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S1 Network Communicability G;;(/)

S1.1 Network communicability across the disciplines

The communicability function emerges in a variety of physical scenarios: it was shown in
[1]] that G;; () corresponds to the thermal Green’s function of a network of coupled quantum
harmonic oscillators where 3 represents the inverse temperature of the thermal bath in which
the network is submerged. The self-communicability G;; (f) also appears in the definition of
the probability of finding a network, represented by a tight-binding Hamiltonian, in a state with
energy IJ; = —\; when the system has inverse temperature equal to 3 [2]. More recently, Lee
et al. [3] found that the communicability function appears in the solution of a linearised upper
bound to the susceptible-infected (SI) model when certain initial conditions are impossed to the
epidemic dynamics. Similar results were extended by Bartesaghi and Estrada [4] for the SIS
model. Finally, the communicability emerges as the solution of a linear autonomous system,
which is a modification of the Kuramoto model, when the internal frequency of the oscillators is
zero [Sl]. Nowadays communicability is used for the analysis of the structure and dynamics on

brain networks, granular material, infrastructural systems, social networks, biological patterns,
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genomic and proteomic systems, among others (see references in the main article).

S1.2 Derivation of the communicability function in a concrete setting

For illustration, here we present the derivation of the communicability function and subsequent
operators in case for the dynamics of a particle hopping on a network following the tight-binding

Hamiltonian:

Hi=S"eolo) (0] + 3 Avutyun |w) (0], STy
v=1 vEW

where A = {Ayw}7 - is the network’s adjacency matrix. In the initial value representation,
the probability amplitude for a transition from state (node) v at time zero to state (node) w at
time ¢ is given by Gy, (t) = (1| e /"|¢),). Applying a Wick rotation t — i/3h, the real-

—i#H/h is mapped into the thermal propagator e~?*, where f3 is the inverse

time propagator e
temperature of a thermal bath in which the network is submerged into. Setting ¢, = 0 for every
node and ¢,,, = —1 for every pair of nodes, we identify H = — A and the propagator reduces

to the communicability function G(3) = e#A.

Then, for a particle located at the node v at time zero, the difference:

Ryw (B) = (0 A |0) = (Yl A ) (S2)

accounts for the resistance offered by the network to the displacement of the particle to the node
w at inverse temperature /3. The smallest the values of R, () the highest the probability that
the particle does not get trapped at the origin and can propagate to node w. One can symmetrize

this quantity to define the following operator:

fgw (B) = Ruyw (B) + Ruw (B) = (Yo — Y] A Vo — V) - (S3)

Mathematically, one can prove that &,,, is an Euclidean distance between the corresponding

nodes (see SI section S1.4). Conceptually, &, is indeed a measure of the network opposition
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to the flow between v and w. As a matter of fact, and as we will show below (SI section S1.3),
&ww 18 Indeed formally equivalent to the so-called effective resistance found between a pair of
nodes v and w in an electric circuit, which is expressed as (1, — ¥, |L*|¢, — 1,,), Where L* is
the Moore-Penrose pseudoinverse of the circuit’s Laplacian matrix. By analogy, we call &,,, the

(thermal) resistance between nodes v and w in the network.

S1.3 Why we call ¢, a resistance

We start by considering a simple, undirected and connected network G = (V, E) as an electric
circuit [8] in which every edge (v, w) € FE is a resistor of r,,, = 1 Ohm. The resistance of
the whole network when a voltage is connected across a pair of nodes is known as the effective
resistance between these two nodes. If a voltage is connected between the nodes v and w and
the net current out of source v and into the sink w is designated by I, tthe effective resistance

between these nodes is given by

va e (54)
where V; is the potential associated with node i. The following result is proved in the literature
(9} 10].

Theorem 1. The effective resistance (2, between nodes v and w satisfies

va = (ev - ew)T L+ (ev - ew) 5 (SS)

where e; is a standard orthonormal basis, where

e (v) = {1 yi=v.

0 otherwise,

and L is the Moore-Penrose pseudoinverse of the graph Laplacian L = K — A, with K being

a diagonal matrix of node degrees and A the adjacency matrix of G.



