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ABSTRACT

If brain anatomy and dynamics have a complex network structure as it has become standard to posit, it is reasonable to
assume that such a structure should play a key role not only in brain function but also in brain dysfunction. However,
exactly how network structure is implicated in brain damage and whether at least some pathologies can be thought of
as ‘network diseases’ is not yet clear. Here we discuss ways in which a complex network representation can help in char-
acterising brain pathology, but also in assessing subjects’ vulnerability to and likelihood of recovery from disease. We
show how the way disease is defined is related to the way function is defined and this, in turn, determines which network
property may be functionally relevant to brain disease. Thus, addressing brain disease ‘networkness’may shed light not
only on brain pathology, with potential clinical implications, but also on functional brain activity, and what is func-
tional in it.

Key words: dynamical disease, complex networks, pathoconnectomics, brain topology, degeneracy, resilience and
vulnerability, evolvability, neutral networks.
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I. INTRODUCTION

Network neuroscience characterises brain anatomy,
dynamics and ultimately function by endowing them with a
network representation and describing them in terms of
properties of this representation (Bullmore & Sporns, 2009).
A network is a particular structure, i.e. a set of objects with
some additional feature on the set, whose objects are nodes
and whose additional feature is a relation among the nodes
which defines links relating them (Boccaletti et al., 2006). All
the information in a networked system is encoded in the rela-
tional pattern, whose properties allow not only describing the
system’s relational structure at all scales but also, at least in
principle, explaining properties such as its efficiency and
robustness (Papo et al., 2014), and ultimately conceiving of
ways it can be steered towards desirable states or away from
undesirable ones (Liu & Barab�asi, 2016; Papo, 2019b).

Whether the brain actually behaves as a complex network
or whether such a structure merely constitutes a convenient
representation is a fundamental yet still poorly understood
question (Papo & Buldú, 2024). Showing that at least some
brain diseases, which we shall call network diseases, are
somehow related to brain network structure would constitute
an important step towards a proof of genuine brain
networkness.

Characterising the nature of disease, identifying ways in
which it may become observable, even in the absence of
behavioural symptoms, quantifying its severity, characteris-
ing, and predicting the way it starts and evolves and ulti-
mately finding ways in which it can be acted upon are
fundamental theoretical and clinical questions. Herein, we
evaluate how a network representation may help address
these questions and in defining and understanding brain dis-
ease. Importantly, we do not aim at characterising the net-
work structure of any given pathology, but rather at
evaluating the way network structure can help address
generic issues related to brain pathology, from the phenome-
nology of disease to subjects’ vulnerability to or ability to
recover from it.

To delineate the role of network structure in brain disease,
we first discuss possible meanings of disease, and then briefly
review ways in which the brain can be endowed with a com-
plex network structure. Finally, we analyse how complex net-
works can be used to make sense of various aspects of brain
pathology and how various neurological and psychiatric
pathologies can be understood in terms of such a structure.

Throughout, we differentiate between two pairs of terms
often confusingly used as synonyms in the network neurosci-
ence literature: structure and anatomy, and dynamics and
function. We use the term structure, which equally applies to
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anatomy and dynamics, to designate a set of entities and their
relations. In particular, we prefer the expression anatomical to
structural network, as it more clearly designates anatomy
equipped with a particular structure encoded in a graph rep-
resentation. On the other hand, as we further explain below,
we consider genuine functional brain activity to be distinct
from bare brain dynamics in that it is the particular aspect
of brain activity that is used to accomplish a given function.

II. DEFINING DISEASE

(1) The semantic field of disease

There are a number of conceptually different ways to under-
stand disease. This variety is illustrated by the semantic field
of disease and particularly by the etymology of words thought
of as its synonyms (Lalande, 1927; Canguilhem, 1966). The
terms disease (lack of ease or comfort), pathology (from
the Greek πάϑος, suffering) and ailment (which causes to ail,
to suffer) refer to effects, particularly to the associated pain.
From the same legal semantic field, the terms damage (from
the Latin damnum), lesion (from the Latin laedo, to injur) and
injury (from the Latin iuris, law, the prefix in- expressing nega-
tion) refer to the consequences of a violation. The term abnor-

mal, initially legal in nature, also refers to a norm violation.
Originally expressing a judgement of value rather than a
description (Canguilhem, 1966), in the context of disease, it
implicitly refers to a different (i.e. healthy) state. Finally, while
the terms disorder and anomaly (from the Greek ομαλός,
smooth, rather than from νόμος, law) refer to structural
properties, in mathematical terms respectively symmetry
and regularity/differentiability, an explicitly functional
aspect underlies the term malady (from the Latin malaptus).
Finally, the term condition (from the Latin verb condo, to put
together, to build), often resorted to in order to avoid
unwanted associations induced by these various etymologies,
designates an identifiable state resulting from the assembly of
various parts or the way this comes into being.

It is also interesting to look at the semantic field of the
proneness to disease. The term vulnerability comes from
the Latin word vulnus, injury, itself coming from the Latin
verb vello, to tear or to lacerate, while fragility comes from
the Latin verb frango, to break. The adjective critical and the
corresponding noun crisis (from the Greek noun κρίσις and
the verb κρίνειν) originally mainly designated separation
(of wheat grain from straw and chaff ), before acquiring by
translation the meaning of choosing (Chantraine, 1968).
Thus, crisis designates a choice made after a separation,
hence perhaps the associated negative meaning stemming
from the need to choose to separate something from
something else.

Correspondingly, there is more than one way of
conceiving of brain disease from a system-level perspective:
one consists in characterising its phenomenology in terms of
its consequences on healthy brain anatomy and dynamics.

In this sense, characterising brain pathology entails defining
healthy brain function, which can be represented as a struc-
ture or as a field, and pathology as some perturbation of it,
respectively with a mass (e.g. a mass-invading tumour) or as
a dynamical system, in the simplest case, an impulse. A dual
way involves defining disease as an emergent property of
brain dynamics under certain conditions, e.g. within given
ranges of control parameter values. Brain disease can also
be seen as a process evolving on an underlying structure, with
which it may or may not interact. This can for instance take
the form of a generic spreading process, e.g. a transport pro-
cess (of a diffusive kind if what is modelled is activity propaga-
tion, or of an advective one if mass is transported).

(a) Brain–disease relationships

These approaches implicitly suggest various possible rela-
tionships between brain and disease. In an ontological
approach, brain and disease may constitute separate entities,
each with its own mass and corresponding spatial localisa-
tion. If these two entities interact, disease can be seen as a
perturbation of an otherwise intact structure. In a different
approach, disease is a particular state of the system. Such
an approach can be seen to trace back to Hippocrates’
dynamic conceptualisation of disease, with exogenous fac-
tors only playing the role of context rather than cause
(Canguilhem, 1966). In more modern terms, disease may
arise when a physiological system operates in a range of con-
trol parameters that induces a dynamic regime associated
with functional consequences deemed pathological
(Mackey & Glass, 1977; Glass & Mackey, 1979, 1988;
Glass, 2015). In this sense, pathology is an aspect of the
brain’s repertoire, which is expressed under certain condi-
tions (McIntosh & Jirsa, 2019).
The dynamic understanding of disease can be approached

through two complementary angles, respectively related to
the nature of the regime itself and to its pathogenesis,
i.e. the mechanisms through which it develops, progresses,
and either persists or is resolved. These approaches give rise
to some fundamental questions. On the one hand, when and
how can disease be described in dynamical terms? Is the
pathological regime qualitatively different from the one asso-
ciated with healthy brain functioning? If disease is associated
with qualitative functional changes, then it can be thought of
as forcing symmetry breaking (in Hippocrates’ approach, it
breaks equilibrium between elements). For instance, in Alz-
heimer’s disease (AD), the loss of dynamical connections
and the increased randomness in network structure are key
indicators of impaired brain function (Tijms et al., 2013).
On the other hand, several mechanisms can potentially
underlie pathogenesis. When thinking of disease as equilib-
rium breakdown, the most obvious of such mechanisms is
homeostasis, i.e. the self-regulating processes ensuring the
maintenance of the best conditions for the system’s opera-
tion. When the brain deviates from this condition, as in the
case of epilepsy (van Diessen et al., 2013), dysfunction arises.
Furthermore, pathology can be thought of as a change in
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the system’s response function. For instance, the allostasis
(stability through change) model defines health as optimal
responsiveness to fluctuations in demand, and disease as
shrinkage of adaptive variation (Sterling, 2020). More gener-
ally, disease may be associated with loss of complexity rather
than regularity (West, 2010).

(2) Disease dynamics

If the brain is thought of as a dynamical system, its evolution
to disease can be thought of as a process. The disease process
can be temporally segmented, e.g. identifying a healthy state
(or a state in which the disease is under control, in an incuba-
tion or a chronic period) and a pathological state, separated
by a pre-pathological state (Scheffer et al., 2024). The dynam-
ics underlying each of these states can be associated with a
complex space, possibly with identifiable subspaces induced
by the generic metastable dynamics of the brain (Roberts
et al., 2019; Recanatesi et al., 2022). The disease process is
ultimately characterised by the way the dynamics tends to
flow towards, around or away from a given state and by the
corresponding basin of attraction, i.e. the set of initial condi-
tions that lead to that particular state under the dynamics.

Characterising neurological and psychiatric disorders and
their trajectory requires understanding how the dynamics
moves the system from one state to the other under the action
of external drives, e.g. how smoothly or abruptly the system
may change, or how much the system resists such changes
at any given state. The following substantial questions arise
naturally: how prone or vulnerable is a given system to dam-
age? How easy is it to push it away from a pathological state?
How does it revert to its prior configuration after a perturba-
tion? Perhaps more fundamentally, how much damage is
needed to compromise function?

(3) Disease, brain function, and functional space

A common defining factor of disease is that it is associated
with functional impairment, often accompanied by beha-
viourally observable consequences. Impairment may range
from decreased efficiency to functional breakdown. This cor-
responds to Sigerist’s (1932) understanding of pathology as
physiology with obstacles. In this approach, pathology can
be derived from normal function, from which it is separated
by an alien element which complexifies but does not qualita-
tively alter it (Canguilhem, 1966). In terms of structure, dis-
ease can then be seen as an obstruction to some part of the
functional space.

Defining brain function and what is functional in brain
activity are two only seemingly easy tasks. While brain
dynamics and function are often used interchangeably,
functional brain activity can be thought of as a particular
aspect of brain dynamics, corresponding to the set of all
neurophysiological configurations that generate a given func-
tion. Genuinely functional activity results from a complex
relation between two structures: the structure of the
neurophysiological space together with its equivalence classes

(possibly made observable by some recording technique) and
the structure of an abstract space of functions (made observ-
able by some performance measure). Subdivisions in one
space, corresponding to equivalence classes with identical
properties, are used to define subdivisions in the other
(Papo, 2019a; Papo & Buldú, 2024) (Fig. 1).

Nearness and neighbourhood relations may qualitatively
differ when considering function rather than bare dynamics.
The definition of other properties such as path-dependence
and robustness (Lesne, 2008) may also vary in the
dynamics-to-function transition (Papo, 2019a). All these fac-
tors may give rise to a space with non-trivial structure
(Stadler et al., 2001). Phenomenology including intermit-
tency, redundancy, degeneracy, whereby structurally dissim-
ilar components can perform similar functions under certain
conditions but different ones under others (Edelman &
Gally, 2001), and functional robustness can be understood
in terms of the combination of accessibility in the neurophys-
iological space, i.e. which transitions are realisable in the
neighbourhood of underlying neuronal configurations, and
the presence of large neutral regions in the space of system
configurations or parameters that give rise to equivalent phe-
notypic behaviour, so that changes in such spaces have no
consequence on the functional space onto which they are
projected (Stadler et al., 2001; Stadler & Stadler, 2006;
Doyle & Csete, 2011; Papo, 2019a).

(4) Vulnerability and resilience

The impact of disease on brain anatomy, dynamics and func-
tion depends on the system’s ability to resist external fields or
boundary elements acting on the brain at various scales.
Various diseases result from the balancing of interactions
between the system and the environment, mutations, and
homeostatic mechanisms keeping the system within

Fig. 1. Functional brain activity should not be equated with
bare brain dynamics. Functional brain activity results from a
complex projection f and its inverse f −1 from the structure SA
of the neurophysiological space A to the structure SB defined
on the abstract space B of cognitive functions made observable
by some set of performance measures. Ultimately, parcellation
in one space is used to define parcellations in the other
(Korhonen et al., 2021).
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physiological regimes (Nijhout, Best & Reed, 2019). Brain
disorder dynamics is often explained as the result of the inter-
action between a predisposing vulnerability (or diathesis)
(e.g. genetic background, predisposing conditions, age), and
a perturbation (or stress) caused by exogenous factors
(e.g. psychological or physical trauma), while the risk of neu-
rological and psychiatric disorders is also related the dynamic
resilience of the healthy state (Scheffer et al., 2024).

Resilience can be understood in a number of ways
(Fisher, 2015; Urruty, Tailliez-Lefebvre & Huyghe, 2016;
Liu et al., 2022; Krakovsk�a, Kuehn & Longo, 2024). For
instance, it may designate the degree to which a system with-
stands perturbations or errors, resists change and avoids col-
lapsing or being driven towards a qualitatively different
stable state (Holling, 1973). It has been suggested that even
far from phase transitions, spontaneous activity’s neuronal
avalanches may be neutral with respect to perturbations
(Martinello et al., 2017). In the context of brain pathology,
robustness may quantify the extent to which the brain can
withstand damage arising, e.g. from tumours, trauma, or
stroke (Farooq et al., 2019). Resilience can also be understood
in terms of the system’s ability to revert to the original stable
state after a perturbation. In this sense, resilience is defined
by the relaxation time to the previous stable regime
(Holling, 1996), although this notion becomes problematic
in an inherently multi- or metastable system. Resilience can
also be understood in terms of a system’s ability to adapt
or transform in response to extreme shocks (Holling,
Gunderson & Peterson, 2002), and its ability to reorganise
around alternative states once pushed away from the original
state (Gunderson, 2000). This includes the ability to cope
through rapid response and active recovery strategies. To
some approximation, the same conceptual framework can
be used to make sense of disease resilience, i.e. the tendency
of disease to persist.

A system’s resilience is defined with respect to a given
property, for example some topological network property,
or dynamical regime, e.g. balanced state, or some
information-related property, e.g. informational capacity
(Koetter & Médard, 2003) or, more generally, the ability
to perform some prescribed task, e.g. information encod-
ing, and against a given set of perturbations (Kitano,
2007), e.g. node or link perturbation. The system may
respond to perturbations by changing some but not all
properties in order to preserve some other ones. Further-
more, in the presence of limited resources, optimisation
of one function necessarily entails fragility of some other
possibly unexpected one (Carlson & Doyle, 1999, 2002).

Dynamic resilience depends on the size and shape of each
state’s basin of attraction. These differ among individuals
and, for a given individual, may change over time. The
basins of attraction interact not only with external drives
but also with both positive (autocatalytic) and negative
(homeostatic) feedback forces, respectively reinforcing and
damping the effects of perturbations. In the presence of weak
positive feedback forces (e.g. between insomnia and mood),
the system’s response to changing conditions tends to be

smooth whereas sufficiently strong self-reinforcing autocata-
lytic feedback can cause the response curve to become folded
so that there may be more than one stable state over a range
of external conditions and a shift from a healthy to a patho-
logical state may occur abruptly as a tipping point is reached.
The distance from the tipping point defines the state’s precar-
iousness (Walker et al., 2004). Close to a tipping point, the sys-
tem becomes less resilient and more likely to shift to a
qualitatively different state.
For a healthy system, avoiding such points is therefore

important. This involves finding early warning signs antici-
pating their occurrence. Two such signs are represented by
critical slowing down, a generic dynamical phenomenon
occurring in the vicinity of a bifurcation point where the sys-
tem becomes increasingly slow when recovering from small
perturbations back to its original state and fluctuations have
characteristic properties, i.e. long-term memory (Dai
et al., 2012; Dai, Korolev & Gore, 2013; Liu et al., 2022).
Slowing down of recovery is in general thought of as a
generic risk marker (Rikkert et al., 2016), although inherently
critical phenomena such as epileptic seizures may show no
signs of such slowing down (Wilkat, Rings & Lehnertz, 2019).

III. SYSTEMS WITH COMPLEX NETWORK
STRUCTURE

Hitherto, we have thought of the brain as a generic high-
dimensional system with no particular internal structure,
i.e. an essentially homogeneous and isotropic system. How-
ever, it is reasonable to assume that both brain anatomy
and dynamics have some relevant non-random structure in
both time and space and that function may somehow be
modulated by such a structure.
It has now become standard to think of brain anatomy,

dynamics and function as a complex network (Bullmore &
Sporns, 2009). A complex network is a strongly disordered
heterogeneous structure (Dorogovtsev, Goltsev & Mendes,
2008) characterised by non-trivial properties which do not
feature in simpler ones, such as lattices or random networks
(Albert & Barab�asi, 2002). Various fundamental questions
need to be addressed. What does it mean to be a network?
Is such a structure relevant to brain structure, dynamics
and function? If so, how does the presence of complex net-
work structure change the picture delineated so far and spe-
cifically, what role does network structure play in the way
disease affects the brain?

