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Preface

This doctoral research stems from the intention to explore in depth the complex and multifaceted
domain of Executive Functions (EFs), a central construct in contemporary cognitive psychology and
neuroscience. In a world marked by increasing cognitive, emotional, and decision-related demands,
understanding the mechanisms that govern goal-directed behavior is not only a theoretical pursuit but
also a practical necessity.

Executive Functions have long been the subject of intense scientific debate. Despite decades
of research, fundamental questions remain unresolved, including whether EFs represent a unitary or
multidimensional construct, how they should be operationally defined, and what their precise neural
correlates are. Through a critical review of both classical and modern theoretical frameworks — from
the pioneering work of Luria and Lezak to recent neurocognitive and metacognitive perspectives —
this dissertation aims to clarify the internal architecture of EFs, with particular focus on the interplay
between cognitive, emotional, and motivational components.

Among these components, decision-making plays a particularly central role. Widely
recognized as a core executive function, it embodies the dynamic integration of cognitive control,
emotional processing, and contextual adaptation. This project investigates how feedback and
metacognitive monitoring influence decision-making across different experimental paradigms,
drawing on neurophysiological measures — notably electroencephalography (EEG) — to uncover the
underlying mechanisms that support adaptive behavior.

By integrating theory and empirical evidence, this work seeks to provide both a conceptual
contribution to the field and a foundation for future applied research in contexts such as education,
clinical intervention, and organizational development, where the enhancement of executive

functioning can promote autonomy, cognitive flexibility, and strategic self-regulation.



Chapter 1 — Introduction

1.1 Executive Functions: theoretical perspectives and recent advances
In recent decades, Executive Functions (EFs) have emerged as a core construct within
neuropsychology and cognitive neuroscience. Despite the growing body of research, findings have
often been inconsistent, contributing to an ongoing debate regarding the fundamental characteristics
of these abilities. Although widely referenced in the literature, EFs still lack a universally accepted
definition (Jurado & Rosselli, 2007) underscoring the multifaceted and conceptually complex nature
of the construct (Silva et al., 2024)

Specifically, different recent reviews have tried to identify and analyze studies and definitions
related to EFs (Dias et al., 2023; Goldstein et al., 2013; Silva et al., 2024) , highlighting how no single
definition clearly and ultimately encompasses such cognitive function. For instance, Goldstain et al.
(2013) identified a total of 33 distinct definitions of EFs (see Table 1), whereas a recent review by
Dias et al. (2023) underscored how out of the 242 articles analyzed, 184 (76%) lacked an explicit
definition of EFs.

Notably, a search conducted in the APA PsycInfo database Baggetta & Alexander
(2016) revealed that one of the main points of agreement among the reviewed studies is that EFs are
a multidimensional construct, as noted in 79% of the research. However, there were notable
differences across the studies, including the use of 48 distinct models, the identification of 39 different
EFs components (with the most commonly mentioned being inhibitory control/response inhibition,
working memory/updating, and shifting/cognitive flexibility/switching), and a wide variety of
assessment tools — comprising 11 batteries/scales and 109 different tests or tasks (Dias et al., 2023).

Despite the ongoing challenges in establishing consensus regarding the models and
components of EFs, a commonly accepted definition conceptualizes EFs as a set of higher-order,
multidimensional cognitive processes responsible for the regulation and direction of behavior
(Baggetta & Alexander, 2016; Dias et al., 2023). As such, EFs are often described as an overarching

construct that encompasses a broad array of cognitive and behavioral skills (Chan et al., 2008) , as
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well as their support role in learning, socioemotional competence, and everyday functioning
(Baggetta & Alexander, 2016; Diamond, 2013) , contributing to the development of autonomy and
productive engagement in daily activities (Zelazo, 2020) .

Interestingly, the analysis of EFs definitions further revealed that over 90% of the studies
conceptualized EFs as a multidimensional construct (Dias et al., 2023) . Indeed, another major debate
within the literature concerns the existence of a unified executive factor versus the presence of
distinct, dissociable EFs, reflecting the tension between unity and diversity in the conceptualization
of executive functioning (Silva et al., 2024) . Specifically, several theoretical models have proposed
a unified EF, suggesting a single cognitive system underlying executive control. Notable examples
include Norman and Shallice’s (1986) Supervisory Attentional System (SAS), Baddeley and Hitch’s
(1974) central executive in the working memory model, Posner and Snyder’s (1975) cognitive control
model, Goldman-Rakic’s (1995) unitary executive framework, Grafman’s (2002) structured event
model, Engle’s (2002) executive attention theory, and Braver’s (2012) dual mechanisms framework.
Recent cognitive neuroscience models also support this unitary perspective, often associating EFs
with frontal lobe activity. However, subsequent revisions of these models acknowledge the potential
fractionation of EFs into distinct components, thus aligning with a more multidimensional view (Silva
et al., 2024).

Indeed, contrary to unitary models, numerous theories conceptualize EFs as a set of distinct
but interrelated processes. These include Fuster’s hierarchical frontal lobe model (1993) , Zelazo and
Frye’s (1998) cognitive complexity theory, Stuss and Alexander’s (2000) model of multiple
attentional  systems, Duncan’s (2010)  multiple-demand system, Lezak et al.’s
(1982) neuropsychological framework, and psychometric models identifying between two and five
distinct executive factors (Karr et al., 2018) . As the general concept of executive functioning has
been further differentiated, core components have been identified, such as planning, decision-making,

emotional and impulse control, reasoning, sustained attention, verbal fluency, response inhibition,



cognitive flexibility, dual-tasking, and various aspects of working memory (e.g., maintenance,
monitoring, and updating).

McCloskey, Perkins, and Van Divner (2011) offered an operational definition of EFs based
on six interrelated principles:

1. EFs are diverse in nature; they do not represent a single, unified trait.

2. EFs are directive in nature, meaning they are mental constructs that guide and coordinate
the use of other mental processes.

3. EFs direct mental activity differently across four major domains: perception, emotion,
cognition, and action.

4. The application of EFs can vary widely across four contexts: intrapersonal, interpersonal,
environmental, and symbolic system use.

5. EFs begin developing early in childhood and continue maturing at least into the third decade
of life, likely evolving throughout the lifespan.

6. The use of EFs is reflected in the activation of neural networks within various regions of
the frontal lobes.

In the context of the current work, we describe EFs as an umbrella term that refers to a set of
top-down, high-level mental processes that promote actions directed toward goal attainment, that
essentially operate as a metacognitive, supervisory, controlling system (Balconi et al., 2020;
Diamond, 2013; Miller & Cohen, 2001; Ward, 2019) encompassing several cognitive functions,
including but not limited to working memory, inhibition, self-regulation, cognitive flexibility,
decision-making, problem solving, reasoning, and planning. Nevertheless, to provide a clearer
understanding of the construct of EFs, we will present a brief historical overview outlining the major

theoretical models developed over time.



Table 1. Review of EFs definitions (adapted from Goldstein et al., 2014).

Authors

Definition

Anderson (2002)

Banich (2009)

Barkley (2011)

Baron (2004)

Best et al. (2009)

Borkowski and
Burke (1996)

Burgess (1997)

Corbett et al.
(2009)

Crone (2009)

Dawson and Guare
(2010)

Delis (2012)

Delis (2012)

Denckla (1996)

Friedman et al.
(2007)
Funahashi (2001)

Fuster (1997)

Gioia et al. (2000)

Gioia and Isquith
(2004)

Processes associated with EF are numerous, but the principal elements include
anticipation, goal selection, planning, initiation of activity, self-regulation, mental
flexibility, deployment of attention, and utilization of feedback.

Providing resistance to information that is distracting or task irrelevant, switching
behavior task goals, utilizing relevant information in support of decision making,
categorizing or otherwise abstracting common elements across items, and handling novel
information or situations.

EF is thus a self-directed set of actions intended to alter a delayed (future) outcome
(attain a goal for instance).

Executive functioning skills allow an individual to perceive stimuli from his or her
environment, respond adaptively, flexibly change direction, anticipate future goals,
consider consequences, and respond in an integrated or commonsense way.

Executive function (EF) serves as an umbrella term to encompass the goal-oriented
control functions of the PFC.

EF coordinates two levels of cognition by monitoring and controlling the use of the
knowledge and strategies in concordance with the metacognitive level.

A range of poorly defined processes which are putatively involved in activities such as
problem-solving, ... planning ... ‘initiation’ of activity, ‘cognitive estimation,” and
‘prospective memory.’

Executive function (EF) is an overarching term that refers to mental control processes
that enable physical, cognitive, and emotional self-control.

For example, during childhood and adolescence, children gain increasing capacity for
inhibition and mental flexibility, as is evident from, for example, improvements in the
ability to switch back and forth between multiple tasks.

Executive skills allow us to organize our behavior over time and override immediate
demands in favor of longer-term goals.

Executive functions reflect the ability to manage and regulate one’s behavior in order to
achieve desired goals.

Neither a single ability nor a comprehensive definition fully captures the conceptual
scope of executive functions; rather, executive functioning is the sum product of a
collection of higher level skills that converge to enable an individual to adapt and thrive
in complex psychosocial environments.

EF has become a useful shorthand phrase for a set of domain-general control
processes....

. a family of cognitive control processes that operate on lower-level processes to
regulate and shape behavior.

Executive function is considered to be a product of the coordinated operation of various
processes to accomplish a particular goal in a flexible manner.

EF ...is closely related, if not identical, to the function of temporal synthesis of action,
which rests on the same subordinate functions. Temporal synthesis, however, does not
need a central executive.

The executive functions are a collection of processes that are responsible for guiding,
directing, and managing cognitive, emotional, and behavioral functions, particularly
during active, novel problem solving.

The executive functions serve as an integrative directive system exerting regulatory
control over the basic, domain-specific neuropsychological functions (e.g., language,
visuospatial functions, memory, emotional experience, motor skills) in the service of
reaching an intended goal.



Authors

Definition

Hughes (2009)

Lezak (1995)

Lezak (1995)

Luria (1966)

Luria (1966)

McCloskey (2011)

McCloskey (2006)

Miller and Cohen
(2001)

Oosterlaan, et al.
(2005)

Pribram (1973)

Robbins (1996)

Roberts and
Pennington (1996)

Stuss and Benson
(1986)

Vriezen and Pigott
(2002)

Welsh and
Pennington (1988)

The term executive function (EF), therefore, refers to a complex cognitive construct
encompassing the whole set of processes underlying these controlled goal-directed
responses to novel or difficult situations, processes which are generally associated with
the prefrontal cortex (PFC).

Executive functioning asks how and whether a person goes about doing something.

Executive functions refer to a collection of interrelated cognitive and behavioral skills
that are responsible for purposeful, goal-directed activity, and include the highest level
of human functioning, such as intellect, thought, self-control, and social interaction.

...Syntheses underlying own actions, without which goal-directed, selective behavior is
impossible.

...besides the disturbance of initiative and the other aforementioned behavioral
disturbances, almost all patients with a lesion of the frontal lobes have a marked loss of
their “critical faculty,’ i.e., a disturbance of their ability to correctly evaluate their own
behavior and the adequacy of their actions.

It is helpful to think of executive functions as a set of independent but coordinated
processes rather than a single trait.

Executive Functions can be thought of as a diverse group of highly specific cognitive
processes collected together to direct cognition, emotion, and motor activity, including
mental functions associated with the ability to engage in purposeful, organized, strategic,
self-regulated, goal directed behavior.

[our theory] suggests that executive control involves the active maintenance of a
particular type of information: The goals and rules of a task.

EF encompasses meta-cognitive processes that enable efficient planning, execution,
verification, and regulation of goal directed behavior.

... the frontal cortex is critically involved in implementing executive programmes where
these are necessary to maintain brain organization in the face of insufficient redundancy
in input processing and in the outcomes of behavior.

Executive function is required when effective new plans of action must be formulated,
and appropriate sequences of responses must be selected and scheduled.

EF refers to a collection of related but somewhat distinct abilities such as planning, set
maintenance, impulse control, working memory, and attentional control.

Executive functions is a generic term that refers to a variety of different capacities that
enable purposeful, goal-directed behavior, including behavioral regulation, working
memory, planning and organizational skills, and self-monitoring.

Executive function has been defined in a variety of ways but is generally viewed as a
multidimensional construct encapsulating higher-order cognitive processes that control
and regulate a variety of cognitive, emotional and behavioral functions.

Executive function is defined as the ability to maintain an appropriate problem-solving
set for attainment of a future goal.




1.1.1 Classical theories of Executive Functions

1.1.1.1 From Luria to Lezak

Before describing some of the milestone theories of EFs, it is essential to mention the model of Luria
derived from his studies of individuals with frontal lobe damage. He was the first to observe that they
exhibited disorganized behavior and ineffective strategies when performing everyday tasks, and
therefore developed a theory of brain functioning known as the Three Functional Units (Luria, 1973),
which assigns distinct cognitive roles to specific brain regions. The first unit, responsible for arousal
and motivation, involves the limbic and reticular systems and is situated in the brainstem, governing
alertness and arousal. The second unit, encompassing the post-rolandic cortical areas — including the
temporal, occipital, and parietal lobes — is involved in receiving, processing, encoding, and storing
information. The third unit, which Luria emphasizes as having an executive role, is located in the
frontal lobes and is responsible for programming, controlling, regulating, and verifying human
behavior. These early studies laid the foundation for the development of theoretical models of
executive function, and these findings can be interpreted as supporting the idea of EFs as a unified
construct, attributing the frontal lobes as the central region responsible for all behavioral regulation
(Silva et al., 2024).

Keeping up from such premises, Norman and Shallice conducted research to investigate the
functions of the frontal lobes and their role in regulating human behavior, aiming to expand
knowledge about the contribution of these brain areas to cognition and attentional control (Silva et
al., 2024) . Their aim was to shed light on the mechanisms underlying executive control, especially
in situations requiring conscious decision-making rather than automatic responses (Goldstein et al.,
2013). In 1986, they developed a theoretical model known as the Supervisory Attentional System
(SAS), which describes attention as operating through two systems: the preprogrammed system,
responsible for habitual and automatic actions, and the SAS, which functions at a more controlled
level to manage novel or complex situations (Norman & Shallice, 1986). The SAS regulates attention,
inhibits perseverative behaviors, suppresses responses to irrelevant stimuli, and generates new actions

10



in unfamiliar contexts. The level of control attributed to the SAS by Norman and Shallice was
interpreted as evidence of the unity of EFs, as they proposed that all attentional control processes
were managed by a single system. According to Shallice, when this system is impaired or
dysfunctional, individuals may experience executive function deficits, such as difficulties with
inhibition or self-regulation, manifesting in behaviors like impulsivity or disinhibition (Shallice,
2002) . These impairments highlight the essential role of the SAS in adaptive, goal-directed behavior.

Later, the SAS model inspired an updating and revision of Baddeley & Hitch (1974) model
of working memory functioning: indeed, they postulated the existence of the central executive as a
control system coordinating and overseeing the phonological loop (for verbal information) and the
visuospatial sketchpad (for visual data) and is primarily associated with the frontal lobes (Baddeley,
1996) .

At first, the central executive was thought to operate as a unified system responsible for
overseeing all aspects of information processing and cognitive control, functioning as a general
attentional resource. However, as research progressed, particularly through experimental studies,
Baddeley and Hitch identified that the central executive is composed of multiple distinct functions.
These include managing two tasks simultaneously (dual-task performance), focusing attention
selectively, switching between tasks, and activating information stored in long-term memory
(Baddeley, 1996; Baddeley et al., 2020) .

Building on the idea that EFs do not represent a single, unified process but are instead
composed of multiple distinct yet interrelated processes, various frameworks have been proposed to
explain this complexity. For example, Lezak et al. (2004) proposed a four-component model of EFs
that highlights the cognitive abilities required for independent, goal-directed, and adaptive behavior.
These include volition, the capacity to plan and make decisions, the initiation of purposeful actions,
and the ability to carry out those actions effectively. This model underscores the multifaceted and

functional nature of executive processes, especially in real-world contexts.
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1.1.2 Modern perspectives on Executive Functions

1.1.2.1 The unity and diversity model of executive functions

In line with this view, in the 2000s, several models were proposed that described EFs as a
multicomponent factor. Among these, the most popular and influential model is probably the Unity
and Diversity Model of Executive Functions by Miyake et al. (2000) which advanced a theoretically
and empirically grounded model of executive functions that underscores both their integrative and
dissociable nature. Through latent variable analysis, the authors identified three core components —
shifting (the ability to alternate between tasks or mental sets), updating (the continuous monitoring
and revision of working memory representations), and inhibition (the deliberate suppression of
dominant or automatic responses) — demonstrating that while these functions are moderately
intercorrelated, they remain functionally distinct. This evidence supports a conceptualization of
executive functioning as a set of related but separable cognitive processes, each contributing
differentially to complex goal-directed behavior and higher-order cognitive tasks.

Although the set of executive functions identified by Miyake et al. (2000) was not intended
to be exhaustive, their selection was guided by both practical considerations and neuroanatomical
evidence, as each of the three core functions — shifting, updating, and inhibition — has been linked to
distinct regions of the neocortex. This targeted approach allowed for the investigation of executive
processes that are both theoretically meaningful and empirically measurable, while maintaining

relevance to known neural substrates (Loffler et al., 2024).

1.1.2.2  Guided Activation Theory
Similarly, Miller and Cohen (2001) proposed a comprehensive model of prefrontal cortex (PFC)

function known as the Guided Activation Theory, which conceptualizes executive functioning as a
form of cognitive control rooted in the active maintenance of goal-relevant representations. In their
framework, EFs are understood as a top-down system that facilitates coordinated behavior by biasing

the activity of sensory, cognitive, and motor systems toward goal-directed outcomes. The PFC
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achieves this by generating bias signals that shape the flow of neural activity along task-relevant
pathways, thereby establishing appropriate mappings between stimuli, internal states, and responses.
These pathways function as dynamic “maps” linking inputs to outputs, allowing the organism to
override habitual responses in favor of context-appropriate behavior. Executive functioning, in this
model, serves as an umbrella term encompassing a range of cognitive processes that support
purposeful behavior, especially in situations requiring flexibility, inhibition, and sustained attention.
The model is grounded in evidence from neurophysiology, neuroimaging, and computational
modeling, and positions the PFC as a modulatory hub essential for the integration and regulation of

complex, goal-directed actions.

1.1.2.3 Diamond model of Executive Functions
Starting from Miyake et al.’s model (2000) , Diamond (2013) postulated a model where EFs are

conceptualized as a set of interrelated top-down cognitive processes essential for purposeful, goal-
directed behavior. These functions are indispensable for the execution of goal-oriented activities,
adaptive problem-solving, and flexible adjustment to dynamic environmental demands (Figure 1).
The three principal components of executive functioning include:
e [nhibitory control, which enables individuals to suppress automatic responses, resist external
distractions, and override impulsive tendencies;
o Working memory, which allows for the temporary maintenance and manipulation of
information essential for reasoning and learning;
o Cognitive flexibility, which underlies the capacity to shift perspectives, alternate between
tasks, and adapt strategies in response to changing circumstances.

These core functions serve as the scaffolding for more complex executive processes, such as
strategic planning, abstract reasoning, problem resolution, and emotional self-regulation — all of
which are critical to academic performance, occupational competence, social functioning, and
psychological well-being.
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Diamond (2013) highlights that contextual and psychological variables — including chronic stress,
insufficient sleep, emotional dysregulation, and social disconnection — can substantially compromise
executive functioning. Given that EFs are heavily dependent on the integrity of the prefrontal cortex,
they are particularly susceptible to such adverse influences. Accordingly, they are often regarded as
a neurocognitive sentinel, or a “canary in the coal mine,” signaling emerging disruptions in cognitive

and emotional health.
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Figure 1. Diamond conceptualisation of EFs (from Diamond, 2013).

Multiple studies have validated this three-factor structure of EFs —namely, inhibition, working
memory/updating, and cognitive flexibility/shifting — particularly in adult populations, as confirmed
by systematic reviews and meta-analyses (Ustarroz et al., 2017). Although some research has
identified additional factors, such as verbal fluency or decision-making (Ustarroz et al., 2017), the
predominance of evidence supporting these three domains may have contributed to an overemphasis
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on them. As a result, these components have sometimes been treated as the “Holy Trinity”, virtually
synonymous with the broader concept of executive functioning, potentially overshadowing other

important aspects or more clinically grounded models (Dias et al., 2023).

1.1.24 “Hot” and “cold” model of Executive Functions

In neuropsychology, hierarchical and multicomponent models offer three main contributions: (1) they
help distinguish complex behaviors like planning and cognitive flexibility from simple automatic
responses; (2) they allow for the development of tasks to assess individual cognitive components,
aiding diagnosis and treatment of brain-injured patients; (3) they provide a broader understanding of
how executive dysfunction impacts behavior beyond isolated cognitive deficits (Kluwe-Schiavon et
al., 2017) . However, these models still rely on the traditional framework of “cognitive control,”
where the PFC regulates goal-directed behavior and emotional self-regulation. To better explain these
control mechanisms, researchers have turned to dual-process theories, which differentiate between
“cold” and “hot” cognitive systems (Zelazo & Carlson, 2012), emphasizing the role of emotional and
motivational context in cognitive control (Figure 2). Specifically:

(1) hot EFs are engaged in emotionally salient or motivationally charged situations and are
associated with the orbitofrontal cortex and related medial brain structures; they
encompass the handling of information associated with reward, emotion, and motivation,
including emotion regulation, reward processing, delay discounting, decision-making and
affective decision;

(1))  cold EFs refers to the deliberate, top-down regulation of behavior in affectively neutral
situations, involving purely cognitive processes, including working memory, response
inhibition, attentional control and problem solving (involving dorsolateral regions of the
PFC).

While cold EFs typically emerge and develop rapidly during early childhood, hot EFs appear

to follow a more protracted developmental trajectory, becoming more refined during adolescence.

15



Neuropsychological and neuroimaging evidence supports a partial dissociation between the two
systems, with lesion studies indicating that impairments in one system do not necessarily affect the
other. Importantly, both components of EFs exhibit significant plasticity and can be enhanced through
targeted interventions, especially during sensitive developmental windows such as early childhood
and the transition to adolescence. Therefore, the differentiation between hot and cool EFs is supported
by extensive experimental, clinical, and neurophysiological evidence, and it is currently

acknowledged that cool EFs moderate the influence of hot EFs (Balconi & Crivelli, 2021; Rovelli &

Allegretta, 2023).
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Figure 2. Differences between hot and cold executive functions across three key dimensions: (a) the types of domains
and behavioral tasks used to assess them, (b) the specific brain regions involved, and (c) the core theoretical
assumptions and defining characteristics associated with each (from Salehinejad et al.., 2021).

1.1.2.5 The Neuro-Empowerment Model of Executive Functions

In applied contexts, a particularly innovative and recent contribution to the modelling of EFs has been
offered by Balconi et al. (2020) , who introduced the concept of neuro-empowerment to explain how
executive functioning can be actively supported and enhanced in high-demand, real-life contexts such

as organizational settings. Their model “7The Triadic Model for Assessment and Neuroempowerment”
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(Figure 3) conceptualizes EFs not as fixed cognitive traits, but rather as dynamic, trainable systems
modulated by the interplay between neurocognitive activation, emotional self-regulation, and
contextual complexity. The model organizes competencies into three interconnected domains:

(1) Technical-Analytical Skills: these include both task-specific and general cognitive
abilities. Technical skills are tied to specific roles or disciplines and depend on
education and experience (e.g., logical problem-solving). In contrast, analytical skills
are more general and relevant across contexts, such as attention control, working
memory, and inhibition.

(1))  Metacognitive Skills: these higher-order processes are vital in complex environments.
They involve self-awareness and the ability to regulate one’s cognitive and emotional
states. Skills such as strategic planning, adaptive decision-making, self-evaluation, and
intrinsic motivation fall under this category.

(iii)  Relational Skills: essential in organizational settings, these encompass emotional and
cognitive empathy, social awareness, and effective interpersonal interaction. They are
central to emotional intelligence and support social and professional success.

While EFs, including inhibition, working memory, processing speed, and flexibility, are not
isolated components in this model, they operate across and within all three domains, reflecting their
integrative and regulatory role in supporting adaptive behavior. Within this perspective, EFs are
embedded in a neurofunctional framework that emphasizes the role of prefrontal activation
(especially frontal asymmetries and theta oscillations) as key biomarkers of adaptive control
processes, which can be enhanced through feedback-based interventions and targeted cognitive

training (Balconi et al., 2020).
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Figure 3. The triadic model of neuroempowerment for the executive functions at the workplace (from Balconi et al.,
2020).