Therefore, the effective resistance between a pair of nodes can be written as:

Quw = LI, + L}, — 2L, . (S6)

Notice at this point the formal analogy between v/, and &,.,, = VGop + Guw — 2G4, (see
the main article).

Furthermore, the matrix of effective resistances of a graph G can be obtained as:
O = diag (L") 17 + 1 (diag (L))" - 2L*. (S7)
Now we use the following result from [11]:

Theorem 2. Let D be a spherical Euclidean distance matrix (EDM). Then, there is a unique

Laplacian matrix Lp such that

1 1
Dt=—CLp+—ff", (S8)
2 X
where f = D™'1 and x = 17 D7'1.
Let = = [{yu),y, be the communicability distance matrix. This is indeed is a nonsingular

spherical EDM [12]. Then, we can define the following unique Laplacian:

L£L=2 (1ffT — 51) : (S9)
X

such that

= = diag (L) 17 + 1 (diag (£7))" — 2L, (S10)

which clearly indicates that &, identifies with an effective resistance for a weighted graph

whose Laplacian matrix is L.



S2 &, is an Euclidean distance

Theorem 3. Ler &2, = (e?) + (e?)

graph. Then, &, is an Euclidean distance between the nodes v and w.

-2 (eA)mu, where A is the adjacency matrix of a

(%) ww

Proof. Let A = UAUT where the jth column of U is ¢; and A = diag ()\;). Then,

n n n
2 Ajo2 Ajo2 Aj
ng:Zeﬂ jv+ze]ij_2zejwjv¢jw
j=1 j=1 j=1

" (S11)

- Z eAj (¢jv - 77Z)jw)2

j=1
Let us define ¢, to be the vth column of U?, such that we can write

& = (pu = 0u)" " (00 = @u), (S12)

then, because e/ is positive definite we can write
ggw = (6/1/2901} _ eA/QSOM)T (6/1/2901) _ 6/1/2(’010> ) (813)

Let us designate x, := e’/%¢,, such that we have

512111) = (@ — xw)T (To — Tw)

(S14)

= ||z, — waZ )

which means that &, = 1/ ||z, — T4 ||2 is a Euclidean distance between v and w. Therefore, z,

and z,, are the coordinates of the nodes v and w in such Euclidean space. ]

S3 How communicability and effective distance change with
network rewiring: a microscopic analysis

Let us consider the effective length of a path P between the nodes 7 and j as

1/2
Lpgj = Y & = (Z e +2> gekgel> , (S15)

ep,€P er€EP ep7e;
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where ey, is an edge in the path P, where the second equality is used for convenience and simply
uses the fact that a + b = v/a? + b? + 2ab (which can always be made since ¢ is a distance and
thus non-negative).

The first term inside the square root is given by

Z fer =Gy + QZGSS +Gj —2 Z Gt (S16)

e, €P seP (rit)€epeP

where i and j are the endpoints of the path P, s are intermediate nodes in the path and (r, ¢) are
every adjacent pairs of nodes belonging to the corresponding path.

Then, in order to drop the effective length of the path P relative to another path connecting the
same pair of nodes ¢ and j —for instance, relative to the SP— we can act in any of the following

two cases:

1. Dropping ) _, G, to any node in P relative to the similar sum in the reference path.
This can be done by dropping the number of small subgraphs in which nodes in the path
P participates. For instance, we can delete edges or triangles attached to any node in the

path P.

2. Increasing Z( G(1) to any pair of nodes forming an edge in P relative to the

rit)EexEP
similar sum in the reference path. This can be done by increasing the communication
capacity of pairs of nodes in the path P. For instance, by dropping the length of the

cycles in which the two nodes are involved or by increasing the number of paths between

pairs of nodes in the path P.

Using only this contribution we can see how the two growing mechanisms studied in this paper
may affect these two cases. The rewiring process of the WS mechanism can influence the
two cases analyzed in the following way. The rewiring may remove edges attached to nodes

which are in the path under consideration (Case 1), at the same time such rewires can create
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shortcuts that increases the communicability between alternative paths (Case 2). Additionally,
the rewiring may attach edges to pairs of nodes in the SP and also can drop the communicability
between others which are in the SP. In the case of the BA model, in must be remarked that the
addition of a node connected to the nodes of the network will not drop the self-communicaility
of any node (Case 1 is not possible). Therefore, such mechanism can drop the effective length
of a path by increasing the communicability between pairs of nodes in the path or by increasing
the self-communicability of nodes in the SP.

