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Introduction

The present document aims at exploring the theoretical foundations of social phenomena through the approach of the field of Complex System science. Complex System science aims to study the phenomena that emerge as a consequence of the interactions between the constituents and, thus, cannot be understood by studying a singular, isolated component. The field has incorporated concepts and methods deriving from many areas, ranging from statistical physics and biology to economics and sociology, which, in a constant process of cross-fertilization, have given rise to new types of questions framed into the field of Complex Systems.

The study of interacting particle systems has, for a long time, been an essential subject of physics. The use of statistical methods has allowed for significant advances in this area by providing a bridge between the microscopic interactions and the large collective behaviour of the system. This success has motivated researchers to try a statistical approach to other subjects outside physics.

One of the complex interactions studied by this field of knowledge is human interactions. In that sense, from the field of Physics, this new scientific paradigm aims to approach society using the tools from statistical physics, based mainly on the symmetries of the interactions, dimensionalities of the systems and conserved quantities rather than on the individual characteristics. The application of the methods of statistical physics to social phenomena, where the interacting particles are now interacting human beings, has proven to be very fruitful in allowing for the understanding of many features of human behaviour.

This relatively new science is naturally an interdisciplinary field. In the age of massive data, this approach helps to understand which are the relevant variables to be considered, instead of just organizing data to generate outputs. The final goal is to uncover the origin of ubiquity at the different facets manifested by human-interacting particles by focusing on well-thought local rules among interacting particles, as well as, visualizations based on the relevant variables displayed by digital-human data, instead of being distracted by myriad details.

From the Physics community, what has been predominantly studied, regarding computational modelling within the field of Complex Systems, are order-disorder transitions:

Mono vs multi-cultures, segregated societies vs mixed ones, one dominant opinion vs diversity of them, etc. This approach has had some initial resistance by sociologists under the claim of being too simple. However, our daily actions are far from being too complex. Although each person has the theoretical opportunity to choose from many options, the available options are predetermined by an intricate set of social rules and manners, schedules, power and economic constraints, etc., which end up determining the usually available options. Understanding the laws that govern human activity is a great challenge for science as it may arguably be considered the most complex stochastic process in nature. Actually, the success of the statistical physics approaches to explain social data is currently attracting much interest, as demonstrated by the rapidly increasing number of publications in the field from both, natural and social scientists.

We could divide the field of Complex System science into two sub-branches: the dynamics of interactions and the topology of interactions. We have so far been focusing on the dynamic of interactions. The emerging field of Network Science is devoted to analyzing who is interacting with whom. The topology of those interactions gives new rich results to the dynamics of constituents. Network Science is an emerging field with its new concepts and significant implications for the field of Complex Systems. One of the chapters of this manuscript is naturally focused on it.

The structure of the manuscript has been built in parallel to my scientific path as an independent researcher. Some of the last claims are detailed and documented. Several of the main branches of the Complex Systems science are addressed, from modelling to data-driven studies, from dynamics to complex networks, and from one scale to free-scale social data, revealing signs of criticality, as a consequence of the divergence on the correlation length among real people. In the following, I will detail the structure of the manuscript after this introductory section.

After a brief definition of the concept of agent-based models, chapter 2 presents some of the most used social-related agent-based models (ABM) on simple topologies. Then, I present some cases of social-related ABM in comparison with real data.

Chapter 3 visits the role of the topology. The chapter starts with the definition of Network Science, complex topologies and some other core concepts within the field. Then, the chapter continues with developing some social-related ABM on complex topologies, and finishes with some significant results within the field of Network Science.

Chapter 4 explores Data-driven results. There, I present the emerging field of Big-Data, which aims, among others, to uncover which types of patterns regarding human nature are expressed by the data: regularities at a large scale as collective effects of the interaction among single individuals. As before, I start presenting the field, followed by some of the main results.

Chapter 5 targets signs of criticality in human behaviours. Here, concepts of Physics, specifically from the field of Statistical Mechanics, are determinant to uncover and understand the origin of such signs: self-similarity, power-laws distributions and ubiquity are some of the phenomena addressed in this chapter.

The last chapter, chapter 6, is devoted to present what is next and to express some remarks of my field of research. I detail some works in progress and projects for the incoming medium and long term. The idea is to give a flavour about the scientific path I plan, in order to illustrate the coherence of my scientific line of research.

Chapter 2

Agent-based models on simple topologies

Agent-based models

As a brief introduction to Agent-based models (ABM's), those are a class of computational models to simulate the process of (global) self-organisation in complex systems through the application of local interactions among the agents, which are the actors.

Hence, ABM's provide a bridge between the microscopic interactions among the constituents and the macroscopic collective behaviour of the systems. In such a way, it is possible to understand the emergent phenomena as a consequence of well-thought local rules between interacting particles. Among the most important precursors of the ABM's are the cellular automata. Those were the first agents created with the idea of analysing global emergence from local interactions. The fundamental difference with ABM's is that cellular automata are based on general rules over all the agents, without any dependence on their current state. While in ABM's, the general update rule depends on its current state compared with the state of other agents, being very often its neighbourhood.

Within the Physics community, the idea of the emergence of macro-behaviour as a consequence of the cooperative effects from the interactions among the constituents exists in Statistical Physics since the 1920s with the spin models. The particular characteristic is that those systems were created to simulate the phase transitions of ferromagnets in thermodynamic equilibrium, i.e., following the Boltzmann distribution.

In the first model created, the Ising Model (1925) [START_REF] Baxter | Exactly solved models in statistical mechanics[END_REF], each particle can be in only two states. Later on (1952), the Potts model was created with the same ferromagnetic interactions but allowing each particle to be in one of the q possible states [START_REF] Wu | The potts model[END_REF] (it is, then, a generalisation to the Ising model, which is equivalent to the particular case of q = 2).

Nowadays, ABM's are widely used in many scientific domains, including biology, finances and social science. It is worth mentioning that, far from mixing several dynamics on the agents, the local rules should be simple instructions. These are key ingredients that, whenever played by the microparticles, can give rise to the emergence of macro results.

Then, the effect of having several ingredients (interactions) could be studied whenever the role of adding each one is first understood on the same system. The idea behind ABM's is, thus, controlling and understanding the role of adding each micro-interaction concerning the global results, rather than designing complex agents and/or dynamics, with the final goal of turning several parameters to fit real data.

In this sense, the cornerstone to successfully creating ABM depends mainly on two primary strategies: on the one hand, an appropriate selection of the relevant variables and, on the other, a good visualisation/representation of the displayed phenomena, both related to the specific system being studied.

Agents in ABM's can be individuals or composed entities representing, for example, the population of a specimen in biological simulations or the residents of building in cities. The agent-based models that we will study in the present report will be the ones focused on understanding several aspects of social phenomena. In this case, agents usually represent people. They can be scalar or vectorial entities, and their states can be discrete or continuous, as we will see in the following sections.

Social-related Agent-Based Models (ABM's)

Starting from basic rules, ABM's seem to succeed in explaining several aspects of the complexity expressed by society [START_REF] Castellano | Statistical physics of social dynamics[END_REF][START_REF] Sîrbu | Opinion dynamics: Models, extensions and external effects[END_REF][START_REF] Bonabeau | Agent-based modeling: Methods and techniques for simulating human systems[END_REF]. Specifically, from Statistical Mechanics in Physics, phase transitions in spins and other systems were approached through local rules defined from theory and computational modelling with high precision. One crucial point to be noted here is that in transitions with critical behaviour, namely, the critical transitions, the divergence on the correlation length at the critical point causes significant simplifications on the thermodynamic functions. As a consequence, they take power-law shapes.

Inspired by the fact that power-laws functionalities have been found in several socialrelated data [START_REF] West | Scale : the universal laws of growth, innovation, sustainability, and the pace of life in organisms, cities, economies, and companies[END_REF], the possibility of finding critical transitions on social-related models is always presents in the physics literature from the Complex Systems community. (Outof-equilibrium) order-disorder transitions in the social context could be the emergence of a culture, the increasing dominance of a language, but also the formation of consensus (opinion dynamics), to give some examples.

The difference between the formation of cultures and opinions relies on the fact that cultures are a set of preferences on the different domains that characterise each individual, while the formation of opinions mainly refers to the change in one variable. In this sense, social-related ABM's can be divided into one-dimensional models, which have been mainly related to the formation of opinions, voting and formation of consensus; and vector or multi-dimensional models, which have been motivated to simulate the formation of cultures, taking advantage of the several components to represent the different dimensions where our cultures are embedded. Beyond those individual representations, the metapopulation framework also exists, where one node represents the proportion of several individuals with specific characteristics. In the following, I will explain several of those models. In all the cases, the system starts with uniformly random configurations, and the dynamics are applied until the system gets frozen, attaining its final absorbing state.

One-dimensional models

As a mathematical model, defining an opinion through a scalar variable could appear too reductive if we think of the complexity characterising each person. However, everyday life indicates that people are sometimes confronted with a limited number of positions on a specific issue, often as few as two: right/left, Windows/Linux, buying/selling, etc.

If we represent opinions by numbers, the challenge is finding an adequate set of mathematical rules to describe the mechanisms responsible for their evolution and changes. In the last decades, physicists have created many models for analysing opinion dynamics; we will focus on the models that have received more attention in the physics literature.

One-dimensional models have a natural division into discrete and continuous ones. The most basic and elegant discrete model is the Voter model. Only two possibilities are allowed on the Voter model, for example, s = ±1. In each dynamical time, two random connected nodes i and j are selected and agent i copies agent j. Starting from a disordered initial condition, the dynamic promotes order in the system. Studies on the time to converge to order showed that the model behaves as usual coarsening processes. The main result for this model is that its coarsening process leads to a complete consensus for the dimension d ≤ 2. While for d > 2, domains of opposite opinions coexist forever, and consensus could be attained only due to a large random fluctuation. Finally, when noise is added to the system, it remains disordered for any finite noise, [START_REF] Castellano | Statistical physics of social dynamics[END_REF].

Regarding continuous models, the most studied in the Physics literature are the boundedconfidence (BC) models, where the opinion takes continuous values, and the interaction depends on the closeness of opinions compared with a threshold, which is the parameter of the system representing society's tolerance.

One of the most emblematic dynamics is the Deffuant model ( [START_REF] Deffuant | Mixing beliefs among interacting agents[END_REF]), where pairs-wise interactions between randomly selected pairs of agents, i, j, take place only if at time t the difference between their opinions are smaller than a threshold, openness or tolerance, . Here t is a dynamical time that labels and orders the time steps of the iterative process.

Then, whenever |x i (t)x j (t)| < :

x i (t + 1) = x i (t) + µ[x j (t) + x i (t)],
(2.1)

x j (t + 1) = x j (t) + µ[x i (t) + x j (t)]. (2.2)
Namely, their opinions get closer. How much close is defined by the parameter µ([0, 1/2]), whose only role is to accelerate the convergence to the absorbing states. Then, on complete graphs, the number of final opinions can be approximated by 1/(2 ), indicating the allowed interaction distance and consequently, the number of clusters formation. The effect of extremism has been analysed on some slight variants [START_REF] Deffuant | How Can Extremism Prevail? a Study Based on the Relative Agreement Interaction Model[END_REF].

The second most important BC model is the Hegselmann-Krause (HK) model ( [START_REF] Hegselmann | Opinion dynamics and bounded confidence models, analysis and simulation[END_REF]). In this case, instead of pairwise interactions, each agent having an opinion x i interacts with all the neighbouring agents whose opinions lie in the range ]x i -, x i + [. In each dynamical step, the updated opinion of agent i is the average opinion of its compatible neighbours. As in the Deffuant model, the number of final opinion clusters decreases as increases, but the critical epsilon for achieving consensus is c = 0.2 on complete graphs.

Moreover, the effect of heterogeneity on the individual tolerance, i has been studied in [START_REF] Schawe | When open mindedness hinders consensus[END_REF], revealing highly complex and non-monotonous behaviour, with a re-entrant consensus phase in the region where fragmentation into multiple distinct opinions is expected for the homogeneous case.

Multi-dimensional models

By multi-dimensional systems, I will refer to systems constituted of vectorial agents, which are primarily used to model cultural interaction, as each component can represent a dimension of each person cultural trait. The celebrated Axelrod model has been historically a key prototype to analyse the dissemination of culture through simulations.

The model is based on two basic premises which seem to be fundamental in cultural dynamics. First, the tendency to interact preferentially with like-minded people (homophily). Secondly, the tendency of individuals to become more similar when they interact, often called social influence.

The original Axelrod model consists of agents represented by F-cultural vectors, aimed to model individuals' cultural attributes (for example, religion, political orientation, preferred sports, etc). The state of the i th agent is defined by a set of F cultural features represented by a vector

C i = (C i1 , C i2 , ..., C iF ). Each feature C ik of the agent i is first
randomly assigned with a uniform distribution of integers in the interval [1, q]. Those states are placed on the sites of two-dimensional arrays, where connected nodes are first neighbours. Then, the interaction is proportional to the overlap between neighbours, and it consists of matching a previously different component. In this way, order-disorder transitions have been analysed in terms of the internal variability, q.

The absorbent states of the Axelrod model are either full order or disorder. The model immediately attracted the attention of the physicist community because the orderdisorder transition is continuous for F = 2, while abrupt for F > 2, resembling second and first-order phase transitions, respectively [START_REF] Castellano | Nonequilibrium phase transition in a model for social influence[END_REF]. While the out-of-equilibrium nature of the model always drives the system to absorbent configurations, it is a fact that although society is not expected to be in thermodynamic equilibrium, frozen configurations never happen either. The way of how disordered final states happen in the dynamics is because the system freezes from the very beginning, instead of being an underlying after-effect of the dynamics. They are rather a consequence of two strong assumptions. That dissimilar people never interact, and that society can be in the initial condition of the system, namely, each individual in uniformed random states. Naturally, both assumptions carry the system to freeze as the internal variability increases.

Following the suggestion given by the same Axelrod in the celebrated paper where the model was introduced [START_REF] Axelrod | The dissemination of culture[END_REF], the effect of noise has been studied on the Axelrod model.

The role of cultural drift was firstly analysed by Klemm et al. In [START_REF] Klemm | Global culture: A noise-induced transition in finite systems[END_REF], the authors showed that the possibility of spontaneous random changes on the individuals decreases the importance of the internal variability, q, on the order-disorder transitions. The model is thus driven by noise-induced order-disorder transitions. Low noise intensity drives the system to full order and a threshold value of noise intensity sets the difference for the system to get frozen only on disordered configurations. Naturally, a small amount of spontaneous fluctuations allows the system to explore its sample space and then to achieve its natural condition of order, as postulated by its two main mechanisms. On the contrary, for a high amount of noise, strong fluctuations compete very strong against the two Axelrod's mechanics, not allowing the order to emerge.

The way how noise, in the shape of continuous random perturbations, was analysed by Klemm et al. was introducing a probability rate to randomly twist a feature of one of the agents at the time of considering pairwise interactions. The authors showed that the pseudo-critical value of the noise rate for the order-disorder transitions scales with the system size as (N lnN ) -1 for two-dimensional systems, and then disordered frozen states disappear at the thermodynamic limit (N → ∞). The effect of the external noise has been further considered on different versions of the Axelrod model, attaining the same convergence to ordering, and confirming that disordered states on dynamics under the two main premises of the Axelrod model are mere consequences of finite-size effects in the presence of external noise [START_REF] Flache | What sustains cultural diversity and what undermines it? axelrod and beyond[END_REF][START_REF] De | Effects of noise and confidence thresholds in nominal and metric axelrod dynamics of social influence[END_REF].

Considering spontaneous fluctuations as external noise is a natural mainstream modellingsetting on social-related agent-based models (ABM's), in correspondence to the temperature on its precursors spin systems. The notion of spontaneous random decisions is actually a strong assumption when they are human beings what is being considered, though. ABM's should be kept to capture only the essential aspects of the system they aim at reproducing; however, society has intrinsic rather than external ones. In [START_REF] Perrier | The consequences of hesitation: Axelrod model with intrinsic noise[END_REF],

Hernández et al., we show that fluctuations coupled to the dynamics give a completely different scenario from the ones reached when considering random decisions, namely, external noise.

Our co-evolutionary approach proposes an intrinsic mechanism for individual hesitation.

The idea behind is that the larger the dissimilarity between two individuals, the most likely they are to revert an existing agreement in a particular feature. Surprisingly, our humble ingredient, in the technical shape of a dynamical intrinsic noise, destroys the convergence to order, aversely to the effect that external fixed noise has been systematically

found in the Axelrod model.

