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SUMMARY

Understanding how different networks relate to each other is key
for understanding complex systems. We introduce an intuitive yet
powerful framework to disentangle different ways in which net-
works can be (dis)similar and complementary to each other. We
decompose the shortest paths between nodes as uniquely contrib-
uted by one source network, or redundantly by either, or synergisti-
cally by both together. Our approach considers the networks’ full to-
pology, providing insights at multiple levels of resolution: from
global statistics to individual paths. Our framework is widely appli-
cable across scientific domains, from public transport to brain net-
works. In humans and 124 other species, we demonstrate the prev-
alence of unique contributions by long-range white-matter fibers in
structural brain networks. Across species, efficient communication
also relies on significantly greater synergy between long-range
and short-range fibers than expected by chance. Our framework
could find applications for designing network systems or evaluating
existing ones.
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INTRODUCTION

Networks provide an intuitive representation of systems comprising interacting

components, enabling the use of rigorous mathematical tools to study complex sys-

tems across domains of science. A useful way of leveraging network representations

involves assessing the (dis)similarity between the topologies of two networks. For

example, one may want to compare the train and flight transportation networks link-

ing a given set of cities, compare different modes of social interaction within the

same group of people, or contrast different types of connections bridging different

brain areas. Approaches to this question are usually based on comparing different

network topologies in terms of their ‘‘distance.’’ In effect, various scalar metrics to

capture the divergence between different networks have been introduced for this

purpose, including graph edit distance,1 graph kernel methods,2 spectral methods

based on the graph’s eigenspectrum,3–5 and information-theoretic metrics based on

various graph properties,6,7 among others8–14 (reviewed in Wills and Meyer,15 Tan-

tardini et al.,16 and Ahmad et al.17). However, these approaches tend to characterize

the divergence between networks in terms of a single number, thus yielding a one-

dimensional (1D) description of a potentially rich discrepancy.

Here, we introduce a new framework that characterizes the similarity between net-

works using a multidimensional approach, which brings to light different ways in

which networks can be (dis)similar and—most importantly—complementary to

each other. Our approach draws inspiration from the literature on partial information
Cell Reports Physical Science 5, 101892, April 17, 2024 ª 2024 The Authors.
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decomposition (PID), which develops the principle that information is not a mono-

lithic entity but can be disentangled into qualitatively different types, including

redundancy (information that can be independently retrieved from more than one

source), uniqueness (information that can be retrieved only from a specific source),

and synergy (information that cannot be retrieved from a single source but can

only be retrieved by taking into account multiple sources at once).18–21 Inspired

by the PID framework, in this paper we introduce ‘‘partial network decomposition’’

(PND): a formalism that disentangles the relationship between networks in terms

of different ‘‘similarity modes,’’ quantifying the extent to which two or more networks

are redundant, unique, or synergistic. To illustrate the broad applicability of this

framework, we showcase how PND provides new insights into real-world artificial

and biological networks by analyzing two scenarios: London’s public transportation

systems and the topologies of short- vs. long-range connections in the brains of hu-

mans and 124 other mammalian species.
RESULTS

Conceptualizing synergy and redundancy between networks

Our central question is whether two networks can be considered synergistic or

redundant or whether they provide unique contributions. Intuitively, two networks

can be said to be redundant if the combination of the two is in some sense equivalent

to each one of them separately. Conversely, one could say that they are synergistic if,

when considered together, the two networks complement each other in some sense.

It is important to emphasize that PND is not a replacement, but an extension, of ex-

isting techniques based on network similarity. Although redundancy may be under-

stood as a measure of similarity by itself, our framework provides a richer character-

ization that also incorporates qualitatively different ways in which networks can

differ.

Although our mathematical framework is more general, here we showcase it with an

example on communication via the most efficient paths between nodes (in terms of

number of steps, or time, or monetary cost), which is relevant for many real and arti-

ficial networks. Let us illustrate this principle in the case of transport networks: when

considering the topologies of, e.g., bus and train networks, synergy arguably occurs

if the most efficient way to move between stations—in terms of lowest cost or time or

fewest steps—involves using both modalities. In contrast, the two networks are

redundant if each provides alternative routes of equal efficiency and their combina-

tion does not provide additional gains. In other words, for the specific application to

path efficiency, our approach can be summarized by two questions: (1) Does the

most efficient path between two nodes of interest involve both networks (i.e., is

there synergy between them)? (2) If not, is the most efficient path equally short in

both networks, or is one more efficient than the other (i.e., distinguishing between

uniqueness and redundancy)? If desired, the specific value of the synergy or unique-

ness can be further quantified by answering an additional question: (3) What is the

gain in efficiency against the next-best alternative? (See the supplemental experi-

mental procedures for further discussion.)

To capitalize on this intuition, let us consider two undirected binary networks defined

on the same set of nodes, denoted by A and B (Figure 1). Note that this does not

amount to requiring each node to have non-zero degree in each network: we require

only that each node should have at least one connection in total (i.e., it should not be

completely isolated). It is certainly possible—and common in practice—to have no-

des that are part of only one network and not the other, such as stations that can be
2 Cell Reports Physical Science 5, 101892, April 17, 2024
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Figure 1. Illustration of the efficiency partial network decomposition between two networks

In each panel, the purple node is the starting point, and the other non-grey node is the destination.

Green and light blue edges indicate shortest paths that are unique to each network (corresponding

path in the other network is shown in black). Dark blue indicates redundant paths, which are equally

long in either network; red indicates a synergistic path: shorter when the two networks are

combined than in either individual network (shown in black).
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reached by bus but not by train. In practice, any nodes that are part of only one

network will be added as disconnected nodes on the other network (and vice versa).

Simply, any such node would not be part of any redundant paths or any paths unique

to the network where it does not have connections. In other words, the requirement

is only that the union of the two networks should have no disconnected nodes. No-

des that are disconnected from both networks are simply ignored. We use binary

(unweighted) networks to simplify our explanation, but our method also applies to

weighted networks. For example, in the case of transport networks, some connec-

tions can be physically longer, or require more time, or be more expensive. Different

applications may focus on different ways of assigning a weight to links, including

weighted combinations of them.

Considering efficiency in terms of shortest path (fewest edges traversed), one can

identify synergy between networks A and B whenever the most efficient (shortest)

path between two nodes x and y involves traversing a combination of edges from

A and B. (Although we frame our discussion largely in terms of shortest path lengths

due to their more intuitive nature, our mathematical framework holds for any

network measure of interest. For our numerical results, in particular, we use the effi-

ciency [inverse of the shortest path] for its convenient mathematical properties, e.g.,

that it remains well defined [and equal to zero] for disconnected pairs.) Practically,

this means that the most efficient path between x and y is found on the joint network,

constructed by placing an edge between each pair of nodes that are directly con-

nected in either network A or network B, such that the joint is also a binary undirected

network. One can then operationalize efficient paths between nodes x and y over

networks A and B as being redundant if they are of equal length—such that a traveler

would be indifferent between traversing via network A or network B. Note that this

differs from having multiple paths between x and y within network A or network B22:

what we care about is that x and y be reachable in the same number of steps within

network A and within network B. Finally, if the most efficient path between nodes x

and y is shorter in network A (respective to B) than in network B (respective to A), then

it is natural to label it as a ‘‘unique’’ contribution of network A (respective to B). Thus,

if the most efficient path between nodes x and y is of length lA when using edges
Cell Reports Physical Science 5, 101892, April 17, 2024 3
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from only network A, of length lB when using edges belonging to only network B, and

of length lAWB when using edges from A and B, then the classification of the link be-

tween x and y can be done according to the following procedure:

(1) synergistic if minflA; lBg> lAWB;

(2) unique if minflA; lBg = lAWB and also maxflA; lBg> lAWB;

(3) redundant if maxflA; lBg = lAWB.