The second term in Eq[ST5|represents the interaction between pair of edges in the graph, where

each individual term can be written as:

1/2

gekfel = Z GSSGTT -2 Z GSSGT’t +2 Z quGrt ) (817)

s€ey,rCey s€ep,(r,t)Eey (p,q)€ex,(rt)€e
where the first term is the sum of the product of self-communicabilities of nodes s and r,
where the two nodes are always in different edges, the second term is the product of the self-
communicability of a node in one edge with the communicability between a pair of nodes in
another edge, and the last term is the product of the communicability between two nodes in
one edge and the one between the two nodes in another. This second term in the expression of
Lp( ;) indeed introduces nonlinearities in the influence of the self-communicability and intern-
ode communicability on the change of the length of a path after a given transformation. For,
instance, we have seen that dropping ) _, G5 will make the path less resistant, according to

the first term of the expression. This dropping also contributes to drop » | GsGr, which

s€eg,rce;

makes the path less resistant, but it contributes to increase the effective length of the path P via

the term 2 GsGre. A similar analysis is possible with the communicability G,

s€eyg,(r,t)Eey

whose increment drops the term 2 ) | GG, but increases 2 Z GGt

s€eg,(r,t)Ee; (p,g)€er,(r,t)Ee;

As a consequence of the different types of contributions emerging in both terms, there will be a

trade off between the self-communibility and the internode communicability, such that chang-



ing them in the appropriate direction will drop the effective length of the path P relative to the

SP only up to certain point after which the effective length will increase.

S4 Derivation of the bypass consolidation criterion and mea-
sures of impact of bypass consolidation in network navi-
gability

S4.1 Bypass consolidation criterion

Take two arbitrary nodes s and ¢, and denote S, ;) the set of all shortest paths connecting s and
t (this set has at least one element, but it might have many more, and that is typically the case
when the network is large and the nodes s,t are distant, topologically speaking). Let us denote
P(s,1) the set of potential bypasses. This consists of all paths connecting s and ¢ except the set

of shortest paths
Py = {p(s = )} \ Sie-

We say that any given path p(s — t) is a consolidated bypass if

Ly < i Lspis ol S18
p(s—t) SP(;tr)lg‘lsw[ SP(s,t)] (S18)

It is clear that, for a given pair of nodes (s, t), applying Eq for all elements in P, ;) can yield
no solutions, one solution, or multiple solutions. To make the quantification simpler, instead of
looking for the total number of consolidated bypasses of (s, t), we only consider a specific path,
1.e. the one which has the smallest effective length, i.e. the SRP. In this way, we say that the

shortest path(s) are bypassed if

L sty < min  |Lgpes.s)]- S19
SRP(s,1) SP(SJ)IE‘%O[ SP(s,t)] (S19)

Observe that, by definition of the Shortest Resistive Path, for any shortest path we always have

Lsrp(s,) < Lsp(s,),
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and at the same time, by definition of the Shortest Path(s), we always have

Lspsp) < UsRrP(st)- (S520)

These two properties imply that if Eq[ST9)is satisfied, then necessarily we have as a consequence

that

CsrT(st) > Lsp(s,t)- (S21)

In fact, if Csrr(s) > Csp(s,s) then it follows that Lisrp(s ) < minse(snes, [Lsp(s,y)] (the other
alternative would imply that the SRT is indeed a shortest path and thus not a bypass, resulting in
a contradiction). Accordingly, SRT(s, t) is a consolidated bypass if and only if Eq[S21]holds. In
fact the same criterion holds to assess if any p(s — t) is a consolidated bypass, but as previously
mentioned we won’t be analysing the abundance of bypasses, only whether for a given s, ¢, one
consolidated bypass exists. It is trivial to see that checking the SRT is a sufficient condition, so

we focus on the SRT.

S4.2 Quantification of bypass effect

Once we have a principled way of assessing if the SRT is a consolidated bypass, we wish to
characterize its effect on the navigability of the network. There are two independent aspects
one can look at.