Some previous studies integrated the idea of a dynamical noise in order to couple the dynamics of nodes with that of the network. For example, in [START_REF] Vazquez | Time-scale competition leading to fragmentation and recombination transitions in the coevolution of network and states[END_REF] Vazquez et al. consider that agents are allowed to disconnect from incompatible neighbours (those with whom they differ in all the features) and reconnect to a randomly chosen agent. Their results

show that homogeneity is reached for larger Q values than for the standard Axelrod model. Moreover, for high Q values, a dynamical phase where the system never freezes is observed. Gracia Lazaro et al. [START_REF] Gracia-Lázaro | Coevolutionary network approach to cultural dynamics controlled by intolerance[END_REF] generalized the model by considering that two agents may disconnect if the fraction of features where they differ exceeds the value of an external parameter representing the tolerance level of the society. The phase diagram shows a non-monotonic dependence of the critical value of the traits Q c with the tolerance threshold. Specifically, they show that both, very tolerant but also very intolerant societies, reach consensus at high Q c . However in the latter, homogenization is reached only after a long transient where the system remains in a fragmented state.

Nonetheless, considering that agents are likely to destroy a social link just due to an occasional disagreement is as strong as considering that an agreement on a particular subject will last forever once it had occurred. Therefore, in [START_REF] Perrier | The consequences of hesitation: Axelrod model with intrinsic noise[END_REF] we study a modification of the Axelrod's model that situates in between these two extreme simplifications by modelling agents that are allowed to hesitate. We show that when the intrinsic noise affects the agents' variables, the system's behaviour is also different from the case when it affects the network of their interactions.

The time-discrete dynamics is defined by the following steps:

At random, pick a site i (denoted active site) and one of its four nearest neighbors j.

Compute the overlap, the number of features over which both sites have the same

traits: (i, j) = F f =1 δ(σ i f , σ j f )
, where δ is the Kronecker delta.

If 0 < (i, j) < F (the two sites neither fully disagree nor fully agree), the bond is said to be active.

If the bond is inactive, we just skip and restart the procedure with another site i.

If the bond is active, pick a component σ i f at random among the F , with probability 1 F . This picking procedure differs from the original Axelrod model where the component would be chosen at random out of the set of non-equal features G = {k ∈ N|σ i k = σ j k }. We denote this the full set variant. Two different interaction processes can take place at this point: agreement (as per the original Axelrod model) or disagreement (intrinsic-noise driven).

-Agreement: if σ f i = σ f j (the two agents disagree on the value for this feature). Then, the usual Axelrod procedure takes place. The agents interact with probability ω i,j = (i,j) F and the interaction consists in setting the feature of the active agent to the neighbor's trait value.

-Disagreement: due to the full set variant used here, a choice where σ f i = σ f j (the two agents already agree on the value for this feature) is possible. Then, the active agent may revert the agreement previously obtained with a probability proportional to the disagreement with the neighbour, χ × (1ω i,j ),

where the proportionality constant χ ∈ [0, 1] modulates the intensity of the disagreement. By disagreement, we mean that the active agent replaces the component σ f i by a trait randomly chosen between 1 and Q, with uniform probability. Notice that, once the coincident feature has been chosen, the greater the number of different components, the higher the probability that the active agent destroys a previous agreement. This probability is called intrinsic noise because it is coupled to the dynamics of the system, instead of being determined only by an external parameter as in the cultural drift model [START_REF] Klemm | Global culture: A noise-induced transition in finite systems[END_REF] Our main results is that, with the exception of the region of the phase diagram with either very large Q with respect to the Q c of the standard Axelrod model, or high noise intensity, where the system trivially freezes in a disordered phase, the absorbent states of the original Axelrod model are not robust face to the introduction of intrinsic noise, as even relatively small amounts of it prevent the system from converging to a steady state, leading to a dynamical phase where the system keeps trying to grow clusters of similar agents, that get continuously destroyed, even for Q < Q c .

Finite-size effects affecting the convergence times go exponentially with the noise intensity as τ = e k(N )χ+c with the coefficient k ≈ √ N . The fact that the active agent can disagree with a neighbour, in a previously agreed feature, prevents the deactivation of links, and as the probability of disagreement is larger when the overlap is smaller, this mechanism is stronger at the beginning of the dynamics. Surprisingly, even the extremely low probabilities given by low values of the intensity χ are still enough to prevent both the homogeneous and the fragmented phases to set in.

As a conclusion of this work, it is interesting to notice that in the thermodynamic limit, a finite but fixed amount of external noise helps the Axelrod model to find its ordered state, removing the barriers imposed by the strong assumption of non-interaction in case of zero overlapping. However, any finite intrinsic noise proportional to the non-overlapping keeps the system exploring its states space. The initial homogeneous disorder never allows the system to create clusters, that if created, would diminish the effect of intrinsic noise, which would decrease and eventually tend to zero. It is interesting, above all, if we think that society is always in a dynamic state, and although it is fragmented into clusters, actually disagreements are conditioned by our interactions rather than by random fluctuations.

Meta Population framework

The idea of considering a population rather than one person in each node has not been very studied in the scientific literature, as the local rules in social-related models are naturally related to personal choices. However, there exist some approaches simulating spatial phenomena, for example, spatial segregation. Here, we will see one interesting case.

In the year 1971, motivated by the segregation at his department, at his neighbourhood and at his country, Tomas Schelling published a paper showing that the minimal conscious or unconscious preference in our individual decisions for our neighbourhood lead to collective spatial separation or sorting, namely spatial segregation [START_REF] Thomas | Dynamic models of segregation[END_REF].

People tend to move to reduce their uneasiness and increase their personal utility computed across many dimensions, thus, the formation of strongly separated groups or even ghettos is a self-organised emergent process of our societies. In the original works by Schelling, a population composed by two kinds of agents, is assumed to live on a regular network where each node can either host a single agent or remain empty. Agents are happy, and thus do not move, if they are surrounded by sufficiently many agents of the same kind, otherwise they are unhappy and move to another location. The model is specified though two parameters: the population density of agents on the lattice, ρ , and the tolerance, ε , the parameter responsible for the willingness to move or to stay in a certain site.

The larger ε, the more tolerant is the agent by accepting a large fraction of agents different from her. This modelling framework displays a counterintuitive but widely observed outcome: a well-integrated society can evolve into a rather segregated one even if, at individual level, nobody strictly prefers this final outcome (namely for quite low tolerance values ε ≤ ε c = 1/3). Even when individuals are quite tolerant to neighbours of their opposite kind, the basic principle of the model, allowing the agents to relocate themselves in order to optimize their local utility, will cause the emergence of spatial segregation patterns as a global aggregated phenomenon not directly designed from the individual choices.

Besides its simplicity, the model exhibits a very rich phenomenology; for instance, scholars have been interested in understanding the presence of phase transitions in the final distribution of agents (segregation vs well mixed), the role of the density of agents and thus of the density of empty spaces (emptiness), and the dynamics of the separation of clusters composed by the same kind of agents (interface growth) (see [START_REF] Pancs | Schelling's spatial proximity model of segregation revisited[END_REF] for a review)

The Schelling model can be improved in realism, by adapting it to a society living in urban areas, and considering a metapopulation scheme where a node can host more than one agent. That approach has been already introduced in [START_REF] Durrett | Exact solution for a metapopulation version of schelling's model[END_REF], where agent utility is computed using single cell information, namely, the number of agents in a given site.

This particular choice, although very useful in order to have an analytical treatment, does not allow to obtain global spatial structures. Motivated by an urban perspective, in Gargiulo et al., we analyse an utility function considering not only the local neighborhood (inside the cell) but also its spatial proximity. We show that taking both proximities leads to new dynamical properties in the system, like the emergence of strong heterogeneity in cells' population and the complete segregation inside each cell. The combination of these peculiar emerging phenomena designs the formation of a complex urban shape. Extremely dense zones and (almost) empty areas coexist, as in real urban scenarios.

The basic feature of the metapopulation version of the Schelling model analyzed in this work is the fact that the dynamic takes place on a two-dimensional (2D) lattice, composed by N = D 2 cells, with periodic boundary conditions where each cell can be occupied by at most L agents (carrying capacity) at any given time (for a pictorial representation, see Fig. 2.1). For the sake of simplicity, we assume a constant carrying capacity for each cell. The cells can ideally represent the districts of a city, while links stand for the connections among these urban structures, for instance, streets and squares.

One time step is defined as the random selection and the (eventual) relocation of an agent. The simulation update rules are defined as follows:

An agent is randomly selected, and her utility f 1 is computed, using the information from her current location.

The "happiness" or not of the agent (intended as a binary choice) at the current location is decided. As in the original Schelling model, agents are "happy" if their utility is large enough with respect to a given tolerance threshold, ε ∈ (0, 1), hereby assumed to be the same for all agents of both kinds. 
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Hence if f

A 1,i ≥ 1 -ε ⇒ agent A is happy at cell i. (2.3) 
Unhappy agents move by choosing uniformly at random another not completely occupied cell k, i.e. such that

n A k + n B k < L
The main result of this work is the population heterogeneity as a consequence of the inner and spatial meta-population Schelling dynamics. In Fig. 2.2B we show the asymptotic cells population distribution for different values of the tolerance. For high values of the tolerance, the cells-occupancy do not change from the initialisation with small fluctuation around the average value n = 10. For low values of the tolerance, the variance of the distribution significantly increases. We could argue that the shape of the distribution is correlated with the time the system spends in the quasi-stationary non-segregated state: the longer this time, the more the population distribution across cells moves from a Poissonian distribution (Fig. 2.2B) to a power-law shape as ε → 0 (see Fig. 2.2C).

The main outcome of our model is the spontaneous emergence, for low values of the tolerance threshold, of heterogeneously populated cells without any exogenous preferential attachment mechanism (starting from a uniform distribution). Our proposed dynamics can ideally mimic the formation of an urban area, characterized by heterogeneous densities: highly dense zones with high buildings, medium residential zones with few inhabitants, and empty areas, like working districts, for example.

Social-related ABM compared with real data

The extensive monitoring of people's daily activities, in particular their online actions, yields a large amount of information which can help finding some properties of macrosystems, regardless of the complex individual behaviour of each particle, or, in the case of social systems, of each human being [START_REF] Conte | On agent-based modeling and computational social science[END_REF]. However, trying to compare real scenarios with ABM's is a big challenge. The most successful cases are related to patterns of interactions, which will be mostly addressed in the next chapter.

Here, I will explain one successful case related to the voluntary process of editing Wikipedia (WP). WP is a freely repertory allowing scientists to analyze patterns of human digital data. We will see that real data was able to be reproduced based on three main ingredients which appear to be underlying human nature.

Wikipedia editing dynamics

The high quality of the WP encyclopedia is the result of a collective effort by millions of volunteers, in an apparently disorganized process of editing, acceptance, and rejection, which works, in fact, as an effective and robust peer review procedure.

In agreement with the concept of universality, in the statistical physics framework, in [START_REF] Gandica | Wikipedia editing dynamics[END_REF] we propose a statistical approach for the probability of each editor to interact with the WP page, based on three principles already shown to be essential in human interaction.

We use the preferential attachment mechanism to represent the strong tendency of users to improve and defend their previous contributions [START_REF] Halfaker | A jury of your peers[END_REF]. This ownership feeling competes with the authority of users that are experts on the page topic, which is expressed in our model by an increased value of a parameter that we associate to each editor and that is usually called fitness [START_REF] Kimmons | Understanding collaboration in wikipedia[END_REF][START_REF] Bianconi | Competition and multiscaling in evolving networks[END_REF][START_REF] Dorogovtsev | Scaling properties of scale-free evolving networks: Continuous approach[END_REF]. Fitness may also describe the different drive that different persons have to push forward their opinions. Finally, an ageing factor [START_REF] Litvak | A likelihood-based framework for the analysis of discussion threads[END_REF][START_REF] Dorogovtsev | Evolution of networks with aging of sites[END_REF] is proposed, associating the time-dependent behaviour to an initial high motivation to edit, followed by a tendency to decrease the edition activity by theme completeness, personal saturation, blockage [START_REF] Javanmardi | Modeling user reputation in wikis[END_REF] and/or any other possible personal reason.

As real data we used the ones obtained from the January 2010 dump of the English WP, containing 4.64 million pages, accessible at the WikiWarMonitor web page (http://wwm.phy.bme.hu/). The data sample used, a "light dump", contains a reduced information listing of all the page edits (as the edition number and the editor identification). Only pages with more than 2000 editions were analysed. They were divided into five ranges of R (the ratio between the number of different editors involved in the editing of one page and the total number of editions of that page), from 0.1 to 0.6, in bins of 0.1.

Edition probability

It was argued in a previous paper [START_REF] Gandica | The dynamic nature of conflict in wikipedia[END_REF], that one of the main characteristics of WP edition is an approximately constant rate, R, of incoming new editors, as illustrated in Fig. 2.3.

This figure shows the editor's activity, by plotting a symbol for each edition of the article made by each specific editor, where editors are numbered according to the chronological order of their debut in the article.

The real WP page Jesus (left) is compared with a simulation (right). The plot for the real page shows clearly an initial intensive activity for each editor, as can be seen by the high density of symbols near the diagonal (line that corresponds to the first edition made by each editor), followed, for most editors, by a clear decay. This indicates that most editors have an initial high motivation to edit which, in time, just fades away. However, it is also clear from the thick long horizontal lines in the same plot, that there are some super-editors (editors with far more editions than the average) who actually manage to maintain the editing drive. It seems clear that we need three ingredients, to allow for a good qualitative description of this behaviour. Preferential attachment is surely an essential part [START_REF] Barabási | Emergence of scaling in random networks[END_REF]. The presence of hubs (the super-editors in WP edition) in a network is a common signature for preferential attachment. A fitness function is also required to enhance the edition probability of some thereafter super-editors. Preferential attachment alone cannot explain the super-editor distribution in Fig. 2.3, as all super-editors would then enter the edition process very early. Fitness allows for the possibility of super-editors to start at any later time. Finally, we must also include an ageing function to decrease the editing probability as time progresses. This effect is displayed in Fig. 2.3 by the dampening of most editors' edition frequency as time elapses.

Several simulations of the WP editing dynamics were performed with all these ingredients, until finding the suitable functionalities for the Fitness and the ageing effect.

Computer simulations were performed starting with one editor and the choice of a value of R (rate of incoming new editors). At each dynamical step, e, a new editor comes in and edits the page for the first time with probability R. Then, at each time step, an old editor E i will edit the article with probability 1 -R. The probability for choosing a particular editor E i among all the old editors will be:

Π i = k(e i , e -1)x i ε -α i j k(e j , e -1)x j ε -α j (2.4)
where x j is the fitness parameter of the editor who started at e j , which is initially chosen following the power law mentioned above, and is maintained during the whole run. The sum in the denominator is over all editors who have edited the article before edition e.

The qualitative agreement between real data and simulation is good for all the ranges of R, as shown in 2.4, considering the reduced number of ingredients and parameters used.

Then, we showed that the process of editing WP, far from being random, is instead well reproduced in terms of previous activity, capability to edit, and an aging effect. By using an agent-based model, we successfully reproduced the distribution of the number of edits per, proposing that the essential ingredients for the probabilistic function are preferential attachment, a power law aging function, and an editor's random fitness, also following a power law distribution.

Conclusions

The present chapter was framed on Agent-based models (ABM's): definitions, brief history and fundamental characteristics. Then, I focused on the most used agent-based models to analyze social interaction. I divided the models according to their vectorial or scalar nature and explained the main existing prototypes. At this point, I have to say that I worked on some others articles framed into this area; however, I did not mention them because they were performed during my PhD studies.

Here, I only explain two works dealing with a vectorial model and a metapopulation one.

Then, the chapter continues with a comparison of social-related models with real data. This is a difficult challenge given the theoretical nature of those models. However, here I presented one of the few successful approaches.

My more important take-home message related to ABM's, is the point of understanding the effect of each simple ingredient on the macro-behaviour instead of grouping several parameters and fixing them to fit the data, which is sometimes the approach used in the literature. What is the problem with this last approach? The fact that different combinations of the values on the parameters could lead to the same result. Then, we will never know which is the most convenient scenario if we do not understand the effect of each parameter. Another problem is that given the non-linear nature of those models, there could be an unexplored space of parameters if, again, researchers do not understand the effect of each parameter on the system.

Networks Science is the scientific field that studies the pattern of connections among entities. Those entities are usually called nodes or vertices, and there exists an edge connecting them whenever they interact. Examples include friendship, social-virtual networks, telephone calls, followers or retweets on Twitter; it applies to any system able to be simplified by a representation that reduces it to an abstract structure capturing the basics of connection patterns [START_REF] Dorogovtsev | Evolution of Networks[END_REF].

Several fields have contributed to the theories and methodologies defining that new science nowadays. The initial theories came from Graph Theory in Mathematics. Later on, the field has been enriched from other fields of knowledge like Statistical Mechanics from Physics, Data Mining and Information Visualization from Computer Science, Inferential

Modeling from Statistics, Social Structure from Sociology, to mention some.