(1) What being a complex network means

Equipping the brain with a network representation has a
number of important implications. First, it involves adding
structure to the anatomical, dynamical and functional spaces,
which can be taken advantage of to quantify brain anatomy
and dynamics and ultimately brain function. At the most
basic level, this involves distinguishing structures. Typical
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representations isomorphic to the anatomical space become
difficult to compare when the physiological space is complex,
e.g. non-compact geometry due to noise and inter-individual
differences. A topological structure removes metric details
and may in principle simplify the task (Stam et al., 2014).
Deviations from network structure observed in the healthy
brain may themselves have non-trivial network structure
(Zanin et al., 2014, 2018). Proximity relations in the neuro-
physiological space can also be defined using perturbation
methods (Peters, 2016, 2018). Often, it is also important to
quantify how far conditions are from each other both in the
space made observable by signs and symptoms and in
the corresponding neurophysiological space. The presence
of a structure induces distances through which it is in princi-
ple possible to quantify various disease-related aspects (Rossi,
Torsello & Hancock, 2015; De Domenico & Biamonte,
2016). For instance, the connectivity matrix in real or phase
space can be used as a metric tensor endowing the space with
a Riemannian differential manifold structure (Amari &
Nagaoka, 2007). The key point is that of translating all these
anatomical or dynamical properties including distinguish-
ability, proximity, neighbourhood, and accessibility into the
way disease affects functionally relevant equivalent proper-
ties (Papo, 2019a). If disease implies a network structure
modification with respect to the healthy brain, it is useful to
identify and quantify such a change, either in a categorical
or, ideally, in a quantitative way.

A genuine network structure involves a coarse-graining
wherein each portion of some observable space associated
with the brain, e.g. the anatomical (real) space or the phase
space of the dynamics, is identified with a discrete point, sum-
marising a whole subsystem and the system is described
through the relational structure of these subspaces. In anal-
ogy with the general way of defining brain function, the net-
works associated with bare dynamics are better called
dynamical, while functional networks should be reserved for
structures inducing partitions of the observable space
through measures associated with the ability to perform some
well-specified task (Korhonen, Zanin & Papo, 2021).

If the brain has genuine complex network structure then
disorder is relevant: its presence causes properties to deviate
from those of homogeneous systems, and this should have
an impact on its dynamics and ultimately on its function.
For instance, heterogeneous degree distributions are respon-
sible for novel types of phase transitions (Dorogovtsev
et al., 2008). Likewise, we propose that a network disease is a
condition where non-trivial network structure relevant to
brain function is damaged.

A complex network structure comes with some fundamen-
tal assumptions. First, network features are statistical proper-
ties arising from a great number of microscopic interactions,
wherein single degrees of freedom (nodes or links) lose, at
least prima facie, their identity. In this they profoundly differ
from merely connected (usually much smaller) systems,
where nodes and links are well identified, each having a spe-
cific functional role, and are therefore in no way interchange-
able. In such a structure, connectivity serves a purely

transport role, whereas in large-scale networks it may have
a more complex one. Second, the properties of complex net-
works emerge from connectivity, not from collectivity or
mass action. Such properties may appear at scales below
those of nodes but disappear as a result of coarse-graining.
Third, in the appropriate space in which the network is
defined, at scales above those of nodes, the system may show
genuine non-locality, i.e. interaction-induced emergence as
opposed to bare anatomical connectivity.

Irrespective of the particular conceptual framework
adopted to define disease, these are necessary ingredients
not only for the networkness of brain function (Papo &
Buldú, 2024) but also for a genuine network disease.

(2) Brain network structure: space specification

Alongside the way disease and brain function are defined, a
third factor determining the role network structure may play
in disease is represented by the space in which network struc-
ture itself is defined.

Various brain aspects may meaningfully be equipped with
such a structure and also, importantly, some may not
(e.g. purely feedforward, and ascending or descending sys-
tems). The anatomical structure, particularly for spatial
scales at which nodes and links can respectively be mapped
onto neurons and fibres uniting them, appears to be a partic-
ularly obvious candidate. Similar maps can apply to glial
cells, proteins, or expressed genes (Thompson et al., 2020).
However, other possibilities are also available, from real
space (anatomy-embedded) dynamics to the phase space of
brain dynamics and the abstract space associated with
pathologies and the relationships among them (Fig. 2). For
instance, the relevant network for a given pathology may be
defined on a gene or a protein space, where nodes are

Fig. 2. Endowing the brain with a network structure means
mapping some aspect of its anatomy or dynamics on a set of
nodes and links connecting them (Korhonen et al., 2021). This
can be done in various ways. For instance, the network may be
embedded in the brain’s Euclidean space (i), in which case
nodes represent brain regions and links either anatomical
structures uniting them or some dynamical relation between
activity at each node, or it may represent the brain’s phase
space (ii), in which case nodes may represent brain states and
links transitions between them.
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single expressed genes or proteins, and relationships,
e.g. interaction between them or co-expression, define links.
Note that such a space may or may not have an explicit rela-
tionship with the underlying anatomical space. While ana-
tomical networks are often modelled as acting upon a
dynamic activity field, of which they constitute the spatial
structure, the topology and geometry induced by brain activ-
ity merely shadowing such anatomical structure, dynamical
networks are often considered in relation to brain function,
which is typically identified with subspaces of dynamic con-
nectivity’s (spatiotemporal) structure.

Another key aspect is represented by the temporal and
spatial scales at which a network structure can be defined.
At fast timescales, the network structure induced by connec-
tivity is approximately constant. For instance, at macroscopic
spatial scales, brain anatomy may be thought of as essentially
static at the typical timescales of a neuroimaging experimen-
tal session, while when considering local synaptic connectiv-
ity, the corresponding timescale may be of the order of
milliseconds. However, even the slowest structure, i.e. the
one associated with anatomy, can be endowed with its own
dynamics at sufficiently long timescales, i.e. at developmental
or experimental timescales of the order of seconds and
beyond (Papo, 2013b). Considering the brain at develop-
mental or evolutionary as opposed to experimental time-
scales allows understanding observed anatomy (and
dynamical repertoire) as the result of a slow dynamics,
the underlying forces of which can be modelled, and used
as axes of appropriate morphospaces onto which particular
network instances can be mapped (Corominas-Murtra
et al., 2013; Avena-Koenigsberger et al., 2015). Conversely,
brain dynamics may be endowed with network structure that
can be thought of as static under appropriate conditions. A
further important aspect relates to the spatial scales at which
genuine non-trivial network structure can be expected.

(3) Structure–dynamics relations

Both at microscopic and at coarse-grained, phenomenologi-
cal scales the brain can be thought of as a networked dynam-
ical system, where each node is associated with its own phase
space of given structure (DeVille & Lerman, 2015). Themain
question will then be how network structure affects brain
dynamics in disease. Note that the presence of a network
structure incorporates not only spatial extension as already
standard in dynamical disease models, but also a relational
structure.

The presence of strong disorder associated with a complex
network structure affects various dynamical properties of a
system (Boccaletti et al., 2006; Porter & Gleeson, 2016).
The brain can be thought of as a heterogeneously driven
non-linear networked system (Sreenivasan, Menon & Sihna,
2017). One important question is therefore how the presence
of such a structure may affect its response to external fields.
Network topology modulates the response of networked
systems to applied fields and noise (Shinomoto & Kuramoto,
1986; Timme, 2007; DeDeo & Krakauer, 2012;

Sonnenschein et al., 2013; Shi et al., 2023). Perturbation–
response patterns of sets of given dynamical units may be
consistent with classes of network topologies (Shandilya &
Timme, 2011; Barzel, Liu & Barab�asi, 2015). More gener-
ally, insofar as the presence of disorder affects the system’s
scaling relations, transport coefficients and response function
(Dorogovtsev et al., 2008), a complex network structure can
be understood as a state of matter parametrisation, with sym-
metries intermediate between those of a solid crystal and
those of a liquid (Papo, 2013a; Sun et al., 2024).
Network structure may also have profound effects on the

system’s dynamics. For instance, hierarchical modularity
may lead to the emergence of metastability (Caprioglio &
Berthouze, 2024). Furthermore, important dynamic phe-
nomenological features require the presence of specific struc-
ture. For instance, properties such as multistability and
sustained oscillations respectively require positive and nega-
tive feedback loops (Thomas, 1981; Zañudo & Albert,
2013). Moreover, in the presence of disorder, the dynamics
associated with each node encode information about its
topology (Timme, 2006; Burioni et al., 2014; Pernice
et al., 2013; van Meegen, Kühn & Helias, 2021).
Non-trivial network structure also affects processes unfold-

ing on the network (Dorogovtsev et al., 2008) including syn-
chronisation (Boccaletti et al., 2006; Arenas et al., 2008),
information transport (Tadi�c, Rodgers & Thurner, 2007;
Gallos et al., 2007; Barzel & Barab�asi, 2013; Miši�c et al.,
2015; Gollo, Roberts & Cocchi, 2017; Hens et al., 2019),
and scaling properties (Moretti & Muñoz, 2013; Villegas,
Moretti & Muñoz, 2014; Mill�an, Torres & Bianconi, 2018).
For instance, quenched disorder of the anatomical network
has been proposed as the structural mechanism through
which brain dynamics becomes critical without fine parame-
ter tuning (Moretti & Muñoz, 2013). The interplay between
quenched anatomical and intrinsic frequency heterogeneities
at various scales may give rise to a regime characterised by
large non-trivial spatio-temporal fluctuations (Moretti &
Muñoz, 2013) and metastability (Villegas et al., 2014)
wherein the order parameter oscillates in a frequency-
dependent fashion with the coupling strength and is charac-
terised by well-separated hierarchically organised synchroni-
sation domains of different frequencies (Villegas et al., 2014;
Mill�an et al., 2018).

(a) The role of relative scales

The extent to which such a system’s behaviour depends on
the network structure on which it unfolds hinges on how
dynamics at various spatial scales interact and this, in turn,
on the relationship between the timescales at which they
evolve. In the simplest case, one may consider the interac-
tions between nodal and network dynamics (Do & Gross,
2012). In this framework, the connectivity matrix may itself
be time dependent and may have its own dynamics and asso-
ciated set of characteristic scales. If node dynamics is much
slower than that of the network, what is studied is the evolu-
tion of non-dynamic networks with static nodes. If, on the
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other hand, the timescale over which the network evolves is
much larger than that of dynamical fluctuations, overall the
system is treated as a static network, and time-invariant cou-
pling and network structure heterogeneity acts as quenched
disorder (Ódor, 2008; Maslennikov & Nekorkin, 2017).
When disorder has its own dynamics, network structure is
considered to act as annealed disorder (Dorogovtsev
et al., 2008). Thus, for instance, the anatomical network
structure is often thought of as quenched at experimental
timescales, whereas at longer (e.g. developmental or evolu-
tionary) timescales, it can no longer be considered to be static
and acts as annealed disorder. In addition to local dynamics,
one could also consider the dynamics of its control parame-
ters and more generally that of structure at all scales. In such
a context, there may no longer be scale separation wherein a
slow variable is only affected by the averaged state of the fast
variables and the dynamical interplay between the timescales
is relatively weak and, at various scales dynamics may poten-
tially interact, a hallmark of adaptive systems (Gross &
Blasius, 2008; Do & Gross, 2012; Maslennikov & Nekorkin,
2017; Berner et al., 2020).

Furthermore, the timescales of dynamical processes taking
place on a network typically differ from both those of the
nodes and of the network topology. Thus, in addition to
the network structure, the system has two, typically separated
scales – the slow one of the processes, and the fast one of
nodes – each possibly being multiscale. The network struc-
ture on which processes unfold is often the anatomical one
in the quasi-static limit (Cabral et al., 2011, 2022), but it could
also conceivably be the one induced by brain activity. Local
dynamics, network structure, and dynamical process all have
characteristic times of their own, so that ultimately macro-
scopic properties may result in a non-trivial way from their
mixing (Perra et al., 2012; Lambiotte, Rosvall & Scholtes,
2019; Papo, Goñi & Buldú, 2017). As we discuss in
Section III.6, network neuroscience has been employed as a
tool to classify brain diseases based on alterations in specific
network parameters, some of which are shared across multi-
ple disorders while others are unique to particular conditions.

(4) From the network structure of function to the
function of network structure

It is natural to think of observed network structure as func-
tionally meaningful (Milo et al., 2002; Kashtan &
Alon, 2005; Ashwin, Fadera & Postlethwaite, 2024;
Bashan et al., 2012), and to assume that a particular wiring
pattern determines the system’s dynamics and function
(Mastrogiuseppe & Ostojic, 2018; Ocker et al., 2017). For
instance, it is intuitive that transport properties should
depend on network structure at all scales (Miši�c et al., 2015;
Avena-Koenigsberger et al., 2015; Villegas et al., 2022). The
brain’s computational properties may also crucially depend
on network structure. For instance, memory encoding should
depend on some property of the network supporting it
(Susman, Brenner & Barak, 2019). Moreover, network struc-
ture can differ vastly in a function-dependent way, and be

designed to optimise a given function, e.g. information
spreading, but not information processing or storage
(Zylberberg et al., 2017).

If brain network properties are related to function in the
healthy brain and altered in disease, dual questions are how
network structure may enable the brain to carry out such
function and bound it in the absence of disease (Petri
et al., 2021), and how it may obstruct it in its presence. For
instance, the brain can use the topological structure of neural
networks in real space to perform computation (Jazayeri &
Ostojic, 2021; Ostojic & Fusi, 2024; Ashwin et al., 2024),
and such a structure may also explain the system’s computa-
tional properties and its limits (Curto, 2017).

Following this line of reasoning, network-related equiva-
lence classes would also define functional equivalence classes.
However, topological, geometric or combinatorial equiva-
lence does not necessarily entail functional equivalence and
whether such equivalence classes underlie brain function is
unknown. In other words, these classes do not necessarily
coincide with the structural aspects enabling the system to
carry out its assigned function. For instance, whether isotopic
networks are dynamically and functionally equivalent and,
conversely, non-isotopic networks inequivalent, is still poorly
understood.

A further important aspect relates to scale dependence of
network structure’s functional significance. For instance,
motifs (Milo et al., 2002) may have an information-processing
role at mesoscopic but not at larger scales: at system level,
network structure may instead support transport rather than
computation. Correspondingly, the role of network structure
should also be scale dependent in pathology.

More generally, that a system has a given structure does
not entail that such a structure is functional. Brain structures
are organised to carry out different functions and therefore to
satisfy multiple constraints. Different networks can give rise
to similar function (Ganmor, Segev & Schneidman, 2015)
while the same network can function differently depending
on the context, both distinguishing features of degenerate sys-
tems (Edelman, 1987; Hennig, 2023). For instance, the same
network motif can performmany different functions depend-
ing on functional requirements. Thus, on the one hand, func-
tion cannot always unequivocally be inferred from observed
structure and, on the other hand, it is not straightforward
to predict structure from function in neural networks
(Biswas & Fitzgerald, 2022). Finally, identifying functional
classes is not equivalent to identifying the structural aspects
enabling the system to carry out its assigned function.

(5) Network properties, invariants and equivalence
classes

A complex network has combinatorial (Bollob�as, 1986;
Erickson, 2014), topological (Boccaletti et al., 2006), and geo-
metric properties (Boguñ�a et al., 2021), as well as symmetries
(Garlaschelli, Ruzzenenti & Basosi, 2010; Pecora et al., 2014;
Dobson, Malnič & Marušič, 2022) which are encoded in the
connectivity matrix. Understanding which of these
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properties turns out to be functionally relevant is central to
the network neuroscience effort.

Network neuroscience often focuses on topology, both for
real and phase space networks. Topology deals with proper-
ties that are invariant under continuous deformation without
tearing or cutting, e.g. bending, twisting, and stretching, but
does not consider other properties such as size or orientation.
In such a framework, nodes and links are dimensionless, node
location is disregarded, distances between nodes are not met-
ric but defined as the minimal number of links in the connect-
ing path, and the structural characteristics of brain networks
are uniquely determined by the adjacency matrix. However,
network layout and metric aspects may both play an impor-
tant role in the brain (Wang & Kennedy, 2016; Henderson
& Robinson, 2011, 2013, 2014; Roberts et al., 2016). For
instance, the anatomical wiring cannot entirely be accounted
for in terms of topological wiring rules and appears to stem at
least partly from spatial embedding (Henderson &
Robinson, 2011, 2013, 2014; Roberts et al., 2016). Physical
wires cannot cross, and this imposes limitations on the sys-
tem’s structure (Bernal & Mason, 1960; Song, Wang &
Makse, 2008; Cohen & Havlin, 2010; Dehmamy, Milan-
louei & Barab�asi, 2018; Liu, Dehamy & Barab�asi, 2021),
and mechanical properties qualitatively change with node
and link density (Dehmamy et al., 2018). Moreover, the sys-
tem’s structure is determined not only by the connectivity
matrix, but also by the network’s spatial layout (Cohen &
Havlin, 2010). Spatially embedded networks may have iden-
tical wiring but different geometrical layouts. Indeed, for a
given adjacency matrix, a network can have an infinite num-
ber of layouts, differing in node spatial positions and wiring
geometry. Likewise, topologically equivalent systems may
be combinatorially different (Babson et al., 2006).

