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Abstract

The articulation of how cognitive, affective and social processes emerge from

the coordinated activity of neural and autonomic systems remains a central

question in contemporary neuroscience and affective computing. This disser-

tation addresses this issue through a series of multimodal experimental stud-

ies that progressively move from controlled individual paradigms to ecologi-

cally valid, interactive and dyadic contexts. By integrating central measures

with autonomic indices and behavioural and psychometric assessments, the

work delineates a structure showing how psychophysiological responses evolve

as task demands, emotional involvement and social context increase. The

first part focuses on controlled perceptual and linguistic scenarios, demon-

strating that stimulus authenticity, familiarity and semantic structure sys-

tematically modulate early neural dynamics and autonomic responses. Re-

sults show that the brain differentiates real versus artificial faces and words

versus pseudowords at early processing stages, through distinct spectral and

event-related patterns, while peripheral markers reflect differences in cogni-

tive effort and arousal. The second part extends the investigation to natural-

istic, goal-directed gaming scenarios, where participants engage in cognitively

demanding tasks across different cultural populations. Multimodal analyses

combining electroencephalography (EEG), pupillometry, cardiovascular dy-

namics and facial expressions reveal that task performance is shaped by the

interplay between cognitive load, emotional regulation and autonomic adapt-

ability. High performance is associated with efficient neural modulation and

stable emotional dynamics, whereas lower performance corresponds to in-

creased cognitive load and less regulated affective responses. The final part

explicitly addresses the affective and interpersonal dimension of psychophys-

iological processing. Starting from individual neuroaesthetic experience, the

work shows that art expertise and dispositional empathy differentially modu-

late large-scale brain connectivity over time. This individual-level perspective

is then extended to dyadic settings, where shared affective stimulation elicits

partial convergence of autonomic responses even in the absence of explicit

interaction. Finally, EEG hyperscanning with biofeedback demonstrates that

inter-brain synchronisation emerges as a dynamic and trait-dependent pro-

cess, shaped by both individual characteristics and their relational configu-

ration within the dyad. These studies offer conceptual and methodological

advances by integrating controlled laboratory paradigms with interaction-rich

experimental designs. They demonstrate that cognitive mechanisms, affective
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modulation and social resonance are not separable layers but mutually con-

straining processes expressed through coordinated central-autonomic patterns.

Beyond its theoretical contribution, this work expands current knowledge in

affective computing, providing a foundation for future developments in clin-

ical assessment, cognitive training and socially adaptive technologies.
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Chapter 1

Introduction

Over the past three years of doctoral research, this work has been driven by

a central scientific question: how do human emotional, cognitive, and regu-

latory processes interact to produce coherent patterns of psychophysiological

activity? Addressing this question requires moving beyond the traditional

separation among of emotion, cognition, and physiology and instead embrac-

ing the view that these dimensions form an intrinsically integrated system.

Psychophysiological dynamics emerge from the continuous interplay between

central neural activity, autonomic regulation, behavior, and contextual fac-

tors. However, despite decades of research across neuroscience, biomedical

engineering, and psychology, a comprehensive framework capable of char-

acterizing these interactions across different levels of complexity remains

elusive. Each discipline offers partial yet valuable perspectives: neuroscience

focuses on neural mechanisms, psychology on clinical and behavioral cor-

relates, and biomedical engineering on quantitative models and computa-

tional tools. This thesis aims to bridge these perspectives by developing and

applying a multimodal, experimentally grounded, and analytically rigorous

approach to the study of human psychofunctional states.

To this end, the research presented here follows a progressive logic, in-

tentionally moving from simple and tightly controlled perceptual conditions

to more complex affective, cognitive, and social contexts. This progres-

sion is motivated by the idea that understanding how internal states un-

fold requires examining them at multiple levels of organization, from basic

sensory responses to scenarios involving active task engagement, emotional

appraisal, and interpersonal modulation. The work, therefore, seeks not

1



2 Introduction

merely to study isolated mechanisms but to elucidate how psychophysiolog-

ical processes evolve as contextual demands increase. From an engineering

standpoint, the central challenge is to translate inherently subjective and in-

tangible mental processes into quantifiable physiological indicators that can

be modeled and objectively interpreted. Throughout this doctoral work, this

challenge took shape through the design of controlled laboratory experiments

and the development of analytical workflows to capture the temporal, nonlin-

ear, and context-dependent dynamics of the human body-mind system. This

engineering perspective is complemented by a broader scientific motivation

of understanding how psychophysiological activity evolves across different

levels of complexity. Wearable and multimodal sensing technologies now al-

low the collection of neural, autonomic, and behavioral data with increasing

ecological validity, enabling the study of cognitive and emotional processes

outside strictly controlled laboratory settings. Such technologies open op-

portunities for continuous and personalized monitoring of mental well-being,

cognitive performance, and social interaction, thereby aligning biomedical

engineering with human-centered neuroscientific applications. This thesis is

therefore the result of an evolving process of integration, both conceptual and

methodological. It reflects an attempt to integrate theoretical models, ad-

vanced analytical tools, and multimodal physiological measurements within

a coherent experimental progression. The work advances the premise that

no single dimension can fully account for the richness of human psychophys-

iological functioning. Instead, meaningful understanding emerges from the

interplay of these dimensions across contexts that vary in perceptual, cog-

nitive, affective, and interpersonal complexity. It embodies both a scientific

trajectory and a personal research journey, rooted in the belief that the quan-

titative study of emotion and cognition can address not only fundamental

questions in neuroscience and psychology, but also practical needs in human-

technology interaction and mental health assessment. The following sections

elaborate on the theoretical foundations of this perspective and introduce

the methodological and narrative framework that organizes the subsequent

chapters.

1.1 Background and Rationale

The study of human psychophysiological functioning lies at the intersection

of biomedical engineering, neuroscience, and psychology. Its central aim
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is to understand how neural activity, autonomic regulation, and behavioral

processes interact to generate emotional and cognitive states. This interdis-

ciplinary field provides a conceptual bridge between subjective experience

and objective physiological measurement, enabling the investigation of how

internal mental processes are expressed through quantifiable biosignals. De-

spite extensive progress, characterizing these interactions in a coherent and

context-sensitive manner remains one of the key challenges in contemporary

human neuroscience.

Early theoretical models laid the conceptual foundation for linking bod-

ily responses to psychological phenomena. The James-Lange theory [212]

proposed that emotions arise from the perception of physiological changes,

whereas the Cannon-Bard model [31, 68, 69] argued that emotional experi-

ence and physiological arousal occur simultaneously and independently. The

two-factor theory by Schachter and Singer [380] later emphasized the role

of cognitive appraisal in assigning emotional meaning to physiological acti-

vation. These classical theories, though heterogeneous, highlight the long-

standing scientific effort to understand how the body contributes to emo-

tional and cognitive experience. Contemporary perspectives have shifted

toward more integrative and constructivist accounts. The neurovisceral in-

tegration model [429] posits that cognitive and affective regulation depend on

the coordinated action of distributed neural networks and autonomic path-

ways. Barrett’s theory of constructed emotion [34] similarly highlights the

role of interoception, prediction, and conceptual interpretation in shaping

affective states. Complementary insights from affective neuroscience show

substantial overlap between neural circuits involved in emotion and cogni-

tion [107, 258, 259, 338], supporting dynamic and multidimensional rather

than categorical models of internal states.

Within this modern framework, a major challenge is to link measurable

physiological signals with subjective psychological states in a reproducible,

interpretable, and context-sensitive manner. Traditional self-report mea-

sures, such as questionnaires, interviews, and rating scales, provide direct

access to subjective experience but suffer from intrinsic limitations. They

rely on introspection, linguistic formulation, and memory, and are susceptible

to contextual biases, expectation effects, and social desirability [132,300,341].

Moreover, they often fail to capture the rapid temporal fluctuations charac-

teristic of emotional and cognitive processes. Physiological measures offer a

complementary route by providing continuous, objective indicators of cen-
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tral and autonomic nervous system activity. Biosignals such as electroen-

cephalography (EEG), electrodermal activity (EDA) and heart rate vari-

ability (HRV) – derived from electrocardiography (ECG) – quantify arousal,

cognitive workload, and emotional engagement with high temporal resolu-

tion [63,240]. Advances in wearable sensing and multimodal data acquisition

further enhance ecological validity, enabling the study of internal states in

naturalistic or semi-naturalistic settings. These developments open oppor-

tunities for real-time assessment, adaptive feedback systems, and person-

alized monitoring. However, physiological signals are not direct readouts

of discrete psychological constructs. Their interpretation requires theoret-

ical grounding, contextual knowledge, and often the integration of multi-

ple modalities. Multimodal approaches combining self-report, neural, auto-

nomic, and behavioral data are therefore increasingly recognized as essen-

tial for obtaining comprehensive and ecologically meaningful representations

of human affective and cognitive dynamics. In light of these theoretical

and methodological considerations, the present thesis adopts a progressive,

multi-layered approach to the investigation of human psychophysiological

functioning. Rather than treating emotional and cognitive processes as iso-

lated phenomena, the work is structured to reflect how internal states evolve

as perceptual, cognitive, and social demands increase.

1.2 Objectives and Structure of the Thesis

The overall aim of this doctoral work is to contribute to a clearer and more

systematic understanding of the psychophysiological mechanisms underly-

ing human emotional and cognitive responses across different experimental

contexts. Rather than focusing on a single, narrowly defined application,

the research is articulated around a set of complementary objectives that

collectively support the exploration of how neural and autonomic dynamics

complement behavior and subjective experience.

A first objective of this thesis is to investigate the neurophysiological

and behavioral correlates of emotional and cognitive processes across con-

trolled yet diverse experimental settings. By examining multiple paradigms,

it becomes possible to identify both those mechanisms that appear robust

across contexts and those modulations that are specific to particular tasks

or stimulus domains. This comparative perspective is intended to highlight

potential cross-context markers of psychophysiological organization.
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A second objective concerns the adoption and evaluation of advanced

analytical methodologies for the study of physiological time series. The em-

phasis is placed on approaches capable of capturing temporal structure and

intrinsic dynamics of the human system from a bioengineering stanpoint, in-

cluding functional connectivity metrics, recurrence-based analysis, and non-

linear modeling techniques. These methods are used to complement tradi-

tional linear descriptors, with the aim of assessing whether dynamic markers

provide additional sensitivity to variations in cognitive or affective states.

A third objective is to pursue a multimodal perspective, integrating neu-

ral, autonomic, and behavioral information within coherent analytical frame-

works. Since no single physiological modality can fully account for the com-

plexity of internal states, the joint consideration of complementary signals

is expected to yield representations that are more robust, interpretable, and

transferable across tasks and conditions.

1.2.1 Structure of the Thesis

The doctoral work is supported by an extensive experimental program car-

ried out over three years and organized across six main paradigms that differ

in perceptual, cognitive, affective, and social demands. These paradigms re-

quired the coordinated acquisition of multimodal physiological data (EEG,

EDA, ECG, pupillometry), behavioral indices, facial-expression and voice

features, and validated psychological questionnaires. Across all studies, more

than 350 participants were recruited, resulting in approximately 290 usable

subjects after applying quality-control and modality-specific preprocessing

pipelines. This scale allowed both within-context analyses and cross-context

comparisons, ensuring that the methodological objectives could be addressed

rigorously.

Figure 1.1 provides a synthetic representation of the experimental pro-

gram. For each paradigm, it reports the physiological signals acquired, the

behavioral and psychological instruments used, and the number of partici-

pants recruited and included in the analyses. The color coding mirrors the

structure of the thesis: studies involving controlled perceptual processing are

described in chapter 3 (blue), cognitively engaging tasks in chapter 4 (green),

and emotionally or socially enriched paradigms in chapter 5 (orange). As

such, the figure serves as a bridge between the scientific objectives of the

thesis and its empirical organization.

Following this introductory chapter, the thesis is structured to move pro-
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gressively from theoretical and methodological foundations to the analysis

of specific experimental contexts and, ultimately, to broader interpretative

considerations. The central organizing principle is the ”simple-to-complex”

progression introduced earlier. Psychophysiological patterns identified in

minimal conditions are used as reference points for interpreting responses

in cognitively demanding scenarios and, finally, in affectively or socially en-

riched environments. This progression supports a unified interpretation of

the findings and highlights how neural and autonomic dynamics evolve as

contextual demands increase.

The remainder of the thesis is organized as follows:

• chapter 2 introduces the theoretical and methodological framework.

It describes the physiological signals considered, preprocessing proce-

dures, linear and nonlinear analytical metrics, and the rationale for

employing dynamic and complexity-oriented approaches. The experi-

mental systems and psychological questionnaires used across the dif-

ferent studies are also presented;

• chapter 3 reports two experimental paradigms focused on neural and

autonomic responses to simple, highly controlled stimuli differing in

familiarity or identifiability. These studies establish a reference map

of basic psychophysiological reactivity under constrained laboratory

conditions;

• chapter 4 introduces a serious-game oriented paradigm as the second

experimental context. Here, psychophysiological measures are exam-

ined in relation to task structure, performance, and subjective evalu-

ations. The chapter characterizes how cognitive load, attention, and

affective responses interact during active, goal-directed behavior;

• chapter 5 presents three experimental tasks involving emotionally and

socially enriched scenarios, such as artworks and affective images in

interpersonal or dyadic interactions. These studies investigate how

emotional meaning and social presence modulate the neural-autonomic

patterns, shifting the focus from individual processing to relational and

context-dependent dynamics;

• chapter 6 concludes the thesis by summarizing the main findings across

experimental contexts, discussing their implications for multimodal
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psychophysiological modeling, and outlining potential applications and

directions for future research.



Chapter 2

Theoretical and Methodological

Framework

This chapter provides the theoretical and methodological founda-

tions for the acquisition and analysis of the multimodal physio-

logical signals employed throughout the thesis. It introduces the

functional organisation of the central and autonomic nervous sys-

tems and illustrates how neural activity, cardiovascular dynam-

ics, electrodermal responses, pupillary changes and facial expres-

sions reflect variations in cognitive, emotional and arousal states.

Building on these physiological principles, the chapter outlines

the main classes of biomedical signals considered, discusses their

stochastic and non-stationary nature, and presents the prepro-

cessing and analytical approaches adopted, including both linear

and nonlinear methods. The chapter further describes the in-

strumentation and multimodal experimental setups implemented

during the doctoral project, as well as the psychological question-

naires used to complement physiological measures with subjective

assessments, thereby establishing the framework that underpins

the empirical analyses developed in the subsequent chapters.

This chapter aims to provide the reader with the theoretical and method-

ological framework for understanding the physiological and technical foun-

dations underlying the acquisition and analysis of the biomedical signals

employed in this thesis. The chapter begins by providing the physiological

basis of the human nervous system functioning and how its activity may

9
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reflect internal functional states of interest, including emotional activation

and inhibition, fluctuations in arousal, cognitive dynamics, as well as base-

line or default states. The ability to quantify these states, through sensors’

measurements, provides valuable insights into the internal functioning of

the human system, particularly in controlled experimental settings aimed at

investigating cognitive and emotional processes. Building on these physio-

logical foundations, the chapter introduces the different classes of biomedical

signals considered in this work, describing their general properties and the

methodological implications arising from their intrinsically variable, stochas-

tic, and non-deterministic nature. For each signal addressed throughout the

research activity, the chapter presents the main preprocessing steps and the

analytical methodologies employed, encompassing both linear and nonlinear

approaches. These methods enable the extraction of metrics and markers

that support the characterization of internal states exhibited by participants

during the experimental protocols. The chapter then provides a systematic

overview of the instrumentation used during the doctoral project, including

the experimental setups that were designed, implemented, and deployed for

multimodal data acquisition. Finally, it introduces the psychological ques-

tionnaires administered across the various studies, which complement the

physiological measurements by offering subjective, self-reported assessments

from participants.

2.1 Physiological Basis of Human Nervous Sys-

tem

The human nervous system (NS) is conventionally divided into the central

nervous system (CNS) and the peripheral nervous system (PNS) [125], as

illustrated in Figure 2.1. The CNS, composed of the brain and spinal cord,

is responsible for integrating sensory information and generating higher-order

processes such as perception, cognition, and emotional regulation. The PNS

connects the CNS to the rest of the body through cranial and spinal nerves,

and it can be further subdivided into sensory (afferent) pathways, which

transmit information from sense organs to the CNS, and motor (efferent)

pathways, which convey commands from the CNS to muscles and organs.

Within the motor division of the PNS, two major subsystems can be

distinguished. The somatic nervous system governs voluntary actions by

controlling skeletal muscles, whereas the autonomic nervous system (ANS)
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Figure 2.1: Flowchart of the human nervous system.

regulates involuntary physiological functions including heart rate (HR), res-

piration, digestion, and sweat gland activity. The ANS itself comprises two

complementary branches: the sympathetic nervous system (SNS), which sup-

ports arousal and ”fight-or-flight” responses, and the parasympathetic ner-

vous system (PSNS), which facilitates recovery and ”rest-and-digest” pro-

cesses.

Cognitive tasks and emotional states generally recruit both central neural

circuits and autonomic responses. For instance, engaging in a demanding

mental task activates specific cortical and subcortical networks in the CNS,

while simultaneously modulating autonomic outputs such as cardiac activity,

pupil dilation, and EDA responses governed by the SNS. Because of this

tight interplay between CNS computations and ANS-driven physiological

adjustments, monitoring both neural and peripheral signals offers rich insight

into an individual’s cognitive workload and emotional arousal [51, 125, 395].

In practice, changes in brain activity and in peripheral markers such as HR,

skin conductance, or eye movements serve as objective correlates of mental

state under varying cognitive and emotional demands.

These signals can be recorded noninvasively using a wide range of biomed-

ical sensors. However, they exhibit complex properties, including non-linearity,

non-stationarity, and substantial inter-individual variability, which require



12 Theoretical and Methodological Framework

specialised processing approaches. The following section introduces the main

CNS- and ANS-derived signals considered in this work, and discusses their

characteristics and utility as markers of cognitive and emotional states.

2.1.1 Physiological Markers of Cognitive and Emotional

State

One key measure of CNS activity is EEG, a noninvasive technique that

records the brain’s electrical activity via scalp electrodes. EEG reflects the

summed postsynaptic potentials from large populations of cortical pyramidal

neurons [272], producing oscillatory patterns that map reliably onto distinct

functional states. A large body of evidence shows that EEG spectral power

is sensitive to cognitive workload: alpha rhythms typically dominate during

relaxed wakefulness, whereas increased theta and beta activity emerge with

higher cognitive demands, sustained attention, and complex mental process-

ing [272]. Moreover, frontal theta power increases with rising mental effort,

while parietal alpha often decreases as task demands grow, revealing the

redistribution of neural resources under load. These effects can be quanti-

fied to demonstrate robust associations between workload and theta, alpha,

and beta power changes [85]. Event-related potentials and time-frequency

indices further allow tracking instantaneous fluctuations in cognitive engage-

ment and processing efficiency [125]. Beyond workload, EEG is also infor-

mative about emotional processing, as oscillatory activity, particularly in

frontal regions, varies systematically with affective state and arousal [409].

This makes EEG a versatile tool for capturing both cognitive and emotional

dynamics. Thanks to its millisecond-level temporal resolution and compat-

ibility with mobile or wearable systems, EEG provides a direct, continuous

window into central neural activity during tasks involving attention, working

memory, decision-making, or affective engagement [15].

Complementing the CNS measures, peripheral signals originated from

the cardiovascular and sweat gland systems reflect the involuntary stress

and arousal responses of the body. HRV, the beat-to-beat variation in HR,

is a sensitive indicator of ANS balance; higher HRV generally signifies ro-

bust parasympathetic (calming) influence, whereas stress or mental effort

often leads to reduced HRV due to increased sympathetic activity. EDA

(also known as galvanic skin response, GSR) measures the skin’s electrical

conductance, which rises with sweat gland activity. Since sweat glands are

controlled exclusively by the SNS, EDA is a direct proxy of sympathetic
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arousal [395]. Both HRV and EDA have been established as reliable mea-

sures of autonomic nervous system activation and are widely used to assess

psychophysiological stress levels [51, 395]. For instance, a cognitively de-

manding or emotionally stressful task can simultaneously trigger an increase

in the EDA skin conductance responses and a shift in HRV power toward the

higher-frequency (sympathetic) component [51]. By tracking these changes,

researchers can infer the presence of mental stress or emotional excitement.

Notably, using EDA and HRV in combination enhances the ability to detect

cognitive workload, since they capture complementary facets of autonomic

response to mental challenges [51].

In addition to brain and peripheral physiological signals, ocular-derived

metrics offer a valuable non-invasive window into cognitive and emotional

processing. Pupillometry, the measurement of pupil diameter, takes advan-

tage of the fact that the pupil is jointly influenced by sensory input and

internal cognitive states. Beyond the well-known light-evoked constriction,

the pupil reliably dilates when mental effort, arousal, or attentional demands

increase [402, 411]. This dilation is closely linked to activity in brainstem

arousal systems, particularly the locus coeruleus, which modulates auto-

nomic balance and adjusts pupil size in relation to task engagement and

cognitive load [48,372]. As a result, pupil diameter provides a sensitive and

unobtrusive marker of the interaction between central cognitive processes

and autonomic activation. Modern eye-tracking systems can capture these

fluctuations with high temporal precision, making pupillometry a widely

used indicator of cognitive workload and emotional arousal [363].

Finally, facial expressions serve as an outward behavioral signal of inter-

nal emotional and cognitive states. Human emotions are not purely internal,

as they are often expressed spontaneously via facial muscle movements [331].

A person’s facial expression (FE) thus conveys their emotional state and is

a key modality of non-verbal communication [331]. For example, emotions

like fear or joy manifest in characteristic facial patterns (e.g. widened eyes,

furrowed brows, smiles), which can be detected and quantified using com-

puter vision techniques. FE analysis, or facial emotion recognition (FER),

can complement physiological sensors by providing a direct measure of ob-

servable affective responses. Importantly, these expressions are driven by

activity in the central nervous system’s emotion circuits and accompanied

by physiological changes in the body [395].

Each modality offers a different ”window” into how the human body and
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brain respond to cognitive demands or emotional stimuli. The following

sections will build on this physiological foundation by detailing the specific

instrumentation and analysis methods used to capture these signals, and

by explaining how their unique signal properties can be handled to extract

meaningful features. These methodological considerations are crucial be-

cause biomedical signals possess distinctive characteristics (such as noise,

variability, and non-linear dynamics) that must be addressed to reliably in-

terpret the physiological responses captured throughout the experimental

tasks.

2.2 Characteristics of Biomedical Signals

Biomedical signals are physical manifestations of physiological activity that

convey information about one or more biological subsystems involved in the

observed process [75]. These signals can be generated and recorded at mul-

tiple spatial and functional scales, ranging from cellular electrophysiological

activity to organ-level functions such as cardiac or cerebral dynamics, and

even to population-level physiological patterns. The essential purpose of

biomedical signal processing is to enhance and extract this embedded infor-

mation in a way that is optimally suited to the experimental objectives and

the biological question under investigation. Accordingly, there is no univer-

sal method of signal analysis; rather, distinct approaches must be selected

depending on the system’s characteristics, the available a priori knowledge,

and the trade-off between interpretability and computational complexity.

From a general perspective, biomedical signals possess several properties

that distinguish them from signals encountered in physics or engineering

[75,357]:

1. They originate from dynamical systems with diverse and often nonlin-

ear behaviors;

2. They usually result from the interaction among biological subsystems

(e.g., neural-autonomic coupling);

3. They exhibit high variability, both intra- and inter-individual, reflect-

ing adaptive regulation and biological diversity;

4. They are frequently corrupted by noise with mixed endogenous and

exogenous origins.
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Even such ”noise” may carry physiological meaning, since endogenous fluctu-

ations often reveal intrinsic variability rather than measurement error. These

features make biomedical signals intrinsically complex, context-dependent,

and non-repeatable under identical conditions, posing both conceptual and

methodological challenges for analysis.

Biomedical signals therefore cannot be adequately represented as sta-

tionary, purely deterministic time series; instead, they should be treated as

stochastic processes whose dynamics evolve over time. Formally, a biomedi-

cal signal can be expressed as a stochastic process x(t, ω) (see Equation 2.1),

where t denotes time and ω represents the outcome in the underlying prob-

ability space Ω:

x(t, ω) ∈ R, ∀t ∈ R+, ω ∈ Ω. (2.1)

In this formulation, the signal observed at time t is a realization of a random

variable, and the ensemble of realizations forms the probabilistic structure of

the process. Because the mechanisms generating these signals involve both

deterministic physiological processes (e.g., pacemaker oscillations, cortical

activity) and random perturbations (e.g., neural noise, physiological and

non-physiological artifacts), their behavior is best described as stochastic-

deterministic. A simplified representation is shown in Equation 2.2:

x(t) = s(t) + n(t), (2.2)

where s(t) denotes the underlying deterministic component and n(t) the

stochastic fluctuations. In many cases, the boundary between these compo-

nents is conceptual rather than separable, as both may contain physiologi-

cally meaningful information [169].

2.2.1 Deterministic and stochastic characteristics

A system is said to be deterministic when its future evolution can be fully

predicted from its past behavior. A signal generated by such a system is

deterministic if, at each instant tk, its value y(tk) can be computed through

a closed mathematical expression or inferred from a finite number of preced-

ing samples. Consequently, the parameters of a deterministic signal can be

directly obtained from its analytical expression or from its graphical repre-

sentation [75]. Conversely, a stochastic system cannot be predicted through

deterministic equations. A stochastic signal must therefore be analyzed using

statistical methods. Formally, each sample y(tk) is treated as a random vari-

able with an associated probability distribution p(y(tk)), and the observed
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signal is considered one particular realization of the underlying stochastic

process [75].

Purely deterministic or purely stochastic biological signals do not exist;

rather, they vary along a continuum. The ECG, for example (Figure 2.2,

top), can be considered quasi-deterministic, since its waveform morphology

allows short-term prediction and direct measurement of parameters such

as amplitudes or intervals. Nonetheless, beat-to-beat variability and noise

introduce unpredictable elements. Conversely, the EEG is predominantly

stochastic (Figure 2.2, middle), reflecting the asynchronous summation of

cortical neuronal populations. Yet even within EEG, locally deterministic

patterns can emerge, for instance in oscillatory bursts or evoked responses

recorded from specific cortical areas (Figure 2.2, bottom). Transient bio-

logical signals, such as action potentials or event-related potentials (ERPs),

constitute a distinct class: their occurrence is temporally locked to exter-

nal or internal events and their influence decays within finite time intervals.

These distinctions are not merely conceptual, they determine the appropriate

mathematical and statistical tools to be applied, from parametric modeling

for deterministic trends to probabilistic and spectral methods for stochastic

dynamics.

Figure 2.2: A few biomedical signals and their statistical characteristics. [75]
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2.2.2 Stationarity, variability, and complexity

A defining feature of biomedical signals is their nonstationarity. The sta-

tistical characteristics of x(t), such as mean and variance, change over time

due to physiological adaptation, behavioral context, and environmental con-

ditions. Mathematically, this means that the joint probability distribution

depends on the absolute time indices (Equation 2.3):

P (xt1 , xt2 , . . . , xtn) ̸= P (xt1+τ , xt2+τ , . . . , xtn+τ ) (2.3)

for arbitrary time shifts τ . Such nonstationarity motivates the use of time-

frequency and adaptive approaches, including short-time Fourier and wavelet

transforms, to capture transient features [357].

Biological signals also exhibit remarkable variability and complexity. Vari-

ability represents spontaneous fluctuations around physiological set-points,

while complexity refers to the organized, scale-dependent structure of these

fluctuations [170]. Healthy physiological systems display intricate dynam-

ics, neither periodic nor random, characterized by long-range correlations,

fractal behavior, and non-Gaussian statistics. The loss of such ”organized

variability” is often associated with pathological or dysfunctional states.

2.2.3 From linear to nonlinear and dynamical analysis

Classical linear techniques, such as spectral and correlation analyses, as-

sume superposition and proportionality between input and output, assump-

tions that rarely hold in feedback-dominated biological systems. While linear

models (e.g., autoregressive models) remain useful for local approximations,

they cannot capture the nonlinear dependencies and emergent dynamics typ-

ical of physiological regulation [75,217].

Nonlinear dynamics provides a theoretical framework in which biological

systems are viewed as deterministic yet unpredictable, exhibiting sensitive

dependence on initial conditions. Given a time series x(t), the underlying

state space can be reconstructed through delay embedding [416] as reported

in Equation 2.4:

x(t) = [x(t), x(t− τ), x(t− 2τ), . . . , x(t− (m− 1)τ)], (2.4)

where m is the embedding dimension and τ the delay. This reconstruc-

tion enables geometrical analyses of attractors, trajectories, and recurrence
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patterns. In physiological data, nonlinear metrics such as correlation dimen-

sion, Lyapunov exponents, and entropy-based measures (e.g., approximate

entropy, sample entropy, multiscale entropy) quantify the degree of order,

predictability, and information content [95, 349, 360]. These descriptors re-

veal subtle temporal signatures associated with cognitive effort, emotional

arousal, or disease-related alterations in autonomic control.

2.2.4 Methodological implications and acquisition chain

Recognizing the stochastic, nonlinear, and adaptive nature of biomedical

signals has deep methodological implications. Analytical frameworks must

accommodate:

1. the coexistence of deterministic and random components within phys-

iological variability;

2. the nonstationarity and context dependence of biological processes;

3. the importance of time-frequency and scale-dependent representations;

4. the necessity of nonlinear and multivariate tools for system-level char-

acterization.

From an engineering perspective, biomedical signal analysis follows a

canonical processing chain: acquisition through sensors or transducers, am-

plification and analog conditioning, antialiasing filtering, analog-to-digital

conversion and quantization, followed by preprocessing and feature extrac-

tion. Each stage can introduce distortions affecting the statistical and dy-

namical properties of the data, particularly critical for nonlinear metrics

sensitive to amplitude scaling and temporal resolution. Awareness of this

acquisition-processing interplay ensures that subsequent analyses faithfully

reflect genuine physiological dynamics rather than methodological artifacts.

In this view, physiological variability is not noise to be suppressed but

information to be decoded, a reflection of the underlying self-organizing dy-

namics of the human organism. This theoretical framework poses the basis

for all subsequent analyses performed within this thesis, forming the concep-

tual bridge between biological systems and their mathematical representa-

tions.
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2.3 Electroencephalography (EEG)

The EEG reflects the macroscopic electrical activity generated by the cere-

bral cortex. Physiologically, EEG signals originate mainly from excitatory

and inhibitory postsynaptic potentials produced in the dendrites and somata

of cortical pyramidal neurons, which are arranged in parallel and oriented

perpendicular to the cortical surface. This architecture allows their extracel-

lular potentials to summate and propagate through the cerebrospinal fluid,

skull, and scalp. These cortical potentials arise from ongoing physiological

control processes, cognitive operations, and responses to external sensory

stimuli, which modulate synaptic input across distributed cortical networks.

The EEG measured at the scalp represents an average of the heterogeneous

activity of many small cortical zones underlying each electrode, rather than

the brief action potentials of individual neurons. Different EEG frequency

bands correspond to distinct physiological states. Delta and theta activity

emerges during sleep or pathological slowing, alpha rhythms characterize re-

laxed wakefulness with eyes closed, while beta and gamma activity reflect

alertness, sensory processing, attention, and cognitive engagement. Scalp

EEG is typically recorded using multiple surface electrodes placed over stan-

dardized positions according to the International 10-20 system. Electrodes

are arranged at fixed percentages of the nasion-inion and left-right pre-

auricular distances, ensuring symmetrical and reproducible spatial sampling

of cortical activity.

2.3.1 EEG Preprocessing: The HAPPE Workflow

In the different experimental studies conducted in this doctoral work, ex-

cept for the work presented in section 5.3, EEG signals were preprocessed

following the Harvard Automated Processing Pipeline for EEG (HAPPE), a

standardized and fully automated pipeline designed to handle high-artifact

recordings [163, 164]. Given the known sensitivity of several EEG-derived

metrics to preprocessing choices, the adoption of a standardized and auto-

mated pipeline also served to minimise operator-dependent variability and

to improve reproducibility across the different experimental paradigms anal-

ysed in this dissertation. Following the HAPPE workflow (Figure 2.3), ini-

tially EEG data were band-pass filtered using experiment-specific ranges.

The lower edge was consistently set to 1 Hz to remove slow drifts and very

low-frequency artifacts, and to constrain the subsequent indipendent compo-
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nent analysis (ICA) decomposition to a stable frequency range. The upper

edge differed across experiments depending on the recording device and the

spectral characteristics of interest. In particular, high-frequency components

above 45 Hz or above 80 Hz were removed when they contained little phys-

iological information relative to the study aims and might be influenced by

muscle artefacts, environmental noise, or device-specific high-frequency lim-

itations.

The general form of a filtering process is defined as in Equation 2.5:

xfiltered(t) = x(t) ∗ h(t), (2.5)

where h(t) denotes the impulse response of the selected filter.

Line noise (50 Hz) was removed using multitaper regression, by esti-

mating and subtracting sinusoidal components. HAPPE adopts CleanLine’s

[322] multi-taper regression to remove line noise without distorting nearby

EEG frequencies, avoiding the drawbacks of notch filters. CleanLine auto-

matically scans around the target frequency (±2 Hz) and applies regression

using 4-second windows, 1-second steps, a smoothing tau of 100, and a sig-

nificance threshold of p = 0.01. Any residual line noise is further reduced

through subsequent wavelet-thresholding, ICA, and re-referencing steps.

Bad channels were then identified using the joint-probability criterion.

Specifically, a channel was marked as artifactual if its log-power distribution

deviated more than three standard deviations from the mean or if correlated

more than 80% with other channels. Detected bad channels were excluded

from ICA and later reconstructed through spherical spline interpolation.

Then, a wavelet-thresholding ICA (W-ICA) was applied before standard

ICA decomposition to account for substantial artifact contamination or noisy

recordings. The wavelet threshold is computed as in Equation 2.6:

Threshold =
median(|D|)

0.6745

√
2 log(N) . (2.6)

where D represents the detail coefficients of the wavelet decomposition and

N the signal length. Artifact removal was then completed by means of the

ICA, followed by automated component classification using the tiple Artifact

Rejection Algorithm (MARA) [453]. Components with artifact probability

greater than 0.5 were rejected. This step allows to remove ocular, muscular,

cardiac, and non-stereotyped artifacts.

For ERP analyses, the EEG was segmented around the events of interest.

Epochs were rejected based on amplitude and joint-probability thresholds,

typically using a ±40 µV criterion.
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Figure 2.3: Schematic illustrating the HAPPE pipeline’s processing steps.

[164]
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Bad channels identified during preprocessing were then reconstructed

through spherical spline interpolation. Finally, re-referencing was performed.

The unipolar common average reference (CAR) was applied consistently

within each EEG study.

2.3.2 ERP Analysis

In the studies reported in section 3.1 and section 3.2, ERPs were computed

by averaging time-locked epochs. Averaging was performed across spatially

contiguous groups of electrodes (regions of interest, ROIs) corresponding to

specific cortical areas. For a set of extracted epochs xi(t), the ERP waveform

of the ROI r is defined in Equation 2.7:

ERP(t) =
1

N

N∑
i=1

xi(t), (2.7)

where N is the number of accepted trials.

ERP components were characterized through latency and amplitude mea-

sures using area-based metrics to increase robustness against physiological

noise and avoid reliance on single-sample peak values.

Fractional Area Latency Latency was computed using the fractional

area method [277], defined as the time point at which a fixed proportion of

the total area under the ERP curve within a predefined component window

[t1, t2] is reached. For a fraction α = 0.5, i.e., 50%), the fractional area

latency tlat is defined in Equation 2.8:∫ tlat

t1

ERP(t) dt = α

∫ t2

t1

ERP(t) dt. (2.8)

Thus, tlat is the earliest time point such that the accumulated area equals

α times the total component area. In the studies considered here, the latency

of each component was computed as the time at which 50% of the total area

within the considered ERPs window was reached.

Area-Based Amplitude Measure To reduce sensitivity to transient fluc-

tuations and single-point noise, amplitude was estimated using the total area

of the ERP waveform within the component window rather than its maxi-

mum peak value. The area-based amplitude Aarea is defined in Equation 2.9:
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Aarea =

∫ t2

t1

ERP(t) dt. (2.9)

This metric provides a more stable estimate of component magnitude,

capturing the overall deflection rather than its instantaneous peak.

2.3.3 Spectral Power Analysis

For a discrete signal x[n] sampled at fs, the Power Spectral Density (PSD)

estimate is given by Equation 2.10:

Pxx(f) =
1

K

K∑
k=1

∣∣∣∣∣ 1

Nw

Nw−1∑
n=0

xk[n]w[n] e
−j2πfn/fs

∣∣∣∣∣
2

. (2.10)

The spectral power can be expressed in logarithmic units, as reported in

Equation 2.11:

PSDdB(f) = 10 log10(Pxx(f)) . (2.11)

Band-specific power was quantified by averaging the PSD over the set F

of discrete frequency bins belonging to each canonical band. In linear units,

this corresponds to Equation 2.12:

Pband =
1

|F |
∑
f∈F

Pxx(f), (2.12)

while in logarithmic unit, Equation 2.13 applies:

P dB
band =

1

|F |
∑
f∈F

PSDdB(f). (2.13)

The canonical EEG frequency bands considered in this thesis were:

• Delta: 1–4 Hz (section 3.1, section 4.2)

• Theta: 4–7 Hz (section 3.1, section 4.2) or 4–8 Hz (section 5.1)

• Alpha: 8–12 Hz (section 3.1) or 8–13 Hz (section 4.2 and section 5.1)

• Beta: 13–25 Hz (section 4.2), 13–30 Hz (section 5.1), or 13–32 Hz,

subdivided into:
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– Low Beta: 13–17 Hz (section 3.1 and section 3.2)

– High Beta: 18–32 Hz (section 3.1 and section 3.2)

• Gamma: 25–45 Hz (section 4.2) or 32–48 Hz (section 3.1 and sec-

tion 3.2) or 30–80 Hz (section 5.1)

2.3.4 Functional Connectivity: Phase Lag Index (PLI)

In the study presented in section 5.1, functional connectivity was quanti-

fied using the Phase Lag Index (PLI), a measure designed to minimize the

influence of volume conduction and common reference effects by selectively

capturing non-zero phase relationships between EEG channels [400,441]. In-

stantaneous phase was extracted by applying the Hilbert transform to the

band-limited analytic signal. For a time series x(t), the instantaneous phase

is defined in Equation 2.14:

ϕ(t) = arctan

(
H[x(t)]
x(t)

)
, (2.14)

where H[·] denotes the Hilbert transform. The instantaneous phase dif-

ference between two channels x and y is shown in Equation 2.15:

∆ϕ(t) = ϕx(t)− ϕy(t). (2.15)

PLI quantifies the consistency of the sign of these phase differences over

time, as defined in Equation 2.16:

PLI =
∣∣〈sign[sin(∆ϕ(t))]〉∣∣ , (2.16)

where ⟨·⟩ denotes temporal averaging. PLI values close to 0 indicate the

absence of consistent phase coupling, whereas values approaching 1 reflect a

stable non-zero phase lag that is unlikely to arise from instantaneous field

spread [400].

In line with recommendations for event-related connectivity analyses

[38, 91, 243], PLI was computed over short EEG windows, as the chioce of

longer windows may inflate connectivity estimates by averaging across peri-

ods characterized by attentional drift, blinks, and diverse stages of process-

ing. In section 5.1, connectivity matrices were computed separately different

bands and each adjacency matrix was subjected to proportional thresholding.
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Graph-theoretical features were extracted using the Brain Connectivity Tool-

box (BCT) [366], including mean strength, clustering coefficient, transitivity,

global and local efficiency, participation coefficient, betweenness centrality,

modularity Q, and characteristic path length λ. For completeness, below are

summarized the formulations used for weighted, undirected networks derived

from the PLI connectivity matrices after proportional thresholding.

Let W = [wij ] be the weighted adjacency matrix, with wij = wji ≥ 0

and wii = 0. The weighted strength of node i is given by (Equation 2.17):

si =

N∑
j=1

wij . (2.17)

Mean strength The mean strength of the network is the average of node

strengths (Equation 2.18):

⟨s⟩ = 1

N

N∑
i=1

si. (2.18)

Clustering coefficient For a weighted, undirected graph, the local clus-

tering coefficient of node i is (Equation 2.19):

Ci =
1

ki(ki − 1)

N∑
j,k=1
j ̸=k

(wij wik wjk)
1/3

, (2.19)

for ki ≥ 2, and Ci = 0 otherwise. The global clustering coefficient is (Equa-

tion 2.20):

C =
1

N

N∑
i=1

Ci. (2.20)

Transitivity Transitivity quantifies the overall prevalence of triangles in

the network. For weighted, undirected graphs it can be expressed as (Equa-

tion 2.21):

T =

N∑
i=1

N∑
j,k=1
j ̸=k

(wij wik wjk)
1/3

N∑
i=1

ki(ki − 1)

. (2.21)
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Characteristic path length Shortest path lengths are computed on the

weighted graph by defining edge lengths as the inverse of weights (Equa-

tion 2.22),

ℓij =
1

wij
for wij > 0, (2.22)

and then obtaining dij as the minimal sum of edge lengths along any path

connecting i and j. The characteristic path length is (Equation 2.23):

L =
1

N(N − 1)

N∑
i,j=1
i̸=j

dij . (2.23)

Global efficiency Global efficiency is defined as the average inverse short-

est path length (Equation 2.24):

Eglob =
1

N(N − 1)

N∑
i,j=1
i̸=j

1

dij
. (2.24)

Betweenness centrality Let σst be the number of shortest paths between

nodes s and t, and σst(i) the number of such paths that pass through node

i. The weighted betweenness centrality of node i is (Equation 2.25):

BCi =

N∑
s,t=1
s̸=t
s̸=i
t̸=i

σst(i)

σst
. (2.25)

To obtain a network-level descriptor, betweenness centrality is averaged

across all nodes (Equation 2.26):

⟨BC⟩ = 1

N

N∑
i=1

BCi. (2.26)

Participation coefficient Assume that the network is partitioned intoM

non-overlapping modules, and let si,m denote the strength of node i to nodes

within module m. The participation coefficient of node i is (Equation 2.27)

Pi = 1−
M∑

m=1

(
si,m
si

)2

, (2.27)
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with Pi = 0 if si = 0. The network-level participation coefficient is the

average across all nodes (Equation 2.28):

⟨P ⟩ = 1

N

N∑
i=1

Pi. (2.28)

Modularity Q Let ci be the community assignment of node i. For a

weighted, undirected graph, modularity is defined as (Equation 2.29 and

Equation 2.30):

Q =
1

2wtot

N∑
i=1

N∑
j=1

(
wij −

sisj
2wtot

)
δ(ci, cj), (2.29)

where

wtot =
1

2

N∑
i=1

N∑
j=1

wij (2.30)

is the total weight of the network, and δ(ci, cj) is the Kronecker delta, equal

to 1 if ci = cj and 0 otherwise.

2.3.5 Hyperscanning: Frontal Alpha Asymmetry, Lat-

erality Quotient and Phase Locking Value

In the cross-biofeedback and hyperscanning study aimed at investigating in-

terpersonal synchronisation during a visual affective task in dyads (presented

in section 5.3), the real-time biofeedback presentation required selecting a

metric that could reflect participants’ subjective perceptions and emotional

states. Frontal Alpha Asymmetry (FAA) was chosen as the neurofeedback

index of the emotional responses [90]. FAA represents the relative difference

in the activity of the alpha band (8–13 Hz) between the left and right frontal

hemispheres. According to Metzen et al. (2022) [306], individual EEG alpha

asymmetry can be quantified using a Laterality Quotient (LQ), computed

as the difference between the natural logarithm of right and left alpha power

(Equation 2.31):

LQ = ln(Pright)− ln(Pleft) (2.31)

Positive LQ values indicate higher relative right alpha power (i.e., higher

left cortical activity), while negative LQ values indicate the opposite.
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Moreover, the analysis of synchronisation was achieved through the Phase

Locking Value (PLV), which was selected as a measure of phase synchrony

and represents an indicator of neural coupling. Within a defined time win-

dow, the phase difference between pairs of EEG electrodes is calculated [32].

Given multiple windows of EEG signals from two channels, the PLV is

defined as follows (Equation 2.32):

PLV (t) =
1

N

∣∣∣∣∣
N∑

n=1

eiθ(t,n)

∣∣∣∣∣ (2.32)

Where N is the number of windows and θ(t,n) represents the instanta-

neous phase difference between the two signals at time t and window n [22].

2.4 Electrodermal Activity (EDA)

The EDA is a psychophysiological signal reflecting fluctuations in the elec-

trical activity of the skin, which are tightly linked to psychological processes

and sympathetic nervous system activity. These variations, commonly cap-

tured through the Skin Conductance Response (SCR), originate primarily

from sweat secretion by eccrine sweat glands, particularly dense in regions

such as the palms and soles. Because sweat consists largely of water and

electrolytes, its presence modulates skin conductance and related electrical

properties, enabling reliable measurement through electrodes placed on the

fingers or wrist. Although the primary function of eccrine glands is ther-

moregulation, they also respond to psychologically salient events including

emotional arousal, stress, and cognitive load. This modulation is driven ex-

clusively by sympathetic innervation, as these glands lack parasympathetic

input. Consequently, EDA represents a specific and sensitive index of sym-

pathetic nervous system activity, providing a robust marker of autonomic

reactivity to external stimuli [431].