It is direct to verify that this procedure identifies the most efficient (shortest) path be-

tween a pair of nodes x and y as being synergistic, redundant, or unique to either

network A or network B, with no other outcome being possible. Also, note that,

although lA = lB (the condition whereby the shortest path is of the same length in

both networks A and B) is a necessary condition for the path between A and B to

be redundant, it is not sufficient: combining the two networks may result in a shortest

path that is shorter than the shortest in either original network (i.e., synergy). There-

fore we use the more elaborate condition maxflA; lBg = lAWB for redundancy: while

less straightforward, it correctly reflects that redundancy occurs only when

combining the two networks does not lead to an improvement (which would be a

case of synergy). In other words, our definition of redundancy applied to shortest-

path communication is that the shortest paths in the two original networks are of

the same length and that the length does not diminish in the combined networks.

Following this rationale, we can obtain a global quantification of the prevalence of

synergistic, redundant, and unique paths across the two networks in terms of the

proportion of all shortest paths that they respectively account for. This procedure an-

swers the following question: howmany of the possible maximally efficient paths be-

tween nodes would an agent know if they knew only network A, or only network B,

or both?

In addition to a global-level assessment, our approach allows us to obtain further

insight by focusing on the relevance of different scales (e.g., paths of different

lengths). In effect, it is possible that the interactions between the two networks

may be different for paths of different lengths—e.g., short paths may be more

redundant, while longer ones are more synergistic. Our method provides a straight-

forward way to obtain such insight: since it provides a decomposition of the effi-

ciency between each pair of nodes, one can simply group the network’s shortest

paths in terms of their length l and check the proportion of them that are synergistic,

redundant, or unique (note that length-1 paths, which correspond to direct edges,

by definition can only be either redundant or unique).

Finally, we emphasize that this running example of shortest paths in two networks is

merely a special case of themore general PND introduced here. The full framework is

applicable to any network measure of interest and any number of networks (poten-

tially weighted, directed, or with non-identical nodes) and is described in detail in

the experimental procedures.

Partial network decomposition in random network models

To build some initial intuitions on how different networks may contribute to the most

efficient paths of a combined network, we constructed pairs of binary undirected

Erd}os-Rényi networks of different densities (ranging from 1% to 100%) and evaluated

the synergistic, redundant, and unique contributions between them. Results show

that shortest paths become less synergistic and more redundant as the density of

links grows (Figure 2A). In effect, the majority of maximally efficient paths on the joint
4 Cell Reports Physical Science 5, 101892, April 17, 2024
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Figure 2. Contributions to shortest paths as a function of network density and rewiring

(A) Erd}os-Rényi networks: each contribution is shown as a function of both networks’ densities.

(B) Erd}os-Rényi networks: component accounting for the majority of shortest paths, as a function of both networks’ densities.

(C) Lattice and randomized networks: contributions are shown as a function of the percentage of rewired edges.
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network are synergistic when the networks are both sparse (i.e., both with densities

of 5% or less). Synergy is also present up to approximately 15% density and there-

after drops off rapidly. Unique contributions from one network tend to dominate

when the other network is below approximately 15%density and thereafter also level

off rapidly. Thus, when the two networks’ densities are imbalanced, unique contribu-

tions from the denser one tend to predominate. Conversely, when the two networks

have similar density (and both above 15% density), then the majority of the maxi-

mally efficient paths are redundant, with redundancy increasing gradually with

both networks’ density (Figure 2B).

To further develop intuitions, we also used PND to investigate the small-world char-

acter of networks.23 Our setup considered two copies of the same lattice network

and progressively randomly rewired one of them by 1% increments while preserving
Cell Reports Physical Science 5, 101892, April 17, 2024 5
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the degree sequence. For each level of randomization, we calculated the efficiency

PND between the original lattice network and its randomized counterpart (Fig-

ure 2C). Our results reveal two clearly distinct regimes. At low levels of randomiza-

tion, redundancy dropped very rapidly as randomization increased, replaced by a

prominent unique contribution from the rewired network and also an increasing

prevalence of synergy between the two. Then, after a threshold of randomization

had been surpassed (approximately 9% in Figure 2C), the unique contribution

from the randomized network reached its peak and began to decline, while redun-

dancy slowed its decline and began to plateau (Figure 2C). In contrast, both synergy

and the unique information of the non-rewired lattice grew consistent with the de-

gree of rewiring. Remarkably, we observed that the small-world propensity index24

(see experimental procedures) of the joint network peaked at the same point of the

unique information of the rewired network. Note that, since the joint network is ob-

tained by combining the original lattice and its randomized counterpart, its density

increases, as the randomization means that there are more and more non-overlap-

ping edges. However, the small-world propensity is unaffected by density.24 These

results are largely unaffected by the density of the starting lattice network, repli-

cating across 5%, 10%, and 20% density: an inflection point for both redundancy

and the unique contribution of the randomized network is observed around

9% � 10%of rewiring, coinciding with themaximum value of small-world propensity

(Figure S1). At higher network densities, the unique contribution of the randomized

network can increase further after this inflection point with additional randomization,

although not as steeply.

Taken together, these results show that PND can provide rich insights about the rela-

tionship between two networks. Building on these insights, in the following sections

we show results of this machinery applied to real-world networks, both artificial and

biological.

Low but significant redundancy of the London transport network

We analyzed real data from a context that may be familiar to everyday life—transpor-

tation networks. We investigated the topologies of two means of transportation in

London: underground (i.e., subway) and overground (including different types of

local trains) (Figure 3A). We used PND to gain insight on how these two types of

transportation serve the needs of Londoners to move within the city. Note that

not every station is served by both underground and overground: any node that

has connections in only one network is included in the other network as a discon-

nected node.

Our analyses reveal that there is extremely low redundancy between the topologies

of underground and overground. Other similarity modes, however, exhibit a strong

dependence on the length of the path. For example, short paths show an approxi-

mately 70% unique contribution from underground and nearly 30% contribution

from overground. Synergy rises rapidly with path length, accounting for over 60%

of all paths at its peak and over 50% of paths of most lengths. This changes rapidly

at the very longest paths, where again underground unique paths predominate,

eventually reaching 100% contribution (Figure 3B). Overall, these findings speak

about the efficiency of the design of these networks, which serve the city with almost

no redundancy and substantial synergy.

To evaluate the significance of these findings, we compared the obtained results

against the decomposition arising from a null distribution involving randomly rewir-

ing both networks, while preserving the degree sequence to account for the
6 Cell Reports Physical Science 5, 101892, April 17, 2024
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Figure 3. London transport networks

(A) The underground network (blue) and the overground network (orange).

(B) The relative proportion of shortest paths accounted for by redundant, unique, and synergistic contributions, as a function of path length.

(C) Empirical results (vertical lines) against a null distribution (gray histograms) obtained from degree-preserving randomization of the two networks.

Red line indicates statistical significance (p < 0.05).
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potential confounding effects of this low-level network property (Figure 3C). We

found that the London transport network relies on unique contributions from

the underground network significantly more than would be expected by chance

(p = 0:007). Intriguingly, although redundancy is by far the least prevalent term in

the decomposition, its value is nevertheless significantly greater (p< 0:001) than

what would be expected based on two random networks of equal density and de-

gree sequence (Figure 3C). The other two contributions (overground unique and

synergy) did not significantly differ from their degree-preserving null counterparts.