Network ensembles with given properties constitute equiv-
alence classes. For instance, the layouts with identical wiring
that can be mapped onto one another without link crossing
or cutting define isotopy classes (Liu et al., 2021). This in turn
allows defining equivalence relations between different sys-
tems, and rules to relate different points within or between
systems, e.g. neighbourhood or proximity relations. On the
other hand, the relationship between various aspects of net-
work structure, e.g. the relationship between topology and
geometry in brain networks, is still poorly understood.

(6) A network-based disease taxonomy

Brain pathologies differ along numerous characteristics,
including aetiology, affected part of the system, associated
cognitive dysfunction and behavioural correlates. Corre-
spondingly, diseases differ in dynamics, spatial and temporal
scales, predictability, and reversibility. But how does this
translate into different roles of network structure implication
in disease? Can we categorise brain diseases based on their
underlying network structure and their role in pathology?

Considering networks in real space, disease may act on
nodes, e.g. as the result of tumours or strokes, or by targeting
connections, e.g. via demyelination and axonal injury. In

either case, brain disease can induce both localised or wide-
spread functional damage, either by propagating along neu-
ral connections to other areas, or by leading to anomalous
connectivity (Raj & Powell, 2018). While various neurologi-
cal and psychiatric disorders including epilepsy (Spencer,
2002; Lehnertz et al., 2009, 2017; Lehnertz, Bröhl & von
Wrede, 2023; Kramer & Cash, 2012), stroke (Wang
et al., 2010; Kuceyeski et al., 2014), traumatic brain injury
(TBI) (Pandya, Kuceyeski & Raj, 2017), multiple sclerosis
(Rocca et al., 2016), autism spectrum disorder (ASD)
(Oberman, Rotenberg & Pascual-Leone, 2014), schizophre-
nia (van denHeuvel et al., 2010; Fornito et al., 2012), and neu-
rodegenerative diseases including AD (Lo et al., 2010; Buldú
et al., 2011; de Haan et al., 2012), frontotemporal dementia
(Kuceyeski, Zhang & Raj, 2012; Sedeño et al., 2017), and
amyotrophic lateral sclerosis (Verstraete et al., 2011) are asso-
ciated with changes in both global and local network organi-
sation, from a system-level perspective, one may distinguish
non-local disease from local disease with non-local conse-
quences. For instance, it is straightforward to think of TBI
as a non-local disease. Indeed, TBI typically causes diffuse
axonal injury (Adams et al., 1980, 1989; Gentry, 1994;
Sidaros et al., 2008; Hellyer et al., 2013), and disruption of
long-range fibres (Hulkower et al., 2013). These in turn pro-
mote secondary biochemical cascades hours to days after
the initial injury (Greer, 2011), perturbing axonal transport
processes, and ultimately resulting in the accumulation of
products and alterations in neuronal homeostasis (Johnson,
Stewart & Smith, 2013). On the other hand, Parkinson’s dis-
ease (PD) appears as a focal disease with widespread motor
and cognitive consequences. In PD, classic motor features
are associated with the progressive neurodegeneration of
nigrostriatal dopaminergic neurons in the substantia nigra
pars compacta, or in some specific cortical region, as indi-
cated by the focal onset of motor symptoms (Foffani &
Obeso, 2018). Intermediate cases of various kinds are repre-
sented by schizophrenia, epilepsy, and AD. Schizophrenia
has classically been characterised as a disconnection syn-
drome (Friston, 1998; Stephan, Friston & Frith, 2009;
Schmidt et al., 2013; Hahamy, Behrmann & Malach, 2015;
Vasa, Mostofsky & Ewen, 2016; Hilary & Grafman, 2017),
but non-trivial structure beyond connectivity has also been
reported (van den Heuvel et al., 2010, 2013). Disease onset
in AD may be relatively focal in the anatomical space, while
its progression associated with characteristic functional
impairment may be progressively more network-like.
On the other hand, both focal and generalised seizures

arise from the dynamics of a distributed, large-scale aberrant
network spanning lobes and hemispheres; seizure proneness
in any part of the network can be affected by activity far away
in the network, and electrical and behavioural phenomenol-
ogy associated with seizures reflects the network as a whole
(Spencer, 2002). Moreover, while a relationship between
spatial–temporal seizure dynamics and global topological
properties of the associated dynamical networks has been
reported (Schindler et al., 2008; Kramer, Kolaczyk & Kirsch,
2008; Bialonski & Lehnertz, 2013; Burns et al., 2014), local
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network properties such as node centrality are not predictive
of the seizure onset zone (Geier et al., 2015). Thus, epilepto-
genesis and ictogenesis can be thought of as an emergent prop-
erty of aberrant large-scale neuronal connectivity, and seizures
as a network phenomenon (Lehnertz et al., 2009, 2017, 2023;
Kramer & Cash, 2012). Interestingly, while epilepsy appears
to be the prototype of diseases emerging as a result of global
interactions, it also illustrates the possibility of local dynamic
abnormality emerging from global abnormality, as accumulat-
ing evidence suggests that even focal epilepsy is associated with
diffuse structural and dynamical abnormalities (Engel
et al., 2013; Stam, 2014).

Diseases may also differ according to whether they directly
affect the anatomical (e.g. AD, schizophrenia) or the dynam-
ical (e.g. epilepsy) network structure, or a combination of
both (e.g. AD and epilepsy). But this distinction may not
always be clear-cut. For instance, while seizure-prone struc-
tures tend to be anatomically connected to damaged regions
(Riederer et al., 2008; Bernhardt et al., 2011; Bernhardt,
Bonilha & Gross, 2015; Raj, Kuceyeski & Weiner, 2012;
Chiang & Haneef, 2014), they are in essence of a dynamical
nature.

A further way to classify brain diseases is to consider the
relationship between anatomy, dynamics, and function. For
instance, in epilepsy, the functional space is identified with
the dynamical one, as the former becomes trivial during sei-
zures. This differs from other psychiatric diseases, in which
dynamics and function are qualitatively different spaces,
and non-trivial mapping between them needs to be defined.
Finally, the role of network structure may differ across dis-
eases: in some cases, e.g. in tumours or in epilepsy, it may
be a structure emerging from disease, while in other cases
the role of network structure is that of pushing brain dynam-
ics to pathological regimes.

IV. DISEASE AS HEALTHY NETWORK
STRUCTURE ALTERATION

Whether induced by internal dysfunction or by external fac-
tors such as pathogens or trauma, disease may be associated
with damage to an entire system or to some of its parts. The
notion that stable groups of symptoms are associated with
lesions of well-defined anatomical regions dates back toMor-
gagni (1682–1771) and underlies the foundations of anatom-
ical pathology.

Equipping the brain with a network structure adds three
aspects to this foundational framework. First, if some network
property has functional meaning, it is natural to suppose that
its modifications should be associated with pathology, and
conversely that at least some neurological and psychiatric
pathologies should be associated with abnormalities in net-
work structure. Second, the consequences of damage are
non-local, i.e. the structure–function map should be com-
plex, irrespective of whether the lesion is itself local or not.
Third, brain dysfunction may be thought of as a distance

from a functional structure and quantified in terms of the
magnitude of such distance.

Two fundamental questions should be addressed. Does
disease affect the network structure and if so, what aspects
of brain physiology (e.g. neural population or vascular sys-
tem) and network structure are affected by disease? How
can disease affect network structure?

(1) Connectome alterations in brain pathology

Both in traumatic brain injury and in neurodegenerative dis-
eases, it is natural to think that disease acts on the brain’s net-
work structure, possibly altering its geometry and topology.
Brain injury is characterised by primary damage which
induces immediate degeneration and cell death in regions
proximal to the insult, but also secondary damage triggering
downstream events that can extend to remote regions spared
by primary damage (Park, Velumian & Fehlings, 2004). Sec-
ondary damage is typically proportional to the extension and
duration of primary damage (Block, Dihne & Loos, 2005) but
of much longer duration. Remote damage can result from
axonal damage or from transneuronal degeneration, which
can involve neurons losing their projection target or their
input (Viscomi & Molinari, 2014). Axonal damage gives rise
to a number of local and nonlocal phenomena including
Wallerian and Wallerian-like degeneration, ultimately
resulting in disconnection and loss of signalling (Seeley
et al., 2009), which can conceivably translate into changes in
brain network geometry and topology.

Charting the brain overall relational structure is the main
goal of recent collective connectome projects (Alivisatos
et al., 2012, 2013; Larson-Prior et al., 2013; Van Essen
et al., 2012, 2013; Allen et al., 2014; Okano, Miyawaki &
Kasai, 2015; Glasser et al., 2016; Amunts et al., 2016; Miller
et al., 2016; Poo et al., 2016; Howell et al., 2019), as well as
of functional cartography (Mattar et al., 2015; Jirsa
et al., 2010) and discovery science (Biswal et al., 2010). A
similar representation can be associated with gene (Bota,
Dong & Swanson, 2003; Patania et al., 2019) or neurotrans-
mitter expression (Hansen et al., 2022). While the connec-
tome represents static connectivity between brain areas, the
chronnectome involves a temporal dimension, describing
brain dynamics as a set of reoccurring, temporal connectivity
patterns (Calhoun et al., 2014; Iraji et al., 2019).

In the same way that a connectome is intended as a com-
plete anatomical, dynamical and even genuinely functional
network structure of the healthy brain, pathoconnectomics
should constitute a map of abnormal brain networks
(Rubinov & Bullmore, 2013), the main underlying idea being
that the connectome could constitute a biomarker for disease
(Kaiser, 2013), and therefore that pathoconnectomics is in
fact genuine functional structure.

Already at a purely dynamical level, various fundamental
reasons render the connectome induced by dynamics, usually
termed functional connectome, inherently more complicated to
define. First, defining links in dynamical networks is far less
straightforward than in the anatomical case as for instance
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no connectivity metric is explicitly based on neurophysiology.
Each of the available metrics is predicated upon assumptions
on the way brain units are related to each other and, even
more fundamentally, on the functional meaning of such rela-
tion. Second, the possibility of such interactions occurring on
multiple temporal scales places an additional challenge
on the detection of interactions and the timescales of the asso-
ciated phenomena can be rather non-trivial (Papo, 2013b,
2015). Mapping the dynamical space into the functional
one adds a further complexity layer, important reasons being
the presence of neutral networks in the physiological space
and highly degenerate circuits. In a degenerate system,
lesions are not necessarily associated with functional deficit,
and this makes it difficult to establish whether a brain region
is necessary for a given cognitive process (Price &
Friston, 2002). To determine whether network structure
damage underlies the functional disruption associated with
disease it is therefore necessary first to identify what aspect
of brain structure is functionally relevant and then to under-
stand the functional meaning of structure from which the
structure–function relationship can ultimately be deduced.

(2) Structural consequences of disease

Connectomes are per se bare (anatomical or dynamical) con-
nectivity charts. The role of connectivity in brain function
(Kozma & Freeman, 2016) and the impact of its increase or
decrease in neurological and psychiatric conditions
(Geschwind, 1965; Friston, 1998; Geschwind & Levitt,
2007; Casanova & Trippe, 2009; Stephan et al., 2009; Terry,
Benjamin & Richardson, 2012; Schmidt et al., 2013; Ober-
man et al., 2014; Hahamy et al., 2015; Vasa et al., 2016;
Hilary & Grafman, 2017) has convincingly been
documented.

Evidence for network diseases in analogy with dysconnec-
tion syndromes (Geschwind, 1965; Weinberger, 1993;
Friston & Frith, 1995; Friston, 1998; Stephan et al., 2009;
Dineen et al., 2009; Drzezga et al., 2011; Friston et al., 2016)
would go a long way towards demonstrating the genuine
network-like nature of brain function. Arguably the first step
in this direction consists in documenting changes in non-
trivial anatomical and dynamical network structure in neuro-
logical and psychiatric conditions [see Stam (2014) and
Buldú et al. (2024) for reviews].

One important question is whether the functional impair-
ment associated with dysconnection syndromes, e.g. AD or
schizophrenia, is also associated with changes in non-trivial
higher-order network structure induced by variations in con-
nectivity. For instance, alterations of steady-state structure of
brain dynamics in AD have been shown to induce loss of non-
trivial network structure and a shift towards increasingly ran-
dom structure (Buldú et al., 2011), consistent with a vision of
disease as loss of complexity rather than regularity
(West, 2010). On the other hand, schizophrenia has been
associated with a reduction in white matter connectivity
selectively affecting the so-called rich club, i.e. the pathways
connecting high-degree nodes (van den Heuvel et al., 2010,

2013). Moreover, high-order non-linear interactions in
multi-task networks have been proposed as indicators of
aberrant brain function in schizophrenia (Plis et al., 2014).
Change within the network may be non-local. For instance,
reconfiguration of the epileptic brain network potentially
affects any network constituent and their dynamical connec-
tions (Lehnertz et al., 2017, 2023; Rings, von Wrede &
Lehnertz, 2019b).
On a related level, a further important issue is the specific-

ity and sensitivity of network structure to given pathologies.
While there may be differences in the network properties of
anatomical and dynamical networks between a given disease
and the healthy brain, this does not per se guarantee that the
former is a genuine network disease, even when differences
between populations, e.g. between fronto-temporal demen-
tia and healthy controls (Sedeño et al., 2017) are only found
in terms of network properties.
While the emphasis of connectomics is in general on the

bare connectivity and topology of brain networks, brain net-
work combinatorics and geometry can also be affected in dis-
ease in both real and phase space. For instance, both
physicality (P�osfai et al., 2024) and topology–geometry inter-
actions presumably play an important role in pathologies
such as tumours. It is particularly important to understand
not only what role that such factors play on the network
structure and ultimately on brain dynamics and function,
but also when this may start being important. Furthermore,
pathology can affect anatomical (Simhal et al., 2020) and
dynamical network curvature.

(3) From structure of the dynamics to the dynamics
of structure

It has long been recognised that at both neurophysiological
and behavioural levels at least some diseases have an inher-
ently dynamical nature and undergo bifurcations, i.e. quali-
tative changes, for some values of parameters controlling
the dynamics (Mackey & Glass, 1977; Glass & Mackey,
1979, 1988; Glass, 2015). However, what role is played by
network structure is still not totally clear.
In essence, a dynamical disease with a network support can

display bifurcations either of the dynamics or of some net-
work property, e.g. topological phase transitions. These cor-
respond to two aspects of the relationship of network
structure to dynamics, i.e. the network structure induced by
the spatiotemporal organisation of the dynamics and the
space within which lives the dynamics induced by the ana-
tomical network. Each of these aspects sheds light onto some
role of network structure in brain disease.

(a) Dynamical consequences of anatomical structure damage

Above, we reviewed possible disease-induced emergent net-
work structure. However, disease may also involve network-
induced changes in dynamics. At the most basic level, insofar
as complex network structure can be understood as a state of
matter (Papo, 2013a; Sun et al., 2024), disease can change the
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system’s spontaneous fluctuations and generic response to
external fields (Demetrius, 2013). Moreover, disease may
act by pushing brain dynamics away from criticality. Indeed,
global scaling properties have been shown to be altered in
various pathologies (Oberman et al., 2014; Bruining
et al., 2020; Liang, Yang & Zhou, 2024). But what role does
the network structure play in this action of disease on
dynamics?

Disease may act on dynamics through its action on the
anatomical network structure, which may force criticality
without fine parameter tuning in the healthy brain
(Moretti & Muñoz, 2013). Non-trivial anatomical network
structure and its modifications induced by disease could act
as topological defects (Mermin, 1979; Ódor, 2008;
Nishimori & Ortiz, 2010; Bowick et al., 2022; Shankar
et al., 2022). Such a structure may be relevant to a number
of pathologies. For instance, tumour formation can be associ-
ated with collective flocking motion through a medium filled
with defects.

