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Abstract

Emotions are integral to human cognition and behaviour, shaping attention, decision-making,

and social interaction. In marketing, they act as antecedents, outcomes, mediators, and mod-

erators of consumption-related processes, influencing how products, brands, and experiences are

perceived and evaluated. Traditional emotion-measurement approaches, such as self-reports and

behavioural observations, are affected by well-known biases, and physiological signals have been

proposed as a more reliable, objective, subject-independent, and sensitive alternative.

Consumer Neuroscience commonly attempts to estimate marketing-related cognitive and emo-

tional states from physiological signals through correlational evidence and reverse-inference rea-

soning. However, this approach is problematic when physiological measures lack specificity with

respect to the psychological states. Affect Detection (AD), based on machine-learning models

trained on multimodal physiological and biometric features, represents a promising alternative,

but remains under-represented in Consumer Neuroscience.

The present thesis contributes to this area through the development, testing, and validation

of a multimodal subject-independent AD model.

For this purpose, it first introduces I-DARE (IULM Dataset of Affective REsponses), a stan-

dardised multimodal dataset of emotional responses to static visual stimuli, combining self-

report evaluations with electroencephalographic, skin-conductance, photoplethysmographic, elec-

tromyographic, and eye-tracking signals. I DARE includes 63 participants exposed to 32 static

images across five recorded modalities, yielding a dataset dimension of 10080 and an associated

minimum detectable effect size of f = 0.095, thereby surpassing existing datasets in terms of

dimensionality and statistical sensitivity. Self-report evaluations showed fair agreement both

within subjects (κWS = 0.406) and between subjects and reference labels (κGS = 0.409).

Based on I DARE, MATILDE (Multimodal biosignAl-based modaliTy-resilient subject-

Independent modeL for affect DEtection) is proposed as a subject-independent multimodal AD



model for classifying affective responses in terms of valence, arousal, and valence–arousal quad-

rants. Its development combines multi-domain feature extraction, and automatic feature reduc-

tion, model selection and hyperparameter optimisation through Combined Algorithm Selection

and Hyperparameter optimisation (CASH). Additionally, it provides robust error estimation by

means of cross-validation and concentration inequalities. The best-performing models, based on

Random Forests, achieved accuracies of 76.2% for quadrant classification, 83.4% for valence, and

85.3% for arousal. These results fall within the upper range of AD models based on traditional

machine-learning classifiers.

The robustness of MATILDE is then assessed through dataset-level ablation studies. Both

unimodal and Leave-One-Modality-Out configurations are considered using two complementary

strategies: fixed-pipeline ablation, in which the classifier, hyperparameters, and feature-selection

procedure of the full model are preserved, and re-CASH ablation, in which each reduced-modality

configuration is treated as an independent model-selection and hyperparameter-optimisation

problem. Across both strategies, most reduced-modality configurations showed no detectable

degradation relative to the full multimodal models, whereas eye tracking alone was consistently

the least informative modality. Re-CASH analyses further showed that preserving performance

under modality reduction may require more complex model structures, especially for arousal clas-

sification. These results suggest that the proposed model can scale down to reduced-modality

settings, including low-cost and wearable scenarios.



Chapter 1

Introduction

Emotions pervade human life: recent experience-sampling evidence suggests that they are expe-

rienced during at least 90% of waking time (Trampe et al., 2015).

The inquiry into emotions spans from ancient narratives to contemporary science. Classi-

cal texts such as the Epic of Gilgamesh, Genesis, the Iliad, and the Mahabharata testify to

the centrality of affect in human affairs (Shields & Zawadzki, 2012). Philosophical traditions

elaborated competing accounts – from the Stoics and Epicureans, to Plato and Aristotle, to

Descartes and Hume – regarding the relation between reason and passion, and the constituents

of emotional episodes (Dabrowski, 2016). A scientific reconceptualisation emerged with Darwin’s

The Expression of the Emotions in Man and Animals (Darwin, 1872), anticipating ideas about

discrete emotions, their behavioural expressions, and evolutionary continuity (Ekman, 2009). In

psychology, early models framed emotions as bodily or neural responses to eliciting events (Bard,

1929; Cannon, 1927; James, 1884; Lange, 1885), while later appraisal approaches emphasised the

role of multiple cognitive evaluations (Arnold, 1960; Lazarus, 1966; Schachter & Singer, 1962).

Early neuroscientific works (MacLean, 1949, 1970; Papez, 1937) revealed distributed, hierarchi-

cal processes spanning cortical and subcortical systems. Modern network-based theories have

also underscored dynamic feedback loops with the autonomic nervous system (Kreibig, 2010;

Panksepp, 1982, 1992).

Beyond individual experience, emotions function as social signals that modulate observers’

cognition and behaviour (van Kleef & Côté, 2022) and systematically bias judgment and choice

(Lerner et al., 2015). In marketing, they operate as antecedents, outcomes, mediators, and

moderators of consumption-related processes (Bagozzi et al., 1999), and have been extensively

1



investigated over several decades. Based on 453 articles published between 1981 and 2023 in 20

leading marketing journals, Aeron and Rahman (2024) applied bibliographic coupling and content

analysis to organise the fragmented literature on emotions in marketing into coherent research

streams, grouped around theory, characteristics, and context. According to their synthesis model

(see Figure 1.1), emotions arise from marketing-related sources, such as appeals, offerings, and

contexts, as well as from individual appraisals, physiological changes, subjective experiences,

and social configurations. Whether integral or incidental, emotions influence consumer outcomes

through cognitive and affective mediators and contextual moderators, leading to evaluative,

regulative, and expressive behaviours, with potential implications for happiness and well-being

(Aeron & Rahman, 2024).

Emotions are multifaceted phenomena that encompass subjective experiences, behavioural

expressions, and physiological responses (Mauss & Robinson, 2009). Assessing them is there-

fore inherently challenging, as each component poses distinct methodological limitations. Be-

havioural observations tend to prioritise within-person experimental effects over between-person

consistency (Dang et al., 2020), while self-reports are vulnerable to measurement error and social

desirability biases (B. C. K. Choi & Pak, 2004). Physiological measures, in turn, are frequently

presented as a more reliable alternative, being relatively objective, subject-independent, and

sensitive (Baig & Kavakli, 2019).

Psychophysiology formalises the relationship between psychological states ψ and correspond-

ing physiological signals ϕ (Cacioppo & Tassinary, 1990). Applied to marketing, this programme

underlies Consumer Neuroscience (Nemorin, 2016; Ramsøy, 2019; Yoon et al., 2006). A common

approach in this field relies on reverse inference, whereby ψ are inferred from ϕ on the basis of

correlations reported in prior observational studies (Plassmann et al., 2015). Because ϕ often

lacks specificity with respect to ψ, this approach can be fallacious (Poldrak, 2006).

Machine Learning (ML) provides a data-driven framework for estimating the probabilistic

mapping from ϕ to ψ. When applied to emotion recognition, ML defines the field of Affective

Computing and, more specifically, Affect Detection (AD) (Calvo & D’Mello, 2010; Picard, 1995,

1997). Despite demonstrable advantages over the reverse inference fallacy (Nathan & Del Pinal,

2017; Poldrack, 2011), AD remains underutilised in Consumer Neuroscience (Bilucaglia et al.,

2025).

This work contributes to Consumer Neuroscience through the development, testing, and vali-

dation of a multimodal AD model based on bioelectrical and biometric signals. This objective is

pursued through three steps. First, I DARE (IULM Dataset of Affective REsponses) is introduced

2
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as a standardised multimodal dataset of emotional responses to static visual stimuli, combin-

ing self-report evaluations with bioelectrical and biometric recordings. Second, I DARE is used

to develop and evaluate MATILDE (Multimodal biosignAl-based modaliTy-resilient subject-

Independent modeL for affect DEtection), a subject-independent AD model for classifying affec-

tive responses in terms of valence, arousal, and combined valence–arousal configurations. Third,

the robustness of MATILDE is assessed through modality-wise ablation studies, showing its

resilience under reduced-modality configurations.

The thesis is organised into two main parts. The first part reviews the theoretical and

methodological foundations, starting from psychological and physiological theories of emotion

(Chapter 2). It then presents Consumer Neuroscience, the problem of reverse inference in psy-

chophysiology, and AD (Chapter 3). Finally, it introduces the ML concepts required to under-

stand the proposed modelling approach in depth, including statistical learning, model selection,

and error estimation (Chapter 4). The second part presents the experimental and methodolog-

ical contribution. It first describes the design, collection, and data consolidation of I DARE

(Chapter 5). It then details feature extraction, model training, testing, and evaluation within

MATILDE (Chapter 6). Finally, it assesses the robustness of MATILDE through ablation stud-

ies, considering both unimodal and Leave-One-Modality-Out configurations under fixed-pipeline

and re-optimised settings (Chapter 7). Conclusions are presented in Chapter 8.
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Chapter 2

Psychological and Physiological

Perspectives on Emotion

This chapter examines emotions through psychological and physiological perspectives, tracing

their evolution from classical to modern theories. It reviews the transition from early psychologi-

cal models, such as the James–Lange and Cannon–Bard theories, to cognitive and appraisal-based

frameworks, and then extends the discussion to physiological and neural models, from the Papez

circuit to contemporary network and embodied approaches.

2.1 Defining emotions

According to a survey administered to 35 leading scholars from behavioural, cognitive, and com-

putational neuroscience, including artificial intelligence and robotics, as well as clinical, cognitive,

developmental, and social psychology, emotions were most commonly defined as a set of “neural

circuits, response systems, feeling states and processes” that “motivate and organize cognition

and action” (Izard, 2010).

Cognitive science frames emotions as “mental experiences” that exhibit a four-axis structure

typical of sensations: time (i.e., limited duration after the eliciting stimulus), quality (including

sensory inputs and imagination/memory processes), intensity (ranging from barely noticeable to

highly arousing), and hedonic value (pleasure/displeasure). In particular, emotions are consid-

ered to be any mental experience characterised by both high intensity and pronounced hedonic

tone, whether pleasant or unpleasant (Cabanac, 2002).

5



From an evolutionary perspective, emotions emerged “as superordinate mechanisms responsi-

ble for coordinating suites of other information-processing programs, including those of attention,

perception, memory, categorization, learning and energy allocation, as well as the more typically

considered elements of physiology and manifest behaviour” (Al-Shawaf et al., 2015).

Philosophical Ethology frames emotions as reactive components – or “modal willingness” –

that position individuals within external reality, alongside motivations – or “modal desires” –

that represent their proactive counterparts. These are shaped by “the multi-layer of phylogenetic

history, then through the individual ontogenetic path” (Marchesini, 2021). They act as an

interface between environmental inputs and behavioural outputs, enabling adaptive responses

(Keltner & Gross, 1999).

2.2 Psychological perspectives

2.2.1 Classical theories

The first systematic theory of emotions stems from the independent work of William James

(1884) and Carl G. Lange (1885), later integrated into a common framework by Dewey (1895).

Similar arguments were independently proposed by the Italian anthropologist Giuseppe Sergi

(1894). The James–Lange theory proposes that emotions arise from the perception of bodily

changes automatically triggered by emotionally relevant stimuli, thereby inverting the traditional

view of emotional order. Whereas folk theory assumed that emotions precede physiological

responses, James and Lange argued that bodily reactions occur first, and emotional experience

is the conscious awareness of these changes (see Figure 2.1).

Cannon (1927) and Bard (1929) challenged the James–Lange perspective, highlighting sev-

eral empirical inconsistencies. They observed that emotions persist even when visceral–cerebral

connections are severed, while direct manipulation of visceral activity fails to generate emotion.

Furthermore, they noted that visceral responses are relatively slow, undifferentiated, and occur in

both emotional and non-emotional states, undermining their role as unique markers. From these

findings, the Cannon–Bard theory concluded that emotional experience and bodily reactions are

parallel and independent – rather than causally linked – processes (see Figure 2.2).

A later development came with the work of Schachter and Singer (1962), who introduced a

cognitive dimension to emotion formation. In their experiments, participants were given arti-

ficially induced physiological arousal (e.g., increased heart rate, trembling, flushing) and then

6



Figure 2.1: James–Lange theory of emotions – from Kirby et al. (2024)

Figure 2.2: Cannon–Bard theory of emotions – from Kirby et al. (2024)
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Figure 2.3: Schachter–Singer’s two-factor theory of emotions – from Kirby et al. (2024)

exposed to a confederate displaying either euphoric or angry behaviours. Crucially, partici-

pants unaware of the arousal’s true source adopted the emotional tone suggested by the context.

Schachter and Singer argued that emotion results from two components: a state of physiological

arousal and the cognitive label assigned to it. Known as the two-factor (2F) theory, this model

highlights the interaction between bodily changes and cognitive interpretation, with cognition

directing the emotional outcome (see Figure 2.3).

2.2.2 Modern view

Appraisal theories are considered the leading emotional perspective in psychology (Scherer &

Moors, 2019), affective neuroscience (Mauss & Robinson, 2009), and artificial intelligence (Gratch

& Marsella, 2015). Despite emerging in the 1960s, they represent a modern systematisation of

ideas by early philosophers such as Aristotle, Hume, Spinoza, and Sartre. This family of theories

proposes that emotions arise from appraisal, the evaluation of the significance of a stimulus

for one’s well-being in terms of goals, needs, and values (Moors et al., 2013). Like the 2F

theory, appraisal theories assume cognition as an antecedent of emotion, but they emphasise that

appraisal is often automatic and, crucially, occurs at the very onset of the emotional process,

directly after stimulus perception and before physiological responses (Moors, 2009).

Magda Arnold (1960) is considered the pioneer of appraisal theories. She argued that phys-

8



iological changes alone cannot generate emotions, stressing instead the role of spontaneous,

perceptual-like appraisal in producing immediate feelings of attraction or aversion and corre-

sponding tendencies of approach or withdrawal. Accordingly, the emotion process begins with

a stimulus or situation (the object)1 that is perceived and appraised. If the appraisal elicits

an approach or avoidance tendency, it generates an emotion that may subsequently give rise to

action tendencies, typically manifested through various bodily changes. The action tendencies

can be perceived and evaluated through a secondary appraisal2, eventually leading the emotion

to grow in intensity and the physical effects to become cumulatively higher.

Richard Lazarus (1966) expanded this view by framing appraisal as a multi-stage process.

Primary appraisal evaluates potential harm, while secondary appraisal assesses coping options.

He reinterpreted the consequences of Arnoldian appraisal (action tendencies and physiological

responses) as coping processes: affective experiences, motor actions, and physiological reactions

are determined by the specific kind of appraisal involved. He reframed Arnold’s secondary

appraisal as appraised coping and renamed it reappraisal.

Lazarus’s framework was further expanded with additional appraisal stages (or levels), such

as goal relevance, certainty, agency (i.e., attribution of causality), and novelty. In addition to

their number, in modern theories appraisal levels also differ in cardinality: finite and categorical,

continuous and dimensional, or theoretically infinite but subjectively evaluated in discrete values

(Moors et al., 2013). As an example, Scherer’s (2001) Sequential Check Theory (SCT) assumes

four appraisal steps: relevance (i.e., does it directly affect me or my social reference group? ),

implication (what are the consequences of this event, and how do these affect my well-being and

my immediate or long-term goals? ), coping potential (how well can I cope with or adjust to these

consequences? ), and normative significance (what is the significance of this event with respect to

my self-concept and to social norms and values? ). The order is fixed, but the behavioural and

subjective outcomes of each step can influence subsequent evaluations, which in turn modulate

the unfolding evaluation process (see Figure 2.4).

1The object can be physically present in the environment or even mentally generated (e.g., memory recall,
anticipation of a future event, or imagination).

2Not to be conflated with Lazarus’s secondary appraisal.
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Figure 2.4: Scherer’s Sequential Check Theory (SCT) – from Traue et al. (2013)

Emotion categorisation

Modern theories of emotion converge on the view that both elicitation and differentiation rely

on multilevel appraisal, which gives rise to emotional responses that vary in action tendencies

(e.g., approach, avoidance), physiological changes (e.g., heart rate, muscle tension), and motor

expressions (e.g., facial, vocal, gestural). These responses are then integrated into a non-verbal

feeling state, which is subsequently categorised using either discrete terms or along dimensional

axes (Scherer & Moors, 2019).

The discrete view emphasises a small set of basic emotions, each with its characteristic pat-

tern, whereas dimensional approaches describe affective experience as continuously varying along

multiple dimensions. This contrast in framing, compounded by differences in terminology – “dis-

crete” versus “continuous”, or “categories” versus “dimensions” – can create the impression of

a strict opposition. In reality, the two approaches often operate at different descriptive levels

and can be seen as complementary: discrete emotions typically occupy specific regions of the

dimensional space (Barrett & Westlin, 2021).
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Discrete categorisation The discrete categorisation of emotions has deep roots in Darwin’s

comparative treatise, which argued that many emotional expressions are biologically grounded

and observable across species and cultures (Darwin, 1872).

Within an explicitly evolutionary framework, Robert Plutchik proposed eight primary emo-

tions arranged in bipolar pairs (joy–sadness, trust–disgust, fear–anger, surprise–anticipation),

with graded intensities and systematic blends forming secondary emotions (Plutchik, 1958, 1962,

1980).

In parallel, Silvan Tomkins proposed a repertoire of innate affective states: positive (interest–

excitement, enjoyment–joy), neutral (surprise–startle), or negative (fear–terror, anger–rage, distress–

anguish, shame–humiliation, disgust, dissmell). These affects organise motivation and expression

and can be amplified or inhibited by control mechanisms (Tomkins, 1962, 1963).

Empirical support for cross-cultural recognition of basic categories was provided by Paul Ek-

man, who identified specific facial configurations for anger, fear, sadness, happiness, disgust, and

surprise (sometimes including contempt). Recognition accuracies varied, but distinct patterns

were observed across cultures (Ekman & Friesen, 1971; Ekman et al., 1969).

Izard’s Differential Emotions Theory proposed a partly overlapping inventory (interest, joy,

surprise, sadness, anger, disgust, contempt, fear, shame, and guilt), emphasising distinctive facial

patterns and developmental trajectories (Izard, 1971, 1972).

Panksepp considered emotions as the result of basic subcortical primary systems that, when

aroused, generate unconditioned action patterns and associated feelings. He initially identified

SEEKING (also called “expectancy”), RAGE, FEAR, and PANIC (Panksepp, 1982) systems,

later adding LUST, CARE, and PLAY3 (Panksepp, 1992). These systems are considered pri-

mary to distinguish them from secondary (learned/conditioned) and tertiary (cognitive-based)

processes. Primary systems have specific neuroanatomical and neurochemical substrates, and

the behaviours they foster are characterised by either a positive (SEEKING, LUST, CARE, and

PLAY) or negative (RAGE, FEAR, and PANIC) valence (Panksepp, 2011).

Dimensional categorisation Although first proposed in the 1870s by Wilhelm Maximilian

Wundt (Wassmann, 2008), the dimensional categorisation of emotions was pioneered by the

experimental work of Russell and Mehrabian (1974, 1977), who analysed the differential seman-

3Panksepp capitalises the names of the primary systems to differentiate them from the corresponding affective
states, which are left uncapitalised.
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tics of affect-related adjectives. They identified a three-factor structure that explained most

of the variance in the data: pleasure–displeasure (also known as positive–negative valence),

arousal–nonarousal, and dominance–submissiveness. Subsequent studies showed that, rather

than spanning the entire three-dimensional space, emotions are primarily distributed along a

circular subspace in the valence–arousal plane, termed circumplex (Russell, 1980).

Russell and Barrett (1999) adopted the circumplex as the coding scheme for the core af-

fect, defined as “the most elementary consciously accessible affective feelings (and their neuro-

physiological counterparts) that need not be directed at anything” (Russell & Barrett, 1999,

p. 806). Core affect represents one of the necessary elements of emotional experience, alongside

stimulus-directed processes such as action tendencies, behaviours, appraisal, attention, conscious

experience, and neural or bodily changes.

Russell’s circumplex was further extended by Robert Thayer, who proposed arousal as the

result of two partially independent activation systems: Energetic Arousal (vigour–fatigue) and

Tense Arousal (calm–tension), yielding a two-axis activation–deactivation space for momen-

tary mood (R. E. Thayer, 1989). Energetic arousal tracks circadian and sleep–metabolic state,

whereas tense arousal indexes stress and anxiety. This distinction explains common combina-

tions such as “nervous energy” versus “sleepy but keyed up”, and highlights the need to separate

fatigue or sleepiness from classic autonomic arousal in analysis.

An alternative dimensional model proposed by Watson, Clark, and Tellegen (1988) defined

emotions along Positive Affect (PA; enthusiastic, active, alert) and Negative Affect (NA; dis-

tressed, upset). The Positive Affect–Negative Affect (PANA) plane, which accounts for mixed-

state emotions (simultaneously high PA and high NA), relates to Russell’s circumplex by a

simple rotation: valence (pleasant–unpleasant) and arousal (calming–exciting) correspond to the

diagonals.

The vector model of emotion, proposed by Bradley et al. (1992), conceptualises the emotional

space as spanned by two axes pointing in non-opposite directions, forming a “boomerang-like”

shape. The model assumes arousal is always present, while valence determines the direction of

the emotion. Positive valence shifts the state along the upper vector, negative valence along the

lower vector. High-arousal states are differentiated by valence, while low-arousal states cluster

near the meeting point of the vectors.
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2.3 Physiological perspectives

2.3.1 Classical theories

The James–Lange theory traces the whole emotion-generation process back to a chain of sensory

perceptions. The emotion-evoking stimulus is sensed by receptors (R in Figure 2.5 – left) and

routed (path 1) to appropriate cortical projection areas (C). Then, efferent “reflex currents”

(path 2) generate a bodily change (either visceral, V, or muscular, SK M) that is sensed and

projected (paths 3–4) to appropriate cortical areas, similarly to the original emotion-evoking

stimulus. Finally, when these bodily sensations “combine with it in consciousness”, the stimu-

lus is transformed “from an object-simply-apprehended into an object-emotionally-felt” (James,

1884, p. 203).

The Cannon–Bard theory proposed a network of distinct brain regions involved in emotion-

generation processes, with special emphasis on the thalamus; hence, it has also been known as

the Thalamic Theory (Cannon, 1927, 1931). Accordingly, the input of an emotional stimulus

goes (path 1 in Figure 2.5 – right) from the receptor (R) to the thalamus (T). There, it may

directly excite hypothalamic mechanisms and cause a definite pattern to (path 2) visceral (V)

and motor (SK M) regions. Alternatively, it may be regrouped and go to the cortex (C, through

path 1’), generating a cortico-thalamic inhibition (path 3). Additionally, a thalamo-cortical path

(path 4) may also occur (Bard, 1929, pp. 305–306).