EDA is typically decomposed into two components: a tonic component,

representing slow fluctuations in baseline conductance associated with gen-

eral arousal, and a phasic component, consisting of rapid SCR peaks elicited

by discrete stimuli. This decomposition allows for a more precise characteri-

zation of psychophysiological responses by distinguishing immediate sympa-

thetic activation from slower background variations. Due to this specificity,

EDA is widely used to assess stress and anxiety, often proving more sensitive
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than other physiological measures such as HR, respiration, or skin tempera-

ture. Previous studies have shown that increases in SCR amplitude, eleva-

tions in tonic levels (SCL), and higher frequencies of non specific responses

reliably indicate heightened reactivity in stressful contexts [431].

Over time, EDA has found broad application across multiple research do-

mains [153], becoming a widely adopted tool for investigating psychological

disorders and cognitive or emotional processes. Notable applications include

research on mood disorders and depression [374], autism spectrum condi-

tion [351], anxiety disorders [379], as well as studies examining responses to

sensory, for example olfactory [344], or cognitive stimuli.

2.4.1 EDA Analysis

In the studies reported in section 3.2 and section 5.2, EDA was used as a

peripheral marker of sympathetic nervous system activation. Although ac-

quisition setups and task structures varied across experiments, the analysis

of EDA followed a common framework, centered on a standardized prepro-

cessing and decomposition of the skin conductance (SC) signal into tonic

and phasic components using the cvxEDA algorithm [176], and on the ex-

traction of complementary sets of features, ranging from time and frequency

domain indices [29] to nonlinear complexity measures such as sample entropy

features and ComEDA [323].

2.4.2 EDA Decomposition: the cvxEDA Algorithm

The EDA signal decomposition was performed using the convex optimization

based cvxEDA algorithm [87,176], which is widely adopted in the literature

for separating tonic and phasic components of the SC signal. The adop-

tion of this algorithm provides a principled and reproducible framework for

EDA analysis, reducing operator dependent variability and allowing con-

sistent estimation of sympathetic activity across the different experimental

paradigms. EDA signals were recorded using wearable sensors with sampling

frequencies of 50 Hz (section 5.2) and 300 Hz (section 3.2). Before perform-

ing the cvxEDA decomposition, the SC signal was first z-score normalized

to facilitate algorithm convergence [29].

Following [176], the observed SC time series y ∈ RN can be modeled as

the sum of a phasic component r, a tonic component t, and an additive noise
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term ε (Equation 2.33):

y = r+ t+ ε, (2.33)

where ε is assumed to be an independent and identically distributed Gaussian

noise process with zero mean and variance σ2 (Equation 2.34):

εi ∼ N (0, σ2). (2.34)

Tonic Component The tonic component t represents the slow baseline

SCL and its spontaneous fluctuations. In Greco et al. it is modeled as a

linear combination of cubic B-spline basis functions plus a linear trend [176]

(Equation 2.35):

t = Bα+ Cd, (2.35)

where:

• B is an N×Q matrix whose columns are cubic B-spline basis functions

with knots typically spaced every 10 s,

• α ∈ RQ is the vector of spline coefficients,

• C is an N × 2 matrix with Ci,1 = 1 and Ci,2 = i/N , modeling offset

and linear trend,

• d ∈ R2 contains the intercept and slope parameters of the tonic drift.

Phasic Component and Sudomotor Nerve Activity The phasic com-

ponent r captures SCRs, fast changes in SC driven by discrete bursts in the

sudomotor nerve activity (SMNA). Under the assumption of a linear time

invariant peripheral system, each phasic response is modeled as the convo-

lution between a sparse, non negative SMNA driver p and a subject specific

impulse response function (IRF) h(τ) [176]. The IRF is chosen as a bi ex-

ponential Bateman function (Equation 2.36):

h(τ) =
(
e−τ/τ0 − e−τ/τ1

)
u(τ), (2.36)

where τ0 and τ1 are the slow and fast time constants, and u(τ) is the unit

step function.

In discrete time, this dynamics can be represented by an autoregressive

moving average (ARMA) system, whose transfer function H(z) can be writ-

ten as in Equation 2.37 and Equation 2.38:

H(z) =
(1 + z−1)2

ψ + θz−1 + ζz−2
, (2.37)
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with

ψ =
(τ−1

1 δ + 2)(τ−1
0 δ + 2)

(τ−1
1 δ2 − τ−1

0 δ2)
, θ =

2τ−1
1 τ−1

0 δ2 − 8

(τ−1
1 δ2 − τ−1

0 δ2)
, ζ =

(τ−1
1 δ − 2)(τ−1

0 δ − 2)

(τ−1
1 δ2 − τ−1

0 δ2)
,

(2.38)

where δ is the sampling interval.

In matrix form, the phasic response can be written as (Equation 2.39):

q = A−1p, r =Mq, (2.39)

where A and M are tridiagonal matrices defined by the ARMA coefficients,

p represents the SMNA driver, and q is an auxiliary variable used to obtain

r.

Bayesian and Convex Optimization Framework The unknown pa-

rameters (q,α,d) and the derived quantities (t, r,p) are estimated within a

Bayesian maximum a posteriori (MAP) framework. Priors enforce physio-

logically sound constraints [176]:

• SMNA p is sparse and non negative, modeled through an exponential

prior derived from a Poisson description of spike trains;

• spline coefficients α follow a Gaussian prior promoting smoothness of

the tonic component;

• the drift parameters d are given weak or uninformative priors.

Under these assumptions, the MAP problem can be formulated as a con-

vex quadratic optimization, where the cost function includes a data fitting

term and regularization terms that enforce sparsity on p and smoothness on

α, subject to non negativity constraints on the SMNA (p ≥ 0). The solution

provides three signals for each recording: the denoised SC signal, its SCL

(tonic) component, its SCR (phasic) component, and the underlying SMNA

driver.

2.4.3 EDA Features

Following the cvxEDA decomposition, several features were extracted to

quantify tonic and phasic sympathetic activity in the studies reported in

section 3.2 and section 5.2, following the approaches described in [29] and

[323].
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Let SCL(n) denote the tonic component and SCR(n) the phasic com-

ponent or a derived non specific SCR (NSSCR) sequence, defined over a

window of N samples.

Tonic Activity Features The mean and variability of the SCL provide

global indices of tonic arousal (Equation 2.40 and Equation 2.41):

SCLmean =
1

N

N∑
n=1

SCL(n), (2.40)

SCLstd =

√√√√ 1

N − 1

N∑
n=1

(
SCL(n)− SCLmean

)2
. (2.41)

Non Specific SCR Features Non specific SCRs (NSSCRs) are identi-

fied from the phasic component or from the SMNA driven SCR estimate.

According to Baldini et al [29] SCRs have a 3-5 s latency before present-

ing in response to an external stimulus. Therefore, NSSCR peaks in SCR

were calculated in the first 3 s after stimulus onset. Let {ak}Kk=1 denote the

amplitudes of the K detected NSSCR peaks within the time window 0–3 s.

The following features are commonly used (Equation 2.42–Equation 2.45):

NS-SCRn = K, (2.42)

NS-SCRpeak = max
1≤k≤K

ak, (2.43)

NS-Ampsum =

K∑
k=1

ak, (2.44)

NS-SCRmean =


1

K

∑K
k=1 ak, K > 0,

0, K = 0.
(2.45)

These indices capture, respectively, the number of non specific responses,

their maximum amplitude, the global phasic output, and the average re-

sponse magnitude in a given condition [29].
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Stimulus Locked SCR Features In event related designs, SCR features

can be linked to specific stimuli, either in the SCR or in the SMNA domain.

SCR-related features were calculated starting from 3 s after stimulus onset

until presentation of another stimulus. Let {ak}Ks

k=1 denote the amplitudes of

SCR or SMNA peaks within the post stimulus window 3–stimdur s, and let

stimdur and tonset be, respectively, the stimulus duration (in seconds) and

the stimulus onset time. The following features are typically considered [29]

(Equation 2.46–Equation 2.48):

SCRn = Ks, (2.46)

SCRpeak = max
1≤k≤Ks

ak, (2.47)

Ampsum =

Ks∑
k=1

ak, (2.48)

together with latency measures (Equation 2.49 and Equation 2.50):

Lat1 = tk1
− (tonset + 3), (2.49)

Lat2 = tk∗ − (tonset + 3), (2.50)

where tk1 is the time of the first significant SCR peak and tk∗ is the time

of the peak with maximal amplitude, both calculated starting 3 s after the

stimulus onset. These features are used to describe the timing and amplitude

of phasic responses to discrete events.

Spectral Sympathetic Index In some experiments, the sympathetic ac-

tivation was also characterized in the frequency domain by means of the

EDAsymp feature [29,323]. Let PSDEDA(f) denote the power spectral den-

sity of the EDA signal or of its tonic component. EDAsymp is defined as

the power in the band 0.045–0.25 Hz (Equation 2.51):

EDAsymp =

∫ 0.25

0.045

PSDEDA(f) df. (2.51)

This band is associated with sympathetic modulation of EDA and provides

a global index of sympathetic arousal.
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2.4.4 Nonlinear Complexity Analysis: Phase Space Re-

construction, Sample Entropy, and ComEDA

To complement conventional time and frequency domain metrics, in sec-

tion 3.2, nonlinear complexity features were extracted from the EDA signal.

Since both entropy based and phase space based measures depend on the

temporal structure of the signal, the analysis was grounded on an initial

reconstruction of the underlying dynamical system. The embedding param-

eters estimated from phase space reconstruction were then used to compute

Sample Entropy (SampEn) for the tonic and phasic components. Finally,

the spatial complexity of EDA dynamics was quantified using the ComEDA

algorithm [323], which is particularly suited for ultra short and highly non

stationary signals.

Phase Space Reconstruction Given a time series {x(1), x(2), . . . , x(N)},
which can be the cleaned EDA signal or its tonic or phasic component, the

phase space is reconstructed using Takens’ time delay embedding. For a

given embedding dimension m and time delay τ , the embedding vectors are

(Equation 2.52):

X(k) =
[
x(k), x(k − τ), x(k − 2τ), . . . , x(k − (m− 1)τ)

]
, (2.52)

for k = 1, . . . , n, with (Equation 2.53)

n = N − (m− 1)τ. (2.53)

The parameters m and τ are selected for each time series using, respectively,

the False Nearest Neighbors (FNN) method and the first minimum of the

auto mutual information function [323]. These embedding parameters were

subsequently used for the computation of nonlinear entropy based features.

Sample Entropy of Tonic and Phasic Components The temporal

complexity of the EDA signal was quantified using SampEn, a nonlinear mea-

sure of signal irregularity and unpredictability that is particularly suited for

short and noisy physiological time series. Given a time series {x(1), x(2), . . . , x(N)},
SampEn estimates the negative logarithm of the conditional probability that

two sequences of length m that are similar within a tolerance r remain simi-

lar when their length is increased to m+1. The formal definition of SampEn



2.4 Electrodermal Activity (EDA) 35

is given in Equation 2.54:

SampEn(m, r,N) = − ln

(
A

B

)
, (2.54)

where B is the number of pairs of embedded vectors of dimension m whose

mutual distance is smaller than r, and A is the corresponding number of

pairs for dimension m+ 1.

The distance between two embedded vectors um
i and um

j is computed

using the Chebyshev norm (Equation 2.55):

d
(
um
i ,u

m
j

)
= max

k=0,...,m−1
|x(i+ k)− x(j + k)| . (2.55)

The embedding dimension m and time delay τ used for SampEn compu-

tation were derived from the phase space reconstruction procedure described

above, ensuring consistency with the intrinsic dynamics of the EDA signal.

SampEn was computed separately for the SCL and the SCR components.

Higher SampEn values indicate increased temporal irregularity and complex-

ity of autonomic activity.

Angular Distances in Phase Space The distance between two phase

space vectors X(i) and X(j) is defined through the cosine of the angle be-

tween them (Equation 2.56):

dij = cos
(
θ(X(i),X(j))

)
=

X(i) ·X(j)

∥X(i)∥2 ∥X(j)∥2
, (2.56)

for all 1 ≤ i < j ≤ n. This angular distance is robust to the spiky nature

of EDA and avoids the direct use of amplitude thresholds, which can be

problematic for SCR like signals.

Probability Density Function of Distances The set of all dij values is

used to estimate a probability density function (PDF) via a kernel density

estimator with Gaussian kernel. The number of bins B for the PDF is chosen

according to Sturges’ rule. Let pi denote the probability associated with the

i th bin, so that (Equation 2.57):

B∑
i=1

pi = 1, pi ≥ 0. (2.57)
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Quadratic Rényi Entropy and ComEDA Index The spatial com-

plexity of the attractor is quantified by the quadratic Rényi entropy of the

PDF [323] (Equation 2.58):

H2 = − log2

(
B∑
i=1

p2i

)
. (2.58)

To facilitate comparisons across different conditions and time series, H2 is

normalized to the interval [0, 1] (Equation 2.59):

ComEDA = − 1

log2B
H2. (2.59)

Higher ComEDA values correspond to a more uniform distribution of dis-

tances in phase space, that is, higher spatial complexity of EDA dynamics.

This index was computed for the cleaned EDA signal.

2.5 ECG and Heart Rate Variability Analysis

Methodology

In section 4.4, ECG activity was used to quantify autonomic responses as-

sociated with emotional and cognitive states. The processing methodology

consisted of ECG preprocessing, R-peak detection using the Pan–Tompkins

algorithm, reconstruction of a uniformly sampled instantaneous HRV sig-

nal using point-process modeling, and the extraction of standard linear and

nonlinear HRV features.

2.5.1 R-Peak Detection: the Pan–Tompkins Algorithm

R-peak detection on the ECG signal was performed using the classical Pan–

Tompkins operator [337], which is robust to noise and suitable for both

short and long recordings. This algorithm remains one of the most widely

adopted approaches for ECG QRS detection and provides a stable and repro-

ducible framework for heartbeat identification, thereby limiting variability

introduced by alternative detection strategies. The algorithm [389] consists

of the following steps:

1. Band-pass filtering (0.5− 40Hz) to emphasize the QRS complex;
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2. Differentiation, defined in Equation 2.60:

yd[n] = y[n]− y[n− 1], (2.60)

3. Squaring, shown in Equation 2.61:

ys[n] = (yd[n])
2
, (2.61)

4. Moving-window integration, shown in Equation 2.62:

ym[n] =
1

M

M−1∑
k=0

ys[n− k], (2.62)

5. Adaptive thresholding for peak classification.

Detected R-peaks define the sequence of beat-to-beat intervals, as ex-

pressed in Equation 2.63:

RRi = tR, i+ 1− tR,i. (2.63)

These intervals form the basis for HRV analysis.

2.5.2 Point-Process Modeling for Continuous HRV Re-

construction

Standard HRV analysis requires converting the irregularly sampled RR in-

terval series into a continuous, uniformly sampled time series. In section 4.4,

the instantaneous heart rate (IHR) and related quantities were estimated

through a point-process probabilistic model following [30]. This method

models R-peak occurrences as a stochastic point process whose conditional

intensity function λ(t) depends on past RR intervals, typically via an au-

toregressive (AR) structure.

Conditional Intensity Function Let tk denote the sequence of R-peak

times. The conditional intensity is modeled as shown in Equation 2.64:

λ(t|Ht) =
1

µ(t|Ht)
, (2.64)

where Ht denotes the ECG history up to time t. In an AR(p) structure, the

expected waiting time µ(t) is given by Equation 2.65:

µ(t) = β0 +
∑

i = 1pβi,RRk − i. (2.65)
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Online Estimation and Uniform Sampling The model parameters are

estimated using local likelihood optimization, yielding the IHR in Equa-

tion 2.66:

IHR(t) =
60

µ(t)
. (2.66)

The IHR, also known as the instantaneous RR interval series, is then

uniformly resampled at fs = 4 Hz. This produces an HRV signal suitable for

spectral and nonlinear analysis, without the distortions typically introduced

by cubic spline interpolation or resampling of NN intervals.

2.6 Pupillometry Data Analysis

Raw pupil diameter (PD) signals may contain artifacts caused by blinking,

corneal reflections, or temporary loss of tracking. Because pupillometric

measures are particularly sensitive to blinking artifacts, tracking losses, and

processing choices, the preprocessing pipeline described below was adopted

to obtain a reliable pupillary time series and to limit variability introduced

by signal reconstruction procedures; the steps applied in such pipeline for

the study presented in section 4.3 were as follow:

1. Artifact detection: samples exceeding a threshold of 5 times the

median absolute deviation (MAD) with respect to the median value

were labelled as artifacts (Equation 2.67):

|PD(t)−median(PD)| > 5 ·MAD(PD) (2.67)

2. Interpolation: missing or invalid samples were reconstructed using

a shape-preserving cubic interpolation, namely the Piecewise Cubic

Hermite Interpolating Polynomial (PCHIP).

3. Filtering: the reconstructed signal was smoothed using a moving-

average filter of window w samples to reduce high-frequency noise.

4. Aggregation: left and right pupil signals (which are hihgly corre-

lated [241]) were averaged to obtain a single pupil diameter time series

(Equation 2.68):

PDavg(t) =
PDL(t) + PDR(t)

2
(2.68)
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2.6.1 Pupillometric Feature Extraction

After preprocessing, in section 4.3, pupillometric features were extracted

from the cleaned PD signal to characterise both its overall magnitude and

temporal dynamics. Linear and nonlinear descriptors were computed to

capture complementary aspects of pupil behaviour, which is known to reflect

cognitive load and autonomic nervous system activity.

Linear features Linear features were computed to describe the central

tendency, dispersion and extreme values of the PD signal, as well as its tem-

poral evolution. Specifically, the following metrics were extracted (Equa-

tion 2.69–Equation 2.72):

• Mean pupil diameter:

µPD =
1

T

T∑
t=1

PD(t), (2.69)

where PD(t) represents the pupil diameter at time t and T is the total

number of samples;

• Standard deviation, quantifying pupil size variability:

σPD =

√√√√ 1

T

T∑
t=1

(PD(t)− µPD)2; (2.70)

• Minimum and maximum pupil diameter values, reflecting the extreme

constriction and dilation levels reached during the task;

• Latency of minimum and maximum pupil diameter, computed as the

temporal indices corresponding to these extrema (Equation 2.71):

tmin = argmin
t
PD(t), tmax = argmax

t
PD(t). (2.71)

These latencies were included to account for task-related processing

load and response timing, which have been shown to be sensitive to

cognitive demands [233];

• Pupil dilation velocity, defined as the first temporal derivative of the

pupil diameter signal (Equation 2.72):

v(t) =
dPD(t)

dt
. (2.72)
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This feature provides information about the dynamic rate of pupil

changes over time.

Nonlinear features Pupil diameter regulation involves both sympathetic

and parasympathetic components of the autonomic nervous system, whose

interactions can generate nonlinear and potentially chaotic dynamics. To

capture these properties, the Largest Lyapunov Exponent (LLE) was com-

puted as a measure of local instability and sensitivity to initial conditions.

The LLE has been widely used in biomedical signal analysis to characterise

local instabilities in physiological time series [435].

Since nonlinear dynamics were assessed from a single physiological time

series, phase-space reconstruction was performed according to Takens’ em-

bedding theorem. The reconstructed state space was obtained by considering

m delayed copies of the pupil diameter signal, separated by a time delay τ .

The embedding dimension m was selected as the first minimum of the false

nearest neighbours function, while the time delay τ was determined as the

first minimum of the mutual information function [335].

After reconstructing the phase space, the Largest Lyapunov Exponent

was estimated as in Equation 2.73:

LLE = lim
t→∞

1

t
ln
d(t)

d(0)
(2.73)

where d(0) and d(t) represent the initial and time-evolved distances between

neighbouring trajectories in the reconstructed space. A positive LLE in-

dicates exponential divergence of nearby trajectories, reflecting chaotic dy-

namics or increased autonomic complexity, whereas a negative value suggests

convergence.

2.7 Markov-Insipired Approach for Facial Ex-

pressions Dynamic Analyses

Traditional Markov Chain (MC) formulations [209] describe a stochastic pro-

cess evolving over a finite set of discrete states, with transitions characterised

by a transition probability matrix. Classical MC models assume that, at each

time step, the system occupies a single discrete state from a predefined set

and that transitions between states satisfy the Markov property. In sec-

tion 4.4, a MC-inspired approach to model subjects’ continuous emotional
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space is adopted. Following Ekman’s emotion taxonomy [136,138], each time

point is represented by a 7-dimensional probability vector associated with

the canonical FEs (namely angry, disgust, fear, happy, neutral, sad, sur-

prise). Instead of discretising these vectors into single emotion labels, their

graded nature is preserved and temporal dynamics directly within this con-

tinuous space are modeled. To characterise emotion transitions, a transition

co-occurrence matrix (TCM) is constructed by accumulating outer products

of consecutive FE vectors (Equation 2.74),

TCM =

N−1∑
n=1

[FET
n × FEn+1] (2.74)

Each element TCMi,j quantifies the empirical co-activation between emotion

component i at time n and component j at time n+ 1. After row-wise nor-

malisation, the resulting matrix is interpreted as a continuous-state Markov

transition operator acting on the emotional probability space. This operator

captures temporal dependencies between FE distributions while avoiding the

artificial discretisation imposed by classical finite-state MC models.

The resulting TCM summarise the temporal evolution of each subject’s

emotional profile throughout the task sequence while preserving the proba-

bilistic structure of the FE outputs. Each TCM is then row-normalized with

the sum of each row (Equation 2.75):

ˆTCM = TCM ⊘ TCM × J, (2.75)

where ⊘ denotes element-wise division, and J is the all-ones matrix. Fi-

nally, each element of the TCM represents the probability of moving from one

emotional state to another. All main diagonal elements represent the proba-

bility of remaining in the same emotional state. All other elements represent

the transition probabilities from one state to another. If one or multiple of

the seven considered FE present a null probability of being reached, these

are discarded from further analysis, and ˆTCM size is reduced accordingly.

Finally, the sub-chain probability (SCP ) is computed to account for possible

transient states (i.e. states which have null probabilities of being reached in

a finite number of steps).

From the SCP continuous-state operator a total of ten standard Markov

metrics were calculated as reported below in Equation 2.76–Equation 2.80:

• Entropy Rate (ER), which is calculated as reported in Equation 2.76
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and Equation 2.77 [96];

ER(SCP ) =
∑
i

µiei, (2.76)

where:

ei := −
∑
j

pij log pij , (2.77)

is the entropy associated with each state and µi is the asymptotic

distribution of the chain;

• Stability (St), which is computed as the mean values of the SCP matrix

diagonal elements (Equation 2.78):

St(SCP ) =

∑N
n=1 pi,i
N

; (2.78)

• Spectral Gap (SpG), which is the difference, in absolute values, of the

two highest eigenvalues of the SCP [301] (Equation 2.79):

SpG = |λ1 − λ2|; (2.79)

• Mean Hitting Time (MHT): considering the i -th state, the MHT is

calculated as the average of hitting times needed to reach the i -th

state for the first time, starting from any state (Equation 2.80):

MHTi(SCP ) =

∑N
n=1mhti,n

N
. (2.80)

2.8 Data Acquisition Systems

The experimental activities carried out during this doctoral research were

centered on the validation of a multimodal acquisition system (endorsement

of compliance with the Opinion of the Ethics Committee for Research no.

275 of 04/09/2023), specifically designed to be modular and adaptable ac-

cording to the research hypothesis and experimental context. The primary

objective of validating such a system was to ensure high ecological validity,

thereby maximizing participant comfort and minimizing the intrusiveness of

the setup, while also optimizing acquisition and data management efficiency.
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To this end, the system relied predominantly on wearable, comfortable, non-

invasive, and lightweight devices, allowing participants to focus on the exper-

imental tasks with minimal distraction. Despite these advantages, wearable

technologies inherently present some limitations, including restricted battery

life, lower signal-to-noise ratios, and non-transparent calibration procedures

that often depend on manufacturer-specific implementations. A crucial re-

quirement of this research was to enable direct or indirect communication

among all sensors used, in order to achieve precise temporal synchronization

across modalities. Accurate synchronization was essential to segment phys-

iological signals according to salient temporal markers associated with task

events. In some cases, this was facilitated by employing sensors produced

by the same manufacturer, which ensured compatibility through validated

communication protocols. In other setups, synchronization had to be re-

constructed offline, by identifying salient markers and aligning them across

signals recorded at different sampling frequencies.

2.8.1 EEG Systems

Throughout the doctoral work, neural activity was recorded using two dif-

ferent EEG systems:

• DSI-24 (Wearable Sensing, San Diego, CA, USA): a 24-channel,

19 of which are EEG channels, wireless dry-electrode headset (Fig-

ure 2.4, left), providing fs = 300Hz and rapid setup. The raw EEG

signals recorded by the DSI-24 are all referred to the Pz electrode,

and the other 18 EEG electrode locations follow the international 10-

20 layout: Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, T3, T4, T5,

T6, P3, P4, O1, O2. The system can integrate external EDA (see

subsection 2.8.2), ECG and respiration modules, allowing for auxiliary

physiological measurements within the same hardware unit;

• SAGA 32+ (TMSi, Oldenzaal, Netherlands): a 32-channel gel-

based amplifier (Figure 2.4, right), used for high-density and low-noise

neural recordings. It provides sampling frequency up to 1000Hz, and

electrode placement follows the international 10-20 layout.
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Figure 2.4: EEG acquisition systems used in the project: DSI-24 dry-

electrode system (left) and SAGA 32+ gel-based system (right).

2.8.2 Autonomic Nervous System Systems

Autonomic activity was monitored using Shimmer3 sensors (Shimmer Sens-

ing, Dublin, Ireland) and complementary low-cost modules, depending on

the required flexibility:

• EDA: acquired using the DSI-24 external EDA module (Figure 2.5)

and, in specific configurations, via a Grove GSR module connected to

an Arduino MKR WiFi 1010 board (Figure 2.6). EDA electrodes were

consistently placed on the medial phalanges of the index and middle

fingers belonging to the non-dominant hand to maximize signal-to-

noise ratio;

• ECG: recorded using Shimmer3 ECG units (Shimmer Sensing, Dublin,

Ireland) (Figure 2.7) and RUSA textile sensors (Smartex, Pisa, Italy)

with fully integrated fabric electrodes and a dedicated SEW acquisition

module (Figure 2.8).

2.8.3 Pupillometry, Voice and Facial Expression Data

Pupillary activity was monitored using Tobii Pro Glasses 3 (Tobii, Stock-

holm, Sweden, Figure 2.9), which provided real-time gaze estimation, pupil
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Figure 2.5: DSI-24 GSR external module (left) and proper positioning of the

electrodes on the non-dominant hand of subjects (right).

Figure 2.6: Grove GSR module (left) and Arduino MKR WiFi 1010 (right)

used for EDA acquisition.

diameter, and scene recording. The system allowed free head movement

and was therefore suitable for semi-naturalistic experiments and interactive

tasks.

Voice recordings were acquired using the Shure SM58 (Shure Inc., Niles,

IL, USA) to capture speech at fs = 44.1kHz. The microphone was con-

nected to the TASCAM-366 audio interface (TASCAM, Tokyo, Japan) which

allowed for computer recording through a USB port connection (Figure 2.10).

FE data were collected using integrated or externally mounted webcams

positioned on or near the stimulus presentation screen. These cameras cap-

tured the participants’ FEs throughout the experimental tasks. Continuous

screenshots of the face (fs = 1Hz) were subsequently analyzed using the

Web-Agile Facial Emotion Recognition (WAFER) system [180], a browser-

based framework capable of identifying and classifying FEs into the seven

basic emotions postulated by Ekman’s theory of emotions (angry, disgust,

fear, happy, neutral, sad and surprise) [135]. The outputs of this analysis
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Figure 2.7: Shimmer3 devices used for EDA and ECG acquisition.

Figure 2.8: RUSA Wearable fabric-electrode ECG strap band.

were expressed as percentage probabilities for each emotion, summing up to

100%.

2.8.4 Synchronization Infrastructure

Temporal synchronization across different signal recordings was achieved

using the Wearable Sensing Wireless Trigger Hub (Wearable Sensing, San

Diego, CA, USA, Figure 2.11). Two synchronization mechanisms were em-

ployed:

• Hardware push-button: sending a digital trigger simultaneously to

EEG devices and auxiliary sensors;

• Photodiode-based triggering: a photodiode placed on the stimulus
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Figure 2.9: Tobii Pro Glasses 3 used for pupil-based measurements.

Figure 2.10: TASCAM-366 audio interface (left) and Shure microphone

(right) used for voice recordings.

monitor detected the onset of white/black markers rendered by the

presentation script, enabling alignment of visual events with recorded

data at millisecond precision.

Other synchronization techinques included manual alignment with the

devices’ timestamp and manual trigger reconstruction using the video record-

ing of Tobii Pro Glasses3.

2.8.5 Data Management and Processing

All signals were processed using MATLAB (The MathWorks, Inc., Natick,

MS, USA) and dedicated toolboxes, such as EEGLAB [120] and Biovoice

[315], or implemented algorithm such as cvxEDA [88,176] and Pan–Tompkins
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Figure 2.11: Trigger Hub for hardware-level synchronization across different

acquisition devices.

[337,390], supported by several custom scripts for artifact correction, feature

extraction and temporal alignment.

2.9 Psychological Assessment Tools

Across the experimental studies conducted over the course of the doctoral

research, a set of validated psychological instruments was employed to sys-

tematically quantify participants’ emotional states, subjective affect, self-

awareness, and empathic disposition. These tools provided essential behav-

ioral and self-report measures that complemented the multimodal physiolog-

ical recordings collected throughout the various protocols.

PANAS Originally developed by Watson et al. in 1988 [448], the Posi-

tive and Negative Affect Schedule (PANAS) is a self-report scale structured

in a five-point Likert format. It assesses emotional experience along two

broad and largely independent dimensions: Positive Affect (PA), reflecting

enthusiasm, alertness, and engagement, and Negative Affect (NA), reflecting

distress, discomfort, and aversive mood states. The scale’s strong psychome-

tric properties, including high reliability, internal consistency, and sensitivity

to both situational and dispositional variations [97,282] make it particularly

suitable for capturing fluctuations in affective tone associated with cognitive

load, sensory stimulation, or emotionally salient contexts.

Watson et al. demonstrated that PANAS is both reliable and valid,

reporting Cronbach’s alpha values between 0.86 and 0.90 [448] for the original

English version. In chapter 4, PANAS was used to assess Italian, Korean and
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Japanese participants’ emotional state before, during and after playing two

digital games. In this context, the Italian version of PANAS, validated by

Terraciano et al., was administered to Italian participants [427]. This version

of the scale demonstrated an internal reliability coefficient of α = 0.76 [427].

For Korean participants, a modified PANAS version was used, differing from

the original by including 11 negative and 9 positive items. According to Lee

et al., this adjustment was made due to the cultural interpretation of the

word ”Alert,” which carries a negative comprehension in Korean [261]. This

version demonstrated reliability scores of 0.88 for positive affect and 0.87

for negative affect [261]. Finally, the Japanese version of PANAS, validated

by Kawahito et al., was employed for Japanese participants [377]. This

adaptation retained the original structure of 10 positive and 10 negative

items, with reliability coefficients of 0.87 for positive affect and 0.88 for

negative affect [377].

SAM In chapter 5 the Self-Assessment Manikin (SAM) [54] provided a

nonverbal, pictorial measure of participants’ momentary emotional reactions

along three core affective dimensions: Valence, Arousal, and Dominance.

The pictorial nature of SAM reduces cognitive load and linguistic biases,

allowing participants to quickly and intuitively report their perceived emo-

tional state. This was particularly advantageous in experiments involving

cognitive demands, immersive virtual environments, or rapid stimulus pre-

sentation, where verbal reporting could disrupt the task structure or intro-

duce confounds. SAM scores were crucial for linking the subjective percep-

tion of emotional impact to objective physiological responses such as EDA

responses and EEG-derived markers of engagement. Moreover, the domi-

nance dimension offered insights into self-perceived control and agency, as-

pects that proved relevant in studies examining participants’ responses to

challenging or emotionally evocative scenarios.

IRI To extend the analysis from affective perception to trait-level empathic

functioning, in section 5.1 the research also employed the Interpersonal Reac-

tivity Index (IRI) [115]. The IRI is one of the most comprehensive self-report

tools for assessing empathy, conceptualized as a multidimensional construct

comprising both cognitive and affective components. It consists of four sub-

scales, each capturing distinct but complementary facets of interpersonal

sensitivity:
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• Perspective Taking (PT), assessing the tendency to spontaneously adopt

others’ psychological viewpoints;

• Fantasy (FS), reflecting the propensity to imaginatively transpose one-

self into fictional situations;

• Empathic Concern (EC), measuring feelings of warmth, compassion,

and concern for others;

• Personal Distress (PD), evaluating self-oriented feelings of discomfort

and anxiety in tense interpersonal contexts.

This four-dimensional structure is widely recognized in the literature and

provides a nuanced description of empathy that aligns with contemporary

frameworks distinguishing cognitive empathy, affective resonance, and self-

oriented distress [117, 307]. Within the present research, the IRI offered a

trait-level index of empathic predisposition that could modulate participants’

perceptual, emotional, and physiological responses to stimuli. For example,

higher empathic concern has been associated with stronger autonomic en-

gagement when observing emotionally salient scenes, whereas high personal

distress can relate to increased physiological arousal but reduced regulatory

control.

QCAE, TAS 20, SPS and SIAS To explore empathic dispositions, in

the cross-biofeedback hyperscanning affective task reported in section 5.3,

four questionnaires were administered to volounteers. The Questionnaire

of Cognitive and Affective Empathy (QCAE) [185] was administered as a

multidimensional tool capturing two core components of empathy: Cogni-

tive Empathy (CE), reflecting the ability to understand and infer others’

mental and emotional states, and Affective Empathy (AE), denoting emo-

tional responsiveness and resonance with others’ experiences. In addition to

empathy-related constructs, the Toronto Alexithymia Scale (TAS 20) [196]

was employed to evaluate individual differences in emotional awareness and

the ability to identify and describe one’s own affective states. Given its three-

factor organization, encompassing difficulty identifying feelings, difficulty de-

scribing feelings, and externally oriented thinking, the TAS 20 provided a

trait-level index of emotional processing styles. Finally, the assessment of so-

cial anxiety was refined through the combined use of the Social Phobia Scale

(SPS) [196] and the Social Interaction Anxiety Scale (SIAS) [361]. While
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the SPS captures fears related to being observed and negatively evaluated

by others, the SIAS targets anxiety arising in direct interpersonal encounters.

Their complementary nature allowed for a detailed differentiation between

evaluative and interactional components of social anxiety, dimensions that

are known to modulate stress reactivity, attentional deployment, and auto-

nomic arousal.



52 Theoretical and Methodological Framework



Chapter 3

Neurophysiological Responses

to Natural and Non-Natural

Stimuli: From Faces to Lexical

Units

This chapter investigates how the human nervous system pro-

cesses perceptual and linguistic stimuli that differ in authentic-

ity and semantic content, by integrating central and autonomic

physiological measures. Two experimental paradigms are pre-

sented, distinct in modality but conceptually aligned in their con-

trast between natural, meaningful stimuli and non-natural or non-

meaningful counterparts. The first paradigm focuses on face pro-

cessing, comparing neural responses to real faces and deepfakes

displaying different emotional expressions. Using the EEG, the

study examines ERPs and power spectral activity associated with

perceptual authenticity and affective processing, providing insight

into how synthetic visual content is discriminated at the neu-

ral level. The second paradigm addresses speech and language

processing through a controlled repetition task contrasting exist-

ing words and pseudowords. By combining EEG markers of se-

mantic and phonological processing, EDA as an index of sym-

pathetic arousal, and acoustic features of voice production, this

study characterizes cognitive load and speech-related effort in the

53
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absence of lexical-semantic information. These paradigms of-

fer complementary perspectives on how the brain and periph-

eral systems respond to stimuli that vary in familiarity, realism

and meaning, contributing to the understanding of natural versus

non-natural information processing. 1

Human cognition is fundamentally grounded in the capacity to extract

structure and meaning from sensory inputs under varying degrees of familiar-

ity, semantic content and contextual relevance. Even in highly constrained

experimental conditions, perceptual and cognitive processing emerges from

the interaction between central neural mechanisms and peripheral autonomic

regulation. For this reason, paradigms based on simple and well-controlled

stimuli provide an essential starting point for characterizing the basic psy-

chophysiological organization that underlies more complex cognitive, emo-

tional and social behaviors. This chapter presents two experimental studies

that constitute the most controlled level of the experimental program devel-

oped in this thesis. As outlined in the global structure of the work, these

paradigms serve as a reference point for subsequent chapters by isolating

fundamental processes of perception and cognitive evaluation while mini-

mizing task demands, contextual ambiguity and social interaction. Despite

their simplicity, both paradigms are specifically designed to probe how the

human nervous system responds when confronted with stimuli that differ

in familiarity, identifiability or semantic grounding. The first study focuses

on face processing, a highly specialized and evolutionarily salient human

ability. Faces represent a privileged category of visual stimuli, rapidly con-

veying information about identity and emotional state. In this paradigm, the

contrast between real human faces and AI-generated synthetic faces allows

the investigation of how perceptual authenticity and emotional expression

modulate neural responses under controlled viewing conditions. By relying

on high-temporal-resolution EEG measures, the study targets early and in-

1The section 3.1 of this chapter has been published as “Real and deepfake face recog-

nition: An EEG study on cognitive and emotive implications” in Brain Sciences, vol. 13,

iss. 9, pp. 1233, 2023 [424]. The section 3.2 of this chapter has been published as “Event-

Related Potentials in Complex and Simple Words-Pseudowords Aloud Reading Task” in

46th Annual International Conference of the IEEE Engineering in Medicine and Biol-

ogy Society (EMBC), vol. 2024, pp. 1–4, 2024 [422] and as “Electrodermal activity and

acoustical analysis in a words/non-words reading task” in Models and Analysis of Vo-

cal Emissions for Biomedical Applications: 13th International Workshop, pp. 99–102,

2023 [64].
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termediate stages of perceptual and evaluative processing, offering insight

into the neurophysiological mechanisms engaged when natural and artifi-

cial visual stimuli are discriminated. The second study addresses speech

and language processing through a structured word and pseudoword repeti-

tion task. Pseudowords constitute a canonical tool in psycholinguistic and

clinical research, as they preserve phonological plausibility while removing

lexical-semantic content. This paradigm enables the selective engagement of

phonological encoding, working memory and articulatory planning, provid-

ing a controlled manipulation of cognitive load without introducing semantic

variability. In this context, the integration of EEG, electrodermal activity

and acoustic voice features allows the joint examination of neural dynamics,

autonomic arousal and speech production characteristics during linguistic

processing. Although the two paradigms differ in sensory modality and task

demands, they share a common conceptual framework. Both contrast mean-

ingful, familiar or natural stimuli with counterparts that are non-semantic,

unfamiliar or artificial, and both examine how such contrasts shape central

and peripheral physiological responses. From a broader perspective, these

studies address a core question that recurs throughout the thesis: to what

extent psychophysiological markers reflect general principles of cognitive or-

ganization versus domain-specific processing mechanisms. By establishing a

baseline characterization of neural and autonomic responses in minimal ex-

perimental settings, this chapter provides a foundation for interpreting the

more complex and ecologically enriched paradigms presented in the following

chapters. The patterns identified here serve as reference points against which

the modulation introduced by active task engagement, emotional content and

social interaction can be evaluated, supporting a coherent and progressive

interpretation of psychophysiological dynamics across contexts.

3.1 Real and Deepfake Face Recognition an

EEG Study on Cognitive and Emotive Im-

plications

3.1.1 Introduction

The human brain’s ability in face processing (FP) is crucial, as the decision

on how to interact with other individuals mainly depends on the outcome



56
Neurophysiological Responses to Natural and Non-Natural

Stimuli: From Faces to Lexical Units

of the recognition process [340]. Face recognition (FR) is a cognitive pro-

cess whereby humans identify and discriminate between individuals based

on facial features; its abilities vary across individuals and can be influenced

by experience, familiarity, and attentional focus [211]. It involves activat-

ing and integrating specialized brain regions, such as the fusiform face area

(FFA), which plays a key role in face processing [218]. Neural networks

within the FFA extract relevant facial information, enabling the encoding

and retrieval of facial representations from memory. The FFA, localized

within the fusiform gyrus (FG), is responsible for extracting the consistent

elements of facial features and their spatial arrangements that are inherently

linked to a person’s identity. Specifically, the FFA is highly specialized in

analyzing and discerning facial features, enabling the recognition and differ-

entiation between individuals’ faces. The FFA showed increased activation

when individuals perceive faces, in contrast to other objects or stimuli [25].

Faces can also be differentiated for their emotional content, and previous

studies have largely investigated the recognition processes of face emotional

expressions [4, 194].

Early models of face perception, such as the influential model proposed by

Bruce and Young [61], revealed distinct pathways for perceiving and recog-

nizing different aspects of personal attributes from faces, including identity,

emotion, and facial speech. According to these models, separate cognitive

processes were involved, contributing to the overall understanding of FP.

Observing emotional expressions on another person’s face allows to gather

information about the emotions they are experiencing and elicit similar emo-

tional responses within ourselves. The perception of emotional expressions

plays a vital role in social interactions and has been shown to activate brain

regions involved not only in perceiving facial stimuli but also in experiencing

one’s own emotions [194]. It suggests a close link between the perception

of emotions in others and our own emotional experiences, highlighting the

intricated relationship between social cognition and emotional processing.

According to Adolphs [3], several brain regions involved in basic emotion

recognition, including the temporo-occipital, orbito-frontal, and right pari-

etal cortices, are engaged in processing the perceptual aspects and the emo-

tional significance of stimuli. These regions are crucial in perceiving and

analyzing the visual information of stimuli and assigning emotional value

and significance to them. It suggests that these brain regions are involved

in the integrated processing of perceptual and emotional aspects of stimuli.
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Brain regions can be categorized as ’affective’ or ’cognitive’. However, it

is evident that the brain regions typically associated with affective processes

also play a role in cognition, and those considered cognitive regions also

contribute to emotions. Noteworthy, cognition and emotion are strictly in-

tegrated and a complex cognitive–emotional dynamic exists among various

brain networks. Emotion and cognition strongly influence behavior. Fur-

thermore, the neural basis of emotion and cognition is highly interconnected

and should be viewed as non-modular, with minimal capacity for decompo-

sition [345].

In recent years, the rapid development of artificial intelligence (AI) has

given rise to a concerning phenomenon known as deepfakes. Deepfakes are

realistic digital media content, particularly images or videos, that portray

false information and can be created from scratch or by modifying authentic

content through deep learning algorithms. Media advanced creation tech-

nologies based on deep learning algorithms are universally acknowledged as

a serious threat to a person’s reputation and digital identity, and, as the

prevalence of deepfakes continues to grow, it becomes crucial to investigate

their potential effects on human perception and cognition [319].

In the last decades, the human ability to distinguish between real and

AI-generated faces has been investigated. Specifically, neuroscience research

focused on how synthetic stimuli affect people’s capacity for face recognition

tasks [98]. Multimedia forensic research investigated how much face-mixing

operations (i.e., a face manipulation where two faces are mixed to create a

hybrid one carrying traits of both original faces) are perceived by people.

Ensuring restricted access to locations or services is of utmost importance,

particularly in the context of face authentication systems, to prevent unau-

thorized entry [285]. Several studies [147, 202, 236, 283] have reported that

humans can still generally detect AI-generated media content correctly.

Recently, studies on EEG correlates investigated viewers’ ability to distin-

guish familiar and unfamiliar people from their face-swapped counterparts.

Results showed that it is possible to discriminate fake videos from genuine

ones when at least one face-swapped actor is known to the observer [425].

Synthetic faces can also exhibit a broad range of emotions. Investigation

of brain reactions to facial expressions is becoming a widespread research

area, aiming to better understand emotional processing and cognitive mech-

anisms. Even though traditional models suggest that facial identity and

expression are processed in distinctive brain areas, the current findings high-
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light that emotion processing can strongly influence facial recognition and

memory mechanisms [2]. Finally, other studies have shown that FP in adults

is modulated by the emotional relevance of faces, especially those with ex-

pressions of fear [265].

The main objective of this work is to explore the capacity of individuals

to discriminate between real and fake faces generated by AI, with a partic-

ular focus on emotional expressions. This research is also motivated by the

need to better understand the implications of deepfakes on human perception

and the potential challenges they pose to distinguish between authentic and

manipulated visual stimuli. Neural correlates of face processing and emotion

recognition are investigated. Moreover, ERPs are evaluated as they offer a

valuable understanding of the timing and neural mechanisms that underlie

cognitive functions like perception, attention, and memory, with a high level

of temporal precision. section A.1 reports all the 60 faces used for the stimu-

lation (Figure A.1) and the statistical analysis outcomes for the PSD-related

feature for the emotional comparison (Figure A.2 and Figure A.3).