Disease may also act directly on the dynamical structure.
At the most basic level, this may occur via aberrant dynamic
connectivity (Oberman et al., 2014). Non-trivial scaling in
networked systems has been proposed to arise from the bal-
ance between excitation and inhibition (van Vreeswijk &
Sompolinsky, 1996). Thus, the main pathophysiological
mechanism in diseases such as ASD and schizophrenia may
be altered intracortical inhibition within neural microcir-
cuitry (Eichler & Meier, 2008; Yizhar et al., 2011). For
instance, reduced inhibition in ASD (Rubenstein &
Merzenich, 2003; Markram & Markram, 2010; Vattikuti &
Chow, 2010) may result in an increased excitation/inhibition
ratio (Rubenstein & Merzenich, 2003; Nelson &
Valakh, 2015; Dickinson, Jones & Milne, 2016) ultimately
modifying the system’s macroscopic scaling properties
(Liang et al., 2024). Brain disease may induce dynamical
changes by disrupting non-trivial structural properties at
macroscopic scales. For instance, the loss of hierarchical
modularity in pathologies such as AD or schizophrenia may
impair brain metastability (Caprioglio & Berthouze, 2024).

(b) Structure dynamics in disease

If disease is associated with changes in network structure, it is
important to understand the nature of such changes. In this
sense, the difference between healthy activity and pathology
may be comparable to dynamical and functional switching
in the healthy brain (Papo & Buldú, 2024; D. Papo &
J.M. Buldú, in preparation). Likewise, disease is itself often
inherently dynamic (Torres et al., 2016; Fülop et al., 2020;
Liu et al., 2022), with varying symptoms and underlying neu-
rophysiology, and this may be mirrored by structural dynam-
ics. One fundamental question involves determining whether
such network structure changes are quantitative or qualita-
tive. Various scenarios are possible in principle.

First, the transition to pathology may not be associated
with any observable topological change, even in the presence
of qualitative behavioural changes. For instance, generalised

or focal seizures may arise as a consequence of subtle changes
in network structure (Terry et al., 2012). A second possibility
is that disease is associated with genuine topological phase
transitions associated with singularities in global network
structure properties in the anatomical or dynamical
network structure. Such transitions can emerge as the level
of noise associated with rewiring is varied (Derényi
et al., 2004; Derényi, Palla & Vicsek, 2005; Palla et al.,
2004). Metastable-state transitions with topological changes
in the minimal-spanning-tree of the network induced by
cross-correlations in electrical brain activity have been
reported (Bianco et al., 2007). However, whether network
topology in the real space acts as a control parameter enfor-
cing brain dynamics bifurcations at some scale is insuffi-
ciently understood. A third possibility is that disease is
associated with transitions in the phase space of the dynam-
ics. Under some conditions, topological changes undergone
by the level subsets of some configuration property of the
manifold are related to singularities in microcanonical
entropy (Pettini, 2007; Kastner, 2008; Santos et al., 2014;
Casetti, Pettini & Cohen, 2000). In dynamical brain net-
works, this can occur for dynamic coupling levels emerging
as a connectivity threshold is varied (Santos et al., 2019; de
Amorim Filho, Moreira & Santos, 2022). This topological
change is associated with singularities of the Euler character-
istic, an integer-valued topological invariant describing the
system’s associated structure (Matsumoto, 2002; Ghrist,
2014). However, while in systems with short-range interac-
tions topological changes in the configurational space consti-
tute a necessary (although not sufficient) condition for phase
transitions to occur (Casetti et al., 2000; Franzosi &
Pettini, 2004; Pettini, 2007; Kastner, 2008), for systems with
long-range interaction potential, topological properties of the
potential energy may not change greatly at a second-order
phase transition (Campa, Dauxois & Ruffo, 2009). Moreover,
topological changes may be numerous even away from a
phase transition (Kastner & Schnetz, 2008). A necessary crite-
rion for the occurrence of a thermodynamic phase transition
relates to the curvature at the saddle points of the potential
(Kastner & Schnetz, 2008). Disease could also be associated
with anomalous scale-dependent topological cross-overs
(Rozenfeld, Song & Makse, 2010; DeDeo & Krakauer,
2012; Villegas et al., 2022). Indeed, healthy brain activity
may be characterised by hierarchical organisation into mod-
ules with large-world self-similar properties at macroscopic
scales, and the addition of only a few weak links can turn the
system into a non-fractal small-world network (Gallos,
Makse & Sigman, 2012), but how this may possibly change
as a result of brain pathology has not been directly addressed.

A further question requires understanding which of the
various aspects of network structure (topology, geometry,
combinatorics) may be affected in disease. For instance, dis-
ease may affect brain network geometry without affecting
topology, as for instance in tumour invasion. Likewise, in
damage to memory-related function, e.g. in the hippocam-
pus, combinatorial transitions may induce functional impair-
ment without changing topology.
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(4) Role of network structure in the functional
consequences of disease

Pathology typically affects the brain’s ability to carry out its
functions, by reducing its efficiency and reliability
(Schwarze et al., 2024), sometimes leading to complete func-
tional breakdown. Disease-related structural changes may
lead not only to dynamical and functional inefficiency but
also to thermodynamical dysfunction (Zhang & Raichle,
2010), although the relationship between network structure
and thermodynamics is still poorly understood. But does dis-
ease affect brain function by altering its network structure?
For instance, does impairment in information spreading,
encoding, and processing proceed from structure damage?
Can the loss of efficiency in the way the brain carries out
the function it is supposed to perform and in the cost-
efficiency trade-offs that it makes be quantified in terms of
network properties? Conversely, can functional changes
force network structural changes?

(a) Network scales of disease action

When considering a neural population in the real anatomi-
cally embedded space, the first question is to identify the net-
work level at which disease may act. Functional damage may
occur at scales at which there is no network-like activity; con-
versely, at scales for which such activity is present, damage
may be renormalised within single nodes. Thus, at the scales
at which network structure may be functionally relevant,
disease-related perturbations may act not directly upon the
network topology, but upon nodal dynamics. For instance,
in epileptic seizures macroscale dynamics may be driven by
microscale neuronal activity (Burrows et al., 2023). This
may change the system’s dynamics without modifying ana-
tomical or even dynamical network structure (or function).

While the meaning of nodes and links is in general scale
dependent, it has been proposed that at the system level, con-
nectivity may carry information about disease severity, while
local node parameters may be related to aetiology and prog-
nosis (Zonca et al., 2024).

(b) Network structure and activity propagation in disease

One fundamental way in which disease may affect brain
function efficiency is by changing the way activity propagates
across the space. Indeed, network efficiency is in general
framed in terms of propagation rather than of the ability
of a given networked system to perform some task. In turn,
how activity spreads through a network is often charac-
terised not directly in terms of the propagation process,
whose nature is in general unknown, but indirectly in
terms of the substrate topology visited by that process
(Latora & Marchiori, 2001).

How perturbations propagate through networks, impact
and disrupt their functions may depend not only on the type
and location of the perturbation, but also on the interplay
between topological properties, interaction dynamics, and

self-dynamics (Avena-Koenigsberger, Misic & Sporns,
2018; Hens et al., 2019; Bao et al., 2022).
While the most obvious way in which disease can affect

activity propagation is through outright disconnection, net-
work properties ranging from local ones such as node degree,
to mesoscale structure such as motifs and hubs can shape
global communication and facilitate integrative function
(Miši�c et al., 2015), determining the scaling regimes and prop-
agation properties (Bao et al., 2022). Importantly, damage
may also hinder activity propagation across scales, even in
the absence of anatomical damage (Ghavasieh, Bertagnolli &
De Domenico, 2023).

(c) Network structure and information transport and processing in
disease

Brain pathology can induce a range of functional deficits
with characteristic behavioural correlates. While these def-
icits may often be thought of as the result of changes in
brain transport properties, they may also emerge in
alternative ways.
At the most basic level, it is important to understand the

role of network structure in the way brain responses to exter-
nal stimuli may vary as a result of disease. When considering
the relationship between network structure and response
function of a given system, two dual aspects should be consid-
ered. So far, we have considered network structure changes
associated with given pathologies. However, a second factor
is the way network topology affects the response to external
fields. The brain responds to external stimuli by computing
an implicit model of the environmental variables through
transient patterns of dynamics (Tsuda, 2001). As it performs
computation the brain faces a trade-off between sensitivity
and reliability. On the one hand transient dynamics must
be input specific. On the other hand, computations must be
reproducible, robust against noise and variations in initial
conditions, and easily decoded. Input-specific yet structurally
reliable transient dynamics can be achieved with heteroclinic
dynamics (Rabinovich, Huerta & Laurent, 2008; Ashwin
et al., 2024). In a high-dimensional networked system, this
can be achieved with asymmetric inhibitory connections
(Nowotny & Rabinovich, 2007). This type of connectivity
can coordinate the sequential activity of neuronal popula-
tions and stabilise heteroclinic channels (Rabinovich
et al., 2008). While higher-network structure also plays a role
in the response function (Sreenivasan et al., 2017), the role of
non-trivial network structure in the response function alter-
ations in disease, including the scale at which this may hap-
pen and the properties through which disease can act, is
still poorly understood.
One intuitive way to understand the functional role of net-

work structure in disease consists of interpreting structure in
energetic and evolutionary terms. For instance, the energetic
cost associated with the rich club structure points to a
functionally advantageous structure, and rich club hypocon-
nectivity in schizophrenia likely affects the system’s commu-
nication capacity. However, it is not straightforward to
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explain altered brain dynamics and behavioural phenome-
nology in schizophrenia in these terms. A functionally more
interpretable aspect may be represented by the breakdown
of modularity (David, 1994; Alexander-Bloch et al., 2010;
Godwin, Barry & Marois, 2015). For both anatomical and
dynamical networks, a modular structure is characterised in
real space by the presence of groups of nodes with dense or
strong intrinsic but sparse or weak extrinsic connectivity.
Modularity is associated with structure at various, possibly
hierarchically organised (Pathak, Menon & Sinha, 2024) spa-
tial (Meunier, Lambiotte & Bullmore, 2010) and correspond-
ing timescales, naturally introducing separation between
intra- and intermodular scales. Correspondingly, a modular
structure may constitute a functionally efficient architecture,
provided it realises an optimal balance between local segre-
gated and global integrated activity modes (Tononi,
Sporns & Edelman, 1994; Tononi & Edelman, 2000). Func-
tional impairment associated with dysmodularity may stem
from either intra- or inter-module dysconnectivity. In both
cases, this can emerge from hypo- and hyperconnectivity.
From the developmental perspective relevant to schizophre-
nia or ASD, this may respectively correspond to excessive
and insufficient cortical pruning. For instance, ASD has been
characterised both as a developmental hypo- (Geschwind &
Levitt, 2007), and hyperconnection syndrome (Casanova &
Trippe, 2009). However, while emerging deficits in schizo-
phrenia may result from excessive cortical pruning in a way
similar to what may happen in a neurodegenerative disease,
decreased global pruning seems a more plausible model. In
the presence of increased anatomical and dynamical connec-
tivity induced by reduced pruning, modules can become
more interconnected, with shortcuts among modules allow-
ing changes to propagate. This may explain the impairment
of supramodular functions characteristic of schizophrenia,
including deficits in perceptual filtering (McGhie &
Chapman, 1961), vulnerability to overload, proneness to
perceptual interference (Liddle & Morris, 1991), overflow
of linguistic analysis into perceptual systems, together result-
ing in thought insertion and auditory hallucinations and a
tendency to spurious associations (Frith, 1992). The possible
presence of hierarchical modularity adds further accessible
ways through which pathology may arise from network struc-
ture perturbations. For instance, schizophrenia has been
shown to be associated with enhanced global hierarchical
organisation at rest (Acero-Pousa et al., 2024). However,
while a structural change is associated with negative symp-
toms including apathy and formal thought, it is unclear
how specifically the former can be used to explain the func-
tional aspect of the latter.

Conversely, disease-related network structure can
emerge as the result of functional changes associated with
disease. The role of network structure in disease-related
information-processing impairment can be understood by
considering topological network features such as heterogene-
ity and modularity as emergent properties of functional
trade-offs (Zylberberg et al., 2017; Ghavasieh & De
Domenico, 2024). For instance, it has recently been proposed

that mesoscale structure can emerge from a trade-off
between information exchange and response diversity over
a wide range of timescales (Ghavasieh & De Domenico,
2024). Thus, disease-related changes in network structure
may point to changes in the balance between information
transport and processing (Zylberberg et al., 2017;
Ghavasieh & De Domenico, 2024).

V. NETWORK STRUCTURE OF DISEASE AND
BRAIN–DISEASE INTERACTIONS

In some instances, it may be natural to think of disease as a
separate system. As a consequence, disease itself may have
its own structure. Such a structure can be understood as a
complex network at three different levels: in the space of dis-
eases, in the behavioural space of observable behavioural
symptoms, and in the underlying space of neurophysiological
processes from which these symptoms arise.

The idea that the space of pathologies has a certain order,
upon which the discipline of nosography is predicated, dates
back to Thomas Sydenham (1624–1689). It is then natural to
chart brain disorders and the relations among them (Cristino
et al., 2014; Fornito, Zalesky & Breakspear, 2015; Halu
et al., 2019; Guloksuz, Pries & Van Os, 2017). The space of
human diseases and disorders may be endowed with a net-
work structure induced by genetic or protein interactions
(Goh et al., 2007). Moreover, diseases, particularly within a
geographical area, may induce a space where single diseases
may interact in various ways (e.g. antagonistic or synergistic),
a notion known as pathocenosis (Nicolle, 1933; Grmek, 1969;
Gonzalez et al., 2010). In graph theoretical terms, such a
space is naturally thought of as a network-of-networks (Gao
et al., 2011; Kenett, Perc & Boccaletti, 2015; Kiani,
Gomez-Cabrero & Bianconi, 2021). Within the functional
space made observable by clinical phenotypic manifesta-
tions, brain disorders can be thought of as systems of
subject-specific causally connected symptoms rather than as
effects of a latent disorder (Borsboom &Cramer, 2013; Zhou
et al., 2014; Guloksuz et al., 2017; Epskamp, Borsboom &
Fried, 2018; Tosi et al., 2024). Diseases share not only signs
and symptoms, but also underlying physiology, including
genes and proteins, as well as therapies to treat them. Finally,
in some cases, for instance involving invading masses and
tumours, it is also natural to ascribe to disease a structure of
its own that is distinguishable from that of the healthy brain
(Mandal et al., 2024).

If disease is thought of as a separate system, it is important
to understand how it interacts with the brain. There are var-
ious ways in which the interaction between networked sys-
tems can be understood. Disease can for instance be
thought of as a process unfolding on network structure, which
can be static or have its own timescales. Moreover, it is
straightforward to conceive of the brain–disease interaction
as competitive, although other forms of interaction are in
principle possible. Insofar as both brain and disease may
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possess a network structure, the interaction can ultimately be
understood as network competition. However, the interac-
tion need not always be of a competitive nature and the
two systems may sometimes better be thought of as
coevolving.

(1) Disease as a process on a network

Above, we have considered how disease may be associated
with changes in network structure. However, various pathol-
ogies, e.g. neurodegenerative diseases, may induce not only
dynamics of networks but also dynamics on them, with some
diseases potentially presenting both kinds of effects (Raj &
Powell, 2018). Disease can then be thought of as a process
(or modification of a process) unfolding on the structure,
the timescales of which are typically different from those
of the dynamics of its constituent parts. The interplay
between dynamical processes and the structure on which
they unfold induces novel scales. For instance, dynamical
processes induce specific latent geometries, which influ-
ence how activity or information may spread across the
system (Brockmann & Helbing, 2013; De Domenico,
2017; Barzon et al., 2024).

(a) The role of network structure in disease spreading

Various brain pathologies present a distinctive disease pro-
gression pattern, with stereotypical neuronal events and cor-
responding characteristic temporal and spatial scales. For
instance, neurodegenerative disorders display highly stereo-
typed patterns of disease progression, from the entorhinal
cortex and hippocampus to the temporal, parietal, and even-
tually frontal regions (Buckner et al., 2005), whose progres-
sion follows fibre pathways rather than proximity (Seeley
et al., 2009), characterised by atrophy, tau and beta amyloid
pathology, and metabolic load.

