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A B S T R A C T

Communication protocols in the brain connectome describe how to transfer information from one region
to another. Typically, these protocols hinge on either the spatial distances between brain regions or the
intensity of their connections. Yet, none of them combine both factors to achieve optimal efficiency. Here, we
introduce a continuous spectrum of decentralized routing strategies that integrates link weights and the spatial
embedding of connectomes to route signal transmission. We implemented the protocols on connectomes from
individuals in two cohorts and on group-representative connectomes designed to capture weighted connectivity
properties. We identified an intermediate domain of routing strategies, a sweet spot, where navigation achieves
maximum communication efficiency at low transmission cost. This phenomenon is robust and independent
of the particular configuration of weights. Our findings suggest an interplay between the intensity of neural
connections and their topology and geometry that amplifies communicability, where weights play the role
of noise in a stochastic resonance phenomenon. Such enhancement may support more effective responses to
external and internal stimuli, underscoring the intricate diversity of brain functions.
1. Introduction

The architecture of the human brain has been evolutionary shaped
in a three-dimensional Euclidean space to optimize specialization and
adaptation to a changing environment (Stiso and Bassett, 2018; Bull-
more and Sporns, 2012; Ercsey-Ravasz et al., 2013; Schwartz et al.,
2023). As a result, communication processes in the brain are extremely
efficient, enabling ultrafast responses to a diversity of external and
internal stimuli. At the macroscopic level, the transfer of information
in these communication processes is sustained by neural networks
of white matter fibers that connect neurons across different brain
regions, and whose wiring diagrams are conventionally termed con-
nectomes (Sporns et al., 2005). Human connectomes are complex, and
their structure is characterized by small worldness (Watts and Strogatz,
1998; Sporns et al., 2004; Bassett and Bullmore, 2006; He et al., 2007;
Hagmann et al., 2007; Bassett and Bullmore, 2017), heterogeneous
degree distributions (Gong et al., 2009; Gastner and Ódor, 2016), the
rich-club effect (Van Den Heuvel and Sporns, 2011), and modular-
ity (Sporns and Betzel, 2016; Meunier et al., 2010). These structural
features influence decisively communication mechanisms and all our
cognitive processes (Bressler and Menon, 2010; Deco and Kringelbach,
2014; Honey et al., 2007).

∗ Corresponding author.
E-mail address: marian.serrano@ub.edu (M.Á. Serrano).

Understanding the intricacy of the human connectome and its im-
pact on cognitive processes is a daunting task. However, when its
topological organization is combined with its anatomical spatial em-
bedding, the human connectome reveals itself as a comprehensive,
highly useful map of the brain to understand large-scale neural commu-
nication. In recent years, modeling based on these maps in combination
with geometric routing protocols have shed light on the informational
cost associated with the selection of efficient routes in the brain (Seguin
et al., 2018; Allard and Serrano, 2020; Cannistraci and Muscoloni,
2022; Seguin et al., 2023).

The most efficient routes would correspond to pathways with short
topological path lengths that decrease conduction latency, minimize
the impact of noise introduced by synaptic retransmission, and reduce
metabolic costs (Avena-Koenigsberger et al., 2018), but their computa-
tion requires full knowledge of the connectome’s topology. By contrast,
a decentralized greedy routing dynamics on geometric maps of connec-
tomes, guided by a local rule that sends information to the connected
region closest in spatial distance to a target destination, has shown that
brain networks are highly navigable (Seguin et al., 2018; Allard and
Serrano, 2020), with an efficiency similar to topological shortest path
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routing but without requiring information about all possible routes, a
condition that is highly unlikely in a physiological system.

As an alternative to spatial distances, routing strategies can be
guided by link weights (e.g., nerve fiber density) once these weights are
transformed into weight distances such that higher weights correspond
to shorter weight distances. In Avena-Koenigsberger et al. (2019),
weight distances between connected brain regions were used to explore
a continuous spectrum of stochastic protocols that interpolate between
random-walk diffusion at one extreme, using only local information
but performing inefficiently, and shortest path routing at the other,
highly efficient but requiring full knowledge of the global weighted
topology of the brain connectome. In between, a small increase in
the bias towards global information progressively achieved improved
efficiency at low informational cost.

In this work, we introduce a theoretical framework to investigate
the interplay between spatial distances and link weights in communi-
cation processes between brain regions, and apply it to human con-
nectomes reconstructed from empirical data. Our framework facilitates
the characterization of the distinctive roles played by the hard and soft
wiring of the brain. The former describes the topology of the connec-
tome and the spatial distances in its geometric embedding, both shaped
by evolutionary processes. The latter entails the weights of the links
between connected brain regions, affected by plasticity and functional
needs. More specifically, we applied a continuous spectrum of stochas-
tic routing protocols, having the greedy routing strategy at one extreme
and a weight-biased random walk at the other extreme, on two cohorts
of real human connectome networks. These protocols overall account
for the expectation that signals are more likely to travel through
pathways with more nerve fibers and that nearby nodes are connected
with higher probability. We found that there is an intermediate region
in this spectrum, a sweet spot, in which connectomes become maximally
navigable and achieve full communication efficiency. Additionally, in
this region, weights, topology and spatial distances are coupled in such
a way that information transmission is not only maximally efficient
but also robust even under severe insult. Remarkably, this sweet spot
is independent of the particular configuration of weights, suggesting
that weights effectively act as noise, such as in stochastic resonance,
and facilitate the exploration of new routes for optimal navigability.

2. Data and methods

2.1. Data description

Our study is based on two different datasets, comprising a total of
84 weighted connectomes of healthy human subjects.

The University of Lausanne (UL) dataset includes connectomes of
40 healthy subjects (16 females), approximately 25 years old, obtained
from diffusion spectrum MRI images (DSI). The images were taken
on a 3T Siemens Trio scanner with a 32-channel head coil, MPRAGE
sequence of 1 mm in-plane resolution, and 1.2 mm slice thickness.
The sequence included 128 diffusion weighted volumes and an extra 𝑏0
volume, with 𝑏max = 8000 s/mm2 and a voxel size of 2.2×2.2×3.0 mm3.
EPI sequence was 3.3 mm for both in-plane resolution and thickness,
with TR = 1920 ms. To track neural fibers connecting pairs of regions,
whole-brain deterministic streamline tractography was performed on
reconstructed DSI data, initiating 32 streamline propagations (seeds)
per diffusion direction and white-matter voxel by following directions
of maximum diffusion. Within each voxel, seeds were randomly placed,
and for each seed, a fiber streamline was grown in two opposite
directions with a 1 mm fixed step. Fibers were stopped whenever a
change in direction was greater than 60 degrees/mm. The process was
completed when both ends of the fiber left the white-matter mask. The
data was processed using The Connectome Mapper Toolkit (Tourbier
et al., 2020).

