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Abstract

The understanding of human brain mechanisms has captured the imagi-

nation of scientists for ages. From the quantitative perspective, there is

evidence that damages to brain structure affect brain function and, as a

consequence, cognitive aspects. As there is evidence that brain structure

might be affected by altered cognition. However, the complex interplay be-

tween the human brain and the mind remains still poorly understood. This

fact has important clinical consequences, limiting applications devoted to

the prevention and treatment of brain diseases. In the present thesis, we

aim to enhance our understanding of human brain mechanisms by means

of an integrated and data-driven approach, by adopting a systemic perspec-

tive and leveraging on tools from computational and network neuroscience.

We successfully enhance the state of the art of computational neuroscience

in several manners. Firstly, we inspect human cognition by focusing on the

geometric exploration of concepts in the human mind to build new data-

driven metrics to complement the neurological assessment and to confirm

Alzheimer’s disease diagnosis. We formalize a new stochastic process, the

potential-driven random walk, able to model the trade-off between exploita-

tion and exploration of network structure, by accounting for local and global

information, providing a flexible tool to span from random walk to shortest-

path based navigation. Probing the interplay between brain structure and

dynamics by means of its Von Neumann entropy, we develop a new frame-

work for the multiscale analysis of the human connectome, which is effective

for discerning between healthy conditions and Alzheimer’s disease. Finally,

by integrating data from the human brain structural connectivity, its func-

tional response errors as measured by Direct Electrical Stimulation and

semantic selectivity, we propose a new procedure for mapping the human

brain triadic nature, thus providing a model-oriented bridge between



the human brain and mind. Besides shedding more light on human brain

functioning, our findings offer original and promising clues to develop in-

tegrated biomarkers for Alzheimer’s disease detection, with the potential of

extension for applications to other neurodegenerative diseases and psychi-

atric disorders.

Keywords [Complex systems, Computational neuroscience, Network neu-

roscience, Alzheimer’s disease]
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Chapter 1

Introduction

How does the brain work? This is probably one of the most fascinating –

still unsolved – issues human beings have been facing for long. Coupling

with this wondering, a further more unrevealed issue arises: how do brain

architecture and activity concur in creating the mind? And finally, is it

possible to answer these questions with current tools from neuroscience?

While keeping the curiosity of scholars from several fields alive, a com-

plete knowledge on the brain-mind interplay still eludes us, posing serious

challenges in both the scientific and clinical field. Particularly, the un-

awareness on this matter prevents us from identifying neurodegenerative

diseases or psychiatric disorders on time, with obvious limitations to pre-

vention and treatment thereof.

In this thesis, we approach the human brain functioning, and its un-

derlying mechanisms giving rise to the mind, from the core framework of

computational neuroscience. Specifically, we will consider the brain as a

complex system and by leveraging on tools from network neuroscience – a

field at the edge of computational neuroscience and network science – we

aim to enhance our understanding of human brain in a more integrated,

mathematical and data-driven manner. Hence, we provide potentially im-

portant implications for brain diseases, especially the neurodegenerative
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1. Introduction

one of Alzheimer, which constitutes the motivation and the case study of

our work.

In this sense, conceptual and mathematical principles from network neu-

roscience will be our guides along the journey of this thesis, towards a sys-

temic understanding of the human brain and mind. Such a journey will

begin with the analysis of cognitive capacities in both healthy and non-

healthy brains. Specifically, we will show how the exploration of concepts

in the human mind unravels its plausible latent geometry. In this first

stage, neuropsychological data and concepts expressed by human beings

will be our fuel, geometry and network science our means of transport.

The trade-off between exploitation of what is known and exploration of

what is unknown in space and mind will lead us to more theoretical lands

where we formulate a new stochastic process for routing strategies: the

potential-driven random walk. Our journey will continue in the direction of

information theory. By considering the persistence of information flow, we

will provide a multiscale characterization of both healthy and non-healthy

brains. As the ultimate goal, according to a complex system perspective,

we will define a new framework for bridging between the physical brain

and the human mind.

In the next sections of this opening chapter, we provide the readers

with the main ingredients to understand the research activity conducted

during these doctoral years. To facilitate the lecture, this introduction is

divided following the rule of 5 Ws, replacing when with how. Like in any

respectable story, Who is the protagonist, Why is the reason motivating

the story, Where defines the context, What is what the story is about, and

How are the tools to understand the whole story.

In Sec.1.1, we define the subject (Who), the macro context (Where) and

the motivation (Why) of the thesis. Specifically, Who is the human brain.

Where is computational neuroscience, which constitutes the positioning of
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this thesis in the study of human brain and mind and in the main research

areas of ICT. Why constitutes the motivation of our work, i.e. the burden

of Alzheimer’s disease.

In Sec.1.2, we introduce the complexity paradigm, a successful cutting-

edge framework to unravel human brain complex mechanisms, including

the emergence of the mind. Finally, we describe network science as the

proper manner to model the human brain when regarded as a complex

system (What), and the relatively new research field of Network Neuro-

science (How).

In Sec.1.3, we conclude the chapter with the thesis overview, highlight-

ing, point by point, the innovative aspects of our work for each tackled

issue.

1.1 Context and motivation

In this section, we introduce the essential notions about the human brain,

the real protagonist of our research, then the motivation of our work and

finally, its positioning in the context of computational neuroscience.

1.1.1 Who: The human brain

The human brain, and its complexity, are the main protagonists of this

thesis. The brain is probably the most complex organ of human body. It

is the control center of sensory response, motor skills, breathing, tempera-

ture, hunger, memory, thoughts, emotions and every process that regulates

our being. Anatomically, the brain is divided in two hemispheres, and each

hemisphere has four lobes (frontal, parietal, occipital and temporal). Nor-

mally, a healthy brain has about 100 billion neurons along with 100 trillion

synapses. These latter enable the signaling throughout the neuronal cir-

cuits of the brain, forming the cellular basis of the entire realm of human
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activities, from movement to emotions and memories [23]. It is interesting

to notice that the number of brain cells does not considerably change in a

lifespan, remaining almost the same in children and adults [102] since it is

super rare for neurogenesis to continue during adulthood [258]. Therefore,

what distinguishes the abilities of children from those of adults is not in

the number of neurons itself, but it is mostly determined by how these

cells are connected with each other [102]. Thus, the secret of human brain

firstly lies in its connections. At the time of birth, the brain network is

sparse with neurons largely unconnected. During the first two years of life,

brain cells start connecting rapidly, reaching one hundred trillion synapses,

double than the ones of an adult [102]. At the end of age two, we have a

peak in the number of human synapses and the strategic “neural pruning”

begins. In this way, only connections that are actively used in brain cir-

cuits are maintained, and the rest is eventually discarded [102]. Our brain

connections will dynamically modify for the whole lifetime, with synapses

changing their pattern according to the external conditions, but also to

learn new skills and to recover from brain injuries. This dynamical mod-

ification of neuronal patterns is possible because of a phenomenon known

as neuroplasticity [173, 219]. This means, for example, that brain routing

strategies are flexible and not fixed to one optimal path [218]. Thanks to

this flexibility, pattern of cortical activation can change over time allowing

for new skills and abilities to be learnt. This aspect will be considered in

chapter 3, where neuroplasticity is taken as one of the real world scenario

representing the result of a particular routing strategy, driven by some

external factors. Specifically, we will see how to define a (new) stochastic

process to model such a kind of routing strategies, fundamentally driven

by the objective of minimizing distances but also by exogenous conditions.

The human brain has a complex multiscale organization, in both spa-

tial and temporal domain [38]. In fact, the brain exhibits a spatial and
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temporal scaling, or in other words, a peculiar organizational principle or

phenomenon across multiple resolutions. In the spatial domain, the scaling

principles include a heterogeneous and hierarchical organization of brain

components coupled with a sparse connection pattern [142, 34]. This means

that not only the spatial distribution of components is heterogeneous but

also their connectivity pattern. In addition, within each scale, the struc-

ture is organized into modules [38]. Topologically, a module is defined as a

group of highly interconnected components which are poorly connected to

the components in other modules. Such an organization guarantees robust-

ness, adaptivity and evolvability to the brain networks and is crucial for

the global communication within the entire brain cortex [195]. For what

concerns temporal scaling, the brain dynamically changes its organization

over time enabling different cognitive functions and capacities [6]. Such

a complex evolving structure gives rise to elaborate neuronal phenomena

which are the physical and biological fundamentals of cognition [38]. In

chapter 4, we will present a new way to characterize the multiscale nature

of human brain from an information-theoretic perspective, by providing a

new framework based on spectral entropy.

One of the main mysteries of human brain, crucial for our research, is

how the apparently static neuronal anatomy – and its architecture – gives

rise to functional activities, enabling, in turn, a myriad of vital tasks from

the most automatic actions and reactions to perception, and ultimately

cognition [217].

In this thesis, we attempt to make a step further towards a possible

mapping of such a mystery, using a systemic perspective and by leveraging

on powerful tools from networks science. In the next section of this chap-

ter (Sec.1.2), we present the paradigm shift needed to address the brain

complexity issue and the formal approaches to tackle the inner relation

between brain structure, function and mind. Specifically, we will benefit
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from the new paradigm of complexity science to investigate cognition in

healthy and non-healthy brains, for example by focusing on the exploration

of concepts within the human mind (in chapter 2). Finally, as the ultimate

goal of this thesis, we will provide a new framework for coupling structural

brain networks with functional brain areas and cognitive semantic tiles,

thus providing a novel promising way for bridging the triadic nature of the

human brain (in chapter 5).

1.1.2 Why: The burden of Alzheimer’s disease

Alzheimer’ disease represents the motivation of the present research. In the

following lines, we give an overview of Alzheimer’s disease, highlighting the

global magnitude of this burden.

In the last decades, extraordinary successes in medicine together with

the socio-economic development all over the world have fostered a global

rising in life expectancy. While the ageing of population represents a signif-

icant achievement in science and healthcare, it also presents new important

challenges, that need to be addressed by the society. Such challenges in-

clude direct and indirect public ageing costs, which in the euro area are

projected to increase by 28.2% of GDP in 2040 [205]. Along with the cost

increase due to rising longevity, new priorities have emerged for the global

public health [269]. First of all, the need to reduce the significant increase

in mortality due to non-communicable diseases (NCD), i.e. diseases that

are not directly transmissible from person to person [159, 301]. Reducing

premature mortality due to non-communicable diseases has become im-

perative in global development policies, to the point that in 2015 United

Nations General Assembly included precisely this issue in the Sustainable

Development Goal (SDG) 3.4, as shown in Fig.1.1 [210].

Furthermore, this goal will have a drop-down role for the success of other

SDGs such as the reduction of poverty, the improvement of work quality
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Figure 1.1: SDG 3.4 and non-communicable diseases. Top plot: percent of total deaths

in 2019 due to non-communicable diseases (both sexes, all ages); bottom plot: percent of total

deaths in 2019 due to Alzheimer’s diseases and other dementias (both sexes, all ages). Figure

composed from https://vizhub.healthdata.org/gbd-compare/ and https://sdgs.un.org/

goals/goal3.
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and economic growth [210].

Among NCD is dementia (see bottom plot in Fig.1.1), that has become

a global burden, having impact not only on the people with dementia

but also on their caregivers [297]. Nowadays, Alzheimer’s disease (AD) is

the most common type of dementia, representing a public priority in the

healthcare system [297]. According to the last World Alzheimer Report,

nowadays 55 million people are living with dementia all over the world and

this community is expected to reach 78 million by 2030, and 139 million

in 2050. Every three seconds, there is a new case of dementia, but still

there is no cure [220]. Moreover, this neurodegenerative disease entails

different costs: the ones for the formal cares, and the ones for the so called

“informal” cares. The former are about a trillion US dollars a year, and

are forecast to double by 2030, while the latter can be estimated in terms

of hours per year spent by the caregivers and amount to approximately 82

billion [220]. It is thus of utmost importance to enhance our understanding

of Alzheimer’s disease from both the scientific and the clinical perspective

to eventually improve the diagnosis and identify its early-warning signals,

useful for the prevention and treatment thereof. This thesis represents

an effort in making a step further towards a data-driven understanding of

Alzheimer’s disease from a computational and network neuroscience per-

spective.

Typically, people with Alzheimer’s disease [14] exhibit a progressive loss

of episodic memory (e.g. what happened two days before) [133, 27] and

disorientation (e.g. getting lost in familiar places) [146, 202]. Other char-

acteristic symptoms are related to functional apraxia and aphasia [104],

i.e. the inability to accomplish everyday activities (e.g make coffee) [23]

together with difficulties in finding the right word in the right moment.

Remarkably, Alzheimer’s disease patients have deficits in verbal fluency

tasks whether phonemic or semantic [18, 63, 204, 167, 254, 270, 172, 53].
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This aspect, linked to speech disorder and language alteration in neurode-

generative diseases, will be central for the second chapter of this thesis

(chapter 2). In fact, it will represent our starting point to provide new

indicators to investigate the ability of healthy and non-healthy brains in

navigating concepts. Specifically, we will show that such a navigation is

measurable, proving that an underlying, latent, geometry characterizing

the human mind is plausible [50].

Alzheimer’s disease affects the brain with several abnormalities. Partic-

ularly, two main brain changes occur in Alzheimer’s disease, one outside

neurons and one inside neurons. Outside neurons, the protein fragments

beta-amyloid accumulate, generating the so-called beta-amyloid plaques;

while inside neurons, the storage of an anomalous form of the protein tau

originates the so-called tau tangles or neurofibrillary tangles [23]. There

is evidence that beta-amyloid plaques affect neuron-to-neuron communi-

cation at synapses eventually provoking the cell death [23]. As there is

evidence that tau tangles prevent the neurons from the transport of nu-

trients and all vital substances [23]. How these proteins relate with each

other, or what causes them to reach such damaging levels remains still

poorly understood [164, 23]. Eventually, the beta-amyloid plaques and

neurofibrillary tangles lead to loss of both synapses and neurons, resulting

in the atrophy of brain areas which cannot be reversed [23]. Concomitantly,

Alzheimer’s disease patients present an efficiency loss in the information

exchange between brain areas [93]. Based on the idea that information

exchange in the human brain is crucial for vital tasks and that such an

exchange is compromised in Alzheimer’s disease, in chapter 4 we propose

an information-theoretic approach to assess connectome’s information ca-

pacity at different stages of dementia. Specifically, by investigating the

persistence of the information flow across the whole brain state, we pro-

vide a multiresolution analysis of the human brain [51].
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Nowadays, it is not possible to diagnose Alzheimer’s disease with 100%

certainty, unless examining post-mortem brain cells [202]. In living pa-

tients, the diagnosis combines multiple factors and methods, encompassing

neuropsychological tests and neuroimaging techniques [164]. Meanwhile we

live longer life, medicine and the healthcare system are evolving towards

more technological and data-driven approaches trying to make prognosis

and diagnosis more and more accurate [211]. Among others, deep learning

approaches are widely used for image processing and have been used for the

classification of Alzheimer’s Disease (AD) pathophysiology in magnetic res-

onance and positron emission tomography (PET) [184, 274]. Nevertheless,

while being machine learning good at predicting outcomes and indispens-

able to handle enormous amount of data, they do not return information

about the causes.

From the quantitative perspective, there is evidence that damages to

brain structure affects its function and, as a consequence, cognition. As

there is evidence that brain structure might be affected by altered cogni-

tion [80]. However, the mechanisms behind the interplay between struc-

ture, function and cognition are fundamentally still unknown. This lack

of knowledge makes difficult to identify which disease is affecting a patient

or going to affect a healthy individual, with obvious limitations to preven-

tion and treatment of neurodegenerative diseases and psychiatric disorders.

The incomplete knowledge about the complex interplay between structure,

function and cognitive capacity within the human brain constitutes the

research problem of this thesis. The generation of second-order gaps due

to such an incomplete knowledge, for example the failure to identify neu-

rodegenerative diseases on time, represents the motivation of the present

research, and its intrinsic case study.
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1.1.3 Where: Computational Neuroscience

Computational neuroscience constitutes the research positioning of this

thesis. In the following lines, we provide some hystorical highlights that

led to the birth of this research field.

The study of the brain and nervous system has far origins dating back

to ancient Egypt, but it is only in the second half of the twentieth century

that the term “neuroscience” firstly appears in the scientific field [264].

In particular, the mid-1960s signed the beginning of an era where neu-

roanatomy, neurochemistry, neurophysiology and neuropsychology start

cooperating all together for a single common goal: unravel the brain struc-

ture and functioning of both normal and abnormal brain. In this sense,

neuroscience is a multidisciplinary science, whose aim is especially to un-

derstand the physical and biological basis of human behavior [264]. In

1985, about fifteen years later, a step forward was made in such a field

with the rise of computational neuroscience, which combined the mathe-

matical counterpart and the theoretical analysis to the traditional study

of nervous system. Nowadays, computational neuroscience is defined as

the branch of neuroscience which investigates how the nervous system is

organized, develops and processes information, as well as how mental abil-

ities originates within this system [278]. The major focus in computational

neuroscience is the development and evaluation of models for inquiring into

these specific aspects. The broad range of studies within computational

neuroscience spans from advanced analysis of brain-imaging data to more

technical applications using brain-like computations or helping the devel-

opment of better treatments for patients with neurodegenerative diseases,

brain damages and other brain-related disorders in general [278]. This dis-

cipline explores the mechanisms of the brain on multiple levels, spanning

from single-neuron modeling to consciousness, posing the focus on neurons,
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circuits, systems, and the whole brain. The 21st century has seen the ar-

rival of big data and a consequent cultural shift in neuroscience, as in many

other research fields. In fact, the study of brain and nervous systems tran-

sitioned from a vertical dimension where specific techniques were applied

to single problems and species to a horizontal dimension able to integrate

data from a variety of different techniques to solve problems in different

species [245]. Specifically, brain imaging techniques, such as functional

Magnetic Resonance Imaging (fMRI) or Positron Emission Tomography

(PET), analytical advances, such as the ones in network theory and ma-

chine learning, and the availability of large computing resources, gave us

the possibility to collect and analyse large sets of data with an unprece-

dented rate [108]. Of particular interest for this work, is the revolution

that big data have generated in the healthcare system but mostly the ap-

plication of network theory to neuroscience (this aspect will be discussed in

subsection 1.2.2). Despite the challenges of using big data as a healthcare

resource, the benefits they could bring in understanding diseases, reducing

times and uncertainties, and thus in formulating diagnosis to eventually

establish suitable therapies, are potentially uncountable [249]. Availabil-

ity of new data means new opportunities to be exploited. Commonly, the

main tasks addressed by data can be resumed as description, prediction,

and counterfactual prediction [149]. Specifically, description means using

data to resume some salient features of the world and identifying mean-

ingful variables, i.e. variables that are statistically significant in a given

context. Prediction is finding a relationship between the various features

to inform about future outputs. Finally, counterfactual prediction is used

to understand how certain features would unfold if the world had been

different in some given aspects. In principle, within this thesis, data will

be used in the light of a descriptive goal, for gaining insights about brain

functioning in health and diseases, from different perspective.
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1.2 The new paradigm of complexity science

The ultimate goal of neuroscience is to unravel how the brain works and

how it relates to the mind, as discussed in section 1.1. However, traditional

neuroscientific studies most of the time refer to very specific questions rely-

ing on more and more detailed data sets [38]. To comprehensively address

the complexity of the human brain and the wide issue of brain-mind inter-

play, the sole neuroscientific perspective might not be enough. Rather, a

fruitful approach would be the one that investigates the brain-mind inter-

play in a multidisciplinary fashion, especially by complementing findings

from neuroscience with concepts and principles from physics but even phi-

losophy [38]. In this regard, the complexity paradigm – a worldview in the

opposite of traditional reductionism – is proving to be the ideal candidate

to reveal the multifaceted nature of the human brain, and eventually to

bridge the gap between brain and mind [38].

In the following lines, we introduce the main concepts of the complexity

paradigm, allowing the reader to understand the perspective of this thesis

while studying the human brain.

The paradigm of complexity does not refer to a single specific discipline,

instead it provides an approach to study a myriad of complex phenomena

in the most diverse research fields [129] and real-world scenarios. Histori-

cally, complexity science has mutlidisciplinary roots. In fact, it has evolved

from a collection of theories and conceptual tools of cybernetics, social sci-

ences, systems theory, artificial intelligence, non-linear dynamics, fractal

geometry, chaos theory, etc.

Complexity theory is not itself a scientific discover or advance but rather

it is a framework standing at the basis of new scientific theories aiming, for

example, to explain non-linear phenomena [72]. What especially unifies all

fields relying on complexity paradigm, is a common “way of thinking” [151].
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Essentially, the paradigm of complexity [292] endorses and reflects a holistic

view of the world we live in. According to holism, the study of a particular

system or phenomenon should put the emphasis on the system as a whole

and not as a mere collection of its parts [253]. Because of this emphasis

on the system as a whole, holism became known as “systemic perspec-

tive” at the beginning of twentieth-century [72]. The pioneers of system

thinking were the biologists of the twenties, who began stressing the idea

of living organisms as integrated wholes. Shortly after, also other disci-

plines such as Gestalt psychology and ecology adopted and fostered the

system thinking [72]. This was sowing the seeds of a new revolution in the

Western science: a revolution walking away from Decartes’ reductionism

and turning its gaze at connectedness, inter-relation, openness, networks,

patterns, context [72] and again, considering dynamics, unpredictability,

multidimensionality, in one word: complexity. In this vein, Ludwig von

Bertalanffy in 1973 observed that some systems, such as the living one,

had to interact with each other but also with their environment to stay

alive, a principle coming from the General System Theory [291]. Such

a concept of interaction between the parts of a system and the environ-

ment, required to consider the system as intrinsically open (holism) and

not closed (reductionism). The behavior of an open system indeed, is af-

fected by larger and complex conditions outside the system itself, making

it difficult to be predicted or controlled [151]. In this perspective, entities

per se are not sufficient to understand the reality surrounding us, neither

is their content, whether material or mechanistic. What really matters

are the inter-relations between such entities (and with their environment),

and consequently the complexity they give rise to. In other word, rela-

tions between things, and not the thing itself, are the building blocks of

reality [151]. This is especially true for the human brain, whose secret

lies in the dynamical inter-connection between brain cells rather than in
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the number of brain cells themselves, that moreover does not significantly

change in a life span, as stated in Sec.1.1.

Systems where the properties of the whole cannot be inferred from the

properties of single constituents, are known as “complex systems”. The

human brain is a complex system [261, 275, 38]. Other examples are or-

ganisms, society, ecosystems, the climate system, the world wide web, the

social networks and ultimately the universe. Although belonging to the

most disparate research fields, all these systems share important proper-

ties. In fact, while being quantitatively different at the microscale they

exhibit qualitatively similar behavior and patterns at the macroscale.

Without further ado, let’s see the characteristics that are common to this

ubiquitous complex systems, including the human brain, plumbed within

this thesis.

Firstly, a complex system is composed of inter-connected entities, in-

teracting in multiple ways with each other and with the surrounding en-

vironment, giving rise to an overall behavior – or whole – which is, to

use the words of Aristotle, greater than the sum of its parts. This overall

behavior is called emergence [48] and constitutes the ultimate hallmark of

complexity [20]. In a complex system, non-trivial unpredictable behaviours

emerge globally from the local interaction between entities [17]. Thereby,

life emerges from the interactions between particles as revolutions emerge

from the interactions between people. In the animal kingdom, emergent

behaviors span from birds flocking and school fishing, to fireflies synchro-

nization, ants colonies organization and many more. Most of the time,

emergent behaviors occur spontaneously, without any external input, lead-

ers or central control [200]. For this reason, complex systems are regarded

as decentralized systems, where decentralization ultimately occurs on the

control.

Strongly related with emergence, self-organization is a peculiar fea-

15



1. Introduction

ture of systems which exhibits complexity [30, 70]. According to self-

organization principle, a spontaneous order emerges starting from the com-

ponent interactions of a disordered system. Curiously, complex systems

self-organize into a state that is often “critical”, resulting from a misty

balance between regularity and randomness [89, 70]. Further, complex

systems dynamically change over time, usually by manifesting a non-linear

and chaotic nature, leading to the unpredictability of the system in the long

run [267]. Finally, it is worth mentioning the great ability of complex sys-

tems to adapt themselves to external conditions and changes [199, 147]. In

this regard, it may happen that after adapting to a new state of being, due

to a damage or a stressor, a system can evolve towards better conditions

than before. In other words, a complex system can benefit from a shock.

This property is called antifragility [272], and denotes the characteristic of

a system to improve and thrive as a result of stress factors. To use the

same words of the statistician N. N. Taleb: “And antifragility determines

the boundary between what is living and organic (or complex), say, the

human body, and what is inert, say, a physical object like the stapler on

your desk” [271].

Since interactions matter and since they are especially what most char-

acterizes a complex system, the proper modeling framework is provided by

network science. In fact, a complex system can be modeled as a network of

interacting components. Specifically, a network is represented as a graph

formed by nodes – the components – and links – the interactions among

components. Network theory is the modeling framework that we use in

this work to investigate the brain as a complex system. This discipline

was born from the intersection of different field of study as mathematics,

statistical physics, computer science and social science and has been ap-

plied to systems of various nature, from gene-gene interactions to food web,

from social networks to human brain [38]. From the application of network
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theory to the study of the human brain, it stems network neuroscience, a

cutting-edge discipline established in the last decade [259].

It is in the complexity paradigm that we intend to frame the study of

the human brain and mind within this thesis. In the next subsections,

we describe the human brain in the light of a complex system perspective,

highlighting all features that make the human brain (and its relation to the

mind) an excellent candidate to be understood with the tools from complex

system science (in Subsec.1.2.1) and thus network science (in Subsec.1.2.2).

1.2.1 What: The brain as a complex system and the mind as

an emergent process

In this subsection we characterize the human brain as a complex system.

Specifically, we list how, and to what extent, human brains share important

properties with complex systems such as interactions, dynamics, adapta-

tion, emergence and self-organization.

Fundamentally, the human brain is composed of neurons. However,

trying to understand the complex global behavior of the human brain from

the sole understanding of its neurons is unfeasible. In fact, the human

brain is no just a collection of neurons but it is a whole of interacting

neurons. As anticipated in Sec.1.1, what makes the difference between a

new born brain and an adult brain are precisely the number and the kind of

inter-connections between brain cells. During the whole life span, brain

structure and connections continue to change, dynamically, to guarantee

adaptation to external condition, to learn new skills or to recover from

brain injuries. This adaptability pertaining the human brain is possible

thanks to neuroplasticity. It is interesting to notice that not only the

brain structure can change (structural plasticity) but also its functions

(functional plasticity). In fact, certain brain functions can move from one

specific area to another within the brain, for example if that specific area is
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a damaged one [114]. However, even in absence of external input, neuronal

dynamics exist within cerebral cortex, exhibiting spatially and temporally

complex patterns [157].

Finding a suitable relation between brain structure and dynamical func-

tions on top of it, is a central topic in network neuroscience. In turn, un-

veiling how mind originates from this relation is even more focal and still

remains something that eludes us. But what is the mind? Or at least,

what is the mind from a systemic perspective? Before answering this ques-

tion – and to entirely appreciate the answer – let us review the historical

and conceptual milestones concerning the perennial problem related to the

origin of mind.

One of the most important effects of the new systemic perspective was

the rising of a new understanding of the mind nature, finally overcoming

the body-mind dualism of Descartes. The famous philosopher of the seven-

teenth century, in fact, fundamentally divided nature in two independent

realms: that of matter or “extended thing” (res extensa) and that of mind

or “thinking thing” (res cogitans). This division has perpetuated for more

than 300 in both Western science and philosophy. Thanks to the revolu-

tion that the systemic perspective induced within the study of life, a novel

understanding of the mind bloomed from biology in 1960s, pioneered by

Gregory Bateson concomitantly with Humberto Maturana and Francisco

Varela. Precisely, the novel understanding of the mind eventually aban-

doned the Cartesian idea of the mind as a (thinking) “thing”, to embrace

the concept of the mind as a process [43]. According to the anthropologist

Gregory Bateson, the living world is permeated of an organizing activity

which is essentially mental, to use his words: “mind is the essence of being

alive” [72]. Substantially, he was claiming that the inter-relation between

organisms and their environment were essentially cognitive – or mental –

inter-relations. For this reason, mind would not be something exclusive
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to organisms themselves, but it would also manifest in ecosystems or so-

cial systems [71] (although very fascinating, this extension to ecosystems

and social systems is outside the purpose of this thesis, and we refer the

curious reader to [72]). This claim carries the typical universal flavor of

complex systems. Although brilliant and groundbreaking, the idea of Bate-

son of the mind as a process was essentially an intuition. Independently

and simultaneously, a very similar and consistent concept arises from the

studies of two biologists in Latin America. These biologist were Humberto

Maturana and Francisco Varela, that contrary to Bateson, felt the need

to formalize somehow the idea of mental process, which eventually they

developed in the Santiago Theory of cognition [194, 72]. Conceptually, the

idea of Santiago theory and that of Bateson were strikingly similar: life

and mind are inherently connected. Specifically, the mental process per-

meates matter, whatever the degree of complexity of the living matter. In

this sense, the mental process only differs in the kind of interaction that

living beings can have and not in the nature of the process itself. In hu-

mans, linguistic interactions are among the most complex ones, allowing

human beings to create sophisticated societies [72]. The main focus of this

new theory of cognition, the Santiago theory, was on development, learn-

ing and mostly adaptation. In this regard, Maturana and Varela observed

that we cannot drive or direct a living system but we can only disturb it.

