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ABSTRACT

The brain is a complex network, and diseases can alter its structures and connections between regions. Therefore, we can try to formalize the
action of diseases by using operators acting on the brain network. Here, we propose a conceptual model of the brain, seen as a multilayer
network, whose intra-lobe interactions are formalized as the diagonal blocks of an adjacency matrix. We propose a general and abstract
definition of disease as an operator altering the weights of the connections between neural agglomerates, that is, the elements of the brain
matrix. As models, we consider examples from three neurological disorders: epilepsy, Alzheimer–Perusini’s disease, and schizophrenia. The
alteration of neural connections can be seen as alterations of communication pathways, and thus, they can be described with a new channel
model.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0199988

To foster a unifying view of brain network in neurological
diseases, this article proposes a conceptual model of the brain
network and its alteration induced by an operator acting on it (K-
operator). The new analogy between the neurons/neural agglom-
erates’ communication and graphs used in telecommunications
allows the definition of a new channel model, whose alterations
are simulated as the action of a K-operator. The effect of disease
is, thus, an alteration to the communication model. This article
provides the language, the formalism, and some first simula-
tions that can foster further advancements toward brain-network
modeling and understanding.

I. INTRODUCTION

A demon acting from the outside, a magic filter to fall in love,
a god gaining power of a mind and unbalancing its humors, a
monster sitting on the chest provoking a nightmare,1 a whispering

angel: across the millenniums and the lands, the humankind tried
to explain mind phenomena as the result of the action of external
factors. A more precise knowledge of neurobiology2,3 allows a bet-
ter understanding of what is going on inside our minds, at least
from a physiological point of view (Fig. 1). Nevertheless, the onset
mechanisms of some neurological phenomena, and disorders, in
particular, are still largely unknown, to not say mysterious.4–6 Today,
it is possible to collect quantitative and precise information, also
with non-invasive methods,7 concerning the variations of neural
activity and connectivity. There are theories attempting to explain
patterns in experimental data. Several of them exploit the model
of complex networks from physics8,9 and notice similarities in the
underlying pathological factors behind clinicoanatomical overlap in
specific neurological diseases.5 However, what is missing is an over-
all picture, a general theoretical model, almost a modern equivalent
of a deity performing a variable action on the human minds.

If ancient Greeks were thinking of entities able to manip-
ulate a brain in different ways, we can nowadays hypothesize a
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FIG. 1. A section of a human head showing the brain. Drawing by M. Mannone.

mathematical operator acting on the network structure of the brain,
and precisely on its connections, to obtain the key features of neu-
rological disorders as specific cases. This article draws upon the
literature on the topic, between physics and neurology, and tries
to propose a conceptual model of an operator acting on a matrix
derived from connections between neural regions. Our motiva-
tion is, thus, trying to bridge the gap between different separated
research, under the umbrella of a common mathematical object,
which can lead to both theoretical and experimental advancements.
Our research would also pave the way toward a general approach to
neurological disease onset and development throughout brain net-
works, as wished by the brain-network community,5 fostering new
therapeutic approaches.

A. State of the art

Several modern approaches to the complexity of the brain
exploit language and methods from network science.8 In fact, the
brain can be modeled as a complex network, whose nodes are the
neurons, the edges the connections between neurons, the aggregate

of close neurons constitute neural regions characterizing the behav-
ior of brain lobes and “hubs” of high connectivity. Regions and their
connections constitute higher levels in the network.

Examples of complex networks include random graphs,
Markov graphs, the small-world model, and the models of network
growth.10 In particular, multilayer networks are models widely used
both to built artificial intelligent systems (multilayer perceptron),
that imitate natural intelligence, as well as to model the working
mechanisms of brains of living beings. When considering a dynamic
system, the layers can, for instance, correspond to the depiction of a
network at each time point.10

The formal paradigm of a network applies to anatomic struc-
tures and their connections, as well as to their physiology. Physical
processes defined on networks can also be exploited to describe
physiological behaviors. For instance, the idea of percolation11 is
interesting also for an application to disease spreading in the brain.
We can wonder if there is an equivalent of “epidemic threshold”
inside a brain, i.e., as a “disease threshold.” In Sec. IV C, we will
try to define a critical threshold of a healthy brain. Such a threshold
should be related to the resilience as an inverse measure of neuron’s
degeneracy or hyper-reaction, according to the considered disease.
We can also think of the overall resilience of the brain against the
damage provoked by the disease.

In a complex network, a hub is a node (a vertex) connected
to highly ranked vertices and, thus, important for the overall work-
ing of the network. Hubs are brain regions with high connectivity,
found among the brain’s most efficient pathways.7 Hubs are more
and more considered to characterize the normal and abnormal
working of a brain.12 Alterations, induced by disease or surgery, to
pathways, can have a disastrous impact, for instance, making a per-
son incapable of recognizing faces (prosopagnosia),13 or producing
the disconnection syndrome, with multiple effects, such as apraxia
or aphasia.14,15 Subtle differences in behavior can be related with
individual personality. Here, we focus on the coarse-graining brain
network changes induced by three neurological disorders: epilepsy,
schizophrenia, and Alzheimer–Perusini’s disease, whose key features
and network-related description are summarized in Sec. II.

The open challenges concern a unitary view of these descrip-
tions and the prospective definition of a common generator of the
diseases. The challenge is not of theoretical nature only, but as a
therapeutic one. In fact, the understanding of a pathological con-
dition and of its similarity to another one might in the future lead to
an extension of understanding and an improvement of therapies.

B. Our contribution

The contribution of this article is a conceptual model able to
perform some tasks, enucleating the key features of some neurolog-
ical disorders in terms of their impact on natural neural network
connections. Our first research question is the following: can we
sketch an approach with operators and tensor product, such that,
changing some parameters and coefficients, we shape the action of
a disease or another one? Our second question is: can we propose
a new channel model to describe the interaction between neural
agglomerates? Our conceptual model may also constitute a quantita-
tive and formal framework for unified approaches, as the one wished
for neurodegenerative disease.5 We propose a mathematical object,
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acting on the layer of neurons, neural agglomerates, lobes, and the
whole brain, which can be instantiated to represent the key feature
of different diseases.

C. Organization

This position paper is organized as follows. In Sec. II, we pro-
vide some technical information on the network disruption induced
by the considered three neurological disorders. In Sec. III, we
describe the adopted terminology. In Sec. IV, we describe the key
elements of our conceptual model. Then, in Sec. V, we introduce
a specific channel and oscillatory model for the communications
inside a brain lobe, observing how the synaptic patterns can be
altered by a disease. Our conclusions, followed by a discussion of
possible research developments, are proposed in Sec. VI.

