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Absitract

This thesis explores both model-based and data-driven approaches to the analysis of
complex systems, with a particular emphasis on innovative methodologies for the study
of psychology. On the model-based side, the thesis investigates agent-based models and
Markov models, presenting case studies in sustainability and climate change perception.
These models illustrate how formal representations of interacting components can generate
emergent phenomena and offer valuable insights into the dynamics of large-scale systems.
On the data-driven side, the thesis examines machine learning techniques —clustering,
prediction, classification— together with causal inference. Two empirical studies in extreme
rainfall events analysis and air quality monitoring demonstrate how these methods identify
complex patterns and improve predictive performance on longitudinal data. Recognizing
that analyzing individual affect dynamics is key for understanding decision-making and
human behavior, the methodological foundations previously developed are transferred
to the field of psychology. First, a novel Markov model formalizes emotion regulation in
individuals, with particular attention to the concept of egosyntonicity —the alignment
between current and expected emotion— demonstrating that while it may provide short-
term positive impacts, it may not always be beneficial in the long run. Second, a
methodological pipeline is proposed for the study of mental disorders. Specifically, causal
inference and machine learning are applied to longitudinal symptom data to capture
nonlinear relationships among symptoms at both individual and group levels, and to
improve the distinction between clinically similar disorders through complexity measures
derived from time series. Overall, the findings suggest that complexity-rich methodologies
provide a powerful framework for advancing research in psychology, and highlight a
direction for computational social science—namely, linking idiographic affective dynamics
to population-level models that instead often rely on reductionist assumptions.



The question is not whether intelligent
machines can have any emotions, but
whether machines can be intelligent
without any emotions.

Marvin Minsky
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This thesis is submitted in partial fulfillment of the requirements for the degree of
Philosophiae Doctor in the Italian National Ph.D. Program in Autonomous Systems.
The research was carried out between 2022 and 2025 at the Department of Information
Engineering and Mathematics, University of Siena, under the supervision of Professor
Chiara Mocenni and Professor Domenico Prattichizzo.

The dissertation reflects my interest in complex systems, combining both model-based
and data-driven approaches applied to real-world scenarios, with novel applications in
psychology and human behavior.

Academic visits to the University of Naples Federico 11 with Professor Pietro De Lellis
and the University of Cartagena with Professor Manuel Ruiz Marin provided valuable
collaborations and greatly enriched this experience.

This journey has been both professionally and personally rewarding, and I am grateful
for the opportunities and challenges that shaped my growth as a researcher.
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Chapter 1
Infroduction to Complex Systems

What makes a system complex, and why should we care? Complex systems are
broadly defined as systems composed of many interacting components, whose collective
behavior cannot be easily inferred from the properties of the individual parts, exhibiting
emergence, feedback loops, nonlinearity, and adaptive behavior [1], [2]. Interest in this
field has grown rapidly since the late 20th century when theory, data, and computation
started to reinforce one another: nonlinear dynamics and chaos revealed how simple
deterministic rules can generate irregular, unpredictable trajectories [3]; agent-based
and rule-based modeling provided computational laboratories for controlled simulation
studies of adaptation, emergence and collective dynamics [4]; and network science offered
a unifying language to map and analyze interdependence in biology, technology, and
society [5]. From ecosystems and neural circuits to the internet, financial markets, and
epidemic processes, researchers have documented nonlinearity, path dependence, and
critical phenomena that defy purely reductionist approaches [6].

An essential feature of complex systems is that they are dynamical: their macroscopic
patterns emerge from micro-level interactions unfolding over multiple, often entangled
time scales, and the current state of the system is dependent on its past states. Thus,
in order to study and model complex systems, time must be taken into account [7]. A
complex-systems view is based on three primitives: (i) a networked substrate that specifies
who interacts with whom (possibly weighted, multilayer, and time-varying); (ii) interaction
rules that couple components through feedbacks and nonlinearities; and (iii) explicitly
dynamical evolution, typically operating far from equilibrium [8], [9]. Building on these
primitives, two broad methodological strategies emerge: model-based and data-driven.

Model-based approaches assume specific mechanisms that generate data (e.g.,
deterministic or stochastic differential equations, agent-based rules, conservation laws).
They offer interpretability, counterfactual reasoning, and principled extrapolation when
theory is approximately correct; but they can suffer from misspecification and identifiability
issues [10]. Data-driven approaches instead prioritize predictive performance from
observations, using flexible methods (e.g., kernel methods, deep and graph neural networks,
causal inference). They excel when mechanisms are unknown and data are abundant, but
may generalize poorly out of distribution and offer limited insight [11]. Choice depends
on purpose and regime: model-based approaches are preferable when prior knowledge
and interpretability are crucial or data are scarce; data-driven approaches are preferable
when complexity overwhelms first-principles modeling or when rapid, accurate prediction
is paramount.

The complexity science perspective has proved fruitful in diverse domains. In biology,
network and dynamical views explain stability and fragility in ecological communities
and mutualisms, as well as modular motifs in gene regulation [12]. In physics, complex-
systems tools illuminate critical phenomena, self-organization, and synchronization, linking
microscopic interactions to macroscopic laws [13]. In economics and finance, production
and financial networks mediate aggregate fluctuations and systemic risk, complementing
traditional equilibrium models [14]. In computer science and engineering, principles of
distributed interaction underpin swarm intelligence, consensus, and resilient coordination
in large-scale cyber-physical systems [15].

1.1 Motivation

Complexity science has also reshaped how we study human behavior, especially at the
social or group-level [16]. Network models, opinion dynamics, and collective decision-
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making have clarified how local interactions scale up to population-level patterns such
as cascades, polarization, and coordination [17]. By contrast, the individual level has
received comparatively less sustained attention in the complex-systems canon, despite
long-standing calls to bridge scales [18].

As an example, cognition itself is naturally framed as a complex system. Rather than
a linear pipeline, cognitive function emerges from the nonlinear interaction of perception,
memory, attention, affect, and action across multiple time scales [19], [20]. Network
neuroscience further supports this view: flexible, transient coalitions of brain regions
(modules, hubs, and motifs) coordinate via metastable dynamics to support adaptive
behavior [21], [22]. Such systems can display sudden reorganizations—insight, affective
shifts, or breakdowns—consistent with dynamical transitions and early-warning signals
[23], [24]. Moreover, affect and behavior exhibit inertia, feedback, and context sensitivity
at short time scales. These properties indicate that affective and behavioral processes are
fundamentally nonstationary [25].

Methodologically, model-based tools (e.g., dynamical systems, Markov models,
agent-based models) provide interpretable hypotheses about mechanisms and permit
counterfactuals; yet, idiographic dynamical models remain underdeveloped, reflecting
both the historical scarcity of data sufficient for rigorous validation and the lack of
connection with the individual-level qualitative theories to guide modeling when such
data are unavailable.

Data-driven tools (e.g., regression, decision trees, clustering, dimensionality reduction,
neural networks) exploit high-dimensional observations for prediction and discovery.
Nevertheless, data at the necessary temporal resolution have historically been scarce,
and empirical work has tended to privilege between-person aggregates over within-person
dynamics [26].

Traditional reductionist approaches in the social sciences often compress individuals
into static points, averaging across time or across people. Such simplifications overlook the
feedbacks, memory, and transient episodes that are intrinsic to human dynamics. In other
words, reductionism filters out precisely the nonlinear and context-sensitive features that
define complex behaviors. From a complex-systems perspective, however, the individual is
not noise to be averaged away but a dynamical unit whose trajectories matter. Capturing
these idiographic dynamics is conceptually indispensable: without it, the bridge between
micro-level processes and macro-level phenomena remains incomplete. Additionally, mobile
sensing and digital traces have recently made it feasible to collect dense, longitudinal
records of feelings and behaviors, enabling the investigation of idiographic dynamics at
scale [27]. These considerations motivate the contributions of this thesis detailed section
1.3.

1.2 Complex Systems in Psychology

The complex-systems and network-oriented view has recently gained particular traction in
psychology. Denny Borsboom and colleagues, for example, have proposed conceptualizing
mental disorders as emergent properties of interacting symptoms rather than as
manifestations of latent disease entities [28]. In this framework, symptoms such as
insomnia, fatigue, and low mood are not merely passive indicators but active components
of a network that influence one another bidirectionally over time, potentially leading
to self-sustaining pathological states. Building on this foundation, recent contributions
extend network models toward within-person dynamics and individual tailoring, moving
beyond cross-sectional associations.

To study psychological phenomena as processes, the first step is to capture
measurements over time, for instance through experience sampling methods (ESM)
or ecological momentary assessment (EMA). These methods provide dense longitudinal
data, making it possible to investigate bridges between syndromes or to develop methods
that explicitly target moment-to-moment dependencies at the individual level [29], [30].
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Emotions represent a paradigmatic example of dynamical processes: they participate
in an adaptive feedback loop in which situations shape perception, perception elicits
emotions, and emotions drive actions that reconfigure subsequent situations. Affective
states fluctuate across multiple time scales and display inertia and context-sensitive
feedback. Capturing these moment-to-moment changes is essential for explaining micro-
level psychological phenomena. In this vein, Ryan et al. present a generative model of
emotion dynamics, formalizing the link from situations to emotional responses within
individuals [31].

It is important to emphasize, however, that these psychological and affective
frameworks complement, rather than replace, neuroscientific perspectives [32]. In fact,
while the underlying neural mechanisms provide the biological substrate for cognition
and emotion, the complex systems approach to psychology highlights an additional level
of description: the emergent patterns of interaction among psychological components
themselves. This systems-level perspective offers valuable insights into how mental
phenomena can arise, stabilize, and transform within individuals over time.

Despite rapid progress, much remains to be done. Open problems include formalizing
theoretical psychological frameworks through mathematical modeling, achieving reliable
causal identification and validation of relationships among symptoms, connecting group
and individual-level structures, and establishing robust reporting and replication standards
[33], [34]. These open problems frame the contributions detailed in the next section.

1.3 Contributions

This thesis advances the study of complex systems through two main complementary
contributions. On the one side, it investigates model-based and data-driven methods
across domains where complexity science is already a recognized lens. On the other
side, it focuses on psychological dynamics, a comparatively underexplored area, applying
state-of-the-art methodologies at the individual level and bridging to group-level inference.

The first part deepens both model-based and data-driven approaches through four
case studies, selecting the most suitable mathematical tools case by case. It addresses the
following research questions:

¢ RQ1: What is the role of citizens and their knowledge, opinions, awareness and
experience on sustainability?

o RQ2: How do individuals’ perceptions of climate change evolve over time, and what
factors drive these trajectories?

e« RQ3: Can extreme rainfall areas be detected by clustering spatio-temporal rainfall
data?

e RQ4: Can a swarm of wearable air-quality sensors, integrated with neural networks,
predict optimal geo-locations for monitoring?

The studies developed here first serve as a methodological training ground and second
suggest that cognitive and affective components are integral to decision making and
human behavior even in sustainability and climate contexts—thus motivating a shift to
the study of psychological dynamics in the second part.

The second part targets the core contribution: applying complex-systems methodolo-
gies to psychological processes, combining model-based and data-driven analyses at the
individual level and aggregating to the group-level. It addresses:

e« RQ5: How emotions evolve over time, and how these processes can lead to adaptive
or maladaptive patterns?

o RQ6: Is egosyntonicity invariably beneficial as a strategy for emotion regulation, or
can it incur long-run costs?

o« RQT7: Is it possible to infer individual-level nonlinear causal relationships among
symptom time series?
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o RQ8: Can idiographic findings be generalized to the group-level without erasing
individual heterogeneity?

¢ RQY9: Can classification of mental disorders that share common symptoms be
improved by leveraging complexity measures of symptom time series?

By focusing on temporal dynamics, this thesis aspires to provide a richer understanding
of human affect and mental disorders as complex, adaptive systems, and to demonstrate
how modern analytical tools can uncover hidden structures and transitions within these
processes.

1.4 Outline

The thesis is organized into two main parts. Part I includes chapters 2 and 3 and illustrates
how the model-based and data-driven approaches employed throughout the thesis can
be utilized in testbed applications. Specifically, chapter 2 develops two model-based
frameworks. First, an agent-based model grounded on graph theory and game theory
explores the sustainability propensity of citizens on social networks over time, answering
RQ1 [35]. Second, a Markov modeling approach is introduced to investigate individual
differences in the perception of extreme rainfall events, with the goal of characterizing
cognitive pathways that lead to adaptive or maladaptive responses, answering RQ2 [36].
Additional information about chapter 2 are provided in Appendix A.

Chapter 3 turns to data-driven studies. It employs machine learning to analyze
patterns in extreme rainfall, assessing whether spatio-temporal clustering can detect
areas prone to extreme events (RQ3) [37]. The chapter also introduces wearable swarm
sensors for air-quality monitoring, integrating spatio-temporal data with neural networks
to predict optimal geo-locations (RQ4) [38]. Supplementary details of the chapter are
collected in Appendix B.

Part II includes chapters 4 and 5 and advances novel complex methodologies for
psychology. Chapter 4 provides a model-based formalization of emotion-regulation
dynamics by presenting a Markov model based on the concept of egosyntonicity [39]. This
chapter addresses questions RQ5-RQ6.

Chapter 5 presents a data-driven pipeline for studying mental disorders, using
Generalized Anxiety Disorder and Major Depressive Disorder as case studies. In particular,
it applies modern state-of-the-art methods to recover nonlinear, individual-level causal
relationships among symptom time series and then aggregates idiographic structures to
the group-level, addressing RQ7 and RQS8. Finally, it evaluates whether disorders with
overlapping symptoms can be classified by leveraging complex dynamics analysis (RQ9)
[40]. This chapter is complemented by Appendix C.

Chapter 6 concludes the thesis, summarizing contributions, limitations, and avenues
for future research.
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Models are simplified representations of reality that help us understand, simulate,
and predict the behavior of (complex) systems. While they necessarily abstract certain
elements, they remain essential tools in both theoretical and applied research.

In this Chapter, I present a selection of model-based methods explored and applied
during this thesis. The next section introduces two modeling approaches: agent-based
models and Markov models. These are chosen for their flexibility and relevance in contexts
involving human behavior and decision making. The following two sections explain two
applications: an agent-based model on sustainable behavior (RQ1) and a Markov decision
process addressing climate change perception (RQ2). These preliminary studies helped
me prepare for the main contribution of this thesis on model-based approaches in the
novel and sensitive domain of psychology, which is discussed in Chapter 4. This Chapter
also has an associated Appendix A with additional material and details.

2.1 Model-based Methods

There are many ways to model complex systems. In this section, I focus on two widely
used approaches: agent-based models and Markov models. These are selected based on
their suitability for representing both individual and collective behavior in systems where
decision making, interaction, probabilistic transitions, as well as temporal dynamics, play
a key role. The goal here is not to provide an exhaustive review of all model-based
methods but to give an overview of those most relevant to the work carried out in this
thesis.

2.1.1 Agent-based Models

Agent-based modeling is a computational modeling technique used to study the collective
behavior of complex systems, such as groups of individuals or autonomous decision making
agents interacting with each other and their environment. An agent-based model (ABM)
is thus a particular type of model where agents are represented as autonomous and unique
entities endowed with certain attributes and make decisions on some issue according to
specific behavioral rules.

The agents of an ABM generally exhibit adaptive behavior, since they regulate their
actions and decisions according to their current states, those of other agents, and of the
environment. Hence, in agent-based modeling, instead of describing a system from a
macroscopic level as we do with approaches using differential equations, we describe the
system from a microscopic level by defining its individual agents in a bottom-up approach
[41]-[44]. Consequently, an ABM allows both to understand how a system’s behavior at
the macroscopic level derives from the behaviors of individual agents at the microscopic
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level and to grasp how the behaviors of individual agents are affected by the behavior of
the system as a whole.

Additionally, while related to multi-agent systems in AI, ABMs typically prioritize
explanatory and exploratory modeling of social or natural phenomena over task-oriented
coordination or control, and are often less focused on optimality or centralized goals [45].

The main benefit of agent-based modeling is the ability to capture the emerging
phenomena resulting from the interactions of individual entities with each other and with
the environment [43]. Very often the patterns emerging at the macro-level depend on
how individuals make decisions at the micro-level [46]. Therefore, representing human
decision making, which can be defined as the cognitive process of making a choice from a
number of alternative actions [47], in ABM is of primary importance.

ABMs are particularly well-suited for contexts in which heterogeneity among agents
plays a significant role, where interactions are local or nonlinear, and where adaptation
or learning influences behavior over time. They are also effective in settings requiring
an explicit representation of space—through lattices, continuous fields, or geographic
information systems (GIS)—or dynamic interaction networks that evolve as agents interact.

A basic ABM architecture consists of agents, an environment, and a scheduling
mechanism. Agents are typically characterized by static attributes (such as age, type, or
preferences in the case of individuals), an internal dynamic state, and often a memory of
past experiences. The environment, which may be spatially explicit or abstract, shapes
the context in which agents perceive and act. Interactions among agents may occur
directly, or through network structures—static or dynamic—that define who can interact
with whom. Stochasticity is commonly introduced in perception, behavior, or outcomes,
and is usually controlled through the use of random seeds to ensure reproducibility.

Ultimately, agent-based models are particularly useful for exploring “what-if” scenarios.
They give researchers the ability to test how varying assumptions or interventions could
generate different results, especially in contexts where analytical solutions are difficult to
obtain.

We now focus on the case in which the agents of the model are individuals. The
decision making process of individuals can be described in many ways, depending on the
context and the considered application. In DeAngelis and Diaz [48] the authors provide
an overview of some of the ways in which decisions can be embedded in ABMs: from the
use of simple logical rules (if-then) to more sophisticated learning mechanisms via neural
networks and genetic algorithms. Decision making can also depend on social norms, peer
influence, imitation, noisy perception and limited attention. Agents often operate under
partial or biased information, which further enriches the behavioral landscape.

Decision-making processes are often described by Game Theory (GT) and Evolutionary
Game Theory (EGT) [49], [50]. GT is a mathematical field dedicated to the study of
social interactions between rational individuals whose decisions are interdependent, that
is, the outcome of their choices depends not only on their own decisions but also on
those of all the others [51]. EGT is an application of GT combining the principles of
biological evolution with the analysis of strategic interactions [52]. Both GT and EGT
have been recognized to be particularly suitable in modeling decision making processes,
especially for the study of social interactions among rational individuals whose decisions
are interdependent [51]. For instance, cooperation has been widely formulated and
analyzed in the context of EGT [53]. The Prisoners’ Dilemma (PD) game has been
employed as a metaphor for examining cooperation among selfish individuals [54], while
the Stag-Hunt (SH) and Hawk-Dove (HD) games represent herding and anti-herding
mechanism, respectively [55], [56]. Further details about GT and games are available in
Appendix A.

Another crucial point in ABMs is the integration of empirical data during either
initialization, calibration, verification, or validation. Finally, the documentation and
reproducibility of ABMs are supported by established standards such as the ODD
(Overview, Design concepts, Details) protocol, which provides a structured framework
to describe the purpose, mechanisms, and implementation of the model in a transparent
and replicable manner [57].
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While agent-based models offer valuable insights in contexts where classical approaches
fail — for instance, in systems with strong heterogeneity that cannot be easily represented
by differential equations — they also present some limitations: they often rely on simplified
behavioral rules, may require strong assumptions about decision-making processes, and
can be difficult to validate against real-world data.

2.1.2 Markov Models

I now describe the key properties of Markov models, the second model-based approach
used in this thesis alongside agent-based modeling. Markov models are mathematical
frameworks that are used to describe systems that evolve over time in a probabilistic
manner. They are particularly suited for modeling dynamical systems where the future
state depends only on the current state. Moreover, they provide a simple yet effective way
to study complex systems by capturing their stochastic and time-dependent behavior.

In this section, we first introduce Markov chains, which model transitions between
discrete states with fixed probabilities. We then move to Markov Decision Processes
(MDPs), which extend this framework by incorporating actions and rewards, enabling the
modeling of decision making under uncertainty.

These models are widely used thanks to their interpretability and flexibility in capturing
stochastic dynamics across a variety of domains.

Markov Chains

Markov chains provide a rich framework for studying many discrete event systems (DES)
of practical interest, ranging from gambling and the stock market to the design of high-tech
computer systems and communication networks [58].

The main characteristic of Markov chains is that their stochastic behavior is described
by transition probabilities of the form P[X (t+1) = 2’ | X (t) = «] for all state values z, 2.
Given these transition probabilities and a distribution for the initial state, it is possible
— in principle— to determine the probability of being at any state at any time instant.
However, in practice, this task can be very difficult, as it often involves the solution of
complicated differential equations. Even though we would like to obtain general transient
solutions, in most cases we have to settle for steady-state or stationary solutions, which
describe the probability of being at any state in the long run only (after the system has
been in operation for a sufficiently long period of time).

In a discrete-time Markov chain, events (and hence state transitions) are constrained
to occur at discrete time instants 0,1,2,...,¢,..., thus forming a stochastic sequence
{Xo, X1,...} which is characterized by the Markov (memoryless) property:

PXip1 =21 | Xe =20, Xy 1 =201, , Xo = x0) = P[Xiq1 = 241 | Xi = 2] (2.1)

Given the current state xy, the value of the next state depends only on x; and not on
any past state. Moreover, the amount of time spent in the current state is irrelevant in
determining the next state.

Definition 2.1.1 (Markov chain)
A Markov chain model is defined by:

1. A state space X.
2. An initial state probability po(z) = P[Xo = ],V € X.

3. Transition probabilities p(x’, x) where x is the current state and x’ is the next
state.

O

Whenever the transition probability p;;(t) is independent of ¢ Vi,j € X, we obtain a
homogeneous Markov chain.
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The transition probability information for a discrete-time Markov chain is conveniently
summarized in matrix form: P = [p;;], i,j = 0,1,2,...; observe that all elements of the
i-th row in this matrix must always sum up to 1, since we are summing over all possible
mutually exclusive events causing a transition from state ¢ to some new state.

One of the main objectives of Markov chain analysis is the determination of probabilities
of finding the chain at various states at specific time instants. We define state probabilities
as 7;(t) = P[Xy = j]. Accordingly, we define the state probability vector as a row vector
7 (t) = [mo(t), m1(t),...], whose dimension is specified by the dimension of the state space
X of the chain.

A discrete-time Markov chain model is completely specified if, in addition to the
state space X and the transition probability matrix P, we also specify an initial state
probability vector 7 (0) = [m9(0), 71(0),...] which provides the probability distribution of
the initial state, Xq, of the chain.

Transient analysis Once a Markov model is specified through X, P, and 7 (0), we can
start addressing questions such as: What is the probability of moving from state i to
state 7 in n steps? What is the probability of finding the chain at state ¢ at time ¢? In
answering such questions, we limit ourselves to given finite numbers of steps over which
the chain is analyzed. This is what we refer to as transient analysis. Using the definitions
of w(t) and P we get:

n(t+1)==nt)P, t=0,1,..., (2.2)

which is equivalent to
w(t) =mw(0)P", t=1,2,... (2.3)

Using such equations we can completely study the transient behavior of homogeneous
discrete-time Markov chains.

In general, solving equations 2.2 or 2.3 to obtain 7r(¢) for any ¢ is not a simple task. As
in classical system theory, where we resort to z-transform or Laplace transform techniques
in order to obtain transient responses, a similar approach may be used here as well. The
main result is that P’, which we need to calculate 7(t) through equation 2.3, is the
inverse z-transform of the matrix [I — zP]~!, where I is the identity matrix.

Steady state analysis In steady state analysis we extend our inquiry to questions such
as: What is the probability of finding a Markov chain at state ¢ in the long run? By “long
run” we mean that the system we are modeling as a Markov chain is allowed to operate
for a sufficiently long period of time so that the state probabilities can reach some fixed
values which no longer vary with time. This may or may not be achievable. Our study,
therefore, centers around the quantities:

T = lim Wj(t), (24)

where, 7;(t) = P[X; = j], and the existence of these limits is not always guaranteed.
Thus, we need to address three basic questions:

1. Under what conditions do the limits in equation 2.4 exist?
2. If these limits exist, do they form a legitimate probability distribution, that is,
dom =17
3. How do we evaluate ;7
Definition 2.1.2 (Steady state)

If mj = limy_,oo ;(t) exists for some state j, it is referred to as a steady-state,
equilibrium, or stationary state probability. O
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If m; = limy_, oo 7;(t) exists for all states j, then we obtain the stationary state
probability vector w = [mg,71,...]. It is essential to keep in mind that the quantity
reaching steady state is a state probability — not a state which of course remains a random
variable.

It is often the case that after a long time period (i.e., large values of t) we have
m(t+ 1) ~ 7 (t). In other words, as t — oo we get m(t) — m, where 7 is the stationary
state probability vector. This vector, if it exists, also defines the stationary probability
distribution of the chain. Then, if indeed in the limit as t — oo we get w(t+1) = = (t) = ,
we should be able to obtain 7 from equation 2.2 by solving a system of linear algebraic
equations = w P, where the elements of 7 satisfy 7; > 0 and Zj m = 1.

Fortunately, as long as an irreducible Markov chain is not periodic, the limit of 7;(t)
as t — oo always exists. The formal definitions and details can be found in Appendix A.

Theorem 2.1.1

In an irreducible aperiodic Markov chain the limits 7; = lim;_,o 7;(t) always exist
and they are independent of the initial state probability vector. ]

Theorem 2.1.2

In an irreducible aperiodic Markov chain consisting of positive recurrent states a unique
stationary state probability vector 7 exists such that m; > 0 and m; = limy_,o m;(t) =
ﬁj’ where M; is the mean recurrence time of state j. The vector m is determined by
solving:
r=nP, Y m=1 (2.5)
all j

O

Note that every finite irreducible aperiodic Markov chain has a unique stationary
state probability vector w determined through equation 2.5. In this case, obtaining 7 is
simply a matter of solving a set of linear equations.

Thus, Markov chains offer both theoretical guarantees and computational tractability.
Nevertheless, Markov chains have some limitations. First, the existence and uniqueness
of steady states depend on relatively stringent conditions—such as irreducibility and
aperiodicity—that may not always hold in empirical applications. Moreover, Markov
chains rely on the assumption of memorylessness, which may lead to oversimplification of
complex dynamics. This reflects a fundamental trade-off: compact representation versus
structural information.

Markov Decision Processes

I now introduce the basics of Markov decision processes, which extend Markov chains by
incorporating actions, rewards, and decision-making under uncertainty.

In order to introduce a Markov decision process related to a stochastic DES, three
ingredients are needed: control actions taken when a state transition takes place, the cost
(or reward) associated with such actions, and transition probabilities which may depend
on control actions.

When a new state is entered, a control action w is selected from a known set U of
possible control actions. There is a cost associated with the selection of a control action
u at state i, and we denote this cost by C(i,u). The nature of C(4,u) plays a crucial role
in the solution of the problems we will consider. The rule based on which control actions
are chosen is called a policy. The only new element compared to Markov chain models
is the fact that the transition probabilities p;;[u(i)] depend on the particular policy 7
that we wish to adopt. Our objective is to determine policies 7 which are “optimal” in
some sense. Thus, we need to specify a cost criterion that we should seek to minimize (or
a reward function that we want to maximize). There are several common forms of cost
criteria, among which the total expected cost over a finite horizon, the total expected
discounted cost over an infinite horizon, the total expected (undiscounted) cost over an
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infinite horizon and the expected average cost. In any case, the cost V. (zg) is specified
with respect to a given initial state xg, and the aim is to determine a policy 7 to minimize
Vﬂ— (.1'0)

We can limit ourselves to discrete-time Markov chains, and, therefore, concentrate
on a Markov chain {X,;}, t = 0,1,... with transition probabilities p;;[u(¢)], where the
control actions wu(i) are determined according to a policy 7. The process {X;} is what is
commonly referred to as a Markov decision process (MDP).

Definition 2.1.3 (Markov Decision Process)

An MDP is a tuple M = (S,U, P,C) where S is a finite set of possible states, U is a
finite set of available control actions, P : S x S x U — [0, 1] is a transition probability
function depending on current state and action chosen, and C': S x U — R is a cost
(or reward) function. O

As in Markov chains, in MDPs, the current state incorporates all the past of the
Decision Maker (DM): it is the result of all their previous decisions, related outcomes,
and experience gained.

We assume that at every state transition a cost C(¢,u) is incurred, where 7 is the state
entered and wu is a control action selected from a set of admissible actions U;. Under a
stationary policy 7, the control v depends only on the state i. The next state is then
determined according to transition probabilities p;;(u). We also assume that a discount
factor 0, 0 < § < 1, is given, and that an initial state is specified. We then define the cost
criterion:

Ve(i) =B, li §'C(Xq, ut)] (2.6)
t=0

which is the total expected discounted cost accumulated over an infinite horizon, given
the initial state i. Therefore, our Markov decision problem is to determine a policy m to
minimize V(7).

A fundamental solution technique for Markov decision problems is based on the concept
of Dynamic Programming (DP) [59]. DP is guaranteed to converge to the optimal policy,
however, due to the curse of dimensionality, it cannot be applied in high-dimensional
problems. DP therefore provides the classical foundation for solving MDPs, although its
direct use is restricted by computational intractability.