Such a system, in response, can autonomously react to the external dis-

turbance with a structural change (autopoiesis) [194]. Besides specifying

a structural change, living systems can also specify which among external

perturbations is able to trigger them [194, 72]. From the moment that a

living system responds to a disturbance according to its structure and that

such a structure continues evolving precisely because of this response, the

response itself will be different over time. But changing response accord-

ing to past experience is what we mean by learning. Hence, according to
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Maturana and Varela, structural changes are cognitive acts. In this sense,

the Santiago theory claims that mind and matter are two complementary

aspects of life: process and structure [194], where the brain is the structure

through which the mental process operates [72]. As Maturana and Varela

clarify, cognition is an immanent “bringing forth of a world through the

process of living” [194, 72].

At the end the 1990s, on the basis of these pioneering studies on the

mind and by increasingly adopting a systemic view, a growing consensus

began to spread among biologists and neuroscientists: the mind is a cog-

nitive process, emerging from the complex neural interactions [288, 277,

103, 85]. Nowadays, network neuroscientists agree that cognition emerges

from the spatially and temporally complex multiscale structure of the hu-

man brain [38]. Specifically, the complex architecture of brain network is

responsible for the physical and biological fundamental of cognition [38].

As already explained before in this section, emergence occurs when a sys-

tem exhibits special properties that its parts do not have on their own.

Hence, we can speculate, in the same way of Peter Dodds [89], that no

emotion, intelligence or willingness to dream exists in a single neuron, but

there it is in the human brain... Therefore, thoughts, emotions, intelligence

and ultimately the mind are emergent behavior of the human brain, ris-

ing from neurons interactions and in general from brain sub-systems ex-

changes [122]. Comprehending emergent properties is vital to understand

the brain functioning, in a complex system perspective [38]. Together with

emergence, self-organization is a peculiar feature of the human brain [166],

occurring spontaneously at the level of neural circuits, without external

control. Hypotheses that Alzheimer’s disease might be caused by disrup-

tion in structural brain self-organization has been proposed [19], fostering

the concept of a fundamental spontaneous order enabling the human brain

to function properly [166]. While being emergence and self-organization
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intimately related [144], they are formally different processes, especially in

terms of our understanding thereof. If for the self-organization process we

have models and mechanistic rules that explain how order originates from

noise, the same cannot be said for (strong) emergence, that still remains

an obscure process. In fact, there is still no consensus on a rigorous defi-

nition of emergent phenomena nor on a defined outline of core conditions

from which emergence emerges. A plethora of studies has ventured in the

endeavor to explain emergence, contributing little by little to define a slice

of it, but not yet exhaustively nor definitively [155, 81, 96, 144, 59].

In this thesis, the human brain and mind are considered in the light of

complex systems perspective, where the mind naturally emerges from the

interaction between brain structure and function [67, 123, 38, 275, 39].

In the very next subsection we present the suitable framework to model

the human brain when regarded as a complex system.

1.2.2 How: Network Neuroscience

At this point, it should be clear what are the main characteristics of the

human brain, those that identify it as a complex system and what is meant

by mind from a systemic perspective. However, a complete understanding

of the principles and mechanisms underlying complex brain structure, func-

tion and cognition is still eluding us. In this regard, network neuroscience

can help tackle this challenging purpose [39], by providing a new integrative

framework to record, map, model and analyze components and their inter-

actions, within the human brain. It is interesting to notice that network

neuroscience blossomed from the intersection of two parallel drivers [39],

established at the beginning of this century, i.e. i) the the availability of

new powerful tools to collect brain data and to create comprehensive maps

thereof; and ii) the rise of modern network science. Especially ground-

breaking it has been the introduction of particular network models, the
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multilayer networks [92, 225, 91], enabling the conceptualization and the

modeling of the evolving, multifaceted nature of human brains [87]. The

availability of data makes tools of networks usable and useful at different

spatial and temporal scale, enabling a more intergrated mapping – and

thus understanding and modeling – of the brain as a multiscale networked

system (see Fig.1.2).

Figure 1.2: The scales of network neuroscience analysis of the human brain. Figure

from [39].

Essentially, network neuroscience investigates the human brain as an in-

terconnected system, having structural and functional properties. Mainly,

three consecutive phases characterize the study of human brain in network

neuroscience [39]:

1. Network measurement: this first step consists in collecting relational
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data among structural, functional or behavioral elements within the

human brain. Here neuroimaging techniques are widely use to record,

for example, pattern of brain activation, the magnetic fields produced

by electrical activity or the blood oxygenation level in different brain

regions;

2. Network reconstruction: in this second phase collected relational data

are used to infer patterns of connectivity, in turn used to investigate

the brain organization on multiple scales of space and time. Specif-

ically, the connectivity can be structural or functional (see Fig.1.3)

but also behavioral. The result is a network, whose nodes are brain

sub-units and links are their relations. Such a network can represent

transcriptome, interactome, connectomes, networks of functional and

effective connectivity...

3. Network analysis: once the network is reconstructed, network science

provides a large set of tools for the network analysis, from the most

classical centrality measures and statistical properties of the networks

to more sophisticated models, such as generative models useful for

highlighting topological peculiarities of human brain networks.

It is worth noticing that within the human brain there exists an inter-

dependence in the organization of structural and functional networks, as

there is evidence that structural properties are correlated with cognitive

performance [67], such as verbal fluency [38]. Also, impaired functions due

to diseases like dementia have been correlated with underlying structural

properties [36].

To conclude, network science applied to brain data, and giving rise to

network neuroscience, can tremendously enhance the integrated neurosci-

entific inquiry. Within this thesis, tools from network neuroscience will
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Figure 1.3: Brain network. Brain graph as reconstructed from neuroimaging data. Nodes

encode brain regions while connections between those regions, whether anatomical (using diffu-

sion imaging) or functional (using fMRI, electroencephalography or magnetoelectroencephalog-

raphy), are encoded by edges between those nodes. Here, complex network science is applied to

neuroscience to build a graph that characterizes the entire brain system according to its com-

ponents (nodes) and the relations among them (edges). Figure from [38].

guide us in the exploration of the complex interplay between the human

brain and mind.

1.3 Thesis overview

This thesis aims to explore, investigate and ultimately enhance our under-

standing of the complex interplay between the human brain and the mind,

with a special focus on such a relation in health and disease. The topic has
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been dealt with from a systemic perspective, by leveraging on tools from

computational and network neuroscience.

In previous sections, we provided the fundamental ingredients to frame

the context and motivation, as well as the perspective and tools of this

work. In this section we review, chapter by chapter, the content of this

thesis.

The following thesis is comprised of six chapters. Each chapter, except

the first (Introduction) and the last (Conclusions and new directions), are

presented as a research article, with chapters 2, 3, and 4 already published

in peer-reviewed scientific journals.

Each chapter from 2 to 5 begins with an Introduction section and ends

with a Concluding remarks section, including the state of the art, the tack-

led problem, the proposed approach, methods and experimental results.

By only reading the introduction and the conclusive section, the reader

should have a concise picture of the whole experimental work. In Fig.1.4

we provide a graphical overview of the thesis.

In chapter 2, we investigate the field of the mind, focusing on semantic

memory, i.e. the retrieval of basic knowledge from memory. Understand-

ing how humans cognitively navigate concepts remains elusive, because the

underlying topology of concepts cannot be observed directly, and only func-

tional representations are accessible. In this chapter, we overcome those

limitations and show that the hypothesis of an underlying, latent geometry

characterizing the human mind is plausible. This represents the first in-

novative aspect of the chapter, where we characterize this latent geometry

by means of adequate descriptors for exploring and navigating concepts,

demonstrating that they can capture the differences between healthy sub-

jects and patients at different stages of dementia. The second innovative

aspect here is the data set itself. In fact, the work of this chapter relies on

a joint collaboration between Fondazione Bruno Kessler and the Depart-
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Figure 1.4: Thesis outlook. Each column describes a specific investigated area, outlining i) the

focus (magnifier) on the specific brain topic addressed within that area, ii) the framework used

to address the topic (gear), iii) the achieved results (mountain flag) iv) the reference (writing

hand).

ment of Mental Health of APSS (Azienda Provinciale per i Servizi Sanitari

della Provincia Autonoma di Trento). This collaboration provides us with

a unique and exclusive data set of verbal fluency test records belonging to

185 patients at different stages of dementia plus 30 healthy controls.

In chapter 3, we move on to the dynamics, shifting from the mental

navigation to the spatial navigation and in general to the topic of naviga-

tion itself. Based on the idea that interconnected systems have to route

information to function properly – from the lowest scale of neural cells that

exchange electrochemical signals to communicate, to larger scales of ani-

mals and humans that move between distinct spatial patches and machines

exchanging information via Internet through communication protocols – we

observe that non-trivial patterns emerge from the analysis of information
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flows, which are not captured either by broadcasting, such as in random

walks, or geodesic routing, such as shortest paths. In fact, alternative

models between those extreme protocols are still eluding us. In this chap-

ter, we mathematically formalize a new class of stochastic processes, based

on biased random walks, where agents are driven by a physical potential

pervading the underlying network topology, this constitute the innovative

aspect of chapter 3.

In chapter 4, we pay particular attention to the interplay between brain

structure and dynamics. In fact, we propose a new information-theoretic

approach for the analysis of synthetic and empirical brain networks that

naturally accounts for the function of a system in terms of the interplay

between the underlying structure and a dynamical process on the top of

it at different temporal scales, measured in bits of information required to

describe the connectome state. The new information-theoretic approach is

based on spectral entropy and is here applied to empirical brain networks

reconstructed from both healthy and non-healthy brains, this constitutes

the innovative aspect of this chapter.

In chapter 5, we finally (attempt to) address the issue of bridging brain

and mind. Here, we propose a new framework for mapping human brain

and mind accounting for multiple levels, i.e. structure, function and cog-

nition. To this end, we have considered structural brain networks, cortical

plus sub-cortical functional response errors and semantic areas tiling the

human brain. This constitutes the innovative aspect of chapter 5.

The sixth and final chapter – Conclusions and new directions – discusses

the reached goal of this thesis as well as the relevance and the importance of

our research activity. There, we will highlight also the limitations, possible

future directions and collaborations of our work.

The thesis ends with two appendices, dedicated respectively to i) the

extended results of chapter 2 [49], in appendix A and ii) a parallel work
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conducted over the course of COVID-19 pandemic, related to the nexus

between environmental conditions and the human activity, during the lock-

down in Northern Italy [231], in appendix B.
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Chapter 2

The latent geometry of mind’s

plausible semantic space

In brief

In this chapter we investigate the field of the mind, focusing on se-

mantic memory retrieval, a key cognitive process regarding the recall

of basic knowledge from memory. Understanding how human mind

navigates concepts remains elusive, because the underlying topology

of concepts cannot be observed directly, and only functional repre-

sentations are accessible. Here, we overcome those limitations and

show that the hypothesis of an underlying, latent geometry charac-

terizing the human mind is plausible. We characterize this geome-

try by means of adequate descriptors for exploring and navigating

dynamics, demonstrating that they can capture the differences be-

tween healthy subjects and patients at different stages of dementia.

The results of this chapter provide the first fundamental step to de-

velop a new unifying conceptual and computational framework that

can be used to support the assessment of neurodegenerative diseases

from language and semantic memory retrieval tasks, as well as helping

develop targeted nonpharmacological therapies to maintain residual

cognitive capacity.
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2.1 Introduction

One of the main shifts in the new systemic perspective has been the moving

from entities per se to relations between entities. Linguistic interactions are

among the most complex in humans, making mankind uniquely different

from the rest of animal species. Language affects human behavior across

different scales, from the development of abstract thinking to the creation

of sophisticated societies [72]. Also, at the individual scale, speech disorders

and language alterations are crucial in neurodegenerative diseases [18, 63,

204, 167, 254, 270, 172, 53], where the inability to recall concepts from

memory generates drop-down effects on the ability to express ideas and

needs, but also to perform everyday activities. In this chapter, we focus

on the individual scale of healthy and non-healthy brains, investigating

the navigation of mental pathways – based on exploration of concepts in

human mind – and how their alterations can bring evidence of Alzheimer’s

disease.

This chapter has been published as a research article in the peer-reviewed

journal Complexity, in 2021 [50] and is available here.

2.2 State of the Art

Exploration of concepts in human mind has long been a topic of de-

bate across different research fields. In the last decades, several attempts

have been proposed to explain mechanisms governing the retrieval of ba-

sic knowledge from memory – known as semantic memory [230]. How-

ever, these attempts can be clustered around two main schools of thought,

namely the one of semantic space, and the one of semantic networks.

According to the branch of semantic space, the search is a key cognitive

feature which operates similarly across different scales and contexts [154],
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always requiring to manage a trade-off between exploiting what is known

and exploring what is unknown [154]. In this sense, the internal mental

search of concepts exhibits similar characteristics to the external physical

search in space [152]. According to the theory of optimal foraging [152],

the process of retrieving concepts from memory is dynamically similar to

the one performed by animals when searching for food between patches of

their environment [153]. In fact, the retrieval of concepts from memory

is expected to mediate between local exploitation of current information

and global exploration of further information, pursuing a sort of semantic

foraging [152]. In accordance with the marginal value theorem [75], the

semantic memory search is considered optimal if the subject – as the animal

does in the optimal foraging – leaves a given cluster of information when

the benefit of local exploitation falls to the level of the expected benefit

of changing cluster and searching elsewhere [152]. To clarify with a trivial

example, if one has to recall the maximum number of animals in a minute,

an optimal strategy would be moving from the cluster of farm animals

to the one of jungle animals, when no more farm animals can be quickly

recalled.

In the clinical field, the intuition that patients cognitively organized

the semantic access around semantic clusters, following a clustering and

switching pattern in search, has been widely used to investigate the se-

mantic retrieval [280] and the semantic impairment [273]. However, in

this method, clusters are based on hand-made classification according to

taxonomies: limitations can be partially overcome by taking advantage of

distributional semantics to define the clustering and chaining of concepts

during a semantic memory retrieval task [182].

In summary, according to the semantic space school of thought, the

modelling of searching in semantic memory requires two main ingredients:

i) a structural representation of the search space (hand-coded or statisti-
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cally derived) and ii) a model of the search process (e.g. local to global

transitions) [153]. However, there is still no clear definition of what a patch

is and how to define it in memory [153].

Concurrently, another school of thought, the one of semantic network,

demonstrated that the same results obtained with the optimal foraging in

semantic space could emerge from a random walk exploring a semantic

network [4, 5]. Rather than a clustering and switching processes, this net-

work approach was considering a simpler and single process of exploration

on a network of concepts. In this perspective, the navigation of concepts is

represented by associative semantic networks [62], fostering the idea that

concepts are cognitive units, each represented as a node linked to associated

elements [79, 266, 31, 250]. However, a typical issue leveled against the use

of semantic networks is that they might end up explaining – or predicting –

the memory retrieval by leveraging on models built from similar behaviors,

for example when modelling semantic networks from free associations data

to explain semantic fluency tasks [165]. Progress in building such networks

from fluency data has been made [307] but there is still no consensus about

the most appropriate way to construct such networks [306].

Nevertheless, the semantic network approach has been widely used in

the clinical field for the assessment of psychosis [201], Alzheimer’s dis-

ease [74, 178, 53] and in cognitive science, for example, to investigate the

levels of creativity [265] and the openness to experience in the human be-

ings [76].

Over the past two decades, vector-space models of words meaning as

high-dimensional numerical vectors have become serious contenders of se-

mantic representation [141], for example when studying human psycholin-

guistic tasks [186] or when exploring the semantic verbal fluency in mild

cognitive disorder [182]. Powerful tools involving this kind of spatial rep-

resentation of words are the so-called word embeddings – bridging distri-
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butional semantics and natural language processing – which map words

into vectors in a multidimensional space [198]. The underling idea of this

approach can be summarized with the words of the English linguist J.R.

Firth, “a word is characterized by the company it keeps”, meaning that,

from a mathematical perspective, the closer the words in the multidimen-

sional space, the closer their meaning in the vocabulary.

2.3 The Problem

As anticipated in Sec.1.1, language and memory retrieval tasks (mostly se-

mantic) are crucial in the identification of neurodegenerative diseases [279,

148, 121] and for this reason they are usually employed in different neu-

ropsychological tests. Among these tests, the categorical semantic verbal

fluencies (SVF) play an important role in the assessment of dementia and

Alzheimer’s disease in particular [280, 238]. Here, patients are asked to

pronounce as many words as possible, belonging to a certain category,

within a given time interval. Patients’ performance is successively evalu-

ated by counting the amount of words pronounced[247] or their response

times [63]. To investigate semantic retrieval, further approaches, based on

the intuition that patients cognitively organized the semantic access around

semantic clusters, has been widely used [280]. Recently, evidence of seman-

tic maps tiling human cerebral cortex has been provided from fMRI data,

probing the existence of semantic selectivity in brain areas [162] and fur-

ther strengthening the idea that language can be organized on a topological

space, i.e. on a manifold of concepts. Nevertheless, a clear understanding

of the mechanisms governing the navigation of concepts in the human mind

still eludes us [226, 189].

The aim of this chapter is to investigate both perspectives of spatial and

network representation of concepts, to eventually provide a data-driven in-
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sight on why the hypothesis of an underlying, latent geometry character-

izing the human mind, is plausible.

2.4 The Proposed Approach

Relying on clinical data of semantic verbal fluency test from 215 subjects

and leveraging on word-embeddings tool we aim at defining suitable metrics

to indirectly explore this possible, latent geometry. Our work arises within

the debate between semantic space and semantic network representations

and it examines the exploration process, integrating both perspectives ac-

cording to an approach which builds upon the geometry at the concept scale

and culminates with diagnosis-based semantic networks, passing through

the mesoscale organization of concepts (clustering).

Remarkably, our framework allows us to gain new insights about the

organization of concepts in the human mind and shed some light on why

some existing approaches were successful. In fact, the mechanisms behind

the retrieval of basic knowledge, known as semantic memory [230], remains

fundamentally still unknown [136]. Here, we fill this gap by i) hypothesiz-

ing the existence of an underlying geometry which governs the exploration

of concepts in the human mind and ii) demonstrating that such a geometry

is able to discriminate between healthy subjects and patients at different

stages of dementia. Our hypotheses are based on the assumption that, if

a common latent geometry underlying the mental navigation of concepts

existed, then subjects with semantic retrieval deficits should show some

distortion in such a navigation on top of this geometry. Here, we observe

how different population of subjects, in terms of semantic impairment,

differently navigate the same geometry by means of suitable metrics char-

acterizing their explorations. If our hypothesis is reasonable, we predict to

see significant differences in metrics computed from different diagnoses.
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Our study is based on the analysis of semantic verbal fluencies (SVF)

data of patients at different stages of dementia, i.e. Alzheimer’s and Mild

cognitive impairment (MCI), and healthy controls. Specifically, MCI sub-

jects has an increased risk of conversion to Alzheimer’s disease (and demen-

tia in general), for this reason MCI is considered a precursor of Alzheimer’s

disease. During the semantic verbal fluency test, each individual is asked

to report all words he/she can remember belonging to category of animals,

within a time interval of 60 seconds. Each spoken word is annotated by the

neuropsychologist who is testing the patient. No clues nor incentives are

given to the subjects during the tests and any repetitions are not marked.

The SVF test is a significant test for the assessment of dementia diagno-

sis [238]. Generally, the semantic impairment is more severe in patient

with dementia than MCI patients. The rationale for looking at the seman-

tic fluencies of these two populations aims at testing our guess that, if a

latent geometry existed, a different severity in semantic memory retrieval

impairment should be reflected in the way such concepts are navigated on

a plausible, latent geometry. Thus, instead of focusing only on statisti-

cal descriptors of language –e.g. word frequency or vocabulary size – as

commonly done in disease, we considered also in which sequence the words

have been provided: this information is crucial because it allows to map

the navigation of concepts in the underlying semantic space.

To characterize the navigability of this space in terms of concepts vis-

ited in such unknown, possibly multidimensional, space, we first had to

build a plausible geometric proxy (illustrative representation in Fig.2.1).

To this aim, we used three distinct word embeddings obtained from the

Italian language, namely Italian Word Embeddings – trained on the Ital-

ian Wikipedia – [2], itWac – constructed from the Web limiting the crawl

to the .it domain and using medium-frequency words from the Repub-

blica corpus and basic Italian vocabulary lists as seeds –[77] and Twitter
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Figure 2.1: Conceptual representation of semantic space. On the left, navigation of con-

cepts on the semantic space, arrows define the sequence of words. On the right, a zoom outlining

the navigation, wn are the concepts, wx their centroid and R is the radius of exploration.

–trained on 46.935.207 tweets –[77], all the word embeddings were gen-

erated with the popular word representation models, word2vec[198]. By

choosing three different word embeddings we are able to evaluate the ro-

bustness of our metrics in geometries coming from different sources, i.e.

a website (Wikipedia), a social network (Twitter) and a newspaper (La

Repubblica). In the following we will refer to word embeddings, semantic

spaces or geometries interchangeably. Here, the term geometry is justified

by the fact that we leveraged on word-embeddings, powerful tools which

encodes the semantic relation between the words as a geometric relation-

ship between vectors in multi-dimensional space. Word embeddings are

built from data corresponding to humans-written documents (in our case

Wikipedia, Twitter and La Repubblica, an Italian newspaper) which are

then embedded in a multi-dimensional space according to the hypothe-
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2. The latent geometry of mind’s plausible semantic space

sis of the distributional semantics. This hypothesis defines the semantic

similarity in terms of vector similarity, i.e. the closer the meaning in the

vocabulary the closer the points representing the words in the word em-

beddings (encoded by a vector of coordinates in a multidimensional space).

In this sense, by embedding the words pronounced by a sample of subjects

into a word embeddings, which is a coordinate space by design, we can

study the mental navigation of such subjects on a geometry of concepts.

For each group of subjects we therefore have three independent semantic

spaces, each one used to characterize the local exploration and the overall

navigation of the semantic geometry. More specifically, we introduce five

different descriptors for this purpose, in order to identify the effects of the

underlying geometry, if any. At the smallest scale, i.e. the one of single

concepts, geometry is probed in terms of:

1. maximum jump MaxJ , i.e. the maximum distance, in the word em-

beddings, between two consequent words pronounced during the test,

it defines the maximum instantaneous capacity to change context;

2. diameter of exploration DOE, i.e. the maximum distance, in the word

embeddings, between the words pronounced during the test, whatever

the order, it defines the maximum capacity to change context in the

whole test duration. To be consistent, we call this metric DOE, when

it is computed with the euclidean distance and AOE, amplitude of

exploration, when it is computed with the cosine distance;

3. density of exploration ρw, it corresponds to the total amount of an-

imal words potentially available in the hypersphere built from the

exploration radius R, half the DOE, and which has as its center the

centroid C of spoken words in the word embeddings. It returns a

measure of density in the volume of words explored by the subject.

Specifically, it defines the density of pertaining words (i.e. belonging
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to the category of animal) in the area explored by the subject in the

geometry;

4. distance d, it is the total distance covered during the test, it quantifies

the magnitude of the overall exploration;

5. and farness far – i.e. the average distance of the words pronounced,

it defines the ability to go far with a certain number of jumps.

Mathematical details about each descriptor are provided in the next

section Methods (2.5), while their significance in discriminating the three

groups of subjects is evaluated by means of Kolmogorov–Smirnov statistical

tests and t-tests.

Afterwards, in line with the idea that the semantic access is cognitively

organized around semantic clusters [280, 152] we probed the mesoscale

organization of concepts by performing a semi-supervised clustering al-

gorithm in the three geometries. Accordingly, we define the explorative

potential of the navigation for each category as the total number of visited

clusters and as the total number of words included in the visited clusters.

This descriptor is a proxy for the cognitive effort spendable during the

navigation and it defines the total amount of clusters/words, potentially

visitable/retrievable during the test. Clusters are then given as input to

a hierarchical clustering algorithm which provides the spatial hierarchy of

such clusters based on their relative distance. By comparing the distances

between the visited clusters, we are able to evaluate the existence of a

hierarchy in the way subjects explore concepts (technical details about

clustering and explorative potential can be found in the next section 2.5).

Taking inspiration from the process of clustering and switching when re-

trieving concepts from memory, network scientists provided a new kind of

random walk over a graph as a Markov process – i.e. the switcher random

walk [131] – to generalize the exploration task on a network. In this vein
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and by following the idea of the semantic network navigated by a random

walk [5], we finally tested the navigation of concepts by means of their

Markov representation, to probe the possible alterations of mental path-

ways emerging from the exploration of concepts in patients with dementia.

Mathematically, this corresponds to define the transition probability from

one state (i.e. cluster) to another, regardless of previously visited states.

Operationally, we build three Markov chains, one for each group – i.e. the

two diagnoses and the healthy controls –, considering all the clusters visited

by each group as the states of the Markov chain of that group, and setting

the transition probabilities equal to the relative transition frequencies from

one state to another in each group. Each Markov chain is characterized

by the steady state distribution and the mean first passage time matrix.

In the following, we provide the intuitions on how to interpret these two

descriptors for each network of concepts. Our intention is to compare met-

rics that uniquely identify the pattern of exploration – as given by steady

state and MFPT – for each category of subject in this way we can detect

any possible differences between such patterns.

The intuitions behind the steady state distribution and the mean first

passage time (MFPT) matrix are given by the purpose to investigate and

to characterize the search process pursued by each diagnosis on its network

of concepts. Being the mathematical model of the network of concepts as-

sumed as a Markov chain, the steady state distribution and the MFPT are

the key descriptors to investigate such a navigation dynamic. We assume

that, if it is true that different diagnoses explore the network of concepts

in different way, the steady state distributions and the MFPT should high-

light these differences. In fact, the steady state distribution defines the

unique distribution to which the exploration converges as the number of

transitions increases, regardless of a Markov chain’s initial state. Here,

the steady state is a vector, computed for each category, representing the
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probabilities to be in each of the cluster of words visited by that category,

after a sufficient amount of time. It is to be noticed that each subject has

one minute to complete the SVF test but practically no patient uses it all

because he finishes the words before the one minute ends. In this sense,

one minute is enough to reach a regime situation, which is mathematically

represented through the steady state distribution. However, it would be

experimentally impossible to test a subject for an infinite amount of time.

For what concern the intuition behind the MFPT matrix, it encodes the

mean amount of time required to go from one state i to another state j of

a Markov chain. In our case, the MFPT matrices encode the mean number

of transitions to go from one cluster of words to another. Specifically, we

define a MFPT matrix for each diagnosis. The entries of such a MFPT

matrix answer the question: starting form one cluster of words i, how

long does it take, on average, for this specific category to reach a specific

cluster of words j for the first time? In this sense the MFPT matrix

characterizes the exploration dynamic of each diagnosis since it returns

an average measure of the time spent to navigate the underlying network

of concepts. In summary, MFPT matrix defines the average number of

steps needed to reach a certain state from another for the first time. This

idea, redefined on the network of concepts, corresponds to the average time

required for each diagnosis to pass from one cluster to another for the first

time. In this way, we are able to measure the time needed to travel for the

first time a certain mental link connecting two groups of concepts.

Taken in isolation, the steady state distribution (ss) and the MFPT

give us an insight on how the exploration of each diagnosis evolves on the

network over time. Essentially, these indicators provide us information on

how heterogeneously the clusters will be explored after a sufficient number

of transitions (ss) and on how much time it takes before a cluster is visited

for the first time (MFPT). To investigate possible differences in the dy-
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namic of exploration between the diagnoses and the healthy control group

these descriptors are then compared by means of similarity measures be-

tween the three groups, i.e. Pearson correlation, Spearman’s correlation,

euclidean norm, Frobenious norm and covariance (for mathematical details

about Markov chains we refer to the next Sec.2.5).

2.5 Materials and Methods

2.5.1 Dataset

The dataset we relied on consists of semantic verbal fluencies (SVF) test

– belonging to animal category – recorded from 185 patients and 30 of

healthy controls (CTR). Among them:

• 92 suffer of dementia (DEM, M=40%, F=60%, age=75 ± 7, yrs of

education=9 ± 4), which includes vascular dementia, frontotemporal

dementia, degenerative dementia and Alzheimer’s disease;

• 93 suffer of Mild Cognitive Impairment (MCI, M=48%, F=52%, age=

77 ± 6, yrs of education=9 ± 4), a precursor of Alzheimer’s disease;

• 30 are healthy controls (CTR, M=60%, F=40%, age=32 ± 7, yrs of

education=17 ± 0.40).

The SVF records report the sequence of Italian words, belonging to

the category of animals, spoken by each of 215 subjects during the test.

Our work is a retrospective study of data previously collected by the De-

partment of Mental Health, Division of Psychology, Azienda Provinciale

per i Servizi Sanitari, in Trento, Italy. All the data was collected in ac-

cordance with relevant guidelines and regulations with participants’ writ-

ten informed consent. DEM and MCI diagnoses were made, as well, at

Azienda Provinciale per i Servizi Sanitari of Trento, Italy, by consensus
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of medical specialists as geriatricians, neurologists and psychiatrists on

the basis of physiological medical data and neuropsychological tests (i.e.

blood tests, resonances, CT scans, liquor samples, PET, Mini MentalState

Examination, ENPA subtests, Naming, Verbal fluency on phonemic cue,

Verbal fluency on semantic cue, Digit span forward/backward, Corsi span,

Babcock story recall test, Rey–Osterrieth complex figure, Modified Taylor

Complex Figure, Attentional matrices, Frontal assessment Battery, Clock

Drawing Test, Copy of Rey–Osterrieth complex figure, Copy of Modified

Taylor Complex Figure, Cornell scale for depression in dementia, Activi-

ties of daily living, Instrumental activities of daily living). For the curious

reader, we provide a detailed analysis of neuropsychological tests in Sub-

sec.A.1.1 of Appendix A. It is to be precised that the fact of grouping

together different type of dementia conditions is motivated by the small

number of samples related to each dementia category we can rely on. By

grouping together all dementias we obtain a sample which is compara-

ble with that of MCI. Anyway, for our assessment, we rely on official

and specialist sources which report: ”the boundaries between different

forms of dementia are indistinct and mixed forms often co-exist” (WHO,

https://www.who.int/news-room/fact-sheets/detail/dementia).