Papez (1937) proposed emotions as generated from a network (now known as the Papez

circuit) of cortical and subcortical structures. Cortical areas project (cp path in Figure 2.6) to

the hippocampal formation (h) and then, by the fornix (f), to the mammillary body (m). Through

the mammillothalamic tract (mt), the mammillary body projects to the anterior nuclei of the

thalamus (a) and thence by medial thalamocortical radiation to the cortex of the cingulate gyrus

(cg) (Papez, 1937, p. 728). The latter, in turn, projects to cortical areas through the internal

capsule, closing the loop (Papez, 1937, p. 729).

MacLean (MacLean, 1949) expanded the Papez circuit into a broader system, initially termed

“visceral brain” and later renamed “limbic system” (MacLean, 1952). Specifically, the hippocam-

pal gyrus functions as an “affectoceptor cortex”, the input gate for interoceptive and exterocep-

tive signals. The dentate gyrus serves as an integration and correlation centre. Finally, the

hippocampus (drawn as a seahorse in Figure 2.7) and the amygdala act as an “affectomotor

cortex”, projecting to the hypothalamus (HYP), epithalamus, caudate, and septal area. These

regions, in turn, project to the brainstem, producing physiological changes. The hypothalamus
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Figure 2.5: Brain areas involved in emotion generation according to James–Lange (left) and
Cannon–Bard (right) theories – from Cannon (1931)

Figure 2.6: Medial view of the right cerebral hemisphere showing the Papez circuit – from Papez
(1937).
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Figure 2.7: Anatomy and connectivity of the visceral brain – from MacLean (1949)

also projects to the anterior thalamus, which in turn projects to the cingulate gyrus (FORNI-

CATE GYRUS), where the affective experience may enter conscious awareness (MacLean, 1949,

p. 347).

MacLean also commented on the “animalistic and primitive” nature of the limbic system, as

well as its tendency to elude “the grasp of the intellect” (MacLean, 1949, p. 348), suggesting a

dichotomy between intellectual and emotional or non-verbal behaviour. This idea was further

developed in his later “triune brain” hypothesis (MacLean, 1970). Accordingly, the human brain

was described as comprising three evolutionarily layered systems: the “reptilian brain”, associ-

ated with instinctual and primitive emotional responses; the “old mammalian brain” (the limbic

system), which builds upon reptilian functions and enables social emotions; and the “neocortex”,

which integrates emotional experience with cognition and exerts top–down regulatory control.

2.3.2 Modern view

Contemporary accounts generally converge on the view that emotion generation and processing

rely on distributed networks of subcortical, cortical, and paralimbic structures engaged across

15



various affective states, reflecting a shared neural architecture that is anatomically widespread

and loosely clustered (Malezieux et al., 2023).

This architecture has been interpreted as a hierarchical pipeline, involving both feed-forward

and feedback loops across different levels. Subcortical structures handle primitive emotional

features (the so-called primary processes), limbic circuits support emotional learning and stimulus

integration (secondary processes), and cortical networks underlie higher-level cognitive processes

(tertiary processes), with both the cortex and subcortical systems contributing (Panksepp, 2011).

Multilevel appraisal (Moors et al., 2013) can effectively model the brain’s involvement in emo-

tion generation and processing. Fast (within 100–350 ms of first perceiving an event) appraisal

of novelty and concern relevance is supported by the amygdala; potential sources of reward by

the nucleus accumbens (NAc) – part of the ventral striatum – and pain, threat, and harm by

the periaqueductal grey (PAG). These structures receive interoceptive and exteroceptive inputs

from the thalamus and project to both the hypothalamus and the cortex (Keltner et al., 2018).

The amygdala and NAc are also involved in emotional learning and prediction of future affec-

tive states (Kirkland & Cunningham, 2011). Body awareness and subjective feelings of visceral

changes are sustained by the anterior insular cortex, while higher processes such as emotion con-

ceptualisation and regulation, as well as social cognition, are supported by the prefrontal cortex

(PFC) (Keltner et al., 2018). Additionally, the anterior cingulate cortex (ACC) is considered a

key substrate of conscious emotional experience (Kemp et al., 2015).

Rolls (2023) proposed a three-tiered organisation of the brain for emotion in primates, includ-

ing humans (see Figure 2.8). In Tier 1, the brain constructs representations of sensory inputs in-

volving primary and associative sensory areas. In Tier 2, reward value and emotional significance

are assigned through the orbitofrontal cortex (OFC) and amygdala, with top–down attentional

and cognitive modulation. In Tier 3, actions are learned in the supracallosal (dorsal) ACC to ob-

tain rewards signalled by the OFC and amygdala via the pregenual ACC and ventromedial PFC

(vmPFC). Within this tier, the vmPFC also enables decisions between stimuli of different reward

values, the OFC connects with reasoning and language systems to integrate and communicate

affective values, reinforcement learning supports the development of stimulus–response habits,

and autonomic responses can be generated to emotion-provoking stimuli. Additionally, auditory

inputs can directly reach the amygdala, and several thalamic nuclei convey somatosensory and

taste information to their respective primary cortices.

Emotion generation and processing actively depend on bodily changes that act as more than

a mere downstream expression of brain activity. Predictive coding (Barrett & Simmons, 2015)
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and interoceptive inference (Seth, 2013) models propose that the brain continuously anticipates

and updates bodily states, forming a closed-loop embodied system of emotional perception and

regulation.

Contrary to early views, the autonomic nervous system (ANS) is not an isolated and purely

involuntary control system but is interconnected with central neural processes at multiple levels.

While segmental reflexes are regulated by the spinal cord, suprasegmental integration within

the brainstem is essential for respiration, blood pressure, swallowing, and pupillary control.

More complex regulation arises from hypothalamic systems that influence brainstem autonomic

subsystems. In turn, hypothalamic activity is modulated by cortical regions – including the

insula, anterior cingulate, ventromedial prefrontal cortex, and the central nucleus of the amygdala

– which process environmental inputs (Kreibig, 2010).

ANS changes also act as input for the central nervous system (CNS) through interoceptive

mechanisms. Signals from bodily organs reach the brainstem nuclei via the vagus nerve and the

spinal splanchnic nerve. They are then projected to other structures, including the thalamus,

amygdala, hippocampus, insula, cingulate cortex, and sensory cortex (Camara et al., 2025).

Several embodied theories of emotion have been proposed, with the most influential being

the Neurovisceral Integration Model, the Polyvagal Theory, the Somatic Marker Hypothesis, and

the Homeostatic Model for Awareness (Kemp et al., 2015).

The Neurovisceral Integration Model (J. F. Thayer & Lane, 2000) proposes a Central Au-

tonomic Network (CAN) comprising the PFC, ACC, insula, amygdala, and brainstem, which

controls visceral responses to stimuli. The primary output of the CAN is heart rate variability

(HRV), mediated by parasympathetic nervous system innervation (vagal inhibition) of the heart.

Increased HRV is associated with positive emotions, while decreased HRV is linked to depression

and anxiety.

Polyvagal Theory (Porges, 1995) further emphasises the role of vagal afferent feedback from

the viscera and internal milieu to the nucleus of the solitary tract (NST) in modulating HRV.

It also distinguishes between the myelinated and unmyelinated tracts of the vagus nerve (hence,

“polyvagal”), assigning them different roles. The myelinated vagus underpins changes in HRV

and approach-related behaviours (e.g., social engagement), while the phylogenetically older un-

myelinated vagus, in combination with the sympathetic nervous system, is involved in dangerous

or life-threatening events.

The Homeostatic Model of Awareness (Craig, 2002) relates approach behaviours, parasym-

pathetic activity, and affiliative emotions to the left anterior insula and ACC, while it relates
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withdrawal behaviours, sympathetic activity, and heightened arousal to the right anterior insula

and ACC. The suggested underlying brain network is the lamina I spinothalamocortical system,

which projects sympathetic and somatic inputs to the spinal cord, brainstem, and, finally, to the

insula and ACC, creating a thalamocortical representation of the state of the body.

Finally, the Somatic Marker Hypothesis (Damasio, 1996) highlights the role of the ventro-

medial PFC in translating the sensory properties associated with external stimuli into “somatic

markers”, which reflect their biological relevance and guide decision-making. The PFC indexes

changes in heart rate, blood pressure, and glandular secretion, thereby contributing to both

decision-making and affective experience.
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Chapter 3

From Consumer Neuroscience to

Affect Detection

This chapter describes the approaches of Consumer Neuroscience, Psychophysiology, and Affec-

tive Computing to the measurement of human emotions. It traces the development of Consumer

Neuroscience as an experimental discipline that incorporates neurophysiological and biometric

data to address the limitations of self-report methods. It then outlines Psychophysiology as

the theoretical basis linking psychological states with physiological processes, introducing proba-

bilistic and inferential models for interpreting brain–behaviour relationships. Finally, it examines

Affect Detection within Affective Computing, where machine-learning models classify emotional

states from multimodal biometric data.

3.1 Consumer Neuroscience

The term Consumer Neuroscience first appeared in a 2006 scientific paper, where it referred to

the attempt “to investigate consumer behaviour and decision-making at the neural level (...) to

complement more traditional methods of inquiry” (Yoon et al., 2006). A few years earlier, Ale

Smidts had coined the term Neuromarketing to identify a novel discipline aimed at “better un-

derstand[ing] customers and their response to marketing stimuli by directly measuring processes

in the brain and including them in theory building and stimulus development” (Smidts, 2002).

Although the two terms are often used interchangeably, they were originally intended to differ

in scope: Consumer Neuroscience denoted a primarily theoretical and academic field, whereas
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Neuromarketing referred to a more practical and commercially oriented application (Ramsøy,

2019). Accordingly, Consumer Neuroscience has also been described as the scientific founda-

tion of Neuromarketing, understood as the application of neuroscientific findings to managerial

practice (Nemorin, 2016).

Their emergence was driven by the low reliability of “traditional” marketing techniques such

as questionnaires, interviews, and focus groups. As these methods rely on self-reports, they

depend on indirect and rationally reprocessed measures of individual experience and consequently

exhibit limited predictive value (Hakim & Levy, 2018). The uncertainty associated with such

measures predictably affects the success of commercial campaigns: between 40% and 80% of new

products launched on the market fail, causing economic losses amounting to billions of dollars

(Castellion & Markham, 2013).

Although Consumer Neuroscience is a relatively young discipline, it has gained increasing

popularity within the scientific community. As of 2022, 862 articles had been published in

international journals across diverse fields such as psychology (28.45%), business (24.75%), com-

munication (24.08%), and neuroscience (15%), as well as management, information technology,

and behavioural sciences (7.72%). Scientific production has increased at an annual growth rate

of 7.5%, involving 2,354 contributors – an average of 3.83 co-authors per paper, with 24.97% of

studies featuring international collaborations (Casado-Aranda et al., 2023).

Consumer Neuroscience is an experimental discipline. It collects neurophysiological and bio-

metric signals (decoded into “neurometrics”) from participants exposed to marketing stimuli

or tasks to assess underlying cognitive and emotional processes (Cherubino et al., 2019). The

most frequently recorded signals include the electroencephalogram (EEG; 56.14%), eye tracking

(ET; 10.53%), skin conductance (SC), and cardiac activity (8.77%), as well as the electromyo-

gram (EMG; 1.75%) (Rawnaque et al., 2020). Facial expressions are also commonly recorded

(Mancini et al., 2023). Typical stimuli include video advertisements (Russo et al., 2022, 2023;

Zito et al., 2021), radio commercials (Russo et al., 2020), product packaging (Russo et al., 2021),

static visual creatives (Ciceri et al., 2020), and websites (Bengoechea et al., 2023). Common

tasks involve purchasing processes (Cherubino et al., 2017), in-store experiences (Balconi et al.,

2021), and food choices (Stasi et al., 2018). Memory, attention, and approach–withdrawal moti-

vation are the main psychological processes assessed (Cherubino et al., 2019), though emotions,

above all, have attracted the greatest scientific interest (Casado-Aranda et al., 2023).
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3.2 Psychophysiology

The interplay between psychological and physiological phenomena is traditionally investigated

within Psychophysiology, defined as “the scientific study of social, psychological and behavioural

phenomena as related to and revealed through physiological principles and events in functional

organisms” (Cacioppo et al., 2014, p. 6). Historically (Stern, 1964), Psychophysiology differs from

the closely related Biological Psychology in the direction of the relationship: in Psychophysiology,

physiological variables (ϕ ∈ Φ) are outputs of psychological manipulations (ψ ∈ Ψ), while in

Biological Psychology the reverse holds. However, this distinction has been criticised as overly

restrictive, excluding studies where physiological events serve as blocking variables and behaviour

is treated as the dependent measure, as well as studies comparing physiological responses across

known groups (Cacioppo et al., 2014, p. 6). For simplicity, we refer to the Psychophysiological

approach as direct and to Biological Psychology as inverse (Bach et al., 2018). The following

discussion focuses on the direct approach.

The Ψ ∼ Φ relationship can be described along two orthogonal dimensions: “specificity”

and “generality” (see Figure 3.1). Specificity (S) refers to the mapping type, which can be

“one-to-one” (Ψ → Φ) or “one-to-many” (low S; Ψ ⇒ Φ)1, while generality (G) refers to con-

text dependence, ranging from “situation-” or “person-specific” (low G) to “cross-situational”

or “pan-cultural” (high G). Combinations of generality and specificity define four relationship

types: “outcome” (low S, low G), “concomitant” (low S, high G), “invariant” (high S, high G),

and “marker” (high S, low G). Outcomes are typically the first relationships identified in psy-

chophysiological studies; further experimentation can reclassify an outcome as a marker (once

specificity is demonstrated), a concomitant (once generality is shown), or an invariant (once both

are established) (Cacioppo & Tassinary, 1990).

Rather than seeking a deterministic relationship Φ = f(Ψ), a more rigorous probabilistic

approach is preferred (Cacioppo et al., 2014, p. 11), consistent with the modern epistemological

stance of “dynamic indeterminism” (Neyman, 1960). Relationships are thus treated as inferences,

whose reliability is expressed by a probability P.

Considering a contextual variable γ ∈ Γ, the psychophysiological outcome can be represented

as the conditional probability P(ϕ|ψ ∩ γ), read as “the likelihood of observing a physiological

1“Many-to-one” and “many-to-many” relations can be reformulated as “one-to-one” and “one-to-many” by
restricting the domain to a subset Ψ′ ⊂ Ψ.
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Figure 3.1: Psychophysiological relationships in terms of specificity and generality.

state ϕ given the psychological state ψ and the context γ”. For concomitants and invariants

(high G), ϕ and γ can be considered conditionally independent given ψ (Dawid, 1979), and

thus P(ϕ|ψ ∩ γ) simplifies to P(ϕ|ψ). For markers (high S, low G), ϕ and ψ can be considered

conditionally independent given γ, yielding P(ϕ|ψ∩γ) = P(ϕ|γ). For invariants, the relationship

is deterministic, P(ϕ|ψ) = 1 (Cacioppo & Tassinary, 1990).

To simplify, we embed generality and specificity within a single variable, ψ ← ψ ∩ γ. Com-

putations explicitly including ψ ∩ γ can be found in Hutzler (2014).

The reverse inference P(ψ|ϕ) can be derived from the direct inference P(ϕ|ψ) using Bayes’

theorem and the law of total probability (Riley et al., 2006, p. 1132):

P(ψ|ϕ) =
P(ϕ|ψ)P(ψ)

P(ϕ)
≡ P(ϕ|ψ)P(ψ)

P(ϕ|ψ)P(ψ) + P(ϕ|ψ̄)P(ψ̄)
, (3.1)

The so-called “reverse inference issue” arises when, regardless of P(ϕ) and P(ψ), the approx-

imation P(ϕ|ψ) ≈ P(ψ|ϕ) is erroneously assumed (Poldrak, 2006). Its logical form is as follows

(Machery, 2014, p. 252):

When psychological process ψ is recruited by a task T0, the physiological pattern ϕ
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is likely to be observed. In another task T1, the physiological pattern ϕ is found.

Hence, psychological process ψ was recruited by task T1.

Assuming uniform priors P(ψ) = P(ψ̄) = 0.5, the only case where P(ψ|ϕ) ≈ 1 is when

P(ϕ|ψ)≫ P(ϕ|ψ̄), meaning that the physiological state ϕ is highly selective for the psychological

process ψ.

Otherwise, the likelihood of the reverse inference must be quantified by explicitly considering

both posteriors, P(ϕ|ψ) and P(ϕ|ψ̄), which can be estimated through meta-analyses or large-

scale synthesis databases (Poldrak, 2006). To simplify interpretation, the Bayes factor (BF) can

be computed (Hutzler, 2014):

BF =
P(ψ|ϕ)

1− P(ψ|ϕ)

1− P(ψ)

P(ψ)
(3.2)

A positive Bayes factor supports the reverse inference, with thresholds for “moderate”, “strong”,

and “very strong” evidence at 3, 10, and 30, respectively (Schmalz et al., 2023).

Alternatively, multiple measures can be collected as “successive pieces of evidence” {ϕk}k>1

to increase overall reliability (Delplanque & Sander, 2021). This approach, known as the “duck

test”2, is widely used in medical diagnosis, where the likelihood of a disease ψ is supported by

a collection of symptoms {ϕk}k>1 (Nalwanga & Henning, 2016). Using multiple measures to

describe a single phenomenon is also central to the within-method strategy of data triangulation

(Bekhet & Zauszniewski, 2012). In Neuromarketing, this corresponds to the “Type-III Inter-

Technique Correlational Neurometric Approach” described by Bigne et al. (2025).

Under the assumptions of conditional independence among ϕi̸=j given ψ and mutual inde-

pendence of ϕi̸=j , the reverse inference P (ψ|
⋂

k ϕk) simplifies to (Charniak, 1983):

P

(
ψ|
⋂
k

ϕk

)
= P(ψ)

∏
k

P(ϕk|ψ)

P(ϕk)
(3.3)

Assuming P(ψ) > 0, the overall reverse inference increases monotonically, approaching 1 when

P(ϕk|ψ) ≥ P(ϕk) – that is, when ψ predicts ϕk, even minimally.

Another method for estimating reverse inference involves Multivariate (or Multivoxel) Pat-

tern Analysis (MVPA) (Nathan & Del Pinal, 2017; Poldrack, 2011), which employs Machine

2Colloquially summarised as: “If it looks like a duck, swims like a duck and quacks like a duck, then it probably
is a duck.”
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Learning (ML) models to predict ψ from ϕ or to discriminate ψ from ψ̄ based on ϕ (Peelen &

Downing, 2023). Free from theoretical assumptions, ML methods can reveal latent data struc-

tures, providing new theoretical insights and hypotheses about observed phenomena (Verzelli

et al., 2024).

Reverse inference remains a central issue in neuroimaging (Sinnott-Armstrong & Simmons,

2021) and, similarly, in Consumer Neuroscience (Bigne et al., 2025; Hakim & Levy, 2018), where

few of the aforementioned solutions have yet been fully implemented. Posterior estimation has

not been systematically applied to common Neuromarketing measures, while the use of multiple

measures and ML remains limited in scope and dissemination. A recent review found that, on

average, only 2.08 ± 0.86 (range: 1–4) different measures are used in Consumer Neuroscience

experiments, with traditional techniques (60.7%), EEG (49.2%), ET (26.2%), and SC (21.3%)

being most prevalent (Gupta et al., 2025). Moreover, only 35% of studies to date have adopted

ML or Deep Learning (DL) methods, with adoption rates ranging from 27% to 50% in EEG-

focused research (Bilucaglia et al., 2025).

3.3 Affect Detection

Affective Computing emerged in the late 1990s as a subfield of Computer Science “that relates

to, arises from, or influences emotions” (Picard, 1995, p. 1), with the goal of designing “affective

systems” (Picard, 1997, p. 86) capable of “recognising emotions, expressing emotions, having

emotions and possessing emotional intelligence” (Picard, 1997, p. 50).

The emotion-recognition task, commonly referred to as Affect Detection (Calvo & D’Mello,

2010), has become increasingly pervasive, with applications extending far beyond basic research.

In healthcare, it supports the diagnosis, monitoring, and treatment of neurodevelopmental, neu-

rological, and psychiatric disorders (Guo et al., 2024; Pepa et al., 2023; Yoonesi et al., 2025). In

education, it is used to enhance student engagement and learning effectiveness in both real and

virtual settings, as well as to inform adaptive tutoring systems (Lampropoulos et al., 2024; Llurba

& Palau, 2024; Mejbri et al., 2022). In transportation, human–robot (Spezialetti et al., 2020),

human–computer (Z. Ding et al., 2024), and brain–machine (H. Chen et al., 2025) interactions,

it has been proposed to improve safety, comfort, and overall user experience.

Since its inception, Affect Detection (AD) has been treated as a Machine Learning (ML) prob-

lem (Picard, 1995), solvable through models designed to infer affective states from measurable

biometric variables grouped into modalities (Picard, 1997). Specifically, the model f is trained
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to predict a numerical representation of the affective state s ∈ S, termed affect expression, from

a feature vector m ∈ RM whose elements {mi}Mi=1 are scalars extracted from the modalities. The

model is expressed as s = f(m).

Depending on the chosen emotion model, the affect expression s may belong to a discrete set

S ⊆ Z or a continuous set S ⊆ R, defining a classification or regression task, respectively. In

practice, classification is far more common – even when continuous models are used – by dis-

cretising dimensions into arbitrary categories (e.g., low, medium, high). Meta-analyses show that

although 63% of studies reference continuous emotion models, 92% of affect detection systems

are classifiers (D’Mello & Kory, 2015). This trend is corroborated by other reviews, reporting

classifier usage rates of 90%–93% in voice, physiological, and hybrid systems (Imani & Montazer,

2019) and 98% in wearable applications (Schmidt et al., 2019). A survey of more than 380 studies

published between 2000 and 2020 found no mention of regression models (Y. Wang et al., 2022).

Common biometric features used in m include facial expressions, voice, gaze movements, and

physiological signals from the Peripheral Nervous System (PNS) or the Central Nervous System

(CNS) (Calvo & D’Mello, 2010). Signals from the PNS include the electromyogram (EMG), skin

conductance (SC), electrocardiogram (ECG), photoplethysmogram (PPG), and electrooculogram

(EOG). Signals from the CNS include electroencephalogram (EEG) and, more recently, functional

magnetic resonance imaging (fMRI) and functional near-infrared spectroscopy (fNIRS) (Bota et

al., 2019; Shu et al., 2018).

