Premise

Before turning to presenting the topic of our work and delving into the criticalities and
opportunities of decision-making research, we believe that a brief introduction to the structure of the

present work may help the reader orient amid the content of this dissertation, serving as a roadmap.

In Chapter I, we will start by mapping out the theoretical background of decision-making
theories by outlining how theories have progressed from predominant economic and axiomatic
models of decision to cross-sectional models incorporating psychological and neurobiological
principles. The problematic nature of a pervasive consequence of this theoretical background will be
discussed, by highlighting how abstract models have justified the practice of testing hypotheses
within artificial and oversimplified environments while fundamentally failing to recognize that
decisional rules evolved to support adaptation within naturalistic environments in the first place.
Once identified the criticalities associated with disregarding the role of complex environments in
shaping decision-making mechanisms, we will turn to investigate the interrelation between decision-
making and some of the factors that are inextricably part of environmental complexity by studying
their neurophysiological underpinnings; hence emotions and social behavior will be specifically

addressed.

The investigation takes the form of three studies that, proceeding from the laboratory context
to real-world applications, strive to widen the strictures of the experimental settings in an attempt to
build toward more realistic models of decision-making. An effort is pursued across the research along
two divergent directions, to reintroduce the environmental complexity into decision models on the
one hand, while on the other hand aiming to extend the investigation of decision-making outside the

lab, into the real world.

In the first study, described in Chapter 11, the effect of emotional advertising on consumer
response and purchase decisions is examined by the use of ecologically valid emotional stimuli

through neurovascular, behavioral, and psychometric measures.



In Chapter I11, the second study is presented, wherein the effect of social interaction on creative
decision-making in the organizational setting is investigated within a naturalistic context through the

assessment of central and autonomic electrophysiological measures and psychometric data.

Chapter IV is concerned with the last study, where the potential of a new neuroscience-based
tool for the assessment of decisional efficacy at the workplace is tested, in an attempt to provide a

basis for an ecologically valid and predictive measure of the construct.

Finally, in Chapter V, new roads to build models of decision-making that embrace the reality

of environmental complexity and the decision-maker's biological constraints are discussed.



Chapter I — Theoretical background

“The world is akey forunderstanding the workings of the mind.”

Todd & Gigerenzer, 2007.
1.1 Complex world, complex decisions: From the roots towards a unitary vision

Decision-making stands out as possibly the most ubiquitous cognitive function that humans
face in their everyday lives, presenting individuals with the constant challenge of selecting the most
fitting course of action from a myriad of possibilities. At the same time, the decision-making process
must be fast and flexible to allow individuals to stay on top of an ever-changing environment. Such
contrasting duality of the decision-making fundamental requirements has long fascinated and divided
scholars from different disciplines that have tried to build theoretical models of decision, and the
debate still endures. In the present chapter, we will try to outline how far the debate has come in
order to clarify where new disciplines can fit the discussion and how they can contribute to the

development of realistic models of decision-making in mentioned complex environments.

In the 1930s, the advent of the neoclassical economic revolution consecrated the dominance
of the normative approach in the field of decision-making. Led by economists, normative theories
focused on abstracting the mathematical structure of decisions resulting from inferred preferences
and observed behavior and generating models whose primary purpose was to predict choices based
on a limited number of simple axioms (Samuelson, 1947). Central to this approach, to which
Expected Utility (EU; Von Neumann & Morgenstern, 1947) and Subjective Expected Utility (SEU;
Savage, 1954) belong, was the assumption that individuals are rational decision-makers, guided by
instrumental rationality in their decisions and by the intent of maximizing the utility of the possible
courses of action, “as if” an internal utility function would allow them to compare the value of
different options and their multiple attributes on a common internal scale. Not secondary, the axioms
of transitivity, invariance, and dominance of rational choice theories implied individuals to be
consistent in their choices, unaffected by emotional factors and contextual variations. However, the

power of formally concise and elegant mathematical models soon exposed its vulnerability when



empirical evidence began demonstrating that humans systematically violate all of the axioms of

rational models.

Allais (1953) and Ellsberg (1961) paradoxes first, and Tversky and Kahneman’s behavioral
experiments later (Kahneman, 1979) set the stage for the development of descriptive theories.
Evidence that individuals do not obey statistics, logic, and probability laws brought at the center of
the investigation the observation of how individuals actually make decisions. A core frailty of
neoclassical models was indeed they were essentially built on formal assumptions, rather than
grounded on empirical data. The integration of psychological principles and behavioral data guided
behavioral economists in an endeavor to devise empirically accurate psychophysical models of
judgment and decision, that could provide a better predictive model of human choice than
neoclassical theories. A central tenet of descriptive theories, such as Prospect Theory (Kahneman,
1979), indeed, consisted of formalizing a model of how human cognitive constraints and basic
perceptual processes shape decision-making, wiping out altogether the idealized conception of full
rationality. Acknowledging the human limited processing capacity, in fact, revealed the
groundlessness of classical approaches that assumed individuals could perform multiple algorithmic
computationsto estimate utility, disposing of all necessary information in a -presumably- transparent
environment. In this trail, the heuristics-and-biases research program came to be a core element of
this approach, raising the evidence that human decision-making under incomplete information is
guided by the systematic tendency to act illogically, namely, adopting cost-effective cognitive short-

cuts that, although generally effective, predictably lead to systematic errors (Kahneman et al., 1982).

Before Tversky and Kahneman’s fallacy-centric approach inextricably changed the
perspective on heuristics in decision-making research, the theory of Bounded Rationality advanced
by the father of heuristics, Simon (1956), initially proposed a functional perspective on heuristics.
The concept, in fact, was born to identify simple but effective strategies that allow the decision-
maker to reduce the computational effort required to make a decision while achieving a satisfactory
outcome, in light of the constraints posed by human limited cognitive resources and by the

environment, which would have made the computation of the optimal choice unattainable within



time and memory limits (in other words, determining a computationally intractable problem). Such
accuracy-effort trade-off will necessarily bear less effort than the optimal solution, while yielding an
outcome “good enough” to be valuable in the world where the decision-maker moves. Noteworthy,
Simon introduces the structure of the environment as a crucial component to his theory, the absence
of which would render the comprehension of human behavior impossible. Paraphrasing his famous
metaphor, Simon conceived the relationship between the mind and the world akin to the blades of a
pair of scissors, whose function cannot be understood by looking at one single blade at a time. Merely
examining the cognitive blade in isolation fails to elucidate the mechanics of the decision-maker’s
computation, unless cognition is considered in conjunction with the blade of environment. In fact,
because cognition results from a process of adaptation to the environment, the latter is an essential

requisite to achieve an understanding of the human mind.

Building on the intuitions of Simon - and of Brunswik before him - Gigerenzer formalized the
theory of Ecological Rationality (Gigerenzer, 2000). In his endeavor of collocating bounded
rationality in an adaptive environmental perspective, he overtly addressed the criticalities of many
formal theories of decision-making that had previously aimed at deriving streamlined models of
human choice by abstracting the behavior of the “real decision-makers” (Gigerenzer & Selten, 2002)
from the environment, and testing predictions inside highly controlled experimental settings. In this
perspective, the environment is rich in patterns of information that can be efficiently leveraged by
“computationally bounded minds” to display heuristics that match as closely as possible the
environmental structure. By exploiting the knowledge of the environmental structure, the decision-
maker has learned a set of context-specific, fast, and frugal strategies (the heuristics) that only require
minimal computational effort, which are nonetheless efficient, in that they allow for making accurate
decisions and producing adaptive behavior (Gigerenzer, 2021; Gigerenzer & Gaissmaier, 2011; Todd
& Gigerenzer, 2007, 2012). As a matter of fact, heuristics represent the tools at our disposal for
survival and adaptation. In thislight, it become apparent the elusive nature of testing decision-making
theories inside artificial laboratory settings, where orthogonal experimental designs are purposely

adopted to make the investigated variables unnaturally independent of each other (Rieskamp &



Reimer, 2007). Such artificially generated context does not mirror the statistical properties of the
complex naturalistic environments to which decision-makers have adapted. It is therefore this
mismatch that may lead to a short-circuiting wherein participants of experimental studies are induced
to enact inefficient heuristics, leading to biased decisions and apparently irrational conducts.
Importantly, a host of studies from different disciplines are beginning to highlight such short-
circuiting (Fawcett et al., 2014; Mobbs et al., 2018; Schonberg et al., 2011). Hence, the way forward
to make sense of systematic deviations from the expected rational behavior (from “the optimum”)
involves conceiving biases as ecologically rational conducts, that humans have learned so to adapt
to the real-world challenges. As ecologically rational behaviors are determined by the degree of the
fit between the strategy adopted and the environmental structure (Gigerenzer & Selten, 2002),
discounting the role of the environment from empirical tests raises questions about the
generalizability of the results and, consequently, on the plausibility of the models derived so far

(Fawcett et al., 2014).