However, when null distributions were obtained using purely random networks

(with the same density as the original ones) instead of degree-preserving random

networks, the unique contribution of the overground network was also significantly

greater than expected from chance (p<0:001), whereas the contribution of synergy

was significantly lower than expected from chance (p = 0:002). Thus, we see that the

degree sequence plays a role in determining the decomposition.
Synergy of connectivity networks in the human brain

The next step in our analysis was to investigate the relationship between the net-

works of white-matter fibers that link spatially proximal regions (i.e., short-range fi-

bers) and spatially distant regions (i.e., long-range fibers) within the human brain

(note that we use ‘‘short-range/proximal’’ and ‘‘long-range/distal’’ to refer to the

physical [Euclidean] distance between the two regions they connect—not to be

confused with the shortest path between regions, which is in terms of the number

of hops on the network). White-matter fibers provide the anatomical scaffold over
Cell Reports Physical Science 5, 101892, April 17, 2024 7
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which communication unfolds in the brain; understanding how their networked orga-

nization supports brain function is a major research topic in neuroscience.25

We used the PND framework to investigate the relationship between the efficiency

of networks of white-matter tracts connecting spatially proximal and spatially distant

regions of the human brain, reconstructed from in vivo diffusion MRI tractography in

100 healthy human adults (see experimental procedures). For each subject, we

defined one network as comprising the 50% of fibers connecting the most spatially

distant regions in that subject’s brain, in terms of greatest Euclidean distance, and a

second network as comprising the 50% of white-matter fibers connecting the most

spatially proximal regions (smallest Euclidean distance between them). Thus, the

two networks have equal density. As a first (subject-level) analysis, we decomposed

the similarity of connections between spatially proximal and spatially distant regions

observed in each subject.

Results revealed that, on average across individuals, nearly 50% of the maximally

efficient paths in the overall structural connectome (combining all white-matter

tracts) are accounted for by long-range connections between spatially distant re-

gions, while synergistic paths are the second-largest contributors (Figure 4A). This

suggests that long-range fibers play a key role in enabling shortest-path communi-

cation between regions that are distant, not only physically, but also topologically

(the most efficient path between them involves many hops), despite being more

metabolically expensive. In addition to this high-level description, however, our

approach can also provide more detailed information. We began by considering

paths of different lengths: our framework revealed that synergistic contributions

become prevalent for paths comprising multiple hops (Figure 4B). This may be ex-

pected, since the longer the path, the more occasions there may be for making it

more efficient with an appropriately placed connection.

To gain more insight on these results, we repeated our decomposition on consensus

networks obtained using a procedure to aggregate individual connectomes,26 which

provides two networks that are representative of the topology of long-range and

short-range white-matter fibers in the human brain (see experimental procedures).

By decomposing the similarity of this representative pair of networks, we see again
8 Cell Reports Physical Science 5, 101892, April 17, 2024
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that approximately 50% of the maximally efficient paths in the network are ac-

counted for by white-matter tracts between spatially distant regions, confirming

the results on individual subjects discussed above (Figure 5A). Importantly, these an-

alyses allow us to study these networks at the level of individual edges. Results show

that regions best reached via paths along long-range fibers are predominantly

located in different hemispheres and at opposite ends of the anterior-posterior

axis (Figure 5B). Cross-hemisphere connections are also prominent for synergistic

paths. In contrast, redundant and uniquely short-distance paths are primarily located

within the same hemisphere (Figure 5B). This is to be expected, since connecting

physically distant nodes by traversing short-distance fibers inevitably involves

many hops, making this a suboptimal strategy in terms of minimizing path length.

To demonstrate the robustness of our results, we show that the same pattern, with

white-matter tracts between spatially distant regions accounting for most of the

maximally efficient paths, can be replicated in an independent dataset of human

diffusion MRI, which used diffusion spectrum imaging (Figure S2) and defined brain

regions using an alternative anatomical parcellation, including subcortical struc-

tures. Likewise, we replicate the human results with a higher-resolution version of

the Schaefer cortical parcellation (1,000 nodes); in this case, we see an even stronger

contribution of synergy—although still second to the unique contribution of long-

range tracts (Figure S2).

We then investigated the role of network topologies in shaping their respective con-

tributions. For this, we considered a ‘‘geometry-preserving’’ rewired null model, pre-

serving the degree sequence (and therefore density) of the original network, but also

the approximate length of connections.27 Examining rewired networks enabled us to
Cell Reports Physical Science 5, 101892, April 17, 2024 9
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Boxplots indicate the median and interquartile range of the distribution. Each data point is one

subject (n = 100).
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assess whether the results for the human structural connectomes could be observed

just by chance for any random network with the same density, degree distribution,

and spatial embedding. We see that if the networks are randomly rewired (while still

preserving the degree sequence and spatial embedding of the original networks),

synergy is significantly reduced, and redundancy is, too—although not as much (Fig-

ure 4A, gray plots). In contrast, the predominance of long-range connections

observed in the empirical structural connectomes is further enhanced in geome-

try-preserving rewired nulls. Statistical comparisons confirm that the human connec-

tome relies on both synergy and redundancy between long- and short-range tracts,

significantly more than a geometry-preserving random network would. Instead, the

geometry-preserving rewired networks rely on long-distance connections even

more than empirical structural connectomes (Table S1). Notably, a different picture

emerges when the null models are relaxed to still preserve the degree sequence, but

not the length distribution (spatial embedding). In this case, synergy becomes the

lowest contributor, and the highest contribution is not the unique contribution of

long-distance connections anymore, but rather the redundancy (Table S2 and

Figure S3).

Next, we considered empirical brain networks obtained from a different neuroimag-

ing modality: correlation of functional MRI blood-oxygen-level-dependent (BOLD)

signals (i.e., ‘‘‘functional’’ connectomes). Unlike diffusion MRI, functional connectiv-

ity (FC) reveals connections between regions in terms of the similarity of their activity

over time, thereby providing a different perspective on the network organization of

the human brain. This enables us to ask whether any empirical brain networks will

display the same pattern of results reported above, or whether those results are spe-

cific to the structural connectome.

Again, we consider one network of (functional) connections between spatially prox-

imal regions and one network of connections between spatially distant regions for

each individual. We observe a similar pattern compared with structural connectomes

(Figure 6), with long-distance connections providing the highest contribution. How-

ever, the unique contribution of long-distance connections is nearly equaled by

short-range connections and synergy, being less than one-third rather than nearly

half of all the most efficient paths. Indeed, comparing human structural and func-

tional connectomes from the same individuals (and with matched density), the
10 Cell Reports Physical Science 5, 101892, April 17, 2024
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structural ones have significantly more unique contributions from long-range con-

nections and significantly smaller contributions from each other kind (Table S4).

Notably, geometry-preserving rewiring of the functional connectomes induces a

similar pattern compared with the structural connectomes, with a further increase

in the predominance of unique contributions from long-range connections and a

drop in synergy—but also an increase rather than a decrease in redundancy (Figure 6;

Table S3).

Thus, structural connectomes are dominated by unique contributions from fibers

connecting spatially distant regions, whereas functional connectomes of equivalent

density enjoy more equitable contributions across uniquely distal, uniquely prox-

imal, and synergistic paths.
Synergy of structural brain networks across mammalian species

To evaluate if the obtained results are distinctive of the human structural connec-

tome or if this is also observed in other species, we performed analogous analyses

over a wide spectrum of structural connectomes from diffusion MRI, covering

N = 220 individual animals from 124 mammalian species4,28 (see experimental

procedures).