First, one can assess how larger is the topological distance of the SRT with respect to the SP,

i.e. how small the ratio ;;;_ﬁ < 1is. From this we can define the topological length excess
€(s,t)
Usp(s
€ot) = <1 - M) 100, (S22)
SRP(tt)

which indicates that, for a particle traveling between two arbitrary nodes ¢ and j, the choice of
consolidated bypass SRP over the SP, while beneficial, leads to an apparent excess of e(s,t)%

from the topological distance travelled via the shortest path. Since Eq[S22)is a ratio, then it can
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be properly averaged across all pairs to construct an average topological length excess

2
€= N(N——l) Z €(s,t)s (523)

that quantifies the average effect of bypasses across all pairs of nodes in terms of the resulting
increase in topological length.

Second, we can ask ourselves why would a walker prefer to take a path of, say, topological
length ¢ = 9, than another of, say, topological length ¢/ = 3? Of course this is the case if the first
path has smaller effective distance (the walker will much more likely be jammed in the second
route, or can easily get lost using that other route, etc), but this information does not seem to be
easily interpreted from Eqs[S22]and [S23] So to some extent knowing that a walker still prefers
a path of topological length three times larger gives also rough idea of the underlying (hidden)
resistive geometry. Let us explain this: For the sake or argument, let us suppose that we have
detected a consolidated bypass SRP with a certain effective length Lsgzp < Lgp, and consider
two hypothetical situations: (1) in the first one we would have {srp(s) > Lsp(ss), and (2)
in the second, {srp(s) is only marginally larger than {5p(s ). Clearly, in the first situation the
walker navigating from s to ¢ choosing SRP would need to traverse a proportionally much larger
amount of edges than by choosing the SP than in the second situation. Since, we need to recall,
this is utterly beneficial (because SRP is at the end of the day a consolidated bypass of the SP),
this necessarily means that not only the effective length of the SRP is smaller than the effective
length of the SP (true by definition of the consolidated bypass), but furthermore, it means that
the ratio between the effective length per edge in the SRP and in the SP is notably smaller in
the first situation than in the second. In formulas, the average effective length per edge in the

SRP and SP are
]L’SRP s, IL’SP s,
(Lsrp(sp)) = SRR (Lsp(sg)) = el GO}

CSRP(s,t) Lsp(s,)
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and then the ratio

Lsrps
p= (Lsrren) (S24)

(Lsp(s))

quantifies the net benefit (reduction) in effective distance per edge in choosing SRP over SP. p
is thus the correct measure to compare (and also to average) such benefit for different bypasses.
Unfortunately, evaluating Eq[S24]is only computationally efficient for small networks, and in
general is not scalable (see however next section for a concrete illustration). Interestingly, by

using the properties of SRP and SP we can show that

_ Lsrpesn Lspest < Csp(s,)

< <1 (S25)
Lsp(st) Lrspest) — Crsp(s)

In words, p that quantifies how much more beneficial it is —in terms of effective distance trav-
elled per edge— to travels through the SRP than through the SP, and this gain is bounded by
lsp(s.t) / l1rsp(s,)- This upper bound is computationally efficient to work out for large networks
and in fact, we have already computed it in the bypass consolidation criterion and in Eqs[S22]
and [S23]! Using this upper bound as a conservative approximation of p, it turns out that the
topological length excess €, ;) can now be interpreted as a lower bound of the effective distance
gain per edge of using RSP over SP, and likewise € is the network’s average effective distance

saving in the navigability that bypasses have globally provided.

S5 A concrete example

Let us put the formalism in action in a concrete example, a network of n = 9 nodes illustrated
in Fig[S1] In particular, P, is the shortest path connecting the nodes p and ¢ (highlighted in
red), and has topological length {p, = 3. This path however includes two ‘hubs’, proned to be
jammed, and there exists an alternative route (P, highlighted in yellow). P, is a potential bypass
with larger topological distance ¢p, = 4. P, is indeed a consolidated bypass since Lp, ~ 5.09

and Lp, ~ 4.80, so Lp, < Lp,: while P, is topologically shorter, in units of the hidden resistive
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Figure S1: Explicit example Cartoon network where P, (highlighted in yellow) is a consolidated
bypass of the shortest path P; (highlighted in red) since P; has smaller effective length than P,, despite
of having a longer topological length. This happens because the shortest path involves some nodes with
higher degree, which could be proned to jamming and are sources where a walker could diffuse out.

geometry, if is effectively longer! The topological length excess is €(, ) = 100(1—3/4) = 25%,

i.e. the walker will appear to be choosing a path with 25% more links than the shortest path.