The features are typically multimodal – that is, derived from at least two modalities – rather

than unimodal. Their relative prevalence varies from 85% (D’Mello & Kory, 2015) to 93%

(Schmidt et al., 2019). Among these, voice and facial expressions are the most common, with

reported individual percentages ranging from 82% and 77% (D’Mello & Kory, 2015) to 21%

and 54% (Y. Wang et al., 2022), respectively. Physiological signals are used in approximately

16% of affect detection systems overall (Y. Wang et al., 2022), with at least 10% incorporating

PNS signals and 5% incorporating CNS signals (D’Mello & Kory, 2015). Wearable applications

present a distinct scenario: all employ PNS signals (100%), while only 15% include CNS signals,

2% include facial expressions, and none incorporate voice data (Schmidt et al., 2019).

Scalar features extracted from each modality can be integrated – a process commonly re-

ferred to as fusion – at different stages of the training process. In the feature-level or early

fusion approach (Verma & Tiwary, 2014), modality-dependent features mk
i are concatenated

into a single feature vector m = (m1
1,m

1
2, . . . ,m

N
M )T , regardless of modality k ≤ N . A single

classifier f is then trained to predict the affective state as s = f(m). In the decision-level or late
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fusion approach (Verma & Tiwary, 2014), scalar features are first grouped into modality-specific

feature vectors mk = (mk
1 ,m

k
2 , . . . ,m

k
M )T , which are used to train modality-dependent classifiers

gk such that ok = gk(mk). The final affect detection is performed by a classifier f , which takes

as input the concatenated outputs of these classifiers o = (o1, o2, . . . , oN )T , yielding s = f(o).

The model-level or intermediate fusion approach takes into account interdependencies (e.g., cor-

relations) among modality-dependent features in both feature representation and classification

stages (D’Mello & Kory, 2015). Specifically, model components ck, fed with modality-specific

feature vectors mk, serve to create modality-specific intermediate (or “hidden”) representa-

tions hk = ck(mk). Then, a fusion model e projects them into a common embedding space as

y = e (h1,h2, . . . ,hM )
T

, which serves as input to the final classifier as s = f (y) (Guarrasi et al.,

2025). Finally, the hybrid fusion approach combines elements of both feature- and decision-level

methods. In this case, the classifier f is fed with a combined vector n consisting of both concate-

nated feature vectors m and classifier outputs o, expressed as n = (mT ,oT )T (D’Mello & Kory,

2015). The recent advent of Deep Learning (DL) architectures, where feature extraction, data

integration, and decision-making are jointly learned within the model, has blurred the bound-

aries of this conventional taxonomy (F. Zhao et al., 2024). Figure 3.2 summarises the main

multimodal fusion strategies.

Reported usage rates for feature-, decision-, model-, and hybrid-level fusions vary, respec-

tively, between 39%, 36%, 20%, and 5% (D’Mello & Kory, 2015) and 44%, 28%, 24%, and 4%

(Y. Wang et al., 2022).
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Figure 3.2: Schematic representation of early (or feature-level), intermediate (or model-level),
and late (or decision-level) fusion approaches – from F. Zhao et al. (2024).
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Chapter 4

Machine Learning Foundations

This chapter offers a concise overview of supervised Machine Learning, with specific empha-

sis on classification. It first introduces Machine Learning as a form of inductive inference and

presents the statistical learning framework, including Bayes optimality, Empirical Risk Min-

imisation (ERM), and Structural Risk Minimisation (SRM). It then surveys the main classifier

families, including informative, discriminative, non-metric, and ensemble classifiers. It presents in

detail Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA), k-nearest

neighbours (kNN), Naive Bayes (NB), Support Vector Machine (SVM), Artificial Neural Net-

work (ANN), Decision Tree (DT), and ensemble methods. Finally, it addresses the problem of

model selection and evaluation, focusing on resampling methods and theoretical bounds for error

estimation.

4.1 Defining Machine Learning

The term Machine Learning (ML) dates back to the late 1950s in relation to programs designed

to play games (tic-tac-toe and chess, respectively) without relying on a fully predefined set

of rules (Martens, 1959; Samuel, 1959). These early studies anticipated several key elements of

modern ML, including feedback-driven adaptation, parametrised decision rules, and performance

evaluation under uncertainty.

In modern terms, ML can be defined as “a set of methods that can automatically detect

patterns in data, and then use the uncovered patterns to predict future data, or to perform

other kinds of decision making under uncertainty” (Murphy, 2012, p. XXVII). The word “pat-
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tern” refers to “regularities in data” (Bishop, 2006, p. 1), which justifies the synonym Pattern

Recognition, common in engineering contexts (Bishop, 2006, p. vii).

Machine Learning can be viewed as an application of logical inference – the process of deriving

conclusions from assumed truths. Specifically, it belongs to inductive inference, where the facts

are observations (i.e., specific cases) and the conclusions are general rules. In inductive inference,

the observations offer probabilistic support for the conclusions – raising their likelihood of truth

– rather than guaranteeing them, as in the deductive counterpart (Boghossian, 2012).

Machine Learning is commonly subdivided into unsupervised and supervised branches. Unsu-

pervised learning is exploratory (or descriptive), seeking “interesting” structures in data to group

(clustering) or transform (dimensionality reduction) patterns without external information. Su-

pervised learning, by contrast, requires patterns (numerically coded as feature vectors) paired

with target variables (or labels) and seeks a mapping rule between them. Its main tasks include

regression (continuous targets) and classification (discrete targets) (Murphy, 2012, pp. 1–16).

In the following, we focus on supervised ML and, specifically, on classification.

4.2 Statistical Learning Framework

The Statistical Learning framework (Vapnik, 1999) provides a general formulation of the classifi-

cation problem. Let x ∈ X denote a feature vector and y ∈ Y its class label, both generated by a

fixed joint probability distribution p(x, y) = p(y|x)p(x). Independent and identically distributed

observations D = {(xk, yk)}Nk=1 ∈ ZN .
= (X × Y)N , drawn from p(x, y), form the training set.

Despite being fixed, both p(x, y) and the factors p(x|y) and p(x) are almost always unknown.

The feature–label mapping p(y|x) is generally unknown and is approximated by means of a

classifier f ∈ F , f : X → Y. Often, the function class F consists of a set of functions f indexed

by a set of parameters θ ∈ Θ, namely F ≡ {fθ | θ ∈ Θ}.

Classifier performance is evaluated through a loss function L : Y × Y → R≥0, so that

L(y, f(x)) measures the penalty incurred by predicting f(x) when the true class is y.

The expected risk of a generic classifier f is defined as:

R(f) = Ex,y {L (y, f(x))} (4.1)

Let F = {f |f : X → Y} be the set of all functions from X to Y. The Bayes classifier, fB ,

and the corresponding Bayes risk, RB , are defined, respectively, as:
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fB = arg inf
f∈F

R(f)

RB = R(fB)

(4.2)

The approximated Bayes classifier over F ⊂ F, fF , and the corresponding risk, RF , are

defined, respectively, as:

fF = arg inf
f∈F

R (f)

RF = R(fF ),

(4.3)

Both fB and fF represent optimal classifiers. However, their computation requires minimis-

ing the expected risk R(·), which is practically impossible because it is based on the expectation

Ex,y {·} and therefore requires knowledge of p(x, y). Empirical Risk Minimisation (ERM) ad-

dresses this problem by means of the induction principle: minimising the risk over the training

set D can lead to a classifier with low expected risk.

Empirical Risk Minimisation

Given a training set D = {(xk, yk)}Nk=1, the empirical risk of a generic classifier f , Remp, and its

infimum, f ′, are defined as:

Remp(f) =
1

N

N∑
i=1

L (yi, f(xi))

f ′ = arg inf
f∈F

Remp(f)

(4.4)

Because f ′ depends on D through Remp and its minimisation, it can be considered as gen-

erated by a learning algorithm Aγ : ZN → F , so that f ′ = Aγ (D), where γ ∈ Γ are the

hyperparameters. Given a fixed D, different algorithm–hyperparameter configurations generate

different function classes (Oneto, 2020, pp. 17–20).

The Empirical Risk Minimisation (ERM) induction principle (Vapnik, 1991; Vapnik, 1999)

approaches RF through f ′ by assuming that the expected risk of f ′ is close to the infimum,
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Figure 4.1: Estimation e(f ′) and approximation a(f ′) errors of the classifier f ′ ∈ F with respect
to the approximated Bayes classifier in F , fF , and the Bayes classifier, fB .

namely:

R(f ′) ≈ R(fF ) ≡ inf
f∈F

R (f) (4.5)

The distance (in risk terms) between f ′ and the Bayes classifier fB is measured by the so-

called excess risk R(f ′) − RB . The following decomposition, also involving the approximated

Bayes classifier fF , can be given (Brown & Ali, 2024):

R(f ′)−RB = [R(f ′)−RF ]︸ ︷︷ ︸
e(f ′)

+ [RF −RB ]︸ ︷︷ ︸
a(f ′)

(4.6)

The term e(f ′), the estimation error, reflects the uncertainty introduced by the random

sampling that generates D and, in turn, f ′. The term a(f ′), the approximation error, arises from

the limited size of F relative to F. There is a natural trade-off between a(f ′) and e(f ′): as we

increase F , a(f ′) will likely decrease (dropping potentially to zero when fB ∈ F), while e(f ′)

will increase (as it becomes harder to find f ′ in such a larger space) (Von Luxburg & Schölkopf,

2011, pp. 662–663). This trade-off is related to, but should not be confused with, the classical

bias–variance decomposition, which concerns the expected behaviour of learning algorithms over

repeated samples (Brown & Ali, 2024).

Equation 4.5 can be quantitatively expressed in terms of the capacity (or complexity) of the
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function class F . For binary classifiers, this can be quantified by the Vapnik–Chervonenkis (VC)

dimension h, defined as the maximum number of points that can be correctly separated for every

arbitrary class assignment (i.e., “shattered” by F). Complexity can be generalised to multiclass

settings through measures such as the Natarajan dimension (Natarajan, 1989).

Given a function class F with VC dimension h, with probability 1− ϵ, and for all f ∈ F , the

following bound holds:

R(f) ≤ Remp(f) + Cϵ (h,N) ,

Cϵ (h,N) =

√
h ln (2N/h) + 1− ln (ϵ)

N

(4.7)

where Cϵ(·, ·) is the confidence term and N is the size of the training set.

When N ≫ h, Cϵ (h,N) ≈ 0, and Equation 4.7 implies R(f) ≈ Remp(f) with high probability.

By contrast, when h ≫ N , one may have Remp(f) ≈ 0 while R(f) ̸= 0, since Cϵ (h,N) ̸= 0.

In the latter case, ERM is ineffective, and either R(f) or Remp(f) + Cϵ (h,N) must be directly

minimised. This motivates the Structural Risk Minimisation (SRM) framework described next.

Structural Risk Minimisation

The Structural Risk Minimisation (SRM) framework (Guyon et al., 1991; Vapnik, 2000) is based

on simultaneously minimising the empirical risk and the confidence term. Because the latter

depends on the VC dimension, SRM requires searching over different function classes, not just

over different parameter values.

SRM introduces a nested structure {Fi}Ni=1 with associated VC dimensions {hi}Ni=1, such

that Fi ⊂ Fi+1 and hi < hi+1. For each Fi, it finds the classifier f ′i that is optimal in the ERM

sense. It then finds the optimal classifier f∗ that minimises the sum of the minimum empirical

risk and the confidence term. In other words, SRM selects the classifier f∗ that minimises the

upper bound of R given by Remp plus Cϵ:

f∗ = arg inf
i≤N
f∈Fi

{Remp (f) + Cϵ (hi, N)} (4.8)

This involves a trade-off: for fixed N , as i increases, hi increases and Remp(f ′i) decreases,

while Cϵ (hi, N) increases. As Cϵ (hi, N) is not always easily estimable, an alternative upper

bound based on risk over an unseen “test set” is commonly used, and their minima have been

shown to be close.
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There are various ways to construct effective families {Fi}Ni=1. For some classifiers, such

as linear models (Burges, 1998) and neural networks (Bartlett et al., 2019), the VC dimension

relates to the number of parameters. One may therefore pre-process data by selecting N < M

features and training on them, or apply pruning after training by setting N −M weights to zero.

Additionally, in regularisation (Cherkassky & Ma, 2009), the empirical risk in ERM is replaced

by:

Rreg(f, λ) = Remp(f) + λΩ(f) (4.9)

where λ > 0 is a regularisation parameter and Ω(·) is a measure of the complexity of f , usu-

ally a norm ∥ · ∥. Finally, SRM can also be implicitly approached during training algorithms

such as stochastic gradient descent (SGD), where, as iterations progress, functions of increasing

complexity are learned (Nakkiran et al., 2019).

4.3 Classifier Families

4.3.1 Informative Classifiers

Under the hypotheses of a finite set of classes Y = {yk}k and an action space coinciding with Y,

with respect to 0–1 loss, the Bayes classifier coincides with the following pointwise maximum-a-

posteriori (MAP) classifier fMAP (Bassett & Deride, 2019):

fMAP (x) = arg max
y∈Y
{p(y|x)} ≡ arg max

y∈Y
{p(x|y)p(y)} (4.10)

This justifies the so-called informative (Rubinstein, Hastie, et al., 1997) or generative (Drum-

mond, 2006; Ng & Jordan, 2001) classifiers, which estimate either the posterior probability p(y|x)

directly or the class-conditional density p(x|y) together with the prior p(y) (Rubinstein, Hastie,

et al., 1997). Once estimated, the probabilities are inserted into Equation 4.10, so that these

classifiers are also referred to as plug-in classifiers (Holmström & Koistinen, 2010; Jain et al.,

2000).

Parametric Informative Classifiers

Parametric informative classifiers assume a specific form for p(x|yk) and estimate its parame-

ters from the training data (Bishop, 2006, p. 68). In Linear Discriminant Analysis (LDA) and

Quadratic Discriminant Analysis (QDA), the class-conditional densities p(x|yk) are assumed to
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be multivariate Gaussian N (µk,Σk) (Tharwat, 2016).

Equation 4.10 can be equivalently solved by replacing the class-conditional probabilities

p(x|yk) with the following quadratic functions1, obtaining QDA:

g(x, yk) = −1

2
(x− µk)TΣ−1

k (x− µk)− 1

2
ln |Σk|+ ln p(yk). (4.11)

Assuming, for all yk ∈ Y, Σk = Σ, Equation 4.11 simplifies to the following linear function,

corresponding to LDA:

g(x, yk) = µT
kΣ

−1x− 1

2
µT

kΣ
−1µk + ln p(yk). (4.12)

The mean vectors and covariance matrices are usually estimated following the Maximum

Likelihood approach, while prior probabilities p(yk) are usually replaced by the relative frequen-

cies nk/N (Tharwat, 2016). Maximum Likelihood estimation is equivalent to ERM, considering,

as a loss function, the negative log-likelihood of Nµk,Σk
(x), as (Vapnik, 2000, p. 24):

arg min
µk,Σk

1

Nk

Nk∑
i=1

− ln
(
Nµk,Σk

(
xi

k
))
, (4.13)

where xk
i is the i-th point (over Nk) in D belonging to class yk.

When covariance estimates are singular or ill-conditioned, as may happen in high-dimensional

or small-sample settings, the inverse covariance matrix can be replaced by a pseudo-inverse Σ†

or by a regularised estimate Σλ = Σ+λI, λ > 0, yielding pseudo-inverse or regularised versions

of LDA and QDA, respectively (Raudys & Duin, 1998).

Non-parametric Informative Classifiers

Non-parametric informative classifiers avoid imposing a fixed form on the class-conditional prob-

abilities and directly estimate either p(x|yk) or p(yk|x). When needed, the probabilities p(yk)

are simply estimated by the relative frequencies.

1g(x, yk) can be obtained, under Gaussian assumptions, by applying the natural logarithm to p(x|yk) and
ignoring the class-independent terms, as shown by Tharwat (2016).
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The Parzen-window (PW) classifier estimates p(x|yk) as (Jain & Ramaswami, 1988):

p(x|yk) ≈ 1

Nk

Nk∑
i=1

1

hM
K

(
x− xk

i

h

)
, (4.14)

where K(·) is a kernel function, h > 0 is the smoothing parameter, M is the feature dimension-

ality, and {xk
i }

Nk
i=1 are the training samples of class yk.

The k-nearest-neighbour (kNN) classifier instead estimates the posterior probability of class

yk in the neighbourhood of x as (Jain & Ramaswami, 1988):

p(yk|x) ≈ 1

K

K∑
i=1

I(yki
, yk), (4.15)

where yki
are the labels of the K nearest points from x and I(·, ·) is the indicator function. The

neighbourhood is defined based on a distance metric. Common choices include, among others,

Euclidean, Manhattan, and Chebyshev distances (Abu Alfeilat et al., 2019).

Finally, the Naive Bayes (NB) classifier assumes conditional independence among features

and factorises the joint class-conditional probabilities as:

p(x|yk) ≈
M∏
i=1

p(xi|yk) (4.16)

Rather than being a novel classifier, NB represents a simplified approach to composing

marginal probabilities p(xi|yk), which still have to be estimated using either parametric (e.g.,

Gaussian assumption) or non-parametric (e.g., Parzen-window) approaches (Hand & Yu, 2001).

4.3.2 Discriminative Classifiers

Discriminative classifiers forgo the MAP approach in pursuit of “directly” learning a mapping

f : X → Y (Drummond, 2006; Ng & Jordan, 2001; Rubinstein, Hastie, et al., 1997) that,

according to ERM, can still approach the Bayes risk.

The discriminative framework expresses f through discriminant functions g : X → R rep-

resenting the evidence, score, or compatibility of x with the classes. More specifically, a set

of classes {yk}K>2
k=1 is associated with a set of K discriminant functions {gk}Kk=1 so that (Duda
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et al., 2000, p. 29):

f(x) = yk

k = arg max
i≤K
{gi(x)}

(4.17)

In the binary case Y = {y1, y2}, only one discriminant function is usually needed, namely

g(x)
.
= g1(x) − g2(x). The resulting classifier, also called a dichotomiser, simply performs a

check on the value or sign of g(x).

Support Vector Machine

The Linear Support Vector Machine (SVM) (Burges, 1998; Cortes & Vapnik, 1995) is an affine

discriminant function g(x) = wTx+b which provides binary classifications as f(x) = sign {g(x)}.

It applies to linearly separable datasets D = {(xi, yi)}Ni=1, namely where g(xi) ≥ 1,∀i ≤ N . Geo-

metrically, it maximises the margin 2/∥w∥ based only on a limited number of points {xk}k<N ⊂

D, called support vectors, for which the relationship ykg(xk) = 1 holds. It solves the following

optimisation problem:

arg min
w,b

{
1

2
∥w∥2

}
s.t. yi(w

Txi + b) ≥ 1

(4.18)

With non-separable datasets, Linear SVM cannot be applied. The so-called soft-margin SVM

(Burges, 1998; Cortes & Vapnik, 1995) considers non-negative slack variables ξi and a penalty

coefficient C and rewrites the margin maximisation as 2:

arg min
w,b

{
1

2
∥w∥2 + C

N∑
i=1

ξi

}
s.t. yi(w

Txi + b) ≥ 1− ξi

(4.19)

By introducing the hinge loss as LHinge (g(xi), yi) = max {1− yig(xi), 0}, the SVM optimi-

sation problem can be reframed as SRM (Karaçalı et al., 2004) and, specifically, as a regularised

2Obviously, with ξi = 0, ∀i ≤ N , the soft-margin SVM is equivalent to the Linear SVM.
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ERM (Cherkassky & Ma, 2009) with the following form (Evgeniou et al., 2000):

g∗ = arg min
g


1

N

N∑
i=1

LHinge (g(xi), yi)︸ ︷︷ ︸
Remp(g)

+
1

2C︸︷︷︸
λ

∥g∥2︸︷︷︸
Ω(g)

 (4.20)

Although an SVM is inherently linear, it can achieve non-linear behaviour if applied to

transformed vectors ϕ(xi), where ϕ : X → X ′ is a non-linear mapping to a higher-dimensional

space X ′. This is the basis of the kernel SVM and kernel methods in general (Muller et al.,

2001).

In both training3 and prediction phases, SVMs rely solely on scalar products between vectors

xT
i xj , which in the target space take the form ϕ(xi)

Tϕ(xj). Direct computation can be infeasible

in very high dimensions. However, appropriate mappings can be implicitly defined by replacing

the dot product in X ′ with a kernel function κ : X ×X → R such that ϕ(xi)
Tϕ(xj) = κ(xi,xj).

Thanks to κ, scalar products in X ′ can be computed implicitly, without explicitly using or even

knowing ϕ: this is the kernel trick (Muller et al., 2001). Typical kernels include the Gaussian

(or radial basis function, RBF) κ(x,y) = e−∥x−y∥2

and the polynomial κ(x,y) =
(
1 + xTy

)p>1
,

as well as the dummy linear κ(x,y) =
(
xTy

)
associated with the identity mapping ϕ(x) = x.

SVMs are natively binary and, to achieve multiclass (K > 1) behaviour, several SVMs must

be combined. In the one-vs-rest (OVR) approach, K binary classifiers {fk}Kk=1 are trained such

that fi discriminates class yi versus ȳi, the aggregate of the remaining classes {yj}j ̸=i. In the

one-vs-one (OVO) approach, K(K − 1)/2 classifiers discriminate each pair yi versus yj , with

i ̸= j (Platt et al., 1999). Finally, in the Error-Correcting Output Code (ECOC) framework,

M classifiers represent a binary coding of the classes; the simplest is base-2 integer coding using

2K−1−1 classifiers, though additional methods (e.g., BCD) can be applied (Dietterich & Bakiri,

1995).

Artificial Neural Networks

Artificial Neural Networks (ANNs), also known as multilayer perceptrons, are discriminative

classifiers composed of artificial neurons (or perceptrons) arranged in layers (Higham & Higham,

2019). Each neuron applies a non-linear activation function σ(·) to an affine transformation of

3This is particularly evident in the Wolfe dual problem; see Burges (1998, p. 135).
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its inputs as f(x) = σ
(
wTx + b

)
, where w is the weight vector, b is the bias term, and σ is the

activation function. By stacking neurons into fully connected layers, a feed-forward ANN defines

a composition of non-linear transformations. For the i-th layer,

h(i) = σ(i)
(
W (i)h(i−1) + b(i)

)
(4.21)

with h(0) = x. The matrices W (i) and vectors b(i) contain the trainable parameters, while the

number of layers, the number of neurons per layer, and the activation functions are considered

hyperparameters.