II. NETWORKS IN THREE NEUROLOGICAL DISORDERS

In this section, we summarize some recent literature on the
key features of epilepsy, schizophrenia, and Alzheimer’s disease and
the disruption they induce to human neural network. This infor-
mation will constitute the ground for our conceptual model of a
neurological disease as the action of an operator on the healthy brain
network.

Epilepsy is characterized by seizures, defined as “a burst of
uncontrolled electrical activity between brain cells (also called neu-
rons or nerve cells) that causes temporary abnormalities in muscle
tone or movements (stiffness, twitching, or limpness), behaviors,
sensations or states of awareness.”16 There are fast oscillations
with low voltage rapid discharges (LVRDs), with the ability to
synchronize.17 In particular, two phases can be distinguished: the
depolarization (Paroxysmal Depolarization Shift, in short PDS),
with a burst firing in neurons, responsible of the high-frequency
neural discharges, and the subsequent synchronization of great pop-
ulations of neurons. Then, we have the hyperpolarization, as an
expression of inhibition. There are rhythmical sequences of spike-
wave complexes or discharges of spikes more and more higher. The
hyperpolarization is an exaggerated neural response to excitatory
stimuli. We can think of the seizure phenomenon as a reverber-
ation in a circuit. The end of the crisis presents a progressive
re-polarization of the neurons.9

In terms of networks, epilepsy syndromes are characterized
by an atypical hub organization. The abnormal network organiza-
tion, which results from recurrent excitatory circuits, contributes
to the generation and maintenance of seizures. Information on
brain’s structural connectivity can be retrieved with a number of
non-invasive measurement techniques (including diffusion MRI,
functional MRI, and EEG/MEG scalp signals), which also have the
advantage of allowing one to get a general picture of brain’s network,
not limited to a specific region. There is discordance between some
studies: some indicate a preservation of the overall network organi-
zation, probably thanks to compensatory mechanisms; other studies
highlight a decreased efficiency (corresponding to a different path
length and clustering). The topology of hubs is a marker for seizure
recurrence in drug-resistant patients.9

One can distinguish between the network of the epileptogenic
zone, where the seizure starts, and the propagation network. There

can also be different conditions: either a focus on the epileptogenic
zone or a start on the temporal lobe, with discharges throughout the
brain.17 The concept of percolation in networks has been applied to
a dataset of epileptic seizures.18 Before, during, and after a seizure,
there are dramatic changes to the brain network’s motifs.19

To model depolarization in seizures, a model with impulse-
response functions has been proposed,20 having as input the synaptic
current and as output the firing rate and impact on other variables.
The formalization takes into account the delay of signal transmis-
sion between neurons. The study focuses on neural masses, i.e.,
agglomerates of neurons, and it is based on inhibitory and exci-
tatory neural models, taking into account also membrane char-
acteristics and potassium exchange. In Ref. 20, it is proposed a
two-element network, coupling an excitatory and inhibitory neural
mass. The models of single neurons are the Hodgkin–Huxley and
Wang–Buzsáki models, with their ordinary differential equations.
Rather than on single neurons, we will be focusing on the connec-
tions between neural agglomerates of particular relevance. There is a
correspondence between onset and termination of a seizure and the
increase and diminution of weights in the network.21

Schizophrenia is a mysterious neurological and psychiatric dis-
order. It is defined as “a serious mental disorder in which peo-
ple interpret reality abnormally. Schizophrenia may result in some
combination of hallucinations, delusions, and extremely disordered
thinking and behavior that impairs daily functioning, and can be
disabling.”22

A recent study23 proves that schizophrenia is related to the
aberrant topology of the structural infrastructure of the brain net-
work. In particular, longer node-specific path lengths are found,
having as consequences a diminished efficiency of the correspond-
ing brain regions. Also, the small-world organization is preserved,
but the communication between different cerebral zones is dimin-
ished. Disorganization effects rather than a loss of connectivity
strength are noticed. There is also an impact of the disease on the
global network connectivity of frontal and temporal brain regions.
The changes are progressive, and the underlying mechanisms lead-
ing to the networks alterations are not clear. Some of the more
involved regions are amygdala-insula (reduced connectivity), and
frontal-medial parietal lobe (increased connectivity).24

Alzheimer’s disease, more correctly defined as Alzheimer–
Perusini’s disease,9,25 is a form of dementia. The description of the
first identified cases was developed by the German psychiatrist Alois
Alzheimer (1864–1915) and the Italian physician Gaetano Perusini26

(1879–1915) in 1906 (first case) and 1910 (other four cases). The
first described case presented a cortical atrophy caused by a pro-
gressive loss of neurons and plaque alterations. The brain regions
more involved are temporal and parietal, hippocampal and parahip-
pocampal. At the microscopic level, we notice the formation of
plaques inside the neurons, which start appearing before the charac-
teristic symptoms of the disease.9 In the pre-clinical phase, when no
symptoms are evident, the damage progresses insides the neurons.
Then, a mild cognitive impairment appears, followed by a disorien-
tation with a memory loss of recent events. The disease progresses
little by little disintegrating the person, making him/her unable to
recognize past events and people, and to perform abstract cognitive
tasks. In advanced stages and forms of disease, the patient loses
personal autonomy.
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From the point of view of networks, recent research shows
a progressive shift toward a random architecture of functional
networks,27 and a non-linear variation of the network topology, with
a slightly different trend with respect to the disease progression.28

Researchers also notice a decreasing trend of mean and stan-
dard deviation of vertex strength (for their definition, see Sec. III).
In addition, the total strength of the long links decreases, while
the short links increases with the disease progression.27 In our
modeling, focusing on mainlobes, we will consider the progressive
disruption of the connection. At a local level, we can also see the
internal destruction of the neuron functionality as its progressive
termination of its connections with the other neurons.

III. LEXICON

Let us introduce here the language, defined in network theory,
that we will adopt in our research. We define nodes, edges, adjacency
matrix, and layers.