3.1.2 Materials and Methods

Participants In total, 45 healthy volunteers were involved in the exper-

imental sessions, but only 23 of them (13 F and 10 M; mean age = 24.7

years, std age = 2.8 years, median age = 25 years, age range = 19 to 29

years) were included in the study analyses. All subjects reported normal or

corrected-to-normal visual acuity. This study was approved by the Institu-

tional Review Board (endorsement of compliance with the Opinion of the

Ethics Committee for Research no. 275 of 04/09/2023), and all participants

gave written informed consent.

Experimental Protocol Volunteers were subjected to 60 grayscale visual

stimuli representing human faces, both synthetic or real, and expressing

positive, neutral, or negative emotions. During the experimental session,

room temperature (25◦C) and illumination condition (∼7800 lumen) were

maintained constant; subjects were asked to sit on a chair, and the distance

between the subject’s head and monitor was 60 cm. All images were resized

to have fixed dimensions (1024 pixel × 1024 pixel) and resolution (96 dpi)

and were presented centered over a uniform background on the screen of a

24-inch full high-definition (HD) monitor. Real stimuli were selected from

a set of Caucasian faces (age range: 20–50 years) included in the CK+
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face database [276] by looking at the arousal and valence scores. The same

face dataset was used for all participants, who were unfamiliar with the

presented faces.

Synthetic faces were generated through a generative-AI algorithm (i.e.,

FaceMix) [1] by mixing together 4 grayscale real images, all expressing the

same type of emotion, randomly sampled each time from the real faces set.

Stimuli were presented only once, balanced in sex, type of emotional facial

expression (positive, neutral, negative), and type of image, i.e., synthetic or

real. The dataset comprised three classes, specifically, the synthetic class,

real class, and emotional class, where the latter included both real and syn-

thetic faces split for the 3 different emotional expressions. Volunteers sat

on a chair wearing an EEG helmet in front of a monitor where stimuli were

presented. The experimental protocol was composed of two phases, as shown

in Figure 3.1.

Figure 3.1: Face recognition experimental protocol timeline.

The first phase was a 4 min baseline acquisition with 2 min of closed and

2 min of open eyes. In the second phase, subjects observed 60 images of faces

(for a complete overview, please refer to Figure A.1 in section A.1), composed

by 3 sets of 20 faces (10 real and 10 synthetic). Each set contained faces as-

sociated exclusively with a polarized mood: positive (happy or smiling faces,

Figure 3.2a,b and Figure A.1a), referred to as ”happy”; neutral (relaxed

faces, neutral expressions, Figure 3.2c,d and Figure A.1b); or negative (sad,

angry or discomforted faces, Figure 3.2e,f and Figure A.1c), referred to as

”sad”. Both faces and sets were presented randomly for each subject. Each

face was observed for 10 seconds by the subject, who was requested to finally

press ”z” or ”m” on a keyboard if the presented stimuli were, respectively,

considered synthetic or real. Image presentation and response times were,

respectively, managed and recorded through the software interface.

EEG monitoring and acquisition were performed through the DSI-24 hel-

met (Wearable Sensing, San Diego, CA, USA), wirelessly connected to the
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Figure 3.2: Example of synthetic (a,c,e) and real (b,d,f) faces expressing

positive (a,b), neutral (c,d), and negative emotions (e,f) used as stimuli.

Trigger Hub (Wearable Sensing, San Diego, CA, USA) for synchronization

purposes by means of a photodiode applied to the screen. EEG and trigger

data were collected at a sampling frequency of 300 Hz (see subsection 2.8.1).

Signal Processing Chain EEG data were analyzed in MATLAB envi-

ronment through EEGLAB [120] for continuous and event-related EEG pro-

cessing. EEG signals were pre-processed following the standardized HAPPE

workflow [164], as previously described in subsection 2.3.1 (band-pass filter-

ing 1–45 Hz). After performing HAPPE (Figure 3.3), EEG signals were split

into 10 s epochs, one for each presented face. Of the total 1360 extracted

epochs (Table 3.1), 1224 were retained for further analysis (Table 3.2), while

136 were excluded by segmentation and rejection processes.

Statistical Analysis For each epoch, the average power spectrum in the

6 frequency bandwidths of analysis (i.e., delta, 1–4 Hz; theta, 4–7 Hz; alpha,

8–12 Hz; low-beta, 13–17 Hz; high-beta, 18–32 Hz; gamma, 32–48 Hz) was

computed with a 300-point fast Fourier transform (FFT) without overlap.
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Figure 3.3: Example of EEG data from P3 channel before (a,c,e) and after

(b,d,f) performing HAPPE.
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PSD-related features were computed as the relative power densities for each

band by normalizing the mean power spectra of each band by the power

spectrum mean value in the 1–48 Hz range [316].

The event-related potential (ERPs) analysis were condected without per-

forming baseline correction [119]. The N100 (80–120 ms) [275], P100 (90–

140 ms) [299], face-specific N170 (140–210 ms) [317], and N250 (200–300

ms) [388] and early P300 (300–400) [317] components were investigated in left

temporo-occiptal (LTO, includes T3, T5, and O1 channels), right temporo-

occipital (RTO, includes T4, T6, and O2 channels), left frontal (LF, includes

F3 and F7 channels), and right frontal (RF, includes F4 and F8 channels) ar-

eas. For each ERP component, the total area and the latency were computed

for every subject, as previously described in subsection 2.3.2.

Epochs were labeled as follows to facilitate further analysis:

• Happy—in these epochs, the presented face expressed a ”happy” emo-

tion;

• Neutral—in these epochs, the presented face expressed a neutral emo-

tion;

• Sad—in these epochs, the presented face expressed a ”sad” emotion;

• tt (i.e., true–true)—in these epochs, the presented face was real,

and the subject’s answer was ”real”;

• ff (i.e., false–false)—in these epochs, the presented face was synthetic,

and the subject’s answer was ”synthetic”;

• tf (i.e., true–false)—in these epochs, the presented face was real,

and the subject’s answer was ”synthetic”;

• ft (i.e., false–true)—in these epochs, the presented face was synthetic,

and the subjects’ answer was ”real”.

Since the EEG-related PSD-extracted features were not normally dis-

tributed according to the Shapiro–Wilk test, surrogate tests were performed

for statistical analysis [145]. The bootstrap method was performed to esti-

mate statistics by sampling the dataset with replacement. After performing

bootstrap statistics, a paired t-test was carried out to verify whether the

mean values of the parameters were statistically different at a significance
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Table 3.1: Epochs division according to labels before HAPPE.

Epochs Label tt ff tf ft Total Percentage

happy 173 172 57 58 460 33.3%

neutral 180 181 50 49 460 33.3%

sad 171 172 59 58 460 33.3%

total 524 525 166 165 1380 100%

percentage 38% 38% 12% 12% 100%

Table 3.2: Epochs division according to labels after HAPPE.

Epochs Label tt ff tf ft Total Percentage

happy 148 151 51 45 395 32.3%

neutral 159 162 45 43 409 33.4%

sad 158 153 56 53 420 34.3%

total 465 466 152 141 1224 100%

percentage 38% 38.1% 12.4% 11.5% 100%

level of 95% (p < 0.05). For emotional comparisons, a post hoc Bonferroni

correction was performed.

As for the ERP statistical analysis, the Shapiro–Wilk test was also per-

formed on total area and latency features. If both conditions under com-

parison were normally distributed, a paired t-test was used, or the Wilcoxon

rank-sum test was performed. For emotional comparisons, a post hoc Tukey–

Kramer correction was performed. Statistical comparison tests were orga-

nized as follows:

• Imfalse vs. Imtrue: comparison between synthetic and real stimulation.

– HappyF vs. HappyT: comparison between synthetic happy and

real happy stimulation.

– NeutralF vs. NeutralT: comparison between synthetic neutral

and real neutral stimulation.

– SadF vs. SadT: comparison between synthetic sad and real sad

stimulation.

• Happy vs. Neutral: comparison between happy vs. neutral emotions
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– Imfalse H vs. Imfalse N: comparison between synthetic happy vs.

synthetic neutral emotions.

– Imtrue H vs. Imtrue N: comparison between real happy vs. real

neutral emotions

• Happy vs. Sad: comparison between happy vs. sad emotions

– Imfalse H vs. Imfalse S: comparison between synthetic happy vs.

synthetic sad emotions

– Imtrue H vs. Imtrue S: comparison between real happy vs. real

sad emotions

• Neutral vs. Sad: comparison between neutral vs. sad emotions

– Imfalse N vs. Imfalse S: comparison between synthetic neutral

vs. synthetic sad emotions

– Imtrue N vs. Imtrue S: comparison between real neutral vs. real

sad emotions

3.1.3 Results

This section reports on the statistical results regarding PSD and ERP fea-

tures. In the first subsection, results of power spectrum analysis delta, theta,

alpha, low-beta, high-beta, and gamma bands are shown, while in the second

subsection, the results of the ERP analysis are reported.

Power Spectrum Analysis

Power spectrum statistical analysis is reported through scalp topographic

maps (STMs). STMs describe the spatial distribution of extracted param-

eters, computed at the electrode position, across the brain. To simplify

visualization, false-colors STM (FCSTMs) highlighting the statistically sig-

nificant areas (p < 0.05, p < 0.01 and p < 0.001) were used. Non-significant

areas were standardized with the color grey. The FCSTM represents the

p-value of the paired t-test comparing the averages of the two conditions

under investigation. If an area of the FCSTM assumes warm colors (yellow,

orange, red), the first term of the comparison is statistically greater than

the second one; on the contrary, if the area assumes cold colors (cyan, light

blue, blue) the second term is statistically greater than the first.
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Moreover, in this study, a set of stimuli that integrated cognitive and

emotional processes was proposed. This complex set of stimuli required a

specific investigation on the brain dynamic and the temporal resolution of

FR process. Therefore, epoch analysis was performed on three different

time intervals: 0–5 s, 5–10 s, and 0–10 s, allowing an interesting comparison

among the first half (0–5 s), the second half (5–10 s), and the entire epoch

(0–10 s) durations.

Originality comparison As for the ”Imfalse vs. Imtrue” comparison,

results of statistical analysis, as reported by Figure 3.4 (0–5 s), Figure 3.5

(5–10 s), and Figure 3.6 (0–10 s), show significant delta activation for deep-

fakes in the frontal (Figure 3.5a and Figure 3.6a) and right occipital areas

(Figure 3.4a, Figure 3.5a and Figure 3.6a); also, the left temporal area (Fig-

ure 3.5e and Figure 3.6e) shows significant high-beta activations for deep-

fakes, whereas significant turn-ons for real faces are shown in theta in the

right frontal area (Figure 3.4b and Figure 3.6b), in alpha in the right occipital

(Figure 3.4c and Figure 3.6c) and left central areas (Figure 3.4c, Figure 3.5c

and Figure 3.6c), and in high-beta and gamma in the right parietal area

(Figure 3.5e,f and Figure 3.6e,f).

Figure 3.4: STMs of significant statistical activation of brain areas for ”Im-

false vs. Imtrue” comparison (0–5 s). (a) delta band, (b) theta band, (c)

alpha band, (d) low-beta band, (e) high-beta band, (f) gamma band.
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Figure 3.5: STMs of significant statistical activation of brain areas for ”Im-

false vs. Imtrue” comparison (5–10 s). (a) delta band, (b) theta band, (c)

alpha band, (d) low-beta band, (e) high-beta band, (f) gamma band.

Figure 3.6: STMs of significant statistical activation of brain areas for ”Im-

false vs. Imtrue” comparison (0–10 s). (a) delta band, (b) theta band, (c)

alpha band, (d) low-beta band, (e) high-beta band, (f) gamma band.
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Emotional Comparison As for the emotional comparison, the results of

significant EEG activation are briefly reported in Figure 3.7 (0–10 s). For a

complete overview of the results regarding emotional comparison, please refer

to Figure A.2 and Figure A.3 in section A.1.

• In the ”Happy vs. Neutral” comparison, greater significant activation

was in the delta band in the frontal and occipital areas (Figure 3.7a,

Figure A.2a and Figure A.3a) and in the alpha band in the left tem-

poral and right parietal areas (Figure 3.7c and Figure A.3c) for faces

expressing neutral emotions.

• In the ”Happy vs. Sad” comparison, greater significant activities were

in the theta band in pre-frontal and left occipital areas (Figure 3.7h

and Figure A.3h) and in the low-beta band in the frontal and right

occipital areas (Figure 3.7j and Figure A.3j) for faces expressing pos-

itive emotions, whereas there was greater significant activation in the

alpha band in the left temporal area (Figure 3.7i and Figure A.2i)

and in high-beta band in the right frontal area (Figure 3.7k and Fig-

ure A.2k) for faces expressing negative emotions. It is worth noting

that in the first 5 seconds (Figure A.2g–l), faces expressing negative

emotions elicited more significant activation, whereas in the last 5 s

of the epoch (Figure A.3g–l), faces expressing positive emotion were

predominant in determining statistical significance.

• In the ”Neutral vs. Sad” comparison, significant activations in the

low-beta band were found in the right occipital and left temporal areas

(Figure 3.7p, Figure A.2p and Figure A.3p) for faces expressing neutral

emotions.

ERP Analysis

ERP analysis was performed considering four areas of the cerebral cortex:

LF, RF, LTO, and RTO. This was due to the different roles which these

areas serve in face processing (LTO and RTO, as reported by Barton [36])

and decision making (LF and RF, as reported by Collins et al. [92]).

Originality Comparisons Statistical analysis on ERP components for

originality comparison provided the following results (Table 3.3 and Fig-

ure 3.8).
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Figure 3.7: STMs of significant statistical activation of brain areas in emo-

tional comparisons (0–10 s). ”Happy vs. Neutral” comparison (a–f): (a)

delta band, (b) theta band, (c) alpha band, (d) low-beta band, (e) high-

beta band, (f) gamma band. ”Happy vs. Sad” comparison (g–l): (g) delta

band, (h) theta band, (i) alpha band, (j) low-beta band, (k) high-beta band,

(l) gamma band. ”Neutral vs. Sad” comparison (m–r): (m) delta band,

(n) theta band, (o) alpha band, (p) low-beta band, (q) high-beta band, (r)

gamma band.
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Table 3.3: Statistical analysis results on ERP components total area and

latency in originality comparisons (deepfakes vs. real faces). Prevalence is

reported in brackets; ”F” stands for false and ”T” for true.

Comparisons LF RF LTO RTO

Imfalse vs. Imtrue P300 (T) ↑ N250 (T) ← N250 (T) ← -

HappyF vs. HappyT N100 (F) ← - P300 (T) ↑ -

NeutralF vs. NeutralT - - - N170 (F) ←
SadF vs. SadT N250 (T) ← - P100 (F) ↑ -

↑ = significance in total area, ← = significance in latency.

Figure 3.8: ERP (0–500 ms) in LF (a), RF (b), LTO (c), and RTO (d) areas

for ”Imfalse vs. Imtrue” comparison. Significant p-values (p < 0.05) for

total areas are reported with the ⋆ (indicating prevalence) and • symbols,

whereas for latency, they are reported with the ◀ (indicating prevalence)

and ▶ symbols.
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Emotional Comparison As for the statistical analysis on ERP compo-

nents for emotional comparisons, this produced the following results (Ta-

ble 3.4).

Table 3.4: Results of statistical analysis on ERP components total area and

latency for emotional comparisons (multiple comparisons between happy,

neutral, and sad faces). Prevalence is reported in brackets; ”H” stands for

happy, ”N” for neutral, and ”S” for sad.

Comparisons LF RTO

Happy vs. Neutral - P100 (H) ↑
Happy vs. Sad - P100 (H) ↑

Imfalse N vs. Imfalse S N100 (N) ↑ -

Imtrue N vs. Imtrue S N170 (S) ↑ -

↑ = significance in total area.

3.1.4 Discussion

This study aimed to investigate how people could distinguish between real

and AI-generated faces emphasizing emotional expressions and comprehend

the effects of deepfakes on human perception and the possible difficulties

they present in differentiating between real and artificial visual stimuli. To

this purpose, statistical analyses of EEG correlates in terms of PSD- and

ERP-related features were performed.

On the behavioral level, a good deepfake discrimination capacity was

found, which confirmed studies on the recognition of AI-generated faces [147,

202, 236, 283]. Participants had good performance in recognizing the true

faces as well [371, 450]. A good degree (∼76%) of accuracy in classifying

faces was observed, as reported in Table 3.1 and Table 3.2. Participants

were slightly better at discriminating images with neutral emotional content

than images with positive or negative emotional content. It seems to confirm

the work of Montagrin et al., which highlighted the important role played

by memory in facilitating the recognition of neutral faces in goal-relevant

situations [313]. Statistical analysis of PSD-related features highlighted two

main significant turn-ons for deepfakes: delta activation in the frontal (Fig-

ure 3.5a and Figure 3.6a) and right occipital (Figure 3.4a, Figure 3.5a and

Figure 3.6a) areas could be due to a dynamic switching attention mecha-

nism [214], meaning that participants spent more time interpreting synthetic
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faces, whereas high-beta activation in the left temporal area, which includes

the FG [118], states that FFA activation is not determined by the originality

label of the face presented.

Theta activations in real faces were observed in the right frontal area

(Figure 3.4b, Figure 3.5b and Figure 3.6b), according to Canales et al. [67],

it indicated an increase in short-range frontal theta synchronization associ-

ated with visual imagery of faces and also with the need for cognitive con-

trol [73]. Theta, alpha, high-beta and gamma significant activities for real

faces were all over the right hemisphere (RH), as shown in Figure 3.4b,c,e,f,

Figure 3.5b,c,e,f, and Figure 3.6b,c,e,f, might instead hint a distinct pathway

in the brain to discriminate real faces from synthetic ones, which is in line

with findings by Sergent et al., suggesting a right hemisphere predominance

for real faces when compared to objects [392]. Similar neural patterns have

previously been linked to increased left visual field (LVF) activity during FR

tasks [56].

Findings in the emotional comparison showed that it was feasible to

discriminate between positive, negative, and neutral emotions. Results of

frontal theta activation for happy faces (Figure 3.7h), especially in the second

part of the epoch (Figure A.3h), were consistent with findings by Knyazev et al.

reporting higher sensitivity to happy faces than to angry ones in the late,

conscious FP stage [232]. Moreover, other statistical outcomes – reported

in the section A.1 in Figure A.2g–l and Figure A.3g–l – showed how brain

activation drastically changed between the first and the latter 5 seconds of

the epoch in the ”Happy vs. Sad” comparison more than any other.

Current ERP research findings have shown interesting results in FR

processing. Specifically, fearful facial expressions have been found to pro-

duce a more pronounced negative N100 component than happy and neu-

tral faces [278]. In contrast, the P100 component has shown to be sensitive

mainly to domain-general visual processes and can be considered as a marker

of individual face recognition [116] or, at least, of category-level face process-

ing [121,199]. The N170 component has been proved to be face-specific with

respect to most objects, and increasing its latency when the structure of a

face is hard to perceive [399]; the N250 component is, instead, thought to

be generated in or near the FFA: it increases if a face image is the same as

an immediately preceding face as compared with when it is different [399].

Finally, research on the early P300 has hinted that such components may

reflect categorization and attention to motivational, relevant information,
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including emotion, gender, or identity [20]. The results on the ERP sta-

tistical analysis, while not finding evidence in the literature, still suggested

that brain activity might process AI-generated and real faces differently.

In fact, in the comparison ”Imfalse vs. Imtrue” (Table 3.3), the N250 com-

ponent presented lower latencies for real faces both in the RF and LTO areas

(Figure 3.8b,c), whereas earlier components seemed to be modulated, both

in total area (P100) and latency (N100, N170), by deepfakes (Table 3.3).

As for emotional comparison, an increase in the total area of the P100 com-

ponent in RTO for happy faces compared to neutral and sad ones (Table 3.4,

Figure 3.9 and Figure 3.10) was found consistently. In contrast, the ”Neutral

vs. Sad” comparison did not produce any significant outcomes until the split

in deepfakes (N100 total area increased in the neutral class) and real (N170

total area increased in the sad class) faces.

During preliminary analysis, no significant difference in the outcomes

of the labeling task between female and male participants before the pre-

processing phase was reported. Significance was found solely on the labeling

outcomes of the remaining epochs after pre-processing for the ”sad tf” la-

beled faces (p-value = 0.0346), with female participants being more inclined

to classify as ”synthetic” a real face expressing negative emotion. Moreover,

considering the small sample size, gender differences for power spectrum and

ERP analyses were not investigated.

The present study contributes to the deepfake perception, FP, and emo-

tional engagement literature. The main point was the interplay of cognitive

and emotional processes. Engaging these two sides helped in building a solid

starting point for future research and further analysis involving different

emotional and cognitive tasks. Similar studies could investigate behavioral

and neurophysiological correlates in fragile subjects, such as older adults or

persons with psychological diseases, to better understand distinct patterns

in their neurophysiological response, aiming to provide an early evaluation of

healthy elderly cognitive status. Future studies might also explore how one’s

affect influences the judgment on emotional content about external context.

Recent research shows that some emotions can diminish, for example, de-

ceit [58,154]. It is worthwhile noting that the proposed study presents some

limitations. The first regards the small sample size of the involved subjects,

which also precluded a gender difference investigation. Another limitation

is the pre-processing pipeline, which can lead to different outcomes. Other

EEG pre-processing pipelines, such as PREP [46] and APP [102], should be
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Figure 3.9: ERP (0–500 ms) in LF (a), RF (b), LTO (c), and RTO (d) areas

for ”Happy vs. Neutral” comparison. Significant p-values (p < 0.05) for

total area are reported with the ⋆ (indicating prevalence) and • symbols.

Figure 3.10: ERP (0–500 ms) in LF (a), RF (b), LTO (c), and RTO (d)

areas for ”Happy vs. Sad” comparison. Significant p-values (p < 0.05) for

total area are reported with the ⋆ (indicating prevalence) and • symbols.
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investigated in future works for results robustness and repeatability assess-

ment. Finally, FP dynamic investigation is an open question that deserves an

appropriate deepening, since integrating cognitive and emotional brain pro-

cesses activates complex brain responses regarding behavior and interaction

among brain areas and networks. The future directions include increasing

the number of participants to achieve more robust and accurate outcomes,

as well as using self-report questionnaires from participants to pair a possible

recognition strategy adopted by participants during the experiment with the

results of the EEG analysis. Moreover, it could enable the application of

more sophisticated modeling methodologies to gain deeper insights into cog-

nitive and emotional engagement in perceiving and discriminating between

real and synthetic faces.

3.2 Multimodal Neurophysiological Correlates

of Word and Pseudoword Processing

3.2.1 Introduction

Speech and language disorders (SLDs) constitute one of the most prevalent

developmental conditions, representing a major clinical and societal chal-

lenge. Recent epidemiological data estimate a prevalence of up to 12% in

the general population [444], and approximately 8.3% among US children

aged 3–17 years who experienced a speech or language disorder lasting at

least one week during the previous year [330]. SLDs broadly include speech

disorders, characterized by impairments in the articulation of sounds or flu-

ency, and language disorders, defined as deficits in the comprehension or

production of spoken, written or symbolic communication [444]. These diffi-

culties typically emerge early in development, often around the second year

of life, when affected children show delays in expressive vocabulary acqui-

sition and reduced verbal output compared to typically developing peers,

even in the absence of sensory deficits or other concurrent developmental

conditions [84]. From a clinical perspective, the timely identification of SLD

is essential, as these disorders may co-occur with neurodevelopmental disor-

ders (NDDs) including autism spectrum disorder or emotional and behavioral

difficulties [444]. Early diagnosis thus enables interventions before broader

cognitive, academic and socio-emotional abilities become compromised. De-

spite their importance, the underlying neurobiological bases of SLD remain
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only partially understood. Neuroimaging and neurophysiological studies fre-

quently focus on cortical regions critical for linguistic processing. The Broca

area (BA), located in the dominant frontal lobe near the motor cortex, is im-

plicated in phonological planning and the integration of frontal, temporal and

motor representations prior to speech execution [152]. Conversely, the Wer-

nicke area (WA), in the posterior superior temporal gyrus near auditory and

parietal cortices, contributes to the comprehension of spoken and written lan-

guage. Understanding how these regions interact during controlled linguistic

tasks can provide valuable insights into the mechanisms underlying speech

and language development. A wide variety of clinical instruments is used

for screening and diagnosing SLD, including questionnaires and structured

test batteries [126, 375, 376, 444]. Among the most informative behavioral

tools are pseudoword (PW) repetition and words-pseudowords aloud read-

ing (WPWAR) tasks. PWs are pronounceable, meaningful-sounding stimuli

constructed to follow the phonotactic and prosodic rules of real words while

remaining unfamiliar to participants. Their controlled structure allows clin-

icians and researchers to examine phonological processing, short-term mem-

ory and articulatory planning while minimizing the influence of semantic

knowledge. PW repetition and WPWAR have proven to be reliable and

sensitive markers of linguistic impairments, successfully employed to detect

deficits and to monitor rehabilitation outcomes in children with dyslexia or

other language-related disorders [39, 94]. Additionally, PW-based tasks ap-

pear informative across the lifespan: evidence from older adults indicates

that morphological complexity modulates performance depending on indi-

viduals’ cognitive reserve, suggesting that PW processing remains tightly

linked to cognitive resources even in aging [255]. Traditionally, the evalua-

tion of PW and WPWAR performance has relied on qualitative assessments,

wherein speech-language pathologists listen to utterances, identify articula-

tory errors, note pauses or omissions, and assign clinical scores. However,

recent research has highlighted the importance of complementing qualitative

scoring with objective physiological and acoustic measurements, which can

provide finer-grained insights into speech production mechanisms. Acous-

tic analyses allow the quantification of vocal features and the identification

of subtle alterations in prosody, articulation or phonation associated with

different linguistic loads or cognitive states [19, 184]. These measures may

reveal discomfort, effort or compensatory strategies that are difficult to cap-

ture through auditory inspection alone. Beyond the acoustic domain, EEG
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provides high-temporal resolution insights into the neural processes underly-

ing speech and language tasks. Among EEG-derived measures, ERPs such as

the N400 are particularly relevant. The N400 is a centro-parietal negativity

peaking around 400 ms, associated with lexical-semantic processing [242].

Both words and pseudowords elicit N400 activity, reflecting phonological

and semantic integration demands [148]. In addition to ERPs, oscillatory

features derived from PSD analyses can reveal how cortical rhythms support

speech perception and production, including engagement of theta, alpha and

beta bands during phonological processing, working memory and articulatory

planning. Complementary to brain signals, peripheral physiological signals

such as EDA offer an additional window onto the ANS, particularly the sym-

pathetic branch. EDA amplitude and dynamics reflect changes in arousal

and cognitive effort, and have been previously used to investigate speech-

related phenomena. For instance, Walsh and Usler [445] examined EDA in

preschool children to assess awareness of stuttering, and Marzi et al. [292] re-

ported significant EDA modulation during affective word reading tasks. Nev-

ertheless, despite growing evidence linking arousal and speech production,

no published studies have directly investigated whether and how PW-based

repetition tasks modulate EDA responses, nor whether EDA and acoustic

markers interact during controlled linguistic processing. These considera-

tions highlight the potential value of a multimodal approach to investigat-

ing the cognitive and physiological correlates of speech and language tasks.

While prior studies have examined EEG correlates of linguistic processing,

and others have assessed autonomic or acoustic markers in speech-related

contexts, no framework has combined central (EEG), peripheral (EDA) and

acoustic measures within the same WPWAR task paradigm.

The aim of this study is therefore to characterize, in healthy adult partic-

ipants, the multimodal physiological signatures elicited during a WPWAR

task that mirrors those routinely used in clinical and logopedic practice.

Specifically, this work integrates (i) EEG measures, including N400 event-

related potentials and power spectral density features; (ii) EDAmeasures and

voice parameters, respectively capturing sympathetic arousal and describing

voice quality and speech production characteristics, during utterances of

words and PWs with varying syllabic complexity. By jointly analyzing these

complementary dimensions, the present work seeks to evaluate the robust-

ness of the WPWAR paradigm and to explore potential associations between

neural, autonomic and acoustic responses. This multimodal characterization
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represents a foundational step for future applications in clinical populations,

where such integrative measures could improve the detection, monitoring

and understanding of speech and language disorders.

3.2.2 Experimental set-up

A total of 55 healthy volunteers, all Italian native speakers, were recruited

for this study to perform WPWAR. Although all 55 volunteers completed

the same experimental protocol, the number of participants included in the

analyses varied depending on the quality and usability of the physiological

signals. Specifically, 44 participants (27 F and 17 M), aged between 20 and 29

(22.1±2.1 y.o.), provided EEG recordings of sufficient quality for the analysis

of ERPs and PSD features, whereas 45 participants (27 F and 18 M), aged

between 20 and 29 (22.4±2.1 y.o.), provided EDA and voice recordings that

met the criteria for autonomic and acoustic analysis.

This study was approved by the Institutional Review Board (endorse-

ment of compliance with the Opinion of the Ethics Committee for Research

no. 275 of 04/09/2023), and all participants gave written informed con-

sent. Volunteers were set on a chair in front of a monitor where W and

PW were presented. EEG acquisition was carried out by using the DSI-24

helmet (Wearable Sensing, San Diego, CA, USA). The helmet was wirelessly

coupled with the Trigger Hub device (Wearable Sensing, San Diego, CA,

USA) to associate the neurophysiological recording at specific time-relevant

events. A Shure SM58 (Shure Inc., Niles, IL, USA) microphone was used for

speech recordings to ensure that response times could not produce artifacts

related to movements in the N400 component time window and a dedicated

DSI-24 external module was used to record EDA. Sampling frequency was

set at fs = 300Hz for EEG and EDA signals and at fs = 44.1kHz for voice

recordings (see section 2.8).

After a 180 s baseline period, the experiment started and it was divided

into three sections:

1. subjects completed a counting number task, read a standardized sen-

tence and uttered three sustained cardinal vowels (/a/, /i/, /u/), fol-

lowing the guidelines of the Società Italiana di Fonologia e Logope-

dia [359].

2. subjects read 15 words.
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3. subjects read 15 PWs.

An optical sensor-based triggering system was used to track sections and

transitions between stimuli.

For the latter two sections of the experiment, five Italian words (Ws)

and five PWs of 2-, 3- and 4- syllables each were selected from the test

battery developed by Dispaldro et al. [127], for a total of 30 elements. The

entire dataset provided by Dispaldro et al. [127] was not used to reduce

the negative impact that instrumentation and experiment duration might

have on fatigue and stress. Instead of repeating listened PW [126], subjects

read stimuli from a monitor and then uttered them without time limits or

correction from experimenters [39, 94]. In this way, the role of phonological

short-term memory, activated in the PWR task, was reduced. Ws and PWs

were therefore visually presented to each participant as black font computer

text strings (TS), over a grey background on the monitor and separated into

two blocks of 15 TS each. Ws were presented before PWs, and every block

was structured to show 5 per 2-syllables TS first, 5 per 3-syllables TS then

and 5 per 4-syllables TS at last (Figure 3.11). Presentation order of Ws

and PWs of the same syllable length within trials was randomized [7] and

participants faced 3 seconds of rest before dealing with the next stimulus. A

motion artifact and three testing utterances were used to synchronize EEG

and EDA acquisition with voice recordings.

Figure 3.11: WPWAR experimental protocol timeline.
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3.2.3 EEG Analyses

Continuous EEG data were pre-processed in MATLAB 2023a with EEGLAB

[120] by using the HAPPE framework [164], as previously described in sub-

section 2.3.1 (band-pass filtering 1–45 Hz). After the HAPPE pre-processing,

EEG signals were epoched into individual trials from −1 to 2 s relative to

stimulus onsets. A total of 1219 epochs were retained for further analy-

sis (Table 3.5), while 101 epochs were not further inspected after the EEG

pre-processing step of rejection.

Table 3.5: Epochs division according to stimuli type after EEG pre-

processing.

TS / syllables no. 2 3 4 total percentage

W 205 202 197 604 49.6%

PW 207 208 200 615 50.4%

total 412 410 397 1219 100%

percentage 33.8% 33.6% 32.6% 100%

For each epoch, the average power spectrum in low-beta (13–17 Hz),

high–beta (18–32 Hz) and gamma (32–48 Hz) for all channels and the ERPs

for 4 specific brain regions were computed. PSD for each channel in each of

the 3 bands of analysis was computed as described in subsection 2.3.3, while

for ERPs baseline correction was performed by subtracting the EEG average

in the −250 to 0 ms time window. Brain regions considered in ERP analysis

were left prefrontal cortex (LPFC), comprising Fp1, F3 and F7 channels;

the left temporal cortex (LTC), comprising T3 and T5 channels; the right

prefrontal cortex (RPFC), comprising Fp2, F4 and F8 channels; and right

temporal cortex (RTC), comprising T4 and T6 channels.

Statistical Analysis Statistical analysis was performed on both the la-

tency and amplitude of the N400 component for canonical ERP analysis.

Latency was computed with the fractional area method [277] and amplitude

measures were computed as the total area in the 200–600 ms time window,

as previously described in chapter 2, section 2.3, subsection 2.3.2. PSD time-

frequency EEG extracted feature was the average in the 200–600 ms time

window for each band of analysis and values were then z-scored across the
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scalp to take into consideration subject variability. Since all considered EEG

features were not normally distributed, according to the Shapiro-Wilk test

(significance level p ≤ 0.05), the non-parametric Wilcoxon signed rank test

(significance level p ≤ 0.05) was used for statistical analysis of the following

comparisons:

• PWs vs. Ws (all 15 TS);

• PWs vs. Ws (only for 2-syllables TS);

• PWs vs. Ws (only for 3-syllables TS);

• PWs vs. Ws (only for 4-syllables TS).

Results

PSD results (Figure 3.12) are reported in the form of STMs. Also, FCSTMs

were used to simplify visualisation, highlighting the statistically significant

areas (p ≤ 0.05, p ≤ 0.01, p ≤ 0.001). If a region of the FCSTM assumes

warm colors, it means that activation for PW is statistically greater than W;

on the contrary, if the area assumes cold colors, the activation for W is sta-

tistically greater than PW. Results of statisical analysis on N400 magnitude

and latency between PW and W are presented in Figure 3.13–Figure 3.16,

reporting ERP along with its confidence intervals.

Figure 3.12: STM and FCSTM representing PW−W PSD rescaled values

and significant p-values towards PW (warm colors) and W (cold colors)

computed over the N400 component time window 200–600 ms in low-beta

(a,b,c,d), high-beta (e,f,g,h) and gamma bands (i,j,k,l) considering all (a,e,i),

only 2-syllables (b,f,j), only 3-syllables (c,g,k) and only 4-syllables stimuli

(d,h,l).
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Figure 3.13: Smoothed ERP waveform in −200–1000 ms time window for

LPFC when comparing PW (blue) with W (red) considering all (a), only 2-

syllables (b), only 3-syllables (c) and only 4-syllables stimuli (d). Significant

p-values (p ≤ 0.05) for larger N400 components are reported with a grey

rectangle over the 200–600 ms time window.

Figure 3.14: Smoothed ERP waveform in −200–1000 ms time window for

LTC area when comparing PW (blue) with W (red) considering all (a),

only 2-syllables (b), only 3-syllables (c) and only 4-syllables stimuli (d).

Significant p-values (p ≤ 0.05) for larger N400 components are reported

with a grey rectangle over the 200–600 ms time window.
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Figure 3.15: Smoothed ERP waveform in −200–1000 ms time window for

RPFC when comparing PW (blue) with W (red) considering all (a), only 2-

syllables (b), only 3-syllables (c) and only 4-syllables stimuli (d). Significant

p-values (p ≤ 0.05) for larger N400 components are reported with a grey

rectangle over the 200–600 ms time window.

Figure 3.16: Smoothed ERP waveform in −200–1000 ms time window for

RTC area when comparing PW (blue) with W (red) considering all (a),

only 2-syllables (b), only 3-syllables (c) and only 4-syllables stimuli (d).

Significant p-values (p ≤ 0.05) for larger N400 components are reported

with a grey rectangle over the 200–600 ms time window.
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Discussions

This work analyzed EEG correlates, nominally the N400 ERP component

and channel-PSD, in healthy volunteers who performed a WPWAR task

with TS of different syllable lengths. The aim was to verify if there were

differences at the neurophysiological level concerning four brain regions in-

volved in articulation and understanding of language and speech. While no

difference emerged for latency values, larger N400 components were found

for 4-syllables W both in LPFC (Figure 3.13d, p = 0.0073) and in RTC

(Figure 3.16d, p = 0.0309). These results are in agreement both with the

semantic working memory capacity of the LPFC, which is invoked more for

semantic than nonsemantic analysis [165], and the found enhanced positiv-

ity of the N400 over the RTC for the congruent condition in a semantic

anomaly task [158]. Interestingly, a recent study conducted on adolescents

with autism spectrum disorder (ASD) [461] highlighted a delayed N400m

onset latency over the LPFC in low-functioning ASD adolescents when com-

pared to high-functioning ones and the typically developing group. This

finding is consistent with impaired lexico-semantic processing and deficient

cognitive control. Gabrieli et al. [165] also pointed out that the duration

of stimulus presentation could influence the magnitude of the N400 compo-

nent in the LPFC. On the contrary, PW elicited larger N400 for 3-syllables

stimuli in both LTC (Figure 3.14c, p = 0.0011) and RPFC (Figure 3.15c,

p = 0.0258). Evidence in the literature highlights that not only has the

LTC been thought to be a good candidate source for the N400 to semantic

incongruity [158], but also the RPFC has been found to be needed to resolve

the so-called ”deep incongruity”, by contributing to discover divergent, al-

ternative word meanings that are based on weak semantic associations [288].

These findings align with outcomes of PSD statistical analysis reported in

Figure 3.12: in low-beta, high-beta and gamma bands a dichotomic behavior

of opposite prefrontal and temporal cortices can be observed, highlighting

two different pathways for W (RTC and LPFC) and PW (LTC and RPFC)

processing over the N400 component time window. Even with a limited

control group of young and neurotypical subjects, EEG correlates can be

utilized to describe brain processes related to speech and language, as shown

by the proposed study.
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3.2.4 EDA and Voice Analysis

EDA Analysis

EDA signals were preprocessed with a low-pass FIR filter of order 500, with

cut-off frequency 5 Hz and z-scored. The cvxEDA algorithm [176] was then

applied for tonic (SCL) and phasic (SCR) component separation, as previ-

ously described in subsection 2.4.2. Features extraction was based on [29]:

PS MSymp (SC mean spectral power in the 0.045-0.25Hz band), SCL Mean,

SCL Std, SCR Peak (max peak amplitude in SCR), SCR N (number of

SCR peaks), SCR AmpSum (SCR peaks amplitude sum), Lat2 (latency be-

tween stimulus and peak). Moreover, Phasic and Tonic Sample Entropy

(SE), and CompEDA [323] were included (for a complete overview of the

features, please refer to section 2.4). These parameters were calculated both

considering the whole duration of each task and single stimuli.

Acoustical Analysis

Triggering signal and MATLAB function detectSpeech.m were concurrently

used to automatically segment audio files. Each utterance was processed

with the open-source software BioVoice [315] giving 34 acoustical parame-

ters concerning both frequency domain, such as fundamental frequency F0,

formants and jitter, and time domain, such as voiced duration, pause dura-

tion, voiced/unvoiced percentage. According to [445] six more parameters

were computed: amplitude envelope (AmpEnv), root-mean square (RMS)

and zero crossing rate (ZCR), spectral roll-off, spectral bandwidth and spec-

tral centroid. All 40 parameters were computed separately for female (F) and

male (M) groups to account for physiological differences between genders.

Statistical Analysis The first aim of this work was to evaluate whether

EDA features only can discriminate between baseline, W and PW tasks. A

Kruskal-Wallis test was performed on EDA metrics computed on the whole

duration of the three tasks, both for tonic and phasic component. Pair-

wise differences were investigated by applying Bonferroni post-hoc correc-

tion. The remaining EDA features have been evaluated between W and

PW tasks by means of a Mann-Whitney test. Level of significance was set at

0.05 for both tests. Pearson correlation analysis between acoustical and EDA

features was performed to understand whether SNS activation, expressed by

EDA features, induces concurrent vocal properties alterations. Overall, 430
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comparisons were investigated between each EDA and acoustical feature.

The level of significance was 0.01. Correlations were calculated separately

for the F and M cohorts.

Results

Table 3.6 shows the results of statistical analysis for EDA features computed

for baseline, W and PW. Table 3.7 shows statistical results related to EDA

features in the WPWAR tasks.

Table 3.6: Statistical results for EDA analysis, considering features available

for all the conditions. (∗), (#) and (+) denote significant differences between

baseline and W, baseline and PW, W and PW, respectively. The Bonferroni

post-hoc correction was applied (Kruskal-Wallis test, level of significance

0.05). Median and interquartile range (iqr) values are reported for each

condition.

Task

EDA feature Baseline W PW

PS MSymp∗+ 0.89 (0.16) 0.48 (0.18) 0.96 (0.45)

SCL Mean∗#+ -0.44 (0.22) 0.21 (0.26) 0.72 (0.33)

SCL Std∗#+ 0.90 (0.15) 0.58 (0.21) 0.24 (0.22)

CompEDA#+ 0.14 (0.15) 0.10 (0.12) 0.29 (0.16)

SE Phasic∗# 0.04 (0.04) 0.08 (0.07) 0.10 (0.09)

SE Tonic∗#+ 0.006 (0.005) 0.009 (0.006) 0.019 (0.014)

Concerning the correlation analysis between acoustical and EDA features,

Table 3.8 reports Pearson’s ρ coefficient and the p-value for the W and the

PW tasks, limited to four syllables stimuli. Only the significant correlations

in common between M and F are reported.

Figure 3.17 shows the scatter plot for CompEDA and RMS for M (ob-

servations are denoted by ’X’) and F (’◦’) groups, as well as their respective
regression lines (solid and dashed for M and F cohorts, respectively).

Discussions

This work reported a preliminary analysis of physiological signals acquired

during W and PW tasks. The aim was assessing possible physiological
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Table 3.7: Statistical results for EDA analysis, considering features available

only for the W and PW tasks. (+) denotes a statistical difference between

W and PW (Mann-Whitney test, level of significance 0.05). Median and

interquartile range (iqr) values are reported for each condition.

Task

EDA feature W PW

SCR peak+ 1.13 (1.02) 0.76 (0.82)

SCR N+ 84 (29) 56 (21)

SCR AmpSum+ 28.2 (29.0) 14.7 (11.3)

Lat2 45.1 (59.8) 37.3 (94.2)

Table 3.8: Correlation results between EDA and acoustical parameters.

Level of significance 0.01.

W

F M

Correlation ρ p-value ρ p-value

SCRN − F0median 0.24 0.003 -0.37 E-4

SETonic − ZCR -0.24 0.004 -0.27 0.008

PW

F M

Correlation ρ p-value ρ p-value

CompEDA−RMS -0.23 0.006 0.37 E-4

SCRN − F0median 0.22 0.007 -0.36 E-4

CompEDA−AmpEnv -0.24 0.004 0.29 0.004

changes during PW reading that can be detected by EDA and speech anal-

ysis. Firstly, it was evaluated if EDA features were able to discriminate

between tasks and baseline. EDA features related to the tonic component

(e.g., SCL Mean, SCL Std) allowed a pairwise discrimination between the

three tasks. Significant differences were obtained as well on EDA phasic

component features. For instance, SE phasic or SCR peak allowed discrimi-
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Figure 3.17: Scatter plot between CompEDA and RMS for M (X) and F (◦)
groups.

nating between W and PW tasks. Furthermore, the PW task had the highest

entropy values for the phasic component (SE Phasic) as compared to the W

task and the baseline (Table 3.6). The M cohort presented a negative cor-

relation on F0 median (ρ=-0.37, p-value e-04), while the F cohort showed

a positive correlation for the same parameter (ρ=0.24, p-value 0.003). An

alteration of F0 may be associated with discomfort, stress or cognitive work-

load [168, 445]. Giddens et al. [168] highlighted that both increases and

decreases of F0 can be detected in response to such conditions. Table 3.8

shows that the correlation of F0 median with EDA feature was found signifi-

cant both for the W and PW tasks: thus, this shift may be simply induced by

experimental conditions regardless of the proposed tasks. Table 3.7 shows a

relevant difference between W and PW tasks. Specifically, while EDA signal

complexity increased during PW reading, which is expressed by CompEDA,

opposite effects on RMS and AmpEnv acoustical features appeared, in line

with [168]. These parameters represent good approximations of vocal inten-

sity, therefore it seems that, when uttering PW, M tended to increase their

loudness, whereas F decrease it (Figure 3.17). To assess if the considered

features, as well as the administered tasks, could be sensitive to SLDs this
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approach must be applied on a larger dataset and on pathological subjects.

Also, future work should be devoted to account for various inter-physiological

factors such as higher sensitivity to stress or stress unresponsiveness to this

task. Nevertheless, results suggested that EDA and speech features may be

used as an objective alternative to scoring methods in their assessment.