From the field of Physics, the initial research focused on describing different network topologies. In the year 1998, by an empirical-mathematical approach, Duncan Watts and Steven Strogatz introduced the currently called small-world networks [START_REF] Watts | Collective dynamics of 'small-world' networks[END_REF], inspired by the small-world experiment performed by Stanley Milgram in the late 60's. The main characteristic of those networks is that the averaged minimal distance between each pair of nodes of the whole network grows proportionally to the logarithm of the number of nodes N (as in random networks). In contrast, the clustering coefficient (number of triangles) remain high (as in regular networks with connectivity > 2). A year later, Albert-László Barabási and Reka Albert developed another important type of network in Network Science, the scale-free one [START_REF] Barabási | Emergence of scaling in random networks[END_REF]. In those networks, the fraction P(k) of nodes having k connections to other nodes (for large values of k) follows a power-law with an exponent γ, 2 < γ < 3. These two crucial discoveries by physicists give an essential boost to the then-emerging field of Network Science.

The representation of the networks can be either undirected or considering the direction of the interaction, as it is not the same to consider that a message has been transmitted between two people than representing who transmitted that message to whom. The networks representation can also consider the weight to consider heterogeneity on the frequency of the interactions. Whether analysing the directionality and weight of the networks enrich the analysis of the networks strongly depends on what is studied on those networks, see [START_REF] Boccaletti | Complex networks: Structure and dynamics[END_REF] for a review.

Nowadays, the field has evolved to consider temporal connectivity beyond aggregated ones. This approach is helpful to deal with dynamical processes, contagious, heterogeneity on the temporal patterns, among others [START_REF] Holme | Temporal Networks[END_REF][START_REF] Masuda | A guide to temporal networks[END_REF][START_REF] Mukherjee | Dynamics On and Of Complex Networks[END_REF][START_REF] Peruani | Advances in the theory of complex networks[END_REF]. On the other hand, high-order approaches also consider memory on the connectivity instead of just instantaneous pairwise interactions [START_REF] Lambiotte | From networks to optimal higher-order models of complex systems[END_REF][START_REF] Alvarez-Rodriguez | Evolutionary dynamics of higher-order interactions in social networks[END_REF]. Some other important efforts go in the direction of considering multiple subsystems of the whole network by means of several layers of connectivity [START_REF] Kivela | Multilayer networks[END_REF]. For example, the same representation of multilayers can be useful to represent users-supply-energy. The two-layer multiplex network representing the layer of social interactions among customers and the power-grid layer connecting the households, as studied by Lacopini et al. [START_REF] Iacopini | Multilayer modeling of adoption dynamics in energy demand management[END_REF].

A considerable portion of the scientific literature has been devoted to the performance of community detection [START_REF] Mark Ej Newman | Communities, modules and large-scale structure in networks[END_REF][START_REF] Newman | Networks : an introduction[END_REF]. That is the grouping of nodes in terms of more interactions compared to all interactions in the system. There are several ways to cluster the entire network into communities, and the effect of those methodologies on aggregated data will be considered in one of the following subsections. Another sub-section is focused on centrality metrics, which is also at the core of Network Science.

First, the next section addresses the effect of complex topologies (complex networks) on ABM's, which has a key role in limiting or promoting interactions between some nodes.

However, on the Deffuant model, it was found that for > c = 1/2, all the agents arrive to have the same opinion, independently on the topology (complete graphs, regular lattices, random graphs, and scale-free networks) [START_REF] Fortunato | Universality of the threshold for complete consensus for the opinion dynamics of deffuant et al[END_REF]. For the Krause-Hegselmann In a more recent work, Schawe & Hernández, et al. have shown that a different order parameter was able to reveal non-trivial effects of the network topology on the K-H model that was overlooked before. In [START_REF] Schawe | When network bridges foster consensus. bounded confidence models in networked societies[END_REF], the authors show that for uniform random graphs or scale-free networks, the threshold seems to vanish in the thermodynamic limit, to give an example.

Effect of the topology on segregation patterns

As already discussed in the previous chapter, the Schelling model has been created

to study segregation patterns. In Schelling's words, people get separated along many lines and many ways, but the pattern formation regarding this separation, has strong connection with how different cultures define their satisfaction, in terms of their daily activity and living constraints. For instance, for families whose children play outside or love having their daily commercial life surrounding their houses, their neighbourhood is vital. On the other hand, if we consider cities, where people activity is largely restricted to the buildings where they live or work, then the individual's relocation decisions depend more on the composition of the fully-connected building than on the neighbourhood.

Building on the previous remark, in [START_REF] Gandica | Can topology reshape segregation patterns?[END_REF] we consider a metapopulation Schelling model where the underlying network exhibits a complex topology, and we were interested in understanding how such heterogeneity of connectivity changes the model outcomes with respect to the regular lattice previously studied.

We used the same equation 2.3 to define the (eventual) random relocation of an agent accordingly to her happiness at the current place. We considered four topologies: Lattices, Small World networks, Random Networks and the Scale-free topologies.

Our study yielded two main results. First, we found out that neither a complex network topology nor the network size changes drastically the qualitative system behaviour and that the transition threshold leading to segregated states is = 0.5. Thus, it results to be a universal parameter of the Schelling models.

The second main consequence of the complex topology is related to the time evolution of the borders between the segregation clusters, also named interface and defined as the set of nodes i and j such that

n A i = n A j , n B i = n B j and (n A i -n B i )(n A j -n B j ) ≤ 0.
Generically speaking, the driving force behind coarsening is the surface tension, aiming to minimise the interface between domains as a consequence of any dynamics that promotes ordering; a similar mechanism could be acting in social systems [START_REF] Castellano | Statistical physics of social dynamics[END_REF], and in this framework the Shelling model is not an exception [START_REF] Dall | Statistical physics of the schelling model of segregation[END_REF][START_REF] Vinkovic | A physical analogue of the schelling model[END_REF]. In [START_REF] Dall | Statistical physics of the schelling model of segregation[END_REF] authors have reported results concerning a coarsening process with the typical size of clusters growth following the law t -1/2 , namely a universal power-law exponent independent of ε. One expects, however, that this value could not describe the coarsening process in the metapopulation framework. In a previous work, we found out that for the metapopulation Schelling model on 2D regular lattices, this critical exponent achieves different values [START_REF] Gargiulo | Emergent dense suburbs in a schelling metapopulation model: A simulation approach[END_REF]. For the global separation process to take place, some local processes inside each node should happen. This coarsening inside the coarsening could lead to smaller exponents. In this work, we numerically found that the dynamics upon regular lattice provides a similar exponent -0.45 ± 0.04 for the ε = 0.4 and -0.48 ± 0.03 for ε = 0.5 (see Fig. 3.1), while for ε = 0.6 something interesting happens; as a consequence of the larger value of the tolerance the system falls into a metastable state characterised by the presence of many nodes each one with its own majority state where agents of both kinds do coexist. After this transient, the agents present in the minority group inside these clusters decide to emigrate, driving the system to the final state characterised by clusters of only Red or Blue agents, separated by the remaining unidimensional clusters of mixed populations.

The convergence time in this case is longer for ε = 0.6, leading to a scaling for the interface growth of the form t z with z = -0.21 ± 0.02 (see Fig. 3.1).

On the other hand, a completely different mechanism occurs for lower values of ε ∼ 0.3.

In this case, the critical exponent results to be equal to -0.98 ± 0.21, we suggest that this behaviour can be due to the long time during which the system remains in what we have called a quasistationary state. Observe that a similar exponent has been previously found in late stages of growth in concentrated non-dissipative systems [START_REF] Siggia | Late stages of spinodal decomposition in binary mixtures[END_REF]. During the quasistationary state the clusters have already been formed and the dynamics is devoted to the local arrangement of the agents to build the towers.

The natural question now is if the above coarsening processes are robust to changes of topology, the latter being able to change the coarsening time once only one agent is allowed per site. Our results suggest that, in the metapopulation setting, only the late-stage phase (low values of ε) is robust over the change of topology as we show in Fig. 3.1, where we report results concerning the growth of the interface in the case of 2D lattice, random (ER) and scale-free (BA) networks. For large values of ε, associated to faster evolution to the frozen state, the topology has an impact to the typical scale of the cluster coarsening growth, which thus results different in complex networks with respect to 2D lattice.

Effect of Scale Free networks with community structures topologies on the bounded confidence Deffuant model

Motivated by understanding the emergence of strong controversial issues in modern societies, in [START_REF] Gargiulo | The role of homophily in the emergence of opinion controversies[END_REF] we addressed the commonly diffused idea that the increasing of homophily in social networks, due to the modern ICT, can be a driving force for opinion polarization.

Online social networks amplify the homophily principle, a well-known tendency supported by several studies in social psychology ( [START_REF] Lazarsfeld | Friendship as a social process: A substantive and methodological analysis[END_REF]), defined as the individual tendency to interact preferentially with people perceived as similar. Several authors propose, therefore, that this mechanism of network formation based on homophily directly generates isolated echo chambers where the information flows remain trapped ( [START_REF] Conover | Political polarization on twitter[END_REF], [START_REF] Del Vicario | Echo chambers in the age of misinformation[END_REF]).

However, all these papers mostly deal with the observation of the opinion flows at a quite initial stage of the opinion formation process: using microblogging data, we can easily observe how information spreads among the users, but it is difficult to track, on long time scales, if and how single users change their opinions.

In our study, we investigate the process of opinion formation in an homophilous environment on the long term, using an ad-hoc simulation framework. First, we focus on the network morphogenesis, where the local rules for peer selection are based on homophily preferences. We show which are the basic topological properties of these network structures and, in particular, that these local rules, based on opinion, automatically generate the emergence of topological communities in the society. This first result is significant by itself since only few existing models are able to reproduce the emergence of the structural partitions that characterize real social networks, using few and essential ingredients. Then, secondly, we investigated the opinion formation processes (in particular, the Deffuant BC model (DW), where the opinion evolution is based on peer interactions) on networks displaying homophily. Our main result was that, on the stable final configurations, the contrary is true: networking based on homophily promotes consensus, due to the interplay of the dynamics inside and between the community structures.

The Network Morphogenesis

We first propose a growing network model allowing to fine tune the homophily level. The growing network approach for network morphogenesis is a dynamical process where at each time step new nodes and new links enter the network and/or old links are canceled or rewired. We will consider the simplest case where at each time step a single node is added to the network with a set of associated links to the pre-existing nodes. The probability that the new node N gets connected to the pre-existing node i,

Π N →i ∼ ϕ N (i)
contains the selected mechanism for network growth. The fitness function ϕ N (i), associated to each pre-existing node, represents how attractive is a pre-existing node i, for the new node N , to establish a link.

It is well known that a fitness function based on the degree (k i ) of the pre-existing nodes ϕ N (i) = k i , namely a situation where a node with a large connectivity (measured as its degree) has a larger chance to attract new links, gives the preferential attachment mechanism generating scale free networks with a power-law degree distribution, hereby named BA-networks, ( [START_REF] Barabasi | Statistical mechanics of complex network[END_REF]). To include homophily in the morphogenesis without forgetting the connectivity issue, in our setup, we construct the fitness function ϕ N (i) so that the new node has a preference to get connected both to high degree nodes and with nodes with similar opinion:

ϕ N (i) = k i exp(-β|θ N -θ i |), (3.1) 
where k i is the degree of the ancient node i, θ i its opinion, θ N the opinion of the new node and β a coefficient tuning the homophily effect.

Let us note that when β = 0 the growing mechanism follows the classical preferential attachment, leading to the usual Barabasi-Albert network, with power-law degree distribution P (k) ∼ k -3 . When β = 0 the homophily comes into play and a competition between the preferential degree attachment and the opinion similarity takes place. In the limit β → ∞ only homophily matters.

Due to the presence of the connectivity in the fitness function ϕ N (i) (Eq. 3.1), the final degrees of the network are distributed for a large range, as in the original BA model (β = 0), on a power-law distribution. Increasing β, the homophily mechanism leads to a cutoff in the distribution, decreasing the maximum value of degree (figure 3.2-A).

In figure 3.2-B we show the average opinion distance between connected nodes. The opinion similarity between connected nodes increases extremely fast as the homophily parameter β is switched on. We used the Louvain algorithm ( [START_REF] Vincent D Blondel | Fast unfolding of communities in large networks[END_REF] to identify community structures. The goodness of a partition is measured by the modularity (Q), a function comparing the concentration of edges within communities, in the network, with a rewired network with a random distribution of links (obtained with the configuration model). Large values of the modularity (Q → 1) signify that the community structure is highly significant, namely the fraction of links within the community largely exceed the fraction of links between the same nodes in a random configuration.

The best partition is the configuration that maximize modularity. At the same time, if the community structure is not a significant marker of a network, modularity remains low also for the best partition. In figure 3.3 we display the modularity measure for the best partition of the network, as a function of the homophily parameter β. Modularity monotonically increases with β, implying that the presence of communities is a natural emergent effect of the homophily preference in network morphogenesis.

In the lower plots A1-4 of figure 3.3 we present a network visualization for different values of the homophily parameter. The used visualization layout has a repulsive force to push away disconnected nodes and a spring-like force attracting connected node. The result of this visualization algorithm is the spatial separation of the network communities:

when the community structure is significant few connections (represented by the large black lines in the plot) exist between the communities that will be therefore pushed away among them, while the large number of links inside the communities will spatially group the nodes of the same community. We can observe that for the BA network (β = 0) communities are not visible, while a more and more structured shape appear as homophily is switched on. Notice that the communities are largely uniform in term of opinion. At the same time links exist between all the communities. This factor is central for understanding the opinion propagation dynamics that will be described in the next section.

In the upper plots A1-4 of figure 3.3 we show the agents opinions inside each community.

Each line in the plots represents a community, ranked from the largest (on the bottom) to the smaller (on the top). We observe that for the BA network the opinions are randomly distributed in all the communities and the average opinions of the communities coincide with the center of the opinion interval. When the homophily is present the communities specialize: their average opinion moves from the center. Largest it the value of β smaller is the dispersion of the opinions around the average opinion of the community.

The model: Opinion Dynamics

Several different mechanisms can drive opinion formation. In peer interactions two main factors have been observed as fundamental forces for mutual influence. The first one is conformity, a mechanism due to the psychological need to reduce conflict among peers that consists in the reduction of opinion distances after an opinion exchange. The second one is the confirmation bias that is the selective filtering of opinions too far from ours. The two bounded confidence (BC) models explained in section 2.2.1 consider the two mechanisms mentioned above. Here, we used the Deffuant model [START_REF] Deffuant | Mixing beliefs among interacting agents[END_REF]), then using the updated rules 2.2. Notice that we use the bound parameter 2 to be consistent with the previous works on BC, where the opinion interval is in [0, 1] while in our case it is [START_REF] Baxter | Exactly solved models in statistical mechanics[END_REF][START_REF] Baxter | Exactly solved models in statistical mechanics[END_REF].

In the following we will study how the parameter β, tuning the homophily level in networks, can influence the outcome of the BC model. Namely we will address the question: Does a larger homophily in the network structure implies the formation of opinion bubbles? In figure 3.4 we show that the answer to the question is clearly negative and that, on the opposite, a large homophily reduce the existence of radical issues.

In figure 3.4A we plot the fraction of replicas ending up to consensus for different values of the homophily parameter. For β = 0 (Barabasi-Albert network), we observe the transition at ε c = 0.5 as predicted by [START_REF] Fortunato | Universality of the threshold for complete consensus for the opinion dynamics of deffuant et al[END_REF]. But for higher values of β we observe that the transition threshold becomes smaller and smaller (lim β→∞ ε c (β) = 0), meaning that the system will always end up to consensus.

Figure 3.4C shows how it happens. Remember that the system can evolve until on some links of the social network the agents connected by the link have two different opinions at a distance smaller than the tolerance. At the moment when, on all the links the agents have the same opinion or their opinion difference is larger than 2ε, whatever pair is selected for the opinion dynamics, opinions will not change anymore.

For low values of β the system gets frozen at a very initial phase. After few iterations the agents cannot find in their neighborhood any peers with whom having "positive exchanges" (for all the couples |θ iθ j | ≥ 2ε). The agents with a moderate opinion rapidly converge forming a major cluster (located around the average opinion of the system θ = 0). Larger is ε, larger is the central cluster size. Since the link construction is independent by the opinion, there is therefore a large probability that the radical agents are connected with agents in the majoritarian cluster (positioned at an opinion distance larger than 2ε from their actual opinion) and not among them. The radical agents, remain therefore isolated, keeping their initial opinion.

For larger values of the homophily β the dynamics is slower, but much more "inclusive".

Since radical agents are now mostly connected with similar, they do not remain isolated.

Agents always find peers with an opinion sufficiently near to interact, and therefore their opinions change gradually at each interaction.