The basic elements of a network are the nodes, also called
vertices. The connections between the nodes are the edges, also
called links. The strength of the connection between two nodes
is indicated with a specific weight. The sum of weights of the
edges connected to a vertex provides a measure of the strength of
the vertex itself.29 The system of edges between nodes and their
strength constitutes the content of the adjacency matrix, whose
ijth element is 0 if there is no edge connecting the two vertices i
and j, equal to 1 if it exists and if there is not a specific weight
assigned to it (all connections are equal in the network), and equal
to a specific number greater than zero, the weight of the connec-
tion, if weights are assigned. In addition, the formalism of com-
plex networks overcomes models based on pairwise interactions,

involving simplicial complexes and hypergraphs. The basic mathe-
matical tools exploited are incidence matrices, that contain informa-
tion on nodes-edges, and adjacency matrices providing information
on nodes–nodes.8

The network can be constituted of more than one layer, and
connections between elements belonging to the same layer and to
different layers can be established. For instance, in a longitudinal
medical dataset, the comparison between the values of clinical vari-
ables, repeated over time for the same patient, can be seen as the
comparison between points in different layers, where each layer cor-
respond to a time point.30 However, in our research, we will be
focusing on layers of anatomic brain structure rather than time. In
a brain, in fact, we can define different layers to describe the hierar-
chical organization of neurons, neural aggregations, hubs, lobes, and
the whole brain. A dataset containing clinical measurements con-
cerning the brain of different patients across time can be described
as a network of more layers.

Formal representations of networks can be built starting from
time series. In fact, when a direct representation of structural net-
works is not possible, functional networks, modeling interactions
between vertices, are proposed. Functional networks are helpful to
describe many natural and artificial complex systems, and they can
be inferred starting from time series measurements.29

IV. THE PROPOSED CONCEPTUAL MODEL

A. The idea

We propose here our idea: a conceptual model of a healthy
brain, described by the operator G, and a model of disease as the
effect induced on G by an operator K.

FIG. 2. Multilayer structure of the human brain. The connections between neural areas inside each lobe are the intra-layer connections, while the connections between neural
areas belonging to different lobes (not shown in the image) are the inter-layer connections. The whole image represents the overall brain architecture at time t.
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1. The healthy brain

Let G be a block diagonal matrix approximately represent-
ing the main connections inside the brain, as an adjacency matrix
of the brain network. Each block refers to the connections on a
specific brain area. The letter G stands for Gehirn (German for
brain).

Considering, for example, four areas A, B, C, and D ∈ G, we
have

G =







A 0 0 0
0 B 0 0
0 0 C 0
0 0 0 D






, (1)

where A = frontal lobe, B = temporal lobe, C = parietal lobe, and
D = occipital lobe. In this first analysis, we neglect cerebellum, sub-
cortical areas, and spinal cord. The off-diagonal blocks represent
the interactions between the lobes. In this preliminary study, we are
neglecting them, and we will only make a reference for the case of
epilepsy. Such a simplification is in general not biologically plausi-
ble, except in the case of very localized lesions or damage, affecting
a specific area and not other parts of the brain, or its interaction
with them. We can also consider specific investigations of the work-
ing mechanism of brain regions, in the style of simplification carried
out in physics, moving from a simple model toward increasing levels
of complexity when interpreting results.

The blocks are here adjacency matrices. In fact, in terms of net-
works, each brain area contains nodes (neurons) and edges (their
connections), both from an anatomic point of view, as well as from
a functional point of view. Some subregions have a higher connec-
tivity and centrality and are thus characterized as hubs.12 Here, we
consider as nodes the hubs for each region of the brain, and as edges,
their connection. We then choose to indicate adjacency matrices for
each considered brain regions the matrices of these nodes–nodes
connections, using the corresponding letters of the brain regions:
A, B, C, D. The size of the considered matrices depends upon the
chosen degree of precision in their description. For a first approx-
imated depiction, we consider block matrices of size 4 × 4, whose
elements are real numbers comprised in [0, 1], where 0 denotes
the absence of any connection and 1 is a maximal-strength signal
connection.

Thus, in our model, an equivalent of the neural agglomerates
(the neural masses in Ref. 20) are the nodes, and their connections
are the edges. The single neurons are the sub-nodes. Figure 2 illus-
trates the hierarchical structure of the considered model. We have
a multilayer network of the brain lobes and their connections. Each
lobe is a layer. Moving up, we have the hierarchically higher level of
the overall brain. Moving down, we have the hierarchically lower
level of the neuron network (called “sub-network” in the image),
where the neurons are the nodes, and the synapses connecting them
are the edges. An additional layer is constituted by time, as the
proposed structure is like a picture at each time t. In Sec. V, we
will choose a specific shape for the oscillatory trends, and we will
model a channel model for neuron–neuron and neural mass–mass
communications.

2. The diseased brain

Diseases can be described as the effect of a K operator (K for
Krankheit, German for disease). Considering time points as dif-
ferent layers, the network description can be lifted to a multilayer
depiction. The operator K depends on time, and thus, we have

K(t)G(t) = G
K(t). (2)

According to the specific choice of parameters of K, the effect
on G can vary according to time, regions, and intensity. The role of
medications and surgery is contrasting the action of K. In the ideal
case, they would act as inverse operators to restore the health of the
brain. Denoting the medical intervention as a generic Operation O,
in the ideal situation of healing, we would have

OG
K = G ⇒ O = K−1. (3)

The idea of an inverse operator is the mathematical equivalent of the
“reversible onset” and the “revert to a healthy state” as hoped for in a
review study concerning neurodegenerative diseases (Ref. 5, p. 11).

In contrast to the idea (hope) of reversibility, studies, such as
Ref. 31, claim that transitions occurring in disease are irreversible.
To justify the idea of reversibility, we can think of a chain of progres-
sive transformations gradually approximating the healing process.
We can also think of perturbation methods in physics, where the
approximated solution of a complex problem in physics is found by
performing gradual variation to the exact solution of a more simple
problem.

We can schematically consider the shape of the K-operator as

K(t) = [( · )A(t) ⊗ IB,C,D + IA ⊗ ( · )B(t)IC,D + IA,B ⊗ ( · )C(t) ⊗ ID

+ IA,B,C ⊗ ( · )D(t)] ⊗ Iint, (4)

where IB,C,D is the operator IB ⊗ IC ⊗ ID acting as the identity on
blocks B, C, and D, respectively, IA,B,C = IA ⊗ IB ⊗ IC, and so on, Iint

is the action (as an identity matrix) on the off-diagonal blocks, that
we temporarily neglect here, and ( · )(t) indicates a suboperator act-
ing on the edges of a specific brain region at time t. When K acts on
the connections between lobes as well, then the off-diagonal blocks
will be different from zero. If we consider four nodes in each lobe,
then the overall matrix G will be a 16 × 16 matrix, as well as K, as
it is acting on each element of the adjacency matrix of a lobe, for all
the considered lobes (and their interactions).

K acts on the connections between hubs in each of the con-
sidered brain regions A, . . . , D, with a different action according to
the considered disease. For instance, connections can be strength-
ened, severed, weakened, or temporary effects can be introduced (as
during a seizure). Figure 3 shows a pictorial example of its possible
action.