The Semantic Verbal Fluency (SVF) tests were conducted at the De-

partment of Mental Health, Division of Psychology, Azienda Provinciale

per i Servizi Sanitari, in Trento, Italy, following a specific clinical proto-

col. In particular, the neuropsychologist asked each individual to report

all words he/she can remember belonging to category of animals, within

a time interval of 60 seconds. No clues nor incentives are given to the

subjects during the tests. As soon as the patient pronounces a word the

neuropsychologist takes note by hand of the spoken word, the neuropsy-

chologist also notes the order in which the words are pronounced as well

and any repetitions are not marked.
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2.5.2 Semantic Space

As plausible geometric proxy of semantic space, we leveraged on word

embeddings. Particularly, we have used three distinct word embeddings,

obtained from the Italian language and generated with the popular word

representation models, word2vec[198]:

• Italian Word Embeddings, trained on the Italian Wikipedia, embedded

in 300 dimensions [2];

• itWac, constructed from the Web limiting the crawl to the .it domain,

using medium-frequency words from the Repubblica corpus and ba-

sic Italian vocabulary lists as seeds. Words are embedded in a 128

dimensional space[77];

• Twitter trained on 46.935.207 tweets, embedded in a 128 dimensional

space[77].

Geometry At the scale of single concepts, we provided five different indica-

tors useful to characterize the local exploration of concepts and eventually

to discriminate between healthy and non-healthy subjects. Each subject

p speaks an amount of words N during the SVF test, we call this set of

words W p = {wi with 0 ≤ i ≤ N}. For each patient and for the healthy

controls we define the following metrics:

1. Maximum jump MaxJ , it is the maximum distance, in the semantic

space, between two consequent words pronounced during the test. It

defines the maximum instantaneous capacity to change context. In

formulas:

MaxJp = max (dist (wt, wt+1)) where wt, wt+1 ∈ W p (2.1)
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Where dist can be both euclidean distance and cosine distance. Re-

sults are presented considering the cosine distance for all the metrics

(in Sec.2.6).

2. Diameter of exploration DOE, it is the maximum distance, in the

word embeddings, between the words pronounced during the test,

whatever the order, it defines the maximum capacity to change con-

text in the whole test duration. In formulas:

DOEp = max (dist (wi, wj)) where wi, wj ∈ W p (2.2)

According to the measure of distance, i.e. euclidean or cosine distance,

this metric is defined respectively as Diameter of exploration DOE or

Amplitude of exploration AOE.

3. Density of exploration ρw, it corresponds to the total amount of an-

imal words potentially available in the hypersphere built from the

exploration radius R, half the DOE, and which has as its center the

centroid C of spoken words in the semantic space. In formulas:

ρpw =
A∑

a=1

(dist (Cp, wa) < Rp), where wa ∈ A (2.3)

where Cp is the centroid of spoken words by patient p and for each

coordinate x of the semantic space, it is defined as follow:

Cp
x =

1

N

N∑
w=1

xwi
(2.4)

according to the dimension of the word embedding, the centroid will

have 300 or 128 dimensions, while A is the complete set of animals in

the word embeddings and R is the radius of exploration, i.e.half the

DOE. To map the complete set of animals A in the word embeddings,

we translated into Italian the list of animals made by Greg Borenstein,

available on github.

45

https://gist.github.com/atduskgreg/3cf8ef48cb0d29cf151bedad81553a54
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4. distance d, it is the total distance covered during the test. In formulas:

d =
N−1∑
i=1

dist (wi, wi+1 ) , where wi ∈ W p (2.5)

5. farness far, it is the average distance of the words pronounced, it de-

fines the ability to go far with a certain number of jumps. In formulas:

far =

∑N−1
i=1 dist (wi, wi+1 )

N − 1
(2.6)

The significance of the above defined indicators in discriminating the three

groups of subjects is evaluated by means of Kolmogorov-Smirnov statistical

test and t-test, with a 95 % confidence interval (detailed results available in

Tables A.4, A.5 of Appendix A). Since we are testing if each metric is able

to separate between the three categories –DEM, MCI, healthy controls –

(in each word embedding), we are in a case of multiple testing and for this

reason we have adjusted the p-values of each performed test (Kolmogorv-

Smirnov and t-test) according to the Holm–Bonferroni method.

Hierarchy For each geometry, we provided its mesoscale organization of

concepts by performing a semi-supervised clustering, using the linear al-

gorithm of k-means, and setting the number of clusters accordingly to the

elbow method (see Fig.2.2). Relying on these clustering configurations,

we defined the explorative potential of the navigation as the total number

of visited clusters and as the total number of words included in visited

clusters, for each subject. These descriptors report the total amount of

clusters potentially visitable during the test and the total number of words

potentially retrievable during the test. As well as for geometric indica-

tors of previous paragraph, even in this case the significance of the two

explorative potential metrics in discriminating the three groups of subjects
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Figure 2.2: Elbow plots of each geometry.

has been evaluated by means of Kolmogorov-Smirnov statistical test and t-

test, with a 95% confidence interval and adjusted p-values (resulting values

available in tables A.6, A.7 of Appendix A) .

By performing a clustering analysis between the embedded visited clus-

ters, we are able to evaluate the existence of a hierarchy in the way subjects

explore concepts. Once the clustering configuration for each geometry has

been obtained, it is possible to extract the hierarchical configuration of

these clusters thanks to the coordinates of the centroids of each cluster

in the geometries. In other words, the clusters are the same of k-means

output and, given the position of each cluster in the geometry (identified

by the centroid), it is possible to define a spatial hierarchical relationship

between such clusters, in terms of distances between centroids.

Particularly, we computed the clusters’ distance matrices for each group,

setting the distance between not visited clusters equal to the double of the

maximum distance between visited clusters (i.e. a proxy to infinite) in this

way we assure that the not visited clusters will not be relevant in the hier-

archical analysis of that group. With the distance matrices so computed,

we performed a hierarchical clustering algorithm to discover the relation-

ship between clusters. Hierarchical relationship among clusters visited by
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a group is shown through dendrograms, while differences between hier-

archies, i.e. in the way different groups explore concepts, are displayed

through tanglegrams Fig.2.4. Finally, we investigated the correlation be-

tween the three groups by computing the Baker’s Gamma correlation co-

efficient in pairs for the three groups’ trees (dendrograms) and by testing

it against a null model.

For a better understanding of clustering analysis, we summarized below

what we have done in two main steps:

1. Clustering configuration: we defined the mesoscale organization of

concepts, i.e. we identified the clusters of concepts for each category

(DEM, MCI, healthy control), and for each geometry, by means of

linear semi-supervised clustering algorithm (k-means). These clusters

represent how the expressed concepts grouped together on a seman-

tic space (and they will constitute the states of the Markov chains).

Through k-means clustering we also provided the explorative potential

which define the total amount of clusters explored by each category

(see Fig.A.2 of Appendix A).

2. Hierarchical configuration of clusters: the clusters identified by

the k-means algorithm are then given as input to a hierarchical clus-

tering algorithm which provides the spatial hierarchy of such clusters

based on their relative distance. Intuitively, since the three categories

explore different clusters, the study of the hierarchy give us an in-

sight about the way such clusters are explored. In order to detect any

possible difference in the hierarchy, we compute the values of Baker’s

gamma correlation, a measure of similarity between two trees (den-

drogram) of hierarchical clustering (see Fig.2.4).
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Networks At the macroscale, i.e. the scale of clusters, the navigation of

concepts is tested by means of its Markov representation, to probe the

possible alterations of mental pathways emerging from the exploration of

concepts in patients with dementia. Mathematically, this corresponds to

define the transition probability from one state (i.e. cluster of concepts)

to another, regardless of previously visited states. Operatively, we build

three Markov chains, one for each group g – i.e. the two diagnosis and

the healthy control –, considering all the clusters visited by each group as

the states of the Markov chain of that group, and setting the transition

probabilities m equal to the relative transition frequencies from one state

(r) to another (s) in each group g. In formulas:

mg
r,s =

P g∑
p
E(r−→s)p

P g∑
p

S∑
s
E(r−→s)p

(2.7)

where P g is the total number of subject of group g, S is the total num-

ber of visited clusters by group g and E(r−→s)p is the outgoing edge from

cluster r to cluster s for patient pth. After calculating the entries mg
r,s we

obtain, as result, the transition probability matrix M̂ for each category of

subjects. Here, we assume that each subject of each category behaves as

the ”typical subject of that category”, whose navigation corresponds to a

possible realization of the typical exploration of that category. For practi-

cal reasons (e.g to guarantee the ergodicity of Markov chains), we modify

the transition matrix by adding a damping effect given by the Page Rank

algorithm. Specifically, we are assuming that the process of exploration be-

haves 85% of time according to the probabilities of the above determined

Markov chain and 15% of the time according to a discrete uniform distribu-

tion [135, 214, 197, 252] (for more detail about the choice of teleportation

parameter in the PageRank algorithm we refer to the dedicated section A.2
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in Appendix A). In formulas:

T̂ = αM̂ + (1 − α)
1

S
(2.8)

where T̂ represents the new transition matrix, α is equal to 0.85 according

to the PageRank algorithm and S is the number of states of the Markov

chain.

Each Markov chain is then characterized by the steady state distribution

π⃗ and by the mean first passage time matrix MFPT . Through the former

we gain information about the process at the equilibrium, while through

the latter we can have an insight into the dynamic of the process during

the exploration of concepts. Bearing in mind the memoryless property of

Markov chains and that the probability of being in state r after n steps is

the rth entry of:

π⃗n = π⃗0T
n (2.9)

where π⃗0 is the probability distribution of the initial state, the steady state

corresponds to the long-run equilibrium whatever the starting state. In

formulas:

π⃗s = lim
n→+∞

T n
r,s (2.10)

The steady-state distribution is found by solving the system of equations

obtained by imposing

π⃗T = π⃗ (2.11)

with the constraint that all the components of π⃗ must sum up to 1. The

steady state distribution can be obtained also by means of eigenvectors. In

this case π⃗T = π⃗ can be seen as

v⃗A = λv⃗ (2.12)

therefore π⃗ can be obtained from to the left-eigenvector of the square matrix

T corresponding to the eigenvalue λ=1.

50



2.6.Experimental Results

The MFPT is finally obtained from the fundamental matrix Z:

Z = (I − T + W )−1 (2.13)

where I is the identity matrix and W is a matrix of rows identical to π⃗.

The MFPT it is determined by:

mfpti,j =
zj,j − zi,j

πj
(2.14)

We compare each descriptor (i.e. π⃗ and MFPT ) according to four differ-

ent metrics: Pearson correlation, Spearman’s correlation, covariance and

euclidean norm of the difference. For MFPT , we compare also its Frobe-

nius norm. When computing the metrics for the MFPT , we consider the

common visited states by the groups and we take the matrix as a vector

(resulting values available in tables A.8-A.14 of Appendix A).

2.6 Experimental Results

In this section we provided the summary of salient results, highlighting

whether and when our framework can be used to discriminate between

healthy and non-healthy subjects.

2.6.1 Geometry

Overall, the metrics defined to characterize the local exploration prove to

be suitable for discriminating between healthy and non-healthy subjects in

all the three spaces. The results for the three semantic space are shown in

Fig.2.3. Specifically, according to the results of t-tests all the metrics in all

geometries, except for far in twitter geometry, are able to discriminate be-

tween healthy and non-healthy subjects, all having p-values ≤ 0.0104 (see

table A.5 of Appendix A for detailed results of t-tests). As well, according
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Figure 2.3: Geometry. Descriptors of local exploration of concepts for CTR, MCI and DEM.

The distribution of the five local descriptors are represented by boxplots within violin plots for

each geometry and for each group of subjects. All the metrics are computed using the cosine

distance.

to the results of Kolmogorov–Smirnov statistical test, all the metrics, ex-

cept for Maxj in itwac geometry and far in twitter geometry, reveals to

be able in discerning between healthy and non-healthy subjects all having

p-values ≤ 0.0304 (see table A.4 of of Appendix A for detailed results of

Kolmogorov–Smirnov statistical test). Remarkably, the distance d is al-

ways significant not only in discerning between healthy and non-healthy

subjects but also between different stages of dementia according to both

Kolmogorv-Smirnov and t-test (p-values of KS test in all the geometry are

≤ 0.0209, p-values of t-test in all the geometry are ≤ 0.0076). Interest-

ingly, in the wikipedia geometry, all the metrics turn out to be significant

in distinguishing between all the three categories, i.e healthy controls and

the two stages of dementia MCI and DEM (all KS tests having p-values
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≤ 0.0233), except for far and Maxj. As well, also for the t-tests the

metrics are significant, (all having p-values ≤ 0.017867), except for far.

Results on local exploration can be summarize as follow:

• all the metrics can be used in all the geometries to separate between

healthy and non-healthy, except for Maxj in itwac geometry and far

in twitter geometry;

• all the metrics should be used only in the Wikipedia geometry, exclud-

ing the far and Maxj, to discriminate between the three categories

(DEM, MCI and healthy);

• the distance d metric is robust across the three word embeddings in

separating all the three categories. It should be used when considering

the itWac and the Twitter geometry to discriminate between different

stages of dementia.

It is worth noting that the Wikipedia word embedding is a multidimen-

sional space of 300 dimensions, that is, more than double compared to

the other word embeddings used in this study (itWac and Twitter), which

have 128 dimensions. This means that, to some extent, the Wikipedia

geometry contains more information encoded in the relationship between

words. Thus, it could be possible that metrics computed in the Wikipedia

geometry are able to discriminate between all the three categories precisely

because of this higher information stored in such a word embedding.

2.6.2 Hierarchy

The explorative potential is able to discriminate between healthy and non-

healthy subjects according to both KS tests and t-tests strengthening what

we found at the local scale (p-values ≤ 0.0026, see tables A.6,A.7 of Ap-

pendix A for detailed results).

53



2. The latent geometry of mind’s plausible semantic space

Figure 2.4 shows the tanglegrams of the pair MCI-DEM for the three

semantic spaces. It reports as well the values of Baker’s Gamma correla-

tion [29] compared with the null models for all the pairs. What is clear

in this analysis is the strong correlation between MCI and DEM in the

hierarchy through which the concepts are explored. This is evidenced by

the values of Baker’s correlation – equal to 0.88 in itWac, 0.97 in Twitter

and 0.73 in Wikipedia – and is validated by the null model, in contrast

with the correlation for all other pairs. In fact, the values of correlation

between the stages of dementia and healthy controls, are always close to

zero in the three geometries (two-dash lines in Fig.2.4).

2.6.3 Networks

Network of concepts, generated through Markov chains, are displayed in

Fig.2.5. Because of clustering mapping, the number of nodes in the net-

works varies within the same group according to the geometry (Itwac: CTR

19, MCI 13, DEM 11; Twitter: CTR 16, MCI 12, DEM 9; Wikipedia: CTR

32, MCI 25, DEM 28). Overall, non-healthy patients explore a smaller por-

tion of the semantic nodes with respect to healthy control. Interestingly,

for the geometries of itWac and Twitter, there is a progressive decrease in

the number of visited nodes going from CTR to MCI and from MCI to

DEM, fostering the idea of a progressive loss in semantic memory due to

dementia. Not all the considered correlation measures between the steady

states and the mean first passage time matrices agree in ranking the sim-

ilarity between the analysed groups, and only some specific combinations

of geometry-correlation measure highlight higher correlation for the couple

MCI-DEM. In particular, this is true for the values of Spearman correlation

in Itwac and Twitter geometries and for the ones of Pearson correlation

in Wikipedia, when considering the steady states (specific results are re-

ported in tables A.8-A.10 of Appendix A). Finally, the higher correlation
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Figure 2.4: Hierarchy in exploration of concepts. Tanglegrams of the pairs MCI-DEM

with null models of Baker’s Gamma correlation for all the pairs, for each semantic space. Colored

density functions represent Baker’s Gamma correlation of the null models while two-dash vertical

intercept is the real value of correlation.

between MCI and DEM is confirmed in mean first passage time matrices,

where the values of Pearson correlation are the highest for the couple MCI-

DEM while the euclidean norm of their difference is the smallest, evidence

of similarity between the two groups in all the geometries (specific values

reported in tables A.11-A.13 of Appendix A).
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2. The latent geometry of mind’s plausible semantic space

Figure 2.5: Networks. Mapping mental pathways emerging from the navigation of concepts in

healthy controls (CTR), mild cognitive impairment subjects (MCI) and patients with dementia

(DEM). Networks of concepts as reconstructed from semantic verbal fluency tests, for the three

semantic spaces. Colored nodes encode clusters of concepts reported by patients while perform-

ing the test where they are asked to report words belonging to animal category. The size of

nodes is proportional to the nodes’ strength, while the thickness of the edges is proportional to

their weight.
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2.7 Concluding Remarks

In this chapter, we focused on mental pathways, considering the explo-

ration process in the human mind, in both health and disease. Aware

of the historical dichotomy between semantic space and semantic network

when modeling the exploration process, here we probed the hypothesis of

semantic space by testing how plausible is the existence of a latent ge-

ometry underlying exploration of concepts in human mind. As well, we

probed whether this geometry is suitable to discriminate between healthy

and non-healthy subjects.

This work relies on a unique (and exclusive) clinical data set, including

semantic verbal fluency records of 215 subjects, among which there are

patients at different stages of dementia (DEM, MCI) and healthy controls

(CTR). By leveraging on three different word embeddings and by formal-

izing suitable metrics, we measured and characterized the spatial naviga-

tion of concepts. Remarkably, we demonstrated why is plausible that the

mental navigation process occurs on a latent geometry, understood as an

organized manifold of lexical information, explored during the process of

memory retrieval.

We examined the exploration process, integrating both perspectives –

space and networks – according to an approach which builds upon the

geometry, at the concept scale, and culminates with diagnosis-based se-

mantic networks, passing through the mesoscale organization of concepts.

From the one hand, semantic networks give not satisfactory strength of ev-

idence in discerning between the considered categories (CTR, MCI, DEM).

Despite our approach succeeds in reproducing a degradation in the seman-

tic network structure [63] passing from healthy to non-healthy subjects,

results vary according to word embeddings and correlation measures, con-

sequently proving the semantic network approach to be indicative but not

57



2. The latent geometry of mind’s plausible semantic space

definitive. On the other hand, the geometric approach gives significant

results in revealing differences between healthy and non-healthy subjects,

not only through local descriptors but also at the mesoscale. Our results

suggest how the proposed metrics, coupled with word embedding, should

be chosen according to the purpose (i.e. discriminate between healthy

and non-healthy and/or discriminate between all the three considered cat-

egories, Alzheimer’s disease, Mild Cognitive Impairment, healthy).

We conclude that the geometric framework is an effective and robust

approach to investigate the semantic memory retrieval and to assess its

abnormal navigation in patients at different stages of dementia. For this

reason, our metrics could be used in support of the clinical assessment as

a data-driven tool for confirming – and not yet predicting – the diagnosis.

This would help planning the longitudinal referral, for example by estab-

lishing a six-month visit interval for DEM patients and a one-year interval

for MCI patients, avoiding stressing the latter ones with close in time visits.

Our investigation represents the very first step to provide a new data-

driven framework to eventually predict the diagnoses from fluency data,

when more of such clinical data will be available. Further development of

this work should include also a cohort of elderly healthy controls.

Possibly, knowing if a patient is more performing in the density of ex-

plored concepts – many words of similar meaning – or in changing context –

MaxJ , DOE – could help developing future targeted cognitive stimulation

based on the value of such metrics. In fact, cognitive stimulation [213, 28]

can tremendously prevent patients from abusing of pharmacological ther-

apy in favor of personalized and more targeted exercises for the mainte-

nance of residual capacities. In other words, improving our understanding

of memory retrieval task and impaired cognitive search could considerably

improve the life quality of people with dementia, often prone to develop

secondary diseases, such as depression [234], related to the inability to
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express or recall concepts. Finally, given the robustness of our results in

separating healthy and non-healthy subjects, the geometric approach could

be wisely used to develop digital pre-triage tools, categorizing healthy/non-

healthy before the clinical examination. This would be of tremendous help

in avoiding unnecessary visits to healthcare facilities. Our goal might seem

ambitious and definitely challenging but maybe not so unrealistic consid-

ering the historical moment we are living in due to COVID-19. In fact,

preventing most susceptible subjects – such as those elderly people sus-

pected of dementia – from unnecessarily going to healthcare facilities, could

considerably safeguard their lives.

In the next chapter, we will dive more theoretically into the dynamical

process of navigation, intended as the result of a routing strategy. Based

on the fact that exploration in real-world scenarios is somehow driven by

hybrid choices, balancing efficiency and randomness due to external factors,

we observe that such choices are far from being adequately explained by

existing routing protocols, e.g. random walk or shortest path. To bridge

this gap, we provide, and mathematical formalize, a new class of stochastic

processes, based on biased random walks, able to span from randomness

to efficiency.
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Chapter 3

A new model for exploration: the

Potential-Driven Random Walk

In brief

In this chapter we investigate the process of navigation, from a theo-

retical point of view. In real-world scenarios, interconnected systems

have to route information to function properly: at the lowest scale

neural cells exchange electrochemical signals to communicate, while

at larger scales animals and humans move between distinct spatial

patches and machines exchange information via Internet through com-

munication protocols. Non-trivial patterns emerge from the analysis

of information flows, which are not captured either by broadcasting,

such as in random walks, or geodesic routing, such as shortest paths.

In fact, alternative models between those extreme protocols still elude

us. Here, we propose a new class of stochastic processes, based on bi-

ased random walks, where agents are driven by a physical potential

pervading the underlying network topology. Methodologically, our

potential-driven random walks open the doors to a broad spectrum

of new analytical tools, ranging from new random-walk centralities to

geometry induced by potential-driven network processes.
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3.1 Introduction

The search is a key cognitive feature which operates similarly across differ-

ent scales and contexts [154]. Indeed, as discussed in the previous chapter

(Sec.2.2), the search for concepts in memory is remarkably similar to the

search for resources in space (e.g. optimal foraging) [152, 154]. Most impor-

tantly, the search at various levels is permeated by the ineluctable trade-off

between exploiting what is known and exploring what is unknown [154]. In

this chapter, we made a step further in the modeling of such a trade-off, by

formalizing a new stochastic process that balances efficiency (exploitation)

and randomness (exploration). Our work arises from the need for a contin-

uous spectrum of dynamics spanning from shortest-path to random-walk

routing, able to incorporate simultaneously local and global information

when modeling real-world scenarios. For example, human movements and

information flows (e.g. across the brain [26]) are known to lie in the grey

area between random and geodesic paths.

This chapter has been published as a research article in the peer-reviewed

journal Physical Review E, in 2021 [51] and is available here.

3.2 State of the Art

Communication, transport, mobility are just few examples of real domains

involving the movement of particular entities – information, commodities,

animals or human beings – from one place A to another place B. How

point B is reached from A varies according to the routing strategy adopted

by the agents. Notably, routing strategies on networks are mostly based

on shortest path or random walk protocols. On the one hand, shortest

path protocols assume global knowledge of the network, driving agents

to follow the routes minimizing a cost function among the available ones.
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However, this approach is not always feasible because either we lack global

knowledge about the system or the computational resources to exploit it,

as for the search in the World Wide Web. On the other hand, random walk

protocols rely only on local knowledge and, consequently, take a longer time

to reach a destination, therefore providing a misrepresentation of real-world

navigation processes where, for example, it is rare for an agent to randomly

proceed on her journey.

The limits of this dichotomy is manifest if we consider the human nav-

igation, where route choice strategies are, in first approximation, driven

by the objective of minimizing time and travel costs [293]. However, route

choice can be at same time also influenced by other external factors, such

as traffic restrictions, unexpected queuing times due to special events [42],

the application of congestion pricing schemes [256], the relative pleasant-

ness of routes [229], or other preferences such as the desire of minimizing

the number of turns [187] which may strongly variate the cost function

between individuals. On the other hand, while being the most efficient

way of proceeding, even when considering possible detours due to traffic

congestion or other user initiatives, following the shortest path requires a

complete knowledge of network topology [192]. Often, such knowledge

is not available and only partial information on network structure can be

considered (i.e. the degree of neighbors). The problem of routing infor-

mation within a network without global knowledge about the system is

related to a variety of applications from neuroanatomy and social sciences

to communication and infrastructure engineering. For instance, it has been

shown that the small-world topology of some systems, which are charac-

terized by the presence of long-range links, favor the finding of paths which

allow for the efficient delivery of information towards the destination [171]

(see also [170] for a review), as well as for the efficient navigation of an

interconnected system, the latter being favored by the presence of a la-
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tent metric space [60]. Recently, the trade-off between information routing

through the shortest path, network entropy and stability has been pointed

out [107]. Even when complete information is available, human navigation

is anyways limited by the cognitive resource that can be assigned to the

task [119] which has as consequences the need for heuristics to simplifying

mental representation of the space [188] and the over-reliance on habitual

routes [175]. The combination of all these uncontrollable and individual

factors yields to the ensembles of trajectories empirically observed a high

level of randomness. Regardless of the urban layout, a significant portion

of trajectories within a city does not follow the shortest path between two

specific origin and destination points [309], but rather prefers some other

eligible paths contained in the ellipse generated from these origin and des-

tination points, coinciding with the two foci of such an ellipse [180]. As

a consequence, even if it is known that the human routing is based on

cost minimization, for some scenarios of analysis also random walks have

also been proposed as suitable alternative to develop routing strategies

on networks [192, 7, 126]. It is thus clear that real human trajectories

over transportation networks fall between these two opposite paradigms,

shortest path routing and random walks. The same can be said in other

notable cases such as the flow of information across the brain [26] or animal

movements, where the “base” model is that of random walks and diffusion,

but observed paths often display high level of correlation at microscopical

level [78] and are ultimately driven by optimized strategies reached through

evolution [290].

3.3 The Problem

As observed in the previous section, a myriad or real-world routing strate-

gies are somehow sub-optimal, lying in the grey area between random and
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geodesic paths. Nevertheless, alternative models between those extreme

protocols are still eluding us. There is therefore a need for a continu-

ous spectrum of dynamics between shortest-path and random-walk routing

that can describe paths balancing efficiency and randomness integrating at

the same time local and global information [26]. Moreover, the need for

overcoming deterministic routing strategy and embracing a degree of ran-

domness is motivated by a realm of ordinary and extra-ordinary situations

where uncertainty eventually proves to be useful. Avoid congestion and/or

avoid predictability of a routing strategy for security purposes are a few

common examples of such an eventuality. This problem is known in the

literature as randomized shortest-path problem (RSP) [237]. As illustrated

in the previous lines, in the field of human mobility, the ensembles of tra-

jectories empirically observed exhibits emergent behaviors that overcame

the shortest paths demonstrating that humans do not make optimal deci-

sions, but suboptimal. As anticipated in the Introduction (Subsec.1.1.1),

neuroplasticity enables brain neural networks to change, reorganize and

grow leading to significant implications for healthy development, learn-

ing, memory, adaptation to changing environment and recovery from brain

damage [219]. This means, for example, that brain routing strategies are

flexible and not fixed to one optimal path [218]. Thanks to this flexibil-

ity, pattern of cortical activation can change over time allowing for new

skills and abilities to be learnt [218]. The behavior of people moving in

a city and the one of neural connections evolving in the brain thanks to

neuroplasticity could be lively examples of an effect due to a particular

field influencing such a behavior. In the animal kingdom, a phenomenon

known as stigmergy drives animals to follow some preferential paths ac-

cording to the trace left in the environment by other individuals of the

same species. Stigmergy is an example of indirect communication where

individuals communicate with each other by modifying the surrounding
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habitat. In this case we could say that a field emerges from the interac-

tion between animals and their environment. An extraordinary example of

routing strategies evolving in space based on the availability of resources

is given by the brainless slime mold, whose efficiency to forms networks

is comparable to those of real-world infrastructure networks [276]. This

is brilliantly proved in a study where, arranging food in a scattered pat-

tern as the one of Japanese cities around Tokyo, makes the slime mold

building networks of nutrient which strikingly resemble the layout of the

Japanese rail system [276]. Here we could compare the food resources to

physical particles giving rise to a field and driving the slime mold towards

specific targets. Finally, a system can benefit from continuous exploration,

mostly when considering nonstationary conditions: for instance, one can

think about the animal foraging in a changing environment, where agents

routing towards the optimal path would miss the opportunity to encounter

new patches to feed on. Exploitation of what is known and exploration of

what is unknown is an ineluctable trade-off in space, society and even in

the human mind [154].

3.4 The Proposed Approach

Here, we take a step further in modelling the trade-off between exploitation

and exploration, by overcoming pure deterministic routing strategies and

allowing for a continuous exploration of the system, embedding our model

with information about pre-existing fields or emerging fields.