3.3 Conclusions

This chapter aimed to characterize basic psychophysiological responses to

stimuli differing in familiarity, semantic content, or authenticity, under highly

controlled experimental conditions. Through two paradigms addressing vi-

sual face perception and speech related lexical processing, the chapter mainly

sought to establish a reference framework for how neural, autonomic, and

behavioral systems respond to natural versus non-natural stimuli in the

absence of strong contextual or social influences. EEG correlates of face

perception revealed that real and AI generated faces, even when matched

for emotional expressions, elicited partially distinct neural dynamics. Be-

havioral performance indicated a generally preserved ability to discriminate

between authentic and synthetic faces, with subtle modulations related to

emotional content. At the neurophysiological level, differences in spectral

and event related activity suggested that authenticity evaluation involves

not only perceptual mechanisms, but also higher order processes associated

with attention, cognitive control, and emotional engagement. Although ex-

ploratory and limited by sample size, these findings support the relevance

of temporally resolved neural markers in the study of deepfake perception

and raise open questions regarding individual strategies and affective modu-

lation. In the WPWAR task, W and PW produced differentiated responses

at both cortical and peripheral levels. EEG analyses highlighted distinct en-

gagement of prefrontal and temporal networks depending on semantic avail-

ability and syllabic structure, indicating that pseudoword reading imposes

increased lexico phonological and cognitive control demands. These central

effects were accompanied by systematic modulations of autonomic activity

and vocal production, with electrodermal and acoustic features reflecting

changes in sympathetic regulation and speech intensity. The convergence

of these measures suggests that even simple reading tasks elicit coordinated

adjustments across neural, autonomic, and behavioral systems in response

to linguistic load. The findings presented in this chapter provide converging
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evidence that contrasts between familiar or meaningful stimuli and their non-

semantic or synthetic counterparts are reflected in coherent patterns across

multiple physiological domains. At the same time, it should be noted that

some of the spectral and complexity-based features considered in this chap-

ter may be sensitive to preprocessing choices and parameter settings; the

adoption of standardized preprocessing pipelines (see subsection 2.3.1 and

subsection 2.4.2) was therefore intended to mitigate potential methodologi-

cal biases and ensure consistency across analyses. By adopting a multimodal

and analytically flexible approach, the chapter establishes a reference map of

psychophysiological reactivity under constrained laboratory conditions. This

foundation is instrumental for the subsequent chapters, where similar mea-

surement principles and analytical strategies are extended to more complex,

dynamic, and socially embedded experimental contexts, allowing deviations

from these baseline patterns to be interpreted in a principled manner.
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Chapter 4

Multimodal Cognitive and

Affective Dynamics in

Game-Based Tasks

This chapter explores psychophysiological engagement during in-

teractive, goal-directed digital games, introducing game-based ex-

perimental paradigms as a controlled yet ecologically plausible

context for investigating cognitive and emotional processes dur-

ing active task performance. Two casual digital games were em-

ployed: a fast-paced visuomotor task (Snake game) and a memory-

driven task (Matching Pairs game). Across three complementary

studies, central, autonomic, affective, and behavioral signals were

integrated to characterize how cognitive load, emotional activa-

tion, and performance-related dynamics unfold during gameplay.

The first study examines EEG activity in an Italian cohort dur-

ing the Snake game, focusing on spectral power modulation across

different phases of gameplay and its relationship with task per-

formance. This analysis aims to identify neural signatures asso-

ciated with adaptive cognitive engagement and performance effi-

ciency in a continuous visuomotor context. The second study in-

vestigates pupillary dynamics during the Matching Pairs game in

a similar Italian cohort, leveraging pupillometry as an objective

marker of autonomic arousal and cognitive resource allocation.

Classical and nonlinear PD metrics are related to subjective affec-

91
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tive reports and performance measures to assess their sensitivity

to memory-related task demands. The third study adopts a multi-

modal and cross-cultural perspective, integrating FER and ECG-

derived HRV in a large sample of Italian, Korean, and Japanese

participants performing both games. FE patterns are analyzed

both statically and dynamically using probabilistic and Markov-

based approaches to capture cultural differences in emotional ex-

pression and regulation over time. These affective features are

then combined with canonical and complex HRV metrics to ex-

amine how emotional dynamics and autonomic regulation jointly

relate to cognitive performance across tasks and cultural contexts.
1

This chapter introduces a game-based experimental paradigm as the sec-

ond empirical context of the present thesis, following the investigation of ba-

sic psychophysiological responses to controlled stimuli presented in the pre-

vious chapters. Here, the focus shifts toward interactive, goal-directed tasks

implemented through simple digital games, which provide a structured yet

ecologically plausible setting to examine cognitive, emotional, and autonomic

processes during active engagement. Digital games offer a unique method-

ological advantage in experimental research: they combine well-defined rules,

explicit performance outcomes, and continuous interaction, allowing the sys-

tematic investigation of how cognitive load, attention, and affective responses

unfold over time. While such paradigms share conceptual similarities with

serious-game frameworks, the tasks employed in this chapter are not de-

signed as serious games per se. Instead, they are used as standardized ex-

perimental tasks that enable controlled manipulation of task demands and

objective quantification of performance, while maintaining a level of engage-

ment comparable to everyday digital interactions. The aim of this chapter

is to characterize how psychophysiological signals reflect cognitive engage-

ment and emotional activation during gameplay, and how these responses

are modulated by task structure, performance, and individual or contextual

factors. In line with the general objectives of the thesis, the chapter adopts a

1The section 4.3 of this chapter has been published as “Pupil Dilation Dynamics in

Serious Game Emotional Activation” in IEEE Gaming, Entertainment, and Media Con-

ference (GEM), vol. 2024, pp. 1–4, 2024 [65]. The section 4.4 of this chapter has been

published as “Multimodal Analysis of Emotions in Gaming: Understanding Cultural In-

fluences” in IEEE Transaction of Affective Computing, 2026 [182].
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multimodal perspective, integrating central, peripheral, and behavioral mea-

sures to capture different facets of human response during interactive tasks.

To this end, two casual digital games were employed: the Snake game, pri-

marily characterized by continuous visuomotor coordination and increasing

time pressure, and the Matching Pairs game, which places greater demands

on memory, attention, and decision-making under time constraints. Three

complementary studies, each targeting a specific aspect of psychophysiolog-

ical engagement during gameplay, are presented. The first study focuses on

central nervous system dynamics by examining EEG activity and subjec-

tive affective responses during the Snake game, with particular attention to

temporal changes in neural oscillatory patterns as a function of congnitive

load. The second study investigates pupil dynamics during the Matching

Pairs game, leveraging pupillometry as a marker of autonomic arousal and

cognitive effort, and relating objective pupil metrics to subjective affective

reports and task performance. The third study adopts a fully multimodal

and cross-cultural approach, integrating AI-based FE recognition data and

HRV analysis to explore emotional and autonomic responses during both

games across Italian, Korean, and Japanese participants, thereby addressing

the role of cultural background in shaping emotional expression and physio-

logical regulation.

Immediately following this introduction, the chapter presents a descrip-

tion of the experimental context. This section provides a common framework

for all subsequent analyses and is intended to avoid redundancy across stud-

ies. The individual study sections then build upon this shared experimental

foundation, focusing on modality-specific methods, analyses, and results.

4.1 Materials

4.1.1 Participants and Experimental Paradigm

A total of 129 healthy volunteers from three different cultural backgrounds

participated in the proposed experimental protocol, comprising Italian, Ko-

rean and Japanese participants. All participants provided written informed

consent prior to participation. The experimental protocol was approved by

the Institutional Review Board, with endorsement of compliance from the

Ethics Committee for Research (Opinion No. 275, dated April 9, 2023), and

complied with national data protection regulations, including DL-101/2018
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(Italy), the Personal Information Protection Act (PIPA, South Korea), and

the Act on the Protection of Personal Information (APPI, Japan).

The experiment followed a detailed operational protocol that specified

standardized procedures for the conduct of the study, and all sessions took

place in similar laboratory-controlled environments. To maintain consistent

visual and physiological recording conditions, ambient lighting was controlled

by darkening the windows and keeping the ceiling lights continuously on

throughout data collection. Participants were seated in an adjustable chair

that was set to a fixed height, and their distance from the webcam was

standardised using a marked position on the table to minimise variation in

posture and upper-body orientation. They were instructed to maintain an

upright seated position, keep their feet flat on the floor, and refrain from

unnecessary body movements during the recording period. These measures

were implemented to reduce variability in the physiological signals that might

arise from differences in posture or gross bodily movement.

At the beginning of the experimental session, participants completed

a demographic questionnaire. Subsequently, the recording systems were

properly applied on the participants, who seated 50–70 cm from the mon-

itor. After sensor placement, a 3-minute eyes-open resting-state baseline

was recorded. Participants were then introduced to the experimental tasks

through a demonstration round of both the Snake game and the Match-

ing Pairs game, aimed at familiarizing them with the task mechanics and

control devices. The demonstration trials were not included in the subse-

quent analyses. Following the demonstration phase, participants completed

the PANAS to assess their baseline emotional state. They then performed

three full trials of the Snake game. At the end of this block, PANAS was

administered again to evaluate task-related affective changes. Participants

subsequently completed three full trials of the Matching Pairs game. After

the completion of the gaming tasks, a 1-minute resting-state final baseline

was recorded. The experimental session concluded with a final administra-

tion of the PANAS questionnaire. Figure 4.1 provides a complete overview

of the experimental procedure.

4.1.2 Physiological Recordings

Physiological setups and recordings differed across participant groups. Ital-

ian participants were recorded using a multimodal setup including EEG

(DSI-24, Wearable Sensing, fs = 300Hz), ECG (Shimmer Sensing, fs =
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Figure 4.1: Overview of the proposed experimental paradigm.

300.62Hz), FE data via WAFER platform (fs = 1Hz), and pupillometry

(fs = 50Hz) using Tobii Pro Glasses 3. Korean and Japanese participants

were recorded using ECG (RUSA, fs = 250Hz) and FE data via WAFER

(fs = 1Hz). All physiological signals were synchronized with gameplay

events using dedicated triggering systems and logged timestamps, allowing

accurate temporal alignment between game logs and physiological data. For

a complete overview of the used systems, please refer to section 2.8.

4.1.3 Snake Game

The Snake game implemented for this study closely resembles the traditional

version (Figure 4.2), where the primary objective is to consume as many

items as possible. Unlike some variants, this version of the Snake game does

not implement a countdown timer. Instead, gameplay concludes when the

snake’s head makes perpendicular contact with either its own body or the

boundaries of the playing area. To play the Snake game, participants used

the keyboard arrow keys (↑, ↓, ←, →).

Snake Game Performance Score A dedicated scoring system for the

Snake game was designed to reward both efficiency and precision, adjusting

for the increasing difficulty as the snake lengthens during gameplay. The

Snake game performance score (SGP ) was calculated using the snake’s initial

pixel length (L0 = 5) and the playing area in pixels (PA = 400), factoring

in the number of items consumed (EI), as expressed in Equation 4.1:
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Figure 4.2: Illustration of the Snake game, during gameplay and upon

completion.

SGP =


EI∑
k=1

[
(1 + k

L0
)− ∆Tk

PA

]
, k > 0,

0, k = 0,

(4.1)

where ∆Tk is the time taken to consume each item. The Equation 4.1

reflects a balanced approach to scoring, emphasizing the player’s ability to

consume items efficiently and the adaptive challenge posed by the snake’s

increasing length.

4.1.4 Matching Pairs Game

The Matching Pairs (Figure 4.3) game implemented in this research is a

modified version of the standard format. It includes six symbol pairs, to-

talling twelve symbols. The game starts a 35-second countdown when the

participant starts to play. The game ends in two ways: either the count-

down runs out, or the participant successfully matches all pairs of symbols.

The symbols used in the game are designed to be easily distinguishable by

shape and colour, which helps to reduce confusion and increase attention.

The position of the symbols is randomized after each round of the game to



4.1 Materials 97

ensure variability and maintain the game’s challenge. It is played by means

of a mouse and its left button to select card pairs.

Figure 4.3: Illustration of the Matching Pairs game, before start and

completed.

Matching Pairs Game Performance Score The scoring algorithm for

the Matching Pairs game was designed to reward accuracy and speed. ”Suc-

cesses” account for 3 points, while ”fails” assign 1 point penalty to the player.

Additionally, the algorithm implemented a bonus (or a penalty) system for

streak matches of ”successes” (or ”fails”). Finally, the game rewarded play-

ers for finishing the game faster. A constant reward was given for completing

the game in under 35 seconds, with additional points awarded based on how

much faster the completion is relative to this threshold. If the participant

did not finish the game in 35 seconds, he did not receive the reward. The

details of the scoring algorithm and equations for the Matching Pairs game

are shown below:

• the Matching Pairs game performance score (MPGP ) is calculated by

summing the base score, streak bonuses, and the time bonus in Equa-

tion 4.2:

MPGP = 3× successes− fails+
∑

SBi + TB (4.2)
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• the streak bonus for the i -th streak (SBi) is calculated using Equa-

tion 4.3:

SBi =
∑

[1 + a× (s− 1)] (4.3)

where a is 0.5 for positive streaks (”successes”) and 0.75 for negative

streaks (”fails”); s represents the number of matches in the streak after

the first one;

• the time bonus (TB) is awarded based on the total completion time

T , and calculated with Equation 4.4.

TB = b× (35− T ) (4.4)

where T represents the finishing time of the Matching Pairs game, b

is a factor that depends from T : b = 0.5 for T < 20s, b = 0.3 for

20s < T < 30s, b = 0.1 for T > 30s and b = 0 (i.e. no TB) for

T = 35s.

4.2 EEG Markers and Affective Evaluation of

Engagement and Performance in the Snake

Game

4.2.1 Introduction

Digital games have increasingly been adopted in experimental research as

structured, repeatable tasks that can elicit measurable cognitive and affec-

tive responses under controlled conditions. Within this broader landscape,

serious games represent one specific category of video games explicitly de-

signed for purposes beyond entertainment, such as education, training, or

therapeutic support [206]. While serious games have attracted growing inter-

est in recent years across domains ranging from climate change interventions

to psychological support systems, the methodological value of game-based

paradigms extends beyond this class of applications. In cognitive science

and human factors research, even simple and widely familiar games can pro-

vide well-defined interaction rules, goal-directed behavior, and quantifiable

performance outcomes, thereby enabling the investigation of perception, at-

tention, and decision-making processes in ecologically plausible yet experi-

mentally tractable settings. A key driver of this trend is the possibility of
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integrating game tasks with multimodal sensing to capture both behavioral

and physiological responses. For example, eye tracking has been widely em-

ployed to characterize visual attention allocation and infer cognitive load

during interactive tasks [160]. Such approaches enable the analysis of subtle

processing dynamics by linking gaze behavior to task demands, performance,

and engagement. As research increasingly aims to understand the moment-

to-moment mechanisms underlying information processing during gameplay,

EEG has become a widely used technique to obtain a direct measure of

neural activity during real-time interaction [206, 400]. EEG supports the

investigation of cognitive states such as attention, workload, and mental fa-

tigue, which can be inferred from characteristic changes in spectral power

across frequency bands and from patterns of functional connectivity [5, 23].

Gameplay and interactive tasks have been shown to modulate EEG rhythms,

with increases in theta and beta activity often linked to elevated cognitive

effort and engagement, and decreases in alpha power reflecting reduced relax-

ation and heightened information processing [166]. Importantly, EEG-based

markers are particularly well-suited to capture temporal dynamics, allow-

ing researchers to compare early versus late phases of task execution and

to relate neural responses to variations in performance. Alongside objective

neural measures, subjective assessments of affective experience are essen-

tial to characterize how individuals engage with interactive tasks. Video

game play has been associated with changes in positive and negative affect,

and may support short-term mood modulation depending on task demands,

individual experience, and contextual factors [350]. These effects are fre-

quently discussed in relation to constructs such as perceived achievement

and flow [187, 449], which in turn can influence engagement and motiva-

tion [290,468]. Moreover, mood changes during gameplay have been linked to

persistence in completing tasks [324], highlighting the relevance of integrat-

ing subjective reports with physiological measures when studying interactive

contexts.

In this study, the focus was to investigate how playing the digital game

of Snake affected participants’ EEG activity and affective states. Specifi-

cally, participants’ EEG activity was compared at the beginning and end

of the highest-scoring trial by analyzing spectral power within conventional

frequency bands. In parallel, PANAS responses were analysed before and

after three gameplay trials to assess potential affective changes associated

with task engagement and performance.
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4.2.2 Materials and Methods

A total of 22 Italian healthy volunteers (mean age = 26.32 ± 1.94 years, 11

F, 9 M, 2 not specified) were included in the study analyses after performing

the experiment described in section 4.1. All EEG data were preprocessed

in MATLAB environment using EEGLAB [120] and following the HAPPE

framework [164], previously described in subsection 2.3.1 (band-pass filtering

1–48 Hz).

Statistical Analysis To investigate how task engagement and perfor-

mance influence brain activity, the focus was on the difference in spectral

power between the beginning and end of each trial. Specifically, it was for-

mulated the hypothesis that cognitive load and task engagement, as reflected

in changes in EEG spectral power, would differ according to the subject’s

game performance. To maximize this contrast, the trial with the highest

SGP for each participant was selected for EEG-related analysis (see subsec-

tion 4.1.3). Participants were divided into two groups: high-performing and

low-performing players. This grouping was based on themedianSGP = 26.38

of the best trial across participants. The distribution of the SGP in the best

trial (as shown in Figure 4.4a) confirmed a clear split between individuals

who consistently performed poorly (nLP = 11) and those who achieved at

least one high-scoring trial (nHP = 11).

Figure 4.4: (a) Distribution of game performance scores in the best trial

for each subject. The red dashed line indicates the median score across all

participants (median = 26.38), which was used to divide subjects into high-

and low-performing groups. (b) Distribution of the best trial index (Trial 1,

2, or 3) across all participants.
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Table 4.1: Mean and standard deviation (std) of game scores for each trial

and the best trial, divided between high- and low-performing subjects. P-

values refer to the statistical comparison between the two groups using Mann-

Whitney U tests (*=p < .0.05, **=p < .0.01, ***=p < .0.001)

.

Trial 1 Trial 2 Trial 3 Best Trial

Mean Std Mean Std Mean Std Mean Std

High-

performing

Subjects

(nHP = 11)

30.97 27.35 67.52 65.13 49.73 52.07 90.9 54.31

Low-

performing

Subjects

(nLP = 11)

4.68 5.35 3.43 4.39 2.84 4.12 6.78 5.88

p-value

(Mann-

Whitney

U test,

α = 0.05)

6.388E-04*** 2.925E-04*** 0.002** 8.15E-05***

Although the EEG analysis focused exclusively on the best-performing

trial for each participant, game scores were computed for all three trials. This

allowed to validate the consistency of the grouping into high-performing and

low-performing subjects across all trials. Mann-Whitney U tests were con-

ducted separately on the scores from Trials 1, 2, and 3, and the best trial

revealed statistically significant differences between the two groups in every

case. As shown in Table 4.1, high-performing subjects consistently achieved

higher scores, while low-performing subjects exhibited lower and more stable

scores across trials. Notably, high performers displayed considerable variabil-

ity in performance, suggesting a broader dynamic range in their gameplay

outcomes. Among the three trials, Trial 1 emerged as the most successful

on average, as further confirmed by the distribution of individual best trials

and their associated scores illustrated in Figure 4.4b.

Following EEG preprocessing, the analysis focused on the best-performing

trial for each participant. From this trial, two one-second epochs were se-

lected: the initial window (corresponding to the first second of the trial)
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and the final window (corresponding to the last second before the end of

the game). EEG realtive power was computed for five canonical frequency

bandwidths: delta (1–4 Hz), theta (4–7 Hz), alpha (8–13 Hz), beta (13–25

Hz), and gamma (25–45 Hz). For each epoch and frequency band, relative

band power was calculated as the ratio between the mean power within that

frequency band and the total mean spectral power across the 1–45 Hz range.

This yielded normalized measures of spectral activity for both the begin-

ning and end of the trial. Additionally, the change in relative power (∆)

between the final and initial epochs was calculated for each frequency band

to quantify the change in neural activity during gameplay. These ∆ values

were used to assess the topographical patterns of modulation and to identify

scalp regions that showed significant differences in power dynamics across

participants. Statistical comparisons between these three conditions were

then performed using Mann-Whitney U tests (significance level α = 0.05),

computed separately for each channel and frequency band.

4.2.3 Results

Statistical analysis was performed to compare the relative spectral power ra-

tios between high- and low-performing participants across the five canonical

frequency bands (delta, theta, alpha, beta, and gamma), comparing each

electrode. Figure 4.5, Figure 4.6 and Figure 4.7 illustrate the scalp distri-

butions for each group and the corresponding statistical significance maps,

which were presented in the form of FCSTMs. In the FCSTMs, warm col-

ors denote significantly greater values in the high-performing group (yellow

p < 0.05, orange p < 0.01, red p < 0.001), whereas cool colors indicate higher

values in the low-performing group (cyan p < 0.05, blue p < 0.01, dark blue

p < 0.001). In the initial epoch (Figure 4.5), no significant group-level differ-

ences were observed across any frequency band, indicating that the baseline

spectral distributions were comparable between high- and low-performing

subjects.

In contrast, during the final epoch (Figure 4.6), differences emerged in 4

out of 5 bands. In the delta band, both the left frontal (F3, Fp1 and Fp2)

and the right parieto-occipital (P4 and O2) cortices exhibited higher ratios

for low-performing participants. This trend also extends into the theta band,

where a significantly higher ratio was observed in the left temporal region

(T3) for low-performing subjects.
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Figure 4.5: Scalp topographies showing the p-values of the Mann-Whitney

U tests comparing normalized power from the first epoch between high- and

low-performing participants for each frequency band: (a,b,c) delta, (d,e,f)

theta, (g,h,i) alpha, (j,k,l) beta, and (m,n,o) gamma.

Figure 4.6: Scalp topographies showing the p-values of the Mann-Whitney

U tests comparing normalized power from the final epoch between high- and

low-performing participants for each frequency band: (a,b,c) delta, (d,e,f)

theta, (g,h,i) alpha, (j,k,l) beta, and (m,n,o) gamma.
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In contrast, higher frequency bands showed an opposite behavior, with

a significant higher alpha ratios in the left frontal area for high-performing

participants and a widespread, mainly localized in the left hemisphere (Fp1,

Fp2, F7, F3, Fz, Cz, T3, T4, P3, P4, O2), higher beta ratio for high-

performing subjects. No significant effects were detected in the gamma band.

When examining the difference between final and initial epochs (∆ ra-

tios, Figure 4.7), additional patterns became evident. Significant group dif-

ferences were observed in the frontal delta (Fz) and midline theta (Fz, Cz,

T3, P3, O1) for low-performing participants. Additionally, alpha ratios in

the fronto-central region (Fp2, F7, F3, C3, Cz, P4, O2) showed significantly

greater increases for high-performing subjects. No significant group effects

were found for beta or gamma activity in the ∆ ratio comparison.

Figure 4.7: Scalp topographies showing the p-values of the Mann-Whitney

U tests comparing the difference in normalized power from the final to the

first epoch between high- and low-performing participants for each frequency

band: (a,b,c) delta, (d,e,f) theta, (g,h,i) alpha, (j,k,l) beta, and (m,n,o)

gamma. In the FCSTMs (c,f,i,l,o), warm colors (yellow to red) indicate

significantly higher ∆ ratios in high-performing subjects; cool colors (cyan

to blue) indicate higher ∆ ratios in low-performing subjects. Grey indicates

non-significant comparisons (α = 0.05).

In order to further examine the relationship between EEG modulation

and subjective emotional experience during gameplay, additional analyses

were conducted, correlating participants’ performance scores in their best

trial with changes in affective self-reports. Variations in affect were computed

as the difference between post- and pre-Snake PANAS scores (∆PANAS) for
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the positive and negative subscales, but also for overall arousal, computed

by sum of positive and negative subscales. As shown in Figure 4.8, no

significant correlations were found between game performance and either

∆PANAS positive (ρ = 0.33, p = 0.13) or ∆PANAS negative (ρ = 0.25,

p = 0.27). Conversely, a significant positive correlation emerged between

∆PANAS arousal and performance (ρ = 0.52, p = 0.014), indicating that

participants showing a greater increase in self-reported arousal after the game

tended to achieve higher performance scores.

Figure 4.8: Scatterplots show the relationship between participants’ perfor-

mance scores in their best trial and changes in affective self-reports measured

by the PANAS questionnaire (post-pre difference). Panels (a), (b), and (c)

respectively illustrate correlations for ∆PANAS positive, ∆PANAS negative,

and ∆PANAS arousal.

4.2.4 Discussions

The present study aimed to investigate the neural mechanisms underlying

performance in a cognitively demanding task presented in a gamified context.

By adopting an interactive paradigm based on the Snake game, the study in-

vestigated how spectral EEG dynamics evolve in relation to task engagement

and performance throughout gameplay. This approach can be extended to

the broader field of serious games, where gamified tasks are designed for
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educational, training, or rehabilitative purposes. Understanding how neural

activity reflects engagement in such contexts may help assess whether a task

elicits meaningful cognitive and attentional involvement [93,186].

A key methodological feature of this study was the focus on two dis-

tinct temporal windows within each participant’s best-performing trial, cor-

responding to the beginning and end of the game. This design allowed to con-

trol for inter-individual differences in task duration while capturing within-

task modulation of brain activity. The absence of any significant group

differences in the initial epoch (Figure 4.5) suggested that all participants

began the task from a comparable baseline of neural activation, consistent

with an anticipatory but undifferentiated state before active gameplay.

During the final epoch (Figure 4.5), pronounced differences emerged be-

tween high- and low-performing participants. Players with lower perfor-

mance exhibited increased relative power in delta and theta bands, particu-

larly over left frontal and right occipito-parietal regions (Figure 4.5a-f). Such

increases in slow-wave activity may reflect reduced attentional engagement or

inhibitory processes associated with decreased task focus [219, 220]. More-

over, in tasks requiring sustained visuomotor control, such increases have

been interpreted as a neural signature of reduced processing efficiency when

task demands exceed the brain’s capacity to maintain organized activation

patterns. Harmony et al. [191] suggest that increases in delta band activity

during mental tasks are associated with functional cortical deafferentation, a

process in which the brain suppresses sensory input to support internal pro-

cessing, potentially leading to less efficient engagement with task-relevant

stimuli when cognitive load becomes excessive.

In contrast, high-performing participants showed greater relative power

in higher-frequency bands (alpha and beta). Enhanced beta activity, espe-

cially over frontal and central areas (Figure 4.5j-l), likely indicates increased

cognitive and motor load, reflecting both planning and execution of precise

movements required to maintain performance as task complexity increased.

The analysis of ∆ ratios (final-initial epochs) further supported these

interpretations, revealing distinct patterns of neural adaptation across per-

formance groups. Low-performing participants showed greater increases in

frontal delta and midline theta activity, a configuration commonly asso-

ciated with reduced attentional engagement, heightened cognitive strain,

and a shift toward internally oriented processing under increasing task de-

mands [310, 381]. In contrast, high-performing participants exhibited more



4.2 EEG Markers and Affective Evaluation of Engagement and
Performance in the Snake Game 107

pronounced alpha-band increases over fronto-central and parieto-occipital

regions, consistent with efficient visuospatial integration and adaptive allo-

cation of attentional resources [40,231,398]. As these individuals progressed

to more advanced stages of the game, continuous changes in the visuospatial

layout required ongoing visual mapping and strategic updating. The ob-

served alpha enhancement, therefore, likely reflects the recruitment of coor-

dinated perceptual and attentional mechanisms that support sustained task

performance. These findings suggest that while low-performing participants

may experience increasing cognitive overload as task complexity rises, high-

performing participants effectively adjust their neural dynamics to maintain

engagement and performance efficiency.

The pattern of EEG modulation observed in this study aligns with pre-

vious findings linking neural oscillations to engagement during interactive or

gamified tasks. In particular, frontal alpha asymmetry has been proposed

as a neural marker of emotional and motivational processes, where relatively

greater left frontal activity reflects a tendency to approach a stimulus, and

greater right frontal activity reflects a tendency to withdraw from it [111].

Moreover, increased beta power has been associated with sustained atten-

tion, flow states, and goal-directed motor control in gaming and learning

contexts [44,78].

The correlation between ∆PANAS scores and game performance pro-

vided further insight into the interplay between affective states and cogni-

tive engagement during gameplay. Although changes in positive and negative

Affect did not significantly relate to performance (Figure 4.8a,b), the signif-

icant positive association between ∆PANAS arousal and task performance

(Figure 4.8c) suggested that participants who reported a stronger increase

in physiological and emotional activation after gameplay were also those

who performed better. This finding aligns with previous evidence indicating

that moderate arousal enhances attentional focus and cognitive performance,

particularly in tasks requiring continuous monitoring and rapid motor re-

sponses [346]. From a neurophysiological perspective, this pattern converged

with the observed increase in beta-band activity among high-performing par-

ticipants during the final phase of the task. Both results point toward a

state of heightened engagement and cognitive-motor readiness, where ele-

vated arousal supports sustained attention, faster reaction planning, and

more efficient motor execution. Conversely, participants showing smaller

changes in arousal may have experienced lower motivational involvement or
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attentional allocation throughout gameplay, resulting in weaker performance

outcomes.

These findings support the view that arousal acts as a bridge between sub-

jective experience and neurophysiological activation, modulating task perfor-

mance in interactive and gamified environments. In fact, they indicate that

EEG spectral dynamics can serve as objective indices of engagement, comple-

menting self-report measures [43, 103, 157, 321]. This supports the potential

of combining neural and behavioral metrics to monitor user involvement in

serious games or cognitive training applications [93,186].

Despite these promising results, several limitations should be acknowl-

edged. The analyses of this study involved a relatively small sample size (22

participants) and relied on a single best-performing trial per subject, which

limits the generalizability of the findings. Future analyses will focus on all

three trials per participant and will consider a larger sample of volunteers to

enable within-subject and longitudinal studies.

Overall, the present findings indicate that EEG spectral analysis can

capture neural signatures of engagement and performance within a gamified

cognitive task [37, 73]. These results highlight the potential of EEG-based

metrics as indicators of user involvement in serious games, supporting future

applications in education, neurorehabilitation, and cognitive training [309,

469]. For instance, such neural indicators could be used to dynamically adapt

game difficulty [401] maintaining optimal challenge levels during training

sessions. In neuroscience contexts, EEG-based monitoring with a serious

game could help with detailed interventions for elderly individuals with MCI

[252, 446] by identifying moments of reduced attention and adjusting tasks

accordingly.

4.3 Pupil Dilation Dynamics in Matching Pairs

Game Emotional Activation

4.3.1 Introduction

Pupil dilation (PD) is controlled by both branches of the ANS: a sympa-

thetic activation directly regulates the dilation neural pathway causing the

iris dilator muscle to enlarge the pupil diameter, whereas the inhibition of

the PNS, mediated by the loculus coeruleus, determines a similar effect by

relaxing the iris sphincter muscle, therefore reducing constriction [55, 294].
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Pupil size primarily changes in response to light and near fixation. However,

several works demonstrated that, in isoluminant conditions, the PD is also

sensitive to cognitive activity, which can be elicited by various stimuli such as

mental effort tasks or an increased arousal level [294]. Indeed, the relation-

ship between PD and subjective arousal level provoked by picture viewing

were found, independently from valence [55, 294]. Moreover, in an emotion-

recalling experiment, PD was analysed with nonlinear techniques, i.e., en-

tropy measures, LLE and Detrended Fluctuation Analysis (DFA), to explore

its dynamics, highlighting that anger presents a significantly higher scaling

factor α0 concerning happiness, fear and sadness [335]. Beyond audiovisual

stimulation, emotion activation can also be induced by playing games [197].

One of the goal of video games, in fact, is to engage the individual and cre-

ate a bond between them and the virtual world through various mechanics

such as quests, stories, puzzles, and time limits [60]. This bond is often

expressed through the player’s emotional and mood changes [10, 443], and

is of great interest for creating immersive environments that may encourage

playing games. Indeed, low arousal could result in low interest and involve-

ment [100], therefore precluding serious game purposes. Alongside explicit

questionnaires, physiological signals have been widely used to assess game

performance and players’ emotional status [249]. Preliminary works vali-

dated PD as an alternative method for arousal level investigations [245,246],

with respect to the well-known HRV and EDA, also in a serious game for

financial decisions [213]. Moreover, a significant difference in the pupil power

HF/LF ratio between successful and failed trials has been shown. Pupil size

was also used to investigate its relationship with personality traits in a card

game, designed to study gambling behaviours [143]. However, these studies

applied a set of linear parameters and lacked a similarity analysis between

subjective arousal and pupil signal. In this work, a digital version of the

Matching Pairs game was used to investigate the relationship between mem-

ory skills and pupil diameter and to understand the emotional activation of

gaming. Specifically, the aims are three-fold:

1. To investigate whether this simple game can alter the emotional con-

dition of players and modulate their arousal. Such an analysis may

underline the use of the Matching Pairs game to train for emotion reg-

ulation to help cope with stress and improve quality of life, possibly

for older subjects as well [339].

2. To explore possible relationships between arousal levels and pupil linear
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and nonlinear metrics. This could highlight reliable alternatives to

subjective questionnaires.

3. To understand if and how game performance affects emotion activa-

tion and pupil parameters. This represents a first step in proposing

the Matching Pairs game combined with eye-tracking technology as

an easy, cost-effective technique to study memory skills in young and

elderly populations.

4.3.2 Materials and Methods

Twenty-seven Italian healthy volunteers (12 F, 15 M, mean age = 26.3 ± 3

years) were included in the study analyses after performing the experiment

described in section 4.1. All participants gave written informed consent.

Pupillary analyses were performed in MATLAB. Pupillary signals were pre-

processed as previously described in section 2.6 (Figure 4.9). PANAS scores

were normalised with a z-score-like procedure by subtracting the median

value and dividing by the MAD. The mean MPGP across the three trials

of the Matching Pairs game was calculated following the score algorithm

reported in subsection 4.1.4.

Figure 4.9: Pupil diameter preprocessing pipeline. Left panel: raw pupil

signal. Middle panel: artifacts removal and filtering. Right panel: cleaned

pupil signal.

For each participant, six statistical parameters were extracted from the

PD, as previously described in subsection 2.6.1. Also, their GP scores were

calculated as reported in subsection 3.1.4.
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Statistical and correlation analysis The normality hypothesis was re-

jected with a Shapiro-Wilk test with α-level of significance set to 0.05. There-

fore, the first hypothesis explored whether playing a matching pair card

game provokes an alteration in the emotional status of participants with a

Wilcoxon signed test. The second hypothesis investigated if the difference

in PANAS scores (positive, negative and arousal) before and after playing

showed possible relationships with physiological parameters. Finally, it also

considered how game performance affected emotion activation and PD met-

rics: subjects were divided into high and low performance based on the

median score value.

4.3.3 Results

Figure 4.10 shows that playing the three trials of Matching Pairs game sig-

nificantly increased positive emotions (p− value = 0.04) and simultaneously

determined a decrease of negative emotions (p − value = 0.002). However,

the overall arousal level, computed as the sum of positive and negative emo-

tions was not significant (p = 0.06).

(a) Normalised positive PANAS scores (b) Normalised negative PANAS scores

Figure 4.10: Statistical analysis results on psychometric scores.

Spearman correlation analysis was performed considering the difference

between post- and pre-game PANAS scores and PD parameters. As Table 4.2

displays, arousal and positive difference scores are weakly, but significantly,

correlated to LLE, whereas negative difference scores are associated with the

STD of pupil diameter.
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Table 4.2: Correlation analysis between the difference of PANAS score and

PD parameters.

Parameters ρ

Arousal ←→ LLE 0.41

Positive ←→ LLE 0.40

Negative ←→ STD 0.41

Figure 4.11: Maximum pupil diameter between high and low-performance

players.

As for the third hypothesis, game performance did not affect any of the

PANAS scores. However, a t-test highlighted that the latency of the maxi-

mum PD presents a significant difference between players who achieved high

performance with respect to low-performance subjects. Figure 4.11 shows

the boxplot for this feature. Median (iqr) of game performance is 28.1 (11).

4.3.4 Discussions

Game dynamics such as winning and losing can effectively boost emotions,

e.g., positive emotions when money is won in fictitious gambling games [263].

However, little research focuses on this aspect of serious games. Besides

entertainment, these games are designed to analyse and stimulate specific

human behaviours (e.g., memory skills), but if arousal is not considered
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when developing such applications, this could lead to poor interest and lack

of motivation in players, therefore hindering the usability and usefulness

of serious games themselves. This study demonstrates that even a simple

Matching Pairs game can elicit an emotional activation in healthy and young

players, which is likely caused by the fact that most of them completed the

three trials successfully. Indeed, Figure 4.10 show a concurrent increase in

positive emotions and a decrease in negative ones. Nonetheless, the overall

degree of arousal was not significant, which may suggest that players are not

relevantly involved in the game. Therefore, in the future, this aspect should

be considered in the game design, e.g., by increasing the number of cards

between single trials. To obtain objective parameters of players’ arousal,

pupillometric features were extracted and analysed. Table 4.2 shows that

higher positive emotions are related to a complex activation of the auto-

nomic nervous system reflected in larger LLE, which may mean that higher

positive emotions evoke more chaotic pupil muscle activity. Similarly, lower

negative emotions determine higher STD values, which suggests that pupil

dilation patterns present higher instability. However, this effect may be

marginal as Table 4.2 shows that the overall level of arousal significantly

depends on nonlinear dynamics. Game performance can affect the degree

of emotional activation [10, 263]. Results showed no significant difference

in PANAS scores between high and low performance. This may indicate

that arousal, positive and negative emotions do not differ for this Matching

Pairs game. This could be caused by the limited number of subjects for

each group, and in future studies, the sample size must be increased to vali-

date such an outcome. However, a significant difference was found in pupil

behaviour: indeed Figure 4.11 shows that the latency of low performance

players is higher with respect to high-performance ones. This parameter is

thought to reflect the allocation time of cognitive resources. It seems that

more time is required to process and identify a game strategy for low- per-

formance participants. These results suggest that the Matching Pairs game

may be effectively used to analyse memory capabilities. Therefore, a gamified

approach could provide a range of exercises in elderly care and rehabilita-

tion for both the psychological well-being of older adults and their cognitive

skills. Further research should explore this topic in the future. Summing

up, a serious game based on matching pairs of card games determines an

alteration of the emotional status of participants, which is also supported

by physiological assessment. This framework could be useful to objectively
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validate the degree of engagement of participants while playing a serious

game.

4.4 Multimodal Analysis of Emotions in Gam-

ing: Understanding Cultural Influences

4.4.1 Introduction

This study introduces an innovative multimodal approach that integrates

AI-based, FER, and ANS response to investigate the profound effects of

video games on human emotions. This work seeks to answer a fundamen-

tal question: ”How do video games influence individuals’ emotional states

across different cultural contexts?” Over the past decade, video games have

become a prevalent form of entertainment, widely consumed by billions of

people worldwide across diverse demographics. Driven by rapid techno-

logical advancements, the video game industry has experienced significant

growth, offering a variety of games that appeal to a broad audience [290,403].

This global gaming community includes individuals of all ages and back-

grounds, highlighting the substantial cultural and economic impact of video

games [403]. Although emotional reactions in video games have been ex-

amined using and adapting various techniques, such as ANS measurements

[318, 432, 456] and FER [49, 50, 222, 458], most studies have been conducted

within a single cultural context and rarely account for the sociocultural back-

ground of players. This limitation is consistent with findings from a recent

systematic review on the cultural impact of video games, which highlights

strong geographical biases, a predominance of qualitative approaches, and

a limited consideration of how cultural background shapes players’ inter-

pretation and experience of game content [74]. Consequently, the role of

culture in modulating emotional responses during gameplay remains largely

unexplored, representing a significant gap in the current literature.

One of the most widely applied approaches to investigate emotions has

been through FEs [82,124], and in recent decades, several models have been

proposed [76,221]. However, FEs can be voluntarily modulated and therefore

may not always provide reliable indications of a person’s emotional state. Pe-

ripheral physiological signals, such as the ECG and, in particular, its deriva-

tive metric, HRV, offer complementary insights into ANS modulation of car-

diovascular dynamics. The ANS constitutes a central bidirectional interface
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between brain, bodily states, and emotional processes, and emotional stimu-

lation induces systematic adjustments in autonomic output via coordinated

limbic and cortical pathways [178]. Although recent works have shown that

ANS responses do not map reliably or specifically onto discrete emotion cate-

gories [201,396,440], the heart rate dynamics can reflect broad dimensions of

autonomic arousal and regulation. By integrating behavioural signals with

HRV derived from ECG, this research aims to capture these dimensional au-

tonomic changes during gameplay, rather than inferring discrete emotional

categories. This combined behavioural and physiological approach advances

the comprehension of the emotional impact of gaming. It provides a founda-

tion for designing more immersive experiences and therapeutic applications,

as well as for encouraging healthier gaming practices [223,442].

In this methodological framework, advanced AI-driven techniques along

with biosystem modelling approaches are combined. Specifically, a Machine

Learning (ML)-based FER model, enhanced with Markov Chain (MC) mod-

eling to interpret transitions between emotional states is implemented. Ad-

ditionally, HRV metrics are extraxted from ECG recordings to explore the

dynamics of ANS in response to gaming stimuli [413]. Furthermore, Gener-

alized Linear Mixed-Models (GLMMs) were fitted to assess the dominance of

specific emotions and to determine whether cardiovascular dynamics could

be altered by players’ performance. A key methodological contribution of

this study lies in its explicit cross-cultural structure. Rather than restrict-

ing the analysis to a single cultural setting, the present research investigates

variations in emotional expressions and ANS responses across distinct cul-

tural groups. This analysis of emotional reactions in gaming contexts could

enable the design of more engaging and emotionally resonant games, offering

crucial insights for developers and researchers aiming to optimize the user

experience. Moreover, these insights will support the development of strate-

gies to mitigate the emotional impact of gaming, ensuring that it remains a

positive and healthy activity for the diverse range of players.

FER, AI and Human Emotions In recent decades, AI has evolved from

niche applications to an integral part of daily life, transforming human-

machine interactions [193]. AI broadly refers to using computational power

to mimic human cognitive abilities [86], enabling automation, problem-solving,

and augmentation across various tasks [83,267,325]. Its widespread adoption

enhances efficiency across multiple domains, from autonomous vehicles nav-



116
Multimodal Cognitive and Affective Dynamics in Game-Based

Tasks

igating complex environments [420,428] to creative content generation [183].

In healthcare, AI supports medical diagnosis and treatment planning [463],

while in human resources, it streamlines recruitment processes [418]. One

of the crucial applications of AI is Computer Vision (CV), which enables

machines to interpret visual data like humans [412]. CV techniques, such

as image acquisition and analysis, support applications in risk management

and biological research [455]. Compact models now allow CV to function

on mobile devices. FER has gained prominence in this domain, aiming to

decode human emotions through facial analysis [8, 302]. Currently, complex

convolutional neural networks (CNNs) dominate FER research, using the Fa-

cial Action Coding System (FACS) developed by Ekman to classify emotions

based on facial muscle movements [128, 138]. FACS has proven instrumen-

tal in decoding seven core emotions (angry, disgust, fear, happy, neutral,

sad, and surprise), making it a gold standard for FER applications [253].

Numerous ML techniques, including support vector machines [167], random

forests [447], and deep belief networks [358], rely on this system to improve

emotion-detection accuracy.

FEs, which form the basis of FER, are widely regarded in the literature as

communicators of emotional states, functioning as expressive and adaptive

signals that bridge internal experiences with external social contexts [208].

Specifically, from the early stages of human development, expressions such

as the social smile foster connections and secure caregiver bonds. In con-

trast, distress signals ensure survival by eliciting protective responses from

others [52, 136]. Scholars from Charles Darwin to Paul Ekman have em-

phasized the evolutionary importance of these expressions in enhancing so-

cial cohesion and species fitness [109, 136]. Furthermore, Ekman’s extensive

cross-cultural studies have shown that while the basic patterns of FE are

universally recognized, the intensity of these expressions is modulated by

cultural norms [134,296]. Many findings highlight the importance of cultural

context in FER models, emphasizing the need to integrate diverse datasets

to improve the technology’s generalization and robustness [134].

Although FEs have historically been treated as reliable indicators of in-

ternal emotional states, recent empirical research demonstrates that the rela-

tionship between ”facial movements” and experienced emotions can neither

be fixed nor exclusive. Facial movements refer to the patterned activations

of individual or combined facial muscles, and these coordinated muscular ac-

tions collectively form what are recognized as FEs [35]. Large-scale reviews
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show that the same facial movement patterns, such as smiles, can emerge

across a wide range of emotional and non-emotional contexts [35]. Moreover,

Duran and Fernández-Dols showed that in their meta-analysis, the predicted

configurations for so-called basic emotions co-occur with their correspond-

ing emotional states far less consistently than previously assumed, suggesting

that observable facial movements cannot be interpreted as one-to-one emo-

tional readouts [133]. In addition, an experimental study with trained actors

also demonstrates substantial variability in facial movements produced for

the same emotion labels, supporting the idea that context strongly shapes

how emotions are expressed and perceived [256]. Lastly, comparative stud-

ies using both human raters and automated classifiers show that neither can

reliably infer felt emotions from facial movements alone [426]. Neverthe-

less, these convergent findings remain subject to debate in the literature,

as FEs can sometimes align with emotional experience [138] and at other

times diverge from it [35]. This variability reflects the influence of multiple

concurrent information, including physiological responses, contextual cues,

and cognitive appraisals, all of which shape how emotions are expressed and

interpreted.

