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The question of whether the brain behaves like a network can be formulated in various ways, e.g. in terms of network relevance (is
the network structure relevant, in some sense, to brain anatomy and activity?) or of observability and controllability (does the network
structure retain sufficient information to adequately reconstruct the full system dynamics? Can brain activity be controlled by acting
on its network structure?). In [1], we termed networkness the ways in which network structure explains brain anatomy and dynamics
and ultimately its behaviour and set out to discuss how and to what extent the brain, particularly when thought of as a dynamical
system, can genuinely be understood to behave as a network. Five commentaries to the target article addressed from different angles
several key aspects of brain networkness, which we set out to discuss below.

1. What it means to be a network

Logically superseding the notion of brain networkness in the above sense is the understanding of what it means to be a complex
network. At the most basic level, this involves understanding the extent to which a network structure carries more physiological
meaning than bear connectivity and, as a result, whether there are genuine network-driven neural phenomena and network-based
equivalents of dysconnection syndromes [2].

Peron highlights disorder as a key property defining networkness. Indeed, complex networks are in essence a form of strong
disorder [3,4], a typical feature of living matter in general. Such systems are associated with a lack long distance periodicity and by the
presence of defects, impurities and heterogeneity, which in turn can be characterised in terms of symmetries and their break-down. If
disorder is in some sense relevant at some scales, for instance if it determines the system’s response function, it can effectively be
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thought to reflect the system’s state of matter. States of matter differ in the way the component particles are arranged, and how they
behave collectively, and transitions between such states can be described by an expansion of the free energy in powers of a quantity
called order parameter, which distinguishes symmetry-broken and unbroken phases [5]. In this vein, task-dependent phase transitions
[6] emerging from network structure reconfigurations may be understood as changing the system’s mechanical response. In addition
to arole in the system’s dynamics and mechanical properties, network structure may also modulate the system’s thermodynamics. For
example, network structure may act as a control parameter for the system’s temperature dependence [7].

2. Ontology vs. network reconstruction

Korhonen addresses the important (though typically not explicitly addressed) issue of whether a network representation genuinely
reflects the way the brain carries out its function or merely constitutes a way to represent brain anatomy and activity.

There are two aspects worth highlighting. First, there is some degree of dependency between the ability to reconstruct network
structure from data (or even at a theoretical level) and the ontology that can be derived from such a (re)construction. The issue of of
brain activity’s reducibility to a network representation is both a theoretical and an experimental one. The technical aspects of network
reconstruction from experimental data have a profound impact on the observability of brain structure afforded by a network
representation.

Second, in [1], we mainly discussed the extent to which a network representation explains the system’s true modus operandi, rather
than how such a structure allows investigating it theoretically or experimentally. These two aspects need not necessarily coincide.
Nonetheless, the method used to investigate a system and the functions that the system actually implements are often equated, and so
are a given structure’s information content and the dynamical aspects that this structure supports. Furthermore, the operations
allowed by a given extrinsic parametrisation may also not reflect the computations performed by the system. Likewise, that a given
structure may be associated with a certain amount of information doesn’t imply that such information is actually transferred,
computed or functionally relevant.

3. When is the brain a network?

In a complex multiscale system, networkness may play a prominent role in some aspects or in some scale range but not in others.
Luppi et al. and Peron address from different angles the question of defining when the brain can effectively be treated as a network,
from both an ontological and a reconstruction-related viewpoint.

One important question is whether there exists a scale at which the set of nodes and their connections may start being a network.
The onset of networkness can be marked by various conditions, one of which, i.e. the transition from continuous field to effective
discrete structure, is discussed by Peron. Indeed, at global but also at mesoscopic scales, the brain can effectively be modelled as a
continuous field [8-12]. Equipping the brain with a network structure requires mapping the underlying continuous field onto a
discrete set of (not necessarily) point-wise nodes [13]. A network structure can be seen as a discretisation of the continuous field, i.e. a
map from the space of continuous fields to the space of discrete ones, where the former can be recovered from the latter in the limit of
infinitely dense nodes. The conditions under which the discretisation of the continuous field representation is non-singular and
essentially without loss of information are poorly known. This is in part due to the fact that the discretisation steps, e.g. the parcellation
step of complex spatially extended systems, are in general not intrinsic, for example they are typically not prescribed by the dynamics,
indicating that the discretisation issue is both an ontological and a reconstruction-dependent issue. In practice, how much information
is lost as a result of discretisation depends on the choice of the scales of description, observation, variations, and correlations [14]. On
the other hand, the network structure becomes genuinely relevant when continuous and discrete representations become inequivalent,
e.g. if the discrete structure constitutes a singular limit of the continuous field, inducing a qualitative change in the system behaviour
with irreversible information loss.