To work in this direction, we build upon the most recent literature about

random walks on networks. Two main approaches of biased random walk

have been proposed that encapsulate any available information on par-

ticular network features. The first approach is the degree-biased random

walk [105, 176, 117, 61], here the transition probability from one node to
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its neighbors is biased according to the degree of its neighbors. Depend-

ing on the sign of the bias parameter, the walker will explore the network

by visiting the hubs or by passing through poorly connected nodes. The

second approach is the maximal-entropy random walk [130, 251] where the

step transitions probabilities are defined in such a way that the walker dis-

perses maximally in the network. Also in this second case, the transition

probabilities from one node to another one are biased according to some

topological features (e.g. degree), or to any relevant property for the dif-

fusion dynamics (e.g. level of congestion), of its nearest nodes. Recently,

a memory-based random walk has been proposed to extend the local infor-

mation up to the next nearest neighbors [33]. Despite the efforts made to

include more and more information about nodes’ features up to the sec-

ond order nearest neighbors, little is known about routing strategies when

the known information is scattered over the network or when it affects

only some particular nodes. In the last decade, in parallel to the family

of biased random walks, a new framework aimed to interpolate between

shortest path and random walk rised up, i.e. the Randomized Shortest

Paths (RSPs) [237, 47, 169]. The RSPs exploits a thermodynamic formal-

ism by considering the temperature distribution over paths. By adjusting

such temperature parameter the walker mediates between a minimal travel

cost and the maximal exploration of the network. A close proposal, simi-

lar in intents – i.e. interpolating between shortest path and random walk

– yet different in the implementation, has been provided to investigate

the routing of neural signals [26]. This last proposal suggests a possible

model for network communication merging local and global information

about topology and generating a new kind of biased random walk. For

each node, the bias is encoded by a degree of knowledge of the underlying

network topology [26]. Specifically, the transition probabilities from one

node to its neighbors depend on two factors, i.e. the length of the edge
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connecting the node with its neighbors (local information) and the degree

of knowledge regarding the distance of such neighbors from the target node

(global information). Nevertheless, the shortest path between all pairs of

nodes is always required to build the transition matrix of such a random

walk [26]. In fact, in all cases except for the trivial unbiased random walk,

the shortest path between all pairs of node contributes in defining the de-

gree of (global) knowledge of the network, properly modulated by a bias

parameter.

In this chapter, we define a new walk, grounded on physics, which tends

to minimize distances (like a shortest path; a global feature) while keep-

ing some flexibility in random exploration (like a random walk; a local

feature). In particular, we propose a new process, the potential-driven

walk, that effectively interpolates between shortest path and random walk

routing protocols thanks to the presence of a potential field defined on

the top of the network and acting at each node. By combining knowledge

of local features and (partial) global information about network topology,

we propose a new type of biased random walk where the bias is gener-

ated by the potential, which in turn can take different functional forms

and can be expressed in different ways depending on background assump-

tions. The potential-driven random walk does not require to control the

randomness of exploration by fixing the entropy spread – or other global

variables – on top of the network nor to define a temperature parame-

ter regulating the free wandering in the system (as in the case of RSPs),

which is a computational advantage besides being a conceptual shift. In

our framework, we do not fix nor constrain any variables a priori (e.g. en-

tropy constraint), instead we establish where to put the potential node.

The dynamical process we proposed minimizes the distances while allow-

ing for some flexibility in the exploration of the system, by relying on

simple and well-known network measures, properly biased to continuously
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interpolate between random walk and shortest path. Thereby, our walker

acts as a physical particle which moves according to stochastic rules but

potential-driven. Notably, our methodology allows for embedding the tran-

sition matrix with information about pre-existing fields or emerging fields.

Remarkably, our framework is able to reproduce some salient feature re-

garding animal and human movements.

3.5 Methods

3.5.1 Potential-Driven Random Walk

Let us consider a finite connected graph of nodes i = 1, ..., N whose con-

nectivity is defined by the adjacency matrix A. The element ai,j of A is

equal to 1 if a link exists between node i and node j and 0 otherwise.

Now let us arbitrarily choose a drifting node ℓ and imagine the following

dynamical process: a free wandering walker moving from node i to node

j is subjected to a potential responsible for drifting the walk towards (or

away from) the drifting node ℓ of the system. The master equation of the

potential-driven random walk reads:

pj(t + 1 | ℓ) =
N∑
i=1

Tij(ℓ)pi(t | ℓ) (3.1)

where pj(t+ 1 | ℓ) is the probability of being in j at time t+ 1 given the

presence of ℓ and Tij(ℓ) is the transition probability of the potential-driven

random walk from node i to j. Specifically, we proposed a biased transition

matrix whose elements are defined by:

Tij(ℓ) =
cj(ℓ)aij

N∑
n=1

cn(ℓ)ain

(3.2)
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It is to be noticed that the denominator serves as a normalization factor

and n is an other index indicating the network nodes. At this point we

have to define what is the bias factor cj(ℓ). As stated before, the bias

generated by the potential can take different functional form. To define

the bias of the potential-driven random walk, we consider the combination

of two fundamental variables: i) the topological distance from the potential

d(ℓ) and ii) the node’s degree k. Here, we assume that the potential has

a gravitational-like form and it is centered in a node ℓ so that a walker in

node i will randomly select a neighbor j while i) being attracted (repulsed)

by ℓ inversely (directly) proportional to their relative topological distance;

and ii) being biased by the presence of network hubs in its neighborhood.

Under these assumptions the bias factor cj(ℓ) reads:

cj(ℓ) = dγjℓk
β
j (3.3)

where djℓ is the topological distance between j and the potential ℓ and

kj is the degree of node j, γ and β are the bias parameters. It is to be

noticed that, when there is no dependence on any other node in the network

but only of the neighbor at most, i.e. when cj(ℓ) = cj we would have the

classical biased random walk. When, instead cj = const it is easy to show

that the classical non-biased random walk is restored. In Fig.3.1 we report

an illustrative example of the so defined potential-driven random walk. For

ease of reading, only the topological distance from potential is considered

in the bias factor (i.e. cj(ℓ) = dγjℓ), which actually represents the innovative

aspect of this work.

By tuning the bias parameters γ and β we define the dependence of the

process on the potential and on nodes degree. When γ < 0 the walker is

drifted towards the node ℓ, while γ > 0 implies a repulsive potential from

ℓ, γ = 0 is the classical biased random walk. Hence, in case of attractive
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Figure 3.1: Interpolating between random walk and shortest path: the potential-

driven random walk. Illustrative example of potential-driven random walk with different

values of bias parameter γ on the Zachary’s karate club network [304].The group of networks

on the top half of the figure (panels a),b),c),d)) encode the same concept of the group on the

bottom ( panels e),f),g),h)) but in terms of available amount of information. Specifically, the

random walker in a) knows (“sees”) nothing about the network topology, while the walkers

in b),c) are driven by the potential in ℓ (stylized by a black dot with waves) and they thus

know (“feel”) something about network topology. Finally, the walker in d) knows (“measures”)

everything about network topology and can therefore take the shortest path. Red nodes and red

links encode the path followed by the potential-driven random walker varying γ. When γ = 0

in a),e) the classic random walk is restored. When γ = −1 in b), f) and γ = −2 in c), g) we are

in the case of attractive potential-driven random walk. When γ = −∞ in d), h) we are in the

case of shortest path. Note that the size of the nodes in case of potential-driven random walk,

i.e. in b),c),f),g), is inversely proportional to the distance from ℓ, which corresponds the target

node (node id=27).

potential, the target node of a potential-driven random walk coincides with

ℓ. When β < 0 the motion is biased towards poorly connected nodes, while

if β > 0 the walker will favor hub nodes. In case β = 0 (and γ = 0)
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the classical random walk is restored. To sum up: γ defines where the

walker is potential-driven, towards or away from ℓ, and β establish how

the walker is driven, i.e. towards hubs or poorly connected nodes. By

considering the stochastic process of the potential-driven random walk in

terms of its Markov chain representation we can characterize the walk

through the steady-state distribution p∗ and the mean first passage time

matrix MFPT. In fact, if the Markov chain is ergodic, i.e. every state of

the chain can be reached by any other state (the graph is connected), then

the steady-state distribution p∗ exists, is unique and

lim
t→∞

T t(ℓ)p(0) = p∗(ℓ) ∀p(0) (3.4)

Where p(0) is the distribution of the initial state. Following a procedure

similar to the one presented in [130], in the next lines we derive the analyti-

cal expression for the steady-state distribution p∗(ℓ) of the potential-driven

random walk. Let us consider the probability to go from node i to node j

in t time steps Pi→j(t). If the network is undirected then aij = aji∀i, j and

so the relation between the probability of going from i to j in t time steps

and the probability of going from j to i in the same time can be defined

as [130]:

biciPi→j(t) = bjcjPj→i(t), (3.5)

where bi =
∑

j ai,jcj(ℓ). For the steady-state distribution p∗, the the

same relationship applies so that bicip
∗
j = bjcjp

∗
i and, through the detailed

balance condition, it can be shown that:

p∗i (ℓ) =
bi(ℓ)ci(ℓ)∑
v bv(ℓ)cv(ℓ)

=

∑
j ai,jd

γ
j,ℓk

β
j ∗ dγi,ℓk

β
i∑

v

∑
j av,jd

γ
j,ℓk

β
j ∗ dγv,ℓk

β
v

(3.6)
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Note that, in case γ and β are equal to 0, the classic random walk is

restored:

p∗i =

∑
j ai,j∑

v

∑
j av,j

=
ki

2m
(3.7)

with m corresponding to the number of edges in the network. At this

point, we probe the mean first passage time matrix MFPT of the potential-

driven random walk. The MFPT matrix defines the average number of

steps required to a walker starting in node i to reach a specific node j.

To obtain the MFPT matrix we followed the matrix solution proposed

by [137]. Particularly, we make use of the fundamental matrix Z:

Z(ℓ) = (I−T(ℓ) + W(ℓ))−1, (3.8)

Where, in our case, I is the identity matrix, T is the transition probabil-

ity matrix of the potential-driven random walk and W is a matrix having

all rows equal to p∗(ℓ). For an ergodic Markov chain, the entries mij(ℓ)

of the mean first passage time matrix MFPT can be obtained from the

fundamental matrix Z(ℓ) as [137]:

mij(ℓ) =
zjj(ℓ) − zij(ℓ)

p∗j(ℓ)
(3.9)

Finally, we can compute the estimated variance numerically, while its

analytical formulation lies outside the purpose of this current work. For

the reader interested in proceeding with this formulation we refer to [161]

3.6 Synthetic and Experimental Results

We now have defined the key descriptors for the dynamical process of the

potential-driven random walk, i.e the steady-state distribution and the
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mean first passage time matrix. In this section, we put these indicators

into play on different network topologies. In particular, we show how the

stationary distribution varies according to the presence of attractive or

repulsive potential(s) in case of one single potential (monopole), two po-

tentials (bipole) and more than two potentials (multipole) on top of ordered

topology networks, i.e. on lattices. Specifically, in the case of monopole,

a single node is considered as a source of potential – which can be ei-

ther attractive or repulsive –, while in the case of multipole a scenario with

multiple sources of potential (nodes) – attractive, repulsive or both – is con-

sidered. We prove as well that our approach is effective for computing the

mean first passage time matrix by comparing analytical results with sim-

ulated results on disordered network topologies, i.e. on random networks,

scale-free and small-world networks, random geometric graphs, (hierarchi-

cal) stochastic block models and Lancichinetti-Fortunato-Radicchi (LFR)

networks. Finally, we provide a measure, that defines to what extent the

potential-driven random walk deviates from the shortest path in different

topologies according to the value of bias parameter γ and β. We call this

measure straightness index on networks, reminiscent of the homonymous

index defined by Batschelet in 1981 [45] to define the tortuosity of animal’s

paths in the physical space.

3.6.1 Lattices

Let us suppose the following scenarios. Imagine one is in a city and she has

to go, for instance, to the mall. Which route would she (most likely) follow?

What if there is a more convenient mall around or multiple ones? One can

also imagine the scenario where, in addition to a potential destination (e.g.,

a mall), there are also restricted traffic zones that one should avoid [90].

How the knowledge of all this information shapes one’s routing strategy? In

this section, we illustrate how the potential-driven random walk provides a
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suitable way to model such scenarios in a physically grounded and elegant

way, giving plausible answers to these questions. Before illustrating the

modeling of the aforementioned scenarios, we generalize the bias factor

and the steady-state distribution to the case of multipole, as in following

Eq.(3.10) and Eq.(3.11) respectively:

cj(ℓ1, ..., ℓL) = kβj

ℓL∏
ℓ=ℓ1

dγjℓ (3.10)

where ℓ is the variables indicating the potential nodes within the system,
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∑
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β
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It is to be noticed that the generalization to the multipole requires the

product of the distance from the nearest neighbors (j) to all potential nodes

(ℓ1, ..., ℓL).

Let us consider a 9 × 9 regular lattice (81 nodes) and first pick a drift

node ℓ on top of this lattices (as in the first lattice of Fig.3.2a).

Now imagine a walker, subjected to the presence of such a drift node

ℓ, i.e. a potential-driven random walker. According to the nature of this

potential – repulsive or attractive – the dynamical process described by

the master Eq.(3.1) will drive the walker respectively far from the node

ℓ or towards node ℓ. This is well described by the value of the steady

state distribution (SS), represented by the node’s size, in the first lattice

of Fig.3.2b – repulsive potential – and in the first lattice of Fig.3.2c –

attractive potential. The steady state distribution has been computed by

means of Eq.(3.6)considering a linear dependence from the distance from
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Figure 3.2: Probing the potential-driven random walk on lattices. In a) we indicate the

position(s) of the potential(s) (i.e. where are the potentials) on top of the lattices, represented

as a black dot with waves. From left to right we have the case of monopole, bipole and multipole

(shown twice), to test distinct scenarios of interest. In b) we show the values of the steady-state

(SS) distribution for each node in the case of repulsive potential(s), specifically for γ = 1, i.e.

what happens if the potentials were repulsive. In c) we show the values of the steady state

distribution for each node in the case of attractive potential(s), specifically for γ = −1, i.e.

what happens if the potentials were attractive. In d) we report a mixed case where potentials

are both attractive – extreme left and extreme right – and repulsive – up and down – i.e. what

happens if the potentials were mixed. In d) attractive potentials have γ = −1, and repulsive

potentials γ = 2. The color of nodes encodes the value of its steady state and the color bar

applies to all lattices. As well, the size of the node is proportional to the value of the steady state

but it is rescaled for each lattice, in this way one can better appreciate the direction towards

which the walker is driven. The bigger the node, the bigger the probability to find the walker

there at the steady state. Edges color encode the probability to drive along that link (Tij).

ℓ (i.e. γ = ±1). Dealing with lattices, we neglected the bias on the degree

(i.e. we put β = 0) in computing the steady state. Curiously, in the case

of repulsive potential (first lattice of Fig.3.2b) the highest probability of
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the steady state is not in the farthest node from ℓ (id node=81), which

is a node on the border. Instead, the highest value of the steady state

distribution corresponds to the farthest node from ℓ of maximum degree

(id node=71). In fact, the steady state distribution of a node i depends on

its distance from ℓ but also on the distance of all its neighbors from ℓ (see

Eq.(3.6)). Therefore, being in a node i having neighbour nodes far from ℓ

contributes to increase the probability of being in that node i. The same is

true in the case of repulsive bipole and multipole (second and third lattice

of Fig.3.2b). Specifically, in the case of bipole the highest probability of

the steady state divides between the 4 nodes of highest degree which are

simultaneously the farthest nodes from the two repulsive potentials (id

nodes=8,18,64,74). Similarly, in the case of multipole, the nodes where

the walker is most likely to be when time goes to infinity are the most

distant from the 4 poles and the ones of maximum degree simultaneously.

The situation is completely reversed in case of attractive potential. As it

can be seen in the first lattice of Fig.3.2c, the drift node ℓ generates a basin

of attraction that drives the walker toward the neighbors of ℓ and ℓ itself.

In particular, the probability of being in ℓ when time goes to infinity is

0.5 (we are in the case of linear dependence from the distance from ℓ, i.e.

γ = −1). The rest of the steady state distribution equally divides between

the 4 nodes nearest to ℓ. A similar situation appears in case of attractive

bipole and multipole (second and third lattice of Fig.3.2c). Specifically, in

the case of bipole two basins of attraction arise around the two potentials,

but the steady state probability divides unequally around them. In fact,

the nearest neighbors of one pole which are also the nearest to the other

pole (the “internal nodes”) have a greater occupation probability than

the external ones. The same unbalanced configuration arises in the case of

multipole, where the “internal” nodes have a greater occupation probability

than the “external” ones. It is to be noticed that the pattern around each
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pole is the same (see the second and the third lattice of Fig.3.2c). We

now reveal what happens in the case of mixed multipole. Let us pick,

for example, two attractive potentials and two repulsive potentials on our

lattice (Fig.3.2d). Let us assume also that the two flavors of the potential

– repulsive and attractive – act with different intensity on the lattice, for

example establishing a linear dependence on the distance from attractive

potentials and a quadratic dependence on the one from repulsive potentials.

The arising pattern of the steady state is equal – in terms of distribution

– and, at the same time, opposite – in terms of direction – to the one

resulting from the case of attractive multipole (second lattice in Fig.3.2c).

In fact, also in this case the two attractive potentials share half of the

occupation probability (i.e. 0.25 each). The second half of the stationary

probability is divided among the nearest neighbors of these two attractive

potentials, but this time the “external” nodes (id nodes=12,20,62,70) have

a greater probability than the “internal” nodes (id nodes =22,30,52,60).

The reason why this happen is due to the presence of repulsive potentials

concomitantly with the attractive ones, which drives the walker towards

(one of) the two basins of attraction generated by the attractive poles while

keeping the walk as far as possible from the repulsive poles within the basin

of attraction, or, more precisely, while preferring nodes far from repulsive

potentials among the nearest neighbors of the attractive potentials.

3.6.2 Disordered topologies

Usually, real systems are far from being adequately modeled by lattices.

Brain networks, for example, exhibits small-world properties [41] as the

Internet [9] or social interactions [295]. Other examples are protein-protein

interactions which besides being small-world reveal to be scale-free [298]

as the world airline network [140]. Furthermore, some key features of real

systems, such as modular structure or spatial embedding, are properly re-
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produced when considering more complex topologies, such as stochastic

block models and random geometric graphs, respectively. For this reason,

in the current section we overcome regular lattices to consider more dis-

ordered topologies. Specifically, we now investigate the dynamical process

of potential-driven random walks considering 8 different models, each one

encoding one specific feature, covering a broad spectrum of the topologi-

cal characteristics emerging from real-world networks. These models are

Barabási-Albert (BA) [8], Erdös-Rényi (ER) [106], Hierarchical Stochas-

tic Block Model [221] with four dense groups per level (HSBM4), Lan-

cichinetti–Fortunato–Radicchi (LFR) [174], Stochastic Block Model [156]

with 4 dense groups (SBM4), Random Geometric Graphs (RGG) [84],

Scale-Free[8] with scaling exponent -2 (SF2) and Watts-Strogatz (WS) [295].

All networks consists of 256 nodes and their parameters are chosen to ob-

tain an average degree ⟨k⟩ = 12 or, equivalently, to have about 3,000 links,

on average.

To prove that our approach is effective for computing the mean first pas-

sage time (MFPT) matrix we run 200 simulations of the potential driven

random walk for each topology and we compute as well the theoretical val-

ues of the MFPT by means of Eq.(3.9). It is to be noticed that we can only

compute the MFPT matrices for the values of γ ≤ 0 (and for all values of

β). In fact, for values of γ > 0 the Markov chain would have a transient

state coincident with ℓ (the node where we put the potential). This means

that when starting in ℓ there is a non-zero probability to never return in

ℓ. For this reason, the Markov chain would not be ergodic consequently

making Eq.(3.9) non-applicable. This is the reason why we compute the

MFPT only for γ ≤ 0 (and ∀β), or in other words, in case of attractive

potential, i.e. when ℓ coincides with the arrival node. In Fig.3.3 we report,

as an example, the values of the simulated mean first passage time versus

the theoretical ones, for all γ ≤ 0 and for β = −2.

79



3. A new model for exploration: the Potential-Driven Random Walk

Figure 3.3: Theoretical versus simulated Mean First Passage Time from all possible

source nodes to the target node on different network topologies. In the top of a) we

report the values of simulated mean first passage time versus the theoretical ones for all values of

γ ≤ 0 and for β = −2 considering a Random Geometric Graph (RGG) of 256 nodes. Underneath,

we display a zoom of the same graph (in cobalt square) to better appreciate the values of mean

first passage time for potential-driven random walk (i.e. when γ < 0). In b) we directly report

the zooms for all the considered network topologies of 256 nodes: Barabási-Albert (BA), Erdös-

Rényi (ER), Hierarchical Stochastic Block Model (HSBM4), Lancichinetti–Fortunato–Radicchi

(LFR), Stochastic Block Model (SBM4), Scale-Free (SF2) and Watts-Strogatz (WS). The color

of the points encodes the values of γ while the size of the node is proportional to the frequency

of that sampled values in the simulations.

In particular we plot the value of mean first passage time from all the

possible source nodes to the target node on the 8 different network topolo-

gies. By design, the target node is the one where we put the (attractive)

potential. In each plot of Fig.3.3 the size of the points is proportional to the

frequency of that sampled values in the simulations. As it can be noticed,
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the most of the values lie on the bisector: these values are also the most

frequent in the simulations (bigger points), showing that the theoretical re-

sults are in agreement with the simulations. At this point, we investigate

how the theoretical values of the MFPT change for different values of bias

parameters, results are shown in Fig.3.4. As it can be seen in Fig.3.4, the

trend of the theoretical MFPT is qualitatively similar for all the analyzed

topologies, with the values of the MFPT increasing as γ increases, until

the peak in γ = 0, i.e. when the random walk is restored. Interestingly, for

some topologies there are critical points in γ, i.e. points where increasing β

does not lead to decreased values of the MFPT. This regime shift is visible

in the following topologies: LFR, RGG, SBM4; and partially visible also in

BA and SF2. Let us now randomly pick a simulated values of the MFPT

Figure 3.4: Theoretical Mean First Passage Time for all values of γ and β, for all the

considered network topologies: Barabási-Albert (BA), Erdös-Rényi (ER), Hierarchical Stochas-

tic Block Model (HSBM4), Lancichinetti–Fortunato–Radicchi (LFR), Random Geometric Graph

(RGG), Stochastic Block Model (SBM4), Scale-Free (SF2) and Watts-Strogatz (WS). The color

of the line encodes the value of β.

from a source node s to a target t. We investigate how good we are in
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returning the corresponding values of γ and β, i.e. in guessing to what

extent the process is potential-driven. The rationale behind the proposed

speculation on matching the right value of γ and β is motivated by the

intention to recast a stochastic routing strategy to a potential-driven ran-

dom walk. More specifically, we investigate if and when we are able to infer

the values of γ and β given only the information on i) estimated mean first

passage time and ii) the topology of the network. Tracing back the value of

γ and β would allow for a more informed definition of a dynamical diffusion

process, providing information about the direction towards which and the

way a walker reaches a specific destination simply by measuring the time

spent on a given topology. This proposal has potential broad applications,

e.g. in the contest human and animal mobility to determine if a walker

was forced to avoid a given restricted area and/or to establish if the path

strategy was preferring hubs or poorly connected nodes, given the values

of mean first passage time (MFPT) from source node to target node and

the network topology. To this end, we compare a given estimated value of

the MFPT to the whole spectrum of the theoretical MFPT values resulting

from all values of γ, in the range [−2, 0], and β in the range [−2, 2]. We

compute the absolute value of the difference between the estimated value

of the MFPT and each theoretical value. The theoretical MFPT giving the

minimum of such an absolute value determines the inferred values of γ and

β. On average, for all the topologies we match the right value of γ 70%

of the time, which is 47% more than what we match for β. This makes us

speculate that the process is more sensitive to the bias on the distance from

the potential (γ) than to the bias on the degree (β). Specifically, we are

more likely to guess the values of γ in case of stochastic block models and

hierarchical stochastic block models, followed by Erdös-Rényi and random

geometric graph. Instead, for what concern scale-free networks, we only

match the values of γ 55% of the time. However, the theoretical value
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of the MFPT closest to the simulated one – in terms of absolute value –

always results to be within one standard deviation.

3.6.3 Straightness index on networks

In 1981, E. Batschelet, a mathematician devoted to the study of animal

paths orientation, defined a novel indicator to measure the tortuosity of

such animal paths: the straightness index. In this vein, we provide a

similar indicator for the purpose of measuring to what extent the potential-

driven random walk deviates from the shortest path (or how close it gets

to the random walk) in different topologies, according to the value of bias

parameters γ and β. We called this measure straightness index on networks

and, given a source node s and a target node t, we define it as follow:

sI =
SPL

L(ℓ, γ, β)
(3.12)

Where SPL is the shortest path length between s and t, while L(ℓ, γ, β)

is the length of the potential-driven random walk from s to t, i.e. the path

length of a potential-driven random walk in terms of traversed links to

reach target node t from source node s, given a potential node ℓ and the

bias parameters γ and β. It is to be noticed that a similar formulation was

used to develop the straightness centrality for spatial networks [83]. The

straightness index on networks is bounded between 0 and 1. Specifically,

when sI = 0 we are in the case of random walk, while sI = 1 corresponds

to the shortest path. For 0 < sI < 1 we are in the case of a potential-driven

random walk. Figure 3.5 shows how the value of sI changes on different

network topologies, varying γ and β. In particular, in panel a) of Fig.3.5

we report the values of sI in the 8 different topologies considering γ and

β as the axes of the heatmaps. The color of the tile encodes the values of

sI, the closer the value is to dark blue the closer the walker behavior is
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to that of a random walker. Instead, a color tile close to yellow indicates

a behavior that tends to the shortest path. By design, when γ < 0 the

Figure 3.5: Straightness index on networks. In a) we report the values of sI for all the con-

sidered network topologies of 256 nodes: Barabási-Albert (BA), Erdös-Rényi (ER), Hierarchical

Stochastic Block Model (HSBM4) Lancichinetti–Fortunato–Radicchi (LFR), Random Geomet-

ric Graph (RGG), Stochastic Block Model (SBM4), Scale-Free (SF2) and Watts-Strogatz (WS).

The values of bias parameter γ and β are the axes of the heatmap, while tile color encodes the

values of sI. In b) we express the values of sI as a function of γ, color line encodes the value of

β.

potential node ℓ coincides with the target node, while when γ = 0, the

position of ℓ does not affect the process since we are in the case of random

walker. As it can be seen from these heatmap, the values of sI closest to the

shortest path are reached in the Erdös-Rényi network topology, in random

geometric graph and in the scale-free topology. To better appreciate how

the pattern of sI evolves by varying γ we refer to panel b) of Fig.3.5. For
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each topology is evident that the lower the value of γ the higher the value of

sI, i.e. the closer the walk to the shortest path. This is because the walker

is potential driven towards the target node, coincident with the attractive

pole ℓ. As γ approaches zero, the value of sI tends to zero as well, denoting

a random walk behaviour. At γ = 0, the walker is no longer affected by the

potential and the value of sI dramatically goes to zero with an apparently

jump discontinuity in all network topologies. The process at this point is

a random walk. Compared to γ, the value of β is less critical to determine

how the process approaches a shortest path behavior rather than a random

walk, albeit in different ways for each topology. Quantitatively, the BA,

SF2 and LFR topologies seem to be more sensitive to the variation of this

bias parameter β, while qualitatively all topology exhibit similar behaviour.

For example, β is crucial in the scale-free networks, and, to some extent

also for BA topologies, to achieve high values of sI, i.e. to be close to the

shortest path. This means that, unsurprisingly, in these topologies a walker

favoring hubs would reach the target node faster. A slighter dependence

from β in determining the values of sI, concurrently with γ, is also shown

in HSBM4, LFR and ER topologies. Conversely, in these cases there is not

the transition at γ = 0 as in scale-free networks. Finally, RGG, SBM4 and

WS seem to be not affected by the bias on the degree, β, in reaching the

target node, as much as they are by γ.

To sum up, a potential-driven random walk with negative low values

of γ can resemble a shortest path when considering ER, RGG and SF2

network topologies. Also for the other topologies (HSBM4, SBM4, LFR,

BA and WS) the most efficient path – in terms of path length – can be

reached with lower values of γ, but in this case the path length is, at most,

twice the shortest path. Weather lower values of γ than those considered

in this study would ensure more efficient route should be investigated in

further development of this work. For what concern the degree-bias β,
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it mostly affects the SF2 topologies and, in smaller portion, also the BA

topologies, while the potential-driven random walk on the other networks

seems not to be influenced by this bias in reaching the target node. In other

words, for all the analyzed networks it is evident that γ is the leading bias

parameter in determining the values of sI. In fact, considering the analyzed

range of γ, the potential-driven random walk spans from very short paths,

sometimes even very close to the shortest path (as in ER, RGG and SF2),

up to completely different and longer paths, regardless of the bias on the

degree (β) in all network topologies. This demonstrates that the potential-

driven random walk is able to effectively interpolate between shortest path

and random walk.

3.6.4 Empirical 2D trajectories

As discussed in the State of the Art, the movements of both humans and

animals do not strictly follow neither the shortest path or the random

walk paradigm, but their routing falls somewhere in between. In this sub-

section, we show that applying our potential-driven random walks over a

very stylized network allows us to successfully reproduce the very broad

range of characteristics that are observed in empirical human trajectories.

In most cases, the empirical data collected about human and animal

trajectories are embedded into a bi-dimensional space. Note that the anal-

ysis presented in this sub-section comes without any biological or ecological

context. In fact, the empirical trajectories here are taken into account for

the sole purpose of verifying the model reliability in reproducing the diffu-

sion component of both animal and human mobility, whatever the causes

or the contexts. To create walks over a network reproducing a similar

condition, we place our synthetic walkers over networks defined as square

lattices having side L of varying sizes (so that the total number of nodes

is N = L × L). For humans, a lattice can be seen as a null model for a

86



3.6.Synthetic and Experimental Results

street network over which the movements are constrained. On these lat-

tices, similarly to what we have for other networks in the attractive case

γ < 0, we also define a potential node which coincides with the target

node. The initial position of the walker and the target node are indicated

as green circles and red squares respectively in the examples on the top-left

of Fig. 3.6. Being all networks considered for this analysis square lattices,

all nodes with the exception of the borders have the same same degree

k = 4, therefore the effect of a varying β would be here only an effect

of attraction or repulsion at the boundaries. We instead focus on the ef-

fect of varying γ in the attractive range −2 ≤ γ ≤ 0 and the lattice size

L ∈ [9, 13, 17, 21, 25, 29, 33].