Human emotions, often described as psycho-physiological phenomena,

have been analyzed through various scientific methods. These include mea-

suring ANS responses, such as HRV [16] and EDA [70], alongside CNS

responses observed through EEG [104]. Additionally, emotions manifest

through nonverbal signals like posture, speech, and behavioural changes

[105]. Considering their complexity, a single modality cannot fully capture

the interplay of physiological, cognitive, and contextual factors. Studies indi-

cate a strong correlation between HRV patterns and specific emotional expe-

riences. This suggests that a combined multidomain approach utilizing FER

and ANS analysis could provide a more accurate understanding of human

emotions [225,356]. This interdisciplinary synergy between behavioural and

physiological analysis enhances the precision of emotion-recognition tech-

nologies, paving the way for more nuanced AI systems capable of interpret-

ing human emotions with greater efficiency and applicability across diverse

real-world scenarios.

Video Games, Emotion Studies in Video Games, Arousal and Va-

lence The growth of affordable internet access and the integration of tech-

nology into daily life have significantly expanded the reach of video games.
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Recent surveys estimate that there are currently 3.32 billion active video

gamers worldwide, highlighting the massive audience that engages with this

activity [204]. In addition, video games are widely popular among people

of all ages, from children to older adults. The average gamer is around

35 years old, and games appeal to various interests, reaching a wide age

range [403]. Despite this considerable reach, there are differing opinions

and research on the impact of video games on individuals. This diversity

of perspectives underlines that video games can have positive and negative

effects [150,172,352].

Although video games can be analyzed across a broad spectrum, one

of the most affected aspects is players’ emotional activation. The diverse

mechanics and high levels of immersion in video games uniquely influence

players’ emotional experiences. Players often experience a range of emotions,

from sad and happy to disgust and fear, within a single gaming session [13].

These emotional responses are linked to the interactive nature of games,

which require active participation in narratives and decision-making pro-

cesses and to performance-related outcomes, where success or failure in the

game can significantly impact a player’s emotional state.

Various studies have examined the relationship between video games and

emotions. For example, Przybylski et al. [353] found that video games that

satisfy basic psychological needs, such as competence and autonomy, can in-

crease players’ positive emotions and overall well-being. Conversely, a study

by Lemmens et al. [264] found that time spent playing violent games specif-

ically increased physical aggression. They also found that excessive gaming

could elicit more negative emotions. Furthermore, higher levels of patholog-

ical gaming (e.g., gaming addiction), regardless of violent content, predicted

increased physical aggression in boys. Nevertheless, these studies, and many

others in the literature, focus primarily on psychological aspects, relying on

self-report measures rather than integrating physiological or behavioral data

to understand the emotional impact of video games on individuals.

The interplay among psychological and physiological variables and con-

textual elements, such as environmental factors and specific stimuli, is cru-

cial in shaping emotional arousal and valence. In the context of video

games, these dimensions serve as key descriptors of players’ emotional states,

based on the circumplex model of emotion [367]. Arousal reflects the de-

gree of emotional intensity or activation, spanning a spectrum from low to

high [89]. Studies indicate that video games of different genres variably in-
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fluence arousal levels, underscoring the importance of both the game’s genre

and its mechanics, including aspects like scoring systems, time constraints,

and platform type [216, 239, 303]. Valence, on the other hand, character-

izes the positive or negative quality of an emotional experience, influenc-

ing not only player performance but also their overall engagement with the

game [33,42,162,289].

These emotional dimensions are intricately linked to physiological re-

sponses during the gameplay. For instance, Hazlett’s study utilizing elec-

tromyography (EMG) identified negative emotional reactions during high-

intensity gameplay, even in scenarios where cognitive load might confound

results [195]. Yeo and colleagues explored competitive gaming environments,

specifically analyzing ”League of Legends”, and discovered that physiological

markers such as HRV, pulse transit time, and skin temperature indicated in-

creased sympathetic activity, with a concurrent decrease in parasympathetic

function during gameplay [460]. These findings suggest that different genres

of video games may elicit distinct physiological effects.

As immersive and dynamic experiences, video games offer a strong medium

for eliciting complex emotional responses and have been widely used in the

literature for this purpose [179, 405, 471]. Defined as interactive digital ex-

periences that engage players through compelling narratives and challenges,

video games utilize audiovisual elements to create richly immersive environ-

ments, either story-driven or task-oriented [142, 257]. These environments

are designed to provoke a spectrum of emotions, from joy and excitement to

frustration and anxiety, all closely tied to in-game events and player perfor-

mance [42,149,262,384].

HRV as Index of ANS and Psychophysiological Regulation HRV

reflects the fluctuation in time intervals between consecutive heartbeats, typ-

ically measured as RR intervals in the ECG, and is a key physiological marker

of ANS function. It captures the dynamic interplay between sympathetic and

parasympathetic modulation of cardiac activity, with higher HRV generally

associated with better cardiovascular health and adaptive autonomic regu-

lation [17]. Conversely, reduced HRV is linked to pathological conditions

such as cardiovascular disease, stress, and autonomic dysfunction [334]. The

interpretability of HRV components has been refined through recent psy-

chophysiological research. High-frequency (HF) HRV is widely accepted as

a selective marker of cardiac parasympathetic activity because of its tight
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coupling with respiratory rhythms, while low-frequency (LF) HRV reflects a

mixture of sympathetic and parasympathetic inputs rather than pure sympa-

thetic tone [355]. In parallel, the association between HRV and emotional or

cognitive states has been extensively documented. Higher HRV is typically

indicative of stronger parasympathetic influence, whereas emotionally arous-

ing or cognitively demanding conditions tend to reduce HRV due to increased

sympathetic activation. HRV has thus been validated as a reliable marker

of psychophysiological stress and emotional engagement [51, 395]. For in-

stance, challenging cognitive tasks or emotionally stressful events can induce

a shift in HRV power toward sympathetic dominance, reflecting heightened

arousal [51]. Beyond time- and frequency-domain indices, nonlinear HRV

features provide enhanced sensitivity for characterizing psychophysiological

states. Methods such as Recurrence Quantification Analysis (RQA) [438]

capture dynamical properties of cardiac regulation that are not accessible

through linear metrics alone. Evidence indicates that RQA-derived mea-

sures can discriminate levels of cognitive engagement and physical stress

over short time windows and may perform comparably or better than tradi-

tional HRV measures when assessing interpersonal synchrony and autonomic

adaptation [438].

This study aims to explore FE responses of players engaged in two dis-

tinct video games, ”Matching Pairs” and ”Snake”, employing a CNN. The

focus is on analyzing FE and physiological signals, such as HRV, to unravel

the multimodal dynamics of emotional reactions, emphasizing how differ-

ent cognitive demands and game mechanics, such as performance, influence

these responses. Literature has mainly focused on single cultural contexts;

in contrast, the novelty of this study is based on its cross-cultural scope,

comparing participants from Korea, Italy, and Japan to reveal how cultural

backgrounds shape emotional and physiological reactions during casual video

games.

4.4.2 Related Studies and Study Structure

Emotions are phenomena shaped by different types of stimuli, continuously

fluctuating in response to situational factors [332]. Specifically, in gaming

contexts, these fluctuations can be influenced by a wide range of variables,

including task demands, interaction dynamics, and individual differences

[53,432,458]. In this regard, the present study adopts a cultural perspective

to examine these processes, moving from general indicators to more specific
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ones to better capture the complexity of emotional responses.

More specifically, the Step Ia provides a broad, static overview by ex-

amining overall distributions of FEs across cultures. This step recognizes

general patterns of FE, establishing how different cultures outwardly experi-

ence FE during gameplay. Building on this, Step Ib strengthens the dynamic

analysis by focusing on and evaluating core FE patterns across different con-

texts. This strategy helps for a more comprehensive understanding of cross-

cultural differences before introducing temporal dynamics. Consequently,

Steps I and Ib together form an integrated approach that characterises the

static and dynamic structure of FE. Lastly, Step II focuses on the under-

lying mechanisms by analyzing physiological signals, particularly HRV, to

reveal how physiological processes accompany and regulate both expressions

and their temporal dynamics. Through this progression from static analysis

of FEs to dynamic changes, and finally to physiological responses, the out-

comes establish a coherent path from general patterns toward more specific

mechanisms.

Step Ia: Static Distribution of FEs Across Cultures

Various studies in the literature highlight the significant influence of culture

on emotional experience and expression [134, 139, 296]. For instance, the

Italian population, shaped by historical and cultural developments, tends to

prioritize pleasure, embodying a more hedonic lifestyle compared to other

cultures [159]. This lifestyle strongly influences their motivations, including

those related to video games. In a study by Gursesli et al., ”entertainment”

emerged as one of 12 distinct motivational clusters and was particularly

favoured by Italian gamers [181]. This finding highlights how cultural dif-

ferences shape daily preferences, including those related to casual activities,

leading to the first research hypothesis:

Hypothesis 1.1 (H1.1). Italian cultural group is expected to exhibit a higher

probability of happy FE and a lower level of negative FE compared to Japanese

and Korean cultural groups while playing Snake and Matching Pairs games.

Asian cultures, particularly in video games, emphasize competitiveness,

often leading to a higher display of negative emotions [228, 230]. Negative

emotions can generally be divided into two major categories: action-oriented

and inhibition-oriented. Action-oriented emotions, such as angry and dis-
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gust, typically drive people to take action. Conversely, inhibition-oriented

emotions, such as fear and sad, lead to passive or avoidant behaviour, often

resulting in disempowerment. In the case of Japan, for instance, the expres-

sion of certain negative emotions, such as fear, is more restrained due to

the country’s collectivistic nature and the implicit rules governing emotional

displays [137,370].

Whereas individualistic cultures, such as those in the West, prioritize

authenticity in all its forms, collectivistic cultures emphasize adapting one’s

behaviour to the interlocutor to avoid social impropriety. This tendency

to ”mask” emotions is particularly pronounced in Japan’s highly status-

conscious society [106], where individuals suppress expressions of fear, es-

pecially in the presence of authority figures such as an experimenter [297].

Furthermore, qualities such as fearlessness, integrity, and bravery have long

been revered in Japanese philosophy and culture, as seen in traditions such

as Bushido, Shintoism, Confucianism, and Buddhism [114]. Although these

ideologies may not directly dictate the suppression of fear [113], they have

shaped social norms and implicit rules of emotional display that likely influ-

ence such behaviour and may serve as moderating factors. Apart from the

fear, Japanese culture is also known for its competitive mindset, which is

also related to negative emotions [66, 207]. Considering this literature, the

following hypothesis can be formulated:

Hypothesis 1.2 (H1.2). Japanese cultural group is expected to be less likely to

show fear FE compared to Italian and Korean cultural groups while playing

Snake and Matching Pairs games.

Studies show that Koreans frequently express negative emotions and show

this expression both verbally and non-verbally in reaction to a variety of so-

cial and personal triggers. Studies by M. Kim [226, 227] and Y. Kim [229]

have revealed that emotions such as sad, angry, disgust, and shame are fre-

quently experienced, especially in situations involving personal failure [391].

This characteristic may be linked to the competitive nature of Korean so-

ciety, where high expectations and pressure to succeed are prevalent [410].

In this sense, academic, career, or social competition can lead to frustration

and increased sensitivity to failure or perceived incompetence. Moreover,

several studies show that this competitive cultural structure is also effective

on video game players [81]. In addition, literature shows that competitive
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behaviours are related to negative emotions [161,177]. Taking these studies

into account, it can be stated:

Hypothesis 1.3 (H1.3). Korean cultural group is expected to be more likely

to show negative FE compared to Italian and Korean cultural groups while

playing Snake and Matching Pairs games.

Overall, in this step, the focus on happy and fear in H1.1 and H1.2

are grounded in culture-specific findings. Italian cultural psychology re-

search [159] highlights a strong hedonic orientation, making happy a par-

ticularly relevant emotion for examining expressive tendencies among the

Italian cultural group. In contrast, Japanese cultural groups consistently re-

port that fear is the emotion most likely to be suppressed due to collectivistic

norms and sensitivity to social hierarchy. For Korean cultural group, previ-

ous research does not emphasize one specific emotion. Instead, the literature

describes a broader pattern of competitiveness-related negativity that spans

multiple negative FEs. For this reason, H1.3 was formulated at the level of

overall negative valence rather than at the level of a single discrete emotion.

Step Ib: Dynamic Transitions of FEs Across Cultures

People’s emotional state dynamics are essential in the context of video gam-

ing. Video games, especially when offering high cognitive content, elicit rapid

changes in the subject’s emotional state, which, on a social and nonverbal

level, are mainly expressed through changes in facial features [109,136]. This

dynamic structure, while emerging from distinct facial patterns associated

with different emotions, should also be considered in light of one of the most

critical metrics influencing affective responses, i.e., cognitive load. Although

emotional responses span a wide spectrum, they are highly sensitive to vari-

ations in cognitive demands, which can rapidly modulate how individuals

experience and express affect. The literature has shown that affective states

are not merely a reaction to external stimuli and cognitive activities. For

instance, studies investigating performance in complex cognitive tasks such

as goal attainment [198], school exams [108], or competitive sport [451] ac-

tivities have shown that success or failure in task execution directly shapes

participants’ emotional states. High cognitive load often leads to negative

emotions such as sadness, whereas successful performance under demanding

conditions is typically associated with positive emotions such as happiness.

These results highlight that cognitive processes and emotional states are



124
Multimodal Cognitive and Affective Dynamics in Game-Based

Tasks

crucial for understanding how emotions evolve and change during dynamic

events such as video games. Specifically, the link between emotions and

cognitive load in video game contexts has been investigated in several studies

[79,385]. According to Yeh et al. [459], an analysis considering the complex

time-varying dynamics of emotional states was also implemented. Moreover,

the main research question was how different types of video games affect

players’ FE, as the Snake game is mainly based on reactivity and speed. In

contrast, the Matching Pairs game involves more mnemonic and attentive

processes.

Accordingly, initially a self-reported questionnaire was employed to assess

participants’ emotional states. To this end, a preliminary analysis was con-

ducted on participants’ game performance and their scores on the PANAS

questionnaire. However, self-report questionnaires are subject to self-report

biases, such as participants’ tendency to provide socially desirable answers

(e.g., honesty bias) and their limited ability to accurately assess their own

emotional states (e.g., introspective ability) [12, 122]. Furthermore, these

tools are limited to capturing emotions at two fixed points (before and after

the experience) and are not well-suited to analyzing the dynamic, instanta-

neous changes in emotional states during gameplay. To overcome these lim-

itations and gain a more continuous understanding of emotional dynamics

during gameplay, a MC-inspired approach [404] was used to model transi-

tions between different emotional states over time.

This approach allows for the investigation of emotional transitions in sub-

jects looking for time-variant emotional patterns that can identify differences

in the different populations, both in the cultural context and game perfor-

mance. Step Ib aims to investigate how FE dynamics evolve in response

to game-related stimuli and how these patterns vary across cultural, cogni-

tive, and contextual factors. Specifically, the analysis focuses on identify-

ing whether participants from different cultural backgrounds exhibit distinct

temporal patterns in their FEs, exploring also how individual differences in

task performance relate to variations in these dynamics, and examining the

extent to which the type of game shapes the temporal structure of emotional

transitions.
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Step II: Multimodal Integration of FE and HRV Data to Model

Gameplay Performance

This step investigated ANS changes during gameplay and their relationship

with FEs and cultural background. The focus was on acquiring ECG signals,

which were used only to extract HRV, the time-interval variation between

consecutive heartbeats. It is widely recognized as a way to assess ANS be-

haviour in terms of sympathetic and vagal branch functions, both in normal

and pathological conditions [436]. The HRV has also found applications in

video game studies, helping researchers assess players’ stress levels, emotional

responses, and engagement [205] while providing valuable data for adaptive

game design [454] and therapeutic interventions [368, 369]. Recently, these

findings have led researchers to design biofeedback-based games that use

HRV features to manage stress and maintain optimal arousal levels, thereby

improving gameplay experiences and mental well-being [77,80,144]. The in-

tegration of HRV data allows for Dynamic Difficulty Adjustment [274, 326],

enabling games to adapt in real-time to players’ physiological states, ensur-

ing a balanced challenge that keeps them engaged without being overwhelm.

However, HRV analysis in different cultures, in the video games context, is

limited to bio-feedback applications and is not considered for exploring the

underlying cognitive processes during games. Finally, Step II aims to exam-

ine how ANS activity, as captured by HRV, interacts with FE patterns to

shape players’ behavioural responses during gameplay across cultures. The

analysis focuses on determining whether multimodal physiological and emo-

tional signals offer complementary insights into task performance, exploring

how HRV-based indices of autonomic regulation relate to variations in emo-

tional expression across the session, and assessing whether these relationships

differ by game type and players’ cultural background.

4.4.3 Materials and Methods

Materials

Participants and Experimental Procedure A total of 129 healthy vol-

unteers from three different cultures participated in the experimental sessions

(see section 4.1). 109 of them, comprising 30 of Italian culture (mean age =

26.1 years, 13 F, 15 M, 2 non-specified), 40 of Korean culture (mean age =

24.375 years, 9 F, 30 M, 1 non-specified), and 39 of Japanese culture (mean

age = 23.38 years, 3 F, 35 M, 1 agender) were included in the study analyses.
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The overall mean age of the participants included in the study analyses was

24.5± 3.5 years.

FE data was obtained by means of WAFER and aligned with Ekman’s

theoretical constructs of seven primary FEs (angry, disgust, fear, happy,

neutral, sad, and surprise) delivering results as cumulative percentages that

collectively sum up to 100% [136, 138], as these values are continuous for

each emotion category. WAFER outcomes are provided at a fs = 1Hz

during the experimental sessions, enabling continuous emotion classification

and analysis of dynamic emotional shifts during gameplay.

According to their performance, players were then categorized as either

high-scoring or low-scoring for each game (see subsection 4.1.3 and subsec-

tion 4.1.4). Specifically, this classification was based on the median game per-

formance (GP) scores of the population, allowing for the distinction between

participants with higher and lower task proficiency and for investigating how

skill level modulates emotional and cognitive responses during gameplay.

The scoring analysis identified 54 high-scoring and 55 low-scoring individ-

uals for the Snake game (median = 12.69, mad = 18.14, max = 141.11,

min = 0), and similarly, 54 high-scoring and 55 low-scoring individuals

for the Matching Pairs game (median = 28.6, mad = 7.39, max = 41.83,

min = −17.98).

Methods

This section outlines the methodological framework of the study, which in-

tegrates a multimodal set of tools to examine emotional and physiological

responses during gameplay. In this study, specifically in Step Ia and in

Step II, a GLMM approach was implemented, as it represented the most

appropriate framework for the data structure. Unlike repeated-measures

ANOVA, which requires normally distributed residuals and equally spaced

observations, GLMMs flexibly accommodate repeated measures and non-

normal outcomes, such as skewed facial-expression activations and game

performance scores. Similarly, although Generalized Estimating Equations

(GEEs) handle correlated data, they estimate only population-level effects

and do not allow subject-specific random effects, which are essential in this

design given the large variability in emotional and physiological responses

across participants. Specifically, in Step Ia, the primary goal was to compare

FE activations across cultures and game types, whereas Step II focuses on

predicting game performance from FE and HRV features.
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Moreover, in Step Ib the GLMM analysis of Step Ia were complemented

with a MC-inspired approach to capture the within-session temporal dynam-

ics of FE states. Although GLMMs are well-suited for estimating trial-level

effects and participant-level variability, they do not explicitly model how

emotional states unfold over time or how the probability of observing a given

state depends on the immediately preceding one. MC modelling, by contrast,

provide a principled framework for quantifying state-to-state transition prob-

abilities, allowing to examine patterns of FE expression activation during

gameplay. Although the current literature does not supply prior studies ap-

plying first-order MCs directly to FER time-series, the affective-computing

literature widely employs Hidden Markov Models (HMMs) to model tempo-

ral dependencies in emotion recognition tasks, including FEs [47, 244, 382],

speech [286,329,386], and human affective states [273]. Similarly, transition

matrix approaches have been used in affective gaming and human-computer

interaction to analyze how players move between behavioural or psychophys-

iological states over time [320], supporting their use in characterizing tem-

poral structure in emotionally driven interactions. Thus, Step Ib employs

a MC-inspired approach as an interpretable and data-efficient method to

quantify transitions between detected FE states during gameplay. Finally,

in Step II, the analytical framework is extended by integrating HRV features

into the GLMMs to jointly evaluate how FE and ANS-related physiological

dynamics contribute to task performance.

GLMM for Step Ia: behavioral analysis Given the repeated mea-

surements of FE activation (one evaluation per second for each emotion), a

GLMM was used to examine differences between the three samples across

the two game modes (i.e., Snake and Matching Pairs). Specifically, in this

study, the emotion variable was treated as a continuous dependent variable.

Effect magnitudes are conveyed through standardized regression coefficients

(β) and model F-statistics. Pseudo-R2 indices were not reported for these

models, as their interpretation is less straightforward in the context of high-

frequency, multi-response GLMMs. GLMM was implemented using SPSS

v.1.2.4.0. In the model, game type was treated as a condition, while emotion

was the dependent variable. Cultural demographic information was included

as a fixed factor, with Korea as the reference category. Model comparisons

were conducted using the Akaike Information Criterion (AIC) and Bayesian

Information Criterion (BIC) to evaluate model fit and prevent overfitting.
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GLMM for Step II: multimodal domains integration In this step,

GLMMs integrating FE and HRV-related features have been implemented to

analyze their impact on task performance in the Snake and Matching Pairs

games. Four separate GLMMs were developed for each game:

• A model including only FE-related features (10);

• A model encompassing only a ’canonical’ set of HRV features, com-

prising time-frequency domain and entropy-based HRV features (22);

• A model including only a specific set of non-linear HRV features –

namely ’complex’ – comprising fractality, self-similarity, and recurrence

quantification analysis (RQA) -derived measures (10);

• A model incorporating all previous features combined (42), reported

in an extended form in section A.2, Table A.1.

All GLMMs implemented for this step (SPSS v.1.2.4.0) used a gamma

distribution with a log link function for the dependent variables, given the

skewed distribution of game performance scores in both the Snake and Match-

ing Pairs games. Participants’ cultural background was included as a random

effect in all GLMMs. Preliminary analyses showed no significant differences

in HRV features across cultural groups, consistent with the expectation that

cardiovascular dynamics in healthy individuals show minimal cross-cultural

variability. However, since culture had emerged as a potential confound-

ing factor in the analysis of FEs, modelling it as a random effect allowed

to account for residual intergroup variability without assuming systematic

differences attributable to cultural background. Model comparisons were

conducted using the AIC and BIC to evaluate model fitting and avoid over-

fitting. Additionally, the Conditional R2 (R2
cond) was used to assess the

model goodness-of-fit.

Positive and Negative Affect Schedule PANAS was used to assess

participants’ emotional states. As previously described in section 2.9, three

different verison of PANAS were administered to participants, based on their

cultural background. Being that the Korean version of PANAS presented 9

positive items and 11 negative items, different from Italian and Japanese ver-

sions (10 positive and 10 negative items), for PANAS-related analyses mean
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scores were used instead of summed scores to account for these differences

in the administered PANAS versions.

Markov Chain Model in FE Dynamics In this study, the MC-inspired

approach described in section 2.7 was adopted specifically tailored to the

continuous emotional space generated by the WAFER system. Following

Ekman’s emotion taxonomy [136, 138], each time point is represented by a

7-dimensional probability vector associated with the canonical FEs (angry,

disgust, fear, happy, neutral, sad, surprise). To characterise emotion transi-

tions, TCMs are constructed by accumulating outer products of consecutive

FE vectors. The resulting TCMs for both the Snake and the Matching Pairs

games summarise the temporal evolution of each subject’s emotional profile

throughout the full task. From this continuous-state operator for each in-

dividual in both Snake and Matching Pairs games, a total of ten standard

Markov metrics are calculated (section 2.7).

HRV and Related Features HRV analysis was performed starting from

ECG recordings at different sample frequencies, depending on the popu-

lation group: fs = 250Hz for Korean and Japanese cultural groups and

fs = 300.62Hz for the Italian cultural group. ECG preprocessing included

bandpass filtering to remove noise and baseline wander, followed by R-peak

detection using the Pan-Tompkins algorithm [336,390], previously described

in subsection 2.5.1. Once R-peaks were identified, the RR intervals were

extracted, forming a sparse time series due to the non-uniform nature of

cardiac rhythms. To obtain a continuous and analytically tractable repre-

sentation of HRV, the RR interval time series was interpolated using the

point process model developed by Barbieri et al. [30], as described in subsec-

tion 2.5.2. The point process algorithm finally provided a uniformly sampled

HRV signal (fs = 50Hz) suitable for standardizing the feature extraction

process across all subjects and performing subsequent analysis. HRV metrics

were then computed across multiple domains: (i) time-domain features, (ii)

frequency-domain metrics derived through spectral decomposition (Welch’s

method) to quantify power distribution across very-low-frequency (VLF),

low-frequency, and high-frequency bands, (iii) entropy-based measures (ap-

proximate, sample, and distribution entropies), (iv) fractal and scale-free

metrics, and (v) RQA-derived metrics to characterize the complexity and

dynamical properties of heart rate fluctuations. As previously reported, sep-
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arate GLMMs were estimated for the identified two HRV feature groups

to analyse the data in a progressive complexity framework. The ’canonical’

HRV metrics group, encompassing features from domains (i)–(iii), represents

the first level of analysis, reflecting linear and physiologically established as-

pects of autonomic variability. Once this baseline level was characterised, a

second GLMM was fitted for HRV features belonging to domains (iv) and

(v), which reflect a higher level of dynamical and structural complexity in

the RR series.

4.4.4 Results

Results of Step Ia

The GLMM analysis of FE dynamics activation across Italian, Japanese, and

Korean cultural groups during gameplay revealed distinct cultural patterns.

The results showed that the Italian cultural group generally exhibited lower

activation levels for negative FE, such as angry and disgust. In contrast,

participants from Japanese and Korean cultural groups showed higher acti-

vation levels for these emotions. Fear was more prominent among Italians

and Koreans cultural groups, with Japanese culture participants showing

lower activation.

Happy was highly activated in the Italian culture group but was game-

dependent for Japanese cultural group and notably low among the Korean

culture group. Neutral FE activation also varied based on the game for all

cultures. Sad was low for participants from Italian and Japanese cultural

groups but highly activated among participants from the Korean culture

group. Lastly, surprise was more frequently observed in the Italian culture

group, whereas it was less pronounced in the Japanese and Korean culture

groups. The Korean culture group served as the reference group throughout

the analysis. Table 4.3 shows a detailed analysis of Snake game and Match-

ing Pairs game between different cultural groups. The detailed analysis of

FE during the Matching Pairs and the Snake game provides a deeper insight

into these general patterns: For the angry FE, Italian cultural group showed

a significantly lower activation probability (β = −3.83, t = −14.78∗∗∗) dur-
ing the Matching Pairs game. Moreover, Japanese cultural group showed

a significantly higher activation probability (β = 2.05, t = 9.12∗∗∗). For

the Snake game, Italian cultural group again showed a significantly lower

activation probability (β = −3.24, t = −19.17∗∗∗), while Japanese cultural
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Table 4.3: FE Analysis by Country for Matching Pairs Game and Snake

Game. F denotes the overall model F-statistic testing whether the regression

model explains a significant proportion of variance in the dependent variable,

β indicates the estimated regression coefficient representing the strength and

direction of the relationship between variables and t is the corresponding

t-statistic assessing the significance of each coefficient. ∗∗∗ = p < 0.001,
∗∗ = p < 0.01, ∗ = p < 0.05

Emotion Country Matching Pairs Game Snake Game

F β t F β t

Angry Italy 264.7*** -3.83 -14.78*** 278.41*** -3.24 -19.17***

Japan 2.05 9.12*** 0.42 2.71**

Korea Ref. - Ref. -

Disgust Italy 21.4*** -0.11 -6.47*** 19.02*** -0.15 -4.36***

Japan -0.03 -2.07* 0.05 1.70

Korea Ref. - Ref. -

Fear Italy 82.0*** -0.02 0.38 120.58*** -0.01 0.11

Japan -0.58 -11.27*** -0.40 -13.52***

Korea Ref. - Ref. -

Happy Italy 139.9*** 5.66 16.66*** 50.07*** 3.70 7.84***

Japan 2.59 8.79*** 3.95 9.24***

Korea Ref. - Ref. -

Neutral Italy 39.4*** 1.21 2.44* 16.11*** 2.87 5.58***

Japan 3.75 8.72*** 1.68 3.61***

Korea Ref. - Ref. -

Sad Italy 456.4*** -7.50 -24.37*** 483.02*** -7.11 -28.23***

Japan -7.18 -26.89*** -5.74 -25.09***

Korea Ref. - Ref. -

Surprise Italy 428.0*** 4.54 24.25*** 381.43*** 3.95 24.26***

Japan -0.61 -3.75*** 0.04 0.24

Korea Ref. - Ref. -

group showed a smaller yet still significantly higher activation probability

(β = 0.42, t = 2.71∗∗).

For the disgust FE cluster, during the Matching Pairs game, Italian cul-

tural group showed a slightly lower activation probability (β = −0.11, t =
−6.47∗∗∗), while Japanese cultural group also showed a lower activation

probability (β = −0.03, t = −2.07∗), although less pronounced than the

Italian cultural group. In the Snake game, the Italian cultural group con-

tinued to show lower activation probability (β = −0.15, t = −4.36∗∗∗). In

contrast, the response of the Japanese cultural group was not significant

(β = 0.05, t = 1.70).

The analysis of fear FE revealed a different pattern. In the Matching

Pairs game, the Italian cultural group showed no significant change in fear

FE (β = −0.02, t = 0.38). In contrast, Japanese cultural group exhib-
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Table 4.4: p−values resulting from statistical analysis to distinguish between

high-scoring and low-scoring players at the Snake and Matching Pairs games,

along with descriptive statistic parameters (median and iqr). ∗∗∗ = p <

0.001, ∗∗ = p < 0.01, ∗ = p < 0.05

Game / Feature ER St SpG MHT Angry MHT Disgust MHT Fear MHT Happy MHT Neutral MHT Sad MHT Surprise

Snake p− value 1.3× 10−3∗ 0.16 0.09 0.96 0.16 0.34 3.2× 10−2∗ 5.4× 10−3∗ 0.89 0.49

Snake medianhigh−scoring 0.85 0.15 0.97 48.82 697.30 517.70 61.90 1.06 14.89 78.96

Snake iqrhigh−scoring 0.39 0.04 0.19 113.94 1054.23 657.55 155.14 0.16 22.64 158.90

Snake medianlow−scoring 1.05 0.16 0.90 57.24 588.36 368.57 20.36 1.28 13.70 67.13

Snake iqrlow−scoring 0.54 0.04 0.24 110.88 941.61 985.56 99.96 0.48 26.03 162.30

Matching Pairs p− value 0.42 0.08 1.7× 10−2∗ 0.27 0.19 0.14 8.1× 10−3∗ 0.91 0.21 4.1× 10−2∗

Matching Pairs medianhigh−scoring 0.91 0.15 0.99 46.51 859.94 572.10 388.48 1.08 11.59 139.52

Matching Pairs iqrhigh−scoring 0.43 0.01 0.03 95.60 970.47 1165.34 971.60 0.29 20.80 588.80

Matching Pairs medianlow−scoring 0.92 0.15 0.98 37.56 621.06 371.54 70.19 1.06 12.77 55.87

Matching Pairs iqrlow−scoring 0.54 0.01 0.05 98.81 922.07 718.45 275.77 0.25 24.60 136.28

ited a statistically significant lower activation probability (β = −0.58, t =
−11.27∗∗∗). During the Snake game, Italian cultural group also showed no

significant activation (β = −0.01, t = −0.11), but Japanese cultural group

showed a marked lower activation probability in fear FE (β = −0.40, t =
−13.52∗∗∗).

The happy FE cluster showed a highly increased activation probability

in Italian cultural group during the Matching Pairs game (β = 5.66, t =

16.66∗∗∗), with Japanese cultural group also showing a significantly higher

activation probability (β = 2.59, t = 8.79∗∗∗). In the Snake game, both

Italian (β = 3.70, t = 7.84∗∗∗) and Japanese cultural group (β = 3.95, t =

9.24∗∗∗) continued to show significantly higher activation probability com-

pared to Korean cultural group.

The neutral FE activation varied by game. During the Matching Pairs

game, Italian cultural group participants showed a modestly higher acti-

vation probability (β = 1.21, t = 2.44∗), with Japanese cultural group

showing a more significant response (β = 3.75, t = 8.72∗∗∗). In the Snake

game, both Italian (β = 2.87, t = 5.58∗∗∗) and Japanese cultural group

(β = 3.18, t = 5.87∗∗∗) exhibited significantly higher activation probability.

For sad FE, Italian cultural group showed a strong lower activation

probability during the Matching Pairs game (β = −7.50, t = −24.37∗∗∗),
and this trend continued in the Snake game (β = −7.11, t = −28.23∗∗∗).
Japanese cultural group similarly showed substantial lower activation prob-

ability (β = −7.18, t = −26.89∗∗∗) in the Matching Pairs game and (β =

−5.74, t = −25.09∗∗∗) in the Snake game.
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Lastly, in the case of surprise FE, Italian cultural group showed signif-

icantly higher activation probability during both the Matching Pairs (β =

4.54, t = 24.25∗∗∗) and the Snake (β = 3.93, t = 24.26∗∗∗) games. In con-

trast, the Japanese cultural group showed a significantly lower activation

probability in the Matching Pairs game (β = −0.61, t = −3.75∗∗) and no

significant activation difference in the Snake game (β = 0.04, t = 0.24).

Results of Step Ib

Statistical analysis was performed to detect differences among the character-

istic features of the TCMs across different cultures in the Snake and Match-

ing Pairs games. Since the Shapiro-Wilk normality test (significance level

α = 0.05) rejected the null hypothesis for all features’ distribution, the non-

parametric Kruskal-Wallis test (significance level α = 0.05) was implemented

to test whether MC-related features of FE dynamics belonging to different

cultures come from the same distribution. A post-hoc Tukey-Kramer cor-

rection was used to test multiple comparisons. Figure 4.12 and Figure 4.13

summarise all significant cultural differences in MHTs.

Figure 4.12: Significant comparisons resulting from MC analysis on FE data

across different cultures in the Snake game. ∗∗∗ = p < 0.001, ∗∗ = p < 0.01,
∗ = p < 0.05

In the Snake game (Figure 4.12), cultural effects emerged for the an-
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Figure 4.13: Significant comparisons resulting from MC analysis on FE data

across different cultures in the Matching Pairs game. ∗∗∗ = p < 0.001,
∗∗ = p < 0.01, ∗ = p < 0.05

gry, disgust, fear and surprise MHTs. For the angry FE, the Italian cul-

tural group showed higher MHTs than both the Korean (p < .001) and

the Japanese (p < .001) cultural groups; the associated effect size reflected

a strong divergence across cultures (d = 1.022). For the disgust FE, the

Italian cultural group again exhibited higher MHTs (d = 0.487) than both

the Korean (p < .05) and the Japanese (p < .05) cultural groups. The

fear FE condition showed a different configuration: Japanese cultural group

displayed the highest MHTs with respect to Korean (p < .05) and Italian

cultural group participants (p < .05, d = 0.613). Finally, for the surprise

FE, both Korean (p < .05) and Japanese (p < .001) cultural groups showed

higher MHTs, while Italians appeared faster and more consistent in their re-

sponses (d = 0.82). A similar pattern was found in the Matching Pairs game

(Figure 4.13), where cultural modulation of MHTs was again evident across

several emotional states. For the angry FE, the Italian cultural group con-

firmed their markedly higher MHTs compared to both the Korean (p < .001)

and the Japanese cultural group (p < .001, d = 0.868). A similar pattern,

though less pronounced with respect to the Snake game, was observed for

the fear FE, where the Japanese cultural group displayed higher MHTs rel-

ative to their Italian counterparts (p < .05, d = 0.467). For the sad FE,
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the Korean cultural group generally exhibited the lowest MHTs, while the

Japanese (p < .05) and Italian (p < .05) cultural groups showed higher values

(d = 0.58). Finally, for the surprise FE, the Italian cultural group confirmed

the trend demonstrated in the Snake game by displaying the lowest MHTs,

whereas both the Korean (p < .01) and Japanese (p < .001) cultural groups

showed consistently higher values (d = 0.863). No significant differences,

in terms of MHTs, were observed for the neutral and happy FEs for both

games.

Furthermore, PANAS mean scores were examined in relation to partici-

pants’ performance, specifically evaluating their trends before and after both

games. The statistical results of this analysis, obtained by performing the

Mann-Whitney U-test, are summarized in section A.2, Figure A.4. Notably,

high-performing players in the Snake game exhibited lower negative emotions

both before (p = .0265, d = 0.633) and after (p = .0161, d = 0.693) game-

play, as well as increased positive emotions post-game (p = .0351, d = 0.599),

compared to lower-performing participants. A similar trend was observed

for the Matching Pairs game, where higher-performing individuals showed

an increase in positive emotions after gameplay (p = .0257, d = 0.637). Sub-

sequent analyses then explored differences in MC-related features between

high-scoring and low-scoring individuals for both Snake and Matching Pairs

games. Shapiro-Wilk normality test (significance level α = 0.05) rejected the

null hypothesis for all features’ distribution, so the non-parametric Mann-

Whitney U-test (significance level α = 0.05) was used for statistical compar-

isons. The results are briefly reported in Table 4.4, along with descriptive

statistic parameters (median and interquartile ranges) for high-scoring and

low-scoring players in Snake and Matching Pairs games. Statistical analysis

results for significant comparisons are also reported as boxplots (see sec-

tion A.2, Figure A.5 and Figure A.6). Substantially, low-scoring players in

the Snake game show lower MHT for the happy FE (d = 0.691) and higher

MHT for the neutral FE (d = 0.856). Also, low-scoring players exhibit higher

ER values with respect to high-scoring players (d = 1.023). In the Match-

ing Pairs game, instead, high-scoring players have higher SpG (d = 0.707)

with respect to low-scoring ones and also exhibit higher values for the happy

(d = 0.883) and surprise (d = 0.618) FEs.

Lastly, the comparison of MC-related features across Snake and Match-

ing Pairs games for all participants. Shapiro-Wilk normality test confirmed

non-Gaussian distribution of data; therefore, the Mann-Whitney U test (sig-
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nificance level α = 0.05) was used for statistical analysis. Results, reported in

section A.2, Figure A.7, show higher St values for the Snake game (p < .001,

d = 0.816), whereas in the Matching Pairs game, the SpG is larger (p < .001,

d = 1.071). Also, the two video games differ for the happy FE, which is

less prominent in the Matching Pairs game with respect to the Snake game

(p < .01, d = 0.478) and, therefore, tends to have a later onset (in terms of

MHT: p < .001, d = 0.891) in the emotional space of players.

Results of Step II

All GLMM results related to Step II are shown in Table 4.5. GLMMs results

on the Snake game indicate that both sets of HRV features are significantly

related to task performance. However, the combined model provided the

best fit, with the lowest AIC and BIC values, and achieved the highest

R2
cond (0.912). The significance of features encompassing both FE and HRV

domains (WAF ST, WAF SPG, pNN50) suggests that incorporating multi-

ple physiological features provides a more comprehensive representation of

cognitive engagement during the Snake game.

GLMMs’ results on the Matching Pairs game showed that HRV fea-

tures significantly predicted task performance, particularly time-domain and

entropy-related measures. The highest R2
cond (0.687) was observed in the

HRV ’complex’ model, while the combined model did not show a substantial

improvement in R2
cond (0.655). This suggests that adding additional phys-

iological metrics beyond the HRV ’complex’ feature set did not necessarily

enhance the model’s predictive power. However, the combined model still

provided the best overall fit based on AIC and BIC values, indicating a more

balanced trade-off between complexity and explanatory power. Conversely,

in the Snake game, no FE-related features were significant in the combined

model.

The combined models for both games highlight the significant features

influencing task performance. The Snake game demonstrated the highest

predictive power across all features combined (R2
cond = 0.912). In contrast,

the Matching Pairs game showed that the HRV ’complex’ feature set alone

accounted for most of the variance in performance (R2
cond = 0.687). These

results suggest that HRV-derived features, particularly those linked to en-

tropy and recurrence patterns, play a crucial role in modulating cognitive

performance during game tasks.
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Table 4.5: GLMMs results for the Snake and the Matching Pairs games,

with indications on the number of subjects included/excluded in each model,

values of AIC, BIC and R2
cond. Significant fixed effects are reported along

with direction (+ = positive, − = negative) and level of significance (∗ ∗ ∗ =
p < 0.001, ∗∗ = p < 0.01, ∗ = p < 0.05).

GAME / Feature Set Included/Excluded Significant Fixed Effects AIC BIC R2
cond

SNAKE GAME

FE Feat. - - - - -

HRV ’canonical’ Feat. 105 / 4 pNN50* (-), ApEn*** (+), SampEn2*** (-), DistEn* (-) 21,09 25,725 0,874

HRV ’complex’ Feat. 105 / 4 RR* (-), mean RT** (+), max RP path length* (+) 129,104 134,059 0,872

Combined 101 / 8 WAF ST** (+), WAF SPG** (+), pNN50* (-) -7,552 -3,688 0,912

MATCHING PAIRS GAME

FE Feat. - - - - -

HRV ’canonical’ Feat. 107 / 2 meanRR** (-), RMSSD* (+), TriRR* (+), stdDER1** (-), ApEn*** (-), SampEn2*** (+) -69,906 -65,218 0,639

HRV ’complex’ Feat. 107 / 2 mean RT** (+), max RP length** (-), TT* (-) -7,045 2,045 0,687

Combined 94 / 15 meanRR* (-), mean RT* (+), max RP length* (-), TT* (-) -89,346 -85,777 0,655

4.4.5 Discussion

The universality of FEs has been widely discussed, results from Jack et

al. [210] demonstrate that facial configurations might not be culturally uni-

form. Following their results, Eastern observers tend to rely more on eye-

region cues and exhibit less distinct clustering of basic emotions than West-

ern observers. Such findings highlight that cultural norms shape how facial

movements are produced and perceived. Consequently, cultural variability

also has technical implications for ML and FER. CNN-based systems may

show lower accuracy when trained on datasets that do not sufficiently rep-

resent diverse cultural facial movement patterns. This issue becomes clear

when considering the datasets commonly used in the field, since multicul-

tural datasets such as RAF-DB [270,271] and AffectNet [312] exist alongside

single-culture datasets such as JAFFE [279,280]. The choice of these datasets

and methodology determines how culturally sensitive and generalisable the

resulting FER models can be.

Emotions are at the root of the human experience, shaping decision-

making [266], social interactions [287], and overall well-being [421]. They

serve as important indicators guiding individuals in managing complex so-

cial environments and responding to their daily challenges. The nature of

human emotions is inherently dynamic and multifaceted, encompassing both

action-oriented and inhibition-oriented forms of negative emotional activa-

tion. Emotions such as angry and disgust are typically associated with an
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action-oriented response. Angry, in particular, as an emotion, is highly as-

sociated with a sense of empowerment, leading individuals to confront and

challenge perceived injustices, thereby encouraging proactive behaviour and

collective action for groups [308]. The association of angry and behaviour is

so clear that some researchers have argued that it is almost self-evident, re-

flecting the natural tendency of anger to lead individuals to respond forcefully

to threats or challenges [238,308]. Similarly, disgust, although primarily a re-

sponse to objects or actions perceived as harmful or repulsive, often elicits a

strong drive to eliminate or distance oneself from the source, thereby reinforc-

ing active interaction with the environment and individuals [140, 333, 365].

In addition, moral disgust, a type of disgust elicited by violations of moral

or ethical norms, is correlated with anger, further emphasizing its role in

driving action-oriented responses [293,397].

In contrast, emotions such as fear and sad are more likely to lead to inhi-

bition or disempowerment, resulting in passive or avoidant behaviour. Fear,

for instance, is associated with avoidance rather than confrontation, leading

individuals to withdraw from the perceived source of danger [281, 308, 364].

Furthermore, anxiety-realized fear can trigger a ’freeze’ response, where the

individual becomes unable to act or move, reflecting a more extreme form of

passivity in the face of threats [383]. Likewise, sad, which is often associated

with a sense of loss and lack of action, is typically characterized by passivity

and a general slowing of the body, reducing motivation to action [21,415].

Static Patterns of FEs Across Cultures The Step Ia provides a broad,

static overview by examining how the WAFER system detects FE across

cultures during gameplay, establishing general cross-cultural patterns in out-

ward emotional expression. Studies in the literature have consistently shown

that culture plays a crucial role in influencing both emotional experiences

and how these emotions are represented [134, 139, 296]. Furthermore, the

degree to which these FE are displayed may also vary across cultures [296].

In this context, three hypotheses were formulated to strengthen the study.