The Human Connectome Project (HCP) dataset (Van Essen et al.,
2012) was used for cross-validation. It consists of 44 connectomes (31
2

w

females), aged between 22 and 35 years, obtained from T1-weighted
and corrected diffusion-weighted magnetic resonance images (DWIs).
The data was collected for shells 𝑏 = 1000, 2000 and 3000 s/mm2 and
270 directions in total, with a voxel size of 1.25 × 1.25 × 1.25 mm3.
The already preprocessed (Glasser et al., 2013) DWI data of each
subject was employed to fit a second-order tensor for each voxel and
its different voxelwise scalar maps by using Dipy (Garyfallidis et al.,
2014). The DWIs were also used to estimate the intravoxel fODF by
using the Constrained Spherical Deconvolution (Tournier et al., 2007)
approach implemented in MRtrix3 (https://www.mrtrix.org/), which
applies high-angular resolution to estimate the orientation of multiple
intravoxel fiber populations within regions of complex white-matter ar-
chitecture. This fODFs were used by the SDSTREAM deterministic fiber-
tracking algorithm (Tournier et al., 2012) to obtain the streamlines
distribution for each subject.

For the two datasets, the structural connectivity matrices between
Regions of Interest (ROIs), encompassing both hemispheres, were com-
puted defining the intensities of connections between each pair of
regions as the density of streamlines connecting them. The cortex’s
parcellation was defined at five different resolutions using a fine-
graining process applied to the 83 ROIs defined by the Desikan–Killiany
atlas, as described in Cammoun et al. (2012). In this work, we used the
high-resolution parcellation of the multiscale reconstruction comprising
𝑁 = 1015 ROIs (including the brainstem).

2.2. Definitions of weight, strength, and distances

We measured the weight of a link between a connected pair of
ROIs as the fiber density of white matter tracts, i.e., the number of
streamlines connecting the two brain regions per unit surface, where
each streamline is corrected by its average length in millimeters. The
aim of these normalizations is to control for the variability in cortical
region size and the linear bias toward longer streamlines introduced
by tractography algorithms. More specifically, the weight 𝑤𝑖𝑗 of the
connection between ROIs 𝑖 and 𝑗 was calculated as

𝑤𝑖𝑗 =
2

𝐴𝑖 + 𝐴𝑗

∑

𝑓∈𝐹𝑒

1
𝑙(𝑓 )

, (1)

where 𝐴𝑖 and 𝐴𝑗 are the areas of ROIs 𝑖 and 𝑗 respectively, 𝐹𝑒 is the set
f all fibers connecting ROIs 𝑖 and 𝑗, and 𝑙(𝑓 ) is the length of the fiber.
he sum of all weights incident to a ROI 𝑖 define its strength 𝑠𝑖. If 𝑘𝑖

s the degree of ROI 𝑖, meaning that it is connected to 𝑘𝑖 other regions,
he strength of node 𝑖 is calculated as 𝑠𝑖 =

∑𝑘𝑖
𝑗=1 𝑤𝑖𝑗 .

Finally, we used the coordinates of the centers of the ROIs in the
D Euclidean space to compute spatial distances between regions, mea-
ured in millimeters. To investigate their interplay with links’ weights,
e transformed weights into weight distances by interpreting them
s a proximity measure, such that big weights are transformed into
mall weight distances and small weights into big weight distances.
e used the proximity-to-distance mapping from Avena-Koenigsberger

t al. (2019), used also in Goñi et al. (2014) and Avena-Koenigsberger
t al. (2017), and defined as

𝑖𝑗 = 𝐴 ln(1∕𝑤𝑖𝑗 ), (2)

here 𝑑𝑖𝑗 is the weight distance corresponding to the weight 𝑤𝑖𝑗 , and
he parameter 𝐴 = 1 mm is introduced to ensure correct dimensionality.

To smooth out the intrinsic noisy behavior of the aforementioned
agnitudes, a common practice in network science consists in averag-

ng over degree classes or spatial bins, depending on the metric. As a
esult, the averages obtained display more clearly the tendency of the
ata such that the fittings are more reliable. This averaging technique
ill be used in the analysis of the data in the Results section.

https://www.mrtrix.org/
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2.3. Disparity of weights

The organization of weights in the connectome can be character-
ized at the global scale by their statistical distribution and by the
distribution of strengths. At the local level, the disparity function (Ser-
rano et al., 2009) measures the variability in the weights 𝑤𝑖𝑗 of the
connections attached to a ROI 𝑖. Its expression is given by

(𝑘𝑖) ≡ 𝑘𝑖𝑌 (𝑘𝑖) = 𝑘𝑖
𝑘𝑖
∑

𝑗=1
𝑝2𝑖𝑗 = 𝑘𝑖

𝑘𝑖
∑

𝑗=1
(𝑤𝑖𝑗∕𝑠𝑖)2, (3)

where the region has degree 𝑘𝑖 and strength 𝑠𝑖. 𝛶 (𝑘𝑖) = 1 whenever
the strength of the region is distributed homogeneously between its
connections, and 𝛶 (𝑘𝑖) = 𝑘𝑖 whenever just one link accumulates all the
strength.