This approach clearly interprets animal and human trajectories as goal-

oriented trajectories, at the end of which a attractive site is located. Our

model allows a description where the movements of a living organisms is

informed and directed toward a goal, but this information is incomplete or

noisy. The stronger the potential, the more information leading towards

the goal is readily available. For humans we would expect this goal-oriented

behavior to be strong in recurrent mobility, as it is known that the tendency

of returning to previously visited locations [257, 118] is a clear driver of

this behavior. For animals, it will surely depend upon the species, but

several examples of attraction driven movement are known [281], and the

cause of attraction can be either because the path is towards one’s nest,

lair is known, or information about the attractiveness of particular areas

is available through the organisms’ senses.

To characterize both the synthetic trajectories generated over the lat-

tices and the empirical trajectories we use the Straightness index sI dis-

cussed above as indicator of tortuosity and the mean cosine mC between

the trajectory steps as indicator of autocorrelation defined as the aver-

age along the trajectory of the cosine of the turning angle θ between two
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Figure 3.6: Straightness vs Autocorrelation diagrams for walks in a 2D space. Left)

Potential-driven walks over a square lattice. We display the values of sI and mC for a range of

values of lattice sizes L (different subplots) and γ (different colors). The trajectories above the

plot illustrate examples of the trajectories generated, the black line identifying the associated

values of sI and mC. Right) Empirical trajectories of humans, ants and seabirds. We display

the values of sI and mC for three types of empirical trajectories: 600 humans trajectories (blue),

captured by anonymized GPS data generated by mobile phone applications; 600 ants trajectories

(orange), captured optically in lab conditions around an artificial nest; 300 seabirds trajectories

(green), captured by GPS trackers. In these cases, trajectories are again on a plane, but not

limited to follow the lattice topology. Above and below the plot we illustrate two examples

of Human trajectories and one example each for ants and seabirds (a Wandering Albatross in

particular), again with the black line identifying the associated values of sI and mC. The ant

trajectory is highly auto-correlated although not straight, while the albatross example is at the

same time straight and auto-correlated. The two human examples allow us to show instead a

trajectory with negative mC (probably accumulated in the small scale movements on the top-

right of the diagram) and a straight but not strongly correlated trajectories.

subsequent steps [78].

As we can see on the left side of Fig. 3.6, where we represent the distri-

bution of sI and mC in our synthetic trajectories over lattices, for γ = 0,
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the paths generated are pure random walks. These random walks are char-

acterized by vanishing values of both sI and mC as the trajectories wrap

around themselves. For decreasing values of γ, the trajectories become

progressively straighter, as they align more and more to the shortest path

which, given the origin and destination set on our lattices, is simply a

straight line. The values of mC characterize the tendency for a trajectory

over the lattice to locally deviate from the shortest path or backtracking

with steps inverting the direction with respect to the previously taken one.

Differing from what often happens for most animal or human trajecto-

ries [281, 32, 180], the potential-driven random walks we used here allow

for backtracking, which is possible, although progressively more unlikely,

for stronger attractive potentials and decreasing values of γ. Another factor

influencing the likelihood of backtracking is here the size L of the lattice,

as the larger is the number of steps made, the more likely the event of

a deviation from the shortest path even for stronger potentials. For this

reason, the synthetic trajectories with the larger values of sI and mC are

found for small lattices and strong attractive potentials. This can be seen

in our coarser lattices L = (9, 13, 17), where we observe very broad dis-

tribution of values of sI and mC spacing (please note that in our plots

both are limited to values of about 0.8 due to the discrete nature of the

trajectories).

On the right side of Fig. 3.6 we represent the distribution of sI and

mC of three types of empirical trajectories: i) privacy enhanced GPS tra-

jectories describing the movements of anonymized users of mobile applica-

tions who opted-in to location based services through a GDPR compliant

framework, randomly extracted from a database provided us by Cuebiq (a

location intelligence and measurement platform that collects GPS trajec-

tories from mobile apps users who have opted-in to provide access to their

aggregated location data anonymously) covering the Trentino province, an
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area approximately 6.000 km2 wide in northern Italy (blue); ii) optically

tracked trajectories describing the movements of Temnothorax albipennis

ants while exploring a large arena outside of an artificial nest [160] (orange);

iii) GPS trajectories describing the movements of three types of seabirds

(Wandering Albatross, Laysan Albatross, Streaked Shearwater) [302] over

the ocean surface (green). Note that in all three cases considered, the tra-

jectories have been segmented with the Infostop library [21] and only the

movements between two stopping points have been analyzed. The distri-

bution of points in the sI-mC diagram for humans is very broad and most

trajectories are way far from both a pure random walk and a straight line.

Animals trajectories present instead a high level of autocorrelation, proba-

bly due to the fact that the movements of these animals over the ocean for

seabird and in the arena created for the ants is relatively unconstrained.

This is different for humans whose movements are constrained over the

topology of the street network.

Comparing the diagrams of the synthetic trajectories on the left panel

and empirical ones on the right one, we can appreciate how our very styl-

ized model, which include a single potential source over a square lattice,

allows us to already partially reproduce the very broad range of trajecto-

ries characteristic of human mobility. A clear improvement in this sense is

observed when we used a coarser description of the movement space (small

L) which on one hand possibly better describes the limited options dic-

tated by the street network, and on the other hand limits the incurring of

backtracking which is not expected for humans. The trajectories of ants

and birds appear instead to be largely more auto-correlated to what we

were able to describe with the few ingredients we introduced here.

The exploration in Fig. 3.6 is however limited by the parametric span of

γ ∈ [−2, 0]. For this reason, in Fig. 3.7 we expand the simulations, again

over a 33 × 33 square lattice, to γ ∈ [−12.5, 0] with the goal of covering

90



3.6.Synthetic and Experimental Results

a broader range in the straightness-cosine plane by extending towards the

shortest-path area (1,1) our observations. Furthermore, to show the utility

of our model as compared to competing models of animal movements de-

scribing directed paths, we also simulated 1000 times Correlated Random

Walks [78] and Lévy Walks [303].

As can be appreciated in Fig. 3.7 a), Similarly to the L = 33 example

in 3.6 left, we use a relatively large square lattice to generate trajectories

embedded into a 2D metric. The origin and destination nodes lie at dis-

tance 2 from the sides of the square. The shortest path is in this case a

Figure 3.7: Comparison of different walk models on a 33 × 33 lattice. a) The square

lattice over which the trajectories are run from the origin point (green circle) to the destination

(red square). b) The shortest path, in this case a straight line. c) The sI–mC diagram describing

the range of characteristic values for trajectories generated with the different models. d) Same

values as c) for Correlated Random Walks, where it is highlighted the dependency over p. e)

Same values as c) for Lévy Walks, where it is highlighted the dependency over α. f) Same values

as c) for Potential Driven Random Walk, where it is highlighted the dependency over γ.
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straight path across 29 edges, dividing the e square in two (Fig. 3.7 b). In

panel c), we first can appreciate how the shortest path (purple circle), is

characterized by sI = 1 and mC = 1. Random walks (RW, orange dots)

are instead distributed around sI = 0 and mC = 0. We further compare

with i) Correlated Random Walks (red dots) generated via Poisson process

a probability p > 0 of having a step of the walk on the same direction

of the preceding (otherwise, the step is random as in RW), thus generat-

ing movements constituted by sequences of steps aligned towards the same

direction, forming straight displacements of length ℓ, where ℓ follows an ex-

ponential probability distribution. ii) Lévy Walks (green dots), where the

path is again formed by sequences of steps towards the same direction, but

where the lengths of the sequences of aligned steps is instead distributed

as a power law p(ℓ) ∝ ℓ−α. Comparing the different model, we see how

the Potential Driven Random Walk successfully bridges between random

walk (0,0) and shortest paths (1,1) as the potential becomes stronger when

the value of −γ increases from 0 to 12.5. iii) our Potential Driven Random

Walks (blue dots), with k = 0 and γ ranging here between 0 and -12.5. The

same data is presented in parameter d),e),f) to illustrate the dependence

over the model’s free parameter. The Correlated Random Walk is close to

a normal random walk for small p, and then has increasing values of mC

as p grows. Since we have origin and destination nodes aligned over the

network, for large values of p we observe walk coinciding with the Shortest

path. The Lévy Walks behave similarly to the Correlated Random Walk,

with α mostly driving the value of mC and with even more likelihood of

having some paths close to the shortest path for large α given the oppor-

tunity of making a long jump towards the destination. In the Potential

Driven Random Walk, as the potential becomes stronger (larger values of

−γ) we have increasing values of both sI (as the path becomes more simi-

lar to the shortest path) and mC = 1 (as the path become more straightly
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directed towards the destination).

These stylized examples can be of course largely improved in order to

better describe specific types of behaviors. We offer here three possible

directions. First, the network topology can be surely refined from a simple

lattice in order to describe the real physical constraint faced by the moving

individual. Second, introducing a penalty to backtracking would allow

to create artificial trajectories closer to the trajectories observed pushing

towards shapes normally describes as composite correlated random walks.

Third, introducing multiple potentials activated at specific times, such for

instance after the arrival at an intermediary destination, would permit to

account for more complex behaviors like round trips or the chaining of

multiple way-points in navigating a complex environment.

3.7 Concluding Remarks

In this chapter, we focused on the dynamics regarding the navigation pro-

cess. Realizing that several interconnected systems in real world have to

balance efficiency and costs in their routing strategies, we observe that a

continuous spectrum of dynamics interpolating between these extremes,

still lacks.

Here, we have introduced a novel stochastic process, the potential-driven

random walk, which effectively interpolates between shortest path and ran-

dom walk protocols on a network by taking into account at the same time

a preference for nodes of high or low degree and the effect of attraction

towards the destination node. This new dynamical process aims at min-

imizing the distance (as the shortest path) by only considering partial

information about the network, i.e. the position of a drifting node ℓ, and

by maintaining a certain flexibility in the exploration of the network (as

random walk). We characterized the process described by the potential-
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driven random walk by means of its steady state distribution and mean

first passage time matrix. We investigated the patterns of these indicators

on synthetic networks considering both ordered topologies (i.e lattices) and

disordered topologies (8 different network models), providing evidence of

agreement between simulations and theoretical expectations. As well, we

investigated how the theoretical values of the MFPT change varying the

values of bias parameters, pointing out a regime shift in the MFPT corre-

sponding with some critical points in the bias parameter γ. By generating

a large number of paths over networks characterized by a disordered topol-

ogy, we also showed how the process can be inverted as we were able to

successfully infer most of the times (70% overall) the values of the param-

eter γ only on the basis of the observed the Mean First Passage Time.

Inspired by ecologic studies related to the movement of animals in physi-

cal space, we proposed a new metric, the straightness index on networks,

quantifying to what extent the potential-driven random walk is close to

shortest path (or to the random walk). Specifically, by tuning the bias

parameter related to the distance from the potential, γ, we can define ef-

ficient paths which in some specific topologies reveal to be very close to

the shortest path when γ = −2, while stronger potentials are necessary in

large lattices. In general, it is evident that γ is the leading bias parameter

in determining the values of the straightness index on networks, i.e. in

drifting the process towards a shortest path or a random walk, in all the

analyzed topologies.

The straightness index, together with a measure of trajectory autocor-

relation on a 2D space, allowed us to also compare empirical trajectories of

human and animals with walks generated on a square lattice with a single

attractive potential at the destination node. Even within the strong limi-

tations inherent with the very stylized model presented here, we were able

to show how our model is able to replicate the broad range of behaviors
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typical of real human trajectories better than alternative models such as

correlated random walks or Lévy walks.

Our results provide a fundamental starting point to build a novel un-

derstanding of the movements of agents and information over a network in

terms grounded on physics potentials. On the one hand, a more accurate

description of real trajectories will be possible by building over our model,

which can be possibly extended to include memory effects and already can

account for more complex time-varying potentials that can combine pos-

itive and negative charges to describe at the same time attractiveness of

certain areas and the avoidance of others. On the other hand, our frame-

work has a broad spectrum of methodological applications: for instance,

one can use potential-driven random walks to analytically define new net-

work indicator able to identify the centrality of nodes in a continuous be-

tween the family of random walk [207] and geodesic [64] centralities, such as

betweenness and closeness centrality, in both classical and multilayer sys-

tems [255]. Such indicators would allow for a whole new set of applications

in scenarios such as urban mobility [7] or network neuroscience [26], where

human and information flows are known to lie in the gray area between

random and geodesic paths. We expect, in particular, that a new perspec-

tive over these networks will be driven by the fundamental question of what

topological conditions makes possible to radically change the distribution

of the random walk centrality when even small potentials are introduced.

Finally, the framework is expected to open new doors for the analysis of

functional clusters emerging from collective phenomena, where diffusion

geometry induced by random walk dynamics [86] can be extended to span

from diffusion to geodesic distance, allowing the analysis of the complex

interplay between structure and dynamics from a new perspective.

In the next chapter, we will pay particular attention precisely to the in-

terplay between brain structure and dynamics. By leveraging on spectral
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entropy, we propose a new information-theoretic approach for the analy-

sis of synthetic and empirical brain networks, in health and disease. Our

approach naturally accounts for the interplay between the underlying struc-

ture of the system and a dynamical process on the top of it at different

temporal scales, measured in bits of information required to describe the

connectome state.
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Chapter 4

Persistence of information flow: a

multiscale characterization of the

human brain

In brief

In this chapter we investigate the interplay between structure and

dynamics, focusing on information exchange within the human brain,

being it crucial for vital tasks and to drive diseases. Neuroimag-

ing techniques allow for indirect measurements of information flows

among brain areas and, consequently, for reconstructing connectomes

analyzed through the lens of network science. However, standard

analyses usually focus on a small set of network indicators and their

joint probability distribution. Here, capitalizing on network infor-

mation theory, we propose a new framework for the analysis and

comparison of empirical and synthetic human connectomes, in health

and disease. We find that the spectral entropy of empirical data lies

between two generative models, indicating an interpolation between

modular and geometry-driven structural features. Remarkably, we

demonstrate that significant differences between healthy individuals

and the ones affected by Alzheimer’s disease arise at the microscale.
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4.1 Introduction

The human brain has a complex multiscale organization in both spatial and

temporal domain. Such a multiscale organization grants the human brain

network to be robust, adaptive and evolvable, besides being crucial for the

global communication efficiency within the cortex (see Subsec.1.1.1). In

this chapter, we provide a new way to characterize the multiscale nature

of human brain, from an information-theoretic perspective. Specifically,

we define a novel framework that leverages on spectral entropy to define

the connectome state in health and disease. Especially, we elaborate a

function of the system in terms of the interplay between the underlying

structure and a dynamical process on the top of it, at different temporal

scales, measured in bits of information required to describe the connectome

state.

This chapter has been published as a research article in the peer-reviewed

journal Network Neuroscience, in 2021 [52] and is available here.

4.2 State of the Art

The human brain is usually referred to as an emblematic example of ef-

ficient complex systems, where neurons (i.e., the units) process a huge

amount of information by signaling through synaptic transmission (i.e.,

the links). To better understand how information flows within the brain,

imaging techniques are widely used to infer structural and functional rela-

tionships between distinct areas of the brain obtained according to some

parcellation in regions of interests [22, 283]. The resulting maps coarse-

grain the brain into complex networks of much smaller size, typically of the

order of a few hundreds or thousands areas, that are analyzed through the

lens of network science [113, 67, 196, 97, 305, 68, 216, 100, 39, 299, 242].
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On the one hand, network descriptors are used for a variety of appli-

cations, from quantifying the characteristic geodesic distance among units

to unravel their mesoscale organization into functional modules [55, 260],

from identifying nodes central with respect to information exchange to

more sophisticated roles such flow attraction and connector hubs [183, 68,

163, 284, 54], from both nodal and link perspectives [109]. Recently, more

sophisticated models such as multilayer networks [92] have been used to

this aim: in that case, the layers encode distinct types of relationships

among units, either accounting for multimodal measurements [46, 139] or

for correlations in the temporal [40] or frequency [91, 65, 296] domains (see

[87] for a review).

Network science has proven to be a powerful analytical tool for unrav-

eling the properties of the human brain, and several models have been

proposed to reproduce the most widely observed salient features, from

small-worldness [203, 37, 179], usually related to an amount of triadic clo-

sure higher than chance together with a characteristic geodesic length lower

than random expectation [294], to modularity [260, 55], i.e., the organiza-

tion of units into groups [112] with a biological function, enhancing our

understanding of brain structure and function in both health and dis-

ease [228, 10, 73, 11, 235, 236, 95, 110, 150, 111, 91, 138, 16, 134, 177].

For instance, it has been recently shown that interareal Euclidean distance

plays an important role in shaping the structural organization of brain

networks [58], opening the door to the exploration of models driven by ge-

ometry (see [289, 56] and references therein) and latent geometry [13, 308].

4.3 The Problem

Usually, methods to characterize human brain network are limited to con-

sider a small set of network indicators (e.g., centrality, clustering, modu-
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larity, so forth and so on) and their joint probability distribution. Most

of the time these indicators, and in particular the idea of centrality, are

referred to structural features. Traditionally, the degree of importance of

a node depends on its topological traits. For example, when dealing with

network integrity – the existence of a path between two nodes enabling

information exchange – or network robustness – the ability of a network to

survive after a failure or attack – the role of the network structure and the

nodes centrality have been considered dominant for decades [124]. This

concept stresses the position that, for example, to disintegrate a system

a large fraction of it must be damaged. In this regard, a recent study

has brilliantly shown that removing nodes that are central for structural

connectivity might be insignificant for the information flow within the sys-

tem [124]. In other words, the network integrity from a structural point of

view is fundamental but, at the same time, it is not sufficient to guarantee

or quantify the effect of potential damages on system’s functionality [124].

This means that topological metrics can fail – and have failed [124] – to

identify nodes that are central from a functional point of view, e.g. for the

flow dynamics, eventually challenging the widely accepted assumption that

the sole topological indicators are enough to inform and comprehend how

complex systems operate [126]. In this vein, we apply a similar reasoning

to the brain connectome, with the intent to overcome its characterization

from the sole topological point of view, by integrating such a characteriza-

tion with the interplay between structure and function.

Here we provide a more comprehensive analysis for the comparison of

brain networks than standard techniques, as it accounts for the contribu-

tion of the whole network state encoded into a density matrix [88, 127], a

mathematical representation of the system which shares important physi-

cal and information-theoretic similarities with its counterpart widely used

in quantum statistical physics (more details in Sec.4.5).
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4.4 The Proposed Approach

In this chapter, we propose an information-theoretic approach for the anal-

ysis of synthetic and empirical brain networks with a two-fold aim. The

outcome of our procedure naturally accounts for the function of a system

in terms of the interplay between the underlying structure and a dynamical

process on the top of it, at different temporal scales, measured in bits of

information required to describe the connectome state. To this aim, we use

two distinct diffusive processes for exchanging information among units: i)

a classical random walk (CRW), where the walker has no global knowledge

of the connectome and performs decisions based only on local knowledge

of the connectivity, while keeping a uniform probability of choosing a con-

nection for jumping [208]; ii) a max-entropy random walk (MERW), where

the walker has global knowledge of the connectome and jumps through a

connection while keeping a uniform probability of choosing any trajectory

on the network [69]. Thanks to these distinct dynamics, we are able to

describe the network state from two distinct perspectives: one where only

local knowledge is used to explore the connectome (CRW) and one where

global knowledge is used instead (MERW).

On the one hand, we use our framework to compare a large set of real

connectomes from healthy subjects against a selected pool of network mod-

els, characterized by distinct structural features and increasing amount

of complexity. Specifically, we built 400 synthetic brain networks based

on four generative models, i.e the Erdős-Rényi model [106], the configu-

ration model [206], the stochastic block model [156] and the hyperbolic

model [215]. These generative models [57] allow for obtaining samples of

synthetic data (networks) while maintaining some specific features of em-

pirical connectome (see sec.4.5 for a more detailed illustration of the gener-

ative models considered for this work). On the other hand, we compare the
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function in healthy subjects against the one in patients at different stages

of dementia, namely mild cognitive impairment (MCI) and Alzheimer’s

disease (AD) from a network information theory perspective.

Here we use spectral entropy, based in statistical physics and informa-

tion theory – field devoted to the study of transmission, processing, extrac-

tion, and utilization of information –, to investigate the structure of human

brain networks. In general, the spectral entropy captures the complexity of

a system in terms of the mixedness of information flow through the network.

Our method provides a comprehensive analysis for the comparison of brain

networks as it accounts for the contribution of the whole network state en-

coded into a density matrix [88, 127], a mathematical representation of the

system which shares important physical and information-theoretic similar-

ities with its counterpart widely used in quantum statistical physics. More-

over, it has been systematically shown that the spectral entropy framework

performs better than the traditional methods, previously introduced to in-

vestigate information dynamics within complex structures, in characteriz-

ing the global aspects of complex networks [268].

We find that simple models, like the Erdős-Rényi and configuration

models, have smaller spectral entropy at the mesoscale, where mid- or

long-range communications between the nodes are considered, and, con-

sequently, require a significantly smaller amount of bits (up to 1.5 bits)

for their description than empirical human brains from healthy individu-

als. Conversely, degree-corrected stochastic block models and hyperbolic

models (see Methods), accounting for the inferred modular structure of the

connectome and its latent hyperbolic geometry, respectively, provide sim-

ilar descriptions of the network state, with differences smaller than 1 bit.

It is worth remarking that the geometry-driven model exhibits higher in-

formation entropy for increasing temporal scale – i.e. moving from the

mesoscale to the macroscale– denoting a larger persistence of informa-
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tion flow – i.e., entropy tends to decay slower with Markov time – in this

type of networks, at variance with stochastic block models and empirical

connectomes. Results are compatible when the two types of dynamics,

CRW and MERW, are considered. In general, p-values from statistical

tests indicate the mesoscale as the suitable scale to highlight differences

(and similarities) between empirical data and synthetic models. Moreover,

we find out that, considering the MERW dynamics, the stochastic block

model can significantly reproduce the empirical brain across all scales.

When applied to connectomes obtained from healthy and unhealthy sub-

jects, we identify significant differences between healthy individuals and

the ones affected by Alzheimer’s disease at the microscale (adjusted p-

value smaller than 0.1%; maximum posterior probability smaller than 1%)

and at the mesoscale (adjusted p-value smaller than 1%; maximum pos-

terior probability smaller than 10%), in the case of CRW. The results are

confirmed, at one order of magnitude larger, for MERW and only at the

microscale. Remarkably, our approach is able to capture this difference de-

spite the topologies of the two groups exhibit a certain amount of similarity

with respect to more traditional network indicators.

In the final section (4.7), we describe the interpretation of our results

from a neuroscience perspective, highlighting that our approach is well

suited to capture the multiscale nature of neural dynamics that is embed-

ded in the hierarchical modular organization of brain structure. Further-

more, our method allows to identify precisely the scale at which abnormal-

ities can alter information flows when studying brain network in patients

with AD disease.
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4.5 Materials and Methods

4.5.1 Data

In this work we rely on two structural connectivity data sets. For structural

connectivity is intended the topological interconnection of brain regions

as identified through diffusion tensor imaging (DTI) techniques and sum-

marized in adjacency matrices according to some specific indicator (e.g.,

fractional anisotropy). The two data sets are:

1. A structural connectivity data set provided by the Nathan S. Kline

Institute - Rockland Sample (NKI-RS), consisting of 196 healthy sub-

jects [3];

2. A structural connectivity data set of 71 subjects from [181], among

which 22 with Alzeimer’s disease, 23 affected by mild cognitive im-

pairment and 26 healthy controls.

The first data set [209] consists of resting-state structural data, that

represent physical structure of brain networks, of 196 healthy subjects at

rest without any mental or physical disorder. The sample is made up of

114 males and 82 females and the age range is rather large: the youngest

person is 4 and the eldest is 85. By looking at the age variable distribution,

the first quartile is equal to 20, and the third quartile is equal to 47; for

this reason, the sample can be considered representative of age variability.

The NKI-RS has been designed as a community-ascertained sample and

the representativeness is maximized according to demographic character-

istics of the United States. Brain structural networks are mapped with

DTI (Diffusion Tensor Imaging) measures (137-direction, 2 mm isotropic),

provided by the Center for Magnetic Resonance Research at the Univer-

sity of Minnesota for the Human Connectomes Project. All data were
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publicly shared through the Collaborative Informatics and Neuroimaging

Suite (COINS) developed by the Mind Research Network.

The second data set consists of structural networks reconstructed from

DTI data. In particular, to reconstruct the networks, Lin et al. applied

a streamline-based fiber tracking algorithm on voxelwise diffusion tensors

with these set parameters: random whole-brain seeding, 200,000 recon-

structed streamlines, anisotropy threshold of 0.15, angular threshold of

45°, and streamline length between 30 and 300 mm (for more details about

this data set please refer to [181]). Here, the nodes of the brain networks

corresponds to the 90 cerebral regions from the automatic anatomical label-

ing (AAL) template [282], while the edges are quantified by computing the

fractional anisotropy (FA) along the interconnected streamlines between

two different AAL regions. According to Lin et al. [181], measurements

obtained from tract-specific metrics (e.g., fractional anisotropy and diffu-

sivity) reveal to be more sensitive and interpretable than those obtained

from metrics based on streamline count. These findings motivate our choice

to rely on data obtained from fractional anisotropy tract-specific metric for

building the empirical brain networks.

Fractional Anisotropy is the degree of anisotropy in a diffusion process

and is bounded between 0 and 1, where 0 means that diffusion is isotropic

and 1 that diffusion occurs along one axis. To establish the presence of

links in a binary way, and to avoid, at the same time, using arbitrary

thresholds, the links of the networks used in this work are the result of

a sampling assuming that the probability of existence of each link is uni-

formly distributed. Specifically, we defined the link between i and j in

the FA data set as wij and, interpreting wij as a probability, we extract a

random number r from a uniform distribution U(0, 1) and we assign the

binary link according to the Heaviside Θ as aij = Θ(wij − r). In other

words, when the value of FA is greater then the corresponding random
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value the link exists, otherwise it is discarded. In this case, the sampling is

well suited given the FA values bounded between 0 and 1 and can be safely

interpreted as the probability of a link to exist. In fact, since FA values

measure the degree of anisotropy of diffusion occurring on a given tract

and being such values bounded between 0 and 1 – where 0 means isotropic

diffusion and 1 anisotropic diffusion – they can be safely interpreted as

the probability to have a structural connection among brain regions. The

choice of avoiding to adopt a specific threshold is motivated by recent stud-

ies showing that, in the case of probabilistic or correlation networks, it is

desirable to account for the intrinsic uncertainty in the existence of each

link [232].

4.5.2 Generative Models

Generative models are statistical processes allowing one to obtain a sample

of synthetic data. The synthetic networks obtained through such processes

can share some properties with the observed data and this procedure is

guaranteed by the use of parameters that are usually obtained by fitting

the observed data. In this study, we consider four different types of gen-

erative models: for each type, we fit the underlying parameters of each

model for each empirical connectome separately, and generate 100 inde-

pendent realizations, to obtain an ensemble of synthetic networks for each

connectome. Therefore, we have a total of 400 synthetic networks for each

empirical network.

The Erdős-Rényi model (ERM) generates random graphs with the same

number of vertices and the same number of edges of the real network.

These topological features are preserved each time the model is produced,

whereas the network structure randomly changes.

The configuration model (CM) reproduces the degree distribution of the

real network, preserving the degree of the nodes while avoiding multiple
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edges, in the literature, this model is also known as degree-preserving ran-

dom rewiring model [191]. Parameters used to fit this data-driven model

are as many as the number of nodes N , and each represents the corre-

sponding node degree ki (i = 1, 2, ..., N). From each node, ki stubs (edge

halves) start and, by changing the connectivity pattern, link to different

nodes, obtaining a network with no topological correlations which preserve

the observed connectivity.

The stochastic block model (SBM) allows one to define an ensemble of

random models which reproduce the mesoscale organization present in the

real network. A block consists of a group of nodes which have a higher like-

lihood of being connected among them than making external connections

with nodes from other groups. Here, we use graph-tool [222], an efficient

Python module for statistical analysis of graphs and network manipulation,

to fit the degree-corrected SBM.

The hyperbolic model (HM) is based on two important parameters,

the popularity and the similarity [215], whose trade-off is responsible for

the network structure: the two parameters are physically formalized and

geometrically interpreted, and their product is optimized in order to ob-

tain connections in the network. To fit this model, we use the Mercator

method [120], which maps real complex networks into a hyperbolic geo-

metric space, which is able to provide a more accurate interpretation of

the connectome structure than Euclidean geometry. We use Mercator [1]

to generate this class of synthetic networks [13].

4.5.3 Random walks on connectomes

Information flow in complex networks, such as human connectomes, has

been modeled by diffusive processes like random walks [193]. As Markovian

processes, different types of random walks are defined in terms of transition

matrices encoding the probability of jumps from nodes to neighbors. In

107



4. Persistence of information flow: a multiscale characterization of the human brain

this work, we use two important types, including the classical random walk

(CRW) [208] and maximal entropy random walk (MERW) [69].

For both types of dynamics, the Laplacian matrix is defined by L =

I−T, where T is the transition matrix governing random walk dynamics

and I is the identity matrix. Let us assume that the i–th components of the

vector p(τ) indicates the probability to find the random walker in node i at

time τ . The evolution of the probability vector is governed by the master

equation

p(τ + 1) = p(τ)T. (4.1)

In the continuous-time approximation, Eq. 4.1 reduces to :

∂p(τ)

∂τ
+ p(τ)L = 0, (4.2)

with solution given by p(τ) = p(0)e−τL.