The first input layer usually matches the dimensionality of the features, while the last output

layer, which provides class-probability estimates, is chosen according to the target structure

(Bishop, 2006, pp. 232–236). Binary classification usually employs a single output neuron with

sigmoid activation:

σ(h) =
1

1 + exp(−h)
(4.22)

Multiclass (K > 1) classification commonly uses an output layer of K neurons with the softmax

output, namely:

σi(h) =
exp(hi)∑K
j=1 exp(hj)

i ≤ K (4.23)

ANN training is based on ERM, with cross-entropy, negative likelihood, and mean-square

error as popular loss functions (Terven et al., 2025). Minimisation is achieved through the

following gradient descent (GD) iteration (Deisenroth et al., 2020, pp. 227–229):

p(k+1) = p(k) − η∇Remp

(
p(k)

)
, (4.24)

where p is the vector collecting the trainable parameters and η > 0 is the learning rate. Instead

of computing the sum over all training points, mini-batch GD and stochastic GD approximate

the gradient using, respectively, subsets of the training set or single observations (Tian et al.,

2023).

The gradients are efficiently computed by applying the chain rule backwards through the

network according to the backpropagation algorithm (Higham & Higham, 2019).
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4.3.3 Non-metric Classifiers

Non-metric classifiers do not require an explicit distance measure between observations. A promi-

nent example is the Decision Tree (DT), which classifies samples through a sequence of conditional

rules organised from a root node to terminal leaves, where class decisions are assigned (Duda

et al., 2000, pp. 394–396).

Training a DT usually consists of two phases: growing and pruning (Hernández et al., 2021).

During growing, the training set D = {(xi, yi)}Ni=1 is recursively partitioned according to a

splitting criterion. At each node, candidate splits are evaluated through a quality measure, and

the best split is selected. The procedure is repeated until a stopping condition is reached. The

final node is then labelled according to a predefined rule, usually the majority class. Pruning

subsequently reduces the complexity of the tree by removing branches that do not improve

generalisation.

Splits may be univariate, when they involve a single feature, or multivariate, when they com-

bine multiple features (Brodley & Utgoff, 1995). They may also be binary or N -ary, producing

two or more (N > 2) child nodes, respectively (Hernández et al., 2021).

Quality measures, usually interpreted in terms of impurity, are based on the class proportions

{P(yi)}Ki=1. The most common impurity measures include the Gini index IG and deviance (or

entropy) ID, defined as (Aluja-Banet & Nafria, 1998):

IG(D) =
∑
j ̸=k

P(yj)P(yk)

ID(D) =−
K∑
j=1

P(yj) log (P(yj))

(4.25)

A split is then evaluated by the impurity reduction from the parent to the resulting child

nodes. Given a split s(·) that partitions D into subsets {Dm}Mm=1, this reduction can be written

as (Duda et al., 2000, p. 401):

∆I(s) = I(D)−
M∑

m=1

Nm

N
I(Dm), (4.26)

where I(·) is a quality index and Nm is the number of observations in partition Dm. Alternative

criteria, such as the gain ratio or the twoing index, normalise or reformulate this impurity

reduction to account for the structure of the split.

Common stopping criteria include a maximum depth, a maximum number of nodes or splits,
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a minimum number of samples per leaf, or a minimum impurity improvement. When growing

stops, the final node is labelled by the most frequent class.

Unlike previous classifiers, optimising a DT is NP-hard, and the standard top-down greedy

algorithm is only locally optimal (Bertsimas & Dunn, 2017). However, an ERM-like bound (with

probability 1− δ) can be given as (Mansour & McAllester, 2000):

R(f) ≤ Remp(f) +

√
ln(2)|T | ln(1/δ)

2N
, (4.27)

where |T | is the encoded bit length of the DT, which plays the role of a complexity measure.

4.3.4 Ensemble Classifiers

Ensemble classifiers combine multiple base learners to obtain a final prediction. Let {fk}Mk=1 be

a set of base classifiers. An ensemble classifier can be written as ϕ(x) = γ (f1(x), . . . , fM (x)),

where γ is a proper aggregating function (Sagi & Rokach, 2018).

The intuition behind ensemble classifiers is related to the Condorcet jury principle. If M

independent classifiers each have probability p of making a correct binary decision, the probability

of a correct majority vote is given by (Lam & Suen, 1997):

P (M) =

M∑
i=k

(
M

i

)
pi(1− p)M−i, (4.28)

where k = ⌊M/2⌋ + 1, with ⌊·⌋ being the floor function. If p > 0.5 and the independence

assumption holds, then P (M)→ 1 as M →∞.

Ensemble classifiers require diversity (low correlation) among weak learners, which is typically

achieved by training on differently sampled inputs (input manipulation), altering learning set-

tings or hyperparameters (algorithm manipulation), training on different feature- or instance-wise

partitions (partitioning), or transforming outputs via different coding schemes (output manipu-

lation). Hybridising these techniques is also common (Sagi & Rokach, 2018).

Aggregation functions are typically weighting methods and meta-learning (Rokach, 2009).

Weighting implements a linear combination ϕ(x) =
∑

k wkfk(x), wk ∈ R, while meta-learners

train a classifier on the weak predictions ξ = (f1(x), . . . , fk(x))T and output ϕ(ξ).

Major ensemble families include bagging, boosting, stacking, and random subspace methods,

alongside their combinations and variants (K. Sharma et al., 2023). In bagging, homogeneous

classifiers {fk}k are trained in parallel on bootstrapped versions of the original dataset, namely
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Dk = Bk(D), and their predictions are then combined, typically by majority vote or weighting.

In boosting, homogeneous classifiers are trained sequentially on the dataset D = {(xk, yk)}Nk=1,

assigning at iteration k a cost wk
i L(fk(xi), yi) to each observation. The weights are updated

according to the performance of the current classifier, for instance as wk+1
i = wk

i + δ, with

δ > 1 when xi is misclassified by fk and δ < 1 otherwise, starting from w1
i = 1/N . The

final prediction is obtained through a weighted aggregation of the individual classifiers. In

stacking, heterogeneous classifiers {fk}k are trained in parallel, either on the original dataset

D or on resampled datasets Dk = Bk(D); their predictions are then collected into a vector

ξ = (f1(x), . . . , fk(x))T and used as inputs to a meta-learner. Finally, in random subspace

methods, homogeneous classifiers are trained in parallel on feature-wise partitions Dk = Sk(D).

Given x = (x1, . . . , xM )T ∈ D, each subspace representation xk ∈ Dk contains only N < M

selected features, xk = (xk1 , . . . , x
k
N )T , with xki ∈ {xj}Mj=1; the resulting classifiers are then

aggregated by voting or weighting.

A popular ensemble method is the Random Forest (RF), originally proposed as a random

subspace method of oblique DTs (Ho, 1995), later extended to bagging of DTs (Breiman, 2001).

Most ensemble classifiers are either Bayesian or asymptotically tend to achieve Bayes expected

risk (Le & Clarke, 2018).

4.4 Error Estimation and Model Selection

Estimating the expected risk R(·) of a classifier f is challenging. Even for informative classifiers

– which are Bayes-optimal and for which an explicit R(f) exists – the finite-sample setting biases

both parameter and density estimates. In discriminative classifiers, where confidence intervals

tighten with increasing sample size N , the upper bound on R(f) remains uncertain because the

VC dimension h is not always computable. Similar considerations apply to non-metric classifiers,

replacing h with the encoded bit length |T |.

Given these limitations, R(f) is empirically estimated on a separate set (Guyon et al., 1991).

The simplest approach, holdout, splits D into a learning set L and a validation set V to train and

evaluate f . In resubstitution, V coincides with L. Holdout is pessimistically biased and depends

on the particular split; resubstitution is optimistically biased, especially when N is small4 (Jain

et al., 2000).

4Resubstitution assumes R(f) ≈ Remp(f), ignoring the confidence interval in the ERM bound.
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Resampling methods – Monte Carlo, bootstrap, and cross-validation – are based on multiple

splits
{
L(i),V(i)

}N
i=1

to compute an averaged error estimate. In Monte Carlo, L(i) and V(i) are

random partitions of D, typically 75% and 25%, respectively. In bootstrap, L(i) is bootstrapped

from D and V(i) = D \ L(i). k-fold cross-validation divides D into k folds (commonly 5 or

10), iteratively using one as V(i) and the remaining k − 1 as L(i). Variants include leave-one-

out (LOO), where each instance serves once as V(i), and repeated (n × k)-fold cross-validation

(Nakatsu, 2021).

The no-free-lunch theorem (Wolpert, 1996) states that it is impossible to identify a learning

algorithm A(·) inducing a classifier f that universally outperforms all others. Model selection

addresses no-free-lunch by searching, among candidates, the classifier f∗ (or, more precisely,

the inducing algorithm A∗) minimising expected error. Let A be the set of candidate learning

algorithms (possibly differing by hyperparameters). Let D = {(xk, yk)}Nk=1 be the training set

with (xk, yk) ∼ p(x, y). Given a loss function L(·, ·), model selection aims to find (J. Ding et al.,

2018):

A∗ = arg min
A∈A


Ex,y

L(y,A(D)︸ ︷︷ ︸
f

(x)

︸ ︷︷ ︸
R(f)


(4.29)

As noted, model selection is tightly linked to error estimation: for fixed A, the sharper the

estimate of the generalisation error R(f), the higher the probability of selecting the best model.

State-of-the-art model selection and error estimation methods belong to (or combine) six main

approaches and provide estimates of the form P {R(f) ≥ ∆} ≤ δ(∆), where δ depends on the

accuracy ∆ and vice versa (Oneto, 2020).

In the following, we describe the resampling approach. Given a dataset D = {(xk, yk)}Nk=1

and a set of NR splits, each with disjoint subsets5 D = L(i) ∪ V(i) ∪ T (i), ∀i = 1, . . . , NR, let the

split sizes be
∣∣L(i)

∣∣ = NL,
∣∣V(i)

∣∣ = NV , and
∣∣T (i)

∣∣ = NT . Let Σ be the search space for rules.6

Let Remp (A (S1) ,S2) be the empirical error over S2 of a model trained on S1:

Remp (A (S1) ,S2) ≡ 1

NS2

NS2∑
i=1

L (yi, f(xi)) , (4.30)

5L(i) ∩ V(i) = ∅, V(i) ∩ T (i) = ∅, T (i) ∩ L(i) = ∅, ∀i ≤ NR
6For simplicity, hyperparameter tuning is considered within model selection.
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where f = A (S1), NS2 = |S2|, and L(·) is a loss function. Model selection is performed as:

A∗ = arg min
A∈Σ

{
1

NR

NR∑
i=1

Remp

(
A
(
L(i)

)
,V(i)

)}
, (4.31)

while error estimation of the best algorithm A∗ yielding the model f (D), is given by:

ϵ =
1

NR

NR∑
i=1

Remp

(
A∗
(
L(i) ∪ V(i)

)
, T (i)

)
(4.32)

Under 0–1 loss, with probability (1− δ), the expected error R(f) can be bounded as:

R(f) ∈

Qδ/2 {B (NT ϵ,NT −NT ϵ+ 1)}

Q1−δ/2 {B (NT ϵ+ 1, NT −NT ϵ+ 1)}

T

, (4.33)

where Qn is the n-th quantile and B(α, β) is the beta distribution with shape parameters α, β.
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Chapter 5

I DARE – Dataset Development1

This chapter presents I DARE (IULM Dataset of Affective REsponses), a novel multimodal

physiological dataset. I DARE includes five modalities (EEG, SC, PPG, EMG, and ET) recorded

from 63 participants exposed to 32 emotional images, selected from standard databases through

a semi-automatic, bias-controlled procedure. Participants’ arousal and valence ratings showed

fair agreement both between subjects and with respect to the reference scores. I DARE surpasses

existing datasets by relying on static stimuli and by achieving the largest dimension (10080) and

the smallest minimum detectable effect size (f = 0.095).

5.1 Introduction

Affective datasets are collections of modalities annotated in terms of the corresponding affective

states and are used to train Affect Detection models (D’Mello et al., 2017). The modalities can

be either extracted from existing data (e.g., facial expressions from video clips) or newly recorded

during experiments (e.g., EEG data from a sample of subjects). Furthermore, affective states

can be induced by external stimuli or emerge naturally, as well as being posed or spontaneously

emitted (D’Mello & Kory, 2015; S. Zhao et al., 2021).

In the literature, multiple affective datasets can be found, largely varying in terms of modal-

ities, labels, and origin of the affective state. We took into account a representative sample of 58

1This chapter has been published as: Bilucaglia, M., Zito, M., Fici, A., Casiraghi, C., Rivetti, F., Bellati,
M. and Russo, V. (2024). I DARE: IULM dataset of affective responses. Frontiers in Human Neuroscience, 18,
1347327. doi: 10.3389/fnhum.2024.1347327
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Table 5.1: Qualitative comparison between I DARE and the eight most popular physiology-based
datasets in terms of modalities and stimulus type.

Dataset Modalities Stimuli

AMIGOS EEG, ECG, SC Video clips

ASCERTAIN EEG, ECG, SC Movie clips

BIO-VID-EMO DB ECG, EMG, SC Film clips

DEAP EEG, SC, EMG, PPG, EOG, Resp Music videos

DREAMER EEG, ECG Film clips

MAHNOB-HCI EEG, ECG, SC, Resp, Temp, ET Video clips

MPED ECG, EEG, PPG, SC, Resp Video clips

SEED EEG Movie videos

I DARE EEG, EMG, SC, PPG, ET Images

datasets, gathered from two reviews (Ahmed et al., 2023; Siddiqui et al., 2022) and three recent

research papers (J. Chen et al., 2022; Pant et al., 2023; Saganowski et al., 2022). Accordingly,

the number of modalities varies from 1 to 7 (M=2.28, SD=1.24) and includes face (71.2%), voice

(54.2%), EEG (23.7%), ECG (20.3%), PPG (17%), EMG (6.8%), and ET (6.8%). Overall, 81%

of the datasets contain newly recorded modalities. The affective states, which are mostly labelled

according to a discrete model (70.7%), are mainly induced (69%) and spontaneous (63%).

A recent survey (Ahmad & Khan, 2022) compared the stimuli, modalities, and sample size

of the eight most popular datasets for the training of physiology-based AD models: AMIGOS

(Miranda-Correa et al., 2018), ASCERTAIN (Subramanian et al., 2016), BIO-VID-EMO DB (L.

Zhang et al., 2016), DEAP (Koelstra et al., 2011), DREAMER (Katsigiannis & Ramzan, 2017),

MAHNOB-HCI (Soleymani et al., 2011), MPED (Song et al., 2019), and SEED (W.-L. Zheng et

al., 2017). The stimuli, varying from 10 to 40 (M=23.5, SD=9.943), are all induced and include

spontaneous responses. The number of modalities, varying from 1 to 6 (M=3.38, SD=1.60),

includes EEG (87.5%), ECG (75%), SC (37.5%), respiration (37.5%), PPG (25%), EMG (25%),

peripheral temperature – Temp (12.5%), and ET (12.5%). The sample size ranges from 15

to 86 (M=38, SD=23.43). The “dataset dimension”, defined as the product between stimuli,

modalities, and sample sizes, ranges from 225 to 7680 (M=3257.88, SD=2581.12). Finally, the

stimuli are all dynamic, including videos (37.5%), films (25%), movie clips (12.5%), and music

videos (12.5%). The features of the eight most popular datasets, plus the proposed one, are

summarised in Tables 5.1 and 5.2.

For each dataset, we conducted statistical analyses using JASP (Love et al., 2019) to ex-
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Table 5.2: Quantitative comparison between I DARE and the eight most popular physiology-
based datasets in terms of number of modalities, stimuli, and subjects, as well as dimension and
minimum detectable effect size (Cohen’s f).

Dataset Modalities Stimuli Subjects Dimension Cohen’s f

AMIGOS 3 16 40 1920 0.149

ASCERTAIN 3 36 58 6264 0.095

BIO-VID-EMO DB 3 15 86 3870 0.104

DEAP 6 40 32 7680 0.125

DREAMER 2 18 23 828 0.191

MAHNOB-HCI 5 20 27 2700 0.170

MPED 4 28 23 2576 0.166

SEED 1 15 15 225 0.253

I DARE 5 32 63 10080 0.095

plore relationships between the number of modalities, stimuli, and sample size. Additionally, we

performed sensitivity analyses using G*Power (Faul et al., 2007) to estimate, from the sample

size and the number of stimuli, the minimum detectable effect size. No significant correlations

between the number of modalities and subjects (Spearman’s correlation: ρ = 0.270, p = 0.518),

modalities and stimuli (Spearman’s correlation: ρ = 0.700, p = 0.053), or subjects and stimuli

(Spearman’s correlation: ρ = 0.084, p = 0.843) emerged, suggesting that the dataset-specific

characteristics are not bounded by technological or experimental constraints. The sensitivity

analysis, which was based on the repeated-measures Analysis of Variance (ANOVA) model (stim-

ulus ID as within-subject factor, α = 0.05, 1 − β = 0.95, r = 0.5, ϵ = 1), showed an average

minimum detectable effect size of f = 0.157 ± 0.051, ranging from 0.095 to 0.253, interpretable

as “small” to “medium” (Cohen, 1992).

Among the limitations of existing datasets, we believe that the strictest one is the use of

videos as a unique elicitation method, which may lead to AD models unsuitable for the evaluation

of static or short-term stimuli (e.g., static creatives, product packaging, or landing pages), as

well as for a dynamic classification (Bilucaglia et al., 2021) of multi-frame stimuli (e.g., video

commercials). A less severe, but still present, limitation is the varying number of stimuli, which

affects the minimum detectable effect size and, in turn, the reliability and generalisability of the

results (Funder & Ozer, 2019). Finally, modalities such as ET, SC, PPG, and EMG are not as

widely represented.

To fill these gaps, we created I DARE, the IULM Dataset of Affective REsponses, a multi-

modal (five modalities: EEG, SC, PPG, EMG, and ET) physiological affective dataset gathered
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from 63 participants and based on 32 images as eliciting stimuli, corresponding to a dimension

of 5 × 32 × 63 = 10080. A sensitivity analysis, performed using G*Power under the same pre-

viously described conditions, showed a minimum detectable effect size of f = 0.095, considered

as “small”. As shown in Table 5.2, I DARE exceeds existing datasets in three key aspects: it

is based on static pictures, it has the highest dimension, and it allows the smallest minimum

detectable effect size.

5.2 Materials and Methods

5.2.1 Stimulus Extraction

We extracted the emotional stimuli from the International Affective Picture System (IAPS) (Lang

et al., 2008) and the Open Affective Standardized Image Set (OASIS) (Kurdi et al., 2017). Rather

than relying on a single database, we combined the two to benefit from their complementary

features. IAPS is the most widely adopted benchmark in affective research (Branco et al., 2023),

but its stimuli were selected before the web era and rated by a relatively limited convenience

sample. OASIS, in turn, provides more contemporary stimuli that have been evaluated through

large-scale online assessments with a broader participant base.

IAPS consists of 1194 realistic images, rated for arousal, valence, and dominance through

a nine-point Self-Assessment Manikin (SAM) (Bradley & Lang, 1994). The raters were college

students enrolled in the experiment as part of a course requirement. Each picture was rated

by approximately 100 participants (about 50% females). Valence and arousal scores showed

strong internal consistency (split-half rS ≥ .93) and high test–retest reliability (rS ≥ .97). For

every image, the dataset provides the mean
(
m(·)

)
and standard deviation

(
s(·)
)

across raters

for valence (v), arousal (a), and dominance (d).

OASIS consists of 900 realistic images rated for arousal and valence through a seven-point

Likert scale. The raters were 827 paid participants (about 51% females), recruited through a

mass crowdsourcing website. Each participant rated either the valence or arousal of a random

subset of 255 images, and each picture obtained 101 to 108 different ratings. Valence and arousal

scores showed strong internal consistency (split-half rS ≥ .93). For every image, the dataset

provides the mean
(
m(·)

)
and standard deviation

(
s(·)
)

across raters for the valence (v) and

arousal (a) dimensions.

In order to reduce experimental biases, for each dataset we performed the stimulus selection
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through a seven-step semi-automatic procedure. Steps 1–5 (automatic) were based on the geo-

metrical properties of the stimuli in the two-dimensional valence–arousal space, which were con-

sidered either as points x = (ma,mv)
T

, or Gaussian vectors x ∼ N (µ,Σ), with µ = (mv,ma)
T

and Σ =
(
sv 0
0 sa

)
. Steps 6–7 (manual) were based on the ranking of the ratings provided by

independent judges.

Figure 5.1 shows the distribution of the stimuli (selected ones are marked with circles) and

the centroids (squares) across the four quadrants of the IAPS and OASIS datasets.

Step 1. We computed the central point c and the peak-to-peak range p as, respectively:

c
.
= (vc, ac)

T
=

(
min{R}+

max{R} −min{R}
2

,min{R}+
max{R} −min{R}

2

)T

(5.1)

p = max{R} −min{R} (5.2)

Step 2. We extracted the subsets of points belonging to the four affective quadrants HVHA

(High Valence High Arousal), HVLA (High Valence Low Arousal), LVHA (Low Valence High

Arousal), and LVLA (Low Valence Low Arousal), defined as:

HVHA = {x | v > vc + 0.1 · p, a > ac + 0.1 · p} (5.3)

HVLA = {x | v > vc + 0.1 · p, a < ac − 0.1 · p} (5.4)

LVHA = {x | v < vc − 0.1 · p, a > ac − 0.1 · p} (5.5)

LVLA = {x | v < vc − 0.1 · p, a < ac − 0.1 · p} (5.6)

The above-defined equations excluded the set of near-neutral points defined as:

{x | vc − 0.1 · p ≤ v ≤ vc + 0.1 · p, ac − 0.1 · p ≤ a ≤ ac + 0.1 · p} (5.7)

Step 3. For each quadrant l = {HVHA, HVLA, LVHA, LVLA}, we computed Gaussian

centroid vectors πl = N (µl,Σl), where the mean vector and the covariance matrix are defined,

respectively, as:

µl =
1

#Sl

∑
x∈Sl

µx

Σl =
1

#Sl

∑
x∈Sl

Σx

(5.8)
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where µx and Σx are, respectively, the mean vector and covariance matrix of x, Sl is the set

of x belonging to the quadrant l, and #Sl is the cardinality of Sl.