Building on this foundation, later work by Balconi, Acconito et al. (2023, 2024) has further
elaborated the role of metacognitive monitoring and emotional regulation in EFs performance,
showing that individual variability in self-awareness and motivation can predict the effectiveness of
executive control. These studies highlight the need to consider not only the cognitive architecture of
EFs, but also its modulation by affective and motivational dimensions, particularly in socially and
emotionally salient environments. This approach aligns with the hot/cold EFs distinction, recognizing
that executive functioning is not a purely rational mechanism but one that operates under the influence

of internal states and external pressures.
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Overall, the neuro-empowerment framework and related research offer a multicomponential
and ecologically grounded model of EFs that connects theoretical constructs with measurable
neurophysiological indices and concrete intervention strategies. By integrating cognitive control,
emotional awareness, and contextual adaptation, Balconi’s work bridges traditional models of
executive functioning with contemporary demands for flexible, real-world applications, and provides

a valuable roadmap for the development of neuroscience-based cognitive enhancement programs.

1.2 Neural correlates of Executive Functions

Although, as mentioned in the previous paragraphs, there is no universally accepted definition of EFs,
numerous studies have tried to explore their underlying neural and physiological mechanisms. Much
of the research on the neural basis of executive functioning originates from early observations of
individuals with damage to the frontal lobes (Jurado & Rosselli, 2007) . These clinical findings laid
the foundation for identifying specific brain areas — particularly within the PFC — as being critically
involved in executive processes such as planning, decision-making, and impulse control. Over time,
advances in neuroimaging — with technology such as magnetic resonance imaging (MRI), functional
magnetic resonance imaging (fMRI), positron emission tomography (PET) — and cognitive
neuroscience have further deepened our understanding, highlighting the complex and distributed
nature of the brain networks that support EFs, including frontal and posterior regions of the cerebral
cortex, as well as subcortical regions (Chung et al., 2014) .

Indeed, it is essential to begin by acknowledging that no individual region of the brain operates
in complete isolation. Instead, brain function is best understood as the result of complex, dynamic
interactions among numerous neural circuits that connect diverse areas across the brain. This
integrative network model highlights how cognitive processes, including EFs, emerge from the
coordinated activity of multiple brain regions working together rather than from a single localized

area (Otero & Barker, 2014).
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Positioned at the front of the brain, the frontal lobes represent the largest portion of the brain,
making up nearly one-third of the human hemisphere and their full maturation is linked to the
development of advanced cognitive abilities and behavioral patterns that are typical of adulthood
(Catani, 2019; Otero & Barker, 2014) . Within the frontal lobes are several key structures, including
the primary motor cortex, premotor cortex, supplementary motor area, Broca’s area for speech
production, frontal eye fields, and the PFC (Figure 4). The prefrontal cortex plays a central role in
regulating cognitive control and is typically divided into three main regions: the dorsolateral
prefrontal cortex (DLPFC), the medial frontal cortex (including the anterior cingulate), and the

orbitofrontal cortex (OFC).

Dorsolateral
premotor

Dorsomedial
premotor

Motor cortex Motor cortex

Dorsomedial
prefrontal

Dorsolateral
prefrontal

Frontal pole >

Frontal pole
(lateral)

(medial)

Ventromedial
prefrontal

cortex

Medial

Lateral

Frontal pole

Frontal projection tracts
TP, thalamic projections
DPS, descending projection system

Association interlobar

SLF, superior longitudinal fasciculus I, II, Il
AF, arcuate fasciculus, long segment

UF, uncinate fasciculus

IFOF inferior fronto-occipital fasciculus
CB, cingulum bundle

Association intralobar

FSL/FIL, frontal superior/inferior longitudinal tracts
FAT, frontal aslant tract

FOP, frontal orbitopolar tract

FPC, frontal paracingulate tract

Association short U-shaped
PRU, perirolandic U-fibers

FIT, fronto-insular tracts

CUF, cingulate U-fibers

PUF, Precentral U-fibers

FMT, Fronto-marginal tract

Ventromedial
prefrontal/medial
orbitofrontal cortex

Lateral
orbitofrontal cortex

Inferior

Figure 4. A diagram of the major regions within the frontal lobe illustrates their communication networks, including
both association and projection pathways (from Catani, 2019).
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The orbital and medial areas of the frontal lobe play a key role in regulating emotional
behavior and are connected to both the brainstem and limbic system. In contrast, the lateral region —
most highly developed in humans — is crucial for the cognitive processes that underpin the temporal
structuring of behavior, language, and logical thinking. All of these regions participate in complex
cortico-subcortical circuits, which include interactions with the basal ganglia and other brain areas.

As previously mentioned, in their conceptualization, a major debate in the field concerned the
unity vs. non-unity of EFs; therefore, it is not surprising that such debate also permeated the study of
its neural substrates. Interestingly, neuroimaging research highlights that the executive system is
characterized by both unity and diversity. A study by Collette et al. (2005) using PET scans showed
that different EFs — updating, shifting, and inhibition — activate shared brain areas, particularly in the
parietal lobe (left superior parietal gyrus and right intraparietal sulcus), with some involvement of the
left middle and inferior frontal gyri. However, each function also recruits distinct brain regions:
updating engages both anterior and posterior regions bilaterally; shifting involves the parietal lobe
and frontal gyri; and inhibition primarily activates the right orbitofrontal gyrus, though less
specifically. These findings further suggest that EFs rely on a distributed neural network, with a
significant role played by the parietal cortex, challenging the earlier view that they are localized
mainly in the frontal lobes.

Nonetheless, some authors have proposed that there are two different, but closely related types
of prefrontal lobe abilities associated with two different types of EFs: metacognitive EFs and

emotional/motivational EFs (Ardila, 2008; Happaney et al., 2004) .

1.2.1 Metacognitive EFs

Metacognitive EFs refer to higher-order cognitive processes such as problem solving, abstract
thinking, planning, creating and executing strategies, and working memory and are primarily
mediated by the DLPFC (Ardila, 2008) . This area is extensively connected with both cortical and

subcortical regions, enabling it to integrate and regulate information from multiple parts of the brain.
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These connections include links to the thalamus, the dorsal part of the caudate nucleus within the
basal ganglia, the hippocampus, and several associative areas of the neocortex, such as the posterior
temporal, parietal, and occipital lobes.

Snellenberg & Wager (2009) proposed a hierarchical model of cognitive processing within the PFC,
organized along an anterior-to-posterior gradient. This progression begins with the representation of
stimulus value in the orbitofrontal and rostral medial prefrontal cortices. It continues with the
encoding of internal goals and task hierarchies in the anterior insular and prefrontal regions, followed
by top-down modulation of sensory processing in posterior cortices via the dorsolateral prefrontal
cortex. Subsequently, specific stimulus-response mapping rules are maintained and updated in the
inferior frontal junction and lateral premotor areas. The planning of goal-directed motor behavior is
managed by the pre-supplementary motor area (pre-SMA) and cingulate motor regions, culminating

in the execution of motor actions within the primary motor cortex (Snellenberg & Wager, 2009).

1.2.2 Emotional/motivational EFs

Emotional/motivational EFs refer to the capacity to integrate cognitive processes with emotional and
motivational states. This involves regulating and directing basic impulses in ways that align with
socially appropriate behavior. In this domain, the primary concern is not necessarily achieving the
most intellectually or conceptually optimal outcome but rather acting in a manner consistent with
one’s internal drives and emotions while adhering to social norms (Ardila, 2008).

Emotional and motivational executive processes are primarily governed by the orbitofrontal
and anterior cingulate/medial circuits, which facilitate the integration of emotion and cognition
(Fuster, 1999). The OFC includes both ventral and medial areas of the PFC. As part of the
frontostriatal system, it maintains strong connections with the amygdala and other limbic structures,
supporting the coordination of emotional input with cognitive control and the regulation of goal-

directed, motivated behavior (Chudasama & Robbins, 2006).
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1.3 Decision-making: a core executive function

In the previous paragraphs, we have attempted to provide an overview of definitions and models of
EFs (see Section 1.1) to highlight not only the difficulty of reaching a consensus on a single, yet
fundamental, construct in cognitive psychology, neuropsychology and neuroscience, but also the
pervasive and essential role of EFs in every aspect of life.

Therefore, given their central role in orchestrating goal-directed behavior, it is not surprising
that EFs are critically involved in decision-making processes. Indeed, decision-making is frequently
characterized as a multifaceted process engaging various higher-order cognitive operations and
appears to share substantial overlap with core components of executive functioning (Del Missier et
al., 2010). Multiple lines of empirical research — including clinical observations (Balconi &
Campanella, 2021) , behavioral paradigms (Snyder et al., 2015) , and neuroimaging studies (Gonzalez
et al., 2005) — have provided converging evidence for the involvement of EFs in decision-making.
However, despite the recurrent assumption of a close association between these domains, the precise
nature of the interplay between executive control mechanisms and decision-making remains only
partially understood and conceptually underdefined.

The interaction between decision-making and EFs represents a significant focus within
cognitive psychology, where EFs are recognized as essential facilitators of adaptive decision-making.
Core components such as inhibitory control, cognitive flexibility, and working memory play a pivotal
role in shaping how individuals assess risks, weigh alternatives, and make decisions. Decision-
making itself is frequently conceptualized as an integration of both cognitive and affective processes,
predominantly involving activity within the PFC alongside subcortical structures — regions
fundamental to the implementation of these complex EFs (Rovelli & Allegretta, 2023).

Indeed, decision-making constitutes a core cognitive and affective function through which
individuals or groups discern, assess, and choose among competing alternatives to achieve specific
goals or resolve problems (Swami, 2013) . This multifaceted process entails the dynamic integration

of sensory information, prior experiences, personal preferences, emotional states, and situational
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constraints such as time pressure, social expectations, and environmental uncertainty (Balconi,
2023) . Whether enacted through rapid, intuitive judgments or slower, analytical reasoning, decision-
making engages both normative frameworks — such as utility maximization — and descriptive
processes, including heuristics, cognitive biases, and bounded rationality (Rovelli & Allegretta, 2023;
Tversky & Kahneman, 1974) . From both evolutionary and psychological perspectives, decision-
making emerges as an adaptive mechanism aimed at maximizing rewards and minimizing risks,
tightly intertwined with goal-directed action and reinforcement-based learning systems (Miyapuram

& Pammi, 2013) .

1.3.1 Normative frameworks of decision-making

Edwards (1954) conducted the first major review of studies on human judgment and decision
making. He proposed that models based on economic and statistical theories — specifically normative
and prescriptive models — should be of interest to psychologists studying how people make decisions.
Edwards introduced Subjective Expected Utility (SEU) theory, which breaks down decisions into two
key parts: beliefs (interpreted as probabilities) and preferences (understood as values or utilities). The
theory outlines a method for combining these elements to evaluate the overall utility of a potential
outcome (van der Pligt, 2015) .

The principle of maximizing utility is regarded as a suitable normative guideline for decision-
making under conditions of risk or uncertainty. SEU theory is considered normative or prescriptive
because it describes how choices should be made. Assuming its foundational assumptions are
accepted, the most rational decision is the one that yields the highest expected utility.

The foundational principles of SEU theory are rooted in the work of Von Neumann and
Morgenstern (1947). Their research demonstrated that if a person’s decisions comply with specific
axioms or rules, one can assign numerical utilities in such a way that choosing one option over another
reflects a higher expected utility for that choice. Their method relies on the idea that each possible

outcome of a given decision can be assigned a real numerical value that reflects the desirability or
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value of that outcome to the individual. The expected utility of an option is then calculated by
multiplying the utility value of each potential outcome by the probability of that outcome occurring,
and summing these products. In this way, favorable or unfavorable outcomes are weighted by their

likelihood (van der Pligt, 2015).

1.3.2 Descriptive frameworks of decision-making

Descriptive theories of decision-making focus on explaining the actual choices people make, rather
than prescribing how decisions should be made according to rational standards, as in the case of SEU
models. This shift largely stems from psychologists moving away from the idealized frameworks
traditionally proposed by mathematicians, statisticians, and economists (Johnson & Busemeyer,
2010) . Among the most influential descriptive theories is the Prospect Theory, introduced by
Kahneman and Tversky (2013), based on psychological studies showing that people do not
consistently prefer or avoid risk (Chick et al., 2017) .

Prospect Theory introduced four key concepts from cognitive psychology to offer a more
human-centered understanding of decision making. First, it proposed a pre-decisional editing phase,
during which individuals prepare the decision problem by simplifying information, mentally
organizing potential outcomes, and discarding clearly inferior options. Second, it introduced the
concept of reference dependence, emphasizing that people evaluate outcomes not in absolute terms,
but relative to a reference point, such as their current wealth or perceived status quo. Third, the theory
highlighted that people tend to evaluate outcomes differently depending on whether they are
perceived as gains or losses relative to that reference point. Finally, Prospect Theory proposed that
individuals do not rely on objective probabilities but instead subjectively weight them, typically
overweighting small probabilities and underweighting large ones (Johnson & Busemeyer, 2010;

Kahneman & Tversky, 2013).
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1.3.3 Modern perspectives of decision-making

1.3.3.1 The role of emotions in decision-making: the Somatic Marker Hypothesis

The role of emotions in decision-making constitutes a complex and multifaceted dynamic that exerts
a profound influence on cognitive operations within a range of affectively charged contexts, including
financial decision-making, medical judgments, and routine evaluative processes. Emotions are not
merely peripheral influences but are embedded within the cognitive architecture of decision-making,
functioning as mechanisms that can facilitate, distort, or constrain judgment.

It is widely acknowledged that emotional states have the capacity to shape, direct, and, in
some cases, reliably predict advantageous decision outcomes, thereby serving as critical resources in
evaluative reasoning (Crivelli & Balconi, 2023) . This perspective is based on embodied cognition
frameworks, which posit that emotional experiences — and more specifically, their associated
physiological responses — constitute integral informational inputs that inform and regulate decision-
making and related cognitive functions (Pace-Schott et al., 2019) .

Indeed, numerous studies affirm that emotional processes are deeply embedded within
decision-making mechanisms. A key example is the Somatic Marker Hypothesis developed by
Bechara & Damasio (2005), which posits that emotions exert a crucial influence on choices by
offering feedback derived from prior experiences. According to this theory, human behavior is shaped
by expected emotional reactions to potential actions, formed through past experiences. This
association between behavior and anticipated affective outcomes is regulated by the ventromedial
prefrontal cortex (vmPFC) and encoded through physiological responses known as somatovisceral
signals, forming the so-called “body loop”. These bodily sensations are then internally re-created in
the brain via the somatosensory and interoceptive cortices, particularly the insula, in a process
referred to as the “as-if loop”. Once established, somatic markers can be reactivated to forecast the
emotional impact of different choices, thereby steering decisions toward options with the most

positive emotional implications.
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This model underscores that what is often deemed rational decision-making is, in fact,
grounded in emotional assessment rather than pure logic. Ignoring these emotional evaluations can
result in poorer outcomes. Expanding on this view, Immordino-Yang & Damasio (2007) emphasize
the essential role of emotion in both learning and decision-making, arguing that choices made without

emotional insight are frequently lacking depth and coherence.

1.3.3.2 Dual Process theory

From a cognitive-psychological standpoint, human cognitive capacity is inherently limited, especially
when operating under complex, uncertain, and time-pressured conditions. In such scenarios,
individuals often rely on simplified heuristics to make decisions (Kahneman, 2003). However, these
mental shortcuts, while efficient, can lead to systematic errors or cognitive biases, often due to the
neglect of relevant information (Evans, 2008; Kahneman, 2003) .

Within this framework, Kahneman (2003) connected the work he and Tversky carried out on
heuristics and biases to two broad types of cognitive processing modes: Type 1 and Type 2
processing. Type 1 thinking, also referred to as System 1, is characterized by rapid, intuitive,
automatic, heuristic-based, and emotionally influenced responses. It is often likened to intuition and
is especially active when immediate decisions are required (Ehrlinger et al., 2016) . In contrast, Type
2 thinking, or System 2, is analytical, reflective, effortful, and underlies rational deliberation, but it
requires sufficient cognitive resources, time, and information to function effectively. Biases are most
likely to emerge when System 2 fails to intervene or override the intuitive impulses of System 1,
leading to flawed judgments (Kahneman, 2011) .

What stands out from these modern perspectives is that emotions are recognized as a
fundamental component of decision-making. While once viewed as sources of bias and poor
judgment, emotions are now seen as essential for integrating cognition and behavior. Anticipated
emotions can broaden our perspective on potential outcomes, while immediate affect helps focus
attention, but may also lead to decisions that conflict with long-term interests (van der Pligt, 2015).
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Having examined the main theoretical models of decision-making, it becomes essential to
explore its underlying neural mechanisms. Particular attention will be given to prefrontal structures,

which play a pivotal role in integrating cognitive control, affective input, and behavioral regulation.

1.4 Neural underpinnings of decision-making

Understanding the neural mechanisms underlying decision-making has long been challenging and
often viewed as too complex a topic to address effectively. The process involves numerous interacting
components, and a wide range of behaviors involving elements of choice, further complicating the
issue. However, recent interdisciplinary research — including neuroimaging, patient studies,
electrophysiological recordings, and animal experiments — has begun to shed light on some of the
fundamental questions surrounding brain mechanisms of decision-making (Krawczyk, 2002).

The emerging understanding suggests that the PFC can be functionally divided into three main
regions: the orbitofrontal areas (OFC), the dorsolateral prefrontal cortex (DLPFC), and the anterior
cingulate cortex (ACC). Each of these regions contributes in distinct ways to the complex cognitive
operations involved in decision making. Rather than operating as isolated units, these areas are
thought to participate in broader neural networks, each supporting different aspects of the decision-
making process (see Figure 5). This functional segmentation reflects both the specific roles of these
prefrontal subregions and their unique patterns of connectivity with other parts of the brain.

Importantly, this does not imply that the PFC consists of autonomous modules acting
independently, but rather that different parts of it are integrated into distinct, multi-component
systems, each specialized for particular cognitive functions relevant to decision-making (Krawczyk,

2002).
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Figure 5. Graphical representation of the main brain areas involved in decision-making process (from Guttman et
al., 2018).

1.4.1 The role of orbitofrontal cortex

The OFC plays a central role in decision-making, particularly in evaluating the emotional and reward-
related value of stimuli (Rolls, 2023) . Acting as an integration hub for affective signals from the
limbic system, the OFC helps shape the emotional tone of decision options and contributes to intuitive
“gut feelings” often involved in complex choices. It is especially important in decisions driven by
outcomes, both tangible, such as financial gains or losses, and abstract, such as social approval or
praise (Breiter et al., 2001; Knutson et al., 2000) . The OFC supports behavioral flexibility by
adapting responses to shifting reward contingencies and inhibiting actions toward no longer
rewarding stimuli, which is vital under time pressure or changing circumstances (Krawczyk, 2002) .

Structurally, the OFC is highly interconnected with the amygdala, basal ganglia, and other

prefrontal regions, allowing it to process perceptual and emotional information, assess it in terms of
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reward value, and interact with regions like the DLPFC involved in higher-order reasoning (Berns et
al., 2001; Cavada et al., 2000; Hikosaka & Watanabe, 2000). This places the OFC at the intersection
of emotion and cognition, where it helps align motivational states with decision outcomes. Beyond
influencing initial choices, the OFC also contributes to post-decision experiences such as satisfaction
or regret, particularly through its involvement with dopaminergic reward circuits. In this way, the

OFC helps link knowledge, emotion, and appropriate action during decision making (Rolls, 2023) .

1.4.2 The role of dorsolateral prefrontal cortex

The DLPFC is crucial for maintaining and manipulating information in working memory, a function
fundamental to decision-making. It allows individuals to track goals, evaluate competing options, and
retain relevant emotional or contextual information. Beyond working memory, the DLPFC is also
involved in various forms of reasoning, including hypothesis testing, inductive inference, and the
categorization of novel stimuli, all processes essential for making decisions, especially in unfamiliar
or ambiguous situations (Krawczyk, 2002) .

Research suggests a hemispheric specialization within the DLPFC: the right DLPFC becomes
more engaged during uncertain, complex, or poorly defined decisions, where reliance on memory and
flexible thinking is key (Mohr et al., 2010) . It is particularly active when decisions must be made
without clear rules or when evaluating novel options. In contrast, the left DLPFC appears more
involved in structured decision-making scenarios — those with clear constraints, fewer options, or
predefined reward values — drawing more heavily on immediate environmental cues (Panidi et al.,
2022) . Altogether, the DLPFC supports the deliberative, goal-directed components of decision-
making, especially when conscious evaluation, comparison, and reasoning are required (Krawczyk,

2002) .
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1.4.3 The role of anterior cingulate cortex

The ACC is particularly engaged during decision-making under high uncertainty and conflict.
Neuroimaging studies suggest that the ACC becomes active when choices are ambiguous, when
multiple competing responses are possible, and when there is a high risk of making errors. It is thought
to play a central role in conflict monitoring, detecting discrepancies between competing options or
internal goals and helping to guide attention and processing toward the most relevant information
(Botvinick et al., 2004) .

Beyond its role in identifying cognitive conflict, the ACC also appears involved in decisions
involving risk and reward, especially in dynamically changing contexts. It is active both before and
after outcomes are revealed, indicating a function in monitoring results and signaling the need for
behavioral adjustment when necessary (Shenhav et al., 2013). Rather than making decisions directly,
the ACC may serve as a mediator, integrating signals of conflict, error, or outcome and coordinating
responses across other brain regions, such as the OFC and DLPFC, to optimize decision strategies

(Krawczyk, 2002) .

1.5 How feedback shapes decision-making: a cognitive perspective

Behavior, and consequently our decisions, are fundamentally shaped by the dynamic interaction with
our environment (Cohen et al., 2007) . Environmental signals play a key role in this process, as they
provide feedback that helps determine whether an action or decision was effective. This feedback is
essential for adaptively refining behavior and enhancing task performance (Cunillera et al., 2012) .
On one hand, such outcome-related cues support the consolidation of the current strategy by
confirming (or disconfirming) its success, known as outcome-based behavioral adjustment. On the
other hand, environmental stimuli can also indicate the need to shift strategies, prompting the
adoption of new rules for processing future inputs, referred to as rule-based behavioral adjustment
(Cunillera et al., 2012) . The capacity to flexibly interpret and respond to environmental cues is a key

aspect of higher-order metacognitive executive functions, which, as previously seen, encompass
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abilities such as planning, problem-solving, maintaining information in working memory, and
monitoring performance (Burgess et al., 2000; Cunillera et al., 2012).

While the effectiveness of cognitive control mechanisms depends on the strength of task goal
activation, adaptive learning additionally requires the evaluation of both positive and negative
outcomes, and similar cognitive processes may support the reinforcement of a task set. Therefore,
providing clear information about the nature (positive or negative) of outcomes may be necessary to
fine-tune behavior in line with task demands (Holroyd & Coles, 2002) . Research has also shown that
cognitive control and reinforcement learning processes interact in subtle, implicit ways across various
contexts. Indeed, to improve decision-making and understand the consequences of their actions,
individuals rely on external feedback. When actions lead to negative outcomes — such as punishment
or negative feedback — they are less likely to be repeated. In contrast, behaviors followed by positive
outcomes — like rewards or positive feedback — tend to occur more frequently, reinforcing those
actions over time (Kobza et al., 2012) .

Building on the importance of feedback in behavior regulation, cognitive processing theories
offer structured explanations of how individuals mentally adapt to outcomes and adjust their behavior
accordingly. Researchers have explored various mental processes — such as attention, memory,
attribution, and strategy use — to explain how individuals perceive and respond to situations (Wofford
& Goodwin, 1990). Klein (1989) and Lord & Kernan (1987) combined the ideas of scripts, goal
setting, and control theory to explain how feedback influences behavior through cognitive processing.
According to control theory, people follow an action-first approach and adjust their behavior by
continuously comparing feedback with their goals. Initially, they rely on scripts, mental routines
linked to familiar goals. If feedback shows that outcomes don’t match expectations, they may revise
or switch script tracks. If discrepancies persist or if the task is new, they move to controlled processing
and explore new strategies. While scripts are efficient, they are not always accurate; indeed, they can
oversimplify complex decisions and lead individuals to miss important differences between current

and past situations.
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According to the model proposed by Wofford & Goodwin (1990) (Figure 6) the immediate
causes of decision-making are two cognitive tools: scripts and strategies. Scripts are mental structures
stored in memory that help individuals recognize and act in familiar situations. When a person
encounters a known scenario and receives positive or no feedback, they typically follow an existing
script, this is referred to as Path 1. However, if initial negative feedback signals that performance
does not meet expectations, individuals may consult a different track within the same script, an
alternative sequence of actions suited to similar goals (Path 2). This can lead to a change in decision
behavior, though still within the framework of familiar mental patterns. If the feedback continues to
be negative or if the situation is entirely new or unexpected, the individual may abandon script-based
thinking and shift toward strategy processing (Path 3). This involves constructing new, original
approaches for problem-solving and adapting behavior to meet goals. Over time, if successful, these
strategies may become integrated as new scripts.