Despite fibre tract damage, and evidence that amyloid
progression stages are associated with network structure
changes between default-mode network brain areas
(Pereira et al., 2018), at least some macroscopic aspects of
the anatomical network topology in AD is preserved
(Powell et al., 2018). Neuropathological evidence suggests
that dementias, whose onset is associated with brain atrophy
as well as misfolded beta amyloid and tau protein accumula-
tion in the grey matter, may be characterised by spreading
along spared white matter tracts through prion-like trans-
synaptic transmission of misfolded tau and beta amyloid
(Brundin, Melki & Kopito, 2010; Raj et al., 2012; Clavaguera
et al., 2015). To understand how this process interacts with
the network structure it unfolds on, it is necessary to charac-
terise the process itself, at both neuronal and dynamical level,
e.g. via passive diffusion, advection, active axonal transport,
or other distance-independent processes (Braak & Braak,
1991; Braak et al., 2003; Iturria-Medina et al., 2014, 2017;
Raj & Powell, 2018; Peraza et al., 2019; Del Tredici &
Braak, 2020; Pandya & Patani 2021; Mill�an et al., 2022;
Rapisardi, Kryven & Arenas, 2022). In the former

case, misfolded and aggregated proteins may spread
through distance-dependent spatial gradient-driven pro-
cesses (Warren et al., 2013), and the underlying protein trans-
mission process can be modelled as a geometry-driven heat
equation (Raj et al., 2012). In the latter case, overall fibre den-
sity, corresponding to connection strength at coarse-grained
scales, should be more important than distance-dependent
spatial diffusion. The atrophy patterns of protein transmis-
sion in various dementias were predicted by the Laplacian
eigenmodes associated with the dynamics predicted by
connectivity-driven spreading models (Stumpf & Krakauer,
2000; Matthäus, 2006), consistent with the notion that
regional vulnerability to AD is predicted more by network
connectivity than by the expression of AD-related genes
and the molecular factors they promote.
A similar use of the network has been proposed to apply to

disease progression in schizophrenia. While schizophrenia is
characterised by progressive waves of tissue loss (van Haren
et al., 2008), with atrophy and cortical thinning (DeLisi
et al., 1997; Kubota et al., 2013), dynamic interregional con-
nectivity changes affect the way activity spreads on the ana-
tomical network (Abdelnour, Vos & Raj, 2014) eventually
disrupting temporal communication between higher-order
brain regions (Hunt et al., 2017). On the other hand, while
atrophy dynamics in temporal lobe epilepsy (Bonilha
et al., 2003; Bernhardt et al., 2009; Mueller et al., 2009) could
in principle result from epileptogenic hyperactivity propaga-
tion (Sutula, Hagen & Pitkänen, 2003; Riederer et al., 2008)
resulting from excitotoxicity (Mehta et al., 2013), it is likelier
the result of network dynamics associated with progressive
deafferentation, followed by progressive neuronal loss in con-
nected remote regions (Abdelnour et al., 2014; Abdelnour,
Mueller & Raj, 2015).

(b) The role of network structure in pathological processes at fast scales

In some pathologies, e.g. epilepsy or multiple sclerosis, in
addition to the disease progression timescale, processes may
also unfold at the shorter timescales of disease episodes.
One important question is whether seizure-related activity
follows the same path as physiological activity (Zaveri
et al., 2020). While seizure initiation and propagation have
been shown in association with novel local pathways
(Bragin, Wilson & Engel, 2000; Scharfman et al., 2003), and
large-scale anatomical network reorganisation in pharma-
coresistant epilepsy patients is common although not ubiqui-
tous (Tellez-Zenteno et al., 2010), seizure propagation has
also been shown to use the same pathways as healthy activity
in rodents (Rossi et al., 2017). Thus, seizure spreading may
depend on the existing network topology and may not be
related to atrophy (Lehnertz et al., 2023).
At the single-episode scale, spreading is not the only way in

which the network can be used by a neural process. For
instance, insofar as epilepsy can be understood not only at
the spread of hyperexcitability but also as a synchronisation
process on the anatomic network, the network structure
may play a role in the way the system synchronises, ultimately
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giving rise to seizure phenomenology (Dyhrfjeld-Johnsen
et al., 2007; Chavez et al., 2010; Lehnertz et al., 2023).

(c) Universal mechanisms in brain disease dynamics

Brain diseases vastly differ from each other not only in aetiol-
ogy and dynamical and functional phenomenology but also
in their spatial characteristics. In spite of such profound dif-
ferences, there may also exist some universal dynamical traits
or mechanisms shared by at least groups of pathologies. For
instance, brain injury may be characterised by the spreading
along the topological structure of its anatomical connectivity
of sleep-like cortical dynamics, resulting from disease-
induced local changes in ascending input and lateral excita-
tion and the consequent excitation/inhibition imbalance
(Massimini et al., 2024). Likewise, while neurodegenerative
diseases feature distinct patterns of selective vulnerability of
some classes of neurons, characterised by neuronal loss and
protein accumulation, a phenomenon known as pathoklisis
(Eser et al., 2018), dementias may share a common progres-
sion mechanism irrespective of aetiology, region-specific neu-
ropathy (Braak et al., 2000; Pandya & Patani, 2021), or
selective vulnerability within dissociated functional networks
(Seeley et al., 2009).

(2) Brain–disease interactions

Once brain and disease are thought of as separate networked
systems it is natural to assume that they may interact. The
interaction between two networked subsystems can have
various profound effects. For instance, the interaction of
a given subgraph with other nodes in the network affects
whether that subgraph corresponds to a fixed-point sup-
port (Morrison & Curto, 2019).

What the effects of interactions between networks may be
depends on the way they interact. Such a relationship may
be understood in terms of interdependence, competition, or
even cooperation between network structures (Aguirre,
Papo & Buldú, 2013; Miši�c et al., 2015; Danziger
et al., 2019) or coevolution. For instance, interdependence
and competition may respectively correspond to positive
and negative correlations in the coupling of a system’s local
connectivity with the other system’s local order (Danziger
et al., 2019). Whether this simply has dynamical significance
or a functional one as well depends on how local order
reflects the instantaneous local functionality.

If disease can effectively be considered as a separate net-
worked system interacting with the brain network, one
potentially important factor is the way these two networks
make contact with each other. This may have two potentially
interesting aspects. First, connector nodes may play an
important role in the brain–disease interaction (Aguirre
et al., 2013, 2014; Buldú et al., 2016). More generally, the
interface may itself possess non-trivial network structure, so
that disease stages may be quantified in terms of the interface
structure and its dynamics.

Another important but still poorly understood question is
represented by the quantity these systems may compete for
and how this can be expressed in network terms, some form
of centrality representing a possible candidate (Aguirre
et al., 2013). For example, the activity of the two brain hemi-
spheres has been described as a competition process for gain-
ing centrality in the functional network (Martínez et al.,
2018a). An analysis of the eigenvector centrality across differ-
ent frequency bands and conditions showed that the hemi-
spheres generally maintain a functional balance, with no
significant centrality dominance of one hemisphere over the
other. However, when networks were made sparser, this bal-
ance shifted, leading to scenarios where one hemisphere
could accumulate disproportionately higher centrality.

VI. CONFRONTING DISEASE: THE ROLE OF
NETWORK STRUCTURE

One important question is whether subjects’ proneness and
response to and recovery from disease is related to the sys-
tem’s network properties prior to its inception. Likewise,
the structure of, or induced by, disease may create dynamical
traps, which the system cannot easily escape from (Scheffer
et al., 2024). The underlying idea is that network structure
may not only act as a functional substrate but also as a mech-
anism of resistance to disease (Fornito et al., 2015). In this
sense, the resilience of the anatomical network, in many cases
sustained by a high degree of degeneracy, is crucial to main-
tain the brain within a healthy behaviour (Tononi, Sporns &
Edelman, 1999; Zamora-L�opez, Zhou &Kurths, 2010) Mul-
tiple levels of degeneracy have been reported in the human
brain, from microcircuits to large-scale connectomics
(Marder & Goaillard, 2006) and it has been suggested as
one of the key elements behind cognitive reserve and, conse-
quently, healthy ageing (Barulli & Stern, 2013).

The possible role of network structure in resilience can be
understood by considering a networked systems described by
a global order parameter, e.g. its dynamics Γ or information
capacity I , depends in a complex way on a network structure
C , e.g. on the adjacency matrix A=Aij , or on some topolog-
ical property T defined on such a matrix, and that lives in a
space S, e.g. a manifold M with some metric g. Perhaps
the most intuitive aspect one may investigate is the dynamic
manifold’s smoothness with respect to the connectivity
matrix ∂M=∂Cð Þ: A further step may consist in finding
how the manifold varies as some particular topological prop-
erty changes ∂M=∂Tð Þ. When appraising resilience,
though, what is usually addressed is how topology in the
appropriate space itself varies with changes in connectivity
∂T =∂Cð Þ: The ultimate and more complex goal is under-
standing variations induced in the corresponding functional
manifold (∂F Mð Þ=∂C ), and how these may occur as a result
of changes in the system’s structure.

Addressing resilience from a network perspective involves
various important questions. Is there any structural
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characteristic that renders the system more vulnerable prior
to or as a consequence of disease? How much perturbation
can the system withstand to maintain structure? Can function
be sustained without qualitatively changing structure? How
can the system change in order to maintain function without
changing structure? Can a system maintain function by
changing structure? How much should a system change to
maintain function? To what extent does the system’s ability
to revert to its prior configuration depend on the network
structure?

(1) Structural, dynamical and functional resilience

Resilience may in principle be referred to structural, dynam-
ical, and functional aspects of a system (Lesne, 2008; Majhi
et al., 2024). Brain structural robustness is defined as the
degree to which network properties are resilient to sequences
of such perturbations, typically of the anatomical network
(Alstott et al., 2009; Warren et al., 2014; Aerts et al., 2016).
Dynamical robustness is the ability of a system to conserve
the same asymptotic dynamics (Lesne, 2008; Demongeot
et al., 2010). In particular, it is important to understand
dynamical robustness of networks of coupled oscillators
(Daido & Nakanishi, 2004, 2007) in biological systems
(Tanaka, Morino & Aihara, 2015). Insofar as dynamic oscil-
latory activity is crucial to healthy brain functioning
(Başar, 1999; Fries, 2005) and compromised in various brain
pathologies (Schnitzler & Gross, 2005), a meaningful way to
define dynamical robustness is as the ability of a network
to sustain collective macroscopic oscillations when some of
its nodes fail to produce rhythmic dynamics as the system is
perturbed locally (Tanaka, Morino & Aihara, 2012). Note
that structural robustness may refer to both the anatomical
and the dynamical structure and more generally to any
aspect that can meaningfully be endowed with a network
structure. Likewise, dynamical robustness could in principle
refer to the anatomical structure at sufficiently long time-
scales. Given brain activity’s complex phase space and the
non-trivial structure–dynamics–function map, structural
and dynamical robustness may or may not imply functional
robustness (Kitano, 2007; Schwarze et al., 2024). In particu-
lar, function may not be robust with respect to given pertur-
bations that leave structure and/or dynamics unchanged.

(2) Gauging the effects of disease: the solid material
metaphor

Disease may lead to various degrees of impairment, ranging
from decreased efficiency to complete breakdown of a given
function. To understand disease and the associated damage
in terms of some intrinsic properties of the affected system
it is useful to think of the structure, whether defined in real
or in phase space, as a solid material. In material science,
resilience is related to the amount of energy a solid material
can absorb and still recover its original state. This corre-
sponds to its ability to remain in the elastic region of the
stress–strain curve, obtained by gradually applying load

and measuring the deformation on the tested material. This
curve reveals various key properties of a material. Two
important landmarks in the curve are represented by the
yield point and the ultimate tensile strength. The former
identifies the limit between elastic and plastic behaviour,
below which the material deforms elastically returning to its
original shape when the applied stress is removed, while it
deforms irreversibly and plastically above it. The latter iden-
tifies the maximum stress that a material can withstand
before breaking as it is being stretched or pulled, which lies
close to the yield point for brittle materials and further away
for ductile ones.
Altogether, the way the system withstands the impact of

damage can be thought of in terms of toughness. Toughness
quantifies the amount of energy that a material can absorb
plastically before fracturing, and comprises both strength,
i.e. the ability to withstand external forces without breaking
or yielding and ductility, i.e. the ability to withstand plastic
deformation before fracture.
Importantly, some properties (e.g. stiffness, a measure of a

material’s ability to return to its original form after being
acted upon by an external force), depend on the system’s
shape and boundaries, while other properties (e.g. the elastic
modulus, a measure of resistance to elastic deformation) are
intrinsic (intensive) properties of a given material.

(3) Resilience in the elastic regime: disease as brain
perturbation

One general way to approach resilience and related concepts
is to think of disease as a perturbation to the system and to
evaluate how the system modulates the response to such a
perturbation. Disease can then be thought of as a perturba-
tion acting upon the network structure of a multi-body
dynamical system and pushing it towards dysfunctional
regimes (Sanz Perl et al., 2023), and vulnerability and resil-
ience are expressed in terms of action upon a network.
Key questions a perturbative model of resilience and

pathology addresses are: (i) what aspect is showing robustness
and against what kind of perturbation? (ii) What aspect of the
network structure does disease act upon? (iii) Through what
mechanism does disease act on the network? (iv) How does
the network respond to perturbations? (v) How is damage
evaluated?

(a) Perturbing brain network structure

Diseases are often represented as factors, e.g. errors or
attacks, acting on network nodes or links, e.g. by deleting,
weakening or perturbing them. These factors may come in
two main modalities: random or targeted (Albert, Jeong &
Barab�asi, 2000). In the simplest case, one considers node or
link failure, corresponding to their respective deletion. While
the effect of network structure can be separated from that of
strength (Allesina & Tang, 2012), the impact of link failure on
global network function is not related in a simple way to the
latter. For instance, the breakdown of strong links may not be
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critical to network operation, whereas moderately weighted
links may induce large-scale performance impairment
(Witthaut et al., 2016). Moreover, weak links may have a sta-
bilising effect (Csermely, 2004). Overall, which links are crit-
ical is determined by the interplay between redundant
capacity, a topological variable, and load distribution
(Witthaut et al., 2016).

The consequences of structure perturbation depend not
only on the perturbation but also on the structure itself. For
instance, they show strong topology dependence.
Topology-dependent sensitivity to random and targeted
attacks in isolated networks has long been highlighted
(Albert et al., 2000). For instance, it has recently been shown
that various dynamical processes unfolding on hierarchical
directed networks can be disrupted by targeted attacks to a
small fraction of links flowing from a higher to a lower hierar-
chical level (Rodgers, Tiño & Johnson, 2023). Moreover, dif-
ferent types of interdependent networks appear to be
significantly more vulnerable than isolated networks, featur-
ing first-order (Buldyrev et al., 2010; Parshani, Buldryev &
Havlin, 2010; Gao et al., 2011, 2012; Baxter et al., 2012;
Radicchi & Arenas, 2013; Liu & Barab�asi, 2016; Gross,
Bonamassa & Havlin, 2023a) or hybrid (Liu & Barab�asi,
2016) phase transitions at link lengths where the mutual giant
component still emerges continuously (Gross, Bonamassa &
Havlin, 2021) in contrast with the second-order continuous
phase transition found in isolated networks. Moreover, given
the interconnected nature of brain anatomy and dynamics,
these results would prima facie predict high brain instability.
However, the stability of a system of networks results from
the interplay between the internal network structure and its
connectivity to other networks. In particular, the system of
networks is stable and robust to failure if it is interconnected
through network hubs, and the connections between net-
works are moderately assortative (Reis et al., 2014). Insofar
as the effects of perturbations are network structure specific,
robustness assessment requires a good characterisation of
connectivity at the appropriate scale. In addition to topology
at various scales, network geometry can also determine the
rate function at which a network returns to its original state
after a perturbation. In particular, the static anatomical net-
work structure’s Ollivier-Ricci curvature can in principle be
thought of as a proxy of structural network robustness, as a
large curvature is associated with high relaxation rate to the
equilibrium distribution (Sandhu et al., 2015).

The standard resilience framework is predicated upon the
principle that disease acts through disconnection. Damage is
thought of as network dismantling, i.e. how structure frag-
ments into disconnected subsystems as a result of node or
connection damage (Braunstein et al., 2016; Ren et al.,
2019; Liu et al., 2022), and the functional effects of disease
would be achieved by acting on some property of the network
to achieve disconnection. For instance, in a directed graph,
disease may remove the feedback vertex set, i.e. a subset of
nodes that make the graph acyclic (Zhang, Garas &
Scholtes, 2021). More generally, disease may act on the net-
work’s determining nodes, i.e. the subset of nodes whose

dynamics is sufficient to determine the entire system’s
dynamics (Mochizuki et al., 2013).

Node or link loss is often modelled as a percolation pro-
cess. For unweighted networks, such a process may involve
units failing uniformly at random with some given
probability. Alternative failure mechanisms, corresponding
to different percolation processes may also exist. For
instance, k-core percolation involves the iterative removal
of nodes with a degree smaller than k (Lahav et al., 2016;
Xue et al., 2024). Node and link failure mechanisms have
important dynamical consequences. For instance, in k-core
percolation on spatially embedded networks, link length
can induce a metastable phase not present in standard perco-
lation, wherein localised failure spontaneously propagates
until the system collapses (Xue et al., 2024). Percolation has
been used to probe neuronal resilience in the early stages of
brain development. But, while percolation is an elegant
way to investigate network properties can it also be under-
stood as a disease’s modus operandi?

An important issue concerns the deletion process and the
extent to which connectedness (particularly anatomical)
entails functionality. While intuitive in contexts such as trans-
port or communication, this is not necessarily the case for all
brain functions. Indeed, anatomical fragmentation is not a
necessary condition for brain function impairment and func-
tional breakdown may precede structural fragmentation. For
instance, generalised or focal seizures may arise in the
absence of localised brain damage (Terry et al., 2012). More-
over, removal of nodes or links central to network anatomical
connectivity might have insignificant effects. More generally,
pathology is indeed more generally defined by dysconnection
rather than disconnection, as link strength and density may
also be enhanced (Friston et al., 2016). Functional impair-
ment may also result from failure to activate an otherwise
intact anatomical structure. This may stem from noise on
nodes but also from noise on links (Cavagna et al., 2024).
Brain damage may also act by impairing cross-scale activity
flow, which can be studied by examining the response to
damage of dynamical processes (Ghavasieh et al., 2023).