In a classical random walk on a binary network, the transition matrix

is defined as T
(CRW )
ij = Aij/ki, where ki is the degree of i-th node and A is

the adjacency matrix. In MERW the transition matrix is defined in terms

of the largest eigenvector of the adjacency matrix. Assume the eigenvalues

of the adjacency matrix are ordered as aℓ, ℓ = 1, 2, ...N , where aN has the

maximum value, and their corresponding eigenvectors are given by q(ℓ).

The transition matrix, in this case, is given by T
(MERW )
ij =

Aij

aN

q
(N)
j

q
(N)
i

. One

of the interesting features of MERW is that the probability of a transition

from one node to another within τ steps of time is independent of the

intermediate transitions and all trajectories from i-th to j-th node with

the length of τ are equiprobable.

The Laplacian matrix for CRW is L(CRW ) = I−T(CRW ), while for MERV

it is defined by L(MERV ) = I−T(MERV ). Therefore, each dynamical process

can be obtained from Eq. 4.2 by choosing the relevant Laplacian matrix.
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4.5.4 Statistical physics of information dynamics

Characterizing the flow of information between nodes in a complex network

is challenging, requiring a deep understanding of the network topology,

relevant dynamical processes and the interplay between them. Recently, a

statistical field theory has been introduced to describe the information flow

between the components of complex systems in terms of the dynamics of a

field on top of the network, moving among nodes. In this framework, for a

network denoted as G, the dynamical process governing the flow can be de-

scribed in terms of a general differential equation which, after linearization,

reduces to a Schrodinger-like equation with a quasi-Hamiltonian Ĥ(G) and

the propagator e−τĤ(G) which determines the flow trajectories at time τ .

Furthermore, the propagator can be eigen-decomposed to obtain an en-

semble of operators acting like information streams, directing the flow of

the field from unit to unit [127]. The topological factors, the type of the

quasi-Hamiltonian and τ affect the size of the streams and consequently,

each stream can be active or non-active (i.e., having negligible size) under

a specific system configuration.

To study the macroscopic properties of these microscopic interactions

between the nodes, it has been shown that a superposition of the in-

formation streams, weighted by their activation probabilities, provides a

Gibbsian-like density matrix describing the state of the system:

ρ̂τ(G) =
e−τĤ(G)

Zτ(G)
, (4.3)

where Zτ(G) = Tr[e−τĤ(G)] plays the role of the partition function and

is related to the transport properties of the network [126]. Using the above

density matrix, one can quantify the mixed-ness of the information streams

in terms of the von Neumann entropy as

Sτ(G) = −Tr[ρ̂τ(G) log2 ρ̂τ(G)], (4.4)
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which is also a measure of diversity of the flow dynamics. The maximum

value for the von Neumann entropy of the system is log2N corresponding

to the state where all information streams are active with the same size

and to capture the dynamics, one needs to consider all the streams. At

large temporal scales τ , the entropy of a connected network is expected

to decay, as the distribution of the field becomes less dependent on the

initial conditions. Interestingly, it has been shown that the von Neumann

entropy can be used to measure the functional diversity of nodes as senders

of information [127]. In fact, in a system where the overlap between the

flow distribution originated from different nodes is high, we get lower values

for the entropy.

It is worth noting that if the dynamical process is continuous diffu-

sion governed by the combinatorial Laplacian, the von Neumann entropy

obtained from the above statistical field theory is equal to the spectral en-

tropy [88], introduced to analyse complex networks from an information-

theoretic perspective.

Here, we consider random walk dynamics as a proxy for information

transport in human connectomes. Therefore, the quasi-Hamiltonian equals

L(CRW ) for classical random walk and L(MERW ) for maximal entropy ran-

dom walk.

4.5.5 Information-theoretic analysis of human brain networks

Before discussing our results, it is important to introduce a few basic con-

cepts that will be used in the following. Let us frame our problem in terms

of a communication process, where one encodes the description of a com-

plex network to transmit it through some noiseless communication channel

to a receiver, who has to decode the corresponding information, in bits, in

order to reconstruct the original network. Since the channel is assumed to

be noiseless, it has maximum information capacity (amount of information
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allowed to pass through a communication channel in a given time period),

i.e., the mutual information between the sent and received information is

maximum. Note that the communication we are referring to should not

be confused with signalling or communication among distinct areas of the

brain.

One way to quantify the average number of bits required to describe

a network state G is to build the corresponding density matrix ρ̂τ(G)

and calculate the spectral entropy Sτ(G), mathematically equivalent to

the von Neumann entropy of an entangled quantum system [88]. Here,

the parameter τ indicates the Markov time of the dynamical process used

to propagate information among nodes: the idea is that an ensemble of

signals, whose dynamics is governed by a propagator, is sent from each

node to the others for a time τ and contributes to collect information

about the underlying topology, therefore reducing uncertainty about the

structure. In fact, at time τ = 0, no signal propagates and, consequently,

the entropy is maximum because no information at all is available about

network structure. Recently, it has been shown [127] that the density

matrix describes the trajectories of information flow through the network

and the entropy provides a measure of diversity of information dynamics

in the system (see Fig. 4.1 for an illustration).

Interestingly, one can show that a network’s topological complexity, like

the presence of modularity or hierarchy, can boost the diversity of informa-

tion dynamics within the system and the functional diversity of nodes as

senders of information [127]—i.e., the modularity separates the groups of

nodes from each other and the hierarchy differentiates between the groups,

both making asymmetries between the nodes as senders and receivers of

information and diversifying the trajectories of information flow within the

system. Here, we go beyond the analysis of synthetic networks and inves-

tigate real connectomes, in comparison to null and generative models. To
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Figure 4.1: Illustrating network information entropy in the case of a human con-

nectome. A) A schematic view of the human connectome as a fully connected network with 6

nodes. Information dynamics within the connectome is regulated by an ensemble of information

streams, mathematically shown as σ̂(ℓ), ℓ = 1, 2, ...6. The way each stream contributes to the flow

of information is represented as a diagram, where blue and red arrows, respectively, represent

positive and negative fluxes and the size of each node represents the amount of field trapped on

top of the node. B) Snapshots of possible functional diversity in a schematic connectome at two

different Markov time (i.e. τ = 1 above and τ = 2 below). From left to right spectral entropy

increases as the overlap of information flows decreases. Colored nodes encode the sources of

information, shaded areas encode the flows of information, colored arrows the directions of such

flows.
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avoid confusion, it is worth remarking that the entropy is a macroscopic

descriptor of the system as a whole, i.e., it does not quantify pairwise

information transfer between nodes.

Another desirable feature of this framework is that one can vary τ to

characterize the network state at different scales, from microscopic (τ ∼ 1)

to mesoscopic (τ ∼
√
N) and macroscopic (τ ∼ N) one. Note that the

scales we are referring to are topological, but the tunable parameter used

to span from the microscopic to the macroscopic one is of temporal nature,

since it is the time required by a dynamical process defined on the top

of the network, such as a random walk, to propagate information. More

specifically, we use the temporal evolution of a statistical field to explore the

topological scales of the connectome, a procedure successfully adopted for

the analysis of other complex systems, from the human proteome [125], to

the human microbiome [88] and to social and transportation systems [127].

For instance, a network of size N with no connectivity at all would have

an entropy equal to log2N bits, the maximum attainable value, whereas

a fully connected network (i.e., a clique), would have the lowest possible

entropy, tending to 0 bits in the limit of large τ .

We consider two distinct dynamical processes, namely a classical ran-

dom walk (CRW) and a maximal entropy random walk (MERW), and use

the variation of spectral entropy with Markov time τ to characterize syn-

thetic and empirical human brain networks across multiple scales. The

persistence of information flow is characterized by the decay of the spec-

tral entropy: the slower the decay, the more persistent the flow through

the network.

4.5.6 Maximum posterior probability

To quantify the statistical significance of the differences (or similarities)

within the connectomes coming from two distinct groups (e.g., empirical
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data vs. model, control vs. disease, etc.) considered for this work, we per-

formed pairwise t-tests, adequately corrected for multiple test comparison.

In particular, we tested two distinct null hypotheses (H0): i) the generative

models reproduce the real data (data set 1); ii) the spectral entropies in

healthy and non-healthy brains are equal (data set 2). Since we are per-

forming multiple tests, i.e. we tested real data against the four generative

models and the healthy controls against different stages of dementia, we

adjusted the resulting p-values by means of the Bonferroni-Holm method.

All pairwise t-tests are performed by considering a 95% confidence interval.

To avoid confusion in the interpretation of the p-values, here we use

a Bayesian approach for p-value calibration proposed by Sellke et al. in

2001 [246], so that p-values can be interpreted from both a frequentist and

a Bayesian perspective. Specifically, we compute the Bayes factor as:

B(p) = −ep log(p) (4.5)

for p < 1/e, which corresponds to the lower bound on the odds provided

by the data for H0 and H1, the latter being the alternative hypothesis. If

we consider the frequentist error probability of rejecting H0 when it is true

(type I error), the calibration is given by

α(p) =
(
1 + B−1(p)

)−1
(4.6)

where, in this case, p is the adjusted p-value. Therefore, we have two pos-

sible interpretation for the outcome of this calibration. From a frequentist

perspective, it precisely coincides with the error probability of rejecting a

true null hypothesis. From a Bayesian perspective, it is the (maximum)

posterior probability of H0 provided that the Bayes factor corresponds to

the one expressed in Eq. 4.5 and assuming that H0 and H1 have equal prior

probabilities of 1/2. The results of t-test thus can be either interpreted as

the probability of rejecting the null hypothesis when it is true and as the
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probability of the null hypothesis itself. In other words, lower recalibrated

p-values are indicative of lower accordance between the samples that we are

testing – lower maximum posterior probability –, while higher recalibrated

p-values can be interpreted as higher probability of accordance between

the samples under consideration.

4.6 Experimental results

4.6.1 Probing synthetic models of the human brain

Our first analysis concerns with quantifying the differences between empir-

ical connectomes from healthy subjects, as measured from 196 individuals

within the Nathan S. Kline Institute - Rockland Sample, and synthetic

networks obtained from a pool of generative models.

Persistence of information flow is used to this aim: we calculate the

average spectral entropy ⟨Sτ(Gdata)⟩ over the whole set of subjects, as well

as the average spectral entropy ⟨Sτ(Gmodel)⟩ over the ensemble of different

independent realizations of a generative model, for each generative model

separately, and for the two distinct dynamical processes separately. Results

are shown in Fig. 4.2. Specifically, results shown in Fig. 4.2 have been

generated by considering a sample of 196 subjects. For each subject we

generate 100 different realizations of each generative model, resulting in

19600 samples which are later used to estimate each synthetic curve shown

in the figure.

As expected, when considering the values of spectral entropy varying

with Markov time, τ , the generative models exhibit distinct behavior across

scales, and their ordering with respect to the value of entropy allows one

rank them from the simplest to the most complex one. In fact, as it can be

seen in a) and c) of Fig. 4.2 the Erdös-Rényi model (ERM) and the config-

uration model (CM) require a smaller amount of bits for their description
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Figure 4.2: Persistence of information flow in human brain and generative models.

In a) and c) we report the average value of spectral entropy varying the Markov time, τ , for the

real data (blue line) and for all the considered generative models (encoded with colored lines),

i.e. Erdös-Rényi model (ERM), configuration model (CM), hyperbolic model (HM) and the

stochastic block model (SBM), obtained from the classic random walk (CRW) and the maximal

entropy random walk (MERW) dynamics, respectively. In b) and d) we report the ratio between

the average value of spectral entropy – varying the Markov time – of each generative model and

the value of spectral entropy of real data, by considering the classic random walk (CRW) and

the maximal entropy random walk (MERW) dynamics, respectively. All the curves have been

generated considering networks of 188 nodes and each synthetic curve results from a sample of

19600 realizations of the network. For all the plots, the x axis is expressed in logarithmic scale.

Shaded areas in b) and d) represent the error as one standard deviation.

than empirical connectomes, followed by the more complex stochastic block

model (SBM) and finally by the hyperbolic model (HM), for both CRW and

MERW dynamics. Interestingly, the spectral entropy of the empirical brain
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lies between these last two more complex generative models, providing an

indication of its possible mixed nature, interpolating between the modular

feature encoded by SBM and the latent geometry encoded by HM. This

result is robust across the two type of considered dynamics – CRW and

MERW. It is worth noticing that differences between the spectral entropy of

the connectomes and their synthetic counterpart obtained from generative

models are visible while spanning from the micro to meso-scale (τ ≈
√
N)

and that these differences are amplified at the mesoscale (
√
N ≤ τ ≤ N),

where N is the number of nodes of each network and is equal to 188 (thus,

microscale <
√

188,
√

188 ≤ mesoscale < 188 and macroscale ≥ 188).

The fact that spectral entropy values remain higher for increasing Markov

time denotes a larger persistence of information flow, i.e., a slower entropy

decay, as in the case of the hyperbolic model. To further appreciate the dif-

ferences between the entropy of synthetic and empirical networks we com-

pute the entropic ratio rτ(Gmodel, Gdata|RW) = ⟨Sτ(Gmodel)⟩/⟨Sτ(Gdata)⟩
for each value of τ , generative model and random walk (RW) process (see

panels b) and d) of Fig. 4.2).

In this case, differences are visible at the mesoscale and are amplified

at the macroscale (τ > N). CRW dynamics shows an important difference

between the empirical brain and the hyperbolic model, highlighted by a

high entropic ratio. This difference also appears when considering MERW

dynamics which, in addition, reveals the deviation of the SBM from the

empirical brain at the macroscale, highlighted by a high entropic ratio.

Leveraging on the multi-resolution nature of our information-theoretic

approach, we tested if there are significant differences between the empir-

ical connectomes and their pool of generative models, by considering the

values of spectral entropy at (and across) different scales defined by τ . Re-

sults of t-tests between spectral entropy values coming from real data and

synthetic models are provided in terms of adjusted p-values and maximum
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posterior probability, and are reported in Fig. 4.3. At the microscale, all

Figure 4.3: Identifying significant differences between human brain networks and

generative models. In a) and c) we display the adjusted p-value resulting from the t-test

between real data and all the considered generative models (encoded with colored lines), i.e.

Erdös-Rényi model (ERM), configuration model (CM), hyperbolic model (HM) and the stochas-

tic block model (SBM), by considering the classic random walk (CRW) and the maximal entropy

random walk (MERW) dynamics, respectively. In b) and d) we display the values of maximum

posterior probability recalibrated from the adjusted p-values. All plots are expressed in log-log

scale. Shaded areas represent in the order the micro, meso and macro-scale coincident with
√
N

(from micro to meso) and N from meso to macro-scale, with N = 188. It is to be noticed that

there is an overlap between the ERM and the CM.

generative models are significantly different from the human brain networks

they attempt to reproduce when considering the CRW dynamics, except

for a few values of spectral entropy in HM and SBM. Instead, MERW
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dynamics shows significant similarity between real data and the stochas-

tic block model not only at the microscale but also across the mesoscale

and macroscale. For τ ≥ 30, above the mesoscale the synthetic networks,

except for the ones generated by HM, are significantly similar to the empir-

ical ones, when considering CRW. In the case of HM, the similarity is well

established in the macroscale. In the case of MERW dynamics, the simi-

larity with HM emerges slightly before the transition from the mesoscale

to the macroscale, and across the macroscale. To further strengthen our

results, we report, as well, the values of maximum posterior probability,

obtained by recalibrating the p-values adjusted, in b) and d) of Fig. 4.3.

Under some specific assumptions, this corresponds to the error probability

in rejecting the null hypothesis H0 – the generative models reproduce the

real data –, from a Bayesian perspective.

To sum up, the mesoscale seems to be the suitable scale for distinguish-

ing the differences (and the similarities) between the empirical brain and

its possible generative models, since at the microscale the real data are sig-

nificantly different from all the synthetic models, while at the macroscale

there are not significant differences between data and models. Curiously,

when considering the MERW dynamics, the empirical brain can resemble

a stochastic block model across all scales, thus supporting the broad appli-

cation of community detection algorithms and stressing their importance

for the analysis and the understanding of the human brain.

4.6.2 Information capacity at different stages of dementia

Here, we wonder if we can use the same framework to identify differ-

ences between healthy subjects and patients at different stages of dementia,

namely mild cognitive impairment (MCI) and Alzheimer’s disease (AD).

For details about the data set used for this analysis, we refer to Materials

and Methods.
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To spatially characterize different diffusion processes (i.e CRW and

MERW) on top of the network in healthy brain (H) and at different stages

of dementia (MCI and AD), we provide brain maps encoding the steady

state of the two considered dynamics, corresponding to the leading eigen-

vector of the transition matrix defining the process (see Fig.4.4).

Figure 4.4: Brain maps of the steady state distribution for the CRW and MERW

dynamics in healthy brain (H) and at different stages of dementia (MCI and AD).

In a) we report the steady state for the CRW dynamics, while in b) the steady state for the

MERW dynamics. The size of the node encodes the value of the steady-state corresponding to

the leading eigenvector of the process.

Using the same approach as before, we show the results in Fig4.5. At

the turn of micro and mesoscale, when considering CRW dynamics, the

values of spectral entropy in the connectome of Alzheimer’s disease pa-

120



4.7.Concluding Remarks

tients show some differences from both healthy subjects and MCI patients.

Intriguingly, the connectomes of AD patients exhibit a (slightly) higher

spectral entropy than the ones of healthy and MCI subjects, denoting a

larger persistence of information flow. As in the previous case, to further

highlight differences between healthy and different stages of dementia we

compute the ratio between the corresponding values of spectral entropy

(see plots b and d of Fig.4.5). Differences between AD patients and the

other two considered groups of subjects (healthy and MCI) are visible at

the mesoscale and are amplified at the macroscale, while no differences

appear between MCI and healthy. These results are in agreement for the

two dynamics, CRW and MERW. Also in this case, we tested the signifi-

cance of the differences between the spectral entropy of the two stages of

dementia and healthy controls by means of t-tests, results are displayed in

Fig.4.6. According to the p-values adjusted obtained when considering the

CRW dynamics (see plot a of Fig.4.6), the spectral entropy in AD patients

is significantly different from the one of healthy controls for most of the

Markov time values at the micro, meso and macroscale. For what concerns

the MERW dynamics (see plot c of Fig.4.6), the same is true only at the

microscale. Interestingly, the only significant differences between values of

spectral entropy in MCI and in healthy controls arises at the microscale

and only for the CRW dynamics. Finally, resulting values of maximum

posterior probability strengthen the results at the microscale for the AD

patients (probability of the error < 1%), when considering CRW dynamics.

4.7 Concluding Remarks

In this chapter, we presented a multiresolution analysis of the human brain

building on statistical physics and information theory of complex networks.
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Figure 4.5: Persistence of information flow in healthy brain (H) and different stages

of dementia (MCI and AD). In a) and c) we report the average value of spectral entropy

varying the Markov time, τ , for healthy subjects (H,light-blue line) and different stages of

dementia (MCI in teal and Alzheimer’s disease in red), by considering the classic random walk

(CRW) and the maximal entropy random walk (MERW) dynamics, respectively. The inset on

the top right represents a zoom on the region at τ = [8 − 20]. In b) and d) we report the

ratio between the average value of spectral entropy – varying the Markov time – of each stage

of dementia and the value of spectral entropy of healthy subjects, by considering the classic

random walk (CRW) and the maximal entropy random walk (MERW) dynamics, respectively.

For all the plots, the x axis is expressed in logarithmic scale. Shaded areas in b) and d) represent

the error as one standard deviation.

Patterns of distributed activity, or modes, of the brain are neural dy-

namics unfolding on anatomical connectivity structures [158]. Topological

structure of brain has been investigated using many functional and struc-
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Figure 4.6: Identifying significant differences between human brain networks in

health and disease. In a) and c) we display the adjusted p-value resulting from the t-test

between different stage of dementia (MCI in teal and Alzheimer’s disease in red) and healthy

subjects for each value of spectral entropy varying with Markov time, τ , by considering the

classic random walk (CRW) and the maximal entropy random walk (MERW) dynamics, respec-

tively. Horizontal lines mark the p-value adjusted at 0.05. In b) and d) we display the values

of maximum posterior probability recalibrated from the adjusted p-values. All the plots are

expressed in log-log scale. Shaded areas represent in the order the micro, meso and macro-scale

coincident with
√
N (from micro to meso) and N from meso to macro-scale, with N = 90.

tural neuroimaging datasets [67, 262, 116, 115] that have established that

brain regions have a modular functional organization and are also con-

nected in a way that permits the emergence of whole-brain processes like

attention, cognition and behavior. In other words, functionally distinct
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brain areas have a hierarchical organization that permits integration at

different topological scales [196, 35]. A typical example of a task that is

implemented at different scales is invariant visual object recognition, that

relies on a hierarchically organized set of visual cortical areas whose compe-

tition, biased by attention, is implemented locally but gradually increases

thanks to the hierarchical nature of the network [98, 99]. In this context,

to simultaneously capture the state of the network at different scales is

crucial to fully understand a neural process. In this chapter we focused on

resting state structural data but further works, investigating behavioral or

cognitive functional tasks, can benefit from our approach. In particular,

we could investigate how the functional role of brain regions changes in

resting state with respect to specific behavioral or cognitive tasks, or how

functional alterations are displayed at multiple brain scales in non-healthy

subjects.

We exploited the information flow among system units restricted by

the underlying connections to gain insights into the different functional

role of brain regions at multiple scales. Here we used classical and maxi-

mal entropy random walk processes to explore the topological scale of the

networks, but other types of dynamical processes (as synchronization pro-

cesses) on the top of the system may be considered in further works, since

the framework is very flexible. We first use our method to compare net-

work models that have been widely used in the literature to describe brain

organization and we found that at microscale, all the tested models are not

suitable to describe real data. We hypothesize that, although MRI resolu-

tion preclude analysis about functional specialization within the dendritic

tree or cortical macrocolumn [116] their layered structures could strongly

affects the results at low spatial scale. On the contrary, the mesoscale is

the most suitable resolution to compare network topologies. We found that

real connectomes have features of stochastic block model and hyperbolic
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model, where the former is representing the aforementioned brain mod-

ular organization of brain areas and the latter takes into account latent

geometry in the communication flows among them.

Several previous studies have explored the mechanisms that control com-

munication dynamics in brain networks [143, 25, 15]. Some models suggest

that neural units have a knowledge of the whole network topology and con-

vey information from a source to a predetermined target using (multiple)

shortest paths [24, 132]. Other models, instead, do not make assumptions

about global knowledge of network topology and propose that communi-

cation flows are ruled only by local knowledge of the distance between

cortical regions [244]. In our work we explore both frameworks using two

different diffusive processes to describe information flows among units: in

the classical random walk we assume that communication dynamics only

require local knowledge of the connectivity, whereas in the max-entropy

random walk process we hypothesize that the walker uses global knowl-

edge of the connectome to explore it. We found that the two approaches

are compatible and that spectral entropy values are similar when we con-

sider the two types of dynamics on top of stochastic block model and

hyperbolic model. Those results are in agreement with the aforementioned

study that shows how specific brain topological and geometrical properties

lead to comparable efficiency in network communication with or without

centralized knowledge.

Finally, our approach was used to investigated alterations in brain net-

work topology in patients with Alzheimer’s disease. Here we can avoid any

assumption regarding the network generative model that better describe

real data and we can focus on changes in information flows that character-

ize AD brain networks at different scales. Previous studies used standard

networks analysis indicators to report abnormalities in the connectivity

between different brain areas, and specifically found an increased connec-
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tivity at spatial scales lower than brain lobe and postulated a mechanism

of compensation associated with cognitive impairment [223, 300, 248, 233].

Our results are in agreement with the aforementioned studies, since they

show a significant increase in persistence of information flows at micro-

scopic scales in AD patients with respect healthy subjects. Furthermore,

by taking simultaneously into account the whole network state, they sug-

gest that compensation mechanisms may act at a smaller topological scale

than previously hypothesized.

We conclude by outlining some limitations of our approach. Statistical

physics of complex information dynamics has been shown to be a pow-

erful framework to attack a range of problems in the domain of complex

systems. Yet, it is worth mentioning that the computational cost for calcu-

lating the spectral entropy is still relatively high, being of the same order

of the complexity of an eigenvalue problem. Therefore, our method would

perform slower than more standard techniques in the case of very large net-

works, i.e. for sizes above 10,000 nodes: for smaller networks, the method

is fast enough. The robustness of our analysis should be assessed also

by analyzing other empirical data sets to further clarify how our entropy

measures can be affected by the definition of distinct brain areas and can

evolve when considering non-stationary (no resting state) brain activities.

Finally, although the results presented in this work are promising for the

investigation of dementia, the clinical usability of our approach requires

further investigation.

In the next chapter, we will integrate the brain structure and functions

with cognitive aspects, providing a new way of bridging between the human

brain and the mind.
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Chapter 5

A new framework towards the

bridging between the human brain

and the mind

In brief

In this chapter we propose a new framework to map the complex

interplay between brain structure, function, and cognitive aspects,

focusing on three different data sets in the MNI space. Nowadays,

many studies are dedicated to the brain structure-function relation-

ship, and its plausible mapping within the cerebral cortex. However,

a clear understanding on such a relationship is still eluding us, be-

cause of its complexity. Here, we offer an integrated approach that

capitalizes on neuroimaging, computational neuroscience and network

science, to provide a novel mapping not only of the brain structure-

function relationship but also of its cognitive counterpart, related to

semantic aspects. Our result is an important preliminary step towards

a better understanding of the human brain tradic nature. Notably,

our mapping opens the door to the development of new integrated

biomarkers for all diseases, such as AD, which strongly depends on

the interplay between brain structure, function and cognition.
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5.1 Introduction

There is evidence that damages to brain structure affect brain function

and, as a consequence, cognitive aspects [243, 82]. As there is evidence of

the other way around, i.e that brain structure might be affected by altered

cognition [80]. The incomplete knowledge about the complex interplay be-

tween structure, function and cognitive capacity within the human brain

has important clinical consequences, with obvious limitation to preven-

tion and treatment of neurodegenerative disease and psychiatric disorders.

Here, we offer a new way of mapping the triadic nature of the human brain,

including its network structure, functional responses and semantic areas

tiling cerebral cortex, the latter being specific areas of the human brain

that get activated when a given concept is expressed, heard or perceived.

This is possible thanks to an approach that integrates neuroimaging, com-

putational neuroscience and network science, i.e network neuroscience.

The results of this chapter represent a novel attempt to bridge between

brain and mind.

5.2 State of the Art

The human brain is structurally characterized by a heterogeneous pattern

of evolving connections, giving rise to functional properties and supporting

cognition. How matter operates within the human brain and how it relates

to functional properties is still an open question, as is the implication of

brain architecture and dynamics on cognitive aspects.

The brain, regarded as a complex system and thus modeled as a net-

work, is a wide and intricated ensemble of neuronal hubs, connected by

integrated, parallel and often even redundant axonal subcircuits [263]. The

network of entities and connections creating the human brain is called the

128



5.2.State of the Art

human “connectome” [263]. The connectome is the setting of neurolog-

ical functions. Such functions arise because of the multimodal interplay

of key functional epicentres with each other, regulated by modulator ar-

eas [239]. Though, non-trivial relations exist between brain structure and

functions. In this regards, a widely accepted idea is that the anatomy of

the human brain has an impact on the dymanic of neural network [38, 44]

although we cannot explain the observed functional connectivity by using

only the anatomical information [44]. In fact, while the structural brain

network represents the physical wiring of neural elements, to grasp brain

mechanisms governing its functions we have to understand how the neural

activity propagates, and how the information spreads, within the anatom-

ical structure [185]. Secondly, a further less trivial relation appears if, in

addiction to structure and function, we consider also the human cognition.

In this case, the hypotheses at our disposal are at the edge of philosophy,

physics and neuroscience. As discussed in the introduction of this thesis

(Chap.1), the mind is expected to be an emergent process of the human

brain, where cognition naturally emerges from interactions between brain

areas, in multiple temporal and spatial domains [43, 38, 194, 72].

Thanks to neuroimaging tools, combining physics principle and neu-

roscience knowledge, we can gain unprecedented insight on brain com-

ponents and on its inner functioning [185]. Brain activity mapping has

clearly shown that are precisely the interactions between “hundreds or

thousands of neurons” that give birth to mind’s functional states [12].

Commonly, structural and functional connectivity are reconstructed from

measurements of white matter (WM) tracts and regional brain activity, by

means of neuroimaging techniques, such as MRI or DTI records for the

brain structure and fMRI for functional connectivity [66, 168, 287]. On

the one hand, structural connectivity is represented by an adjacency ma-

trix obtained, for example, from DTI measurments of white matter tracts
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between selected brain regions, and providing a proxy for real neural con-

nections. On the other hand, functional connectivity is represented by sim-

ilarity matrices obtained from fMRI records, for instance, and correlation

measures or causal inference thereof, providing a proxy for real functional

connections.

Clinically, the outputs given by the Direct Electrical Stimulation (DES)

technique, adopted during resections of brain tumors for identifying and

maintaining the eloquent structures – i.e brain areas that are identifiable

with some neurologic function which, if injured, results in a neurologic

deficit – has highlighted the pivotal role of brain connectivity for the func-

tional processing [101, 239]. Using DES during intraoperative mapping of

eloquent regions spurs a unique opportunity to assess the functional role of

different brain pathways [101, 239]. This promising opportunity was seized

by Sarubbo et al. which, in a study conducted in 2015 [239] on more than

100 patients who underwent awake surgery, provided a functional sub-

cortical atlas of human white matter, summarizing the distribution of its

essential sensorimotor, language and visual functions [239] (more on this

atlas is reported below in Subsec.5.5.1). Specifically, they pointed out that

while being DTI a powerful tool to enhance our understanding of white

matter from an anatomical point of view, we were still lacking its func-

tional information [239]. By stressing the need to define the pivotal role

of WM in a more comprehensive way, Sarubbo et al. were able to provide

a functional subcortical [239] and cortical [241, 240] atlas of human white

matter, using DES.