For any of these changes to happen, feedback must first be noticed, interpreted, and mentally
processed. This includes recognizing discrepancies between goals and results, evaluating the
situation, forming expectations about outcomes, and attributing causes to success or failure. This
processing can occur automatically or through conscious reflection. When individuals move into Path
2 or 3, their cognitive processing becomes more complex and diverse, involving a broader range of
evaluations, predictions, and explanations. This adaptive flexibility is essential in responding

effectively to changing or challenging situations (Wofford & Goodwin, 1990) .
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Figure 6. Cognitive-processes model for feedback and decision choice (from Wofford & Goodwon, 1990).

Interestingly, as pointed out by Mangiapanello & Hemmes (2015) several researchers have
noted that feedback procedures are often applied in a way that closely resembles reinforcement or
punishment strategies (P. K. Duncan & Bruwelheide, 1985; Peterson, 1982). In both feedback and
operant conditioning frameworks, the consequences of a behavior depend on specific features of that
behavior. This similarity likely explains why feedback is frequently considered to act as either a
reinforcer or a punisher (Miltenberger, 1997; Weatherly & Malott, 2008) even though the underlying
behavior regulation mechanisms are seldom examined independently.

Unlike feedback stimuli, reinforcers and punishers are categorized based on their observable
effects on the behavior they follow, such as changes in likelihood, frequency, intensity, or latency.
Reinforcement is defined by an increase in behavioral strength (e.g., higher rate, greater probability
or intensity, or shorter latency), while the opposite pattern suggests a punishing effect. Although both
feedback and operant procedures use the labels “positive” and “negative,” the meanings of these terms
differ between the two contexts. In reinforcement and punishment, “positive” and “negative” refer to

whether a stimulus is added or removed following a behavior. In contrast, within feedback systems,
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these terms typically describe the tone or content of the message — affirmative (positive) or corrective
(negative) — rather than the contingency itself. Feedback is most commonly structured in a way that
parallels positive reinforcement or positive punishment, meaning that feedback stimuli are generally
delivered (rather than withdrawn) in response to behavior.

In their review Mangiapanello & Hemmes (2015) concludes that feedback and operant
procedures frequently share parameter structures. Even when differences exist, such as delayed
feedback versus immediate reinforcement or punishment, convergence is possible (Peterson,
1982) suggesting that both procedures are governed by common behavioral processes (Miltenberger,
1997; Weatherly & Malott, 2008). The authors argue that this convergence supports the “conceptually
systematic assertion that feedback phenomena are reducible to operant conditioning,” despite
acknowledging the inductive nature of the argument and its vulnerability to alternate interpretations.

Ultimately, these models underscore that the efficacy of feedback depends not only on its
content or timing, but on the individual’s capacity for self-monitoring and metacognitive reflection.
The transition from merely reacting to feedback to strategically integrating it represents a shift from
reactive cognition to proactive self-regulation, an essential distinction in understanding adaptive

decision-making.

1.5.1 Influences on feedback effectiveness

The effectiveness of feedback is highly variable — it can be either beneficial or detrimental —
depending significantly on its characteristics and the context in which it is delivered (Hattie &
Timperley, 2007; Kluger & DeNisi, 1996). A crucial factor is the type of feedback: not all feedback
is equally effective, and some forms, such as praise at the “self-level,” can even undermine learning.
This type of feedback often reduces achievement by shifting focus away from the task and
discouraging risk-taking. In contrast, corrective feedback that provides specific information on errors
and offers guidance for improvement tends to be far more effective, as it promotes deeper cognitive

engagement.
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To explain the mechanisms behind effective feedback, Hattie & Timperley (2007) proposed
a model based on three guiding questions: “Where am I going?”, “How am I going?”, and “Where to
next?”. Specifically, feedback can operate at four levels: the fask level focuses on the accuracy or
quality of task performance, while helpful, it is most effective when it triggers further learning; the
process level addresses the strategies or processes used and is particularly powerful in fostering
understanding and transferable skills; the self-regulation level supports learners’ capacity to monitor
and guide their own learning, enhancing metacognitive skills and resilience. In contrast, the self-level,
often expressed as personal praise, tends to be the least effective, as it can create dependency and
distract from learning goals.

Timing also plays a critical role: immediate feedback generally has stronger effects, though
delayed feedback can be more beneficial for complex tasks by encouraging reflection. Equally
important are the content and specificity of feedback: the most effective feedback clearly
communicates what needs to be done next, rather than merely pointing out errors. This kind of
feedback supports “disconfirmation” — the recognition of mismatches between expectations and
outcomes — which in turn drives reflection and improvement (Butler & Winne, 1995) . Lastly,
feedback is most effective when aligned with specific, challenging goals and when it builds on
previous attempts; it is less effective for tasks that are overly simplistic or excessively complex (Hattie

& Timperley, 2007; Kluger & DeNisi, 1996; Locke & Latham, 1990) .

1.5.2 Neural correlates of feedback processing

As pointed out in paragraph 1.5, feedback procedures are often applied in a way that closely resembles
reinforcement or punishment strategies (Mangiapanello & Hemmes, 2015). This resemblance is not
merely behavioral, but several research has demonstrated that performance feedback acting as an
external reward activates related brain regions (Aron et al., 2004; Tsukamoto et al., 2006).

The brain’s reward system is understood to be a complex, interconnected network involving

areas such as the striatum, amygdala, OFC, medial prefrontal cortex, and the dopaminergic midbrain.
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Notably, multiple studies have shown that positive feedback elicits greater activation in the striatal
regions compared to negative feedback, with no brain areas showing a stronger response to negative
feedback than to positive (Marco-Pallarés et al., 2007; Nieuwenhuis et al., 2005).

Specifically, Marco-Pallarés et al. (2007) showed that positive feedback, compared to
negative feedback, elicited stronger activation in key reward-related brain regions, including the
ventral striatum (nucleus accumbens), putamen, midbrain, and the anterior and posterior cingulate
cortex. On the contrary, no brain regions showed greater activation during negative feedback than
positive feedback. Furthermore, the midbrain and ACC exhibited a bidirectional response, with
increased activation to positive feedback and decreased activation to negative feedback, suggesting
alignment with known patterns of dopaminergic activity (bursts for rewards, dips for negative
outcomes).

Another study (Woo et al., 2015) — investigating through fMRI how informative versus
confirmatory feedback affects brain activity during negative feedback processing — found that
confirmatory feedback (which simply indicates failure) activated regions linked to negative emotional
responses, including the amygdala, dorsal ACC, and thalamus. In contrast, informative feedback
(which explains why the response was incorrect) triggered greater activation in the DLPFC, a region
associated with cognitive control and emotion regulation. Importantly, functional connectivity
analysis revealed a negative coupling between the DLPFC and the amygdala during informative
feedback, suggesting that task-relevant information may help regulate negative emotions implicitly.

Moreover, several studies have also focused on the electrophysiology of feedback processing
in decision-making, pointing out the existence of two components of the event-related potentials
(ERPs): the feedback-related negativity (FRN) and the feedback P3 (see Figure 7). The FRN is a
negative deflection recorded at fronto-central sites around 250-300 ms after feedback appears and is
generally stronger following negative feedback (Martin, 2012; Walsh & Anderson, 2012). According
to reinforcement learning theory (Holroyd & Coles, 2002), the FRN reflects a negative reward

prediction error; thus, it signals that the outcome is worse than expected, based on prior stimulus-
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response associations. Some updated interpretations (Holroyd et al., 2008) attribute the observed
difference between positive and negative feedback not to increased negativity, but to a reward-related
positivity after positive feedback. Nonetheless, the idea that FRN activity reflects reward prediction
errors remains widely accepted, and the FRN (or reward positivity) is still seen as an indicator of how
feedback supports reinforcement learning.

The feedback P3, on the other hand, is a positive ERP component observed at posterior
electrodes between 300 and 600 ms after feedback. It belongs to the broader category of posterior P3
waves and is associated with endogenous, attention-related processing, such as updating working
memory (Polich, 2007). The P3 is thought to reflect the motivational significance of feedback
(Ferdinand et al., 2012) , aligning with studies showing its sensitivity to reward magnitude and overall

feedback value (Martin, 2012) .
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Figure 7. This figure provides a simplified illustration of typical ERP waveforms in response to different outcomes.
The x-axis indicates the time elapsed since the presentation of behavioral feedback (starting at 0 ms). (A) shows ERP
responses to positive and negative outcomes recorded at a fronto-central electrode, with the scalp map highlighting
differences between the two around the peak of the FRN (approximately 250 ms post-feedback). (B) displays ERP
responses to outcomes of high versus low magnitude at a centro-parietal site, with the scalp topography illustrating the
contrast around the peak of the P3b component (typically between 300 and 600 ms after feedback) (from San Martin,
2012).
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In addition to the feedback-related components, another fundamental electrophysiological
marker highly relevant to metacognition and performance monitoring is Error-related Negativity
(ERN). The ERN is a sharp negative deflection occurring approximately 50—100 ms after the
commission of an error, maximal at fronto-central scalp sites. Unlike the FRN, which is elicited by
external feedback, the ERN reflects internal error monitoring and is generated even in the absence of
external cues (Olvet & Hajcak, 2008; Hajcak, 2012).

Neurophysiological and source localization studies consistently implicate the anterior
cingulate cortex (ACC) as the primary generator of the ERN, supporting the idea that it reflects rapid,
automatic detection of performance failures (Olvet & Hajcak, 2008). Importantly, the amplitude of
the ERN has been linked to individual differences in error awareness, cognitive control, and self-
monitoring, making it a central index in the study of metacognitive processes (Hajcak, 2012).

While the ERN typically captures early, automatic error detection, it is often followed by a
later component, the Error Positivity (Pe), appearing approximately 200—400 ms after the response.
The Pe is commonly interpreted as an index of conscious error awareness and the allocation of
attentional resources to the processing of mistakes. Seminal work has shown that the Pe is dissociable
from the ERN and is selectively associated with explicit awareness of errors and higher-level
evaluative processes (Overbeek et al., 2005; Ullsperger et al., 2014). Together, ERN and Pe provide
a complementary picture of how individuals detect, interpret, and consciously evaluate their own
performance. In decision-making contexts, differentiating between internal error monitoring
(ERN/Pe) and feedback-based processing (FRN/P3) is crucial for understanding how individuals
integrate external information with metacognitive evaluations and adjust their behavior accordingly.

In decision-making contexts, differentiating between internal error monitoring (indexed by
ERN/Pe) and feedback-based processing (indexed by FRN/P3) is crucial for understanding how
individuals integrate external information with endogenous metacognitive evaluations and adjust

their behavior accordingly (Hewig et al., 2007).
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1.6 Centrality of metacognition in feedback processing and decision-
making

As previously pointed out, for a long time, feedback has been considered a crucial factor in guiding
and modifying behavior. A wide range of studies have confirmed that receiving feedback can improve
how individuals perform across different tasks, such as perceptual evaluations, memory tasks, and
learning exercises (Goldhacker et al., 2014; Luo & Liu, 2023). However, not all scholars agree on
its universally positive impact. Some have argued that feedback can sometimes produce negative
outcomes. For instance, Raftery & Bizer (2009) observed that negative feedback might trigger
discomfort and reduce performance in later tasks. Similarly, feedback that is poorly matched to the
person’s needs can interfere with the learning process (Schreiner et al., 2015). Overall, while feedback
has the potential to strongly influence behavior, its effectiveness depends on how and when it is
delivered.

In recent decades, findings from both behavioral and neuroimaging research have shown that
feedback is not solely managed by cognitive mechanisms but also activates metacognitive and
motivational systems. This highlights the intricate interaction between emotional and cognitive
processes involved in feedback processing (Lipnevich & Panadero, 2021). A variety of theoretical
frameworks have been developed to explain how feedback functions, and while each emphasizes
different elements, they all underscore the central role of metacognition. In essence, although these
models approach feedback from various angles, they consistently recognize metacognitive processes
as essential to its effectiveness. As such, adopting a metacognitive perspective is key to understanding
how feedback influences behavioral outcomes (Luo & Liu, 2023).

This connection becomes especially evident in the context of decision-making, which involves
the continuous accumulation of evidence from either external sensory input or internal cognitive
representations (Qiu et al., 2018) . Fluctuations in this evidence can introduce uncertainty, prompting
individuals to reassess or modify their choices, even in the absence of explicit feedback. Within the

broader framework of cognitive control, the ability to monitor decision uncertainty and adapt
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behavior accordingly is a hallmark of metacognition, or “thinking about thinking” (Flavell, 1979;
Fleming & Dolan, 2012) .

But what is metacognition? Metacognition can be defined as a higher-order cognitive skills
that help people monitor and control their information processing (Basu & Dixit, 2022). It can take
place before a cognitive task begins, when a person anticipates whether they possess the necessary
knowledge and skills to tackle the task successfully. It can also occur during the task itself, as the
person monitors their ongoing performance and reflects on whether their current strategies or
approaches need adjustment for better outcomes. Finally, metacognition can happen after the task is
completed, when the person reflects on the experience, assesses its effectiveness, and draws
conclusions to inform how similar tasks should be approached in the future (Winne & Azevedo,
2014) .

Metacognition is commonly understood to consist of two main components: knowledge of
one’s own cognitive processes and the ability to regulate those processes (Flavell, 1979) . Knowledge
about cognition involves an individual’s awareness of their own cognitive processes, general
understanding of cognition, the strategies they employ, and the contexts in which those strategies are
most effective. This type of knowledge is typically categorized into three types: declarative,
procedural, and conditional (Basu & Dixit, 2022) . In contrast, the regulation of cognition involves a
set of specific processes that help manage and guide one’s thinking. These include planning,
monitoring, evaluating, using strategies to manage information, and correcting errors, each
contributing to effective control over cognitive activity (Basu & Dixit, 2022) .

Moreover, in line with recent developments highlighting the dynamic and self-regulatory
nature of metacognition, several studies conducted within the framework of a broader research
program on decision-making and self-awareness have provided converging evidence on the central
role of metacognition in feedback processing and behavioral regulation.

One study demonstrated that metacognitive monitoring significantly modulates the mental

effort required during complex tasks, with individuals showing higher self-awareness displaying
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more adaptive neurophysiological patterns and reduced cognitive load (Balconi, Acconito, et al.,
2023) . Additional findings indicated that metacognitive control is supported by neuro-autonomic
regulation, particularly in ecologically valid contexts. Individuals with higher internal regulation
showed enhanced resistance to distraction and greater stability in both cognitive performance and
autonomic responses when processing corrective feedback (Balconi, Acconito, et al., 2024) . Further
evidence from decision-making under risk conditions demonstrated that individuals with stronger
metacognitive regulation were better able to evaluate uncertainty and adjust their choices accordingly,
leading to more resilient and informed decisions (Crivelli, Allegretta, et al., 2024).

Together, these contributions support a multidimensional view of metacognition in which
monitoring, strategic control, and intrinsic motivation interact with external feedback to optimize
decision-making. Informative feedback, in particular, emerges as a key facilitator of metacognitive
adaptation, enabling individuals to revise strategies, learn from errors, and respond flexibly in
changing environments.

Another important aspect of metacognitive monitoring concerns the ability to modify one’s
strategy after detecting an error. Evidence from response-inhibition paradigms, such as the Go/NoGo
task, shows that the detection of an error often leads to post-error slowing, a reliable behavioral
marker of strategic adjustment and one of the earliest empirical signatures of adaptive performance
regulation (Rabbitt, 1966). Specifically, after committing a false alarm (i.e., responding on NoGo
trials), individuals tend to exhibit slower reaction times on subsequent Go trials, reflecting an adaptive
shift toward more cautious responding to avoid repeating the mistake. Such adjustments have been
widely interpreted as reflecting proactive recruitment of cognitive control and performance
monitoring mechanisms (Danielmeier & Ullsperger, 2011). Neuroimaging works has demonstrated
that this strategic modulation is supported by enhanced activation in key performance-monitoring
regions, including the ACC and lateral prefrontal areas, which jointly contribute to error detection

and the implementation of compensatory control (Menon et al., 2001). These findings underscore the
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role of error awareness not only in detecting failures but also in guiding strategic behavior, a core

component of metacognitive regulation.

1.6.1 Metacognition about knowledge

As mentioned earlier, knowledge is typically categorized into declarative, procedural, and
conditional. Declarative knowledge consists of having awareness of one’s own cognitive skills,
abilities, or commonly used strategies. In the context of metacognition, declarative knowledge
includes personal beliefs about one’s own abilities (self-efficacy), views on knowledge itself
(epistemological beliefs), and understanding of tasks. It also encompasses judgments about which
strategies are appropriate to use in specific situations, as well as expectations regarding their potential
effectiveness (outcome expectations) (Winne & Azevedo, 2014). A key feature of this type of
knowledge is that it can be expressed verbally. However, being aware of effective strategies does not
necessarily mean a person will apply them. Factors such as lack of motivation, limited ability, or
external obstacles may prevent their use. As a result, metacognitive declarative knowledge often has
a weak relationship with actual outcomes (Veenman, 2007).

Procedural knowledge (often called know-how) refers to knowing how to perform the
cognitive processes needed to complete tasks. These procedures may be specific to a particular
domain or more general, applying across multiple areas. They can take the form of algorithms, which
typically produce a desired outcome within certain statistical boundaries, or heuristics, which increase
the likelihood of success but do not guarantee it (Winne & Azevedo, 2014). Procedural knowledge,
gained through practice and experience, can become automatic when applied to familiar problem-
solving contexts (Slusarz & Sun, 2001). Notably, initially, individuals are highly metacognitively
aware because the procedure required to complete a task is difficult and demands effortful control.
Over time, as parts of the procedure are learned and practiced, they become automatic, internalized

as behavior sequences that no longer require conscious attention. As a result, metacognitive
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awareness decreases significantly, unlike declarative knowledge, of which individuals are typically
always aware (Winne & Azevedo, 2014).

Finally, conditional knowledge involves understanding the situations in which a statement is
true or a particular strategy is effective for achieving a goal. It is often expressed in an if-then format.
This type of knowledge is crucial for adjusting and applying strategies in new or complex situations
(Desoete, 2008). However, successful adaptation and transfer can be hindered by limited domain
knowledge, poor monitoring, ineffective strategies, or a lack of awareness of task requirements and
goals (Pintrich, 2000) .

Finally, metacognition can also be described based on the type of thinking it involves. Three
key distinctions can be identified: (i) metacognitive monitoring involves becoming aware of how well
a specific instance of metacognitive knowledge aligns with the criteria or standards set for that
knowledge; (i) metacognitive control uses the outcomes of monitoring to form an intention aimed at
guiding thoughts and actions toward achieving a specific objective; (iii) self-regulated learning
encompasses multiple occurrences of both monitoring and control processes, allowing individuals to
adjust and manage their thinking over the course of working on a long and complex task (Winne &

Azevedo, 2014) .

1.6.2 Neural correlates of metacognition

Building on the theoretical foundations of metacognition, scholars aimed to uncover its neural basis.
For instance, Qiu et al. (2018) propose a comprehensive model in which metacognition — understood
as the process of considering the outcome of a decision and whether it should be adjusted — is
implemented by a neural system that is functionally and anatomically distinct from the system
responsible for decision-making itself. Based on a novel “decision—redecision” paradigm, where
participants were asked to make an initial decision and then immediately reevaluate it without
external feedback, the study used fMRI to identify specific brain regions associated with different

metacognitive processes. The results showed that the dorsal anterior cingulate cortex (dACC) was
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consistently activated in response to decision uncertainty and correlated with individuals’ ability to
monitor their own uncertainty. In contrast, the lateral frontopolar cortex (IFPC) was activated during
decision adjustments and linked to metacognitive control, specifically, how effectively individuals
revised their choices. The authors highlight that these two components of metacognition — monitoring
and control — are behaviorally dissociable, stable across tasks, and localized in separate neural
regions. Additionally, the metacognition network could be divided into subsystems, including the
dACC and anterior insula for uncertainty monitoring, the IFPC for strategic control, and other areas
such as the DLPFC and inferior parietal lobule whose functions may relate to general cognitive

control (Figure 8).
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Figure 8. Functional architecture of the metacognitive neural system. This diagram illustrates the functional
architecture of the metacognitive neural system and how it interacts with the decision-making neural system. The
metacognitive system is made up of two main components: the metacognitive monitoring system (including the dACC
and AIC) and the metacognitive control system (IFPC). Together, the decision-making system and the metacognitive
system create a closed-loop network. Brain region abbreviations: AIC (anterior insular cortex), alLP (anterior inferior
parietal lobule), dACC (dorsal anterior cingulate cortex), DLPFC (dorsolateral prefrontal cortex), IFJ (inferior frontal
junction), IFPC (lateral frontopolar cortex), and vIPL (ventral inferior parietal lobule) (from da Qui et al., 2018).
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Importantly, these systems interact within a closed-loop circuit that continuously regulates
behavior in relation to internal goals. The decision-making system, primarily involving the inferior
frontal junction (IFJ), is responsible for evidence accumulation and object-level cognitive operations.
The metacognitive system, located in anterior PFC regions, reads out uncertainty signals from this
decision process and encodes them in areas such as the dACC and anterior insula. When uncertainty
is detected, the IFPC is recruited to explore alternative strategies and adjust decisions, particularly in
rule-based or abstract tasks. Its engagement is further modulated by intrinsic motivation signals from
the ventral striatum. Thus, the metacognitive system does not merely reflect decision confidence but
actively shapes ongoing behavior through a dynamic feedback loop, monitoring internal uncertainty

and triggering adaptive control mechanisms when needed.

1.7 The contribution of cognitive neuroscience to the study of
decision-making

In the previous paragraphs, we have mentioned and outlined several cognitive functions and
processes, including EFs, decision-making, feedback and metacognition. However, traditional tools
used in cognitive psychology focus solely on the explicit aspects of the process and are vulnerable to
human biases like the social desirability effect; therefore, a need for an objective approach that also
accounts for and transcends individual differences emerged.

To this purpose, an unprecedented and pivotal contribution is given by neuroscience and
specifically by cognitive neuroscience. Cognitive neuroscience is the scientific study of the biological
foundations of mental processes such as perception, consciousness, action, memory, decision-
making, language, and selective attention. Its main objective is to measure and understand brain
activity underlying these cognitive functions (McClelland, 2001; Xi et al., 2011).

This discipline emerged in the 1990s at the intersection of neural sciences, cognitive
psychology, and computational science. On one side, it builds on the traditions of cognitive

psychology and neuropsychology, which use behavioral experiments to investigate the processes
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behind human cognition. It also draws from computational approaches that develop formal,
mechanistic models of these mental functions. On the other side, it is grounded in behavioral,
functional, and systems neuroscience, which applies neurophysiological and neuroanatomical
techniques to explore how complex brain functions arise. Additionally, it incorporates findings from
cellular and molecular neuroscience, providing a multi-level understanding of the brain (McClelland,
2001).

Cognitive neuroscience brings these perspectives together through the use of advanced
functional brain imaging techniques, including fMRI, PET, as well as electroencephalography (EEG)
and magnetoencephalography (MEG). It also benefits from the rapidly growing field of
computational neuroscience, which models brain function using mathematical and algorithmic
frameworks.

Nonetheless, to achieve a comprehensive understanding of complex psychological constructs,
cognitive neuroscience increasingly relies on a multilevel, multimethod approach that combines
neurophysiological, behavioral, and self-report data (Balconi, Acconito, et al., 2023; Balconi,
Allegretta, et al., 2023; Balconi, Acconito, et al., 2024; Balconi, Rovelli, et al., 2024; Crivelli,
Allegretta, et al., 2024; Morales et al., 2018; Murphy et al., 2018). This integrated methodology
allows for deeper psychological inferences by linking brain activity, performance metrics, and
subjective reports within a single framework.