As we can observe in Figure 3.4B (where each color represents the opinion span in each community) the dynamics happens at two levels: a rapid convergence inside the communities and a slower one between the communities. The large number of links inside the communities allow the fast convergence to the average opinion of the communities, at the same time the links between the communities (in their turn connecting communities with similar average opinions) allow a slow dynamic of the average opinions of the communities, toward consensus. To use a visual conceptualization, the homophily structure, provides a sort of continuous path allowing the radical opinions to join the central ones.

Hence, the main conclusion of this study is that in a situation where opinion evolve in time, homophily in social networks favors consensus formation. Therefore, contrarily to the common idea that online social networks are directly responsible for the installation of sever opinion wars in the society, we can argue that, on larger time scales, homophily helps the resilience of the society to the presence of radical issues. 

Network properties

There are two main ways of representing networks. The first one is the adjacency matrix, A. In this way, the element A ij as a 1 whenever i and j are connected by a link, i.e.

interact, and zero otherwise. For the case of weighted networks, the value 1 can vary to take into account the frequency of the interaction. The matrix is symmetric only in the case of undirected networks. The second usual way of representing networks is through the link list, where the graph is described as a list of pairs of connected nodes. In that case, the direction of the link is represented by the order in each line of connected nodes, and the weight is a third column on the file.

Once the networks are represented, several useful metrics can be calculated to capture different features of its network topology. In general, all the features are related to the transmission of information across the network. For example, the averaged path length calculates the average of the minimum distance between each pair of nodes of the network. Of course, the smaller the value, the higher the speed of information transmission on the network. Another fundamental measure is the clustering coefficient, which measures the total number of triangles in the network (three neighbouring nodes connected) over the total number of possibilities. For some kinds of dynamics, the presence of triangles facilitates the propagation of information.

Then, several centrality measures are devoted to calculating the importance of any given node in a network. Each measure has its own definition of 'importance' [START_REF] Newman | Networks : an introduction[END_REF][START_REF] Ferraz De Arruda | Role of centrality for the identification of influential spreaders in complex networks[END_REF]. In [START_REF] Gandica | Fragmentation, integration and macroprudential surveillance of the US financial industry: Insights from network science[END_REF], we explained those metrics using financial networks. The idea was to introduce financial researchers into Network Science, adjusting the network science tools to the financial terminology. The financial system analysed consists of a large set of 155 financial institutions that are all the banks, broker-dealers, insurance and real estate companies listed in the Standard & Poor's 500 index over the period 1993 -2014.

We build temporal networks using a Time-Varying Parameter Vector AutoRegressive (TVP-VAR) approach on stock market returns to retrieve causal relationships, which are represented as directed links by one-month temporal networks. The bayesian method uses a cut-off to define whenever causality is represented by a link. Effectively, the cutoff is a filtering mechanism and a higher cut-off leads to a denser network with more links. We can, then, vary the cutoff levels of the statistical test used for detecting the links. After several tests, we decided to use a cutoff of 10% to define the presence of links in the networks.

We, then, defined vulnerable (influencer) nodes as those with higher in(out)-degree i.e, incoming (outcoming)links. In this way, we calculated the metrics by financial sectors and we were able to visualize the high vulnerability of the real estate companies and the influencing of the insurance sectors during the world-wide financial crisis (figure 3.5).

Remarkably, we were also able to show a transition in the sector-interface as a function of the years, as shown in figure 3.6. For that figure, we defined a link as being part of the interface if it connects two nodes belonging to different sectors. We plot that value as a function of the time, and we show that there is a change of trend around the year 2001. The transition that we have been able to identify echoes previous results in the literature reporting the existence of similar transition phenomena in economics during that specific year.

Community detection

To start talking about community detection, we could start with the important problem of clustering in Data Science. Namely, partitioning objects into groups, such that objects Values are displayed at quarterly frequency to ease the visualisation. The sensibility parameter has been fixed to 10%. within the same cluster are more similar to each other than to objects in another cluster.

In Network science, nodes regularly have no internal properties; then, clusterisation tends to be grouping a set of nodes more densely connected among each other than with the rest of the nodes of the networks. Several algorithms exist to identify community structures; see [START_REF] Mark Ej Newman | Communities, modules and large-scale structure in networks[END_REF][START_REF] Fortunato | Community detection in graphs[END_REF] for a couple of reviews.

For example, the well-known Louvain method relies on a greedy optimization algorithm that attempts to optimize the modularity of a partition of the network, which is the strength of division of a network into modules or communities with high modularity capturing dense connections between the nodes within modules but sparse connections between nodes in different modules. The optimization is performed in two steps. First, the method looks for "small" communities by optimizing modularity locally. Second, it aggregates nodes belonging to the same community and builds a new network whose nodes are the communities. These steps are repeated iteratively until a maximum of modularity is attained, and a hierarchy of communities emerges [START_REF] Vincent D Blondel | Fast unfolding of communities in large networks[END_REF].

Concepts as Modularity, graph partitioning and spectral methods apply the concept of more densely connected to define communities. On the other hand, concepts as block structures are more focused on node equivalence. This last approach relies on the assumption that different types of nodes exist and that those types can be identified by their connectivity patterns [START_REF] Lambiotte | Modularity and Dynamics on Complex Networks[END_REF].

The final idea of partitioning the nodes into blocks is shedding light on the internal structure of the network. This approach allows analyzing large networks as a sum of dense but weakly interconnected subnetworks. In the last couple of decades, the wider availability of large network-shaped data has pushed the need for new formalisations to the task of community detection, and for improving some limitations. One of such limitations is the impossibility of using some algorithms to detect communities in the real data when the accessible data is aggregated, as we will see in the next section.

The effect of aggregation on Community detection

Very often only the aggregated network is available to the researcher, for example, due to privacy reasons, ethical-legal limitations, or even due to limited resources (e.g. only aggregate flows may be accessible to the measurement, or the disaggregated network may be too large to handle for a given community detection algorithm). In [START_REF] Gandica | Measuring the effect of node aggregation on community detection[END_REF] we identified the class of community detection algorithms most suitable to cope with node aggregation, and developed an index for aggregability, capturing to which extent the aggregation preserves the community structure.

Usually, one same situation can be modelled by several networks of interests, where nodes represent entities at different levels of abstractions. For example, at one level a node may represent an individual person, and at another level it may represent the aggregation of several persons sharing an attribute, for example belonging to the same age class or living in the same municipality. In this case, the edge between two aggregation classes is typically weighted as the sum of the weight of all edges linking the individuals across the two classes. That is the way how aggregated networks are created. In all these situations, it is natural to wonder whether the communities computed on different levels of aggregation will be comparable in any way.

Given that aggregated networks are built in a way that each link is the sum of the links in the non-aggregated ones then, naturally, only objective function depending just on the total weight between nodes, but not on the way those links are distributed inside a community or between communities, are able to detect the same community partition.

As a consequence, some methods of the literature are more appropriate than others in presence of node aggregation. Such edge-counting criteria include modularity [START_REF] Newman | Finding and evaluating community structure in networks[END_REF], the Hamiltonian given by Potts models [START_REF] Reichardt | Partitioning and modularity of graphs with arbitrary degree distribution[END_REF], linearised partition stability [START_REF] Delvenne | The stability of a graph partition: A dynamics-based framework for community detection[END_REF], Infomap's description length [START_REF] Rosvall | Maps of random walks on complex networks reveal community structure[END_REF], conductance [START_REF] Kannan | On clusterings : Good, bad and spectral[END_REF], Normalised Cuts [START_REF] Shi | Normalized cuts and image segmentation[END_REF], and their natural extension to weighted graphs. On the other hand, methods based on counting paths rather than edges depend on the way edges are distributed inside a community and not only the number of edges or total weights. Such methods include Markov clustering [START_REF] Van Dongen | A cluster algorithm for graphs[END_REF], Walktrap [START_REF] Latapy | Computing communities in large networks using random walks[END_REF], partition stability [START_REF] Delvenne | The stability of a graph partition: A dynamics-based framework for community detection[END_REF], etc., and should be used with the greatest caution in case of aggregated data.

The aggregability index

Between the two extremes situations where the aggregating partition is completely aligned with the community structure in G, or completely orthogonal to it, one finds intermediate situations where node aggregation is expected to perturb more or less the community detection.

We propose a metric capable of capturing to what extent node aggregation will preserve community detection by introducing the aggregability index, η, as the fraction of information required to identify the community of a randomly chosen node, that is provided by the knowledge of its aggregation class:

η = I(C; P) H(C) . (3.2) 
Here H(C) is the Shannon entropy of the community partition, defined in the following way. As a thought experiment, pick a node uniformly at random in G. The community of the node is a random variable with Shannon entropy H(C) -C∈C P (C) log P (C), with probability P (C) of a community C being proportional to its number of nodes.

Similarly, I(C; P) is the Shannon mutual information between the community in the partition C and the random aggregation class in P of a randomly picked node of G.

Our defined aggregability index, η, ranges from 0 to 1. In the η = 0 limit, the aggregation classes are independent from the communities in C, which implies that each node is aggregated with nodes from other communities. In the η = 1 limit, the aggregation classes are subset of the communities, thus any edge-counting criterion will preserve the community structure. Between these extreme situations, the lifted communities are neither independent nor fully aligned with the aggregated partitions.

We illustrated our considerations on two real-life examples. Both compare networks of places, where the nodes are geographical areas, and the edges represent interactions between areas. In these examples it is easy to generate a series of aggregated networks by merging the places into larger and larger areas, either according to an administrative hierarchy (districts, municipalities, counties, etc.) or according to coarser and coarser square grids. To detect communities, we used the linearised stability method [START_REF] Delvenne | The stability of a graph partition: A dynamics-based framework for community detection[END_REF], which introduces a resolution parameter ρ, called timescale. The method detects communities retaining the flow of a diffusion of random walkers across the network for a timescale of the order of ρ. We used that method for three main reasons: because it is an edgecounting criterion, because it includes an extremely popular criterion (modularity, for ρ = 1) as a special case, and because it allows adapting the timescale parameter ρ in order to create partitioning on different networks with the same or similar number of communities.

Our first dataset was composed of 291,552 tweets geolocalised, spread over the Belgian territory between 18,327 Twitter users. From this dataset we build a network N 0 as follows. The nodes are the users, and the weighted edges count the number of reply-to tweets between the two users (without taking the directionality into account, in order to keep the graph undirected). Each node is associated to a position, obtained as the barycentre of positions of the user recorded in each sent tweet. In this way we see N 0 as a network linking positions together. Several aggregated networks were created from N 0 .

We applied a regular grid of 125 m square cells onto the Belgian territory, and merged into a single node all nodes of N 0 positioned in the same cell, creating the aggregating network N 125 . Increasingly coarser square grids of cell size 250 m to 32 km, were used in the same way to create the aggregated networks N 250 to N 32k respectively.

In order to analyse quantitatively the effect of aggregating data, we systematically test different levels of spatial aggregation. We fixed the timescale parameter ρ = 1, looking at the maximum modularity communities, as approximated by the Louvain method. We can see that as the nodes are increasingly aggregated, some communities gathering distant places, such as the light green community in Fig. 3.7-a) to 3.7-c), are re-arranged into geographically localised communities (light green in Fig. 3.7-f).

White areas represent the physical space where no event has been recorded. At the finest level (N 0 ), nodes are represented as a single point (the average position of a user), thus almost all space is white. As the aggregation scale increases, the white space is progressively removed, being merged with neighbouring space with non-zero activity.

We observe that this effect is more visible in areas with low levels of activity, as the southern part of the country. Our second dataset counts the numbers of phone calls between towers in the territory of Brabant, a former administrative unit (province) of 111 municipalities including and surrounding Brussels, the capital of Belgium. The derived undirected network, called M 0 , is composed of 1,168 nodes (towers). A weighted edge between two towers counts the number of communications between the towers in either direction, for a total of 13M communications over the network. As each tower is associated with a precise position, one may again consider M 0 as a network between places. We may aggregate those places into municipalities, thus forming the network M m , or into cells of regular size 125 m to 32 km, creating the networks M 125 to M 32k . and the aggregated level of municipalities M m . The normalised mutual information, NMI, between partitions of network M 0 and M m is 0.64. Thus, the similarity between the communities found on the two levels of aggregation is higher than the similarity observed in the Twitter network between the disaggregated network of users (N 0 ), and the aggregated versions.

Finally, the normalised mutual information (NMI) is a popular way to measure the similarity between two partitions. We compute the NMI between the two partitions C and D of the same set of nodes, to evaluate how similar they are, as

NMI(C, D) = I(C; D) (H(C) + H(D))/2 , (3.3) 
where I(C; D) denotes the mutual information between the two partitions, i.e. between the set in C and the set in D containing a randomly picked node of the graph. Note that the sets of nodes belonging to a partition are either called 'communities' (if found by community detection algorithm) or 'aggregation classes' (if defining a way to aggregate the network).

Similarly, H(C) or H(D) denotes the Shannon entropy of each partition, i.e., the Shannon entropy of the set of a randomly picked node of the graph. The NMI takes values between 0, for independent (thus maximally dissimilar) partitions, and 1, for identical partitions.

In our case, we also want to be able to compare community partitions at different levels of aggregation, let us say for example the optimal partition C and D of networks N 0 and N 125 , respectively. In this case, we lift the communities of N 125 into communities of N 0 , replacing each node of N 125 by its aggregation classes in N 0 . We call D this partition of the nodes of N 0 . We now compare the two partitions C and D with the quantity NMI(C, D ), which we will also sometimes denote NMI(C, D) by abuse of notations.

In the following, we show empirically how the aggregability index η correlates with the NMI distance between the optimal partitions found for the original and aggregated networks on two datasets. First of all, in Figure 3.9 Starting with the first level of aggregation (125 m), we observe that for the Twitter dataset, the NMI already drops rather steeply, even though there is some fit (NMI ≈ 0.7) between the communities displayed by aggregated units of 125 m and the non-aggregated ones. Values of NMI continue to decrease with the size of the aggregation. On the other hand, for the phone dataset, the normalised mutual information, NMI, between community partitions found on networks M 0 and M m is 0.64. Thus, the similarity between the communities found on the two levels of aggregation is higher than the similarity observed in the Twitter network between the disaggregated network of users (N 0 ), and the aggregated versions (see Fig. 3.9). On Fig. 3.9 we also notice that the NMI between the communities found on M 0 and versions aggregated with larger and larger cells is consistently higher than in the case of the Twitter dataset.

In Fig. 3.9, we compare for both datasets, the results of community detection on the original network (N 0 or M 0 ) with communities found on the networks of square cells of sides 125 m, 250 m, 500 m, 1 km, 2 km, 4 km, 8 km, 16 km and 32 km. We also plot the aggregability indices, comparing the community structure found on the original networks (N 0 or M 0 ) with the aggregating partitions into square cells of sides 125 m, 250 m, 500 m, 1 km, 2 km, 4 km, 8 km, 16 km and 32 km.

The aggregability index measures to what extent every aggregation class is a subset of a single community, which is a sufficient condition for the community structure to be left invariant by the (edge-counting) community detection method. Low values of η can be seen as a warning signal that communities on the aggregated network (once lifted back to the original network) will necessarily be significantly different than the original communities. In Fig. 3.9 we observe that the value of η for mobile phone calls stays remarkably steady until the aggregation scale of 1 or 2 km, while the η value for the Twitter dataset dips comparably faster, and so does the NMI between the community partitions at different scales. In circles is shown the evolution of normalised mutual information, NMI, between communities found in the original network prior aggregation, and communities found in aggregated networks at several square sizes, and lifted back to the original network (as explained in Methods). In squares, the evolution of the aggregability index, η, between communities and aggregating partitions at the finest level compared with the same sizes as before. For the Twitter dataset (in blue) the initial level corresponds to users centroids and the timescale is kept to ρ = 1. For the mobile phone dataset (in pink), the initial level corresponds to towers. The timescale ρ was kept constant with a value of 0.75.

As to explaining why the two datasets behave differently with respect to a same aggregation strategy, one can only formulate hypotheses. While the mobile phone calls dataset is shaped by the condition of previous social interaction, this constraint is not present, or to a lesser extent, in the Twitter dataset. Further differences between the datasets include the heterogenous density of events in the Twitter network, and the different geographic area (Belgium or surroundings of Brussels). Even more importantly, the mobile phone network's nodes at the finest scale are towers, which already aggregate a large number of users.

A Multiscale analysis using Community Detection

We finish this chapter with an important use of partitioning the networks into communities. As stated in [START_REF] Newman | Networks : an introduction[END_REF], another practical application of splitting the networks into groups, namely, subsets, is that they can be studied separately. An example is the reduction to a manageable-sized network where each community is a node in the simplified representation. As an example, see in figure 3.10 how the newly represented network in 3.10-b is constituted from the communities of the network in 3.10-a. Then, if we are interested in seeing an individual node, is it enough to "zoom in" to it respective single group.