We performed the same analysis as for the human structural connectomes, using

Euclidean distance to divide white-matter tracts into those linking spatially proximal

regions and those linking spatially distant regions (each accounting for 50% of the

total edges, thereby ensuring two equally dense networks). We then identified the

synergistic, redundant, and unique contributions to the global efficiency of the joint

network. More similar to the human structural than the functional connectome, our

results show that a substantial proportion of the most efficient paths in the network

are accounted for by white-matter tracts between spatially distant regions (Figure 7).

Results also show that mammalian structural connectomes are significantly more

synergistic and significantly less reliant on white-matter tracts between spatially

distant regions than corresponding degree- and geometry-preserving randomized

null models (see Figure 7; Table S5). Unlike the human case, however, we find that

non-human mammals also involve a substantial contribution of redundancy—which

is nevertheless significantly less than what would be observed in random networks

with the same spatial embedding.

As with the human structural connectomes, if the null models preserve only the de-

gree sequence, and not the distribution of Euclidean distances, then synergy be-

comes the lowest contributor and the highest contribution is not the unique contri-

bution of long-distance connections any more, but rather the redundancy

(Figure S4).
DISCUSSION

Drawing inspiration from the field of information decomposition, here we intro-

duced a simple but powerful framework to quantify qualitatively different aspects

of the similarities and differences between two networks in terms of a graphmeasure

of interest. When applied to global efficiency, which is related to communication us-

ing shortest paths, our approach determines the contribution of each network to the

shortest-path communication on the joint network, assessing whether such contribu-

tions are redundant, unique to each of the two initial networks, or synergistic—a

novel metric of the complementarity between two networks such that combining

them makes some of the shortest paths even shorter. By considering network
Cell Reports Physical Science 5, 101892, April 17, 2024 11
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Figure 7. Prevalence of synergistic, unique, and redundant efficiency contributions for networks of white-matter fibers between spatially proximal

and spatially distant regions of 220 mammalian brains

(A) The MaMI data set encompasses high-resolution ex vivo structural and diffusion MRI scans of 124 animal species; here, we show animals and

corresponding brain networks representing the six taxonomic orders comprising the largest number of species (individual animals in parentheses),

among those included here: Primates, Rodentia, Carnivora, Perissodactyla, Cetartiodactyla, and Chiroptera.

(B) Gray distributions indicate the corresponding values for degree- and geometry-preserving randomized networks. ***p < 0.001 against null

distribution of values obtained from rewired null networks. The y axis represents the proportion of shortest paths accounted for by each PND term.

Boxplots indicate the median and interquartile range of the distribution. Each data point is one animal (n = 220, colored dots) or its corresponding null

network (gray dots).
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efficiency, which is predicated on shortest paths, this approach takes into account

the topology of the entire networks. It can also provide insights at different levels

of resolution: from summary statistics (proportion of all shortest paths contributed

by each mode), to information about their relative prevalence across paths of

different length, to edge-level detail, including the number of steps saved with

respect to the next-best alternative.

Our analyses illustrate how this approach can be applied to deepen our understand-

ing of brain networks as well as transportation networks. In the case of London’s

transport networks, redundancy was found to be low in absolute terms but neverthe-

less significantly greater than that of random networks. In brain networks, PND
12 Cell Reports Physical Science 5, 101892, April 17, 2024
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highlighted stark differences between the roles of long-range and proximal connec-

tions. We observed that reliance on long-range white-matter fibers for the majority

of efficient paths in the network is a conserved feature of structural connectomes

across mammalian species, including humans. This feature is not shared by just

any brain network (it is not found in human functional connectomes) nor by random

networks having the same degree distribution. On the contrary, we found that the

brains of both humans and other mammals also exhibit significantly more synergy,

and significantly less redundancy, than corresponding randomly rewired networks.

It is important to note that, unlike traffic networks, the brain does not rely solely (or

perhaps even primarily) on communication via shortest paths, instead likely adopt-

ing a variety of mechanisms.29–32 Therefore, our analysis of connectomes is not in-

tended to quantify how signals actually propagate between brain regions—rather,

our intention was to investigate what roles the topology of proximal and long-range

connections in the brain would play in determining shortest paths.

In this sense, our analysis should be seen as analogous to the numerous investiga-

tions of brain small worldness and global efficiency,24,28,33 which assess the net-

work’s suitability for shortest-path communication without claiming that such

communication in fact happens. This approach is, therefore, distinct from studies

that evaluate the roles of different communication strategies for explaining empirical

patterns of interregional communication.25,34

In our study of random network models, the proposed framework showed that syn-

ergy generally predominates when both networks are very sparse (5%density or less;

note that all our comparisons were performed against null models that preserved the

original networks’ density and degree, ensuring that such low-level properties do

not explain our results). Conversely, synergy rapidly diminishes as the density of links

in either network grows. This observation is noteworthy because a previous survey

suggested that most biological and human-made networks are indeed sparse,35

which, according to our findings, could be conducive to synergy.

Although it is apparent why synergy between networks can be advantageous, it is

important to bear in mind that redundancy can also be valuable. The presence of

redundant paths between nodes on two different networks means that transport

will be unaffected, even if one of the two networks should fail. In contrast, failure

of either network would easily jeopardize a synergistic path. In other words, redun-

dancy of networks facilitates robustness, echoing previous findings in time-series

analysis.36

Several future extensions of this framework are possible. First, we considered only

unweighted, undirected networks. The PND method can be directly applied to

weighted networks, provided that the weights can be combined across the two

source networks—as would be the case, e.g., for prices or time, in the context of

transport networks. Likewise, directed networks can also be straightforwardly

accommodated. It is also worth acknowledging that transitioning between networks

at a given node is not always possible and not always free of cost. This may need to

be taken into account for future extensions. As an example, if the cost is time (for

transport, for instance), then the time spent while waiting between different trans-

port networks may need to be taken into account (e.g., airport layovers), whereas

in terms of ticket price, there is often no monetary cost for switching between,

e.g., different metro lines, but there can be a price for switching between metro

and train. This would need to be taken into account when evaluating the advantage
Cell Reports Physical Science 5, 101892, April 17, 2024 13
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conferred by synergy between the two networks. In particular, whenever there are

exchange costs for transitioning between the two networks, by definition what will

be affected is the synergy between them, which will be reduced. In other words,

switching costs inherently reduce synergy—possibly to the point of eliminating it,

at least for some paths. In the case of weighted networks, we expect that the extent

to which switching costs affect synergy will depend on the specific weighting func-

tion for the edges, such as monetary cost or time.

Our approach requires a choice of how to operationalize the notion of ‘‘path redun-

dancy.’’ While in this work we have adopted equal length of shortest paths as an intu-

itive criterion for redundancy, this is not the only possibility. An interesting alterna-

tive is in terms of identity of edges traversed: will there be a path of length l between

nodes x and y even if edge q is taken out? This may contribute to the characterization

of redundancy as robustness. However, note that the present framework does not

take into account whether multiple equally short paths between nodes x and y exist

within network A. The existence of such redundant shortest paths within a network

has also been proposed as a metric of robustness, although distinct from the one

developed here.37 Accounting for redundant shortest paths both within and be-

tween networks may provide a fruitful avenue for future extensions of the pre-

sent work.