Such an approach is particularly valuable because relying exclusively on neural data may lead
to reductionist biases that overlook the complexity of behavior (Krakauer et al., 2017) . Indeed,
understanding brain function requires more than just demonstrating causal links between neural
circuits and behavior: behavioral analysis must precede neural investigation, as it helps define the
computational and algorithmic processes involved. Without clear behavioral models and tasks,
neuroscientific data risk being misinterpreted or disconnected from real-world cognitive functions

(Krakauer et al., 2017; Marom et al., 2009) .
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In this light, cognitive neuroscience must adopt a pluralistic model of explanation — one that
balances technological advances (e.g., fMRI, EEG) with rigorous behavioral theory and experimental
design. Behavioral observations are not mere adjuncts but foundational elements for interpreting
neural mechanisms, especially in ecologically valid, socially embedded contexts. This integrated
framework aligns with the growing recognition that neural circuits do not feel, decide, or understand,
but organisms do. Therefore, studying behavior not only complements neural analysis but guides it,
ensuring that neuroscience remains rooted in the phenomena it seeks to explain (Krakauer et al.,

2017).

1.7.1 Electroencephalography: a methodological overview

In particular, among other neuroscientific tools, EEG allows the recording of brain
electrophysiological activity in real-time and with a high temporal resolution. EEG is by far the most
common non-invasive method used to measure the brain’s electrical activity (Miiller-Putz, 2020) . It
involves placing electrodes on the scalp to detect voltage changes caused by the movement of
electrical currents in and around neurons. With a history spanning nearly 100 years, EEG has
developed a broad range of applications. Initially focused on clinical diagnosis, it has more recently
expanded into areas such as neurorehabilitation guided by brain activity. Beyond clinical use, EEG
has been a valuable tool in experimental psychology for identifying brain activity linked to cognitive
processes. It has also gained recognition as a legitimate neuroimaging technique, especially with
recent developments in translational and computational neuroscience. Thanks to its adaptability and
ease of use, combined with modern advancements in signal processing, EEG continues to offer
innovative possibilities, proving that even a well-established technology can evolve and stay relevant
(Biasiucci et al., 2019).

It’s important to note that EEG captures only a limited portion of the brain’s electrical activity.
Nonetheless, while it must deal with physiological artefacts (e.g., from heart, eyes, muscles) and

environmental noise (e.g., power lines, screens), EEG can still isolate brain-specific signals.
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Importantly, EEG does not detect action potentials (brief spikes traveling along axons) but instead
measures postsynaptic potentials, slower voltage changes triggered by neurotransmitter activity
(Biasiucci et al., 2019; Miiller-Putz, 2020). The EEG signal arises primarily from the synchronous
activity of pyramidal neurons in the cortex, whose aligned, columnar structure enables the formation
of current dipoles, with opposing intracellular and extracellular flows between dendrites and soma.
These dipoles are the main sources of EEG (Biasiucci et al., 2019).

To be measurable at the scalp, neuronal activity must be both spatially and temporally
synchronized, allowing electrical fields to summate and propagate through brain tissue and
surrounding layers (e.g., cerebrospinal fluid, skull, skin). Due to attenuation and spatial smoothing,
EEG reflects mostly low-frequency, surface cortical activity, while deeper or misaligned sources
contribute less

Several research indicate that varying degrees of brain integration — facilitated by spatial and
temporal synchronization across multiple frequency bands — may be crucial for the development of
perceptions, memories, emotions, thoughts, and behaviors (Knyazev, 2012). This suggests that
distinct cognitive and emotional functions are likely linked to specific brainwave frequencies.
Specifically, brain oscillations, whether ongoing or triggered by specific events, are typically
classified into five frequency bands: delta (0.5-3.5 Hz), theta (4—7 Hz), alpha (8—12 Hz), beta (13—
30 Hz), and gamma (above 30 Hz) (Knyazev, 2012) (see Figure 9). These bands can be meaningfully
grouped into two main categories. Delta, theta, and alpha waves represent what are known as global
processing modes. These slower oscillations typically cover broad areas of the cortex and are believed
to support the integration of activity across distant brain regions by promoting synchronized neural
firing and phase coupling. In contrast, beta and gamma waves (referred to as local EEG modes) are
faster, lower in amplitude, and confined to more localized cortical regions (Nunez & Williamson,

1996).
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Figure 9. The raw EEG signal along with its derived frequency bands. The illustration displays examples of each EEG
band shown in a different color. From top to bottom, the waveforms are labeled according to their respective bands: raw
EEG, delta, theta, alpha, beta, and gamma (from Deen et al., 2025).

Over time, nearly all cognitive functions have been linked to event-related EEG oscillations.
However, it is important to underline that since there are far more cognitive processes than the five
primary frequency bands (delta, theta, alpha, beta, gamma), a one-to-one correspondence is unlikely.
Instead, EEG oscillations likely support multiple cognitive functions, depending on their location in
the brain and characteristics such as amplitude, frequency, phase, and coherence (Herrmann et al.,
2016). This idea is supported by several key assumptions: (i) different brain areas have distinct
functions, based on their unique neural structures (Brodmann, 1909); (ii) low-frequency EEG
thythms may reflect large-scale network activity, while high-frequency rhythms often indicate
localized neuronal processes, contributing to the typical 1/f EEG spectrum (Singer, 1993) ; (iii)
synchronized oscillations between distant brain regions may signal functional interaction (Siegel et
al., 2012) ; (iv) building on this, high-frequency coherence may link nearby regions, whereas low-

frequency coherence may support long-range communication (Stein & Sarnthein, 2000).
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However, we provide a brief summary of the link between event-related EEG oscillations and
cognitive functions, emphasizing well-established and consistently replicated findings.

Delta. Delta waves have traditionally been linked to cortical inhibition, yet growing evidence
suggests they also reflect active cognitive processes, including the formation of explicit and
declarative memories and emotional states (Balconi, Rovelli, et al., 2024; Hobson & Pace-Schott,
2002; Knyazev, 2012) . Delta power increases have been observed during tasks that demand focused
attention and cognitive effort. These oscillations typically originate from the frontal and cingulate
cortices and, due to their low frequency, engage widespread neural networks. This broad engagement
may serve an inhibitory function, selectively suppressing irrelevant information to enhance focus,
supporting their proposed role in attentional control (Harmony, 2013; Herrmann et al., 2016).

Theta. Theta oscillations, typically prominent over mid-frontal regions, are closely linked to
attention, memory, emotional processing, and social decision-making (Khader et al., 2010; Sauseng
et al., 2010). The ACC is frequently identified as a key source of these rhythms (Pizzagalli, 2007).
Additionally, frontal theta oscillations are observed during executive control tasks, where they are
thought to support functional inhibition, helping to regulate activity in other brain areas (Huster et al.,
2013).

Alpha. Alpha oscillations are mainly associated with the inhibition of irrelevant or distracting
cognitive processes (Knyazev, 2007). Typically generated in posterior brain regions, increased alpha
activity in specific areas suggests those regions are not essential for the current task and are
functionally suppressed (Klimesch et al., 2007; Sadato et al., 1998). Alpha rhythms are modulated by
sensory input (Schiirmann & Basar, 2001) and are involved in memory (Klimesch, 1997) and
attention (Hanslmayr et al., 2011). Alpha waves may serve dual roles in inhibition and timing, acting
as core mechanisms for cognitive processes requiring both selection and suppression.

Beta. Beta oscillations increase during states of attention and alertness, likely reflecting
heightened excitatory activity associated with arousal, focused attention, and cognitive engagement

(Engel & Fries, 2010; Pizzagalli, 2007; Wrobel, 2000). In visual working memory tasks, beta activity
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is often observed in posterior brain regions (Gola et al., 2013). Moreover, while beta rhythms are
strongly linked to motor activity (Neuper & Pfurtscheller, 2001) they also vary during cognitive tasks
that involve sensorimotor integration (Kilavik et al., 2013). Notably, a theory proposes that beta
activity appears whether the current sensorimotor state is expected to remain stable or is about to
change (Engel & Fries, 2010) .

Gamma. Unlike low-frequency oscillations, which are often linked to functional inhibition,
high-frequency gamma oscillations are generally considered markers of cortical activation (Merker,
2013) . Depending on the specific brain region, gamma activity is closely associated with attentional

processing, the active maintenance of memory content and conscious perception (Herrmann et al.,

2016) .

1.8 Aims of the current project

As seen in the previous paragraphs of the introduction, in the field of cognitive neuroscience,
decision-making has emerged as one of the most complex and ecologically relevant expressions of
executive functioning, requiring the integration of cognitive control, emotional regulation, and
metacognitive monitoring (Miller & Cohen, 2001). Far from being a purely rational process,
decision-making is increasingly conceptualized as a dynamic interplay between “cold” cognitive
components (such as working memory and inhibition) and “hot” affective and motivational systems,
often modulated by feedback and context (Diamond, 2013; Zelazo & Carlson, 2012) .

Despite this complexity, empirical studies have often analyzed these components in isolation,
limiting our understanding of how they function in real-life situations. In particular, how feedback
valence (i.e., whether the outcome of a decision is framed positively or negatively) influences the
recall and evaluation of past decisions is still unclear, especially when considering the
neurophysiological correlates of such processes in healthy populations. Moreover, while the role of

metacognition in decision-making is widely acknowledged (Flavell, 1979; Fleming, 2023), few
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studies have investigated the “second-order” metacognitive level, that is, the individual’s ability to
reflect upon and regulate their own strategic planning during complex decisional tasks.

Therefore, building on the theoretical and neuroscientific foundations outlined in the previous
sections, this doctoral project aims to investigate the dynamic interplay between EFs, decision-
making processes, metacognition, and feedback, within an integrated cognitive-neuroscientific
framework. Acknowledging the complexity and multidimensional nature of these constructs, which
often lack a universally accepted definition, the project embraces a multi-level neuroscientific
approach. This integrated methodology overcomes the limitations of purely behavioral analyses by
offering a more objective and in-depth perspective on the underlying mechanisms of the mentioned
processes, through the combination of behavioral and electrophysiological data, particularly via EEG.

Additionally, among the main goals of the project is the investigation of these cognitive
phenomena through ecologically valid paradigms and, importantly, through the adoption of wearable
technologies. In line with the necessity of studying cognition “in the wild” (Bleichner & Debener,
2017) the project aims to bridge the gap between controlled laboratory tasks and real-world decision-
making contexts. The use of wearable EEG devices, in particular, allows for the monitoring of
neurocognitive states in more naturalistic environments, capturing the dynamic interplay between
cognitive control, feedback processing, and metacognitive regulation as they unfold in everyday-like
situations.

Therefore, starting from the abovementioned objectives, three different studies were designed,
implemented and run. Specifically, the first study of this project aims to investigate how the valence
of feedback (positive vs. negative) shapes the recall of previously made decisions. Using an
ecologically valid decision-making paradigm with real-life scenarios and EEG measurements, the
study examines behavioral accuracy, errors, and response times, along with patterns of neural activity
across frequency bands (delta, theta, alpha, beta, gamma) during decision-memory retrieval.
Particular attention will be given to the influence of cognitive-emotional biases on memory processes,

such as the positivity bias (the tendency to recall more favorable events), the negativity bias (the
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prioritization of negative information due to its evolutionary relevance), and the mnemic neglect
effect (the tendency to disregard self-threatening feedback). These mechanisms will be explored to
provide new insights into how emotional valence and prior experience modulate memory recall,
offering a more comprehensive understanding of emotionally influenced memory dynamics within
decision-making contexts.

The second study primarily focuses on decision-making flexibility in response to external
feedback, examining how individuals choose to maintain or revise their decisions when confronted
with positive, negative, or absent feedback in realistic scenarios. Special emphasis is placed on
cognitive biases such as the status quo bias — the tendency to persist with previous choices even when
faced with unfavorable information. The study will identify behavioral patterns reflecting such inertia
and explore their neurofunctional correlates as indicators of cognitive effort and emotional
engagement during decision revision. In addition, the study investigates how individual differences,
including personality traits and decision-making styles, modulate both behavioral performance and
metacognitive evaluations. Using validated psychometric instruments, the project explores how
dispositional factors interact with executive and metacognitive processes. The ultimate aim is to
identify individual profiles that either facilitate or hinder strategic control and adaptive behavior in
decision-making contexts.

Finally, the third study focuses on a more advanced form of metacognition — namely, the
awareness and regulation of metacognitive control over strategic planning — distinguishing it from
first-order cognitive knowledge and monitoring. This form of second-order metacognition will be
investigated through a modified version of the Tower of Hanoi task, combined with EEG recordings.
The study aims to examine how strategic planning is associated with metacognitive beliefs and
electrophysiological markers. Behavioral performance and neural activity will be analyzed in relation
to participants’ willingness to revise or maintain their planning strategies. Additionally, a dedicated
5-item metacognitive scale will be used to assess key dimensions: overall use of strategic planning,

awareness of strategy, changes in strategy, perceived effectiveness, and retrospective willingness to
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adjust one’s approach. This will allow a clearer differentiation between executive functioning and
higher-order metacognitive awareness, offering insight into how current cognitive effort is linked to
the intention to modify future strategies.

As this overview demonstrates, EFs, metacognition, and decision-making are deeply
intertwined, forming a dynamic and interdependent system in which cognition, emotion, and feedback
continuously interact. Therefore, by integrating behavioral performance, EEG measures, and
individual differences, this project aims to contribute to a more nuanced understanding of decision-
making as a dynamic interaction between cognitive control, emotional feedback, and metacognitive

regulation.
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Chapter 2 — Study 1: The impact of feedback valence on
decision recall: neurophysiological evidence'

2.1 Introduction

To gain a clearer understanding of the outcomes of a decision and to improve future decision-making,
people need feedback from external sources. Behaviors that lead to negative outcomes, such as
punishment or negative feedback, are less likely to be repeated, while those that produce positive
results, like rewards or positive feedback, tend to encourage the behavior to occur more often (Kobza
etal., 2012).

The fundamental role of feedback in shaping behavior is clear and well-documented by several
research (Balconi, Angioletti, et al., 2024; Crivelli et al., 2023; Mangiapanello & Hemmes, 2015) ,
yet its influence extends beyond immediate decision-making, affecting how individuals remember
and learn from their experiences. Feedback, whether positive or negative, not only guides future
actions but also plays a pivotal role in how well these experiences are encoded and later recalled
(Hattie & Timperley, 2007) . Notably, research indicates that the valence of feedback significantly
influences memory recall: a study by Holtje & Mecklinger (2020) demonstrated that positive
feedback improves memory encoding, resulting in better recall compared to negative feedback. This
is consistent with findings from Albrecht et al. (2023), who observed that immediate positive
feedback can affect recall, implying a complex interaction between feedback valence and memory
processes.

Studies conducted on healthy individuals suggest that they frequently exhibit a positivity bias,
tending to remember events as more favorable than they were (Levine et al., 2012; Schacter et al.,
2011) . This bias likely stems from an adaptive mechanism aimed at preserving self-esteem if

perceived as threatened. Indeed, because self-threatening information tends to be distressing, people

"This paper can be found at the following bibliographic reference: Balconi, M., Angioletti, L., & Allegretta, R. A.
(2025). Which type of feedback—Positive or negative-reinforces decision recall? An EEG study. Frontiers in
Systems Neuroscience, 18, 1524475. https://doi.org/10.3389/fnsys.2024.1524475
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make considerable efforts to eliminate such memories (M. C. Anderson & Green, 2001; Gagnepain
et al., 2014) . The mnemic neglect effect (MNE) further explains (Sedikides & Green, 2004,
2006) this selective forgetting suggesting that individuals are driven to protect or enhance the
positivity of their self-concept and tend to disproportionately overlook the processing of negative,
self-threatening feedback. As a result, self-threatening feedback is processed superficially, resulting
in weaker recall due to shallow processing.

Nonetheless, some research also showed that human cognition and behavior are influenced by
a negativity bias, where people tend to prioritize negative information over positive information
across different psychological contexts (Norris et al., 2019) . This bias is believed to have evolved as
a survival mechanism, with avoiding harmful stimuli being more essential to survival than seeking
out beneficial ones (Norris et al., 2019) .

To better understand how different feedback valence affects the recall of a decision, important
support comes from neuroscience through the use of electroencephalography (EEG). Indeed, brain
activity related to specific perceptual, cognitive, and emotional processes can be examined through
the analysis of EEG frequency bands (delta, theta, alpha, beta, and gamma) and the interpretation of
their functional significance providing deeper insights into the neural mechanisms underlying these
processes. Notably, low-frequency bands (delta and theta) generally exhibit an increase during
emotional processes (Balconi et al., 2015, 2019), while high-frequency bands (alpha, beta and
gamma) are typically associated with cognitive effort, processing, engagement, and mechanisms of
focused attention (Engel & Fries, 2010; Pizzagalli, 2007; Wrobel, 2000) .

To the best of our knowledge, there are limited researches focusing specifically on the recall
of decisions influenced by varying feedback valence in healthy populations. Therefore, our study
combined behavioral measures — response accuracy, errors and response times (RTs) — with
electrophysiological data to investigate how decision-makers recalled previously made decisions
under different feedback valences. In the first part of the task, participants were presented with 10

real-life decision-making scenarios where they could choose between two alternatives. Regardless of
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their choice, all participants received either immediate negative feedback for five scenarios and
immediate positive feedback for the other five. In the second part of the task, participants were asked
to recall their responses for each scenario.

Based on previous considerations, firstly we explored potential differences in response
accuracy and errors for the recall of decisions based on feedback valence. We expected to find that
participants would accurately recall decisions associated with positive feedback more than those
linked to negative feedback. Research suggests that healthy individuals often exhibit a positivity bias,
remembering events more favorably than they were (Levine et al., 2012; Schacter et al., 2011) , which
serves to preserve self-esteem. This can be explained by the MNE (Sedikides & Green, 2004, 2006) ,
which suggests that individuals tend to process self-threatening feedback superficially, resulting in
poorer recall of negative information. We also investigated differences in RTs in recalling decisions
based on feedback valence, since they serve as indicators of information processing, cognitive effort,
and decision workload (Balconi, Acconito, et al., 2024) . We expected longer RTs for accurately
recalled decisions with positive feedback compared to those with negative feedback. Indeed, while
positive stimuli are typically easier to remember, attentional biases toward them may slow cognitive
processing and memory retrieval, resulting in slower RTs (Thoern et al., 2016).

Secondly, we expected a different pattern of activity for EEG frequency bands for both
accurately and incorrectly recalled decisions with positive and negative feedback. Specifically, we
anticipated a crucial role of high-frequency bands: we expected a general decrease of alpha band
mainly in frontal areas in the recall of decisions despite feedback valence. Indeed, alpha oscillations
act as gatekeepers in neural processes, influencing how attention is directed and how stored
information is accessed during tasks (Knyazev, 2013). Particularly, higher alpha activity in certain
areas of the brain may indicate that region is not essential for processing information, thus its activity
is suppressed while other brain regions play a more significant role in the process (Klimesch et al.,
2007). On the other hand, we expected also gamma and beta to increase during the recall of decisions

since beta oscillations are thought to support top-down control processes that support retrieving
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information from memory (Miller et al., 2018), whereas gamma oscillations are associated with the
encoding and retrieval of specific memory traces, which help improve the accuracy of recalled

information (Lundqvist et al., 2016).

2.1 Method
2.1.1 Sample

A total of 20 participants were selected for this pilot study (Mean age = 37.35, Standard Deviation
age = 15.05, age range: 22—61, with 8 males). Exclusion criteria encompassed a history of psychiatric
or neurological disorders, significant head injuries or strokes, undergoing therapy with psychoactive
drugs that could influence cognitive abilities or decision-making. All participants had normal or
corrected vision and hearing. Participation was voluntary, with no financial compensation provided.
Each participant gave written informed consent prior to the study.

The study received approval from the Ethics Committee of the Department of Psychology at
the Catholic University of the Sacred Heart in Milan (approval code: 125/24 — “Evaluating Decision-
Making: Awareness and Metacognitive Decision-Making”; approval date: 23rd July 2024) and was
carried out in accordance with the Declaration of Helsinki (2013) and GDPR regulations (EU

Regulation 2016/679) and its ethical standards.

2.1.2 Procedure

After receiving an explanation of the experimental procedure and providing informed consent,
participants were seated comfortably approximately 80 cm from a computer, wearing a wearable EEG
device and completed the experimental task — delivered through an online platform (PsyToolkit,

version 3.4.4) (Stoet, 2010, 2017) — in a quiet environment.
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2.1.3 Decision recall task

The experimental task was structured to examine the influence of positive and negative feedback on
the recall of a previously made decision, and it was divided into two phases. In the first phase
(decision-making phase), participants were shown a scenario explaining they were starting their first
day at a new job and that they needed to make some decisions throughout the day (e.g., “You have
just been hired at a new company and are unfamiliar with the structure. You start your first day and
need to complete some bureaucratic tasks.”). They were then given ten scenarios and asked to choose
between two options, selecting the one they believed was most appropriate. After each decision,
feedback about the consequences of their choice was displayed. Regardless of the option chosen, five
scenarios always provided positive feedback (e.g., “Perfect, now you know where the office is!”’) and
five provided negative feedback (e.g., “This decision wasted a lot of time; you should have made a
different choice!”). Instead, the second phase (recall phase) aimed to assess the accuracy of
participants’ recall regarding their initial decisions. Participants were presented with the same
scenarios from the first phase and asked to indicate which option they chose (see Figure 10).
Behavioral data, including participants’ accuracy (ACC), errors (ERRs) and response times (RTs) for

each scenario were collected.
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DECISION-MAKING PHASE

You have just been hired at a new company and are unfamiliar with the structure.
SCENARIO 1 You start your first day and need to complete some bursaucratic tasks
Arriving outside the office, you knock on the door, but no one answers

OFTIONS Do you knock again, or do you wait outside

* Il heping someone heard you?

DECISION
Ji'_ Participant's choice: knock again

e | (@ |
SCENARIO 2
\1 RECALL PHASE |

[ scenario 1 |
OPTIONS
* Jil Which option did you choose before?
* Participant's incorrect response: wait outside
S

Figure 10. Figure represents the experimental procedure.

Specifically, ACC was calculated as the number of correctly recalled decisions on the total
amount of decisions for both positive and negative feedback, ERRs were calculated as the number of

wrongly recalled decisions on the total amount of decisions for both positive and negative feedback.

2.1.4 EEG data acquisition and processing

EEG data were collected for 120 s during both a resting state and while participants completed the
recall phases of the task using a wearable, non-invasive EEG device, the Muse™ headband (version
2; InteraXon Inc., Toronto, ON, Canada). This system detects spectral activity across standard
frequency bands (delta, theta, alpha, beta, and gamma) using seven dry electrodes made from
conductive silver material and silicone rubber. The electrodes are arranged according to the 10-20
system (Jasper, 1958), three functions as reference points, while the remaining four are positioned on
the left and right sides of the forehead: two in the frontal area (AF7 and AFS8) and two in the
temporoparietal area (TP9 and TP10). The data were sampled at 256 Hz, with a 50 Hz notch filter
applied, and recorded via a system featuring an accelerometer, gyroscope, and pulse oximetry, all

synced through the Mind Monitor mobile app via Bluetooth. Participants were instructed to minimize
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eye movements and blinking to reduce potential artefacts, which were later manually removed
through visual inspection. These artefacts included blinks, jaw clenching, and movement. EEG data
from each electrode and frequency band were converted in real time into Power Spectral Density
(PSD) using Fast Fourier Transformation, applied across the delta (1-4 Hz), theta (4-8 Hz), alpha
(8-13 Hz), beta (13—-30 Hz), and gamma (30—44 Hz) bands. Power variations during task performance
were calculated by comparing the power values during the task with baseline values.

The EEG data was recorded during the recall phase as participants recalled the decisions
previously made, involving a choice between two distinct options. Following data acquisition, the
EEG signal underwent an offline segmentation procedure. This process involved segmenting the
signal according to the feedback associated with each decision outcome in the first phase of the task
(i.e., decision-making phase), categorizing segments into those associated with positive and negative
feedback and further differentiating between correct and incorrect responses. This segmentation
enables a comprehensive analysis of the neural activity patterns underlying distinct decision outcomes
and feedback types, facilitating a deeper understanding of the cognitive mechanisms involved in

decision-making.

2.1.5 Data analysis

The assumption of normality for the distribution was preliminarily tested and confirmed through the
application of kurtosis and skewness tests. Based on this evidence, four distinct repeated measure
ANOVAs with Feedback (2: positive, negative) as independent within variables was applied to the
ACC and RTs of correctly recalled decisions (i.e., correct responses), to ERRs (i.e., incorrect
responses, which are wrongly recalled decisions) and to the RTs of the incorrect responses as
dependent variables.