The first of these hypotheses (H1.1) was ”Italian cultural group is expected

to exhibit a higher probability of happy FE and a lower level of negative FE

compared to Japanese and Korean cultural groups while playing Snake and

Matching Pairs games”. Results indicated that the Italian cultural group

exhibited a higher probability of happy FE and a lower level of negative FE,

thereby supporting H1.1 (see β values in Table 4.3). Following the literature,
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Italian culture stands out among European cultures for its unique empha-

sis on pleasure and enjoyment, deeply rooted in its historical and cultural

roots [159]. This hedonic form of cultural orientation [159] significantly af-

fects various aspects of life, including motivations related to leisure activities,

such as video games. Moreover, another study reports that ’entertainment’

is a key reason people play video games, with Italian gamers dominating this

aspect [181].

The second hypothesis (H1.2) was, ”Japanese cultural group is expected to

be less likely to show fear FE compared to Italian and Korean cultural group

while playing Snake and Matching Pairs games”. Results showed that the

Japanese cultural group exhibited lower levels of fear of FE compared to the

other groups, leading to the acceptance of H1.2 (see β values in Table 4.3).

These findings are consistent with the existing literature and can highlight

how cultural norms shape FE in video game contexts. Moreover, in individ-

ualistic cultures, particularly in the West, authenticity is highly valued in

various aspects of life [62]. However, in collectivist cultures, such as Japan,

greater emphasis is placed on conforming one’s behaviour to social expec-

tations and avoiding inappropriateness [72]. This often involves ”masking”

emotions, a practice particularly evident in Japan’s status-conscious society,

where individuals tend to suppress expressions of fear [106]. Furthermore,

cultural values such as fearlessness, integrity, and bravery are deeply rooted

in Japanese traditions, such as Bushido and Buddhism [114]. These cul-

tural values may have shaped the social norms surrounding emotional ex-

pression [113]. Although these philosophies do not explicitly mandate the

suppression of fear, they have influenced the implicit rules of emotional dis-

play and may act as moderating factors in emotional regulation [298].

The third hypothesis (H1.3) was ”Korean cultural group is expected to

be more likely to show negative FE compared to Italian and Korean cultural

group while playing Snake and Matching Pairs games”. Findings highlighted

that Korean participants expressed a higher frequency of negative FE, which

supports H1.3 (see β values in Table 4.3). The findings from the literature

are consistent with the H1.3 results regarding FE in the Korean cultural

group. For instance, Koreans are known to often show negative emotions,

both verbally and non-verbally, in response to a variety of social and per-

sonal stimuli. Studies by M. Kim [226, 227] and Y. Kim [229] indicate that

emotions such as sad, angry, disgust, and shame are frequently experienced,

especially in circumstances involving personal failure, interpersonal betrayal,
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or interactions with people perceived as morally corrupt [391]. This tendency

may be associated with the competitive dynamics inherent in Korean society,

where individuals often face significant expectations and pressure to achieve

success [410, 414]. In this context, competition (whether in academic set-

tings, career advancement, or social interactions) can trigger frustration and

heighten sensitivity to failure. Consequently, it can result in more negative

emotional expressions than in other cultures.

Dynamic Evaluation of FEs Across Cultures This step investigated

the dynamic space of players’ FE profiles, assessing how cultural back-

ground, emotional processing, cognitive performance, and game type shaped

the timing of emotional responses. In Step Ib, the analysis focused on the

continuous-state Markov operator derived from FE probabilities and, in par-

ticular, on the MHT. This metric provided a temporally resolved character-

isation of emotional transitions that complements the static effects iden-

tified in Step Ia. Whereas the GLMM analysis quantified the extent to

which each FE was activated, the MHT captured how quickly each emotion

emerged during gameplay, revealing systematic differences across cultural

groups, game types, and performance levels. Here, cultural differences were

investigated, testing whether groups from distinct cultural contexts showed

statistical significant different temporal patterns in the MHT measure. In-

terestingly, cross-cultural variations emerged across both games.

In the Snake game (Figure 4.12), Italian cultural group displayed de-

layed expressions of negative-valence emotions, particularly angry and dis-

gust (Figure 4.12a,b), compared with the Korean and Japanese cultural

groups. At the same time, the Italian cultural group showed a faster onset

of surprise (Figure 4.12d), suggesting heightened reactivity to unexpected

events in this fast, dynamic task. The Japanese cultural group exhibited a

consistent delay in fear (Figure 4.12c), confirming the pattern already noted

in Step Ia and aligning with culturally shaped tendencies to modulate the

expression of this emotion. Korean cultural group, by contrast, showed rel-

atively shorter and more uniform MHT, indicating more stable expressivity

across conditions. In the Matching Pairs game (Figure 4.13), similar cultural

patterns were observed, but with a structure that reflects the task’s slower,

memory-oriented nature. Italian cultural group showed later angry and sad

responses (Figure 4.13a,c), yet their fear and surprise responses were now

faster than those of the Japanese cultural group (Figure 4.13b,d), whose fear
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delay persisted across tasks (Figure 4.13b). Koreans maintained compara-

tively rapid and consistent MHT, reinforcing their stable emotional response

profile.

Moreover, these findings suggest that cultural background meaningfully

shapes not only the intensity but also the timing and trajectory of emo-

tional expressions during gameplay [210]. Importantly, the direction and

magnitude of these differences depend on the task’s cognitive and emo-

tional demands [195]. The Snake game, characterized by speed, uncertainty,

and continuous threat detection, amplifies cross-cultural differences in rapid-

reactivity emotions [260,457]. In contrast, the Matching Pairs game relies on

memory load, anticipation, and slower decision cycles, thereby highlighting

cross-cultural differences in more deliberate or expectation-driven emotional

responses. These observations are consistent with models distinguishing fast

vs. slow emotional processes, i.e., rapid, reactive emotions emerge predomi-

nantly in time-pressured contexts. In contrast, slower, cognitively mediated

responses are more evident in tasks requiring memory, planning, or sustained

attention [347].

Complementary analyses on PANAS scores align with the existing lit-

erature [215], indicating that higher-performing players experience greater

activation of positive emotions after the game sessions (see Figure A.4 in

section A.2). Building on these self-reported differences, the investigation fo-

cused on whether such affective patterns were also observable at the level of

behavioral emotion dynamics, assessing whether cognitive task performance

was reflected in differences in the MHTs of players’ FEs, comparing how

these emotion-specific durations vary between high- and low-scoring play-

ers. Notably, the faster transition to happy in low-scoring players may not

indicate true positive affect but rather a reactive or involuntary emotional

response, such as nervous laughter or smiling immediately after making a

mistake [237]. Such expressions can serve as brief emotional releases or cop-

ing mechanisms under stress, as commonly observed in performance-failure

situations [237]. Moreover, low-scoring players also demonstrated higher ER

values in the Snake game. As ER reflects the unpredictability of transitions

between emotional states, this increased variability in low-scoring players

may indicate less consistent or more chaotic emotional regulation, poten-

tially undermining their cognitive performance under pressure. Conversely,

in the Matching Pairs game, high-scoring players showed higher SpG values,

suggesting their emotional state transitions stabilize more rapidly. In the
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context of MC modeling, a larger SpG signifies a faster convergence to a

steady emotional pattern, an attribute that may support sustained atten-

tion and better decision-making. Additionally, high-scoring players in the

Matching Pairs game exhibited higher MHTs for the happy and surprise ex-

pressions, implying a more prolonged trajectory to these states. This may

reflect a more controlled or deliberate emotional response, possibly indica-

tive of better cognitive engagement and focus. These findings suggest that

FER-derived MCmetrics can meaningfully differentiate emotional processing

styles linked to performance levels. High-scoring players tend to exhibit more

stable and structured emotional dynamics traits, likely conducive to better

cognitive control and game performance. In contrast, low-scoring players

appear to experience more volatile and less regulated emotional patterns,

which may hinder cognitive efficiency.

Finally, it was investigated if the type of game influenced the dynamics

of players’ FEs. The MC model-based analysis showed greater emotional

stability between consecutive states in Snake compared to Matching Pairs,

and the emotional space available for exploration in Snake was more limited

than in Matching Pairs. This reduction in emotional space, combined with

increased stability, can be interpreted as a way to focus more on the game

itself. Additionally, in the Snake game, there was a higher prevalence of pos-

itive emotions (i.e. happy), both in terms of presence and latency, according

to Ferro et al. [151], which reported that the positive emotions experienced

by gamblers do not show differences between the different types of games,

as these seem more linked to a more internal connection with the game.

Combining FE and HRV Data to Model Gameplay Performance

GLMM analysis of the Snake and Matching Pairs games reveals profound

insights into the interactions among FE, ”canonical,” and ”complex” HRV

feature sets in predicting cognitive outcomes. For the Snake game, FE fea-

tures alone could not predict performance; however, both HRV feature sets

demonstrated strong explanatory power, as evidenced by high R2
cond values

(Table 4.5). Among these, entropy measures (ApEn, SampEn, and DistEn)

and RQA-derived features (recurrence rate, mean recurrence time, and max

recurrence plot path length) stood out as significant fixed effects (Table 4.5).

These findings underscore the intricate relationship between cardiovascular

dynamics and cognitive processes, emphasizing the role of autonomic regula-

tion in shaping task performance. The integration of FE and HRV features
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for the Snake game significantly enhanced the R2
cond, reaching a value of

0.912 (Table 4.5). In this combined model, FE-related features (WAFERSt

and WAFERSpG) emerged as significant predictors alongside pNN50 from

the ’canonical’ HRV features set (Table 4.5). The inclusion of pNN50, a

time-independent HRV measure, confirms its robustness as a marker of cog-

nitive performance. A recent study on stress and cognitive performance

found that reduced HRV, as measured by pNN50, was associated with bet-

ter performance under stress. High-performing individuals showed greater

parasympathetic recovery after stress, which could be linked to their abil-

ity to maintain performance under pressure [311]. These results point to the

critical role of emotional and cardiovascular markers in understanding cogni-

tive load, revealing a dynamic interplay between emotional states, autonomic

regulation, and task demands, as changes in HRV, particularly in the con-

text of mental stress, have already been linked to changes in cognitive load

and emotional states [304]. Such findings raise pivotal questions about the

modulation of cardiovascular activity during video gameplay, particularly

regarding how shifts in sympathovagal balance, as captured by HRV and FE

data, reflect cognitive engagement and adaptability across varying task con-

ditions. For the Matching Pairs game, a similar analytical framework was

employed. Even for the Matching Pairs game, GLMM analysis relying solely

on FE-related features was insufficient for predicting cognitive outcomes,

while ’canonical’ and ’complex’ HRV domains yielded significant insights

(Table 4.5). Time-domain (meanRR, RMSSD, TriRR, and stdDER1) and

entropy-related measures (ApEn and SampEn) from the ’canonical’ HRV

feature set, along with RQA metrics (mean recurrence time, max recurrence

plot path length, and trapping time) from the ’complex’ HRV feature set,

emerged as pivotal predictors (Table 4.5). These results solidify the relevance

of advanced HRV analyses in assessing cognitive performance, particularly

in tasks requiring sustained attention and cognitive stability [155]. Interest-

ingly, the combined GLMM for the Matching Pairs game did not improve

the R2
cond, which remained at 0.655 (Table 4.5). Despite this, the importance

of RQA-derived features (mean recurrence time, max recurrence plot path

length, and trapping time) and meanRR was reaffirmed (Table 4.5). This

suggests that while FE metrics played a less prominent role in the Matching

Pairs game, autonomic markers reflecting recurrent and stable patterns were

critical for understanding task-related performance. These findings provide

compelling evidence for the role of autonomic dynamics in characterizing
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cognitive load [173], with features like meanRR and entropy measures serv-

ing as robust markers of task-specific physiological regulation. The results

underscore the broader impact of cardiovascular activity modulation during

gameplay, revealing task-specific patterns of autonomic regulation and emo-

tional engagement [433]. For the Snake game, the interplay between recur-

rent autonomic patterns and emotional stability highlights the importance of

adaptive sympathovagal balance in navigating cognitively demanding tasks.

Conversely, the Matching Pairs game’s reliance on stable autonomic mark-

ers suggests a need for consistent cognitive focus and physiological steadi-

ness. These distinctions have profound implications for understanding how

autonomic dynamics and emotional states shape cognitive performance in

interactive and high-stakes environments. From a translational perspective,

these findings have significant potential for informing the design of inter-

ventions and adaptive technologies. By leveraging the interplay between

cardiovascular activity and emotional markers, it may be possible to develop

personalized gaming or training platforms that optimize cognitive perfor-

mance and emotional resilience. Furthermore, integrating these insights into

real-world applications, such as neurorehabilitation and cognitive training

programs, could pave the way for innovative strategies to enhance neuro-

plasticity, functional connectivity, and overall cognitive health.

4.4.6 Implications, Future Studies and Limitations

The outcomes of this study provide important insights for game designers,

who can use these findings to create more engaging and culturally immersive

gaming experiences. By understanding how emotions are expressed differ-

ently across cultures, designers can adapt game elements to appeal more to

different players, increasing both entertainment and immersion. Emotions,

especially negative ones, are crucial in shaping players’ experiences. Thus,

the emotional impact of a game goes beyond its content and extends to how

it triggers emotions; this study provides a basis for considering these factors

within regulatory frameworks for game design, potentially guiding indus-

try standards for how games manage emotional responses. In addition, the

biosignal findings have practical implications for performance-oriented activ-

ities such as eSports, where emotional regulation and physiological responses

directly affect player performance. Incorporating these findings into train-

ing and game design could help foster better mental resilience and control,

leading to improved outcomes in competitive settings.
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Future studies could benefit from including a wider range of cultural

groups to deepen the understanding of how emotional expressions and ex-

periences during gameplay differ across cultural backgrounds. By including

participants from different regions, researchers may uncover more complex

and culturally specific responses. In addition, expanding the physiological

measures to include EEG and Photoplethysmography data could provide

a more comprehensive view of players’ emotional and physiological states,

complementing existing FE data. Integrating eye-tracking technology with

advanced FE recognition systems would further refine emotional assessments,

enabling more accurate interpretation of participants’ reactions during game-

play. This multimodal approach could lead to a deeper understanding of the

interactive dynamics between cultural factors, physiological responses, and

emotions in gaming contexts.

Moreover, future studies could also consider the natural characteristics of

emotion datasets, as emotions such as happiness are often more easily repeat-

able than others. This tendency, which is commonly observed across multi-

ple datasets in the literature, may contribute to distributional imbalances.

Addressing such dataset-related issues through augmentation or resampling

techniques could further strengthen the robustness of future findings.

There are several limitations to this study. First, using only two ca-

sual video games may limit the range of emotions elicited in participants,

because casual games generally evoke less intense emotional responses than

more complex and immersive games. This limitation is particularly relevant

for emotions such as disgust and fear, which typically emerge in richer con-

texts that contain stronger narrative, threat-related, or sensory cues. Conse-

quently, these findings may not be generalizable to other video games. Nev-

ertheless, this study represents an initial step in examining cross-cultural

differences in emotional and physiological responses. The use of casual,

comparable games provided a controlled setting for this initial exploration.

Taken together, these considerations may also help explain why the features

of FEs were not predictive of performance. Future research should include

more complex game genres to assess whether similar patterns emerge when

emotions are elicited under greater cognitive and emotional demands.

A methodological limitation of the present work is associated with the

adopted Markov-inspired approach. The transition operator was derived

from continuous FE probability vectors rather than from strictly discrete

emotional states. As a result, the model should be interpreted as a Markov
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process over probabilistic emotional profiles, rather than as a classical finite-

state emotion MC. This continuous-state formulation is well suited to the

graded nature of FE outputs and allows for a principled characterisation

of temporal dependencies, but future research could compare this approach

with models based on discrete emotional labels or on clustered latent states

to evaluate potential differences in interpretability and sensitivity.

In addition, the emotion recognition model used is inherently a ’black

box’, meaning that its internal processing is not easily interpretable. This

lack of transparency makes it difficult to fully understand how the model

detects and classifies emotions from FEs, potentially limiting insight into

specific emotional nuances that vary across cultures. Lastly, the interpreta-

tion of the emotion surprise is inherently context-dependent. Unlike emo-

tions with clear positive or negative valence, such as happiness or sadness,

surprise can emerge in response to both pleasant and unpleasant situations,

including happy achievements or sudden failures. This contextual variabil-

ity makes it more difficult to consistently categorize surprise. As a result,

FE recognition systems may struggle to accurately interpret surprise, poten-

tially overlooking the emotional nuance conveyed by the expression. This

limitation is especially relevant in cross-cultural settings, where similar FEs

of surprise may convey different meanings based on cultural norms and sit-

uational expectations.

4.5 Conclusions

This chapter investigated psychophysiological engagement during interac-

tive, goal-directed digital games, positioning game-based tasks as an inter-

mediate level of complexity between highly controlled laboratory tasks and

fully naturalistic real-world settings. Building on the foundational analy-

ses of basic stimulus-driven responses presented in earlier chapters, the fo-

cus here shifted toward active human-computer interaction, where cognitive

load, emotional activation, and autonomic regulation continuously evolve in

response to task demands and performance. Across three complementary

studies, the chapter demonstrated that even simple casual games can elicit

structured and measurable modulations across central, autonomic, behav-

ioral, and affective domains. Importantly, these modulations were not static

outcomes but dynamic processes unfolding over time, shaped by the interac-

tion between task structure, individual performance, and contextual factors.
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Findings confirm that game-based paradigms offer a valuable methodolog-

ical compromise, retaining experimental control while enabling the investi-

gation of engagement as an emergent, time-varying phenomenon. A central

contribution of this chapter lies in showing that engagement during game-

play cannot be reduced to a single physiological or psychological marker.

The EEG study highlighted how sustained performance in a continuous vi-

suomotor task is supported by adaptive neural regulation, whereas reduced

performance is associated with signatures of cognitive overload and dimin-

ished attentional efficiency. The pupillometry study, in turn, revealed that

autonomic markers can capture subtle differences in cognitive resource al-

location even when subjective affective reports remain largely unchanged.

Finally, the cross-cultural multimodal study demonstrated that emotional

expression, autonomic regulation, and their temporal dynamics are deeply

intertwined, yet strongly modulated by cultural background and task char-

acteristics. These results support a multidimensional view of engagement,

in which cognitive efficiency, emotional activation, and physiological regula-

tion interact rather than operate independently. Engagement emerges as a

coordinated process involving central nervous system dynamics, autonomic

adjustments, and affective responses, whose relative contribution depends

on the nature of the task. Fast-paced, time-pressured games emphasize re-

active control and rapid emotional transitions, while memory-based tasks

rely more heavily on stable autonomic regulation and sustained cognitive fo-

cus. This task dependence underscores the importance of carefully selecting

and designing game paradigms in experimental research, as different games

probe distinct facets of cognitive and emotional processing. Another key

outcome of this chapter is the demonstration that temporal dynamics carry

critical information beyond static measures. Across modalities, performance

and engagement were more consistently associated with changes over time,

transition patterns, and stability of physiological signals than with absolute

levels alone. This was evident in neural adaptation across gameplay phases,

in pupillary latency and variability and in the structured evolution of FE tra-

jectories and heart rate variability. These findings reinforce the notion that

engagement is best characterized as a dynamic regulatory process rather than

a fixed state, and that time-resolved analyses are essential for capturing its

complexity. The inclusion of a cross-cultural perspective further strengthens

the chapter’s contribution by highlighting that engagement-related signals

are not universally expressed in the same way. Cultural norms influence not
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only the intensity of emotional expressions but also their timing, variabil-

ity, and regulation during interactive tasks. This has important implications

for both experimental design and the development of computational models,

suggesting that engagement metrics derived from physiological and affective

data should be interpreted within their cultural context to ensure generaliz-

ability and validity. From a methodological standpoint, the chapter demon-

strates the added value of a multimodal approach. While single modalities

provide partial insights, their integration allows for a more comprehensive

characterization of engagement, revealing convergent patterns across neu-

ral, autonomic, and affective systems. At the same time, the interpretation

of these multimodal markers requires careful consideration of the analytical

procedures used to derive them. Several of the spectral EEG indices, pupil-

lometric measures, and autonomic features considered in this chapter may

be influenced by preprocessing strategies and parameter settings; consistent

signal processing procedures (see subsection 2.3.1, subsection 2.4.2 and sec-

tion 2.6) were therefore adopted across experiments to limit methodological

variability and support the robustness of the extracted engagement markers.

In addition, the analysis of FE dynamics during gameplay relied on a MC-

inspired approach. While this framework provides a flexible way to capture

temporal transitions in affective states, its outcomes may also depend on

specific preprocessing and feature extraction choices. Given the relatively

exploratory nature of this method in the context of game-based psychophys-

iology, further methodological work will be required to refine the processing

pipeline and identify optimal parameter settings capable of improving the

stability and reliability of the resulting FE dynamics estimates. This mul-

timodal framework strengthens the interpretation of experimental findings

and, more importantly, lays the groundwork for future adaptive and person-

alized applications, such as serious games for cognitive assessment, training,

or rehabilitation, where real-time monitoring of engagement is essential. In

conclusion, this chapter establishes game-based experimental paradigms as

tools for studying cognitive and emotional processes in action. By showing

how engagement manifests through coordinated and dynamic psychophysi-

ological responses, the chapter bridges controlled experimental research and

more ecologically valid interactive scenarios. It also provides a conceptual

and methodological foundation for the next one, which further explores how

cognitive and emotional processes are shaped by increasing levels of com-

plexity, social interaction, and contextual modulation.



Chapter 5

Integrated Affective

Neuroscience Across Individual

and Dyadic Contexts: From

Neuroaesthetic Processing to

Interpersonal Synchrony

This chapter examines psychophysiological dynamics in affective

and social contexts through three complementary experimental

studies. The first investigates how individual traits modulate

neural connectivity during aesthetic experience, highlighting dis-

tinct temporal contributions of expertise and empathy. The sec-

ond explores autonomic responses in dyads exposed to shared

emotional stimuli, showing how affective co-presence shapes elec-

trodermal dynamics alongside individual variability. The third

study addresses interpersonal neural coupling using EEG hyper-

scanning with cross-biofeedback, demonstrating that inter-brain

synchronisation (IBS) reflects genuine relational processes and

is modulated by emotional content and psychological character-

istics. These studies provide a multilevel perspective on affec-

tive processing, spanning individual, shared, and interactive psy-

149
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chophysiological organization. 1

Building on the experimental evidence presented in the previous chap-

ters, this chapter addresses psychophysiological responses in contexts char-

acterized by increased affective salience, social presence, and interpersonal

interaction. While chapter 3 and chapter 4 progressively examined neural

and autonomic dynamics under controlled perceptual stimulation and cog-

nitively structured tasks, the focus here shifts toward scenarios in which

emotional meaning and relational factors play a central role. This transi-

tion represents the final step in the simple-to-complex progression guiding

the thesis, where internal states are no longer elicited solely by stimulus

properties or task demands, but emerge from the interaction between in-

dividuals, stimuli, and social context. The three studies included in this

chapter share a common objective: to investigate how affective content and

social coupling modulate psychophysiological organization beyond the indi-

vidual level. Rather than treating emotion as an isolated response to ex-

ternal stimuli, these paradigms explicitly consider emotional processing as

embedded within relational and interactive frameworks. Across different ex-

perimental configurations, the chapter explores how neural and autonomic

dynamics adapt when individuals are exposed to emotionally meaningful

material, observe or share experiences with others, or engage in reciprocal

interactions mediated by physiological feedback. In this sense, the studies

collectively extend the multimodal perspective of the thesis toward contexts

where individual and interpersonal processes are intrinsically intertwined.

From a methodological standpoint, this chapter further develops the use of

dynamic and connectivity-based analyses introduced earlier, applying them

to emotionally and socially enriched environments. Functional connectivity

metrics, autonomic indices, and hyperscanning approaches are employed to

capture both intra-individual modulation and inter-individual coupling. Im-

portantly, these analyses are not limited to descriptive characterizations but

are used to probe how individual traits, shared affective experiences, and in-

teractive feedback mechanisms influence the temporal organization of neural

and autonomic responses.

1The section 5.2 of this chapter has been published as “Quantitative Electrodermal

Activity Analysis of Simultaneous Recordings from Dyads during Affective Visual Task:

Proof of Concept and Preliminary Results” in Annual International Conference of the

IEEE Engineering in Medicine and Biology Society. IEEE Engineering in Medicine and

Biology Society. Annual International Conference, vol. 2025, pp. 1–6, 2025 [423].
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5.1 Temporal Dynamics of Functional Connec-

tivity during Neuroaesthetic Experience:

Effects of Art Expertise and Psychologi-

cal Traits

5.1.1 Introduction

Neuroaesthetics, first formalized by Semir Zeki at the end of the twentieth

century, has emerged as a rapidly expanding interdisciplinary field dedicated

to elucidating the neural and cognitive mechanisms underlying the percep-

tion of beauty and the aesthetic appreciation of art [254,466,467]. Integrating

methodologies from neuroscience, psychology, and art theory, neuroaesthet-

ics addresses longstanding questions regarding the emotional impact of art,

the neural substrates of aesthetic experience, and the influence of individual

differences such as expertise and personality traits on responses to artworks.

Recent advances in brain imaging and electrophysiological methods, such as

functional Magnetic Resonance Imaging (fMRI) and EEG, have enabled the

real-time examination of aesthetic experience, revealing that aesthetic judg-

ment is not merely a subjective preference but is supported by specific neural

networks. For example, the medial orbitofrontal cortex has been consistently

associated with the evaluation of beauty and with reward-related processes,

suggesting that the appreciation of art is deeply linked to mechanisms of

pleasure and motivation [224]. Such findings underscore that aesthetic ex-

perience engages core systems of human emotion and cognition, highlighting

art as a privileged window into the brain’s dynamics. Embodied processes

also mediate affective responses to art. Early studies on mirror neurons [362]

have been pivotal in explaining how individuals can resonate with the emo-

tions and intentions conveyed by artistic stimuli. Building on this, Freedberg

and Gallese [156] demonstrated that even the mere observation of cuts in Lu-

cio Fontana’s canvases can activate motor systems in viewers, pointing to an

embodied simulation mechanism that links perception, action, and emotion.

Individual traits, particularly empathy, further modulate the intensity and

quality of aesthetic experience.The IRI [115] has been widely used to assess

dispositional empathy across different populations. Recent neurophysiolog-

ical studies suggest that individual differences in empathy, as measured by

the IRI, are reflected in oscillatory brain dynamics and prefrontal activations

during interpersonal or affective tasks, often in conjunction with autonomic
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responses [11,28]. These findings indicate that empathy is not only relevant

in social interactions but may also contribute to shaping aesthetic judgments

and their underlying neural dynamics. In addition to empathy, expertise con-

stitutes another determinant of how individuals perceive and evaluate art.

Experts and non-experts employ distinct perceptual and cognitive strate-

gies when engaging with artworks: experts rely more heavily on top-down

interpretative schemes and contextual knowledge [342]. In contrast, non-

experts tend to process visual features more directly. These differences are

reflected both behaviorally and neurally, with experts showing distinct acti-

vation patterns [394]. Expertise, therefore, not only enriches interpretative

depth but also influences the temporal unfolding of neural responses dur-

ing aesthetic perception. Beyond theoretical implications, neuroaesthetics

also opens perspectives for applied domains, such as education, museology,

and therapy. Integrating insights from neuroscience into art education and

museum practices has been proposed as a means to enhance emotional en-

gagement, stimulate creativity, and strengthen learning processes [41, 284].

In this context, art emerges as a pedagogical tool capable of promoting both

cognitive growth and emotional development, with potential applications

that extend from classrooms to therapeutic contexts.

Against this background, the present study investigates how functional

connectivity, measured using the PLI applied to EEG recordings, differs

between art experts and non-experts, and how dispositional empathy mod-

ulates these dynamics. PLI has been widely used as a robust measure of

functional connectivity because it minimizes the influence of volume conduc-

tion and common sources, making it particularly suitable for exploring the

temporal coordination of neural oscillations during cognitive and affective

tasks [188,400]. Applying PLI to aesthetic experience enables the character-

ization of neural dynamics underlying art perception [408]. By combining

EEG connectivity with behavioral and psychometric measures, this study

investigates how artistic expertise and dispositional empathy shape the tem-

poral unfolding of aesthetic processing. Specifically, it examines how these

individual traits modulate functional connectivity when viewers engage with

artworks that vary in their affective qualities, measured through valence and

arousal.
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5.1.2 Materials and Methods

Materials A total of 35 (16 F, 19 M; mean age, 22.86 ± 1.96 years) out

of the 53 healthy participants who were involved in the experiment were

analysed. This study was approved by the Institutional Review Board (en-

dorsement of compliance with the Opinion of the Ethics Committee for

Research no. 275 of 04/09/2023), and all participants gave their writ-

ten informed consent. All subjects had normal or corrected-to-normal vi-

sion and reported no history of neurological or psychiatric disorders. Par-

ticipants were divided into two main groups based on their level of art

expertise, by recruiting students from the Accademia delle Belle Arti di

Firenze (https://www.accademia.firenze.it/) and Engineering Students from

the University of Florence. The experimental paradigm consisted of three

phases, as shown in Figure 5.1.

Figure 5.1: Framework and timeline of the proposed experiment. ISI =

Inter-Stimulus Interval.

First, participants completed a 3-minute resting-state baseline with eyes

open while fixating on a central cross. Then, they were exposed (∼13-14
minutes) to a randomized sequence of 70 visual stimuli in the form of paint-

ings. The stimulus set included 35 artworks from the past and 35 from the

modern period, selected by a panel of experts from the Accademia di Belle

Arti di Firenze. Importantly, these experts did not take part in the EEG
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recordings to avoid introducing bias. The selection was designed to repre-

sent a brain’s spectrum of stylistic and emotional features, while ensuring

balance across the two categories. Stimuli were presented on a computer

monitor at a distance of approximately 70 cm from the participant’s head.

Each picture was displayed for 5 seconds, followed by a fixation cross for a

variable inter-stimulus interval (1.8–2.2 s). The presentation order of art-

works was random for each participant to account and partially mitigate

the effects of fatigue in the subject pool across all stimuli. Also, partici-

pants were informed in advance about the specific set of artworks (’art from

the past’, ’modern art’) that would be used in the experiment. The task

concluded with a 10-second eyes-open baseline. During the task, EEG ac-

tivity (fs = 300Hz) was recorded using the dry-electrode DSI-24 wearable

EEG headset (Wearable Sensing, San Diego, CA, USA). Participants sat

comfortably in a chair in a dimly lit room and were instructed to remain

still during stimulus presentation. A custom MATLAB script was devel-

oped to administer the experimental procedure, embedding event markers

at each transition between phases and at the onset of each artwork. Follow-

ing the EEG session, participants completed the SAM questionnaire [54] for

each stimulus (see section 2.9), rating both valence and arousal on a 5-point

Likert scale ranging from −2 (very negative/low arousal) to +2 (very posi-

tive/high arousal). Additionally, participants were asked whether they had

previously seen each artwork (with a binary yes/no response). Figure 5.2

summarizes the overall evaluation of the proposed artworks in the arousal-

valence space by participants, who also completed the Italian version of the

IRI [9] to assess emphatic predisposition (see section 2.9).

Methods EEG data were preprocessed in MATLAB with EEGLAB [120]

following the HAPPE workflow [164], as previously described in subsec-

tion 2.3.1 (band-pass filtering 1–80 Hz). After preprocessing, the continuous

EEG data were segmented into two epochs for each presented artwork: 0–1

seconds, aligned with stimulus onset, and 1–2 seconds post-stimulus onset,

allowing for analyses of both early and late time windows of aesthetic pro-

cessing. The PLI connectivity analysis was performed on these short, consec-

utive windows rather than on the entire 5-s stimulus period [91,243]. The 0–1

s window considers early, stimulus-driven connectivity dynamics associated

with rapid perceptual encoding and initial affective appraisal, whereas the

1–2 s window reflects subsequent integration and evaluative processing, be-
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Figure 5.2: Distribution of artworks in the two-dimensional valence-arousal

space based on participants’ ratings.

fore later time points where attentional drift, blinks, and motor adjustments

typically increase. Longer windows (e.g., 0–5 s) risk conflating these distinct

neural states and artificially inflating connectivity values due to averaging

across heterogeneous activity [38].

Functional connectivity was quantified using the Phase Lag Index (PLI),

as previously described in subsection 2.3.4. Specifically, PLI was computed

using a modified version of the FCLAB toolbox for EEGLAB (available at:

https://github.com/FCLAB-UPV/) [348]. Connectivity matrices were cal-

culated separately for four canonical frequency bands of interest for EEG

signals: theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma

(30-80 Hz). Each adjacency matrix obtained from the PLI computation

was subjected to proportional thresholding, retaining only the top 20% of

the strongest weights. Then, the graph-theoretical features described in in

subsection 2.3.4 were calculated using the BCT [366] (see Equation 2.17–

Equation 2.30). For each subject and condition, the median value of each

metric across stimuli was calculated to reduce the influence of outliers and

provide a more robust estimate of central tendency.
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Statistical Analysis Statistical analyses were conducted to compare the

extracted network features across groups and experimental conditions. Be-

havioral and EEG measures were integrated to examine how art expertise

and empathic disposition modulated both subjective aesthetic judgments

(valence/arousal ratings, familiarity) and neural connectivity dynamics. For

expertise, experts and non-experts were compared globally across all art-

works, testing both the median and the iqr of connectivity metrics, and

separately on the 10 most known (≥ 80%) and 10 least known (≤ 22.86%)

artworks across all participants, where only median values were considered.

For empathy, comparisons were made between empathic and non-empathic

participants globally on all artworks (testing both median and iqr), as well

as on the 10 stimuli rated with the highest (≥ 0.629) and lowest (≤ −0.229)
valence and the 10 rated with the highest (≥ 0.571) and lowest arousal

(≤ −0.314), where only the median was analysed. Group differences in

graph-theoretical measures derived from PLI were first tested for normal-

ity of distribution with the Shapiro-Wilk test (threshold α = 0.05); since

the assumption was not met, comparisons were carried out using the non-

parametric Mann-Whitney U test.

5.1.3 Results

SAM & IRI Evaluation Table 5.1 reports the mean and standard devia-

tion of valence, arousal ratings, and % of artworks known across all subjects,

split between artworks from the past and modern artworks. Differences be-

tween these two categories were assessed using the Mann-Whitney U test,

with an alpha threshold of 0.05. Results indicated significantly higher valence

ratings for artworks from the past compared to modern artworks (p < 0.001),

as well as higher arousal ratings (p < 0.05). No significant differences were

observed in the percentage of artworks known. Table 5.2 further summarizes

the same ratings split by expertise level, comparing experts and non-experts.

In this case, group differences were tested using the Wilcoxon signed-rank

test, with the same alpha threshold of 0.05. Experts reported significantly

higher valence ratings (p < 0.001) and a larger proportion of artworks recog-

nized (p < 0.001), while no significant differences emerged in arousal ratings.

Moreover, participants were divided into two groups based on IRI scores:

high-empathy (17 participants with total IRI score > 94, corresponding to

the sample median) and low-empathy (18 participants with total IRI score

≤ 94). This grouping enabled comparisons between individuals with varying
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overall levels of dispositional empathy. Notably, experts showed higher IRI

scores compared to non-experts (102 vs. 90.5, p < 0.05).

Table 5.1: Mean and standard deviation of valence, arousal ratings and %

of artworks known for all proposed artworks. NS = Not Significant.

Artworks from the Past Modern Artworks p-value

Valence 0.426 ± 0.327 0.072 ± 0.338 p < .001

Arousal 0.278 ± 0.351 0.053 ± 0.393 p < .05

% of Artworks known 57,4% ± 26.5% 48.6% ± 23.6% NS

Table 5.2: Mean and standard deviation of valence, arousal ratings and %

of artworks known comparing experts and non-experts. NS = Not

Significant.

Experts (n=17) Non-experts (n=18) p-value

Valence 0.408 ± 0.411 0.098 ± 0.49 p < .001

Arousal 0.226 ± 0.432 0.109 ± 0.462 NS

% of Artworks known 70.8% ± 25.9% 36.2% ± 27.8% p < .001

Functional Connectivity Results To investigate the temporal dynam-

ics of functional connectivity during aesthetic processing, analyses were per-

formed for two consecutive windows: the initial epoch following stimulus

onset (0–1 s) and the subsequent epoch (1–2 s). Significant differences

emerged between groups defined by expertise and empathy, with frequency-

and condition-specific patterns. Statistical significance was assessed using

the non-parametric Mann-Whitney U test (threshold α = 0.05). Values are

reported as medians (Group 1 vs. Group 2).

In the first second after stimulus onset, expertise-related effects appeared

in the theta and alpha bands. Across all artworks, experts exhibited lower

transitivity in the theta band (0.145 vs. 0.160, p < 0.05, Figure 5.3) and

higher participation in the alpha band (0.330 vs. 0.318, p < 0.05). The

iqr analyses further revealed reduced betweenness centrality in experts in

the theta band (4.112 vs. 4.644, p < 0.05, Figure 5.3). When focusing on

the 10 most familiar artworks, the effect on theta transitivity was confirmed

(0.145 vs. 0.155, p < 0.05). No significant differences emerged for the least

familiar artworks. In contrast, global comparisons across all artworks did
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not reveal statistically significant median differences between empathic and

non-empathic participants. However, the iqr analyses revealed higher eigen-

vector centrality in the theta band for highly empathic individuals (0.020

vs. 0.014, p < 0.05). Stimulus-specific effects emerged: for high-valence art-

works, empathic participants showed higher theta participation (0.332 vs.

0.307, p < 0.05); for low-valence artworks, lower alpha clustering (0.124 vs.

0.150, p < 0.05). High-arousal artworks elicited reduced gamma eigenvector

centrality in empathic individuals (0.193 vs. 0.198, p < 0.05). Low-arousal

artworks were associated with lower modularity Q in the alpha band (0.268

vs. 0.288, p < 0.05). No significant differences emerged in the comparison

between artworks from the past and modern artworks.

In the second epoch, expertise-related differences shifted toward the beta

and gamma bands. The iqr analyses across all artworks revealed that ex-

perts showed reduced beta betweenness (3.697 vs. 4.198, p < 0.05) and

lower gamma participation (0.080 vs. 0.097, p < 0.05). For the 10 most

familiar artworks, experts exhibited lower theta efficiency (0.320 vs. 0.336,

p < 0.05), higher theta modularity Q (0.295 vs. 0.271, p < 0.01), and lower

beta strength (1.106 vs. 1.141, p < 0.05). For the least familiar artworks,

higher modularity Q was observed in the beta band for experts (0.295 vs.

0.280, p < 0.05). Regarding empathy-related comparisons, global analyses

across all artworks revealed no significant effects during this epoch. How-

ever, differences emerged when considering stimulus valence and arousal.

For high-valence artworks, empathic participants showed longer character-

istic path length in the alpha band (4.194 vs. 3.768, p < 0.05), reduced

efficiency (0.297 vs. 0.330, p < 0.05), higher modularity Q (0.295 vs. 0.263,

p < 0.01), and increased betweenness centrality (19.889 vs. 18.480, p < 0.05)

(Figure 5.4). In the gamma band, they also exhibited higher transitivity

(0.058 vs. 0.047, p < 0.05) and clustering (0.051 vs. 0.044, p < 0.05). For

low-valence artworks, empathic individuals displayed higher theta transitiv-

ity (0.164 vs. 0.138, p < 0.05) but lower participation (0.310 vs. 0.333,

p < 0.01). High-arousal artworks elicited higher eigenvector centrality in

both beta (0.197 vs. 0.194, p < 0.05) and gamma bands (0.194 vs. 0.199,

p < 0.05). No significant differences emerged for low-arousal artworks. Fi-

nally, artworks from the past yielded higher clustering values in both beta

(0.075 vs. 0.074, p < 0.01) and gamma bands (0.047 vs. 0.045, p < 0.05).
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Table 5.3: Significant group differences (Group 1 vs. Group 2) in

connectivity metrics across epochs, frequency bands, and conditions.

Statistical significance was assessed using the non-parametric

Mann-Whitney U test with an alpha level of 0.05. 1 indicates higher median

value for Group 1, 2 for Group 2. ∗ = p < .05,∗∗ = p < .01,∗∗∗ = p < .001

Comparison Condition Band Significant metrics (direction, p-level)

Experts vs. Non-experts (0–1s)

All artworks Theta Transitivity∗2 (median); Betweenness∗2 (iqr)

All artworks Alpha Participation∗1

Most known Theta Transitivity∗2

Empathic vs. Non-empathic (0–1s)

All artworks Theta Eigenvector∗1 (iqr)

High valence Theta Participation∗1

Low valence Alpha Clustering∗2

High arousal Gamma Eigenvector∗2

Low arousal Alpha Q∗2

Experts vs. Non-experts (1–2s)

All artworks Beta Betweenness∗2

All artworks Gamma Participation∗2 (iqr)

Most known Theta Efficiency∗2; Q∗∗1

Most known Beta Strength∗2

Least known Beta Q∗1

Empathic vs. Non-empathic (1–2s)

High valence Alpha λ∗1; Efficiency∗2; Q∗∗1; Betweenness∗1

High valence Gamma Transitivity ∗1; Clustering∗1

Low valence Theta Transitivity∗1; Participation∗∗2

High arousal Beta Eigenvector∗1

High arousal Gamma Eigenvector∗2

Art from the Past vs. Modern Art (1–2s)
All subjects Beta Clustering∗∗1

All subjects Gamma Clustering∗1

Figure 5.3: Functional connectivity graphs in the theta band (0–1 s) for (a)

experts and (b) non-experts across all artworks. Edges represent the

strongest 20% of PLI connections, with color reflecting connection strength.
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Figure 5.4: Functional connectivity graphs in the alpha band (1–2 s) for

(a) empathic and (b) non-empathic across the 10 artworks rated with

highest valence. Edges represent the strongest 20% of PLI connections,

with color reflecting connection strength.

5.1.4 Discussion

The present study investigated how art expertise and dispositional empathy

modulate large-scale neural connectivity during the perception of artworks,

focusing on early (0–1 s) and slightly later (1–2 s) post-stimulus epochs. By

applying the PLI to EEG recordings and deriving graph-theoretical mea-

sures, temporal and frequency-specific patterns associated with individual

traits were identified. Although exploratory in nature, these findings offer

preliminary yet meaningful insights into the temporal unfolding of neural

dynamics during aesthetic experiences. Results (Table 5.3) show that art

expertise produces specific functional dynamics during the initial second of

visual processing, particularly in the theta and alpha bands. Across all

artworks, experts exhibited reduced transitivity (median) and betweenness

centrality (iqr) in theta (Figure 5.3), along with higher participation in al-

pha, suggesting that expertise facilitates a more efficient redistribution of

information and reduces redundant local clustering at early stages of aes-

thetic perception. These effects were confirmed when considering the most

familiar artworks, highlighting the role of recognition and prior knowledge

in modulating early connectivity. By contrast, no differences emerged for
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the least familiar artworks, suggesting that expertise-related advantages are

most pronounced when prior representations can be recruited. In the subse-

quent 1–2 s window, expertise effects became more selective: experts showed

reduced betweenness (beta) and participation (gamma) across all artworks,

and for familiar artworks, lower efficiency and strength but higher modularity

in theta and beta bands. This pattern indicates a shift from global integra-

tion to more modular and specialized processing, consistent with evidence

that aesthetic experience involves dynamic reconfiguration of connectivity

over time [269]. Together, these results align with previous findings showing

that art expertise modulates perceptual and attentional mechanisms during

early processing [141] and that connectivity differences emerge depending on

familiarity and stylistic recognition [408]. Empathy, in contrast, showed a

different temporal profile (Table 5.3). In the first second, empathy effects

were limited: across all artworks, empathic individuals only exhibited higher

eigenvector centrality in theta, suggesting subtle increases in the relative in-

fluence of certain nodes. Stimulus-driven differences emerged more clearly,

with higher participation in theta for high-valence artworks, reduced cluster-

ing in alpha for low-valence artworks, and differential modulation of eigen-

vector centrality in gamma and modularity in alpha depending on arousal.

These findings suggest that, unlike expertise, empathy did not globally al-

ter connectivity during initial perceptual encoding but instead interacted

with affective properties of the artworks. In the 1–2 s epoch, empathy

effects became more widespread. For high-valence artworks (Figure 5.4),

empathic participants exhibited longer path length, reduced efficiency, and

increased modularity and betweenness in the alpha band, suggesting a less

integrated but more segregated network configuration. They also showed

additional modulations in gamma-band transitivity and clustering, pointing

to valence-specific reorganization of large-scale dynamics. For low-valence

artworks, differences in theta transitivity and participation suggested al-

tered segregation and integration processes. High-arousal artworks elicited

changes in centrality metrics across beta and gamma, reflecting their emo-

tional salience, whereas no significant differences emerged for low-arousal

artworks. This temporal profile suggests that empathy primarily influences

the evaluative and affective appraisal phase of aesthetic processing, consis-

tent with theoretical accounts linking empathy to affective resonance and

social-emotional engagement during aesthetic experience [59]. These find-

ings highlight complementary roles for expertise and empathy in shaping
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the neural dynamics of aesthetic perception. Expertise exerts its main ef-

fects during early perceptual stages and in relation to familiarity, facilitating

efficient information flow and network specialization. Empathy, by contrast,

shows weaker global effects at stimulus onset but stronger and more stimulus-

dependent modulations in later evaluative stages, especially as a function of

valence and arousal. This dual temporal signature underscores how cog-

nitive and affective traits differentially shape aesthetic experience: exper-

tise enhances recognition- and knowledge-based processing, while empathy

modulates affective resonance and evaluative integration. Importantly, the

heterogeneity of responses observed across conditions supports the idea that

aesthetic experience is not determined solely by the properties of artworks

but is shaped by individual traits. This interpretation resonates with recent

EEG evidence showing that inter-individual cognitive and emotional differ-

ences significantly shape neural responses to visual stimuli over time [424].