We note that when 𝛶 (𝑘𝑖) < 𝜇(𝛶null(𝑘𝑖)) + 𝑎𝜎(𝛶null(𝑘𝑖)), where the
average 𝜇 and the variance 𝜎2 are

𝜇(𝛶null(𝑘𝑖)) =
2𝑘𝑖

𝑘𝑖 + 1
(4)

nd

2(𝛶null(𝑘𝑖)) = 𝑘2𝑖

(

20 + 4𝑘𝑖
(𝑘𝑖 + 1)(𝑘𝑖 + 2)(𝑘𝑖 + 3)

− 4
(𝑘𝑖 + 1)2

)

, (5)

then the disparity is consistent with the null hypothesis that the normal-
ized weights 𝑤𝑖𝑗∕𝑠𝑖 are uniformly distributed at random. The variable
𝑎 is a constant determining the confidence interval. The larger 𝑎 is,
the more restrictive the null model becomes and the more disordered
weights should be for local heterogeneity to be detected. In this study
we use the typical value 𝑎 = 2.

2.4. Group-representative connectome

Group-representative connectomes can be constructed to disre-
gard subject-to-subject fluctuations. In this work, we constructed a
group-representative weighted connectome for each dataset using the
distance-dependent consensus threshold method described in Mišić
et al. (2015) and Betzel et al. (2019). First, all edges present in the
individual subjects are binned according to their length. In our case we
used 22 bins. In each bin we keep a certain number of the connections
with bigger consensus across humans. The number of connections
kept in each bin is calculated as the average across subjects of the
number of connections that fit in that bin at the subject-level. For
example, if the average number of connections across subjects in bin
𝑖 is equal to 𝑛𝑖, we keep the 𝑛𝑖 most commonly occurring edges in
that bin. We carried out this process independently for inter- and intra-
hemispheric connections to ensure that inter-hemispheric links are not
systematically under-represented.

Typically, the weights of the connections in group-representatives
are computed using the averaging method (Van Den Heuvel and Sporns,
2011; Goñi et al., 2014; Seguin et al., 2018), which consists in assigning
the weight of a connection by averaging over all weights in the dataset
related to that connection. However, we have seen that this approach
destroys some of the weighted properties of the connectomes. To over-
come this limitation, we implemented a different approach in which,
to assign a weight to a connection, we selected at random one weight
from all weights in the dataset related to that connection. Different
realizations of this selection process gave similar results. This group-
representative not only preserves the topological features of the original
connectomes but also the properties of the distributions of weights
and strengths, and we have termed it the distance-dependent weighted
(DDW) group-representative.
3

a

2.5. Greedy routing protocol

In the standard deterministic greedy routing protocol (Kleinberg,
2000; Allard and Serrano, 2020), a signal navigates the brain to reach a
destination node from a source node by selecting as a transient stop the
neighbor connected to the source with the minimum spatial distance
to the destination, from where the process is repeated. In this strategy,
each node only requires information about their connected neighbors
and their distances to the final destination, which can be easily calcu-
lated from the coordinates in the embedding space. This makes greedy
routing a distributed strategy much more computationally efficient
as compared to routing through topological shortest paths. However,
signals may get trapped in a loop and fail to reach the destination.

In the stochastic version of the greedy routing protocol, there is a
probability that the signal travels from node 𝑖 to any connected neigh-
bor 𝑗 in its way to the final target 𝑧, which is inversely proportional to
the distance from the neighbor to the target. In this version, signals
eventually reach the destination, but they may take an exceedingly
large time. Therefore, a time-out should be introduced to disregard
extremely long times (Ortiz et al., 2017).

2.6. Weight-biased random walk

A weight-biased random walk is a stochastic process in which a
signal travels from a source region to one of its neighbors with a
probability that is proportional to the weight of their connection. In
other words, a signal in region 𝑖 will travel to the neighboring region
𝑗 with probability 𝑃 (𝑗|𝑖) = 𝑤𝑖𝑗∕𝑠𝑖, where 𝑤𝑖𝑗 is the weight of their
connection, and 𝑠𝑖 corresponds to the strength of region 𝑖.

Using a weight-biased random walk to diffuse signals from a source
to a target ensures that the signal will arrive. However, it can take
very long detours before reaching its destination. Therefore, like in
stochastic greedy routing, a time-out must be introduced to ignore
exceedingly long walks.

2.7. Performance metrics

The performance of communication protocols in brain connectomes
can be evaluated through two standard metrics widely employed to
assess the efficiency of routing strategies in complex networks, namely,
the success rate and the average stretch. The success rate is the fraction
of paths that reach a ROI target successfully, considering all possible
source/target pairs of ROIs in the connectome. On the other hand,
the stretch of a successful path is calculated as the ratio between the
number of links in the path and the number of links in the topolog-
ical shortest path between source and target. The average stretch is
computed over all successful paths.

Additionally, we calculated the average transmission cost intro-
duced in Avena-Koenigsberger et al. (2019). The distance immediate
transmission cost of a node 𝑖 is the expected distance that a signal has
to travel to move to a neighbor of 𝑖 when going to the target 𝑧. The
Euclidean distance immediate transmission cost and weight distance
immediate transmission cost are computed as

𝑐trans𝐸 (𝑖, 𝑧) =
∑

𝑗
𝑃 (𝑗 |𝑖, 𝑧) ⋅ 𝑑E𝑖𝑗 (6)

nd
trans
𝑤 (𝑖, 𝑧) =

∑

𝑗
𝑃 (𝑗 |𝑖, 𝑧) ⋅ 𝑑𝑤𝑖𝑗 , (7)

here 𝑗 are the neighbors of node 𝑖, 𝑃 (𝑗 |𝑖, 𝑧) is the probability of
ransition from node 𝑖 to its neighbor 𝑗 when going to node 𝑧, and 𝑑𝑖𝑗
s the distance from node 𝑖 to its neighbor 𝑗.

The total transmission cost of a path is computed by adding the
mmediate transmission cost of all nodes visited through the path.
ikewise, the total transmission cost in a network is calculated as the

verage transmission cost of all paths.
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2.8. Null models of weighted brain connectomes

To assess the role of weights and spatial distances in the navigability
properties of weighted human brain connectomes, we consider three
null models.

• Coordinate-Preserving Weight-Reshuffling (CP-WR), which preserves
the geometry and topology of the network, but reassigns the
weights of the connections at random.

• Coordinate-Preserving Weight-Detached (CP-WD), which preserves
the geometry and topology of the network, but disregards
weights.

• Coordinate-Reshuffling Weight-Preserving (CR-WP), which preserves
the topology and weights, but randomizes the geometry by re-
assigning the position of the nodes in the Euclidean embedding
space.