Once the K operator is defined, through inverse equations,
it is possible to approximately compute the action of the disease
on the neural masses constituting the nodes of our model. The K-
operator should act element-wise. We want to sketch the form of K
considering the following three instances of behavior.

In schizophrenia, we have random effects on weights in spe-
cific brain regions (some connections are reinforced, others are
destroyed, and yet others are reshaped).23 From a point of view of
signal transmission, we can think of a variation of signal intensity,

Chaos 34, 053133 (2024); doi: 10.1063/5.0199988 34, 053133-5

Published under an exclusive license by AIP Publishing

 23 July 2024 10:42:54

https://pubs.aip.org/aip/cha


Chaos ARTICLE pubs.aip.org/aip/cha

FIG. 3. An example of the possible action of the
K-operator on one of the brain’s lobes, strength-
ening some of the connections between neural
areas, and weakening some other ones. In this
example, the action of K on the other lobes cor-
responds to the identity.

with the addition of noise here, of gain there. Thus, the K-operator
should here assume a form such that

Ks =
(

random factors
)

A
⊗ IB,C,D ⊗ Iint . . . . (5)

In epilepsy, the disease triggers a resonant activation of neu-
rons, followed by a time decay that ends the seizure crisis.7,9,17 The
phenomenon is described in the literature also as a backpropagation
effect, where an abnormal activity of a population of neurons is fol-
lowed by an abnormal response by another population of neurons.
Thus, the K-operator should here assume a form such that

Ke = (time decay factor)
(

amplitude variation as a wavelet
)

A

⊗ IB,C,D ⊗ Iint . . . , (6)

where the choice of onset of the seizure depends on the epileptogenic
zone, and the involved areas at subsequent time points concern the
propagation network. Thus, the seizure spreads across brain regions
and layers of time, before reaching its progressive end.

How can we describe a seizure in terms of the sole edges? At
t = 0, we would have a damage limited to the epileptogenic zone. At
t = T, the seizure propagates to another brain area.

In Alzheimer–Perusini’s disease, the layers of neurons present
an inner destruction, and there is an effect of severing connections
between them.9,28 This reminds us of the action of a “filter” that
reduces the transmission of signal to zero. From a point of view of
telecommunications, we can think of a progressive variation of a sig-
nal that leads some nodes to be out of coverage. The operator Ka

could act as follows:

Ka =
(

factors leading to zero
)

A
⊗ IB,C,D ⊗ Iint . . . . (7)

In fact, from a point of view of communications between neurons,
the loss of a neuron is equivalent to the interruption to all com-
munications between this neuron and the other ones, that is, to the
vanishing of the edge between the corresponding vertices. This is
the reason why, in our conceptual model, we will consider a decay
of connections.

B. Toward a precise form for the K -operator

For each of the neurological diseases described in Sec. II, we
develop the insights of Sec. IV A, proposing a possible correspond-
ing form of the K-operator. As a general remark, the functions f in
this section, proposed to describe the particular action of K, should

not be confused with the activation functions for single neurons of
Sec. V.

1. Alzheimer–Perusini’s disease

We start our analysis from the effect of progressive connec-
tion destruction in Alzheimer–Perusini’s disease. We approximate
the phenomenon with a time-dependent submatrix on the connec-
tions among specific brain areas. We can consider an action on the
frontal lobe (A), affecting judgment and behavior; on the temporal
lobe, affecting memory (B), and on the parietal lobe (C), concerning
language.32 For the sake of simplicity, we consider an exponential
decay,

fA(t) = 〈aij〉e
−λt, (8)

where 〈aij〉 is the mean normal element of the adjacency matrix for
region A and λ is the inverse of a characteristic time of neuron decay
(that we consider here as a time for neuron–neuron connection
decay). The brain region A loses it functionality when the damage
overcomes a critical (mean) value for the single connection,

fA(t∗) = ε ⇒ t∗ = −
1

λ
ln

(

ε

〈aij〉

)

. (9)

If the same function of the form of Eq. (8) is applied to the whole
region A, then the corresponding section of the K-operator sim-
plifies and the result of its action reads as fA(t)A. Considering
similar decay functions fB and fC for the temporal and parietal lobes,
respectively, the K-operator becomes

Ka(t) = [fA(t) ⊗ IB,C,D + IA ⊗ fB(t) ⊗ IC,D

+ IA,B ⊗ fC(t) ⊗ ID] ⊗ Iint. (10)

If the form of the decay functions is different according to the
connections of the four hubs for each considered lobe, then we have

Chaos 34, 053133 (2024); doi: 10.1063/5.0199988 34, 053133-6

Published under an exclusive license by AIP Publishing

 23 July 2024 10:42:54

https://pubs.aip.org/aip/cha


Chaos ARTICLE pubs.aip.org/aip/cha

a matrix for each lobe, and the K-operator becomes

Ka(t) =











f11
A (t) · · · f14

A (t)
f21
A (t) · · · f24

A (t)
...

. . .
...

f41
A (t) · · · f44

A (t)











⊗ IB,C,D ⊗ Iint+

+ IA ⊗











f11
B (t) · · · f14

B (t)
f21
B (t) · · · f24

B (t)
...

. . .
...

f41
B (t) · · · f44

B (t)











⊗ IC,D ⊗ Iint

+ IA,B ⊗











f11
C (t) · · · f14

C (t)
f21
C (t) · · · f24

C (t)
...

. . .
...

f41
C (t) · · · f44

C (t)











⊗ ID ⊗ Iint. (11)

With a more compact notation, indicating only the ij-element for
the whole submatrix, we can write

Ka(t) =







f
ij
A(t)



 ⊗ IB,C,D + IA ⊗



f
ij
B(t)



 ⊗ IC,D

+ IA,B ⊗



f
ij
C(t)



 ⊗ ID



 ⊗ Iint. (12)

The use of a submatrix rather than a vector allows for a more
fine-graining action, modifying each one of the weights contained in
the adjacency matrix.

2. Schizophrenia

In Ref. 23, the notions of data from schizophrenic patients and
healthy patients as control sample are analyzed according to a graph-
based theoretical model. Each region of the brain is seen as a node,
and the connections between regions are seen as edges. The “hubs”
have a central position. They can be seen, in our model, as one-level
up in the hierarchy, starting from the neurons. In our research, we
can consider time-depending operators acting on the connections,
producing a disorganization, for instance, introducing a random
noise.

