Cognitive Sci. 22,
21-31(2018).

7. Hilgetag, C. C. & Goulas, A. ‘hierarchy’in the organization of
brain networks. Philosophical Trans Royal Soc. B 375,

20190319 (2020).

8. Suarez, L. E., Markello, R. D., Betzel, R. F. & Misic, B. Linking
structure and function in macroscale brain networks. Trends
Cogn. Sci. 24, 302-315 (2020).

9. Weiskopf, N., Mohammadi, S., Lutti, A. & Callaghan, M. F.
Advances in mri-based computational neuroanatomy: from
morphometry to in-vivo histology. Curr. Opin. Neurol. 28,
313-322 (2015).

10. Sydnor, V. J. et al. Neurodevelopment of the association cortices:
Patterns, mechanisms, and implications for psychopathology.
Neuron 109, 2820-2846 (2021).

M. Hawrylycz, M. J. et al. An anatomically comprehensive atlas of the
adult human brain transcriptome. Nature 489, 391-399 (2012).

12.  Krienen, F. M., Yeo, B. T., Ge, T., Buckner, R. L. & Sherwood, C. C.
Transcriptional profiles of supragranular-enriched genes

Nature Communications | (2023)14:2850

12


https://github.com/netneurolab/netneurotools
http://www.cognitiveatlas.org/concepts/categories/all
http://www.cognitiveatlas.org/concepts/categories/all
https://github.com/netneurolab/bazinet_assortativity
https://github.com/netneurolab/bazinet_assortativity
https://db.humanconnectome.org/data/projects/HCP_1200
https://db.humanconnectome.org/data/projects/HCP_1200
https://doi.org/10.5281/zenodo.2872624
https://doi.org/10.5281/zenodo.2872624
https://human.brain-map.org
https://github.com/netneurolab/neuromaps
https://github.com/netneurolab/neuromaps
https://connectivity.brain-map.org
https://mouse.brain-map.org/static/atlas
http://cocomac.g-node.org
https://doi.org/10.1073/pnas.1010356107
https://doi.org/10.1073/pnas.1010356107
https://balsa.wustl.edu/study/show/W336
https://balsa.wustl.edu/study/show/W336
https://ftp.bigbrainproject.org/
https://ftp.bigbrainproject.org/
https://github.com/netneurolab/bazinet_assortativity
https://github.com/netneurolab/bazinet_assortativity

Article

https://doi.org/10.1038/s41467-023-38585-4

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

associate with corticocortical network architecture in the human
brain. Proc. Natl. Acad. Sci. 113, EA69-E478 (2016).

Burt, J. B. et al. Hierarchy of transcriptomic specialization across
human cortex captured by structural neuroimaging topography.
Nat. Neurosci. 21, 1251-1259 (2018).

Fulcher, B. D. & Fornito, A. A transcriptional signature of hub
connectivity in the mouse connectome. Proc. Natl. Acad. Sci. 113,
1435-1440 (2016).

Fulcher, B. D., Murray, J. D., Zerbi, V. & Wang, X.-J. Multimodal
gradients across mouse cortex. Proc. Natl. Acad. Sci. 116,
4689-4695 (2019).

between connectome and transcriptome. Trends Cogn. Sci. 23,
34-50 (2019).

Scholtens, L. H., Schmidt, R., de Reus, M. A. & van den Heuvel, M.
P. Linking macroscale graph analytical organization to microscale
neuroarchitectonics in the macaque connectome. J. Neurosci. 34,
12192-12205 (2014).

vanden Heuvel, M. P, Scholtens, L. H., Barrett, L. F., Hilgetag, C. C.
& de Reus, M. A. Bridging cytoarchitectonics and connectomics in
human cerebral cortex. J. Neurosci. 35, 13943-13948 (2015).
Collins, C. E., Airey, D. C., Young, N. A., Leitch, D. B. & Kaas, J. H.
Neuron densities vary across and within cortical areas in primates.
Proc. Natl. Acad. Sci. 107, 15927-15932 (2010).

Seidlitz, J. et al. Transcriptomic and cellular decoding of regional
brain vulnerability to neurogenetic disorders. Nat. Commun. 1,
1-14 (2020).