We found that there is very little variation between the results
obtained from different realizations of the reshufflings, see Section 4.4.
Therefore, we only carried out one realization per subject for each
time-out.

2.9. Navigation resilience

We evaluated the resilience of information transfer under perturba-
tions affecting the number of accessible ROIs in the group-
representative connectome of the UL Dataset. The three methods used
to damage the network were targeted attack on highest degree (HD),
targeted attack on highest strength (HS) and random failure (RD).
For the HD and HS targeted attacks, the ROIs deleted were the ones
with highest degree and highest strength, respectively. For the random
failure, the deleted ROIs were selected at random. Since random failure
can give different results depending on the realization, we averaged the
results over 10 realizations. We studied the effect of deleting from 1 to
900 ROIs of the network using intervals of 25, 50 or 100 ROIs. The
validity of the group-representative was corroborated by the analysis
of seven individuals in the UL dataset.

As an additional check on the resilience of the network, we com-
puted the relative size of the giant connected component after the
attacks. The giant connected component of a network is defined as the
connected subgraph with the largest fraction of nodes in the network,
and we used the networkX package to calculate it. Then, we divided
the giant component size by the total number of nodes remaining in
the network to obtain its relative size.

3. A model for navigating connectomes by weights and distances

The crucial methodological innovation in our study is the introduc-
tion of a communication protocol that combines a stochastic greedy
routing and a weight-biased random walk, such that signals are prefer-
entially sent along paths with larger connection weights and to regions
closer to the target in the embedding space.

We define a family of routing models that we term ‘high-weight
short-distance’ (HWSD) routing processes. In these processes, weight
distances and physical distances are balanced according to a parameter
𝜆. Namely, the transition probability from node 𝑖 to its neighbor 𝑗 when
traveling to target 𝑧 is

𝑃𝜆(𝑗 |𝑖, 𝑧) = exp
[

−(𝜆 ⋅ 𝑑E𝑗𝑧 + (1 − 𝜆) ⋅ 𝑑𝑤𝑖𝑗 )
] 1
𝑍𝑧

𝑖
, (8)

where 𝑍𝑧
𝑖 =

∑

𝑗 exp
[

−(𝜆 ⋅ 𝑑E𝑗𝑧 + (1 − 𝜆) ⋅ 𝑑𝑤𝑖𝑗 )
]

is a normalization factor,
𝑑E is the Euclidean distance between the centers of the regions, and
𝑑𝑤 is the distance obtained by transforming weights such that higher
weights correspond to shorter weight distances. By gradually changing
the value of 𝜆 ∈ [0, 1], the dynamics shifts from a weight-biased random
walk at 𝜆 = 0, where the transmission is guided by local information
provided by connection weights, to a pure stochastic greedy routing at
4

Fig. 1. Extreme cases of the navigation protocol. Top row: the probability of
transition from one node to its neighbor is represented by an orange arrow. A bigger
arrow corresponds to a larger probability. Bottom row: examples of a path taken by the
signal in each case. The left column corresponds to the case where 𝜆 = 0, i.e. weight-
biased random walk, and the right column to the case where 𝜆 = 1, i.e. stochastic
greedy routing. The source node is depicted in green and the target node in orange.

𝜆 = 1, where the dynamics is controlled by spatial distances, i.e. map
navigation. Fig. 1 provides an illustrative scheme of the two extremes
of the spectrum. We selected the set of 𝜆 values to run the simulation
experiments by separating the navigation spectrum in two subintervals.
We used a linear sampling of values of 𝜆 in the subinterval [0.3, 1], while
we used a logarithmic sampling in the subinterval [0, 0.3] to explore a
wider range of smaller parameter scales.

The proposed procedure is probabilistic. Then, the signal eventually
reaches the destination with certainty, in contrast to deterministic
greedy routing in which some paths may encounter a halt. However,
some instances, specially abundant in the weight-biased random walk
side of the routing spectrum, could take an excessive number of steps.
Thus, we applied a time-out (measured in maximum number of steps)
after which we assumed that the signal faded out. We performed the
navigation for time-out values of 1000, 2500, 5000, 10 000 and 30 000.

4. Results

We report summary statistics for all the individual connectomes and
for the group-representatives of the UL and HCP datasets in Tables
ST1 and ST2 of the Supplementary Material (SM). The tables include
the number of nodes, number of edges, average degree, maximum
degree, average weight, maximum weight, average strength, maximum
strength, average shortest path, diameter of the network, mean average
spatial distance to nearest neighboring regions, and mean maximum
spatial distance to nearest neighboring regions.

Excluding the brainstem, the connectomes comprise 𝑁 = 1014
ROIs with approximately equal surface area. There is a negligible
variability in the number of nodes across subjects due to the removal of
regions that were disconnected in the original dataset or that became
disconnected after the removal of the brainstem, and of regions that
were only connected to themselves by a self-loop. The connectomes in
the two datasets are sparse, as expected from deterministic streamline
tractography methods. The UL dataset has a lower mean of the average
degree than the HCP dataset, with values 27.62 and 78.43, respectively.
Likewise, the HCP dataset has almost three times more connections
per connectome than the UL Dataset, and a maximum degree which
is almost twice the one in the UL dataset. Consequently, its average
diameter, which is the largest shortest path between nodes in the
network, is smaller than the average diameter of the UL dataset. Since
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Fig. 2. Weights and distances in the connectome of subject 34 in the UL dataset.
(a) Complementary cumulative weight distribution. Inset: complementary cumulative
strength distribution. (b) Scattered plot of the disparity of weights. Each sky-blue
dot corresponds to one ROI. The blue line represents the completely heterogeneous
scenario, 𝑘𝑖𝑌 (𝑘𝑖) = 𝑘𝑖. Complete homogeneity corresponds to 𝑘𝑖𝑌 (𝑘𝑖) = 1. The orange
area represents the region compatible with the null hypothesis, which assumes weights
distributed uniformly at random. (c) Strength of ROIs versus their degree. Each gray
dot corresponds to one ROI. The red dots are the average strength in every degree class.
(d) Weight of links versus their associated spatial distance. Each gray dot corresponds
to one link. The red dots are the average weight in 30 logarithmically spaced bins. (e)
Average distance to connected neighboring regions versus degree of ROIs. Each gray dot
corresponds to one ROI. The red dots are the average distance in every degree class.
In (c), (d), and (e), the dashed line is a power-law fit of the averages represented
by the red dots. (f) Complementary cumulative distance distribution. The dashed blue
curve represents the distribution of distances between all pairs of ROIs and the solid
red curve only between connected pairs.

the connectomes in the HCP dataset are more densely connected, it
would be reasonable to expect slightly better navigation performance
than in the UL dataset. These differences between the two datasets
are attributable to acquisition parameters and are not influenced by
biological sex. More details on the compatibility between the measures
obtained for males and females can be found in Table ST3 of the SM.