Step 4. For each vector x = N (µ,Σ) ∈ Sl, we computed its distribution similarity with the

centroid vector πl by means of the Bhattacharyya distance d (x,πl), defined as (E. Choi & Lee,

2003):

d (x,πl) =
1

8
(µ− µl)

T
(
Σ′)−1

(µ− µl) +
1

2
ln

(
det
(
Σ′)√

det (Σ) det (Σl)

)
(5.9)

where Σ′ = (Σ + Σl) /2, ln (·) is the natural logarithm, and det (·) is the determinant.

Step 5. From each quadrant l, we extracted the six stimuli with the highest Bhattacharyya

distances.

Step 6. Nine independent raters selected, from each set of six stimuli, a subset of four.

Step 7. We selected the four stimuli that obtained the highest percentage agreement

(McHugh, 2012) across the raters. In cases of parity, we considered the highest distance from

the centroid.

5.2.2 Sample Population and Experimental Protocol

Sixty-three people (24 males) aged between 20 and 30 years (M=22.89, SD=2.38) were enrolled

in the study. Statistical analyses performed using JASP showed that the sample was not signif-

icantly gender unbalanced in terms of proportions (binomial test: Male = 38.1%, p = 0.077) or

mean age (Mann–Whitney U test: W = 3995, p = 0.325).

Each subject sat on a chair placed in front of a 23.8” (527 × 296.5mm2) FlexScan EV2451

(Eizo, KK) monitor located in a 7 × 3m2 room. At the beginning of the experiment, the sub-

ject performed a 60s-long eyes-closed baseline and a 120s-long neutral baseline (white fixation

dot on a black background). This was preceded by the baseline instructions and followed by

the experiment description. Then, the 32 emotional blocks were presented in random order.

Each block consisted of a black screen (5s), used as a short inter-stimulus interval to reduce

immediate carry-over from the previous trials, followed by the emotional stimulus (5s) and the

valence/arousal evaluation, performed by means of a 9-point SAM. Figure 5.2 shows a schematic

representation of the experimental protocol.
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Figure 5.2: Schematic representation of the experimental protocol.

The quality of the signals was visually checked before starting the recording, and the contact

impedance of the EEG electrodes was reduced below 10kΩ (Sinha et al., 2016) by means of a

scrub cream (Neurprep by Spes Medica, S.p.A.) and a conductive gel (Neurgel by Spes Medica,

S.p.A.).

5.2.3 Instrumentation

We recorded the EEG signal using the NVX-52 device (Medical Computer Systems, Ltd.) at a

sample frequency of fs = 1kHz. Forty passive wet Ag / AgCl electrodes were placed at stan-

dard locations (Russo et al., 2023) of the 10-10 system (Nuwer, 2018), internally referenced and

grounded to the left mastoid (M1) by means of 1 Ag/AgCl passive adhesive patch. We recorded

the SC and PPG signals using, respectively, the GSRSens and FpSens (Medical Computer Sys-

tems, Ltd.) sensors, both connected to the auxiliary inputs of the NVX-52. We placed 2 passive

dry Ag/AgCl electrodes of the GSRSens on the index and ring finger from the non-dominant

hand, and the FpSens on the ring finger from the same hand. We recorded the EMG signal

using two passive Ag/AgCl adhesive patches placed over the left zygomaticus major and corru-

gator supercilii muscles. The electrodes, connected to the bipolar inputs of the NVX-52, were

referenced to M1. The recordings were controlled by the NeoRec software (Medical Computer

Systems, Ltd.). We recorded the ET signal using the Tobii Spectrum (Tobii, LLC) device at a

sample frequency of fs = 150Hz. The collected measures included the horizontal and vertical

coordinates of the right and left eyes (xR, yR, xL, yL, respectively), expressed in mm with

respect to the upper-left corner of the screen.

We used the iMotions software (iMotions, A/V) to deliver the stimuli, as well as to collect the

eye-tracking data and the self-reports. At the beginning of the experiment, iMotions generated

a Transistor–Transistor Logic (TTL) pulse that was fed into the digital inputs of the NVX-52

using the EEG Synchronisation Box (ESB) (Bilucaglia et al., 2020). This served to perform an
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offline synchronisation between the recorded data and the stimulus timestamps.

5.2.4 Data Processing

We aligned the recorded data with the TTL pulse and appended the stimuli according to the

iMotions-generated timestamps. Then, we cleaned the data from noise and artefacts for subse-

quent feature extraction (see Section 6.2.1), as described below. The operations were performed

within the Matlab (The Mathworks, Inc.) environment, and the processed data were saved as

.mat files.

EEG

We processed the EEG data using the EEGLab toolbox (Delorme & Makeig, 2004).

First, we applied a re-reference to the linked earlobes, a resampling to fS = 512Hz, and a

band-pass filter (0.1 − −40Hz, 4th order, Butterworth type). To avoid phase distortions, the

filter was acausal and time-reversed (i.e., zero-phase) (de Cheveigné & Nelken, 2019). Then,

we applied an adaptive filter (cleanline plug-in) to remove the sinusoidal noise at frequencies

f = {50, 100}Hz. The method computes, in a moving-window fashion (w), the least-square

estimate of the noise component in the form of sw(t) = α cos(2πt) + β sin(2πft) and subtracts it

from the original signal (Bigdely-Shamlo et al., 2015).

We corrected non-stationary artefacts through Artefact Subspace Reconstruction (ASR)

(Mullen et al., 2015), which performs a moving-window Principal Component Analysis (PCA)

decomposition of the EEG signal, compares the variance of the projected components with a

calibration-derived reference threshold controlled by the parameter κ, and reconstructs the sig-

nal after suppressing high-variance components. We set κ = 20, since values in the 20–30 range

have been shown to provide an effective trade-off between removing artefacts and preserving

brain-related EEG activity (Chang et al., 2020).

We corrected stereotypical artefacts, such as blinks, eye movements, and EMG noise, through

Independent Component Analysis (ICA) (Hyvärinen & Oja, 2000), which decomposes the EEG

data matrix into statistically independent component activations (or simply Independent Com-

ponents, ICs) by means of an unmixing matrix W , estimated through iterative algorithms. The

corresponding mixing matrix, used for back-projection to the original channel space, is denoted

by A = W−1. Artefactual ICs, identified from their temporal activity and scalp topographies,

are removed before back-projection, yielding the cleaned EEG signal (Jung et al., 1997).
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ICA was achieved through the RunICA algorithm (Akhtar et al., 2012). To speed up the

computations, we applied it to a copy of the original data that had been band-pass filtered

(1 − 30Hz, 4th order zero-phase Butterworth filter) and down-sampled (fs = 100Hz) (Luck,

2022). The obtained unmixing matrix was then saved and multiplied by the original data to

obtain the ICs. We identified artefactual ICs through the neural-net classifier ICLabel (Pion-

Tonachini et al., 2019) as those with probability of “not-brain” P{!brain}>0.9; we set them to

zero and back-projected them to the original space.

Finally, we re-referenced the artefact-free EEG data to the approximately zero potential

through Reference Electrode Standardization Technique (REST) (Dong et al., 2017).

SC

We resampled the SC data at fs = 32 Hz and applied a band-pass filter (4th-order, zero-phase,

Butterworth type) between 0.001 and 0.35Hz. Artefactual samples were corrected using fixed

amplitude and rate-of-change thresholds (Kleckner et al., 2018). Specifically, a sample x at time

ti was marked as artefactual if:

x(ti) < 0.05µS OR x(ti) > 60µS OR

∣∣∣∣x(ti)− x(ti−1)

ti − ti−1

∣∣∣∣ > 8µS/s (5.10)

The identified samples and all the neighbours within a centred 5s-long window were then deleted

and linearly interpolated based on the remaining valid points.

PPG

We resampled the PPG signal at fs = 32 Hz and applied a band-pass filter (0.001–0.35Hz, 2nd-

order zero-phase Butterworth filter). Then, to attenuate slow drifts and motion artefacts, we

applied the following demodulation (Dall’Olio et al., 2020):

x′(t) =
x(t)√

x2(t) +H{s(t)}2
, (5.11)

where H{·} is the Hilbert transform.

EMG

Since the power spectrum of the EMG does not overlap with common interference signals, a

simple cascade of a band-stop and a pass-band filter is considered adequate for preprocessing
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(Boyer et al., 2023). Accordingly, we applied a notch filter (50Hz, 100Hz, q = 40, zero-phase

Infinite Impulse Response filter) to remove the power-line noise and a band-pass filter (10 −

−400Hz, 4th order zero-phase Butterworth filter) to attenuate low-frequency motion artefacts

(Merletti & Cerone, 2020).

ET

We corrected temporal jitters by re-aligning the timestamps with the equipment-designed sample

frequency (fs = 150Hz) and linearly interpolating the missing values (Liu et al., 2018).

To reduce outliers and missing data, including blink-related gaps, we filtered the coordinates

xR, yR, xL, and yL using the MFLWMD algorithm (Gucciardi et al., 2022). Specifically, for each

sample point, the median of the available non-missing samples within a centred window of length

L was computed. Consecutive missing-data segments shorter than a threshold g were ignored

during median filtering, whereas longer gaps were used to split the time series into separate

segments. We chose the following parameters: L = 140ms and g = 280ms.

Finally, from the filtered coordinates, we computed the horizontal and vertical gaze positions

as, respectively, gX = (xR + xL)/2 and gY = (yR + yL)/2 (Kar, 2020).

5.3 Results

5.3.1 Stimuli Selection

The selected stimuli obtained a percentage agreement ranging from 56.56% to 100% (M=79.20%,

SD=10.50%). Statistical analyses performed using JASP did not show any significant main effect

for the factors “Database” (F (1, 24) = 0.143, p = 0.709) and “Quadrant” (F (3, 24) = 2.381, p =

0.095), or for the “Database×Quadrant” (F (3, 24) = 0.048, p = 0.986) interaction. Additionally,

the agreement did not significantly correlate with the mean (m) and standard deviations (s) of

the overall ratings in either the valence (ρm = 0.194, p = 0.288; ρs = −0.175, p = 0.339) or the

arousal (ρm = −0.142, p = 0.439; ρs = 0.109, p = 0.553) dimension.

5.3.2 SAM Evaluations

We coded the subjects’ evaluations (SAM numerical scores) into labels corresponding to the four

quadrants (HVLA, LVLA, HVHA, LVHA), considering the midpoint value 5 as the threshold

for low/high discrimination. We measured the overall agreement within the subjects (WS) and
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between the subjects and the gold standard (GS) given by the selection process, by means of

Fleiss’ kappa (Fleiss, 1971). The analyses, performed using JASP, showed values of κWS = 0.406

and κGS = 0.409, both interpreted as a “fair agreement” (Landis & Koch, 1977).

5.4 Discussion

Existing physiological datasets rely on dynamic eliciting stimuli, making them unsuitable for

training AD models for the evaluation of images or the dynamic frame-by-frame classification

of videos. Furthermore, the available datasets are characterised by a widely varying number of

subjects, stimuli, and modalities, negatively affecting their reliability and generalisability.

To fill these gaps, we created I DARE (the IULM Dataset of Affective REsponses), a multi-

modal physiological dataset that outperforms existing ones in terms of dimension (5 modalities

× 32 stimuli × 63 subjects) and minimum detectable effect size (f = 0.095, small). We selected

the stimuli (static pictures) from the two standard databases (IAPS and OASIS) through a semi-

automatic procedure to reduce selection biases. We obtained “fair” agreements within subjects

and between subjects and the original scores (κWS = 0.406 and κGS = 0.409, respectively).

I DARE may support several applications. In Consumer Neuroscience, it could be used for

the emotional assessment of static stimuli, such as product packaging and landing pages, and for

the dynamic frame-by-frame classification (Bilucaglia et al., 2021) of video commercials. More

broadly, it could support the training and benchmarking of AD models in Affective Computing

and Neuroergonomics, the evaluation of emotional selectivity and invariance of existing neuro-

metrics, and the study of the physiological correlates of emotion in Psychology and Cognitive

Neuroscience.

Several limitations of I DARE should be acknowledged. First, although the sample was not

significantly gender unbalanced, it mainly consisted of young adults. This may limit the gen-

eralisability of the dataset and of models trained on it, since age can modulate physiological

responses to emotional stimuli, including electrodermal, cardiovascular, pupillary, and facial-

muscle reactivity (Gomez et al., 2016; Neiss et al., 2009). Future extensions should therefore

include broader age ranges to increase both sample size and representativeness. Second, the

experimental timing may not have ensured complete physiological recovery between trials. The

5 s black screen provided a short inter-stimulus interval, but slower autonomic responses, es-

pecially skin-conductance and cardiac dynamics, can outlast this interval and partially overlap

across trials (Boucsein et al., 2012; Shaffer & Ginsberg, 2017). Future protocols should consider
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longer or adaptive recovery periods, particularly when autonomic features are central to the

analysis. Finally, the use of standardised affective images increased experimental control but

may limit ecological validity. Affective databases such as IAPS and OASIS provide useful nor-

mative ratings, but stimulus effectiveness can vary across historical, cultural, and demographic

contexts (Betella & Verschure, 2016; Riegel et al., 2017). Moreover, static images only partially

resemble Consumer Neuroscience settings, where emotional responses often emerge during expo-

sure to advertisements, products, websites, social-media content, or purchase-related decisions.

AD models trained on I DARE should therefore be further validated using more ecological and

marketing-relevant stimuli.
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Chapter 6

MATILDE – Model Development

This chapter presents MATILDE (Multimodal biosignAl-based modaliTy-resilient subject-Independent

modeL for affect DEtection), a multimodal subject-independent affect detection (AD) model

based on the standard I DARE dataset. Temporal, spectral, and time–frequency features are

extracted from electroencephalographic (EEG), skin-conductance (SC), photoplethysmographic

(PPG), electromyographic (EMG), and eye-tracking (ET) modalities. A Combined Algorithm

Selection and Hyperparameter optimisation (CASH) problem is formulated over multiple classi-

fiers and feature-selection methods and solved via Bayesian optimisation. Random Forest models

achieved the best performance (76.2% for quadrants, 83.4% for valence, and 85.3% for arousal),

all above the benchmark under the adopted conservative criterion. Feature-importance analyses

reveal EEG domination and a prevalence of time-domain features across modalities.

6.1 Introduction

The development of an affect detection (AD) model typically involves four main steps (Bota

et al., 2019; Shu et al., 2018): (1) feature construction, (2) feature selection, (3) model training,

and (4) model testing. In machine learning (ML) terminology, steps (1) and (2) constitute the

feature-engineering phase, whereas steps (3) and (4) belong to the learning phase (Theodoridis

& Koutroumbas, 2009, pp. 4–7).

Both phases depend on the chosen fusion strategy (see Section 3.3), which, for most physiology-

based AD models, involves either early or late fusion approaches (Ahmad & Khan, 2022). With

large datasets, early fusion is often preferred, possibly combined with dimensionality-reduction
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techniques. It offers conceptual simplicity and enables the model to exploit interdependencies

across modalities. Conversely, with limited data, late fusion may be more effective, as it lever-

ages the complementary strengths of multiple classifiers, improving robustness and generalisation

(Pereira et al., 2023).

In traditional ML (tML) for AD, the pipeline is modality-specific and relies on domain

knowledge for feature extraction and selection (Bota et al., 2019). By contrast, deep-learning

approaches integrate data representation in the training phase, reducing reliance on explicit,

hand-crafted feature engineering (Chutia & Baruah, 2024).

Nevertheless, the view that DL has fully superseded hand-crafted feature engineering and

careful model selection and hyperparameter tuning is overstated. Deep models typically require

substantial labelled data to achieve competitive performance (Younis et al., 2024). With specific

data formats, tML methods such as decision trees can even outperform deep neural networks

(Grinsztajn et al., 2022). Moreover, DL models are generally less interpretable (X. Zhang et al.,

2025) and can be brittle under distribution shift, whereas pipelines built on hand-crafted features

have shown better out-of-distribution generalisation (Bento et al., 2022).

In the following, we present a review of state-of-the-art AD models based on tML methods,

together with the associated design choices for the feature-engineering and learning phases. When

possible, we discuss each step separately for the different modalities considered in this work (i.e.,

EEG, SC, PPG, EMG, and ET).

6.1.1 Feature Construction

Features are compact representations of signals that are obtained not only in the time domain but

also through appropriate transformations in the frequency and time–frequency domains (Bota

et al., 2019; Shu et al., 2018).

Among the 53 EEG studies included in the review by Al-Nafjan et al. (2017), 17 (32%) used

time-domain features, 29 (55%) frequency-domain features, and 7 (13%) time–frequency features.

This trend is confirmed, more recently, by Erat et al. (2024): out of 216 studies examined, 96

(44%) included time-domain features, 147 (68%) frequency-domain features, and 76 (35%) time–

frequency features.

Among the 92 PPG studies examined by Sayed Ismail et al. (2024), 11 (12%) included only

time-domain features, 1 (1%) only frequency-domain features, and 65 (71%) combinations of

both. No time–frequency features were reported.

In the study by Shukla et al. (2021), a total of 25 SC works were examined. Among these,
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22 (88%) used time-domain features, 6 (24%) frequency-domain features, and 3 (12%) time–

frequency features, computed on the raw SC signal or on its decomposition into Skin-Conductance

Level (SCL) and Skin-Conductance Response (SCR).

In her experimental work, Rutkowska et al. (2024) generically mentioned 31 EMG studies

using only time-domain features. Considering the scarcity of works on EMG in affect detection,

the literature survey was broadened to the more general use of ML methods for EMG signal

classification, finding the review by Afroza et al. (2023), which focused on hand-movement iden-

tification. Out of the 33 studies, they found 22 (66%) using time-domain features, 4 (12%)

frequency-domain features, and 2 (6%) time–frequency features.

The review by Skaramagkas et al. (2021) highlighted that, out of a total of 22 ET studies,

only time-domain features were used, computed on fixations (duration: 7, 32%; quantity: 10,

45%; total time: 5, 23%; filtered amplitude: 2, 9%), saccades (amplitude: 2, 9%; velocity: 1,

5%; quantity: 1, 5%; fractions of micro-saccades: 3, 14%), blink frequency (1, 5%), and pupil

diameter (2, 9%).

6.1.2 Feature Selection

Training a model on a dataset where n is greater than, or even comparable to, the number of

instances N leads to several issues (e.g., sparsity, multicollinearity, inflation of statistical sig-

nificance, and overfitting), which fall under the so-called “curse of dimensionality” (Altman &

Krzywinski, 2018). Furthermore, the feature-extraction process may generate irrelevant, redun-

dant, or noisy elements that negatively affect model performance (Chandrashekar & Sahin, 2014).

Feature selection aims to reduce the dimensionality of features x ∈ Rn in order to maximise their

discriminative power while simultaneously minimising the computational costs associated with

training and using the model. It is based on the selection, among the n elements {xk}nk=1, of the

best subset {xsi}
d
i=1 , si ∈ [1, n] (Bota et al., 2019; Shu et al., 2018).

The two most common feature-selection families in AD are unsupervised and supervised

methods, with the latter further subdivided into filter and wrapper types (Bota et al., 2019;

Khare et al., 2024; Shu et al., 2018). Filter methods are based on ranking techniques to score

each element xk and remove those below a proper threshold. They are computationally effi-

cient and help avoid overfitting, but may select redundant or suboptimal subsets and overlook

inter-feature relationships or algorithm compatibility. Wrapper methods use the classifiers as

black boxes and the corresponding performance as the objective function to evaluate the feature

subsets {xsi}
d
i=1 , si ∈ [1, n]. They are usually associated with better performance, but are

63



computationally expensive and prone to overfitting (Chandrashekar & Sahin, 2014).

6.1.3 Model Training

AD models employ various classifiers, including generative-parametric (e.g., LDA and QDA)

and non-parametric (e.g., kNN and Naive Bayes) methods, as well as informative (e.g., SVM and

ANN), decision-tree (DT), and ensemble methods.

Al-Nafjan et al. (2017) identified that, out of a total of 45 EEG studies, 24 (53%) used SVM

as a classifier, 10 (22%) used kNN, 4 (9%) used Bayesian (B) or discriminant analysis (either

LDA or QDA) classifiers, and 7 (16%) used ANN. This trend is partially confirmed by Erat et al.

(2024): out of 216 studies examined, 87 (40%) were based on SVM, 35 (16%) on kNN, 39 (18%)

on B or DA, and 78 (36%) on ANN. In addition, 9 (4%) studies emerged based on decision trees

(DT) and 23 (11%) on ensemble classifiers. Finally, in the review by Khare et al. (2024), which

included 49 studies, 15 (30%) adopted SVM, 4 (8%) kNN, 22 (44%) ANN, and 5 (10%) ensemble

methods.

Sayed Ismail et al. (2024) highlighted that, out of a total of 92 SC studies, 61 (66%) used

SVM as a classifier, 30 (33%) kNN, 27 (29%) DA or B, 47 (51%) ANN, and 48 (52%) DT. Khare

et al. (2024) partially confirmed this trend, observing, in 23 studies, 7 (30%) based on SVM, 2

(9%) on kNN, 3 (13%) on DA or B, and 2 (9%) on ensemble methods.

The review by Khare et al. (2024) reported that, out of a total of 18 PPG studies, 5 (28%)

were based on SVM, 1 (6%) on kNN, 1 (6%) on DA or B, and 2 (11%) on ensemble methods.

From the review by Afroza et al. (2023), which, as already mentioned, examined 33 studies on

hand-movement recognition from EMG signals, the following results emerged: 15 (45%) studies

were based on SVM, 7 (21%) on kNN, 5 (15%) on DA or B, and 19 (57%) on ANN.

Skaramagkas et al. (2021) highlighted that, out of a total of 22 ET studies, 15 (68%) used

SVM, 3 (14%) kNN, 6 (27%) DA or B, 3 (14%) ANN, 3 (14%) DT, and 7 (32%) ensemble

methods. This trend is partially confirmed by Khare et al. (Khare et al., 2024), who observed,

in 6 studies, 3 (50%) based on SVM and 3 (50%) on ANN.

Model selection and hyperparameter tuning aim to find the best algorithm A∗ and hyperpa-

rameters λ∗ for a given dataset D.