Thus, one practical application is network visualization. However, another approach is to perform a multiscale analysis, where the whole network interaction is approached by the interaction inside each community plus the interaction between the communities, and to study for example, whether more fine structure interaction is still needed, for example each node in the whole system. We performed such an analysis in [START_REF] Gandica | A multilevel analysis of financial institutions' systemic exposure from local and system-wide information[END_REF], where we first compute the community structures of our financial networks of firms. Then, we compute topological characteristics at three different levels: (i) the global level (i.e., firm topological characteristics computed over the whole system), (ii) local level (i.e., firm topological characteristics computed over the community), and (iii) aggregated level by averaging individual characteristics over the community. from the period from January 1990 to December 2014, were used to build pre-crisis monthly financial networks, by using the same market-based approach (Bayesian timevarying VAR framework and Granger causality testing procedures). According to this approach, an incoming link is created from institution j to institution i if the time series associated with the return on firm j Granger causes the time series of the return on firm i. Moreover, we built weighted networks by using the causality dependence cutoff as the weight of the links. We computed relevant network metrics on those temporal networks. Those pre-crisis network-based metrics were used as explanatory variables in multivariate regressions performed during the crisis' time: from July 2007 to December 2008, deriving measures of vulnerability (systemic risk) in times of crisis.

To perform the multilevel analysis, we first computed the community partition using the Louvain algorithm [START_REF] Vincent D Blondel | Fast unfolding of communities in large networks[END_REF]. The study consists in based on a community detection algorithm, we break down the whole network into sub-networks, and compute pre-crisis topological measures at three levels: first, global topological metrics are computed at the firm level over the whole system, as is usually the case in the literature. Second, we compute the local topological metrics at the firm level over close peers. Unlike the previous metrics, for each node, we exclusively consider the other nodes within the same community when computing our metrics, thereby limiting topological metrics to intra-community links.

Third, to further explore the influence of the local environment, we average individual characteristics over each community to compute aggregated topological metrics. This means that all the nodes included in the same community display similar values for this set of variables. We computed regular networks-based metrics at the three levels:

in-degree centrality, out-degree centrality, betweenness centrality, clustering centrality, m-reach centrality, inverse m-reach centrality, in-Katz centrality, and out-Katz centrality.

Furthermore, To take advantage of historical changes in the network as well as auxiliary information on firms' industries, we complete our analysis with a set of less conventional metrics. Hence, sectoral entropy assesses how diverse a community is in terms of sectors.

Inter in(out)-degree depicts the number of in(out)-degrees between communities. The inter-intra degree is computed as the ratio of the inter-community degree over the number of intra-community degrees. The measure is applied separately to in-and out-degrees.

In addition, we compute the ratio between a firm's in(out)-degree and its community in(out)-degree as a measure of the node's commitment. Finally, two temporal metrics are added. To this end, we simply compute a modified m-reach measure while considering that the contagious process involves a time lag. The used metrics are listed in figure 3.11, with a simple graphical illustration.

we used two indicators of firm vulnerability based on the loss in firm's stock value to test the predictive power of our topological measures: (i) the cumulative stock returns, and alternatively (ii) the peak-to-trough returns. The former measure is based on daily log-returns and the latter on prices. The cumulative returns are computed for each firm as the sum of its stock returns over the crisis period. The maximum drawdown is computed as the maximum loss of the stock price over the crisis period from a peak to a trough, with the trough defined as the minimum value of the price between the date of the peak to the end of the crisis. Given the large number of regressors, we apply the elastic net (EN) model [START_REF] Zou | Regularization and variable selection via the elastic net[END_REF] to perform shrinkage and identify the most relevant variables [76]. Along with the LASSO approach to control the degree of sparsity in the model and select only the most significant coefficients [77]. We computed the relevant variables at the three levels and we got that one variable for the vulnerability (in-degree) and one variable for the outdegree were always present, alongside with betweenness, clustering and community size.

Among the set of alternative metrics, five variables appear as significant: inter-intraoutdegree centrality, outdeg-intra-outdeg, sectoral entropy, temporal inverted 2-reach, and temporal 2-reach. Recall that inter-intra-out-degree centrality, is defined as the ratio between the community out-degree to the other communities in the network and the out-degree within the same community. What we want to express by such a metric is the influence that one community has over the whole system, normalized by the own intra-dependence. The higher the variable, the more vulnerable the firm. The second metrics is the outdeg-intra-outdeg. The creation of this metric was inspired by [START_REF] Palla | Quantifying social group evolution[END_REF], defined as the node's commitment with its own community. Here, the metric is defined as the ratio between the node's out-degree and the total out-degree within its community.

In the descriptive analysis of [START_REF] Gandica | Fragmentation, integration and macroprudential surveillance of the US financial industry: Insights from network science[END_REF], sectoral diversity was suggested to be a determinant systemic risk when computed as the global sector-interface. Our estimations based on a formal regression analysis confirm this feature. Finally, the fact that temporal variables are also dominant highlights the importance of considering higher-order metrics in systemic risk [START_REF] Lambiotte | From networks to optimal higher-order models of complex systems[END_REF].

Conclusions

The present, a bit dense chapter, deals with Network Science. The chapter starts with a brief description of the field: definitions, history, and interference with other fields of knowledge. Then, I was constrained to the path from the Physics community, how this new science captured the attention of several physicists, and their main contributions.

Next, I explained my works related to the role of topology. First, I present the effect of complex networks on some agent-based models. As generally studied, I focus on grids, random and scale-free networks. The second ABM-based work is interesting because it also incorporates the presence of communities on the modelling, which is sometimes more addressed on real systems than on modelled ones.

The second part of the chapter aimed at presenting some works based on real data.

There, I present two works on financial networks and one work based on the effect of aggregation on community detection, with Tweeter and phone call data-set embedded in Belgium.

I conclude the chapter by saying that the field of Network Science is, at this moment, a very active field of research. In my opinion, traditional Physics should take more advantage of the latest developments in this new science, and a better connection should be done in an interdisciplinary spirit. Just hypothesizing, the understanding of more complex ways of percolations should enrich the theoretical developments that can be applied to several physics systems, to give an example. (climatic, environmental or socio-political, etc.), risk management (commercial, insurance, industrial, natural), decision-making, cultural, political phenomena, but also for medicine (understanding the functioning of the brain, epidemiology, eco-epidemiology, etc.), meteorology. More recently, the management of complex energy networks (via smart cities/houses), ecology (ecological networks, food webs), or even safety and fight against crime (crime networks) [START_REF] Pentland | Social physics : how good ideas spread-the lessons from a new science[END_REF].

For a long time, scholars from different backgrounds have been studying human behaviour. However, some fundamental properties have still been outside the reach of researchers, mainly for the lack of large amounts of reliable data. The increasing amount of data that is being gathered in this digital age is progressively opening up the possibility to uncover some social patterns not so far detected [START_REF] Lazer | Computational social science[END_REF][START_REF] Barrat | Dynamical Processes on Complex Networks[END_REF], and also pioneering the possibility for the test of models of social patterns as a collective effect of interaction among single individuals [START_REF] Conte | Manifesto of computational social science[END_REF][START_REF] Borghesi | Universal size effects for populations in group-outcome decision-making problems[END_REF]. For example, in [START_REF] Mussi Reyero | Evolution of the political opinion landscape during electoral periods[END_REF], the authors were able to analyse the dynamics of opinions' formation on different topics during a period of four years.

The success of research in digital social patterns hinges on access to high-quality data.

Even though recorded data availability and accessibility are rapidly increasing, many data sets are not freely available for research. Wikipedia (WP) is an important exception, as not only is it considered a robust and trustworthy source of information, but it is also easily accessible via the API (https://www.mediawiki.org/wiki/api:main page) by anyone with a connection to the internet. That multilingual encyclopedia project supported by the Wikimedia Foundation, and based on a model of openly editable content, is available in 291 languages.

The development of an article for Wikipedia (WP) is a process where anybody may edit and change its content. Whatever the reasons behind someone's decision to edit an article in WP, and whatever his background and previous knowledge on the article's subject, it has been recognised that the reliability thus obtained is comparable to that of other high-quality professional encyclopedias, such as the Encyclopedia Britannica [START_REF] Giles | Internet encyclopaedias go head to head[END_REF].

This voluntary process clearly creates an environment where the outcome is a collective product of interactions among a large number of people. The online availability of the historical record of all editions has promoted an intense research activity, trying to grasp the intrinsic human behaviour. The following sections address topics like human conflicts, circadian patterns, bursty behaviour, and worldwide human preferences, all of them using the Wikipedia data-set.

Circadian patterns

Circadian patterns are an essential footprint of the human being. It distinguishes us from other living beings and conditions all of our daily, monthly and even annual activity.

Being able to perceive circadian patterns through digital footprints is of great interest by itself. Beyond obvious concerns for medicine and biology, this subject has implications regarding mobility routes, energy storage and synchronization, among others. Some previous studies on data gathering of mobile calls, emails, web pages, etc., have shown that they exhibit circadian patterns.

The existence of such patterns in WP editing, however, cannot be taken for granted due to the voluntary character of the editing process. However, in [START_REF] Gandica | Circadian patterns on wikipedia edits[END_REF], we show that WP editing does present well defined circadian patterns. As a result, the WP database can be used to address several interesting, current issues regarding the cyclic nature of the human activity.

First of all, a natural way to study periodicity on data is by employing a Fourier power spectrum. For this purpose, we selected the 100 most active editors and computed the Fourier spectrum of each editor's time activity. Results are reported in the upper panels of figure 4.1, where we show the power spectrum for three representative editors. In general, editors have the main power peak at ∼ 1.157 × 10 -5 Hz corresponding to a period of 24 hours and a second peak at ∼ 2.315 × 10 -5 Hz, matching a 12 hours period, a harmonic from the main frequency. Then, we applied the same procedure to pages and, we found that, in general, pages lack predominant power peaks. They appear only in pages related to records (for example, births/deaths counting) or companies, which in general update their pages daily. In the bottom panels of figure 4.1 we show one sample of a regular page (center), one of a company (right) and one of death counting (left). In general, the highest power peak was found for editors, corresponding to a period of about 24 hours (f ∼ 0.1×10 -4 Hz), and a second, smaller, peak corresponding to a period of about 12 hours (f ∼ 0.2 × 10 -4 Hz), a harmonic of the first frequency. Peaks were not found for pages that are not related to special events or companies, which in general update their pages daily. We show two examples (left and right panels) of these special cases in this figure.

In order to better illustrate these circadian patterns, in figure 4.2 we report the weekly editing activity. The average number of edits on a week for two of the most active editors as a function of the time of day at which the edit is recorded. To build this plot, we divided the entire time span of our sample, about ten years, into weeks and we computed the average number of edits done in windows whose duration is 30 minutes.

We can notice that these editors are characterized by a high editing activity. The circadian patterns are clearly visible. Each editor has a characteristic activity pattern.

The highest activity peak can switch between mornings and evenings, depending on the day. In the process of WP editing, the change of activity patterns on week-ends is clear.

Finally, as some countries are strongly influenced by seasonal changes, we are interested in understanding whether WP editors are also influenced by the life style adopted in each season. In figure 4.3 we show the activity over the year, plotting the total number of edits for the whole data time span. We show the total number of edits in each month (stars) and in each day of the year (filled color) for the most active WP editors. We can see that the editors in the two left panels have two peaks, in June and in December, while the editors in the right panels only display a peak in December. 

Are super-users always representative of the whole group?: The case of human burstiness

In the previous section, some examples of user's activity were shown to deal with circadian patterns. The chosen users were taken from the ones with the highest activity in order to have better statistics. However, a fair question in Big data is whether the behaviour of the most active users is representative of the whole group. In [START_REF] Gandica | What Can Wikipedia Tell Us About the Globalor Local Character of Burstiness?[END_REF] we analyse this subject with respect to Burstiness and Memory effect coefficients. The study was performed separately for the 4 WP languages: English, Spanish, French and Portuguese; similitudes and differences for all the users respect the super-editors were inspected. We also were interested in seeying whether the regular measurements for burstiness are global or have local dependence, in this case, constrained to the language.

The main characteristic of a bursty behaviour is a power-law distribution of the interevent activity, i.e., the interval between consecutive actions or events. The exponent of the power-law distributions has been reported as closely distributed around a universal value, which takes values of 1 in Web browsing, email, and library datasets, while 3/2 for mail correspondence patterns [START_REF] Vázquez | Modeling bursts and heavy tails in human dynamics[END_REF]. For the case of Wikipedia (WP), the exponent for the averaged inter-event distribution over a sample of the 100 most active editors has been reported as 1.44 [START_REF] Yasseri | Value production in a collaborative environment[END_REF].

Another parameter based on the broad distribution of the inter-events, comparing the variance respect to the mean for the inter-events, has been defined as B parameter by Goh et al. [START_REF] Goh | Burstiness and memory in complex systems[END_REF]. In the same work the authors also defined the memory coefficient, M , to measure the probability to have short (large) inter-events followed by short (large) ones. In figure 4.4 (circles) is depicted the (M, B) value for all the defined as regular editors (editors with more than 2000 edits) in each WP. Super editors were defined as the editors with a rank greater than 25% of the highest rank in that WP and with more than 1 year of editing activity. The Burstiness parameter, B, is defined for each editor as:

B i ≡ σ -m σ + m , (4.1) 
where m and σ are, respectively, the mean and standard deviation of the set of values τ n , which refer to difference in time between each pair of consecutive events. This parameter measures the magnitude of the variance in comparison to the mean, and goes from -1 (σ m) for periodic signals to 1 (σ m) for strongly bursty distributions. The patterns have consequences on the inter-event probability distribution. Namely, we checked whether the time between edits depends on the hour of the day at which the first edit has been carried out. To perform such an analysis, we compute the conditional probability distribution for the inter-event time, considering that the first event has taken place within a specific hour of the day. If this conditional probability depends on that hour of the day, then we can conclude that circadian cycles have an influence on the human inter-event time and thus the origin of burstiness can possibly be ascribed to this dependence. In the opposite case we can conclude that burstiness in WP editing does not depend on the periodically changing conditions.

Results reported in left panels of Fig. 4.5 support the latter hypothesis. In these panels we show the probability density distribution (PDF), computed for several one-hour windows -large enough to contain adequate statistics -exhibit a similar fat tail. Note that only 17, out of 24, time windows are shown in Fig. 2 left panels; 7 windows have low activity, and data are insufficient to have reliable statistical conclusions in these windows. Because the editing time stamp on the data is taken from the WP servers, and the editors can be in different time zones, we are not able to know which time windows were neglected for each user. However, we associated them with the rest periods. The maximum inter-event duration has been fixed to 1440 min (24 hours) in order to avoid an overlap with the same hour of the following day.

In the right panels of Fig. 4.5, we show the K-S distances (maximum distance) between each pair of CCDFs represented in the inset of the corresponding left panel, although in this case we are showing all possible pairs of the 24 one-hour time windows. For the upper panel editor, the hours [3 -6] do not have data and the hours [1 -2, 7] have low statistics, therefore the [1 -7] hours were the discarded hours in the corresponding left panel. For the lower panel editor, the discarded hours were [10 -16]. The low values of the K-S distances point out the similarity between the distributions, being the small differences related to the tails. For the second editor the tails seem to be grouped into two types of behaviour, depending on the higher or lower probability of occurrence of large inter-events, therefore naturally dividing the hours into two groups.

This separation was not clearly visible in the first editor's results.

Our results seem to indicate that, although the probability to start editing is strongly influenced by circadian rhythms, the conditional probability distribution for the time between successive edits is indeed rather independent from the time of day when the edits happen. This suggests that the bursty nature of the process is mostly independent from the circadian patterns. Note that a similar result, but on longer time scales, has been previously presented in [START_REF] Cattuto | Dynamics of person-to-person interactions from distributed RFID sensor networks[END_REF], where the authors reported the robustness of the interevent time distributions using 12-hour windows for binary contacts between conference participants. The use of one-hour time windows is, in our opinion, a good proxy to demonstrate the stationarity of the inter-event distribution during the day. One should use even smaller time windows, but this would require a very large data sample to have enough statistics in each small period of time.

The fat-tail distributions presented in Fig. 4.5 can be well described by a power law P (τ |n ≤ t < n + 1) = cτ α , where P is the conditional probability density function for the inter-event time τ , on condition that the event that initiates τ takes place at time t, which lies between hour n and hour n + 1 of the day. n can take any integer value from 0 up to 23 and c and α are constant. The exponent α < 0 is independent of the hour of the day n. In order to study the variability of the exponent values for different super-editors and time windows, we fit, for each super-editor, j, and each time window, i, the data for the probability density function and obtain the power law exponent α

i .