Palomero-Gallagher, N., Amunts, K. & Zilles, K. Transmitter
receptor distribution in the human brain. In Brain Mapping, 261-
275 (Elsevier, 2015).

Hansen, J. Y. et al. Mapping neurotransmitter systems to the
structural and functional organization of the human neocortex.
Nat. Neurosci. 25, 1569-1581 (2022).

Goulas, A. et al. The natural axis of transmitter receptor distribu-
tion in the human cerebral cortex. Proc. Natl. Acad. Sci. 118,
2020574118 (2021).

Froudist-Walsh, S. et al. Gradients of receptor expression in the
macaque cortex. Preprint at bioRxiv https://doi.org/10.1101/2021.
02.22.432173 (2021).

Mesulam, M.-M. From sensation to cognition. Brain: J. Neurol. 121,
1013-1052 (1998).

Wagstyl, K. et al. Bigbrain 3d atlas of cortical layers: cortical and
laminar thickness gradients diverge in sensory and motor cortices.
PLOoS Biol. 18, e3000678 (2020).

Wei, Y., Scholtens, L. H., Turk, E. & van den Heuvel, M. P. Multiscale
examination of cytoarchitectonic similarity and human brain
connectivity. Network Neurosci. 3, 124-137 (2018).

Paquola, C. et al. Microstructural and functional gradients are
increasingly dissociated in transmodal cortices. PLoS Biol. 17,
e3000284 (2019).

Huntenburg, J. M. et al. A systematic relationship between func-
tional connectivity and intracortical myelin in the human cerebral
cortex. Cereb. Cortex 27, 981-997 (2017).

Passingham, R. E., Stephan, K. E. & K&tter, R. The anatomical basis
of functional localization in the cortex. Nat. Rev. Neurosci. 3,
606-616 (2002).

Lariviere, S. et al. Microstructure-informed connectomics:
Enriching large-scale descriptions of healthy and diseased brains.
Brain Connect. 9, 113-127 (2019).

Vézquez-Rodriguez, B., Liu, Z.-Q., Hagmann, P. & Misic, B. Signal
propagation via cortical hierarchies. Network Neurosci. 4,
1072-1090 (2020).

Beul, S. F., Barbas, H. & Hilgetag, C. C. A predictive structural
model of the primate connectome. Scientific Rep. 7, 1-12 (2017).

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Shafiei, G. et al. Topographic gradients of intrinsic dynamics
across neocortex. Elife 9, 62116 (2020).

Horvat, S. et al. Spatial embedding and wiring cost constrain the
functional layout of the cortical network of rodents and primates.
PLoS Biol 14, 1002512 (2016).

Roberts, J. A. et al. The contribution of geometry to the human
connectome. Neuroimage 124, 379-393 (2016).

Stiso, J. & Bassett, D. S. Spatial embedding imposes constraints on
neuronal network architectures. Trends Cogn Sci. 22,

1127-1142 (2018).

Markello, R. D. & Misic, B. Comparing spatial null models for brain
maps. Neurolmage 236, 118052 (2021).

Oldham, S. et al. Modeling spatial, developmental, physiological,
and topological constraints on human brain connectivity. Sci. Adv.
8, eabm6127 (2021).

Akarca, D., Vértes, P. E., Bullmore, E. T. & Astle, D. E. A generative
network model of neurodevelopmental diversity in structural
brain organization. Nat. Commun. 12, 1-18 (2021).

Glasser, M. F. & Van Essen, D. C. Mapping human cortical areas
in vivo based on myelin content as revealed by t1-and t2-weighted
mri. J. Neurosci. 31, 11597-11616 (2011).

Newman, M. E. Mixing patterns in networks. Physical Rev. E 67,
026126 (2003).

Alexander-Bloch, A. F. et al. On testing for spatial correspondence
between maps of human brain structure and function. Neuro-
image 178, 540-551 (2018).

Burt, J. B., Helmer, M., Shinn, M., Anticevic, A. & Murray, J. D.
Generative modeling of brain maps with spatial autocorrelation.
Neurolmage 220, 117038 (2020).

Beul, S. F. & Hilgetag, C. C. Neuron density fundamentally relates
to architecture and connectivity of the primate cerebral cortex.
Neurolmage 189, 777-792 (2019).

