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Abstract

Inferring functional properties of a node from its topological role in the network is of utmost
importance in many application fields. In this work, we try to give some hints on this issue focusing on
the discovery of empirical topology/function rules located at different degrees of generalization going
from a population of heterogeneous biological networks to a single wiring architecture.

Here we report a simulation approach to this problem based on the analysis of the relationship between
dissipation kinetics across the network of a perturbative stimulus applied on a single node and its
topological properties. The empirical character of the study prompted us to rely on real biological
networks instead of ‘ideal architectures' and to adopt a statistical attitude with a relatively low number
of affected nodes for each network that is much more realistic in real-world biological applications.
The analysis allowed us to recognize some general topology-dynamics correlation rules variously

modulated by global wiring architecture.
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Introduction
As aptly pointed out by Nicosia et al.[1] ‘“Networks are the fabric of complex systems’’. Concepts
including organized complexity[2], the middle way[3], and mesoscopic systems[4] all revolve around

network paradigms.



Apparently disparate investigation fields — from protein science[5] to psychiatry[6]- share the principle
that natural sciences must look for a unification frame not by investigating the deep structure of matter,
but by exploiting the phenomenological consequences of shared organization rules governing the
relations (interactions, correlations, ...) between the constitutive elements of a system[7]. As a matter
of fact, in their seminal work[3], Laughlin and colleagues identify the frontiers of basic science in ‘the
search for the existence and universality of such rules, the proof or disproof of organizing principles

appropriate to the mesoscopic domain’.

This research program is particularly suited for biological sciences where the overwhelming role of
boundary conditions with respect to fundamental laws and the presence of a plethora of equivalent
solutions stemming from the complexity of the systems [8] make the classical ‘differential equations
style’ of hard sciences too demanding.

In 1952, Bernard Tellegen[9] developed a conservation theorem that is valid for all network systems
independently of their nature. This theorem motivates the quest for ‘network laws’ only stemming
from wiring architectures.

The link existing between network topology and dynamics is still loosely understood[10], and inferring
the dynamical behavior of a complex system from its structure still remains a cutting-edge task’[12].
Szalay and Csermely [13], by means of their ‘“Turbine’ software, offered a precious operative tool for
investigating the modulation exerted by network architecture on the consequences of a local (single
node) perturbation. The basic idea behind this model is that intensive physical variables (e.g.
temperature) tend to perform an equalization-like dynamics behaving like communicating vessels.
Turbine allows the perturbation of any node of the network by an instantaneous pulse or by a fill-in
mode. In the first mode (the one we adopted), a single node is displaced from its initial equilibrium
value by an instantaneous perturbation that in turn is dissipated by both a built-in fixed decay rate and
the spread of the perturbation across the network. Under the hypothesis that every affected node
dissipates an equal amount of energy in each simulation step, the equations of the communicating
vessels model suggest that when more nodes are affected by a given perturbation, the faster the
perturbation becomes dissipated [13]. This implies that the time of decay (silencing time) is inversely
proportional to the ‘centrality’ of the perturbed node in the network. Peripheral nodes have a long
silencing time, while central nodes show a very fast decay. This simple paradigm creates an immediate
topology-dynamics link (albeit confined to the special case of local perturbations).

We apply the Turbine paradigm to a collection of biological networks with different functionalities
(metabolic networks, protein contact networks, neural networks; see Methods). We have seen in our
previous work[ 14] that this dataset allows for a highly significant structure-function relationship on a
pure topological (static) basis, justifying the effort to go more in depth into the mechanistic basis of

this relationship.



The application of the Turbine approach to different network architectures allows us to shift from the
‘entire network’ to the ‘single node’ level of analysis and to identify the general principles linking
topology to dynamics.

Turbine characterizes the dissipation of perturbation by two variables: the Extent (the number of nodes
sensing the perturbation), Time (the number of simulation steps after which perturbed nodes come
back to their initial position). Here we add another descriptor named Maxdis, which is the maximal
distance in the number of links traveled by the perturbation. The first two variables were already
analyzed by Szalay and Csermely[13] and account for the ‘perturbation centrality’ paradigm, whereas
Maxdis is related to percolation properties of the system.

These dynamical descriptors were demonstrated to be modulated by the general different properties of
the networks with the most evident modulation being the ‘complexity’ of the network graphs.