The rest of the Chapter is devoted to presenting two training applications of model-
based approaches to complex systems. The first focuses on sustainable behavior by
proposing an agent-based model, while the second applies a Markov decision process to
the context of climate change. These studies served primarily as exploratory exercises,
allowing me to gain familiarity with the methods before applying them to the main case
study of the thesis, discussed in Chapters 4 and 5.

2.2 An Agent-based Model to Study Sustainable Behavior in the
Italian City of Siena

This section summarizes and adapts the work presented in [35], which illustrates the
development of an agent-based model aimed at investigating individual and collective
patterns related to sustainable behavior (RQ1). This study is included as a methodological
exercise that illustrates the potential of ABM in the analysis of sustainable behavior.

2.2.1 Introduction

What is the role of citizens and their knowledge, opinions, awareness and experience on
climate change effects? Sustainable policies are more effective when supported by citizens’
choices, for instance in the case of waste reduction. We thus focus on the micro-to-macro
link between individual decisions and collective sustainability.
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ABMs are particularly suitable in modeling environmental attitudes among people,
as they represent complex systems where agents are autonomous entities interacting
with each other and the environment [41]. ABMs have been widely applied to sociology
and are powerful tools for examining agent-agent interaction and understanding how
individual actions influence social outcomes [42]. This encourages the use of such models
in the context of environmental sustainability, allowing to analyze how agent-agent and
agent-environment interactions at the micro-level may or may not give rise to sustainable
scenarios at the macro-level.

We build an ABM whose entities are residents of Siena (Tuscany, Italy). A survey
(May—July 2023) collected attitudes toward climate change and sustainable practices; the
dataset is used to parameterize the ABM and map five behavioral types.

Using (evolutionary) game-theoretic rules, we examine how cooperation— here
interpreted as pro-environmental behavior—spreads and persists over time and space.

Preliminary survey results align with known patterns: the gap in climate awareness
related to the educational level and the eco-gender gap phenomenon [60]-[64]. Surprisingly,
results indicate that the youngest age class is not the most aware of climate change in
Siena [65], [66]. The obtained dataset has been not only analyzed from a statistical point
of view, but mainly used to tune our ABM on real local data. The model explores how
these micro-level ingredients and network structure shape macro-level outcomes. The
exploration of different scenarios suggest that the geographical and urbanistic features of
the city itself may have a significant impact on this phenomenon.

2.2.2 Methods

Each agent chooses between two strategies at each iteration: cooperation (C) and defection
(D), where cooperation is interpreted as pro-environmental behavior and vice versa.

We consider the iterated versions of three games, involving more than two players and
multiple rounds: Prisoners’ Dilemma (PD), Stag-Hunt (SH) and Hawk-Dove (HD). In the
iterated version of (PD), an increase in the number of people cooperating proportionally
raises the benefit for each of them. This assumption suggests that cooperation may
lead to greater individual reward, thus encouraging players to cooperate with each other.
For players who defect, their benefit is assumed to be given by an « factor multiplied
by the number of people who cooperate, where the parameter « € [0, 3] represents the
benefit each player obtains from defection and it is called defection-award. This may
reflect situations in which non-cooperators benefit from the actions of cooperators without
contributing to the common good.

We identify five agent types through the survey, corresponding to the five games.
Prisoners’ Dilemma (PD), Stag-Hunt (SH) and Hawk-Dove (HD) players can change
strategy at each iteration of the model and are called indifferent players. Activists (A)
and deniers (D) agents always choose the same strategy at each time instant: cooperation
(C) for the former and defection (D) for the latter.

Taking inspiration from an existing model, which explores how the behavior of agents
positioned on a grid evolves as they play iterated (PD) with their neighbors [67], our
model extends it by including also (SH), (HD), (A) and (D).

Specifically, results obtained from the survey enable us to both assess the climate
awareness of the examined population and determine the number of agents in the sample
belonging to each of the five categories (see Appendix A for details).

The purpose of the model is to understand under what conditions there is diffusion of
sustainable practices among citizens.

Model Setup

The ABM is initially developed in a theoretical case, called the Basic Model, in which we
assign to the agents all the attributes obtained from the survey except for the geographical
position on the map of Siena. Thereafter, the ABM is fully adapted to our case study,
the so called Siena model, in which the agents are georeferenced on the map of the city.
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The Basic model simulates the behavior over sustainable practices of individuals living
in a city with a prototypical regular structure. The ABM contains a total number of
N = 324 agents positioned to form a 2-dimensional lattice of size 18 x 18. The agents in
the model do not move and interactions among agents are represented by links.

All the agents belong to one of the five classes and never change it, thus having: 33
(A), 15 (D), 197 (PD), 45 (SH) and 34 (HD). The strategy selection of each player at
each time step is described using colors (further details in Appendix A).

Figure 2.1: Basic model depicted at time ¢ = 0 with ic = 50%. (a) regular lattice; (b) small-world network.
The type of each agent is represented by a label A, D, PD, SH or HD. Each agent of type (PD), (SH)
and (HD) is initialized either as a cooperator (blue node) or a defector (red node). Activists (A) and
deniers (D) are represented by white nodes with a blue and red central dot, respectively.

According to the survey, each agent in the model has discrete variables of age, gender,
educational level, awareness € [1,10] and kind € {(A), (D), (PD), (SH), (HD)}. The values
of these variables are randomly initialized for each agent so that the percentages of each
category found in the survey are fulfilled. Each agent has also associated the continuous
variable score, which is assumed initially equal to 0 and free to change over time. In
particular, let ¢ be the i-th agent and let total-cooperators (tc) denote the total number
of cooperating agents connected to agent 7 in the graph. Then, its score is updated
according to the following rule [67]:

te if agent i cooperates

score(i) = { (2.7)

a - te if agent ¢ defects
where « is the defection-award parameter.

There are two other parameters in the model: initial-cooperation (ic € [0,100]), which
establishes the percentage of cooperating indifferent agents at the initial time ¢t = 0, and
SW-rewiring-prob (SW,, € [0,1]), the rewiring probability used to build a small-world
graph starting from the regular lattice.

Specifically, we consider two different scenarios: a 2-dimensional regular lattice where
each agent is connected to its 1-distance neighbors, obtained with SWrp = 0 (see Figure
2.1a); a small-world (SW) graph obtained from the regular one using a rewiring algorithm
inspired by Watts and Strogatz’s model and obtained with SWrp = 0.05 (see Figure 2.1b)
[68]. In the first case we assumed to have a perfectly regular city or neighborhood where
only geographical proximity connections are considered in the decision making process.
In the second case, SW networks also consider social networks (e.g., friendships), and are
therefore more suitable to represent social phenomena [69], [70].

Once the model has been set to its initial configuration, it is ready for execution. At
each iteration, all players make their decision based on the interactions with others and
the game they play. Specifically:
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(PD) players select the same strategy as the agent with maximum score among their
neighbors.

(SH) players select the same strategy as the majority of their neighbors.

(HD) players select the opposite strategy with respect to the majority of their
neighbors.

e (A) players choose always to cooperate independently of the neighbors’ decisions.

o (D) players choose always to defect independently of the neighbors’ decisions.

In the Siena model, many of the aspects described in the Basic model remain essentially
the same. The agents, however, are now georeferenced on the map of the city of Siena
[71], [72].

Each player, in addition to the variables described in the Basic model, has also the
variables terzo, location, lat and long: terzo indicates the neighborhood of the city of
Siena where agents live; location reports the address of residence; lat and long specify
latitude and longitude of agents (see Figure 2.2) for the new setting).

Figure 2.2: Siena model at time ¢t = 0 with ic = 50%. The white lines represent Siena’s road network,
while the black ones are the links between nodes. (a) geographic graph; (b) small-world (SW) graph.

Again we consider two scenarios: a geographical network, obtained with SWrp = 0,
whose links represent Siena’s neighborhoods within a radius of 120 m (see Figure 2.2a); a
SW network, obtained leveraging the rewiring algorithm used in the Basic model with
SWrp = 0.05 (see Figure 2.2b). Further details on the model variables can be found in
Appendix A.

2.2.3 Results

Basic model simulations are examined in the two scenarios of the regular lattice and the
SW network case. For each topology we perform many simulations to study the effect of
changing the parameters ic and . We find that the cooperation dynamics in the long
run is independent from the value assumed by ic in our setting.

Referring instead to parameter «, we have that in the regular lattice, prevalence
of cooperative behavior is observed for a € [0,1.34], conversely defection prevails for
a € (1.34,3], as shown in Figure 2.3, where the two examples with « = 0.8 and
«a = 1.7 allow one to observe the differences. Thus, global scenarios of sustainability or
unsustainability are observed in these cases. Note that the dominant type of agent in our
sample is represented by (PD) players, who are the only ones whose decisions depend on
a.
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Figure 2.3: Regular lattice scenario. Top row: a = 0.8; bottom row: o = 1.7. (a): Pattern at final time
with a = 0.8; (b): Cooperation/Defection over time with a = 0.8; (c): Pattern at final time with o = 1.7;
(d): Cooperation/Defection over time with o = 1.7.

For the SW network, the overall dynamic remains almost the same. The key difference
that is observed lies in the threshold for « at which there is a behavioral change from the
cooperative to the defecting dynamics. We find prevalence of cooperation for a € [0, 1.38]
and defection for av € (1.38,3], enabling us to conclude that the SW network slightly
facilitates the diffusion of cooperation compared to the regular one.

Siena model simulations are analyzed in the two scenarios of the geographical and
the SW network. The cooperation dynamics is again independent of the value assumed
by ic in the long run and depends only on «. As in the Basic model, either with the
geographical or SW network, by varying the value of a from 0 to 3, the graph changes
from cooperation to defection. Specifically, for the geographical network scenario, we
observe prevalence of cooperation if a € [0, 1] and defection if a € (1, 3], while for the
SW network scenario we get the prevalence of cooperation if « € [0,1.12] and defection
if a« € (1.12,3]. Figure 2.4 shows two examples of the final patterns with a = 0.8 and
« = 1.7, respectively. Similarly to the Basic model, we find that the SW network slightly
facilitates the diffusion of cooperation compared to the geographical one.

It is evident from the results that the presence of a SW network slightly promotes
the spread of cooperative behavior, according also to the results found by the authors
in Masuda and Aihara [73], where it has been analyzed how cooperation emerges in the
spatial prisoners’ dilemma played in a range of networks, from regular to random, and
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Figure 2.4: Geographical network scenario. Top row: a = 0.8; bottom row: « = 1.7. (a): Pattern at final
time with o = 0.8; (b): Cooperation/Defection over time with oo = 0.8; (c): Pattern at final time with
a = 1.7; (d): Cooperation/Defection over time with a = 1.7.

where it has been proved that the SW topology is the optimal one for the spread of
cooperation. Similarly, in both the Basic and Siena models, the range of « values over
which cooperative behavior prevails expands when the structure is switched to a SW
network.

Table 2.1: Threshold «a; for parameter « indicating the transition from cooperation to defection in the
Basic and Siena models across regular (R), geographical (G), and small-world (SW) network scenarios.

Basic model Siena model

(R) o] = 1.34 (G) a1 = 1.00
(SW) a; =1.38  (SW) oy = 1.12

We denote by «a; the critical threshold of « that separates cooperation from defection.
In Table 2.1 we report the values of the threshold «; to highlight the differences between
a regular city and the network of Siena. The threshold a; = 1 obtained in the Siena case
is significantly smaller than the one obtained in the regular case, a; = 1.34. This means
that the range of o where there is prevalence of cooperation is much smaller in the case
of Siena. The same observation can be derived when comparing the two SW network
scenarios. In fact, the threshold ay = 1.12 obtained in the Siena (SW) model is again
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significantly lower than the threshold oy = 1.38 achieved in the Basic (SW) model. These
results imply that the diffusion of cooperative behavior is more difficult in the city of
Siena than in a regular one, thus opening interesting questions regarding the impact of
urban structure on sustainable behaviors of citizens.

2.2.4 Discussion

We surveyed 324 residents of Siena’s historical center to both map climate awareness
and parameterize our geo-referenced ABM. Education emerges as the strongest predictor
of awareness [60], [62]; women report higher concern than men (eco-gender gap) [64],
[74]. We observe, unexpectedly, lower awareness in the 14-25 group than in the 25-60
groups. These patterns suggest targeted initiatives for youth and for low-awareness areas.
Complete details of survey results are reported in Appendix A.

The survey informed five behavioral types mapped to evolutionary games; the ABM
was then developed to study dynamics not inferable from cross-sectional data. Two
main findings follow: first, adding small-world ties fosters cooperation relative to purely
geographic neighborhoods; second, the real topology of Siena promotes cooperation less
than an ideal regular lattice. Taken together, these findings indicate that the diffusion of
cooperative behavior is more difficult in Siena’s historical center than in an idealized regular
city, raising important questions about how urban morphology shapes the sustainability
practices of its residents.

Finally, our results suggest interesting policy implications. The parameter defection-
award must be kept below the critical threshold «a to have a prevalence of cooperation
and consequently to promote sustainable behaviors among citizens. This may be achieved
through the design of tailored economic incentives together with targeted educational
and informational measures.

Limitations and future directions

The main limitation of our ABM concerns the fact that the specific features of each citizen
(age, gender, educational level) as well as climate awareness obtained from the survey in
our ABM are only used as labels and do not influence decision making. Next steps include
modeling awareness as an actual driver of individual choices, exploring richer agent sets
(e.g., tourists), incorporating multilayer ties (e.g., work, hobbies), scaling the simulation
from 324 to the full resident population, and replicating the study in other urban contexts.
Another possible direction is to evaluate targeted interventions by embedding “special”
influence nodes (e.g., activists or bots) in the social network; preliminary results suggest
that increasing (SH) agents enlarges the cooperation regime.

More broadly, agent-based models often rely on simplified behavioral rules or
assumptions of strategic rationality that may not be realistic in contexts involving
individual cognition and internal psychological states. This limitation motivated the
adoption, in the main application of Chapter 4, of a Markov modeling approach, which is
better suited to represent the probabilistic evolution of mental states over time.

2.3 A Markov Decision Process to Study the Individual Perception
of Climate Change

This section summarizes and adapts the work presented in [36], which focuses on the
construction of a Markov decision process model to represent how individuals evaluate
and react to climate-related risks over time (RQ2). The aim is to formalize uncertainty
and transitions between individual perceptions or attitudes.

2.3.1 Introduction

What shapes individuals’ perception of climate change over time? In this application
we explore the concept of climatic awareness, which refers to the evolution over time
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of individual perception of climate change. To illustrate this concept, we propose an
extension of a mathematical model of awareness based on Markov decision processes,
taking into account high-frequency rainfall data recorded in Sicily between 2009 and 2021
[37], [75]. We focus on understanding how individuals develop their awareness over time
and what factors influence this process. Moreover, since climatic data and in particular
rainfall time series are generally nonlinear and unpredictable [76], [77], we intend to study
the effects of such nonlinearities in human perception and decisions, particularly in the
individual awareness dynamics.

Markov decision processes (MDPs) are particularly suitable for this purpose as they
provide a structured way to model decision making under uncertainty, where actions,
states, and transitions can reflect both environmental signals and internal cognitive
processes.

We model the behavior of intuitive (I) and analytical (A) individuals, driven by "tacit
knowledge" and quantitative analysis, respectively. We study the effects of extreme events
on their perception of climate change, identifying the Climate Aware individuals -capable
of processing cross-cutting information- and the Climate Susceptible individuals- more
sensitive to external events. We also focus on the model parameters, looking for transition
values that could discriminate between the two categories.

2.3.2 Methods

This section is divided into two parts: the first describes the Markov decision process
model, and the second outlines the data used for its implementation.

The MDP Model

We adopt the MDP model introduced in [75] to study how climatic factors shape individual
awareness and decisions. Below, I briefly outline its main components and structure.

First, we consider a finite discrete time horizon {1,2...,T}, where each time instant
t corresponds to a moment of making a relevant decision, i.e. a decision which need some
kind of reasoning process and is not purely automatic.

At each time instant, the individual experiences a particular state s; € S = [0, 1],
where S is the state space representing the finite set of available states. The state sy
reflects the individual level of awareness, i.e. the capacity to make aware choices at a
certain time instant ¢.

Moreover, the individual is required to make an action/choice u; € U = [0, 1] at each
time instant ¢, where U represents the finite set of available actions. The decision is made
by taking into account the outcomes they will receive throughout the finite time horizon T'.
In particular, the action or choice variable ranges from a fully intuitive decision (u; = 0)
to a fully analytic decision (u; = 1), reflecting the dual-process framework described by
Kahneman [78].

Each individual can be provided with a policy, which is a function 7 : S x T — U
prescribing to the individual the action to perform given their current state s; at time t.
The policy drives the choice to perform at each time instant: u; = 7(s¢,t). Such choice
leads to two results: the individual receives a reward, and their state evolves to a possibly
new state.

We define the reasoning propensity parameter p, € [0,1] as a value characteristic of
the single individual which represents their attitude in processing information about the
decision problem, taking values in a continuum between the two extreme attitudes called
intuitive (p, = 0) and analytical (p, = 1), assuming in this way that both are always
involved, with different amounts, in any decision, according to the dichotomy largely
adopted in dual process theories and economics [78].

The state s; of the DM evolves according to a non-deterministic dynamics, ruled by:

St+1 = f(3t7ut, wt) =S¢+ wt(W): (28)
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where the future level of awareness of the individual depends on the current state sy,
the choices u;, and it is subjected to some uncertainty represented by a stochastic variable
wy € W. wy varies according to a transition probability function P: S x U x S — [0, 1]
such that P(s,u,s’) = Pr(s;y1 = 8" | st = s, uy = u), representing the probability to
move from state s to state s’ by selecting an action u.

In particular, by assuming that from a state s; there exist only three possibilities:
st + z,8; and s; — z, with z a fixed step size, the function P represents, accordingly,
three components specifying Forward P (u;), Stationary P°(us), and Backward PP (uy)
probabilities, which depend on the specific decision u;. Thus, the stochastic variable w;
is:

z  with probability P (u;)
wy =140  with probability P (u;)
—z with probability P (u;)
The three probabilities are defined as follows:

e PY(u) =k Vu; €U, with k a fixed constant value.
° PB(ut) =1- [PF(Ut) + PS(Ut)]
. PF (ut) =DPr P(f:mlyticul(ut) + (1 - pT) sz‘ttuitive (ut)

Specifically, analytical(ut) has the absolute minimum in u; = 0, and the absolute maximum
in the interval (0.5,1), while Pf, ... (u;) has the absolute minimum in u; = 1, and

the absolute maximum in the interval (0,0.5). Thus, P}, ... is maximal for fully
intuitive decisions (u; = 0), and P‘f;wlyn.ml is maximal for fully analytical ones (u; = 1).
Furthermore, each individual has a specific reasoning propensity parameter p, and,
consequently, a different forward probability.

The reward function 7 : S x S x U — R is a stochastic function where 7(s, s’,u) gives
the reward incurred by the agent by performing the action u from state s and transitioning
to state s'.

According to the assumption of the model that awareness is related to the individual’s
well-being, the reward function incorporates a positive dependence on the current level of
awareness s;. On the other hand, the reward function must incorporate the costs of data
acquisition and elaboration to find possible solutions to a given problem. Therefore, the
more the decision implies analytical reasoning the more resources it needs in terms of
time, personal energy, and monetary resources. Mathematically, the higher u; the more
analytical the reasoning of the DM, and so the more resources consumed:

Tt(St, Ut) = QpSt — QclUg, (2~9)

where ay, and o weight the benefits of a given state s and the costs of a given decision
u at time ¢.

The objective value function the individual has to maximize in the set of available
decisions u, reads as follows:

T
Vt = <’I"t(8t7ut) + Z 'R [TT(S;’U’T)}> ’ (210)

T=t+1

where the expected value E of the reward for future states takes into account an
external stochastic source of uncertainty.

The future discount ¢ of an expected reward is the weight the individual assigns to
the next state with respect to the present one. Specifically, 0 < § < dpax: when § = 0,
the future is not considered, then the higher the value of §, the higher the weight given
by the agent to the future.

Moreover, the value r7(s;) at final time T is fixed and depends exponentially on the
state so as to drive the system dynamics towards higher states. Then, the maximization
problem is solved through an algorithm of backward induction, starting from the last
value and reconstructing step by step the sequence of the optimal decisions until the
initial time.
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Data

We refer to the RSE dataset (the Rainfall Sicily Extreme dataset) introduced in [37],
which will be described in Chapter 3. The dataset is composed by geographical rainfall
records with a 10 minutes periodicity from 2009 to 2021, provided by SIAS, the Servizio
Informativo Agrometeorologico Siciliano. Without loss of generality, we reduce the dataset
dimensionality by computing the moving average with step 10 of the time series, grouped
by days.

Figure 2.5, for instance, reports the data used for the station gauges of Catania (panel
a) and Palermo (panel b), where extreme values can be noticed in the case of Catania in
2021.
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Figure 2.5: Moving average of step 10 of daily rainfall events. (a): Catania. (b): Palermo.

In this study, the MDP problem is solved by considering each instant ¢ as a single
day. Moreover, we replace parameter § with a time-dependent function §(¢), consisting
of the corresponding rainfall measurement at time ¢, in order to analyze how extreme
rainfall events influence decisions in the context of climate change. Specifically, this value
corresponds to the average of the data recorded in the previous 10 days, assuming that
individuals process what they experienced with a certain delay. The underlying idea is
that more extreme or unstable conditions may influence how individuals perceive and
value future outcomes.

2.3.3 Results

According to the theoretical model described in section 2.3.2, we found a baseline
configuration of the parameters to perform the numerical simulations. Moreover, several
Sicilian sites have been considered, including Augusta, Catania, Palermo and Siracusa
for the years 2009 and 2021. Data show that the year 2021 involved extreme events
in all cases except Palermo, while the year 2009 did not present extreme events in any
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location [37]. As explained in section 2.3.2, we performed the simulations by replacing
the constant parameter § with the real rainfall measurements from the RSE dataset.
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Figure 2.6: Temporal comparison: 2009 and 2021. Catania-Palermo. State dynamics of (I) (a)-(e) and (A)
(b)-(f) individuals. Decision over time of (I) (c)-(g) and (A) (d)-(h) individuals.

In Figure 2.6, we show the evolution over time of both the state s, i.e. the awareness,
and decisions u; of the two types of individuals investigated in this study for Catania
(panel a to panel d) and Palermo (panel e to panel h). Panels a and e refer to the intuitive
individual (I) (p, = 0.3), who, regardless of the experiences, manages to increase their
awareness to the maximum value. Consistently with the model, in panels ¢ and g, the
decision is intuitive, thus allowing the (I) individual to increase the transition probability
towards higher states (for both Catania and Palermo in both years). Panels b and f refer
to the analytical individual (A) (p, = 0.7), who, on the contrary, turns out to be very
susceptible to external events. In panel b regarding Catania, in fact, there is a significant
difference between the blue line (2009) and the red line (2021). This occurs because, as
seen in Figure 2.5, the 2021 rainfall events in Catania were significantly more intense
than in 2009. Similarly, in panel f a small difference between the two years is present, as
the rainfall events in Palermo are not so different from each other (Figure 2.5).

In the cases of (A) individuals, decisions are optimal for high values of u;, then when
the associate decisions are low, the state may drop dramatically, such as in the central
days of panels d and h).

The (A) individual, therefore, seems to be very sensitive to extreme rainfall events:
the more intense the events, the more their state decreases, as if such individuals are
excessively upset by the presence of extraordinary events. We could therefore say that
(I) individuals are more autonomous, unconditioned, and capable of assimilating and
processing information. On the other hand, the (A) individuals result very sensitive to
their direct experiences and reactive to the data observed. In conclusion, we are able
to identify two characters that react differently to extreme rainfall events: the Climate
Aware (CA) and the Climate Susceptible (CS) individuals.
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As mentioned before, we extended our analysis to other cities, in particular to Augusta
and Siracusa. Moreover, we studied the sensitivity of the p, parameter by performing
additional extensive simulations. The goal of this further analysis is to find a critical
threshold for p, separating the two observed attitudes.

0 100 200 300 4000 100 200 300 400
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Figure 2.7: From p, = 0.3 (CA) to p, = 0.7 (CS) with step 0.05. 2009/2021. Catania (a)-(b) Palermo
(c)-(d) Augusta (e)-(f) Siracusa (g)-(h).

Figure 2.7 reports the dynamics of individuals in all the considered locations. The
parameter p, varies in the interval [0.3,0.7] with a step of 0.05, where the minimum and
the maximum values of the interval represent two prototypical (CA) and (CS) individuals,
respectively. The figure rows correspond to different cities (Catania, Palermo, Augusta
and Siracusa), while the columns refer to the years 2009 (no extreme events) and 2021
(mostly extreme events), respectively, according to the findings in [37]. We notice that in
2009 the changing of p, affects slightly the individual behavior, while stronger changes in
the dynamics are observed in 2021 for the locations of Catania, Augusta and Siracusa,
where extreme events occurred. The case of Palermo, where only moderate differences in
the dynamics are also observed for 2021, confirms this result. In conclusion, the individual
sensitivity to rainfall events grows by increasing p,, and it happens more abruptly when
considering extreme locations. This suggests the presence of a critical transition from
(CA) to (CS) individuals, occurring approximately at p, = 0.45.

2.3.4 Discussion

The model presented in this application first confirms the results obtained in [37] and
described below in Chapter 3. Indeed, in all of the locations clustered as extreme in
Vitanza, Dimitri, and Mocenni [37], the critical transition from Climate Aware to Climate
Susceptible individuals is more evident.

In addition, the results suggest that effective policy actions should regard mainly
(CS) individuals, trying to bring them below the critical transition of the p, parameter.
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The determination of factors changing the inferential propensity parameter p, can be
supported by attitude surveys on the local population, considering both specific and
universal factors. In fact, on the one hand, each country has its own unique features [60]
and national and regional programs must be adapted. On the other hand, educational
attainment is the single strongest predictor of climate change awareness worldwide [60].

In conclusion, the literature suggests that the considered reasoning propensity
parameter p, will be certainly related to the individual’s basic education, the climate
literacy, and the understanding of the micro to macro interactions mechanisms influencing
climate change. Therefore, acting on those factors may produce a change in the p,
parameter, thus allowing individuals to pass from (CS) to (CA) attitude.

Preliminary results showed that changing the time horizon may affect the local
dynamics: individual behavior depends on the length of the time horizon considered,
suggesting and confirming that age and life expectancy influence the individual choices.

Limitations and future directions

This work has several limitations. The model is intentionally simple: transitions and
rewards are stylized, the discount term §(t) is specified ad hoc, and the parameter tuning
is minimal. Validation is limited and potential confounders are not taken into account. On
the data side, the focus on a single region, time period, and extreme rainfall events restricts
generalizability. These limitations highlight directions for future research, particularly
to enhance model reliability and external validity. Still, the goal of this application was
mainly exploratory: to become familiar with Markov models and test their potential
in decision-making contexts under uncertainty. A refined use of Markov models will be
proposed in Chapter 4.
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Chapter 3

Data-driven Approaches to Complex
Systems
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Data play a crucial role in understanding complex systems, especially when theoretical
models are hard to specify or validate. Data-driven methods allow us to extract patterns,
infer structure, and make predictions directly from observations, often without assuming
strong prior models. These techniques are particularly useful when dealing with high-
dimensional, noisy, or heterogeneous data, as is often the case in real-world systems.

In this Chapter, I present a selection of data-driven methods explored and applied
during this thesis. The next section introduces two main approaches: machine
learning—both unsupervised (e.g., clustering) and supervised (e.g., bagged trees)—and
causal inference (e.g., the PC algorithm and its extensions). These methods are selected
for their ability to capture hidden structures, classify complex patterns, and identify
potential causal relationships among data, especially in domains involving human behavior
or cognition. The following two sections provide applications for these approaches: a
multi-modal machine learning framework to detect extreme rainfall events in Sicily (RQ3),
and a wearable sensor study focused on air quality monitoring using swarm-based data
collection (RQ4). These preliminary studies helped me prepare for the main application
of this thesis on data-driven approaches in the novel and sensitive domain of psychology,
which is discussed in Chapter 5. This Chapter also has an associated Appendix B with
additional material and details.

3.1 Data-driven Methods

There are many ways to extract knowledge from data in complex systems. In this section,
I focus on two widely used data-driven approaches: machine learning and causal inference.
These are selected based on their ability to deal with high-dimensional longitudinal data,
uncover nonlinear patterns, and infer relationships in settings where traditional modeling
may fail. The goal here is not to provide an exhaustive review of all data-driven methods,
but to give an overview of those most relevant to the work carried out in this thesis.

3.1.1 Machine Learning

Clustering

Clustering is an unsupervised machine learning methodology [79], [80]. Its goal is to
detect groups of observations sharing similar characteristics. More precisely, it consists in
the partitioning of a dataset into subsets, so that the data in each subset are characterized
by a higher similarity than elements in different sets, according to some defined distance
measure.