4.1. Correlation between weights and spatial distances

The properties of weights and spatial distances of connections be-
tween brain regions in a typical subject in the UL dataset are shown
in Fig. 2. Results for the rest of UL connectomes are reported in Sup-
plementary Figs. SF1–SF7, and results for the connectomes in the HCP
dataset are in Figs. SF48–SF54. In general, the results were consistent
in the two cohorts and across subjects.

Fig. 2a features the complementary cumulative distribution of
weights 𝑃𝑐 (𝑤), which is highly heterogeneous and ranges over four
orders of magnitude. Fig. 2b shows the local distribution of weights for
each ROI as measured by the disparity 𝛶 (𝑘𝑖). This metric reveals that
the total strength associated to brain regions is unevenly distributed
between their connections and some of them concentrate significantly
larger weights. The weight distribution and the local disparity are
retained in the DDW group-representative, see Figs. SF11–SF12 and
5

SF56. This is in contrast to the group-representative where weights are
obtained with the averaging method, which provides more homoge-
neous weight distributions both at the global and at the local scale,
as measured respectively by the complementary cumulative weight
distribution and the disparity, see SF13. Finally, the complementary
cumulative strength distribution 𝑃𝑐 (𝑠), inset in Fig. 2a, displays a
homogeneous region for low values of the strength and a tail that
decays as a power-law with characteristic exponent close to −2.

The relation between strength and degree, 𝑠(𝑘), Fig. 2c, also exhibits
a power-law behavior with average exponents ⟨𝜇⟩ = 0.8 ± 0.1 and
⟨𝜇⟩ = 0.71 ± 0.07 for subjects in the UL and HCP datasets, respectively.
This is in stark contrast with complex networks in other domains,
which typically display a superlinear relation. Hence, hubs in brain
connectomes accumulate less strength than expected given their con-
nectivity. This effect can be explained by two observations. First, as
shown in Fig. 2e, higher degree nodes have a longer average distance
to connected neighbors ⟨𝑑nn⟩(𝑘) than lower degree nodes, which tend
to connect preferentially to closer neighbors. The average distance
to connected neighbors increases as a power-law of the degree with
positive average exponents ⟨𝜇⟩ = 0.36 ± 0.04 and ⟨𝜇⟩ = 0.281 ± 0.019 in
the UL and HCP datasets, respectively. Second, the longer the distance
between connected nodes, the smaller the weight of the connection
between them, as proved by the power-law decay of the weight as
a function of the spatial distance, 𝑤(𝑑) ≈ 𝑑𝜇 with average exponent
⟨𝜇⟩ = −1.12 ± 0.13 for the UL Dataset, Fig. 2d and Fig. SF7, and
⟨𝜇⟩ = −2.0 ± 0.1 for the HCP Dataset, shown in Fig. SF54.

Finally, the complementary cumulative distance distribution 𝑃𝑐 (𝑑)
between connected pairs of regions, shown in Fig. 2f, is slightly more
heterogeneous than the distribution of distances between all regions in
the connectome, although both are limited by the size of the brain.

4.2. Navigating human connectomes by weights and spatial distances

In the previous section, we provided evidence that the weights of
the connections in human brain connectomes and the spatial distances
that they cover are inversely correlated. It is then natural to study their
interplay in navigation protocols that take into account both magni-
tudes. Fig. 3 shows the results obtained with our HWSD navigation
protocol.1 Specifically, Fig. 3a and b provide, respectively, the mean
success rate and mean average stretch across the 40 subjects in the UL
dataset. The results for the HCP dataset are reported in Fig. SF55. The
spatial and weight distances transmission costs are shown in Figs. SF8
and SF55.2

In Fig. 3a and b we can see that pure stochastic greedy routing,
corresponding to 𝜆 = 1 on the right hand side of the 𝑥 axis, is highly
efficient and 94% of the traveling signals succeed in reaching the target
for a time-out value of 𝑡 = 1000, with an average stretch of 9. Yet not
all paths are successful within the given time-out, such that the success
rate is not strictly 1. This situation is much worse for the weight-biased
random walk at the other extreme of the spectrum of routing strategies,
represented at the left hand side of the 𝑥 axis around 𝜆 = 0. Here,
only 42% of the signals reach successfully the target for a time-out of
𝑡 = 1000, and they do it with an average stretch of 169. Only when

1 We also explored another framework in which we considered as spatial
information the total distance from the current node to the target while
traveling through neighbor 𝑗, 𝑑E = 𝑑E

𝑖𝑗 + 𝑑E
𝑗𝑧. The results obtained were

qualitatively similar to the ones procured using Eq. (8), see Fig. SF47, but
using only 𝑑E

𝑗𝑧 allows for easier comparison with standard greedy routing.
2 In order to assess to which extent the outcome varies across realizations,

we calculated 100 instances with different seeds of the navigation protocols in
the 𝜆-spectrum for subject 0 in the UL dataset and time-outs 1000 and 10 000.
We found that the coefficient of variation between realizations is 𝑐𝑣 ≃ 10−3,
see SF10. Consequently, and given that we focus on the average outcome of
the dataset, running only one realization per subject for each time-out does
not introduce any substantial bias to the results.
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Fig. 3. Navigation results. (a) Mean success rate and (b) mean average stretch across the 40 subjects in the UL Dataset. Each curve shows the outcome for a specific value
of time-out. (c) Success rate and (d) stretch for the navigation of the group-representative connectome for different values of time-out. (e) and (f) for t = 1000, comparison of
the success rate/average stretch for the group-representative connectome (in red) and the mean success rate/average stretch of all subjects (in blue). The blue-shadowed area
corresponds to two times the standard deviation between subjects. (g) Path taken from ROI 154 to ROI 20 of the group-representative connectome for 𝜆 = 0.135 – sweet-spot
region – (in purple), and 𝜆 = 1 (in orange). The source node is represented in red, the target node in green. In the insets below, the size of the colored nodes is proportional to
the number of times the signal visits them.
Table 1
𝜆 value at the center of the sweet spot domain and its standard deviation across
subjects in the UL dataset for the five time-outs studied. The third column shows
the relative contributions to the transmission probability of the mean average spatial
distance between all pairs of ROIs, ⟨𝑑𝐸 ⟩ = 74 mm, and the mean average weight distance
between connected ROIs, ⟨𝑑𝑤⟩ = 6.8 mm.