Also, the present framework relies on a measure of costs—here we used the global

efficiency, which is based on shortest paths. However, different communication pro-

tocols can exist on networks: whereas shortest-path navigation requires knowledge

of the global topology, other approaches can be agnostic, such as network diffusion

based on random walks or navigability.29–31 Incorporating different communication

protocols over networks will be a valuable extension of our framework. One reason

that shortest paths are especially appealing for our approach is that, when

combining two networks (predicated on the same nodes, i.e., layers of a multiplex),

shortest paths can never become longer: they only become shorter (if there is syn-

ergy between networks) or remain the same as the shortest of the two. Thus, the

path efficiency can only increase or stay the same. However, this property is not

guaranteed in the context of diffusion; unless the two networks are identical, the

joint network will be denser than either of them, meaning that, on average, a random

walker will have more options to choose between when leaving node x: although a

shortcut to node ymay now exist, the average number of steps to reach node ymay

still increase (because the randomwalker has more chances of choosing an edge that

does not belong to the shortest path—and this repeats at every new node). There-

fore, in its present form, our frameworkmay often lead to no synergy being identified

when considering communication via random walks.

Relatedly, here we did not consider the question of what dynamics take place over

the network.38,39 For instance, under dynamics that allow for the possibility of

congestion (e.g., traffic), adding a shortcut may not always make travel on the

network faster. On the contrary, it may even achieve the opposite effect by

increasing congestion—a phenomenon known as ‘‘Braess’s paradox.’’40 Thus, two

networks that are synergistic in terms of path length may nevertheless end up having

‘‘detrimental synergy’’ in terms of travel time, depending on the dynamics of naviga-

tion on the network. It will be a fruitful topic of future investigation to investigate such

scenarios using our framework.

As a limitation, we note that our use of binary networks required us to threshold the

FC (see experimental procedures), which imposes a somewhat arbitrary criterion
14 Cell Reports Physical Science 5, 101892, April 17, 2024
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(although not devoid of ground36). However, this allowed us to keep the same edge

density in the FC and structural connectivity networks, thereby removing the influ-

ence of density from our results. However, for the London transport example, the

two networks had different densities of edges (underground vs. overground); this in-

fluences the prevalence of unique paths, since in a binary network an edge corre-

sponds to the shortest (i.e., maximally efficient) possible path between the two no-

des at its extremes, so a denser network will have more short paths (whether unique

or redundant). Indeed, we found it to be so—but to an extent that was statistically

unexpected based on density alone. Future work may extend the present framework

to quantify the extent to which a network uses its available connections synergisti-

cally, uniquely, or redundantly, as a proportion of the theoretical maximum for a

given partner network.

In conclusion, we have developed a simple yet versatile approach to characterize the

relationship between two networks, taking into account topological properties and

capable of providing both global and local insights. This work may find application

when engineering network systems, to help decide how to trade off different desid-

erata (such as efficiency vs. robustness introduced by a new underground line) or

evaluate their relative presence in existing systems, as we have done here for the hu-

man brain.
EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and reagents should be directed to

and will be fulfilled by the lead contact, Andrea Luppi (al857@cam.ac.uk).

Materials availability

This study did not generate new unique reagents.

Data and code availability
Data. The MAMI mammalian brain network data from Assaf et al.28 are available at

https://doi.org/10.5281/zenodo.7143143. Human Connectome Project (HCP) data

in DSI Studio-compatible format are available at http://brain.labsolver.org/

diffusion-mri-templates/hcp-842-hcp-1021. The network of London public rail trans-

port is available from https://networks.skewed.de/net/london_transport.

Code. All original code is available in this paper’s supplemental information,

where we provide MATLAB code to compute the PND (Data S1).
Mathematical formalization

In this section we provide the mathematical foundations of our multiplex network

analysis method. It is based on ideas from information theory, which we introduce

below, and relies on a mapping between graphs and probability spaces. Beyond

the specific metrics showcased in the results of this paper, this formalism paves

the way for very general analyses of multiplex networks by combining principles of

probability, graphs, and information theory.

Mapping probability theory and graphs

Let us consider a network defined by a pair ðV;EÞ, where V is a set of vertices (or no-

des) and E4V3V is a set of (either binary or weighted) edges indexed by pairs of

vertices. Our analyses focus on a ‘‘utility function,’’ which corresponds to a network

property of interest that depends on the set of edges E. An example of such function
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is the network’s global efficiency, which is the average of the efficiency between each

pair of nodes. For a given node pair u = ðv1; v2Þ˛V3V in a network with edges E,

efficiency is defined as the inverse of the length of the shortest path between v1
and v2. In addition, we consider a probability measure pðuÞ uniform over pairs of

distinct nodes u˛V3 V, which establishes a random variable U. With this, the

average value of a local utility function f over the network is given by:

FðEÞ = E½f ðU; EÞ�; (Equation 1)

where E½f ðU;EÞ� = P
u

f ðu; EÞpðuÞ is the expected value operator. In the example

above, if f ðu;EÞ is the pairwise efficiency between two nodes, then F corresponds

to the global efficiency of the whole network.

Now, suppose that we have two different sets of edges E1 and E2 for the same set of

vertices V, and we wish to compute how they affect the value of f. For example, a nat-

ural question is how much of the value of f can be attributed to the edges in E2, over

and above those in E1. This can be naturally estimated as:

DFðE1jE2Þ = FðE1 WE2Þ � FðE2Þ: (Equation 2)

For example, if F is the global efficiency, then DFðE1jE2ÞR0 captures how much the

efficiency increases by adding E1 to the links in E2.

Finally, note that the presented formalism can be extended to analyze networks

with different sets of nodes by simply taking V to be the union of the sets of nodes

in both networks. This will result in some nodes being disconnected in one of the

networks, but as long as the utility function f remains well defined, so will the over-

all PND.

Simple example: Decomposing efficiency in two-layer networks

Using the established link between graphs and probability theory, one can take

inspiration from frameworks to decompose information-theoretic quantities. In

particular, here we use ideas from the PID framework18 and develop a new set of

tools to decompose the impact of various layers of edges on a given observable.

Before presenting the general formalism, here, we illustrate the main ideas for a sim-

ple case of a two-layer network.

For this, let us consider a multilayer networkMwith vertices V and two sets of edges

(i.e., layers) E1;E2. The full (or joint) network E contains all edges of both layers and

mathematically is given by the union operator E = E1WE2. As an example, here, we

decompose the global efficiency of the joint network FðEÞ into qualitatively different

types of contributions from E1 and E2.

Intuitively, for any given pair of vertices v1; v2 there are four possibilities: the effi-

ciency could be equal in both layers of the network, it could be greater in one layer

or in the other, or it could be greater in the joint network than in either layer. We refer

to these different cases as ‘‘redundant,’’ ‘‘unique,’’ and ‘‘synergistic,’’ respectively.

Let us now present a plausible (and empirically powerful) definition for each of these

contributions. For a given pair of vertices v1; v2 we can take their redundant efficiency

(or just redundancy) to be theminimum efficiency one could find by using either E1 or

E2—that is, using the least efficient path fully contained within either of the layers.

Mathematically, this can be written as:

rðv1; v2;MÞ = min
i

f ðv1; v2;E iÞ: (Equation 3)
16 Cell Reports Physical Science 5, 101892, April 17, 2024
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Based on this formula, the natural definition of the unique contribution of layer E j is

its gain in efficiency with respect to the redundancy for the same pair:

ujðv1; v2;MÞ = f
�
v1; v2;E j

� � rðv1; v2;MÞ: (Equation 4)

Note that, with this definition, for any given pair of nodes one layer will have zero

unique contribution.