Regarding EEG data, four distinct repeated measure ANOVAs with Feedback (2: positive,
negative) and Electrode (4: AF7, AF8, TP9, TP10) as independent within variables was applied to

the variations of EEG frequency bands for segments related to correct and incorrect responses of
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recalled decisions as dependent variables. When required, the degrees of freedom for each ANOVA
test were adjusted using the Greenhouse—Geisser epsilon. Following this, significant interactions
were explored through pairwise comparisons to examine simple effects. To control potential biases
due to multiple comparisons, the Bonferroni correction was applied. The effect sizes for statistically

significant results were quantified using eta squared (1%), with a significance threshold set at a = 0.05.

2.2 Results

2.2.1 Behavioral results

A main effect was found for Feedback [F(1,19)=7.96, p = 0.011, »* = 0.079], for which we observed
higher RTs for the correctly recalled decisions with a positive (M = 9.09, SE = 0.583) compared to
negative feedback (M = 7.69, SE = 0.506) (Figure 11a).

No other significant effects were found for the ACC of recalled decision, ERRs and RTs of

the errors (all p > 0.05).
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Figure 11. Behavioral results and EEG results for delta and theta. (a) The graph shows significant differences for RTs
with higher RTs in the recall of the decisions with positive feedback compared to those with negative feedback. (b) The
graph shows significant differences for correctly recalled decisions for delta band in feedback. The figure under the
graph is a graphic representation of the differences in delta activity during the recall task for positive and negative
feedback decisions. (c-d) The graph shows non-significant differences in multiple comparison correction for wrongly
recalled decisions for theta band in Feedback *x Electrode. For each graph bars represent £1 se and dots represent
observed score.

2.2.2 EEG results

2.2.2.1 Delta band
A main effect for Feedback was found [F(1,19) = 13.225, p = 0.002, #*> = 0.022], with higher mean

values of delta band for the correct recall of the decisions that in the first phase (i.e., the decision-
making phase) received negative feedback (M = 0.523, SE = 0.071) compared to those that received
a positive feedback (M = 0.354, SE = 0.064) (Figure 11b).

No other significant effects were found (all p > 0.05). No significant differences were found

for wrongly recalled decisions (all p > 0.05).
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2.2.2.2 Theta band
A significant interaction effect Feedback x Electrode was found [F(3,33) = 4.818, p = 0.007, #* =

0.026] for the wrongly recalled decisions. In the post-hoc investigating the interaction effect showed:
slightly higher values for AF7 for recalled decisions with negative feedback (M =0.391, SE =0.231)
compared to those with positive feedback (M = 0.180, SE = 0.145); for AF8 for recalled decisions
with positive feedback (M = 0.432, SE = 0.112) compared to those with negative feedback (M =
0.296, SE = 0.074); for TP9 for recalled decisions with negative feedback (M = 0.541, SE = 0.088)
compared to those with positive feedback (M = 0.404, SE = 0.078) and for TP10 for recalled decisions
with negative feedback (M = 0.561, SE = 0.084) compared to those with positive feedback (M =
0.410, SE = 0.056), but none of them survived multiple comparison correction (Figures 11c,d).

No other significant effects were found (all p > 0.05). No significant differences were found

for correctly recalled decisions (all p > 0.05).

2.2.2.3 Alpha band
Concerning correctly recalled decisions, a main effect for Electrode [F(3, 57) = 9.456, p = <0.001, #*

= 0.268] was detected. Pairwise comparisons revealed higher mean values for alpha band in TP9 (M
=1.078, SE = 0.075, p = 0.009) and TP10 (M = 1.178, SE = 0.103, p = 0.007) compared to AF7 (M
=1.178, SE=0.103), and in TP10 compared to AF8 (M = 0.630, SE=0.120, p=0.011) (Figure 12a).

About wrongly recalled decisions, we observed the same main effect for Electrode [F(3,33) =
9.99, p =<0.001, #*> = 0.374]. Pairwise comparisons revealed higher values for alpha band in TP9 (M
=1.092, SE =0.104, p = 0.035) and TP10 (M = 1.143, SE = 0.103, p = 0.012) compared to AF7 (M
=0.400, SE =0.160), and in TP10 compared to AF8 (M =0.621, SE =0.083, p = 0.046) (Figure 12b).

Also, it was found a significant interaction effect Feedback x Electrode [F(3,33) =4.86, p =
0.007, #* = 0.008]. Pairwise comparison showed higher mean values for alpha band in TP10 (M =
1.202, SE = 0.125) compared to AF7 (M = 0.442, SE = 0.161) for wrongly recalled decisions with

negative feedback (p = 0.029) (Figure 12c).
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Figure 12. EEG alpha band results. (a) The graph shows significant differences for alpha band for correctly recalled
decisions in Electrode. Bars represent £1 SE and dots represent observed score. (b) The graph shows significant
differences for alpha band for wrongly recalled decisions in Electrode. The figure under each graph is a graphic

representation of the brain area involved during the recall task. Bars represent £1 SE and dots represent observed score.
(¢) The graph shows significant differences in multiple comparison correction for alpha band in Feedback x Electrode.
Bars represent £1 standard error and dots represent observed score. The figure under the graph is a graphic
representation of the differences in alpha activity during the recall task for negative feedback decisions.

2.2.2.4 Beta band
For beta band, it was detected a main effect for Feedback [F(1,19) = 8.09, p = 0.002, #*> = 0.005],

with higher mean values of beta band for wrongly recalled decisions with a negative (M = 0.685, SE

= (0.087) compared to positive feedback (M = 0.608, SE = 0.086) (Figure 13a).
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Figure 13. EEG beta and gamma bands results. (a) The graph shows significant differences for wrongly recalled
decisions for beta band in feedback. Bars represent =1 se and dots represent observed score. (b) The graph shows
significant differences for wrongly recalled decisions for gamma band in feedback. Bars represent £1 SE and dots
represent observed score. The figure under each graph is a graphic representation of the differences in beta and gamma
activity during the recall task for positive and negative feedback decisions.

2.2.2.5 Gamma band
Regarding gamma band, a main effect for Feedback [F(1,19) = 7.272, p = 0.022, #* = 0.003], with

higher mean values of gamma band for wrongly recalled decisions with a negative (M = 0.362, SE =
0.105) compared to positive feedback (M =0.291, SE = 0.111) (Figure 13b).
No other significant effects were found (all p > 0.05). No significant differences were found

for correctly recalled decisions (all p > 0.05).

2.3 Discussion
The present study examined behavioral — specifically ACC, ERRs and RTs — and EEG data
in a sample of decision-makers when recalling prior decisions under two feedback conditions

(positive versus negative).

67



Behavioral results only showed higher RTs for accurately recalled decisions with positive
feedback compared to those with negative feedback. These results might suggest that attentional
biases toward positive information can impact cognitive processing and memory retrieval (Thoern et
al., 2016) . This influence may result in slower recall times for positive information compared to
negative stimuli. Another possible interpretation addressed by Garcia-Arch et al. (2024) is that
people tend to prefer receiving feedback that aligns with their self-representation, suggesting that they
actively utilize self-consistent information to reinforce self-identity, which may help maintain the
stability of self-concept. Nonetheless, we might speculate that decisions with negative feedback are
easier to recall since people are more likely to prioritize negative over positive information across
various psychological contexts (Norris et al., 2019). Besides, results showed no significant
differences in recall accuracy. Indeed, we might speculate that since participants were healthy
individuals with typical performance levels, their ACC probably reached a ceiling effect, showing no
significant differences across conditions. However, more sensitive measures, including RTs — which
are indicators of cognitive effort and decision workload (Balconi, Acconito, et al., 2024) — and EEG,
revealed distinctions between correct and incorrect responses, offering deeper insights into the
underlying neural processes.

Regarding EEG results, analysis showed as expected for both correctly and wrongly recalled
decisions a general decrease of alpha band mainly in frontal areas (AF7, AF8) compared to temporo-
parietal areas (TP9, TP10) in the recall of decisions despite feedback valence. Alpha oscillations
indeed function as a gatekeeper in neural processes, playing a crucial role in directing attention and
accessing stored information during tasks by managing cognitive load via the inhibition of
distractions (Knyazev, 2013). Specifically, suppression of alpha band activity in frontal areas supports
top-down control, aiding working memory and attention by filtering distractions and enhancing focus,
particularly during recall tasks (Payne et al., 2013; Zanto et al., 2011). In contrast, temporo-parietal
alpha activity is associated with memory encoding and maintenance, with higher alpha power

improving memory performance (Kimura et al., 2016). Interestingly, results showed low level of
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alpha band in AF7 compared to TP10 for wrongly recalled decisions with negative feedback
suggesting that while frontal areas attempt to control and focus attention, right temporoparietal
processing [that might be marked by the right-temporoparietal junction — rTPJ — an area associate
with attentional process (Carter & Huettel, 2013; Corbetta & Shulman, 2002)] remains insufficient
for accurate recall, especially under conditions of negative feedback that threaten self-concept and
may be processed more superficially. Indeed, this pattern of activation could reflect an interaction
between the need for self-concept stability and the selective disengagement of attention from self-
incongruent feedback, limiting the effective integration of such information (Garcia-Arch et al.,
2025).

Conversely, results showed higher delta band activity for correctly recalled decisions with
negative compared to positive feedback. Notably, this result is consistent with findings that associate
delta oscillations with aversive states, thus episodes linked to positive emotions showed a more
pronounced decrease in delta power, while those linked to negative emotions displayed an increase
in delta power (Knyazev et al., 2015). Additionally, it is worth noting that delta-increased activity is
generalized to the whole scalp and not localized to a specific brain area, which underlines the role of
this EEG band in processing and recalling negative stimuli (Allegretta et al., 2024; Balconi et al.,
2009; Knyazev et al., 2015) .

Regarding wrongly recalled decisions, results showed the implication of high frequency bands
beta and gamma. Indeed, analysis showed an increase of beta and gamma for wrongly recalled
decisions with negative feedback compared to positive ones. Notably, beta plays a crucial role in
supporting top-down control processes in retrieving information from memory (Miller et al., 2018).
Additionally, findings show that a decrease in beta power is associated with successful memory
formation, particularly in the left inferior prefrontal cortex (Hanslmayr et al., 2011). The modulation
of beta oscillations during memory tasks seems connected to encoding and recall processes, with beta
wave desynchronization correlating with improved memory performance (Hanslmayr et al., 2014).

Furthermore, research shows that beta band activity reflects the cognitive load linked to recalling
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negative memories, with higher beta power associated with more effortful retrieval processes (Shin
et al., 2017) . This might indicates that increased beta activity may serve as a neural marker for the
cognitive effort needed to access negative memories or alternatively — as shown by findings from
ERP studies — where beta-related top-down control and P300 amplitude modulation are tied to
valence and expectancy effects (Paul et al., 2022), suggesting that the increased beta activity observed
here could signify heightened cognitive effort to process the recall of unexpected negative feedback
incongruent with one’s self-representation. Furthermore, similarly to delta, beta did not show
significant increase over a specific brain area: indeed, as found by Crespo-Garcia et al. (2022) upon
detecting unwanted memories, not a specific area, but several brain areas are engaged (including the
anterior-cingulate cortex and the hippocampus) through specific neural oscillatory patterns, thus beta
and theta bands.

Notably, it is worth mentioning that theta showed a significant feedback-dependent
modulation of electrodes’ activity for the wrongly recalled decisions, showing a generalized higher
activity for decisions with negative feedback compared to those with positive feedback in AF7, TP9
and TP10, that however did not survive multiple comparison correction. As highlighted by Crespo-
Garcia et al. (2022) theta oscillations in the dorsal anterior cingulate cortex play a crucial role in
activating inhibitory control by the right dorsolateral prefrontal cortex during motivated forgetting.
Thus, in the case of this study, it is possible that theta signals memory suppression indicating greater
control demands for cognitive conflict resolution (Sauseng et al., 2019). However, this speculation
might be better addressed by using a high-density EEG in future research.

On the other hand, gamma is associated with encoding and retrieval of specific memory traces,
helping the improvement of the accuracy of recalled information (Lundqvist et al., 2016) . Research
suggests that beta-gamma activity also acts as a “motivational value signal” (HajiHosseini et al.,
2012) and increases with heightened attentional resources toward significant events driving
behavioral adjustments when feedback is relevant (Li et al., 2016). Therefore, we might speculate

that the increased activity of both beta and gamma when wrongly recalling decisions with negative
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feedback might be interpreted as a neural marker indicating a motivational signal that is perceived as
a treat to the self and that therefore prompts a selective forgetting of that self-threatening negative
feedback. This speculation might be supported by the MNE (Sedikides & Green, 2004, 2006) which
posits that individuals are motivated to protect and enhance their positive self-concept, causing them
to process negative, self-threatening feedback less thoroughly. This shallow processing creates fewer
memory retrieval pathways, leading to weaker recall of decisions with such feedback. Nonetheless,
this selective forgetting might underline a certain level of awareness of the subject in avoiding the
recall of a negative event, perceived as self-threatening. Interestingly, as pointed out by Balconi,
Angioletti, et al. (2023) self-awareness is associated with heightened activity in both the gamma and
beta bands, suggesting a synergistic relationship between these oscillations in supporting this process.

Nonetheless, recent studies (Garcia-Arch et al., 2024, 2025) might offer an alternative
explanation to the findings of the current study: notably, the differing behavioral and neural responses
triggered by recalling a decision that received positive or negative feedback may also be attributed to
how well the feedback aligns with the existing self-concept. As pointed out by the authors, self-
concept characteristics support psychological continuity and may protect self-representations from
being rapidly altered by self-incongruent information (Conway, 2005; Nowak et al., 2000), therefore
identity-discrepant inputs are identified early in the processing stages and classified as “false”
information (Abendroth et al., 2022). This suggests that the swift detection of self-incongruent
feedback serves to safeguard self-representations from disruption by subjectively inaccurate
information. Overall, this study reveals key behavioral and EEG factors in recalling decisions under
different feedback conditions. Behaviorally, accurate recalls with positive feedback showed longer
RTs, likely due to an attentional bias toward positive information (Thoern et al., 2016). Regarding
electrophysiological data, reduced alpha activity in frontal areas during both correct and incorrect
recalls supports the role of alpha oscillations in managing cognitive load (Knyazev, 2013). Correct
recalls with negative feedback showed increased delta activity, linked to aversive states (Knyazev et

al., 2015), while incorrect recalls with negative feedback exhibited higher beta and gamma activity,
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suggesting cognitive effort in processing self-threatening feedback (Miller et al., 2018). This study
highlights how feedback valence shapes recall accuracy, RTs, and neural oscillations. However, it is
worth mentioning that the positivity bias might be one of different interpretations of the current
results. Indeed, as pointed out by Garcia-Arch et al. (2024) in a recent study, there is in healthy adults
a behavioral tendency to prioritize the assimilation of feedback that aligns with one’s self-perceptions
over feedback that contradicts them. This aligns with the idea that self-beliefs are deeply integrated
within a complex network of autobiographical memories, which require stabilizing mechanisms to
maintain self-representations and resist contradictory information (Conway, 2005; Nowak et al.,
2000). From this perspective, the need to maintain self-concept stability and coherence acts as a strong
constraint, influencing which external information is processed and retained, with a preference for
information perceived as self-congruent (Garcia-Arch et al., 2025). Therefore, the role of valence
may be more complex and potentially secondary to other factors, such as self-congruence, particularly
in healthy adult populations. This suggests that the alignment of feedback with self-perceptions could
exert a stronger influence on behavioral and neural responses than the mere positive or negative nature
of the feedback itself (Garcia-Arch et al., 2024).

While this study is innovative in its multi-method approach to examining the recall of
previously made decisions based on feedback valence by integrating behavioral and EEG data, it has
some limitations. The primary limitation is its small sample size, which may affect the statistical
power of the findings. Future research with a larger participant pool is recommended to validate these
results. Moreover, future studies with larger sample size should consider the application of advanced
EEG analyses approach using data-driven tests, such as cluster-based permutation test. Secondly,
using a wearable EEG device presents limitations: indeed, even if it offers ecological validity, easy
setup, and greater comfort with dry electrodes (Acabchuk et al., 2021; Ratti et al., 2017), they also
have drawbacks, such as limited scalp coverage, which restricts the examination of broader neural
networks (Cannard et al., 2012; Zhang & Cui, 2022). Future studies could improve accuracy and

reduce artefacts by using high-density EEG, allowing for more comprehensive mapping of cortical
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activity related to these processes. Furthermore, future studies could delve deeper into these findings,
by incorporating psychometric data through self-report measures examining how individual factors,
such as personality traits, decision-making style and maximization tendencies relate to variations in
behavioral performance and EEG activity. Another important limitation of the present study is the
omission of EEG data collected during the feedback phase. Indeed, these neurophysiological data
would have allowed us to associate the brain activity and behavioral patterns observed during recall
to processes occurring in the feedback phase, therefore providing a more comprehensive
understanding of the mechanisms underlying recall. By focusing solely on the outcomes of the recall
phase, our findings are limited to describing the results relative to the recall phase rather than the
dynamic processes leading to them. Future studies should consider integrating feedback-related data
to enable a more comprehensive analysis of recall and its associated neural and behavioral patterns.
Finally, to gain a comprehensive understanding of the implicit components of decision-making, a
neuroscientific approach that combines behavioral data with EEG and autonomic measures would be
valuable. This approach could clarify the neurophysiological and autonomic responses involved in
the recall process, offering insights into cognitive effort and emotional engagement. Moreover,
comparing neurophysiological and autonomic responses between the decision-making and recall

phases could reveal key differences in processing across these stages.
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Chapter 3 — Study 2: Cognitive flexibility and adaptive
behavior: the role of feedback in situated decision-making’

3.1 Introduction

In an effort to better understand the relationship between a person’s characteristics and the processes
leading him/her to make a decision, research on decision-making has largely relied on the construct
of decisional style, understood as a “learned habitual response pattern exhibited by an individual
when confronted with a decision situation [...] not a personality trait, but a habit-based propensity to
react in a certain way in a specific decision context” (Scott & Bruce, 1995, p. 820). This perspective
has led to the development of models where decisional styles are deemed as primary predictors for
the development and outcomes of individual decisional processes (Curseu & Schruijer, 2012; Scott
& Bruce, 1995; Thunholm, 2004) . In one of the best-known of these models, Scott & Bruce
(1995) identified five different decisional styles: rational, intuitive, dependent, avoidant, and
spontaneous.

Decisional processes are not solely a consequence of an individual’s past experience and
learned habits. From a perspective that highlights the situated and embodied determinants of human
cognition (Wilson, 2002), here we focus on situated aspects of decision-making, and on the
relationship between decisional processes, the situation in which the decision takes place, and
decision-makers’ representation of such situation (Balconi, 2023; Crivelli, 2023). Decision-making
is often driven and guided by the evaluation of action effects and external cues on action outcomes,
which are essential to adaptively optimize behavior (Cohen et al., 2007) , and depending on whether
they are positive/favourable or negative/unfavourable. Decisional behavior is indeed shaped and,

often improved, by interactions with the environment in two different ways (Cunillera et al., 2012):

2This paper can be found at the following bibliographic reference: Crivelli, D., Allegretta, R.A. & Balconi, M. (2023).
The “status quo bias” in Response to External Feedback in Decision-Makers. Adaptive Human Behavior and
Physiology, 9, 426-441. https://doi.org/10.1007/s40750-023-00230-1
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when positive/negative environmental signals suggest that a decisional strategy needs to be modified
and that it is time to switch to a new set of rules for processing incoming stimuli (rule-based
behavioral adjustment); or when these cues are used to confirm (or disconfirm) if an action was
effective (outcome-based behavioral adjustment).

An individual’s sensitivity to positive/negative cues and to feedback on decision outcomes, as
well as the effectiveness in evaluating and strategically using such information, are known to be
influenced by personal characteristics, such as mental health (Balconi et al., 2022; Crivelli, Balena,
etal., 2024), anxiety levels (Giorgetta et al., 2012), moral principles (Boyd, 2006), adherence to social
norms (Balconi et al., 2019), impulsivity (Vollm et al., 2007) , and responsiveness to rewards (Scheres
& Sanfey, 2006). As an example, anxious individuals tend to react less positively to favourable
feedbacks on their choices (e.g., gains) but also less negatively to unfavourable feedbacks (e.g.,
losses), and show reduced tendency to change their choices after negative feedback than non-anxious
individuals (Giorgetta et al., 2012).

High-level metacognitive executive functions — which include planning, problem-solving,
working memory, and performance monitoring — are a component of the capacity to employ
environmental signals in a flexible way (Balconi et al., 2020; Cunillera et al., 2012; Diamond, 2013).
Brand et al. (2006) model of decision-making under objective risk conditions also highlights the
central role of executive functions. According to this model, in order to organize pertinent informa-
tion, evaluate the options, and manage the application of strategies, executive functions are required.
Cognitive flexibility is an important factor in the decision-making process in the organization field,
in which rigidity in making strategic decisions might have serious negative repercussions (Sharfman
& Jr, 1997). Cognitive flexibility — understood as the ability to change the mode of operation
according to situational factors and feedback and to consequently match cognitive processing
strategies with the specifics of task at hand (Laureiro-Martinez & Brusoni, 2018) — is considered

essential to overcome the so-called cognitive inertia, namely an excessive dependence on particular
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mental models that limits an individual’s or an organization’s capacity to recognize and respond to
changes (Hodgkinson, 1997; Hodgkinson & Wright, 2002).

The expression of cognitive flexibility often depends on two main factors: identification of
many facets, viewpoints, and perspectives on an ongoing decisional scenario, and active processing
and reasoning on such aspects in order to detect potential connections and to appraise them (Diamond,
2013; Raes et al., 2011). The development of such recursive process is, then, further informed and
shaped by environmental cues concerning the effect, efficacy, and implications of the choices made
by the decision-maker.

To better understand the effects of their choices, individuals thus need external feedbacks,
which according to Brand et al. (2006) are processed via two routes — the emotional and cognitive
route — in line with dual-processing theories (Evans, 2008; Kahneman, 2003; Reyna, 2004). In theory,
both pathways can respond to feedback and be activated simultaneously.

The emotional route - in keeping with embodied models of social-cognitive skills (Pace-Schott
et al., 2019) and, more specifically, of decisional skills (Loewenstein et al., 2001; Morelli et al.,
2022) — modulates peripheral body reactions and somatic activity (e.g., increased heart rate, visceral
reactions, perspiration, etc.) in response to both the occurrence of previously selected options that led
to negative outcomes and to the decisional process itself. Such physiological modulations, in turn,
inform the decisional process and help shaping its development together with subjective affects and
emotional experiences during exposure to the decisional situation (Crivelli, Allegretta, et al., 2024).

In the cognitive route, environmental cues and feedback-related data are strategically used to
appraise and re-evaluate strategies. Furthermore, executive control mechanisms support ongoing
monitoring and reiterated conscious access to those pieces of information to verify the success of
current decision-making approach and to check and possibly adjust the strategy based on their
positive/favourable vs. negative/unfavourable connotations.

The common substrates for such self-monitoring, cognitive-affective regulation, information

integration, and appraisal processes are the prefrontal areas of the brain. Medial structures in
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prefrontal cortices, such as the anterior cingulate cortex (ACC), in particular, play a pivotal role in
situated decision-making since they are implicated in monitoring actions and their outcomes to adjust
subsequent behavior. This also results in an increase in cognitive control, presumably through the
increased recruitment of lateral prefrontal areas when an action or its outcome is not consistent with
expectations and active action inferences, and medial structures thus signal the need for corrections
and alternative solutions to be evaluated or implemented (Kerns, 2006; Kerns et al., 2004;
Ridderinkhof et al., 2004). The dorsolateral prefrontal cortex (dIPFC) may integrate information over
time and adjust higher-level decision-making techniques to changing situations and demands (Lee &
Seo, 2007; McClure et al., 2004; Tanaka et al., 2006).