Here we are able to highlight the peculiar sub-diffusive[15] properties of amino acid-amino acid
interaction networks (AAI) by means of the Maxdis descriptor. This parameter points to the relative

importance of ‘fast-and-specific communication lanes’ inside networks.

Results and Discussion

General relations among dynamical descriptors

Maxdis describes the length of the path traveled by the perturbation. This descriptor is important in
protein-drug interactions where targets are embedded into protein networks. Another possible
application for this descriptor is the recognition of allosteric hotspots in a protein molecule.

We proved the independence of the Maxdis variable from the perturbation-centrality descriptors Extent
and Time by means of Principal Component Analysis (PCA) on the whole data set, by using statistical
units consisting of 1350 nodes relative to 45 networks and the variables Extent, Time, and Maxdis
descriptors.

The first two components (PC1 and PC2) explained 50% and 34% of total variance, among the 1350
affected nodes of the entire data set. The major component (PC1) corresponded to the perturbation
centrality paradigm set forth by Szalay and Csermely and was strongly correlated to both Extent and
Time (Tablel), while Maxdis generated a component of its own (PC2). Given the fact that principal
components are orthogonal to each other by construction, we can assume that the maximal distance

reached by a perturbation is independent of the general node impairment.



PC1 PC2

Extent -0.857 -0.161
Time 0.842 -0.244
Maxdis 0.069 0.977

Table 1 — Principal Components (PC) loading profile (Pearson correlation coefficients between original
variables and components) of the complete dataset considered as a whole (no distinction among different

network classes).

This implies the existence of privileged paths into the network that are able to transmit signals at
elevated distances with low dissipation. If a node was located along one of these privileged tracks, it
was able to ‘communicate’ with far-away nodes independently from its centrality in the network.
The above result allows us to sketch the first network topology/function empirical rule:

The extent (number of nodes sensing the perturbation) and persistence (silencing time) of a
perturbation is independent of the distance the effect of perturbation is sensed.

This rule is largely independent of the particular wiring architecture.

Network classes differential dynamics

In order to check whether different network classes (see Methods) are significantly different for the
three dynamical descriptors, we applied Analysis of Variance with network class as a source of

variation and the dependent variables of Extent, Time, and Maxdis. The results are reported in Table 2.

Variable| F-value| p-value
Extent 141,99 <0.0001
Time 90,64] <0.0001
Maxdis 139,31| <0.0001

Table 2 — ANOVA results relative to the effect of network class on the three dynamical variables.

The above result showed network functional classes widely differed for both topological (as already
proven in[14]) and dynamical properties (as proved here). The extremely high F values showed that
networks pertaining to the same class were very similar to each other in terms of their dynamical

properties. Thus, different biological functions are closely related to different signal transmission



properties ot the relative networks.

Having demonstrated the large importance of the ‘class’ effect over the ‘within class’ network
variance, we have tackled the issue of node heterogeneity inside each network, (see Fig.1). In fact,
although the three dynamical descriptors are associated with the correspondent network (by means of
the average across the network nodes), they are originally measured in relation to a single affected

node.
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Figure 1 — Profiles of the mean (class average) and standard deviation (across nodes) for dynamical variables

relative to different functional classes. A) Time; B) Extent; C) Maxdis.

In Figure 1, the mean and standard deviation of the dynamical parameters were computed over 150

nodes of the graphs corresponding to 30 affected nodes for 5 networks per class. Graphs suggest that



(with the only exception of two ideal and homogeneous by construction models Tike ERN and RLN)
the existence of a link between the mean and among nodes standard deviation. This implies that an
increase in both perturbation centrality (Extent, Time) and percolation (Maxdis) is related to an
increase in node specialization within the network (within-network nodes heterogeneity).

Protein Contact Networks (AAI) showed an extremely high Maxdis consistent with their unique sub-
diffusive[15] property with the contemporary presence of a ‘slow lane’ and a ‘fast lane’ of signal
propagation[16]. The fast lane is known to be responsible for specific signal propagation in protein
structures and for the allosteric effect'>"”. This property is caught well by both the high Maxdis mean
and standard deviation values. While the mean catches the exceptional signal transmission ability of
protein molecules, the standard deviation highlights the possibility of isolating the single amino-acid
residues responsible. Located on the fast lanes, responsible for the allosteric effect.

The above results are at the basis of the second topology/function rule:

The general function of a network corresponds to characteristic values of both ‘average’ and ‘among-
nodes variance’ dynamical properties.

This rule stems from the existence of among networks architectural differences on both average and

single node levels.