From this perspective, it can hypothesize that neuroaesthetic interventions

aimed at enhancing cognitive or emotional engagement should be tailored

to individual dispositions to be effective, rather than adopting a one-size-

fits-all approach. Personalized strategies could thus maximize the potential

of art-based interventions in educational or therapeutic contexts. Several

limitations of the present study should also be acknowledged. First, the

small sample size limits the generalizability and statistical robustness of the

findings. Although the observed effects are consistent with prior works in

neuroaesthetics [59, 141, 269], the limited participants’ pool inevitably con-

strains statistical power and increases susceptibility to small-sample variabil-

ity. Future studies should therefore include larger and more heterogeneous

populations to enhance reproducibility. Moreover, artworks were presented

as digital images in a controlled laboratory setting; future research should

examine whether similar effects emerge in more immersive contexts, such

as virtual reality (VR) interventions or real-world environments including

museums and galleries. Second, the stimulus set was restricted to paint-

ings, which limits generalization to other artistic modalities. The number

of stimuli represented a compromise between ecological variety and partici-

pant comfort, yet future work should consider expanding the stimulus space

to incorporate additional categories and sensory domains. Third, although

the DSI-24 system enabled rapid, wireless EEG acquisition, its relatively low

spatial resolution constrains the precision of connectivity analyses and the in-

terpretability of network-level findings. Higher-density EEG systems would
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allow a more fine-grained characterization of neural dynamics. While a com-

parative analyses across different connectivity metrics could strengthen these

findings, such comparisons were beyond the scope of the present study. The

aim was primarily to develop an integrative framework capable of examin-

ing how individual characteristics, such as expertise and empathy, modulate

neural and subjective responses over time. Future work should articulate

this theoretical contribution more explicitly and further validate the stabil-

ity of network patterns across connectivity metrics. Finally, future research

could benefit from combining EEG with eye-tracking measures, as gaze be-

havior systematically varies with the emotional and aesthetic properties of

visual stimuli, providing complementary insights into attentional allocation

and appraisal processes [249].

5.2 Quantitative Electrodermal Activity Anal-

ysis of Simultaneous Recordings from Dyads

during Affective Visual Task

5.2.1 Introduction

Recently, a growing interest has been in characterizing emotional and affec-

tive states in subjects by combining psychological and physiological quanti-

tative analysis. Numerous studies have explored the dynamics of the CNS

and ANS through the examination of various biosignals, including EEG [71],

HRV [6,71] and EDA [174,203,248]. Additionally, neuroimaging techniques

such as functional Near-Infrared Spectroscopy (fNIRS) and fMRI have been

utilized [406]. These studies suggest a potential link between the physi-

ological and psychological domains in understanding human emotions and

affective states. Moreover, further studies provided novel methods to analyze

interactions between multiple subjects from a neurophysiological and psycho-

logical point of view [314, 328]. In this context, the so-called hyperscanning

method was proposed as a novel tool aiming at investigating the biological

processes that may exist or are established in two or more subjects when

they are socially interacting or participating in the same cooperation task,

emotional experience, or learning paradigm [470]. For the characterization of

dynamics between subjects, most of these studies used mainly EEG systems

simultaneously applied to two or more participants [189,465]. Furthermore,
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other physiological signals have been explored as complementary or sup-

plementary sources of information to EEG in hyperscanning studies [71].

However, few works still explore using different signals in a hyperscanning

context. For instance, the EDA signal has been extensively studied for its

role in characterizing emotional and physiological states [175,305], detecting

mood disorders [14, 247, 374], and assessing its variations during cognitive

or affective stimuli in individual subjects [45, 452]. This supports the idea

that EDA analysis can capture certain ANS dynamics related to emotional

processing [203]. Furthermore, while relatively few studies have explored

the use of EDA in hyperscanning paradigms [6, 437, 462], existing findings

suggest that EDA can be considered either independently or in conjunction

with other physiological signals. In this work, a novel EDA-based system

was preliminary designed and validated on a first cohort of healthy sub-

jects. EDA signals were recorded simultaneously on two subjects during an

affective visual task. The study aimed to investigate EDA signals as indi-

rect measurements of ANS dynamic response to the affective stimulation,

evaluating if EDA might catch such dynamics.

5.2.2 Material and Methods

Experimental Setup In this work, 32 out of the total 37 healthy vol-

unteers who took part in the experimental task were analysed, composing

16 dyads (18 F and 14 M aged between 19 and 28 (22.1±1.6 y.o.). Only

two out of the 32 subjects were left-handed. This study was approved by

the Institutional Review Board (endorsement of compliance with the Opin-

ion of the Ethics Committee for Research no. 275 of 04/09/2023), and all

participants gave their written informed consent. Each dyad sat on chairs

in front of the same monitor where visual stimuli were presented. For the

simultaneous acquisition of EDA signals from the two subjects, a dedicated

firmware was implemented into a customized microcontroller platform based

on an Arduino MKR WIFI 1010 [18].

Two identical EDA front-end sensor interfaces [407] were applied to each

subject composing the dyad, with the electrodes positioned on the medial

phalanges of the index and middle fingers of the non-dominant hand: each

sensor was connected to the microcontroller unit with their dedicated pin and

to a breadboard to connect both of them to the Arduino’s ground and power

supply pins. The sampling frequency of each acquired EDA was set to 50

Hz, and a moving average filter was applied to each acquired raw signal. The
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experimental setup, stimulus timing, signal streaming, image presentation,

and analysis of the collected EDA signals were performed using MATLAB.

In addition, a trigger signal was added to monitor the experiment’s status

and compute the corresponding EDA features for each stimulus. A subset of

104 images from the International Affective Picture System (IAPS) [250] was

selected as visual affective stimuli. According to Greco et al., [176], these

images were selected and administered in terms of their level of arousal re-

ported in [250]. As shown in Figure 5.5, a baseline period of 3 minutes’

rest, in which dyads were asked to relax, preceded the visualization of im-

ages. The sequence of the images was defined as follows: four active sessions

(AS) of 20 stimuli each (from T1 to T4 in Figure 5.5), ordered in terms of

increasing arousal to minimize emotional carryover effects and allow clearer

interpretation of EDA responses across arousal levels. Between each AS, four

neutral sessions (NS in Figure 5.5) of 6 stimuli each were proposed to the

subjects. These periods were intended to reset participants’ physiological

or psychological state and were composed of images with the lowest level of

arousal from the IAPS dataset. More details on each session’s arousal level

are reported in Table 5.4. Each image was shown for 10 s, and the overall

average duration of each recording was about 20 minutes.

Figure 5.5: The framework of the proposed experiment with IAPS images.

Table 5.4: Arousal level from the IAPS database and the SAM test for each

session administered to the subjects.

Session IAPS Arousal Rating SAM Arousal Rating (32 subjects)

N 2.81 ± 0.24 4.28 ± 1.80

T1 3.58 ± 01.30 4.99 ± 1.41

T2 4.60 ± 0.31 5.40 ± 1.40

T3 5.55 ± 0.28 6.38 ± 1.48

T4 6.50 ± 0.33 7.25 ± 1.41
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Each AS and NS were composed of 20 and 6 images, respectively. In

addition, for each dyad in each session, the order of presentation of the

images was randomized. After the experiment, each participant compiled

the SAM [54] test to evaluate arousal, valence, and dominance of all the

presented images. Figure 5.6 shows the collected EDA signals of a dyad and

its corresponding trigger signal.

Figure 5.6: Example of two EDA signals collected simultaneously on two

subjects. Blue and red lines represent the EDA signal for Subject 1 and

Subject 2, respectively. The trigger, orange line, is reported in discrete

values: 0 = Baseline, 1 = AS, 2 = NS. N.U. = normalized units.

EDA Analysis For EDA processing, the cvxEDA algorithm was used to

obtain the cleaned SCL and SCR components, as previously described in

subsection 2.4.2. Before applying it, EDA signals were low-pass filtered at

3 Hz with an FIR filter (n = 300) with a transition band spanning from

3 Hz to 5 Hz and normalized using a Z-score transformation to facilitate

model convergence. Figure 5.7 shows the tonic and phasic signals for two raw

EDA signals, already shown in Figure 5.6, after decomposition. According to

Baldini et al [29], SCL- and SCR-related features reported in subsection 2.4.3

were evaluated for each stimulus presented to the subjects.
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Figure 5.7: Decomposition for the signals shown in Figure 5.6. (a) Tonic

component (b) Phasic component. Red and blue lines represent the decom-

posed signals for Subject 1 and Subject 2, respectively. The orange line is

the trigger signal (in compact form). N.U. = normalized units.

Statistical Analysis This work evaluated two main hypotheses on EDA

features: one without considering the simultaneous recording of the signals

(intra-subject test) and the other to evaluate specific dynamics on the dyads

(inter-subject test). Specifically, the first hypothesis was designed to assess

whether EDA features may vary according to the AS administered and there-

fore if they are related to the level of arousal represented in the images (from

T1 to T4). Specifically, this analysis was performed to verify if the selected

visual stimuli could elicit significant dynamics on the EDA signals for all

subjects. Statistical analysis was performed on all EDA features extracted

from each stimulus. Before applying statistical tests, the distribution of

each feature was evaluated by the Shapiro-Wilk test (significance level 0.05).

Then, if the normality hypothesis was violated, the non-parametric Kruskal-

Wallist test was adopted; otherwise, the ANOVA test (significance level 0.05)

was used. Then, after the Tukey-Kramer post hoc correction, each pairwise

comparison between each AS (e.g., T1 vs. T4) was evaluated to find which

session showed the highest differences in terms of EDA features for all the

subjects. The second statistical analysis considered the paired differences in

EDA features when the same image was administered to each dyad. This

analysis aims to evaluate if statistically significant differences might arise

according to the different arousal levels of the image shown in the EDA dy-

namics on dyads. The analysis aimed to find possible discrepancies in EDA
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dynamics when the same stimulus was administered to the two subjects. For

this analysis, the paired t-test was considered for each AS separately (from

T1 to T4, significance level 0.05). If the normal distribution hypothesis was

violated, the Wilcoxon signed-rank test was used. All these analyses were

performed for each EDA feature considered.

5.2.3 Results

In Table 5.5, the statistical results obtained on the intra-subject analysis

are shown. Five dyads were excluded before the statistical analyses due to

the high noise level on EDA raw signals. Thus, a total of 22 subjects were

considered. For clarity, the EDA features obtained from the NS were not

analyzed in this work. Twenty observations per subject for each AS were

analyzed, obtaining 440 observations for a single EDA feature for each AS

level. Moreover, the outliers across all the observations for each session were

removed. In this work, an outlier was defined as a value on EDA features

that is more than three scaled MAD from the median; this was done because

MAD is robust to outliers and skewed distributions, which are common in

EDA signals. This process was repeated for each feature reported in Section

IIB. In Table 5.5, only the statically significant features after the post hoc

correction are reported (significance level 0.05).

Table 5.5: Statistical analysis results on 22 subjects. Only the statistically

significant EDA features are reported for each AS comparison. ***p<0.001

**p<0.01 *p<0.05.

Task vs. T2 vs. T3 vs. T4

T1

SCL (mean***, std***)

NCSSR (ampsum**)

EDA symp ***

SCR (peak***, ampsum**)

SCL (mean***)

NCSSR (ampsum**)

EDA symp***

SCR (peak***, n**, ampsum***)

Lat1**

NSSCR (n*, ampsum**)

EDA symp***

SCR peak**

T2 - SCL (std***)
SCL (mean***, std***)

NSSCR (n**)

T3 Same for T2 vs. T3 -

SCL (mean***)

NSSCR (n***)

SCR (ampsum**)

It is noteworthy that most of the differences lie in the SCL mean pa-

rameter for the T1 task versus all the other AS and also between T2 and

T3 than T4 (SCL mean: T1=0.08±0.68, T2=0.37±0.37, T3=0.38±0.34,
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T4=0.10±0.67). Significant differences were also found on the SCL std fea-

ture mainly between T1 and other AS and between T2 and T3 (SCL std:

T1=0.02±0.02, T2=0.01±0.02, T3=0.03±0.04, T4=0.02±0.03). Moreover,

several differences were found in the NSSCR parameters (mainly NSSCR n

and NSSCR ampsum) and SCR peak.

Table 5.6 reports the statistical results related to the inter-subject analy-

sis across 11 dyads (after removing the dyads with corrupted EDA signal). As

in Table 5.5, only statistically significant features for each AS are reported.

Focusing on NSSCR features, it is noteworthy that significant differences

arise in later AS, where the level of arousal increases. Differences were

found both for NSSCR n (T1=3.23±2.52, T2=3.33±2.55, T3=3.63±2.62,

T4=2.71±1.45) and for NSSCR ampsum (T1=3.93±4.68, T2=25.96±7.65,

T3=6.25±7.67, T4=6.12±7.88). In other words, the differences in the EDA

dynamics between each dyad tend to be statistically greater than 0 when

the level of arousal increases according to the AS administered. A difference

equal to 0 means that, on average, all the subjects exhibited the same EDA

variations in the session. An illustrative example is in Figure 5.8 to better

explain this concept. The kernel density estimates for the paired differences

on the NSSCR n feature for each AS are shown. Moreover, the same behavior

was observed for the parameter SCR peak (T1=2.59±2.61, T2=3.76±3.79,

T3=3.86±3.84, T4=3.55±3.68).

Figure 5.8: Probability Density Estimate for the parameter NSSCR n (paired

differences) for each AS.
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Table 5.6: Statistical analysis results on 11 dyads. Only the statistically

significant EDA features are reported for each AS. ***p<0.001 **p<0.01

*p<0.05.

AS EDA Features

T1 SCL (mean*), EDA symp**

T2 SCL (mean*, std*), NSSCR (peak*, n*, mean***), EDA symp*, SCR (peak**), Lat 2*

T3 SCL (mean***, std**), NSSCR (n***), SCR (n***, ampsum*)

T4 SCL (mean***, std*), NSSCR (n***, mean**), SCR (peak*, n**)

5.2.4 Discussions

This work aims to evaluate differences in EDA signals on dyads acquired

simultaneously during the same visual affective task. It provides a first

proof-of-concept for designing EDA-based hyperscanning paradigms involv-

ing visual affective stimuli, highlighting the potential to capture subtle co-

experienced physiological dynamics even without explicit interaction be-

tween individuals. As shown in Table 5.5, preliminary intra-subject anal-

ysis confirmed that the increasing level of arousal elicited different dynamics

on EDA signals, as already reported in literature [378, 439]. Significant dif-

ferences were found between T1 and T4 since they represent the highest

arousal content distance among sessions. On the contrary, T2 vs. T3 did

not show differences in EDA features. It could be justified by the perception

subjectivity of such stimuli for this cohort, which may differ from the origi-

nal IAPS database evaluation (e.g., difference in cultural or age), as already

documented in [57]. However, this preliminary analysis suggested that AS

increasing levels is helpful in identifying statistically significant differences in

EDA signals on multiple subjects. Moreover, as shown in Table 5.6, analysis

on dyads suggested AS differences between each subject may vary according

to the level of arousal, confirming that one subject may respond differently

than the other subject in response to the same stimulus. Notably, some dyads

reflected the same or common dynamics on EDA signal and related features.

As shown in Figure 5.6, a correlation pattern between EDA dynamics dur-

ing the experiment is present. This aspect opens several questions such as

the level of participant dyad relatioship, the perception of the affective stim-

ulus, the level of empathy, the feeling of vunerability that the participants

could experience when exposed to affective stimuli, and other [171]. All these

aspects should be considered in future developments to find possible links

between the physiological and psychological domains. Moreover, focusing on



5.2 Quantitative Electrodermal Activity Analysis of Simultaneous
Recordings from Dyads during Affective Visual Task 171

the global sympathetic activity (SCL mean) not all the differences found may

be related to the proposed stimulation or at least not only, but they could

just represented specific subjective conditions of each participant, regardless

of the experiment. For example, the SCL mean was significantly different for

each condition in Table 5.6 among dyads, and may be related to the other

psychophysiological factors [434].

In comparison, differences found in NSSCR and SCR are more specific

to the stimuli and how the participants reacted to them. As previously

mentioned, this is the first preliminary study on EDA signals acquired si-

multaneously on two subjects during the same visual affective tasks. Even if

the preliminary results are encouraging, some limitations are present, such

as the low number of participants that limits the generalization and char-

acterization of EDA dynamics for these stimuli. Moreover, in this work,

only a paired analysis of dyads was conducted using classical EDA features.

Future research should consider specific EDA features characterizing the dy-

namics between the dyads [26]. An interesting approach was presented by

Sanchez [373], to evaluate common EDA dynamics on a single subject when

different body sites were considered (e.g., on left and right hands). Further-

more, the integration of EDA features with other psychometric data, such as

valence or dominance, may provide a more comprehensive understanding of

emotional and physiological responses. For these reasons, specific statistical

analysis will be performed in future developments, separating this cohort

according to the SAM test collected after the experiments. In conclusion,

this study highlighted possible methods and pipelines to characterize EDA

dynamics on multiple subjects during affective visual tasks. Although the

subjects did not interact directly or received biofeedback stimuli, this setup

ensured shared environmental conditions and precise synchronization of stim-

uli, reducing potential confounds related to session variability. Moreover, it

provides a more ecologically valid co-presence scenario and enables future

analyses of passive inter-subject coupling or hyperscanning metrics. Fu-

ture developments might also investigate the integration of intra- and inter-

subject biofeedback mechanisms to enhance the hyperscanning paradigm,

paving the way for novel EDA-based multi-subject measures.
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5.3 Brain-to-brain Emotional Interaction Dy-

namics under Cross-Biofeedback EEGHy-

perscanning

5.3.1 Introduction

Social interaction constitutes a fundamental component of human experi-

ence, exerting a profound influence on both cognitive and emotional pro-

cesses [101]. In recent years, advances in neuroscientific methods have en-

abled the investigation of the neural mechanisms underlying interpersonal

interactions. Traditional neuroimaging approaches, however, have primarily

focused on the individual brain in isolation, providing important insights

but failing to fully capture the inherently dynamic and reciprocal nature of

social behaviour. Indeed, social cognition does not emerge solely from the

activity of a single brain, but from continuous exchanges between individ-

uals, where verbal and nonverbal cues (such as gestures, facial expressions,

and postures) shape mutual understanding [190]. As highlighted by Hari

and Kujala [190], a comprehensive account of the neural basis of social cog-

nition requires moving beyond the paradigm of single-person neuroscience

to that of two-person neuroscience, embracing a framework that allows the

simultaneous investigation of interacting individuals.

To address this gap, Hyperscanning (HS) has been introduced as a pow-

erful technique for the simultaneous acquisition of neural signals from two or

more participants engaged in a shared task. By enabling the study of brain-

to-brain coupling, HS provides a unique methodological framework to explore

how interpersonal dynamics manifest at the neural level. Specifically, it en-

ables the examination of interpersonal neural synchronisation, particularly

in terms of the phase alignment of neural processes between interacting par-

ticipants. This neural synchronisation may facilitate social interaction by en-

hancing the ability to anticipate and adapt to each other’s behaviour, thereby

promoting mutual understanding and coordinated action [101] [417]. Cap-

turing these dynamics advances the understanding of the neural mechanisms

underlying social behaviour and empathy. It may support both clinical ap-

plications (e.g., assessment and treatment of disorders affecting social func-

tioning) and technological developments, such as multi-user Brain-Computer

Interfaces. Hyperscanning can be implemented using various neuroimaging

modalities, including fNIRS, EEG, Magnetoencephalography (MEG), and
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fMRI. Among these, EEG and fNIRS have proven particularly suitable for

studying dynamic social interaction, due to their integration with wearable

systems that allow participants to move freely [393]. Although early refer-

ences to Hyperscanning-like approaches date back to the 1960s [130], the first

detailed implementation of EEG-HS configuration was proposed by Babiloni

et al. (2006) [24]. Since its introduction, the growing interest in Hyperscan-

ning has generated an expanding and diverse body of literature, covering

cooperation and competition tasks, music, gaming, and affective processing,

as reviewed by Czeszumski et al. (2020) [101]. The analysis and inter-

pretation of Hyperscanning data remain challenging due to the difficulty of

distinguishing genuine inter-brain relationships from spurious correlations

induced by shared task engagement among participants [101]. Common

analytical approaches include measures of coupling and connectivity, cor-

relation and dependence metrics, graph theory measures, and information

flow analysis. A widely used parameter is the PLV, which quantifies the

degree of phase synchronisation between two signals within a given time

window [343] [464] [131].

Another widely applied method, particularly in fNIRS studies, is Wavelet

Transform Coherence (WTC), which estimates the coherence between two

neural signals across both time and frequency domains [99] [200] [419]. Be-

yond the measurement of interpersonal neural synchronisation (INS), Hy-

perscanning can also be combined with neurofeedback (NF). Neurofeed-

back enables participants to voluntarily modulate specific aspects of their

brain activity, supported by online feedback obtained from neural param-

eters [291] [27]. Within this framework, hyper-neurofeedback (hereinafter

hyper-NF) extends NF to the interpersonal domain, delivering shared feed-

back based on parameters calculated in real-time. Recent studies have shown

that hyper-NF can not only measure but also actively modulate neural syn-

chronisation between individuals [235]. Feedback may be delivered through

different sensory modalities (e.g., visual or auditory) and can vary in terms

of timing and complexity.

A central methodological challenge in Hyperscanning is determining whether

observed inter-brain synchrony (IBS) truly reflects interactive social pro-

cesses, or whether it merely arises from co-executed, stimulus-locked tasks

[327]. Hyper-NF may provide a promising framework to explore causal rela-

tionships in inter-brain dynamics, supporting its integration into paradigms

investigating social cognition and interaction [327].
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The present study addresses all these issues by investigating inter-brain

dynamics in a Hyperscanning paradigm where dyads were exposed to visual

stimuli with varying emotional content. During a dedicated phase, partic-

ipants also received online cross-biofeedback, where an index of individual

emotional engagement was computed from each subject’s EEG and visu-

ally transmitted to both members of the dyad. The cross-biofeedback ap-

proach was hypothesised to be a potential method for probing the causal

relationships between participants’ brain activity and the dynamics of social

interaction.

5.3.2 Material and Methods

Participants Fifty healthy volunteers were recruited, comprising 25 dyadic

pairs (34 F and 16 M), aged 18-26 years (mean age 20.8 ± 2.3 years). The

study was approved by the Institutional Review Board (Ethics Committee

Opinion No. 275, dated April 9, 2023), and all participants provided writ-

ten informed consent. Participants were selected following a preliminary

screening questionnaire that included exclusion criteria related to neurolog-

ical conditions and visual impairments. The pairs were formed to achieve a

balanced distribution of familiar and unfamiliar dyads. The term ”familiar”

refers to dyads in which the two individuals have known each other for at

least three months. The term ”unfamiliar” relates to individuals who have

never met before or have known each other for less than 3 months.

The cohort was characterised psychometrically using a series of psy-

chological assessments, including the QCAE [185], the TAS 20 [196], the

SPS [196] and the SIAS [361], previously described in section 2.9. The me-

dian and iqr values of the subjects’ scores for the tests are shown in Table 5.7.

Table 5.7: Median and iqr values for the psychometric tests used.

Median (iqr)

QCAE 80.00 (5.25)

Cognitive Empathy (CE) 28.00 (4.25)

Affective Empathy (AE) 28.00 (3.00)

TAS 60.00 (6.25)

SIAS 32.00 (8.25)

SPS 21.00 (13.25)
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Figure 5.9: Preliminary experimental setup: each participant wears an EEG cuff

with 16 electrodes connected to the SAGA amplifier. A separator system is placed

between the two subjects. On the right is the Control Computer, which, through a

photodiode placed on the bottom left corner of the screen, monitors the transition

of the screen image.

Experimental Paradigm and Acquisition Setup The experimental

setup required each dyad to be seated on chairs facing two identical monitors;

a separator system was placed between the two subjects to prevent either

participant from seeing the other’s screen. The preliminary experimental

setup is shown in Figure 5.9.

EEG signals from both participants were monitored using a single high-

density amplifier (TMSi SAGA 32+/64+, TMSi, Oldenzaal, Netherlands)

[430]), which was connected to a single EEG 32-electrode system. Elec-

trodes were split between the two participants’ cuffs (16 wet electrodes each),

and each reference was managed with a Y-ground distributor, allowing both

signals to be simultaneously displayed and recorded [129]. The following

longitudinal unipolar montage was adopted throughout the entire experi-

ment: Fp1, Fp2, F7, F8, F3, F4, C3, C4, T3, T4, T5, T6, P3, P4, O1,

O2. These electrodes were split to cover each region of the scalp accord-

ing to the 10/20 standard system, excluding the central electrodes due to

the limited number of electrodes available. ECG signals were acquired from

both participants using dedicated bipolar ExG channels of the TMSi SAGA

amplifier. The sampling frequency for all signals was fs = 500Hz; stimulus
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timing, signal streaming, image presentation, and subsequent physiological

signal processing were managed using MATLAB 2024a. A photodiode placed

in the bottom-left corner of the screen was connected to the SAGA binary

trigger to monitor the visual stimulus transition throughout all experimental

phases. Moreover, a custom trigger signal was also implemented in MATLAB

to track the experimental states.

A subset of 60 images was selected from the IAPS, considering their

arousal and valence ratings [251]. In each stimulation phase of the protocol,

images were distributed across four phases, as summarised in the Table 5.8.

The first block included images with low arousal and low valence (LALV); the

second block consisted of images with low arousal and high valence (LAHV);

the third block featured images with high arousal and low valence (HALV);

and the fourth and final block comprised images with high arousal and high

valence (HAHV). Within each block, images were presented in a randomised

order, with a different sequence used for each acquisition session. The ex-

perimental protocol consists of two visual stimulation phases, each separated

by control phases (baseline). The procedure begins with a 2-minute baseline

during which the interface (see Figure 5.10) is displayed to both participants

and remains static. The first stimulation phase, hereinafter referred to as

the ”No Biofeedback (NOBF)” phase, involves the presentation of 40 static

images, each displayed for 2 seconds and interleaved with a fixation cross,

which is shown for a random time interval spanning 0.75–1.75 s.

A second 2-minute baseline follows. Then, a new stimulation phase,

hereinafter referred to as the ”Biofeedback (BF)” phase, is presented. This

phase mirrors the structure of the previous stimulus phase but introduces

the delivery of biofeedback stimuli, in both intra- and inter-brain modali-

ties. It comprises 20 images, presented in alternation with a fixation cross.

As in the previous phase, the images are divided into four blocks based on

arousal and valence levels. Each image is displayed for 2 seconds, followed

by a 3-second interval during which the EEG signal is processed in real

time to extract the feedback metric. Unlike the previous stimulation phase

(NOBF), this biofeedback implementation allows participants to perceive

dynamic visual feedback reflecting their emotional states (see section 5.3.2).

Cross-biofeedback was implemented via colour variation in specific compo-

nents of the visual interface presented to participants, notably changes in the

colour of a square and the background. The interface displayed both indi-

vidual and cross-participant data, enabling participants to receive real-time
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visual feedback that reflected their own emotional responses as well as those

of their partner.

As shown in Figure 5.10, the BF column illustrates the sequence of sub-

phases that occur after each image during the biofeedback phase:

• The appearance of a coloured square indicates the other participant’s

response to the image (other’s feedback) (see Figure 5.10a).

• The appearance of background colour reflects the participant’s re-

sponse (individual feedback) (see Figure 5.10b).

• A subsequent modulation phase displays the change of both square and

background colours, providing real-time feedback on mutual responses

(see Figure 5.10c).

The third and final 2-minute baseline follows the second stimulation

phase. The entire experimental session lasts approximately 16 minutes (mean

value of 15 minutes 43 seconds ± 6.7 seconds), and a visual representation

of the experimental paradigm is shown in Figure 5.10.

After the session, each participant completed the psychological ques-

tionnaires and rated the images using the SAM test [54]. The original re-

sults [251] for the assessment of images’ arousal and valence were compared

with the results obtained from the evaluations of study participants and are

shown in Table 5.8.

Cross-Biofeedback Management The real-time biofeedback presenta-

tion required selecting a metric that could reflect participants’ subjective

perceptions and emotional states. Previous research has shown that frontal

EEG asymmetry is a reliable index of the emotional responses [90]. For this

preliminary analysis, the FAA was chosen as the neurofeedback index. FAA

represents the relative difference in the activity of the alpha band (8–13 Hz)

between the left and right frontal hemispheres. According to Metzen et al.

(2022) [306], individual EEG alpha asymmetry can be quantified using the

LQ, previously described in subsection 2.3.5.

In this study, the bipolar derivations Fp1-F7 and Fp2-F8 were used to

compute the power difference. Positive LQ values indicate higher relative

right alpha power (i.e., higher left cortical activity), while negative LQ val-

ues indicate the opposite. In this experimental protocol, the LQ value was

computed in real-time and mapped to a colour scale to represent participants’
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Figure 5.10: Experimental pipeline. The paradigm consisted of five consecutive

phases: two stimulation phases (NOBF and BF) separated by three baselines (B1,

B2, B3). B1, B2, and B3 columns show the 2-minute baseline interface displayed

on the participants’ monitor. The NOBF column illustrates the stimulation phase

without biofeedback, with 40 IAPS images displayed for 2 seconds, each preceded

by a fixation cross. The BF column represents the biofeedback phase, including

20 IAPS images followed by real-time visual feedback based on the EEG-derived

metric (FAA). After each image, three sub-phases occur: (a) Other’s feedback: the

square changes colour to indicate other participants’ response; (b) Own feedback:

the background colour changes to reflect the participant’s own response; (c) Modu-

lation: both the square and the background colours dynamically change, providing

cross-biofeedback that reflects the mutual interaction between participants.
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Table 5.8: Comparison between the original assessment (IAPS) [250] and the

assessment obtained through the SAM test administered to the participants

(mean ± std) regarding the images delivered in the two conditions with and

without biofeedback.

Phase Domain IAPS SAM

No Biofeedback

Low A - Low V Valence 4.74±0.53 4.19±0.76
Arousal 3.01±0.67 2.57±0.52

Low A - High V Valence 7.27±0.80 6.74±0.73
Arousal 3.48±0.62 2.56±0.37

High A - Low V Valence 2.04±0.29 1.58±0.42
Arousal 6.73±0.70 5.58±0.59

High A - High V Valence 7.49±0.80 6.73±0.80
Arousal 5.69±0.79 3.29±0.76
Biofeedback

Low A - Low V Valence 4.67±0.42 4.15±0.60
Arousal 3.49±0.69 2.62±0.66

Low A - High V Valence 6.60±0.57 6.24±0.29
Arousal 3.30±0.15 2.37±0.33

High A - Low V Valence 2.04±0.29 1.64±0.32
Arousal 6.75±0.35 5.59±0.33

High A - High V Valence 7.09±0.45 6.32±0.70
Arousal 6.46±1.07 4.22±0.66
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Figure 5.11: Colour scale reflecting LQ values based on participants’ emo-

tional responses.

emotional response (Figure 5.11). Positive emotions and approach-related

behaviour were associated with positive LQ values and shades of red. In

contrast, negative emotions and avoidance-related behaviour were related to

negative LQ values and shades of blue [110] [90].

Statistical analyses of FAA across the experimental phases are described

in section 5.3.2.

Synchronisation Feature Extraction After visual inspection of the record-

ings, data from 20 dyads were selected, while five dyads were excluded due to

excessive noise. Signal preprocessing consisted of band-pass filtering (FIR,

1-45 Hz, order 600), the artifact removal phase using ICA, and signal re-

referencing using CAR. The analysis of synchronisation was achieved through

the PLV, which was selected as a measure of phase synchrony and represents

an indicator of neural coupling. Within a defined time window, the phase

difference between pairs of EEG electrodes is calculated [32], as described in

subsection 2.3.5. In this study, differences were computed between homolo-

gous electrodes of the two participants in each dyad (e.g., Fp1 of subject A

with Fp1 of subject B).

For each participant, the signal was divided into five macro-events:

• B1: first baseline;

• NOBF: images-presentation phase without biofeedback;

• B2: second baseline;
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• BF: images-presentation phase with biofeedback;

• B3: third and last baseline.

Each macro-event was split into 2-second sub-windows with a 0.5-second

overlap, and each sub-window was normalised with a z-score. A downsam-

pling procedure was applied to reduce contributions from high frequencies

not typically associated with EEG activity. The downsampling consisted of

averaging every five consecutive samples. For each dyad, the PLV values were

calculated within each time window, and a mean PLV value was obtained for

each electrode pair across dyads. Moreover, ∆PLV was computed for each

EEG channel as the difference between the median PLV of the two phases

included in the comparison (for example, for the NOBF vs BF comparison:

∆PLV = median(PLV NOBF) - median (PLV BF)).

Statistical Analysis Three main research questions were formulated and

tested through statistical analysis. The first addressed whether IBS, quan-

tified using the PLV, differed across experimental phases. In particular, the

aim was threefold: (i) to determine whether synchronisation changes be-

tween phases with and without neurofeedback, (ii) to investigate whether

dyad familiarity (familiar vs. unfamiliar dyads) modulates this synchronisa-

tion, and (iii) to assess whether the observed effects reflected genuine inter-

action between partners or random EEG fluctuations. The second question

concerned the neurofeedback metric used in the experimental design, i.e.,

the FAA. Specifically, the study aimed to determine whether FAA, which

generates the biofeedback signal, varied significantly across phases, thereby

testing its reliability and sensitivity as a feedback parameter. Furthermore,

possible links between the FAA and PLV have been investigated. In particu-

lar, PLV was compared with a dissimilarity index FAAratio derived from the

dyads’ FAA. The third question investigated whether individual psychome-

tric characteristics (e.g., empathy, emotional contagion, and social anxiety)

were related to IBS. For this purpose, a correlation analysis was performed

between participants’ psychometric scores and their mean PLV values across

phases.

Synchronisation Analysis To address the first research question, PLV

values were averaged across participants for each channel and compared

across experimental phases. The Shapiro-Wilk test was used to assess whether
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the data followed a normal distribution. If normality was confirmed, the

parametric t-test was applied; otherwise, the non-parametric Wilcoxon signed-

rank test was employed. To compare the PLV values in the NOBF phase

itself, NOBF was divided into two sub-phases: NOBF1, which contains the

first half, low arousal images, and NOBF2, which contains the second half,

high arousal images. The same choice was made for the BF phase, which

was divided into BF1 and BF2.

Statistical analysis, with a level of significance equal to 0.05, was per-

formed to compare the following conditions:

• NOBF vs BF (both normalised for the PLV values obtained in B1 by

subtracting them sample by sample and channel by channel)

• NOBF1 vs NOBF2 (both normalised by B1)

• BF1 vs BF2 (both normalised by B1)

• B1 vs B2

• B1 vs B3

• B2 vs B3 (both normalised by B1)

Comparisons between stimulation (NOBF and BF) and baseline phases

(B2 and B3) were also computed (see Table 5.10), with all comparisons per-

formed on series normalised with respect to B1. Owing to the balanced

composition of the sample (10 familiar and 10 unfamiliar dyads), it was

possible to evaluate whether PLV differed significantly between the two sub-

groups across the experimental phases. Following normalisation with respect

to the first baseline (B1) and after evaluating the distribution of the data

with the Shapiro-Wilk test, the parametric two-sample t-test was employed,

and ∆PLV was calculated. For each channel, ∆PLV is defined as the differ-

ence between the median PLV in the familiar condition and the median PLV

in the unfamiliar condition.

To assess whether the observed synchronisation could be explained by

random factors, a surrogate analysis was performed. Following established

approaches [32] [268] [354], participants were randomly paired to create 760

artificial dyads, forming the surrogate group. The PLV values of these sur-

rogate pairs represent a random-level synchronisation [32]. PLV was then

calculated for the surrogate group, and values were compared with those of

the real dyads across experimental phases. After confirming the non-normal



5.3 Brain-to-brain Emotional Interaction Dynamics under
Cross-Biofeedback EEG Hyperscanning 183

distribution of the data using the Shapiro-Wilk test, differences were tested

using the non-parametric Mann-Whitney U test.

Frontal Alpha Asymmetry Analysis To test the second research ques-

tion, the analysis focused on the asymmetry index across experimental phases.

FAA was calculated for each subject and each phase using 2-second windows

with a 0.5-second overlap. Before statistical analysis, FAA data underwent

some preprocessing steps. Firstly, data were normalised with respect to the

initial baseline (B1), which was subsequently excluded from further statisti-

cal analyses. Then, outliers were identified and excluded by removing values

greater than three scaled MAD from the median. For each participant and

experimental phase, the median and iqr were computed to assess both ten-

dency and variability of the FAA values. After verifying the non-normal

distribution of both median and iqr values, the non-parametric Friedman

test was used to analyse differences across phases, followed by Bonferroni-

corrected post hoc pairwise comparisons.

Finally, to examine associations between FAA and the synchronisation

index, the previously computed PLV was considered for further analysis.

PLV was calculated across 16 EEG channels using a CAR. Because FAA was

computed at the individual level and PLV at the dyadic level, an asymmetry

index, FAA ratio, was defined as in Equation 5.1:

FAAratio(i) =
maxFAA(i)

minFAA(i)
(5.1)

WheremaxFAA(i) andminFAA(i) are the highest and lowest FAA values

within the i -th dyad. This index quantifies FAA dissimilarity between dyad

members: values closer to 1 indicate greater similarity, while higher values

indicate divergence. Correlations between FAA ratio and PLV were assessed

for each experimental phase (with the BF phase divided into BFIMM and

BFMOD, corresponding to stimulus presentation and modulation periods).

Depending on the data distribution, as determined by the Shapiro-Wilk test,

either Pearson’s or Spearman’s correlation was applied.

PLV Correlation with Psychometric Scores To test whether individ-

ual psychometric traits correlate with neural synchrony, the third statistical

analysis was conducted. For each dyad and each experimental phase, a mean

PLV was obtained by averaging values across the temporal windows within

that phase. Since each participant was recorded using 16 EEG electrodes,
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16 mean PLV values were initially derived per dyad. For the final analysis,

only electrodes T3, T4, T5, T6, P3, P4, O1, and O2 were retained, based

on surrogate analysis results that identified regions where synchronisation

effects were statistically significant and unlikely due to random fluctuations

(see further subsection 5.3.3). The mean PLV across these electrodes was

then computed to yield a single IBS index for each dyad and phase.

Psychometric data (Table 5.7) were analysed with a generalised linear

model (GLM), implemented in MATLAB using the fitglm function, to ex-

amine associations between psychometric traits and PLV. The model was

defined as follows (using Wilkinson notation) in Equation 5.2:

Y ∼ 1 +K1 +K2 (5.2)

Where Y is a Gaussian-distributed variable representing the PLV value

of the dyad in the given condition, and 1 denotes the intercept. The index

K1 = (Vmax + 1)/(Vmin + 1) quantifies the intra-dyadic difference in test

scores, reflecting divergence between the two participants. Higher K1 values

indicate greater disparity, while values near 1 indicate greater similarity.

Adding +1 to both numerator and denominator normalises the index for tests

with a minimum score of zero (e.g., SIAS and SPS), preventing division by

zero. The index K2 = (Vmax + Vmin)/TOTtest captures the absolute level of

the psychological trait expressed by the dyad, scaled to the test’s maximum

achievable score. Higher K2 values indicate higher overall scores within the

pair.

5.3.3 Results

Results are presented according to the three main hypotheses outlined in

the statistical analysis section 5.3.2. Regarding the analysis of synchroni-

sation metrics during the different phases of the experiment, results from

comparisons between the various stimulation phases and between the differ-

ent baseline phases are reported in the Table 5.9, along with the associated

p-value and the corresponding ∆PLV. The stimulus phases (i.e., NOBF and

BF) were further subdivided into sub-phases according to the arousal level

of the images presented: NOBF1 and BF1 comprising low-arousal images,

whereas NOBF2 and BF2 comprising high-arousal images.

Comparisons between stimulation and baseline phases are presented in

Table 5.10, with the associated p-value and the corresponding ∆PLV.
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Table 5.9: Comparisons between the different stimulation phases and be-

tween the different baseline phases.

Comparison Channel p-value ∆PLV

NOBF vs BF

T3 0.0087 0.0025

C3 0.0109 0.0048

C4 0.0144 0.0002

T5 0.0147 0.0017

P4 0.0125 0.0017

O1 0.0444 0.0004

NOBF1 vs NOBF2 Fp2 0.0420 -0.0023

F3 0.0214 -0.0054

BF1 vs BF2

F8 0.0329 -0.0066

T4 0.0284 -0.0029

P4 0.0049 -0.0041

B1 vs B2 C4 0.0309 -0.0044

B1 vs B3

T3 0.0393 -0.0048

C4 0.0218 -0.0043

T6 0.0284 -0.0072

Specifically, in comparison between NOBF and BF phases (Table 5.9),

the mean PLV was found to be higher during the phase without biofeed-

back (NOBF). Significant results emerged for the NOBF vs BF comparison

in temporal (T3, T5), central (C3, C4), parietal (P4), and occipital (O1)

electrodes, indicating involvement of centre-posterior scalp areas.

Two significant results emerged when comparing the two sub-phases of

the NOBF phase itself, indicating an increase in mean PLV for electrodes

Fp2 and F3 during the phase. Also, an increase in mean PLV was observed

in the BF phase itself (BF1 vs BF2), particularly in channels F8, T4, and

P4.

A PLV increase was also observed in the first and second baseline com-

parisons for electrode C4, with a further increase detected in the comparison

with the final baseline, where the mean PLV was again higher in channel C4,

as well as in T3 and T6. No results emerged for the B2 and B3 comparisons.

About the comparisons between the stimulation phases (NOBF, BF) and

the post-initial baseline phases (B2, B3), the results are presented in Ta-

ble 5.10. Statistically significant findings and consistently positive ∆PLV

values indicate that stimulation phases are associated with higher mean PLV

than baseline phases. This effect was observed across a large number of EEG

channels, suggesting widespread scalp distribution.

In the comparison between familiar and unfamiliar dyads, a significant

effect was found at electrode C4 during the final baseline (p-value = 0.0376;
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Table 5.10: Comparisons between stimulation (NOBF and BF) and baseline

phases (B2 and B3). All comparison were performed on series normalised

with respect to B1

.

Comparison Channel p-value ∆PLV

NOBF vs B2

Fp1 0.0036 0.0040

Fp2 0.0160 0.0029

F7 0.0053 0.0037

F4 0.0068 0.0051

T3 0.0194 0.0033

C3 0.0025 0.0060

T5 0.0287 0.0026

P4 0.0024 0.0058

T6 0.0046 0.0064

O1 0.0016 0.0027

O2 0.0005 0.0089

NOBF vs B3

Fp1 0.0121 0.0033

F7 0.0085 0.0069

F4 0.0044 0.0056

P4 0.0026 0.0056

T6 0.0034 0.0030

O2 0.0008 0.0104

BF vs B2

Fp1 0.0014 0.0031

Fp2 0.0004 0.0057

F7 0.0003 0.0037

F4 0.0132 0.0042

O1 0.0145 0.0023

O2 0.0012 0.0075

BF vs B3

Fp1 0.0047 0.0025

Fp2 0.0092 0.0023

F7 0.0013 0.0068

F4 0.0285 0.0046

O2 0.0004 0.0090

∆PLV=0.0042) indicating different synchronisation in familiar pairs. During

the NOBF phase, further significant effects were observed at electrodes Fp2

(p-value = 0.0412, ∆PLV = 0.0086), F3 (p-value = 0.0363, ∆PLV = 0.0090),

and T5 (p-value = 0.0376, ∆PLV = 0.0091), again indicating different syn-

chronisation in familiar dyads.

Regarding the comparison between real and surrogate dyads, significant

results were observed in the central, temporal, parietal, and occipital chan-

nels. As reported in Table 5.11, ∆PLV values were generally positive, indi-

cating higher synchronisation in real dyads compared to surrogates.
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Table 5.11: Table of p-values and ∆PLV for each channel and phase in real

vs surrogates comparisons.