A further important issue is the representation of func-
tional damage in terms of some aspect of network structure.
The impact of a structural perturbation is typically quantified
in terms of the largest connected component, i.e. the subnet-
work that remains connected following the random removal
of a fraction of its nodes, as a function of the pruning proba-
bility (Rapisardi et al., 2022). Network robustness may for
instance be characterised in terms of the size the giant com-
ponent or of the integrated size of the largest connected clus-
ter during the entire attack process (Gao et al., 2015) or of the
critical threshold value at which the giant component van-
ishes and the network becomes disconnected (Liu
et al., 2022). Crucially, these criteria can be expressed in
terms of structural properties of the network. For instance,
for a random network, the critical threshold can be expressed
as a function of the degree distribution (Cohen et al., 2000).
The size of the largest connected component may undergo
phase transitions at different thresholds or even of different
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types. But what physiological meaning should be ascribed to
the largest connected component? It is reasonable to suppose
that its meaning should be scale dependent (i.e. it should only
be meaningful at some scales)? Moreover, connectedness
provides no information on the resilience of network connec-
tivity before or after attacks have taken place (Mohseni-Kabir
et al., 2021). Alternative criteria may be more sensible
depending on the context. For instance, in transport, a more
appropriate criterion is for a node to belong to the network’s
backbone, where information flow, or blood supply occurs.
However, it is in general not straightforward to evaluate a
given networked system’s resilience in terms of the giant com-
ponent per se, and other network properties, e.g. modularity,
feedback loops (Csete & Doyle, 2002) or some non-trivial
network property possibly non-local in the real space may
be more appropriate indicators of functional resilience.

Alternative methods to evaluate stability are sometimes
used. For instance, the relation between anatomical and
dynamical network structure is often used to predict the
amount of damage the brain can withstand due to lesions
at a given location. While this may provide some indirect
indication it is nonetheless not a clear indication of functional
robustness. Moreover, structural perturbations can also be
used to probe dynamical rather than structural robustness
(Faci-L�azaro et al., 2022).

Rather than in structural terms, resilience against struc-
tural perturbations should perhaps instead be evaluated in
functional terms, e.g. in terms of information transport or
information coding and capacity. For instance, error-
correcting codes, which encode information so as to guaran-
tee its faithful transmission even in the presence of various
sources of noise, and codes maximising the capacity of a net-
work as a whole should differ in underlying network structure
they induce, but also in terms of robustness, including the
type of perturbation they are designed to cope with, and pos-
sibly in terms of the network adaptation following node or
link failure that they require (Koetter &Médard, 2003; Koet-
ter, Effros & Médard, 2011). Thus, it is expected that coding
strategy and network structure interact to modify the func-
tional consequences of perturbations. More generally, net-
work structure may mediate trade-offs between robustness
resource demands and performance. For instance, redun-
dancy enhances robustness against component failure, but
for a constant resource level, it may degrade performance.
It may also increase vulnerability against other types of per-
turbation (Kitano, 2007).

(b) Perturbing brain network dynamics

Instead of acting upon the system through node or link dele-
tion, disease may challenge the system via a genuine matrix
perturbation through infinitesimally small changes. While
the former effectively changes the connectivity matrix’s
dimensionality and therefore constitutes a matrix change,
the latter constitutes a genuine matrix perturbation.

Perhaps the simplest scenario is one in which oscillatory
activity at node level gradually transitions into fixed points

(Daido & Nakanishi, 2004). If enough nodes undergo such
a transition, the system may transition towards a globally
non-oscillatory regime, a phenomenon termed ageing transi-
tion (Daido & Nakanishi, 2004). In a global network of diffu-
sively coupled oscillators, ageing transition can be
characterised by a universal scaling law of an order parame-
ter controlled by the fraction of transitioning nodes and the
coupling strength (Mahji et al., 2024). Ageing transition has
been studied in various models with different coupling func-
tions and network structures (Tanaka et al., 2014; Paz�o &
Montbri�o, 2006; Thakur, Sharma & Sen, 2014). For
instance, it has been shown that scale-free networks are
dynamically robust with respect to random inactivation but
vulnerable to targeted inactivation of low-degree oscillators.
Remarkably, this stands in contrast to the role hubs play in
the structural robustness of scale-free networks. Further-
more, the presence of time delays in the coupling decreases
dynamical robustness (Thakur et al., 2014), whereas dense
network motifs enhance dynamical stability (Gross,
Havlin & Barzel, 2023b). A further important question is
what makes synchronous states more or less fragile against
external perturbations (Tyloo, Coletta & Jacquod, 2018).
An important point is to do with the evaluation of resil-

ience. Often, for instance, when intended as a measure of sta-
bility, resilience is evaluated via local linear measures and
against infinitesimal perturbations. Brain dynamical resil-
ience can for instance be defined as the minimum distance
between all accessible dynamical regimes (Rings et al.,
2019a). The larger this distance, the higher the brain’s ability
to withstand perturbation and reorganise, undergoing
dynamical changes while retaining the same functionality.
Dynamical resilience was found to increase in the hours pre-
ceding seizures (Rings et al., 2019a). However, to evaluate sta-
bility against generic perturbations, non-local and non-linear
measures such as volume of basins of attraction, a measure of
the likelihood of return to a given state after random not nec-
essarily infinitesimal perturbation, may be preferable (Menck
et al., 2013).

(4) Network structure and resilience mechanisms in
the elastic range

To understand the role played by brain network structure in
disease prevention or persistence it is essential to characterise
the mechanisms through which the system acts to enforce
robustness. Robustness may for instance result from redun-
dancy or degeneracy (Rule, O’Leary & Harvey, 2019; Jensen
et al., 2022) and sloppiness, i.e. the dynamics may be sensitive
to only a few combinations of parameters and insensitive to
many other combinations (Daniels et al., 2008; Transtrum
et al., 2015; Panas et al., 2015). Functional redundancy and
degeneracy arise at many levels (Edelmann & Gally, 2001),
although how they are organised and interact across scales
is still poorly understood (Machta et al., 2013). Robustness
has also been related to feedback and control mechanisms
(Barkai & Leibler, 1997; Doyle & Csete, 2005). The main
question here is what role network structure plays in the
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implementation of such mechanisms in the healthy brain and
in disease: does structure ensure robustness of certain proper-
ties against a range of perturbations? Conversely, is network
structure an emergent property of trade-offs of systems
favouring robustness?

Network structure may contribute to robustness in various
function- and perturbation-specific ways (Schwarze
et al., 2024), in both real and phase space. For example,
higher-order interactions in real space may stabilise dynam-
ics (Grilli et al., 2017). Network structure may also somehow
constitute a sloppy parameter, although exactly how, at what
scale and what properties should be determined. A further
possibility is that network structure could provide topological
protection (Murugan & Vaikuntanathan, 2017), charac-
terised by insensitivity to fundamental properties of brain
structure, e.g. modularity, dynamics or function, thus
almost smoothing changes in parameters, with change
then requiring a phase transition (Hasan & Kane, 2010),
due to integer-valued quantities called topological indices
(Thouless et al., 1982; Wen, 1995). A classical example is
the genus of a surface, which counts the number of holes
in the surface (Ghrist, 2014). In phase space, the relational
structure could constitute an obstruction to some function-
ally important property, e.g. convexity in neural codes
(Ghrist, 2014; Giusti & Itskov, 2014; Curto et al., 2017).
For instance, physiological properties of neuronal popula-
tions may be associated with code convexity, while codes
with local obstructions are necessarily non-convex
(Giusti & Itskov, 2014; Curto et al., 2017; Lienkaemper,
Shiu & Woodstock, 2017).

(a) Neutral structure

In many biological systems, e.g. in gene regulatory networks
(Bergman & Siegal, 2003; Ciliberti, Martin &
Wagner, 2007), resilience results from the presence of neutral
networks (van Nimwegen, Crutchfield & Huynen, 1999;
Schuster & Fontana, 1999; Wagner, 2008a) and the associ-
ated neutral space, i.e. the corresponding subspace in the
phase space. In a genetic context, a neutral network is a set
of equifunctional genes related by a point mutation, whose
nodes represent gene sequences and whose links are muta-
tions connecting them (van Nimwegen et al., 1999). Thus,
the structure in the functional space is induced by the
genotype-to-phenotype map and by the mechanisms control-
ling mutations. Similarly, in the context of RNA secondary
structure, RNA sequences are mapped onto the genotype
and the secondary structures onto which they fold play the
role of phenotypes and what is considered is the phenotypic
structure induced by the sequence-to-structure map
(Schuster & Fontana, 1999; Wagner, 2008a).

In a neural context, a neutral network can be defined at
various levels. For instance, it is natural to think of the phys-
iological space as the genotype space, while the phenotype
space may be identified with the space of network structures,
e.g. of topologies, induced by the renormalisation of the
underlying physiology. This space is both scale and

renormalisation dependent. Finally, the functional space is
identified as the functional or fitness space. Overall, one con-
siders genotype-to-fitness maps (Stadler et al., 2001; Manru-
bia et al., 2021), which can be decomposed into a
physiology-to-structure and structure-to-function map,
highlighting the role played by the intermediate phenotype
space. A neutral structure can in principle be defined at both
genotype and phenotype levels. In the latter case, the neutral
network is a structure whose nodes are network ensembles
resulting in functionally equivalent phenotypes, and whose
links are induced by the associated accessibility structure.
The corresponding neutral space comprises regions in the
space of network structures (or of parameters) that give rise
to equivalent functional behaviour.

The accessibility of phenotypes is determined by the inter-
play between the mechanisms generating variation and the
structure of the genotype-to-phenotype map (Fig. 3). If func-
tional phenotypes are organised according to accessibility of
given network structure ensembles, the resulting functional
space may have a non-trivial structure. Note that, at both
the genotype and the phenotype level, the neutral network
is not defined in real space but rather in phase space,
although each node may itself represent a topological pattern
in real space renormalised up to a given scale, and that phe-
notypic neighbourhoods, which are induced by the
genotype-to-phenotype map, may differ considerably from

Fig. 3. Functional brain activity can be thought of as the fitness
landscape corresponding to a given network structure
phenotype. In turn, the phenotype space of network structures
emerges from the renormalisation of underlying space of
physiological activity. Neutral structure can be defined at both
genotype and phenotype level. The functional space’s
morphology depends on the properties of both the genotype-
to-phenotype and phenotype-to-fitness maps.
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neighbourhoods in the real space. Robustness implies that
the different genotypes of a given phenotype are close in
the genotype space. Moreover, phenotypic transitions can
be thought of as competitions between networks (Manrubia
et al., 2021).

The presence of neutral networks may have important
functions, e.g. allowing communication in the presence of
noise as in error-correcting codes (Hopfield, 1974;
Sreenivasan & Fiete, 2011), and exploring the configuration
space without dysfunctional phenotype changes.

(b) Extension of the elastic range: cognitive reserve and symptom onset

Often, a temporal gap separates disease onset from the
appearance of observable symptoms, and a further time
delay exists between symptom onset and complete functional
breakdown. For instance, AD symptoms can be delayed in
subjects with a high educational level in spite of neuropatho-
logical changes. It has been proposed that this phenomenon
may be explained in terms of cognitive reserve (Mortimer,
1988; Le Carret et al., 2003; Buckner, 2004; Stern
et al., 2019; Wilson et al., 2019). Following the material meta-
phor, how cognitive reserve shields the system with respect to
symptomatic functional disruption could be understood in
terms of extension of the elastic range width. One way to
understand whether and how functional and behavioural
changes are related to network structure may involve
characterising the resilience of brain networks particularly
of the hierarchical structure in ageing (Stanford,
Mucha & Dayan, 2022), e.g. through k-shell decomposi-
tion (Dorogovtsev, Goltsev & Mendes, 2006). [The k-core

of a graph G is the maximal subgraph of G having minimum
degree at least k. The k-shell of a graph G is the set of all nodes
belonging to the k-core of G but not to the (k+ 1)-core. The
network is decomposed into node shells of increasing inter-
connectivity robustness, until a core set of nodes within a net-
work is reached (Dorogovtsev et al., 2006). Attacks are
performed on these networks, and the resilience of nodal
shell and core are measured by extracting the k-shell of the
resulting network (Mohseni-Kabir et al., 2021; Shang, 2019;
Wang et al., 2022).] Core connectivity and resilience was
found to decline with age (Stanford et al., 2022). Further-
more, differences in the organisation of functional networks
among individuals with varying levels of cognitive reserve
have been linked to the dynamical properties of specific brain
regions. Notably, regions exhibiting higher connectivity
strength tend to show increased entropy and reduced com-
plexity, reflecting more stochastic and less organised neural
dynamics within network hubs (Martínez et al., 2018b). On
the other hand, cognitive reserve has been shown to be asso-
ciated with increased redundancy in brain networks as quan-
tified by the number of simple (non-circular) paths between a
pair of nodes up to a specified length (Stanford, Mucha &
Dayan, 2024). Fundamental questions remain regarding
the specificity but also irreducibility of such a result. For
instance, what is attributed to k-shell topology may in fact
reduce to lower-level properties such as degree distribution

(Baxter et al., 2015). Finally, it is also unclear through what
mechanism and against what class of perturbations can a par-
ticular network structure enforce the resilience of neural sys-
tems associated with cognitive reserve.

(5) The role of network structure in brain
reorganisation

As disease pushes the brain away from its neurophysiological
structure, various dynamical scenarios are possible. First, the
system may be able to reverse disease and self-heal. This
could drive the system to the original attractive state or to
some equifunctional albeit different one from the situation
prior to disease. Quasi-neutral regimes may not be neigh-
bours in the genotype and in the phenotype space, i.e. in
the physiological space and in the way this renormalises into
a particular network structure ensemble. They may for
instance result in the recruitment of new degrees of freedom
at the neurophysiological level, resulting in topologically dif-
ferent but equifunctional structure. On the opposite side of
the spectrum, disease may be irreversible, although not
lethal, and become chronic. This does not necessarily entail
that it dwells in the dynamical regime directly induced by
the disease. For instance, following adverse events such as
strokes, the brain may head towards parts of the phase space
which, although not equifunctional with respect to those cor-
responding to healthy functioning, are nonetheless function-
ally improved with respect to those of the acute phase. In
doing so, the neuronal populations explore the neurophysio-
logical configuration space. In such exploration the system
can evolve and reorganise at scales often much larger than
those of the perturbation, either slowly adapting through
evolution or directly through phenotypic plasticity (Botero
et al., 2015). In this regime, resilience may involve profound
changes in some aspects of brain structure and dynamics.
The exploration process can be characterised in various
ways. For instance, once the brain has experienced the
adverse functional effects of disease it can be visualised as
undergoing learning to perform a new function in search of
a fitness maximum (Stern, Liu & Balasubramanian, 2024).
In a networked system, learning is typically associated with
changes in the network structure (Stern & Murugan, 2023),
and the corresponding neural activity is encoded in low-
dimensional manifolds (Gao & Ganguli, 2015).
Several important questions arise: what is the dynamics of

such a wandering process? By what is it driven?Where does it
lead to, i.e. what is the nature of the states or regimes it leads
to? In all cases, what is the role of network structure? Is recov-
ery associated with the attainment of a particular network
structure? Conversely, is a particular network structure asso-
ciated with the system’s ability to evolve towards a state with
improved function?

(a) The role of network structure in brain evolvability after injury

Insofar as disease can effectively be thought to exert effects
similar to those of a mutation, more or less abruptly pushing
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the system towards non-neutral (possibly non-neighbouring)
parts of the phase space (Kaneko, 2007; Ciliberti
et al., 2007; Greenbury et al., 2016), one important question
relates to the system’s ability to evolve and improve function-
ality in particular through rewiring and changes in dynamics
(Altenberg, 1995; Payne & Wagner, 2019). In this sense, the
brain should be considered as an evolutionary capacitor buff-
ering genotypic variations (Bergman & Siegal, 2003) and dis-
ease may be thought of as a loss not only of fitness and
resilience, but also of evolvability. But what role does net-
work structure play in brain evolvability? In particular, does
disease affect evolvability by acting on network structure?
Does disease reveal physiologically dormant phenotypes?