1.2 Setting the stage for a unitary vision of decisions in complex environments

We would like to briefly emphasize here some core concepts of the theory of ecological
rationality, the discussion of which we believe will be relevant in the following sections. First, it is
important to note that the pattern of environmental information is not only physical in nature (e.g.,
the statistical pattern of occurrence of events in time and space), instead it encompasses also social
and cultural sources. As individuals can shape environments through their social interactions, as well
as through agent-environment co-adaptive loops, a special case of ecological rationality can be
identified in social rationality. In this context, another class of tools can be displayed parallel to
cognitive heuristics, particularly tuned to the facilitation of decision-making in social contexts: social
heuristics, such as social norms, social imitation, and altruism can indeed support highly adaptive
decisions within social exchanges. Other authors have suggested group heuristics that have been long
pointed out as problematic biases may actually represent functional strategies that emerged because

of their adaptive role in preventing obstacles in group coordination and motivation, favouring the



group adaptation and selection in face of the world’s complexities (Tindale & Kameda, 2017).
Secondly, in a related vein, emotions too represent a category of domain-specific tools that prove
particularly beneficial in addressing adaptive challenges, encompassing areas like mate selection,
social interaction, and food choice. Notably, prior theories of decision-making have systematically
disregarded the role of emotions. Even when acknowledged, as seen in prospect theory, they have
been regarded merely as a fast component contributing to irrational biases and hindering decision-
making process, as exemplified by the framing effect (Kahneman, 2011). Conversely, social and
emotional competences are here to be considered boundedly rational strategies that come to the aid
of rational conducts. Third, the theory of ecological rationality focuses on cognitive abilities rather
than “cognitive limitations”. Beyond the fact that this terminology isrefused in as much as it is rooted
in the unrealistic comparison with full rationality, it furthermore sounds inappropriate considering
that a staple of the theory posits that if a heuristic matches the environment properties, the heuristic
can paradoxically generate more accurate predictions than computational models. Studies have
provided supporting evidence showing that, in unpredictable, complex environments, decision
heuristics that are based on one-reason rules outperform predictions of statistical models such as
machine-learning and neural networks (Chater et al., 2003). Finally, and perhaps most importantly,
at the core of ecological rationality stands the principle of psychological and biological plausibility
of the “adaptive toolbox” (i.e., the system of heuristics in our mind). The theory is indeed aimed at
creating computational models of heuristics by drawing from the biological, behavioral, and
psychological capabilities realistically possessed by humans, acknowledging arole also for the neural

mechanisms linking decision-making and bodily perception (Gigerenzer, 2007).

Inlight of these premises, it is apparent that ecological rationality reveals several contact points
with other disciplines concerned with unravelling decision-making mechanisms. Among biological
and ethological sciences, a growing body of studies have supported the notion that decision rules
evolved to be adaptive to conditions that are naturally subject to stochastic fluctuations and are
correlated in time and space (Fawcett et al., 2014; McNamara & Houston, 2009), highlighting that

abstract models of decision that do not take into account structural properties of the environment may



not fit appropriately in the complex real-world contexts (Fawcett et al., 2013, 2014; Mobbs et al.,
2018). On the other hand, considering the acknowledgment of the role of emotion and social
components in decision and judgment, significant connections emerge with affective neuroscience,
embodied emotion, and neuroeconomics (Xu et al., 2020), whereas recognizing the adaptive value
of fast and computationally cost-effective strategies points at evident similarities with computational
neuroscience (Koechlin, 2014). Therefore, we believe ecological rationality offers a meaningful
theoretical precursor that may guide and propel a unified vision of decision-making, in the conviction
that an interdisciplinary integrated approach may help gain a more complete understanding of how

decision-making actually unfolds in real-world complex environments.

1.3 Towards an integrated rationality: affect and social interactions in decision-making

Much of the decisions we deal with in our everyday lives are intrinsically tied to the highly
complex social environments we inhabit and closely intertwined with emotional factors. Nonetheless,
the predominant theories of decision have long disregarded or pathologized affective components,
until the advent of neuroscience. In the last three decades, technological advances in neuroscientific
techniques have allowed to develop the knowledge of the neurophysiological correlates of decision-
making, significantly contributing to uncover especially the “submerged world” (Tolone, 2021) of
the unconscious processes engaged by decision-making, addressing first and foremost emotions. The
groundbreaking Somatic Markers Hypothesis (SMH; Damasio, 1994 ) has greatly contributed to this
process. Based on the neuroscientific evidence collected throughout decades of research, Damasio
came to posit that emotions are to be conceived as an essential part of the reasoning process, hence,
extruding the investigation of emotions and neurophysiological correlates from the formalization of
a theory of rational decision would make such theory null and inadequate. In fact, decision-making
is significantly influenced by chains of bio-regulatory processes occurring in the body and in neural
structures as a result of emotions and feelings (Bechara & Damasio, 2005). In essence, past
experience with a class of emotional stimuli is stored in the ventromedial prefrontal cortex (VMPFC)

in the shape of learnt associations between the stimulus (the primary inducer) and the bio-regulatory



somatic and emotional states that were associated in the first place with the stimulus. Whenever a
situation that shares common aspects with the primary inducer (a secondary inducer, such as
memories or thoughts about the primary inducer) will be experienced, the VMPFC will prompt the
re-activation of the learnt somatic patterns in brainstem nuclei and in somatosensory cortices,
inducing a bodily activation fainter but similar to the one belonging to the primary inducer. Bodily
information will then be conveyed back - primarily through the vagal nerve - to higher-order neural
cortices, such as the dorsolateral PFC, a fundamental substrate for executive control and working
memory, affecting this way decision-making (Poppa & Bechara, 2018). In decision-making, thus,
new situations can trigger secondary emotions which, based on learnt associations, can re-activate
somatic markers. The latter will be experienced as gut feelings, which may be consciously or
unconsciously reinterpreted as anticipatory positive or negative feelings that can accordingly
predispose the decision-maker towards alternative choices. Bodily markers, thus, precede any
cognitive cost/benefit analysis and intervene by biasing the decisional process according to gut

feelings about anticipated outcomes.

For the sake of the present research, two considerations appear of particular importance, as
highlight relevant connections with the concept of ecological rationality. First, the SMH openly
acknowledges the pivotal role of environment. As the formation of somatic markers depends on past
experience, the associations we learn and store in VMPFC are rooted in the environment we have
experienced. This also acknowledges the inevitable social and cultural nature of the environment
(Damasio, 1994; Tolone, 2021), and implies that the adequacy of the ever-expanding repertoire of
adaptive strategies one can dispose of in decision-making is deeply interwoven with whether the
social environment where future decisions will take place match the structure of the environment

where those strategies were primarily experienced.