For this reason, to shape the K-operator to simulate key aspects
of network disruption induced by schizophrenia, we can introduce
a quasi-random effect on the connections. In this way, we can gen-
eralize the expression of Eq. (11) to obtain a toy model of some key
features in schizophrenia. The equation for the schizophrenic dam-
age induced to the network will, thus, have a similar shape of the

previous ones, provided that the functions f
ij
A(t), . . . , f

ij
D(t) contain

random effects on the weights, with a different onset. Some terms
will strengthen the connections, and other ones will weaken them. A
computational toy example is provided in Subsection IV D.

3. Epilepsy

The nearly abrupt onset, disappearance, synchronization, and
higher frequency that characterize seizures can be effectively mod-
eled using wavelets. Notably, wavelet transforms have been pre-
viously employed in machine learning for the analysis of seizure
data.33 Introducing wavelets, we can loosely approximate the time-
limited effect of “resonance” occurring in seizures. Thus, introduc-
ing wavelet on a specific form of the K-operator can allow us to
model the network disruption induced by this disease.

However, the wavelets act on the single neurons to repre-
sent their abnormal and time-limited activity. At this stage, we are
interested in modeling the operator acting on the neuron–neuron
connections, or, at a higher level, on the connections between more
significant elements on the brain lobes.

The temporal lobe (that we indicate with B) is one of the most
common loci of the seizure onset. We can model a seizure starting in
B and then propagating to another lobe, for instance C, the parietal
lobe.

Let T be the duration of a seizure. At time t = 0, the seizure is
not started yet, so Ke is only equal to the identities on all the con-
nections. At t = 1 (we are not making a hypothesis on specific time
durations, rather considering arbitrary numbers), we have

Ke(1) = IA ⊗ h(1, T)



1 − sin
(π

T

)



g
ij
B(1)







 ⊗ IC,D ⊗ Iint, (13)

where sin
(

π t
T

)

sets to zero the seizure at t = 0 and at t = T; h(t, T) is
a decay factor depending on the time t and the duration T, to repre-
sent the intensity decrease of seizure effects when the time is closer to
T; the functions gi

B(t), with i = 1, . . . , 4, indicate a gain in the con-
nection. At the following time point, their value changes, and the
effect of the seizure can propagate to another lobe,

Ke(2) =



IA ⊗ h(2, T)



1 − sin

(

2π

T

)



g
ij
B(2)







 ⊗ IC,D

+ IA,B ⊗ h(2, T)



1 − sin

(

2π

T

)



g
ij
C(2)







 ⊗ ID



 ⊗ Iint.

(14)

For every time t ∈ [0, π], we have

Ke(t) =



IA ⊗ h(t, T)



1 − sin

(

π t

T

)



g
ij
B(t)







 ⊗ IC,D

+ IA,B ⊗ h(t, T)



1 − sin

(

π t

T

)



g
ij
C(t)







 ⊗ ID



 ⊗ Iint.

(15)

The square brackets to have 1 − . . . are redundant, and they
have just been added to keep the identity at t = 0. If we consider only
values of time t ∈ [0, T], then the sine acts as a window. At t = 0, the
sine terms vanish, and at t > 0, their effect appears.
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It is probably not necessary to include an explicit reference to
the single-neuron activity in this higher-degree model. In fact, as
aforementioned, a connection between the onset of a seizure and an
increase of the weights between the corresponding parts of the net-
work has already been confirmed.21 We would only need a separate
expression to link single neurons (sub-nodes) with agglomerates
(nodes) and their connections (edges), where the K-operator acts.

Or, we can explicitly add an additional level to our model. The
effect of wavelets on single neural activity can be rendered with an

additional tensor product on each one of the functions g
j
i(t) to rep-

resent the action on a different layer, the layer of the neurons rather
than the layer of their connections. Or, it could be the form itself of

the functions g
j
i(t) to contain the effect on the neurons. In terms of

telecommunications, we could not know what is happening inside a
specific node, but we could notice an abnormal sending activity from
that node, mirrored into an altered pattern of edges’ weights between
the sender and the receiver. In this sense, the wavelet-like informa-
tion of the neurons and neural areas involved in the seizure can
be represented by suitable g

j
i(t) functions. As an alternative formal-

ization, rather than the sine function, we can use a window, which
could be expressed by Heaviside functions, e.g., 2(T − t) · 2(t), to
have 0 outside ]0, T], and the effect of the seizure inside.

C. Critical threshold

In this section, we propose an additional element, which is
an intuition about the threshold of global connectivity (a measure
across the entire matrix) and brain resilience (local measures), as in
Eq. (16),

d
(

〈G〉,Gk
)

< ξ , (16)

where

• 〈G〉 stands for a “mean” organization of a healthy network brain
in terms of adjacency matrix at time t (〈G〉 stands here also for
Gesundheit, German for health).

• Gk refers to a specific brain affected by the disease expressed by
the K-operator. They can be both local or global identifiers.

• ξ characterizes a critical value, different for each disease (and, in
principle, for each brain). The Greek letter ξ stands for kritische
Schwelle, German for critical threshold: kSi = ξ .

The higher the resilience of a brain network against the damage
provoked by the K-operator, the higher the critical threshold ξ . This
information, independently defined, can be related to the degree of
resilience recently proposed in the literature.34

D. Toy application

As a toy example, let us consider the adjacency matrix of
Eq. (17), replicated for the four lobes. For the sake of simplicity, we
consider four nodes, representing neural masses, or hubs. Thus, the
adjacency matrix in each lobe is a 4 × 4 matrix,

A =







0 1 0.4 0.5
0.4 0 0.1 1
1 0.5 0 0.5
1 1 1 0






= B = C = D. (17)

Then, we apply different parts of the K-operator, in form
of 4 × 4 matrices acting element-wise. They can strengthen the
weights of the connections, weaken them, or leave them unchanged,
see Eq. (18),

K =







0.8 0.5 0.2 0.3
0.2 0.7 1.4 1.0
0.5 0.3 0.8 0.1
0.7 0.4 0.9 0.5






⊗ IB,C,D ⊗ Iint

+ IA ⊗







0.1 0.1 0.1 0.1
0.1 0.1 0.1 0.1
0.1 0.1 0.1 0.1
0.1 0.1 0.1 0.1






⊗ IC,D ⊗ Iint+

+ IA,B







1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1






⊗ ID ⊗ Iint

+ ⊗IA,B,C ⊗







0.8 0.5 0.2 0.3
0.2 0.7 1.2 1.0
0.5 0.3 0.8 0.1
0.7 0.4 0.9 0.5






⊗ Iint. (18)

The modified matrix is shown in Eq. (19), where each color denotes
a different lobe.