Studies investigating the involvement of these prefrontal structures have shown that medial
frontal EEG power for the theta band and related intertrial phase coherence increase after mistakes or
unfavourable performance feedback more than after successful trials or favourable feedback.
According to Cavanagh et al. (2009) and Cavanagh & Frank (2014), frontal oscillatory theta-band
activity also predicts post-error slowing and post-correct speeding as well as model-derived
prediction mistakes. Theta-band oscillations in the frontal network, therefore, seem to be engaged in
transmitting affective-laden error messages and implementing both task-specific and task-general
adaptations when internal or external cues signal an unsatisfactory outcome and, therefore, the need
to adjust behavior (Vijver et al., 2011). In contrast, EEG power for the beta band was observed to
increase in association to feedback providing the subject with useful information for situated learning,
such as a financial gain or a successful response in a learning scenario (Cohen et al., 2007). This is
also consistent with the hypothesis that increases in beta-band activity support current motor or
cognitive processes through management of workload, endogenous top-down regulation of attention
and, generally, mental resources (Bastos et al., 2015; Engel & Fries, 2010; Michalareas et al., 2016;
Wrobel, 2000). Nonetheless, it must be noted that such EEG data, while highly valuable, still

primarily derive from studies based on simple or abstract tasks. It remains unclear whether the
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conclusions of these studies can be extrapolated to the domain of realistic and complex decision-
making.

This study aimed at investigating individuals’ sensitivity to positive/favorable and
negative/unfavorable feedback and their flexibility in changing a previously made decision following
that feedback in realistic decision-making scenarios. In addition, we explored how brain frequencies
changed during the time window in which people decided to confirm or change their choice after the
received feedback. Such measures can complement behavioral assessment with relevant information
on neurofunctional markers and their modulations linked to feedback valence and cognitive
engagement. This study also investigated possible correlations between decision-making styles — as
defined by the Scott and Bruce model and evaluated through the General Decision Making Style
(GDMS) inventory (Gambetti et al., 2008; Scott & Bruce, 1995) — and decision-making flexibility
depending on feedback valence.

We hypothesized that, at the behavioral level, there would be a tendency to adjust previous
decisions when receiving negative feedback from the environment compared to the tendency to stay
with one’s own decisions when receiving a positive reinforcement. As for the neurofunctional
markers, we expected lower frontal beta activity when participants are presented with environmental
cues that reinforce previous choices and do not prompt behavioral adjustment. Further, we expected
greater beta activity during the review phase when no feedback is provided, reflecting greater
cognitive engagement when considering whether or not to change a previous choice while no clues
are available. If the distress associated with receiving negative feedback is so consistent as to affect
individuals even beyond its receipt and processing, we could observe increased theta activity during
the related review phase, reflecting emotional engagement and regulation of distress. Finally, we
hypothesized that there may be a negative correlation between Dependent scores on the GDMS —
typical of those who strongly rely on advice and suggestions from others in decision-making — and

task scores reflecting individuals’ tendencies to maintain their own decisions.
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3.2 Materials and Methods
3.2.1 Sample

Sixty-one participants (age: M = 34.57, SD = 11.54; 21 males, 40 females) took part in the study. An
a priori power analysis was conducted using G*Power version 3.1.9.7 (Faul et al., 2007) to determine
the minimum sample size required to test the study hypotheses. Results indicated the required sample
size to achieve 80% power for detecting a medium effect (f= 0.25), at a significance criterion of o =
0.05, was N = 28 for repeated-measures ANOVA with three measurements and one group.
Accounting for a potential attrition rate of 30%, the minimum required sample size would be N = 36.
Thus, the obtained sample size of N = 61 is adequate to test the study hypotheses. Recruitment was
conducted via consecutive sampling. No compensation was provided for study participation.

Inclusion criteria were: age > 18 years; normal or corrected-to-normal vision and hearing.
Exclusion criteria were: history of psychiatric or neurology disorders, severe head trauma, and/or
stroke; ongoing therapy based on psychoactive drugs that could alter cognitive or decisional skills;
clinically relevant condition of distress; experience of stressful life events in the last 6 month.

None of participants reported a history of psychiatric or neurology disorders. None of them
was receiving treatment with psychoactive drugs that could alter cognitive or decisional skills.
Finally, none of them showed clinically relevant signs of distress or reported recent stressful life
events. All of participants had normal or corrected-to-normal vision.

The study experimental procedures and methods comply with the standards and principles of
the Declaration of Helsinki and were approved by the Ethics Committee of the Department of
Psychology, Catholic University of the Sacred Heart. Written informed consent to participate in the

study was obtained from each participant.

3.2.2 Procedure

Participants were led to a quiet testing room, where they were they were asked to wear a wearable

dry EEG system and then introduced to the experimental setting, procedures, and task instructions.
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On average, experimental sessions lasted 30 min, including the dry-EEG montage and the filling in
of psychometric tests. In order to minimize potential situational confounds, the experimental sessions
were conducted by certified psychologists with experience in experimental research and/or
psychodiagnostics.

The experimental task was digitalized and administered via an experiment-management
platform. The task is designed to investigate the situated decision-making process, with a specific
focus on the cues the context provides to the decision-maker regarding the outcomes of his/her
decisions (positive or negative reinforcements). Specifically, participants are presented with a
realistic professional scenario in which they are asked to make a decision (see Supplementary
Materials for an example of the realistic decision-making scenarios). After making their decision,
participants may receive feedback on the option they choose. Feedbacks were conditional and could
serve as positive or negative reinforcers (see Supplementary Materials for an example of reinforcer
for one of realistic decision-making scenarios). After being presented (or not) with feedbacks on their
choices, participants were presented with the opportunity to review their choices, and change them.
Participants, then, could choose between further decisional alternatives (see Supplementary Materials
for an example of final alternatives). Based on the option selected by participants after being presented
with the general scenario, each alternative presented in the final step of the task was given a score,
ranging from 1 to 5; participants were thus evaluated on their decisional behavior in relation to the
situation and to contextual cues. Participants obtained higher scores when they remained consistent
in their decisions or when they flexibly adjusted their expectations and decisions following a positive
or a negative reinforcement from the social context. The decisional scenarios had been previously
validated by independent judges, who rated their ecological and construct validity, as well as their
realism, intelligibility, and clarity.

In addition to the experimental task, participants were asked to fill in the General Decision
Making Style (GDMS) inventory (Scott & Bruce, 1995). Such inventory was devised to assess

individual decisional styles based on a model including five different profiles — labelled as Rational,
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Intuitive, Dependent, Avoidant, and Spontaneous — which describe primary attitudes towards
decision-making. The Rational style is characterized by a comprehensive and exhaustive search for
information, considering all alternatives and their consequences before choosing. The Intuitive style
is defined by a focus on details and a tendency to make decisions based on hunches. The Dependent
style identifies a person who prefers to receive suggestions and external support when facing
decisions. The Avoidant style defines a person who tends to avoid making decisions. Finally, the
Spontaneous style is typical of those who seek immediacy and are driven by the desire to quickly
conclude the decisional process. Each of the five profile constitutes a specific dimension of the
construct of decisional style and is measured via a 5-item subscale. Responses are collected by using

five-point Likert scales.

3.2.3 EEG data acquisition and analysis

EEG data were collected via a wearable dry-EEG system (MuseTM headband, version 2;
InteraXon Inc, Toronto, ON, Canada). In this system, four electrodes are positioned in the prefrontal
(AF7 and AF8) and temporoparietal (TP9 and TP10) areas, while three medial frontopolar electrodes
are utilized as a reference. The frontal and temporoparietal electrodes of the Muse headband are
positioned in accordance with the 10 International System for electrode placement (Chatrian et al.,
1985) and they are made of conductive material and silicon rubber, respectively.

Data are captured and transmitted to a connected smartphone app via Bluetooth, using the
Mind Monitor’s mobile application. A constant 256 Hz sampling rate was used for data collection
and a 50 Hz notch frequency filter was applied. Participants were asked to keep their eye blinks and
movements to a minimum. Frequency components of EEG signals were extracted via an automated
FFT algorithm to compute power density values for standard EEG bands (delta, theta, alpha, beta,
gamma). Subsequent analyses focused on theta and beta EEG bands due to their functional
interpretation. Theta power was chosen due to its association with error processing, affective arousal

and emotion regulation (Cavanagh & Frank, 2014; Ertl et al., 2013; Korotkova et al., 2018), while
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beta power is considered a marker of cognitive processing, workload, and focus on a task (Engel &
Fries, 2010; Wrobel, 2000). Average power density value of the theta and beta bands over prefrontal
areas were specifically computed for the final phase of the task in which, after being presented (or
not) with feedbacks on their choices, participants were presented with the opportunity to review their
choices. Such computation was performed for each experimental condition: no feedback (NoF),

positive feedback (PF), and negative feedback (NF).

3.2.4 Data analysis

Behavioral (scores at the final phase of the task) and EEG data (power density values for the theta
and beta frequency bands, as described above) were first analysed through repeated-measure ANOVA
including Condition (NoF, PF, and NF) as within-subject independent factor. Type-I Errors due to
inhomogeneity of variances were controlled for by applying Greenhouse-Geisser correction to the
degrees of freedom when needed, based on results of Mauchly’s test. Pair-wise comparisons were
used to further explore statistically significant main effects. In order to account for multiple
comparisons bias, Bonferroni corrections to probability values were applied while computing pair-
wise comparisons. Partial eta squared (7°) was computed to assess the size of significant effects.
Effect sizes were deemed as small when |0.10] < 5? < |0.25|, medium when |0.25| < #° < |0.40|, and
large when #° > 0.40), in agreement with Cohen’s norms (1988). Threshold for statistical significance
was set to a = 0.05.

As a control analysis to rule out potential confounds related to gender-related differences in
behavioral responses or electrophysiological measures, ¢-tests including gender (male vs. female) as
an independent factor and behavioral and EEG data as dependent measures were also performed.
Statistical significance was set to a = 0.05.

To further explore potential associations between behavioral and psychometric (GDMS
scores) data, we also performed correlation analyses. We computed Pearson correlation coefficients

(p) between the behavioral response at the task and subscale scores of the GDMS, taking into account
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experimental conditions — i.e., NoF, PF, and NF. For correlations, effect sizes were deemed as small
when |0.10] < p <0.30|, medium when [0.30| < p < |0.50|, and large when p > |0.50|, in agreement

with Cohen’s norms (1988). Threshold for statistical significance was set to o = 0.05.

3.3 Results

The ANOVA model on task scores highlighted a statistically significant main effect of Condition
(F[2, 120] = 15.779, p < .001, #° = 0.72). Pair-wise comparisons revealed significantly lower task
scores following NF than NoF (p <.001) and PF (p <.001), with MNF = 2.07 (95% CI [1.85, 2.28]),

MNOoF = 4.08 (95% CI [3.93, 4.24]), and MPF = 4.21 (95% CI [4.01, 4.41]; see Fig. 14).

Task scores - a.u.

PF NF NoF

Figure 14. Distribution of task scores across experimental conditions: positive feedback (PF), negative feedback (NF),
and no feedback (NoF). The white dots represent mean values, grey dots represent individual values, bars represent the
95% confidence interval.

83



The models run on theta power density values did not highlight any significant differences.

Finally, the ANOVA model on beta power density values revealed a statistically significant
main effect of Condition (F/2, 100] =4.111, p = .026, n° = 0.08). Pair-wise comparisons highlighted
significantly lower beta values during the review phase following positive feedback with respect to
the one in the no-feedback condition (p =.020), with MPF =3.17 (95% CI [2.70, 3.65]), MNF = 3.48

(95% CI [2.93, 4.02]), and MNOF = 3.72 (95% CI [3.07, 4.37]; see Fig. 15).

7 -

Frontal beta PD values - a.u.

PF NF NoF

Figure 15. Distribution of frontal beta power density values across experimental conditions: positive feedback (PF),
negative feedback (NF), and no feedback (NoF). The white dots represent mean values, grey dots represent individual
values, bars represent the 95% confidence interval.

Control analyses (z-tests) included to rule out potential gender-related confounds did not
highlight any statistically significant effects.
We found statistically significant negative correlations between the Dependent scores on the

GDMS and task scores in the positive feedback (p =—0.365, p = .004) and no-feedback (p = —0.323,
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p = .012) conditions. In addition, a positive statistically significant correlation was found between

Spontaneous scores at the GDMS and task scores in no-feedback condition (p = 0.258, p =.047).

3.4 Discussion

Our study produced three main results: (i) participants showed a greater tendency to keep their
decisions in the face of a reinforcing feedback or when no explicit feedback was provided; some of
them tended to maintain their decision also following negative feedback; (ii) participants showed
lower cognitive effort, as marked by lower prefrontal beta power, during the decisional review phase
following positive feedback compared to when no feedback was available, with intermediate levels
of cognitive effort following negative reinforcers; (iii) we found negative correlations between
GDMS Dependent style scores and task scores in the positive feedback and no-feedback conditions;
we also found a positive correlation between GDMS Spontaneous style scores and task scores in the
no-feedback condition.

The first finding partly supports our first hypothesis. As predicted, we observed a clear
tendency to stay the chosen course when receiving a positive reinforcement, as marked by high task
scores following positive feedbacks. As for the reappraisal phase following negative feedback, in
partial disagreement with our expectations, we observed — on average — a tendency to reaffirm
previously made decisions when receiving negative feedback from the environment. This pattern,
along with the observed stability of decisions in the absence of external cues concerning their con-
sequences, might suggest a general orientation towards cognitive conservatism, perhaps sustained by
need for consistency, and independent from the type and quality (positive or negative) of external
feedback. We suggest that this might be interpreted as an expression of a “status quo bias”. Building
on previous attempts to explain why people remain committed to their decisions (and even sustain
them by providing more resources when they have not been successful), Samuelson & Zeckhauser
(1988) first introduced the concept of status quo bias to describe individuals who, given the choice

of doing nothing versus changing, choose to do nothing. Real-life examples of such bias are the
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resistance to divestment in finance or ordering the same food repeatedly in a known restaurant instead
of taking a risk on a new (tough potentially tastier) option. Interestingly, in their observations, the
effect was even more prevalent when the decision was a salient and important one. The status quo
bias has been widely investigated in consumer choices (Chernev, 2004; Yen & Chuang, 2008),
decision-making (Burmeister & Schade, 2007; Eidelman et al., 2009; Maner et al., 2007), and general
organizational inertia (Boyer & Robert, 2006; Gal, 2006; Gibbons & O’Brien, 2001).

The status quo bias may provide individuals with the opportunity to feel good about their
previous decisions and increase the perception of their own effectiveness (Samuelson & Zeckhauser,
1988; Staw, 1981). The suggestion that this bias is about self-image (Silver & Mitchell, 1990) has led
to new research on inter-individual differences in its manifestation. As an example, Gibbons &
O’Brien (2001) found that the background of the decision maker (e.g., professional experience,
international work experience, and multiplicity of operational background) modulates the tendency
to express the status quo bias. Moreover, Chernev (2004) found that the promotion vs. prevention
orientation of a consumer affects the occurrence of a status quo bias in their decisional processes.

The occurrence of marked individual differences in the manifestation of the status quo bias
resonates with our observation of high variability in participants’ task scores, especially when related
to the negative feedback condition, for which they ranged from 1 to 4 on a five-point Likert scale and
that showed interquartile range (IQR) equal to 2 out of 4. Whether individuals keep or change their
decisions may depend on the availability of environmental cues on decision consequences, but their
own predispositions may play a stronger role when they receive a feedback that might explicitly
question their previous decisions. In such situations, and in particular individuals, staying the course
in decision-making might represent an effort to reduce negative emotions tied to bad decisions or
reduce anticipatory regret (C. J. Anderson, 2003). Consistent with the suggested connection between
felt emotions and status quo bias, a previous study reported that incidental positive affect increased
the bias toward the status quo (Yen & Chuang, 2008). Such interpretation seems further supported by

our present neurofunctional findings.
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We observed lower prefrontal beta power during the decisional review phase following
positive feedback, i.e., a condition in which external cues reinforce previous choices instead of
suggesting the need for a cognitive remodulation or reappraisal to assess alternative solutions. The
observed pattern of lower prefrontal beta power following positive feedback and gradually increasing
beta power values as participants are exposed to negative reinforcers or no feedback at all seems to
suggest the occurrence of situated learning and decision-making processes. Indeed, beta EEG
component is commonly deemed as a marker of task-oriented attention focusing and cognitive
processing, as well as of top-down regulation of cognitive resources (Bastos et al., 2015; Engel &
Fries, 2010; Michalareas et al., 2016; Wrobel, 2000). The fact that such physiological marker of
workload is higher when no external cue is available to support recursive reviewing and appraisal
processes on one’s own choices than when such processes seem not needed, or when cognitive
reappraisal is prompted by feedback highlighting unsuccessful consequences of previous choices,
might plausibly reflect the involvement of higher cognitive executive functions and strategic
reasoning to counterfactually assess alternatives and promote learning from experience. Interestingly,
consistent with dual-processing theories of human cognition (Brand et al., 2006; Evans, 2008;
Kahneman, 2003; Reyna, 2004), this could reflect the predominant contribution of the cognitive route
in processing environmental and, when present, feedback-related information. Moreover, greater beta
activity in the no-feedback condition than in the positive-feedback one points to the practical
implications of giving and considering feedbacks, since situations in which feedback is not available
are more cognitively demanding.

The lack of significant modulations of prefrontal theta power in the negative-feedback
condition may suggest that the decisional reviewing phase as we implemented it has primarily evoked
cognitive appraisal processes for assessment of alternative solutions, learning, and future-oriented
planning instead of error monitoring and affective regulation processes to manage feedback-related
distress. Such interpretation seems supported by the fact that evidence linking theta power increases

to error monitoring and negative feedbacks was mainly provided by studies focusing on simple, exact,
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and clear feedbacks, primarily associated with errors or losses in motor/cognitive or gambling tasks
(Balconi & Crivelli, 2010; Cohen et al., 2007; Holroyd & Coles, 2002; Luu et al., 2004). In contrast,
the present experimental task uses realistic and complex decision-making scenarios, asking
participants to reason on a choice they actually made and, after receiving (or not) feedback on the
consequences of their decision, to evaluate whether or not to revise it. The greater complexity of the
task used in our study and of the feedbacks provided to the participants limits the extent to which our
present results can be directly compared with available findings on electrophysiological signatures of
negative feedback processing. Although the use of complex scenarios and complex feedback might
account for the above-noted negative finding, it may also suggest an involvement of the emotional
route across the realistic decisional tasks. This possibility needs to be further explored and tested. For
example, future studies could employ experimental conditions in which feedback is manipulated in
terms of intensity, besides valence. Again, the role of individual metacognitive and self-regulation
skills as protective factors against mental effort and distress associated with receiving negative
feedback will likely be a crucial topic for future investigations (Balconi, Acconito, et al., 2023).

The negative correlation between task scores in the positive-feedback and no-feedback
conditions and GDMS Dependent style scores is consistent with our expectations. The dependent
style is, indeed, characterized by the relevance — for the decisional process — given to advice, support,
and suggestions provided by others, and by a clear reliance on such external contributions. The fact
that the tendency to maintain one’s own decisions when no external cue is provided or when
reinforcing cue are present increases as the presence of a dependent decisional style lowers hints at
the potential modulatory role of a field independent cognitive style that might be worth additional
investigation. Interestingly, dependent style score was found to correlate with external locus of
control (Scott & Bruce, 1995). The positive correlation between the spontaneous decisional style and
the tendency to maintain one’s own decisions when no external cue is provided seems consistent with
such a perspective. Indeed, the spontaneous style is characterized by a feeling of immediacy and the

desire to quickly come through the decision-making process. Such approach to decision-making
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might reflect a general cognitively independent and self-confident style. This tentative interpretation
should be further investigated by future research.

To sum up, the results of the present study highlighted the importance of receiving feedback,
especially when positive or reinforcing, considering the cognitive effort required in the no-feedback
condition compared to the feedback conditions as demonstrated by higher beta activity. Furthermore,
they also suggested that sometimes even tough it could be critical, because this feedback may be too
stressful, or because adjusting behavior in response to negative feedback is too costly. This finding
might have important implications not only in a classical learning context, such as school or
university, but also in the workplace, where the importance of feedback serves as a compass to orient
one’s own job performance and it is also useful to promote organizational well-being, and prevent
and overcome the so-called cognitive inertia (Hodgkinson, 1997; Hodgkinson & Wright, 2002).
Future research should focus on strategies to improve the ability to manage and adaptively use
external feedback, such as via cost-benefit analyses. When the costs of change (psychological, social,
energetic, cognitive costs) are too high, inertia may become the chosen option. Knowing such
phenomenon, being able to detect it and recognize it, and having access to effective defensive or
contrasting strategies working on cognitive or affective mechanisms influencing decision-making
represent crucial competences for both professional decision-makers and lay people.

Further research with larger cohorts is needed and replication of our results using different
samples would strengthen our data interpretation. First, future studies should take into account age
differences by testing feedback sensitivity across lifespan using realistic scenarios. Second, it might
be of particular interest for applied researchers to investigate how decision-making processes,
flexibility and feedback sensitivity are influenced and change among different firm cultures. Finally,
an additional challenge for the future might be to study the relationship between decisional flexibility,
compliance among the decision-maker’s social network, and self-criticism as a trait, in order to
further investigate the expression of adaptive and strategic use of external feedbacks to guide one’s

own decision-making strategy.
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3.5 Supplementary Materials

Example of a realistic decision-making scenario:
“The possibility has arisen in your company to offer employees training on digitalisation. You are in
a period of intense work and several projects will have to be completed shortly to be presented in
some tenders. On the other hand, you believe the course is useful and important. What do you do?
a) I accept the training course for the team, it is an investment that could pay off over time
b) I refuse the training course for the team, there is already a lot to do at the moment and a
commitment of this type could slow down and put at risk the delivery of projects”.
Example of positive reinforcers for one of realistic decision-making scenarios:
“Choice A: Thanks to the training course, team members learned to use some programs that allowed
them to automate and innovate some aspects of the projects they were working on. This also
streamlined the workload required to finish projects, so you managed to finish all the projects to be
submitted on time.
Choice B: You still managed to complete all the projects you had planned. This makes you very proud
and satisfied as it shows that your team was sufficiently prepared from a technological point of view
to adequately tackle the projects carried out.”
Example of final alternatives for one of realistic decision-making scenarios:
A. I'would choose not to take the course in any case
B. I'would tend to choose not to take the course, provided that the situation still leads me to think
I am up to the task
C. Next time I'’ll evaluate based on what the context suggests
D. I'would tend to choose to take the course because it is always useful to enrich knowledge and
skills

E. Iwould choose to take the course again anyway”
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Chapter 4 — Study 3: Metacognitive regulation of strategic
planning: from Executive Functions to self-awareness’

4.1 Introduction

The ability to develop awareness of one’s strategic plan adopted during an action, to reflect on one’s
performance, as well as to distinguish between right and wrong decisions and outcomes is known as
metacognition and is crucial for functional decision-making processes. The regulation of the decision-
making process is significantly impacted not only by the high-order executive functions (EFs) of
selecting, planning, updating, and changing behaviors but also by the metacognitive awareness of
having planned an appropriate action strategy (knowledge about cognition) and monitoring one’s
strategy (monitoring of one’s cognition) (Flavell, 1979; Whitebread et al., 2009). These two
metacognitive components (the knowledge about cognition and monitoring of one’s cognition) that
have been mentioned in several models of metacognition (Flavell, 1979; Schraw et al., 2006) are
crucial for decision-making process. They primarily activate prefrontal brain regions, which are the
basis of EFs as well as higher-order processes involved in learning and self-awareness (Cleeremans
et al., 2007; Fleming, 2023).

Indeed, EFs comprise a family of functions (including working memory, planning, flexibility,
and inhibitory control) that are necessary for formulating goals, planning how to achieve them, and
carrying out those plans effectively (Lezak, 1982), whilst metacognition is placed at a higher-level
order and encompasses both the level of awareness of individual’s executive functioning (such as
being aware of the identification and selection of appropriate strategies that guided the decision-

making process), that the evaluation and control of one’s strategy to guide the decisional behavior.

3This paper can be found at the following bibliographic reference: Balconi, M., Allegretta, R. A., & Angioletti, L.
(2025). Metacognition of one’s strategic planning in decision-making: the contribution of EEG correlates and
individual differences. Cognitive Neurodynamics, 19(1), 4.
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Concerning the function of planning, it is necessary to make a conceptual distinction “within”
such function, since the implementation of strategic planning can be considered a component of EF,
while the awareness, evaluation, and control of the adopted strategic plan can be considered as a
metacognitive process (Foster & Skehan, 1996).