Time-out 𝜆 [⟨𝑑𝐸 ⟩ ⋅ 𝜆]∕[⟨𝑑𝑤⟩ ⋅ (1 − 𝜆)]

1000 0.129±0.018 1.61
2500 0.12±0.04 1.48
5000 0.10±0.04 1.21
10 000 0.08±0.04 0.94
30 000 0.07±0.04 0.82

the time-out is further increased, the success rate grows at the expense
of an even larger stretch, implying an extremely lengthy transmission
time.

More importantly, the experiments reveal that regardless of the
time-out there exists a domain of 𝜆 values around 0.1 where the success
rate is maximum, and more than 99% of the traveling signals reach the
target. Interestingly, in this domain of 𝜆 the average stretch reaches
a minimum, with a value of 8 for 𝑡 = 1000. The transmission costs
also have a minimum in the same 𝜆 domain, see Fig. SF8. This means
that guiding the routing process with a combination of weights and
spatial distances results in optimal navigability. The same behavior was
obtained using the HCP dataset, although the maximum, and specially
the minima, are less pronounced. In this dataset, the 𝜆 value at the
center of the domain switches slightly to the left, around 𝜆 ≃ 0.08, see
Fig. SF55.

4.3. Sweet spot of optimal navigability

Table 1 shows the average over all subjects in the UL dataset of
the 𝜆 value at the center of the sweet spot for each time-out. The 𝜆 at
the center of the sweet spot for each individual subject was selected as
the value with the highest success rate among the 25 different values
of 𝜆 for which we had run the simulations. We note that the values
presented in Table 1 are the center of a wider domain of 𝜆 values for
which the navigation is optimal.

As the time-out decreases below 𝑡 = 1000, the optimal navigability
domain gradually evolves into a single maximum of the success rate
with decreasing height at values of 𝜆 progressively closer to 𝜆 = 1,
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see Fig. SF9. As we have previously seen, for 𝜆 ≥ 1000, the optimal
performance occurs in a plateau of values around 𝜆 ≃ 0.1. In the optimal
domain, spatial and weight distances are balanced and therefore ap-
proximately equally relevant, meaning that their relative contribution
to the transmission probability is of the same order of magnitude. To
quantify this balance, the relative importance between the spatial and
the weight average distances at the center of the optimal 𝜆 domain (𝜆 ≃
0.1) can be calculated as (74 ⋅ 𝜆)∕(6.8 ⋅ (1 − 𝜆)) ≃ 1.21, where 74 ± 3 mm
is the mean average spatial distance between all pairs of ROIs across
subjects in the UL dataset and 6.80 ± 0.12 mm is the mean value of the
average weight distance between connected ROIs, see Figs. SF20–SF22.
Table 1 provides the specific ratios for the different time-outs. For the
UL group-representative connectome, this ratio is almost identical, of
(73.8 ⋅ 0.1)∕(6.83 ⋅ 0.9) ≃ 1.2.

It is important to highlight that all navigation magnitudes are accu-
rately described by the group-representative for all time-outs, Fig. 3c,
d and SF14. Specially, the maximum navigability region is well re-
produced in the group-representative connectome, with outcomes that
are very similar to the mean of all subjects. Fig. 3e and f show the
comparison of the UL group-representative outcome and the mean
results of the dataset for 𝑡 = 1000, while Figs. SF15–SF19 show the
results for all time-out values. In these figures we can see that, as the
time-out increases, the group-representative slightly departs from the
mean of all subjects.

In Fig. 3g we show an example of two successful paths taken to
transmit a signal from ROI 154 to ROI 20 in the group-representative
connectome for 𝜆 = 0.135 (within the range of optimal 𝜆) and 𝜆 = 1.
This example illustrates the advantage of incorporating both weights
and spatial distances when navigating the network rather than solely
considering the latter. In the zoomed area shown at the bottom, the
colored ROI’s sizes are directly proportional to the number of times the
signal reaches them. The increased sizes for 𝜆 = 1 indicate that, when
only considering spatial distances, the signal gets stuck for a long time
between three of the nodes in the path until it can finally escape.

Regarding the HCP dataset, the relative importance between spatial
and weight distances at the center of its optimal 𝜆 domain (𝜆 ≃ 0.08) is
(74 ⋅ 0.08)∕(9 ⋅ 0.92) ≃ 0.72, and for its group-representative (73.7 ⋅ 0.08)∕
(9 ⋅ 0.92) ≃ 0.71. Figures SF55 and SF57–SF62 display the average
navigation results for the subjects in this dataset and the comparison
with the results of its group-representative. Also in this dataset, all navi-

gation magnitudes are accurately described by the group-representative
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Fig. 4. Top row: Navigation after Coordinate-Preserving Weight-Reshuffling. (a) Average success rate and (b) average spatial distance transmission cost for the weight-reshuffled
surrogates of the 40 subjects in the UL dataset and different values of the time-out. Comparison of (c) the success rate and (d) the spatial distance transmission cost of the original
networks and weight-reshuffled surrogates for t = 1000. Middle row: Navigation after Coordinate-Preserving Weight-Detached. The same as in (a)–(d) in surrogates with
constant weights. Bottom row: Navigation after Coordinate-Reshuffling Weight-Preserving. The same as in (a)–(d) but with stretch instead of spatial distance transmission
cost, in surrogates where the spatial coordinates of the different ROIs have been reshuffled.
and the slight discrepancy between the mean results of all individuals
and the ones for the group-representative grows with the time-out.