An essential ingredient for evolution is the heterogeneity in
traits affecting function. In genetics, evolvability is quantified
in terms of the variety of phenotypes lying within a given
mutation distance of a genotype or phenotype (Wagner,
2008b). If disease drags the system to some suboptimal geno-
type, an important aspect is therefore phenotypic variability,
i.e. the extent of phenotypic variation accessible to the geno-
type. A given genotype can either be robust, when sur-
rounded by neighbours of the same phenotype, or
evolvable, when its neighbourhood comprises a variety of
other phenotypes. Phenotypic robustness may actually facili-
tate evolvability (Wagner, 2008b, 2011, 2012; Ahnert, 2017),
due to the presence of neutral networks and genotype neigh-
bourhoods, i.e. the set of genotypes accessible from a geno-
type in a given number of mutations, a measure of
genotype’s phenotypical variability (Wagner, 2008a). Geno-
types within a neutral network can thereby explore different
phenotypes. Translated in brain network terms, this means
that neurophysiological activity should be able to renorma-
lise into separable network ensembles.

A further fundamental question is whether there are net-
work properties facilitating evolvability. In both real and
phase space, an important property facilitating evolvability
is represented by modular organisation (Simon, 1962). Inter-
actions between different components provide a phenotypic
space where mutations can produce variation without induc-
ing adverse consequences. In phase space, phenotypic
robustness and evolvability can be characterised in terms of
network properties (Aguirre et al., 2018). For instance, the
former can be defined through topological properties of
the phenotype or of the functional space, the latter as the
emergence of connected components of the neurophysiolog-
ical space. In turn, this definition suggests that robustness of
evolvability, may itself be a robust property, which can be
quantified as the sensitivity to network perturbations of the
topological measure quantifying evolvability (Ibañez-
Marcelo & Alarcon, 2014).

Finally, it is worth noting that if disease is a phenotype
with its own structure, it should also be characterised by
its own resilience and evolvability. For instance, cancer
can be seen as a system robust with respect to its prolifera-
tive potential, which is robust against the action of the
immune system and therapies (Kitano, 2004a,b), but also
highly evolvable (Tian et al., 2011), so that effective control

strategies must address both robustness and evolvability
(Tian et al., 2011).

(b) Beyond the elastic range: learning, homeostasis, and adaptive
resilience

Above, we have considered disease through an approach
wherein a structure responds to some particular perturbation
in an essentially passive way. In network terms, the proximal
effects of such a perturbation are typically translated into
local node or link damage, ranging from perturbation to
breakdown, which may induce cascades of secondary effects.
In this framework, disease onset and functional breakdown
are respectively thought of as the system’s yield point and
optimal tensile strength. However, this approach does not
take into account the fundamental tendency of living systems
to maintain a given function rather than a given state or
regime, e.g. a given network structure (Kitano, 2007). More-
over, we have considered resilience with respect to perturba-
tions from elements acting on the system but which are not
modified by it. The picture is bound to be different when
brain and disease can effectively be thought of as interacting
systems. In the same way that disease may directly affect the
underlying network structure associated with healthy brain
function and achieved during the course of development
and learning prior to disease onset, the dynamics following
disease may also affect (and be affected by) the network struc-
ture induced by the disease. This is particularly conspicuous
in chronic disease.

The ability to absorb shocks and reorganise so as to retain
the same function requires plastic mechanisms on a wide
range of scales, from the rapid scales of sensory stimuli, to
developmental and evolutionary ones, enabling the system
to change beyond the elastic range. Brain function is subject
to a trade-off between stability and plasticity (James, 1890).
On the one hand, it must produce stable representations to
enable memory of previous knowledge. Specific network
properties in the relevant space may characterise not only
resting brain activity over timescales of minutes to hours,
but also processes such as memory storage, where representa-
tion stability is required in the face of connectivity fluctua-
tions (Susman et al., 2019; Rule et al., 2019). On the other
hand, neural systems from cell to population levels must be
able to match incoming stimuli, to integrate new knowledge
and to learn from past experience in order to improve fitness
but also to withstand phasic stress of various types (Mattson &
Magnus, 2006; Rutkowski & Hegde, 2010; Roth & Balch,
2011) and to adapt to chronic stress (Saxena & Caroni,
2011). Correspondingly, network structure may play seem-
ingly opposite roles under different circumstances.

Learning and adaptation are subserved by various classes
of physiological mechanisms acting at various spatial and
temporal scales. For instance, the structure can evolve as
the result of mechanisms enabling learning of various forms
(Clark & Abbott, 2024). However, an autocatalytic mecha-
nism such as Hebbian learning would lead to runaway exci-
tation and complete network synchronisation (Markram
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et al., 1997; Ocker, Litwi-Kumar & Doiron, 2015; Zenke,
Gerstner & Ganguli, 2017). A class of plasticity mechanisms
capable of achieving dynamic stability in recurrent networks
in the presence of Hebbian learning is represented by
homeostatic plasticity, through which neurons control their
own excitability, regulating spike rates or stabilising network
dynamics at various timescales (Turrigiano et al., 1998;
Turrigiano, 2011). Importantly, in the neocortex, correlation
structure of local networks (Wu et al., 2020) and network crit-
icality (Shew et al., 2015; Ma et al., 2019) are under homeo-
static regulation (Wen & Turrigiano, 2024; Zeraati,
Priesemann & Levina, 2020; Landmann, Baumgarten &
Bornholdt, 2021; Menesse, Marin & Kinouchi, 2022). Plas-
ticity may dynamically target criticality by adjusting
excitatory–inhibitory connectivity to address excitation/
inhibition imbalances in neuronal populations (Sukenik
et al., 2021).

Homeostatic plasticity mechanisms are slow negative feed-
back loops (Ma et al., 2009; Zierenberg, Wilting &
Priesemann, 2018; Golubitsky & Wang, 2020) implemented
by several neurophysiological mechanisms. For instance, syn-
aptic scaling (Markram & Tsodyks, 1996; Turrigiano
et al., 1998; Fong et al., 2015; De Vivo et al., 2017) allows con-
serving the overall neural activity in the presence of exoge-
nous perturbations or damage, by adjusting synaptic
strength (Murphy & Corbett, 2009), membrane excitability
(Davis, 2006; Pozo & Goda, 2010), or neuron–glial interac-
tions (de Pittà, Brunel & Volterra, 2016).

Through appropriate combinations of plasticity mecha-
nisms, the brain can optimise wiring by creating or pruning
connections as well as weight distribution (Estévez-Priego
et al., 2020; Teller et al., 2020; Schwarze et al., 2024), reshap-
ing the network structure at all scales and generating com-
plex dynamical regimes (de Arcangelis, Perrone-Capano &
Herrmann, 2006; Levina, Hermann & Geisel, 2007, 2009;
Meisel & Gross, 2009; Rubinov et al., 2011). For instance,
interactions between Hebbian learning and single-cell
homeostasis allow neurons to exploit redundancy in order
reliably to read an evolving population code in the presence
of gradual tuning drift (Rule & O’Leary, 2022). Notably, at
least in principle, different plasticity rules can give rise to
indistinguishable network dynamics (Ramesh et al., 2023).

Plasticity-induced rewiring can conceivably achieve both
improved functional states and higher resilience through var-
ious mechanisms. For instance, it can effectively enforce allo-
stery, a mechanism whereby an event at one site affects the
activity at a distinct site, enabling the regulation of the corre-
sponding function. Furthermore, self-regulatory mechanisms
such as neural scaling triggered by damage could adjust link
strength through filtration processes, whereby all links with a
weight strictly below a given threshold are removed
(Rapisardi et al., 2022), mitigating through an active process
the damage associated with link removal. Notably, these pro-
cesses may involve parts of the system not confined to the one
directly undergoing stress, and cells may proactively summon
stress pathways to cope with higher demands. For instance,
when cells initiate processes increasing pressure on

homeostatic systems they also activate stress pathways to
meet the associated physiological needs (Rutkowski &
Hegde, 2010).

(c) Significance of network structure in functional reorganisation after
brain injury

Plasticity mechanisms can change real space network struc-
ture on a wide range of scales, but several fundamental issues
related to plasticity following disease are still poorly under-
stood. First, while there is no consensus on the potential
and limits of functional reorganisation after injury
(Makin &Krakauer, 2023), it is unclear whether the potential
for recovery is associated with some specific set of network
properties, particularly in real space. Likewise, no consensus
exists as to whether functional reorganisation is a maladap-
tive response to injury (Penner & Aktas, 2017; Rocca &
Filippi, 2017). Second, damage is in general thought to exert
a disruptive effect on structure, but it could also in princi-
ple directly or indirectly promote functionally relevant
non-trivial surrogate structure. For instance, in optimised
transport networks damage can induce the formation of
loops (Katifori, Szöllösi & Magnasco, 2010; Kaiser,
Ronellenfitsch & Witthaut, 2020). On the other hand,
the structure associated with functional reorganisation
need not be functional, particularly past tipping points.
But can disease-induced functional and dysfunctional
structure be discriminated in terms of network structure?

(d) Structural consequences of aberrant plasticity

Disease can act in two ways: either by overcoming the sys-
tem’s ability to adapt plastically or by interfering with plastic
mechanisms themselves. Plasticity is a necessary condition for
brain function and both excessive plasticity or dysfunctional
homeostasis render the brain unable to adjust to changing
demands and excessively vulnerable to environmental per-
turbations (Pascual-Leone et al., 2011). Various pathologies,
including developmental disorders or neurodegenerative dis-
eases may be related to altered plasticity (Hallett, 2005;
Oberman et al., 2014). The disorder phenotype is specified
by the particular combination of environmental factors,
genetic abnormalities and their expression timing, the
affected cortical network and synapse type and the direction
in which it is affected (Oberman & Pascual-Leone, 2013). For
instance, idiopathic ASD can be thought of as a plasticity dis-
order characterised by altered local cortical excitation/
inhibition balance and brain network functional connectiv-
ity, resulting from genetic and environmental factors leading
to aberrant excitatory plasticity (Oberman et al., 2014). At the
cellular level, ASD may stem from increased axonal density
and complexity and a reduction in synapse pruning and elim-
ination resulting from gamma-aminobutyric acid (GABA)
synthesis blockade (Wu et al., 2012). On the other hand, neu-
rodegenerative diseases may be initiated by chronic, possibly
interacting, perturbations acting upon homeostatic mecha-
nisms at various scales. For instance, the early stage of AD
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has been suggested to arise from an imbalance between firing
homeostasis and synaptic plasticity (Styr & Slutsky, 2018).
Dysfunction could become symptomatic when disease-
related stress exceeds the system’s ability to withstand it.
Disease may be aggravated by systemic feedback,
e.g. through inflammation and immune responses, which
can ultimately lead to neuronal degeneration and death.
Disease may also affect the hierarchical unfolding of
plasticity-related neurobiological events during neural devel-
opment. For instance, various developmental psychopathol-
ogies are characterised by protracted plasticity in
association cortices (Sydnor et al., 2021).

But what is the role of network structure in aberrant plas-
ticity? The main question is whether functional impairment
in hyperplastic pathologies can be traced back to changes in
the associated network structure. For instance, plasticity
and adaptiveness may underlie increased pre-seizure dynam-
ical resistance and reduced medication effectiveness (Rings
et al., 2019a; Zaveri et al., 2020; Lehnertz et al., 2023).

(e) Beyond the plastic range: disease as structure failure and its structural
harbingers

Brain disease often leads to complete breakdown of function.
In terms of the material metaphor, this corresponds to the
ultimate tensile stress. An important question is whether this
point can be predicted and, if so, whether it is accompanied
by specific network properties in real and in phase space.

In strongly disordered non-hierarchical networks, micro-
crack accumulation preceding failure is characterised by ava-
lanches with self-affine scaling behaviour. Failure can then be
thought of as a critical phenomenon and avalanche size as an
order parameter, whose change constitutes a failure precur-
sor. From a dynamical viewpoint, failure is correspondingly
described in terms of either damage percolation or crack
nucleation-and-growth. By contrast, in hierarchical mate-
rials, fracture microstructure is generically scale-invariant
with self-similar patterns at different scales even very far from
the critical load (Moretti & Zeiser, 2019; Moretti et al., 2018,
2019). Failure is announced by two different properties,
i.e. increased eigenvector localisation and decreased topolog-
ical dimension (Moretti et al., 2018). Importantly, such a
structure is associated with diminished crack propagation,
containing damage spreading, and with changes in intrinsic
material properties such as increased toughness (Moretti
et al., 2018).

The material metaphor could conceivably apply to ana-
tomical networks, but can it also be used to make sense of
dynamic network resilience? In particular, are brain transi-
tion points associated with network biomarkers in brain
dynamics? At long timescales, an important problem is
whether the transition to fully fledged neurodegenerative
conditions such as AD from its prodromes are associated with
and predictable based upon corresponding network features.

At shorter timescales, network-based early-warning signs
of imminent bifurcations or sudden deterioration have been
reported (Chen et al., 2012; Liu et al., 2015). For instance,

although transitions may not be characterised by classical
features of criticality (Wilkat et al., 2019), seizures have been
shown to be preceded by a decrease of neuronal network
resilience which determines the ictogenic potential of interic-
tal synaptic perturbations (Chang et al., 2018). On the other
hand, while temporal changes of single nodes and links prop-
erties reported were found to be predictive of seizures
(Andrzejak et al., 2003), the global properties of dynamical
networks have been found to hold only limited predictive
power (Kuhnert, Elger & Lehnertz, 2010; Geier et al.,
2015). At macroscopic scales, seizure precursor generation
may result from a rearrangement of the epileptic network’s
path structure, eventually resulting in the formation of bottle-
necks altering activity spreading (Rings et al., 2019b). The
earliest indications for such changes may occur hours prior
to seizure onset and stem from connectivity changes within
and between brain regions distant from the seizure onset
zone corresponding to changes in the time-varying centrality
of the associated nodes. These regions, which are part of the
large-scale epileptic network, generate and sustain physiolog-
ical brain dynamics during the inter-ictal state, control the
dynamics within the seizure onset zone (Lehnertz &
Dickten, 2015; Johnson et al., 2023), and may modulate sei-
zure dynamics (Geier et al., 2015). On the other hand, indica-
tors foundminutes before a seizure in the spatial proximity to
the seizure onset zone appear to be epiphenomena of earlier
harbingers of ictogenesis (Rings et al., 2019b).

(6) Preventing and curing disease through network-
based intervention

From a clinical viewpoint, it is important not just to under-
stand how the brain copes with pathological perturbations
but also to prevent or reverse disease, through therapeutical
interventions including pharmacological medication, surgi-
cal procedures, brain stimulation, neurofeedback or beha-
vioural therapy (Flanagan et al., 2019; Papo, 2019b). But is
it possible to prevent a system from approaching potentially
pathological regimes or to push it away from such a regime
once already in that state by acting upon brain network struc-
ture? Can resilience be increased (or disease resilience
decreased) by acting on network structure?

Available strategies are essentially of two types: lesioning
or restorative. The former involve surgery designed to shift
the system to a functionally equivalent structure, effectively
constituting an antifragile strategy, i.e. damaging a targeted
structure to improve the performance of a global function
(Taleb, 2012). The latter comprise stimulation strategies
from chronic deep brain stimulation to phasic stimulation
and neurofeedback.

A paradigmatic example of a network-based intervention
strategy is represented by seizure control procedures (Jirsa
et al., 2017; Olmi et al., 2019). At the most basic level, seizure
relief can sometimes be achieved by limiting seizure propaga-
tion, rather than addressing the seizure itself, the underlying
principle being that cutting a dysfunctional network into
pieces may restore its functionality (Ren et al., 2019).
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This can be achieved via resective and non-resective surgery,
ablation or stimulation strategies (Morrell, Whisler &
Bleck, 1989; Papo et al., 1990; Dogali et al., 1993). On the
other hand, while multiple focal ablations within the epilep-
togenic zone, i.e. the portion of cortical tissue necessary and
sufficient for seizure initiation (Luders, Engel & Munari,
1993), may completely abolish epileptiform activity, such a
strategy may also rebalance the network and hinder seizure
propagation when targeting outside the epileptogenic zone
(Olmi et al., 2019).

A proper intervention strategy involves defining, in addi-
tion to a general goal, a neural target as a feature, including
what aspect of brain activity to act upon and where in the
brain, and an appropriate stimulation schedule (Papo,
2019b). What makes network-based interventions more
arduous than standard local interventions? At the most basic
level, a purely network-based approach may involve inter-
vention at multiple sites. More substantially, such an
approach adds a complex factor to the control of dynamics,
implying the identification and specification of a structure,
in real or in phase space, as well as an understanding of the
dynamical and ultimately the functional role of such a struc-
ture in the system’s behaviour. Such understanding may
exist, at macroscopic scale precisely when the underlying
neural system works in a relatively simple way, e.g. as a feed-
forward loop such as in basal ganglia loops. The extent to
which the relevant network structure must be known for the
intervention to be effective, e.g. in seizure control, is a matter
of current debate (Zaveri et al., 2020). Network theory sug-
gests various methods to protect a network-of-networks from
cascading failure, e.g. protecting high-degree nodes against
failures and attacks (Schneider et al., 2013), forcing depen-
dency relations between nodes of similar degree (Parshani
et al., 2011) or ensuring interconnections of independent
parts through nodes with particular degree (Aguirre
et al., 2013; Reis et al., 2014). However, at a practical level,
the main issue is finding a way to act on the network in accor-
dance. For instance, it was proposed that network connectiv-
ity in AD could be preserved by altering neuronal excitability
(de Haan et al., 2017). Moreover, intrinsic properties of neu-
ronal circuits such as plasticity or degeneracy can sometimes
complicate therapeutic intervention. For example, changes
in several ion channels are sufficient although not necessary
conditions for hyperexcitability in primary somatosensory
neurons induced by nerve damage in neuropathic pain, so
that addressing degeneracy requires an integrative approach
to drug discovery (Ratté & Prescott, 2016).