Therefore, executive planning constitutes the basis of a strategic planning action. The control
and awareness of strategic planning constitutes a “first-level” of metacognition. While being aware
of this metacognitive control over strategic planning implies a “second-level” of metacognition,
which does not simply coincide with the two metacognitive components of knowledge of cognition
and monitoring of one’s cognition mentioned above, but involves knowing how to use awareness
mechanisms to better regulate the present or future action execution: this ability has been here
conceived as the “metacognition of one’s planning strategy” (Angioletti et al., 2020; Balconi et al.,
2014, 2015; Balconi & Campanella, 2021). So far, the relation between decision-making process and
this metacognition ability of one’s strategic planning has been little explored.

On the one hand, a classic example of neuropsychological task that has been used for decades
to measure EFs, decision-making, and strategic planning in healthy and clinical samples is the Towers
of Hanoi (TOH) task (Goel & Grafman, 1995; Griebling et al., 2010; Shuai et al., 2017; Slomine et
al., 2002; Yu et al., 2016); on the other hand, self-report measures have been previously exploited to
collect information on which strategy individuals used to complete a decision-making task.

With reference to the TOH task, in this task, a predetermined number of disks must be moved
from a starting setup to a target display in the fewest number of movements (Liang et al., 2016). For
successfully completing the TOH task, different EFs are required, such as the planning of actions and
processes for attaining a specific goal (Lezak et al., 2012), decision-making, the use of short-term
memory, the execution of a plan in compliance with a set of guidelines (Schuepbach et al., 2002;
Welsh & Huizinga, 2001) and the capacity to switch between mental sets with flexibility (Bull et al.,

2004).
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Prior studies using TOH have all shown the Prefrontal Cortex (PFC) activity in the anterior,
inferior, and dorsolateral regions (Kaller et al., 2011; Ruocco et al., 2014). Additionally, a higher task
complexity (i.e., a higher number of movements required to reach the target state) resulted in higher
neural activity levels, especially in the left dorsolateral area of the PFC (DLPFC). While the right
DLPFC has been linked to mental processes and working memory, the left DLPFC has been linked
to the identification of information pertinent to the goal and the development of an internal problem
representation (Ruocco et al., 2014).

Furthermore, the PFC’s activation during the computerized version of TOH has been
demonstrated through the use of various neuroimaging methods including functional Magnetic
Resonance Imaging (fMRI) (Crescentini et al., 2012; Griebling et al., 2010; Head et al., 2002) and
electroencephalogram (EEG) (Guevara et al.,, 2013; Ruiz-Diaz et al., 2012). A recent pilot
neuroimaging study demonstrated the DLPFC activation related to the planning process during the
long-time learning of the TOH (Mitani et al., 2022). Also, Guevara et al. (2013) demonstrated that
during the performance of the TOH task, young adults and adults display an EEG pattern
characterized by an increase in the delta band in all brain derivations, interpreted as a marker of
concentration processes (Harmony et al., 1996) and decision-making (Basar et al., 2001) linked to
efficient task performance, and a decrease in alpha band in frontal and parietal areas, associated with
greater vigilance and attention (Mulholland, 1972; Ray & Cole, 1985a) during the TOH performance.
Although Guevara et al. (2013) has the merit to deepen EEG cortical oscillations in relation to the
TOH task, they also stated they lack information on which strategy the participants used to complete
the task and did not include a measurement of metacognition in their experiment.

On the other hand, several questionnaires have been developed to assess metacognitive skills
and different facets of metacognition in a variety of fields of application (Fleming & Lau, 2014;
Gascoine et al., 2017). In general, in metacognition research, two established instruments exist: a
broader Metacognitive Awareness Inventory (MAIL; Gregory & Sperling 1994) consisting of

metacognitive knowledge and metacognitive regulation scales, and a shorter, single-factorial
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Metacognitive Self-Regulation scale from the Motivated Strategies for Learning Questionnaire
(MSLQ; Pintrich et al. 1993) that measures planning, metacognitive monitoring, and metacognitive
regulation during learning. To make the assessment of metacognition more agile, studies in other
contexts have previously selected reduced number of items or subscales of these metacognitive scales
to administer (Taasoobshirazi & Farley, 2013) . Otherwise, a different approach has been frequently
adopted in the context of decision-making, which consisted of asking participants to perform a
behavioral task and to estimate the confidence in their choices (e.g., post-decision wagering; Brevers
et al., 2013; Kepecs & Mainen, 2012) that in the end will be correlated with objective performance
(Fleming, 2023).

A halfway solution consists of proposing the execution of a behavioral task followed by the
request to fill in a limited set of items developed to measure an individual’s awareness of decision
and strategic planning during the task performance. In line with this approach, we have recently dem-
onstrated in a series of studies within the clinical field of addiction, that the objective performance at
a decision-making task (Iowa Gambling Task, IGT) correlates with metacognitive dimensions
measured with single items assessing the ability to adopt planning a strategy, the strategy awareness,
the ability to adopt a flexible strategy and the sense of efficacy (Balconi et al., 2014, 2015).

However, to the best of our knowledge, no previous research measured through a multi-level
neuroscientific approach the relation between TOH performance correlates (behavioral and EEG
markers) and metacognitive abilities. Notably, to the best of our knowledge, no former studies
focused on the so-called “second-level” of metacognition, which is here defined as the awareness of
metacognitive control over strategic planning, thereby distinguished from the “first-level” of
metacognition, understood as the control and awareness of strategic planning during a decision-
making task. The “second-level” of metacognition — or as previously defined the “metacognition of
one’s planning strategy” — is here intended as a process that entails acquiring the ability to use
mechanisms of awareness to regulate the execution of present or forthcoming actions more effec-

tively. Therefore, to fill the current gap in the literature, it proves necessary to investigate and focus
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on this “second level” of metacognition through a multi-level neuroscientific approach, integrating
behavioural data acquired from the TOH task and EEG performance correlates.

In addition, it should be noted that individual differences, like personality profiles and
decision-making styles, have been associated both to the performance at decision-making tasks and
to metacognition levels (Basu & Dixit, 2022; Colombo et al., 2010). Buelow & Cayton (2020) found
that a higher Big Five Agreeableness personality score was associated with less risky decisions at the
IGT. Basu & Dixit (2022) demonstrated that the metacognitive component of knowledge about
cognition was positively associated with intuitive and spontaneous decision-making styles, while the
metacognitive regulation of cognition emerged to be positively related to rational decision-making
style. Therefore, it could be speculated that individual differences (in terms of personality profiles
and decision-making styles) could be linked to metacognition and perhaps also differentiate between
the different components and levels of metacognition. However, the relationship between individual
profiles and behavioral and metacognitive performance has not yet been explored in depth in the
literature, specifically regarding the “second-level” of metacognition.

Based on these assumptions, this work aims to test the relationship between the behavioral
and EEG correlates of strategic planning abilities, measured with a modified version of the TOH task,
the “metacognition of one’s planning strategy”, and individual differences in personality profiles and
decision-making styles.

To do so, during the TOH task, the behavioral and electrophysiological (EEG frequency
bands: delta, theta, alpha and beta band) data were collected to obtain both a behavioral Planning
Performance index [based on the completed levels and reaction times (RTs) at the TOH task] and
EEG indices of cognitive effort and control needed to develop the strategic plan and executing it
efficiently.

After the task, a metacognitive scale was applied to measure participants’ metacognition on
the task (Angioletti et al., 2020; Balconi et al., 2014, 2015), through 5 items assessing specifically the

global use of strategic planning (item 1), the strategy awareness during the task (item 2) strategy
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changes across levels (item 3), participants’ perception of having used a successful strategy (item 4),
the willingness to change strategy a posteriori (item 5).

Also, to assess individual differences in personality profiles and decision-making styles, three
psychometric scales were used in the current study: the 10-item Big Five Inventory (10-item BFI)
(Guido et al., 2015), which allows for highlighting five specific personality profiles: extroversion,
agreeableness, conscientiousness, emotional stability, and open-mindedness; the General Decision-
Making Style scale (GDMS; Scott & Bruce, 1995), which proposes five different independent
decision styles (rational, intuitive, avoidant, dependent, and spontaneous); and the Maximization
Scale (MS; Nenkov et al., 2008), which include three main dimensions characterizing a decision-
maker, that are the tendency to hold high standards, to seek better alternatives and the difficulty in
deciding.

Given these premises, it was hypothesized to find a positive correlation between the TOH
Planning Performance index and the items of the metacognition scale, since better behavioral
performance is expected to correlate with higher metacognition scores.

Secondly, it was supposed a positive correlation between the willingness to change the
strategy a posteriori (measured with the item 5 score) and EEG delta increase and alpha decrease in
left DLPFC during task performance (according to Guevara et al., 2013; Ruocco et al., 2014), as a
marker of a relation between executive planning and higher metacognition of one’s strategic planning.

Thirdly, concerning the relation between metacognitive items and individual personality
profiles and decision-making styles, it was expected to observe a positive correlation between the
BFI Emotional Stability subscale and the first four metacognitive items, since this personality profile
is characterized by confidence and the ability to deal better with challenging situations; and, a neg-
ative correlation between the GDMS intuitive subscale and item 5, because individuals with this
decision-making style tend to decide on the basis of their first intuition without the perspective to
change their decision a posteriori. Also, other potential associations between individual differences

and metacognition measures are expected.
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Finally, it was also hypothesized a potential relation between individual differences
(personality profiles and decision-making styles) and the performance during the task (both
behavioral performance and EEG pattern). Indeed, it is expected to observe a positive correlation
between three main individuals’ profiles characterized by the tendency to be organized, make
decisions based on careful considerations (Gambetti et al., 2008), hold high standards for themselves
and things in general, that are BFI Conscientiousness subscale scores, GDMS Rational style and MS
High Standards and TOH planning behavioral Planning Performance index. As well as a positive
correlation between these three profiles and the higher presence of EEG delta band in the left DLPFC,

as a marker of executive planning during task performance is expected.

4.2 Methods
4.2.1 Sample

The sample recruited for the current study included 24 participants (age: Mean = 35.33, Standard
Deviation = 11.94; 13 males, 11 females) without any specific area of professional specialization. To
determine the minimum required sample size, we performed an a priori power analysis correlations
(Bivariate normal model). Results showed that, in order to detect a significant correlation, a minimum
sample size of 23, with an alpha error probability of 0.05 and a power of 0.80, was required for a
large effect (G*Power 3.1 software, Heinrich-Heine, Germany).The exclusion criteria included:
traumatic head injury and/or ictus, clinically significant distress and depression, neurologic or
psychiatric illness, ongoing therapy with psychoactive medications affecting cognition and decision-
making assessed through a semi-structured interview. All participants were aged above 18 years old,
healthy, right-handed, and had normal or corrected-to-normal vision and hearing, as well as no prior
history of neurological or psychiatric disorders, learning disabilities, drug abuse, or chronic illness.
Before participating in the study, each subject gave their written informed consent. No participant
was familiar with the Tower of Hanoi (TOH) task before the study. Both the evaluation procedure

and the study were designed in compliance with the revised Declaration of Helsinki (2013) and to the
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GDPR - Reg. UE 2016/679 and its ethical guidelines. The research procedure was accepted by the

ethics committee of the institution where the work was carried out.

4.2.2 Procedure

The whole experimental procedure took place in a quiet room dedicated to the experimental setting.
Participants sat in a comfortable chair in front of a computer monitor placed at a distance of 80
centimeters. They all signed an informed consent and received full instructions on the experimental
procedure. Then, the EEG wearable MUSE™ headband was applied to record their EEG activity for
a total of 120 s resting state baseline. After the baseline, participants’ EEG activity was constantly
recorded during the performance of the computerized version of the TOH task. Participants were told
that the TOH task performance would have been used to evaluate their ability to plan short- and long-
term actions, as well as their decision-making skills, which prove necessary and valuable not only in
everyday life, but also in the workplace where this competence is fundamental for one’s professional
growth. After the task, they were asked to think about their experience during the task and fill in a 5-
item metacognitive scale (Balconi et al., 2014) through the following instructions: “Now we ask you
to think about your experience during the task and answer the following questions”. After this
procedural step, they were asked to fill in the following psychometric scales: the 10-item Big Five
Inventory (Guido et al., 2015), the General Decision- Making Style (GDMS) inventory (Scott &
Bruce, 1995), and the Maximization Scale (Nenkov et al., 2008). The whole experimental procedure
lasted approximately 25 min. Figure 16 shows the experimental setup with the EEG wearable

MUSE™ headband and the laboratory setting.
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Figure 16. Display of the experimental procedure along the timeline. In the figure it is possible to observe how the
Muse™ EEG wearable Device was applied to collect the EEG data from the resting state baseline (lasting 2 min) until
the entire duration of the TOH task (lasting approximately 4 min). At the end of the task, sufficient time (about 12 min)
was given to the participants for completing the metacognitive Scale and the self-report questionnaires to measure
personality profiles and decision-making style.

4.2.3 Towers of Hanoi (TOH) task

In this study, a computerized version of the Towers of Hanoi task (administered through PsyToolkit,
as an experiment-management platform; Stoet, 2010, 2017) consisting of 3 levels with increasing
difficulty was adopted to assess participants’ decision-making and planning abilities. Each level
included an increasing number of disks (3, 4, and 5 disks) and a different time limit to complete the
task (1st level: 40 s; 2nd level: 1 min and 20 s; 3rd level: 1 min and 50 s). Participants received the
instruction that, for each level, the goal was to move the entire setup of the tower from the first peg
to the third one. They were asked to move and respect the following two rules: (i) only the top disk
of the peg can be moved during each move; (ii) a larger disk cannot be placed on top of a smaller
disk. Participants were also warned that to solve the problem they needed to choose the strategy
allowing them to reach their goal with the least number of moves. The following instructions were
given to the participants:

“At the bottom of the screen you will see 3 pegs with several discs of various sizes. Discs can
be moved by grabbing them (mouse click and hold) and dragging them to a different peg. Releasing
the disc will place it on the peg. Your goal is to move the entire setup from the first peg to the third

by moving the disks.
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There are 2 rules to observe:

Move only the top disc a given peg

A larger disk cannot be placed on top of a smaller disk

There are several ways to solve the problem, try to find the strategy that allows you to reach
the goal with the least number of moves possible!

When you 're ready, press the button to start.”.

During task performance, the following parameters were measured for each level: latency to
the first movement, the total number of movements, number of incorrect movements, RTs, and level
complete or incomplete.

The total number of completed levels (maximum score: 3) and the total time of execution for
the 3 levels were translated offline as a metric scale ranging from 1 to 10, obtaining respectively a
Planning Performance score (PPs) and an Execution Time of the Planning task score (ETPts). Then
the two scores were computed to obtain a Planning Performance index (PlanPerf-1), that measures the
ability to plan action in the short term and long term. Specifically, this index was obtained through a
ratio between the Planning Performance score and the Execution Time of the Planning task score as

follows: PlanPerf-i = PPSgec / ETPtSdec.

4.2.4 Metacognitive measures

A modified version of the metacognitive scale of Balconi et al. (2014) was adopted in the current
work to evaluate individuals’ metacognitive understanding of the strategies applied during the task.
The scale includes five items measuring different aspects of metacognition: the ability to plan a
strategy, strategy awareness, the ability to adopt a flexible strategy, the sense of efficacy, and pro-
spective reasoning. In particular, item 1 refers to the Global use of Strategic planning (GSP: “Were
you able to apply a strategy during the game?”); item 2 measures Strategy Awareness during the task
(SA: “Were you aware of using a strategy during the game? ’); item 3 assess Strategy Changes across

levels (SC: “Did you change your strategy during the game? ”); item 4 refers to participants’ Percep-
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tion of having used a Successful Strategy (PSS: “Do you think you used an effective strategy?”’); item
5 assess the Willingness to Change Strategy a posteriori (WCG: “Would you change the strategy you
used?”). Responses were provided using a 5-point Likert scale, ranging from 1 (totally disagree) to
5 (completely agree). The first four items of this scale measure a “first level” of metacognition and,
in particular, item 1 (GSP) and item 4 (PSS) measure aspects related to the knowledge of cognition,
while item 2 (SA) and item 3 (SC) measure aspects related to the monitoring of cognition. In this
study, to investigate a “second level” of metacognition, namely the metacognition of one’s planning,
a fifth item has been added (WCG), which measures more directly the intention of changing a future

action following a conscious reflection on the current performance.

4.2.5 Psychometric measures

In addition to the experimental task, participants were asked to fill in the Italian version of the 10-
item Big Five Inventory scales (Guido et al., 2015), the Italian version of the General Decision-
Making Style (GDMS) inventory (Gambetti et al., 2008; Scott & Bruce, 1995), and the Maximization
Scale (Nenkov et al., 2008) to collect self-report data on individuals’ decision-making styles and
personality profiles.

10-item Big Five Inventory. This 10-item questionnaire allows for the measurement of five
different personality profiles: extroversion, agreeableness, conscientiousness, emotional stability, and
open-mindedness (Guido et al., 2015). The individual is asked to answer to each item that best
characterizes his personality through a 5-point Likert-type scale ranging from 1 (strongly disagree)
to 5 (strongly agree). Higher mean scores indicate greater levels of one of the personality traits.

General Decision-Making Style inventory. Based on a model with five different profiles —
Rational, Intuitive, Dependent, Avoidant, and Spontaneous — which could define attitudes toward
decision-making, the GDMS inventory (Scott & Bruce, 1995) was developed to evaluate individual
decisional styles, using a 5-item subscale. Each subscale represents a distinct aspect of the decisional

style construct.
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Maximization Scale. This 13-item scale investigates individuals’ tendency to maximize their
choice, or, on the contrary, to settle with an option considered sufficiently good according to their
own criteria (Nenkov et al., 2008). The participant is asked to answer each item via a 7-point Likert-
type scale, that allows one to measure decision makers’ tendency: (i) to hold high standards for
themselves and things in general (high standard subscale), (ii) to seek better options (alternative

search subscale), (iii) to encounter difficulties in making a choice (decision difficulty subscale).

4.2.6 EEG data acquisition and analysis

EEG data were collected using a dry-EEG wearable equipment (Muse™ headband, version 2;
InteraXon Inc, Toronto, ON, Canada). This system employs four electrodes to gather EEG signals
from the prefrontal (AF7 and AF8) and temporoparietal (TP9 and TP10) regions, together with three
medial frontopolar electrodes as a reference. The electrodes on the Muse headband are placed
according to the 10/20 International System for electrode placement (Jasper 1958). This wearable
recording system is equipped with four bipolar dry electrodes featuring gold-plated cups composed
of conductive material (silver) and silicon rubber. Additionally, it incorporates an accelerometer, a
gyroscope, and pulse oximetry. A thin layer of water was applied to the dry electrodes using a sponge
to both the frontal metal sensor and the conductive silicone rubber mastoid sensors located behind
the ears. This was done to reduce impedance and enhance signal quality.

Through Bluetooth transfer to a connected smartphone, the mobile app “Mind Monitor” was
used to record and collect all the data. Data were collected at a fixed sampling rate of 256 Hz, and a
50 Hz notch frequency filter was used to process the data. For limiting the presence of artifacts,
participants were told to keep their eye blinks and movements to a minimum during the whole
experiment.

Concerning EEG data processing, the removal of artifacts (such as eye blinks, jaw clenching,
and movements) was done through visual inspection of all the data (less than 1% of data was

removed). Through the logarithm of the power spectral density of the raw EEG data from each chan-
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nel, raw data were processed by Mind Monitor and transformed by using a Fast Fourier Transform
(FFT) into brain waves at various frequency bands: delta (1-4 Hz), theta (4—8 Hz), alpha (7.5-13 Hz),
beta (13-30 Hz), and gamma (30—44 Hz). The Power Spectral Density (PSD) obtained from Mind
Monitor’s EEG was between — 1 and + 1. The algorithm used is proprietary from Mind Monitor app
and not shared. At the start of the experimental phase, a 120-second resting state baseline was
recorded, and task-related EEG activity was then weighted over baseline values for each participant
as follows:
TRPSD = ((PSDtask — PSDy1)/PSDy1)

where TRPSD represents task-related changes in power spectral values for each frequency
band and each electrode site, PSDqask represents power spectral values for each frequency band and
each electrode site, and PSDy represents power spectral values in eye-open baseline for each fre-

quency band and each electrode site.

4.2.7 Data analysis

For the statistical analysis, IBM SPSS 29 (IBM Corp., Chicago, IL, USA) was used.

For EEG data, four repeated measures analyses of variance (ANOVAs) were separately
applied to the dependent measure of frequency bands (delta, theta, alpha, beta). Analysis was carried
out with the following within factor Electrode (4: AF7, AF8, TP9 and TP10). For all ANOVA tests,
degrees of freedom were corrected by the Greenhouse—Geisser epsilon when appropriate. Simple
effects for significant interactions were further checked via pairwise comparisons, and Bonferroni
correction was used to reduce multiple comparison potential biases. The sizes of statistically
significant effects have been estimated by computing eta squared (n2) indices. The threshold for
statistical significance was set at oo = 0.05.

To explore the relation between the behavioral and EEG correlates of strategic planning

abilities, the “metacognition of one’s planning strategy”, and individual differences in personality
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profiles and decision-making styles, the following step of correlational analyses were performed by

computing Pearson correlation coefficients.

4.2.7.1 Step one - correlations between the behavioral index and metacognitive measures

First, to explore the potential relation between behavioral task performance and metacognition, a set
of Pearson’s correlations were performed between the PlanPerf-i derived from task performance and

each item of the metacognition scale.

4.2.7.2 Step two - correlations between the metacognitive measures and EEG data

Secondly, to examine if a specific EEG pattern activated during the task execution supports the meta-
cognition, the single items of the metacognition scale were separately correlated to EEG frequency
bands (delta, theta, alpha, and beta band) for the four electrodes (AF7, AFS, TP9, TP10) recorded

during task performance.

4.2.7.3 Step three - correlations between the psychometric data, metacognitive measures, and
EEG data

Thirdly, to determine the relation between individuals’ profiles and EEG pattern supporting TOH
task performance and metacognition, each of the subscale’s scores of the psychometric tests applied
during the study (BFI, GDMS and MS) were separately correlated to the single items of the
metacognition scale and EEG frequency bands for the four electrodes recorded during task

performance.

4.2.7.4 Step four - correlations between the psychometric measures

Finally, to investigate potential relationships between personality profiles and decision-making styles,
a set of correlational analyses was also applied between each of the subscale’s scores of the

psychometric tests applied during the study (BFI, GDMS, and MS).
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4.3 Results

In this section, the results obtained from the different steps of the analyses are reported.

For descriptive purposes, it is reported that ANOVA tests did not yield any significant

differences between electrodes for each frequency band (delta, theta, alpha and beta) (Fig. 17A-D).
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Figure 17. EEG data. The bar graphs display the mean PSD values for the following EEG frequency bands (A) delta
band, (B) theta band, (C) alpha band, and (D) beta band. Bars represent the standard error (SE) of = 1 for all plots.

4.3.7.1 Step one - correlations between the behavioral index and metacognitive measures

Correlations between the behavioral index PlanPerf-i and the single item of the metacognition scale

yielded the following results. First, a positive correlation between the PlanPerf-i and GSP item was

observed (r =.521, p =.011) (Fig. 18A) and PSS item (r =.539, p =.007) (Fig. 18B) was observed.

Also, the PlanPerf-i negatively correlated with WCG item (r = —407, p =.048) (Fig. 18C). No

significant correlations were found between the behavioral index and SA and SC items.
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Figure 18. Pearson correlational results between the index PlanPerf-i and metacognitive measures. The scatter plots
display (A) a significant positive correlation between PlanPerf-i and GSP (item 1), measuring the global use of strategic
planning, (B) a significant positive correlation between PlanPerf-i and PSS (item 4), assessing participants’ perception

of having used a successful strategy, and (C) a negative correlation between PlanPerf-i and WCG (item 5), expressing
the willingness to change strategy a posteriori.

4.3.7.2 Step two - correlations between the metacognitive measures and EEG data

Concerning the correlation between metacognitive items and EEG data a positive correlation was
observed between WCG item and the power of delta in AF7 location (r =.561, p =.010) (Fig. 19). No

other significant correlations were observed.
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Figure 19. Pearson correlational result between metacognition measures and EEG data. The scatter plots display a
positive correlation between WCG (item 5), measuring the Willingness to Change Strategy a posteriori, and the power
of EEG delta band in AF7 location.

4.3.7.3 Step three - correlations between the psychometric data, metacognitive measures, and
EEG data

With reference to the correlation between the significant metacognitive item and psychometric data,
first, a positive correlation between the BFI Emotional Stability subscale and PSS item (r =474, p
=.035) was found (Fig. 20A).