4.4. Assessing the role of weights in maximum navigability

To understand the contribution of weights and spatial distances
to HWSD navigability, we compared the results for real connectomes
with routing experiments in three types of surrogate connectomes,
where the inverse relationship between weights and distances observed
in the real networks was disrupted by randomizing some structural
features. Since the results can vary depending on the specific realization
of the randomization, we performed the navigation for 𝑡 = 5000 on
50 different randomizations for the same subject, and we found that
there is little variation between them, with a maximum coefficient of
variation 𝑐𝑣 ≃ 7×10−2, Figs. SF29 and SF42. Given that we focus on the
qualitative differences between null models and original networks, and
we are already averaging over subjects, we only ran one realization per
subject for each time-out.

Coordinate-Preserving Weight-Reshuffling (CP-WR) null model.
The average of the navigation performance metrics for CP-WR sur-
rogates of the individual subjects in the UL dataset are shown in
Fig. 4a, b and SF23. The comparison of the original results and the
results for the CP-WR surrogates are shown in Fig. 4c and d. The
success rate, the average stretch, and the transmission cost of weight
distances are maintained for all values of 𝜆. In particular, the optimal
navigability domain is not disrupted. By contrast, the difference in the
transmission cost of spatial distances between the original connectomes
and the randomized surrogates increases as 𝜆 decreases. In the original
connectome, when the navigation protocol prioritizes traveling through
connections with high weights, neighbors that are close in space are
selected. The reshuffling of weights disrupts this correlation and, con-
sequently, the signals traverse a longer total distance in the reshuffled
network than in the original one. Finally, the pattern of the outcomes
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is qualitatively similar for the various time-outs studied in this work,
Figs. SF24–SF28.

Coordinate-Preserving Weight-Detached (CP-WD) null model. In
addition, we tested the behavior when weights are constant, mean-
ing that the contribution of the weight distances to the transmission
probability is always the same independently of the connection. As a
result, the transmission probability can be rewritten as 𝑃𝜆(𝑗 |𝑖, 𝑧) =
exp

[

−(𝜆 ⋅ 𝑑E𝑗𝑧)
]

1
𝑍̄𝑧 , where 𝑍̄𝑧 =

∑

𝑗 exp
[

−(𝜆 ⋅ 𝑑E𝑗𝑧)
]

is the normalization
factor. Notice that the transmission probability becomes effectively
independent of the weight distance due to the full homogeneity of
weights, but their influence in the navigation process is still there and
controlled by the value of 𝜆, which rescales the spatial distance. As a
result, the routing protocol interpolates between the dynamics of an
unbiased random walk at 𝜆 = 0, where all the probabilities to arrive to
neighboring regions have the same value, and a pure stochastic greedy
routing at the 𝜆 = 1 extreme of the spectrum.3 Experiments on CP-WD
surrogates show that, as in CP-WR, the optimal navigability domain
is not disrupted but the transmission cost of spatial distances between
the original connectomes and the randomized surrogates increases as 𝜆
decreases, see Fig. 4e–h and SF30–SF35. In addition, in these surrogates
we observe a slight improvement in the success rate and average stretch
for low values of 𝜆.

We obtained similar results when we assigned the weight distances
at random from a uniform distribution around the mean.

Coordinate-Reshuffling Weight-Preserving (CR-WP) null model.
In CR-WP surrogates, the navigation guided by spacial distances pro-
cured worse results than the weight-biased random walk, see Fig. 4i,
j and SF36. Precisely, the amount of successful paths for 𝜆 = 1 was
below 20%. Even when coordinates are reshuffled, there is a range of 𝜆
values (close to the sweet spot in the original connectomes) for which

3 Deterministic greedy routing is recovered for 𝜆 → ∞.
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Fig. 5. Effects of attacks on the UL group-representative connectome. (a) ROIs deleted in the targeted attack on nodes with highest degree and (b) with highest strength for
𝑁attack = 100. (c) Evolution of the relative size of the giant connected component of the network as nodes are deleted. (d) Evolution of the maximum success rate reached as a
function of the nodes deleted. The arrows point at each of the points where the success rate does not reach anymore the value it had in the sweet spot for the original network.
(e, g) Success rate and (f, h) average stretch after deleting 100 and 400 nodes of the network, respectively. The dark-blue curve represents the original results, the dashed green
line the results after deleting nodes at random, the light blue plain curve corresponds to the targeted attack on nodes with highest degree and the dotted orange curve to the
attack on nodes with highest strength.
the success rate still has a maximum, although it does not reach the
level of the sweet spot. Therefore, complementing the weight-biased
random walk with information about spatial distances improves the
performance of the routing protocol due to an increased chance of
traveling through small-weight connections. This diversifies the choice
of neighbors as compared to the bare weight-biased random walk,
increasing the capacity of reaching more targets within the time-out.
At larger values of 𝜆, the stochastic greedy routing based on spatial
distances dominates, and the fact that distances are not coupled to the
topology causes the success rate to drop steadily. The comparison of
the averages of all measures before and after the reshuffling, Fig. 4k,
l and SF37–SF41, shows that the CR-WP randomization leads to a
performance decline in all magnitudes.

4.5. Maximum navigability is resilient under targeted attack

Finally, we evaluated the resilience of the navigability using the
HWSD routing protocol for 𝑡 = 1000 in the group-representative connec-
tome. With this purpose, we inflicted a targeted attack on the ROIs with
highest degree (HD), Fig. 5a, and on the ROIs with highest strength
(HS), Fig. 5b. As a baseline reference, we simulated random failure of
the system.

As expected, the differences between the navigation of the original
networks and of the perturbed ones increase as the number of attacked
regions grows, regardless of the type of attack. Also, the targeted
attacks are not able to disconnect the remaining ROIs, which typically
form a robust giant connected component. For instance, it is necessary
to remove approximately 45% of the ROIs in decreasing order of degree
to break off the connectome. This percentage rises to 60% in descending
order of strength, and to 80% when nodes are deleted at random, see
Fig. 5c.