KG = G
K =







AK 0 0 0
0 BK 0 0
0 0 CK 0
0 0 0 DK






,

AK =







0. 0.5 0.08 0.15
0.08 0. 0.14 1.
0.5 0.15 0. 0.05
0.7 0.4 0.9 0.






,

Bk =







0. 0.1 0.04 0.05
0.04 0. 0.01 0.1
0.1 0.05 0. 0.05
0.1 0.1 0.1 0.






,

Ck =







0. 1. 0.4 0.5
0.4 0. 0.1 1.
1. 0.5 0 0.5
1. 1. 1. 0.






,

Dk =







0 0.5 0.08 0.15
0.08 0. 0.12 1.
0.5 0.15 0. 0.05
0.7 0.4 0.9 0






.

(19)

The initial situation is graphically shown in Fig. 4(a) and the
result of the transformation in Fig. 4(b). Each lobe contains four
(sub)nodes, that is, the hubs. In this example, we did not make
any hypothesis on the mathematics behind the single nodes and
their subnodes. In Sec. V, we will consider a random network, pre-
senting a new channel model for the within-lobe interactions and
disruptions induced by a disease.
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FIG. 4. A simple brain network (top) and its modification due to the K-operator (bottom). (top) A simple brain network, with four lobes, and four neural agglomerates in each
of them. For the sake of simplicity, in this example, the weights are the same in all lobes [Eq. (17)]. (bottom) The K-operator of Eq. (18), acting on the network of Fig. 4(a),
changes the thickness of the edges in the four lobes, modifying the weights of the corresponding elements inside the brain-adjacency matrix.

V. OSCILLATORY MODELS AND A NEW CHANNEL

MODEL FOR THE BRAIN

In this section, we present an oscillatory model for the neu-
ral masses, starting from the literature,35 and introducing a new
channel model for the neuron–neuron and neural mass–mass
communications, for both the communications between subnodes
(the neurons) and between the nodes (the neural masses). We first
describe a “healthy” case considering a random neural system, and
then, we introduce an alteration to it, to simulate the network alter-
ation induced by a possible disease, observing how the oscillatory
trend changes.

The operator G, Eq. (1), contains the information about
the strength of connections between the main neural masses in
the considered lobes. It contains the information on the edges.
The mathematical description of the nodes, i.e., the neural masses
themselves, is not trivial. We can define oscillators representing the
clarity/intensity of the signal ongoing from each node, seen as a
source in telecommunications. The interaction between senders and

receivers (i.e., between pairs of nodes) is the signal exchange, and its
weight is included in the adjacency matrix. We should now describe
the oscillator for the single node, the interaction between nodes, and
the mathematical relationship between these interactions and the
elements of the G matrix.

According to one of the formulations of Dale’s law for biolog-
ically plausible networks,35,36 one has to distinguish between exci-
tatory neurons producing only excitatory synapses and inhibitory
neurons producing only inhibitory synapses. For the sake of sim-
plicity, let us focus for now only on excitatory neurons of a neural
population. In Ref. 35, the dendritic potentials of the ith neuron is
given by

Fi(t) =
∑

j

wijf(xj) (20)

and the overall potential of a neural mass as

E(t) =
∑

i+

Fi(t), (21)
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where the + sign indicates the excitatory neurons. In our study,
the neural populations constitute the nodes, and the strength of
their connections is the information contained in the elements of
each diagonal block of G. Thus, adapting Eq. (21) to our model, the
potential of a lobe, containing multiple nodes, can be given by

El =
∑

z

W
l
zE

l
z(t), (22)

where

• l denotes the lth lobe, with l = 1, 2, 3, 4 in our model;
• z is the zth node in the lobe, with z = 1, 2, 3, 4 in our model;
• W l

z is the weight of the zth node in the lth lobe; this information
should be related to each entry of G; and

• El
z is the potential of each node:

El
z(t) =

∑

i+

Fl,z
i (t) =

∑

i+

∑

j

wl,z
ij fl,z(xj), (23)

where i, j are defined as in Ref. 35.

The value wl,z
ij in Eq. (23) is a fixed number depending on the phys-

ical connections between neurons. It can be modified by physical
alterations, as cutting a connection after a surgical operation13 or
its interruption due to a disease.15 What changes is the value of the
activation function fl,z(xj) based on the presence of neural fire. The

overall value W l
z changes according to the local activations in a lobe.

In this first study, we are considering the interactions between the
nodes in each lobe, corresponding to the diagonal blocks in Eq. (1),
neglecting the connections between different lobes.

Let us make a step back. In a random neural network, the dif-
ferential equation governing the activation of the ith neuron is given
by

τi

d

dt
xi(t) + xi(t) =

∑

j

wijf(xj(t)), (24)

where τi is a decay factor, inversely proportional to the leakage rate
αi. In Ref. 35, the weights of single-neuron connections are related
to the adjacency matrix entries aij (one-level lower with respect to
our adjacency matrix) and to the gain gij via

wij = gijaij. (25)

In the following, we will adopt the contravariant notation wij, in
analogy with the telecommunication application. In fact, let us
present now a channel model of the neural activity and the neural-
agglomerate activity.

In order to relate the weights between single neurons with
the weights between neural masses (population), we are proposing
a new model, typical of telecommunications networking. Starting
from the pictorial brain representation of Fig. 2, we can define the
lth lobe as a undirected graph (or a full-duplex network). According
to the formalism used in classical telecommunication models,37,38 we
define a undirected graph as a triplet with its nodes (the vertices V),
its connecting edges (the arcs A), and the weights associated to each
arc (W). In our case, we can indicate the structure of the lth lobe as

the following graph:

Gl(t)
1
=

〈

Vl, Al, Wl(t)
〉

, (26)

where G is the graph, Vl is the set of nodes (neural masses) inside the
lth lobe, Al is the set of undirected edges/arcs (connections) between

the neurons Li
l and L

j

l ∈ Vl, and Wl(t) is the set of weights of their
connections. In Eq. (26), we used the symbol Gl rather than G, to
make distinction between the graph of the lth lobe and the adja-
cency matrix of the whole brain, indicated with G in Eq. (1). Of
course, the two objects are correlated. We indicate the restriction
of G to the lth lobe as G|l. Its elements are the weights of the con-
nections between neural masses Vl =

{

v1
l , . . . , v4

l

}

. In general, there

are nl neural masses: Vl =
{

· · · vz
l · · ·

}

=
{

v1
l , . . . , v

nl
l

}

. The elements

of G|l are the weights of each z-node, that is, W l
z in Eq. (22). The

value of W l
z is obtained as the sum of the weights of the edges con-

nected to that node. If the node vz
l is only connected to the node vz′

l ,
the “weights of the edges connected to that node” is the weight of

node vz′

l , which is given by the sum of the weights of the interactions

between its neurons. If the lobe contains only the nodes vz
l and vz′

l ,
the interactions between their neurons constitute the whole set Wl.
The weight of the edge connected to vz

j is given by a subset of Wl,

restricted to the neuronal activity inside vz′

l . Consequently, Eq. (23)
leads to

W
l
z =

∑

i+ ,j

wl,z′

ij ,
{

. . . wl,z′

ij . . .