Secondly, somatic markers are what give rise to intuition. When operating at the unconscious
level, they may facilitate decision-making by what Damasio calls a “preselection” mechanism
(Damasio, 1994). Decision-making in complex decisional problems can become faster and less

costly if the range of options is narrowed down by removing early on options that elicit negative gut



feelings or endorsing the ones associated with positive anticipatory feelings through intuitive
wisdom. A concept that closely resembles that of emotional heuristics proposed by Gigerenzer
(Gigerenzer & Selten, 2002). Intuition, in fact, enables the resolution of complex, time-demanding,
problems under uncertain environments. As evidence thereof, numerous studies conducted on
patients with neurological impairment to core regions involved in the generation of somatic markers
(such as the VMPFC and the amygdala) have revealed a systematic pattern of deficits that severely
hinder the patients’ decisional abilities (Bechara, 2000, 2004; Bechara et al., 1996, 1999; Damasio,
1990; see also Bechara & Damasio, 2005; Reimann & Bechara, 2010 for a review). A reduction of
emotional reactivity was in fact consistently associated with reduced or inexistent anticipatory
autonomic activity (the somatic marker). This pattern was systematically observed in concomitance
with the inability to anticipate negative outcomes, the incapacity to learn from past mistaken choices,
a short-sighted perspective in decisions, and increased rigidity of the decision criterion, signalling
altogether the impossibility of acquiring relevant information from the environment and deploying it
at the service of decision-making. Paradoxically, when the access to emotional (and somatic)
information was hampered, and patients could only rely on cognition, their decisions turned out
fallacious and less rational. Therefore, “rational”, adaptive, decisions are only possible if reason and
intuition act synergistically: to recover a full, integrated, rationality, as other authors have suggested
(Tolone, 2021), the decision-maker’s cognition and emotion need to be reconciled, as well as her
mind and body. The decision-maker needs to be recognized as an actor embedded within a circular
flow with the environment, of which her body is a fundamental mediator, instrumental to ensure a

state of homeostatic balance and, ultimately, survival.

In light of their commonalities, SMH has been said to offer empirical evidence in support of
ecological rationality and it has therefore been proposed as a functional neurobiological framework

to bridge the principles of ecological rationality to neuroeconomics (Xu et al., 2020).

After the SMH opened the gates of decision-making to emotion through neurobiological
supporting evidence, the study of the role of affect in human decision has experienced a surge in

neuroscience research. A fundamental distinction has been observed in the way incidental affective
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components (i.e., extrinsic to the decision task, such as stress and mood) and integral emotions (i.c.,
elicited by the option itself, contributing to the computation of its subjective value) differentially
affect a variety of decision problems, spanning from risky decisions, decision under uncertainty, and
intertemporal choice (Lerner et al., 2015; Phelps et al., 2014). A complex picture has emerged from
the first years of research in affective neuroscience, highlighting that a host of neural areas are
implicated in emotional processes occurring during decision-making, and that their activity can
significantly vary according to different types of decision. Although the understanding of how
different neural systems involved in emotional responses are engaged during decision-making is still
limited as the field abounds with mixed findings, some cornerstones have been identified so far. For
instance, the amygdala is a subcortical region whose vital role in associative learning of aversive
stimuli — or more in general, unexpected cues - and value of the outcomes through arousal has been
well documented (Li et al., 2011; Phelps & LeDoux, 2005). The striatum was shown to be crucially
involved in motivation and, in virtue of its afferent connections from the amygdala, can integrate
motivation and action values, contributing to loss aversion responses and prediction errors (Daw et
al., 2011; McClure et al., 2003; Roesch et al., 2012). Afferences from the amygdala also reach the
orbitofrontal cortex (OFC) and the VMPFC, which have been implicated in affective processes as
well as in the computation of reward subjective value (Levy & Glimcher, 2012; Rudebeck et al.,
2013). Furthermore, activity of the anterior insula was consistently associated to unfair, risky or
ambiguous choices, suggesting its implication in eliciting negative emotions, such as disgust, stress,
and anger to signal aversive outcomes (Clark et al., 2008; Kuhnen & Knutson, 2005; Naqvi et al.,

2006; Weller et al., 2009).

Moreover, advances in this research strand paved the way to the investigation of the neural
underpinnings of social preferences in economic decisions, giving rise to the field of social
neuroeconomics (Fehr & Camerer, 2007). The application of neuroscientific techniques to social
decisions has provided a valuable contribution to the Game Theory approach (Von Neumann &
Morgenstern, 1947), showing the potential to disentangle the neural mechanisms that support social

decision-making through sophisticated experiments that strive to mimic social exchange in the
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laboratory context. This way, the range of decision problems under the lens of the investigation has
expanded so to include the study of trust-related decisions, altruistic choices, fairness and inequity,
negotiation, peer pressure, and decision under competition or cooperation (Rilling & Sanfey, 2011,
Somerville et al., 2019; Tzieropoulos, 2013; Van Hoorn et al., 2017). In this context, substantial
effort was dedicated to target the neural structures associated with social behavior and Theory of
Mind, such as the Superior Temporal Sulcus, the Temporoparietal Junction, or the dorsomedial PFC,
as it was shown that the social factors can importantly sway decision behaviors (Behrens et al., 2008;
Bitsch et al., 2018; Strombach et al., 2015). As in fact it will appear clear, the exquisitely human
ability to understand and anticipate other people’s intentions and emotions (in one word,
mentalization) might have evolved to grant evident benefits in economic decisions (Rilling & Sanfey,

2011).

A comprehensive review of all the neural circuits that have been implicated so far in mediating
the contribution of emotional and social factors in decision-making is beyond the scope of this
introduction and could be hardly accomplished in such a limited space. For the sake of brevity, we
have chosen to present only some of the primary findings that have gamered wider consensus among
the scientific community. Nonetheless, even from this short illustrative selection, a complex plurality
of intertwined and interacting neural systems undoubtedly emerges. It should be underlined that these
findings conflict with the long-predominating perspective of dual-process theories, which have
conceived emotion and cognition as conflicting and incompatible modalities (Kahneman, 2011),
paralleled by the distinction between automatic and controlled processes in neuroscience (Posner and
Snyder,1975; Schneider & Shiffrin, 1977). Up to date, a growing body of evidence has ruled out a
clear-cut segregation between emotional and cognitive systems. Once identified with well-separated
neural areas, respectively encompassing the limbic system for emotion, and predominantly the
prefrontal cortex for cognition, research has now shown that even those neural networks that were
thought of as involved in purely emotional processes eventually showed to play a role also in
cognitive functions (e.g., although being part of the limbic system, the hippocampus is causally

involved in memory functions; LeDoux, 2000) and vice versa. A more appropriate understanding of
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the relationship between emotion and cognition in decision-making thus needs to be achieved by
acknowledging the modulatory nature of the interaction between multiple neural networks,
synergistically orchestrating the effect of socio-affective components on deliberate decision-making

(Brocas & Carrillo, 2014; Grayot, 2020).

1.4 Neuroeconomics: economic decisions grounded on neurobiology

Neuroeconomics is a recent research field at the intersection of economics, psychology, and
cognitive neuroscience that aims at deriving realistic models of economic decision-making by
investigating the underlying neural mechanisms (Sanfey et al., 2006). Its origin represented a natural
development of those behavioral economic models that began theorizing algorithms of human
information processing and decision-making based on the popular brain-computer analogy, inasmuch
as advancements in neuroscientific methods could then offer an empirical verification of the

speculated algorithms (Glimcher et al., 2009).

Neuroeconomics has inherited much of the theoretical framework from behavioral economics.
However, as research has shown that the rational optimum is unrealistic and unattainable both at a
neural and behavioral level, neuroeconomics draws upon the theory of behavioral economics to build
an abstract benchmark of optimality against which to compare actual behavior, rather than assuming
optimality as the expected rational behavior. Observing systematic deviations from the benchmark,
indeed, can generate insights on how the brain actually works, and can help hypothesis testing of
new theories of economic decision grounded on neurobiological data (Sanfey et al., 2006). By relying
on the unified vision proposed by economics, indeed, this new-born discipline has significantly
advanced knowledge regarding how the brain computes core economic properties of the options,
such as probability, value, and utility (Levy & Glimcher, 2016; Levy & Glimcher, 2011, 2012;
McClure et al., 2004a; Padoa-Schioppa, 2011; Padoa-Schioppa & Assad, 2006; Platt & Glimcher,

1999).
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At the same time, and most importantly, neuroeconomics draws upon a fundamental axiom of
neuroscience, that is, it assumes a multiplicity of neural systems coexist and interplay through
connectivity-based modulatory interactions (Dennison et al., 2022; Grayot, 2020; Hare et al., 2009;
Kable & Glimcher, 2007; Sanfey et al., 2006; Serra, 2021). Acknowledging the plurality of the
systems that contribute to the decisional process has led neuroeconomics to deeply intertwine with
other two sub-fields of cognitive neuroscience beyond decision neuroscience, namely, affective and
social neuroscience (Camerer et al., 2005; Fehr & Camerer, 2007; Serra, 2021). Thanks to this
interdisciplinary cross-contamination, neuroeconomics has set the stage for the uncovering of the
manifold effects of emotions in economic decision-making (Xu et al., 2020). For instance, recent
research has applied the SMH framework to explore the effect of emotional and interoceptive signals
on individual and social economic decision (Dunn et al., 2012; Lenggenhager et al., 2013; Lo &

Repin, 2002; Sharika et al., 2023; Shiv et al., 2005; Sokol-Hessner et al., 2015).