Betzel, R. F. & Bassett, D. S. Specificity and robustness of long-
distance connections in weighted, interareal connectomes. Proc.
Natl. Acad. Sci. 115, E4880-E4889 (2018).

Shine, J. M. Neuromodulatory influences on integration and seg-
regation in the brain. Trends Cogn. Sci. 23, 572-583 (2019).
Rockland, K. S. & Pandya, D. N. Laminar origins and terminations of
cortical connections of the occipital lobe in the rhesus monkey.
Brain Res. 179, 3-20 (1979).

Goulas, A., Zilles, K. & Hilgetag, C. C. Cortical gradients and
laminar projections in mammals. Trends Neurosci. 41,

775-788 (2018).

Garcia-Cabezas, M. A., Zikopoulos, B. & Barbas, H. The structural
model: a theory linking connections, plasticity, pathology, devel-
opment and evolution of the cerebral cortex. Brain Struc. Func.
224, 985-1008 (2019).

Amunts, K. et al. Bigbrain: an ultrahigh-resolution 3d human brain
model. Science 340, 1472-1475 (2013).

Margulies, D. S. et al. Situating the default-mode network along a
principal gradient of macroscale cortical organization. Proc. Natl.
Acad. Sci. 113, 12574-12579 (2016).

Yarkoni, T., Poldrack, R. A., Nichols, T. E., Van Essen, D. C. & Wager,
T. D. Large-scale automated synthesis of human functional neu-
roimaging data. Nat. Methods 8, 665-670 (2011).

Poldrack, R. A. et al. The cognitive atlas: toward a knowledge
foundation for cognitive neuroscience. Front. Neuroinform. 5,

17 (20M).

Barbas, H. Pattern in the laminar origin of corticocortical con-
nections. J. Comparative Neurol. 252, 415-422 (1986).

Hilgetag, C. C., Beul, S. F., van Albada, S. J. & Goulas, A. An
architectonic type principle integrates macroscopic cortico-
cortical connections with intrinsic cortical circuits of the primate
brain. Network Neurosci. 3, 905-923 (2019).

Nature Communications | (2023)14:2850

13


https://doi.org/10.1101/2021.02.22.432173
https://doi.org/10.1101/2021.02.22.432173

Article

https://doi.org/10.1038/s41467-023-38585-4

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

7.

72.

73.

74.

75.

76.

77.

78.

79.

80.

French, L. & Pavlidis, P. Relationships between gene expression
and brain wiring in the adult rodent brain. PLoS Comput. Biol. 7,
1001049 (201M1).

Richiardi, J. et al. Correlated gene expression supports synchro-
nous activity in brain networks. Science 348, 1241-1244 (2015).
Vértes, P. E. et al. Gene transcription profiles associated with inter-
modular hubs and connection distance in human functional
magnetic resonance imaging networks. Philosophical Trans. Royal
Soc. B: Biol. Sci. 371, 20150362 (2016).

Arnatkeviciute, A., Fulcher, B. D., Pocock, R. & Fornito, A. Hub
connectivity, neuronal diversity, and gene expression in the cae-
norhabditis elegans connectome. PLoS Comput. Biol. 14,
1005989 (2018).

Markello, R. D. et al. Neuromaps: structural and functional inter-
pretation of brain maps. Nat. Methods 19, 1472-1479 (2022).
Fulcher, B. D., Arnatkeviciute, A. & Fornito, A. Overcoming false-
positive gene-category enrichment in the analysis of spatially
resolved transcriptomic brain atlas data. Nat. Commun. 12,

1-13 (2021).

Bullmore, E. & Sporns, O. The economy of brain network organi-
zation. Nat. Rev. Neurosci. 13, 336-349 (2012).

Ercsey-Ravasz, M. et al. A predictive network model of cerebral
cortical connectivity based on a distance rule. Neuron 80,
184-197 (2013).

Goulas, A., Betzel, R. F. & Hilgetag, C. C. Spatiotemporal ontogeny
of brain wiring. Sci. Adv. 5, eaav9694 (2019).

Misic, B. et al. The functional connectivity landscape of the human
brain. PLoS ONE 9, 111007 (2014).

Vasa, F. & Misic, B. Null models in network neuroscience. Nat. Rev.
Neurosci 23, 493-504 (2022).