Secondly, a negative correlation between the GDMS intuitive subscale and WCG (r = —.498,
p =.025) was identified (Fig. 20B). No other significant correlations were identified between
psychometric data and metacognition items.

For EEG data, a positive correlation between the BFI Conscientiousness subscale and the EEG
Beta band in AF7 (r =.629, p =.007) (Fig. 20C), as well as between MS High Standards and the EEG
Beta band in AF7 was found (r =.489, p =.046) (Fig. 20D). No other significant correlations were

observed between this set of data.
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Figure 20. Pearson correlational result between psychometric data, metacognition measures and EEG data. With
reference to the relation between psychometric data and metacognition items, the first two scatter plots display (A) a
significant positive correlation between BFI Emotional Stability subscale and PSS (item 4), assessing participants’
perception of having used a successful strategy, (B) a negative correlation between GDMS intuitive subscale and WCG
(item 5), measuring the willingness to change strategy a posteriori. Also, concerning the link between psychometric data
and EEG data, the last two scatter plots display a positive correlation (C) between BFI Conscientiousness subscale and
EEG Beta band in AF7, and (D) between MS High Standards and EEG Beta band in AF7 electrode.

4.3.7.4 Step four - correlations between the psychometric measures

To better determine the relation between individual’s personality profiles and decision-making styles,
correlation analyses were performed between each BFI, GDMS, and MS subscale.

A positive correlation was observed also between the GDMS intuitive subscale and the BFI
Openness subscale (r =469, p =.024) (Fig. 6a), as well as between the GDMS intuitive subscale and
the MS Alternative Search (» =.629, p =.001) (Fig. 6b). Finally, a positive correlation was found
between the MS High Standards and the GDMS Rational subscale (r =.544, p =.007) (Fig. 6¢). No

other significant correlations were observed between the psychometric subscales.
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Figure 21. Pearson correlational result between psychometric scales (BFI, GDMS and MS subscales). The scatter plots
display a positive correlation (A) between GDMS intuitive subscale and BFI openness subscale, (B) as well as between
GDMS intuitive subscale and MS alternative search, and (C) between MS high standards and GDMS rational subscale.

4.4 Discussion

The current study explored the relationship between behavioural and EEG correlates of strategic
planning abilities — assessed using a modified version of the TOH task — and the “metacognition of
one’s planning strategy”, as well as the link between the performance and individual differences
(personality profiles and decision-making styles). To achieve this purpose, a multi-level
neuroscientific approach was used to collect information on (i) behavioural performance, which is
determined by the levels completed in the TOH task and the corresponding RTs (computed in Plan-
Perf-1); (i1) EEG indices, which reflect higher level mental processes, decision-making linked to
performance and vigilance; (ii1) metacognition, through a 5 items scale (Angioletti et al., 2020;
Balconi et al., 2014, 2015). These multiple measures were correlated with psychometric scales to

evaluate a possible relationship between task performance, metacognition, and individual differences

109



in personality profiles and decision-making styles (measured through the BFI, GDMS and MS scales).
Some interesting and key findings were observed which will be discussed below.

Firstly, the positive correlation found between the PlanPerf-i and the GSP and PSS, suggests
that in our sample a better behavioral performance is predominantly connected to the global use of
strategic planning and the perception of effectiveness of the strategy used during the task. This
indicate that a better task performance is correlated to knowledge about cognition components rather
than monitoring processes. Indeed, no significant correlations were observed between the behavioral
performance and the metacognitive dimensions related to the monitoring of one’s cognition, that is
the awareness of being using a strategy (SA) and the change of strategy during the task (SC). So,
individuals who manage to carry out a complex decision-making task efficiently seem to be those
who have planned a good overall strategy and managed to perceive it as effective, rather than those
who monitor performance during the task or change the strategy.

More interestingly, the more our participants were able to achieve a good performance on the
task, the less they reported intending to change the strategy they used (as demonstrated by negative
correlation between PlanPerf-i and WCG). In other words, participants that perform better were also
coherently better able to consciously metacontrol their performance, through the metacognition of
one’s strategic planning, and decided not to change their strategy in the future in a similar decision-
making task. This result is in line with a previous study which showed a significant negative
correlation between the accuracy in a complex dual task and WCG: as accuracy increases, the
willingness to change a strategy decreases (Balconi, Acconito, et al., 2023).

These findings are in line with what we initially hypothesized, but additionally suggest that
the self-report measure we used to measure metacognition (i.e., the 5-item metacognitive scale)
(Angioletti et al., 2020; Balconi et al., 2014, 2015) allows us to differentiate between the specific
components and multiple levels of metacognition related to strategic planning performance. They
also suggest a specific metacognitive profile for individuals who successfully perform a complex

decision-making and strategic planning task.
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A second interesting result concerned a specific EEG pattern activated during the task
execution that is linked to the metacognition of one’s strategic planning. Indeed, findings showed a
positive correlation between the higher EEG delta power in in the left frontal cortex (AF7) during
task execution and WCG. In the neuroscientific literature, delta band has been associated with several
cognitive processing (Basar et al., 2001), including attention and the identification of salient stimuli
(Knyazev, 2007; Knyazev et al., 2009) and behavioural inhibition (Kamarajan et al., 2004; Knyazev,
2007; Putman, 2011) . A positive correlation between delta waves during task completion and the
ability exhibited in task execution was found. This result, according to the authors, indicates the
presence of an inhibitory mechanism that would selectively inhibit neural activity considered
irrelevant or inappropriate during the execution of a cognitive task: specifically, during the execution
of a cognitive task that requires a certain level of attention, delta waves originating in the frontal
cortex can exert a modulatory influence on neural networks located in regions far from the frontal
lobes (Harmony, 2013). Interestingly, the association between cognition and the delta band might be
also moderated by motivation, with cognitive performance enhanced in conditions of heightened
motivation (Knyazev, 2012).

Regarding TOH task, a former work showed that delta band power increased during TOH
performance in healthy adults (Guevara et al., 2013), suggesting both the involvement of
concentration and focus on the task (Harmony et al., 1996) as well as decision-making processes
(Basar-Eroglu et al., 1992). Moreover, this delta activation was localized in the left frontal area. Prior
studies using TOH showed that a higher task complexity (i.e., a higher number of movements required
to reach the target state) resulted in higher left DLPFC activity, a PFC portion previously linked to
the identification of information pertinent to the goal and the development of an internal problem
representation (Ruocco et al., 2014) .

Therefore, as suggested by these former works (Basar-Eroglu et al., 1992; Guevara et al.,
2013; Ruocco et al., 2014), an increase in delta activity during TOH task performance over left frontal

cortex (AF7) might indicate a high level of attention and concentration and inhibitory mechanisms to
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face this high cognitive demanding task as well as decision-making processes (due to the nature of
the task itself, which requires the individual to decide which disk move next). In our study, the delta
band over the left frontal cortex (AF7) was positively related with the WCG (metacognition of one’s
strategic planning) that has to do with the will to change the strategy a posteriori. Starting from the
functional meaning of delta power increase in the left DLPFC (Basar-Eroglu et al., 1992; Guevara et
al., 2013; Ruocco et al., 2014), it could be speculated that the increase in delta activity over the left
frontal cortex (AF7) during the TOH task indicates a greater cognitive effort, likely due to the
challenging nature of the task, which is strictly related to the participant intention to change the
strategy in the future (either to achieve better results or to reduce the effort required).

Another possible interpretation of this result could be that individuals who show a reduction
in the delta band power in the left frontal cortex (AF7) during the TOH task — perhaps because they
find it simpler and more feasible with less need for attention, concentration, inhibitory and decision-
making mechanisms during the task — are those who decided not to change their strategy in the future
in a similar decision-making task. This second explanation could be in line with the correlational
result between the PlanPerf-i and WCG, so that as successful behavioral performance increases, there
is a decrease in the willingness to change a strategy. And, in turn, this decrease in willingness to
change a strategy is also accompanied by a reduction in the delta band power in the left frontal cortex
(AF7).

However, no previous research explored the relation between the EEG markers of the TOH
and the WCG. In a previous study using the same metacognition assessment tool, administered after
the execution of a complex dual task (during which the EEG data was collected), no significant results
were found in relation to the EEG delta band and the WCG (Balconi, Acconito, et al., 2023).
Therefore, these interpretations should be considered with caution because future studies are needed
to corroborate this finding and more directly link this specific EEG delta pattern, the outcome to

behavioral performance and the metacognition of one’s strategic planning.

112



Thirdly, this study adds to the existing literature some novel results regarding the relation
between the EEG pattern supporting TOH task performance, the metacognitive results, and specific
individual differences (here considered in terms of personality profiles and decision-making styles).

Starting from the relation between individual differences and EEG correlates, it was found a
positive correlation between the power of EEG beta band over the left frontal cortex (AF7) and BFI
Conscientiousness subscale, as well as with MS High Standards subscale. In addition, in the con-
sidered sample, higher MS High Standards subscale scores were also associated with higher GDMS
Rational subscale scores. Taken together, this outcome suggests that in individuals who are orderly,
responsible, and dependable, who tend to hold high standards for themselves and things in general,
as well as make decisions based on careful consideration and evaluation of different alternatives, an
increase of EEG beta power over the left frontal regions during the TOH task. This result is only
partially in line with our hypotheses since we expected to observe a variation in EEG delta rather than
beta power, according to the existing literature (Guevara et al., 2013; Ruocco et al., 2014). Still, it is
plausible that for individuals with the previously described specific personality profiles, the execution
of TOH task is characterized by a different EEG pattern in the left frontal cortex (AF7) suggesting
higher mental effort both in terms of emotional and cognitive processes, according to the functional
meaning of EEG beta band (Ray & Cole, 1985b). Recent neuroscientific studies have associated the
increased power of beta band in the frontal areas with learning and the processing of positive feedback
(Luft, 2014; Marco-Pallarés et al., 2015), two cognitive and emotional processes that intervene during
the execution of TOH task, and that were shown to be related to the previously mentioned individual’s
profile in this study. Future studies are needed to distinguish more directly the role of beta and delta
bands during decision-making and strategic planning activities. However, it seems that for some
personality profiles the power of the beta band supports task performance, while the delta band varies
in association with the metacognition of one’s strategic planning, regardless the personality profile.

Regarding metacognition measures and individual differences, we found that in individuals

with high emotional stability, who tend to be calm, reliable, confident, express minimal dissatisfaction
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regarding their personal problems, and seems able to better cope with stressful situations (Hills &
Argyle, 2001), there is also a higher perception of having used a successful strategy (PSS) during the
task. Additionally, individuals with an intuitive decision-making style, who are more prone to make
their decision almost “gut-driven” and based on their first intuition, rely mostly on their “feeling” and
first impression, but also are open to new experiences and tend to seek better decisional options (given
the positive correlation with to BFI Openness and MS Alternative Search subscale scores), are less
likely to change their decision and strategy in the future in a similar decision-making task. These
outcomes related to individual differences promote reflection on how individuals with different
personality profiles and decision-making styles approach a strategic planning dynamic when faced
with a complex decision and implement different levels of metacognition. Such evidence can be of
interest even in applied contexts, like in professional context, where the human resources recruitment
process could be focus on the selection of candidates with specific characteristics, who know how to
successfully deal with complex decision-making and exploit the metacognition of one’s strategic
planning.

To conclude, the findings of the current study highlighted the value of exploiting a multi-level
neuroscientific approach when exploring the metacognition of one’s strategic planning in decision-
making. The construct of metacognition has proven to be the cornerstone that intertwines
relationships both with behavioral performance, with EEG data that support decision-making
performance and with individual differences. Furthermore, current results allow researchers to delve
deeper into the multiple levels of metacognition, pointing out the significance of metacognition of
one’s strategic planning.

Although there are some strengths and innovations in this work, it is not exempt from
shortcomings. First, the experimental sample size should be expanded in the future to increase the
generalizability of the results. Moreover, the neuroscientific literature on the correlates of
metacognitive components and levels is relatively scarce to date. Hence, the current evidence has

been interpreted considering the available scientific literature and must be treated with caution. Also,
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in this study, only one way of measuring metacognition was used (i.e., the self-report metacognitive
scale), while in the future we could also include a self-report questionnaire, such as the MAI (Gregory
& Sperling, 1994) or the MSLQ (Pintrich et al., 1993), or a post-decision wagering procedure focused
on the behavioral performance of the person to better explore the construct of metacognition from
multiple perspectives. Furthermore, in this work, a wearable EEG device with a small number of
derivations (four electrodes located on frontal and temporoparietal regions) was used, and information
from only these available locations was collected. To explore metacognition from a multi-meth-
odological point of view it would prove necessary and interesting to develop basic neuroscience
research that allows a more extensive EEG data collection on the scalp and to identify the EEG
correlates of the different dimensions of metacognition. In addition, the correlations between EEG as
a continuous variable and Likert scales that are fixed to a range of scores and limited to a short number
of items could be considered a limitation of this study. This limitation is not unique to the present
study; it affects all studies using a mixed method approach. Although this mixed method approach
adds value by reporting the correlation between Likert scales and EEG data and by comparing dif-
ferent levels of investigation that are otherwise difficult to understand, it presents also this limitation
inherent in the metric itself.

Moreover, the relationship between individual differences (personality profiles and decision-
making style) and behavioral performance has been explored in some studies with decision-making
tasks (Buelow & Cayton, 2020), but not with the TOH task specifically. Similarly, few studies have
explored the relationship between individual differences and metacognitive components (Basu &
Dixit, 2022; Colombo et al., 2010). Therefore, in order to assess the robustness of the current

correlational findings, it would be beneficial to replicate them in subsequent research.
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Chapter 5 — General discussion and conclusion

This doctoral dissertation aimed to contribute to the theoretical and empirical understanding of
decision-making by approaching it as a dynamic and multilayered process, in which cognitive,
affective, and metacognitive components interact in complex and context-dependent ways. Starting
from an excursus on EFs theories and contemporary neuroscientific models, the project sought to
explore how feedback — whether positive or negative — modulates decision-making, particularly in
relation to memory recall, behavioral adaptation, and strategic self-regulation, and to explore the role
of metacognitive awareness, particularly focusing on individuals’ ability to monitor, evaluate, and
regulate their own decision strategies during the execution of complex tasks.

As discussed in the earlier sections of the introduction, decision-making has emerged in
cognitive neuroscience as one of the most ecologically relevant and intricate expressions of executive
functioning, involving the integration of cognitive control, emotional regulation, and metacognitive
monitoring (Miller & Cohen, 2001). Far from representing a purely rational or isolated process,
decision-making is increasingly conceptualized as a dynamic interaction between “cold” cognitive
operations (such as working memory and inhibition) and “hot” affective and motivational systems
(Diamond, 2013; Zelazo & Carlson, 2012), both of which are deeply influenced by contextual factors
such as feedback valence and perceived uncertainty.

Despite the theoretical recognition of this complexity, many empirical studies have treated
these components in isolation, limiting our understanding of how they function in real-world settings.
In particular, little is known about how the emotional tone of feedback (i.e., its valence) affects the
encoding and retrieval of decision-related memories in healthy populations, especially when
examined through neurophysiological markers in ecologically valid contexts. Additionally, while the
role of metacognition in decision-making is widely acknowledged (Flavell, 1979; Fleming, 2023) few
studies have explored second-order metacognitive abilities, that is, the capacity to reflect on and adapt

one’s own strategies during complex decisional tasks.
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Accordingly, this project investigated three core dimensions: (1) the valence of feedback as a
modulating factor in decision memory; (2) the persistence of cognitive biases, such as the status quo
bias, in situations of feedback mismatch or uncertainty; and (3) the role of metacognition in guiding
strategic planning and behavioral flexibility. Through the integration of behavioral data and EEG
measures — collected in ecologically valid tasks and supported by wearable technologies — this
research aimed to overcome the limitations of purely behavioral paradigms and to capture the
unfolding of decision-related processes in more naturalistic conditions.

In light of these premises, the present chapter offers a critical interpretation of the empirical
findings, aligning them with the theoretical constructs outlined earlier in the thesis. It discusses their
implications from theoretical, methodological, and applied perspectives, and sets the stage for
identifying future research directions within the broader framework of cognitive neuroscience and
decision science.

Specifically, the first study investigated the impact of positive and negative feedback on the
recall of past decisions, examining both behavioral performance and EEG responses. At the
behavioral level, accurately recalled decisions associated with positive feedback showed slower RTs
compared to those linked to negative feedback. This suggests a potential attentional bias toward
positive information, which may increase cognitive load during memory retrieval.

EEG data revealed distinct patterns: a general reduction in alpha band activity over frontal
areas (AF7, AF8) was observed for both correct and incorrect recalls, indicating focused attention
and cognitive control. Notably, erroneously recalled decisions associated with negative feedback
showed lower alpha power in AF7 compared to TP10, suggesting insufficient temporo-parietal
processing to support accurate recall under self-threatening feedback conditions. Correctly recalled
decisions following negative feedback exhibited increased delta band activity, commonly associated
with aversive states. In contrast, erroneously recalled decisions with negative feedback displayed

higher beta and gamma activity, indicating greater cognitive effort required to process negative
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memories, or possibly reflecting an attempt at selective forgetting (mnemic neglect effect) of
feedback perceived as threatening to the self.

Taken together, these results suggest that recalling decisions associated with self-threatening
feedback requires greater cognitive effort, and that the alignment between feedback content and an
individual’s existing self-concept may influence behavioral and neural responses more strongly than
the mere valence of the feedback itself.

The second study investigated decision-makers’ sensitivity to external signals, such as
positive and negative reinforcement, their flexibility in using feedback to modify or maintain their
choices, as well as the associated neurofunctional correlates and decision-making styles. The main
findings revealed a marked tendency among participants to stick with their initial decisions, an
expression of status quo bias, both after receiving positive reinforcement and in the absence of explicit
feedback. Surprisingly, some participants even maintained their decisions after receiving negative
feedback, suggesting that this bias may be strong enough to hinder behavioral correction.

At the neurofunctional level, lower cognitive effort — reflected in reduced prefrontal beta
power — was observed following positive feedback, indicating that fewer mental resources are
required when decisions are externally validated. Moreover, negative correlations were found
between the “dependent” decision-making style (as measured by the GDMS) and task performance
in both the positive feedback and no-feedback conditions, while a positive correlation emerged
between the “spontaneous” decision-making style and performance in the no-feedback condition.

These findings have important implications for understanding both adaptive and maladaptive
decision-making processes and may inform strategies aimed at reducing cognitive inertia and
promoting flexible, feedback-sensitive behavior.

Finally, the third study examined metacognition of one’s own planning strategy in relation to
behavioral and EEG correlates during a complex decision-making task, also exploring the link with
individual differences such as personality profiles and decision-making styles. The results showed

that the metacognitive scale used can differentiate specific dimensions and levels of metacognition
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related to performance and decision-making in strategic planning. A positive correlation was found
between EEG delta power over the left frontal cortex (AF7) during the task and metacognition of
one’s planning strategy across the entire sample. Additionally, increased beta activity over the left
frontal cortex (AF7) during task execution, along with higher metacognitive beliefs of efficacy and
lower willingness to change the strategy afterwards, were found to be correlated with specific
personality profiles and decision-making styles. These findings allow researchers to deepen the
understanding of the multiple facets of metacognition of one’s planning strategy in the decision-

making process.

5.1 Practical implications and future perspectives

Building on the findings of this thesis and looking ahead to future developments, it would be valuable
to highlight various practical implications across multiple fields, such as management, clinical
practice, and empowerment.

Findings from Balconi, Allegretta, et al. (2025) highlight the predictive role of second-level
metacognition — defined as the awareness and regulation of one’s planning strategy — in complex
decision-making tasks such as the Tower of Hanoi. This suggests the practical utility of simplified
yet effective metacognitive assessment tools in educational, clinical, and organizational settings. For
instance, short metacognitive scales could be used to monitor and strengthen individuals’ strategic
awareness, thereby improving self-efficacy and the ability to learn from errors and feedback in both
academic and professional training environments.

Balconi, Angioletti, et al. (2025) demonstrate that feedback valence (positive or negative)
significantly influences not only decision recall accuracy but also the cognitive and emotional
processing associated with it, as reflected in EEG band activity (e.g., increased delta for negative
feedback, gamma for incorrect responses). These findings open the door to feedback-informed

adaptive learning systems, where feedback is tailored in real-time to enhance encoding and retrieval
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processes, potentially integrated into intelligent tutoring systems or e-learning platforms that account
for the learner’s cognitive load and emotional state.

The study by Crivelli et al. (2023) reveals that, despite the presence of negative feedback,
individuals often maintain their previous choices, reflecting a status quo bias. This insight is highly
relevant for applied contexts where behavioral rigidity can be detrimental, such as leadership training,
risk management, or strategic planning. Wearable EEG technologies and neurofeeddback may
provide real-time indicators of cognitive flexibility and feedback sensitivity, allowing for targeted
interventions to enhance adaptive decision-making in organizational and high-stakes environments.

Overall, based on the results obtained, the future directions of this work point toward
identifying practical implications across various applied contexts, including management, clinical,
and educational domains. In particular, the exploration of metacognitive processes and their influence
on complex decision-making opens the way for the development of tools aimed at assessing and
enhancing individuals’ strategic skills, including brief and easy-to-administer scales. These tools
could be integrated into training, rehabilitation, or professional development programs, with the goal
of improving self-efficacy, the ability to learn from feedback, and adaptability to change. Similarly,
the analysis of the role of feedback and its cognitive and emotional components suggests the
opportunity to design adaptive learning and decision-support systems capable of modulating
information based on an individual’s cognitive and emotional state. Lastly, the identification of
factors such as behavioral rigidity or the tendency to maintain the status quo highlights the importance
of fostering cognitive flexibility in highly complex environments, through innovative
neurophysiological monitoring technologies and targeted interventions aimed at supporting more
effective and adaptive decision-making processes.

From a clinical perspective, the findings suggest several potential directions for applied
development. In particular, the assessment of metacognition and decision-making dynamics could
serve as a valuable indicator for diagnosing and monitoring neuropsychological or

psychopathological conditions in which strategic awareness, cognitive flexibility, or the ability to
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learn from errors are impaired. The use of brief and standardized tools to detect these processes would
enable timely and personalized interventions, even in settings with limited resources. Moreover, the
integration of non-invasive neurophysiological technologies — such as wearable EEG devices — could
support real-time monitoring of patients’ cognitive and emotional states, offering new avenues for
biofeedback, cognitive rehabilitation, and emotional regulation. Finally, a deeper understanding of
the mechanisms underlying feedback response and the persistence of dysfunctional behaviors may
contribute to the development of clinical protocols aimed at improving treatment adherence, error
management, and adaptability to change, with a direct impact on quality of life and the overall

therapeutic process.

5.2 Limitations

Although the three studies offer valuable insights into decision-making, metacognition, feedback and
emotional-cognitive regulation, several limitations should be acknowledged to contextualize their
findings and inform future research. First, all studies are based on relatively small and homogeneous
samples, typically composed of healthy adults with similar educational backgrounds and no history
of neurological or psychiatric conditions, limiting the generalizability of the results to broader
populations.

A shared methodological choice across studies is the use of wearable EEG devices, which,
while offering advantages in terms of ecological validity, cost-effectiveness, and portability, also
present notable technical limitations. Specifically, the reduced spatial resolution of wearable EEG
systems — compared to high-density lab-based EEG — restricts the accuracy in localizing neural
generators, especially for deeper cortical or subcortical structures. The limited number of electrodes
(often restricted to prefrontal and temporoparietal sites, such as AF7, AF8, TP9, and TP10) provides
only a partial view of the overall neural dynamics involved in complex decision-making and

metacognitive monitoring. Additionally, these systems are more susceptible to motion artifacts and
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environmental noise, requiring careful data cleaning procedures that may still not eliminate all
sources of contamination.

Another limitation lies in the lack of neutral or control conditions in some protocols (e.g.,
absence of a no-feedback condition in the first study), which hinders the isolation of specific effects
related to feedback valence or cognitive strategy. Furthermore, several findings rely on post-task self-
report questionnaires, which, while useful, are inherently limited by subjective biases such as social
desirability and variable metacognitive insight. Finally, although individual differences in personality
traits and decision-making styles are considered, these aspects are only exploratorily addressed and
not always integrated as primary factors in the analyses, highlighting the need for more systematic,
large-scale investigations to assess their modulatory roles.

Altogether, these limitations point toward the importance of adopting more robust
experimental designs, incorporating multimodal neuroimaging approaches, and extending the
research to clinical or diverse populations. Such advances will be essential to validate the current

findings and support their translational application in real-world decision-making contexts.
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