Although originally considered dependent but distinct tasks, they have recently been framed

as a simultaneous Combined Algorithm Selection and Hyperparameter optimisation (CASH)

problem (Feurer et al., 2015). Accordingly, given a set of learning algorithms A with associated

ordered set of hyperparameters Λ, and given a dataset D, the CASH problem aims to find a
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solution to:

arg min
A∈A
λ∈Λ

{R (Aλ (D))} , (6.1)

The CASH problem rarely has a universal objective function to be optimised. Thus, it is

often treated as a black-box problem to be tackled by methods including random and grid search,

genetic algorithms, Monte Carlo techniques, reinforcement learning, and Bayesian optimisation.

The latter, in particular, has been shown to be particularly promising because of its speed in

large and conditional search spaces, as well as its ability to handle both numerical and categorical

variables (Baratchi et al., 2024).

Bayesian optimisation is a sequential model-based search algorithm. It considers the objective

function f(·) as unknown but evaluable at every query point x ∈ X . The evaluation produces a

noise-corrupted output y ∈ R such that f(x) = E {y|f(x)}. At each iteration i, a location xi+1

is selected at which f(·) is queried and yi+1 is observed. xi+1 is selected as the maximiser of

an acquisition function an : X → R that evaluates the utility of candidate points for the next

evaluation based on past points xk≤i and evaluations yk≤i (Shahriari et al., 2016).

In AD, classifier training can typically follow two different strategies: the subject-dependent

approach, which involves a classifier for each subject, and the subject-independent approach,

which trains a single classifier on the entire dataset (Bota et al., 2019; Shu et al., 2018). Ac-

cording to D’Mello and Kory (2015), 62% of the AD models are subject-dependent, while only

38% are subject-independent. Subject-dependent and subject-independent approaches present

complementary trade-offs: the former often attains higher within-subject accuracy at the cost

of large per-subject data and limited generalisation, whereas the latter generalises to unseen

subjects but usually with lower performance (Arevalillo-Herráez et al., 2019).

6.1.4 Model Testing

Model testing refers to the assessment of discrepancies between existing and required functional-

ities of a system. It includes, among other aspects1, correctness, namely the probability of error

when classifying future data (J. M. Zhang et al., 2022).

Among the six main approaches for model correctness testing2, the so-called resampling (or

1According to J. M. Zhang et al. (2022), model assessment includes (i) correctness, (ii) relevance, (iii) robust-
ness, (iv) security, (v) privacy, (vi) efficiency, (vii) fairness, and (viii) interpretability.

2According to Oneto (2020, p. 21), they include: (i) resampling methods, (ii) complexity-based methods, (iii)
compression bound, (iv) algorithmic stability theory, (v) PAC-Bayes theory, and (vi) differential privacy theory.
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out-of-sample) methods estimate generalisation by means of a set of data not previously “seen”

during the training phase. More specifically, the training set D is resampled (with or without

replacement) N times to build three independent datasets, called learning
(
D(i)

l

)
, validation(

D(i)
v

)
, and testing

(
D(i)

t

)
. As detailed in Section 4.4, model selection and hyperparameter

tuning are performed by training the model on D(i)
l and testing on D(i)

v , while error estimation

is performed by training it on D(i)
l ∪ D

(i)
v and testing on D(i)

t . The computed errors at each

repetition i ≤ N are finally averaged.

Subject-dependent AD models typically follow the k-fold cross-validation (kCV) or leave-

one-out (LOO) schemes (Shu et al., 2018). kCV randomly splits the training set into k disjoint

partitions and, for each i ≤ K repetition, considers the k-th partition as D(i)
v and the remaining

folds as D(i)
l . LOO is a special case of kCV where k is equal to the number of elements in the

training set (Airola et al., 2011).

In order to prevent subject-wise data leakage (Aljalal et al., 2024), subject-independent

AD models typically follow the leave-p-subjects-out (LPSO) or leave-one-subject-out (LOSO)

schemes (Ahmad & Khan, 2022). LPSO splits the training set by subject, rather than per fea-

ture as in kCV, and considers the set of p subjects as Dt (Vázquez et al., 2021). LOSO is a

special case of LPSO that considers one subject only as Dt (Fazli et al., 2009).

6.2 Materials and Methods

We designed, trained, and evaluated MATILDE (Multimodal biosignAl-based modaliTy-resilient

subject-Independent modeL for affect DEtection), a multimodal, subject-independent AD model

to predict valence, arousal, and affective quadrants from physiological signals. To this end, we

developed a complete pipeline encompassing feature extraction, feature selection, model training,

and evaluation within a unified optimisation framework.

I DARE (see Chapter 5) served as the affective dataset. Features were extracted from all

modalities (EEG, SC, PPG, EMG, and ET), and the original gold-standard annotations were

used as target variables, as they showed agreement with subjective ratings of κ = 0.409, in-

terpreted as “fair” according to Landis and Koch (1977). In addition, quadrant (Q, 4 classes:

HVLA, LVLA, HVHA, LVHA), valence (V , 2 classes: HV, LV), and arousal (A, 2 classes: HA,

LA) labels were considered.

Feature-engineering and learning phases were performed in MATLAB (The MathWorks, Inc.)

using the Signal Processing and Statistics & Machine Learning Toolboxes. All computations were
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carried out on a workstation equipped with an AMD Ryzen™ Threadripper PRO 5975WX CPU

(32 cores, 64 threads, 3.6 GHz base clock) and 256 GB DDR4-3200 MHz ECC RAM. No GPU

acceleration was used; however, Bayesian optimisation for model selection and hyperparameter

tuning was executed in parallel (32 workers) using the Parallel Computing Toolbox.

6.2.1 Feature Extraction

EEG

The Individual Alpha Frequency (IAF) was computed as the centre of gravity of the Power

Spectral Density (PSD) in the extended alpha band α′ = [7.5, 12.5]Hz as (Klimesch, 1999):

IAF =

∫
α′ fp

′(f)df∫
α′ p′(f)df

, (6.2)

where p′(f) is the mean occipital PSD, averaged across the occipital channels PO3, POz, PO4,

PO7, O1, Oz, and O2. The channel-wise PSDs were estimated according to Welch’s method (1s-

long Hamming window, 50% overlap), considering the eyes-closed (EYC) epoch only (Bilucaglia

et al., 2019).

The IAF served to define the following subject-specific δ, θ, α, β, and γ EEG bands (Borghini

et al., 2019):

δ =[0, IAF− 6] Hz

θ =[IAF− 6, IAF− 2] Hz

α =[IAF− 2, IAF + 2] Hz

β =[IAF + 2, IAF + 16] Hz

γ =[IAF + 16, IAF + 25] Hz

(6.3)

Features belonging to the time, frequency, information, and time–frequency domains were

extracted for each EEG channel xC(t).

Temporal features included the following mean x̄C and median x̃C values, as well as Hjorth’s
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(1970) activity AC , mobility MC , and complexity CC parameters:

x̄C = Meant

{
xC(t)

}
,

x̃C = Medt

{
xC(t)

}
AC = Vart

{
xC(t)

}
MC =

√
Var {∆1xC(t)}

Var {xC(t)}

CC =

√
Var{∆2xC(t)}
Var{∆1xC(t)}

MC
,

(6.4)

where Meant {·}, Medt {·}, and Vart {·} are, respectively, the sample mean, median, and variance

operators, computed across the time dimension. ∆kxC(t), k = 1, 2, is the k-th finite difference

of xC(t).

As spectral features, the normalised spectral powers in the bands B ∈ {δ, θ, α, β, γ} were

computed as (Bilucaglia et al., 2022):

pCB =

∫
B
xC(f) df∫
xC(f) df

, (6.5)

where xC(f) is the PSD of channel C, estimated using Welch’s method with a 1 s Hamming

window and 50% overlap.

Information-related features included measures of entropy and fractal dimension. Entropy

consisted of Pincus’ (1991) Approximate Entropy:

EC .
= ApE

{
xC(t)

}
(m, τ, r) (6.6)

with embedding dimension m = 2, lag τ = 1, and radius r = 0.2 · Std
{
xC(t)

}
, where Std {·} is

the sample standard deviation operator, computed across the time dimension.

Fractal dimension was computed according to Katz’s (1988) definition:

FC =
log10 (n)

log10 (n) + log10 (d/L)
, (6.7)

where n is the number of steps in xC(t) (one less than the number of sample points N). L and
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d are, respectively, the total length and the diameter of the curve, defined as:

L =

N−1∑
i=1

∥xi+1 − xi∥2 ,

d = max
i≤N
∥xi − x1∥2 .

(6.8)

where ∥·∥2 is the Euclidean norm and xi is the i-th point in the time-amplitude space defined

as xi =
(
ti, x

C(ti)
)T

.

To compute the time–frequency features, a 3-level Discrete Wavelet Transform (DWT) was

applied to each channel-wise EEG signal xC(t). Under the filter-bank interpretation, the DWT

recursively decomposes the signal into approximation (aCk [ℓ]) and detail (dCk [ℓ]) coefficients through

low-pass and high-pass filtering, followed by downsampling by a factor of 2, as (Mallat, 1989):

aC0 [n]
.
= xC [n]

aCk [ℓ] =
∑
n

h[n− 2ℓ] aCk−1[n]

dCk [ℓ] =
∑
n

g[n− 2ℓ] aCk−1[n]

, (6.9)

where xC [n]
.
= xC (nTs) is the sampled signal at sample interval Ts. h[·] and g[·] are the low-

pass and high-pass filters associated with the selected mother wavelet. 2ℓ accounts for the

downsampling by a factor of 2 after filtering.

The 3-level DWT was applied through a Daubechies 4 wavelet (Daubechies, 1988). Then, from

aC3 [n], the following mean (µ), standard deviation (σ), and kurtosis (κ) values were computed as

(Kumar G S et al., 2022):

µC =
1

N

N∑
ℓ=1

aC3 [ℓ],

σC =

√√√√ 1

N − 1

N∑
ℓ=1

(
aC3 [ℓ]− µC

)2
,

κC =
1

N

N∑
ℓ=1

(
aC3 [ℓ]− µC

σC

)4

(6.10)

where N is the length of a3[ℓ].
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The following Shannon entropy (H) was additionally computed (Kumar G S et al., 2022):

HC = −
∑
n

Pn log2(Pn), (6.11)

where the probabilities Pn are estimated as relative wavelet energies (Rosso et al., 2001) by means

of a [log2 (N)− 1]-level Maximum Overlap DWT (Percival & Walden, 2000, pp. 159–205).

The EEG feature vector (of dimensionality 608) was obtained by concatenating the 5 tem-

poral, 5 spectral, 2 information, and 4 time–frequency features from each of the 38 channels C,

namely:

xEEG =
({
x̄C , x̃C ,AC ,MC , CC ,

{
pCB
}
B
, EC ,FC , µC , σC , κC , HC

}
C

)T
∈ R608, (6.12)

PPG

The PPG signal was first pre-processed for peak identification using the qPPG algorithm (Charl-

ton et al., 2022). From the time points corresponding to the identified peaks {tk}Mk=1, the pulse-

to-pulse interval tachogram {xk
.
= tk+1 − tk}nk=1 was computed, with n = M − 1. Temporal and

spectral features were extracted. As temporal features, Mean Absolute Deviation (MAD), Root

Mean Square of Successive Differences (RMSSD), and Standard Deviation of Normal-to-Normal

intervals (SDNN) of the tachogram {xk}nk=1 were computed as (Malik et al., 1996):

x̄ =
1

n

n∑
k=1

xk,

MAD =
1

n

n∑
k=1

|xk − x̄|,

RMSSD =

√√√√ 1

n− 1

n−1∑
k=1

(xk+1 − xk)2,

SDNN =

√√√√ 1

n− 1

n∑
k=1

(xk − x̄)2.

(6.13)

where x̄ is the average pulse-to-pulse interval.

The PSD of the tachogram, x(f), was computed by means of the Lomb–Scargle periodogram

(Van Dongen et al., 1999), and the following powers in Low Frequency (pLF ) and High Frequency
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(pHF ), as well as the Low-Frequency-to-High-Frequency power ratio (pLFHF ), were computed

as (Malik et al., 1996):

pLF =

∫ 0.15

0.04

x(f)df

pHF =

∫ 0.4

0.15

x(f)df

pLFHF =
pLF

pHF

(6.14)

The PPG feature vector xPPG (of dimensionality 6) was obtained by concatenating the 3

temporal and 3 spectral features, namely:

xPPG = (MAD,RMSSD,SDNN, pLF , pHF , pLFHF )
T ∈ R6 (6.15)

SC

The phasic SCR and tonic SCL components were deconvolved from the raw signal SC(t) ≈

SCL(t) + SCR(t) through the cvxEDA algorithm (Greco et al., 2016).

As time-domain features, the mean value of SCL (SCL), mean amplitude of SCR peaks

(pSCR), and Area Under the Curve (AUC) of the SC signal were computed as (Greco et al.,

2017):

SCL =Meant {SCL(t)}

pSCR =
1

NP

NP∑
k=1

SCR(tk)

AUC =

∫
SC(t)dt

(6.16)

where Meant {·} is the sample mean operator computed across the time dimension and {tk}NP

k=1

are the time points corresponding to SCR peaks.

From Welch’s PSD (1-s-long Hamming window, 50% overlap) of the SC signal, SC(f), the

following spectral magnitude area (SMA) and spectral powers (P) in the bands B = {[0.05, 0.1],
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[0.1, 0.2], [0.2, 0.3], [0.3, 0.4], [0.4, 0.5]} Hz were computed as (Ghaderyan & Abbasi, 2016):

SMA =

∫
SC(f)df

PB =

∫
B

SC(f)df

(6.17)

The Mel-frequency Cepstral Coefficients (MFCCs) cj [ℓ] were computed from SC(t) based on

a short-time Fourier transform (STFT) with a 1-s Hamming window and 50% overlap (F. Zheng

et al., 2001). For the first two MFCCs, indexed by j ∈ {1, 2}, the mean value µj , standard

deviation σj , and kurtosis κj were computed across time frames as (Ghaderyan & Abbasi, 2016):

µj =
1

L

L∑
ℓ=1

cj [ℓ],

σj =

√√√√ 1

L− 1

L∑
ℓ=1

(cj [ℓ]− µj)
2
,

κj =
1

L

L∑
ℓ=1

(
cj [ℓ]− µj

σj

)4

.

(6.18)

where L is the number of STFT frames and cj [ℓ] is the value of the j-th MFCC at frame ℓ.

The SC feature vector (of dimensionality 15) was obtained by concatenating the 3 temporal,

6 spectral, and 6 time–frequency features, namely:

xSC =
(
SCL, pSCR,AUC, SMA, {pB}B , {µj , σj , κj}2j=1

)T
∈ R15 (6.19)

EMG

Each EMG channel xC(t) was first normalised to the [0, 1] range. As temporal features, the

following Mean Absolute Value (MAV), Root Mean Square (RMS) (Farfán et al., 2010), and

integral value (iEMG) (Penna et al., 2024) were computed:

MAV C =Mean
{∣∣xC(t)

∣∣}
RMSC =

√
Mean {xC(t)2}

iEMGC =

∫ ∣∣xC(t)
∣∣ dt

, (6.20)
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where Mean {·} is the sample mean operator computed across the time dimension, and |·| is the

absolute value operator.

As spectral features, the following powers pB in bands B = {δ, θ, α, β, γ} were computed as

(Tun et al., 2021):

pCB =

∫
B

xC(f)df, (6.21)

where xC(f) is Welch’s PSD of the EMG channel C computed using a 1s-long Hamming window

and 50% overlap. Bands B = {δ, θ, α, β, γ} were defined by means of the IAF, similarly to the

EEG.

The EMG feature vector (of dimensionality 16) was obtained by concatenating the 3 temporal

and 5 spectral features associated with each channel C, namely:

xEMG =
({
MAV C , RMSC , iEMGC ,

{
pCB
}
B

}
C

)T
∈ R16 (6.22)

ET

From the raw gaze signal (gx(t), gy(t))
T

, fixations were identified using the two-step EyeMMV

algorithm (Krassanakis et al., 2014) as those points with limited spatial dispersion – bounded by

the thresholds gxmin
and gymin

– over a minimum amount of time tmin (Blignaut, 2009). Once

identified, the fixation position was computed as the mean position (gx, gy) of its constituent

gaze points, and its duration T was defined as the elapsed time between the first and last gaze

points in the fixation. The spatial thresholds were set to gxmin
= 10 pixels and gymin

= 5 pixels,

while the temporal threshold was set to tmin = 80ms.

In addition to the number of fixationsN , from the set of detected fixations F = {(gxk
, gyk

, Tk)}Nk=1,

the normalised average fixation duration was computed as (Skaramagkas et al., 2021):

T =

(
1

TS

) N∑
k=1

Tk, (6.23)

where TS is the stimulus length.

The ET vector (of dimensionality 2) was obtained by concatenating N and T , namely:

xET =
(
N,T

)T ∈ R2 (6.24)
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6.2.2 Datasets and Models

Three multimodal datasets, namely DQ, DV , and DA (2016× 647 each), were obtained by early

fusing the feature tables and appending the quadrant (Q), valence (V ), and arousal (A) labels.

All the datasets had balanced class proportions both overall and subject-wise (25% for Q and

50% for V and A).

For each dataset, a CASH problem including multiple classifiers, with corresponding hyper-

parameters, and feature-selection methods was solved.

The classifiers included Linear Discriminant Analysis (LDA), Quadratic Discriminant Analy-

sis (QDA), Naive Bayes (NB) based on a Parzen window, k-Nearest Neighbours (kNN), Support

Vector Machine (SVM), Decision Tree (DT), shallow Artificial Neural Network (ANN) with one

hidden layer, and a random subspace Random Forest (RF).

For LDA, hyperparameters included the regularisation parameter γ varying within the [0, 1]

range. For QDA, γ ∈ {0, 1}. NB used a Parzen window with smoothing parameter h ∈ [10−3, 103]

(log scale) and kernel κ selected from uniform (box), triangular (triangle), Gaussian (normal),

and parabolic (epanechnikov). The kNN considered the number of neighbours ηK ∈ [1, 50] and

the distance metric d selected from Euclidean, city-block, cosine, and Minkowski with order

p ∈ [1, 5]. The SVM explored linear, Gaussian (RBF), and polynomial (with order p ∈ [2, 5])

kernels κ and box constraint C ∈ [10−3, 103] (log scale). For DT, the maximum number of splits

NS and minimum leaf size SL varied, respectively, in the [2, 200] and [1, 50] ranges, while the

split criterion S was selected from Gini index (gdi), deviance, and twoing. For the ANN, the

activation function σ of the hidden layer varied across rectified linear unit (relu), hyperbolic

tangent (tanh), sigmoid, and linear, the regularisation coefficient λ ∈ [0, 10−3] (log scale) and

the hidden layer size N ∈ [1, 100] were considered. Finally, RF was optimised for the number of

trees NDT varying in the [1, 1000] range, leaf size SL ∈ [1, 10], and number of features per split

NF ∈ [1, 10].

The feature-selection algorithms (filter types) included Minimum Redundancy Maximum Rel-

evance (MRMR) (C. Ding & Pend, 2005), χ2 (Rosidin et al., 2021), Neighbourhood Component

Analysis (NCA) (Yang et al., 2012), and ReliefF (Robnik-Šikonja & Kononenko, 2003) with the

number of neighbours varying in the [1, 10] range. The ranking threshold t, expressed as cumu-

lative percentage of the overall feature score, varied in the [1, 100] range. Table 6.1 summarises

the classifiers, corresponding hyperparameters, and search spaces.
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Table 6.1: Classifiers, hyperparameters, and search spaces for the CASH problem

Classifier Hyperparameter Search Space

LDA γ [0, 1]

QDA γ {0, 1}

NB
h [10−3, 103] (log scale)

K(·) {box, epanechnikov, normal, triangle}

kNN

k [1, 50]

d {euclidean, cityblock, cosine,minkowski}
p [1, 5]

SVM

κ(·, ·) {linear, rbf, polynomial}
C [10−3, 103] (log scale)

p [2, 5]

DT

Ns [2, 200]

SL [1, 50]

S(·) {gdi, deviance, twoing}

RF

NDT [1, 1000]

SL [1, 10]

NF [1, 10]

ANN

σ {relu, tanh, sigmoid, none}
λ [0, 10−3]

N [1, 100]

LDA: linear discriminant, QDA: quadratic discriminant analysis, NB: Naive Bayes, kNN:
k-nearest neighbour, SVM: support vector machine, DT: decision tree, RF: random forest,
ANN: artificial neural network.
The description of the hyperparameters is provided in the text.
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6.2.3 Model Training and Evaluation

We estimated the expected risk R(·) in the CASH problem through N = 10 sets of disjoint

partitions of the training set D(i)
l , D(i)

v , and D(i)
t , ∀i ≤ N . More specifically, we computed the

following quantity (see Section 4.4):

R (Aλ (D)) =
1

N

N∑
i=1

Remp

(
Aλ

(
D(i)

l

)
,D(i)

v

)
, (6.25)

where Remp

(
Aλ

(
D(i)

l

)
,D(i)

v

)
is the empirical risk over D(i)

v of the model trained on D(i)
l .

The random splits were made subject-wise, with D(i)
l including 70% (45) of the subjects,

while D(i)
v and D(i)

t included 15% (9) each. The sets were sampled from D at each iteration. We

did not follow the exhaustive LPSO scheme, as it would grow factorially. In fact, the number N

of different arrangements of P elements into sets of size Pl, Pv, and Pt is given by (Riley et al.,

2006, p. 1136):

N =
P !

Pl!Pv!Pt!
, (6.26)

which, for the I DARE dataset (P = 63), is lower bounded by N = 3906, (Pl = 61, Pv = Pt = 1).

To comply with the requirement of independence between learning and validation/testing

sets, feature selection was not performed on the whole dataset but was computed on each D(i)
l

and applied to the corresponding D(i)
v (Lemm et al., 2011).

The CASH problem was solved through a Bayesian optimisation approach with 150 iterations

and the 0–1 loss function. The expected loss ϵ of the best model–hyperparameter configuration

A∗
λ∗ was estimated as (see Section 4.4):

ϵ =
1

NR

NR∑
i=1

Remp

(
A∗

λ∗

(
D(i)

l ∪ D
(i)
v

)
,D(i)

t

)
, (6.27)

where Remp

(
A∗

λ∗

(
D(i)

l ∪ D
(i)
v

)
,D(i)

t

)
is the empirical risk over D(i)

t of the model trained on

D(i)
l ∪ D

(i)
v . Confidence intervals (99%) for ϵ were additionally computed as described in Sec-

tion 4.4.