Hagmann, P. et al. Mapping the structural core of human cerebral
cortex. PLoS Biol. 6, €159 (2008).

Bassett, D. S. et al. Hierarchical organization of human cortical
networks in health and schizophrenia. J. Neurosci. 28,
9239-9248 (2008).

Bassett, D. S., Brown, J. A., Deshpande, V., Carlson, J. M. & Grafton,
S. T. Conserved and variable architecture of human white matter
connectivity. Neuroimage 54, 1262-1279 (2011).

Misi¢, B., Goni, J., Betzel, R. F., Sporns, O. & Mcintosh, A. R. A
network convergence zone in the hippocampus. PLoS Comput.
Biol. 10, 1003982 (2014).

van den Heuvel, M. P. & Sporns, O. Rich-club organization of the
human connectome. J. Neurosci. 31, 15775-15786 (2011).

Bazinet, V., de Wael, R. V., Hagmann, P., Bernhardt, B. C. & Misic, B.
Multiscale communication in cortico-cortical networks. Neuro-
Image 243, 118546 (2021).

Liu, Z.-Q. et al. Time-resolved structure-function coupling in brain
networks. Commun. Biol. 5, 532 (2022).

Sepulcre, J. et al. The organization of local and distant functional
connectivity in the human brain. PLoS Comput. Biol. 6,
1000808 (2010).

Wang, Y. et al. Long-range functional connections mirror and link
microarchitectural and cognitive hierarchies in the human brain.
Cereb. Cortex 33, 1782-1798 (2022).

Yeo, B. T. et al. The organization of the human cerebral cortex
estimated by intrinsic functional connectivity. J. Neurophysiol.
106, 1125-1165 (2011).

Power, J. D. et al. Functional network organization of the human
brain. Neuron 72, 665-678 (2011).

Misic, B. et al. Cooperative and competitive spreading

dynamics on the human connectome. Neuron 86,

1518-1529 (2015).

Zilles, K. & Palomero-Gallagher, N. Multiple transmitter receptors
in regions and layers of the human cerebral cortex. Front. Neu-
roanatomy 11, 78 (2017).

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

Barbas, H. & Garcia-Cabezas, M. A. How the prefrontal executive
got its stripes. Curr. Opin. Neurobiol. 40, 125-134 (2016).
Thomas, C. et al. Anatomical accuracy of brain connections
derived from diffusion mri tractography is inherently limited.
Proceed. Natl. Acad. Sci. 11, 16574-16579 (2014).

Maier-Hein, K. H. et al. The challenge of mapping the human
connectome based on diffusion tractography. Nat. Commun. 8,
1-13 (2017).

Eickhoff, S. B., Yeo, B. & Genon, S. Imaging-based parcellations of
the human brain. Nat. Rev. Neurosci. 19, 672-686 (2018).
Bijsterbosch, J. et al. Challenges and future directions for repre-
sentations of functional brain organization. Nat. Neurosci. 23,
1484-1495 (2020).

Van Essen, D. C. et al. The WU-minn human connectome project:
An overview. Neurolmage 80, 62-79 (2013).

Glasser, M. F. et al. The minimal preprocessing pipelines for the
human connectome project. Neuroimage 80, 105-124 (2013).
Tournier, J.-D. et al. Mrtrix3: A fast, flexible and open software
framework for medical image processing and visualisation. Neu-
rolmage 202, 116137 (2019).

Schaefer, A. et al. Local-global parcellation of the human cerebral
cortex from intrinsic functional connectivity mri. Cerebral cortex
28, 3095-3114 (2018).

Jeurissen, B., Tournier, J.-D., Dhollander, T., Connelly, A. & Sijbers,
J. Multi-tissue constrained spherical deconvolution for improved
analysis of multi-shell diffusion mri data. Neurolmage 103,
411-426 (2014).

Dhollander, T., Raffelt, D. & Connelly, A. Unsupervised 3-tissue
response function estimation from single-shell or multi-shell dif-
fusion mr data without a co-registered t1 image. In ISMRM Work-
shop on Breaking the Barriers of Diffusion MRI, 5 (2016).

Smith, R. E., Tournier, J.-D., Calamante, F. & Connelly, A. Sift2:
Enabling dense quantitative assessment of brain white matter
connectivity using streamlines tractography. Neuroimage 119,
338-351 (2015).