We hence obtain the average exponent α (j) = i α (j) i /N j , being N j the number of windows used for super-editor j. We report the distribution of the average exponents for all inter-events, α (j) , for super-editors in the four WP's, in Fig. 4.6. We notice that the average value is -1.59. In trying to understand the origin of the robustness of the power-law distribution among the different hours of the day, one may be tempted to affirm that it is caused by the saving mechanism; the editor would be constantly saving his work as a precaution against power or network failure, something that could be of behavioral origin across human activity.

This hypothesis can explain the independence of the inter-event time distribution with respect to the starting time. However, short inter-event times were found regularly between edits of different pages by the same editor, which means that the short interevent times are not just a consequence of the simple act of saving the work done so far in a certain WP page. Still, the saving mechanism cannot be entirely discarded as the source of burstiness as there is some probability, albeit small, that the editor opens several windows and edits several pages in parallel.

Stationarity of the inter-event power-law distributions in other data

We have tested these findings in a different human activity, in order to check that it is not an effect exclusive to WP editing. We chose the activity of posting in the social micro-blogging platform, Twitter. This online social networking service enables users to send and read short 140-character messages called "tweets". This on-line platform is very recent and good statistics for one-hour window time series is rarely freely available.

One such rare case is shown in Fig. 4.7, for which the possibility of being a robot or an organization was discarded. Following the same procedure as before, we discard the hourly intervals of low activity (hours [6 -13]), and we use a twenty-four-hour cut-off as well. In the right panel of the same figure, we show the K-S distance between all pairs of one-hour window CCDFs, showed in the inset of the left panel. In this case, the K-S distances are higher than those found for the Wikipedia editors, as a consequence of the lower statistics. However, a similarity was found for most of the comparisons of pairs of the non-discarded one-hour time windows.

To summarize, in this work we provided numerical evidence that the conditional probability, P (τ |n ≤ t < n + 1), to have an inter-event of duration τ after an edit of WP registered at time t, such that n ≤ t < n + 1 is mainly independent from n. Moreover, this probability is fat-tailed and well described by a power law. It could be related to some sort of queuing process, but we prefer to see it as due to a resource allocation (attention, time, energy) process, which exhibits a broad distribution: shorter activities are more likely to be executed next than the longer ones, which ultimately may be responsible for the bursty nature of human behaviour.

Conflict in Wikipedia

Understanding how people solve or do not solve their conflicts is important in general.

That is a cultural issue. Meaning that different cultures behave differently regarding their conflicts, and digital traces can help us understand this issue. Also, to know which are the most conflictive subjects in Wikipedia (WP). The emergence and development of conflicts in WP are one of the features that has recently received attention from the academic world. The interplay between strong convictions and tolerance leads to conflicts among the editors (the so-called edit wars), and the WP article may converge (or not) into a consensus edition. Several approaches to measure the level of conflict in an article as it develops have been tried. Some determine conflict levels by focusing on WP editors' dynamical behaviour by measuring, for example, the talk page length [START_REF] Viegas | Talk before you type: Coordination in wikipedia[END_REF].

The drawback of these approaches, besides the time-consuming effort needed to apply the methodologies, is that the use of this editing channel, that was created to discuss changes and controversies, depends on cultural traits. In some cultures, the talk pages are extensively used to discuss the differences of opinion, while in others they are almost not used at all for this purpose [START_REF] Yasseri | Dynamics of conflicts in wikipedia[END_REF]. The search for culture-independent indicators led to the study of disputes between pairs of editors by measuring, for example, the number of words that they have deleted from each other in a sequence of editions [START_REF] Sepehri | Identifying controversial articles in wikipedia[END_REF]. These and other appropriate parameters that show some degree of mutual correlation, have been shown to work well as measures of conflict [START_REF] Yasseri | Dynamics of conflicts in wikipedia[END_REF].

Recently, it was realised that, in the context of edit wars, reversion is quite common and becomes a typical mechanism used by editors to disagree with others in a controversial mode. Reversion consists in completely recovering a certain previous edition of the article, to-tally disregarding the changes made afterwards. However, revert maps cannot fully differentiate between dispute and the response to simple acts of vandalism (such as restoring a page that has been fully deleted). Furthermore, acts of vandalism are not such a rare event; they are actually responsible for about 24% of all the reverts [START_REF] Suh | Us vs. them: Understanding social dynamics in wikipedia with revert graph visualizations[END_REF].

Nonetheless, this problem can be avoided if, instead of simple reverts, mutual reverts (when two editors revert each other's editions) are used to define conflictual behaviours.

Yasseri et al. [START_REF] Yasseri | Dynamics of conflicts in wikipedia[END_REF] proposed a parameter to rank controversial articles in WP. The parameter is a function of mutual reverts and concentrates on detecting edit wars and high controversiality, distinguishing conflicts from mere vandalism. Their parameter measures controversy by means of a sum over the minimum number of all the editions by each pair of editors, with at least one mutual reversal between them:

M = E × (N d i ,N r j )<max min(N d i , N r j ) (4.3)
where min(N d i , N r j ) is the minimum of the 2 values N d i and N r j , which are the number of editions of editors E i and E j who have been involved in at least a mutual reversal with each other and E is the number of editors who, at some point, have performed a mutual reversal with any other editor. The sum excludes the term with the maximum value, in order to remove a possible personal conflict.

They showed that this parameter can effectively select the high controversy WP articles.

However, there is a problem with this definition. Assuming there is a collaborative period after a conflict, this parameter keeps growing, as long as the editors involved in the conflict keep editing, thus failing to recognise the end of the conflict.

In order to avert this problem, in [START_REF] Gandica | The dynamic nature of conflict in wikipedia[END_REF], we reworked M and define our conflict parameter, C, as the sum of all the reversals between all pairs of editors with at least a mutual reversal between them i, j , multiplied by E (keeping the general recognition that "the larger the armies, the larger the war"),

C = E × i,j N R i,j (4.4)
where N R i,j is the number of reversals between editors E i and E j (both the reversals of E i over an edition by E j and vice versa). We chose not to exclude the maximum in this sum, as there is no way to identify a personal conflict (except by actually looking at the several editions of the WP page in detail). We also consider that a personal conflict is still a conflict and believe that there is no good reason to exclude it. In identifying the highly controversial pages, parameters C and M are quite similar.

Out of the top 100 most controversial pages according to each of those two parameters, 80% are common to both selections, and the measured correlation between the two parameters is r = 0.97. Out of the 4.64 million pages of the English WP, only about Finally, it is important to recognize that the edition of a WP page is shared between humans and robots, i.e., programs conceived to perform various routine tasks such as spell correction and vandalism detection. In order to measure conflict activity among humans and uncover the intrinsic dynamics of controversy, we must remove the effect of the robots in the controversy parameters [START_REF]List of active bots in wikipedia en[END_REF]. On the right panel of fig. 4.9 we compare the evolution of parameter M with and without the robots. It can be seen that the robots do make a difference in conflict detection, as their non-elimination artificially increases the conflict parameter M . A similar effect is not observed in parameter C, where the difference between the two graphs (with and without robots) is not perceivable with the naked eye (and for this reason we do not show it here). for the same editing interval. Right panel: An example of M evolution with (blue) and without (brown) robots [START_REF]List of active bots in wikipedia en[END_REF], for the same period. Both plots were obtained with the wikipage "Anarchism".

Population Preferences Through Wikipedia Edits

Let us finish the present chapter addressing the inner-cultural background shaping broad people's preferences. Contributing to Wikipedia (WP) means more than writing encyclopedic contents. Indeed, it allows communities to store cultural memories of events, to

show the reality by their own lens and to document their prominent people and places [START_REF] Samoilenko | Linguistic neighbourhoods: explaining cultural borders on wikipedia through multilingual co-editing activity[END_REF]. We assume that the collective interest of a language-speaking community to document their events, people and any feature important for them, by the online encyclopedia Wikipedia, can act as a footprint of the whole group's collective identity. WP, then, represents legitimate preferences among individuals sharing the same language, which is a footprint of the group's collective identity.

In [START_REF] Gandica | Population preferences through wikipedia edits[END_REF], we analyzed the broad preferences of the population editing Wikipedia (WP), depicted by categories over several worldwide languages. In addition, we were also investigating cultural language-based footprints, since they tend to disappear due, first, to nowadays digital globalization. Secondly, because one of the challenges for Wikipedia, in the last decade, has been to balance the coverage of content across its different languages.

For this purpose, a recommendation system is applied by the Wikimedia Foundation in order to encourage Wikipedians to fill that gap.

The study covers twelve Wikipedias: the ones in English (EN-WP), Spanish (ES-WP),

French (FR-WP), Portuguese (PT-WP), Italian (IT-WP), Hungarian (HU-WP), German (DE-WP), Russian (RU-WP), Arabic (AR-WP), Japanese (JA-WP), Chinese (ZH-WP) and Vietnamese (VI-WP). We chose the categories already classified as in the main branch of the tree structure, defined by the Wikimedia Foundation itself: Arts, Sports, Right, Events, Philosophy, Geography, History, Games, Mathematics, Nature, Politics, Religion, and Health.

The first results were shown in proportions of the number of edits, pages and editions for each category. One of the most stable results was the dominant interest on art by DE-WP, while the population editing in HU-WP is more interested in 'History'. For example, in figure 4.10 we show that for the number of editors.

However, maybe the most interesting result in terms of computational models is the The degree of preferences homogeneity among the categories. That was shown by means of the of the χ 2 -test with respect to the uniform distribution. In this sense, the lower the value, the more homogeneous the category distribution will be for that language. Results are reported in Fig. 4.11. The limit case, the EN-WP, has low values for both, for the number of pages and for the number of editors, probably due to the expected diversity associated with worldwide editing. Surprisingly, those low values are comparable with 

Conclusions

In this chapter, I presented some of my works based on Big Data to understand human nature. All the works that I presented took Wikipedia as data-sets. I have focused my research mostly on that data-sets given its free nature and high utility.

The first work that I present deals with circadian patterns, where we used the Fourier transform to detect cyclic human patterns. Then, I present a work that compares super-users' activity with respect to the rest of the users through the bursty behaviour and memory effects. At this point, I present a work on the stationarity of the interevent power-law distributions, where we report a sign of ubiquity on human behaviour.

Then, the last two works are related to conflicts in Wikipedia and to worldwide human preferences.

The techniques used on Big Data are more and more permeating the Physics Community.

The study of human behaviours is interesting per se, and the interdisciplinary research between social and natural scientists allows us to find more ubiquitous patterns, as the power-laws dominance of several distributions on human data. The crucial role of the Physics community is to achieve a unified framework to explain the cause. Finally, although I do not show examples here, the most used techniques in the field of Big Data, which are supervised and non-supervised Machine Learning, are being more and more adopted by the Physics community to enrich the analysis of all kinds of data.

Chapter 5

Criticality on social-inspired thermodynamic systems and real data

The success of statistical mechanics in describing different kinds of systems based on basic but relevant rules on their microscopic interactions, among its elements, has surpassed the frontier of physics in several attempts to uncover the essential local rules that can give rise to complex kinds of phenomena [START_REF] Sornette | Critical phenomena in natural sciences : chaos, fractals, selforganization, and disorder : concepts and tools[END_REF]. One of the most exciting manifestations displayed by different types of systems is the observation of stylised facts, such as the absence of a characteristic scale in the distribution of several properties of the systems. The study of such phenomena, along with the appearance of patterns of universality, within the field of Physics, are the subjects of study on the sub-field of Critical Phenomena. However, the existence of apparent signs of criticality has also been reported in other scientific disciplines like biology, sociology, economy, and urban systems, among others [START_REF] West | Scale : the universal laws of growth, innovation, sustainability, and the pace of life in organisms, cities, economies, and companies[END_REF][START_REF] Peruani | A kinetic model and scaling properties of non-equilibrium clustering of self-propelled particles[END_REF].

Criticality, in this context, means situations where all the individuals in the systems are highly correlated, and in such a situation, the system is said to present fluctuations at all scales, and it is responsible for some kinds of phase transitions in nature, the so-called critical transitions. The cause behind this phenomenon is the divergence of the correlation length among all the constituents, which in social systems are real people.

Reconciling models and real social data is not a trivial task and is still an open research subject. This is why the present chapter is divided into two separate sub-sections: The one related to social-inspired thermodynamic models and the one related to the presence of some signs of criticality in real social systems.

Thermodynamic counterparts of social-inspired ABMs

The study of thermodynamic versions of ABMs, if the equivalence is well done, helps to understand the behaviour of the model in the thermodynamic limit, i.e., in the limit of N to infinity. With equivalent I mean, that it contains both the same internal symmetries and the same symmetries for the interactions. As for society, we know that it does not achieve a Boltzmann distribution. However, it does not converge to a frozen state either, as it regularly occurs in ABMs. Therefore, analysis of computational models may well benefit from these types of thermodynamic counterparts.

An emblematic example is the comparison of the Axelrod model with noise. By analyzing the 1D Axelrod model with noise in [START_REF] Klemm | Globalization, polarization and cultural drift[END_REF][START_REF] Toral | Finite size effects in the dynamics of opinion formation[END_REF], the authors found that below a critical value of the noise rate r c (noise is introduced as a perturbation of a single agent at certain times during the dynamics), the initially multicultural population converges to a monocultural one, whereas for r > r c the system moves to a multicultural state.

The threshold value r c depends on the system size and is almost independent of q (see section 2.2.2). In 1D r c ∼ 1/N 2 , thus in the limit N → ∞ , the value r c → 0, implying that in this condition there is no phase transition and that for any finite r the system converges to a multicultural state [START_REF] Klemm | Globalization, polarization and cultural drift[END_REF][START_REF] Toral | Finite size effects in the dynamics of opinion formation[END_REF]. This behaviour is analogue to the one found in the one-dimensional thermodynamic Axelrod model studied in [START_REF] Gandica | A thermodynamic counterpart of the axelrod model of social influence: The one-dimensional case[END_REF], in which for any finite T , the system goes to a multicultural state. The polarized state for any r > 0 is equivalent to the zero-magnetization phase for any finite T in discrete-symmetry systems, where the noise variable r corresponds to temperature.

The model is constituted by F coupled layers of q-state Potts models. The variable at the i-th site of the lattice is an F -vector σ i = (σ i1 , σ i2 , . . . , σ iF ), and each of its components has q possible values (we choose 0, 1, . . . , q -1). The Hamiltonian in presence of an external field reads

H = - F k=1 N <ij> J ij δ(σ ik , σ jk ) -H F k=1 N i δ(σ ik , H k ), where J ij = F k=1 J δ(σ ik , σ jk ) , (5.1) 
and J > 0 and H ≥ 0 are constants, and δ(• , •) is Kronecker's delta. The quantities H k are the favoured directions selected by the external field. Rephrased in the language of the social Axelrod model, each agent, which may be seen as representing a person, is characterized by a dynamical culture, a set of (F ) features each assuming values out of a finite set of (q) traits. The interaction in 5.1 is such to reproduce the Axelrod rules:

the energy of a link decreases with the interaction strength (as common in Hamiltonian systems) and the interaction strength increases when the agents are aligned in the same direction. Beside similarities, there is an important difference between the original Axelrod model and this thermodynamic version: in the Axelrod model, the interactions between two agents stop when they are identical or completely different, and the dynamics lead to absorbing configurations. This is not the case in the thermodynamic version, where thermal fluctuations are present. In this sense, our model, that never gets frozen, should be rather compared with the Axelrod model in presence of noise.

The two-dimensional case for the Axelrod-like coupling Potts model was studied in [START_REF] Gandica | Nature of phase transitions in axelrod-like coupled potts models in two dimensions[END_REF],

where the nature of the phase transition for zero field was determined for F = 2, 3 via finite-size scaling and data collapse. The divergence of the correlation length causes a power-law dominance, in terms of the relevant scale, in the cluster's statistics functional form in the vicinity of the critical point [START_REF] Christensen | Complexity and Criticality[END_REF]. The cluster number density n(s, T ; L)

gives the average number of clusters of size s that is found at a temperature T in a lattice L × L, divided by the total number of sites. The finite-size scaling ansatz for the cluster number density at the critical point, n(s, T c ; L), states that [START_REF] Christensen | Complexity and Criticality[END_REF] n(s, T

c ; L) ∝ s -τ φ(s/L D ), L 1, s 1 , (5.2) 
where the function φ contains the information about the decay of the cluster number density for sizes bigger than the correlation length. The constants τ and D are the Fisher critical exponent and the fractal dimension of the incipient infinite cluster (i.e., the largest cluster at T = T c , also called percolating cluster at T = T c ), respectively, and are related by the hyperscaling law

τ = d D + 1, (5.3) 
where d is the spatial dimensionality. 5.7 implies that we can collapse the curves for the cluster number density corresponding to lattices of different sizes, if we plot the transformed cluster number density, s τ n(s, T c ; L), against the rescaled cluster size, s/L D [START_REF] Christensen | Complexity and Criticality[END_REF].