Comparison of the topological and dynamical views: Canonical correlation

Modulation of ‘strength’ of topology/dynamics relations across different architectures was estimated
by means of canonical correlation analysis (CCA) having as X and Y variable sets the topological and
the dynamical descriptors respectively (see Methods).

We performed nine independent CCAs for each network class, so to generate the ‘mostly correlated’
topology/dynamics model relative to each class (First canonical variate pair). The canonical correlation
coefficient is thus an unbiased estimate of the ‘amount of determinism’ of the topology/dynamics
relation for the class.

We adopted two different variables of choice for CCA:

1. X variables: all nine topological descriptors; Y variables: the three dynamical descriptors.

2. X variables: Average Shortest Path Length, Degree, Closeness; Y variables: the three dynamical
descriptors.

The results of CCA according to choice 2 (the reduced set of topological X descriptors) are reported in
Figure 2 in which vector points are the nodes.

The basic invariance between the results of the two CCAs (Figure 3, top panel) is a proof-of-concept of
the robustness of the estimated topology/function correlation strength.

Figure 2 reports the topology/dynamics correlation for the different network classes in terms of U and

V, the canonical variates pair for topological and dynamical spaces. The very strict correlation between



the topological and dynamical spaces is evident. Two (partial) exceptions to this strict link are the
Global set and the AAI networks.

The Global set low topology/dynamics correlation (r=0.70) is a logical consequence of the
heterogeneity of the network classes encompassing different architectures and thus different ‘class
specific’ topology/dynamics relationships.

The low canonical correlation coefficient of the global set is a proof of the existence of ‘class specific’
modulation for the topology/dynamics link (Rule 2), which in turn influences the behavior of single
nodes.

For the AAI network, the low canonical correlation (r=0.73) may be related to their peculiar properties.
In fact, AAI are the only analyzed networks endowed with a ‘physical’ existence based on the
geometry of the three-dimensional protein structure. In addition, the positioning of aminoacid residues
along the sequence exerts an additional constraint on network architecture.

Apparently, AAI topology is influenced not only by the efficiency in signaling but also, by the fact that
proteins need a structure stability in order to function properly, and this is independent to their
communication needs. Thus, AAI complex topology may have evolved in order to accomplish their

multitasking nature.



Figure 2 — Canonical Correlation plots: U and V are the first canonical variable pairs. The figure reports both
the correlation coefficient and the linear plot. A) AAI; B) BAN; C) ERN; D) GPI; E) MET; F) NBN; G) PPI; H)
RLN; I) SON.

CCA highlights the third topology/function rule: The topological description of nodes is isomorphic
with the dynamical consequences of their perturbation and has mainly to do with the relative centrality
of the affected nodes.

This rule (established at the single node level), while holding for all the different architectures, has
different forms for different architectures.

Network complexity influences the strength of topology-dynamics correlation

The scoring of different amount of topology/dynamics correlation across different network
architectures can be rationalized in terms of the amount of complexity of the network wiring with ‘less
complex’ networks having a higher (quasi deterministic) correlation between single nodes ‘static’

topological profile and dynamical behavior.



Fig.3 summarizes the differences in the amount of “determinism’ of topology/dynamical rules across

different network architectures.
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Figure 3 — Complexity of topology/dynamics rules across different network architectures: A) topology

dynamics correlation, all vs reduced; B) PC 80% vs. topology-dynamics correlation (reduced).



The top-panel of Fig.3 has the topology/dynamics correlation value computed with paradigm 1 (nine
topological vs. three dynamical descriptors) in the abscissa and the value corresponding to the reduced
paradigm 2 (three topological vs. three dynamical descriptors) in ordinate. The high correlation
between the two paradigms confirmed that the signal propagation through a network depends upon:
Degree, Average Shortest Path Length, and the Centrality properties of the network.

This, in turn, proves the existence of a top-down modulation of the node topology/dynamics relations
through the whole network wiring pattern.

In the bottom panel, the abscissa reports the amount of determinism of the topology/dynamics relation,
while the ordinate is a network complexity score. This score (PC80%) stems from the eigenvalue
distribution relative to each network class. For each class, a PCA was computed on the data set having
150 (30x5) nodes as statistical units and 12 (9 topological + 3 dynamical) descriptors as variables. In
case of a Global Set, the nodes (i.e. the statistical units) are 1350. For each class specific (and Global)
PCA, the number of components needed to explain 80% of the total variance was estimated by
eigenvalue distribution. This means that the higher PCA80% is, the higher the complexity of the
network class is in terms of among descriptor mutual relations. The strict relation between PCA
solution and amount of complexity is explained in [17-19].