Two main types of clustering techniques can be defined: methods in which the number
of clusters needs to be established a priori, as, for instance, the K-Means algorithm [81],
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and algorithms in which, instead, the number of clusters is inherently estimated during
the optimization phase, such as the Affinity Propagation [82].

K-Means

K-means clustering is an unsupervised learning algorithm that groups data points into
k clusters based on their similarity. Unlike supervised learning, which relies on labeled
examples, k-means is used with unlabeled data to uncover hidden patterns or structure.

Given a chosen number of clusters k, and using Euclidean distance to measure similarity,
the algorithm proceeds as follows:

1. Initialization: Randomly select k cluster centroids.

2. Assignment: Assign each data point to the nearest centroid, forming clusters.
3. Update: Recompute each centroid as the mean of the points assigned to it.
4.

Repeat: Iterate steps 2-3 until the centroids stop changing (converge) or a maximum
number of iterations is reached.

The goal is to partition the dataset into k clusters so that points within each cluster
are more similar to one another than to points in other clusters. K-means is popular
because it is simple, efficient, and often effective in practice.

Affinity Propagation

Affinity Propagation (AP), introduced by Frey and Dueck in 2007 [82], and its extension
to Hierarchical Affinity Propagation [83], are nowadays becoming extremely popular
due to their simplicity, general applicability, and performance and have been succesfully
applied to several contexts in research [84]—[86].

AP takes as input the measures of similarity between pairs of data points, and
simultaneously considers all of them as potential exemplars. The number of clusters does
not need to be defined in advance, indeed the algorithm is based on the hypothesis that
the so called "real-valued messages" are exchanged between data points until a high-quality
set of exemplars, together with the corresponding clusters, gradually emerges.

The algorithm requires two inputs parameters [82]:

o Similarities s(i, k) between data points, representing how similar a point is to be
another one’s exemplar. If there is no similarity between two points, as in this case
they cannot belong to the same cluster, this similarity can be omitted or set to -oco
depending on the implementation.

o Preferences s(k, k), indicating each data point’s suitability to be an exemplar. Since
some prior information which points could be favored for being an exemplar can be
available, it can be represented through preferences.

Similarity is usually defined starting from the negative Euclidean distance or the Pearson
correlation coefficient, depending on the considered situation.

If all data points are supposed to be equally suitable as exemplars, the preferences
should be set to a common value, such as for example the median of the input similarities,
thus resulting in a moderate number of clusters, or their minimum, thus resulting in a
small number of clusters [82].

Each iteration step of the optimization performance is composed by 2 main message-
passing steps:

1. Computing responsibilities:

r(i, k) < s(i, k) — p ox {a (i, k') +s(i,K')}, (3.1)

where s(i, k) and s(i, k') are similarities, while a(i, k') are availabilities.
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2. Computing availabilities

a(i, k) + min < 0,7r(k, k) + Z max{0,7(i',k)} 7, (3.2)
i st ¢ {ik}

where r(k, k) are the self-responsibilities, while r(i’, k) are general responsibilities.
To limit the influence of strong incoming positive responsibilities, the total sum is
lower bounded, so that it cannot be negative.

The “self-availability”, a(k, k) is updated differently, as follows:

a(k, k) < > max{0,7(i',k)}. (3.3)

i st i £k

The way for calculating how suitable a point is for being an exemplar is that it is favored
more if the initial preference was higher, but the responsibility gets lower when there is a
similar point that considers it as a good candidate, so there is a ‘competition’ between the
two, until one of the two options is chosen in some iteration. The above procedure may
be terminated after a fixed number of iterations, after changes in the messages fall below
a threshold, or after the local decisions stay constant for a given number of iterations [82].

Prediction

Artificial Neural Networks (ANN) are flexible and powerful tools for prediction tasks,
especially when the data exhibit complex and non-linear relationships. Due to their
ability to approximate arbitrary functions [87], ANN have become a standard choice for
forecasting and regression problems in various domains, from economics to energy systems
[88], [89]. Techniques such as backpropagation and gradient-based optimization have
made these architectures particularly effective in capturing hidden patterns in data [90].

Classification

Beyond regression and forecasting, ANN are widely used for classification problems,
where the goal is to assign an observation to one of several predefined categories [91].
Nevertheless, ANN are not the only option for classification: established algorithms such
as Support Vector Machines (SVM), Random Forests, and other ensemble methods often
perform well, particularly with smaller datasets [92], [93].

Bagged Tree

An example of an ensemble method is Bagging (Bootstrap Aggregating), introduced by
Breiman [94], [95], [96]. The core idea is to generate multiple decision trees on bootstrap
samples of the training data and aggregate their predictions. This approach reduces
variance and improves prediction stability compared to a single tree, resulting in a more
robust model that is less sensitive to noise in the data. Specifically, the model works
in three steps: (1) random sampling with replacement creates diverse training sets, (2)
individual decision trees are trained independently on these samples, and (3) predictions
are aggregated via majority voting.

3.1.2 Causal Inference

Causal inference aims at uncovering cause—effect relationships from observational or
experimental data, moving beyond mere associations. The overarching goal is to
reconstruct the underlying causal structure that governs a system, thereby enabling
more accurate predictions and meaningful interventions. Among the most established
approaches to causal discovery are constraint-based methods, such as the PC algorithm,
and structural equation models (SEM), traditionally employed in the social and behavioral
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sciences [97], [98]. In addition, other methods such as Vector Autoregression (VAR) and
information-theoretic approaches such as Transfer Entropy (TE) have been widely adopted,
particularly in economics, neuroscience, and complex systems research [99], [100].

Structural Equation Models

Structural equation modeling (SEM) is a way to describe how several variables relate
to one another at the same time. It joins a measurement part, which links observed
indicators (e.g., questionnaire items or test scores) to underlying unobserved concepts
(latent variables), with a structural part that states how those concepts influence each
other. By modeling measurement error explicitly, SEM provides cleaner estimates of
the relations among the latent variables. Models are typically estimated with maximum
likelihood or robust variants, using simple constraints to fix the scale of each latent
variable. Overall fit is judged with statistics and residual checks (such as chi-square, CFI,
RMSEA, SRMR), together with the substantive plausibility of the estimated paths. SEM
also supports comparisons between competing models and extensions to multiple groups
or longitudinal data. Importantly, good fit does not by itself prove causation; causal
claims depend on study design and assumptions [101].

Typically, SEM path modeling assesses contemporaneous relationships among variables.
However, many real mechanisms have sequential dependencies, connections estimated
from solely contemporaneous path models may be biased. In complement, VAR modeling
assesses lagged relationships while neglecting to account for contemporaneous relationships
among variables. Each approach could be improved by simultaneous consideration of
both the contemporaneous and lagged effects. Kim, Zhu, Chang, et al. [102] recently
offered a solution which combines SEM path and VAR modeling into a “unified SEM”
[103].

Vector Autoregression

Vector Autoregression (VAR) is a classical linear modeling framework used to capture
temporal dependencies among multiple interrelated time series [99]. In a VAR model of
order p, each scalar variable is modeled as a linear combination of its own past values
and the past values of all other variables in the system; that is,

X =A1 X1 +AXy o+ + AKXy + €,

where X; € R” is a k-dimensional vector of variables at time ¢, A; are k x k coefficient
matrices representing lagged dependencies, and €, is a vector of white noise residuals,
typically assumed to be multivariate Gaussian.VAR assumes linearity, and that the
residuals have constant variance over time, and is therefore sensitive to violations of these
assumptions. Although it can effectively capture linear lagged relationships between
symptoms, it is inherently limited in modeling the complex and nonlinear dynamics
that often characterize psychological time series. These limitations reduce its reliability
for idiographic real data, where trajectories are short, noisy, and rarely conform to the
statistical regularities required by VAR, [104].

Transfer Entropy

Transfer Entropy (TE) is a nonlinear, model-free measure of directed information transfer
between time series, rooted in Shannon’s information theory [100]. It quantifies how much
knowing the past of a source variable X; reduces uncertainty about the future of a target
variable X, beyond the information already contained in X;’s own past. Formally, the
TE from X; to X is defined as:

Ty, = HOG X7 - HOG X7 X0,

where H(-) denotes Shannon entropy. A positive TE value implies that including the past
of X; improves the prediction of X;, suggesting a potential directional influence from
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Xi to X;. Conversely, if TEx, ,x, = 0, then Xf ~! provides no additional information
about X;? beyond what is already captured by X]tfl. In practice, entropy is estimated
via discretization of the time series and computation of empirical joint probabilities. This
approach, however, becomes unreliable when dealing with high-dimensional or short time
series—a common limitation in idiographic real data. Furthermore, the need to discretize
continuous variables may obscure subtle, non-linear dependencies and introduce bias.
Although TE does not assume linearity or Gaussianity, its data-hungry nature limits its
practical utility for single-subject analyses with relatively few observations [105].

Peter Clark Algorithm

The PC algorithm is one of the most widely used constraint-based methods for causal
structure learning [97]. It operates in two main phases: the skeleton phase and the
orientation phase.

In the skeleton phase, the algorithm identifies the undirected structure of the graph
by iteratively testing conditional independences between variables. Different conditional
independence tests can be employed depending on the data characteristics, such as linear
tests (partial correlation) or nonlinear tests (conditional mutual information, CMI). This
phase is sensitive to several statistical factors:

o Sample size, which constrains the statistical power of the tests;

o Significance level, chosen by the researcher and affecting the rate of false positives
and negatives;

o Cardinality of the conditioning set, which is automatically optimized by the PC
algorithm;

o Effect size, i.e., the magnitude of the conditional dependence I(X;Y|5).

In the orientation phase, the algorithm applies logical rules (e.g., orientation of v-
structures and propagation rules) to direct the edges, resulting in a partially directed
acyclic graph (PDAG).

Despite its popularity, the PC algorithm has well-known limitations. First, it may
erroneously remove true links (false negatives). For example, let P(X) — Xy, — Y;
P(Y). If we condition on P(X), the conditional mutual information I(X;Y[S) may
decrease, whereas if we condition on P(Y), I(X;Y]S) may increase, potentially leading
to the erroneous removal of a true dependency.

Conversely, the PC algorithm may fail to remove spurious links (false positives). For
instance, suppose X;_, — X; (strong autocorrelation) and X;_; — Y;. Conditioning
on X;_ 5 could erroneously eliminate the true link X;_; — Y;, while at the same time
introducing a spurious link X; o — Y;.

These limitations highlight the sensitivity of the PC algorithm to effect size, sample
size, and autocorrelation, motivating the development of improved approaches such as
PCMCI+, which specifically addresses these shortcomings [106].

PCMCI+ Algorithm

To uncover causal relationships in multivariate time series, the PCMCI+ algorithm is a
state-of-the-art method designed to infer both lagged and contemporaneous causal links
in high-dimensional, autocorrelated, and potentially nonlinear datasets [107]. PCMCI+ is
an optimized extension of the original PCMCI framework [106]. PCMCI itself combines
the PC algorithm [97]— a constraint-based method for causal structure learning— with
an independence testing strategy tailored to time series data. PCMCI4 enhances this
framework by refining the selection of conditioning sets for independence testing, thereby
reducing false positives through a more robust pruning strategy.

We start by illustrating the PCMCI algorithm for causal discovery given the time
series y1(t),...,yn(t) of the stochastic processes Yi(t),...,Yn(t), for t =1,...,T. The
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PCMCI seeks the lagged dependencies between a target variable Y;(t) and a source
variable Y;(t — 7), with j possibly also equal to i, and 7 < Tmax being a positive integer
representing the lag. A graphical representation of a lagged dependency is a directed edge
from the source to the target variable, with a label indicating the lag 7. We denote the
source j as the parent of the target ¢. For all 7 =1,..., 7y, the PCMCI is performed
in two steps:

(PC1) For each variable Y;(t), a superset of potential lagged causal parents P7(Y;(t)) of
Y;(t) is identified through an iterative procedure. At the first iteration, P7(Y;(¢)) is
composed by all the variables that fail the (unconditional) statistical independence
test with Y;(¢) at a given significance level v, that is, checking I(Y;(t—7),Y;(t)) < v,
with I being the considered test statistic, see [106] for details. Then, at every
successive iteration p > 1, the set P7(Y;(t)) is pruned by conditioning the
independence test on a set S composed of the top p strongest previously retained
parents from P7(Y;(¢)) \ {Y;(¢t — 7)}, ranked according to their test statistic. At the
end of the algorithm, a potential parent Y; is retained in P if it is dependent of Y;
when conditioned on P7(Y;(t)) \ Yj(t — 7). Although this phase is designed to be
sensitive and avoid false negatives, the resulting skeleton may still contain indirect
or spurious connections. As discussed in [106], this is often due to limited statistical
power, which depends on factors such as the sample size, the chosen significance
level, the cardinality of the conditioning set, and the effect size—i.e., the magnitude
of the conditional dependence measure I(Y;(t);Y;(t — 7)|S).

(MCI) In the second stage, PCMCI applies the so called Momentary Conditional
Independence (MCI) test to each edge identified in the first phase. This test
verifies whether Y;(¢) remains dependent on Y;(t — 7) when, in addition to
PT(Y;(t)) \ {Y;(t — 1)}, we also condition on the subset of the p; strongest parents
of Y;(t — 1), with p; being a free parameter of the algorithm. The MCI phase is
specifically designed to eliminate false positives resulting from indirect or mediated
pathways, while retaining true direct causal influences.

In its original formulation, PCMCI applies the MCI test only to lagged links. However,
spurious or indirect links might appear also due to the presence of contemporaneous
dependencies between variables. In this vein, the PCMCI+ algorithm, after performing a
lagged conditioning phase as in the standard PCMCI, also includes a contemporaneous
conditioning phase [107]. Once a more accurate skeleton has been obtained, PCMCI+
performs an orientation phase. This step is applied exclusively to contemporaneous links,
as lagged links are naturally oriented by temporal order. Orientation is based on standard
rules from the PC algorithm (the collider, propagation, and common child rule, see [107],
which allow the algorithm to infer the direction of contemporaneous connections where
possible.

Note that the PCMCI+ algorithm relies on standard assumptions from causal discovery
theory. These include faithfulness, which assumes that all observed independencies
correspond to the absence of edges in the true causal graph; the Causal Markov Condition,
which states that each variable is independent of its non-effects (non-descendants) given
its direct causes (parents); causal sufficiency, which assumes that all relevant variables
are observed and there are no hidden confounders; and stationarity, meaning that the
underlying causal mechanisms remain invariant over time.

Finally, we emphasize that a critical component of PCMCI+ is the conditional
independence test employed. While linear methods like partial correlation are
computationally efficient, they are limited in capturing nonlinear dependencies. To
address this, we employed CMIknn [108], a non-parametric estimator of conditional
mutual information (CMI) based on k-nearest neighbors. Given the random variables X,
Y, a vector of random variables Z, and p(x,y, z) their joint mass probability function,
CMI is formally defined as

CMT =I(X;Y | 2) = 3 p(x,y,2)log (M) '

z,Y,%

30



A Multi-Modal Machine Learning Approach to Detect Extreme Rainfall Events in
Sicily

CMI quantifies the dependency between two variables X and Y, conditioned on Z, by
estimating the reduction in uncertainty about Y when X is known, after accounting for
Z. CMIknn provides a data-driven, distribution-free estimate of CMI, without assuming
linearity, Gaussianity, or any specific parametric form. This makes CMIknn particularly
suitable for complex time series, which often display nonlinear, noisy, and heterogeneous
dynamics. Moreover, it is well-calibrated in finite-sample regimes and robust to a wide
range of dependency structures. These features make it a flexible and powerful tool
for uncovering meaningful, time-lagged variable interactions in high-dimensional and
idiographic datasets. For instance, PCMCI+ has already shown promising results in
biomedical domains, particularly in neuroscience. For example, it has been used to infer
causal relationships between brain regions using hyperscanning EEG time series [109]
and fMRI data [110], demonstrating its ability to extract meaningful temporal structures
from complex biological signals.

3.2 A Multi-Modal Machine Learning Approach to Detect Extreme
Rainfall Events in Sicily

This section summarizes and adapts the work presented in [37], which applies unsupervised
machine learning — specifically the Affinity Propagation clustering algorithm — to detect
local extreme rainfall events in Sicily (RQ3). The study serves as a training application
of data-driven techniques, using high-frequency rainfall time series to identify anomalous
patterns without relying on predefined labels.

3.2.1 Introduction

Is it possible to detect extreme rainfall events areas by clustering spatio-temporal data?

Extreme weather events, including intense rainfall, are becoming more frequent due to
climate change [111]-[113]. Rising temperatures are contributing to shifts in precipitation
intensity and frequency [114], [115], posing growing threats to vulnerable human and
natural systems [116]. As a result, rainfall—especially in the Mediterranean—is now
recognized as a key climatic variable, both as a scarce resource and as a driver of extreme
events [117].

This growing concern has led to extensive investigations into regional rainfall patterns.
In Sicily, studies have used methods such as Principal Component Analysis and clustering
to identify homogeneous rainfall regions [118]-[120]. A key study by Bonaccorso and
Aronica [121] applied L-moments and cluster analysis to reveal an increase in intense
rainfall events after 2000, particularly in western Sicily, while eastern trends remain
more localized and event-driven. Other research has pointed to a general decline in total
rainfall across the region [122]. In this context, the heavy rainfall that hit eastern Sicily
in late 2021 — nearly 300 mm of rain fell near Catania in just a few hours — highlights
the urgency of localized detection tools. Such events are becoming increasingly frequent
across the globe. Detecting extreme rainfall at the local scale is a key prerequisite for
effective prevention and planning strategies.

In this study, we apply the Affinity Propagation clustering algorithm — grounded in
machine learning — to identify extreme rainfall areas in Sicily. To our knowledge, this is
the first time this technique is used for such a task. The analysis is based on a newly
assembled high-frequency dataset ranging from 2009 to 2021. Weather indicators are
then employed to validate the results, thus confirming the presence of recent anomalous
rainfall events in eastern Sicily.

3.2.2 Methods
Data

The dataset used in this analysis consists of geographical rainfall records (mm) with a
10 minutes periodicity from 2009 to 2021, provided by SIAS, the Servizio Informativo
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Agrometeorologico Siciliano. We consider six collections of datasets, as described in Table
3.1. C.A and C.B contain 13 datasets per station - one per year - with the original data
and the weekly mean data, respectively. C.C' and C.D include one full dataset per station
- involving all the records from 2009 to 2021 - with the original data and the weekly mean
data, respectively. C.A; and C.B; are subsets of C.A and C.B, respectively, since one
station per time is considered, so that each of them includes 13 datasets.

Table 3.1: Dataset collections. The number of considered stations is 34, except for the Single stations
Collections. * 52704 for leap years.

Name Description # Datasets # Total # Records per
per station datasets dataset

C.A Annual Collection 13 442 52560*

C.B Annual Collection, Weekly mean 13 442 53

c.C Full Collection 1 34 683713

C.D Full Collection, Weekly mean 1 34 679

C. A Single stations Collection 13 13 52560%*

C.B; Single stations Collection, Weekly 13 13 53

mean

The data preprocessing, described in Appendix B, leads to the selection of 34 stations
out of the 96 available; their location across Sicily is reported in Figure 3.1.

Figure 3.1: Location of rainfall gauging stations in Sicily.

Clustering

We decide to use the Affinity Propagation (AP) clustering algorithm mainly because
neither the number of clusters nor reliable initial centroids are known in this context. A
detailed comparison with the well-established K-means method is reported in Appendix
B, providing further support for this choice. The clustering analysis is performed on both
high-frequency data (10-minute measurements) and weekly averages. Two main streams
of experiments are explored:

1. Geographical (or spacial) clustering, consisting of grouping similar geographical
stations together along different time horizons.
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2. Local (or temporal) clustering, consisting of grouping similar years together on each
single location.

For the first category, we run the algorithm four times, according to the four collections
of datasets C.A, C.B, C.C and C.D of Table 3.1. In contrast, the second category
involves C.A4 and C.Bjy for each station. The algorithm is implemented with default
hyper-parameters: convergence iter is set to 15, meaning that convergence stops if the
number of clusters does not change for 15 iterations; the preference value corresponds to
the median of the input similarities; and the availabilities are initialized to zero, a(i, k) = 0.
In addition, two similarity metrics are considered in the AP implementation: Euclidean
distance and correlation.

We first conduct clustering using the Euclidean metric, which results in a principal
large cluster and few smaller communities consisting of one element each. For this reason,
we apply an iterated version of the AP algorithm in order to detect new geographical
clusters, at first glance hidden by the anomalies. To this aim, the AP implementation is
based on a particular multi-step structure:

1) AP is applied to the whole considered collection of datasets.

2) The exceptions found at level one from the data are removed, and the AP algorithm
reiterated over the remaining datasets.

3) The process is repeated from Step 1.

We then consider correlation distance as an affinity metric of AP. In this case no multi-step
procedure is needed.

In order to understand the rainfall phenomena that mostly characterize the clusters,
several rainfall indicators over time series are introduced according to Glickman [123], as
reported in Table 3.2. We assemble the original 10 minutes records according to specific
needs: naturally an hour data includes six consecutive records summed up together,
whereas a day consists of the sum of 144 consecutive data. We also compute the total
number of rainy hours, where one hour is considered "rainy" if its amount of rain is
higher than zero. Hence, some of the introduced indicators are the percentages of light
(1), moderate (m), and heavy (h) rainy hours over the total. Moreover, we consider the
absolute number of violent rainy hours v, which is not expressed in percentage since it
represents very rare events.

To assess the presence of statistical differences between two identified communities,
we apply the well-known Kruskal-Wallis test, whose details are reported in Appendix B
[124]-[126]. Tt is applied to each indicator and to all the experiments described above,
according to the following logical evaluation steps:

1) Fix an indicator 1.
2) Run the clustering algorithm.

3) Create an array k with one element for cluster. Every element of k is in turn an
array a., containing the indicator values of the stations belonging to that cluster.

4) Run the Kruskal-Wallis test on k.

5) If the p-value is less than 0.05: 7 is considered as characterizing for the clusters.
Otherwise no.

3.2.3 Results

Geographical investigation

Results of this set of experiments are visualized in the Sicily maps of Figure 3.2, where the
34 stations with names or symbols colored according to their relative clusters are drawn.
When the multi-step version of the algorithm is applied, different shapes for the points
are used. Specifically, circle, squares and diamond markers represent clusters resulting
from the first, second, and third iterations, respectively.
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Table 3.2: Description of the Indicators.

Variable Indicator Description

wh Wet hours (%) Percentage of rainy hours over the total
number of hours.

mh Maximum per hour Maximum amount of rain of the data series
grouped by hours.

i Intensity (mm/h) Quotient between the total amount of rain
and the number of wet hours.

t Total rain Total amount of rain in the time series.

muv Maximum daily variation =~ Maximum rainfall variation between two

consecutive days over the total time series.

wd Wet days (%) Percentage of rainy days over the total
number of days.

md Maximum per day Maximum amount of rain of the data series
grouped by days.

l Light rain (%) Percentage of light (0-2.5 mm) rainy hours
over the total number of rainy hours.

m Moderate rain (%) Percentage of moderate (2.6-7.5 mm) rainy
hours over the total number of rainy hours.

h Heavy rain (%) Percentage of heavy (7.6-50 mm) rainy
hours over the total number of rainy hours.

v Violent rain Number of violent (> 50 mm) rainy hours in
the time series. Not reported in percentage
since it represented very rare events.

Annual clustering

The results of the geographical clustering year by year for C.A and C.B, both with the
Euclidean and Correlation similarities are included in the GitHub Repository. We hereby
report the main results drawn from the several performed experiments:

¢ Fuclidean metrics - C.A: in this case the annual results consist mostly of a principal
cluster (at most two) and some anomalous stations. Continuing in the years, a flow
in anomalies that goes from western to eastern Sicily is detectable. We argue that
anomalous clusters, consisting of a single station, are more prone to extreme events
due to their strong location-dependent variability. This observation is validated
through a case study for 2021, reported in Appendix B.

e Euclidean metrics - C.B: the reduction in the dataset size leads the clusters to
be more uniform and refer to geographical divisions. However, there are some
exceptions, mainly in the South-East Sicily, and in the neighborhood of Palermo.
As in the previous case, this represents a trend on extreme events, more diffused in
the East side of the island.

o Correlation metrics - C.A: in this case a geographical clustering pattern is obtained,
identifying eastern and western Sicily. This is coherent with the fact that the
Correlation metrics finds shape similarities and it is less sensitive to the micro-
climatic differences.

o Correlation metrics - C.B: here the combination between dimensionality reduction
and correlation metrics brings to a rough splitting of the island. The number of
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clusters does not exceed three and often very far away stations are grouped together
in the same cluster.

The results of the four settings for the year 2021 -reported in Appendix B- are in
line with our initial research hypothesis, for which the anomalies correspond to extreme
stations, as also confirmed by the Kruskal-Wallis test. Moreover, East Sicily emerges as
the most extreme zone of the island, confirming the occurred events discussed in Levantesi
[127]. Finally, the use of weekly averaged data (C.B) gives rise to balanced presence of
both anomalies and territorial clusters in the Euclidean case.

Full clustering

We report here the full clustering results, obtained using C.C' and C.D of Table 3.1.
Similarly to the annual case, the use of Euclidean metrics brings to anomalies detection,
by highlighting the presence of clusters composed by a unique site. We claim that the
reason why anomalous clusters are independent lies on the fact that extreme events
intensities are very different among sites [128]. Figure 3.2a shows the presence of one
principal cluster and many anomalies, such as Pedara, Augusta and Siracusa. In contrast,
Figure 3.2b reports different principal clusters - geographically distributed - and only one
exception: Pedara.

In order to validate results, we carry out a case by case analysis. First of all, the
full and the annual clustering results in the case of Euclidean metrics (C.A and C.C,
respectively) are compared in Figure 3.2a by counting how many times the stations has
been clustered as anomalous in the annual case. It turns out that the stations with
an higher counter are the ones clustered as anomalies in the full case as well, except
for Catania. In any case, Figure 3.2a confirms the results consistency, since East Sicily
emerges as the most extreme side of the island.

The Kruskal-Wallis test is then applied to the full case. Among the characterizing
indicators, md (Maximum per day) and h (Heavy rain (%)) are particularly relevant
in the full case. Figures 3.2c and 3.2d show the md and h heatmaps in the full case,
respectively. Several similarities among the maximum values of the indicators and the
anomalies can be observed. Therefore, the extreme stations coincide with the anomalous
clusters. Moreover, the red cluster in Figure 3.2b represents a cluster of extreme stations,
confirmed by Figure 3.2d. In fact, apart for the anomaly of Pedara, these stations retain
the highest values of the h indicator.

In conclusion, the different implemented experimental settings allow us to highlight
several different aspects of extreme events. Certainly, the presence of these phenomena
in eastern Sicily emerges both from the annual and the full clustering, especially when
the Euclidean metrics is used as a similarity measure in the AP algorithm. On the other
hand, the use of Correlation metrics brings to consider Sicily composed of two different
climatic areas: West side and East side, as shown in Figure 3.3, where there are only two
large clusters. Moreover, in this case no similarities between characterizing indicators
and clusters are found (compare Figures 3.3a and 3.2¢, Figures 3.3b and 3.2d).

Eventually, the clustering involving C.C with the use of the Euclidean metrics seems to
be the most performing setting - among those tested - in finding extreme events; whereas,
collection C.D results as the most suitable arrangement to obtain geographically uniform
clusters.

To confirm the latter results, first we compare our C.D findings with previous works
in literature, obtaining similar geographical distributions [121], [129], [130]. In fact, in
those works - as well as in figure 3.2b - there is a geographical splitting of the region
highlighting the North, West, Center, East, and South-East Sicilian sub-regions.
Moreover, we evaluated the Kruskal-Wallis test between the clusters and the altitudes of
the rain gauges for both collections C.C' and C.D. In the case of collection C.C, the p
value related to the altitude turns out not to be characterizing for the clusters (p = 0.31).
Differently, in the case of C.D collection, the related p value is 0.03, confirming that
the altitude characterizes the clusters. This suggests that the weekly mean data show a
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Figure 3.2: Full case - Euclidean metrics. In (a) and (b) different colors represent different clusters.
Square and diamond points represent results from, respectively, the second and the third iteration of the
algorithm. (a): C.C. The principal cluster is reported in blue. The numbers indicate how many times
the stations has been clustered as anomalous in the annual case. (b): C.D. The five main clusters are
reported in green, blue, dark blue, red and yellow. (¢): C.C. Maximum per day (md) heatmap. (d): C.D.
Heavy rain (%) (k) heatmap.

Figure 3.3: Full case - Correlation metrics. (a): C.C. (b): C.D. The two clusters are reported in red and
blue in both the panels.

weak ability of representing extreme events, while they satisfactorily embed geographical
aspects of the station gauges locations.