(a) Control and targeting of brain networks in disease

It is straightforward to think of medical intervention as a con-
trol problem, wherein brain dynamics, pushed away from the
neurophysiological regime by disease, must be nudged
(in finite time) towards the basin of attraction of a functionally
more desirable dynamical regime, to which the system would
not (or would too slowly) spontaneously evolve. This can be
implemented by finding an appropriate control parameter

for the dynamics and a feasible path from the initial condition
to the target dynamical regime and altering either the sys-
tem’s dynamical equations (Ott, Grebogi & Yorke, 1990;
Boccaletti et al., 2000; Lai, 2014) or its initial condition
(Cornelius, Kath &Motter, 2013), either stabilising a specific
trajectory through the application of small time-dependent
perturbations, or steering the dynamics towards a trajectory
compatible with the system’s natural dynamics but originat-
ing from a different initial condition, a procedure called tar-
geting (Shinbrot et al., 1990). Moving a spatially extended
networked system into any desired state within a given con-
tinuous phase space volume adds further complexity to the
control problem associated with the spatial and relational
nature of the controlled system (Liu & Barab�asi, 2016). Both
control and targeting are in general conceptually
approached through local perturbations of nodes or links.
Control methods could in principle be used for network

reprogramming, for example, to shove brain dynamics away
from epileptic or epileptogenic regimes (Cornelius
et al., 2013), or to promote a particular behaviour of the sys-
tem (Gutiérrez et al., 2012). More fundamentally, network
control theory could in principle be used to probe cognitive
resilience (Medaglia et al., 2017; Khona, Chandra &
Fiete, 2023). Within this context, it is straightforward to
address the following questions: what dynamical states are
accessible in a stable way, starting from a given initial condi-
tion?What is the minimal number of nodes or links that need
to be perturbed to reach a given desired dynamic regime?
How costly is achieving states with given performance levels?
Recently various studies have tried assessing brain control-

lability [see Bassett, Khambhati & Grafton (2017) for a
review]. Often, however, these studies are predicated upon
rather unrealistic hypotheses on brain activity: brain resting
dynamics is described in terms of a set of differential equa-
tions linearised around a dominant fixed point and connec-
tivity dynamics is assumed to be linear and time-invariant
(Kim et al., 2018). Control of networked non-linear dynami-
cal systems faces a number of other challenges (Sun and
Motter, 2013; Liu & Barab�asi, 2016; Zañudo, Yang &
Albert, 2017; Tu et al., 2018). For instance, control trajecto-
ries are in general non-local in the phase space, i.e. moving
the system from the initial to the target state may require a
very long path, irrespective of the distance between these
two points in phase space; there is also a non-locality trade-
off whereby either the control trajectory is non-local in the
phase space or the control inputs are non-local in the network
(Sun & Motter, 2013). More generally, ascertaining whether
the system is controllable, that is, whether it can be driven
from any initial condition to any desired state in finite time
(K�alm�an, 1963) typically requires extensive knowledge of
the system’s state space, and sometimes of its dynamics
(Cornelius et al., 2013), information usually unavailable for
system-level brain activity. Furthermore, given the heteroge-
neity and multiscale character of brain dynamics, it is highly
non-trivial to determine both the overall effects of anatomi-
cally local stimulation and the level of coarse-graining which
would guarantee appropriate control targets. An additional
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issue is given by control costs. In the case of brain-stimulation
techniques, how much power is needed to achieve control
and whether this is compatible with safety are fundamental
issues. While network control methods aim at controlling
dynamics through a minimal number of nodes or links, too
exiguous a number may exact an excessive energetic cost
(Yan et al., 2015). Contrary to reports suggesting resting brain
activity controllability through a single node representing a
given brain region (Gu et al., 2015), a recent study
(Tu et al., 2018) showed that even though brain networks
might be structurally controllable, the energy required to
control it may be disproportionately high.

(b) Recovering from disease through microscopic interventions

Often, treatment strategies, particularly those using brain-
stimulation techniques, are predicated upon the idea that
damage can be reversed by reconstructing the healthy
regime’s structure, e.g. by retrieving damaged nodes or links
or, when this is not possible, by inducing a topologically and
functionally equivalent one. However, due to the presence of
path-dependence, restoring topology, although possibly nec-
essary, is in general not sufficient to return to the functional
state. To address this issue, one possible strategy may consist
in identifying states in which the system can be acted upon
through microscopic interventions, for instance, by merely
controlling a few nodes (Sanhedrai et al., 2022; Sanhedrai &
Havlin, 2023). This strategy eliminates potential undesired
inactive states, keeping the system in its healthy regime, with-
out moving it as in control strategies. Moreover, while con-
trol strategies typically act locally, this strategy can act
globally in the system’s phase space (Sanhedrai et al., 2022).

VII. CONCLUSIONS

(1) Over the past few years, it has become standard to think of
brain anatomy and dynamics as systems whose non-trivial net-
work structure plays an essential role in healthy brain function.
This assumption, predicated upon theoretical studies and
experimental results from systems often rather different from
neural systems, allows various angles and insights on disease,
its consequences and the possible ways it can evolve and be
acted upon. Overall, the intrinsic relational structure of brain
anatomy and dynamics can be thought tomediate fundamental
functional trade-offs between efficiency, functional reliability,
and evolvability, which ultimately determine both vulnerability
to and the resilience of disease (Csete & Doyle, 2002, 2004;
Kitano, 2007; Doyle & Csete 2011).
(2) If the brain indeed constitutes a genuine networked sys-
tem, i.e. non-trivial network structure plays an essential role
in healthy brain function, then this structure could funda-
mentally affect or be affected by disease. Reciprocally, if net-
work structure is essential to disease phenomenology, its
characterisation could be an important step in the under-
standing of the role of network structure in function.

Moreover, if network structure is essential to both function
and dysfunction, it could in principle be used for clinical pur-
poses (Castellanos et al., 2013). For instance, it could define
patient theratypes separating therapy responders from non-
responders by encoding the structural mechanisms underly-
ing disease expression and response to therapy (Agache &
Akdis, 2019; Mobasheri & Loeser, 2024). Finally, if brain
function and dysfunction become observable through net-
work structure they could also be controllable through
it. Thus, various fundamental questions concerning the role
of complex network structure in disease, including whether
there are genuine brain network diseases or whether network
neuroscience can be used for disease classification (Douw
et al., 2019), and more generally, for clinical purposes, hinge
on the role of such a structure in brain function in general.
(3) The exact role of higher order network properties in dis-
ease aetiology and phenomenology is in general insufficiently
understood. This includes the appropriate space and scale in
which a network structure may be meaningfully defined, the
particular type of network property, as well as the way these
may exert a role in brain function and dysfunction.
(4) At a theoretical level, it is still unclear whether there exist
genuine network-related pathologies. Insofar as the role of
complex network structure is disease dependent, it may in
general be more useful to think of networkness not as an
all-or-nothing phenomenon, together with a set of necessary
and sufficient conditions for its occurrence, but in terms of
role of network structure in disease whose significance can
only be determined by considering the brain function it sup-
ports and the way it does it.
(5) At a practical level, the sensitivity and specificity of cur-
rent network theory is not (yet) sufficient to make it clinically
relevant.
(6) The role of network geometry, topology and combinator-
ics in brain function and dysfunction is still insufficiently
understood, and qualitative improvements require addres-
sing the conceptual and methodological challenges repre-
sented by the translation of properties such as efficiency,
homeostasis robustness, and evolvability in network terms
that are also functionally meaningful when describing the
brain (Levit-Binnun & Golland, 2012).
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Aguirre, J., Papo, D. & Buldú, J. M. (2013). Successful strategies for competing
networks. Nature Physics 9, 230–234.

Aguirre, J., Sevilla-Escoboza, R., Gutiérrez, R., Papo, D. & Buldú, J. M.
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Serrano, M. Á. (2021). Network geometry. Nature Reviews Physics 3, 114–135.

Bollob�as, B. (1986). Combinatorics: Set Systems, Hypergraphs, Families of Vectors, and

Combinatorial Probability. Cambridge University Press, Cambridge, UK.
Bonilha, L., Kobayashi, E., Rorden, C., Cendes, F. & Li, L. M. (2003). Medial
temporal lobe atrophy in patients with refractory temporal lobe epilepsy. Journal of
Neurology, Neurosurgery and Psychiatry 74, 1627–1630.

Borsboom, D.&Cramer, A. O. (2013). Network analysis: an integrative approach to
the structure of psychopathology. Annual Review of Clinical Psychology 9, 91–121.

Bota, M., Dong, H. W. & Swanson, L. W. (2003). From gene networks to brain
networks. Nature Neuroscience 6, 795–799.

Botero, C. A., Weissing, F. J., Wright, J. & Rubenstein, D. R. (2015).
Evolutionary tipping points in the capacity to adapt to environmental change.
Proceedings of the National Academy of Sciences of the United States of America 112, 184–189.

Bowick, M. J., Fakhri, N., Marchetti, M. C. & Ramaswamy, S. (2022).
Symmetry, thermodynamics, and topology in active matter. Physical Review X 12,
10501.

Braak, H. & Braak, E. (1991). Neuropathological stageing of Alzheimer-related
changes. Acta Neuropathologica 82, 239–259.
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Katifori, E., Szöll}osi, G. J. &Magnasco, M. O. (2010). Damage and fluctuations
induce loops in optimal transport networks. Physical Review Letters 104, 048704.

Kenett, D. Y., Perc, M. & Boccaletti, S. (2015). Networks of networks–an
introduction. Chaos, Solitons and Fractals 80, 1–6.

Khona, M., Chandra, S. & Fiete, I. R. (2023). From smooth cortical gradients to
discrete modules: spontaneous and topologically robust emergence of modularity
in grid cells. bioRxiv. https://doi.org/10.1101/2021.10.28.466284.

KIANI, N. A., GOMEZ-CABRERO, D. & BIANCONI, G. (eds) (2021). Networks of Networks in
Biology: Concepts, Tools and Applications. Cambridge University Press.

Kim, J. Z., Soffer, J. M., Kahn, A. E., Vettel, J. M., Pasqualetti, F. &
Bassett, D. S. (2018). Role of graph architecture in controlling dynamical
networks with applications to neural systems. Nature Physics 14, 91–98.

Kitano, H. (2004a). Biological robustness. Nature Reviews Genetics 5, 826–837.
Kitano, H. (2004b). Cancer as a robust system: implications for anticancer therapy.

Nature Reviews. Cancer 4, 227–235.
Kitano, H. (2007). Towards a theory of biological robustness.Molecular Systems Biology

3, 137.
Koetter, R., Effros, M. &Médard, M. (2011). A theory of network equivalence—

part I: point-to-point channels. IEEE Transactions on Information Theory 57, 972–995.
Koetter, R. & Médard, M. (2003). An algebraic approach to network coding.

IEEE/ACM Transactions on Networking 11, 782–795.
Korhonen, O., Zanin, M. & Papo, D. (2021). Principles and open questions in

functional brain network reconstruction. Human Brain Mapping 42, 3680–3711.
Kozma, R. & Freeman, W. J. (2016). Cognitive Phase Transitions in the Cerebral Cortex-

Enhancing the Neuron Doctrine by Modeling Neural Fields, Edition (Volume 39). Springer
International Publishing, Switzerland.

Krakovsk�a, H., Kuehn, C. & Longo, I. P. (2024). Resilience of dynamical systems.
European Journal of Applied Mathematics 35, 155–200.

Kramer, M. A. & Cash, S. S. (2012). Epilepsy as a disorder of cortical network
organization. The Neuroscientist 18, 360–372.

Kramer, M. A., Kolaczyk, E. D. & Kirsch, H. E. (2008). Emergent network
topology at seizure onset in humans. Epilepsy Research 79, 173–186.

Kubota, M., Miyata, J., Sasamoto, A., Sugihara, G., Yoshida, H.,
Kawada, R., Fujimoto, S., Tanaka, Y., Sawamoto, N., Fukuyama, H. &
Takahashi, H. (2013). Thalamocortical disconnection in the orbitofrontal region
associated with cortical thinning in schizophrenia. JAMA Psychiatry 70, 12–21.

Kuceyeski, A., Kamel, H., Navi, B. B., Raj, A. & Iadecola, C. (2014). Predicting
future brain tissue loss from white matter connectivity disruption in ischemic stroke.
Stroke 45, 717–722.

Kuceyeski, A., Zhang, Y. & Raj, A. (2012). Linking white matter integrity loss to
associated cortical regions using structural connectivity information in Alzheimer’s
disease and fronto-temporal dementia: the loss in connectivity (LoCo) score.
NeuroImage 61, 1311–1323.

Kuhnert, M. T., Elger, C. E. & Lehnertz, K. (2010). Long-term variability of
global statistical properties of epileptic brain networks. Chaos 20, 043126.

Lahav, N., Ksherim, B., Ben-Simon, E., Maron-Katz, A., Cohen, R. &
Havlin, S. (2016). K-shell decomposition reveals hierarchical cortical
organization of the human brain. New Journal of Physics 18, 083013.

Lai, Y. C. (2014). Controlling complex, non- linear dynamical networks. National Science
Review 1, 339–341.

Lalande, A. (1927). Vocabulaire technique et critique de la philosophie, revu par MM. les membres

et correspondants de la Société française de philosophie et publié, avec leurs corrections et observations

par André Lalande, membre de l’Institut, professeur à la Sorbonne, secrétaire général de la Société
(2 volumes, 1927). Presses Universitaires de France.

Lambiotte, R., Rosvall, M. & Scholtes, I. (2019). From networks to optimal
higher-order models of complex systems. Nature Physics 15, 313–320.

Landmann, S., Baumgarten, L. & Bornholdt, S. (2021). Self-organized
criticality in neural networks from activity-based rewiring. Physical Review E 103,
032304.

Larson-Prior, L. J., Oostenveld, R., Della Penna, S., Michalareas, G.,
Prior, F., Babajani-Feremi, A., Schoffelen, J. M., Marzetti, L., De

Pasquale, F., Di Pompeo, F., Stout, J. & WU-Minn HCP Consortium

(2013). Adding dynamics to the human connectome project with MEG. NeuroImage
80, 190–201.

Latora, V. & Marchiori, M. (2001). Efficient behavior of small-world networks.
Physical Review Letters 87, 198701.

Le Carret, N., Lafont, S., Letenneur, L., Dartigues, J. F., Mayo, W. &
Fabrigoule, C. (2003). The effect of education on cognitive performances and its

implication for the constitution of the cognitive reserve. Developmental Neuropsychology
23, 317–337.

Lehnertz, K., Bialonski, S., Horstmann, M. T., Krug, D., Rothkegel, A.,
Staniek, M. & Wagner, T. (2009). Synchronization phenomena in human
epileptic brain networks. Journal of Neuroscience Methods 183, 42–48.
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Palla, G., Derényi, I., Farkas, I. & Vicsek, T. (2004). Statistical mechanics of

topological phase transitions in networks. Physical Review E 69, 046117.
Panas, D., Amin, H., Maccione, A., Muthmann, O., van Rossum, M.,

Berdondini, L. & Hennig, M. H. (2015). Sloppiness in spontaneously active
neuronal networks. Journal of Neuroscience 35, 8480–8492.

Pandya, S., Kuceyeski, A. & Raj, A. (2017). The brain’s structural connectome
mediates the relationship between regional neuroimaging biomarkers in
Alzheimer’s disease. Journal of Alzheimer’s Disease 55, 1639–1657.

Pandya, V. A. & Patani, R. (2021). Region-specific vulnerability in
neurodegeneration: lessons from normal ageing. Ageing Research Reviews 67, 101311.

Papo, D. (2013a). Brain temperature: what it means and what it can do for (cognitive)
neuroscientists. arXiv, 1310.2906. https://doi.org/10.48550/arXiv.1310.2906

Papo, D. (2013b). Time scales in cognitive neuroscience. Frontiers in Physiology 4, 86.
Papo, D. (2015). How can we study reasoning in the brain? Frontiers in Human

Neuroscience 9, 222.
Papo, D. (2019a). Gauging functional brain activity: from distinguishability to

accessibility. Frontiers in Physiology 10, 509.
Papo, D. (2019b). Neurofeedback: principles, appraisal and outstanding issues.

European Journal of Neuroscience 49, 1454–1469.
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