Crucially, research in this field has led to a ground-breaking discovery concerning the
existence of a unitary system in the brain that constitutes the neural substrate of a common neural
“currency” (Montague & Berns, 2002). This mechanism would serve as an internal scale on which
the value of different rewards can be universally compared, regardless being different in nature, not
much dissimilar from that internal common scale hypothesized by rational theories of decision
(Samuelson, 1947). However, this mechanism appears to be affective in nature. A growing body of
studies have in fact progressively revealed that a specific subregion approximately overlapping with
the VMPFC and the OFC is consistently activated by a variety of reward types, whether primary
(e.g., food or money) or secondary (e.g., emotional or hedonic value), concrete or abstract, self-
directed or altruistic. What is more, the investigated area has shown to be indiscriminately implied
in decision under uncertainty, risk, and even counter-factual decisions, while its activation to be dose-
dependent to the desirability of the reward (Bartra et al., 2013; Clithero & Rangel, 2014; Levy &
Glimcher, 2012). Far from being the substrate of a rational utility quantification system, such
mechanism appears to be informed by different neural pathways implicated in the elaboration of

distinct aspects of reward, including emotional, social, and mentalizing systems (Fellows, 2004;
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Levy & Glimcher, 2016). Indeed, this area possibly represents a crucial hub implicated in the
integration of two types of signals: higher-order cognitive components on one hand, and lower-order
signals implied in basic forms of affect and physiological regulation on the other (Roy et al., 2012).
By integrating these two facets of a reward, this unique subregion serves the function of computing
the affective meaning of a situation and eventually translates adaptively relevant cognitive
information into affective behavioral and psychophysiological responses (Levy & Glimcher, 2016).
Neuroeconomics has thus provided neurobiological evidence that the computation of the value signal
is intrinsically affective, and that observed decision behavior may be the outcome of a mechanism of

maximization of this computed value.

By incorporating human biological constraints into economic models, neuroeconomics has not
only shown the inadequacy of the standard theories of economic choice, but it has also significantly
pushed forward the understanding of the idiosyncrasies of economic behavior and its underlying
reasons. On the one hand, confirmation has been provided to some of the psychological principles
proposed by previous behavioral models to be responsible for the observed apparently irrational
conducts. Prospect theory’s loss aversion is a good example of this, wherein a host of neuroscientific
studies have now observed loss aversion and its neural underpinnings (Tom et al., 2007). More
importantly, neuroeconomics has provided solid explanations and objective rationale for economic
behavior, by uncovering neurobiological mechanisms that make sense of “irrational” behaviors both
in individual and social decisions according to an evolutionarily adaptive and emotional form of
“utility function”. The potential of neuroeconomics lays indeed in turning from “as if” abstract
models, that are agnostic about what happens inside the “black box”, to the investigation of the
physicality and the mechanics of the neural systems that actually support the decision-making
process (Levy & Glimcher, 2016), addressing both Marr’s algorithmic and implementational level

of analysis to set the stage for the computational level (Marr, 1982).

Moreover, neuroeconomics evidently recognizes that decision-making is intrinsically bound
to emotional and social factors that arise in our everyday life decision problems. By doing so, an

apparently trivial but fundamental property of the human neural system is acknowledged and taken
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into account, namely, context-sensitivity (Pessoa, 2017). Hince, the success of endeavors aimed at a
realistic understanding of decision-making hinges significantly on the acknowledgment that decision
processes are intricately constrained by the environment surrounding us. Building upon this notion,
neuroeconomics is in fact experiencing a constant explosion of sub-fields of research that are
concerned with investigating decision-making within applicational contexts, such as consumer
neuroscience, financial decision-making, and organizational neuroscience. Therefore, grounding the
study of economic decision into the biological constraints of the decision-maker and into the
properties of the environment that the decision-maker inhabits shows potential for building more

realistic and accurate predictive models of decision-making (Serra, 2021).

1.5 A methodological framework for decisions in complex environments

As we have highlighted in the previous sections of this chapter, realistic accounts of decision-
making within complex environments cannot proceed without bringing under the investigative lens

the emotional and social elements that are intrinsically part of those environments.

Emotional and social phenomena have been studied for decades by means of verbal and self-
report psychometric tools that build on introspection. However, in relatively recent times, a debate
has arisen among the scientific community concerning the adequacy of verbal tools to handle the
investigation of affective and automatic processes (Bagozzi et al., 1991; Camerer et al., 2005;
McClure et al., 2004b). Much of human behavior, in fact, is driven by the multi-modulatory interplay
of conscious, deliberative processes and unconscious, automatic ones, so that even processes that
were long thought to be steered by pure cognition (such as decision-making) are actually the result
of unconscious processes to some extent (Wolford et al., 2000). Therefore, by relying on traditional
tools that require participants to verbalize their thoughts through introspection, the contribution of
the numerous processes that occur outside of awareness would be overlooked - or heavily biased at
the very least. Furthermore, regarding those emotional processes that face the surface of awareness

to a sufficient extent to be inquired upon, the request to put those emotional experiences into words
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would actually results in a measure of the cognitive appraisal of those emotional components (Levine

et al., 2018).

On the other hand, research abounds of evidence that self-reports are subject to a host of
response biases. Social desirability bias (Grimm, 2010; Tracey, 2016; van de Mortel, 2008) may
significantly sway the accuracy of self-reported traits or behaviors, especially when socially sensitive
topics are addressed by the research. Confirmation bias (Peters, 2022; Schumm, 2021) and
constraints of human memory capacity (Levineetal., 2018; Van Den Bergh & Walentynowicz, 2016)
can also introduce important limitations in self-report measures, just to cite a few examples. Inregard
to the latter, the very nature of self-report instruments makes them unsuitable for real-time
administration during experimental tasks — for instance, a decision task requiring social interaction.
Confining self-reports to an offline administration (i.e., at the end of the experimental paradigm)

creates room where memory biases can insinuate.

Building on these premises, we believe that a more fruitful approach to the study of emotional
and social components interacting with decision-making should lean on the contribution of the

methodologies belonging to cognitive neuroscience.

The birth of cognitive neuroscience was made possible by the impressive technological
advances of neuroscientific methods in the late 1970s, which have progressively enabled unparalleled
access to neural structures. At the core of cognitive neuroscience stands a multilevel and
multimethodological approach, which allows garnering insights from the convergence of
neurophysiological and behavioural data upon which psychological inferences can be drawn, with
the purpose of building psychological theories of the cognitive processes by unveiling their
neurobiological underpinnings (Ochsner & Kosslyn, 2013). To pursue this goal, cognitive
neuroscience’s approach involves devising experimentally sound behavioral tasks during which
neurophysiological measures are collected on the experimental subjects to perform hypothesis
testing. A variety of neurophysiological methods have been developed and fruitfully applied so far.
Among them, one class of methodsis aimed at investigating the activity of the central nervous system

(CNS). Non-invasive measurement techniques encompass electroencephalography (EEG),
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magnetoencephalography (MEG), functional near-infrared spectroscopy (fNIRS), functional
magnetic resonance imaging (fMRI), single-photon emission computed tomography (SPECT), and
positron emission tomography (PET), while single-unit recording is an invasive (hence, infrequent)
technique. Non-invasive brain stimulation techniques also belong to the toolkit of cognitive
neuroscience, such as transcranial magnetic stimulation (TMS) and transcranial direct current
stimulation (tDCS). Alongside, another heterogeneous class of tools is directed at providing
measures of the peripheral nervous system (PNS), which encompasses skin conductance response
(SCR), cardiovascular measures (e.g., electrocardiography (ECG), photoplethysmography),

electromyography (EMG), pneumography, eye tracking, and pupillometry, to cite a few examples.

Because each one of the mentioned methods presents different degrees of spatio-temporal
resolution and specific methodological constraints, the suitability of each technique is to be
considered contingent upon the experimental design and research question. In the context of the
present research, fNIRS, EEG, SCR, and cardiovascular measures emerged as the most suitable
methods to investigate our research questions, hence we will here provide a brief overview of each

one.