Finally, the synergistic contribution corresponds to the increase in efficiency seen in

the joint network but not in either layer. Mathematically:

sðv1; v2;MÞ = f ðv1; v2;EÞ � ðrðv1; v2;MÞ
+ u1ðv1; v2;MÞ+ u2ðv1; v2;MÞÞ

= f ðv1; v2;EÞ � max
i

f ðv1; v2;E iÞ:
(Equation 5)

To link back to our explanation above, we can take the expected value of these quan-

tities with respect to pðuÞ (which in the simplest case is an average across all pairs of

nodes). This yields the average quantities RðMÞ = E½rðU;MÞ� and similarly for unique

and synergistic contributions. With this, we can write:

FðEÞ = RðMÞ+U1ðMÞ+U2ðMÞ+ SðMÞ; (Equation 6)

proving that, indeed, we have decomposed average global efficiency into four con-

stituent quantities. Note that the global efficiency depends only on the joint network

but each atom depends on the full multilayer network, since they depend on which

edges are in E1 or E2.

To summarize the overall prevalence of synergistic, unique, and redundant paths in a

network, we can define the dominant character of a given node pair u = ðv1; v2Þ as
the highest-order non-zero atom in its PND. For example, in the two-layer case

described here, we say that u is a synergistic pair if sðu;MÞ> 0, or a unique pair if

ujðu;MÞ> 0 and sðu;MÞ = 0 (for any j), or a redundant pair if rðu;MÞ>0 and

sðu;MÞ = ujðu;MÞ = 0 (for all j).

General framework of partial network decomposition

After presenting an elementary example, let us introduce our full formalism, PND: an

approach to multilayer network analysis inspired by PID.18

Consider a set of nodes V and N sets of edges fE igNi = 1, such that the tuples ðV;E iÞ
form networks with the same nodes but different edges. For a given set of indices

a = fn1; ::;nkg4f1;.;Ng, we define the joint network ðV;EaÞ with Ea = Wk
i = 1Eni .

Furthermore, let us denote collections of such networks by a = fa1;.; aLg. For
example, possible collections of networks for n = 2 are fBg;ff1gg;ff1g;f1;2gg, etc.

The key quantity in PND is the ‘‘network redundancy function’’ FXðEa1 ;Ea2 ;.;EaL Þ,
which we will also denote with the shorthand notation Fa

X.

This function should capture how much of the value of F is due to the ‘‘common

contribution’’ of all networks Ea1 ; .; EaL . We require this function to have the

following properties:

Symmetry: FXðEa1 ;.; EaL Þ is invariant to reordering of Ea1 ;.;EaL .

Self-intersection: FXðEaÞ = FðEaÞ. This links PND with the original network prop-

erty of interest and is analogous to the set-theoretic statement that SXS = S.

Deterministic equality: FXðEa1 ;.;EaL Þ = FXðEa1 ;.; EaL� 1 Þ if EaL� 14EaL . This is

analogous to the usual set-theoretic statement that SXT = S if S4T .
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In principle, one could apply Fa
X to any collection of networks a˛P1ðP1ðf1;.;NgÞÞ,

where P1ðSÞ is the power set of S excluding the empty set. However, the

deterministic equality axiom allows us to simplify the domain of FX: for example, for

the two-layer case we know that FXðEf1g;Ef1;2gÞ = FXðEf1gÞ, because Ef1g is contained
in Ef1;2g (recall that Ef1;2g = E1WE2). In the general case, this means we can restrict the

domain of Fa
X to the set of ‘‘antichains’’ of f1;.;Ng, denoted here asA, which are natu-

rally organized in a set-theoretic construct known as a ‘‘lattice.’’18 For the two-layer

case, the possible antichains are ff1g;f2gg, ff1gg, ff2gg, and ff1;2gg.

Although the three properties are the only ones necessary to formulate our PNDover

the antichain lattice, there is one more property that will be of interest for the inter-

pretation of the resulting decomposition:

Monotonicity: FXðEa1 ;.;Eak Þ%FXðEa1 ;.;Eak� 1Þ.

Given a network redundancy function Fa
X, one can also ask how a specific collection

of networks a contributes to the overall utility of the joint network. To quantify this,

we can define utility ‘‘atoms’’ that capture the contribution of a over and above the

contribution of other elements lower in the lattice,

Fa
v = Fa

X �
X
b3a

Fb
v ; (Equation 7)

where 3 (and _) correspond to the natural partial order in the antichain lattice.18

This is equivalent to saying that Fa
v is the Moebius inversion of Fa

X
18 and can also

be written as:

Fa
X =

X
b3a

Fb
v ; (Equation 8)

which, together with the self-intersection property, also implies that the sum of all

atoms decomposes F as expected:

FðEÞ = Fff1;.;Ngg
X =

X
a˛A

Fa
v : (Equation 9)

These atoms are the objects of interest in our analyses and correspond to the redun-

dant, unique, and synergistic contributions to global efficiency presented in the pre-

vious section.

In addition to the formalism above, we need one more ingredient to compute these

atoms: a definition of the network redundancy function FX. Although more defini-

tions satisfying the properties above could certainly be possible, here we propose

the following definition for its suitability and simplicity:

Fa
X = E

h
min
a˛a

f ðU; EaÞ
i
: (Equation 10)

With U defined as above and f being the efficiency (inverse of the shortest path

length), it is easy to see that this definition satisfies the symmetry, self-intersection,

and monotonicity axioms above. Furthermore, it is possible to prove that this defi-

nition of Fa
X is totally monotone in A, which guarantees that all network atoms Fa

v

are non-negative (see proofs in the supplemental experimental procedures). With

this definition, it is possible to evaluate Equation 10 on all antichains and then use

Equation 7 to compute all atoms, concluding the calculation.

It is worth noting that, in analogy with the previous section, we can naturally define

a redundancy function for node pairs u, i.e., f aXðuÞ = mina˛af ðu;EaÞ, such that
18 Cell Reports Physical Science 5, 101892, April 17, 2024
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Fa
X = E½f aXðuÞ� (and similarly for f av ðuÞ). With this, we can directly generalize our pre-

vious definition of the dominant character of a node pair u as the set a such that

f av ðuÞ>0 and f bv ðuÞ = 0cb_a. It is direct to show that there is always a unique a

satisfying this condition for N = 2, and numerical experiments suggest this is also

the case forN> 2—although, in the absence of a proof, we leave this as a conjecture

for future work.

In addition to a choice of utility function F and redundancy function FX, PND

also allows the choice of different distributions pðuÞ. For simplicity, here we consider

only a uniform distribution as a way to obtain a simple average of the decomposition

across the network. Nonetheless, different choices may be more or less useful in

different contexts, depending greatly on the networks under study and the specific

scientific goals of the analysis—for example, one could consider a pðuÞ that takes

into account some measure of centrality or some aspect of the real-world usage of

the network (e.g., number of passengers in transit between two locations).

Finally, it is worth noticing that—in contrast with PID—PND decomposes the effect

of various source networks but does not consider a target. This technical difference

has interesting implications. For example, PND does not have an ‘‘identity axiom’’

(an apparently reasonable requirement,41 which nonetheless has been shown to

be incompatible with non-negativity42) and is exempt from the constraints that infor-

mation decomposition must satisfy under deterministic relationships between sour-

ces and target.43 The investigation of these and other implications of the PND

formalism are left for future work.
Data

London transport networks

The network of London public rail transport was obtained from https://networks.

skewed.de/net/london_transport. Further details are available from the original

publication by De Domenico et al.44 It is a multiplex network with three undirected

edge types representing links within the three layers of London train stations: under-

ground, overground, and DLR (Docklands Light Railway). Here, we combined

overground and DLR into a single network, and we then compared the respective

contributions of underground vs. overground + DLR (which we refer to as simply

‘‘overground’’).