Network wiring complexity is maximal for the Global set and AAI (top left of the graph), while the
most strict and deterministic topology-dynamics correlations are relative to less complex networks.
Again, as for the canonical analysis, AAI demonstrated a higher complexity with respect to other
networks.

On the other hand, the very specialized NBN showed a very low value of PCA80% and very high
correlation coefficients between canonical variables to witness a high degree of specialization for NBN
only purposed towards the signal transmission.

This allows to single out another topology/dynamics empirical rule (Rule 4): The most complex a
wiring architecture is, the less deterministic the relation between the topological characterization of a

node and its dynamical properties.

Conclusions

Topology and the dynamics of Networks are strictly connected. Connections may occur on multiple
levels: general and local. Dynamical properties of node behavior when perturbed are influenced by the
node topological identity and by the architectural properties of the network it is embedded in. We
noted that the network wiring exerts a stronger effect on the node dynamics. Finally, it appears that the
degree of network complexity severely impacts the topology and dynamics correlations (e.g. AAI

networks), and this may be due to the fact that not all of the networks are only committed to signal



transmission tasks. For instance, at odds with signaling vocated networks Tike NBN, physical networks
like AAI are known to be contemporarily constrained by signaling and structural tasks, hence they may
evolve by multiple complex target functions.
Using a different perspective on signal transmission behavior of AAI networks, we were able to
recognize two percolation levels[20] based on signal transmission: the slow lane level that accounts for
local inter-residue communication (stability) and a fast lane level (functionality, allostery).
These two communication routes are based on the modular nature of protein structure, which is
organized in domains (modules) whose mutual interactions are responsible for global dynamics. Once
modules are identified, it is possible to address a topological role to each residue on the basis of
purposed parameters, P (inter-module communication) and z (intra-module communication),
corresponding respectively to the global (fast lane) and local (slow lane) dynamics[21].
We hypothesize, building upon previous literature (among others [22,23]) this bi-partite
classification in terms of ‘long and specific’ and ‘short and aspecific' distance communication
holds true even for different network systems. If confirmed, the discovery of ‘allosteric-like'
behavior in communication networks can have a great impact on both the optimization of
artificial network and the discovery of transition behavior in natural systems. On a more
theoretical ground, it is worth noting the multi-scale character of the empirical rules we define.
Rule 3 has to do directly with the topology/dynamics correlation and individuates in the
concept of the topological centrality of the node at which the perturbation is applied the main
determinant of the subsequent consequences of the perturbation. Rule 4 instead has to do with
the “precision' and ‘strength' of such topology/dynamics relation for different network wiring
architectures. Some network classes have more stringent ‘topology-dynamics' correlations than
others (Fig.2), these differences can be rationalized in terms of network complexity: the more
complex a network is, the weaker its topology-dynamics link (Fig.3). Rule 4 has to do with
‘top-down' causation: the node is influenced by the global structure of the network is embedded
into, Rule 3 is a ‘bottom-up' one: the way a network is affected by a perturbation derives from
the local properties of the node where the perturbation is applied. The presence of both ‘causal
directions' is a hallmark of complex systems in which we have the simultaneous presence of
both strong context dependencies (Rule 4) and singular properties of specific elements (Rule 3),
this is a further proof of the relevance of complex network formalization for the investigation

of organized complexity problems [2].

Methods



Networks description and perturbation

We selected nine classes of networks, which we listed and referenced in Table 3. A thorough

description can be found in the reference[14].

Abbreviation Description Ref.
AA Amino acid-Amino acid Interaction
networks, nodes are single amino acids 13
NBN Neural Brain Networks, nodes are neurons
or brain areas. 16
BAN Barabasi-Albert Networks (models)
17
RLN Regular Lattice Networks (models)
18
SON Social Interaction Networks
19
PPl Protein-Protein Interaction networks
(nodes are single proteins) 20
P Gene-Protein Interaction networks (signal
transduction in cells) 21
MET METabolic networks (nodes are single
metabolites) 22
ERN Erdos-Reny random Networks (models) 17

Table 3. Description of networks.