1.5.1 Neuroimaging and electrophysiology for the central nervous system

Functional near-infrared spectroscopy (fNIRS)

Functional Near-Infrared Spectroscopy (fNIRS) is a non-invasive optical neuroimaging
technique that relies on measurement of changes in blood oxygenation and hemodynamic response
in the brain to infer variations in neural activity. This technology has revealed particularly fruitful
for studying brain function in a range of applications, including neurodevelopmental research,
clinical studies, and cognitive neuroscience (Balconi et al., 2015; Ehlis et al., 2014; Lloyd-Fox et al.,
2010). This technique utilizes near-infrared light (NIR) in the range of 7000 to 2500 nanometers
(Hoshi, 2016) to penetrate the scalp and skull, reaching the superficial layers of brain tissue by taking

advantage of the transparency property of the skin and bones to NIR light. Latest studies generally
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employ multichannel headsets involving sets of paired emitters — the optical fibers injecting the light
into the scalp - and detectors — the fibers receiving the scattered light — placed at a distance of 30-35
mm in adult subjects (Pinti et al., 2020). The portion of brain tissue in the mid-point between the
source and the detector thus forms a “channel”, and represents the cortical area investigated by the
NIR light. In fact, the brain tissue, which is anisotropic and inhomogeneous, affects the NIR light
through processes of absorption and scattering (Delpy & Cope, 1997). The NIR photonsinjected into
the brain are absorbed to different degrees by distinct substances in the brain tissue - such as water,
lipids, and hemoglobin — according to their specific molecular properties (chromophoricity).
Crucially, oxygenated (O;Hb) and deoxygenated (HHb) forms of hemoglobin show distinct
absorption coefficients. As an increase of neural activity in brain regions determines an enhanced
metabolic activity and a variation in the cerebral hemodynamic flow, an increase in O.Hb and a
decrease in HbR concentrations is observed. Hence, these hemodynamic variations are measured by
fNIRS through alterations in light attenuation that reached the detector, allowing to derive insights
into variation of neural activity in specific areas (for a comprehensive discussion see Hoshi, 2016;

Pinti et al., 2020).

Notably, good spatial and reasonable temporal resolution, together with the portability, safety,
and tolerance to motor artifacts demonstrated by fNIRS have led the tool to be acknowledged as
suitable for a range of experimental settings, and have contributed to its growing popularity in the
field of neuroscience. With technological advances leading to smaller and portable devices, the
number of studies adopting wearable fNIRS setups within naturalistic settings in search of higher

ecological validity has been on the rise (Herold et al., 2017; Quaresima & Ferrari, 2019).

Electroencephalography (EEG)

In the field of electrophysiology, electroencephalography is by far the most widely used
method to record brain electrical activity non-invasively. Invented by Hans Berger in 1924 (Berger,
1929), EEG has been employed across more than one century of clinical practice and experimental

research and has brought invaluable contribution to the study of the electrophysiological dynamics



of the brain by unravelling the underlying neural mechanisms of human cognition and
psychopathology (Cohen, 2017). EEG, in fact, captures electrical potentials generated by the

synchronized activity of vast neural networks resulting from ionic currents in the brain.

To do so, most EEG studies place electrically conductive electrodes on the scalp surface via
EEG caps torecord variations in electrical potential - although also more invasive setups exist, where
electrodes are placed intracranially. To ensure consistent positioning of the electrodes on identifiable
brain regions, EEG caps are usually conformed to the 10-20 or 5-10 International System (Jasper,

1958).

EEG detects synchronous changes in the membrane potentials of the apical dendrites of large
portions of cortical neurons (Ruff & Huettel, 2014). Synaptic excitation of the apical dendrites result
in ionic currents across the membrane, and the spatial and temporal integration of synaptic
transmission in the dendrites can lead to the formation of electromagnetic dipoles and magnetic fields
within the cell (Miiller-Putz, 2020). If large networks of neighboring neurons receive synchronous
synaptic transmissions, the resulting electrical field generated by the summation of their activity can
spread across the brain over long distances, and can potentially be detected at the scalp surface.
Importantly, EEG signals mainly reflect post-synaptic potentials of collective populations of neurons,
which result from relatively slow electric currents that can be measured with sufficient resolution
(Fabiani et al., 2007). In fact, as action potentials consist of exceptionally rapid current flows
resulting from cell depolarization, they only partially contribute to the EEG signal by influencing the
local field potentials (LFP) collected by the EEG (Biasiucci et al., 2019; Miiller-Putz, 2020).
Furthermore, it is important to consider that the degree to which EEG potentials are measurable
depends on factors such as signal amplitude, the size of the synchronized region, the proportion of
synchronously active cells, the amount of noise caused by the interfering of tissue layers, and location
and orientation of the activated cortical region (Gevins & Smith, 2006). Inregard to the last criterion,
itis worth noting that, because of the very structure of the brain, EEG does not allow the measurement

of deep neural structure’s oscillations, where neuronal electric fields are necessarily oriented in
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different directions and generally do not entail large synchronous activity, making the summation of

potentials impracticable (Harmon-Jones & Beer, 2009; Lorente De No, 1947).

A widely practiced approach to the EEG signal implies the measurement of spontaneous EEG
activity, consisting of observing the peak-to-peak amplitude of the signal generated by mental tasks.
EEG signal power results from rhythmic oscillations in a frequency bandwidth ranging from below
1Hz to nearly 40Hz, but also higher frequency components have been individuated in recent years
(Miiller-Putz, 2020). Scientific consensus has now come to subdivide the power spectrum into five
frequency bands, in virtue of their differential association with psycho-physiological processes
(Schomer & Da Silva, 2012): delta (1-4Hz), theta (4-8Hz), alpha (8-13Hz), beta (13-30 Hz), and
gamma (30-200Hz). In the second study of this research, we will further discuss how the identified
frequency bands are linked to mental processes. Despite limited spatial resolution, EEG frequency-
domain analysis allows for the study of neural oscillations with an excellent time resolution, and has
brought unique contribution to the understanding of cooperative behavior during social decision-
making (Moore et al., 2021), emotions’ interplay with cognition (Gable et al., 2021), and complex
decision-making in laboratory (Davis et al., 2011) and applied contexts, such as purchasing context

(Golnar-Nik et al., 2019).

1.5.2 Electrophysiological measures for the peripheral nervous system

Skin Conductance Response (SCR)

Skin Conductance Response belongs to the heterogeneous class of psychophysiological
methods that aims at measuring activity from the peripheral nervous system (PNS). By permitting
communication between the brain and the periphery of our body, the PNS is in essence the vessel
that mediates our interaction with the environment and makes our nervous system context-sensitive
(Pessoa, 2023). Like the majority of psychophysiological techniques, SCR targets the autonomous
component of the PNS (the autonomous nervous system, ANS) in light of the consolidated evidence

that autonomic processes represent meaningful indirect measures of mental processes (Lin & Li,
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2023). In fact, more than merely epiphenomenal, autonomic correlates are now considered to be
integral to cognition, emotion, and social behavior (Critchley, 2005). Under this rationale,
psychophysiological measures have been widely applied to study a range of psychological functions,
including decision-making (Naqvi & Bechara, 2010), affect (Kreibig, 2010), social behavior

(Schmitz et al., 2013), and their interaction (Critchley et al., 2013).

SCR specifically reflects activity from the sympathetic branch of the ANS. Mediated by
acetylcholine and adrenaline, the sympathetic response determines an increase of the arousal
response across the body, which involves the increase of sweat secretion by the eccrine glands.
Unlike sweat glands on the rest of the body, where sweat secretion has a primarily thermoregulatory
function, sweat glands on so-called “volar” surfaces (i.e., hand palms and feet) hold a unique
relationship with cognitive and emotional processes that has likely evolved to favour adaptive
response in the face of salient situations, such as threatening stimuli. To measure this response, SCR
usually involves the application of a low voltage electric current passing between two electrodes
positioned on the hand palm or fingers. As increased eccrine secretion increments the amplitude of

the current, higher skin conductance is observed. As a result, an increase of arousal can be inferred

(Xia et al., 2017).