Human structural connectomes from the Human Connectome Project

We used diffusion MRI (dMRI) data from the 100 unrelated subjects (54 females

and 46 males, mean age 29:1G3:7 years) of the HCP 900 subjects data release.45

All HCP scanning protocols were approved by the local institutional review board

at Washington University in St. Louis. The diffusion-weighted imaging (DWI) acqui-

sition protocol is covered in detail elsewhere.46 The diffusion MRI scan was con-

ducted on a Siemens 3T Skyra scanner using a 2D spin-echo single-shot multiband

EPI sequence with a multiband factor of 3 and monopolar gradient pulse. The

spatial resolution was 1.25 mm isotropic; TR = 5,500 ms, TE = 89.50 ms. The b

values were 1,000, 2,000, and 3,000 s/mm2. The total numbers of diffusion

sampling directions were 90, 90, and 90 for each of the shells in addition to six

b0 images. We used the version of the data made available in DSI Studio-compat-

ible format at http://brain.labsolver.org/diffusion-mri-templates/hcp-842-hcp-

1021.47

We adopted previously reported procedures to reconstruct the human connectome

from DWI data. The minimally preprocessed DWI HCP data46 were corrected for
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eddy current and susceptibility artifact. DWI data were then reconstructed using

q-space diffeomorphic reconstruction (QSDR48), as implemented in DSI Studio

(www.dsi-studio.labsolver.org). QSDR is a model-free method that calculates the

orientation distribution of the density of diffusing water in a standard space to

conserve the diffusible spins and preserve the continuity of fiber geometry for fiber

tracking. QSDR first reconstructs diffusion-weighted images in native space and

computes the quantitative anisotropy (QA) in each voxel. These QA values are

used to warp the brain to a template QA volume in Montreal Neurological Institute

(MNI) space using a non-linear registration algorithm implemented in the statistical

parametric mapping (SPM) software. A diffusion sampling length ratio of 2.5 was

used, and the output resolution was 1 mm. A modified FACT (fiber assignment by

continuous tracking) algorithm49 was then used to perform deterministic fiber

tracking on the reconstructed data, with the following parameters36: angular cutoff

of 55+, step size of 1.0 mm, minimum length of 10 mm, maximum length of 400 mm,

spin density function smoothing of 0.0, and a QA threshold determined by DWI

signal in the cerebrospinal fluid (CSF). Each of the streamlines generated was auto-

matically screened for its termination location. A white-matter mask was created by

applying DSI Studio’s default anisotropy threshold (0.6 Otsu’s threshold) to the spin

distribution function’s anisotropy values. The mask was used to eliminate stream-

lines with premature termination in the white-matter region. Deterministic fiber

tracking was performed until 1;000;000 streamlines were reconstructed for each

individual.

For each individual, their structural connectome was reconstructed by drawing an

edge between each pair of regions from the Schaefer-200 cortical atlas50 if there

were white-matter tracts connecting the corresponding brain regions end-to-end;

edge weights were quantified as the number of streamlines connecting each pair

of regions.

A consensusmatrixA across subjects (consensus connectome) was then obtained us-

ing the procedure of Wang and colleagues51 as follows: for each pair of regions i and

j, if more than half of the subjects had a non-zero connection between i and j, Aij was

set to the average across all subjects with non-zero connections between i and j.

Otherwise, Aij was set to zero.

Alternative structural connectome from Lausanne dataset

A total of N = 70 healthy participants (25 females, age 28:8G8:9 years) were scanned

at the Lausanne University Hospital in a 3T MRI scanner (Trio, Siemens Medical, Ger-

many) using a 32-channel head coil.52 Informed written consent was obtained for all

participants in accordance with institutional guidelines, and the protocol was

approved by the Ethics Committee of Clinical Research of the Faculty of Biology

and Medicine, University of Lausanne, Switzerland. The protocol included: (1) a

magnetization-prepared rapid-acquisition gradient echo (MPRAGE) sequence sen-

sitive to white/gray matter contrast (1 mm in-plane resolution, 1.2 mm slice thick-

ness) and (2) a diffusion spectrum imaging (DSI) sequence (128 diffusion-weighted

volumes and a single b0 volume, maximum b value 8;000 s/mm2, 2:232:233:0

mm voxel size).

Structural connectomes were reconstructed for individual participants using deter-

ministic streamline tractography and divided according to a subdivision of the

Desikan-Killiany anatomical parcellation, with 234 cortical and subcortical regions

(chosen as the closest match for the 200-node Schaefer parcellation). White matter

and gray matter were segmented from the MPRAGE volumes using the FreeSurfer
20 Cell Reports Physical Science 5, 101892, April 17, 2024
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(version 5.0.0) open-source package, whereas DSI data preprocessing was imple-

mented with tools from the Connectome Mapper open-source software, initiating

32 streamline propagations per diffusion direction for each white-matter voxel.

Structural connectivity was defined as streamline density between node pairs, i.e.,

the number of streamlines between two regions normalized by the mean length of

the streamlines and the mean surface area of the regions, following previous work

with these data.34,53

Human functional connectomes

We used resting-state functional MRI (rs-fMRI) data from the same 100 unrelated

subjects of the HCP 900 subjects data release.45 The following sequences were

used: for structural MRI, 3D MPRAGE T1-weighted, TR = 2,400 ms, TE = 2.14 ms,

TI = 1,000 ms, flip angle 8�, FOV 224 3 224, voxel size 0.7 mm isotropic, and for

two sessions of 15-min rs-fMRI, gradient-echo EPI, TR = 720 ms, TE = 33.1 ms, flip

angle 52�, FOV 208 3 180, voxel size 2 mm isotropic. Here, we used functional

data from only the first scanning session, in the LR (left-right) direction.

Functional MRI denoising. We used the minimally preprocessed fMRI data from

the HCP, which includes bias field correction, functional realignment, motion correc-

tion, and spatial normalization to MNI-152 standard space with 2 mm isotropic re-

sampling resolution.46 We also removed the first 10 volumes to allow magnetization

to reach steady state. Additional denoising steps were performed using the SPM12-

based toolbox CONN (http://www.nitrc.org/projects/conn), version 17f.54 To

reduce noise due to cardiac and motion artifacts, we applied the anatomical

CompCor method of denoising the functional data. The anatomical CompCor

method (also implemented within the CONN toolbox) involves regressing out of

the functional data the following confounding effects: the first five principal compo-

nents attributable to each individual’s white-matter signal, the first five components

attributable to individual CSF signal, and six subject-specific realignment parame-

ters (three translations and three rotations) as well as their first-order temporal deriv-

atives.54 Linear detrending was also applied, and the subject-specific denoised

BOLD signal time series were band-pass filtered to eliminate both low-frequency

drift effects and high-frequency noise, thus retaining frequencies between 0.008

and 0.09 Hz.

Functional network reconstruction. FC networks were obtained for each subject by

correlating the BOLD time series of each pair of regions in the Schaefer atlas. A

group-average FC network was then obtained by averaging across all subjects. To

ensure comparability of the structural and functional networks, the functional net-

works were each thresholded to have the same density as the corresponding struc-

tural network, a procedure termed ‘‘structural density matching.’’36 Both structural

and functional networks were binarized before analysis.

Mammalian connectomes from diffusion MRI

We used data available online (https://doi.org/10.5281/zenodo.7143143); below

we provide the main information, with further detail available in the original publica-

tion.28 For consistency of reporting, where possible, we use the same wording as

recent publications using this dataset.4,28

Brain samples. TheMAMI database includes a total of 220 ex vivo diffusion and T2-

and T1-weighted brain scans of 124 different animal species. No animals were

deliberately euthanized for this study. All brains were collected based on incidental

death of animals in zoos in Israel, or natural death collected abroad, and with the
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permission of the national park authority (approval no. 2012/38645) or its equivalent

in the relevant country. All scans were performed on excised and fixated tissue. An-

imals’ brains were extracted within 24 h of death and placed in formaldehyde (10%)

for a fixation period of a few days to a few weeks (depending on the brain size).