Park, B.-y et al. Signal diffusion along connectome gradients and
inter-hub routing differentially contribute to dynamic human brain
function. Neurolmage 224, 117429 (2021).

Betzel, R. F., Griffa, A., Hagmann, P. & Misi¢, B. Distance-
dependent consensus thresholds for generating group-
representative structural brain networks. Network Neurosci. 3,
475-496 (2019).

Griffa, A., Aleman-Gomez, Y. & Hagmann, P. Structural and func-
tional connectome from 70 young healthy adults. Zenodo https://
doi.org/10.5281/zenodo.2872624 (2019).

Cammoun, L. et al. Mapping the human connectome at multiple
scales with diffusion spectrum MRI. J.Neurosci. Methods 203,
386-397 (2012).

Daducci, A. et al. The connectome mapper: an open-source pro-
cessing pipeline to map connectomes with mri. PloS one 7,
e48121 (2012).

Desikan, R. S. et al. An automated labeling system for subdividing
the human cerebral cortex on MRI scans into gyral based regions
of interest. Neurolmage 31, 968-980 (2006).

Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L. & Peter-
sen, S. E. Spurious but systematic correlations in functional con-
nectivity mri networks arise from subject motion. Neuroimage 59,
2142-2154 (2012).

Stephan, K. E. et al. Advanced database methodology for the
collation of connectivity data on the macaque brain (cocomac).
Philos. Transac. R. Soc. Lond. Series B: Biol. Sci. 356,

1159-1186 (2001).

Stephan, K. E. et al. Computational analysis of functional con-
nectivity between areas of primate cerebral cortex. Philos.
Transac. R. Soc. Lond. Series B: Biol. Sci. 355, 111-126 (2000).

Nature Communications | (2023)14:2850

14


https://doi.org/10.5281/zenodo.2872624
https://doi.org/10.5281/zenodo.2872624

Article

https://doi.org/10.1038/s41467-023-38585-4

102.

103.

104.

105.

106.

107.

108.

109.

10.

m.

Mn2.

13.

1n4.

5.

6.

n7.

8.

1.

120.

121.

122.

123.

Oh, S. W. et al. A mesoscale connectome of the mouse brain.
Nature 508, 207-214 (2014).

Lein, E. S. et al. Genome-wide atlas of gene expression in the adult
mouse brain. Nature 445, 168-176 (2007).

Gao, R., van den Brink, R. L., Pfeffer, T. & Voytek, B. Neuronal
timescales are functionally dynamic and shaped by cortical
microarchitecture. Elife 9, e61277 (2020).

Deco, G. et al. Dynamical consequences of regional heterogeneity
in the brain’s transcriptional landscape. Sci. Adv. 7, eabf4752
(2021).

Dear, R. et al. Three transcriptional axes underpin anatomy,
development, and disorders of the human cortex. Preprint at
bioRxiv https://doi.org/10.1101/2022.10.05.510582 (2022).
Markello, R. D. et al. Standardizing workflows in imaging tran-
scriptomics with the abagen toolbox. Elife 10, €72129 (2021).
Arnatkeviciute, A., Fulcher, B. D. & Fornito, A. A practical guide to
linking brain-wide gene expression and neuroimaging data. Neu-
roimage 189, 353-367 (2019).

Savli, M. et al. Normative database of the serotonergic system in
healthy subjects using multi-tracer pet. Neuroimage 63,
447-459 (2012).

Gallezot, J.-D. et al. Kinetic modeling of the serotonin 5-ht1b
receptor radioligand [11c] p943 in humans. J. Cereb. Blood Flow
Metab. 30, 196-210 (2010).

Beliveau, V. et al. A high-resolution in vivo atlas of the human
brain’s serotonin system. J. Neurosci. 37, 120-128 (2017).
Radhakrishnan, R. et al. Age-related change in 5-ht6 receptor
availability in healthy male volunteers measured with 11c-
gsk215083 pet. J. Nucl. Med. 59, 1445-1450 (2018).

Hillmer, A. T. et al. Imaging of cerebral a432* nicotinic acet-
ylcholine receptors with (-)-[18f] flubatine pet: Implementation of
bolus plus constant infusion and sensitivity to acetylcholine in
human brain. Neuroimage 141, 71-80 (2016).