Now, the effective distance per edge ratio

Lp, Ik lpy
= - — =~ 0.7073 < 0.75 = —,
lp2 Lp Cp2

p

In words, by actually choosing P, the walker will only travel in each link a distance which is
about 70% of the actual (effective) distance travelled via P;. This is less than 75%, the bound
offered by the topological ratio. So the net saving of taking P, instead of the shortest path P; is
indeed 100(1 — 0.7073) =~ 30%, but our lower bound offers a conservative ¢ = 25%.

Putting this example in a general context, this helps to illustrate the fact that by choosing the
SRP over the SP, the walkers are reducing the effective length of their walk, therefore enhancing
navigability. Our estimation of much this is enhanced (¢) is only a conservative lower bound of

the actual number.
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S6 Super-hubs and the Umbrella effect

As we have seen the preferential attachment method produces significantly more bypasses than
arandom interconnection of nodes. The question that emerges is if there is a simple mechanism
which produces even more bypasses than those introduced by the skew degree distribution of
the BA method. Let us consider a sparse connected random graph G (see Fig. [S2)). The chances
that there are some bypasses in GG are scarce, so we can consider that such number is nill. As the
graph G is connected there is a SP between every pair of nodes. Now, let us create G’ by adding
a new node connected to every node of GG. This new node v is a super-hub, which is connected
to n’ — 1 nodes, where n' is the number of nodes in GG'. Therefore, a particle trying to go from
one node 7 # v to another j # v will avoid going through the super-hub as this will be a very
resistive trajectory. However, the particle can travel by using the SP connecting them in G. For
instance, it can go through the path: 1 -2 —-5,1-2-5-6,1-2-5-4,1-2-5-4-3
instead of through the paths 1 — 2 — j. Consequently, all those paths which are of length larger
than 2 become potential bypasses by the effect of the newly added super-hub. Due to the shape
of the graph illustrated in Fig. |[S2| we call this the “umbrella effect”. In closing, this mechanism
potentially transforms all SP of length larger than 2 in a sparse graph into bypasses.

The umbrella effect is expected to occurs in the BA mechanism when the mean degree k., of
the network is large. That is, suppose that at certain “time” ¢ of the BA evolutionary mechanism,
the number of existing nodes n, is smaller than (k). This frequently happens at the initial stages
of the evolution of BA networks when (k) is relatively large. In these cases, the new nodes
attached to the network need to be connected to every existing node in the graph, producing an
umbrella effect during these periods of the process. The resulting effect could be an explosion

of bypasses in the final BA network when (k) is relatively large [[7].
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Figure S2: Tllustration of the umbrella effect. Initially we have a simple sparse connected network G
with 6 nodes and 6 edges. A new graph G’ is created by adding a node connected to every existing node
of G. This new super-hub makes all previous paths in the original network to be bypasses of the shortest
paths, that now involve the super-hub. Adding this super-hub makes € to experience a sudden increase,
what we call the umbrella effect.

S7 Effect on Dynamics

S7.1 Synchronization

The synchronizability of a network of coupled oscillators is governed by the Laplacian eigen-
ratio fimax /o, Where fim. and po are the largest and smallest (non-null) eigenvalues of the
network’s Laplacian matrix, such that the smaller such eigenratio, the more synchronizable the
network is. In panel (a) of Fig. [S3| we illustrate the change of such eigenratio with the rewiring
probability p in the Watts-Strogatz model. Interestingly, we find a qualitative change of behav-
ior at p* ~ pgnp, Where for p < p* the eigenratio scales as fima /2 ~ p~7, with v ~ 1.153,
whereas for p > p* the eigenratio’s behavior smoothly crossovers to a flat dependence. To

derive the crossover value, we compute the sample standard deviation

n(p*)
s = Z (yi — f(@:))?/(n(p*) — 1) (S26)

between the actual eigenratio and the scaling function above in the range p < p* and find the