4. Quest for the appropriate level of detail

Another important aspect of the target article addressed by Luppi et al., Korhonen, and Coombes et al. is the extent to which
brain representations are robust with respect to the level of neural detail accounted for in the neural space-to-network structure
mapping and to the properties of the network structure itself.

On the one hand, at the neural nevel, network neuroscience models tend to filter out detail at all scales. Moreover, there is a lack of
basic knowledge and stylized facts at computational, algorithmic and implementational levels of neural activity. For instance, exactly
how information is transferred through dynamics and what computational tasks a given population is meant to solve are not always
entirely clear. Depending on the space and on the scale at which nodes and links are defined, this may have a strong impact on the
system’s dynamics [15]. To understand the impact of this lack of knowledge it is useful to note that equipping a system with a network
structure inherently involves coarse-graining and renormalisation at some scale and under some criterion [16,17]. A network node can
be thought of as resulting from a renormalisation process at scales not considered in the model. The general dearth of neural stylised
facts, particularly at computational and algorithmic levels, constitutes an intrinsic obstacle to the renormalisation stage of neural data
implicit in network modelling’s discretisation. This is because defining nodes and links at a given scale or, equivalently, renormalising
a given scale, effectively defining community structure, require on the one hand a segmentation of the relevant space and, on the other
hand, a criterion to define the relations among nodes. While more acute at mesoscopic than at microscopic neural scales, the problem
exists at all scales. Consider for example the seemingly simplest case of neurons and their dynamical connectivity. Segmenting both
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anatomically and functionally a single neuron into compartments is by no means a trivial endeavour [18]. Similarly, there is no clear
way of defining the relations between compartments at the computational and algorithmic levels. Thus, even at this scale, the space
renormalisation that defining nodes involves is all but straightforward and so is the definition of the relationship among them.

On the other hand, in standard network neuroscience models, the network structure itself is often drastically simplified. At the most
basic level, the structure would often be a static or, equivalently, steady state simple graph, i.e. a graph with no loops and no multiple
edges between pairs of nodes. Thus, it is important to understand how literally should neural properties be incorporated into a network
structure and what network structures better account for brain properties.

In [17] we specifically discussed the extent to which adding biological detail of various type and at various neural and network
scales may qualitatively change network models of brain activity and conversely, the degree of network structure’s universality
(intended as robustness to changes in neurophysiological detail) or, somehow dually, the extent to which network models not explicitly
incorporating important neural properties effectively approximate brain structure, dynamics and ultimately function or the extent to
which observable brain behaviour strictly depends on the fine details of its neural components and of their interactions.

Adding neural detail, e.g. incorporating delays or considering glial cells, but also considering different models of neural activity
from those that are standard in neuroscience and generalising network structures as suggested by Coombes et al. can in principle
account for a larger phenomenological repertoire, providing new ways to conceive of brain anatomy, dynamics and function. However,
it is also important to realise that the resulting structures face the same fundamental issues related to standard network models’
intrinsicality, universality, and functional meaningfulness [17]: is structure a mere extrinsic description or can be thought of as part of
its intrinsic modus operandi? If so, how does it allow function? What aspect of the neural system’s network structure is functionally
meaningful? To what extent is such a structure universal? Whether there exists an appropriate structure representing a given
dynamical system may be context-dependent [19], but ultimately addressing these issues requires a better characterisation of basic
neurophysiological facts and improved knowledge of the structure-dynamics-function relationship.

4.1. Network structure universality

In essence, a network representation constitutes an effective field theory for the underlying physical theory. Such a representation
includes the appropriate degrees of freedom at a given length scale, while the information at shorter distances is treated as somehow
residual. Suitable effective models result from the appropriate identification of a universal part complemented by detail-sensitive
constants [20]. Finding the appropriate balance between these two aspects characterises the study of most complex biological systems.

In a statistical physics sense, universality expresses the fact that many systems show similar macroscopic properties even though
they may profoundly differ in their microscopic ones. Such properties arise when the consequences of microscopic parameter mod-
ifications are effectively summarised by a small number of phenomenological parameters [20]. While the temporal structure of resting
brain activity shows signs of universality [21], the role of network properties in its emergence is still unclear. However, how network
structure may improve brain functioning representation as a function of neural detail and network structure is still an insufficiently
understood matter.