Normandin, M. D. et al. Imaging the cannabinoid cb1 receptor in
humans with [11c] omar: assessment of kinetic analysis methods,
test-retest reproducibility, and gender differences. J. Cereb.
Blood Flow Metab. 35, 1313-1322 (2015).

Kaller, S. et al. Test-retest measurements of dopamine d1-type
receptors using simultaneous pet/mri imaging. Eur. J. Nucl. Med.
Mol. Imaging 44, 1025-1032 (2017).

Sandiego, C. M. et al. Reference region modeling approaches for
amphetamine challenge studies with [11c] flb 457 and pet. J.
Cereb. Blood Flow Metab. 35, 623-629 (2015).

Dukart, J. et al. Cerebral blood flow predicts differential neuro-
transmitter activity. Scientific Rep. 8, 1-11 (2018).

Ngrgaard, M. et al. A high-resolution in vivo atlas of the human
brain’s benzodiazepine binding site of gabaa receptors. Neuro-
Image 232, 117878 (2021).

Gallezot, J.-D. et al. Determination of receptor occupancy in the
presence of mass dose:[11c] gsk189254 pet imaging of histamine
h3 receptor occupancy by pf-03654746. J. Cereb. Blood Flow
Metab. 37, 1095-1107 (2017).

Naganawa, M. et al. First-in-human assessment of 11c-lsn3172176,
an m1 muscarinic acetylcholine receptor pet radiotracer. J. Nucl.
Med. 62, 553-560 (2021).

DuBoais, J. M. et al. Characterization of age/sex and the regional
distribution of mglur5 availability in the healthy human brain
measured by high-resolution [11c] abp688 pet. Eur. J. Nucl. Med.
Mol. Imag. 43, 152-162 (2016).

Smart, K. et al. Sex differences in [11c] abp688 binding: a positron
emission tomography study of mglu5 receptors. Eur. J. Nucl. Med.
Mol. Imag. 46, 1179-1183 (2019).

Galovic, M. et al. Validation of a combined image derived input
function and venous sampling approach for the quantification of

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

[18f] ge-179 pet binding in the brain. Neurolmage 237,

118194 (2021).

Galovic, M. et al. In vivo nmda receptor function in people with
nmda receptor antibody encephalitis. Preprint at medRxiv https://
doi.org/10.1101/2021.12.04.21267226 (2021).

Kantonen, T. et al. Interindividual variability and lateralization of
u-opioid receptors in the human brain. Neuroimage 217, 116922
(2020).

Ding, Y.-S. et al. Pet imaging of the effects of age and cocaine on
the norepinephrine transporter in the human brain using (s, s)-[11c]
o-methylreboxetine and hrrt. Synapse 64, 30-38 (2010).
Aghourian, M. et al. Quantification of brain cholinergic denerva-
tion in alzheimer’s disease using pet imaging with [18f]-feobv. Mol.
Psychiatry 22, 1531-1538 (2017).

Bedard, M.-A. et al. Brain cholinergic alterations in idiopathic rem
sleep behaviour disorder: a pet imaging study with 18f-feobv.
Sleep Med. 58, 35-41(2019).

Donahue, C. J. et al. Using diffusion tractography to predict
cortical connection strength and distance: a quantitative com-
parison with tracers in the monkey. J. Neurosci. 36,

6758-6770 (2016).

Van Essen, D. C. et al. The brain analysis library of spatial

maps and atlases (balsa) database. Neuroimage 144,

270-274 (2017).

van den Heuvel, M. P. et al. Comparison of diffusion tractography
and tract-tracing measures of connectivity strength in rhesus
macaque connectome. Human Brain Mapp. 36,

3064-3075 (2015).

Vos de Wael, R. et al. Brainspace: a toolbox for the analysis of
macroscale gradients in neuroimaging and connectomics data-
sets. Commun. Biol. 3, 1-10 (2020).

Benjamini, Y. & Yekutieli, D. The control of the false discovery rate
in multiple testing under dependency. Ann. Stat. 29,

1165-1188 (2001).

Vazquez-Rodriguez, B. et al. Gradients of structure-function
tethering across neocortex. Proc. Natl. Acad. Sci. 116,
21219-21227 (2019).