value p* which minimises such error (see inset of panel (a) in Fig. [S3]). We find that the error in
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Figure S3: Dynamics. (a) Plot of the eigenratio jimax /g2 of the Laplacian matrix versus the rewiring
probability p in a WS model with N = 500 nodes and average degree £ = 6. The straight line cor-
responds to the power law decay of the eigenratio ~ p~ 115, Note that the power law decay is a very
good fit only in the range 0 < p < p*, thereafter smoothly crossovering to a flat dependence. (Inset)
Sample standard deviation of the power law fit as a function of the upper bound p*. This fitting error is
minimized close to p* = pgnp, i.e. the crossover between a power law decay of the eigenratio and a flat
dependence on p takes place at the network’s Good Navigational Point, where bypasses have a maximal
effect. (b) Plot of the epidemic threshold 7 = 1/A; as a function of the rewiring probability p in the WS
model with N = 500 nodes and average degree k = 6 (dots and error bars denote average and standard
deviation over 100 realizations). The blue and red lines correspond to two qualitatively different fits, for
p < p* (blue) and p > p* (red). (Inset) To find the value of p* that marks the crossover between scaling
behaviors, we compute the aggregate fit deviation of the two-function model, finding that such deviation
reaches a minimum for p* & pgnp, i.e. the change of behavior onsets at the regime where bypasses take
a predominant role.

the fit is minimised for p* ~ 0.2, indeed close to pgnp.

S7.2 Epidemic spreading

The second process is a SIR-type epidemic spreading over the network, where « is the birth
rate of the epidemic and 0 is its death rate. It is well known that when «//§ < 7 infection dies
out and when «/0 > 7 infection survives and becomes an epidemic, where 7 is the epidemic
threshold (the smallest 7, the easiest that an infection outbreak becomes epidemic). For undi-
rected networks 7 = 1/A;, where )\; is the spectral radius of the adjacency matrix. As can be

seen in panel (b) of Fig. [S3| the epidemic threshold of a Watts-Strogatz network also shows a
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qualitative change: there is a crossover from a slow decrease for p < p* to a faster, power-law
decrease for p > p*. To find p*, we compute the sample standard deviation of each branch
(eq[S26). The inset of panel (b) shows the combined sample standard deviations, that find a
minimum for p* =~ pgnp. That is, up to the point in which bypasses become predominant, an
infection is relatively easier to control than after that point.

Altogether, these results suggest that dynamical processes running on the network perceive such

bypasses in a nontrivial way, and these therefore play a role in the network’s function.
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Figure S4: Typical dissimilarity plots obtained in the analysis of empirical networks: we either
we find a non-monotonic behavior that highlights an optimal value at intermediate values of p
(left panel) or a monotonically decreasing function, for which p* = 1 (right panel). The former
suggests a clear SW structure while the latter suggests that the network is closer to a random
graph.

S8 Empirical networks
S8.1 Additional details on empirical networks

Below we provide details on all 37 empirical networks, grouped by topic (see also table |S1|for

a summary of characteristics).

Brain networks
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Figure S5: Dissimilarity curves D(p) as a function of the rewiring probability p, for different

empirical networks. The minimum of these curves characterizes the type of SW network which
is more similar to the empirical network.

e Neurons: Neuronal synaptic network of the nematode C. elegans. Included all data

except muscle cells and using all synaptic connections [13]

e Human brain: task-related activation of human brain regions obtained through a meta-
analysis of over 1, 600 studies published between 1985-2010 [[14].

Ecological networks

e Benguela: Marine ecosystem of Benguela off the southwest coast of South Africa [15]

¢ Bridge Brook: Pelagic species from the largest of a set of 50 New York Adirondack lake
food webs [16]];

e Canton Creek: Primarily invertebrates and algae in a tributary, surrounded by pasture,

of the Taieri River in the South Island of New Zealand [17]];

e Chesapeake Bay: The pelagic portion of an eastern U.S. estuary, with an emphasis on
larger fishes [[18]];
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Coachella: Wide range of highly aggregated taxa from the Coachella Valley desert in

southern California [[19]];

El Verde: Insects, spiders, birds, reptiles and amphibians in a rainforest in Puerto Rico

[201;