Local investigation

In the local case we investigate the temporal evolution of rainfall events. In particular,
anomalous years in the entire observed period are detected. To this aim, the AP algorithm
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is applied only to C.A4 and C.Bg, analyzing one station per time. As in the geographical
investigation, we choose to use both the Euclidean and the Correlation metrics. In order
to understand the most anomalous years, we count (over stations) how many times one
year appears as exception when using the Euclidean distance. Figures 3.4a and 3.4b
report in red the years counters in C.A; and C.Bg, respectively. In both cases the most
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Figure 3.4: Anomalous years - Euclidean metrics. (a): C.As. (b): C.Bs. The heavy rain mean of the
year y consists of the mean of the heavy rain (%) values for all the stations that cluster the year y as
anomalous.

anomalous years are 2015 and 2018. This means for instance that 2018 is clustered as
anomalous in about 20 over 34 stations for Euclidean distance and C.A,. We also see
that the 2021 counter increases after the years 2019 and 2020.

Figures 3.4a and 3.4b also report in blue the heavy rain (%) mean values. In this case,
we fix a year y and we compute the mean of the heavy rain (%) values for all the stations
that cluster the year y as anomalous, thus obtaining, for instance, that 2020 and 2021
have the highest mean values. Summarizing, in the case of C.A4 and Euclidean distance,
an increasing trend on anomalous years is found concerning the heavy rain mean indicator
(see Figure 3.4a in blue). On the other hand, in C.B, and Euclidean distance, the trend is
less detectable and the highest value of heavy rain mean is measured in 2012 (see Figure
3.4b in blue).

3.2.4 Discussion

This work presents several significant findings. East Sicily is increasingly becoming a
protagonist of extreme events, both across the full period of recordings and in single annual
cases, confirming the results of Bonaccorso and Aronica [121]; this outcome is particularly
evident when using Euclidean metrics in the AP implementation. High-frequency data
combined with Euclidean metrics highlights an increasing trend of extreme events over
the years, while weekly averaged data does not provide the same evidence. In this context,
2021 clearly emerges as one of the most anomalous years.

A statistical validation confirms that three indicators—maximum per day (md),
maximum daily variation (mwv), and heavy rain percentage (h)—effectively describe
anomalous clusters, showing that these are most often characterized by extreme events.
The AP algorithm proves suitable for detecting anomalies, namely extreme stations, when
applied to the full dataset: with Fuclidean metrics, Augusta, Siracusa, and Pedara are
identified as anomalous at the first iteration, while Palazzolo Acreide and Messina emerge
at the second and third runs, respectively. The Euclidean metrics also shows sensitivity to
micro-climatic differences, since geographically close stations may be assigned to different
clusters. Conversely, the correlation metrics tends to identify more uniform clusters, as
seen in the full case where the algorithm divides Sicily into eastern and western regions.

Overall, high-frequency data with Euclidean metrics emerges as the most effective
setting for detecting extreme rainfall events through geographical clustering. At the
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same time, reducing the dataset to weekly means proves useful to identify geographically
uniform clusters, merging anomalies and territorial clusters in a balanced way and still
capturing extreme clusters, particularly in eastern Sicily.

Limitations and future directions

The study nonetheless has some limitations, mainly due to the short observational period,
which may be influenced by natural variability. Further research is needed to assess the
most suitable dimensionality reduction methods for local analyses and to refine rainfall
indicators. Extending the spatial and temporal coverage, and applying more robust
aggregation strategies, would strengthen the detection of extreme rainfall trends and
potential climate change signals.

3.3 Wearable Swarm Sensors for Air Quality Monitoring

This section summarizes and adapts the work presented in [131] and [38], which develops
a wearable air quality monitoring tool to collect geo-localized measurements of pollutants
and environmental parameters in Siena (Italy). The study integrates these novel spatio-
temporal datasets with a neural network model, capable of predicting the geo-localization
of an observation given the air quality monitoring information (RQ4). This work serves as
an application of data-driven techniques for environmental monitoring, highlighting the
potential of such datasets to support policy decisions, such as optimizing the placement
of new fixed monitoring stations.

3.3.1 Introduction

Air quality monitoring is increasingly important for public health, given its link to
respiratory, cardiovascular and other diseases [132], [133]. Traditional fixed stations
provide valuable data but are limited in spatial coverage. Wearable and portable sensors
represent a promising solution, enabling real-time, geo-localized monitoring of pollutants
such as PM, NOg, CO3, and VOCs [133]. These devices can complement fixed stations
by providing dense spatio-temporal measurements.

In this work we present WeAIR, a prototype wearable sensor node that integrates
electrochemical and infrared gas sensors with on-board processing, storage, and wireless
communication. Unlike most commercial devices, WeAlIR is customizable, supports open
communication protocols, and can be integrated into broader monitoring platforms.

Using WeAIR, we conduct a monitoring campaign in Siena (Italy), producing a novel
geo-localized dataset that we publicly release. We further apply a neural network model
to predict the geographical location of observations based on air quality parameters. This
demonstrates how individual-level wearable data can support both citizens’ awareness
and institutional decision-making, particularly for validating fixed stations and planning
their optimal distribution.

Compared with related wearable systems [134]-[136], our approach is distinctive in
combining a data acquisition tool and an Al-based processing method. To our knowledge,
this is among the first works proposing a complete framework for mobile air quality
monitoring and geo-localization, showing the potential of pervasive, Al-enabled sensing
for environmental management.

In this work, my contribution focuses on the data preprocessing phase, which
significantly enhances my skills in data management and strengthens my ability to
handle complex multivariate datasets.
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Figure 3.5: (a): Sensor Node Architecture and (b): Prototype.

3.3.2 Methods

Sensor Node Architecture Design

The WeAIR node is a wearable device integrating electrochemical and NDIR gas
sensors together with modules for PM, temperature, humidity and barometric pressure.
Data are transmitted via Bluetooth Low Energy (BLE) to a smartphone, enriched
with GPS coordinates, and uploaded to a server. The architecture of the sensor
node and the prototype of the sensor node with the plastic enclosure (dimensions:
80mm x 80mm x 45mm, weight: 250g) are shown in Figure 3.5.

The WeAlIR node is wearable, battery-powered, and transmits data via BLE to a
smartphone app. The app enriches measurements with GPS and user ID, then uploads
them to a cloud server. Specifically, the app is developed using the Android Studio
environment (Android SDK API 35) and tested on Android phones. This first version of
the app is intended for system testing purposes only. The node architecture minimizes
energy consumption, avoids additional infrastructure, and supports large-scale adoption.
All data are stored with timestamps and geo-references, forming a continuous spatio-
temporal dataset ready for analysis.

Data

Using the WeAlIR prototype, we collect a novel geo-localized air quality dataset in Siena
(Italy), publicly available at the GitHub Repository. Data are acquired at 1-second
intervals and resampled every 5 seconds to synchronize with localization.

The monitored parameters include environmental temperature (AMBT, [°C]), relative
humidity (AMBII, [%)]), barometric pressure (AMBP, [Pal), carbon monoxide (CO, [ppm]),
nitrogen dioxide (NOaz, [ppm]), carbon dioxide (CO2, [ppm]), and particulate matter with
diameter smaller than 10 gm (PM10, [png/m?]).

These variables are selected for their relevance to urban air quality and for
comparability with the only fixed monitoring station in Siena, used as reference for
validation. CO and NOg are toxic gases typically produced by combustion processes
(traffic, heating), while PM10 provides a robust index of urban and industrial pollution.
Temperature, humidity and pressure are essential contextual variables for interpreting
pollutant dynamics.

Each record in the dataset is associated with geographical coordinates, allowing for
spatio-temporal analysis. Data are collected during everyday activities, both indoors and
outdoors, by car and on foot. The campaign lasts from January 22 to February 18, 2024,
producing 270,089 samples at a H-second resolution. This dataset is, to our knowledge,
the first large-scale geo-localized collection of air quality data in Siena.
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Data Pre-processing

Raw data undergo several preprocessing steps to obtain a clean and consistent dataset.
First, GPS traces obtained with the Sports-Tracker App' are merged with sensor
observations using a 5-second threshold. In this way, we obtain a complete dataset
for each campaign day.

We filter out cases where we have location data but no sensor data. We then synchronize
missing positions within the same days by filling the gaps with the last recorded position
to ensure no sensor data is lost. The same process is applied across datasets from different
days and finally, we combine them into a unique dataset of about 300,000 records with a
5 seconds sampling rate.

Outliers from device initialization or anomalous events are removed, and a smoothed
version of the dataset is created by averaging every 10 consecutive samples, removing
therefore the natural oscillations of the time series.

Table 3.3: Summary statistics of the seven indicators under study: minimum, maximum, mean, and
standard deviation.

Indicator Min Max Mean Std Dev  UoM
AMBT 10.17 32.30 23.20 2.94 °C
AMBH 10.97 73.66 33.07 6.78 %
AMBP 94248.28 101461.70 98495.18 1007.74 Pa
CcO ~0.00 7.46 0.78 0.63 ppm
NO, ~0.00 1.19 0.73 0.14 ppm
CO, 50.00 240.00 87.90 28.28 ppm
MASS PM10 0.00 330.42 4.28 7.64 pg/m?

Table 3.3 summarizes the ranges, mean and standard deviation of the main air quality
indicators after preprocessing.

Neural Network Model

To perform the prediction of latitude and longitude from air-monitored parameters
collected with WeAIR, we consider a very simple neural network consisting of three layers.
We perform hyperparameter tuning on the activation function, the number of hidden
layers, and the number of neurons per hidden layer to identify the best configuration,
shown in Figure 3.6. The architecture includes:

o Input layer: 7 neurons (humidity, pressure, CO, NOgy, CO2, PM10, temperature);
Each neuron utilizes the Rectified Linear Unit (ReLU) activation function to
introduce non-linearity into the model.

o Dropout layer (rate 0.2), added to regularize the model by randomly dropping 20%
of the neurons during training.

e Hidden layer: 40 neurons with ReLLU activation, allowing the network to capture
complex patterns in the data.

o Dropout layer (rate 0.2), added to further prevent overfitting.

e Output layer: 2 neurons (latitude and longitude coordinates), linear activation,
enabling the model to predict continuous values, as latitude and longitude are.

Thttps://www.sports-tracker.com/dashboard
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Figure 3.6: Neural network used in our experiments to predict latitude and longitude given air monitoring
parameters. The hidden layer consists of 40 neurons, the input layer consists of 7 neurons for the humidity,
pressure, CO, NO;,CO5, PM10 and temperature observations, while the output layer has 2 neurons to
output the geographical coordinates.

3.3.3 Results

Exploratory Analysis

We perform temporal and spatial analyses of each pollutant. For example, Figures 3.7
and 3.8 illustrate the time series and the spatial heatmap mapped on Siena’s street
network using OSMnx of CO2 concentrations, respectively.

To validate our prototype, we compared mobile measurements with the fixed ARPAT
station at Viale Bracci. As shown in Figure 3.9, CO readings from WeAIR (in blue)
closely follow the fixed station trend (in red), confirming calibration and consistency of
the wearable device.

Specifically, our data are collected approximately every 1 second from 19:05:27 to
19:22:42, and then sampled every 5 seconds, while the ARPAT average corresponds to
the data from 19:00 on 18/02/2024. The ARPAT sampling rate complies with Italian
regulations, which require a sampling interval of approximately 0.6 seconds, followed by
an hourly average. Occasionally, technical issues result in incomplete data collection for
the full hour, but ARPAT ensures at least 75% data coverage.

Neural Network Experiments

We perform the following set of experiments. For each day of observation we train a model,
able to predict the latitude and longitude of a sample, starting from the observations of
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Figure 3.7: Temporal CO2 data, measured in ppm and collected by the mobile sensor during the monitoring
period. The discretization is determined by the resolution of the acquisition system.
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Figure 3.8: Spatial CO2z data collected by the mobile sensor during the monitoring period. The data is
represented using a heatmap over the range of measured values of ppm.

environmental humidity, pressure and temperature, CO, NOg, CO2 and PM10. Each daily
observation dataset is divided into training and test, using hold-out method a random
splitting (20%). The results of the test set performances in terms of Mean Square Error
(MSE) and Mean Absolute Error (MAE) for each day are reported in Table 3.4

The daily models achieved variable results depending on trajectory complexity, with
MAE values ranging from 0.001 to 0.56. However, some days have an almost stable
geo-localization, thus we consider a global model. In this case the training set is made
up of all of the observations of the days in which a non-stable path is present. More
specifically these are the days included in the final training set model: 22, 24, 25, 26, 28
and 29 of January, and for February we consider 1, 4, 5, 7, 8, 12, 13, 14 and 18. The
model trained in this way obtains good performances in the test set, with a test MAE of
0.030229 and a test MSE of 0.005476, demonstrating robust predictive capabilities (see
Table 3.4).

As a further experiment, we consider the median vector of all of the air monitoring
observations of the test set. The rationale behind performing such experiments, is related
to the fact that in this way we could have a summary input-vector, to then later predict
where for instance optimal fixed station should have stayed. Performing this experiment,
we obtain a predicted geo-localization of (43.339325, 11.323781) (see Figure 3.10). Such
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Figure 3.9: Visual representation of CO data measured in ppm on 18/02/2024. Blue points indicate
readings collected by the mobile sensor, while the red line represents the hourly average derived from the
fixed ARPAT station at Viale Bracci (Siena).

Table 3.4: Test set MAE and MSE for each day obtained with the daily models for the prediction of the
GPS location given the air monitoring coordinates. Unit of measures reported for MSE and MAE are the
squared errors with respect to the GPS coordinates.

Day MAE MSE | Day MAE MSE

22 Jan 2024 0.053  0.005 | 05 Feb 2024 0.352 0.245
23 Jan 2024 0.001 6.3e-07 | 07 Feb 2024 0.317 0.145
24 Jan 2024 0.217  0.086 | 08 Feb 2024 0.269 0.095
25 Jan 2024  0.020 0.0006 | 09 Feb 2024 0.269 0.135
26 Jan 2024 0.205  0.076 10 Feb 2024 0.030 0.001
27 Jan 2024 0.017  0.0008 | 12 Feb 2024 0.217  0.090
28 Jan 2024 0.150  0.034 13 Feb 2024 0.182  0.060
29 Jan 2024 0.229  0.097 14 Feb 2024 0.368 0.223
31 Jan 2024 0.563  0.508 15 Feb 2024 0.141 0.034
01 Feb 2024 0.113  0.024 16 Feb 2024 0.101  0.023
04 Feb 2024 0.023  0.001 18 Feb 2024 0.284 0.181

All days together: MAE = 0.027, MSE = 0.009

latitude and longitude pair is located very close to where the fixed station of Siena is.
This suggests the feasibility of using wearable data to guide optimal placement of new
fixed stations. All trained models and visualization files are available in the public GitHub
Repository.

3.3.4 Discussion

The use of wearable devices for air monitoring represents a promising approach to better
understand air quality and its impact on health. In this work we introduce WeAIR, a
prototype wearable sensor for pollutants and environmental parameters, and demonstrate
its application in a monitoring campaign in Siena (Italy).

Our main contributions are: (i) the design and release of the WeAIR device; (ii) the
collection and public release of a novel geo-localized dataset; (iii) the release of trained
neural network models and spatial maps derived from the campaign.

Experimental results showed that a simple feedforward neural network can predict
geo-localization from air quality observations with good accuracy. Notably, the median
observation vector predict coordinates close to the existing fixed monitoring station,
suggesting that such models could support decision-making on the placement of new
stations. Furthermore, WeAIR can foster citizen engagement by providing real-time

43


https://github.com/elevitanz/WeAIR
https://github.com/elevitanz/WeAIR

Wearable Swarm Sensors for Air Quality Monitoring

Figure 3.10: Neural network predictions of geo-localization in Siena, visualized with OSMnx. Predictions
for the median observation vector, using the model trained on all monitored days. Training data are
shown in red, predicted data in green. The center and edge of each map are adjusted ad hoc to enhance
visualization (edge ~6 km).

awareness of pollution exposure. This paradigm emphasizes active participation and
education.

Limitations and future directions

Limitations remain, particularly the need for large-scale adoption to ensure representative
coverage. As future work, we plan to extend the monitoring campaign, produce multiple
devices, and explore user-friendly designs (e.g., 3D-printed cases) to encourage wider
participation.
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Chapter 4

Egosyntonicity and Emotion Regulation:
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This Chapter summarizes and adapts the work presented in [39], which introduces a
novel Markovian model that describes the impact of egosyntonicity on emotion dynamics
(RQ5-RQ6). We focus on the dominant current emotion, and describe the time evolution
of its valence, modeled as a binary variable, where 0 and 1 correspond to negative and
positive valences, respectively. In particular, the one-step transition probabilities will
depend on the external events happening in daily life, the attention the individual devotes
to such events, and the egosyntonicity, modeled as the agreement between the current
valence and the internal mood of the individual. A steady-state analysis shows that,
depending on the model parameters, four classes of individuals can be identified. Two
classes are somewhat expected, corresponding to individuals spending more (less) time in
egosyntonicity experiencing positive valences for longer (shorter) times. Surprisingly, two
further classes emerge, the self deluded individuals, where egosyntonicity is associated to a
prevalence of negative valences, and the troubled happy individuals, where egodystonicity
is associated to positive valences. These findings are aligned with the literature showing
that, even if egosyntonicity typically has a positive impact in the short term, it may not
always be beneficial in the long run.

4.1 Introduction

Emotional theories in psychology seek to understand how emotions are generated and
experienced, focusing on the interplay between physiological, neurological and cognitive
processes, and emotional responses [137]. Emotion dynamical patterns are the complex
results of a large number of factors, that shape its evolution over time. We are interested
in process theories, where emotions are assumed to be an adaptive element of a feedback
loop that involves the situations we encounter, our perceptions of these situations, the
emotions they trigger, and the actions we take to alter our circumstances [138], [139]. In
this context, emotional regulation plays a crucial role in human behavior and well-being.
In fact, not only how good or bad people feel on average, but also how their feelings
fluctuate across time is crucial for psychological health [140]. Emotion regulation can be
either deliberate or automatic, the latter being pervasive in everyday life, and having
far-reaching consequences for individuals’ emotions [141].

The study of emotion dynamics allowed researchers to make inferences about features
of the emotion regulatory system [142]. Namely, the main principles describing emotion
dynamics are:

e Contingency: emotions are typically contingent on internal or external events.
Internal events include physiological states or cognitive processes (e.g., feeling
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anxious due to personal worries), while external events involve interactions with the
environment or social contexts (e.g., feeling happy upon receiving good news). For
instance, both excessive and reduced emotional reactivity are believed to contribute
to mood disorders like depression and bipolar disorder.

o Inertia: emotional states display an intrinsic resistance to change, as we tend to
perceive and interpret the world around us in ways congruent with our current
emotional state. For instance, high emotional variability and excessive emotional
inertia are both linked to indicators of ill-being and psychopathologies like depression,
bipolar disorder, and borderline personality disorder.

e Regulation: individuals manage their emotional experiences using various deliberate
or automatic strategies. For instance, antecedent-focused regulation involves
techniques like cognitive reappraisal, where a person reinterprets a situation to
change its emotional impact, such as seeing a job interview as a learning opportunity
instead of a threat. In contrast, response-focused regulation involves managing
emotions after they are felt, such as expressive suppression, where one hides feelings
of sadness.

o Interaction: the components of emotions (physiological, experiential, behavioral),
or the emergent emotional states as they are experienced as a whole, continuously
interact with, augment, and blunt one another, creating a system of interacting
elements.

Based on these fundamental principles, several alternative theories on emotions have
been developed [143]-[146]. However, such theoretical frameworks typically lack a clear
connection with the substantial amount of empirical research on emotions [147], both
within neuroscientific [148] and physiological research [149]. To bridge this gap, researchers
have sought to use mathematical models that offer a formal language to capture both
quantitative and qualitative aspects of concepts and theories [28], [150]-[154]. For instance,
[25] underlines individual differences in affect dynamics through a model that effectively
captures the dynamics observed in real data.

Recently, Markov models have emerged as a powerful mathematical tool for capturing
the key features of emotion dynamics [36], [75]. As argued by [155], affects, as dynamic and
evolving processes, can be effectively analyzed using Markov chain approaches to decipher
how emotional states change over time. In [156], the authors have used Markov models
to capture the mental models that individuals build to predicting the others’ emotional
dynamics. In [157], two Markov chains have been identified from data on healthy and
schizophrenic individuals, respectively, revealing that schizophrenic individuals tend to
remain in negative emotional states and show maladaptive transitions.

A recent work from [31] has first used a Markov chain as a generative model of
emotions in daily life. In particular, their model, grounded in the principle of contingency,
formalized the link between external situations and emotions. Transitions between
situations are described by a Markov model, which is characterized by one parameter,
that corresponds to the probability of transitioning to any of the other situations. In turn,
being in a situation determines the mean of the Gaussian distribution that describes the
emotions experienced by the individual. This simple, yet effective model is capable of
reproducing several empirical phenomena that are observed in the literature, such as the
skewed distribution exhibited by some emotion variables [158].

Following [144], also [31] suggest to extend their basic model to complete a feedback loop
between situations, attention, emotion and action. The goal of our study is then to make
a first step in this direction and model the dynamics of the valence, i.e. the pleasantness
or unpleasantness associated with an emotion according to the Russell circumplex model
[159], illustrating how the conflict between real and expected situations influences emotion
regulation. Rather than studying the dynamics of an ensemble of emotions, we focus on
the valence of a single generic emotion that represents the overall emergent emotional
state at each time instant, and build a tractable model that simultaneously accounts
for the principles of contingency, inertia, and regulation described above. Depending on
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the model parameters, the valence evolution can be diversely affected by egosyntonicity,
that is, the coherence between the experienced and expected emotions. Egosyntonicity
and egodystonicity describe how certain emotions, ideas and beliefs align or conflict
with an individual’s self-perception [160]-[162]. For example, if a person feels happiness
due to upcoming holidays, and such emotion was expected, the experience would be
considered egosyntonic. Conversely, if the same person in the same situation expects
to feel happiness but instead experiences a different emotion, like distress, it would be
regarded as egodystonic.

A parametric study of the model allowed us to identify four key classes of individuals,
corresponding to commonly observed healthy or pathological behaviors. Crucially, the
four classes differ for the way they regulate the valence based on the time spent in
egosyntonicity. Namely, we identify the balanced happy, who are healthy individuals that
experience long-term positive emotions fostered by egosyntonicity; the self-deluded, who is
primarily egosyntonic yet experiences negative emotions, as in individuals suffering from
personality disorders [163]; the chronically troubled, who struggles with internal conflict
and negative emotions, as in individuals with obsessive compulsive disorder [164]; and
the troubled happy, who maintains a positive attitude despite ongoing internal conflicts,
as is typical of self-aware egodystonic individuals that seek help e.g through therapy.

The Chapter proceeds as follows: in Section 4.2 we provide a detailed description of the
proposed Markovian model, focusing on its defining features and theoretical foundations;
in Section 4.3, we conduct both a general and a parametric analysis to uncover insights and
identify emerging behaviors associated with the model’s dynamics. Section 4.4 concludes
the work.

4.2 Methods

Following [156] and [31], we employ a discrete-time Markov model to describe the time-
evolution of the valence of the individual emotional state. We consider three binary state
variables, associated to the internal mood M, the external events E, and the experienced
valence V. In particular, a value of 1 (0) for M, E, or V represents a positive (negative)
mood, external situations, and valence, respectively.

The model is grounded in the principles of inertia, contingency, and regulation'.
Specifically, based on the principle of inertia, the individual will have a positive probability
r of remaining in the same mood at the next time-step. Moreover, based on the principle
of contingency, the valence dynamics will be influenced by those of internal mood and
external events. Finally, according to the principle of requlation, the transitions between
negative and positive valences will be affected by egosyntonicity, that is, the coincidence
between the internal mood and the valence, M = V.

We further assume that the dynamics of the internal mood and external events are
not affected by each other, and by the valence. The rationale behind this assumption is to
preserve the tractability and interpretability of the model, at the same time retaining its
ability to align with the principles of contingency, inertia, and regulation. In what follows,
we start by describing the dynamics of M and E, to then clarify how they influence the
valence dynamics.

Mood and External situations dynamics

The transitions between negative (M = 0) and positive (M = 1) moods are modeled as a
Markov chain with a transition probability matrix:

P=(,0, 1), (1)

where the parameter r €]0, 1] represents the probability of remaining in the same mood in
the next time step. The higher 7, the more the behavior of the individual is aligned with

'We do not consider the principle of interaction since we are focusing on the dominant emotion.
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the principle of inertia, according to which they are inclined to remain in their habitual
mood.

The transitions between negative (E = 0) or positive (E = 1) external situations are
regulated by a Markov chain whose transition probability matrix is:

PE:(lfs 1;5), (4.2)

where the parameter s €]0, 1] denotes the probability of staying in the same external
situation in the next time step.?

Valence dynamics

The valence of the emotion, representing the individual’s overall emotional state, is
formalized by V(t) € {0,1}, and its dynamics is modeled by the transition probability

matrix v v
Poo (t) 1—pgo (t)

Prt) = (1 AR A0 ) ’ (4.3)

where pY(t) = P(V(t) = i|[V(t — 1) = i) is the probability of remaining in the same
valence at the next time step. The transition probability will depend on whether the
individual is egosyntonic or not, that is, whether its current valence V'(¢) coincides with
its internal mood M (t). In particular:

e The probability of remaining in a negative valence in the next step is

Poo(t) = w(l = B(t = 1)) + (1 — w)no(t),

{1 —a, V(E-1)=M{t-1), (4.4)

mo(t) = 1, ifV(t—1)#M(Et-1),

where w €]0, 1] represents the attention that magnifies the impact of external events
on valence dynamics [165]; for instance, a higher w implies that positive external
events, for which E(t — 1) = 1, will correspond to lower probabilities of remaining
in a negative valence. The time-varying parameter 7y takes two different values
depending on whether the individual is egosyntonic in the previous time step, with
a €]0, 1] modulating how much egosyntonicity decreases the probability of remaining
in a negative valence.

e The probability of remaining in a positive valence in the next step is
ph(t) =wE(t —1) + (1 —w)m(t),

1, ifV(E—1)=M(t—1), (4.5)
m(t)_{1—5, V(- 1) £ M(t—1),

where, as in (4.4), the attention parameter w quantifies the impact of external
events on valence dynamics, whereas 7, similar to 7y in (4.4), changes according
to the presence or absence of egosyntonicity, with  €]0, 1[ modulating how much
egodystonicity decreases the probability of remaining in a positive valence.

We emphasize that we have modeled valence dynamics according to the principles
of contingency and regulation. Indeed, the dependence of V' on both M and E allows
to distinguish between the impacts of internal and external situations on the emotion
dynamics, in agreement with the principle of contingency.

2To exclude the case of a deterministic evolution of M and E, we have considered both r and s in
the open interval ]0, 1.
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In our model, regulation does not take place through deliberate strategies, but is
mediated through egosyntonicity, which is known to promote acceptance of emotions, in
contrast with egodystonic feelings with often result in avoidance or desire for change [142],
[166]-[168]. Specifically, the second term at the right-end side of (4.4) and (4.5) changes
depending on whether the individual is egosyntonic, thereby representing an implicit
mechanism of adjustment that aligns with the principle of requlation [144]. Egosyntonic
experiences are perceived as positive, thus increasing the probabilities of remaining
or transitioning towards a positive valence. The opposite happens for egodystonic
experiences, which are perceived as unpleasant [164]. Albeit egosyntonicity steers the
transition probabilities towards a positive valence, its effect on the long-term, steady-state
valence of the emotion is non-trivial and will depend upon the three parameters «, [,
and w in (4.4) and (4.5), and r in (4.1), as we will illustrate in Section 4.3. The state
variables and the related parameters of the model are summarized in Table 4.1.

Table 4.1: State variables and associated parameters modulating their transition

probabilities.
State variables Short description Related parameters
M(t) Internal Mood T
E(t) External situations s
V(t) Valence of the emotion o, fB,w

Overall Markov model

By combining equations (4.1)—(4.5), the overall dynamics of the valence, mood, and
external events yield an 8-state Markov chain, which can be described as follows:

1. A state space X = {1,...,8}, where 1 =(V=0,M=0,E=0),2=(V=0,M =
0,E=1),3=(V=0M=1,FE=0),4=WV=0M=1E=1),5=(V
ILM=0E=0),6=V=1M=0E=1),7=(V=1M=1FE =0),
8=(V=1,M =1,E =1). Every possible state corresponds to being in a given
valence, mood and subject to a given external situation, simultaneously.