A year after, in 2016, another important atlas was produced by Huth

et al, providing a mapping of the semantic system that tiles human cere-

bral cortex [162], further strengthening the relation between the human

brain and mind. In fact, this semantic atlas lists all brain areas that

are selective to some specific concepts. Specifically, an area is considered
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semantically selective if it activates when a given concept is expressed,

heard or perceived. The semantic atlas groups concepts for which an area

can be selective into 12 categories (tactile, visual, numeric, locational, ab-

stract, temporal, professional, violent, communal, mental, emotional and

social [162]). Each semantically selective area contains a combination of

such categories, based on its ‘sensitivity’ to each category. If, for exam-

ple, we heard the word ‘love’, selective areas for ‘emotional’ concepts will

activate.

Worldwide, a common goal of mapping the human brain interactions

is rising, motivating several brain initiatives (together with billion-dollar

investments) [185], from the Human Connectome Project [286] in USA to

the Blue Brain Project [190] in Europe, from the China Brain Project [224]

to the Japan’s Brain/ MINDS project [212].

5.3 The Problem

Nowadays, a complete knowledge on brain structure-function-mind rela-

tionship is still eluding us. As anticipated in the introduction of this thesis

(Chap.1), the lack of this knowledge generates second-order gaps for ex-

ample on the clinical side, where complex diseases such as AD, risk to be

identified too late, with obvious limitation and prevention thereof. In this

regard, the great challenge is to address the triadic nature of human brain,

“with major implications for personalized mental health treatments” [185].

In general, aging – and AD in particular – is characterized by modification

of brain morphology, in addition to a decline and impairment of cognitive

aspects [44]. In this case, as clearly explained in [44], biomarkers based

on both structural and functional (and cognitive, we claim) aspects would

provide more meaningful biomarkers of Alzheimer’s disease, with respect to

those only relying on anatomical features measured by neuroimaging [44].
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The first fundamental step to address this issue is to map crucial areas

of the human brain, where multiple functions and cognitive aspects are

manifest, bridging between brain and mind. This last chapter represents

precisely our effort to this aim, proposing a new framework that accounts

for structure, function and cognition. To this end, we have considered

structural brain networks, cortical plus subcortical functional response er-

rors and semantic areas tiling the human brain. Up an octave, this work

constitutes our contribution to enhance mapping of the human brain.

5.4 The Proposed Approach

Here we take a step further in mapping the human brain triadic nature, by

integrating three different data sets concerning the brain structure [3, 209],

the brain functions [239, 240, 241] and the semantic systems tiling the

human cerebral cortex [162]. As in chapter 2 where the exploration of

concepts during a semantic task was considered part of the mental process,

here the data set of semantic areas is intended as the “mental” layer of

the mapping. This is a reasonable choice since the semantic areas are

reconstructed from cerebral cortex sites which activate in the brains of

individuals while listening to hours of narrative stories [162] with a given

meaning. In other words, when a given concept or idea is expressed, heard

or perceived certain areas get activated more than others. Here, these more

active areas together constitute our “mental” layer.

Each data set is embedded into the MNI space. By considering the

uncertainty σ on functional measurements and on the semantic selectivity

of each area considered, we build three different “levels” of the brain map –

from the finest grained possible to a more coarse-grained map – using two

different type of assignment rules. In particular, a given functional and/or

semantically selective area pertains to a structural node if their distance

132



5.4.The Proposed Approach

is lower then a given threshold. How the threshold is defined depends

on the assignment rule, which can be either geometric or hybrid, merging

geometry and network information.

As the prime layer of the mapping, we took the structural connectivity

network of the brain by randomly selecting one network from the same

data set used in chapter 4 [209]. This data set consists of resting-state

structural data, that represents the physical structure of brain networks of

196 healthy subjects not affected by mental or physical disorders. Then,

we build upon this network, by enriching each node with functional and

mental features provided by the studies of Sarubbo et al. [239, 240, 241]

and Huth et al. [162], respectively. How? By considering the distance from

functional and semantic areas’ centroids to structural nodes and by setting

a tolerance based on the uncertainty of measurements σ. Specifically, the

way used to compute the distance defines the type of assignment rule.

In fact, the distance can be a geometric one (geometric assignment) or a

hybrid distance, merging geometry and network hops (hybrid assignment),

more on that will be explained in Sec.5.5). For sake of clarity, we have

reported a conceptual visualization of the assignment rules proposed for

the mapping, in Fig.5.1.

We have considered an uncertainty range that spans from 1 to 3 stan-

dard deviations (σ) for both the functional and the mental data set. Ac-

cording to the selected σ, the results is a more or less fine-grained brain

map, characterized by structural nodes having specific functional features

(from sensorimotor to language and visual functions) and specific semantic

selectivity. For semantic selectivity is meant the combination of semantic

clusters, or group of concepts, to which one area is selective [162]. Specifi-

cally, we refer to the 12 distinct categories identified by Huth et al., which

have been inspected and labelled by hand (i.e. tactile, visual, numeric,

locational, abstract, temporal, professional, violent, communal, mental,
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Figure 5.1: Illustrating brain

mapping of functional and/or se-

mantic features. Given the struc-

tural connectivity and the features

data set either functional or seman-

tic, the mapping is performed ac-

cording to an assignment rule. The

assignment can be either geometric

or hybrid. In the case of geomet-

ric assignment, the structural node

assumes the feature(s) of the closer

functional/semantic areas depend-

ing on a distance corresponding to

1σ up to 3σ, where σ is the un-

certainty of measurements. In the

case of hybrid assignment, besides

the distance between the structural

node and feature areas, also the

structural connectivity is consid-

ered. The structural node assumes

the feature(s) of the closer func-

tional/semantic areas depending i)

on their distance and ii) on the

features of the first nearest neigh-

bor(s).

emotional and social [162]).

The so obtained mapping provides the basis for getting new insights on

the brain-mind complex interplay. In fact, we can used it to measure the

features-enriched structural connectivity, but also to assess whether specific

concepts are potentially related to some brain functions, and more.
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5.5 Materials and Methods

5.5.1 Dataset

In this work, we rely on three main data sets, representing the structure,

the functions and the mental counterpart of the human brain. The three

data sets are:

1. A structural connectivity data set provided by the Nathan S.

Kline Institute - Rockland Sample (NKI-RS), consisting of 196 healthy

subjects at rest without any mental or physical disorder [3]; For struc-

tural connectivity is intended the topological interconnection of brain

regions as identified through diffusion tensor imaging (DTI) tech-

niques and summarized in adjacency matrices according to some spe-

cific indicator (e.g., fractional anisotropy). This data set consists of

resting-state structural data, representing physical structure of brain

networks.

2. A functional data set at the cortical and subcortical level, pro-

vided by the study of Sarubbo et al. [239, 240, 241]; the data set

provide the eloquent sites, intended as brain specific areas that are

identifiable with some neurologic function which, if injured, results in

a neurologic deficit. The eloquent sites are defined according to func-

tional response errors, i.e. alterations in functional response in some

specific sites, registered during intra-operative Direct Electrical Stim-

ulation (DES). The study has been conducted at the cortical surface

and subcortical white matter in more than 100 patients undergoing

awake brain surgery [239, 240, 241]. Specifically, 1820 cortical and

subcortical sites were registered in the MNI space, each one being

eloquent for specific functions. The functions, reported in the data

set are: Phonologic, Semantic, Anomia, Speech arrest, Language and
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motor perseverations, Verbal apraxia, Motor, Movement arrest, Men-

talizing, Eyes apraxia, Spatial perception, Sensorial, Visual, Alexia,

Acustic and Asemantism.

3. A semantic selectivity data set of cerebral cortex provided by

the study of Huth et al. [162]; For semantic selective area is intended

an area which activates when a given concepts is heard, expressed

or perceived. Concepts have been categorized in 12 semantic groups

by Huth et al., the 12 categories are: tactile, visual, numeric, loca-

tional, abstract, temporal, professional, violent, communal, mental,

emotional and social [162]. The data set consists of 140 semantic se-

lective areas characterized by 20 meaningful words of that area and a

measure of selectivity for each of the 12 semantic clusters.

Each data set is mapped into the Montreal Neurologic Institute (MNI)

space.

5.5.2 Brain mapping

In previous sections, we have already anticipated what we meant by as-

signment rules and we provided a graphical representation of it in Fig.5.1.

In the following, we better explain the mapping procedure for both the

functional and the mental data set.

For what concerns the mapping of human brain triadic nature, we have

considered two type of assignment rules: the geometric assignment and

the hybrid assignment. However, results provided in the next section are

mainly obtained via the geometric assignment. The geometric assignment

considers the geometric distance, in the MNI space, between each struc-

tural node and each centroid of the features sites (weather functional or

semantic). If such a distance is lower then a given tolerance, then the fea-

tures site pertains to the structural node. The tolerance is equal to one
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(up to three) standard deviation σ of the measurements, known a priori.

In other words, a structural node is featured by the functional and/or se-

mantic properties of a given site if it falls within one, two or three standard

deviations from such site (see Fig.5.1). The standard deviation σ is defined

a priori by the sensitivity of the measuring instrument (5mm) in the case

of functional data set, or provided by the authors in the case of semantic

atlas. The geometric assignment can be formalized as follow. Let us de-

fine the structural connectivity of the brain network as a finite connected

graph of nodes i = 1, ..., N whose connectivity is defined by the adjacency

matrix A. The element ai,j of A is equal to 1 if a link exists between node

i and node j and 0 otherwise. Now let us arbitrarily choose a structural

node i, and a functional (or semantic) site f , the node i is featured by the

properties of f if:

dist(i, Cf) ≤ b ∗ σ (5.1)

where dist is the geometric distance, Cf is the centroid of the site f and b is

a constant that can be equal to 1, 2, or 3. According to the value of b, the

mapping is more or less coarse grained, since the higher the value of b, the

wider the areas accounted for and the less specific the assignment. Finally,

let us define the set of featured nodes F geom, according to a geometric

assignment rule:

F geom = {i | dist(i, Cf) ≤ b ∗ σ} (5.2)

The hybrid assignment merges the geometric distance, of the previous

case, and the network distance (see Fig.5.1). Specifically, the structural

nodes can be featured ii) by the functional and/or semantic properties of

nearby areas according to a tolerance (geometric assignment) and ii) by

the features of the nearest neighbor(s) in the structural network, i.e the

137



5. A new framework towards the bridging between the human brain and the mind

nodes within one hop (or more, according to the order of nearest neighbor

we want to account for, here we have considered just one hop). The hybrid

assignment can be formalized as follow. Let us define the set of nearest

neighbors of node i, Ki as:

Ki = {j | ai,j = 1, i ̸= j} (5.3)

We can now define the set of featured nodes in the case of hybrid as-

signment, F hyb:

F hyb = {i ∈ F geom ∪ j ∈ Ki, j /∈ F geom} (5.4)

It must be noticed that while the values of σ are constant for each site

and within the three dimensions for the functional data set, the same is

not true for the semantic atlas. In fact, in the semantic atlas the standard

deviation is different for each semantic tile and it also changes in the three

dimension x, y, z. However, for each tile of the semantic atlas, the values

of σ are positively correlated within the three dimensions (all p-values of

Pearson’s correlation lower than 0.0007). For this reason, we aggregated

the standard deviations of each semantic tile on the three dimensions as

follow:

σ =

√
σ2
x + σ2

y + σ2
z

3
(5.5)

5.6 Experimental results

Since we provide a new framework to map the brain-mind relation, the

main result of our work is precisely the mapping of the human brain, which

integrates the structural, the functional and the mental counterparts. We

proposed two different assignments rules – geometric and hybrid – to obtain

the brain mapping. In Fig.5.2 we show a representative result of our work,
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i.e. the brain mapping obtained using the geometric assignment rule. A

similar result can be provided using the hybrid approach as well.

In Fig.5.2 we offer different perspectives of the brain mapping, high-

lighting the salient layouts that can be obtained with our approach. Let

us explore them in details in the following.

Firstly, we show a general brain map in Fig.5.2 a), reporting the struc-

tural connectivity network (grey nodes) enriched by i) the presence or not

of semantic selectivity (nodes with green halo are semantically selective)

and ii) the total amount of functional features expressed by each node

(color ramp from grey to blue), varying σ. It is to be noticed that for what

concerns the semantic selectivity, here we have only indicated whether or

not a node is semantically selective, and not to what extent each of the

12 semantic categories is expressed by the node (this information will be

shown later in Fig.5.2 c)). For functional features, we have indicated the

total amount of features expressed by the nodes. To give an example, a

node can be eloquent for movement arrest, semantic, anomia and verbal

apraxia functions, concomitantly. To avoid possible misunderstanding, we

would like to stress the fact that the function ‘semantic’ and the semantic

selectivity are two distinct things. In fact, the function ’semantic’ comes

from the functional data set and indicates our ability to call something with

its proper name (e.g. when we see a horse, we are able to call it ‘horse’ and

not ‘cow’ [240]). The semantic selectivity, instead, comes from the mental

data set, and defines the category of concepts to which an area of the brain

is selective for (e.g. if you are a professional horse rider and you hear the

word ‘horse’ then the brain regions selective for those concepts evoked by

the word ‘horse’ will get activated, e.g. brain areas selective for emotional,

professional or even social concepts). Not surprisingly, the higher the value

of σ the higher the number of nodes featured by both semantic and func-

tional properties. These maps are useful to grasp a general overview of the
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Figure 5.2: Brain mapping via geometric assignment. a) Brain mapping of structural

connectivity network (grey nodes) enriched by semantic selectivity (nodes with green halo) and

the total amount of functional features (color ramp) expressed by that node, varying σ. b)

Example of mapping of eloquent sites for anomia and motor functions (orange nodes) together

with semantic selective nodes, varying σ. c) as b) but considering the eloquent sites for semantic

functions (orange nodes), and the semantic selectivity of three nodes expressed according to the

12 categories provided by Huth et al. (color ramp) [162].
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fraction of nodes featured increasing σ. Moreover, with these maps we can

gain information about the correlation between the number of functional

features expressed by the node and the presence of a semantic (mental)

selectivity. Also, we can assess the correlation between the node centrality

in the structural network and the number of functions expressed by such

a node.

Secondly, in Fig.5.2 b) we report examples of specific eloquent sites

mapped for anomia and motor functions (orange nodes), together with se-

mantic selective nodes (nodes with green halo), varying σ. Also in this case,

the higher the value of σ the higher the number of nodes featured by both

semantic and functional properties. These maps are useful to understand

which network nodes express some specific functional features, and weather

these nodes match with the ones featured by mental characteristics. It is to

be noticed that here we just reported plots for anomia and motor functions

but a equivalent plot can be obtained for all other functions (i.e. phono-

logic, semantic, speech arrest, language and motor perseverations, verbal

apraxia, movement arrest, mentalizing, eyes apraxia, spatial perception,

sensorial, visual, alexia, acustic and asemantism).

Finally, in Fig.5.2 c) we provide a more specific characterization of se-

mantic selectivity for three nodes (green halo), randomly chosen in the

network, where also the semantic functions were active (orange nodes).

We chose the semantic functions just for sake of congruence but all other

functions can be shown. Here the semantic selectivity of the three different

nodes is characterized according to the 12 semantic categories provided by

Huth et al. [162] and it is represented with colored barplots. To give an

idea, from the barplot in the first map of Fig.5.2 c) we can see that the

chosen node is more selective for mental, emotional, abstract and loca-

tional concepts, with a maximum for the abstract one. Again, increasing

σ the fraction of included nodes increases. These maps could be useful to
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gain an insight about what and where are the nodes which are semanti-

cally selective for a given category of concepts, e.g. for emotional or social

concepts. In other words, what are the nodes that could activate when

a given concepts is expressed, heard or perceived in the outer world, and

eventually which are the functions concomitantly expressed by that node.

In the following, we inspect a couple of analyses conducted on our brain

maps to give a glimpse of what can be done with our approach. Again,

the results are provided for the maps obtained via geometric assignment,

but the same analyses can be conducted on maps obtained via hybrid

assignment.

In general, considering one σ, 10% of the nodes has at least one func-

tional feature, with 2σ up to 44% of nodes has at least one functional

feature, while when we set the threshold to 3σ we have the 62%. Interest-

ingly, if we only look at the nodes with a semantic function, 25% of them

has also a semantic selectivity when we set the lower σ, the percentage of

nodes grows up to 65% considering 3σ.

To start, we wonder if the most central nodes in the structural network

in terms of degree, betweenness and PageRank are also those ones that

express the largest number of functions. To this aim, we computed the

Pearson correlation coefficient and the Spearman’s rank correlation coeffi-

cient between the centrality and the number of functions expressed by each

node. We found out that there is no correlation between the node central-

ity and the number of functions expressed by the node, whatever the value

of σ (see table 5.1). Hence, for example, the most connected nodes in the

structural network (hubs) are not the ones with higher functionality.

Similarly, we wonder if the most central nodes in the structural net-

work (in terms of degree, betweenness and PageRank) are also those that

express a semantic selectivity. Also in this case we observed that there is

no correlation between the node centrality and the expression of semantic
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metric σ Pear corr coeff p-val Spear rank corr coeff p-val

deg 1 -0.006929106 0.9248 -0.004923216 0.9465

deg 2 -0.1452506 0.04672 -0.1356933 0.06335

deg 3 -0.114692 0.1171 -0.1386297 0.05779

bet 1 0.05332937 0.4673 0.05231594 0.4758

bet 2 -0.03394414 0.6438 -0.04739452 0.5184

bet 3 0.002122603 0.9769 -0.03074136 0.6754

PR 1 0.00547763 0.9405 0.004891847 0.9469

PR 2 -0.1109739 0.1295 -0.09438166 0.1976

PR 3 -0.06538622 0.3727 -0.08617088 0.2397

Table 5.1: Correlation results between node centality in terms of degree (deg), betweenness

(bet) and PageRank (PR) and the number of functional features expressed by the node. Null

hypothesis: correlation is equal to zero.

selectivity by the node, at lower values of σ, while increasing σ the corre-

lation becomes negative (see table 5.2). Hence, the semantic selectivity (in

terms of presence/absence) of the node is not related to the centrality of

the node itself (or poorly negatively correlated).

Finally, we concentrate only on those nodes which have both functional

and mental features. We wonder if there is a match between the expression

of a given functional feature and the selectiveness to a group of concepts.

For example, to which concepts are selective the nodes that express func-

tions related to the language (e.g. semantic, phonemic, anomia, speech

arrest) or related to motor skills (e.g. motor, movement arrest) or again

related to a combination of language and motor (e.g. alexia, language and

motor perseverations). To investigate this functional-mental relation we

provide its representation in terms of a bipartite network (see Fig.5.3). In

this bipartite network we see how increasing the value of σ, the number of

nodes with both functional and mental features increases. Each bipartite

network of Fig.5.3 maps the relation between a given function expressed

by the node and its semantic selectivity, in terms of maximum cluster ex-
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metric σ Pear corr coeff p-val Spear rank corr coeff p-val

deg 1 -0.1234285 0.0915 -0.1197264 0.1017

deg 2 -0.2023753 0.005349 -0.1524907 0.0367

deg 3 -0.371698 1.506e-07 -0.3616458 3.411e-07

bet 1 -0.06984917 0.3408 -0.07245287 0.3231

bet 2 -0.141635 0.05252 -0.05705579 0.4367

bet 3 -0.2546259 0.0004215 -0.256737 0.0003758

PR 1 -0.09277222 0.2054 -0.08915667 0.2237

PR 2 -0.1682046 0.02103 -0.1139949 0.1193

PR 3 -0.3390821 1.936e-06 -0.3263068 4.878e-06

Table 5.2: Correlation results between node centality in terms of degree (deg), betweenness

(bet) and PageRank (PR) and the presence or not of a semantic selectivity in the node. Null

hypothesis: correlation is equal to zero.

pressed by the node. The scale color is the same for all the network, the

colored link encodes the number of nodes which share that combination

of functional-conceptual expression. As well for the thickness of the links,

but the scale is proper to each network. Considering one σ (Fig.5.3 a)),

we can see that the nodes having a ‘semantic’ or a ‘speech arrest’ function

are maximally selective for abstract concepts. It is interesting to note that

in this case just one out of 12 semantic categories is maximally selective.

Increasing σ, we have up to 8 semantic categories (out of 12) to which

the nodes are maximally selective. Intriguingly, nodes that have functional

features related to language skills are highly selective for social, abstract,

violent and visual concepts. While the nodes with motor functions are

particularly selective for abstract and social concepts. Finally, the nodes

featured with functions related to both language and motor (together) are

highly selective for abstract, social and violent concepts. Curiously, nodes

which exhibits the function ‘Semantic’ or ’Anomia’ are especially selective

for social concepts.
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Figure 5.3: Bridging

functional and mental

features. Bipartite net-

works of nodes featured

by both functional and

mental features, concomi-

tantly, varying σ. Each

bipartite network maps

the relation between a

given function expressed

by the nodes and their

semantic selectivity, in

terms of maximum clus-

ter expressed. The scale

color is the same for

all the network, the col-

ored link encodes the

number of nodes which

share that combination of

functional-conceptual ex-

pression. As well for the

thickness of the link, but

the scale is proper to each

network. a) Considering

one σ, the nodes having

a ‘semantic’ or a ‘speech

arrest’ function are max-

imally selective for ab-

stract concepts. A similar

reasoning can be done for

for b) and c).

5.7 Concluding Remarks

In this chapter, we provided a new framework to map the triadic nature of

the human brain, including structure, function and cognition. We proposed

two different types of assignment rules – geometric and hybrid – to match
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structural nodes, functional areas and the semantic system tiling the hu-

man cerebral cortex. Relying on three data sets, i.e the brain connectome,

the brain functions at cortical and subcortical levels and a semantic atlas,

we provide different levels and layouts of brain mapping in the MNI space.

We found out that both the functional and the semantic richness of a

node does not correlate (or poorly negatively correlates) with its centrality

in terms of degree, betweenness and page rank in the brain structural net-

work, whatever the uncertainty considered in the assignment rule. These

findings suggest that structural hubs related to brain anatomy do not cor-

respond to functional hubs related to brain activity, fostering the idea that

brain anatomy is impactful although not determinant for the dymanic of

neural network [38, 44] and we cannot explain the functional connectiv-

ity by limiting the view at the anatomical counterpart [44]. Moreover,

not even the nodes exhibiting a semantic selectivity are the most central

in terms of degree, betweenness and page rank. Future developments of

this work should consider extracting more targeted sub-networks (e.g.: one

network for each functional feature and/or one network for each semantic

cluster) and build a multilayer network of the human brain. Specifically,

a straightforward approach would be to extract each layer directly from

the structural connectivity network, considering the active nodes for each

function (and/or for each semantic cluster) and the link among them, to

assess their versatility in such a multilayer (e.g. layer-layer correlation,

pairwise multiplexity,...) and eventually gain new understanding about

the relation between brain structure, functions and mental aspects. Our

preliminary results on this matter indicated a positive interlayer degree

correlation between the nodes of the induced functional network (consid-

ering all functions) and in the structural network and a zero correlation

between the nodes in the induced semantic network and in the structural

network. This preliminary finding could point out the possible networked
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nature of the functional system and the plausible non-networked nature of

the semantic system within the human brain; however a deeper analysis

should be carried out.

Considering only the fraction of nodes featured by both functional and

mental properties, we assessed whether a pattern exists between the ex-

pression of a given functional feature and the selectiveness to a group of

concepts. Intriguingly, it turns out that nodes having functional features

related to language skills are highly selective for social, abstract, violent

and visual concepts. While the nodes with motor functions are particu-

larly selective for abstract and social concepts. Finally, the nodes featured

with a combination of motor and language functions are highly selective

for concepts related to abstract, social and violent meaning. The fact that

a node featured with movement functions is also semantically selective is in

agreement with previous studies indicating that even just reading a word

somehow linked to the movement (e.g. dance) actives areas dedicated to

motor skills [94, 145, 285]. Moreover, it has been shown that subjects

listening to the lip- or tongue-related phonemes, activate motor regions re-

lated to lips and tongue movements [227], pointing out a relation between

the cognitive perception of something and the activation of motor circuits

prone to that something, further strengthening the complex interplay be-

tween brain and mind.

The brain maps obtained through our approach provide a promising

contribution towards the bridging between human brain and mind, in all its

aspects. Unraveling candidate brain areas that are likely to be implicated in

particular structural, functional or cognitive decline, maybe concomitantly,

would be of tremendous helps for those diseases, such as AD, strongly

related to the complex interplay between brain and mind. In other words,

knowing the triadic nature of such candidate brain areas could potentially

improve the discovery of early warning signals of neurodegenerative disease
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affecting the human brain on all fronts: structural, functional and mental.

Our mapping provides a promising fundamental basis for conducting

integrated analyses on the brain-mind interplay. Above all, our mapping

approach opens the doors for developing complex integrated biomarkers for

Alzheimer’s disease, overcoming those indicators merely relying on anatom-

ical features registered by neuroimaging [44].

Whether the functional or mental areas considered for our study fall

into the default mode network – a part of the brain which is active at

the wakeful rest, e.g. when daydreaming or mind wandering – should be

investigated in further developments of this work.

In the next and last chapter, we draw the overall conclusions of this the-

sis, presenting also its limitations but mostly its possible future directions.
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Chapter 6

Conclusions and new directions

How does the brain work? How do brain architecture and activity concur

in creating the mind? And finally, is it possible to tackle these issues with

the currently available tools from neuroscience?

We started our journey with these enthralling questions and it took us

three years of research to advance towards an answer. Our first definitely

concise – yet meaningful – answer can be summarized as: it is complex.

The understanding of human brain mechanisms has captured the imag-

ination and efforts of scientists and clinicians for ages. In this thesis, we

aimed at enhancing our knowledge of human brain by means of an inte-

grated and data-driven approach, with a particular focus on possible im-

portant implications for the prevention and treatments of brain diseases,

especially dementia and Alzheimer’s disease, which have constituted the

motivation and the case study of our work. To this aim, we have investi-

gated the complex interplay between the human brain and the mind with

sharp attention to such a relation in health and disease, by adopting a sys-

temic perspective and leveraging on tools from computational and network

neuroscience.

The study of human brain cannot prescind from the acknowledgement

of its triadic nature, i.e. i) the structure, ii) the multiple functions and iii)
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the cognitive aspects, and it cannot disregard the interplay among them.

We have inspected human cognition by focusing on the geometric explo-

ration of concepts in the human mind to build new data-driven metrics to

complement the neurological assessment and to confirm Alzheimer’s dis-

ease diagnosis (chapter 2). We realized that non-trivial patterns emerging

from the analysis of information flows in interconnected real-world sys-

tems, such as the human brain, were not captured by existing routing

protocols. In this regards, we have formalized a new stochastic process,

the potential-driven random walk, able to model the trade-off between

exploitation and exploration of network structure, by accounting for lo-

cal and global information, providing a flexible tool to span from random

walk and shortest-path based navigation (chapter 3). Probing the inter-

play between brain structure and dynamics by means of its Von Neumann

entropy, we develop a new framework for the multiscale analysis of the

human connectome, which is effective for discerning between healthy con-

ditions and Alzheimer’s disease (chapter 4). Finally, by integrating data

from the human brain structural connectivity, its functional response er-

rors as measured by Direct Electrical Stimulation and semantic selectivity,

we propose a new procedure for mapping the human brain triadic nature,

thus providing a model-oriented bridge between the human brain and mind

(chapter 5). And thus, how does the brain work? Exhaustively, we still

don’t know. Promisingly, our findings could help advance one step ahead.

Here is the detailed summary of findings of the present thesis, represent-

ing our contribution to shed more light on the scientific understanding of

human brain functioning:

• probing the exploration of concepts in the human mind, we have un-

raveled the plausible latent geometry of its semantic space, providing a

set of new metrics able to measure such a navigation. Our indicators

can capture significant differences between healthy and non-healthy
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brains when considering patients suffering of Alzheimer’s disease and

its precursor, the mild cognitive impairment. This has been possible

especially thanks to the access to an exclusive data set about records

of verbal fluency test (chapter 2);

• we have formalized a new stochastic process, the potential-driven ran-

dom walk, enabling for a continuous exploration of interconnected

systems, such as the human brain. The potential-driven random walk

interpolates between shortest path and random walk, two extreme and

well-known routing strategies, by minimizing distances (like a short-

est path; a global feature) while keeping some flexibility in random

exploration (like a random walk; a local feature). Remarkably, the

potential-driven random walk models the inevitable trade-off between

exploitation and exploration, which can be found in space, mind and

society. This has been possible using data of both human and animal

mobility, and especially by taking inspiration from animal behaviors

(i.e of the slime mold and ant colonies) and from human brain plas-

ticity (chapter 3);

• We have provided a new information-theoretic approach based on

spectral entropy to assess the persistence of information flow within

the human brain at different scales. In this regards, we have found

out that the spectral entropy of real connectome lies between two

generative models, indicating an interpolation between modular and

geometry-driven structural features. Moreover, we have noticed that

significant differences between healthy individuals and the ones af-

fected by Alzheimer’s disease arise at the microscale and that such

differences emerge as long as we acknowledge for the interplay be-

tween the underlying structure and a dynamical process on the top of

it. In fact, significant differences between healthy brain and the patho-

151



6. Conclusions and new directions

logical ones are absent when considering solely the structural aspects

of the two types of connectomes. This has been possible thanks to

a data set of empirical connectomes at different stages of dementia

and to a previously proposed method inspired by quantum statistical

physics (chapter 4);

• We have proposed a promising approach to bridge between the human

brain and the mind. Specifically, we offer several layouts of brain

mapping in the MNI space, integrating the structure, the functions

and the mental aspects related to word meaning. We have listed

possible ways to gain insights about the complex relation among brain

structure, function and mind when using our mapping. This has been

possible thanks to three data sets related to structural connectivity,

a cortical and subcortical functional atlas and a semantic atlas of

the human brain. We have observed that structural hubs related to

brain anatomy do not correspond neither to functional hubs related to

brain activity or semantically selective hubs. Remarkably, our brain

maps evidenced a match between the expression of motor functions

and the semantic selectivity to specific clusters of concepts, pointing

out a relation between the cognitive perception of a given action and

the activation of motor areas prone to that action, in agreement with

previous studies, further strengthening the complex interplay between

brain and mind (chapter 5).