Grassland: all vascular plants and all insects and trophic interactions found inside stems

of plants collected from 24 sites distributed within England and Wales [21];

Little Rock: Pelagic and benthic species, particularly fishes, zooplankton, macroinverte-

brates, and algae of the Little Rock Lake, Wisconsin, U.S. [22];

Reef Small: Caribbean coral reef ecosystem from the Puerto Rico-Virgin Island shelf

complex [23];

Scotch Broom: Trophic interactions between the herbivores, parasitoids, predators and
pathogens associated with broom, Cytisus scoparius, collected in Silwood Park, Berk-

shire, England, UK [24];

Shelf: Marine ecosystem on the northeast US shelf [23];

Skipwith: Invertebrates in an English pond [26];

St. Marks: Mostly macroinvertebrates, fishes, and birds associated with an estuarine

seagrass community, Halodule wrightii, at St. Marks Refuge in Florida [27];

St. Martin: Birds and predators and arthropod prey of Anolis lizards on the island of St.

Martin, which is located in the northern Lesser Antilles [28]];

Stony Stream: Primarily invertebrates and algae in a tributary, surrounded by pasture, of

the Taieri River in the South Island of New Zealand in native tussock habitat [29]];
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e Ythanl: Mostly birds, fishes, invertebrates, and metazoan parasites in a Scottish Estuary

(307 5
e Ythan2: Reduced version of Ythanl with no parasites [31].
e Termite: The networks of three-dimensional galleries in termite nests [32];
Informational networks

e Roget: Vocabulary network of words related by their definitions in Roget’s Thesaurus of

English. Two words are connected if one is used in the definition of the other [33];
Biological networks
e Protein-protein interaction networks in: S. cerevisiae (yeast) [34,35];

e TransE.coli, Transyeast: Direct transcriptional regulation between genes in Saccar-

omyces cerevisae. [13,136]].
Social networks
e Geom: Collaboration network of scientists in the field of Computational Geometry [38]];
e QcGr Collaboration network of scientists in the field of Quantum Gravity [39]];

e Drugs: Social network of injecting drug users (IDUs) that have shared a needle in the last

six months [40];
Technological and infrastructural networks

e Electronic: Three electronic sequential logic circuits parsed from the ISCAS89 bench-

mark set, where nodes represent logic gates and flip-flop [[13]];

e USAIir97: Airport transportation network between airports in US in 1997 [38];
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e Internet: The internet at the Autonomous System (AS) level as of September 1997 [41];
e Power Grid: The power grid network of the Western USA [42].
Software networks

e Collaboration networks associated with six different open-source software systems, which
include collaboration graphs for three Object Oriented systems written in C++, and call
graphs for three procedural systems written in C. The class collaboration graphs are from
version 4.0 of the VTK visualization library; the CVS snapshot dated 4/3/2002 of Dig-
ital Material (DM), a library for atomistic simulation of materials; and version 1.0.2 of
the AbiWord word processing program. The call graphs are from version 3.23.32 of the
MySQL relational database system, and version 1.2.7 of the XMMS multimedia system.

Details of the construction and/or origin of these networks are provided in Myers [43]].

S8.2 Additional details on calculation of p*

As can be seen in table 1 of the main article, we find two classes of networks, one class is
formed by networks for which a minimum dissimilarity exists between the real-world network
and a WS model operating close to pgn p (see Fig. left panel). The other class is formed by
networks which are more similar to the random graph, i.e., WS with p = 1 (see Fig. [S4|right

panel). The dissimilarity curve is plotted for some empirical networks in Fig.

S8.3 cand ¢/ep4: further analysis

Here we give a closer inspection into the values of table 1 of the main article. Overall, we
can see that for a groups of networks (not necessarily domain specific), the bypass navigability
gain € is similar to the one expected for a BA model with the same number of nodes N and

mean degree (k), suggesting that the type of heterogeneity is similar and that the contribution
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super-hubs (umbrella effect)

Figure S6: €/ep 4 for all 15 food webs. We have highlighted three regimes: €/ep4 < 0.5, where
the network is essentially not bypassing hubs, 0.5 < ¢/eg4 < 1, where the real network and its
analogous BA network have fairly similar associated navigability gain and thus the real network
is bypassing hubs, and €/ep4 > 1 where the real network is bypassing hubs stronger than in the
BA model. This last situation takes place when super-hubs emerge, i.e. nodes that connect to a
large portion of the rest of nodes in the network.

of bypasses is substantial due to the presence of hubs. This is the case, for instance, in the
Human brain, collaboration networks, C. Elegans neurons, or USA airports: for all these cases
€/epa > 0.75.