Fig. 5e–h display the results for 𝑁attack = 100, 400. Even after
removing 10% of the ROIs, i.e. 100 nodes, the success rate maintains
the original performance and the existence of the maximum naviga-
bility sweet spot. For this amount of nodes deleted, the three types
of damage produce very similar results to the original network. In
fact, the navigation after random attack behaves similarly as in the
unperturbed network even after the deletion of 400 nodes. However,
the HD and HS perturbations affect more strongly the navigability of
the connectomes, and after the removal of 400 nodes all magnitudes are
severely disrupted. In Figs. SF43 and SF44 we show the results for HD
and HS after the deletion of different number of nodes. For both attacks,
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the success rate decreases for most values of 𝜆 as we progressively
delete nodes, but HS has a smaller effect than HD. The average stretch
has two different behaviors on each side of the minimum: to the right
it approximately remains without changes, and to the left it slightly
improves as nodes are deleted. The spatial distances transmission cost
has a behavior similar to the stretch, and the weight distances trans-
mission cost worsens for all values of 𝜆 as the number of deleted nodes
increases.

It is interesting to notice that none of the attacks affect significantly
the efficiency of the HWSD protocol in the optimal navigability domain.
Even after the removal of the top 15% of nodes with highest degree,
20% of nodes with highest strength and 50% at random, there is a
region in the spectrum of 𝜆 where navigation is still optimal, see Fig. 5d
and SF43–SF45. In other words, even after serious damage, guiding
navigation by combining weights and distances ensures that signals can
be delivered to almost every ROI remaining in the connectome.

5. Discussion and conclusions

The findings reported in this work are qualitatively similar at the
personalized level for all subjects in the UL and HCP datasets and for
their group-representatives, despite the discrepancy in their average
connectivity. In all cases, weights facilitate a sweet spot in which
communication is fully amplified with low costs. Remarkably, the phe-
nomenon is resilient, and optimal navigability is achieved even under
serious damage. Then, communication in the brain is not only affected
by its large-scale architecture (and in particular by its small-world
property resulting from short topological distances) but also by the
dynamic rules involved in the transmission process. More specifically,
the existence of a short topological path between two nodes does not
ensure that a stochastic routing protocol, which selects at random the
next neighbor to visit according to some probability, is able to find the
shortest path in a short time. What is certain is that stochastic routing
protocols reach a full success rate with all signals reaching eventually
the target. As a counterpoint, some signals could take an exceedingly
lengthy time.

In fact, the biological implausibility of the exceedingly lengthy
transmission times found in the pure weight-biased random walk is
an indication that it is not a biologically rational choice for routing
information in brain connectomes. In the protocol proposed here, a
signal is selectively transmitted to an area of the brain by combining
the information of link weights and spatial distances, in contrast with
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previous works where only one or another was taken into account but
not both simultaneously. As a result, the HWSD routing strategy leads
to an optimal combination that is not unique, there exists a range of
values calibrating the participation of the weights in the greedy routing
that produces a sweet spot in which the success rate is maximal with
minimum transmissibility cost, even for decreased time-outs.

These results support the claim that effective communication in
the brain is sustained not only by its hard wiring – the topology and
eometric layout – but also by its soft wiring—the intensities of the
onnections. The brain, and the nervous system in general, is plastic
nd has the ability to adapt to external or internal changes by reor-
anizing its structure and functions. Apart from extreme events, for
nstance injuries such as stroke, the reshaping of neural connections and
heir strength can also be induced by processes such as memory storage
nd learning (Pascual-Leone et al., 2005). Not all the reconfiguration
rocesses have the same cost or occur at the same time scale. Changes
n the hard wiring of the brain, that is, the large scale connectivity
tructure of the connectome, are rare and can only happen to a very
imited extent. In contrast, changes in the soft wiring, understood as a

reconfiguration of weights such that new knowledge or experiences are
fixed, are an everyday process.

Disturbing the specific form in which weights are arranged in the
connectomes or the variability of their values do not compromise
the optimal navigability phenomenon either. This result is congru-
ent with the hypothesis that efficient communication between brain
regions (Laughlin and Sejnowski, 2003), needed to support ultrafast
responses of the brain to external and internal stimuli and ultimately
sustain behavior and cognition, should not depend crucially on memory
or learning processes that can dynamically change the configuration
of weights at short time scales. Even if the navigation success is not
affected by the specific configuration of weights in the connectomes,
we found that it contributes to optimal navigability by decreasing the
spatial distance transmission cost. Specifically, the inverse correlation
between weights and distances, which can be explained by an economy
principle related with longer connections requiring more resources,
facilitates signals to travel a shorter spatial distance to reach the target.

The maximum in the navigability could be interpreted as a stochas-
tic resonance effect (Wellens et al., 2003; Calim et al., 2021), where
the choice of transmission paths is more varied as compared to pure
stochastic greedy routing, and in which new efficient routes can be
found. In our work, weights play the constructive role of noise to
achieve optimal navigability. Interestingly, other investigations have
found other stochastic resonance effects in the human brain (Faisal
et al., 2008). It was found that non-zero levels of noise enhance
information transmission in a dynamic model of the human cortex
connectome, inducing a stochastic resonance effect when the system is
in a critical regime (Vázquez-Rodríguez et al., 2017). Another example
is the noise added by transcranial magnetic stimulation, which is able
to induce a stochastic resonance effect that may explain why param-
eters that under normal circumstances impair behavior can induce
behavioral facilitations (Schwarzkopf et al., 2011).

Communication processes in the brain may be ruled by different
dynamical mechanisms depending on the resolution scale, from mis-
croscale neurons to macroscale region levels. At the macroscale of
higher brain areas treated in our work, there is evidence of selec-
tive information routing. It has been observed (Ciocchi et al., 2015)
that ventral hippocampal neurons route anxiety-related information
preferentially to the prefrontal cortex and goal-related information
preferentially to the nucleus accumbens. These results prove that higher
cortical areas do not communicate by transmitting the signals equally
but by routing the information according to content and target, which is
consistent with the targeting-directed principle guiding greedy routing.
Yet many questions remain for future work. For instance, to discern
the role of the economy principle in guiding selective information
transmission through intermediate areas, and whether it favors those
9

areas closer to the target. On a different level, other open questions are
the developmental and evolutionary processes that control the specific
spatial positioning of brain regions, the relation between specific con-
figurations of weights in connectome links and different brain states,
functional responses and learning-memory processes, as well as the
impact of damage or specific diseases on brain navigability.
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