Across a variety of contexts, SCR has demonstrated to be an cost-effective and solid measure
bringing renewed valuable contributions to the study of decision-making (Crone et al., 2004),
emotional response within social contexts (Vrana & Gross, 2004), social stress (Eisenbarth et al.,

2016), and have been effectively implied in social interaction within naturalistic contexts

(Hoogeboom et al., 2021)

Cardiovascular measures

Cardiovascular activity results from the complex interaction of multiple physiological systems
(Pham et al., 2021). The cardiac rhythm is in fact controlled by the activity of the sinoatrial node in

the first place, which is in turn regulated by a multiplicity of interacting regulatory systems and



mechanical phenomena (e.g., breathing). To a significant extent, cardiac activity is influenced by the
ANS activity. Specifically, the sympathetic branch, involved in arousal and stress response (the fight
or flight response), innervates the heart with excitatory connections and is predominantly associated
to anincrease of heart rate (HR). The parasympathetic branch of ANS, on the other hand, is primarily
engaged during relaxed states and is associated with a decrease of HR in virtue of its inhibitory
afferences. However dually innervated, the heart activity does not simply range along a sympathetic-
to-parasympathetic autonomic control continuum (Berntson et al., 1993). Being influenced by
several regulatory systems working on different time scales, HR shows complex patterns of
variability across frequency bands, that were shown to be associated to different psychophysiological
mechanisms (Pham et al., 2021). Heart rate variability (HRV), defined as the time interval between
consecutive heartbeats, stands as a predominant measure of cardiac activity, which has been
extensively studied due to its association with parasympathetic control (Chapleau & Sabharwal,
2011). The parasympathetic system was indeed shown to be implicated in a host of
psychophysiological processes (Porges, 2007). Hence, HRV have been extensively studied as a proxy
signal of emotion regulation (Chambers & Allen, 2007; Mather & Thayer, 2018), social interaction
(Shahrestani etal., 2015), and decision-making (Forteetal., 2021), suggesting that inflexible patterms
of HRV are reflective of hindered regulatory function of the psychopsyiological systems, while
higher variability reflect healthy functionality of the regulation systems, associated with a higher
capacity to cope with stressors in the environment (Fabes & Eisenberg, 1997). Parallel to HRV, over
several years of research, various components of cardiovascular activity have been explored in light
of their connection with different psychophysiological processes, leading to the development of
numerous methods for their investigation (for acomplete review of these methods, we refer the reader

to Berntson et al., 2007).

1.5.3 An integrated approach for complex environments

As already emerged in this introduction, cognitive neuroscience’s approach is deeply rooted

in a multilevel perspective (Ochsner & Kosslyn, 2013). Each level of analysis then requires its own



method. The history of cognitive neuroscience has shown, indeed, that the integration and
convergence of behavioral, psychometric, and neurophysiological data is a fundamental requirement
for developing accurate models of human cognitive and emotional functioning (Poldrack, 2006). By
intersecting methodologies that mutually complement their respective shortcomings, each typology
of data can intervene in delineating a different portion of the same picture (Ochsner & Kosslyn,

2013).

When it comes to complex environments, we contend it is of extreme importance taking into
account multiple levels of analysis. As we sought to highlight across this introduction, complexity in
real-world environments arises particularly in relation to emotional and social facets that are
intrinsically embedded into human experience. In light of the presented weaknesses of psychometric
methods in this regard, one first necessary step towards building more realistic theories of decision-
making should then involve complementing the study of socio-affective processes with
neurophysiological measures, in addition to the use of psychometric and behavioral data. We believe
this integrated methodological approach will better help uncover the unconscious counterpart of

decisional processes through the link with the underlying neurobiological mechanisms.

On the other hand, among the more recent approaches to decision-making, a less conventional
sub-discipline has emerged under the name of naturalistic decision-making (NDM), which is
concerned with investigating how decisional processes unfold in the real world, refuting artificially
constrained experimental settings (Lipshitz et al., 2001). This approach places particular emphasis
on how expert decision-makers make use of experience and contextual factors - such as other social
agents or emotions (Mosier & Fischer, 2010) - to handle decisions (but importantly, also options
generation) in difficult field settings. Although authors have contested the value of this discipline
and argued that generalization of the results into a model would be unattainable as the approach is
mainly aimed at providing an accurate qualitative description of the observed unique decisional
processes, NDM can nonetheless come to the aid of standard decision-making theories by
contributing to the building of an integrated approach (Cooksey, 2001). By supporting

methodological diversity, valuing the role of the context in which decisions are embedded, embracing
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complexities inherent in human behavior, and avoiding “premature closure in our understanding
engendered by the reification of the principle of parsimony and simplistic 'beauty’ of linear models”
(Cooksey, 2001), decision-making theory can head towards a unified science of decision rooted on

the integration of naturalistic and standard models.

In the present research, we have tried to make some of these principles ours, in an attempt to

contribute to this new multidisciplinary integrated approach to decision-making.

1.6 General aims of the research

Across the introduction, we have delineated how decision-making theories have evolved in
recent years, up to the latest endeavors to take advantage of the study of the neurophysiological
underpinnings to uncover the mechanisms of decision-making. It has emerged from different
disciplines that research in decision-making is affected by a problematic trait. In fact, the use of
simplified experimental environments and streamlined theoretical models scarcely grounded on the
reality of the decision-maker, as inherited by neoclassical models of decision-making, is raising
criticism among various disciplines in the macro-area of decision-making research, including
cognitive neuroscience (Schonberg et al., 2011), decision neuroscience (Mobbs et al., 2018),
ethology (Fawcett et al., 2014), and psychology (Kingstone, 2008; Lipshitz et al., 2001). As decision
rules have evolved to be adaptive in the environment (Gigerenzer, 2000; Koechlin, 2014, 2016;
McNamara & Houston, 2009), studying decision-making within artificial settings has excluded from
the investigation some of the core elements that are intrinsically embedded in the environment and
that significantly affect human decision-making, such as emotional and social phenomena. Hence,
the present research aims to contribute to the presented debate by pursuing two general objectives.
First, we aim to investigate the role of emotions and social interaction in decision-making, with a
view to garnering insights into their synergistic interplay with more controlled and cognitive
processes. In fact, although research on the role of socio-affective components in decision processes
significantly increased in recent years, the study of the neural underpinnings responsible for the

interaction between decision-making, emotion processing, and social interchange is still in its infancy
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(Phelps et al., 2014; Rilling & Sanfey, 2011). Furthermore, a second objective consists of exploring
another pathway to understand how decisions unfold within the complexity of real environments by
creating more ecologically valid experimental settings within applicated fields. The effort is directed
at finding a fair trade-off between external and internal validity. A twofold path is traced then. On
the one hand, we aim to bring the environment into the model, by reintroducing into the equation of
decision-making models two often underinvestigated components that belong to our everyday-life
environments; on the other hand, we aim to bring our investigation progressively into the
environment, outside of the laboratory asmuch as we can, by observing how decision-making unfold
into more naturalistic contexts. The hope is that this twofold endeavor can bring us one step closer
to devising more realistic models of decision-making that take into account the “integrated

rationality” of the decision-maker.

The present research is articulated in three studies, that progressively loosen the constraints of

the laboratory settings.

More specifically, the first study is aimed at investigating the effect of emotional advertising
messages on purchase decisions, to understand whether highly emotional communication relating to
a critical universally shared experience - namely, the COVID-19 pandemic - may affect decision-
making. Hemodynamic neural responses from the prefrontal cortex were considered, together with
behavioral responses to an Implicit Association Test (IAT) and psychometric measures on perceived

emotion and purchase decision.

The second study explores creative decisions within organizational environments, aiming at
understanding how creative decisions are made as a result of an individual compared to an
interpersonal reasoning process during a decision negotiation task. Electroencephalography (EEG)
was combined with cardiovascular measures, skin conductance response, and psychometric indices

of creativity to gain insights into social creative decisions.

Finally, the third study is an exploratory attempt to test the applicability of a newly developed
digitalized tool for the assessment of decision-making multifacet skills within organizational settings.

The study deals specifically with the tool module dedicated to decisional efficacy and builds on a
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neuroscientific-based approach that leaves room for future application of neurophysiological

measurcs.

27



1.7 References

Allais, M. (1953). Le comportement de 1’homme rationel devant le risque, critique des postulates et axiomes de

I’ecole americaine. Econometrica, 21, 503-546.