Since τ can be obtained from D using 5.3, to perform the collapse we only need to determine the fractal dimension, D, of the percolating cluster at the critical temperature.

To that end, we measure how the percolating cluster fills the space when the correlation length diverges, in terms of the lattice linear size, S ∞ ∝ L D . In our calculations, we measure the mass of the percolating cluster by means of the size of the biggest cluster To achieve the data collapse, the clusters size should be rescaled by the characteristic cluster size, s ξ , which goes as ∝ ξ D in infinite systems [START_REF] Christensen | Complexity and Criticality[END_REF]. However, when systems are finite, the lattice sizes are always less than the correlation length and hence limit the characteristic cluster size: as a consequence, s ξ ∝ L D . Figures c,f depict the binned data for the collapse of the curves once also the rescaling of the horizontal axis s → s/L D has been performed, illustrating the perfect collapse and thus verifying the second-order nature of the phase transitions in F = 2, q = 2 and pseudo-critical in F = 2, q = 3.

Signs of Criticality in Real Social Systems

As claimed in the introduction of the present chapter, conciliating social-inspired models with real social data is not a trivial task. At much, we can find society already in one of the predicted states, but we do not see the transition to that state. Cities or groups of people have either one predominant culture or several; they are segregated or mixed, there is consensus or different opinions, etc. Moreover, we could also find societies at the transition point, self-organised in a way that they remain perpetually in a stay characterised by either high correlations among the organisms or by the feedback between organisms and their physical environment [START_REF] Sornette | Critical phenomena in natural sciences : chaos, fractals, selforganization, and disorder : concepts and tools[END_REF][START_REF] Dorogovtsev | Critical phenomena in complex networks[END_REF].

Several phenomena in nature have been found lying in that sort of critical state, characterised by power-law shaped distributions of several of its metrics with specific values of exponents, as found in the critical transitions studied in Physics [START_REF] Buchanan | Ubiquity: Why Catastrophes Happen[END_REF][START_REF] Berche | Phase transitions in two-dimensional random potts models[END_REF]. The powerlaw distributions are the mathematical manifestations when systems are scale-free, and it is one of the tracks of self-organised criticality (SOC) [117-119].

Self-organised criticality: Modelling confronted with real data

One attempt to approach a coupled human-natural system employing a model which In [START_REF] Yérali Gandica | Bali's ancient rice terraces: A hamiltonian approach[END_REF], we approached the same spatial patterning of the power-law-shaped clustersize distributions of rice terraces through a Hamiltonian development. Our motivation lied in the aim to model additional social-ecological features beyond those of the gametheoretic ones. Like the game-theoretic model in Ref. [START_REF] Lansing | Adaptive self-organization of bali's ancient rice terraces[END_REF], there is an establishment of equilibrium based on the balance between the pest and water stress. However, unlike the same game-theoretic model, the Hamiltonian approach includes a competition between energy and entropy that expands the mechanistic features of the former approach and gives rise to an order-disorder transition with signs of criticality. We were also interested in creating a Hamiltonian counterpart to deal with the meanings of temperature, energy, etc., in real systems; and to approach the study from a thermodynamic fundamentalism.

Since the 11th century, Balinese farmers growing paddy rice had to balance two opposing constraints. On one side they are confronted with shortages of irrigation water, and on the other they have to control rice pests by synchronized flooding of fields (which reduces the habitat of the pests). These constraints are represented in our proposed Hamiltonian by two types of interaction, one being short-the other long-range. Because most rice pests can move, synchronizing irrigation and planting schedules is essential so that fields become fallow at the same time deprives pests of their food. In the Hamiltonian this is captured by incentivizing neighbouring cells to be in the same planting-state, meaning that farmers follow the same harvest schedule. The second ingredient represents the fact that water is a limited resource, resulting in a global constraint. The larger the area that follows an identical irrigation schedule to control pests, the more peak irrigation demands will coincide, which reduces the amount of water available for neighboring farms. The Hamiltonian has a corresponding long-range interaction term that favours disorder. The two constraints have opposing effects: the larger the agricultural area that follows the same irrigation schedule, the more water stress appears from the synchronized irrigation cycles. Then, the irrigation schedule in each field can be in one of two states with respect to its neighboring fields: synchronized or unsynchronized.

Our proposed Subak Hamiltonian reads:

H S = -a i,j δ(σ i , σ j ) + b N -1 i>j δ(σ i , σ j ) , (5.4) 
where σ i represents one of the q states at site i. Since the fields can be in four states, throughout the paper, we set q = 4. i, j means the sum over four neighboring sites, δ(σ i , σ j ) is the Kronecker delta. The second sum extends over all pairs on a 2D square lattice of linear size L. N is the total number of sites on the lattice, i.e. N = L × L. a represents the level of pest stress, defining the local interaction between nearest neighbours. Pest stress acts as a ferromagnetic Potts model, promoting ordering at low temperatures. The Hamiltonian system balances this local interaction with a long-range anti-ferromagnetic contribution. The effect of limited water supply is regulated by b, and is a global or system-wide interaction. This contribution has the shape of a mean-field Potts model with a positive sign and drives the system towards states where the q states appear with approximately the same frequency. Note that this global interaction does not have a distance attenuation factor, as often used for long-range interactions; it has a factor, 1/(N -1), to balance the local contribution. 

where P s is the probability that a site belongs to a cluster of size, s. S C has been shown to succeed in locating transition points [START_REF] Gandica | Cluster-size entropy in the axelrod model of social influence: Small-world networks and mass media[END_REF]. We use it as a suitable function to indicate the transition for large values of the long-range contribution, (b ≥ 0.1), that is not visible by the order parameter. The specific heat as the response function, Note that for b = 1, the energy contribution balances the frequencies of the q states and does neither promote order nor disorder. The system is already balanced at low temperatures and continues like that also at higher ones. As a consequence, the energy contribution does not change that transition at high temperatures. Instead, this transition is the result of the entropic contribution. We see in Fig. 5.2-d that T c (peak of specific heat) moves towards higher temperatures with increasing system size, L. To understand finite-size effects, note that the global anti-ferromagnetic contribution diverges, as L → ∞. The lack of that strong energy contribution in finite systems is responsible for the appearance of the higher critical temperatures as L → ∞.

C v = H 2 -H 2 N T 2 . ( 5 
Another consequence of the increasing influence of the global anti-ferromagnetic term with increasing system size, is that it dominates the system in the thermodynamic limit, is consistent with the strong correlations in the system, as we would expect them to be present in reality.

We concluded that the model Subak system self-organises towards a situation of a balanced equilibrium (at the critical temperature), as a consequence of the strong correlations between the farmers' planting schedules, which gives rise to the power-law of the cluster-size distribution. The exponent obtained from the Hamiltonian system, 2.036, is reasonably close to the one obtained in the game theoretical framework [START_REF] Lansing | Adaptive self-organization of bali's ancient rice terraces[END_REF], 1.9, and clearly falls within the range of the empirical estimates from the observed patch-size distribution in Balinese Subaks.

We closed that study by addressing the question of possible consequences of pushing systems away from their adaptive equilibrium. An example is the effects of the introduction of Green Revolution agriculture to Bali in the 1970s. At that time, the Subaks were required to give up the right to set their irrigation schedules. Instead, each farmer was instructed to cultivate Green Revolution rice as often as possible, resulting in unsynchronised planting schedules. By 1977, 70% of southern Balinese rice terraces were planted with Green Revolution rice. At the beginning, rice harvests increased. However, within 2 years, Balinese agricultural and irrigation workers reported the catastrophic "chaos in water scheduling" and "explosions of pest populations", namely, the triggering of a system-wide catastrophe.

Conclusions

The present chapter deals with the subject of criticality to end up the explanation of my articles. The chapter starts with a brief definition and explanation about the importance of addressing this subject in the field of Complex Systems.

Then, the first article is about the study of criticality on a thermodynamic model, which we created inspired by a social-related Agent-based model.

The second article is a Hamiltonian approach to a real system: The centuries-old Subak irrigation system in Bali. The idea behind a Hamiltonian approach was to use the theoretical framework of critical transitions on systems in equilibrium to understand the interplay between the different local and global interactions proposed on the dynamics.

The study of criticality on social-related phenomena is currently a poorly developed and challenging subject in the field of Complex Systems. It is certainly not an easy matter as criticality is a consequence of the interactions, and the human being is responsible for the most complex interaction displayed by nature.

Chapter 6

Discussion

What next?

The present section seeks to present my plan for the future, which can be divided into medium and long term, and will be addressed separately. The first case, the medium term, will do reference to several works in progress with my most recent students in stage, namely, my mentoring activity. I will also refer to a project submitted to the ANR (Agence National de Recherche) in France. On the other hand, to develop the long term, I explain how I plan to continue my line of research, a projection to the next 10-20 years.

Medium term

One of my interests in the short-medium term is one extension of the Axelrod model, namely, the metric Axelrod model, defining the probability to interact in terms of the distances between the states on the same components. From our daily experience, we know that we also interact and have discussions with people having different opinions or cultural backgrounds in one or several domains. Indeed, some social-related models propose a tolerance parameter to deal with the interaction among agents with dissimilar views. In that sense, let us consider, for example, that one component represents the preference on religion; it is a fact that people following monotheistic religions are closer to each other, and in consequence, they interact more often than with polytheistic believers or atheists. Another example is the case of people sharing a passion for closer cultural and sports activities. The rise of the interaction due to the closeness in each dimension happens with any preference we can think of. Dissimilar opinions are characterised by some separation, and in general, we are motivated or willing to interact with our surrounding acquaintances depending on that distance.

The idea behind the modification of the probability to interact is to consider that beyond the fact that the larger the number of equal components, the higher the interaction, the distance between different opinions also have a relevant weight on the interaction. The scalar thermodynamic version for this kind of interaction is the XY Potts model. This model has already been studied in the scientific literature [START_REF] Flache | What sustains cultural diversity and what undermines it? axelrod and beyond[END_REF][START_REF] De | Effects of noise and confidence thresholds in nominal and metric axelrod dynamics of social influence[END_REF]. However, we are interested in considering as well a more recent finding regarding the initial conditions.

In [START_REF] Valori | Reconciling long-term cultural diversity and short-term collective social behavior[END_REF], the authors found that correlations in the initial conditions keep the system in the same state, regardless of the dynamics. They tested several dynamics, including the Axelrod model but not the metric Axelrod Model, which is, in my opinion, closer to reality.

Another interest for the medium term is the Deffuant model with temporal dynamics on random networks. Social interactions follow temporal patterns of activity, e.g. bursts of activity and circadian rhythms. Then, the idea is to study the influence of such temporal behaviour on the opinion evolution of a social system by adding complex time-evolving behaviour to the interaction activity patterns. In that sense, by studying the Deffuant model for different activity patterns, it could be expected to uncover insights on the conditions necessary for the emergence of fragmentation, polarisation and radicalisation.

Technically, the exponential distribution of temporal dynamics (as the static one) will be compared with the log-normal and the power-law shaped. Temporal patterns of interactions have not yet been studied on opinion dynamics, which is a natural terrain to explore.

To finish my current plans for research in the short-medium term, I will mention the subject of a project that I already submitted to the ANR, which succeeded in passing to the final stage: What is the effect of firms' heterogeneity on the transitions that happened as a consequence of the global financial crisis? I am interested in approaching the financial crisis as a critical phenomenon, uncovering signs of critical transitions in the fall of prices during the 2007-2008 global financial crisis.

Specifically, I am interested in building a theoretical framework to explain the effect of firms' heterogeneity on the emergent phenomena displayed by the high correlation during the financial transition to the global crisis. The analysis is divided into two parts. I will explain here only the first part, which is the one related to Physics.

One of the crucial differences between financial systems and the regular structures studied by critical phenomena in physics is that in physics, all the particles have the same capability to absorb the equivalent to shocks, i.e., the same internal degree of freedom.

In contrast, this is not expected in the financial terrain, where firms, countries and even individual portfolios have a different capability to absorb economic shocks. Therefore, I hypothesise that the heterogeneity of the individual constituents may play an interesting role in the mechanism leading to critical transitions.

To simulate the fact that firms have different capacities to absorb shocks, which in the context of Statistical Mechanics interacting-particle systems is referred to as the internal degree of freedom, we will use the approach of Potts model with invisible states [START_REF] Krasnytska | Marginal dimensions of the potts model with invisible states[END_REF][START_REF] Sarkanych | Exact solution of a classical short-range spin model with a phase transition in one dimension: The potts model with invisible states[END_REF]. First, the effect of having different distributions for the internal degrees of freedom over Potts models with invisible states will be analysed. Next, the impact of varying the range on the internal degrees of freedom. Finally, the effect of playing with different topologies will also be addressed, including the analysis considering the formation of communities.

Long term

My interest for the long term is to continue exploring the theoretical foundations of social phenomena through the approach of Complex Systems and Critical Phenomena. Several processes in human dynamics remain in a critical state. Consequently, they show similar types of organisation, arising not from specific details but the symmetry of the dynamics and the logic behind these details. I am interested in uncovering whether, as scientists, we are able to find the relevant variables in social dynamics, symmetries and conserved quantities. In the age of massive data, this approach will help to understand which are the relevant variables to consider, instead of just organising data to generate outputs. The same approach aims to uncover the origin of ubiquity at the different facets manifested by human-interacting particles. I have been pursuing this focus since my PhD studies, and I have continued working in this direction parallel to my teaching activity. Nowadays, with a broad background in several interdisciplinary fields, I have several projects to accomplish my scientific goal.

For the forthcoming years, I am interested in contributing new ideas and methodologies to understand social phenomena by using mathematical and computational tools within the approach of Complex Systems. For the next 10-20 years, I could summarise my research interest as the development of the theoretical foundations to understand criticality in networks and socio-economic systems.

Some final words about the analysis of socio-economic phenomena through the tools of Statistical Mechanics

In my opinion, understanding human interaction is challenging. Social sciences deal with this exciting subject. However, interdisciplinary works are helping to go beyond.

Specifically, from the field of Physics, the theoretical tools from the field of out-ofequilibrium order transitions have been applied to detect the presence of tipping points in finances, for example.

In general, the frame of understanding how micro-interactions can lead to different macro-behaviours is currently a very active area of research. One of the significant challenges is understanding the origin of power laws in human data, unifying theory whenever possible, and finally, uncovering whether we could formally detect signs of universality in human interaction.

Finally, we must not leave out the limitations that this field of research may have.

Addressing society as if it were a system in equilibrium, that is already a risk. Are we seeing relevant variables where we want to see them and not where they really are?

In this case, interdisciplinary work with social scientists is vital. One of the biggest challenges is performing scientific research in a really interdisciplinary work rather than grouped by fields while publishing in the same journals. There are some attempts. There are few successes; however, there is a big hope.

Foreword

  Laboratoire de Physique Théorique et Modélisation (LPTM) UMR8089 CNRS-CY -Paris Université (Cergy-Pontoise) by Yérali Gandica The present document aims to fulfil the requirements for the qualification HDR (Habilitation à diriger des Recherches). The works presented here range from 2014 until the present, 2021. They are part of my scientific production during four contracts of postdocs positions and my current contract as an Assistant Professor.
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 22 Figure 2.2: Plot A: Simplified visualisation to explain the cells population distribution, with reference to Fig. 2.1. Plot B: Distribution of cells population (n = n A + n B ) for few values of ε = 0.28, 0.3, 0.35, 0.5, 0.7 using linear axes. Plot C: Distribution of cells population (n = n A + n B ) for ε = 0.28, 0.3 using log-log axes to emphasise the broad distribution. The plots B and C have been obtained performing 100 replicas of the model.
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 23 Figure 2.3: Editor's activity as a function of edition number for a) the WP page Jesus and b) the simulation with preferential attachment, an ageing function and editor's fitness, as explained in the text. In both cases, a symbol is plotted for each edition made by each editor.
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 24 Figure 2.4: Comparison between the number of editions per editor obtained from real data (black line) and simulation (red line), for five ranges of R (ratio between the number of editors and the number of editions in each page), one in each row. The left column shows the results for a collection of pages and the right column the results for the average over all the pages (the number of real and of simulated WP pages is the same). The simulation was obtained with preferential attachment, power law fitness (with γ = 0.90) and power law ageing (with α = 1.25) (see text for the explanation of the different components). The agreement between real data and simulation for all the distributions is, in general, good.

  model, instead, it was shown that the c can take two values, depending on the topology. It depends specifically on how the average degree, d, scales with the systems size, N . If d diverges when N → ∞, c equals the consensus threshold, c = 0.2, of complete graphs; while c = 0.5, as in the case of Deffuant model, if instead d stays finite when N → ∞.