2. An initial state probability vector m;(0) = P[X(, = 1], for all i € X.

3. The transition probabilities p;; = P[X;41 = j|X: = 4], where ¢ is the current state
and j is the next state, collected in the following 8 x 8 matrix P:

(w+aw)rs (w+aw)rs (w+aw)rs (w+ aw)rs awrs awrs aWTS awTS
awrs awrs awrs Qwrs (w+aw)rs (w+aw)rs (w+aw)Fs (w+ aw)Ts
TS TS rs 7S 0 0 0 0
wrs wrs wrs wrs wrs wrs wrs wrs
(wH+wB)rs (w+wB)rs (w+wh)rs (w+wh)Fs whrs whrs wWhTs whATE
wWhTS @hrs whTS whTs (wH+@B)r5 (w+wh)rs (w+wh)T5  (w+wh)Ts
wrs wrs wrs wrs wrs wrs wrs wrs
0 0 0 0 TS TS s s
(4.6)

with7=1—-r5=1-s,a=1—a,f=1-F,andw=1—w.
The transient dynamics of the model is described by the equation
m(t+1)=n(t)P, (4.7)

where 7(t) is the (row) probability state vector at time ¢. Since all the parameters lie in
the interval ]0, 1[, the Markov chain is finite, irreducible, and aperiodic, thus guaranteeing
the existence of a unique steady-state probability vector for any choice of the parameters
[58]. Therefore, we can study the asymptotic steady-state probabilities 7 = [71, ..., 7g] of
being in any given state. The steady-state distribution 7 can be then obtained by solving

7 =7P, (4.8)
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where the elements of 7 satisfy the constraints 7; > 0 and > j 7; = 1. We remark that
m; can be interpreted as the asymptotic fraction of time spent in a given state. Therefore,
in the next Section, we analytically and numerically investigate how 7 will depend on the
model parameters, which are in turn related to behavioral characteristics of individuals.

4.3 Results
Steady-state probabilities

Here, we compute the steady-state probabilities of i) having a certain mood, ii)
experiencing a positive/negative external event, and iii) experiencing an emotion with
positive/negative valence.

We start by focusing on i) and ii), since the dynamics of M and E are independent
from the valence. By solving the systems 7y = Ty Py and Tg = T Pg, we obtain
7y =7r = (0.5,0.5), that is, in the long run the individuals will spend the same amount
of time in positive or negative mood states, as well as will equally experience positive
and negative external events.

We then turn our attention to iii) and, since the valence depend on both M and FE,
we solve (4.8) for computing the probability of experiencing a positive emotion. Namely,
we compute my, = Zf:5 7, thereby obtaining

. wBaw + fw—F —2w)(2r —1)/4 — aw(br/2 = 7/4) + (a + w)(r — 1)
Vi w(a+f-1)2r—-1)—wla+p)Br—2)+ (a+B+2w)(r—1)

(4.9)

whereas 7y, = 2?21 7; = 1 — my,. This indicates that, in the long run, the steady-state

valence probabilities are not influenced by the parameter s that modulates the variability
of external events. The analysis of our model suggests that valence dynamics are affected
by the attention that we give on external events, rather than by their variability. Indeed,
the attention that the individual gives to external events and the mood variability matter,
and are captured by w and 7, respectively. The impact of egosyntonicity on my, is
evidenced by its dependence on parameters « and 3.

We notice that, when r» = 0.5 or a = 3, equation (4.9) simplifies to

_ w—a(w-—1)
2w — (a+B)(w—1)"

(4.10)

TV,

In this case a positive valence is prevalent only if o > 3, indicating greater sensitivity to
egosyntonicity. Furthermore, we note that, when o = 3, independent of the value of all
other parameters, (4.9) further simplifies, and 7y, = 0.5.

Parametric analysis

Here, we numerically investigate the dependence of the steady-state valence probability
my, (and, therefore, of the average time spent with a given valence in the long run) on
the model parameters. In particular, we vary «, 8, r and w between 0.1 and 0.9 with step
0.1, and we also consider the extreme values 0.01 and 0.99. We fix s = 0.1, as external
events tend to change rapidly over time, but the results that we are going to illustrate are
not affected by the value of s. Specifically, for each of the 14641 parameter combinations,
we have computed the steady-state valence probability 7y, from (4.9), and performed a
500,000 steps long simulation of equation (4.7) to compute the difference dego between
the fraction of time steps spent in egosyntonicity and in egodystonicity.

First, we notice that regardless of the values of parameters r and w, when o > 3,
the steady-state positive valence probability 7y, is larger than 0.5, and the opposite
happens for o < 3, in agreement with the empirical evidence in [164], [169] showing that
egosyntonic experiences tend to reinforce positive affective states, whereas egodystonic
experiences are associated with increased negative affect.
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This is illustrated for two sample pairs (r,w) in Figure 4.1, which shows that, for a given
value of « (), 7y, monotonically increases with the mismatch o — 3, which represents
how much an individual is more sensitive to egosyntonicity versus egodystonicity, see the
transition probabilities in (4.4) and (4.5). As we have just uncovered the fundamental role

(a) (b)
w=0.1and r=0.1 w=09and r=0.9

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
a «

Figure 4.1: Colormap of the steady-state positive valence probability 7y, as a function of o and 8 when
(a) w=0.1, r =0.1 and (b) w=0.9, r =0.9.

played by the mismatch o — 8 on the asymptotic time spent in a positive valence, we then
try to determine how this is related to the time spent in egosyntonicity /egodystonicity.
To do this, among all pairs (a, ), we consider those such that o + 8 = 1, so that o —
will range between -0.98 and 0.98. In Figure 4.2, for three representative values of the
attention parameter w, we report two colormaps of the steady-state probability of positive
valence 7y, (av— f3,7) and the difference in frequency dego(cx — 3, ) between the time spent
in egosyntonicity and egodystonicity, respectively. First, by comparing panels (a), (c),
and (e), we notice that the effect of an increased mismatch o — 5 on 7y, is mitigated by
an increase in either the attention to the external events w or the inertia to mood change
r. Moreover, when a = 3, my, = 0.5, as expected from Section 4.3. Then, to decipher the
relationship between the steady-state probability of positive valence and the time spent in
egosyntonicity, we start by comparing 7y, (o — 3,7) and dego(a — 5, 7) when w = 0.5, see
panels (c) and (d). We notice the emergence of four classes of individuals, characterized
by qualitatively different behaviors:

1. The balanced happy (BH) are individuals who benefit from the larger share of
time spent in egosyntonicity (dego > 0), and experience positive valences with a
probability higher than chance (my, > 0.5). In Figure 4.2, BH are encountered for
parameter combinations corresponding to blue regions both in the left panels and
in the corresponding right panels.

2. The self-deluded (SD) prevalently experiences negative emotions (my, < 0.5) albeit
being generally in sync with themselves (dego > 0). In Figure 4.2, SD are encountered
for parameter combinations corresponding to coral regions in the left panels and
blue regions in the corresponding right panels.

3. The chronically troubled (CT) are individuals who pay the price for being prevalently
egodystonic (dego < 0) by experiencing negative emotions (my, < 0.5). In Figure
4.2, CT are encountered for parameter combinations corresponding to coral regions
both in the left panels and in the corresponding right panels.

4. The troubled happy (TH) prevalently experiences positive emotions (my, > 0.5)
despite spending more time in egodystonicity (dego < 0). In Figure 4.2, TH are
encountered for parameter combinations corresponding to blue regions in the left
panels and coral regions in the corresponding right panels.

Looking at panels (a), (b), (e) and (f), we notice that the above classification holds for all
values of w. The effect of variations in the attention parameter is that of mitigating or
amplifying the difference between the classes.
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Figure 4.2: Colormap of the steady-state valence probability my, and the difference dogo between
egosyntonicity and egodystonicity frequencies as a function of a — 8 and r when the attention level is
(a),(b) w =0.25, (¢), (d) w = 0.5, (e),(f) w = 0.75. Each plot is divided in four areas, each corresponding
to a different class of individuals, where BH stands for balanced happy, TH for troubled happy, CT
for chronically troubled, and SD for self-deluded. The differences between the four classes are more
pronounced for extreme values of & — 3 and 7.

4.4 Discussion

In this work, we introduced a novel Markovian model of emotion dynamics that is
grounded on three fundamental principles of the branch of psychology that studies how
emotions shape over time: inertia, contingency and regulation. In particular, the principle
of inertia is captured by the internal mood dynamics, with a parameter that quantifies
the reluctance to change mood. The principle of contingency is reflected in the valence
dynamics, which depends on the complex interplay between the internal mood and the
external events. Finally, the model also considers an implicit mechanism of regulation,
whereby the individual behavior modifies depending on whether they are egosyntonic.
By performing a parametric analysis of the model, four classes of individuals have
emerged based on the relationship between the time spent in egosyntonicity and the long-
term emotional valence: the balanced happy, the self-deluded, the chronically troubled
and the troubled happy. Interestingly, the four identified classes correspond to behaviors
that are typically observed either in healthy individuals or in individuals with mental
disorders. The class of balanced happy includes individuals that spend more time in
egosyntonicity, thus living in harmony with their emotions. This healthy behavior
enhances their mental health by increasing the experienced positive emotions. On the
opposite end, the chronically troubled is often in internal conflict and experiences negative
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emotions in the long term. Such a behavior is typical, for instance, of obsessive compulsive
disorder (OCD) and eating disorder (ED). Indeed, obsessions in the OCD and intrusive
thoughts in ED are generally egodystonic, as they are experienced as distressing and
unwanted [164]. More generally, the experience of egodystonic thoughts or emotions is not
uncommon. Most people will note strange, out-of-character thoughts at some point. But
for someone, the fear, anxiety and self judgment associated with the experience of these
egodystonic thoughts can negatively impact emotional well-being and may be associated
with symptoms [161].

The remaining two classes, the self-deluded and troubled happy, are somewhat
unexpected, yet very interesting. Indeed, from the valence dynamics in Section 4.2,
one could inaccurately infer that egosyntonicity may only have a positive impact on the
valence. However, the interplay with mood dynamics makes this relationship less obvious.
For instance, the class of self-deluded includes individuals who are generally in sync with
themselves but experience negative emotions in the long term. They can be viewed as
individuals who ignore signs of distress, living with a false sense of well-being that does not
materialize into lasting happiness. Such behavior is typical of personality disorders. For
instance, grandiosity is an egosyntonic symptom of the narcissistic personality disorder
[163], which strongly challenges the treatment of the disorder, as the individual may
be reluctant to change their behavior. On the other hand, the troubled happy, despite
often being in internal conflict (egodystonic), manages to maintain a positive emotional
valence in the long term. Their discomfort seems to drive growth, leading to unexpected
emotional resilience. This is the paradigmatic behavior observed in a successful therapy,
where individuals might deliberately engage in egodystonic behaviors for a period of
time with the goal of feeling better in the long term. In such individuals, therapy helps
them navigate internal conflicts and fosters personal growth. The behavioral repertoire
showcased by our minimalistic model is surprisingly rich, and yet grounded on fundamental
psychological principles.

Limitations and future directions

The promising results of this work are not free of limitations, and could pave the way
for future investigations. First, the binary modeling of mood, valence, and external
events could be replaced by a multi-level discretization that would enable a more nuanced
description of their dynamics. Second, the model deliberately focuses on a single emotion,
which can be considered as the prevalent one that the individual is experiencing. This
allows to elucidate the relationship between egosyntonicity and behavioral regulation,
however future, richer models should consider the effect of interacting emotions. Indeed,
in its current form, the model captures the dynamics of the dominant emotion, and simply
assumes mood dynamics to be independent from other variables. To represent moods
that arise from the combination of different emotions, mood dynamics should then be
changed, considering transition probabilities that are a function of the different emotions
experienced by an individual at each time step. Third, albeit the model reproduces
four well-known interplays between egosyntonicity and emotional well-being, its present
formulation does not allow individuals to learn and evolve from past experiences. Future
works could consider the presence of adaptive mechanisms, whereby the individual learns
from past experiences and modifies their behavioral parameters. This would turn the
model parameters into manipulable variables that can be adjusted, for instance, through
psychological therapy. Finally, although our model is founded on psychological principles
and is capable of reproducing commonly observed behaviors, future empirical works
could collect longitudinal data on emotion dynamics with the goal of further refine the
model and the underlying hypotheses on which it is based. For instance, the possible
dependencies between internal mood and external events could be incorporated in the
model, including also feedback mechanisms from valence to internal and external states.
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This Chapter summarizes and adapts the work presented in [40], which integrates
causal inference, graph analysis, temporal complexity measures, and machine learning
to examine whether individual symptom trajectories can reveal meaningful diagnostic
patterns (RQ7-RQ9). Testing on a longitudinal dataset of N = 45 individuals affected
by General Anxiety Disorder (GAD) and/or Major Depressive Disorder (MDD) derived
from Fisher, Reeves, Lawyer, et al. [29], we propose a novel pipeline for the analysis of
the temporal dynamics of psychopathological symptoms. First, we employ the PCMCI+
algorithm with a nonparametric independence test to determine the causal network of
nonlinear dependencies between symptoms in individuals with different mental disorders.
We found that the PCMCI+ effectively highlights the individual peculiarities of each
symptom network, which could be leveraged towards personalized therapies. At the
same time, aggregating the networks by diagnosis sheds light to disorder-specific causal
mechanisms, in agreement with previous psychopathological literature. Then, we enrich
the dataset by computing complexity-based measures (e.g. entropy, fractal dimension,
recurrence) from the symptom time series, and feed it to a suitably selected machine
learning algorithm to aid the diagnosis of each individual. The new dataset yields
91% accuracy in the classification of the symptom dynamics, proving to be an effective
diagnostic support tool. Overall, these findings highlight how integrating causal modeling
and temporal complexity can enhance diagnostic differentiation, offering a principled, data-
driven foundation for both personalized assessment in clinical psychology and structural
advances in psychological research. This Chapter also has an associated Appendix C with
additional details.

5.1 Introduction

The conventional approach to the study of mental disorder is to seek for a common
underlying cause of all symptoms, in analogy with medical work where the presence of a
symptom is typically associated to the presence of a disease [170]. Such an approach to
mental disorder is typically labelled latent variable, to recall the search for an invisible root
cause of the disorder. Although latent variable models allowed to explain the effects of
dynamic latent internalizing and externalizing factors in the development of comorbidity
among common mental disorders [171], they failed to capture the dynamic and interactive
nature of symptom evolution [172]. As pointed out in recent literature, this is due to
the absence of a central disease mechanism or pathogenic pathway in mental disorders
[173]-[175].

In response to these limitations, network analysis has gained traction as a promising
alternative for studying the complexity of psychopathology [28], [176]. Unlike traditional
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approaches that treat symptoms as independent entities, network-based methods
conceptualize mental disorders as systems of interacting symptoms that cause each
other. Disentangling the causal mechanisms that underlie symptom activation allows for
a more granular exploration of their dynamics [177]-[179].

Network analysis provides several advantages over classical statistical models. First,
it enables researchers to identify key symptoms—so-called “bridge symptoms”—that link
different disorder networks and contribute to comorbidity [180]-[182]. Second, it allows
for the investigation of stable symptom structures, capturing how symptoms relate to
each other within groups of individuals at a given point or over short time frames [183],
[184]. Third, by leveraging intensive longitudinal data, network analysis can uncover
temporal trajectories and dynamic interactions among symptoms, offering insight into
how psychopathology evolves over time and supporting the development of adaptive,
personalized interventions [185]—[189).

However, these approaches often rely on the assumption of linear relationships between
symptoms, thereby neglecting the intricate nonlinear relationships between them [190],
[191]. Under the assumption of linearity, many approaches rely on correlation-based
techniques, such as Structural Equation Modeling (SEM) [29] or Vector Autoregression
(VAR) [192], which may only capture linear temporal dependencies [98], [99]. This
limitation is particularly problematic for understanding the complex feedback loops
underlying psychopathologies, where symptom interactions may be strongly nonlinear
[193].

Moreover, network approaches typically focus on group-level analyses and overlook
individual variability [194], [195]. Additionally, current studies face challenges in
generalizing individual-level findings to broader populations [196], [197]. Heterogeneity
in symptom expression raises concerns about whether individual symptom networks
can meaningfully inform group-level patterns [198]. Addressing this challenge requires
methodological innovations that can balance personalized symptom structures with
generalizable insights applicable to clinical practice [199].

Given these limitations in both latent variable and network approaches, our study offers
an innovative approach that combines causal inference and machine learning techniques
to provide a deeper understanding of symptom dynamics in psychopathology. While
previous studies have explored idiographic symptom networks [29] or group-level linear
dependencies [192], to the best of our knowledge no method has yet fully uncovered
nonlinear dependencies in individual and group-level analysis in psychopathology.

This study addresses three main questions: (1) How can we reconstruct individual-level,
possibly nonlinear, causal interactions among symptoms? (2) Do group-level patterns
emerge despite individual heterogeneity, and can they help distinguish diagnostic groups?
(3) Can dynamic symptom features be used to classify diagnosis at the individual level?

We outline two complementary methodological pipelines (see Figure 5.1), designed
to answer such distinct yet interrelated open questions. The first pipeline addresses the
first two questions. Specifically, we elect the PCMCI+ algorithm to reconstruct causal
interactions between symptoms. We first show its superiority in recovering nonlinear
interactions on a toy model for which ground truth is available to then illustrate its
effectiveness on real data. Then, we bridge individual-level analyses and group-level
generalizations through aggregated fusion networks, which capture shared causal patterns
across diagnostic groups. This step allows to distinguish different diagnostic groups.

The second pipeline builds on the use of complexity-based measures extracted from
temporal symptom dynamics. The use of these metrics boosts the performance of the
supervised classification algorithm that we use to classify diagnosis at the individual level.

While these pipelines serve distinct analytical purposes, their outcomes are interde-
pendent: causal patterns derived from idiographic networks can guide the interpretation
of classification results, whereas diagnostic outcomes may, in turn, inform the refinement
of causal models by highlighting symptom dynamics of clinical relevance.

To illustrate the viability of our analysis pipelines, we test them on a longitudinal
dataset on idiographic symptom networks for Generalized Anxiety Disorder (GAD)
and Major Depressive Disorder (MDD) [29]. GAD and MDD are among the most
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(Symptoms Time Series}

[Causal Discovery (PCMCI+ algorithm)] [Feature Extraction (Complexity measures)]
[Group-level (Fusion Networks)] {Feature Selection (Out Of Bag Importance)}
{Network Comparison (Graph Kernels)} [Diagnostic Classification (Bagged Trees Ensemble)}

[Group—level Patterns} [Clinical Decision Support}

Figure 5.1: Dual analysis pipeline for idiographic multivariate time series: the left branch performs causal
discovery using PCMCI+ and group-level network aggregation, leading to pattern identification; the right
branch extracts complexity measures, selects predictive features, and performs diagnostic classification
for clinical decision support. Dashed bidirectional arrows indicate the complementary nature of the two
analyses: causal insights support diagnostic interpretation, while diagnostic outcomes inform and refine
causal understanding.

prevalent and debilitating mental health conditions [200], often co-occurring and sharing
underlying mechanisms [201]-[203]. While GAD is primarily characterized by excessive
and uncontrollable worry, heightened physiological arousal, and cognitive hypervigilance,
MDD manifests through persistent low mood, anhedonia, and dysregulation in reward-
processing circuits [202], [204].

The frequent comorbidity between these disorders suggests shared vulnerability factors;
however, their distinct clinical presentations necessitate precise differentiation for accurate
diagnosis and effective treatment [205], [206], making them an ideal test for our analysis
pipelines. Indeed, the application to longitudinal data from subjects with GAD, MDD,
or both disorders in comorbidity enables us to identify distinct patterns that differentiate
the three groups. Specifically, our approach reveals the underlying causal relationships
among symptoms while preserving individual heterogeneity, and addresses the challenging
task of differential diagnosis among these closely related clinical presentations.

The remainder of the Chapter is structured as follows: Section 5.2 outlines the dataset
and the methodological approaches used to address our research objectives; Section 5.3
presents the primary findings of the work; and Section 5.4 describes the implications,
limitations, and future directions of the study.

5.2 Methods

In this Section, we describe the data and the methodological framework employed
in our study. First, in Section 5.2.1 we present the dataset provided by [29], which
includes idiographic symptom time series from individuals diagnosed with GAD, MDD,
or both. Second, we outline the two complementary methodological pipelines of Figure
5.1. Specifically, in Section 5.2.2 we describe the application of PCMCI+ to our dataset.
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We also introduce the extension of PCMCI+ individual results to group-level analysis,
enabling the comparison of symptom dynamics across diagnostic groups.

In Section 5.2.3 we describe the graph comparison techniques employed to analyze
symptom dynamics and diagnostic group differences. Lastly, in Section 5.2.4 we present
the Bagged Tree algorithm used to classify individuals among diagnostic groups, including
the feature extraction and selection procedures that support this analysis.

5.2.1 Data

The dataset used in this study was derived from the work of [29], which describes a
longitudinal study in which participants with a primary diagnosis of mainly Generalized
Anxiety Disorder (GAD), Major Depressive Disorder (MDD), or comorbid GAD and
MDD completed intensive repeated measures assessments — four per day for at least 30
days — prior to therapy. This rich and detailed dataset offers unique opportunities for
dynamic and person-specific analyses. In the original dataset (see https://osf.io/8yadb/),
the primary diagnosis was the main focus, while other comorbidities were recorded but
not central to the analysis. This approach was based on the assumption that the primary
diagnosis would be the most relevant for studying the specific mechanisms underlying
anxiety and depressive disorders [29].

For our study, we followed a similar approach but, at Fisher’s recommendation,
expanded the sample by including five additional participants from a more comprehensive
dataset provided directly by him, reaching 45 individuals. This expansion allowed for
a more detailed exploration of symptom dynamics and increased the robustness of our
findings. To remain consistent with the original framework, we focused our analyses
on the primary diagnosis only. Furthermore, we focused specifically on distinguishing
between GAD, MDD, and their comorbidity, as these represent the core diagnostic
categories of interest. Therefore, participants with a primary diagnosis that included
GAD, MDD, or both were assigned to one of these three categories, disregarding any
additional comorbidity. For example, a participant diagnosed with GAD and agoraphobia
was considered solely within the GAD group.

In Table 5.1 there is a summary of participants’ characteristics and diagnostic
information. Diagnoses were established through structured clinical interviews using the
Anxiety and Related Disorders Interview Schedule for DSM-5, administered by trained
graduate students under the supervision of a licensed clinical psychologist. The table
also reports symptom severity scores based on the Hamilton Rating Scale for Anxiety
(HAM-A) and the Hamilton Rating Scale for Depression (HAM-D). The HAM-A consists
of 14 items rated from 0 to 4, yielding a total score range of 0-56, while the HAM-D
includes 13 similarly rated items, with a total score range of 0-52. We refer to [29] for
more details about the assessment procedure.

Each participant completed an experience sampling protocol in which they responded
to surveys delivered via mobile phone four times per day over a period of approximately
30 days. At each time point, participants rated their current experience of 22 mood and
anxiety-related symptoms using a 0-100 visual analog slider with the anchors 'not at
all’ (0) and ’as much as possible’ (100). The symptom list included both core DSM-5
symptoms of GAD and MDD (e.g., felt worried, felt down or depressed, loss of interest
or pleasure) and a broader set of affective, cognitive, and behavioral dimensions (e.g.,
felt energetic, felt hopeless, felt angry, avoided activities, felt accepted or supported;
see Table 5.2 for the full list). As a result, each participant’s data can be represented
as a time series with 22 variables (columns) capturing symptom dynamics over time.
We further normalized the data column-wise by subtracting the mean and dividing by
the standard deviation. Each individual completed an average of 112.8 responses (SD
= 12.87), with a maximum of 151 and a minimum of 90. For each individual, entries
with missing symptom values were excluded from the analysis. Aggregating data across
individuals yielded 5076 x 22 observations, corresponding to 5076 time points and 22
symptom variables. For each observation, we also included the participant ID and their
primary diagnosis (GAD, MDD, or comorbid GAD and MDD), replicated across time

58


https://osf.io/8yadb/

Methods

Table 5.1: Participants’ characteristics: ID, sex, age, ethnicity, primary diagnosis, other comorbidities,
Hamilton Rating Scale for Depression score (HAM-D), Hamilton Rating Scale for Anxiety score
(HAM-A).

D Sex Age Ethnicity Primary Diagnosis Other Comorbidities HAM-D HAM-A
PO001 Female 28 Latin MDD,GAD Panic 23 27
P003 Male 29 White MDD,GAD NA 16 15
P004 Female 32 Latina GAD NA 16 33
P006 Male 26 ‘White MDD,GAD SAD 13 13
P0O07 Female 33 Black MDD,GAD Agor,SAD,SpecPhob 11 17
P008 Female 23 AsianAmerican MDD,GAD PTSD,BodyDys 19 15
P009 Female 25 Other GAD,SAD SpecPhob 17 9
PO10 Male 33 AsianAmerican MDD,GAD SAD 22 22
Po12 Female 36 Latin GAD,Agor NA 9 13
P013 Male 26 White MDD,GAD SAD 14 19
P014 Male 22 Latin MDD NA 10 12
P019 Female 30 AsianAmerican MDD SAD 10 10
P021 Male 59 Other GAD SAD 15 16
P023 Female 64 ‘White GAD NA 8 7
P025 Male 31 White GAD,SAD NA 15 14
P033 Female 28 ‘White GAD Agor,SAD,OCD 8 14
P037 Female 28 Latin GAD,SAD IllnessAnxiety,SpecPhob 21 41
P040 Female 29 White GAD Agor,SAD,MDD,SpecPhob 21 41
P048 Male 57 AsianAmerican MDD,GAD SAD,SpecPhob 14 17
P068 Female 42 ‘White GAD NA 11 14
PO72 Female 38 AsianAmerican MDD GAD 15 13
PO74 Female 56 White MDD NA 12 10
PO75 Female 27 AsianAmerican GAD NA 18 23
P100 Male 31 ‘White GAD PTSD 7 14
P111 Female 23 AsianAmerican GAD Panic,SAD,PTSD 18 15
P113 Female 46 Black GAD SAD,SpecPhob 4 15
P115 Female 42 White MDD,GAD SAD 18 19
P117 Male 59 White MDD,GAD NA 12 18
P127 Male 29 Latin GAD SAD 9 13
P137 Male 45 AsianAmerican MDD NA 16 15
P139 Female 62 White MDD GAD 14 12
P145 Female 47 Other GAD SAD,PTSD 21 30
P160 Male 50 ‘White GAD PDD 13 11
P163 Female 58 AsianAmerican MDD GAD,PDD 16 16
P169 Male 29 White MDD NA 13 15
P202 Female 34 White GAD PDD 10 11
P203 Female 21 AsianAmerican MDD,GAD SAD 18 20
P204 Female 57 White GAD NA 12 16
P206 Female 39 Other GAD,SAD NA 11 16
P215 Female 31 Black GAD NA 17 23
P217 Female 31 White GAD MDD 17 14
P219 Female 23 AsianAmerican GAD MDD 21 27
P220 Male 64 White MDD GAD 14 13
P223 Male 56 White MDD GAD 21 12
P244 Female 21 AsianAmerican MDD NA 12 8

Note. GAD = generalized anxiety disorder; MDD = major depressive disorder; Panic = panic disorder;
Spec Phob = specific phobia; Agor = agoraphobia; PTSD = posttraumatic stress disorder; Body = body
dysmorphia; AUD = alcohol use disorder; PDD = persistent depressive disorder.

points, resulting in a final dataset with 5076 x 24 entries, where each row corresponds to
one survey response.

Although the diagnostic groups were unbalanced (GAD = 23, MDD = 11, comorbid
= 11, see Table 5.3 for complete group-level statistics), analyses were designed to be
robust to class size differences. No resampling or weighting techniques were applied unless
otherwise specified. Treating comorbid GAD and MDD as a distinct group acknowledges
growing evidence that symptom co-occurrence reflects unique dynamic patterns rather
than additive effects of single disorders.

Based on the primary diagnosis reported in Table 5.1, all 45 participants were included
in the analysis, comprising 29 females and 16 males, with ages ranging from 21 to 64 years
(mean age = 37.8). The sample was ethnically diverse, including participants identifying
as White (n = 20), Asian American (n = 12), Latin/Latina (n = 6), Black (n = 3), and
Other (n = 4).

5.2.2 Applying the PCMCI+ to our dataset

Importantly, we applied PCMCI+ at the level of each individual participant ¢. Each
analysis was based on a time series of shape T; x 22, where T; denotes the number of
observations associated to individual ¢. This individual-level approach allows for the
construction of personalized causal graphs that reflect the intra-individual variability of
symptom dynamics. The analysis was configured with a maximum lag of one time step,
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Table 5.2: List of the 22 symptoms assessed in the experience sampling protocol. Each item refers to how
the participant felt or behaved during the time interval between the previous beep and the current one.

Symptoms

Felt energetic Felt hopeless

Felt enthusiastic Felt down or depressed

Felt content Felt positive overall

Felt irritable Felt fatigued or low energy

Felt restless Experienced muscle tension
Felt worried Had difficulty concentrating
Felt worthless or guilty Felt accepted or supported

Felt frightened or afraid Felt threatened, judged, or intimidated
Loss of interest or pleasure Dwelled on the past

Felt angry Avoided activities

Procrastinated Avoided people

Table 5.3: Descriptive statistics by diagnostic group: number of individuals (N), mean (M) and standard
deviation (SD) of Hamilton Rating Scale for Depression score (HAM-D), Hamilton Rating Scale for
Anxiety score (HAM-A), age and responses to the experience sampling protocol.