Bagozzi, R. P. (1991). The role of psychophysiology in consumer research. In Handbook of Consumer 190
Behavior, Robertson TS, Kassarjian HH (eds). Prentice-Hall: Englewood Cliffs, NY; 124-161

Balconi, M., Grippa, E., & Vanutelli, M. E. (2015). What hemodynamic (fNIRS), electrophysiological (EEG) and
autonomic integrated measures can tell us about emotional processing. Brain and Cognition, 95, 67-76.

https://doi.org/10.1016/j.bandc.2015.02.001

Bartra, O., McGuire, J. T., & Kable, J. W. (2013). The valuation system: A coordinate-based meta-analysis of
BOLD fMRI experiments examining neural correlates of subjective value. Neurolmage, 76, 412-427.
https://doi.org/10.1016/j.neuroimage.2013.02.063

Bechara, A. (2000). Emotion, Decision Making and the Orbitofrontal Cortex. Cerebral Cortex, 10(3),295-307.
https://doi.org/10.1093/cercor/10.3.295

Bechara, A. (2004). The role of emotion in decision-making: Evidence from neurological patients with orbitofiontal

damage. Brain and Cognition, 55(1), 30—40. https://doi.org/10.1016/j.bandc.2003.04.001

Bechara, A., & Damasio, A. R. (2005). The somatic marker hypothesis: A neural theory of economic decision.
Games and Economic Behavior, 52(2),336-372. https://doi.org/10.1016/j.geb.2004.06.010

Bechara, A., Damasio, H., Damasio, A.R., & Lee, G. P. (1999). Different Contributions of the Human Amygdala
and Ventromedial Prefrontal Cortex to Decision-Making. The Journal of Neuroscience, 19(13), 5473—
5481. https://doi.org/10.1523/INEUROSCI.19-13-05473.1999

Bechara, A., Tranel, D., Damasio, H., & Damasio, A.R. (1996). Failure to Respond Autonomically to Anticipated
Future Outcomes Following Damage to Prefrontal Cortex. Cerebral Cortex, 6(2), 215-225.
https://doi.org/10.1093/cercor/6.2.215

Behrens, T.E.J.,Hunt, L. T., Woolrich, M. W., & Rushworth, M. F. S. (2008). Associative learning of social value.
Nature, 456(7219),245-249. https://doi.org/10.1038/nature07538

Berger, H. (1929). Uber das Elektrenkephalogramm des Menschen. Archiv fiir Psychiatrieund Nervenkrankheiten,
87(1),527-570. https://doi.org/10.1007/BF01797193

Bemtson, G. G., Cacioppo, J. T., & Quigley, K. S. (1993). Cardiac psychophysiology and autonomic space in
humans: Empirical perspectives and conceptual implications. Psychological Bulletin, 114(2), 296-322.
https://doi.org/10.1037/0033-2909.114.2.296

Berntson, G. G., Quigley, K. S., & Lozano, D. (2007). Cardiovascular psychophysiology. In Handbook of
psychophysiology (3rd ed., pp. 182-210).

Biasiucci, A., Franceschiello, B., & Murray, M. M. (2019). Electroencephalography. Current Biology, 29(3), R80—
R85. https://doi.org/10.1016/j.cub.2018.11.052

28



Bitsch, F., Berger, P., Nagels, A., Falkenberg, 1., & Straube, B. (2018). The role of the right temporo —parietal
junction in  social decision-making. Human Brain  Mapping, 39(7), 3072-3085.
https://doi.org/10.1002/hbm.24061

Brocas, I., & Carrillo, J. D. (2014). Dual-process theories of decision-making: A selective survey. Journal of

Economic Psychology, 41,45-54. https://doi.org/10.1016/j.joep.2013.01.004

Camerer, C., Loewenstein, G., & Prelec, D. (2005). Neuroeconomics: How Neuroscience Can Inform Economics.

Journal of Economic Literature, 43(1), 9—64. https://doi.org/10.1257/0022051053737843

Chambers, A.S., & Allen, J.J. B. (2007). Cardiac vagal control, emotion, psychopathology, and health. Biological
Psychology, 74(2), 113—115. https://doi.org/10.1016/j.biopsycho.2006.09.004

Chapleau,M. W., & Sabharwal,R. (2011). Methods ofassessing vagus nerve activity and reflexes. Heart Failure
Reviews, 16(2), 109—-127. https://doi.org/10.1007/s10741-010-9174-6

Chater, N., Oaksford, M., Nakisa, R., & Redington, M. (2003). Fast, frugal, and rational: How rational nomms

explain behavior. Organizational Behavior and Human Decision Processes, 90(1), 63-86.

https://doi.org/10.1016/S0749-5978(02)00508-3

Clark, L., Bechara, A., Damasio, H., Aitken, M. R. F., Sahakian, B.J., & Robbins, T. W. (2008). Differential effects
ofinsularand ventromedial prefrontal cortex lesions on risky decision-making. Brain, 131(5), 1311-1322.
https://doi.org/10.1093/brain/awn066

Clithero, J. A., & Rangel, A. (2014). Informatic parcellation of the network involved in the computation of
subjective  value. Social Cognitive and Affective Neuroscience, 9(9), 1289-1302.
https://doi.org/10.1093/scan/nst106

Cohen, M. X. (2017). Where Does EEG Come From and What Does It Mean? Trends in Neurosciences, 404),
208-218. https://doi.org/10.1016/j.tins.2017.02.004

Cooksey, R. W.(2001). Pursuing anintegrated decision science:does ‘naturalisticdecision making’ help or hinder?
Journal of Behavioral Decision Making, 14(5),361-362. https://doi.org/10.1002/bdm.386

Critchley, H. D. (2005). Neural mechanisms of autonomic, affective, and cognitive integration. Journal of

Comparative Neurology, 493(1), 154—166. https://doi.org/10.1002/cne.20749

Critchley, H. D., Eccles, J., & Garfinkel, S.N. (2013). Interaction between cognition, emotion, and the autonomic
nervous system. In Handbook of Clinical Neurology (Vol. 117, pp. 59-77). Elsevier.
https://doi.org/10.1016/B978-0-444-53491-0.00006-7

Crone, E. A., Somsen, R. J. M., Beek, B. V., & Van Der Molen, M. W. (2004). Heart rate and skin conductance
analysis of antecendents and consequences of decision making. Psychophysiology, 41(4), 531-540.
https://doi.org/10.1111/j.1469-8986.2004.00197 x

Damasio, A. (1990). Individuals with sociopathic behavior caused by frontal damage fail to respond autonomically
to social stimuli. Behavioural Brain Research, 41(2), 81-94. https:/doi.org/10.1016/0166-
4328(90)90144-4

29



Damasio, A. R. (1994). Descartes’ Error and the Future of Human Life. Scientific American, 271(4), 144-144.
https://doi.org/10.1038/scientificamerican1094-144

Davis, C.E., Hauf,J. D., Wu, D. Q., & Everhart, D. E. (2011). Brain function with complex decision making using
electroencephalography.  International  Journal of  Psychophysiology, 79(2), 175-183.
https://doi.org/10.1016/j.ijpsycho.2010.10.004

Daw, N. D., Gershman, S. J., Seymour, B., Dayan, P., & Dolan,R.J.(2011). Model-Based Influences on Humans’
Choices and Striatal Prediction Errors. Neuron, 69(6), 1204-1215.
https://doi.org/10.1016/j.neuron.2011.02.027

Delpy,D.T., & Cope, M. (1997). Quantification in tissue near—infrared spectroscopy. Philosop hical Transactions
of the Royal Society of London. Series B: Biological Sciences, 352(1354), 649—659.
https://doi.org/10.1098/rstb.1997.0046

Dennison,J. B., Sazhin, D., & Smith, D. V. (2022). Decision neuroscience and neuroeconomics: Recent progress

and ongoing challenges. WIREs Cognitive Science, 13(3), €1589. https://doi.org/10.1002/wcs.1589

Dunn, B. D., Evans, D., Makarova, D., White, J., & Clark, L. (2012). Gut feelings and the reaction to perceived
inequity: The interplay between bodily responses, regulation, and perception shapes the rejection of unfair
offers on the ultimatum game. Cognitive, Affective, & Behavioral Neuroscience, 12(3), 419-429.
https://doi.org/10.3758/s13415-012-0092-z

Ehlis, A.-C., Schneider, S., Dresler, T., & Fallgatter, A. J. (2014). Application of functional near-infrared
spectroscopy in psychiatry. Neurolmage, 85,478-488. https://doi.org/10.1016/j.neuroimage.2013.03.067

Eisenbarth, H., Chang, L. J., & Wager, T. D. (2016). Multivariate Brain Prediction of Heart Rate and Skin
Conductance Responses to Social Threat. The Journal of Neuroscience, 36(47), 11987—-11998.
https://doi.org/10.1523/INEUROSCI.3672-15.2016

Ellsberg, D. (1961). Risk, Ambiguity, and the Savage Axioms. The Quarterly Journal of Economics, 75(4), 643.
https://doi.org/10.2307/1884324

Fabes, R. A., & Eisenberg, N. (1997). Regulatory control and adults’ stress-related responses to daily life events.
Journal of Personality and Social Psychology, 73(5), 1107-1117. https://doi.org/10.1037/0022-
3514.73.5.1107

Fabiani, M., Gratton, G., & Federmeier, K. D. (2007). Event-related brain potentials: Methods, theory, and
applications. In Handbook of psychophysiology (pp. 85-119).J Cacioppo, L Tassinary, G Berntson (Eds.).