An important issue picked up by Coombes et al., i.e whether there may be a physics of the brain, and the associated one of how
much of brain physics is related to network structure [1,22] turn out to be related to network universality [23]. This is because network
theory is in essence a statistical mechanics approach to graph theory [3]. This approach implies that seemingly different physical
systems can exhibit the same aggregate behaviour, which can be categorised into universality classes, whose large-scale behaviour can
be explained by simple effective models defined in terms of an interaction network and few control parameters. Only symmetries,
dimensions, and conservation laws prove to be significant, while microscopic details can be ignored. Ultimately, understanding the
brain as behaving like a network boils down to determining whether a statistical mechanics approach makes sense and when scales
details matter.

5. Role of network structure in function and dysfunction

Insofar as brain activity is designed to carry out some function, network relevance should ultimately be gauged in terms of a
system’s ability to perform given tasks. It is therefore natural to expect that network structure should be associated with some task-
specific fitness. However, network neuroscience studies almost always equate the systems’ bare dynamics and its function, i.e. its
ability to perform a given task. This equivalence is misleading and dynamics should prima facie be distinguished from brain function
[24]. This is why [1] dealt with the former while network structure’s role in brain function will be treated in full in a companion paper
[22]. Rubinov discussed some of the far-reaching implications of the gap between brain dynamics and function.

5.1. Separating dynamics from function

One important implication of considering genuine function pointed out by Rubinov is that such a differentiation between bare
dynamics and function also fundamentally changes the way a networked system’s overall behaviour is thought to arise. When equating
function and dynamics, structure (including topology) and local dynamics may interact, and their respective scales are fundamental
factors in determining the networked system’s overall behaviour [15]. On the other hand, when differentiating between dynamics and
function, this interaction pattern is greatly complexified by the additional highly non-trivial projection onto function.

Brain structure-dynamics-function relationships are likely governed by highly non-trivial maps [22,24]. Structure can arise in ways
that are independent of the details of network structure [25], and structural complexity does not necessarily lead to functional
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complexity. Furthermore, a given network’s function can vary in a context-dependent way [26,27], and different networks can give
rise to similar function, although different structures tend to be optimal for different tasks. In general, there is no clear understanding of
network structure’s contribution to neural networks’ dynamical and functional properties such as sloppiness and degeneracy [28,29].
Thus, which aspects and properties of network structure are necessary in a brain model and, as a result, which methods should be
summoned to represent them [30,31] ultimately depend on the properties of such mapping.

5.2. Renormalisation and emergence of function

Renormalisation is usually thought of as a powerful method to analyse complex multiscale systems and how their properties change
in scale-dependent manner, but it can also be understood as a genuinely functional neural process. Along this line, function emerges
from one particular coarse-graining procedure (which may not necessarily correspond to real space renormalisation) [32]. For
instance, in the sensory domain, nodes and links are emergent properties induced by neuronal populations’ receptor fields [31]. Note
however that since it is not clear under what conditions renormalisation leads to functionally meaningful units, network structure
emergence should not be equated with the emergence of function. Functional heterogeneity is in general a genuine emergent property
which cannot be deduced from the system’s structural properties e.g. structural heterogeneity or dynamical properties [33], and which
can give rise to rather non-trivial phase space configurations [34].

5.3. Resilience and vulnerability

The general issue of neural functional equivalence, i.e. of whether two structures or dynamical trajectories can be considered
identical up to some property, is in essence the same as that of network structure resilience with respect to biological detail and
network specification.

From a functional viewpoint, an important question is the extent to which function, rather than bare dynamics, is robust to changes
in network structure. A nested question is related to the scale-dependence of such relationship, i.e. the scales at which the structure-
function map induces qualitative changes. Brain vulnerability to pathology could also be understood in terms of functional inertia with
respect to network structure changes [2].

Resilience may refer to a system’s structure, dynamics, or function [35]. In network neuroscience, studies refer to either structural
resilience, i.e. the degree to which network properties are resilient to such sequences of such perturbations, typically of the anatomical
network [36-38] or dynamical resilience i.e. a system’s ability to conserve its asymptotic dynamics [35,39]. Structural and dynamical
robustness do not necessarily imply functional resilience [40,41]. This again is a consequence of the non-trivial structur-
e-dynamics-function map. Functional robustness is instead determined by the nature of the transitions realisable in the neighbourhood
of underlying neuronal configurations, and the presence of large neutral regions in the system’s configuration space or parameters
which result in equivalent behaviour, wherein changes have no functional consequences [24,34,42].
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