Variable GAD MDD Comorbid GAD and MDD
N 23 11 11

HAM-D (M + SD) 13.87 + 5.09 13.90 + 3.14 16.36 + 3.98
HAM-A (M + SD) 18.70 + 9.55 12.36 + 2.42 18.36 + 3.82

Age (M £+ SD) 36.61 £ 11.86  43.72 4+ 16.37 34.27 + 13.03
Responses (M 4+ SD) 112.13 £+ 13.74 109.09 + 8.22 117.90 £+ 14.17

Note. GAD = generalized anxiety disorder; MDD = major depressive disorder.

as our primary interest lays in short-term rather than long-term trajectories, and with a
significance level of o = 0.01. We set k = 4 for the CMIknn estimator, as recommended
for small sample sizes in previous studies [108]. This choice ensures a good balance
between sensitivity and robustness. All analyses were implemented using the Tigramite
Python package (version 5.2.7.0), which provides a comprehensive framework for time
series causal discovery, including full support for CMIknn. To ensure transparency and
reproducibility, all code and data will be made available upon publication.

While causal discovery via PCMCI+ was conducted at the individual level—resulting
in one causal graph per participant— we also constructed group-level fusion networks by
aggregating individual adjacency matrices within each diagnostic category (GAD, MDD,
or comorbid). Specifically, we computed the element-wise sum of the binary causal graphs
inferred by PCMCI+, yielding weighted matrices where each entry reflected the frequency
of a specific edge within a group.

This aggregating approach, while methodologically distinct, aligns with prior work in
network neuroscience [207], where individual-level connectivity patterns were combined to
identify common structural features across subjects. In our case, it enables the extraction
of robust structural patterns that characterize each diagnostic profile, while preserving
the idiographic nature of the analysis.

5.2.3 Graph comparison

To quantify the role of symptoms within each causal network, we first employed classical
network measures from graph theory that capture both local and global aspects of node
importance [208]. These metrics — whose details are available in Appendix C— provide a
multi-faceted view of symptoms importance to capture both local connectivity and global
flow properties.

Secondly, to compare the graphs—both at the individual level and between fusion
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networks—we also employed graph kernels, a family of methods designed to quantify
similarity between networks [209]. A graph kernel K(G,G’) is a positive semi-definite
function that computes the similarity between two graphs G and G’, with the key
property that there exists a map ¢ from G to a high-dimensional feature space such that
K(G,G") = (¢(G), 9(G")) [210].

We considered two graph kernels differing in expressive power and computational
complexity. For sparse graphs—such as the individual-level PCMCI+ outputs—we
employed the degree distribution kernel, which compares graphs by evaluating similarities
in their node degree histograms [211], [212]. In sparse networks, where variability in node
connectivity is more pronounced, this kernel provides a computationally efficient and
informative summary of the overall graph structure. Conversely, in denser graphs—where
most nodes tend to exhibit uniformly high degrees—the degree kernel becomes less
effective in distinguishing topological differences, as it captures less structural variability.
Thus, for comparing group-level networks, which are substantially denser than individual
ones, we employed the Weisfeiler-Lehman (WL) kernel [213].

The WL kernel is a state-of-the-art method that assigns an initial color to each node
and iteratively refines node colors by combining each node’s current color with those of
its neighbors. After a fixed number of iterations— e.g. when the kernel matrix converges—
each graph is represented by a histogram of node color counts, and similarity is computed
as the dot product between these histograms. The WL kernel is particularly well suited
for detecting structural differences in dense graphs, where local subgraph configurations
carry greater discriminative power. While more computationally intensive, it provides
higher expressiveness when structural complexity increases.

Importantly, in our case all the causal networks included the same set of nodes, ensuring
that kernel comparisons were not affected by topological mismatches. We computed
kernel matrices both at the individual level (comparing all pairwise causal graphs) and at
the group level (comparing fusion networks), enabling a multi-scale analysis of symptom
dynamics. This allowed us to formally assess individual-level heterogeneity within and
across diagnoses, as well as structural differences in the fusion networks.

5.2.4 Classification through Bagged Tree

While the network-based analysis aimed at providing valuable insights into the structural
patterns of symptom interactions at both individual and group levels, a complementary
objective of our study was to explore whether temporal symptom dynamics could also
support diagnostic classification. To this end, we implemented a supervised machine
learning approach designed to leverage time series features for improving the accuracy
and interpretability of diagnostic predictions in clinical psychology.

In this phase of analysis, we moved from an idiographic perspective to a global one,
combining data from all individuals into a unified dataset. Data from individuals with
comorbid GAD and MDD diagnoses were excluded from the training set and reserved for
out-of-sample evaluation to assess model generalizability. The final column of the dataset
contained the diagnosis label (GAD or MDD), which served as the target variable for
classification.

We employed a Bagged Tree classifier—implemented in MATLAB using the
TreeBagger function—as our predictive model [96]. Bagging, or bootstrap aggregation, is
an ensemble learning method that improves predictive performance by reducing variance
through model averaging [94], [95].

The model works in three steps: (1) random sampling with replacement creates diverse
training sets, (2) individual decision trees are trained independently on these samples,
and (3) predictions are aggregated via majority voting. In order to account for diagnosis
imbalance in the training set, we introduced class weights inversely proportional to class
frequencies.

Our implementation consisted of 300 decision trees, each trained on a bootstrapped
subset of the training data. All available predictors were considered at each split.
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Although predictions were computed for each observation, individual-level classification
was performed by averaging the predicted class probabilities across all time windows
per participant. We first assessed generalization using a leave-one-out cross-validation
strategy, training the model on all individuals except one, who was used for testing.
This simulates a real-world diagnostic setting in which a previously unseen participant is
classified based on learned patterns from others. The final classification was based on
an optimal decision threshold, determined by minimizing the Euclidean distance from
the ideal point (0,1) in the ROC (Receiver Operating Characteristic) space—thereby
balancing sensitivity and specificity.

To further enrich the analysis, we computed a comprehensive set of complexity
features for each individual, designed to quantify different aspects of signal regularity,
unpredictability, fractal geometry, and recurrence. Although they have not been widely
applied in clinical psychology, prior studies in physiology and complex systems have shown
that entropy, fractal dimension, and recurrence-based metrics can capture meaningful
dynamic patterns in biological and behavioral data [8], [214]-[216]. The full list of
complexity measures is available in Table 5.4, while detailed descriptions can be found in
Appendix C.

Thus, we obtained a high-dimensional dataset of approximately 3000 features. Each
individual is represented by multiple rows in the dataset, corresponding to different
configurations of parameters used to compute the complexity measures. Each column
corresponds to a specific feature. We then trained the Bagged Tree classifier described
above on this new enriched dataset.

Nonetheless, feature selection was performed post hoc leveraging out-of-bag (OOB)
variable importance scores, specifically the Permuted Predictor Delta Error [217], [218].
Variable importance scores were averaged across all iterations of the leave-one-out cross-
validation to obtain a stable ranking of features contributing to diagnostic classification.
Features were then ranked in descending order of importance. Notably, some variables
received negative importance values, indicating a detrimental effect on classification
performance. To refine the feature set, we iteratively retrained the model, each time
retaining only variables with positive importance. This Boruta-type process was repeated
until only positively contributing variables remained and model performance reached a
stable plateau [219].

Table 5.4: Complexity metrics extracted from each time series or pairwise combination.

Complexity metrics

Number of Zero Crossings Permutation Entropy

Approximate Entropy Sample Entropy

Hurst Exponent Detrended Fluctuation Analysis (DFA)
Correlation Dimension Higuchi Fractal Dimension

Petrosian Fractal Dimension Recurrence Rate

Determinism Laminarity

Trapping Time Maximum diagonal line length (Ly,qz)
Maximum vertical line length (V;,04) Divergence

Entropy of Diagonal Line Lengths Average Diagonal Length

Average Vertical Length Cross Recurrence Rate

Cross Determinism Cross Laminarity

Cross Trapping Time Cross Lpaz

Cross Vinas Cross Divergence

Cross Entropy of Diagonal Line Lengths Cross Average Diagonal Length
Cross Average Vertical Length
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5.3 Results

5.3.1 PCMCI+ outperformes classical approaches to inference from
psychological data.

To determine the most appropriate method for causal inference in longitudinal
psychological data, we generated synthetic datasets designed to compare the ability of the
PCMCI+ to reconstruct both linear and nonlinear dependencies, and compared it with
Vector Autoregression (VAR) [99], commonly used in the psychopathological literature
[192], [220], and transfer entropy (TE), a popular inference method from information
theory [100]. Each dataset included three variables, X, Xo, and X3, observed over 100
time points, with known ground-truth causal structures. The choice of relatively small
number of datapoints aims to replicate a common limitation in idiographic psychological
data, typically described by short time series. Specifically, X; ; and X5 ; were sampled
independently from a standard normal distribution, X; ; ~ N(0,1). The variable X3,
was generated according to three different causal scenarios, capturing either linear or
nonlinear dependencies:

o Scenario 1 (Linear): X3, =3Xs,1+¢€3s, €34 ~N(0,1);
o Scenario 2 (Interaction): X3, =3X1,-1X24-1+¢e3, €34~ N(0,1);
+ Scenario 3 (Quadratic): X3, =3X3, | +e3s, €3, ~N(0,1).

The results of this comparison highlight the superior performance of the PCMCI+
algorithm—particularly when combined with the CMIknn independence test—in
identifying both linear and nonlinear causal relationships, see Table 5.5. Indeed, VAR
and TE were restricted to detecting only linear dependencies. Interestingly, PCMCI+
with partial correlation also failed to recover nonlinear effects, emphasizing the value of
nonparametric conditional independence testing in complex scenarios.

The superior performance compared with the VAR model can be explained by the
underlying linearity assumption. The case of transfer entropy is instead different, whereby
it is a nonlinear method that quantifies how much knowing the past of a source variable
reduces uncertainty about the future of a target variable. However, its main limitation
lies in its data hungriness. Indeed, the computation of transfer entropy requires the
discretization of the time series and the computation of empirical joint distributions. The
accuracy of such estimation is critically limited for short time series [105], as it is often
the case for idiographic psychological datasets.

Table 5.5: Detection of linear and nonlinear causal relationships in synthetic datasets with three variables,
evaluated across four methods: Vector Autoregression (VAR), Transfer Entropy (TE), PCMCI+ with
partial correlation (parcorr), and PCMCI+ with the CMIknn independence test.

Causal relation VAR TE PCMCI+ (parcorr) PCMCI+ (CMIknn)

X2 — X3 v v v v
X1~X2—>X3 X X X v
X2 = X3 X X X v

5.3.2 Group-level patterns in GAD, MDD, and comorbid participants
emerge despite individual heterogeneity.

Following our first pipeline (see Figure 5.1, left branch), we started the analysis of the
extended dataset on GAD and MDD from [29] by applying the PCMCI+ algorithm
to each individual’s time series, yielding 45 mixed causal graphs that incorporate both
contemporaneous (lag-0) and lagged (lag-1) relationships, see the GitHub Repository.
Then, we quantified pairwise similarities between them using the degree distribution
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kernel to evaluate the extent of heterogeneity within each diagnostic category. Figures 5.2,
5.3 and 5.4 display the three similarity matrices (one per each diagnostic group), showing
a substantial variability in the graph structure even among individuals sharing the
same diagnosis. These findings support prior literature, highlighting within-diagnosis
heterogeneity in symptom expression and network topology [197], [198].

Individuals

Individuals

Figure 5.2: Degree kernel across individuals with Generalized Anxiety Disorder (GAD). The matrix shows
the pairwise kernel similarity value among individual networks.

Value

Individuals

Individuals

Figure 5.3: Degree kernel across individuals with Major Depressive Disorder (MDD). The matrix shows
the pairwise kernel similarity value among individual networks.
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Individuals

Individuals

Figure 5.4: Degree kernel across individuals with comorbidity (both GAD and MDD). The matrix shows
the pairwise kernel similarity value among individual networks.

To identify broader diagnostic patterns while preserving individual complexity, we
considered the fusion causal networks, obtained by summing the individual adjacency
matrices within each diagnostic group. This procedure yielded one group-level network
for GAD, one for MDD, and one for comorbid GAD and MDD. Figures 5.5, 5.6 and 5.7

display these full aggregated graphs.
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Figure 5.5: Fusion causal network for Generalized Anxiety Disorder (GAD). The graph represents the
group-level symptom dynamics derived from individual causal networks. Grey and blue arrows indicate
statistically significant undirected and directed causal relationships, respectively. Dashed and solid lines
indicate lag-0 and lag-1 causal relationships, respectively.
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Figure 5.6: Fusion causal network for Major Depressive Disorder (MDD). The graph represents the
group-level symptom dynamics derived from individual causal networks. Grey and blue arrows indicate
statistically significant undirected and directed causal relationships, respectively. Dashed and solid lines

indicate lag-0 and lag-1 causal relationships, respectively.
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Each bar represents the number of

Depressive Disorder (MDD) and comorbidity fusion networks.
connections for a given symptom in the mixed network.
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Figure 5.12: Comparison of betweenness centrality values across symptoms for General Anxiety Disorder
(GAD), Major Depressive Disorder (MDD) and comorbidity fusion networks.

A visual inspection of the graphs—supported by quantitative network measures—
highlights significant differences in causal interactions between diagnostic groups, especially
between GAD and MDD (see Figures 5.8—5.12).

Notably, MDD and comorbid networks show higher values of betweenness centrality,
while GAD is characterized by higher degrees and closeness centrality. This pattern
aligns with the literature that conceptualize GAD as characterized by physiological
hyperarousal and pervasive cognitive worry, leading to highly interconnected and rapidly
interacting symptoms [221]. In contrast, the more compartmentalized network structures
observed in MDD and comorbid cases—with central symptoms acting as mediators—are
consistent with the literature emphasizing reduced behavioral engagement, narrowed
affective experience, and distinct symptom clusters [222], [223].

We also observe several symptom-specific differences among diagnostic groups. For
instance, in the GAD network, the symptom “dwelled on the past” functions as a driver,
influencing “felt content”. In contrast, in MDD, it acts more as an endpoint, often
reinforced by self-loops: indeed, it has the highest in-degree value for MDD (Figure
5.8). Similarly, “felt irritable” plays a central role in GAD, strongly influencing several
other symptoms and having the highest in-degree in that network, while its role is more
marginal in MDD.

The symptoms “felt hopeless” and “felt down or depressed” exhibit the highest
closeness centrality in GAD, see Figure 5.11, and are also connected by the second
strongest undirected link. This is not true for MDD, where the two symptoms are even
disconnected. “Felt threatened, judged, or intimidated” further exemplifies differential
dynamics in the two disorders, whereby it is a cascade initiator in GAD, showing the
highest out-degree (Figure 5.9), whereas in MDD, it emerge as a consequence of other
symptoms and has the second-highest in-degree. More generally, we can identify a few
instances, where initiating symptoms in MDD become terminal symptoms in GAD or
viceversa.

The comorbid GAD and MDD network, while sharing elements with both GAD
and MDD, also reveals unique patterns. For instance, “dwelled on the past” is
linked to “procrastinated” and “avoided people,” suggesting a pattern of avoidance
and disengagement not as clearly observed in the other groups. Additionally, “experienced
muscle tension” appears to precede “felt down or depressed,” potentially indicating a
stronger somatic contribution to mood in the comorbid profile. Interestingly, “experienced
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loss of interest or pleasure” serves as an arrival point in this network, in contrast to its
trigger role in GAD and MDD (Figure 5.8).

Notably, in the comorbid GAD and MDD network, “felt content” exhibits the highest
betweenness centrality across all groups, acting as a key bridge in the flow of symptom
activation. Overall, these patterns suggest that comorbidity does not simply reflect an
additive overlap of GAD and MDD symptoms but rather reveals unique and potentially
more complex causal interactions.

Our findings highlight how symptom interactions—not just symptom presence—may
differ between disorders. This qualitative observation is further backed by the Weisfeiler-
Lehman (WL) graph kernel used to assess the similarity between the aggregated causal
networks for GAD, MDD, and comorbid cases. Indeed, the resulting similarity matrix
revealed a strong and clear separation across groups, see Figure 5.13. This suggests
that diagnostically meaningful structure can be recovered when individual networks are
aggregated, despite substantial intra-group variability.
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Figure 5.13: Weisfeiler-Lehman (WL) graph kernel similarity matrix comparing the fusion causal networks
for Generalized Anxiety Disorder (GAD), Major Depressive Disorder (MDD), and comorbid cases (GAD
and MDD). The matrix shows the pairwise kernel similarity value among diagnostic groups.

5.3.3 Complexity Measures are Key towards an Accurate Diagnostic
Classification.

The application of the PCMCI+ algorithm revealed structural differences in the causal
networks describing the three diagnostic groups. Our second pipeline (see Figure 5.1,
right branch) now aims at predicting diagnosis based on symptom dynamics, which is
a critical goal for clinical purposes. Following our pipeline, we enriched the dataset by
computing a set of complexity-based features extracted from each individual’s symptom
time series (see Table 5.4 and Appendix C for their definitions), which helped extract the
salient dynamical aspects of symptom expression.

Next, starting from this enriched dataset, we performed feature selection using Boruta-
type out-of-bag (OOB) variable importance scores to improve interpretability and filter
out noise [219]. The trained classifier obtained by involving only the 10 top-ranked
features shown in Figure 5.14, selected through the iterative procedure described in
Section 5.2 yields excellent performance: AUC = 0.92, sensitivity = 0.91, specificity
= 0.91, accuracy = 0.91. We emphasize that performance is substantially higher compared
to that of the Bagged Tree ensemble model trained on the raw symptom time series (AUC
= 0.23, sensitivity = 0.09, specificity = 0.91, accuracy = 0.65), see Figure 5.15 for a
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detailed comparison through ROC curves. The substantial performance improvement is
likely due to the nature of the selected features, which include entropy and fractal-based
descriptors of key symptoms, thereby reflecting the multidimensional and dynamic nature
of symptoms across diagnoses.

Finally, we assessed the generalizability of the classificator by applying the model to
the 11 participants with comorbid GAD and MDD, who were excluded from training.
Interestingly, the classifier produced predictions that aligned with each participant’s
dominant clinical profile. In particular, when HAM-A scores exceeded HAM-D scores, the
predicted diagnosis was typically GAD, and vice versa. A summary of these predictions
is presented in Table 5.6.

Table 5.6: Model predictions for comorbid participants, not included in
training. The model assigns diagnosis based on a probability threshold
of 0.77 for classifying MDD, as determined by the leave-one-out cross-
validation.

ID Predicted Class Pr(MDD) HAM-D HAM-A

P001 GAD 0.663 23 27
P003 GAD 0.560 16 15
P006 GAD 0.473 13 13
P0OO7 GAD 0.043 11 17
P008 GAD 0.153 19 15
P010 MDD 0.866 22 22
P013 GAD 0.273 14 19
P048 GAD 0.570 14 17
P115 GAD 0.713 18 19
P117 GAD 0.463 12 18
P203 GAD 0.253 18 20

Note. HAM-D = Hamilton Rating Scale for Depression score;
HAM-A = Hamilton Rating Scale for Anxiety score; MDD =
major depressive disorder; GAD = generalized anxiety disorder.
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Figure 5.14: Most important features identified as crucial in distinguishing between General Anxiety
Disorder (GAD) and Major Depressive Disorder (MDD) based on feature importance scores from the
Bagged Tree classifier.
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Figure 5.15: Receiver Operating Characteristic (ROC) curve for the classification between General Anxiety
Disorder (GAD) and Major Depressive Disorder (MDD). The blue (violet) curve includes the selected
complexity-based features (the original data). Each curve illustrates the model’s performance across
classification thresholds, with an Area Under the Curve (AUC) of 0.92 (0.23). The blue (violet) circle
marks the optimal classification threshold of 0.77 (0.53), above which cases are classified as MDD. These
thresholds were selected to maximize both sensitivity and specificity. The diagonal dashed line represents
chance-level performance.

5.4 Discussion

This study aimed to enhance our understanding of symptom dynamics in clinical
psychology, integrating advanced causal inference techniques, network-based methods, and
machine learning tools. Our novel, integrated approach has been demonstrated on a case
study where we attempt at deciphering the specificities of Generalized Anxiety Disorder
(GAD), Major Depressive Disorder (MDD), and their comorbidity. Addressing a critical
gap in previous literature—specifically, the tension between individual-level complexity
and group-level diagnostic generalization—we implemented a structured analytical pipeline
with three core methodological innovations.

Firstly, applying the PCMCI+ causal discovery algorithm to our case study on GAD
and MDD participants revealed meaningful causal structures within individual symptom
trajectories. Unlike traditional models (e.g., VAR and Transfer Entropy), PCMCI+ is
capable of effectively identifying both linear and nonlinear causal relationships from short
time series.

Secondly, by employing fusion networks combined with graph kernel methods to the
PCMCI+ results, we successfully demonstrated that meaningful group-level patterns
could emerge despite significant individual heterogeneity. The Weisfeiler-Lehman kernel
highlighted clear structural differences between diagnostic groups, validating the potential
of aggregating individual causal graphs into coherent, group-level representations. This
methodological step provides a robust view of diagnostic differences at a structural level.

Importantly, our findings align well with previous theoretical and clinical conceptual-
izations [204], [221], demonstrating that GAD and MDD indeed differ at the causal level,
particularly concerning central symptoms such as rumination, avoidance, and emotional
reactivity.

Thirdly, incorporating complexity measures within a machine learning frame-
work—specifically, a Bagged Tree classifier—substantially enhanced diagnostic classifica-
tion accuracy compared to models relying only on raw symptom data. Notably, entropy,
fractal dimensions, and recurrence-based metrics proved crucial in distinguishing between
GAD and MDD, and to inform on the prevalent diagnosis in comorbidity cases. The final
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classification model, trained on selected complexity-based features, achieved an impressive
accuracy (> 0.9), underscoring the clinical relevance of dynamic complexity in symptom
expression. To the best of our knowledge, the use of complexity measures represents
a novel extension in clinical psychology aimed at exploring whether complex temporal
features can help differentiate diagnostic categories based on symptom dynamics.

The findings of this study pave the way for fundamental advances in our understanding
of mental disorders, whereby they represent a solid step towards discriminating disorders
by means of their symptom dynamics. Indeed, the first pipeline, grounded on the PCMCI+
algorithm, allows to discriminate the main group-level differences in symptom dynamics
across mental disorders, filtering out the unavoidable individual heterogeneities. The
second pipeline then allows the identification of the complexity measures that best capture
the differential symptom dynamics across psychopathologies.

In addition, our results seem promising also towards personalized diagnostics and
therapeutic interventions. Indeed, the outcome of the two pipelines may prove to be a
valid support for practitioners. The classification coming from the second pipeline can
represent a first, automatic screening supporting the diagnosis. In a prudent approach,
the automatic diagnosis can represent an alert flag for the practitioner. Once a diagnosis
has been finalized, the individual causal graphs from the first pipeline can be then used
to support personalized therapy, whereby it allows to identify central and source nodes,
which may prove critical for the persistence of the disorder.

Limitations and future directions

Our study is not free of limitations, which should be addressed in future work. First,
our pipelines should be tested on other datasets, to further stress the ability of our
approach to deal with short time series and relatively small sample sizes. Second, towards
the application of the pipelines to support practitioners in diagnosis, datasets including
control groups should also be tested. Moreover, from a methodological standpoint, one
should consider that the PCMCI+ algorithm—despite its strengths—relies on several key
assumptions. In particular, it assumes causal sufficiency, meaning that all relevant variables
influencing the system have been measured. This implies that if hidden confounders
are present, the inferred causal relations may be biased or spurious. Moreover, while
PCMCI+ can capture both linear and nonlinear dependencies, it may still be sensitive to
violations of temporal stationarity and to the quality of the time series data, and therefore
suitable data preprocessing might be required [224]. Finally, an underlying assumption in
graph representations is that symptom interactions are pairwise. However, recent work
has pointed out that higher-order multibody interactions between symptoms may play a
role in explaining their dynamics. Alternative metrics that also account for higher-order
interaction, such as the O-information, could be considered [225].
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Chapter 6
Conclusions and Future Perspectives

This thesis focused on model-based and data-driven approaches to the study of complex
systems, spanning from established domains of application to the novel and sensitive field
of psychology.

In Part I of the thesis, these approaches have been used to address 4 research
questions (RQ1-RQ4) related to sustainability and climate change, fields where complexity
methods have been widely employed. Collectively, the four case studies established a solid
methodological foundation and suggested that affective components play a crucial role in
decision making even in socio-ecological contexts — thereby motivating the transition to
the psychological domain in the second part of the thesis, a field where the application of
complexity science tools is less ripe. Specifically, Part II focused on applying complex-
systems frameworks to individual psychological processes, building upon the methodologies
developed in Part I and addressing research questions RQ5-RQ9.

In what follows, I first summarize the answer to each of the nine research questions,
to then provide a broader perspective on the strengths and limitations of the complexity-
based approach, with reference to their potential impact on the study of human behavior
and psychology.

Answer to RQ1: the urban topology of Siena constrains the diffusion of sustainable
behavior. The first study employed an agent-based model to explore how citizens’
awareness, opinions, and behaviors interact on social networks over time and influence
sustainable actions, showing that the coexistence of activists, deniers, and indifferent
agents —whose behavior follows game-theoretic rules— can generate complex, collective
outcomes. Surprisingly, we found that the diffusion of sustainable behavior is influenced
by the specific topological structure of the system.

Specifically, we surveyed 324 residents of Siena’s historical center to both map climate
awareness and parameterize our geo-referenced ABM. Education emerged as the strongest
predictor of awareness while women reported higher concern than men (eco-gender gap).
The survey informed five behavioral types mapped to evolutionary games; the ABM was
then developed in two different settings (regular lattice vs Siena) to study dynamics not
inferable from cross-sectional data. Two main findings follow: first, adding small-world
ties fosters cooperation relative to purely geographic neighborhoods; second, the real
topology of Siena promotes cooperation less than an ideal regular lattice. Taken together,
these findings indicated that the diffusion of cooperative behavior is more difficult in
Siena’s historical center than in an idealized regular city, raising important questions
about how urban topology shapes the sustainability practices of its residents.

The main limitation of the study is that individual features (age, gender, educational
level) as well as climate awareness scores from the survey were only used as labels and did
not affect agents’ decision making. Next steps include modeling awareness as an actual
driver of individual choices, exploring richer agent sets (e.g., tourists), incorporating
multilayer ties (e.g., work, hobbies), scaling the simulation from 324 to the full resident
population, and replicating the study in other urban contexts. Another promising direction
is to evaluate targeted interventions by embedding “special” influence nodes (e.g., activists
or bots) in the social network; preliminary results suggested that increasing a specific
type of agents enlarges the cooperation regime.

Answer to RQ2: intuitive and analytical reasoning styles differently shape the
perception of extreme rainfall events over time. In the second study, a Markov
decision process was used to model how individuals perceive and respond to climate
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risks under uncertainty over time. We identified two different attitudes: Climate Aware
(CA) and Climate Susceptible (CS) individuals, depending on a specific model parameter
capturing reasoning propensity (analytic vs intuitive).

Results identified a critical transition from (CA) to (CS) individuals, which is more
evident in locations of Sicily clustered as extreme in Vitanza, Dimitri, and Mocenni [37].
Thus, (CS) individuals showed more sensitivity to extreme rainfall events, indicating
that policy efforts should focus on reducing their responses below the critical transition
threshold. The determination of factors changing the reasoning propensity parameter
can be supported by attitude surveys on the local population, considering both specific
and universal factors such as the individual’s basic education and the climate literacy,
as suggested by the literature. Preliminary results suggested that individual perception
depends on the time horizon considered, with age and life expectancy influencing local
dynamics.

The model was intentionally simple: transitions and rewards were stylized, the discount
term was specified ad hoc, and the parameter tuning was minimal. Validation was limited
and potential confounders were not taken into account. On the data side, the focus
on a single region, time period, and extreme rainfall events restricted generalization.
These limitations highlighted directions for future research, particularly to enhance model
reliability and external validity. Nevertheless, the exploratory nature of this application
allowed to gain familiarity with Markov models and to assess their potential in decision-
making contexts under uncertainty.

Answer to RQ3: Eastern Sicily emerges as the most extreme rainfall zone of the
island. 1In the third study, a multimodal machine-learning framework was developed to
detect areas affected by extreme rainfall, by clustering high-frequency spatio-temporal
rainfall data from Sicily (2009-2021) using Affinity Propagation. Results showed that
Eastern Sicily is increasingly affected by extreme rainfall events.

From a temporal perspective, using high-frequency data with Euclidean metric
highlighted an increasing trend of extreme events over the years, whereas weekly averaged
data did not provide the same evidence. In this context, 2021 clearly emerged as one of the
most anomalous years. A statistical validation confirmed that three indicators regarding
heavy rain percentages effectively describe anomalous clusters, proving that these are
most often characterized by extreme events. From a spatial perspective, high-frequency
data with the use of Euclidean metric emerged as the most effective setting for detecting
extreme rainfall events through geographical clustering. At the same time, reducing
the dataset to weekly means proved useful to identify geographically uniform clusters,
merging anomalies and territorial clusters in a balanced way.