6 Figure 3 . 1 :

 631 Figure 3.1:Interface growth for several topologies: lattices, random and scale-free networks with same number of nodes, N = 400, and same average degree, k = 4, for ε = 0.3, 0.4, 0.5 and 0.6. Each line represents the average over 100 independent simulations. Different kinds of coarsening processes were found depending on the tolerance parameter. The underlying topology alters the early stage of the coarsening process, once large values of the tolerance are used, while for lower ones the phenomenon results to be topology independent.
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 32 Figure 3.2: A) Power-law degree distribution for several values of β over Scale Free (SF) networks with N = 1000, m = 3 and N ini (initial core) = 5. The homophily mechanism (β = 0) leads to structures following the same power-law degree distribution but with a cutoff, imposing a maximum value of degree by increasing β. B) Average opinion distance between connected nodes. Connection between more similar nodes is clearly increasing with the homophily parameter

QFigure 3 . 3 :

 33 Figure 3.3: A1-4) Upper plot: each line represents a community (ordered from the larger on the bottom to the smaller on the top); the red points represent the agents opinions inside each community, the blue square is the average opinion of the community. Increasing β the opinion range inside the communities is smaller. Lower plot: network visualization using a force layout (allowing to visualize the partitions). The color of the nodes depends on their opinion. B) Community modularity as a function of β. The results are the average values of 100 replicas of the morphogenesis process, for a network with N = 1000 and m = 3. Modulatity increases with β, meaning that more significant community structures are formed.
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 34 Figure 3.4: A) Fraction of replicas leading the system to consensus as a function of ε.For each value of β = 0, 5, 20, 100, the simulation has been performed N replicas = 100 times. Consensus is reached for lower values of β for homophilous networks. B) Each color represents the opinion span and the average opinion of a community for a single replica of a system with ε = 0.3 and β = 100. There is an interplay between the fast dynamics inside each community and the slower dynamics between the communities. C1,2) Single replica representation of the evolution of the individual opinions (each line represents the opinion of an agent), for C1 → ε = 0.2 and C2 → ε = 0.3, and for different values of β = 0, 5, 20, 100
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 35 Figure 3.5: Each bar size represents the number of connected institutions within our four sectors, from April 1993 to November 2014: banks (green), broker-dealers (purple), insurance companies (blue) and real estate companies (yellow).Values are displayed at quarterly frequency to ease the visualisation. The sensibility parameter has been fixed to 10%.
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 36 Figure 3.6: Proportion of sector-interface inside the giant component from April 1993 to November 2014 Two different background colours are used to indicate two different phases: in green, a monotonous increasing phase, and in pink, a stable phase around 0.8. It is important to notice that the rise is not a consequence of increments in the number of links, as the values showed are normalised. The measurements are shown for different values of the sensitivity (i.e. cutoff) parameter.
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 3 Figure 3.7 shows communities at different levels of aggregation: municipalities, former (smaller) municipalities and square cells of size 1km, 2km, 4km, 8km. As the aggregation classes become larger and larger they step over several communities forcing their rearrangement and giving rise to different partitioning.
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 37 Figure 3.7: Communities detected in the Twitter network aggregated into grids of square cells of different sizes (a-b, d, f), aggregated at the level of former municipalities, N f m , (c), and at the level of current municipalities in Belgium, N m , (e). The timescale parameter ρ is set to 1. As the aggregation classes become larger and larger they step over several communities forcing a rearrangement of the communities, resulting in another partition.

Fig. 3 .

 3 Fig.3.8 shows the communities found at the disaggregated level of towers M 0 (note that although towers are characterised by a single point, for the visual depiction we represent them by the Voronoi polygon associated to it), and the aggregated level of municipalities M m . The normalised mutual information, NMI, between community partitions found on networks M 0 and M m is 0.64. Thus, the similarity between the communities found on the two levels of aggregation is higher than the similarity observed in the Twitter network between the disaggregated network of users (N 0 ), and the aggregated versions.
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 a38 Figure 3.8:Communities detected in the mobile phone networks, at the disaggregated level of towers M 0 (note that although towers are characterised by a single point, for the visual depiction we represent them by the Voronoi polygon associated to it), and the aggregated level of municipalities M m . The normalised mutual information, NMI, between partitions of network M 0 and M m is 0.64. Thus, the similarity between the communities found on the two levels of aggregation is higher than the similarity observed in the Twitter network between the disaggregated network of users (N 0 ), and the aggregated versions.

Figure 3 . 9 :

 39 Figure 3.9:In circles is shown the evolution of normalised mutual information, NMI, between communities found in the original network prior aggregation, and communities found in aggregated networks at several square sizes, and lifted back to the original network (as explained in Methods). In squares, the evolution of the aggregability index, η, between communities and aggregating partitions at the finest level compared with the same sizes as before. For the Twitter dataset (in blue) the initial level corresponds to users centroids and the timescale is kept to ρ = 1. For the mobile phone dataset (in pink), the initial level corresponds to towers. The timescale ρ was kept constant with a value of 0.75.
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 310 Figure 3.10: In circles
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 311 Figure 3.11: Three levels of analysis: System wide firms-based metrics, Community firm-based metrics and Community-based metrics. The figure displays the labels of the topological metrics along with their corresponding level. We consider three levels. System wide firms-based metrics are computed for each firm based on information stemming from the whole network. Community firm-based metrics are computed for each firm based on information stemming exclusively from the community (i.e. sub-networks). Community-based metrics are computed at the community level.Each category is associated to a stylized network to illustrate which area is used to compute the metrics. Metrics surmounted by an * correspond to the variables labelled "new" in the regression sections from each relevant category.

  Digital media are a significant component of our lives. Nowadays, digital records of human activity of different sorts are systematically stored and made accessible for academic research. Hence, a vast amount of data has become available throughout the past couple of decades, which allows for several applications. It allows cross-checking and predictive analyses in the areas of knowledge and assessment, trend and prospective analysis
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 41 Figure 4.1:Fourier Power Spectrum computed using a Fast Fourier Transform for three editors (upper panels) and for three pages (bottom panels) showing the regular behavior found in each group. In general, the highest power peak was found for editors, corresponding to a period of about 24 hours (f ∼ 0.1×10 -4 Hz), and a second, smaller, peak corresponding to a period of about 12 hours (f ∼ 0.2 × 10 -4 Hz), a harmonic of the first frequency. Peaks were not found for pages that are not related to special events or companies, which in general update their pages daily. We show two examples (left and right panels) of these special cases in this figure.
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 42 Figure 4.2: Editing activity as a function of the week day, averaged over the data time span (about ten years), for two editors. Circadian patterns are clearly visible. The highest activity peak can switch between morning and evening, depending on the week day. In general, the week-ends have different editing activity.
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 43 Figure 4.3: Number of edits along the year, per month (shown by stars) and per day (with filled color), for four of the most active editors, over the data time span (about ten years).
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 45 Figure 4.5: WP editing inter-event PDF and K-S distance. Left panels: PDF for the inter-event time. Right panels: K-S distance between the one-hour window CCDFs. We represent, for two of the most active WP editors, the probability density function to have an inter-event activity of duration τ , given the hour of the day at which such action is started, represented by a different color-symbol for 17 one-hour windows. The remaining windows were left out because the low statistics they contain was insufficient to draw statistically sound conclusions. The dotted lines represent the PDF using a window of 24 hours, containing all the data. One can clearly note the similar fat-tails in all the time windows, indicating they are mainly independent from the circadian cycle. In both panels, the dashed lines represent the power law best fits. In the inset is shown the CCDF for the same data. The K-S distances shown on the right panel correspond to the CCDF shown in the inset of the left panel.
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 46 Figure 4.6: Distribution of the average exponent values α (j) for the superusers in the four WP's.
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 47 Figure 4.7: Tweets inter-event PDF and K-S distance. A)PDF for the interevent duration of all the tweets posted by one user. B) K-S distance between the one-hour window distributions. Each color-symbol in the left panel represents the probability distribution of all the inter-events registered in each one-hour window. Seven windows were left out because the low statistics they contain was insufficient. The dotted lines represent the inter-event probability using a window of 24 hours, containing all the data. The dashed line represents the power law best fit. The inset shows the CCDF for the same data. The K-S distances shown on the right panel correspond to the CCDF shown in the inset of the left panel

Fig. 4 .

 4 Fig. 4.8 displays the conflict parameter C as a function of the edition number for WP pages of a) low ("Hiccup"), b) medium ("Timur")and c) high controversy ("Jesus"). Here, insets of the medium and high controversy plots show zooms simulations for behaviours similar to low and medium controversy, respectively. (No relevant for the present chapter). Our tolerance parameter seems to provide an appropriate description of the level of conflict in the edition process.
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 48 Figure 4.8: Controversy parameter C as a function of edition number for WP pages of a) low ("Hiccup"), b) medium ("Timur") and c) high controversy ("Jesus"). Again, insets of the medium and high controversy plots show zooms with behaviours similar to low and medium controversy, respectively (no relevant for the present chapter).
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 49 Figure 4.9: Left panel: An example of normalised values of C (brown) and M (blue)for the same editing interval. Right panel: An example of M evolution with (blue) and without (brown) robots[START_REF]List of active bots in wikipedia en[END_REF], for the same period. Both plots were obtained with the wikipage "Anarchism".
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 410 Figure 4.10: Distribution of editors for each language. The colouring of each column gives the proportion of each category with respect to the total number of editors for the given language.
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 411 Figure 4.11: Degree of homogeneity on the number of pages (in green) and the number of users (in black) among the categories. Calculated by the χ 2 -test.

  at T c . One early signal about the kind of phase transition is the error in the linear fit for the Log-Log plot in the determination of D. The cases F = 2, 3 and q > 2 as well as q > 5 in the Potts model give high values for the Asymptotic Standard Error, indicating first-order transitions. On the contrary, we get a very low Standard Error (< 0.2%) when q = 2 for F = 2 and 3. Using lattices of size up to L = 100, we obtain for the fractal dimension the values D = 1.885(2) for F = 2 and D = 1.882(2) for F = 3. The corresponding values of the Fisher exponent are τ = 2.061(2) and τ = 2.063(2) for F = 2 and 3, respectively.

Figure 5 . 1 : 60 and 80 .

 516080 Figure 5.1: Data collapse for the cluster number density, at T = T c , for sizes L = 40, 60 and 80. The case F = 2, q = 2 is depicted in the upper panels, and F = 3, q = 2 in the lower ones. We show from left to right: a,d) The raw data for the cluster number density, n(s), against s; b,e) The raw data for the transformed cluster number density, s τ n(s, T c ; L) against s; and c,f) The binned version of the transformed cluster number density, s τ n(s, T c ; L) against the rescaled argument, s/L D .

  can trigger self-organised criticality (SOC) was made by Lansing et al. Motivated by the spatial patterning observable in centuries-old Balinese rice terraces, in[START_REF] Lansing | Adaptive self-organization of bali's ancient rice terraces[END_REF], the authors proposed an evolutionary game, based on local farmers' decisions that predicts specific power laws in spatial patterning as seen and measures in the multispectral image analysis of Balinese rice terraces. The model based on feedbacks between human decisions and the ecosystem reproduces the same patterns (power-law-shaped cluster-size distribution), thus indicating self-organised criticality.

Our

  Hamiltonian allows us to analyse the short-range Potts-like transition by fixing b = 0.05, and then the transition driven by the global contributions with setting b = 1.0.
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 552 Figure 5.2 shows the cluster-size entropy in (a) and (b) for the two respective b values,

. 6 )

 6 Two completely different scenarios become visible. Note that there are two contributions to the energy: the total boundary between the coloured patches (same Potts energy) and the one that is related to the balance of frequencies of the q states. At b = 1, where local and global contributions are balanced, a plateau in the clustersize entropy, see Fig.5.2-b, indicates two structural transitions. The low-temperature transition, indicated by Γ I→II , is the result of a competition between maintaining a short (straight) boundary (local interaction) between patches and developing curvature at the boundary (global interaction). The dominance of the former leads to four equalsized patches (O = 0.25, S C = 0), while a balance between the former and the latter causes four slightly unequal-size patches (O = 0.25, S C = ln(4) = 1.386). This balance is reflected in a robust plateau in O over an extended temperature range before it is disrupted by entropic effects in a order-disorder transition, indicated by Γ II→III . The Potts regime (b = 0.05) is different. There, the system remains in one state until the regular order-disorder transition occurs, Fig. 5.2-a.
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 53 Figure 5.3: Fractal dimension derived from the way the percolating cluster fills the space (a). We find a slope of D = 1.927(4). In (b)-(d) we show an attempt to collapse the cluster-size distribution onto a single function for various values of L. We find a typical scenario for a weak first-order transition. Color code in (b)-(c) is the same as in (d).

  Visualizations of the metapopulation framework. On the left panel, agents' positions inside each cell are showed. On the right panel, the aggregated representation of all the possible states is presented: blue represents cells where only blue agents are present, red represents cells containing only red agents, cyan denotes cells where there is a majority of blue agents with respect to red one, similarly orange represents cells where more red than blue agents are present, gray represents cells with an equal number of red and blue agents, finally white represents empty cells.
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Chapter 3

The role of topology: Networks Science

memory coefficient M , for each editor is defined as:

where n τ is the total number of inter-events for that particular editor, and m τ and σ τ (m τ and σ τ ) are, respectively, the average and the standard deviation of the set of all inter-event times except the last one (the first one). This coefficient is positive when short (large) inter-event times tend to be followed by short (large) inter-event times, negative in the opposite case and otherwise close to zero. We can see all the In summary, we found that, in all the WP's, the editors are characterized by high values of Burstiness but small and positive Memory effects. Super-editor behaviours are representative of each community in ES-WP, FR-WP and PT-WP but not in EN-WP,

where their wider stamp data cannot be analyzed as representative of the whole set.

In this case, super-editors have higher values of burstiness and lower memory effects.

One possible explanation is that the majority of such EN-WP super-editors could be WP administrators and, for that reason, never enter in edit wars. The tendency to continuously edit during edit wars can increase the probability of short inter-events followed by short ones, increasing the Memory effects. On the other hand, edit wars can trigger very short inter-events, which increases the B value.

Stationarity of the inter-event power-law distributions

As mentioned in the previous section, the bursty behaviour phenomenon, namely, periods of very high activity that are followed by rest periods, has been found to modulate several activities, such as sending letters, email messages and mobile text messages, as well as making phone calls and browsing the web [START_REF] Goh | Burstiness and memory in complex systems[END_REF][START_REF] Malmgren | On universality in human correspondence activity[END_REF][START_REF] Jo | Circadian pattern and burstiness in mobile phone communication[END_REF]. One important mathematical implication is that the inter-event distribution is power-laws shaped with specific values of the exponents. The grounds for such phenomenon are not yet clearly understood.

The first works in this field suggested a decision-based queuing process, according to which the next task to be executed is chosen from a queue with a hierarchy of importance, in order to explain the observed behaviour. Different kinds of hierarchies were tested, such as the task length and deadline constraints [START_REF] Goh | Burstiness and memory in complex systems[END_REF][START_REF] Barabási | The origin of bursts and heavy tails in human dynamics[END_REF]. Later on, Malmgren et al.

[ [START_REF] Malmgren | On universality in human correspondence activity[END_REF][START_REF] Malmgren | A poissonian explanation for heavy tails in e-mail communication[END_REF][START_REF] Anteneodo | Poissonian bursts in e-mail correspondence[END_REF] argued that decision making is not a necessary component of the bursty human activity patterns. Instead, they maintained that this feature is caused by cyclic constraints in life and they proposed a mechanism based on the coupling of a cascading activity to cyclic repetition in order to explain it. Nonetheless, recently, Hang-Hyun Jo et al. [START_REF] Jo | Circadian pattern and burstiness in mobile phone communication[END_REF] applied a de-seasoning method to remove the circadian cycle and weekly patterns from the time series, and obtained similar inter-event distributions, before and after this filtering procedure. In this way, the authors concluded that cyclic activity is also not a necessary ingredient of bursty behaviour.

In [START_REF] Gandica | Stationarity of the inter-event power-law distributions[END_REF], we used Wikipedia editing and Twitter posting to show that similar inter-event distributions take place independently of the hour of the day. We relate this kind of universality, which is the result of a single person's decision, to a kind of resource allocation (attention, time, energy), distributed in proportion to the different activities that the individual is able to do at specific times, and which is responsible for the broad distribution of inter-events, characteristic of bursty behaviours.

Previously, in [START_REF] Gandica | Circadian patterns on wikipedia edits[END_REF] we have shown that WP editing is strongly influenced by the circadian cycle, as also reported by Yasseri et al. [START_REF] Yasseri | Circadian patterns of wikipedia editorial activity: A demographic analysis[END_REF]. In [START_REF] Gandica | Stationarity of the inter-event power-law distributions[END_REF], we analyzed whether these circadian