As a benchmark, a classifier constantly predicting, for each instance in D(i)
t , the most frequent

class in D(i)
l ∪ D

(i)
v was trained, and the corresponding error ϵMe with 99% confidence interval

(CI99) was computed. Non-overlap between the marginal CI99 of the selected model and that of

the benchmark was used as a conservative descriptive criterion for separation with significance at

the α = 0.01 level. Conversely, overlap between marginal confidence intervals was not interpreted
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Table 6.2: Performance and complexity of the best models split per dataset.

Dataset ϵ CI99 A C

DQ 0.238 [0.173, 0.313] 76.2% 177966

DV 0.166 [0.111, 0.234] 83.4% 92952

DA 0.147 [0.095, 0.212] 85.3% 26338

ϵ: expected loss, CI99: confidence intervals for expected loss, A: accuracy, C: structural
complexity.

Table 6.3: Normalised feature-importance magnitude scores for dataset DQ, split by modality
and domain.

T F TF Sum

EEG 41.709 35.522 22.583 99.815

SC 0.030 0.053 0.047 0.130

PPG 0.018 0.015 – 0.033

EMG 0.014 0.008 – 0.022

ET 0.001 – – 0.001

Sum 41.771 35.599 22.630

T: temporal domain; F: spectral domain; TF: time–frequency domain.

as evidence of equivalence or absence of a difference (Greenland et al., 2016).

6.3 Results

For DQ, the best model was a Random Forest (RF) with NDT = 288, SL = 1, and NF = 2, using

χ2 feature selection with threshold t = 99.915%. The model achieved an expected loss of 0.238

(accuracy 76.2%) with a 99% confidence interval CI99 = [0.173, 0.313], while the benchmark

expected loss was 0.750 (accuracy 25%) with CI99 = [0.674, 0.816]. Table 6.2 summarises model

performance (expected loss, CI, accuracy and structural complexity – described below) split per

dataset. Figure 6.1 shows the histogram with CI99 error bars of the expected loss for the models

(M) and the corresponding benchmarks (B), split per dataset. EEG accounted for 99.815% of

the total normalised importance magnitude, followed by SC (0.130%), PPG (0.033%), EMG

(0.022%), and ET (0.001%). Across feature domains, temporal features contributed 41.771%,

spectral features 35.599%, and time–frequency features 22.630%. Table 6.3 reports the feature-

importance magnitude scores split by modality and domain.

For DV , the best model was an RF with NDT = 542, SL = 6, and NF = 9, using ReliefF
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Figure 6.1: Histograms with CI99 error bars of the expected loss (ϵ) for the best models (M) and
corresponding benchmarks (B), split per dataset.

Table 6.4: Normalised feature-importance magnitude scores for dataset DV , split by modality
and domain.

T F TF Sum

EEG 34.770 26.571 19.253 80.594

SC 1.023 2.236 2.443 5.702

PPG 1.270 1.328 – 2.597

EMG 3.129 6.281 – 9.410

ET 1.697 – – 1.697

Sum 41.889 36.415 21.696

T: temporal domain; F: spectral domain; TF: time–frequency domain.

feature selection with k = 10 and threshold t = 64.385%. The model achieved an expected

loss of 0.166 (accuracy 83.4%) with a 99% confidence interval CI99 = [0.111, 0.234], while the

benchmark expected loss was 0.500 (accuracy 50%) with CI99 = [0.418, 0.582]. Table 6.2 and

Figure 6.1 summarise model performance. EEG accounted for the largest share of normalised

importance magnitude (80.594%), followed by EMG (9.410%), SC (5.702%), PPG (2.597%),

and ET (1.697%). Across feature domains, temporal features contributed 41.889%, spectral

features 36.415%, and time–frequency features 21.696%. Table 6.4 reports the feature-importance

magnitude scores split by modality and domain.

For DA, the best model was an RF with NDT = 119, SL = 3, and NF = 10, using χ2 feature

selection with threshold t = 54.047%. The model achieved an expected loss of 0.147 (accuracy
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Table 6.5: Normalised feature-importance magnitude scores for dataset DA, split by modality
and domain.

T F TF Sum

EEG 42.017 35.156 22.647 99.820

SC 0.022 0.040 0.038 0.099

PPG 0.017 0.017 – 0.034

EMG 0.021 0.025 – 0.046

ET 0.001 – – 0.001

Sum 42.078 35.237 22.685

T: temporal domain; F: spectral domain; TF: time–frequency domain.

85.3%) with a 99% confidence interval CI99 = [0.095, 0.212], while the benchmark expected loss

was 0.500 (accuracy 50%) with CI99 = [0.418, 0.582]. Figure 6.1 summarise model performance.

EEG accounted for 99.820% of the total normalised importance magnitude, followed by SC

(0.099%), EMG (0.046%), PPG (0.034%), and ET (0.001%). Across feature domains, temporal

features contributed 42.078%, spectral features 35.237%, and time–frequency features 22.685%.

Table 6.5 reports the feature-importance magnitude scores split by modality and domain.

Since all best-performing configurations selected RF classifiers, we further characterised their

capacity in relation to their predictive performance. According to previous work that parame-

terised RF complexity through the number of leaves per tree and the number of trees (Belkin

et al., 2019; Curth et al., 2023), we quantified the structural complexity of each trained RF as:

C = PL · PT , (6.28)

where PT is the number of trees and PL is the average number of terminal leaves per tree. To

compute C, the best models were refitted on the corresponding whole datasets.

For DQ, DV , and DA, the RFs consisted, respectively, of PT = 288, 542, and 119 trees, with

average numbers of terminal leaves per tree of PL = 617.9, 171.5, and 221.3. They resulted in

structural complexities of C = 177966, 92952, and 26338, as summarised in Table 6.2.

6.4 Discussion

We proposed MATILDE (Multimodal biosignAl-based modaliTy-resilient subject-Independent

modeL for affect DEtection), a multimodal affect detection (AD) model based on the standard
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I DARE dataset. Features were extracted across temporal, spectral, and time–frequency do-

mains, and three datasets were constructed to predict affective quadrants (4 classes), valence

(2 classes), and arousal (2 classes). The Combined Algorithm Selection and Hyperparameter

Optimisation (CASH) problem was addressed by evaluating multiple classifiers (LDA, QDA,

NB, kNN, SVM, DT, ANN, and RF) and feature-selection methods, solved through Bayesian

optimisation over 150 iterations. The best-performing configurations were compared against a

majority-class benchmark. Since all selected models were RFs, predictive performance was also

described in relation to the structural complexity of the corresponding trained forests.

Across all datasets, RF achieved the highest performance and was, thus, selected, confirming

its well-documented superiority against both tML and other ensemble methods (Bamonte et al.,

2024; Karim et al., 2025; Rodrigues & Correia, 2023).

All models exceeded their respective benchmarks under the adopted conservative CI-overlap

criterion. Descriptively, quadrant classification showed the highest expected loss, followed by va-

lence and arousal. However, since the corresponding CI99 intervals overlapped, these differences

should be interpreted as descriptive trends rather than as formal pairwise statistical compar-

isons. The structural complexity analysis supports the interpretation that DQ represented the

most demanding classification problem, as the corresponding model also achieved the largest

complexity. This suggests that quadrant classification required a more articulated partitioning

of the feature space, consistent with previous studies that highlighted quadrant classification as

more challenging than the individual axes (Alazrai et al., 2018; Galvão et al., 2021; Salankar

et al., 2021). In contrast, arousal classification achieved the lowest expected loss with the low-

est structural complexity, suggesting a comparatively simpler decision boundary in the selected

feature space. This has already been observed with AD models trained on EEG (Piho & Tjah-

jadi, 2018), peripheral (Gohumpu et al., 2023), and multimodal (A. Sharma & Canavan, 2021)

features.

Overall, the obtained accuracies align with those reported in recent literature. Pillalamarri

and Shanmugam (2025) found mean accuracies of 84.84 ± 9.13% for multimodal AD models

using traditional classifiers and 88.56±7.76% for deep networks. In subject-independent settings,

Cimtay et al. (2020) reported 74.0± 10.1% for discrete emotions, 57.8± 20.2% for arousal, and

75.3±3.2% for valence. Later works achieved comparable performance: 75.24±3.43% for valence

and 79.17±4.99% for arousal (Ma et al., 2025), as well as 83.90±5.97% across discrete emotions

(Fu et al., 2024). The present results, thus, fall within the upper range of traditional tML

approaches and are especially competitive for valence and arousal classification.
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Feature-importance analyses confirmed the central role of EEG, although its prominence

differed across prediction targets. For DQ and DA, EEG accounted for almost all normalised

importance magnitude, while Peripheral modalities contributed only marginally In contrast, DV

showed a more distributed pattern: EEG remained the most informative modality, but periph-

eral modalities jointly accounted for approximately 1/5 of the total importance magnitude, with

EMG and SC providing the largest non-EEG contributions. This suggests that valence classi-

fication may benefit more from peripheral physiological information than quadrant or arousal

classification. This pattern is compatible with previous findings showing EEG’s higher discrim-

inative power over both EMG (J. Chen et al., 2022) and peripheral modalities such as SC and

PPG (Torres-Valencia et al., 2016), while also supporting the role of facial muscle activity and

autonomic responses in valence-related affective processes (Sato et al., 2020).

The contribution of PPG was small across all datasets, although it was more visible for valence

than for quadrant and arousal classification. This may be partly related to the short duration

of the stimuli, which can limit the reliability of heart-rate and heart-rate-variability estimates.

Studies emphasising heart-rate features, derived from ECG or PPG, over SC (Arthanarisamy

Ramaswamy & Palaniswamy, 2022; Gohumpu et al., 2023) typically involved longer stimuli,

whereas shorter trials reduce the temporal window available for cardiovascular dynamics. Indeed,

for short (∼ 15s) stimuli, SC features have been shown to outperform both ECG and PPG (Polo

et al., 2024).

Although EMG is traditionally linked to valence (Sato et al., 2020) and has also proven

useful for arousal prediction (Tan et al., 2016), its contribution in the present analyses depended

strongly on the prediction target. EMG contributed only marginally to quadrant and arousal

classification, but it represented the largest non-EEG contribution for valence. This supports

the interpretation that valence decoding may be more sensitive to facial muscle activity than the

other two prediction targets.

Similarly, ET features showed negligible importance for DQ and DA and a small contribution

for DV , likely reflecting both their limited predictive strength in the present feature set and

the simplicity of the extracted metrics. More complex ET-derived features, including saccades,

fixations, blinks, and pupil diameter, have yielded higher accuracies when paired with deep ANNs

(Skaramagkas et al., 2023).

Across domains, temporal features contributed most in all three datasets, followed by spectral

and time–frequency features. This trend was highly consistent across DQ, DV , and DA, with

temporal features accounting for approximately 1/2 of the total normalised importance magni-
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tude. The result confirms previous reports highlighting the importance of temporal features in

emotion recognition (Bhattacharyya et al., 2021; Bilucaglia et al., 2021). The success of Con-

volutional Neural Networks (CNNs) trained on raw spatio-temporal data further supports this

observation (Pillalamarri & Shanmugam, 2025).

Despite the promising performance of MATILDE, some limitations should be acknowledged.

First, the model was trained and assessed only on I DARE. Although the dataset is standard-

ised and multimodal, it cannot capture the full variability of populations, stimuli, and recording

contexts. External validation on independent datasets is therefore necessary to assess the gen-

eralisability of the proposed pipeline beyond the present experimental setting (Collins et al.,

2014). Second, MATILDE was based on hand-crafted features and feature-level fusion. This

choice improves interpretability and is coherent with the available sample size, but it may not

fully exploit modality-specific temporal dynamics or cross-modal interactions. Future work could

compare this approach with decision-level, hybrid-fusion, or deep-learning architectures (F. Zhao

et al., 2024), especially as larger multimodal affective datasets become available. Finally, the

model was developed under a subject-independent setting. This design is more relevant for

general-purpose AD applications, but it may underestimate the performance achievable with

personalised or subject-adaptive models (Arevalillo-Herráez et al., 2019). Future studies should

therefore compare subject-independent, subject-dependent, and transfer-learning (W. Li et al.,

2022) strategies to clarify the trade-off between generalisability and individual calibration.
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Chapter 7

MATILDE – Robustness

Assessment

This chapter evaluates the robustness of MATILDE through dataset-level ablation studies. Uni-

modal and Leave-One-Modality-Out (LOMO) configurations are tested using two strategies: a

fixed-pipeline setting, where the full-model configuration is preserved, and a re-CASH setting,

where model selection and hyperparameter optimisation are repeated for each ablated dataset.

Most configurations remain above the benchmark and close to the full models under the adopted

descriptive criterion, while ET shows limited standalone and incremental contribution. Re-CASH

complexity analyses show non-systematic changes in RF structural complexity, with larger effects

for arousal. Overall, the results suggest that the proposed pipeline can adapt to reduced-modality

configurations, supporting scalable affect-detection implementations.

7.1 Introduction

Robustness is one aspect of model testing, alongside the already discussed correctness (see Sec-

tion 6.1.4). It refers to the resilience of a system towards perturbations of its components, which

include, among others, the training data and the learning algorithm. It is generally assessed

by creating, from the base model f , a perturbed version f̃ and measuring the difference in

correctness (i.e., expected risk) ∆R = R(f)−R(f̃) (J. M. Zhang et al., 2022).

Robustness of ML/DL models is commonly addressed through so-called ablation studies. The

term ablation (from Latin ablatio, literally meaning a carrying away) refers to the removal or
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destruction of part of a biological system in order to study its function. This loss-of-function logic

has a long tradition in experimental physiology – mostly in relation to the brain: nineteenth-

century anatomists, pioneered by Jean Pierre Flourens, used to investigate the function of neural

structures from the effects of their removal or destruction (Gamboa, 2020).

In the context of ML/DL, ablation studies were proposed in the late 1970s as a method

of performance analysis for speech-recognition systems (Newell, 1975). A formal definition of

ablation was given by Sheikholeslami et al. (2021). Given a training set D and a model f ,

an ablation study evaluates the relative contribution of different configurations C by training

variants of the model or dataset in which selected elements are removed. A configuration can refer

either to the dataset or to the model. For a dataset D with n features, a dataset configuration can

be defined as CD(D, {xi}), where the feature subset {xi} is excluded during training. Similarly,

for a model f composed of k components, a model configuration can be written as Cf (f, {mj}),

where the components {mj}, such as layers, neurons, or filters, are removed from the architecture.

An ablation study is therefore a set of configurations, either SD = {C1
D, C

2
D, . . . , C

z
D} or Sf =

{C1
f , C

2
f , . . . , C

z
f}, whose execution defines an experiment composed of several trials, with each

trial corresponding to one configuration.

Ablations over Cf originally trace back to the problem of complexity reduction or pruning.

Early examples included Skeletonization (Mozer & Smolensky, 1988) and Optimal Brain Damage

(LeCun et al., 1989), which addressed the problem of removing (i.e., zeroing) a subset of weights

of an ANN, while minimising performance degradation. Since their original formulations, DTs

have used ablations to replace selected subtrees with leaf nodes, while minimising the loss in pre-

dictive performance. Early examples include Cost-Complexity Pruning (Breiman et al., 1984)

and Reduced-Error Pruning (Quinlan, 1987). Recently, ablations over Cf can be observed in

architectural studies in DL, where the ablated components are no longer only individual weights,

but layers, blocks, connections, or modules. Representative examples include layer-wise abla-

tions (Zeiler & Fergus, 2014) and network depth control in deep CNNs (Simonyan & Zisserman,

2015). Analogous perspectives can also be found in modern tree-ensemble methods, where abla-

tions are used to assess the contribution of algorithmic components, such as regularisation and

sparsity-aware learning in Extreme Gradient Boosting (XGBoost) (T. Chen & Guestrin, 2016)

and gradient-based sampling in Light Gradient Boosting Machine (LightGBM) (Ke et al., 2017).

Ablations over CD have historical roots in feature selection, with the aim of identifying a

subset {xj}M<N
j=1 of the original feature vector x = (x1, x2, . . . , xM )T that preserves or improves

the predictive performance of a model. Early examples include informative receptors in recogni-
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tion systems (Marill & Green, 1963), branch-and-bound methods (Narendra & Fukunaga, 1977),

and wrapper algorithms (Kohavi & John, 1997). Recently, pure-ablation (Lei et al., 2018) and

ablation-like (Lundberg & Lee, 2017; Ribeiro et al., 2016) approaches (e.g., perturbation- and

permutation-based) over CD have been employed for model-agnostic approaches to model ex-

plainability and interpretability. Finally, with the recent development of multimodal models and

the emerging research direction of incomplete multimodal learning (Zhan et al., 2025), ablations

over CD have been expanded from single features xi to entire groups of homologous signals or

channels.

Ablation studies are now considered a best practice, especially when assessing novel archi-

tectures based on multiple interacting components (Fostiropoulos et al., 2023). Without such

analyses, empirical gains may be incorrectly attributed to unisolated architectural choices, hy-

perparameter tuning, or experimental setup (Lipton & Steinhardt, 2019).

7.1.1 Ablation Studies in Affect Detection

In physiological-signal-based AD, ablations over Cf largely follow the same rationale as in other

domains: they are typically performed on layers, modules, or architectural blocks of DL models

(Du et al., 2024; Jia et al., 2024; X. Li et al., 2025; Z. Wang & Wang, 2025). Since they concern

the contribution of model components rather than the structure of input data, they are not

considered further here.

The present discussion instead focuses on ablations over CD, which are more specific to

multimodal learning (Baltrusaitis et al., 2019). Dataset-level ablations are usually not conducted

over individual features, but over entire modalities. The full multimodal model is therefore

compared either against unimodal baselines, where each modality is considered in isolation, or

against N − 1-modal variants, where one modality is removed at a time. This latter strategy is

referred to as Leave-One-Modality-Out (LOMO) ablation (MacRae et al., 2026).

Ablations over CD are useful for estimating the contribution of each modality and for de-

termining the effectiveness of multimodal fusion. In the literature, reported results are highly

heterogeneous: tML approaches often show limited or inconsistent benefits from fusion, whereas

recent DL models tend to report larger improvements. The following section reviews represen-

tative examples of CD-level ablations in both tML and DL settings.

In the tML context, Koelstra et al. (2012) trained Gaussian Näıve Bayes classifiers using

EEG, peripheral, and multimedia content features. Fusion produced only modest gains in some

cases: EEG plus multimedia improved arousal by 0.013 F1-score points, while multimedia plus
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peripheral physiology improved valence by 0.044. Soleymani et al. (2012) trained RBF-SVM

classifiers with features extracted from EEG and ET data. Decision-level fusion of EEG and ET

improved performance over the best unimodal setting by 0.02 F1-score points for arousal and

0.06 for valence. Miranda-Correa et al. (2021) trained Gaussian Näıve Bayes and decision-level

SVM with EEG, ECG, and SC features. In this case, fusion of EEG, ECG, and SC did not

improve over EEG alone, instead decreasing performance by 0.004 F1-score points for valence

and 0.013 points for arousal. Finally, Gohumpu et al. (2023) trained SVM, KNN, and DTs with

PPG/HRV, SC, and skin-temperature features. Their ablation analysis showed only small gains

from multimodal fusion: about 0.5% for arousal, 0.3%, 0.3% dominance, and no improvement

for liking.

In the DL context, Z. Wang and Wang (2025) trained a novel architecture composed of one-

dimensional convolutional layers, attention, and gated recurrent units, using EEG and ECG

data. Ablation analysis showed that the multimodal model improved over EEG alone by 9.16%

on average, and over ECG alone by 13.36%. Du et al. (2024) proposed a signal-channel attention

network using EEG, ECG, SC, and ET data. The complete four-modality model improved

over SC alone by 5.69%, over SC-ECG by 10.03%, and over SC-EEG-ECG by 2.01%. X. Li

et al. (2025) proposed a gated multi-head cross-modal attention network based on EEG, EOG,

and SC data. Ablation analysis showed improvements of 7.68% over EEG alone, 13.99% over

EOG alone, and 17.94% over SC alone. Jia et al. (2024) proposed a multi-level disentangling

network for cross-subject emotion recognition, using EEG, EOG, and EMG on DEAP, and EEG,

ECG, and SC. Ablation analysis showed that removing individual modalities reduced the overall

performance, with EEG removal producing the largest drop, approximately 2.6–5.3% for arousal

and 3.2–4.3% for valence.

7.2 Materials and Methods

We performed dataset-level ablation studies on the full models designed in Chapter 6. These

models included EEG, PPG, SC, EMG, and ET modalities and were trained on the valence

(DV ), arousal (DA), and quadrant (DQ) datasets. The expected loss (ϵ) with corresponding 99%

confidence intervals (CI99) and accuracy (A) values of the models were summarised in Table 6.2.

For the ablation studies, we followed two complementary evaluation strategies. First, we

performed a fixed-pipeline ablation, in which each ablated model inherited the classifier, hy-

perparameters, and feature-selection method of the corresponding best-performing full model,
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previously identified as described in Section 6.2.3. Second, we performed a re-optimised ablation

analysis (re-CASH ), in which each ablated dataset was treated as an independent modelling

problem. The same procedure adopted for the full models was repeated. Specifically, we solved

the CASH problem through Bayesian optimisation, using 150 iterations and the 0–1 loss func-

tion. The search space included the classifiers, feature-selection methods, and hyperparameter

configurations described in Table 6.1.

For both ablation strategies, the dataset splitting followed the same repeated and resampled

Leave-P -Subject-Out (LPSO) scheme used for the full models. The split was repeated N = 10

times, with learning
(
D(i)

l

)
, validation

(
D(i)

v

)
, and test

(
D(i)

t

)
subsets corresponding to 70%,

15%, and 15% of the data, kept fixed across all ablation studies and trials. For the re-CASH

ablation studies, D(i)
l was used for model fitting, D(i)

v for model selection, and D(i)
t for error

estimation. Conversely, in the fixed-pipeline ablation studies, no validation step was required,

since the best configurations were inherited from the corresponding full models. Therefore, model

training was performed on D(i)
l ∪ D

(i)
v and error estimation on D(i)

t .