There is a second group of networks where such ratio is lower, suggesting that either the role
of hubs is, at least, less prominent than what we would expect in a BA model with the same
characteristics, or that even if hubs. exist, the network is designed to not bypasses. In this group
we find a whole spectrum of values €: networks where the role of bypasses is still substantial
but considerably less than in a comparable BA model (e.g. protein-protein interaction, with

e ~ 25, with €/eg4 = 0.55), and networks where the bypasses have only a marginal effect in

the network’s navigability (e.g. termite mounds, with € ~ 3, with €¢/ep4 =~ 0.12, or the power
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Figure S7: Degree frequency histogram of the Shelf food web (the one with €/ep4 > 2). This
network has N = 81 nodes and a large number of them have very high degree. Some of these
nodes will convert into super-hubs and then be likely to evidence the umbrella effect (see SI
section S6) which make the navigability gain e larger than the expected for a BA network.

grid, with € ~ 2.6, with ¢/eg4 ~ 0.05). The result on the power grid is interesting: originally
seen as an example of a scale-free network [44] (albeit with an exponent 4, i.e. much more
homogeneous than a BA network), its scale-freeness has been a matter of debate [45]. Never-
theless, it is clear that this network do have hubs. So our measures —that highlights that this
network has bypasses have only about 5% of the impact than a respective BA network would
have— determine that this network is not engineered to have routes bypassing hubs. This is in
agreement to previous evidence on blackouts and cascading failures in such type of networks:

these are examples of networks with fat-tailed degree distributions that do not follow an evolu-

tionary process, which would certify the presence of bypasses.

Next, we disaggregate the calculation of €/ep4 performed on the 15 food webs. In Fig. |[S6| we
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plot the estimate of €/ep4 in each of them, where €54 is computed by generating BA models
with the same number of nodes and mean degree that the empirical network, and averaging the
resulting value of the navigability gain over 100 realizations of the BA model. We find food-
webs across three regimes: the regime of low €/¢p 4, which indicates that the network does not
have hubs or that the network has not been designed to bypass these, the regime where € ~ €p 4,
which indicates that the network is compatible with a BA model and the navigability gain is
therefore associated to hubs being bypassed, and a (new) third regime ¢/ep4, found for very
dense networks, where there are some nodes in the empirical network that likely evidence the
umbrella effect. Figure [S7|illustrates this fact for the case of the Shelf food web (¢/epa > 2).
In this figure we plot the degree frequency of this food web, showing that this is a notably dense
network where we find some nodes with extreme degree (note that this network has N = 81

nodes) which are candidates for the umbrella effect.
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Name N m

Benguela 29 191
BridgeBrook 75 542
Canton 108 707

Chesapeake 33 71
Coachella 30 241
Drugs 616 | 2012
Electronicl 122 189
Electronic2 252 399
Electronic3 512 819
ElVerde 156 | 1439

Collaboration CoGe | 3621 | 9461
Collaboration QcGr | 4158 | 13428
Internet1997 3015 | 5156

LittleRockA 181 | 2318
Neurons 280 | 1973
PIN_Yeast 2224 | 6608
Power_grid 4941 | 6594
ReefSmall 50 503
Roget 994 | 3640
ScotchBroom 154 366
Shelf 81 1451
Skipwith 35 353

Software_Abi 1035 | 1719
Software_Digital 150 198
Software_Mysql 1480 | 4140

Software_VTK 771 1357
Software_XMMS 971 1802

StMarks 48 218
StMartin 44 218
Stony 112 830
Termite_1 507 676
Termite_2 260 280
Termite_3 268 437
Transc_yeast 662 | 1062
USAir97 332 | 2126
Ythanl 134 593
Ythan2 92 416

Table S1: Dataset of real-world networks studied in this paper, their size /N (number of nodes),
and number of edges m.
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