Limitations appeared mainly due to the short observational period, which may be
influenced by natural variability. Further research is needed to assess the most suitable
dimensionality reduction methods for local analyses and to refine rainfall indicators.
Extending the spatial and temporal coverage, and applying more robust aggregation
strategies, would strengthen the detection of extreme rainfall trends and potential climate
change signals.

Answer to R@4: spatio-temporal air quality data enable informed policy decision-
making. In the fourth study, a wearable-sensor network for pollutants and environmental
parameters was integrated with neural networks to predict geo-location from air quality
observations.

The main contributions of the work were: (i) the design and release of the WeAIR
device; (ii) the collection and public dissemination of a novel geo-localized dataset in
Siena (Italy); and (iii) the release of trained neural network models and spatial maps
derived from the campaign. Experimental results showed that a simple feedforward
neural network can predict geo-location from air quality observations with good accuracy.
Notably, the median observation vector predicts coordinates close to the existing fixed
monitoring station, suggesting that such models could support decision-making on the
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placement of new stations. Furthermore, this framework can foster citizen engagement by
providing real-time awareness of pollution exposure.

The study presents limitations, particularly the need for large-scale adoption to ensure
representative coverage. Future work should extend the monitoring campaign, produce
multiple devices, and explore user-friendly designs (e.g., 3D-printed cases) to encourage
wider participation of the population.

Answer to RQ5-RQ6: egosyntonicity, while adaptive in the short term, can entail
long-run maladaptive costs. In part II, a Markov model of emotion dynamics was
developed to formalize how individuals regulate affective states over time, revealing that
maintaining internal coherence between expected and current emotions (egosyntonicity)
—while adaptive in the short term— can sometimes entail long-run maladaptive costs.

In more detail, the model is grounded on three fundamental principles of emotion
dynamics: inertia, contingency, and regulation. Inertia is captured by internal mood
dynamics, with a parameter quantifying the reluctance to change mood. Contingency
is reflected in the valence dynamics, which depend on the complex interplay between
mood, external events, and attention. Finally, regulation is modeled implicitly through
the concept of egosyntonicity.

A parametric analysis of the model revealed four classes of individuals, based on the
time spent in egosyntonicity and the resulting long-term emotional valence. Balanced
happy individuals spend more time in egosyntonicity, thus living in harmony with their
emotions. At the opposite end, chronically troubled individuals are often in internal
conflict and experience negative emotions in the long term (e.g., in obsessive compulsive or
eating disorders). The remaining two classes are somewhat unexpected yet theoretically
interesting: self-deluded, generally in sync with themselves but experiences negative
emotions in the long term (typical of personality disorders); troubled happy, often in
internal conflict but manages to maintain a positive emotional valence in the long term
(e.g., in successful therapies). Despite its minimalism, the model generates a surprisingly
rich behavioral repertoire grounded in fundamental psychological principles, suggesting
that simple and parsimonious models can capture psychologically plausible dynamics
without requiring over-detailed representations.

Limitations remain: first, the binary modeling of mood, valence, and events should be
replaced by multi-level states, allowing a more nuanced depiction of emotional dynamics.
Second, future works should consider the effect of interacting emotions, since in its current
form the model captures the dynamics of the dominant emotion, and simply assumes
mood dynamics to be independent from other variables. Mood dynamics should then be
changed, considering transition probabilities that are a function of the different emotions
experienced by an individual at each time step. Third, albeit the model reproduces
four well-known interplays between egosyntonicity and emotional well-being, its present
formulation does not allow individuals to learn and evolve from past experiences. Future
works could consider the presence of adaptive mechanisms, whereby the individual learns
from past experiences and modifies their behavioral parameters. Finally, although the
model is founded on psychological principles and is capable of reproducing commonly
observed behaviors, future empirical works could collect longitudinal data on emotion
dynamics to further refine the model and the underlying hypotheses on which it is based.

Answer o RQ7-RQ9: causal inference, group-level structure, and complexity
measures jointly advance psychological understanding. As final study, a dual
analysis pipeline was proposed to study mental disorders: causal inference, machine
learning and complexity measures were combined to investigate longitudinal symptom
data. The framework was validated on a case study of individuals with a primary diagnosis
of either Generalized Anxiety Disorder (GAD), Major Depressive Disorder (MDD), or
their comorbidity.

The first pipeline, based on the PCMCI+ algorithm, recovered causal relations
among symptoms at the idiographic level and aggregated them into fusion networks.
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Unlike traditional models, PCMCI+ revealed capable of effectively identifying both linear
and nonlinear causal relationships from short time series. Moreover, employing fusion
networks combined with graph kernel methods to the PCMCI+ results allowed to identify
meaningful group-level patterns despite significant individual heterogeneity. Importantly,
findings demonstrated and confirmed that GAD and MDD indeed differ at the causal level,
particularly concerning central symptoms such as rumination, avoidance, and emotional
reactivity.

The second pipeline leveraged complexity metrics, feature selection and machine
learning to distinguish diagnostic categories based on the dynamic features of symptom
trajectories. Incorporating complexity measures within a machine learning framework
represented a novel extension in clinical psychology and substantially enhanced diagnostic
classification accuracy (= 91%) compared to models relying only on raw symptom data,
underscoring the clinical relevance of dynamic complexity in symptom expression. Notably,
entropy, fractal dimensions, and recurrence-based metrics proved crucial in distinguishing
between GAD and MDD.

Beyond their theoretical contribution, the proposed pipelines highlight a potential
complementarity between data-driven and clinical practice. Complexity-based and
machine-learning analyses may support practitioners as an initial screening layer, while
preserving the possibility of descending into individual-level causal symptom dynamics
for personalized clinical interpretation. At the same time, the same framework enables
research-oriented investigations of similarities, differences, and causal structures across
disorders at the group level.

Our pipelines should be tested on other datasets, to further stress the ability of our
approach to deal with short time series and relatively small sample sizes; datasets including
control groups should also be tested. Moreover, the PCMCI+ algorithm —despite its
strengths— relies on several key assumptions. In particular, it assumes causal sufficiency,
meaning that all relevant variables influencing the system have been measured. This
implies that if hidden confounders are present, the inferred causal relations may be
biased or spurious. Moreover, while PCMCI+ can capture both linear and nonlinear
dependencies, it may still be sensitive to violations of temporal stationarity and to the
quality of the time series data, and therefore suitable data preprocessing might be required.
Finally, recent work has pointed out that higher-order multibody interactions between
symptoms may play a role in explaining their dynamics. Alternative metrics that also
account for higher-order interaction could be considered.

6.1 Broader impact and future outlook

Rather than constituting a collection of domain-specific applications, this thesis provides
a reusable methodological template whose conceptual structure can be transferred across
domains, scales, and datasets. Taken together, the presented results demonstrate that
complex-systems methodologies can bridge idiographic and nomothetic perspectives,
providing a complex-based framework for understanding psychological mechanisms in
their dynamical nature. Across both parts, the thesis contributes to a growing convergence
between complexity science, data analysis, and psychology, offering conceptual and
computational tools for understanding human systems at multiple scales. Moreover, this
thesis illustrates how methods from complexity science can extend psychological inquiry
beyond static or reductionist views, paving the way for a truly dynamical understanding
of human behavior.

Here we provide a broad overview of the current limitations of the complexity-based
approaches adopted in this thesis, illustrate their potential in applications to human
behavior, and discuss possible avenues for future research.

Model-based frameworks often rely on strong simplifying assumptions —such as
rational behavior, fixed transition structures, or linear dynamics— that, while offering
interpretability and formal clarity, are difficult to validate empirically. Conversely,
data-driven methods excel in predictive accuracy and flexibility but frequently lack
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interpretability, particularly when applied to human-related domains where cognitive,
emotional, and contextual factors interact in complex, nonstationary ways. Future research
should aim to leverage hybrid frameworks in psychological applications, where model-based
and data-driven components complement each other: theoretical models can constrain
data exploration, while data-driven methods can refine parameters, uncover nonlinearities,
and adapt to temporal changes. Such integration would combine explanatory power with
empirical robustness.

Building on the shift in this thesis from climate-related studies (Part I) to individual-
level complexity (Part IT), a promising research direction is to connect individual affective
dynamics and proenvironmental behavior. As highlighted by recent work, the interplay
between personal emotional complexity and collective climate actions remains largely
unexplored [226]. Integrating individual and group levels would allow a bottom-up study
of how affective states scale up to social patterns of engagement or inaction, contributing
to a more comprehensive framework for sustainability research. Such work calls for an
interdisciplinary approach with psychology and complexity science at its core.

Given the centrality of time in the phenomena analyzed throughout this thesis, future
work should aim to move beyond cross-sectional designs and adopt longitudinal approaches
to climate-related behavioral research. Dynamical modeling would allow for a deeper
understanding of how emotions, beliefs, and behaviors evolve and influence each other
over time.

Recent empirical work further illustrates how emotional and cognitive factors shape
climate-related behavior. For instance, Doell, Conte, and Brosch [227] showed that
interindividual differences in environmentally relevant positive trait affect impacts
sustainable behavior in everyday life, leveraging longitudinal ecological experience sampling
to capture within-person temporal dynamics.

In contrast, studies such as Vlasceanu, Doell, Bak-Coleman, et al. [228] and Ogunbode,
Doran, Hanss, et al. [229] have relied on cross-sectional designs to examine climate-
related beliefs and emotions at the population level. The former tested eleven expert-
designed behavioral interventions across 63 countries, revealing small, audience-dependent
effects; the latter analyzed data from 32 countries, showing that climate anxiety is
positively associated with exposure to climate information, perceived social norms, and pro-
environmental behavior, but negatively associated with mental well-being. Future research
could build on these contributions by adopting dynamical frameworks to investigate how
such psychological and behavioral relationships evolve over time.

Overall, capturing temporal dependencies appears essential for understanding how
individual processes co-evolve, reinforcing the view highlighted in this thesis that time is
a fundamental dimension of complexity.
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Appendix A

Supplementary Information for
Model-based Approaches to Complex
Systems

A.1 Supplementary Information for Agent-based Models

This section provides additional information supporting Section 2.1, along with further
details on the data collection and modeling procedures underlying the study described in
Section 2.2 and presented in [35].

A.1.1 Game Theory essentials

Definition A.1.1 (Nash equilibrium)

Consider a two—player normal-form game with strategy sets S1, Ss and payoff functions
uy,us. A (pure-strategy) profile (s7,s%) € Sy x Sq is a Nash equilibrium if each player’s
action is a best response to the other’s:

ui(sy, s5) > wui(s1,s5) Vsp € S, us(sy, s5) > wua(s],s2) Vs € Ss.

A (mixed-strategy) Nash equilibrium is a pair of probability distributions (71, 72) over
(S1,S2) such that each player’s support contains only best responses to the opponent’s
mixture [51]. O

Prisoner’s Dilemma (PD) The Prisoner’s Dilemma (PD) refers to two suspects, accused
of committing a crime, arrested by the police and locked in two different cells preventing
them from communicating [230], [231]. Both are given two choices: confess or remain
silent. If both confess, the total number of years in jail will be higher than when both
choose to remain silent. If one confesses and the other remains silent, the confessor
gains a personal benefit by being freed from all charges, while the other will receive
a more severe sentence than if both would have chosen to stay quiet. The two pure
strategies “confess” and “remain silent” of the game can be renamed as “defection” and
“cooperation”, respectively. The “confession” is often interpreted as an action of defection,
in which one prisoner betrays the other by collaborating with the prosecution, gaining a
personal benefit at the expense of the other. On the other hand, “remaining silent” can be
interpreted as a cooperative action in which one prisoner chooses not to betray the other,
forgoing a personal advantage and preserving a better outcome for both. Paradoxically,
rational logic drives both suspects to confess (defection), being the more individually
convenient option, even if this choice leads to a more socially disadvantageous outcome
than if both had remained silent. In this non-iterated version of the PD game, the two
criminals never have to work together again.

Stag-Hunt (SH) The Stag-Hunt (SH) game focuses on the concept of social cooperation
and the dilemma between self-interest and collective ones [51]. The game can be described
imagining two hunters facing a dilemma: they go hunting and must decide whether to
hunt a stag or a hare. Their decision has to be made without knowing the decision of
others, and keeping in mind that to hunt a stag successfully both of them must cooperate,

81



Supplementary Information for Agent-based Models

while for the hare the efforts of a single person are sufficient. Therefore, each player
can choose between two pure strategies: “Stag” and “Hare”, which can be renamed as
“cooperation” and “defection”, respectively. Each player will choose the Stag strategy
when also the other will choose the same and likewise for the Hare strategy, depicting a
herding mechanism.

Hawk-Dove (HD) The Hawk-Dove (HD) captures a basic feature of animal conflict and
can be used to analyze strategic behaviors between individuals in situations of conflict
and cooperation, as in the previous two cases [232]. The game is defined by imagining two
animals fighting for a limited resource of food and having two possible strategies: “Hawk”
and “Dove”. The Hawk strategy is more aggressive and violent and can be interpreted as
“defection”, while the Dove one is more passive and docile and can be seen as “cooperation”.
If both players choose the Hawk strategy, they will fight until one is defeated and the
other wins the resource, while if both players choose the Dove strategy, they will avoid
the fight and will share the resource. Finally, if one player chooses the Hawk strategy and
the other the Dove one, then the former will get the entire food resource for himself, while
the latter will flee. In this context, each player will prefer to have an aggressive strategy
when the other is more docile and vice versa, representing an anti-herding mechanism.

Payoff Matrices TFor the three games we get the payoff matrices shown in Table A.1,
where (x,y) = (score of player 1, score of player 2).

Table A.1: Payoff matrices of PD, SH, and HD games.

PD game SH game HD game
P1/P2 C D P1/P2 C D P1/P2 C D
C (1,1) (0,«) C (1,1) (0,0) C (0,0) (1,1)
D (a,0) (0,0 D (0,0) (1,1) D (1,1) (0,0

In the three classic 2-player games the structure of the payoff matrices determines
the existence and type of Nash equilibria. In the PD game, if a € (1,3), defection
strictly dominates cooperation for both players, leading to a unique pure-strategy Nash
equilibrium at (D,D), even though mutual cooperation (C,C) would yield higher joint
payoffs. In the SH game, two pure-strategy Nash equilibria exist: (C,C) and (D,D). In
contrast, the HD game admits two asymmetric pure-strategy equilibria—(C,D) and (D,C).
Both SH and HD have a symmetric mixed-strategy equilibrium in which both players
randomize between C and D with equal probability. From normalized 2-player matrices,
we move to an iterated network model where each player plays with neighbors. In PD,
payoffs scale with the number of cooperators; in SH, players follow the majority; in HD,
they tend to oppose it.

A.1.2 Survey and Dataset

The dataset used in this study has been obtained by spreading a survey among citizens
living in the historic center of Siena from the mid of May to the end of July 2023, obtaining
324 responses. The survey is organized in two sections, which are reported in Table A.2
together with the corresponding questions.

Section S.A  Section S.A is composed of five questions in which we ask the interviewees
their age, gender, educational level, address (without house number) and the area of
the historic centre of Siena in which they live. Specifically, the city of Siena has been
historically subdivided into three neighbourhood, hereafter called “Terzi”: “Terzo di Citta”
(C), “Terzo di Camollia” (CM) and “Terzo di San Martino” (SM). The percentages of
respondents belonging to each category are shown in Figure A.1.

82



Supplementary Information for Agent-based Models

Table A.2: Survey on environmental behaviors for the inhabitants of the historical centre of Siena. F =
Female, M = Male, NS = Not specified, MS = Middle School, HS = High School, D = Degree, C =
Terzo di Citta, CM = Terzo di Camollia, SM = Terzo di San Martino, POS = Most of the times/Always,
IND = Sometimes, NEG = Never.

Question Possible answers
Q.1 Age 14-25 / 25-40 / 40-60 / Over 60
Q.2 Gender F / M / Other / NS
S.A Q.3 Educational level MS/HS /D /NS
Q.4 “Terzo” of Siena where you live C/CM/SM
Q.5 Address where you live Open question
Q.6 In your opinion, how much can your
daily choices influence the global impact on ~ Range 1-10
the environment?
Q.7 How often do you try. to reduce POS / IND / NEG
energy and water consumption?
S.B Q.8 Do you participate in the waste

sorting organised by your municipality
correctly?

Q.9 How often do you recycle products
(paper and cardboard, organic, plastic,
glass, etc.) at home?

Q.10 How often do you correctly dispose
of special dangerous waste (batteries,
expired medicines, etc.)?

Q.11 When dealing with waste sorting,
what is your main approach?

Q.12 Have you ever participated in
cleaning public places such as beaches,
seafronts, parks, squares?

Q.13 How careful are you about the
environmental impact of your purchases
(food, cars, clothings, etc.)?

Q.14 What is your approach towards
waste sorting in relation to the be-
haviour of others?

POS / IND / NEG

POS / IND / NEG

POS / IND / NEG

I actively participate independently
of others / I am interested in the
approach of the community I live in,
besides my own attitude / I do not
take part regardless of the others

Yes, once or more / No but I may
decide to do so if the opportunity
arises / No, I don’t think it is useful

A lot / Enough / Not at all

I follow the recycling practices
adopted by the majority of my neigh-
bours / I behave differently from the
majority of my neighbours / In gen-
eral, I follow the guidelines of the
administrators
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Figure A.1: Percentages of the (a) age categories 14-25, 25-40, 40-60 and Over 60. (b) gender categories
F and M. (c) educational level categories: Middle School (MS), High School (HS) and Degree (D). (d)
three “Terzi”: “Terzo di Citta” (C), “Terzo di Camollia” (CM) and “Terzo di San Martino” (SM).

The two largest age classes are the 40-60 and Over 60 ones, representing 34.6% and
29% of the sample, respectively. The 25-40 age category accounts for 23.1% of the sample,
and the 14-25 category, which is the smallest, accounts for 13.3% of the sample. Citizens
who participated in the survey were predominantly women (F), accounting for 56.2%
compared to 43.8% of men (M). The largest educational category is composed of citizens
owning a degree (D), followed by people with a high school (HS) and a middle school
(MS) diploma, representing the 49.7%, 41.7%, and 8.6% of the sample, respectively.
Finally, 44.4% of the respondents live in the “Terzo” (C), 33.6% in the “Terzo” (CM), and
21.9% in the “Terzo” (SM). This distribution in the three “Terzi” along with the address
allows us to give a position to each of the respondent on the map of Siena, enabling to
geographically visualize the answers. To this aim we have first built the map of the city by
means of the python OSMnx library which transforms the OpenStreetMap into a graph.
The map has been generated by setting as central point the geographical coordinates
of Piazza Salimbeni and a radius of 1200 m. Key elements of the historic city centre of
Siena are clearly visible, see Figure A.2. Furthermore, the 324 respondents of the survey
(red dots in the figure) approximately cover the entire historic center.

Section S.B Section (S.B) contains nine questions on citizens’ environmental habits,
allowing to both estimate their climate awareness level and identify several types of agents
according to their attitudes towards sustainable practices:

o Activists: people strongly involved in environmental issues.

e Deniers: people not involved in sustainable behaviors, potentially taking actions
damaging the environment or believing that there is not a real and urgent problem.

o Indifferents: people characterized by indifference towards environmental problems.
Among them, we have identified three different types, specifically (i) the indifferent
imitators of the majority of neighbors, (ii) the indifferent opponents of the majority
of neighbors and (iii) the indifferent imitators of the best neighbor.

This classification will be used to define the different games embedded in the agent-based
model.

The climate awareness level of each respondent is estimated using question Q.6 of the
survey, asking each citizen how much he thinks his daily choices can influence the global
impact on the environment. Respondents can choose a numerical option from 1 to 10,
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Figure A.2: Geo-referencing agents on the map of Siena. Red dots represent respondents of the survey.
White dots represent the intersections between roads.

where 1 means a total lack of awareness and vice versa for 10. Figure A.3 reports the bar
diagrams related to the climate awareness level for each of the age, gender, educational
level and “Terzo” categories considered in the survey, where data have been normalized.

Figure A.3a shows that the 40-60 age category is the most aware about climate change,
presenting a bell-like pattern with a very high peak on level 8. Next we have the 25-40
age group, showing a bell-like pattern with a peak on level 7. The youngest age category
14-25 shows a lower awareness than the previous two, with its highest peak on level 5.
Finally, we have the over 60 age class which is the least aware. Figure A.3b shows how
the female category is slightly more aware than the male one. The women’s class exhibits
much higher peaks than men on the largest numerical choices 8, 9 and 10 and much lower
peaks than men on the smaller numerical choices 1, 2, 3 and 4. Figure A.3c shows how
the category owning a degree (D) is definitely the most aware, presenting much higher
peaks on the greater numerical options 8, 9 and 10. The category possessing a high school
(HS) diploma still presents a fairly high level of awareness. Finally, the category with a
middle school (MS) diploma is clearly the least aware, showing very high peaks on the
smallest numerical options 1 and 2. Finally, the bar diagrams in Figure A.3d show that
there are also slight differences between the three “Terzi” (C), (CM) and (SM). Indeed,
we can notice that (C) and (CM) present a better trend compared to the (SM) one.

This analysis shows that age, education and gender are important predictors of climate
change awareness, consistently with recent findings [60]-[65], [74], [233]-[236]. Regarding
the age predictor, the least aware age group is the Over 60 one, in agreement with many
other studies showing that the older age categories are the least concerned about climate
change [237], [238]. Nevertheless, the youngest age group 14-25 emerge as less aware than
the 25-40 and 40-60 age classes.

We can classify respondents into five types of agents (A), (D), (PD), (SH) and (HD),
according to their answers to Section S.B. All questions Q.7-Q.13 have three qualitative
answer options, which are categorized as positive, indifferent and negative, and are used
together with question Q.6 to identify whether a respondent is an activist, a denier or an
indifferent agent. The approach used to determine the agent type is described in Figure
AA4.

The prerequisite of an agent to be considered activist is that he has a high climate
awareness level: score(Q.6) > 7. The second necessary condition is that at least one
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Figure A.3: Bar diagrams illustrating the awareness level for (a) age , (b) gender, (c) educational level,
(d) “Terzo”.

of the two following statements is fulfilled: (i) the agent responds positively to both
questions Q.12 and Q.13, (ii) the agent answers positively to six out of the seven questions
Q.7-Q.13. We have identified questions Q.12 and Q.13 as essential in the determination
of an activist, since cleaning public places or paying attention to environmental impact
in purchases are deliberate actions and not dictated by rules or laws as is the case for
waste sorting, recycling materials or water and energy consumption. The requirement
for activists to answer positively to at least six out of the seven questions Q.7 to Q.13
reflects the fact that being an activist requires a constant and widespread engagement
in multiple aspects of sustainable practices. Moreover, in this way we can ensure that
activists answered positively to at least Q.12 or Q.13, which are, in our opinion, essential
in determining pro-environmental behavior.

A specular reasoning has been applied to identify the deniers. The prerequisite of an
agent to be considered denier is that he has a low climate awareness level: score(Q.6)
< 4. The second necessary condition is that at least one of the two following statements
is fulfilled: (i) the agent responds negatively to at least one of questions Q.8 and Q.11
(ii) the agent answers negatively to at least two out of the seven questions Q.7-Q.13.
We have identified Q.8 and Q.11 as essential in the determination of a denier as they
are both related to separate waste sorting, which is a consolidated sustainable practice.
Giving a negative answer to at least two of the seven questions Q.7 to Q.13 indicates
significant resistance to sustainable practices, as these questions cover a range of key
sustainability-related behaviors.

Respondents who fulfill neither the condition for being activists nor the one for being
deniers are classified as indifferent. Among them, an agent is defined as (i) imitator of the
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Figure A.4: Agents’ classification rule.

majority of neighbors, (ii) imitator of the best neighbor, (iii) opponent of the majority of
neighbors, depending on the answer to question QQ.14. The criterion just described has
been applied to our sample of 324 agents, giving rise to five classes of agents, each of
them is associated to a different game:

1. 33 Activists (A)
2. 15 Deniers (D)
3. 276 Indifferent, subdivided as follows:
(a) 45 Indifferent imitators of the majority of neighbors (SH)

(b) 34 Indifferent opponents of the majority of neighbors (HD)
(c) 197 Indifferent imitators of the best neighbor (PD)

The robustness of the chosen classification criterion has been tested using a twofold
approach. Firstly, our results show that the sample of 324 agents contains 10% activists
and 4.6% deniers, consistently with the results found in [239], [240]. Secondly, by applying
small variations to the thresholds used in the selection criteria, such as for example by

defining an activist for score(Q.6) > 6 and a denier for score(Q.6) < 3, we obtained slight
changes in the agent distribution: 22 (A), 12 (D), 47 (SH), 35 (HD) and 208 (PD).

A.1.3 ODD Protocol
Notation and symbols

Purpose To simulate how individual decisions (cooperate/defect with respect to
environmental practices) evolve on social/spatial networks, and to identify conditions
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Table A.3: Main symbols used in the model.

Symbols Meaning

C,D Cooperation / Defection (pure strategies)

a € 0,3] Defection-award

ay Critical threshold separating cooperation from defection
ic € [0,100]% Initial share of cooperating indifferent agents

SWrp € [0,1] Rewiring probability (small-world construction)

te Total cooperating neighbors of a given agent

score(i) Agent score (Eq. 2.7 in Section 2.1.1)

A/D/PD/SH/HD  Agent types: activists, deniers, indifferent PD/SH/HD

under which cooperation emerges and persists. We focus on the effect of (i) network
topology and (ii) the defection-award a on the diffusion of pro-environmental behavior.

Entities, state variables, and scales Entities. N = 324 non-mobile agents (residents).
Behavioral types: A (Activist, always C), D (Denier, always D), PD/SH/HD (indifferent).
Agent state variables. age € {14-25, 25-40, 40-60, 60+}, gender € {F, M}, education
€ {MS, HS, D}, awareness € [1,10], type € {A, D, PD, SH, HD}, cooperate? € {0, 1}, old-
cooperate? € {0,1}, score € R>g. In the Siena model, additional attributes: terzo, location,
lat, long. Global variables. Counts by type/demography; parameters a (defection-award),
ic (initial cooperation), SWrp (rewiring probability). Temporal scale. Discrete time steps
(ticks). Spatial/topological scale. Basic: 2D 18 x 18 lattice (Moore neighborhood, k& = 8)
or small-world via rewiring. Siena: geographic graph (edge if distance < 120 m) or its
small-world variant.

Process overview and scheduling Setup.

1. Build network: lattice (Basic) or geographic graph from GIS/coordinates (Siena);
optionally apply Watts—Strogatz rewiring with SWrp.

2. Assign agent attributes and behavioral types to match survey marginals (type
counts: A=33, D=15, PD=197, SH=45, HD=34).

3. Initialize cooperate? for indifferent types according to ic; set score= 0.
Go (per tick).

1. Interaction & scoring: for agent i, let te(i) be the number of cooperating neighbors;
update

(M) te(i) if 7 cooperates,
score(i) =
a-te(i) if @ defects.

2. Strategy update: PD imitates the best neighbor (max score); SH follows the local
majority; HD plays the opposite of the local majority; A always C; D always D.

3. Recording: update time series (share of cooperators/defectors), snapshots, summary
statistics.

Nodes encode current and previous actions to make transients visible: blue = cooperates
now and cooperated previously; red = defects now and defected previously; green = defects
now, cooperated previously; yellow = cooperates now, defected previously. Fixed—strategy
agents are shown as white nodes with a central dot: blue for Activists (always C) and red
for Deniers (always D).
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Design concepts Basic principles. Local decision rules based on evolutionary
game-theoretic payoffs and neighborhood information. Emergence. Global regimes
of cooperation vs. defection; thresholds in « separating regimes. Sensing. SH/HD sense
neighbors’ actions; PD observes neighbors’ score. Interaction. Pairwise interactions along
network edges. Stochasticity. Basic: random assignment of attributes respecting survey
marginals and random initial C/D for indifferent types; Siena: attributes from data
(deterministic import), random initial C/D for indifferent types; rewiring is stochastic
when SWrp > 0. Observation. Global cooperation fraction, trajectories over time, and
final spatial patterns.

Initialization N = 324; type counts fixed to survey-based proportions (A=33, D=15,
PD=197, SH=45, HD=34). Demographic variables initialized to observed marginals.
score= 0. Indifferent types’ initial cooperate? set by ic € [0,100]%. Experimental
parameters («, ic, SWrp) are specified before each run.

Input data  Basic: survey marginals/type proportions only. Siena: (i) GIS map/road
network and geocoded addresses to place agents; (ii) CSV with agent attributes (terzo,
location, coordinates, type, awareness). The geographic network links agents within
~ 120m.

Implementation and platform The model is implemented in NetLogo (version 6.3.0), a
programming environment for simulating complex systems. All experiments were executed
with this pinned version to ensure reproducibility. A multi-run design is used for every
parameter configuration to obtain robust results.