Performance of the ablated models was expressed as expected loss (ϵ) with 99% confidence

interval (CI99) and corresponding accuracy (A), similarly to Chapter 6. Additionally, variations

in expected loss (∆ϵ) from both the full (F ) and baseline (B) models were reported, together

with descriptive CI-overlap markers. Negative ∆ϵ values indicate improved performance of the

ablated model with respect to the reference model. For the re-CASH ablations, we addition-

ally quantified the structural complexity C of the RF models selected after re-optimisation,

as described in Section 6.2.3. For each RF-based ablated model, we also computed a relative

complexity coefficient:

ρC =
C

Cfull
, (7.1)

where Cfull is the structural complexity of the corresponding full multimodal model trained on

the same target dataset. Values ρC > 1 indicate that the ablated model selected a structurally

more complex RF than the full model, whereas values ρC < 1 indicate a structurally simpler RF.

Since C is defined only for RF classifiers, configurations in which re-CASH selected a different

classifier were not assigned a complexity value.

Fixed-pipeline and re-CASH experiments involved unimodal (SU
DQ,V,A

) and LOMO (SLOMO
DQ,V,A

)
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ablation studies. They consisted of the following configurations:

SU
DQ,V,A

=
{
CEEG

DQ,V,A
, CSC

DQ,V,A
, CPPG

DQ,V,A
, CEMG

DQ,V,A
, CET

DQ,V,A

}
SLOMO
DQ,V,A

=
{
CEEG

DQ,V,A
, CSC

DQ,V,A
, CPPG

DQ,V,A
, CEMG

DQ,V,A
, CET

DQ,V,A

} (7.2)

where CX
DQ,V,A

.
= DQ,V,A \ CX

DQ,V,A
, with \ being the difference set operator.

Computations were performed in MATLAB (The MathWorks, Inc.) using the Signal Process-

ing and Statistics & Machine Learning Toolboxes. They were run on a workstation equipped with

an AMD Ryzen™ Threadripper PRO 5975WX CPU (32 cores, 64 threads, 3.6 GHz base clock)

and 256 GB DDR4-3200 MHz ECC RAM. No GPU acceleration was used; however, Bayesian

optimisation was executed in parallel using 32 workers through the Parallel Computing Toolbox.

7.3 Results

7.3.1 Fixed-Pipeline Ablation

For each dataset, EEG-, SC-, PPG-, and EMG-unimodal models performed better than the corre-

sponding benchmark under, while no detectable degradation relative to the full model emerged.

In contrast, the ET-unimodal model did not show clear separation from the benchmark and

showed clear degradation relative to the full models under the same criterion. The increases

in expected loss were DQ : ∆ϵF = +0.493, DV : ∆ϵF = +0.327, and DA : ∆ϵF = +0.345,

corresponding to accuracy decreases of 49.3%, 32.7%, and 34.5%, respectively. The results of

fixed-pipeline unimodal ablation studies, split per dataset and configuration, are summarised in

Table 7.1.

For each dataset, all LOMO models outperformed their corresponding benchmarks. However,

none showed detectable degradation relative to the corresponding full models. The results of

fixed-pipeline LOMO ablation studies, split per dataset and configuration, are summarised in

Table 7.2.

The expected loss with 99% confidence intervals of the fixed-pipeline ablations, alongside the

corresponding benchmarks and full models for DQ, DV , and DA, are plotted in Figures 7.1, 7.3,

and 7.2, respectively.
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Figure 7.1: Expected loss of fixed-pipeline ablated models for DQ. Points and horizontal error
bars indicate ϵ and CI99, respectively. Shaded bands and vertical lines represent the CI99 and
expected loss of the full (F ) and benchmark (B) models.

Figure 7.2: Expected loss of fixed-pipeline ablated models for DV . Points and horizontal error
bars indicate ϵ and CI99, respectively. Shaded bands and vertical lines represent the CI99 and
expected loss of the full (F ) and benchmark (B) models.
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Table 7.1: Results of fixed-pipeline unimodal ablation studies split per dataset and model.

Dataset Model ϵ CI99 A ∆ϵB ∆ϵF

DQ CEEG
DQ

0.283 [0.208, 0.367] 71.7% −0.467∗ +0.045

CSC
DQ

0.302 [0.231, 0.381] 69.8% −0.448∗ +0.064

CPPG
DQ

0.358 [0.282, 0.439] 64.2% −0.392∗ +0.120

CEMG
DQ

0.283 [0.213, 0.361] 71.7% −0.467∗ +0.045

CET
DQ

0.731 [0.654, 0.800] 26.9% −0.019 +0.493∗

DV CEEG
DV

0.200 [0.143, 0.267] 80.0% −0.300∗ +0.034

CSC
DV

0.239 [0.177, 0.309] 76.1% −0.261∗ +0.073

CPPG
DV

0.282 [0.208, 0.366] 71.8% −0.218∗ +0.116

CEMG
DV

0.227 [0.166, 0.296] 77.3% −0.273∗ +0.061

CET
DV

0.493 [0.411, 0.575] 50.7% −0.007 +0.327∗

DA CEEG
DA

0.184 [0.129, 0.250] 81.6% −0.316∗ +0.037

CSC
DA

0.232 [0.171, 0.302] 76.8% −0.268∗ +0.085

CPPG
DA

0.261 [0.193, 0.338] 73.9% −0.239∗ +0.114

CEMG
DA

0.153 [0.102, 0.215] 84.7% −0.347∗ +0.006

CET
DA

0.492 [0.411, 0.574] 50.8% −0.008 +0.345∗

ϵ: expected loss; CI99: 99% confidence interval for ϵ; A: accuracy; ∆ϵB: loss variation with
respect to the benchmark; ∆ϵF: loss variation with respect to the full model.
∗: non-overlap between marginal CI99 intervals.

7.3.2 Re-CASH Ablation

For each dataset, EEG-, SC-, PPG-, and EMG-unimodal models performed better than the

corresponding benchmark, while no detectable degradation relative to the full model emerged.

In contrast, the ET-unimodal model did not show clear separation from the benchmark and

showed clear degradation relative to the full models. The increases in expected loss were DQ :

∆ϵF = +0.496, DV : ∆ϵF = +0.320, and DA : ∆ϵF = +0.344, corresponding to accuracy

decreases of 49.6%, 32.0%, and 34.4%, respectively.

RF classifiers were selected in 13 out of 15 configurations. The two non-RF configurations

were CEEG
DQ

and CET
DA

, for which ANN classifiers were selected and C was therefore not computed.

Across RF-based unimodal ablations, the relative complexity coefficient was ρC = 2.831± 3.546,

with range [0.112, 10.596]. Seven configurations showed ρC > 1, whereas six showed ρC < 1.

The results of the re-CASH unimodal ablation studies, split per dataset and configuration,

are summarised in Table 7.3.

For each dataset, all LOMO models outperformed their corresponding benchmarks. However,
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Table 7.2: Results of fixed-pipeline LOMO ablation studies split per dataset and model.

Dataset Model ϵ CI99 A ∆ϵB ∆ϵF

DQ CEEG
DQ

0.276 [0.211, 0.349] 72.4% −0.474∗ +0.038

CSC
DQ

0.307 [0.239, 0.381] 69.3% −0.443∗ +0.069

CPPG
DQ

0.254 [0.183, 0.336] 74.6% −0.496∗ +0.016

CEMG
DQ

0.300 [0.232, 0.374] 70.0% −0.450∗ +0.062

CET
DQ

0.296 [0.229, 0.371] 70.4% −0.454∗ +0.058

DV CEEG
DV

0.189 [0.133, 0.255] 81.1% −0.311∗ +0.023

CSC
DV

0.181 [0.124, 0.251] 81.9% −0.319∗ +0.015

CPPG
DV

0.179 [0.122, 0.249] 82.1% −0.321∗ +0.013

CEMG
DV

0.187 [0.132, 0.253] 81.3% −0.313∗ +0.021

CET
DV

0.184 [0.126, 0.254] 81.6% −0.316∗ +0.018

DA CEEG
DA

0.219 [0.159, 0.288] 78.1% −0.281∗ +0.072

CSC
DA

0.185 [0.130, 0.250] 81.5% −0.315∗ +0.038

CPPG
DA

0.190 [0.134, 0.256] 81.0% −0.310∗ +0.043

CEMG
DA

0.158 [0.104, 0.225] 84.2% −0.342∗ +0.011

CET
DA

0.145 [0.093, 0.210] 85.5% −0.355∗ −0.002

ϵ: expected loss; CI99: 99% confidence interval for ϵ; A: accuracy; ∆ϵB: loss variation with
respect to the benchmark; ∆ϵF: loss variation with respect to the full model.
∗: non-overlap between marginal CI99 intervals.

none showed detectable degradation relative to the corresponding full models. The results of re-

CASH LOMO ablation studies, split per dataset and configuration, are summarised in Table 7.4.

RF classifiers were selected in all 15 configurations. Across these models, the relative com-

plexity coefficient was ρC = 1.974±2.103, with range [0.161, 6.643]. Seven configurations showed

ρC > 1, whereas eight showed ρC < 1.

The expected loss with 99% confidence intervals of the re-CASH ablations, alongside the

corresponding benchmarks and full models for DQ, DV , and DA, are plotted in Figures 7.4, 7.5,

and 7.6, respectively.

7.4 Discussion

We assessed the robustness of MATILDE – developed in Chapter 6 – through dataset-level abla-

tion studies, considering both unimodal and Leave-One-Modality-Out (LOMO) configurations.

Two complementary strategies were adopted. In the fixed-pipeline ablation, the classifier, hy-
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Figure 7.3: Expected loss of fixed-pipeline ablated models for DA. Points and horizontal error
bars indicate ϵ and CI99, respectively. Shaded bands and vertical lines represent the CI99 and
expected loss of the full (F ) and benchmark (B) models.

perparameters, and feature-selection configuration of the corresponding full models were kept

fixed, whereas in the re-CASH ablation the Combined Algorithm Selection and Hyperparameter

optimisation (CASH) procedure was repeated independently for each ablated dataset. For RF-

based re-CASH models, we additionally computed the structural complexity C and the relative

complexity coefficient ρC with respect to the corresponding full model.

For both fixed-pipeline and re-CASH experiments, most configurations outperformed the

benchmark under the adopted conservative CI-overlap criterion, without showing detectable

degradation relative to the corresponding full models. This pattern was observed in both uni-

modal and LOMO studies, suggesting the robustness of the RF-based pipelines to modality re-

moval. When retrained or re-optimised, RFs may tolerate reduced feature spaces if the remaining

modalities retain sufficient information, consistent with their ensemble nature (Breiman, 2001;

Hor & Moradi, 2015). It also suggests that discriminative information was evenly distributed

across multiple physiological channels, consistent with both multimodal learning theory (Bal-

trusaitis et al., 2019) and previous tML studies (Gohumpu et al., 2023; Koelstra et al., 2012;

Miranda-Correa et al., 2021; Soleymani et al., 2012).

ET represented the only consistent exception. In both fixed-pipeline and re-CASH experi-

ments, ET-unimodal models performed close to the benchmark and worse than the full models

under the adopted criterion, whereas removing ET in the LOMO configuration did not degrade
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Figure 7.4: Expected loss of re-CASH ablated models for DQ. Points indicate ϵ, horizontal error
bars indicate CI99, and shaded bands denote the CI99 of the full (F ) and benchmark (B) models.

performance. This supports the limited informativeness of the ET features extracted in this

work, already discussed in Chapter 6. It is worth restating that this is feature-specific rather

than modality-dependent, as previous studies have shown the contribution of richer eye-tracking

descriptors to emotion recognition (Skaramagkas et al., 2023).

The complexity analysis showed that full-model-comparable re-CASH performance was not

always obtained through structurally comparable RF solutions. On average, ablations showed

higher structural complexity than the corresponding full models; however, this increase was

not systematic, since the number of configurations with ρC > 1 and ρC < 1 was identical.

Except for ET, which showed consistently weak standalone and incremental contribution, no

clear modality-level pattern emerged. The clearest dataset-level trend was observed for DA,

where most ablated RFs were more complex than the full model. This increase may suggest

that, after modality reduction, re-CASH often selected more articulated RF structures to preserve

arousal performance. Such an interpretation is compatible with the distributed representation of

arousal, which has been associated with widespread cortical synchronisation (Kim et al., 2021)

and multiple autonomic and peripheral responses (C.-A. Wang et al., 2018).

Taken together, the results suggest that the proposed pipeline can be adapted to reduced-

modality configurations while preserving predictive performance close to that of the full models,

with a non-monotonic increase in complexity. This is relevant from an applied perspective,
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Figure 7.5: Expected loss of re-CASH ablated models for DV . Points indicate ϵ, horizontal error
bars indicate CI99, and shaded bands denote the CI99 of the full (F ) and benchmark (B) models.

because a reliable AD system may not necessarily require the simultaneous acquisition of all

physiological signals. Instead, depending on the target dataset and acceptable performance–

complexity trade-off, the system could potentially be simplified towards fewer sensors, or even

unimodal configurations. This has implications for scalability, cost, and user burden, especially

in applications where full multimodal acquisition may be impractical, such as wearable-based

emotion-recognition research (Saganowski et al., 2022; Schmidt et al., 2019; Shu et al., 2018).

Despite these promising results, some limitations should be acknowledged. First, ablations

were performed at the modality level. Since EEG dominated the full-model feature-importance

analysis, future channel-wise or region-wise ablations could clarify whether performance depends

on specific scalp areas or on a distributed EEG contribution, as recently explored by Valder-

rama and Sheoran (2025). Second, comparisons were based on a limited number of repeated

LPSO splits and on the overlap of marginal CI99 intervals, which is a conservative approach.

Formal comparisons would require inference directly on paired performance differences, using

procedures that account for the dependence induced by resampling-based evaluation (Dietterich,

1998; Nadeau & Bengio, 2003). Third, the ablation analyses were performed by retraining or

re-optimising models on predefined reduced-modality datasets. They therefore assess the perfor-

mance of reduced-sensor configurations, rather than robustness to arbitrary missing modalities

at inference time. This latter problem would require specific missing-modality learning (Zhan
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Figure 7.6: Expected loss of re-CASH ablated models for DA. Points indicate ϵ, horizontal error
bars indicate CI99, and shaded bands denote the CI99 of the full (F ) and benchmark (B) models.

et al., 2025) or modality-dropout strategies (J. Zhao et al., 2021). Finally, the results were not

externally validated on independent datasets, partly because directly comparable static-picture

multimodal datasets are currently lacking (Bilucaglia et al., 2024).
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Chapter 8

Conclusions

This work focused on emotions, a key variable in predicting, mediating, and moderating

consumption-related behaviours. It addressed the problem of emotion measurement (ψ) through

multimodal Affect Detection (AD) models based on bioelectrical and biometric modalities (ϕ),

in order to directly estimate P(ψ|ϕ). This approach represents a conceptual shift in Consumer

Neuroscience, as it has traditionally relied on reverse inference, based on the assumption that

large-scale neuroimaging studies yield P(ϕ|ψ) ≈ 1.

The first part of the thesis established the theoretical and methodological foundations. It

began by reviewing psychological and physiological theories of emotion, clarifying why affec-

tive states should be understood as multidimensional phenomena involving subjective, neural,

autonomic and behavioural components. It then introduced Consumer Neuroscience and Psy-

chophysiology, highlighting the limitations of reverse inference and motivating AD as a supervised

modelling framework for estimating affective states. Finally, it reviewed the ML concepts under-

lying the proposed modelling approach, including statistical learning, model selection and error

estimation.

The first empirical contribution is I DARE (IULM Dataset of Affective REsponses), a novel

multimodal dataset of affective responses to static visual stimuli. I DARE included electroen-

cephalogram, electromyogram, skin conductance, photoplethysmogram and eye-tracking record-

ings from 63 participants exposed to 32 emotional images. The stimuli were selected from

standard affective databases through a semi-automatic procedure based on their distribution in

the valence–arousal space and on ratings from independent judges. With 5 modalities, 63 par-

ticipants and 32 stimuli, I DARE provides a dimensionality of 10080 and a minimum detectable
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effect size of f = 0.095, surpassing existing datasets.

The second contribution is MATILDE (Multimodal biosignAl-based modaliTy-resilient subject-

Independent modeL for affect DEtection), a multimodal subject-independent AD model devel-

oped on I DARE. Its development was formulated as a Combined Algorithm Selection and Hyper-

parameter optimisation (CASH) problem, exploring multiple classifiers, feature-selection strate-

gies and hyperparameter configurations through Bayesian optimisation. The best MATILDE

configurations, based on Random Forest classifiers, achieved accuracies of 76.2% for quadrant

classification, 83.4% for valence classification and 85.3% for arousal classification. These results

were above the corresponding benchmarks and were consistent with the upper range of traditional

ML-based AD systems.

The robustness of MATILDE was then assessed through dataset-level ablation studies. Both

unimodal and Leave-One-Modality-Out configurations were tested under two strategies: a fixed-

pipeline setting, where the full-model configuration was preserved, and a re-CASH setting, where

the optimisation procedure was repeated for each reduced-modality dataset. Most reduced-

modality configurations remained above their benchmarks and close to the corresponding full

models, suggesting that affective information was distributed across multiple physiological chan-

nels. Eye tracking was the main exception, showing limited standalone performance and no

evident incremental contribution in Leave-One-Modality-Out configurations. The Random For-

est structural analysis further showed that reduced-modality models sometimes required greater

complexity to preserve performance, especially in the re-CASH setting.

Overall, the results support a transition from isolated signal interpretation and reverse infer-

ence towards data-driven, multimodal and explicitly validated models of affective-state estima-

tion. In this perspective, physiological and biometric signals should not be treated as direct mark-

ers of emotion, but as complementary sources of information whose affective meaning emerges

through validated modelling frameworks. This shift may support more robust, scalable and

methodologically grounded applications of emotion measurement in Consumer Neuroscience.

100



Bibliography

Abu Alfeilat, H. A., Hassanat, A. B., Lasassmeh, O., Tarawneh, A. S., Alhasanat, M. B., Eyal

Salman, H. S., & Prasath, V. S. (2019). Effects of distance measure choice on k-nearest

neighbor classifier performance: A review. Big Data, 7 (4), 221–248. https://doi.org/10.

1089/big.2018.0175

Aeron, S., & Rahman, Z. (2024). Emotion as cause, effect, mediator, and moderator in marketing:

An integrative review and future research directions. Journal of Consumer Behaviour,

24 (1), 470–498. https://doi.org/10.1002/cb.2430

Afroza, S., Farruk, A., & Shafiul, A. M. (2023). A systematic review on surface electromyography-

based classification system for identifying hand and finger movements. Healthcare Ana-

lytics, 3, 100126. https://doi.org/10.1016/j.health.2022.100126

Ahmad, Z., & Khan, N. (2022). A survey on physiological signal-based emotion recognition.

Bioengineering, 9 (11), 688. https://doi.org/10.3390/bioengineering9110688

Ahmed, N., Aghbari, Z. A., & Girija, S. (2023). A systematic survey on multimodal emotion

recognition using learning algorithms. Intelligent Systems with Applications, 17, 200171.

https://doi.org/10.1016/j.iswa.2022.200171

Airola, A., Pahikkala, T., Waegeman, W., De Baets, B., & Salakoski, T. (2011). An experimental

comparison of cross-validation techniques for estimating the area under the ROC curve.

Computational Statistics & Data Analysis, 55 (4), 1828–1844. https://doi.org/10.1016/

j.csda.2010.11.018

Akhtar, M. T., Jung, T.-P., Makeig, S., & Cauwenberghs, G. (2012). Recursive independent com-

ponent analysis for online blind source separation. 2012 IEEE International Symposium

on Circuits and Systems, 2013–2016. https://doi.org/10.1109/iscas.2012.6271896

101

https://doi.org/10.1089/big.2018.0175
https://doi.org/10.1089/big.2018.0175
https://doi.org/10.1002/cb.2430
https://doi.org/10.1016/j.health.2022.100126
https://doi.org/10.3390/bioengineering9110688
https://doi.org/10.1016/j.iswa.2022.200171
https://doi.org/10.1016/j.csda.2010.11.018
https://doi.org/10.1016/j.csda.2010.11.018
https://doi.org/10.1109/iscas.2012.6271896


Alazrai, R., Homoud, R., Alwanni, H., & Daoud, M. I. (2018). EEG-based emotion recognition

using quadratic time-frequency distribution. Sensors, 18 (8), 2739. https://doi.org/10.

3390/s18082739

Aljalal, M., Aldosari, S. A., Molinas, M., & Alturki, F. A. (2024). Selecting EEG channels and

features using multi-objective optimization for accurate MCI detection: Validation using

leave-one-subject-out strategy. Scientific Reports, 14 (1). https : / / doi . org / 10 . 1038 /

s41598-024-63180-y

Al-Nafjan, A., Hosny, M., Al-Ohali, Y., & Al-Wabil, A. (2017). Review and classification of emo-

tion recognition based on EEG brain-computer interface system research: A systematic

review. Applied Sciences, 7 (12), 1239. https://doi.org/10.3390/app7121239

Al-Shawaf, L., Conroy-Beam, D., Asao, K., & Buss, D. M. (2015). Human emotions: An evolu-

tionary psychological perspective. Emotion Review, 8 (2), 173–186. https://doi.org/10.

1177/1754073914565518

Altman, N., & Krzywinski, M. (2018). The curse(s) of dimensionality. Nature Methods, 15 (6),

399–400. https://doi.org/10.1038/s41592-018-0019-x

Aluja-Banet, T., & Nafria, E. (1998). Robust impurity measures in decision trees. In Data science,

classification, and related methods (pp. 207–214). Springer Japan. https://doi.org/10.

1007/978-4-431-65950-1 21
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P., Trettel, A., & Babiloni, F. (2023). What is behind in-stream advertising on YouTube?

a remote neuromarketing study employing eye-tracking and facial coding techniques.

Brain Sciences, 13 (10), 1481. https://doi.org/10.3390/brainsci13101481

Mansour, Y., & McAllester, D. A. (2000). Generalization bounds for decision trees. Proceedings

of the Thirteenth Annual Conference on Computational Learning Theory (COLT’00),

69–74.

119

https://doi.org/10.1016/j.engappai.2025.110004
https://doi.org/10.1016/j.engappai.2025.110004
https://doi.org/10.1093/bjps/axs044
https://doi.org/10.1097/00006842-194911000-00003
https://doi.org/10.1016/0013-4694(52)90073-4
https://doi.org/10.1016/j.radonc.2026.111486
https://doi.org/10.1146/annurev-neuro-111020-103314
https://doi.org/10.1093/oxfordjournals.eurheartj.a014868
https://doi.org/10.1093/oxfordjournals.eurheartj.a014868
https://doi.org/10.1109/34.192463
https://doi.org/10.3390/brainsci13101481
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