Wagner, H. H. & Dray, S. Generating spatially constrained

null models for irregularly spaced data using m oran

spectral randomization methods. Methods Ecol. Evol. 6,
1169-1178 (2015).

Budescu, D. V. Dominance analysis: a new approach to the pro-
blem of relative importance of predictors in multiple regression.
Psychol. Bull. 114, 542 (1993).

Blondel, V. D., Guillaume, J.-L., Lambiotte, R. & Lefebvre, E. Fast
unfolding of communities in large networks. J. Stat. Mech.: Theory
Exp. 2008, P10008 (2008).

Lancichinetti, A. & Fortunato, S. Consensus clustering in complex
networks. Scientific Rep. 2, 1-7 (2012).

Red, V., Kelsic, E. D., Mucha, P. J. & Porter, M. A. Comparing
community structure to characteristics in online collegiate social
networks. SIAM Rev. 53, 526-543 (2011).

Hunter, J. D. Matplotlib: A 2d graphics environment. Comput. Sci.
Eng. 9, 90-95 (2007).

Van Der Walt, S., Colbert, S. C. & Varoguaux, G. The numpy array:
A structure for efficient numerical computation. Comput. Sci. Eng.
13, 22-30 (2011).

Waskom, M. et al. nipy/pysurfer. Zenodo https://doi.org/10.5281/
zenodo.592515 (2020).

Virtanen, P. et al. Scipy 1.0: Fundamental algorithms for scientific
computing in python. Nat. Methods 17, 261-272 (2020).
Waskom, M. L. Seaborn: Statistical data visualization. J. Open
Source Softw. 6, 3021 (2021).

Fischl, B. Freesurfer. Neuroimage 62, 774-781(2012).

Nature Communications | (2023)14:2850

15


https://doi.org/10.1101/2022.10.05.510582
https://doi.org/10.1101/2021.12.04.21267226
https://doi.org/10.1101/2021.12.04.21267226
https://doi.org/10.5281/zenodo.592515
https://doi.org/10.5281/zenodo.592515

Article

https://doi.org/10.1038/s41467-023-38585-4

Acknowledgements

We thank Laura Suarez, Golia Shafiei, Bertha Vazquez-Rodriguez, Ross
Markello, Zhen-Qi Liu, Filip Milisav, and Andrea Luppi for insightful
comments. VB acknowledges support from the Fonds de Recherche
Québec - Nature et Technologie and from the Natural Sciences and
Engineering Research Council of Canada (NSERC). BM acknowledges
support from the NSERC, Canadian Institutes of Health Research (CIHR),
Brain Canada Foundation Future Leaders Fund, the Canada Research
Chairs Program, the Michael J. Fox Foundation, and the Healthy Brains
for Healthy Lives initiative.

Author contributions

Conceptualization: V.B. and B.M.; Methodology: V.B. and B.M.; Formal
Analysis: V.B.; Data Curation: V.B., J.Y.H., R.V., B.C.B.; Writing - Original
Draft: V.B., B.M.; Writing - Review & Editing: J.Y.H., R.V., B.C.B,,
M.P.v.d.H.; Visualization: V.B.; Supervision: B.M.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-023-38585-4.

Correspondence and requests for materials should be addressed to
Bratislav Misic.

Peer review information Nature Communications thanks the anon-
ymous reviewer(s) for their contribution to the peer review of this work.
A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2023

Nature Communications | (2023)14:2850

16


https://doi.org/10.1038/s41467-023-38585-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Assortative mixing in micro-architecturally annotated brain connectomes
	Results
	Assortativity of cortical attributes
	Geometric contributions to assortativity
	Heterophilic mixing of cortical attributes
	Local assortative mixing

	Discussion
	Methods
	Connectomes
	Human connectomes (HCP)
	Human connectomes (Lausanne)
	Macaque connectome
	Mouse connectome
	Annotations
	Human annotations
	Macaque annotations
	Mouse annotations
	Spatial autocorrelation-preserving null annotations
	Spin nulls
	Moran nulls
	Burt nulls
	Assortativity
	Ranked-based assortativity
	Partial assortativity
	Multiple linear regression and dominance analysis
	Heterophilic mixing
	Homophilic ratio
	Mean connection distance
	Community detection
	Probabilistic activation maps
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