Submodels Network construction: lattice builder (Basic) or create-graph from geo-
coordinates (Siena); optional Watts—Strogatz rewiring with parameter SWrp. Attribute
& type setup: random assignment with constraints (Basic) or CSV import (Siena).
Interaction € update: procedures for SH/HD/PD choice rules and score update, followed
by state update of cooperate?.

Parameters Defection-award o € [0, 3] (controls relative gain from defection); initial
cooperation ic € [0,100]% (share of initial cooperators among indifferent types); rewiring
probability SWrp € [0,1] (0 = pure lattice/geographic; ~ 0.05 = small-world; — 1 =
random). In our experiments, outcomes are governed primarily by «; ic only affects
transients.

Differences: Siena vs. Basic (1) Extra attributes in Siena (district and coordinates)
and geo-coded placement; (2) Base topology is geographic (radius ~ 120 m) instead of a
lattice; (3) Less stochasticity in setup (attributes imported rather than randomized); (4)
Same rewiring mechanism for small-world variants in both models.

A.1.4 Further details
Small-worldness

For any considered graph we evaluated the w coefficient, which quantifies the small-
worldness properties of networks. A SW graph is defined by high clustering, like regular
lattices, and small characteristic path length, like random graphs [69]. Therefore, w is
computed by comparing the clustering and characteristic path length of the network
with those of an equivalent lattice and an equivalent random graph, respectively. The
parameter w takes values in the range [-1,1] and indicates the transition from regular
lattices to random graphs, with intermediate values (= 0) characterizing SW networks.
The w coefficients for the two graphs of the Basic model have values approximately equal
to -0.63 and -0.21, respectively, confirming that the former has a more regular lattice
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structure while the latter has characteristics very close to a SW network. Similarly, the w
coeflicients for the two networks of the Siena model take values approximately equal to
-0.61 and -0.19, respectively, confirming that the geographic graph has a structure similar
to a regular network, while the second one has characteristics very close to a SW network.

Consistency check

A consistency check with the BES/ISTAT series on recycled urban waste (Fig. A.5) shows
Siena trailing the national trajectory for much of the period, aligning with our findings.

Separate collection of urban waste
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Figure A.5: Time series of recycled urban waste percentages out of the total collected. Data source: Istat
- Elaboration on ISPRA data.

To see the complete agent-based model and the related analysis see the original paper
[35] and the GitHub Repository.

A.2 Supplementary Information for Markov Models

In Markov chains, we will only be concerned with the total probability p(z’, z) of making
a transition from z to 2/, regardless of which event actually causes the transition. Thus,
we apply the rule of total probability to get p(a’,x) = Zief‘(m) p(z’ | x, 1) - p(i,x), where
1 € T'(z) is the triggering event, I'(z) is the feasible event set at state x and p(i, z) is
the probability that event ¢ occurs at state x. In the following useful definitions and
information regarding irreducible and aperiodic Markov chains are provided.

Definition A.2.1 (Irreducible state space)

A closed set of states S is said to be irreducible if state j is reachable from state i for
any i,j € S. O

Definition A.2.2 (Irreducible Markov chain)

A Markov chain is said to be irreducible if its state space X is irreducible. ([ |

Definition A.2.3 (Hitting time)

The hitting time T;; represents the first time the chain enters state j given that it
starts out at state i:

Ty =min{t >0: Xg=14,X;, =j} (A1)
O

%0
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Definition A.2.4 (Recurrence time)

| We refer to the random variable T;; as the recurrence time of state i. O |

Definition A.2.5

We define p! to be the probability that the recurrence time of state i is t: pf = P[T; =
k]. Then, let p; be the probability of the event [ever return to i | current state is i,
which is given by: p; = > po, pk. O

Definition A.2.6 (Recurrent state)

A state i is said to be recurrent if p; = 1. If p; < 1, state i is said to be transient. [J

Definition A.2.7 (Men recurrence time)

Let i be a recurrent state. We denote by M; the mean recurrence time of state i, given
by: M; = E[T;;] = > .2, tpk. O

Definition A.2.8 (Positive or null recurrent state)

A recurrent state i is said to be positive (or non-null) recurrent if M; < oo. If M; = oo,
state ¢ is said to be null recurrent. (]

Definition A.2.9 (Periodic and aperiodic state)

A state i is said to be periodic if the greatest common divisor d of the set
{n>0:p% >0} isd>2.Ifd = 1,state i is said to be aperiodic. O

Theorem A.2.1

If a Markov chain is irreducible, then all its states have the same period d. (I |

Definition A.2.10 (Aperiodic Markov chain)

An irreducible Markov chain is said to be aperiodic if d = 1 for any state. O |
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Supplementary Information for
Data-driven Approaches to Complex
Systems

B.1 Supplementary Information for Machine Learning

This section provides additional information supporting Section 3.1, along with further
details on the data collection and modeling procedures underlying the study described in
Section 3.2 and presented in [37].

Data preprocessing

On the basis of preliminary analysis, we select the most extreme stations among the 96
available ones. A station is considered extreme if it is possible to observe a high amount
of rain in a relatively short time interval. We implement this concept of "extremeness"
using the following strategy. First, we consider the following data for all the 96 available
stations in Sicily and for all the years:

o The total annual precipitation in mm (tot).

o The percentage of rainy days over the year (rd), measured as number of days with
more than 1 mm of rain.

e The mm of rain during the rainiest day in the year (dmax).

Afterwards, a selection strategy is applied. Extreme rainfall events are generally
characterized by the increasing of either drought and/or excessive wetness [117]. The
logical rule below highlights precisely such characteristics:

1
2

Fix a station.

Compute p1: the mean over years of the rd annual indicator.

4
5

)
)
3) Compute po: the mean over years of the dmaxz annual indicator.
) Fix a year y.

)

If the rd value in the year y is less than pq and the dmaxz value in the year y is
grater than ps, then the year y is considered as extreme. Otherwise no.

Since the procedure works year by year, we select the stations satisfying the extreme
events detection rule for at least 3 years. In this way, we obtain 32 stations out of the
96 rain gauges. Furthermore, we decide to include all of the provincial capitals in the
region, thus obtaining the 34 stations reported in Figure 3.1 of Chapter 3. After the
selection, we observe rainfall data time series, by fixing a station and using full, annual,
and monthly data plots, as well as mean data graphics. This preliminary analysis lead to
different reasoning. The full plots prove the necessity of quantifying and understanding
variation in the stations time series behavior. In contrast, the annual plots show a typical
seasonality pattern. Moreover, the graphics observation lead to the idea of comparing
annual time series. Finally, a similar reasoning is done with regard to the monthly view.

All of the above considerations suggest us to highlight the differences and the
similarities both among stations and years, in order to identify multi-modal (geographical
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and historical) rainfall changes. Instead of performing classical time series analysis, we
proceed by applying the suitable clustering algorithms described in Section 3.1.

The dataset together with the code is available at the following GitHub Repository.
The Affinity Propagation algorithm is implemented in Python programming language
(version 3), making use of with the Scikit-learn library (V. 1.0.2), which is a free software
machine learning library for Python, designed to inter-operate with the Python numerical
and scientific libraries NumPy (V. 1.21.4), SciPy (V. 1.8.0) and Pandas (V. 1.3.5).

Comparison between Affinity Propagation and K-Means

To further validate our methodology, we carry out a detailed report comparing the AP
and the K-Means algorithms. The comparison is conducted on the collections C.C and
C.D of Table 3.1. Initial experiments are made by fixing both the number of clusters and
the initial centroids in the K-Means algorithm, basing our choice on the AP results. A
sensitivity analysis is then performed by varying the initial centroids, based again on the
results achieved with the AP algorithm. The Jaccard score between each new experiment
and the reference AP results is computed [241]. The Jaccard score is a statistical index
used to compare the similarity and diversity of sample sets [241]. We use it to quantify
the differences between two experiments A and B, by analyzing the composition of the
corresponding clusters in the two cases. The Jaccard score is defined as the size of the
intersection divided by the size of the union of the sample sets and it ranges in the interval
0.1]; o
J(A,B) = AUD] (B.1)
Furthermore, for each of those experiments, the cluster validation procedure is carried out,
computing the p-values and finding the characterizing indicators for the clusters, among
those in table 3.2. A second set of 200 K-Means experiments per collection is conducted
fixing the number of clusters and randomly varying the initial centroids. Using the C.C'
collection we find that, by setting the five AP case anomalies as initial centroids and
varying the sixth centroid, we obtain three cases: in almost the 80% of experiments (22
over 29) the K-Means and AP Cluster perfectly coincide (Jaccard score = 1 for all of the
clusters). Among the remaining seven experiments, four of them differ from the reference
case by one or at most two stations in eastern Sicily, (Jaccard score < 0.5 at most one
cluster; then, for only three experiments the difference is more significant (Jaccard score
< 0.5 for at least two clusters). For all the experiments, statistical validation is carried
out with the Kruskal-Wallis test, as reported in figure B.1a. In the first case, no difference
in the p-values respect to the AP case is detected; in the second case, the characterising
indicators coincide with the reference ones, i.e. md maximum (per day), h heavy rain (%)
and mv max daily variation; in the third case, almost all the indicators are characterising
and thus are not related to extreme events detection, differently from the AP results.
The same analysis is done for the C.D collection of the weekly mean data. By fixing
the centroids on the basis of the AP case, we get the same clustering. This is not as
expected as in the C.C' case, since this time we have more uniform clusters. Also in
this case we do a sensitivity analysis with respect to the centroids of all clusters, finding
that the 93% of experiments (27 out of 29) are coincident or similar (JS = 1 and JS
> 0.5) to our baseline result. The remaining two experiments (JS JS < 0.5), however,
turn out to be different. Unlike the C.C' case, the statistical validity analysis shows
homogeneous distributions among the characterizing indicators, as reported in figure B.1b.
In fact, even in our result, most of the indicators are found to be characterizing for the
clusters. This confirms the goodness of our results on finding extreme events using the
C.C collection with respect to collection C.D, where, as expected, the weekly averaging
masks the presence of extreme events, obtaining a more uniform clusters distribution.
Finally, we do an inter-cluster frequency analysis on 200 K-Means runs with random
initial centroids for both C.C' and C.D collections, reported in figures B.2a and B.2b,
respectively. In the former case, we obtain that the most frequent clusters are precisely
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Figure B.1: Characterizing indicators in the K-Means initial centroids-based experiments. The histograms
count over the experiments how many times the indicators result as characterizing for the clusters (p value
< 0.05), grouped by the categories defined by the Jaccard score. (a): C.C' collection. Those experiments
different from the AP case (in red) have many characterizing indicators, whereas those experiments
similar or coinciding to the AP case (in blue and grey) have the same three characterizing indicator
representing extremeness. (b): C.D collection. Almost every indicator is characterizing for each type of
experiment.

the five anomalies of the AP result. This confirms the robustness of our findings. In the
second case, on the other hand, the only anomaly that is always present and corresponds
to the most prevalent cluster, is Pedara, while for the remaining clusters there is not such
a clear spread, as reported in table B.1.
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Figure B.2: K-Means - Clusters Frequency Analysis over 200 runs. (a): C.C Collection (High frequency
data). The five most frequent clusters are the five anomalies of the AP case. The other five are clusters
composed by different stations, as reported in table B.1. (b): C.D Collection (Weekly mean data). Except
for Pedara, the most frequent clusters are different from the AP case. Those clusters are listed in table
B.1.
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Table B.1: 10 most frequent clusters (increasing order) obtained with K-Means clustering over the 200

runs.

Cluster C.C Collection C.D Collection
1 Bivona, Contessa Entellina, Agrigento Mandrascava, Alia, Bivona,
Monreale Bifarera, Monreale Calascibetta, Caltanissetta, Canicatti,
Vigna Api, Palermo Contessa Entellina, Enna, Marsala, Mus-
someli, Riesi, Trapani Fontanasalsa
2 Monreale Bifarera, Monreale Agrigento Mandrascava, Alia, Bivona,
Vigna Api, Palermo Calascibetta, Caltagirone, Caltanissetta,
Canicatti, Contessa FEntellina, Enna,
Marsala, Mussomeli, Riesi, Trapani
Fontanasalsa
3 Monreale Vigna Api, Palermo  Leni, Messina
4 Catania Monreale Vigna Api
) Marsala, Trapani Fontanasalsa Catania, Francofonte, Mineo, Paterno,
Ramacca Giumarra
6 Palazzolo Acreide Modica, Palazzolo Acreide, Ragusa, Sci-
cli
7 Messina Augusta, Catania, Siracusa
8 Siracusa Cesaro Vignazza, Lascari, Leni, Messina,
Monreale Bifarera, Monreale Vigna Api,
Palermo, Pettineo, Polizzi Generosa
9 Augusta Augusta, Siracusa
10 Pedara Pedara

Kruskal-Walllis test

It is a non parametric statistical test that assesses the differences among three or more
independently sampled groups [242]. Kruskal-Wallis test is used to determine whether
or not there is a statistically significant difference between the medians of three or more
independent groups. It does not assume normality in the data and is much less sensitive
to outliers than the standard analysis of variance (ANOVA) [243]. The test is based on
the null hypothesis Hy [244], which allows one to state whether the considered samples are
realizations of identical populations. The application of the test returns a p-value which
confirms or rejects the null hypothesis. If p < 0.05, then the null hypothesis is rejected,
on the contrary, if p > 0.05, then the null hypothesis is confirmed [243]. The related
p-value for the test is computed using the assumption that H has a y? distribution.

Annual results

Here I report the annual clustering results for the year 2021 in all the considered settings.
Figure B.3 shows the exceptional rainfall events occurred in Fast Sicily in 2021. In fact,
among the characterizing indicators obtained with the procedure explained in the main
document, md (maximum per day) is found to be particularly relevant. Figure B.3a shows
the presence of a principal cluster and some anomalies, for instance Catania, Augusta and
Siracusa. Differently, Figure B.3b presents several principal clusters distributed in the
North, in the center, in the North-East, in the South-East and in the eastern center; in
this case only Augusta and Siracusa are clustered as anomalous by the algorithm. Figures
B.3c and B.3d represent the md indicator geographically referenced and value-based,
respectively. Comparing independently Figures B.3a and B.3b, with Figure B.3c, we
observe a coincidence between the maximum values and the anomalies in the clusters. In
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particular, most of the anomalies in Figure B.3a represent the highest values of the md
indicator in Figure B.3c or in Figure B.3d. The same happens with Figure B.3b for the
two anomalies of Augusta and Siracusa and for the locations in the light blue cluster in
Figure B.3b, which show the second highest values of the md indicator, with the only
exception of Contessa Entellina. The same statement, not reported here, has been found
also for the mv (maximum daily variation) indicator. Therefore, in 2021 the anomalous
clusters consist of the stations with the highest md values. Moreover, East Sicily emerges
as the most extreme zone of the island. On the other hand Figure B.4 shows that using
the Correlation metrics, no coincidences between characterizing indicators and clusters
are found for the year 2021. Actually, this happens in all of the other annual cases and in
the full cases as well, in agreement with the fact that Correlation metric is less sensitive
to outliers than the Euclidean one.

In general, these are phenomena happening in all of the annual cases (see Figures
in GitHub Repository). Specifically, in the case of Euclidean metrics and C.A, results
consist of a principal cluster and some exceptions, mainly in the FEast side of the island.
This suggests the vulnerability to extreme events of the East side of Sicily respect to
the West. In the case of C.B, there are many principal clusters and some exceptions,
again mostly in the East side. Differently, in the cases of Correlation metrics with both
C.A and C.B, most of the time results consist of two clusters splitting Sicily in half. It
follows that Euclidean metrics let to better detect outliers respect to the Correlation
metrics. Consequently, the Euclidean metrics seems to be more suitable and precise than
the Correlation metrics for our purpose.
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Figure B.3: Annual case for 2021 - Euclidean metrics. Different colors represent different clusters, both in
the maps and in the histogram. (a): C.A. The principal cluster is coloured blue. Square and diamond
points indicate clusters obtained by the second and the third iteration of the algorithm, respectively. (b):
C.B. The five principal clusters are coloured red, green, blue, light blue and yellow. (c¢): Heat-map of the
md indicator for both C.A and C.B. (d): Histogram of the md indicator with labels coloured as the C.B
clustering.
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Figure B.4: Annual case for 2021 - Correlation metrics. (a): C.A. The colours of the four clusters are
blue, red, yellow and green. (b): C.B. The three clusters are coloured red, blue and yellow.

B.2 Supplementary Information for Causal Inference

Definition B.2.1 (Partially Directed Acyclic Graph (PDAG))

A partially directed acyclic graph (PDAG) is a mixed graph G = (V, E,, Eq4) on a
finite vertex set V' with two types of edges: undirected edges {i,j} € E, (written
i — j) and directed edges (i,j) € Eq (written i — j). It is acyclic in the sense that
its directed part contains no directed cycle; that is, there do not exist k > 2 and
vertices v1,...,vx € V such that vy — vy — - -+ — v — v1. Undirected edges indicate
adjacencies whose orientation is not fixed. O
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Appendix C

Supplementary Information for
Complex Dynamics in Psychological
Data

This Appendix provides additional details and definitions supporting Chapter 5 [40].
For any other information see the GitHub Repository.

C.1 Network measures

To quantify the role of symptoms within each causal network, we employed classical
network measures from graph theory that capture both local and global aspects of node
importance [208]. In particular, we computed:

e In-degree — the number of directed edges coming into a node v:
deg™(v) = {u €V : (u—v) € B}

Nodes with high in-degree may reflect symptoms that are highly reactive to others.

o Qut-degree — the number of directed edges going out of a node v:

deg®*(v) = [{u €V : (v —u) € E}|
A high out-degree suggests that the symptom may act as a driver, exerting influence
over many others.

e Degree— the total number of direct or undirected connections of node v:

deg(v) — degin(v) + degout(v) + degundirected(v)

o Closeness centrality— quantifies how quickly a node can reach the rest of the network

via shortest paths:
1

ZuEV\{v} d(’U7 U) ’

where d(v,u) is the shortest path distance from v to u. Nodes with high closeness
centrality can rapidly propagate changes or exert influence across the system.

Ccloseness ('U) =

e Betweenness centrality, capturing how often a node lies on the shortest paths
between other pairs of nodes:

C'betweenness (U) = Z st (U) )

Og
s#EVFEL st

where oy is the total number of shortest paths from node s to node t, and o4 (v)
is the number of those paths that pass through v. Nodes with high-betweenness
centrality may act as bridges or mediators between symptom clusters.

Closeness and betweenness centrality were computed on the mixed graph, meaning
that both directed and undirected edges were taken into account in the path-based
computations. These metrics provide a multi-faceted view of symptoms importance to
capture both local connectivity and global flow properties.
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Complexity measures

C.2 Complexity measures

We computed a broad range of complexity measures for each symptom time series, designed
to quantify different aspects of signal regularity, unpredictability, fractal geometry, and
recurrence, offering a complete characterization of the underlying dynamics. Although
they have not been widely applied in clinical psychology, prior studies in physiology
and complex systems have shown that entropy, fractal dimension, and recurrence-based
metrics can capture meaningful dynamic patterns in biological and behavioral data [8],
[214]-[216]. More in details, for a generic time series x we first computed permutation
entropy, approximate entropy and sample entropy measures [245]-[247]:

o Permutation Entropy, quantifying the degree of unpredictability in the ordering of
values within local segments of the signal. Formally:

H == p(r)log, p(m),

where the sum is over all possible permutations 7 of order n. The probability p(7)
denotes the frequency of each permutation across the embedded vectors:
y(i) = [, Titdelays - - - 7xi+(n—1)»delay]'

It ranges from 0 (fully predictable) to logy(n!) (maximal randomness) and captures
the unpredictability and information content of the time series.

o Approximate Entropy, the logarithmic likelihood that patterns of length m that are
similar within a tolerance r remain similar at the next point. Formally:

H = ¢m(r) = ¢m1(r),

where
1 N—m+1
- - log C™
oul) = 7 D BCIC)

and C7"(r) is the fraction of vectors of length m that are within a Chebyshev
distance r of the vector starting at time ¢. Approximate Entropy is biased toward
lower values in short time series and includes self-matches, which makes it less
robust than its successor, sample entropy.

o Sample Entropy, a modification of approximate entropy that reduces bias and
removes data length dependence:

C(m+1,r)

H(z,m,r) = —log Clmor)

where m is the embedding dimension, r is the similarity tolerance radius (commonly
r =0.2-std(z)), and C(m,r) is the number of pairs of vectors of length m within
distance r (typically using the Chebyshev metric). Higher values indicate greater
signal complexity and vice versa.

Next, we computed Recurrence Quantification Analysis (RQA) indices, which capture
the non linear patterns of the time series [216], [248], [249]:

e Recurrence Rate (RR), a measure of the density of recurrent states in a system’s
phase space, defined as the percentage of recurrent points in a recurrence plot

1 N N
RR = +5 > > Rij,
i=1 j=1
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where R; ; is the recurrence matrix given by:
R;j = 0(e — |lxi — %)),

with x; and x; being state vectors reconstructed via time-delay embedding, || - || a
norm (typically Euclidean), € a fixed threshold, and © the Heaviside step function.
Higher RR values indicate frequent returns to previous states, while lower values
suggest more irregular or complex dynamics.

Determinism (DET), quantifying the predictability of a system by measuring the
proportion of recurrence points that form diagonal lines in the recurrence plot:

lmax

>, 1-P()
DET = S

lmax

>, - P(l)
=1

)

where P(1) is the frequency distribution of diagonal line lengths I, and Iy, is the
minimum length of diagonal lines considered (usually l,;, = 2). Diagonal lines
correspond to segments of the trajectory that evolve similarly for some time, so
higher DET values indicate more deterministic, structured dynamics, while lower
values suggest randomness or chaos.

Laminarity (LAM), measuring the fraction of recurrence points forming vertical
lines in the recurrence plot. It reflects the presence of laminar (intermittent or
trapping) states in the system. Formally:

VUmax

>, v-P(v)
LAM _ V=VUmin

Vmax

2::1 v+ P(v)

)

where P(v) is the frequency distribution of vertical line lengths v, and vy, is the
minimal vertical line length considered (typically vy, = 2). High LAM values
indicate that the system spends extended periods in the same region of phase space,
suggesting intermittency or laminar phases.

Trapping Time (TT), the average length of vertical lines in a recurrence plot, and
quantifies the mean duration for which the system remains in a laminar (quasi-
stationary) state. Formally:

Umax

>, v-P(v)
T = e
P(v)

V=Umin

where P(v) is the histogram of vertical line lengths v, and vy, is the minimal
length considered (typically vpyin = 2). Higher TT values indicate longer periods
during which the system exhibits little change, reflecting low dynamical activity or
intermittent behavior.

Mazximum diagonal line length L., the longest period during which the system
exhibits similar evolution in phase space:

Lyax = max{l;},

where [; are the lengths of all diagonal lines (with I; > li). Longer diagonal
lines indicate stronger temporal determinism and lower divergence in the system’s
dynamics.
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o Divergence (DIV), defined as the inverse of the longest diagonal line in a recurrence
plot (excluding the main diagonal):

1

Lmax

DIV =

Higher DIV values indicate faster divergence of nearby trajectories in phase space,
often associated with increased chaos or instability in the system.

o Maximum vertical line length V4., the longest period during which the system
remains in the same (or similar) state:

Vinax = maX{Ui }7

where v; denotes the lengths of all vertical lines with v; > vyin. Higher Vi, values
indicate extended laminar or quasi-stationary phases in the system’s dynamics.

o FEntropy of diagonal line lengths Ly, quantifying the complexity of the recurrence
structure by measuring the Shannon entropy of the distribution of diagonal line
lengths:

Imax

Lentr = - Z p(l) logp(l)v

{=lmin

where p(1) is the probability distribution of diagonal line lengths [ in the recurrence
plot. Higher values indicate greater variability in diagonal line lengths, reflecting
increased dynamical complexity.

o Awerage Diagonal Length L, quantifying the mean time during which two segments
of the system’s trajectory evolve in a similar way. It is defined as:

lmax
l-P(l)
I = I=lmin

lmax
P()

I=lmin

where P(1) is the number of diagonal lines of length I, and I, is the minimum line
length considered (usually l,;, = 2). Higher values of L indicate more extended
periods of predictable, deterministic dynamics.

o Average White Vertical Length W, measuring the average duration of non-recurrence
(i.e., white vertical gaps) in a recurrence plot. It is defined as:

Wmax
w - P(w)
W=Wmin
W - Wmax

P(w)

W=Wmin

where P(w) is the frequency distribution of white vertical line lengths w, and wyy;y, is
the minimal gap length considered (typically wyi, = 1). Higher values of W indicate
longer periods where the system is not returning to a previous state, reflecting local
instability or desynchronization.

RQA indices were computed using different time delays values, embedding dimensions,
and radius thresholds to ensure robustness across parameter settings [250].

We then computed Cross Recurrence Quantification Analysis (CRQA) for all possible
pairs of symptoms time series. CRQA extends traditional RQA to compare the dynamical
structure of two distinct time series. The method is based on the cross recurrence plot
(CRP), which visualizes the recurrence of similar states between two systems. Given
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two embedded trajectories x; and y; from time series x and y, respectively, the cross
recurrence matrix is defined as:

CRi; =0O( — [xi —y;l),

where || - || denotes a norm (typically Euclidean), ¢ is the recurrence threshold, and O is
the Heaviside step function. A point is plotted at (7, ) in the CRP if the corresponding
states x; and y; are sufficiently close in phase space. All standard RQA measures (e.g.,
recurrence rate, determinism, laminarity) can be analogously applied to the CRP to
quantify inter-series dynamics. The following cross recurrence features were extracted in
our analysis:

Cross Recurrence Rate;

Cross Determinism;

Cross Laminarity;

Cross Trapping Time;

Cross Loaz;

Cross Divergence;

Cross Viyaz;

Cross Entropy of Diagonal Line Lengths;
Cross Average Diagonal Length;

Cross Average White Vertical Length.

Furthermore, we estimated Hurst Exponent, Detrended Fluctuation Analysis (DFA),
Higuchi and Petrosian Fractal Dimension, characterizing long-range dependencies and
self-similarity [251]-[254]:

Hurst Exponent, quantifying the long-term memory of a time series. It is estimated
by analyzing the scaling relationship of the rescaled range statistic:

[20)]

S(n)
where R(n) is the range of the cumulative deviation from the mean over a window
of size n, S(n) is the standard deviation over the same window, H is the scaling
exponent estimated by log—log regression. The value of H € (0,1) characterizes
the time series: if H = 0.5, it is uncorrelated (random walk), else if H > 0.5,
it is positively correlated (persistent), else if H < 0.5, it is negatively correlated
(anti-persistent).

Detrended Fluctuation Analysis (DFA), a technique designed to detect long-
range correlations in time series, even when they are non-stationary. Unlike
the classical Hurst exponent, DFA separates genuine long-term memory from
spurious correlations due to slow external trends. The method consists in computing
the cumulative sum of deviations from the mean to obtain a profile, segmenting
this profile into windows of length n, fitting a polynomial trend in each window,
subtracting the trend, and then calculating the root mean square of the resulting
fluctuations. The average fluctuation F'(n) as a function of window size n typically
follows a power-law F'(n) ~ n®. The exponent « reflects the correlation structure
of the signal: values of « around 0.5 indicate uncorrelated (white noise) dynamics,
values greater than 0.5 suggest persistent behavior (i.e., the tendency for increases
or decreases to continue), while values below 0.5 correspond to anti-persistent
dynamics, where increases are likely to be followed by decreases and vice versa.
When « exceeds 1, the process is non-stationary and consistent with fractional
Brownian motion.
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e Higuchi Fractal Dimension, providing an estimate of the fractal complexity of a time
series by evaluating how its curve length changes with the sampling resolution. The
method constructs k different subseries from the original time series and computes
the average length L(k) of each resulting curve. The scaling relationship L(k) ~ k=P
is then used to estimate the fractal dimension D as the slope of the linear fit in the
log—log plot of L(k) versus k. Higher values of D (approaching 2) indicate more
complex and irregular dynamics, whereas lower values (closer to 1) reflect smoother
or more regular signals.

e Petrosian Fractal Dimension, quantifying the complexity of a time series by
considering the number of sign changes in its derivative. It is defined as:

10g10(N)

P =
logyo(IV) + logyg (N++.4N§>

)

where N is the length of the time series and Ny is the number of sign changes in
the signal’s derivative.

Finally, we computed Correlation Dimension and Number of Zero Crossings, capturing
geometric and frequency-based signal properties [255]:

e Correlation Dimension, a measure of the geometric complexity of a dynamical
system, which, for a time series, is estimated by reconstructing its phase space using
time-delay embedding and computing how the correlation sum scales with distance:

log C(r)

Dy = lim ——~
2 rlg(l) logr

)

where C(r) is the correlation sum, representing the probability that the distance
between two points is less than r. If the relation between C(r) and r can be
described by the power law C(r) ~ 7P, then D is called the correlation dimension
of the system.

o Number of Zero Crossings, the count of times the signal changes sign, indicating
how often the signal passes through zero.
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