Approximately 24 h before the MRI scanning session, the brains were placed in

phosphate-buffered saline for rehydration. Given the limited size of the bore, small

brains were scanned using a 7T 30/70 BioSpec Avance Bruker system, whereas larger

brains were scanned using a 3T Siemens Prisma system. To minimize image artifacts

caused by magnet susceptibility effects, the brains were immersed in fluorinated oil

(Fluorinert, 3M) inside a plastic bag during the MRI scanning session.

MRI acquisition. A unified MRI protocol was implemented for all species. The pro-

tocol included high-resolution anatomical scans (T2- or T1-weighted MRI), which

were used as an anatomical reference, and diffusion MR scans. Diffusion MRI data

were acquired using high-angular-resolution diffusion imaging (HARDI), which con-

sists of a series of diffusion-weighted, spin-echo, echo-planar-imaging images

covering the whole brain, scanned in either 60 (in the 7T scanner) or 64 gradient di-

rections (in the 3T scanner) with an additional three non-diffusion-weighted images

(b0). The b value was 1,000 s/mm2 in all scans. In the 7T scans, TR was longer than

12; 000 ms (depending on the number of slices), with TE of 20 ms. In the 3T scans,

TR was 3;500 ms, with a TE of 47 ms.

To linearly scale according to brain size the 2D image pixel resolution (per slice),

the size of the matrix remained constant across all species (1283 96). Due to

differences in brain shape, the number of slices varied between 46 and 68.

Likewise, the number of scan repetitions and the acquisition time were different

for each species, depending on brain size and desired signal-to-noise ratio

(SNR) levels. To keep SNR levels above 20, an acquisition time of 48 h was used

for small brains (�0.15 mL) and 25 min for large brains (> 1; 000 mL). SNR was

defined as the ratio of mean signal strength to the standard deviation of the noise

(an area in the non-brain part of the image). Full details are provided in the original

publication.28

Connectome reconstruction. The ExploreDTI software was used for diffusion anal-

ysis and tractography.55 The following steps were used to reconstruct fiber tracts. To

reduce noise and smooth the data, anisotropic smoothing with a 3-pixel Gaussian

kernel was applied. Motion, susceptibility, and eddy current distortions were cor-

rected in the native space of the HARDI acquisition. A spherical harmonic deconvo-

lution approach was used to generate fiber-orientation density functions per pixel,

yielding multiple (nR 1) fiber orientations per voxel. Spherical harmonics of up to

fourth order were used.56 Whole-brain tractography was performed using a con-

strained spherical deconvolution (CSD) seed point threshold similar for all samples

(0.2) and a step length half the pixel size. The end result of the tractography analysis

was a list of streamlines starting and ending between pairs of voxels. Recent studies

have shown that fiber tracking tends to present a bias where the vast majority of end-

points reside in the white matter.56 To avoid this, the CSD tracking implemented

here ensures that approximately 90% of the endpoints reside in the cortical and

subcortical gray matter.

Network reconstruction. Before the reconstruction of the structural networks,

certain fiber tracts were removed from the final list of tracts. These include external

projection fibers that pass through the cerebral peduncle, as well as cerebellar con-

nections. Inner-hemispheric projections, such as the thalamic radiation, were
22 Cell Reports Physical Science 5, 101892, April 17, 2024
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included in the analysis. Brains were parcellated into 200 nodes using a k-means

clustering algorithm. All the fiber endpoint positions were used as input, and cluster

assignment was done based on the similarity in connectivity profile between pairs

of endpoints. Therefore, vertices with similar connectivity profiles have a higher

chance of grouping together. The clustering was performed twice, once for each

hemisphere. Nodes were defined as the center of mass of the resulting 200 clusters.

Connectivity matrices were generated by counting the number of streamlines be-

tween any two nodes.28 The resulting connectivity matrices were hence sparse

and weighted adjacency matrices. Matrices were binarized by setting connectivity

values to 1 if the connection existed and 0 otherwise.

Even though the sizes of the regions differ across species, we opted for a uniform par-

cellation scheme (i.e., 200 nodes) for several reasons, in keeping with previous work.4

First, to our knowledge, there is noMRI parcellation for the brains of themajority of the

species studied here. Second, how brain regions correspond to one another across

species (i.e., homologs) is still not completely understood for many regions and for

many species. Third, comparing networks of different sizes introduces numerous

analytical biases because most network measures trivially depend on size, making

the comparison challenging. We therefore opted to implement a uniform parcellation

scheme across species, allowing us to translate connectomes into a common reference

feature space in which they can be compared. Note that this approach does not take

into account species-specific regional delineations, nor does it capture homologies be-

tween nodes across species, which are still not completely understood.

Identification of long- and short-range connections

For both human structural and functional networks, as well as mammalian structural

networks, connection length was defined in terms of Euclidean distance between the

centroids of the regions of interest constituting the endpoints of each edge.

A short-range (or respectively long-range) connectivity network was obtained as the

shortest (longest) 50% of edges. Thus, for each starting network, we obtained a

network of its 50% shortest edges and a network of its 50% longest edges. This

approach ensures that both networks have equal density and are therefore on equal

terms in terms of their expected contribution to the composite network.
Network models

Binary, undirected Erd}os-Rényi networks of different densities were created by

randomly selecting a fraction f of all possible bidirectional edges in the

network and setting them to unity, with f ranging between 0.01 and 1.0 in increments

of 0.01.

For the rewiring experiment, we initially generated a binary, undirected network of

200 nodes with lattice topology and 5% density. A copy of this network was then

generated, and its edges were progressively randomized in 1% increments, using

a standard rewiring procedure to preserve the degree of each node.

Small-world character was measured via the small-world propensity (SWP) index,24

which quantifies the deviation of the network’s empirically observed clustering coef-

ficient, Cobs, and characteristic path length, Lobs, from equivalent lattice (Clatt , Llatt )

and random (Crand , Lrand ) networks of equal numbers of nodes and edges:

SWP = 1 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
D2

C+D
2
L

��
2

q
(Equation 11)
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with

DC = ðClatt � CobsÞ = ðClatt � CrandÞ (Equation 12)

and

DL = ðLobs � LrandÞ = ðLlatt � LrandÞ; (Equation 13)

such that SWP is bound between 0 and 1.

To disambiguate the role of connectome topology in shaping the contribution to

shortest paths, we relied on network null models.57 Specifically, we adopted two

types of null models: the well-known Maslov-Sneppen degree-preserving rewired

network, whereby edges are swapped so as to randomize the topology while preser-

ving the exact binary degree of each node (degree sequence), which therefore also

implies preserving the network’s density,58 and a more stringent geometry-preser-

ving null model that, in addition to the degree sequence, also approximately pre-

serves the edge-length distribution of the original network (based on Euclidean dis-

tance between regions).27
Statistical analysis

For the London transport networks, statistical significance of the empirical results

was assessed against a population of 1,000 network null models, constructed

as described above. For both human and animal brain networks, the null

distribution was obtained by rewiring each individual network, and the empirical

and null distributions were compared using permutation-based paired t tests

(with 10,000 permutations). Non-parametric tests were chosen to ensure robust-

ness to outliers. Effect size was computed as Hedge’s g. Tables with full descrip-

tive statistics for the results reported in the main text are provided as supplemental

tables.
SUPPLEMENTAL INFORMATION
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