Channel Phase p-value ∆PLV Channel Phase p-value ∆PLV

T3 B1 0.0084 0.0065 P4 B1 0.0020 0.0079

NOBF 0.0003 0.0089 NOBF p<0.001 0.0075

B2 0.0047 0.0062 B2 0.0347 0.0051

BF 0.0064 0.0041 BF p<0.001 0.0094

B3 0.0015 0.0086 B3 0.0064 0.0083

BF1 0.0227 0.0035 BF1 0.0003 0.0056

BF2 0.0257 0.0040 BF2 p<0.001 0.0091

NOBF1 0.0027 0.0088 NOBF1 p<0.001 0.0089

NOBF2 0.0012 0.0101 NOBF2 p<0.001 0.0079

C3 NOBF 0.0149 0.0055 T6 B1 0.0054 0.0043

NOBF1 0.0038 0.0080 NOBF p<0.001 0.0085

B2 0.0107 0.0066

C4 NOBF 0.0481 0.0037 BF p<0.001 0.0099

B3 0.0006 0.0090

T4 NOBF 0.0072 0.0037 BF1 p<0.001 0.0075

BF 0.0325 -0.0006 BF2 p<0.001 0.0125

BF2 0.0173 -0.0006 NOBF1 0.0006 0.0094

NOBF2 0.0028 0.0040 NOBF2 p<0.001 0.0105

T5 B1 0.0147 0.0067 O1 B1 0.0073 0.0053

NOBF 0.0001 0.0098 NOBF p<0.001 0.0093

B2 0.0061 0.0080 B2 0.0146 0.0055

BF 0.0002 0.0075 BF p<0.001 0.0087

B3 0.0072 0.0101 B3 0.0038 0.0068

BF1 0.0020 0.0048 BF1 0.0002 0.0083

BF2 0.0003 0.0084 BF2 p<0.001 0.0097

NOBF1 0.0001 0.0101 NOBF1 p<0.001 0.0124

NOBF2 0.0035 0.0079 NOBF2 0.0002 0.0097

P3 B1 0.0015 0.0138 O2 NOBF 0.0069 0.0058

NOBF p<0.001 0.0104 BF 0.0111 0.0060

B2 0.0023 0.0093 BF1 0.0161 0.0052

BF p<0.001 0.0114 BF2 0.0039 0.0072

B3 0.0004 0.0094 NOBF1 0.0087 0.0041

BF1 p<0.001 0.0116 NOBF2 0.0246 0.0089

BF2 p<0.001 0.0100

NOBF1 0.0004 0.0108

NOBF2 p<0.001 0.0111
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Figure 5.12: Real dyads (red) and surrogate (blue) PLV trend across the

experimental phases for channel P3, which showed a significant difference in

statistical analysis.

To visually assess potential differences between surrogate and real dyads,

their trends were superimposed in a single plot for each channel. Specifi-

cally, a visual representation of PLV trends has been generated by averaging

PLV values for each window across all subjects. Moreover, the data from all

phases were concatenated obtaining the PLV trend for each channel across

the five experimental phases (B1, NOBF, B2, BF, B3) covering the whole

duration of the experiment. The Figure 5.12 illustrates the PLV trend across

experimental phases for a channel (P3), which exhibited a significant differ-

ence between real dyads and surrogate pairs.

Additionally, Figure 5.13 represents the distribution of PLV values for

surrogate and real dyads across the experimental phases for the same channel

(P3).

Concerning the evaluation of FAA values across the experimental phases,

the statistical analysis revealed significant differences in the Interquartile

Range of the FAA values. Results of the analysis are reported in the Ta-

ble 5.12. It is noteworthy that no significant differences in median FAA

values were found across phases.

Regarding the correlation between the dyadic asymmetry index (FAAratio)

and PLV, the results revealed several significant associations. In the NOBF
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Figure 5.13: Real dyads (red) and surrogate (blue) PLV distribution across

the experimental phases for channel P3.

phase, significant negative correlations were observed using Spearman’s method

at channels T4 (R = −0.486, p = 0.0315) and P4 (R = −0.508, p = 0.0236).

During the B3 phase, Pearson’s correlation indicated significant positive as-

sociations at channels Fp1 (R = 0.458, p = 0.0422) and O1 (R = 0.551,

p = 0.0119). The significant results of the statistical analysis comparing

psychometric scores and mean PLV for each couple are shown in Table 5.13.

For the K1 index (internal asymmetry within the couple), the TAS 20

showed a significant negative correlation at various stages (e.g., NOBF,

BF2), indicating that greater heterogeneity (i.e., higher K1 values) in alex-

ithymia levels between partners is associated with lower neural synchrony.

For the K2 index (absolute couple score), total empathy (QCAE) was

found to be negatively correlated with PLV during the stimulus phases

(NOBF, BF1), suggesting that higher overall levels of empathy are asso-

ciated with reduced phase synchrony; this is a counterintuitive finding, but

it is consistent with the absence of couples with extreme empathy levels (see

Table 5.7). No significant results emerged for SIAS and SPS.
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Table 5.12: Post-hoc comparisons for iqr of the FAA values between experi-

mental phases.

Phase 1 Phase 2 Lower CI E.D. Upper CI p-value

NOBF B2 0.1634 0.9250 1.6866 0.0081

NOBF BF -0.7366 0.0250 0.7866 N.S.

NOBF B3 -0.5116 0.2500 1.0116 N.S.

B2 BF -1.6616 -0.9000 -0.1384 0.0109

B2 B3 -1.4366 -0.6750 0.0866 N.S.

BF B3 -0.5366 0.2250 0.9866 N.S.

CI: Confidence Interval

E.D.: Estimated Difference

N.S.: Not Significant

Table 5.13: GLM estimates and significance for K1 (asymmetry) and K2

(absolute couple score) by phase and test. TAS: Toronto Alexithymia Scale,

EmpTot: Total Empathy (QCAE).

phase Test K1 Estimate (SE*) K1 p-value (tStat) K2 Estimate (SE*) K2 p-value (tStat)

B1 TAS -0.0343 (0.0150) 0.0357 (-2.2804) / NS**

BF 2 TAS -0.0284 (0.0130) 0.0432 (-2.1843) / NS

NOBF 2 TAS -0.0409 (0.0187) 0.0433 (-2.1837) / NS

NOBF TAS -0.0349 (0.0163) 0.0477 (-2.1338) / NS

NOBF 2 EmpTot / NS** -0.2799 (0.0667) 0.0006 (-4.1975)

NOBF EmpTot / NS -0.2304 (0.0589) 0.0011 (-3.9113)

NOBF 1 EmpTot / NS -0.1754 (0.0642) 0.0142 (-2.7312)

BF 1 EmpTot / NS -0.1299 (0.0567) 0.0351 (-2.2902)

* Standard Error, ** Not Significant

5.3.4 Discussions

EEG Hyperscanning with biofeedback provides novel insights into the neu-

ral mechanisms underlying emotional processing in social contexts. This

methodological advancement offers a promising avenue for elucidating the

complexities of human social interaction and emotional cognition. Building

on the introduction of this methodology, the present study addresses three

primary research questions and their potential interpretations.
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The first analysis examined IBS, quantified via PLV, to assess variation

across experimental phases, the influence of interpersonal familiarity, and dif-

ferences from random EEG activity. The second test evaluated the reliability

and sensitivity of FAA as a biofeedback metric across phases and sub-phases

of the biofeedback phase itself). The third line of analysis investigated associ-

ations between individual psychometric traits, such as empathy, alexithymia,

and social anxiety, and IBS, as measured by correlations with PLV values.

The hypotesis was that neural synchronisation would increase during the BF

phase, reflecting greater mutual awareness between participants, in line with

prior findings of enhanced IBS during cooperative and communicative tasks.

Contrary to this hypothesis, the PLV comparison showed no clear increase in

synchronization across phases. Notably, the NOBF phase, which preceded

biofeedback, exhibited higher mean PLV values than the first biofeedback

sub-phase (BF1); these differences, seen over centro-posterior electrodes, re-

mained significant when comparing NOBF with the second sub-phase (BF2)

for the left centro-temporal region. A direct comparison between BF1 and

BF2 revealed a significant increase in mean PLV during the latter, indicat-

ing a progressive enhancement of neural synchronisation within the biofeed-

back phase. These findings suggest that the preceding 2-minute baseline of

BF1 may have acted as a reset, temporarily disrupting interpersonal phase

alignment and initially reducing synchronisation. This alignment was sub-

sequently recovered during the BF2 phase. Baseline data support this inter-

pretation, as PLV increased between the first and final baseline at electrodes

T3, C4, and T6, indicating a gradual enhancement of synchronisation across

the experiment (Table 5.9). Alternatively, this pattern may be attributable

to the complexity of the task or the emergence of an emotional attunement

period.

Interpersonal familiarity yielded limited effects. Notably, significant dif-

ferences appeared at electrode C4 in the final baseline (p-value = 0.0376,

∆PLV = 0.0042) and at electrodes Fp2 (p-value = 0.0412, ∆PLV = 0.0086),

F3 (p-value = 0.0363, ∆PLV = 0.0090), and T5 (p-value = 0.0376, ∆PLV =

0.0091) during the NOBF phase; familiar dyads consistently showed higher

PLV values. These findings suggest the familiar/unfamiliar distinction alone

may not strongly impact neural synchronisation, matching earlier reports

that only long-term pre-existing relationships drive substantial IBS enhance-

ments rather than mere acquaintance [123].

To further validate these results, the surrogate analysis confirmed the
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reliability of the observed neural coupling patterns, as real dyads consis-

tently exhibited higher PLV values than surrogate pairs across the entire

experiment (Table 5.11). Significant effects were particularly evident over

temporo-parietal and occipital electrodes (T3, T4, T5, T6, P3, P4, O1, O2),

with additional contributions from central sites (C3, C4), especially during

the NOBF phase. This spatial distribution aligns with previous findings in-

dicating that temporo-parietal regions are deeply involved in interpersonal

neural synchronisation, supporting dynamic coupling between individuals

engaged in social or affective exchanges. From a functional perspective, the

temporo-parietal junction (TPJ) emerges as a critical hub within this net-

work. Situated at the intersection of the temporal and parietal lobes, the

TPJ has been repeatedly implicated in social cognition, empathy, and emo-

tional contagion. It plays a pivotal role in differentiating between self- and

other-related representations, a process essential for mature empathy, which

involves understanding and resonating with another’s emotional state with-

out losing one’s own self-boundaries [192]. The TPJ also integrates sensory

and contextual information to construct a coherent model of others’ inten-

tions and emotions, while modulating automatic emotional responses such

as mimicry depending on social context (e.g., in-group vs. out-group inter-

actions). The superior temporal sulcus (STS) also plays a key role by rapidly

decoding social cues such as body movement, facial expressions, and eye gaze,

which serve as primary signals for emotional contagion. Together, the TPJ

and STS form a distributed network that integrates perception and emotion

in social behavior. Their concurrent activation in this study suggests that

interpersonal synchronisation arises from the interaction of perceptual, af-

fective, and cognitive processes central to human connection. These findings

strongly suggest neural coupling is no passive echo. Instead, it emerges as an

active, interactive interplay, powered by higher-order cortical regions wired

for decoding others and sharing in emotional experience.

The comparison between real and surrogate dyads revealed differences in

PLV dynamics. As shown in Figure 5.12, which presents PLV trends across

phases for channel P3, real dyads exhibited greater amplitude fluctuations

than surrogate dyads. This finding suggests stronger and more variable phase

synchronisation in real interactions, likely reflecting authentic social and neu-

ral coupling processes absent in surrogate pairs. Figure 5.13 illustrates the

PLV distribution across phases, further confirming that real dyads consis-

tently exhibit higher PLV values than surrogate pairs (Figure 5.12). This
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finding raises important considerations about the necessity of real sensory

interaction and the complexity of social biological perception. Real sen-

sory interaction drives genuine neural coupling. The difference between real

and surrogate pairs demonstrates that authentic IBS requires actual sen-

sory exchange between individuals, shared emotional stimuli, and mutual

awareness. The greater amplitude fluctuations in real dyads suggest that so-

cial interaction involves dynamic neural processes that continuously adapt.

Neural synchrony reflects genuine social processes. This evidence supports

the hypothesis that IBS can serve as an objective neural marker of social

interaction and empathic engagement.

Analysis of FAA revealed significant differences only for the iqr, indicating

that the iqr, but not the median, was sensitive to stimulus-driven variability.

Significant effects were found between stimulation phases (NOBF, BF) and

the central baseline (B2), but not between the two stimulation conditions,

suggesting that biofeedback did not modulate FAA. Correlation analyses be-

tween FAAratio and PLV showed a negative association during NOBF at P4

and T4, indicating that greater asymmetry dissimilarity corresponded to re-

duced IBS. In contrast, positive correlations during the final baseline (B3)

at Fp1 and O1 suggested a shift in coupling following biofeedback exposure.

These results question the suitability of FAA as a biofeedback index, sug-

gesting limited sensitivity to rapid affective changes in interactive contexts

despite its established associations with emotional valence and regulation.

The patterns observed in this study led to explore alpha asymmetry be-

yond frontal regions, extending the analysis to other areas of the scalp. While

frontal alpha asymmetry is widely used to assess inter-hemispheric differences

in cortical activity, particularly concerning approach/withdrawal motivation

and affective processing [112], recent studies [234,306] have also emphasized

parietal alpha asymmetry (PAA). PAA appears to be linked to emotional

regulation, especially in affective disorders and arousal-related activation

patterns. This finding may also relate to brain areas that are highly engaged

in emotional-social coupling.

Statistical analysis revealed significant associations between IBS, mea-

sured by PLV, and psychometric scores, particularly alexithymia and dis-

positional empathy. For alexithymia, Table 5.13 shows that the K1 index

(quantifying intra-dyadic divergence) was negatively correlated with PLV,

suggesting that larger discrepancies in TAS-20 scores between dyad mem-

bers are associated with reduced synchronization. This effect was most pro-
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nounced during stimulus-processing phases (NOBF, NOBF2, BF2), but was

also observed in the initial baseline (B1). These results provide strong ev-

idence that discrepancies in emotional processing between dyad members

are associated with reduced interpersonal synchrony, which is often under-

pinned by neural mechanisms. This finding is consistent with the work of

Matsumoto et al. (2006) [295], who reported reduced gamma synchroni-

sation in alexithymic individuals exposed to emotional stimuli, interpreted

as a deficit in affective resonance and emotion regulation mechanisms. The

latter is the only condition that shows early significance (before emotional

stimulation) and could be interpreted as an effect of procedural stress (e.g.,

electrode placement), which may have elicited shared anticipatory responses

not directly linked to the interaction.

Regarding empathy, the K2 index (reflecting the dyad’s absolute empa-

thy level) also showed a significant negative correlation with PLV. Higher

levels of absolute empathy were associated with lower IBS. Although coun-

terintuitive, this effect may be attributable to the restricted distribution of

test scores, with no participants showing extreme empathy values. This

result partially aligns with findings from Falcon et al. (2024) [146], who

showed that dispositional empathy modulates IBS, particularly in the beta

frequency band, which is implicated in shared cognitive processing. The

present findings also corroborate those of Schwartz et al. (2025) [387], who

demonstrated that IBS can emerge even in the absence of overt social inter-

action, driven solely by the shared perception of emotionally salient stimuli.

In their work, synchronisation is proposed as a neural marker of empathy,

capable of objectively detecting and quantifying empathic engagement. This

result partially aligns with Falcon et al. (2024) [146], who found that dis-

positional empathy modulates IBS, particularly in the beta band. It is also

supported by Schwartz et al. (2025) [387], who demonstrated that synchrony

can arise from shared emotional stimulation even without direct interaction,

suggesting it as a neural marker of empathy. The current study supports

this hypothesis [387] and further suggests that the quality of synchrony de-

pends not only on individual empathy levels but also on the psychological

characteristics within the dyad. These results suggest that IBS is shaped

not only by individual traits (e.g., individual empathy or alexithymia) but

also by their distribution within the dyad (e.g., the degree of divergence in

alexithymia between partners). This highlights the importance of consider-

ing psychometric profiles as potential criteria for dyad selection or matching
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in future studies, rather than treating them solely as auxiliary variables.

5.4 Conclusions

This chapter examined psychophysiological dynamics in affective, social, and

interactive contexts, extending the scope of the thesis beyond individual per-

ceptual and cognitive processing toward relational and context-dependent

phenomena. Across three complementary experimental paradigms, the re-

sults converge in showing that emotional meaning and social co-presence

introduce additional layers of organization in neural and autonomic activ-

ity, which cannot be fully explained by stimulus properties or task struc-

ture alone. A first contribution of this chapter lies in demonstrating that

affective processing is strongly shaped by individual dispositions when emo-

tional meaning is central. The neuroaesthetic study shows that traits linked

to knowledge-based processing and affective resonance modulate neural dy-

namics at different temporal stages, highlighting a dissociation between early,

expertise-driven reconfiguration and later, emotion-dependent evaluative pro-

cesses. These findings reinforce the idea that affective experience is not

a unitary phenomenon but unfolds through temporally structured neural

mechanisms that reflect both cognitive schemas and emotional sensitivity.

Within the broader framework of the thesis, this supports the view that psy-

chophysiological markers identified in controlled settings remain informative

in richer contexts, while being selectively reshaped by personal and affective

factors. A second contribution concerns the transition from individual to

shared emotional experience. The dyadic EDA study demonstrates that even

in the absence of explicit interaction, simultaneous exposure to affective stim-

uli can elicit partially aligned autonomic dynamics across individuals. While

substantial inter-subject variability persists, the presence of convergent EDA

patterns in some dyads suggests that emotional co-presence alone may be

sufficient to induce passive forms of physiological coupling. This finding

bridges individual affective responses and social neuroscience by indicating

that shared emotional contexts can act as a minimal social scaffold, upon

which more explicit interpersonal dynamics may later emerge. The third

study further extends this perspective by explicitly targeting interpersonal

neural coupling under emotionally salient stimulation and cross-biofeedback.

Hyperscanning results indicate that IBS reflects genuine relational processes

rather than mere stimulus-driven correlations, as supported by comparisons
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with surrogate dyads. Importantly, the absence of a uniform increase in

synchrony across experimental phases underscores that social neural cou-

pling is not a simple by-product of interaction or feedback, but a dynamic

phenomenon shaped by temporal adaptation, task structure, and the psycho-

logical composition of the dyad. The observed associations between IBS and

traits such as empathy and alexithymia further emphasize that interpersonal

dynamics are modulated not only by individual characteristics, but also by

their distribution within interacting pairs. Importantly, it should be noted

that in the hyperscanning experiment reported in section 5.3, this time the

EEG preprocessing pipeline did not rely on the HAPPE framework [164];

instead, a dedicated workflow was adopted that retained only the essen-

tial steps required for artifact reduction and signal cleaning. This approach

was motivated by the use of a wet-electrode EEG system, which typically

provide higher baseline SNR than dry-electrode setups and therefore allow

for more conservative preprocessing strategies. Particular care was taken to

avoid excessive preprocessing operations that could overprocess the signal

and introduce distortions or misinterpretations in the connectivity metrics

subsequently extracted. To further control for methodological variability,

analyses also included comparisons between real dyads and surrogate pair-

ings, enabling a clearer distinction between stimulus-driven correlations and

interpersonal coupling. That said, this chapter highlights a progressive shift

in psychophysiological organization as experimental contexts become affec-

tively and socially enriched. Neural and autonomic responses evolve from

predominantly intra-individual patterns toward configurations that reflect

shared meaning, mutual adaptation, and relational alignment. This pro-

gression is fully consistent with the overarching objectives of the thesis: to

identify psychophysiological markers across contexts, to assess the value of

dynamic and connectivity-based methodologies, and to integrate multimodal

information within coherent interpretative frameworks. In conclusion, this

chapter positions affective and social interaction as critical dimensions for

understanding human psychophysiology. Emotional and relational factors do

not merely amplify previously observed mechanisms, but reorganize them,

revealing new forms of temporal coordination within and between individu-

als.
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Conclusion

6.1 Summary of contribution

The work presented in this dissertation has examined how cognitive, emo-

tional and social processes emerge from the coordinated dynamics of neural,

autonomic and behavioral systems, across a set of paradigms that progres-

sively increase in ecological and interpersonal complexity. The thesis was

conceived as a coherent investigation, starting from controlled perceptual

and lexical tasks, moving through interactive game based environments, and

culminating in dyadic hyperscanning with emotionally salient stimuli and

cross biofeedback. Rather than treating these domains as disconnected, the

dissertation has articulated how similar organisational principles recur across

them, and how multimodal physiological signatures can be leveraged to char-

acterise internal states in a principled way.

At the outset, chapter 1 formulated three overarching objectives. The

first was to investigate neurophysiological and behavioral correlates of emo-

tional and cognitive processes in controlled yet diverse experimental settings,

so as to disentangle robust mechanisms from task specific modulations. The

second was to adopt and critically evaluate advanced analytical methodolo-

gies for physiological time series, particularly those sensitive to temporal

structure and intrinsic dynamics, such as functional connectivity, entropy

and other nonlinear measures. The third was to pursue a multimodal per-

spective, integrating neural, autonomic and behavioral information within

coherent analytical frameworks. The core chapters of this thesis address

these aims through complementary lenses, and their combined contribution
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exceeds the sum of their individual findings.

chapter 3 focused on the discrimination between natural and non natural,

and semantic and non semantic, forms of information in controlled environ-

ments with minimal demands placed on participants. The study presented

in section 3.1 on face perception showed that real and AI generated faces,

even when carefully matched for emotional expression, elicit partially distinct

EEG dynamics, suggesting that the nervous system remains sensitive to fa-

miliar versus unfamiliar inputs. This sensitivity is not exhausted by explicit

affective content, but appears to reflect deeper evaluations concerning plausi-

bility and relevance. The lexical paradigms presented in section 3.2, in which

words and pseudowords with varying syllabic complexity were presented,

further demonstrated that semantic availability and structural complexity

shape the engagement of prefrontal and temporal networks, as indexed by

the N400 component and associated spectral changes. Importantly, these

effects emerged in a sample of young, neurotypical adults, indicating that

even in the absence of overt pathology, EEG markers can reveal fine grained

differences in language related processing. When autonomic and acoustic

features were considered alongside EEG, additional layers of organisation

became visible. EDA complexity measures and voice parameters, such as

fundamental frequency and intensity, co varied with task demands and stim-

ulus type, suggesting that sympathetic activation and vocal behaviour jointly

encode aspects of cognitive load, discomfort and effort. In this way, chapter 3

provided an initial demonstration that cortical, autonomic and behavioral

signals converge to differentiate meaningful or authentic stimuli from their

synthetic or non semantic counterparts.

Building on this foundation, chapter 4 shifted attention to interactive,

gamified settings that more closely approximate real world cognitive en-

gagement. Here the central questions concerned how neural and autonomic

markers reflect performance, attentional control, and emotional dynamics

during ongoing visuomotor and memory based tasks. The chapter first

presented the EEG study conducted on the Snake game (section 4.2), in

which spectral profiles distinguished high from low performing participants.

Low performers showed increased low frequency power in delta and theta

bands, consistent with reduced attentional engagement and possible over-

load, whereas high performers exhibited increased alpha and beta activity,

indicative of more efficient visuospatial updating and task focused process-

ing. The chapter then examined pupillary dynamics during the Matching
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Pairs game (section 4.3). Pupillometry revealed that even relatively simple

serious games elicit measurable modulations of emotional state and resource

allocation. Pupil dilation patterns reflected both subjective affective expe-

rience and performance related strategies, supporting the interpretation of

pupil size as an integrated marker of cognitive effort and emotional involve-

ment. Finally, section 4.4 addressed emotional expression and cardiovascu-

lar dynamics by analysing FEs and HRV during casual video game play in

a culturally heterogeneous sample including participants from Italy, Korea

and Japan. These results showed that emotional responses and autonomic

regulation are jointly modulated by performance and game characteristics,

and that sympathovagal balance adapts to cognitive load and task structure

across different cultural backgrounds. The studies reported in this chapter

illustrate how engagement emerges as an embodied phenomenon resulting

from coordinated adjustments across neural, autonomic and expressive sys-

tems, and they support the potential use of multimodal markers in the design

of adaptive serious games for assessment and training.

Finally, chapter 5 extended the scope of the dissertation to aesthetic

and interpersonal dynamics. The chapter began with a neuroaesthetic study

(section 5.3)in which functional connectivity, quantified through PLI, was

analysed in individual participants exposed to visual artworks. This work

demonstrated that aesthetic experience is associated with structured pat-

terns of large scale neural coordination, providing a bridge between per-

ceptual processing and higher order affective evaluation. The chapter then

moved to the dyadic domain, first presenting an EDA hyperscanning study

conducted during shared exposure to emotionally salient IAPS images (sec-

tion 5.2). Synchronously recorded EDA signals revealed partially shared

autonomic dynamics across individuals exposed to the same affective input.

Although exploratory, this work provided a proof of concept for EDA based

hyperscanning and highlighted the influence of arousal levels and subjective

perception on both intra and inter individual structure. The final study

of chapter 5 employed EEG hyperscanning to investigate how inter brain

synchronisation unfolds in dyads viewing affective stimuli, with and without

cross biofeedback (section 5.3). PLV analyses showed that inter brain cou-

pling does not increase monotonically with the introduction of biofeedback,

but evolves in a phase specific and time dependent manner. Synchronisation

was generally higher in real dyads than in surrogate pairings, supporting the

interpretation that the observed coupling reflects genuinely shared processing
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rather than stimulus locked artefacts. Temporo parietal and occipital regions

emerged as consistent hubs of synchrony, in line with their established roles in

social cognition and the processing of emotionally salient visual information.

Interpersonal familiarity exerted only limited effects, whereas psychometric

traits such as alexithymia and empathy were more systematically related

to synchronisation. Dyads characterised by larger intra pair differences in

alexithymia tended to show reduced inter brain coupling, suggesting that

disparities in emotional awareness and regulation hinder the establishment

of shared neural dynamics.

Methodologically, the dissertation has contributed by systematically ap-

plying and integrating analytical tools tailored to the temporal and relational

properties of physiological data. Functional connectivity metrics, entropy

and other complexity measures applied to EEG, EDA, pupillary signals and

voice, as well as correlation analyses linking psychometric indices to physi-

ological dynamics, were used not as isolated techniques but as components

of a coherent analytic strategy. These approaches revealed patterns of or-

ganisation that remain inaccessible to static or purely univariate descriptors.

Moreover, the consistent use of multimodal recording setups, including dry

electrode EEG systems combined with EDA, eye tracking and voice analysis,

demonstrated the feasibility of deploying complex physiological monitoring

in settings approaching ecological validity. In doing so, the thesis directly

addressed the second and third objectives outlined in chapter 1, namely the

evaluation of advanced analytical methodologies and the pursuit of multi-

modal integration.

Taken as a whole, the contributions of this dissertation can be sum-

marised as follows. First, it has shown that contrasts between meaningful

or authentic stimuli and their synthetic or non semantic counterparts are

consistently reflected in coordinated changes across cortical and autonomic

systems. Second, it has demonstrated that engagement and cognitive effi-

ciency in interactive tasks are best understood through the joint analysis

of neural oscillations, autonomic responses and behavioural or performance

indices. Third, it has provided evidence that interpersonal synchronisation,

indexed by both neural and autonomic measures, depends not only on shared

stimulation but also on the psychological profiles and compatibility of indi-

viduals within a dyad. Finally, the dissertation has argued, both empirically

and methodologically, for the value of a coherent, multimodal and dynamic

approach to the study of human cognition, emotion and social interaction.



6.2 Cross cutting limitations and implications 201

6.2 Cross cutting limitations and implications

Several limitations recur across the studies presented in this dissertation and

should be considered when interpreting the findings and planning future de-

velopments. First, multiple experiments relied on relatively small sample

sizes, which, although common in multimodal psychophysiology and hyper-

scanning research, may limit statistical power and the stability of individual

difference effects. Several studies relied predominantly on samples of young,

neurotypical adults, which constrains the extent to which the observed pat-

terns can be generalised across the lifespan and across clinical populations.

Second, the demographic composition of the samples was often restricted,

further limiting the breadth of population level inferences that can be drawn.

Third, while an international cohort was included in the study reported in

section 4.4, the overall cross cultural coverage of the dissertation remains

limited, and cultural modulation of emotional expression, engagement and

interpersonal synchrony cannot yet be fully characterised.

These cross cutting constraints have direct implications for the interpre-

tation and extension of the present findings. In particular, the multimodal

markers identified throughout the thesis should be considered preliminary

with respect to broad population level generalisation, and their translational

deployment will require systematic validation in larger and more heteroge-

neous cohorts. Larger samples would not only increase statistical power but

also enable more fine grained analyses of individual differences, including

age, gender, cultural background and clinical status. Cross cultural inves-

tigations will be especially valuable for disentangling universal from culture

specific aspects of emotional expression, engagement and interpersonal syn-

chrony. At the same time, the consistency of the observed patterns across

paradigms suggests that the proposed analytical framework is sufficiently

robust to warrant further scaling and refinement. Addressing these limita-

tions therefore represents a necessary progression toward consolidating the

external validity and applied potential of multimodal psychophysiology.

6.3 Directions for future work

The findings and methodological choices presented in this dissertation open

several avenues for future research. These directions concern the refinement

of analytical tools, the extension of experimental paradigms to broader and
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more heterogeneous populations, the enhancement of ecological validity, and

the translation of multimodal psychophysiological markers into applied and

theoretically grounded contexts. Importantly, these perspectives are con-

ceived not as departures from the present work, but as systematic extensions

of its empirical and conceptual foundations.

A first set of developments pertains to the consolidation and expansion

of the analytical framework adopted in this thesis. While the present work

has employed functional connectivity, entropy and other nonlinear mea-

sures to capture temporal structure and interdependence in physiological

signals, there remains substantial scope for refining and generalising these ap-

proaches. Future studies could benefit from the application of time resolved

connectivity methods and dynamic network analyses, capable of tracking

rapid changes in inter regional coupling during continuous tasks or social in-

teractions. Such methods would provide a formal extension of the dynamic

perspective already implicit in the analyses presented here. Similarly, cross

frequency coupling metrics could yield additional insight into how oscilla-

tory bands coordinate across cognitive and affective states, complementing

the band limited analyses employed in the current studies.

For autonomic and behavioural signals, more advanced time series mod-

elling approaches, including state space models and Bayesian or machine

learning based techniques, could be used to infer latent states and transi-

tions that are not directly observable in extracted features. Rather than

replacing traditional descriptive or nonlinear metrics, these models would

offer a principled framework for formalising the dynamics that the present

thesis has characterised empirically. This would be particularly valuable in

hyperscanning contexts, where the central question concerns how the phys-

iological dynamics of two or more individuals become coupled, decoupled

or reorganised over time. In this regard, the integration of dynamic mod-

elling with surrogate data generation and permutation based inference would

further strengthen the robustness of conclusions regarding inter subject syn-

chronisation.

A second line of future work concerns the extension of the experimen-

tal paradigms to populations and contexts beyond those considered in this

dissertation. The lexical and speech related tasks presented in chapter 3,

for example, could be applied to individuals with specific learning disor-

ders, developmental language impairments or neurodegenerative conditions,

in order to assess whether the multimodal signatures observed in healthy
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young adults generalise or undergo systematic transformations. Similarly,

the game based paradigms developed in chapter 4 provide a flexible platform

for investigating engagement, attentional control and cognitive efficiency in

populations with mild cognitive impairment, dementia, attention related dis-

orders or mood disturbances. In these primarily individual task settings, the

combined analysis of EEG, autonomic measures including HRV and EDA,

pupillometry and behavioural performance may yield sensitive markers of

fatigue, disengagement and emotional dysregulation.

The dyadic paradigms introduced in chapter 5, based on EDA hyper-

scanning and EEG hyperscanning with cross biofeedback, could be extended

to pairs characterised by different relational structures, such as parent child

dyads, patient caregiver pairs or therapeutic dyads. These extensions would

allow for a systematic investigation of how interpersonal synchrony relates to

attachment patterns, communicative style and therapeutic alliance, and how

such synchrony is modulated by individual traits and asymmetries within the

dyad. While the present work focused on neural and electrodermal coupling

in these contexts, future studies could explore how additional autonomic or

behavioural channels might contribute to a more comprehensive characteri-

sation of interpersonal dynamics.

A third set of future directions concerns the ecological validity and com-

plexity of stimuli and tasks. Although this thesis has already moved beyond

classical trial based paradigms by incorporating interactive serious games

and shared affective viewing, future research could further increase ecolog-

ical richness by employing immersive environments such as virtual reality

or naturalistic stimuli unfolding over extended timescales. Within such con-

texts, multimodal physiological recording could be used to examine how in-

dividuals and dyads navigate complex, temporally structured scenarios that

more closely resemble real life experiences, including social decision making,

joint action or emotionally charged interpersonal encounters. Of particular

interest would be the implementation of adaptive mechanisms that modify

task demands or feedback based on online estimates of engagement, arousal

or synchronisation. In this sense, the biofeedback and cross biofeedback

paradigms explored in the present work can be viewed as preliminary steps

toward closed loop experimental systems, which would enable direct testing

of causal hypotheses about how modulating information channels influences

both intra and inter subject dynamics.

From a translational perspective, the multimodal markers identified in
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this thesis suggest several potential applications. In education and training,

indices of engagement derived from EEG, autonomic measures, pupillome-

try and behavioural performance could be incorporated into serious games

or learning platforms that adapt difficulty and feedback in real time, main-

taining an optimal balance between challenge and skill. In clinical contexts,

similar indices could inform monitoring tools aimed at detecting early signs

of cognitive overload, emotional dysregulation or disengagement during reha-

bilitation or cognitive training, thereby supporting personalised intervention

strategies. The dyadic and hyperscanning frameworks may also inspire in-

terventions targeting social cognition, for instance by using biofeedback to

enhance awareness of interpersonal synchrony or by designing therapeutic

protocols that manipulate shared emotional stimulation to foster empathic

engagement. In human machine interaction, multimodal physiological mon-

itoring could support the development of adaptive interfaces responsive to

users’ cognitive and affective states, representing a broader generalisation of

the principles tested in the experimental paradigms of this thesis.

At a conceptual level, future work could further embed the empirical

findings of this dissertation within broader theoretical frameworks, such as

predictive processing accounts of perception and action or contemporary

models of social cognition. The multidisciplinary approach adopted here al-

lows for an integrated examination of central, autonomic and behavioural

processes across multiple levels of complexity. The sensitivity to authentic-

ity and semantic structure observed in chapter 3, the dynamic regulation of

engagement in ecologically oriented tasks in chapter 4, and the trait depen-

dent patterns of interpersonal synchronisation reported in chapter 5 can be

interpreted as complementary expressions of adaptive predictive mechanisms

that continuously adjust internal models to reduce uncertainty and maintain

coherence between expectations and sensory input, both at the individual

and interpersonal level. Systematically formalising these interpretations, for

example by linking physiological markers to computational quantities such

as prediction error or precision, would strengthen the theoretical grounding

of multimodal psychophysiology and facilitate dialogue with adjacent fields,

including computational psychiatry and social neuroscience.

In summary, the directions outlined above indicate that the contributions

of this thesis are not limited to the specific paradigms and samples investi-

gated. Rather, they provide the basis for a coherent and extensible research

programme in which multimodal, dynamic and socially informed approaches
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to psychophysiology are progressively refined, integrated and applied. By

expanding the methodological repertoire, broadening the range of popula-

tions and contexts, and deepening theoretical integration, future work can

build on the present findings to advance both fundamental understanding

and applied solutions in the study of human cognition, emotion and social

interaction.
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Appendix

A.1 Supplementary Materials of chapter 3

Figure A.1: All 60 images of human faces used in the proposed visual stimuli

task. (a) Happy set, (b) Neutral set, (c) Sad set. For each set, the leftmost

column report real faces of woman, then faces of real men, AI-generated

faces of woman and, finally, AI-generated faces of men.
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Figure A.2: STMs of significant statistical activation of brain areas in Emo-

tional comparisons (0–5 s). ”Happy vs. Neutral” comparison (a–f); (a) delta

band, (b) theta band, (c) alpha band, (d) low-beta band, (e) high-beta band,

(f) gamma band. ”Happy vs. Sad” comparison (g–l); (g) delta band, (h)

theta band, (i) alpha band, (j) low-beta band, (k) high-beta band, (l) gamma

band. ”Neutral vs. Sad” comparison (m–r); (m) delta band, (n) theta band,

(o) alpha band, (p) low-beta band, (q) high-beta band, (r) gamma band (see

section 3.1).
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Figure A.3: STMs of significant statistical activation of brain areas in Emo-

tional comparisons (5–10 s). ”Happy vs. Neutral” comparison (a–f); (a)

delta band, (b) theta band, (c) alpha band, (d) low-beta band, (e) high-

beta band, (f) gamma band. ”Happy vs. Sad” comparison (g–l); (g) delta

band, (h) theta band, (i) alpha band, (j) low-beta band, (k) high-beta band,

(l) gamma band. ”Neutral vs. Sad” comparison (m–r); (m) delta band,

(n) theta band, (o) alpha band, (p) low-beta band, (q) high-beta band, (r)

gamma band (see section 3.1).
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A.2 Supplementary Materials of chapter 4

Figure A.4: Significant comparisons resulting from PANAS scores analysis

before and after the Snake and the Matching Pairs games. ∗∗∗ = p < 0.001,
∗∗ = p < 0.01, ∗ = p < 0.05 (see section 4.4).
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Category Feature Description

WAFER Features WAFEREn Unpredictability of transitions in the MC of FE emotions.

WAFERSt Tendency of the system to remain in the same state over time.

WAFERSpG Speed at which the MC converges to its steady-state distribution.

meanAngry Mean of ’Angry’ FE during the games.

meanDisgust Mean of ’Disgust’ FE during the games.

meanFear Mean of ’Fear’ FE during the games.

meanHappy Mean of ’Happy’ FE during the games.

meanNeutral Mean of ’Neutral’ FE during the games.

meanSad Mean of ’Sad’ FE during the games.

meanSurprise Mean of ’Surprise’ FE during the games.

HRV ’canonical’ Features meanRR Average heart rate interval between successive R-peaks.

stdRR Standard deviation of NN intervals.

RMSSD Root mean square of successive differences between NN intervals.

NN50 RR Count of successive NN interval pairs differing by more than 50 ms.

pNN50 Proportion of NN50 relative to total NN intervals.

TriRR Triangular index calculated as sum of histogram values divided by its peak.

TINN Baseline width of RR interval histogram based on 20 bins.

meanDER1 Mean of the first derivative of RR intervals.

stdDER1 Standard deviation of the first derivative of RR intervals.

meanDER2 Mean of the second derivative of RR intervals.

stdDER2 Standard deviation of the second derivative of RR intervals.

WelchVLFpow Spectral power in very-low-frequency range (0–0.04 Hz).

WelchLFpow Spectral power in low-frequency range (0.04–0.15 Hz).

WelchHFpow Spectral power in high-frequency range (0.15–0.4 Hz).

WelchVLFpeak Peak spectral value in the very-low-frequency range.

WelchLFpeak Peak spectral value in the low-frequency range.

WelchHFpeak Peak spectral value in the high-frequency range.

ApEn Approximate entropy, a measure of signal complexity and irregularity.

SampEn1 Sample entropy of RR intervals (m = 2, r = 0.2).

SampEn2 Sample entropy of RR intervals (m = 3, r = 0.2).

SampEn3 Sample entropy of RR intervals (m = 4, r = 0.2).

SampEn4 Sample entropy of RR intervals (m = 5, r = 0.2).

DistEn Distribution Entropy of RR intervals (m = 5, τ = 3).

HRV ’complex’ Features FractDimRR Fractal dimension of RR intervals.

DFARR Detrended fluctuation analysis of RR intervals.

recurrence rate (RR) Proportion of recurrent points in a recurrence plot.

determinism Measure of predictability in recurrence analysis.

average diagonal length Mean diagonal line length in recurrence plot.

entropy Entropy of diagonal line lengths in recurrence plot.

mean recurrence time (RT) Mean time between recurrent states.

max recurrence plot (RP) path length Longest diagonal path in recurrence plot.

laminarity Proportion of laminar states in recurrence analysis.

trapping time (TT) Average duration of laminar states in recurrence analysis.

Table A.1: Features considered in GLMM analysis for Step II (see sec-

tion 4.4).
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Figure A.5: Boxplots of significant comparisons between high scoring and

low scoring players in the Snake game. ∗∗∗ = p < 0.001, ∗∗ = p < 0.01,
∗ = p < 0.05 (see section 4.4).
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Figure A.6: Boxplots of significant comparisons between high scoring and low

scoring players in the Matching Pairs game. ∗∗∗ = p < 0.001, ∗∗ = p < 0.01,
∗ = p < 0.05 (see section 4.4).
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Figure A.7: Boxplots of significant comparisons of MC-related features in

the Snake and Matching Pairs games. ∗∗∗ = p < 0.001, ∗∗ = p < 0.01,
∗ = p < 0.05 (see section 4.4).
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“Pupil Dilation Dynamics in Serious Game Emotional Activation”, in Proc.

of IEEE Gaming, Entertainment, and Media Conference (GEM), Turin,

(Italy), 2024.
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E.P., Astolfi L. (curated by). “Unlocking the mind and emotions: cutting-

edge bioengineering techniques from computational physiology to clinical
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[161] M. Fülöp, “Happy and unhappy competitors: What makes the difference?”

Psihologijske teme, vol. 18, no. 2, pp. 345–367, 2009.

[162] D. Gabana, L. Tokarchuk, E. Hannon, and H. Gunes, “Effects of valence and

arousal on working memory performance in virtual reality gaming,” in 2017

Seventh International Conference on Affective Computing and Intelligent In-

teraction (ACII). IEEE, 2017, pp. 36–41.

[163] L. J. Gabard-Durnam, A. S. Mendez Leal, C. L. Wilkinson, and A. R.

Levin, “”harvard automated pre-processing pipeline for eeg.” github. [on-

line],” https://github.com/lcnhappe/happe, accessed: 21-Feb-2026.

[164] ——, “The harvard automated processing pipeline for electroencephalogra-

phy (happe): standardized processing software for developmental and high-

artifact data,” Frontiers in neuroscience, vol. 12, p. 97, 2018.

[165] J. D. Gabrieli, R. A. Poldrack, and J. E. Desmond, “The role of left prefrontal

cortex in language and memory,” Proceedings of the national Academy of

Sciences, vol. 95, no. 3, pp. 906–913, 1998.
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nazionale della società italiana di foniatria e logopedia”,” Acta Phon. Lat,

vol. 26, pp. 1–2, 2002.

[360] J. S. Richman and J. R. Moorman, “Physiological time-series analysis using

approximate entropy and sample entropy,” American journal of physiology-

heart and circulatory physiology, vol. 278, no. 6, pp. H2039–H2049, 2000.

[361] W. Rief, J. Heuser, and M. M. Fichter, “What does the toronto alexithymia

scale tas-r measure?” Journal of Clinical Psychology, vol. 52, no. 4, pp.

423–429, 1996.

[362] G. Rizzolatti and L. Craighero, “The mirror-neuron system,” Annu. Rev.

Neurosci., vol. 27, no. 1, pp. 169–192, 2004.



BIBLIOGRAPHY 249

[363] M. Rodemer, J. Karch, and S. Bernholt, “Pupil dilation as cognitive load

measure in instructional videos on complex chemical representations,” in

Frontiers in Education, vol. 8. Frontiers Media SA, 2023, p. 1062053.

[364] I. J. Roseman, “Cognitive determinants of emotion: A structural theory.”

Review of personality & social psychology, 1984.

[365] P. Rozin and A. E. Fallon, “A perspective on disgust.” Psychological review,

vol. 94, no. 1, p. 23, 1987.

[366] M. Rubinov, R. Kötter, P. Hagmann, and O. Sporns, “Brain connectivity

toolbox: a collection of complex network measurements and brain connec-

tivity datasets.” NeuroImage, vol. 47, p. S169, 2009.

[367] J. A. Russell, “A circumplex model of affect.” Journal of personality and

social psychology, vol. 39, no. 6, p. 1161, 1980.

[368] C. V. Russoniello, M. T. Fish, and K. O’Brien, “The efficacy of playing

videogames compared with antidepressants in reducing treatment-resistant

symptoms of depression,” Games for health journal, vol. 8, no. 5, pp. 332–

338, 2019.

[369] C. V. Russoniello, K. O’Brien, and J. M. Parks, “The effectiveness of ca-

sual video games in improving mood and decreasing stress,” Journal of Cy-

berTherapy & Rehabilitation, vol. 2, no. 1, pp. 53–66, 2009.

[370] S. Safdar, W. Friedlmeier, D. Matsumoto, S. H. Yoo, C. T. Kwantes,

H. Kakai, and E. Shigemasu, “Variations of emotional display rules within

and across cultures: A comparison between canada, usa, and japan.” Cana-

dian Journal of Behavioural Science/Revue canadienne des sciences du com-

portement, vol. 41, no. 1, p. 1, 2009.

[371] A. Samal and P. A. Iyengar, “Automatic recognition and analysis of human

faces and facial expressions: A survey,” Pattern recognition, vol. 25, no. 1,

pp. 65–77, 1992.

[372] E. Samuels and E. Szabadi, “Functional neuroanatomy of the noradrenergic

locus coeruleus: its roles in the regulation of arousal and autonomic function

part ii: physiological and pharmacological manipulations and pathological

alterations of locus coeruleus activity in humans,” Current neuropharmacol-

ogy, vol. 6, no. 3, pp. 254–285, 2008.

[373] A. Sanchez-Comas, K. Synnes, D. Molina-Estren, A. Troncoso-Palacio, and
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