Network size has been set between 100 and up to 600 nodes across the five model networks within
each class. Each class had the same average number of nodes to exclude relevant effects of size in our
analyses (although it did not exert any recognizable role in our analysis in any case, data not shown).
Primary network descriptors analysis was done by Cytoscape v.3.3.0[24] . We performed perturbation
simulation on samples by Turbine_windows v.1.1[13] software. After normalizing every sample, the
program performed the perturbation analysis by randomly choosing a single start point. The
corresponding energy dissipation vectors, including the number of nodes affected (Extent), the distance
traveled by the stimulus (Maxdis), and the silencing time of perturbation (Time), were collected for
further analysis. For each network, 30 hit nodes were randomly selected: the perturbed node was
excited by a pulse at 10000 units (low intensity, see’) and a Dy = 1 constant dissipation was set.
Silencing time (Time) was set as soon as all of the nodes had an energy value less than a pre-set
threshold, set at D = 1. The Extent of the perturbation was equal to the number of nodes exceeding the

threshold value in a given simulation. Maxdis corresponded to the maximum path length connecting



the starting perturbed node with the most remote one sensing the perturbation, it can be equated to the
maximal distance (in number of links) traveled by the perturbation.

The ‘low intensity’ perturbation was chosen because it allowed for a sufficiently high variance across
different hit nodes. In fact, both the medium and high-intensity modes in some cases had the effect of
saturating the whole network (all nodes affected), thus shading the node-location and ‘wiring pattern’
effected on signal transmission.

The cycle was repeated 30 times (starting from different nodes) for every sample (independent

network) and resulted in 1350 tests for whole data set; this corresponds to 45 networks (5 independent
networks per class, for details, see Supplementary Information). Figure 4 reports two sample networks
for AAI and Neural Brain Networks presented as appearing in Turbine upon perturbation (dynamical)

descriptions.

Figure 4: Sample network perturbation in Turbine. The NBN (right) and AAI (left) networks undergo random single point
perturbation. The white node is the source of perturbation that released dissipating energy effects by other nodes (in red)

based on rules governing the dynamics of networks. Black nodes are the ones not affected by perturbation.

Topological descriptors




We characterized each node by means of aine ten topological descriptors computed by

NetworkAnalyzer, a Cytoscape plugin[25]:

Node degree £; is the simplest topological index; it reports the number of nodes adjacent to the i-th
node, where adjacent means directly connected. The nodes directly connected to a node are also called
first neighbors of the given node. Thus, the degree also corresponds to the number of adjacent incident

edges.
Clustering coefficient: in undirected networks for node i, it is defined as C; = 2ei/ k- (k;— 1)
L l

where k; is the node i degree and e¢; is the number of connected pairs between all neighbors of .
Clearly, C; is comprised between 0 and 1.

The average shortest path length (or characteristic path length): the shortest sp;; with the minimum
number of links connecting the nodes i and j; the average shortest path length sp; is the average

value of the shortest path involving the node i;

Closeness centrality for node i is defined as CC; = 1 /Z Sps which is the sum extended to all nodes.
joPij

It is null for isolated nodes and measures how fast information spreads from a given node to other
reachable nodes in the network. We computed the closeness centrality using Network Analyzer.

spjx (1)

Betweenness centrality is defined as BC; = ¥« SDjk where spj; denotes the shortest

path between nodes i and k and spj; (i) is the shortest path between the same nodes but passing by

node i. The betweenness centrality can be computed only for networks that do not contain multiple

edges. The betweenness value for node 7 is normalized by dividing by the number of node pairs

excluding i: =D 72) \where n is the total number of nodes in the connected component containing

node i. The normalized value of the betweenness centrality lies between 1 and 0. The betweenness
centrality of a node reflects the amount of control that this node exerts over the interactions of other
nodes in the network. High values of betweenness centrality identify nodes that join communities

(dense subnetworks), rather than nodes that lie inside a community.

NetworkAnalyzer uses the fast algorithm by Brandes[26] to compute node betweenness centrality.
This algorithm has a complexity of O(nm), n being the number of nodes and m the number of edges

in the network.

Eccentricity centrality for node i is defined as the inverse of the longest shortest path:
ECC; = /m ax (sp;;) Thus, if a node eccentricity is high, this means that all other nodes are in
proximity. Conversely, if the eccentricity of a node is low, this means that there is at least one node

(and all its neighbors) that is far from that node, although not excluding that several other nodes are

in proximity. In other words, eccentricity is a more meaningful parameter if high.