To sum up, besides shedding more light on human brain functioning, our

findings offer original and promising clues to develop integrated biomark-

ers for Alzheimer’s disease detection, with the potential of extension for

applications to other neurodegenerative diseases and psychiatric disorders.

How do brain architecture and activity concur in creating the mind?

According to a complex systems perspective, the mind is an emergent pro-
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cess resulting from brain interactions, but a final response is still missing.

Following the systemic paradigm, we have investigated such interactions

on multiple levels and scales, with the intention of gaining momentum to-

wards a clearer vision of the human mind. Our findings stress the need for

a systemic approach when defining biomarkers for brain diseases involving

cognitive aspects. We are confident that our results can offer original and

practical clues on this matter, fostering integrated, personalized and data-

driven treatments as health-care options. Specifically, we are referring to

our new metrics for measuring mental navigation, but also to the mut-

liscale characterization of the human brain through spectral entropy and

finally to our brain mapping that accounts for relations between structure,

functions and semantic aspects, which are crucial for Alzheimer’s disease.

Besides knowledge gained from our work, its limitations have to be men-

tioned. Our metrics on mental navigation represents the very first step to

provide a new data-driven framework to eventually predict the diagnoses

from fluency data in a future, when more of such clinical data will be

available. In addition, a Bayesian mixed effects model would be a powerful

tool to get a grounded and much informative inference on the relationship

between different key variables, such as the diagnosis label, the popula-

tion class demographic (age, sex, education) that we have neglected, the

semantic space (itwac, twitter, wikipedia) and the value of the metrics in

each semantic space. The potential-driven random walk should be tested

also on real data about brain neuroplasticity, if ever available. It is worth

mentioning that the computational cost for calculating the spectral en-

tropy is still relatively high, being of the same order of the complexity

of an eigenvalue problem. Even though it is fast for small network, our

method would perform slower than more standard techniques in the case

of very large networks (i.e. above 10,000 nodes). Finally, our brain map-

ping should be enhanced for example considering the true values of the
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standard deviation σ of the semantic tiles, and not their average.

From our results, two natures of possible future developments emerge:

i) academic and ii) practical for the clinical side. On the one hand, pos-

sible further researches should corroborate the robustness of our method

for the brain mapping with other data sets and studies. Moreover, a re-

cent research on altered outdoor spatial navigation of Alzheimer’s disease

patients [128] has triggered our attention, making us envisioning poten-

tial parallelisms between our metrics, obtained from the navigation in the

human mind, and their results in open space. This might spur the genera-

tion of multi-domain biomarkers for Alzheimer’s Disease pathophysiology.

On the other hand, our results lay a solid foundation for the development

of a mobile app designed for computing the above discussed metrics from

verbal fluency records, with the goal of possibly detecting early warning

signals of dementia, essential to develop a personalized plan of cognitive

capacity maintenance. In this regard, we are going to begin an informal

dialogue with a new born start-up whose goal is to improve the life quality

of people with dementia and their caregiver, possibly igniting a new fruitful

collaboration.

To conclude, is it possible to tackle the brain-mind issue with current

tools from neuroscience? Our answer is no, the tools currently available

to neuroscientists are not enough. We have demonstrated that adopting a

complex systems perspective able to integrate theoretical, computational,

data-driven, clinical and even philosophical aspects, is imperative. We

firmly believe that investing on multidisciplinary and collaborative efforts

would lead us to new discoveries about the brain-mind still unsolved puzzle,

signaling the beginning of an era where complexity is not avoided but

rather, embraced.
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Path ensembles and a tradeoff between communication efficiency

and resilience in the human connectome. Brain Struct. Funct.,

222(1):603–618, 2017.

[25] Andrea Avena-Koenigsberger, Bratislav Misic, and Olaf Sporns.

Communication dynamics in complex brain networks. Nat Rev Neu-

rosci, 19(1):17–33, 2018.

[26] Andrea Avena-Koenigsberger, Xiaoran Yan, Artemy Kolchinsky,

Martijn van den Heuvel, Patric Hagmann, and Olaf Sporns. A spec-

trum of routing strategies for brain networks. PLoS computational

biology, 15(3):e1006833, 2019.
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Ye He, Marcel A De Reus, Alessandra Griffa, Petra E Vértes,
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Appendix A

The latent geometry of mind’s

plausible semantic space

This appendix is an extension of chapter 2. Part of this appendix has been

published as supplementary materials [49] of the corresponding paper [50].

Here we report:

• a statistical analysis on neuropsychological tests used to assess the

diagnosis of patients with dementia, in subsec. A.1.1;

• the detailed results of Kolmogorov-Smirnov statistical tests and t-

tests for the local metrics, (i.e DOE, ρw, MaxJ , d, far) for the three

geometries Itwac, Twitter and Wikipedia, in subsec. A.1.2. These

tests are performed to assess significant differences in the navigation

of concepts of Alzheimer’s disease (DEM) patients, Mild Cognitive

Impairment (MCI) patients and healthy controls (CTR). Similarly, we

assess the differences in such a navigation at the mesoscale (hierarchy),

in subsec. A.1.3 and at the network scale (steady state distribution

and mean first passage time matrices), in subsec. A.1.4;

• a discussion on the choice of teleportation parameter in the PageRank

algorithm, when adding a dumping effect in the transition probability

matrix, in sec. A.2.
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A. The latent geometry of mind’s plausible semantic space

A.1 Extended Results

This section is devoted to the detailed results of statistical tests i) on the

neuropshycological assessment and ii) on the metrics used to investigate

the navigation of concepts in the human mind.

A.1.1 Statistical analysis on neuropsychological tests

The goal of this statistical analysis is to investigate the differences between

different stages of dementia and to assess how dementia evolves over time.

To this aims we have submitted 18 different neuropsychological tests to

our sample of 185 patients at different stages of dementia, for more than

one year, and we have investigated such differences by means of statistical

hypothesis tests.

All the patients under study were assessed in the Azienda Provinciale

per i Servizi Sanitari (APSS) of Trento, Italy. Our analysis is based on the

results of 18 neuropsychological tests performed by 185 patients. Among

them 92 patients suffer of dementia (DEM), which includes vascular de-

mentia, frontotemporal dementia, degenerative dementia and Alzheimer’s

disease (M=40%, F=60%, age=75±7, education=9±4) and 93 patients suf-

fering of Mild Cognitive Impairment (MCI) — a precursor of Alzheimer’s

disease — (M=48%, F=52%, age=77±6, education=9±4).

The neuropsychological assessment covers the following 18 tests: a global

assessment (Mini Mental State exam indicated as MMSE), denomination

test (naming test), Verbal Fluency (semantic, categories of cars, animals

and fruits, and phonemic, letters F, A, S), memory (Digit Span backwards

and forwards, Corsi block-tapping test, story recall test, Modified Figure

of Rey/recognition, Modified Figure of Taylor/recognition), frontal test

(Frontal Assessment Battery indicated as FAB), attention (attentive ma-

trices test), visuo-spatial working memory (Clock Drawing Test), praxis
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A.1.Extended Results

assessment tasks (construction of Figure of Rey/recall and construction of

Figure of Taylor/recall), depression (Cornell Test), autonomies assessment

(Activities of daily living indicated as ADL, Instrumental activities of daily

living indicated as IADL) for a total of 18 tests, each one having a cut-off

threshold. A test is passed if the score is greater than or equal to the

cut-off threshold, except for the depression test, where the score must be

less than the cutoff for the test to be passed, and the Mini Mental State

exam, where the score must be strictly greater than the cutoff for the test

to be passed. For each test, we have adjusted the raw scores according to

age and schooling, obtaining the corrected scores. All the analyses have

been carried out according to the corrected scores. Patients are examined

every six months, after the first visit they attend follow up visits and, ac-

cording to the disease severity, they can be classified as MCI or DEM. The

diagnosis is established after the first visit. It is to be noticed that, each

patient performed a total of 16 tests during each visit, in fact the tests

Modified Figure of Rey and Modified Figure of Taylor are administered

alternately, as well as for the tests construction of Figure of Rey and con-

struction of Figure of Taylor. For the sake of simplicity, we will refer to

these tests interchangeably. In fig. A.1 we reports an illustrative example

of some test score trends of those patients which performed PV, FU1 and

FU2. The trends show how test scores change passing from the first visit

(PV) to the first follow up (FU1) after six months and to the second follow

(FU2), after another six months. Specifically, we depict a general overview

of the neuropsychological test scores distributions over time for the two di-

agnoses, i.e. MCI (in orange) and DEM (in blue). For each test, a dotted

line connects the average score of each diagnosis in each visit, readable on

the x-axis. These plots show that apparently there is no constant trend in

the performances of the neuropsychological tests, but rather that such test

performances can improve, remain the same or worsen both within a spe-
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cific diagnosis over time (intra-diagnosis) and between different diagnoses

in the same visit (inter-diagnosis).

Figure A.1: Neuropsychological tests scores. Neuropsychological test score distributions over

time for the two diagnoses, i.e. MCI (in orange) and DEM (in blue). For each test, a dotted

line connects the average score of each diagnosis in each visit, readable on the x-axis.

Statistical analysis aims to investigate whether there exist significant

differences intra-diagnosis and inter-diagnosis, in terms of neuropsycholog-

ical test scores. The former are the differences in time among patients

classified with the same label (e.g. DEMt , DEMt+1) the latter are the

differences among patients classified with different label in the same visit

(i.e. MCIt, DEMt). To this purpose, we performed statistical hypothesis
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Test PV − FU1 PV − FU2 FU1 − FU2

MMSE 0.903535 0.070312 0.592604

Naming 0.183020 0.577032 0.335561

Semantic 0.050302 0.035555 0.052136

Phonemic 0.917272 0.846521 0.139351

Digit span forward 0.004412 0.130517 0.559837

Digit span backward 0.471220 0.679558 0.384670

Corsi span 0.527144 0.115460 0.057117

Babcock story recall 0.306057 0.070637 0.097838

Rey figure 0.246474 0.279396 0.010120

FAB 0.331737 0.873100 0.935614

Attentional matrices 0.150622 0.504576 0.434077

Clock Drawing Test 0.057730 0.577032 0.164823

Copy of Rey figure 0.000823 0.359292 0.003762

Depression 0.068957 0.532275 0.869225

ADL 1.000000 0.448561 Nan

IADL 0.213373 0.233156 1.000000

All 0.190367 0.68548 0.525223

Table A.1: Intra-diagnosis tests, MCI patients. P-values of paired t-tests on neuropsy-

chological tests, performed by MCI patients during PV, FU1, FU2. Null hypothesis: the

difference in group means is zero. “All” indicates all tests, in this case we evaluate if the

total number of passed tests is significantly different between two visits.

tests on the mean score of each neuropsychological test and on the aver-

ages of the total number of passed tests, with a 95% confidence interval.

In particular, we implemented the unpaired two-tiled t-test to evaluate

the inter-diagnosis differences, and the paired two-tiled t-test for the intra-

diagnosis differences. Given the results of the variance test, we performed

the Welch’s t-test, for the group of patients in FU2. In this way, we were

able to establish the most significant (discriminatory) neuropsychological

tests in highlighting differences among the two groups, i.e. MCI and DEM,

as well as in defining how a diagnosis evolves over time. Results of statis-

tical tests are shown in tables A.1 to A.3.
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Results of statistical hypothesis tests can be summarized as follow.

For what concern MCI patients, the hypothesis tests on intra-diagnosis

differences, i.e. paired t-test, show that not all neuropsychological tests are

statistically significant in highlighting the differences between MCI at time

t and MCI at time t+1, and MCI at time t and MCI at t+2 (table A.1).

The most significant tests between the first visit (PV) and the first follow

up (FU1) are the ones related to verbal memory (Forward Digit Span) and

executive functions (Construction of Rey figure/recall). Surprisingly, these

tests improve passing from PV to FU1. The more significant tests between

PV and the second follow up (FU2) are the ones related to language (se-

mantic verbal fluency) whose performances worsen with time. Finally, the

more significant tests between FU1 and FU2 are the ones related to spatial

memory (Rey figure copy/recognition) whose performance improve with

time, and the executive functions (Construction of Rey figure/recall) that

worsen passing from FU1 to FU2. Analyzing the differences in the aver-

age number of passed tests per visit (“All”) it turns out that there are no

significant differences between one visit and the next.

As for MCI, for DEM patients the hypothesis tests on intra-diagnosis

differences, i.e. paired t-test, show that not all neuropsychological tests are

statistically significant to highlight the differences between DEM at time

t and DEM at time t+1 and DEM at time t and DEM t+2 (table A.2).

The most significant tests between PV and FU1 are the ones related to

depression and to autonomies, that both decrease over time, resulting in

less depressed but less autonomous patients. Passing from PV to FU2 the

more significant tests are the ones related to the global assessment (Mini

Mental State exam) and to the language (semantic verbal fluency) for both

these tests the performances worsen with time. Finally, the more significant

tests between FU1 and FU2 are the ones related to the language (semantic

verbal fluency) and to the verbal memory (Backward Digit span), again
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Test PV − FU1 PV − FU2 FU1 − FU2

MMSE 0.115357 0.040428 0.670454

Naming 0.205428 0.586299 NaN

Semantic 0.051490 0.012920 0.010684

Phonemic 0.266785 0.435989 0.507418

Digit span forward 0.408460 0.321088 0.706007

Digit span backward 0.379451 0.065282 0.030461

Corsi span 0.168755 0.453427 0.738752

Babcock story recall 0.265088 0.309186 0.950721

Rey figure 0.436871 0.178882 0.502585

FAB 0.513170 0.835258 0.587640

Attentional matrices 0.383022 0.303794 0.359100

Clock Drawing Test 0.095992 0.338801 NaN

Copy of Rey figure 0.310744 0.463681 0.425214

Depression 0.011754 0.225519 0.924900

ADL 0.301079 0.214639 0.174688

IADL 0.009465 0.073507 NaN

All 0.743982 0.454906 0.058201

Table A.2: Intra-diagnosis tests, DEM patients. P-values of paired t-tests on neuropsy-

chological tests, performed by DEM patients during PV, FU1, FU2. Null hypothesis: the

difference in group means is zero. “All” indicates all tests, in this case we evaluate if the

total number of passed tests is significantly different between two visits.
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Test PV FU1 FU2

MMSE 0.000008 0.000398 0.002017

Naming 0.000462 0.019643 0.138464

Semantic 0.002491 0.113263 0.001238

Phonemic 0.115943 0.298696 0.399993

Digit span forward 0.684604 0.016343 0.333250

Digit span backward 0.025307 0.120918 0.001079

Corsi span 0.060874 0.042920 0.070041

Babcock story recall 0.586418 0.441269 0.110941

Rey figure 0.618668 0.340872 0.195626

FAB 0.000301 0.029037 0.002354

Attentional matrices 0.000440 0.044948 0.026988

Clock Drawing Test 0.007502 0.010250 0.002356

Copy of Rey figure 0.048849 0.001110 0.321386

Depression 0.075975 0.466255 0.193832

ADL 0.079525 0.017737 0.041824

IADL 0.00392 0.015806 0.148684

All 1.5e-05 0.000153 0.000816

Table A.3: Inter-diagnosis tests, MCI-DEM patients. P-values of unpaired t-tests on

neuropsychological tests, performed by MCI and DEM patients during PV, FU1, FU2.

Null hypothesis: the difference in group means is zero. “All” indicated all tests, in this

case we evaluate if the total number of passed test is significantly different between two

diagnoses.

the performances worsen with time. As well as for MCI, for DEM patients

there are no significant differences in the average number of passed tests

per visit (“All”).

For what concerns differences between MCI and DEM, the hypothesis

tests on inter-diagnosis differences, i.e. unpaired t-test, show that not all

neuropsychological tests are statistically significant to highlight the differ-

ences between DEM and MCI (table A.3) in each visit. The most significant

tests during PV are: the global assessment (Mini Mental State exam), the

language (denomination and semantic verbal fluency) the verbal memory
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(Backward Digit span), the frontal assessment battery, the selective at-

tention (attentive matrices), the clock, executive functions (Construction

of Rey figure/recall) and the autonomies. For all these neuropsychologi-

cal tests, DEM patients’ performances are, on average, lower than those

of MCI patients. The more significant tests during FU1 are: the global

assessment (Mini Mental State exam), the language (denomination), the

verbal memory (Forward Digit span), the spatial memory (Corsi test), the

frontal assessment battery the selective attention (attentive matrices), the

clock, the executive functions (Construction of Rey figure/recall) and the

autonomies. As for PV, also in this case DEM patients’ performances are,

on average, lower than those of MCI patients. Finally, during FU2 the

more significant tests in assessing the differences between MCI and DEM

are: the global assessment (Mini Mental State exam) the language (seman-

tic verbal fluency) the verbal memory (Backward Digit span), the frontal

assessment battery, the selective attention (attentive matrices), the clock

and the autonomies. Again, DEM patients perform worse, on average, with

respect to MCI patients. Analyzing the differences in the average number

of passed tests per visit between the two diagnosis, it turns out that DEM

patients pass significantly less tests (in total) than MCI patients (“All”)

in each considered visit.

A.1.2 Geometry

Tables A.4 and A.5 show respectively the results of Kolmogorov-Smirnov

statistical tests and t-tests on the five local metrics related to the explo-

ration of concepts and computed using the cosine distance, for each pair

of groups, for the three geometries.

203



A. The latent geometry of mind’s plausible semantic space

Itwac Twitter Wikipiedia

Metrics Pairs Test statistic P-val adj Test statistic P-val adj Test statistic P-val adj

DOE

DEM-MCI 0.198 0.05 0.177 1.10e-01 0.220 2.31e-02

DEM-CTR 0.601 4.68e-07 0.510 4.62e-05 0.684 3.83e-09

MCI-CTR 0.559 2.77e-06 0.418 1.43e-03 0.629 6.40e-08

ρw

DEM-MCI 0.186 8.20e-02 0.254 5.21e-03 0.219 2.33e-02

DEM-CTR 0.657 1.95e-08 0.609 3.14e-07 0.791 2.98e-12

MCI-CTR 0.647 2.22e-08 0.501 4.52e-05 0.720 2.38e-10

MaxJ

DEM-MCI 0.110 0.63 0.067 0.99 0.197 5.56e-02

DEM-CTR 0.323 0.05 0.343 0.03 0.510 4.62e-05

MCI-CTR 0.303 0.06 0.328 0.03 0.355 1.32e-02

d

DEM-MCI 0.242 9.05e-03 0.222 2.09e-02 0.295 6.43e-04

DEM-CTR 0.793 1.70e-12 0.760 2.65e-11 0.837 1.03e-13

MCI-CTR 0.748 1.49e-12 0.686 1.42e-10 0.773 1.03e-13

far

DEM-MCI 0.110 0.63 0.099 0.76 0.187 7.97e-02

DEM-CTR 0.379 6.00e-03 0.313 0.0712 0.498 5.40e-05

MCI-CTR 0.385 4.70e-03 0.298 0.07 0.500 3.00e-05

Table A.4: Results of Kolmogorov-Smirnov statistical tests for the three semantic spaces,

p-values are adjusted according to Holm–Bonferroni method.
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A.1.Extended Results

A.1.3 Hierarchy

Figure A.2 reports boxplots within violin plots of the explorative poten-

tial distributions, both in terms of visited clusters and in terms of words

contained in the visited clusters, for the three categories of subjects in the

three geometries. Results of Kolmogorov-Smirnov statistical tests and t-

tests for these indicators, for each pair of groups, are shown in tables A.6

and A.7 respectively.

Figure A.2: Explorative potential. Boxplots within violin plots of the explorative potential

distributions, expressed both in terms of visited clusters and of words contained in the visited

clusters for the three categories of subjects in the three semantic spaces.
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Itwac Twitter Wikipiedia

Metrics Pairs Test statistic P-val adj Test statistic P-val adj Test statistic P-val adj

clusters

DEM-MCI 0.116 0.56 0.147 0.27 0.207 3.77e-02

DEM-CTR 0.560 4.09e-06 0.514 3.7e-05 0.824 2.75e-13

MCI-CTR 0.444 5.21e-04 0.402 2.6e-03 0.696 1.17e-09

words

DEM-MCI 0.169 0.14 0.193 6.44e-02 0.242 9e-03

DEM-CTR 0.537 1e-05 0.525 2.34e-05 0.770 1.39e-11

MCI-CTR 0.420 1.3e-03 0.425 1.12e-03 0.581 9.11e-07

Table A.6: Results of Kolmogorov-Smirnov statistical tests for the three semantic space,

p-values are adjusted according to Holm–Bonferroni method.

A.1.4 Network

Tables A.8 to A.10 report the correlation values between the steady state

distribution (π⃗) of the three groups (DEM, MCI, CTR) in the three geome-

tries (Itwac, Twitter, Wikipedia). Correlation values of mean first passage

time matrices (MFPT) are reported in tables A.11 to A.13. Finally, Frobe-

nius norms of mean first passage time matrices of the three groups, in the

three geometries, are shown in table A.14.
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A.1.Extended Results

DEM −MCI DEM − CTR MCI − CTR

Pearson 0.99 0.94 0.95

Spearman 0.88 0.70 0.71

covariance 0.01 0.0086 0.0089

norm 0.04 0.13 0.12

Table A.8: Correlation values between the steady state distributions in Itwac semantic

space.

DEM −MCI DEM − CTR MCI − CTR

Pearson 0.97 0.96 0.99

Spearman 0.84 0.57 0.57

covariance 0.02 0.01 0.01

norm 0.13 0.14 0.05

Table A.9: Correlation values between the steady state distributions in Twitter semantic

space.

DEM −MCI DEM − CTR MCI − CTR

Pearson 0.93 0.85 0.86

Spearman 0.64 0.68 0.81

covariance 0.002 0.002 0.002

norm 0.09 0.16 0.15

Table A.10: Correlation values between the steady state distributions in Wikipedia se-

mantic space.

DEM −MCI DEM − CTR MCI − CTR

Pearson 0.99 0.89 0.91

Spearman 0.99 0.94 0.94

covariance 371.78 342.85 455.55

norm 59.92 111.06 89.34

Table A.11: Correlation values between the mean first passage time matrices in Itwac

semantic space.
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DEM −MCI DEM − CTR MCI − CTR

Pearson 0.98 0.92 0.88

Spearman 0.97 0.90 0.82

covariance 156.96 192.56 193.67

norm 18.45 61.00 63.00

Table A.12: Correlation values between the mean first passage time matrices in Twitter

semantic space.

DEM −MCI DEM − CTR MCI − CTR

Pearson 0.90 0.63 0.63

Spearman 0.91 0.77 0.80

covariance 2005.85 1639.81 1213.20

norm 643.41 921.02 788.58

Table A.13: Correlation values between the mean first passage time matrices in Wikipedia

semantic space.

CTR MCI DEM

itWac 1480.51 635.05 389.04

Twitter 1085.24 583.08 280.27

Wikipedia 3372.137 2054.467 3066.652

Table A.14: Frobenius norm of mean first passage time matrices of the three groups and

for the three geometries.
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A.2 Choice of teleportation parameter in the PageR-

ank algorithm

In 2007, Griffiths, Steyvers and Firl, in their paper “Google and the Mind

- Predicting Fluency With PageRank” [135] demonstrated how Page Rank

algorithm can predict human response in a fluency task. The parallelism

between the google search engine – and more in general the World Wide

Web – and human mind lies in the ability to retrieve information which

is relevant to a particular query. Specifically, information (e.g. concepts)

within human mind are retrieved, and thus connected, according to an

“order” which is strikingly similar to the way web pages are connected.

Thanks to this pair-wise association of concepts in human mind, it is pos-

sible to build semantic networks, which have proven to have special proper-

ties similar to those of the World Wide Web, such as the “scale-free” degree

distribution (Steyvers & Tenenbaum, 2005 [266]). In their work of 2007,

Griffiths, Steyvers and Firl [135], with a sort of mimic of the google search

engine, aimed to discover which words is most likely to be produced in a

fluency task. By comparing Page Rank and other standard predictors com-

puted on a semantic network, they found out that PageRank outperforms

other metrics in predicting the words that people produce during a verbal

fluency task. For this reason, they claim that PageRank of a word could

be use in the design of, or in the model of, memory experiments. Con-

comitantly, taking inspiration from the process of clustering and switching

when retrieving concepts from memory, network scientists provided a new

kind of random walk over a graph as a Markov process – i.e. the switcher

random walk – (Goñi et al., 2010) [131] to generalize the exploration task

on a network.

In this vein and by following the assumption of a semantic network

navigated by a random walk (Abbott, Austerweil& Griffiths, 2015 [5]), we
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probed the navigation of concepts in terms of its Markov chain represen-

tation. The rationale behind this representation is given by a parallelism

between a random walker walking on a spatial network and a random mem-

ory retriever retrieving concepts from a network of concepts, i.e. from a

navigation of concepts on top of a network. As it often happens, here the

terms “random walk” and “Markov chain” are used interchangeably.

For each diagnosis and for the healthy controls we have estimated a

Markov chain, where each state is represented by a cluster of concepts,

previously defined through a clustering algorithm. The Markov chain is

represented by a directed graph encoding the semantic network where each

state represents a cluster of words, and the probability to transit from one

state to another is given by a transition matrix. Since we aim at charac-

terizing the exploration of concepts (at this point, at the macroscale), we

have to evaluate the dynamic of such an exploration on the Markov chain.

To this aim we consider the steady state distribution and the mean first

passage time matrix for each diagnosis. A unique steady-state probability

distribution it is guaranteed for any ergodic Markov chain. In order to

guarantee the ergodicity – satisfying the conditions of irreducibility and

aperiodicity – we modify the transition matrix by adding a damping effect

given by the Page Rank algorithm. In formulas, for each category (DEM,

MCI, healthy controls) we compute:

T̂ = αM̂ + (1 − α)
1

S
(A.1)

Where T̂ represents the new (modified) transition matrix, M̂ is the tran-

sition matrix estimated according to the frequency of words pronounced

by the subjects belonging to that specific category, α is the damping effect

and S is the total number of states of the Markov chain. By adding the

damping effect, we intend to model the navigation of concepts consider-

ing two main components governing the exploration dynamic: a) a word
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frequency-based component M̂ and b) a random component, given by the

random walk uniformly distributed component (1 − α) 1
S . In this way, the

second component acts as a sort of noise, introduced when modelling the

exploration of concepts, to avoid possible overfitting of the model to our

data. Relying on the parallelism between google search engine and memory

retrieval tasks, among all possible values between 0 and 1, the damping

factor is usually set at 0.85 (Brin and Page, 1998 [214], and Mihalcea, Ta-

rau, Figa, 2004 [197] in the field of semantic networks), and this is also the

value we arbitrary choose to modify the transition matrix, for each of the

three categories.

Curiously, in 1995, three years before Page Rank paper was published

by Brin and Page, two cognitive and linguistic scientist, Bradley Love and

Steven Sloman [252], proposed an algorithm to measure the features cen-

trality of a given node on a graph for human concepts (this is pointed out

also by Griffiths, Steyvers and Firl, 2007 [135]). Practically, their algo-

rithm was equivalent to the Page Rank. This last curiosity strengthens the

close relationship between the information retrieval processes within human

mind and the one of World Wide Web, pointing out that, not surprising,

these two different fields of study have proposed equivalent strategies to

meet the same purposes, independently.
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Appendix B

From the brain to the globe: the

changing world during COVID-19

pandemic

The period of my Ph.D. research has been signed by the COVID-19 pan-

demic. Leaving aside the challenging atmosphere generated by this un-

precedented worldwide event, at that time I felt an urgent desire to give

my contribution in advancing researches on this matter as a young complex

scientist.

In this regards, together with my colleague Sebastian Raimondo and

my supervisor Manlio De Domenico, we conducted a parallel work related

to the nexus between environmental conditions and the human activity,

during the lockdown in Northern Italy due to COVID-19 pandemic. This

work is currently in press at Complexity journal [231].

Our study aimed at unraveling causal relationships among 16 environ-

mental conditions and human activity variables, taking advantages from

the unprecedented setup offered by draconian countermeasures adopted for

the Italian lockdown.

Specifically, we capitalized on information theory, network science and

Bayesian inference to map the backbone of the complex interplay between
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meteorological and socio-economic variables. We have introduced a novel

information-theoretic method based on statistical divergence to identify

abrupt changes (tipping points) in the system dynamics, caused by a sud-

den intervention, such as the lockdown. Using this information on tipping

point, we build a counterfactual prediction of what would have happen to

the pollutant concentration without the intervention.

Our study enabled for testing sustainability policies. What we found

out is that, despite a measurable decrease in NO2 concentration due to

many human activities stop, locking down a region is insufficient to signif-

icantly reduce emissions. In this regard, we argued that policy strategies

more effective than lockdowns must be considered for pollution control and

climate change mitigation.
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