}

∈ Wl = Wl(t). (27)

Let us go back to the definition of graph, in Eq. (26). We now indi-

cate the two neural masses as vi
l and v

j

l, respectively. The set Wl(t)
depends on the weights Wi

l of the connections between the neu-

rons inside the neural mass vi
l and the weights W

j

l of the neurons

inside mass v
j

l. It is crucial to highlight that Wl(t) is strictly time
variant, because it depends on the overall neural activities inside Vi

l

and V
j

l. For sake of notation completeness, it can be written that Vl

= {v1
l , . . . , v

nl
l }, (|Vl| = nl), Al = {a1

l , . . . , a
ml
l }, (|Al| = ml), and a

q

l

∈ Al = a
i,j

l = (vi
l , v

j

l), as well as w
q

l (t) ∈ Wl(t) = w
i,j

l (t) = wl(v
i
l , v

j

l, t).
So, our proposal is to consider Gl(t) as a Static Wireless

Adhoc Neuralmass NETwork (SWANNET), where the communica-
tion channels between each couple of neural masses, represented by
the elements of Al(t), are subject to evanescence and/or degradation
in function of time. These effects cannot be described as the typical
Dopplershift, fading, shadowing or similar phenomena, given that
nodes are not mobile and the environment is completely different.

If an Observation Time Window (OTW) of duration T (sam-
pling period) is defined, the internal dynamics of Vl can be observed
during the kT periods, with k ∈ Z

+.
In function of the number of neurons composing the mass

node vz
l ∈ Vl and their reciprocal electrochemical stimulations, there

will be a certain probability that, in kT, at least one internal neural
cell produces a firing in kT by its axon, which will be connected to
the synapses of some neural cells in the agglomerate v

y

l ∈ Vl: in this
case, it can be said that W

z,y

l (t) 6= 0 during the time range should it
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be ](k − 1)T, kT]. Formally, we have

W
z,y

l (t)
∣

∣

kT
6= 0 if ∃xi ∈ vz

l and xj ∈ v
y

l such that f(xi)
∣

∣

kT

6= 0 ∧ xi → xj, (28)

where the notation xi → xj represents the relationship between the
axon of a neuron xi of vz

l (which has triggered a firing) and the
synapses/dendrites of a neuron xj in v

y

l , which received xi’s signal.

It should be underlined that the dynamics of W
z,y

l (t) are different
from the ones of W

y,z

l (t).
At this point, the notation introduced in Eq. (28) can be used

to describe the general expression for W
z,y

l (t), the weight assigned
to the edge between two mass nodes, from vz

l to v
y

l , both ∈Vl. So, if
condition in Eq. (28) is valid, then

W
z,y

l (t)|kT =
∑

i:xi→xj

wij·f(xi)|kT, (29)

where, as already explained, f(xi) represents the output generated
on the axon of neuron xi ∈ vz

l , destined to the synapses of neuron
xj ∈ v

y

l , through the neural weight wij. When there is no activity on
the considered path, then the weight is set to 0.

With the above-mentioned relations, it is possible to consider
the evolution of Gl(t)’s weights over time. Let us assume that the
total observation time T∗ is an integer multiple of the OTW of size

T, that it T∗ = α · T: in this way, k = 0, . . . , α, α ∈ Z
+\{0}. Let WT∗

l

be a matrix, with a number of rows equal to ml (i.e., the number of
edges of Gl(t)) and the number of columns equal to α. At t = T∗,
each row will contain the entire time series related to the evolution
of a W

z,y

l (t) element.
Having defined the SWAN-NET model, we can now illustrate

how the interconnected neural masses can be conceptualized as a
wireless ad hoc network through an example. Let us focus on a lobe,
and consider the interactions between two neural masses. In par-
ticular, we simplify the mass-mass communication considering an
information exchange between a neuron from a mass and a neuron
from the other mass through two axons, respectively. We indicate

the masses inside the lobe l as vi
l , v

j

l, and the weight associated with
the physical connection of their representative neuron’s axons as wij

and wji, respectively. Figure 5 (left) shows a pictorial representation
of the system, with the lth lobe, the neural masses; the commu-
nicating axons are highlighted in red and green, respectively. The
corresponding communication model is schematized on the right
side of Fig. 5.

In this example, two neural masses are connected by only

two axons, the one of xi ∈ vi
l to xj ∈ v

j

l (the involved transmitter

neuron is marked in red) and the one of xj ∈ v
j

l to xi ∈ vi
l (the

involved transmitter neuron is marked in green). The biological
model on the left can be perfectly matched with the Gl(t) on the
right, neglecting the other axons (marked in yellow), with Gl(t)

= 〈{vi
l , v

j

l}, {a
i,j

l , a
j,i

l }, {w
i,j

l (t), w
j,i

l (t)}〉, where the dynamic weights are

w
i,j

l (t)|t=kT = wij · f(xi)|kT,

w
i,j

l (t)|t=kT = wji · f(xj)|kT,
(30)

FIG. 5. A simple example of the SWAN-NET model for a generic lobe l, with
nl = 2, ml = 2.

as in Eq. (29), representing the trend over time in a SWAN-NET.
Also, in Eq. (30), the weights wij, wji are constant numbers, depend-

ing on the physical structure of the lobe, while w
i,j

l , w
j,i

l change
according to the values of the respective activation functions. When
f(·) in the second member gives no contribution (equal to zero),

the two nodes vi
l , v

j

l can be temporarily disconnected in one way
or both ways: this reflects the typical behavior of reciprocal cov-
erage in wireless networks, where mobility (not in this case) or
channel propagation phenomena may cause the absence of mutual
coverage between two peers. We obtain the first numerical results
considering a simple neural mass with five neurons. The software
MATLAB39 has been used to simulate the membrane potentials
and firing of the five neurons across time, as well as observing
the oscillatory trend of the synaptic connections between neurons,
according to a number of time steps indicated as α. Figures 6 and 7
have been obtained in MATLAB through the implementation and
modification of the SimLIFNet script,40 based on the work41 and
the Leaky Integrate-and-Fire (LIF) neural model.42 The first figure
represents just a sample of a simple neural mass with five neu-
rons, with their interconnections depicted in the form of a heating
adjacency matrix. In Fig. 7, instead, the dynamics of each neuron
in terms of dimensionless membrane potential over time are illus-
trated. The potential value equal to 1 represents the depolarization
threshold, over which a neuron triggers an action potential.