* The stress of a node measures the number of shortest paths passing through that node. A node has a
high stress if it is traversed by a high number of shortest paths. This parameter is defined only for
networks without multiple edges.

* Neighborhood connectivity of node i is defined as the average degree of all nodes adjacent to node i.
If the neighborhood connectivity distribution is a decreasing function of node degree £, there is a
prevalence of edges between low connected and highly connected nodes.

* Radiality is a centrality index defined as R; = Z}Ll(D — sp;;) having n as the nodes number and D
as the network diameter, e.g. the longest shortest path. Nodes with high radiality show low shortest
paths (close to all other nodes), while low radiality is a trait of nodes with high shortest paths (far
from other nodes). The radiality is more significant when compared to the average value for the
network (averaged on all nodes). Radiality must also be compared with other centrality metrics
(closeness and eccentricity): a node with high closeness, eccentricity, and radiality is likely to play a

central role in the graph.
* The topological coefficient for node i with degree £; is defined as T; = avg (J(i.j ))/ k. where
l

avg (J(i,))) is the average value of (i, j), which holds only for pairs of node i and j sharing at least
a neighbor and stands for the number of neighbors shared by the two nodes i and j. Nodes with at

most one neighbor are assigned a null value of 7.

Sample size and aggregation level

The central aggregation level of the analysis corresponded to 45 independent networks subdivided into
9 classes (5 networks per class). Each network encompassed the data relative to 30 simulations (see
3.1), 30 is a recurrent choice in statistics, stemming from some considerations on central limit
theorem®” and allowing for a 96% confidence of catching the ‘true’ value of standard deviation (see
Greenwood and Sandomire[27]). Moreover, this choice allows us to consider each topology-dynamics
correlation as normally distributed inside each network. It is worth noting that the huge ‘network class’
effect (Table 2) allowed us to safely consider each of the 5 networks for each class as equivalent, thus
we practically relied on a minimalistic 150 (30x5) nodes statistical base.

When the networks were grouped per class, we relied instead on 150 (30x5) different simulations to
compute the mean and standard deviation of dynamical parameters. The initial definition of ‘global
relations’ across the three dynamical descriptors by means of PCA was based on 1350 nodes (with no
distinction among classes).

The topology-dynamics relationship in terms of both Canonical Correlation and Principal Component

Analysis relied upon 150 and 1350 statistical units for single class and global analyses respectively.



Multivariate Statistical Analysis

Multivariate Data Analysis (MVDA) collects different tools[28] which clarify the relationship between
variables exploiting correlation patterns. These tools apply to large data sets in order to identify single
variables or their linear combination able to describe the behaviour of the whole system.

The very base of MVDA is the correlation analysis grounded on the computation of the Pearson

correlation coefficient.

Principal Component Analysis (PCA)

The Principal Component Analysis (PCA)[29] transforms original variables into a new set of
orthogonal variables, linear combinations of the original data set called Principal Components PC, that
are ordered according to the descending values of explained variance. The number of components
needed to explain a given amount of total variance is an index of the data set degree of complexity.
Given the PC set, the generic element of the loadings matrix L = {4;;} represents the correlation
coefficient between i-th original variable x; and the j-th principal component PC;. PCA was computed

by means of SAS v.8.1.

Canonical Correlation Analysis (CCA)

Canonical Correlation Analysis (CCA)[30] relied on a partition of the variables into two categories
(topological and dynamical descriptors). Variables falling into each category are linearly combined to
provide k variables (canonical variables), where k is the minimum rank (number of variables) among
all categories. Linear combination scores were chosen in order to maximize the Pearson correlation
coefficient between a canonical variable couple. CCA aims at computing a general correlation between
different classes (categories) of variables describing the behavior of a system. Thus, a high correlation
coefficient between the first canonical variables of two categories hints at a general interdependency
between the two categories. Also in this case, the generic element of the loadings matrix L = {4;;}
reports the correlation between the i-th canonical variable of a given category with the j-th original

data set variable.
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E-CAPTION- Supplementary Information
The Supplementary information reports the main features of data analysis steps.



Highlights
* The topological and dynamical features of experimental biological network nodes are each other related.

* The maximal distance at which a perturbation is sensed is independent on the extent (number of nodes affected) and silencing
time of the perturbation.

* The empirical rules linking topology and dynamical behavior of nodes are modulated by network structure (and related function).

* The more complex a network wiring is, the less deterministic the topology/dynamics relations of its nodes are.
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