FIG. 6. A simple example of neural mass with five neurons (e.g., V1
1 ); on the left

side, the topology and the connections are illustrated (numbered in a clockwise
manner, starting with id = 1 where the cross is placed inside the circle). On the
right side, a qualitative representation of the adjacency matrix is illustrated, in the
form of a heat map.
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FIG. 7. The typical qualitative trend of membrane potentials and firings during a
period T∗ = 0.1s with α = 999 (T = 0.1ms). The y-axis is normalized, so it is
not measured inmV (the unitary value represents the intrinsic potential threshold,
over which a firing is triggered). Each neural behavior is depicted with a different
color.

It is interesting to analyze the typical trend of the quantities in
Eqs. (29) and (30). To do so, we simulate the SWAN-NET of Fig. 5
and observe the trend of the weights, increasing the number of red
and green interactions.

We find that the communication between two neural masses
happens in an oscillatory way depending on the firings of the con-
nected neurons (Fig. 8). Clearly, the higher the number of shared
axons, the higher the noticed activity. We can simulate the number
of neural spikes in the considered system (Fig. 5) according to the
number of connected neurons and the time steps. For example,
with a choice of α = 10 000 time steps and a number of connecting

neurons increasing from 5 to 20 (5, 10, 15, 20), we obtain the time
evolution shown in Fig. 8.

As aforementioned, if the disease is acting on the physical
connections inside the lobe, the weights wij, wji are modified. For
instance, for the disconnection syndrome,15 the weights wij in the
damaged region are zero. If the disease acts on the communica-
tions, then the activation functions f are changed. However, the
activation function can become zero if the neurons inside a spe-
cific region die—it is the case of Alzheimer—Perusini’s progressive
neural decay—leading to a null activation function f, and, thus, to
an absent communication, correspondingly to having an absence of
connection. Our discussion in this section is focused on a simple
model, where a single neuron inside a neural mass (node) commu-
nicates with a single neuron of another mass. In general, multiple
neurons from a mass interact with the neurons of another mass,
and the communication is a balance of multiple interacting neurons,
considering all their pairwise weights and activation functions.

To conclude this section, we consider a simple K-operator
whose action on the lth lobe provokes a change of the local weights,
for instance, a damage in the information from the ith node to the
jth node. According to Eq. (30), this is related to wij. In particular, we
consider an increase of the synaptic weights of the neurons inside the
first node by a factor of 2. The corresponding part of the K-operator
acting on the lth lobe (indicated with K|l) would thus assume the
form

K|l =

(

2 0
0 1

)

, (31)

FIG. 8. The oscillatory trend of the synaptic connections w
i,j

l (t) for different sizes of the shared set of axons (from v il to v
j

l ), in function of the discrete time steps α. In

particular, we analyze the activity as seen from inside the mass v
j

l due to the incrementing inputs incoming from v il .
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FIG. 9. The oscillatory trend of the synaptic connections before (top) and after the action of the K-operator of Eq. (31) (bottom). We analyze the activity as seen from inside

the mass v
j

l due the incrementing inputs incoming from v il .

where the synaptic weights of the neurons inside the first node are
doubled, and the synaptic weights of the neurons inside the second
node are left unchanged.

Applying the transformation indicated in Eq. (31) to our neu-
ral simulation, we notice the doubling of the relative potential of the
neuron—neuron interaction. In our simulation, the spikes on y ≥ 0
are doubled (second graph in Fig. 9), showing how the oscillatory
trend changes for the considered system and the induced disrup-
tion. We remark that we considered a random model for the neuron
spiking behavior. These tests can be refined using real data from
neurons.

VI. DISCUSSION AND CONCLUSIONS

In this article, we proposed a conceptual model of neurolog-
ical disease seen as the effect of a Krankheit operator, in short
K-operator, acting on the weights of connections between neural
areas, altering them. The K-operator can be shaped to reproduce
the key effects of neurological diseases. After a short summary on
the recent literature between physics and neurology, we proposed a
possible general form of the K-operator. In particular, we tried to
model the network disruption induced by three neurological disor-
ders, epilepsy, schizophrenia, and AlzheimerPerusini’s disease. We
also proposed a computational model of channel communications
and the disruption induced to it by a suitable form of the K-operator.

In next research, the form of the K-operator can, for the
theoretical side, be extended to further diseases and, from the exper-
imental side, refined after a comparison of its effect with the actual

network damage recoverable from dataset analysis. In fact, next
research can involve computational simulations, data analysis, and a
precise assessment of the degree of approximation reached with the
considered and refined forms of the K-operator.

To extend this study, methods and techniques from dif-
ferent research areas can be borrowed. For instance, the ran-
dom noise introduced in some forms of the K-operator can be
considered as an added disturbance in an equivalent telecom-
munication model of the network. This observation could lead
to a graph-based telecommunication model of the network
disruption induced by the K-operator, using techniques from
telecommunications to run simulations and further refine the
model.

In fact, the telecommunication model can help run tests of the
proposed approach. The center of each neural area can be repre-
sented by a robot, and all the neural areas by a robotic swarm. The
nodes are the robots, and the edges are the strength of their informa-
tion exchange. A diminution of their efficiency is represented by the
onset of an excessive noise over the signal, caused by an equivalent
of the K-operator acting on transmission of robotic communication.
Also, an abnormal increase of the signal would be represented by an
excessive gain of the signal, leading to distortion, and malfunctions
of the consequent robotic behavior.

Our study can also give a contribution toward the definition of
a common nomenclature and formal tools between different areas
of science, namely, physics, neurology, and telecommunications.
The exigence of finding a common nomenclature was one of the
open issues as jointly considered by the International Society for
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Neurofeedback and Research (ISNR) and the IEEE,15 and it is a topic
still under discussion.43

The complexity of the human brain, along with the intri-
cate connections between physiology, thinking, and behavior, has
fascinated humankind since antiquity and remains an enduring
conundrum. Joining inspiration and questions from the Antiquity,
with the physics of complex networks, and the abstraction power
of mathematics, can help us develop new perspectives on these
enigmas.
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