Fawcett, T. W., Fallenstein, B., Higginson, A. D., Houston, A. 1., Mallpress, D. E. W., Trimmer, P. C., &
McNamara, J. M. (2014). The evolution of decisionrules in complex environments. 7Trends in Cognitive

Sciences, 18(3), 153—161. https://doi.org/10.1016/j.tics.2013.12.012

Fawcett, T. W.,Hamblin, S., & Giraldeau, L.-A. (2013). Exposing the behavioral gambit: The evolution of leaming
and decision rules. Behavioral Ecology, 24(1), 2—11. https://doi.org/10.1093/beheco/ars085

Fehr, E., & Camerer, C. F. (2007). Social neuroeconomics: The neural circuitry of social preferences. Trends in

Cognitive Sciences, 11(10),419-427. https://doi.org/10.1016/j.tics.2007.09.002

30



Fellows, L. K. (2004). The cognitiveneuroscience of human decision making: A review and conceptual framework.
Behavioral and Cognitive Neuroscience Reviews, 3(3), 159-172.

https://doi.org/10.1177/1534582304273251

Forte, G., Morelli, M., & Casagrande, M. (2021). Heart Rate Variability and Decision-Making: Autonomic
Responses in Making Decisions. Brain Sciences, 11(2),243. https://doi.org/10.3390/brainscil 1020243

Gable, P. A, Paul, K., Pourtois, G., & Burgdorf, J. (2021). Utilizing electroencephalography (EEG) to investigate
positive  affect. Current Opinion  in Behavioral ~ Sciences, 39, 190-19s.
https://doi.org/10.1016/j.cobeha.2021.03.018

Gevins, A., & Smith, M. E. (2006). Electroencephalography (EEG) in neuroergonomics. In R. Parasuraman & M.
Rizzo (Eds.), Neuroergonomics. Oxford University Press.
https://doi.org/10.1093/acprof:0s0/9780195177619.001.0001

Gigerenzer, G. (2000). Adaptive thinking: Rationality in the real world. Oxford University Press.
https://cir.nii.ac.jp/crid/1130282270775488512

Gigerenzer, G. (2007). Gut feelings: The intelligence of the unconscious. New York: Viking Press.

Gigerenzer, G. (2021). Axiomatic rationality and ecological rationality. Synthese, 198(4), 3547-3564.
https://doi.org/10.1007/s11229-019-02296-5

Gigerenzer, G., & Gaissmaier, W.(2011). Heuristic Decision Making. Annual Review of Psychology,62(1),451—
482. https://doi.org/10.1146/annurev-psych-120709-145346

Gigerenzer, G., & Selten, R. (2002). Boundedrationality: Theadaptivetoolbox (1st MIT Press pbk. ed). MIT Press.
https://cir.nii.ac.jp/crid/1130000797994399744

Glimcher, P. W., Camerer, C. F., Fehr, E., & Poldrack,R. A.(2009). Introduction. In Neuroeconomics (pp. 1-12).
Elsevier. https://doi.org/10.1016/B978-0-12-374176-9.00001-4

Golnar-Nik, P., Farashi, S., & Safari, M.-S. (2019). The application of EEG power for the prediction and
interpretation of consumer decision-making: A neuromarketing study. Physiology & Behavior, 207, 90—
98. https://doi.org/10.1016/j.physbeh.2019.04.025

Grayot, J. D. (2020). Dual Process Theories in Behavioral Economics and Neuroeconomics: A Critical Review.

Review of Philosophy and Psychology, 11(1),105-136. https://doi.org/10.1007/s13164-019-00446-9

Grimm, P. (2010). Social Desirability Bias. In J. Sheth & N. Malhotra (Eds.), Wiley Intemational Encyclopedia of
Marketing (1st ed.). Wiley. https://doi.org/10.1002/9781444316568.wiem02057

Hare, T. A., Camerer, C. F., & Rangel, A. (2009). Self-Control in Decision-Making Involves Modulation of the
vmPFC Valuation System. Science, 324(5927), 646—648. https://doi.org/10.1126/science.1168450

Harmon-Jones, E., & Beer, J. S. (2009). Methods in social neuroscience. (pp. Xiv, 353). Guilford Press.

Herold, F., Wiegel, P., Scholkmann, F., Thiers, A., Hamacher, D., & Schega, L. (2017). Functional near-infrared
spectroscopy in movement science: A systematicreview on cortical activity in postural and walking tasks.
Neurophotonics, 4(4), 041403, https://doi.org/10.1117/1 NPh.4.4.041403

31



Hoogeboom, M. A. M. G., Saeed, A., Noordzij, M. L., & Wilderom, C. P. M. (2021). Physiological arousal
variability accompanying relations-oriented behaviors of effective leaders: Triangulating skin
conductance, video-based behavior coding and perceived effectiveness. The Leadership Quarterly, 32(6),

101493. https://doi.org/10.1016/j.leaqua.2020.101493

Hoshi, Y. (2016). Hemodynamicsignals in fNIRS. In Progressin Brain Research (Vol.225,pp. 153—179). Elsevier.
https://doi.org/10.1016/bs.pbr.2016.03.004

Jasper, H. (1958). The 10-20 electrode system of the International Federation. Electroencephalogr. Clin.
Neuropysiol., 10,370-375.

Kable, J. W., & Glimcher, P. W. (2007). The neural correlates of subjective value during intertemporal choice.
Nature Neuroscience, 10(12),1625-1633. https://doi.org/10.1038/nn2007

Kahneman, D. (1979). Prospect theory: An analysis of decisions under risk. Econometrica,47,278.
Kahneman, D. (2011). Thinking, fast and slow (1st ed). Farrar, Straus and Giroux.

Kahneman, D., Slovic, P., & Tversky, A. (Eds.). (1982). Judgment under Uncertainty: Heuristics and Biases (1st
ed.). Cambridge University Press. https://doi.org/10.1017/CB0O9780511809477

Kingstone, A., Smilek, D., & Eastwood, J. D. (2008). Cognitive Ethology: A new approach for studying human
cognition. British Journal of Psychology, 99(3),317-340. https://doi.org/10.1348/000712607X251243

Koechlin, E. (2014). An evolutionary computational theory of prefrontal executive function in decision -making.
Philosophical Transactions of the Royal Society B: Biological Sciences, 369(1655), 20130474.
https://doi.org/10.1098/rstb.2013.0474

Koechlin, E. (2016). Prefrontal executive function and adaptive behavior in complex environments. Current

Opinion in Neurobiology, 37, 1-6. https://doi.org/10.1016/j.conb.2015.11.004

Kreibig, S. D. (2010). Autonomic nervous system activity in emotion: A review. Biological Psychology, 84(3),
394-421. https://doi.org/10.1016/j.biopsycho.2010.03.010

Kuhnen, C. M., & Knutson, B. (2005). The Neural Basis of Financial Risk Taking. Neuron, 47(5), 763-770.
https://doi.org/10.1016/j.neuron.2005.08.008

LeDoux, J. E. (2000). Emotion Circuits in the Brain. Annual Review of Neuroscience, 23(1), 155-184.
https://doi.org/10.1146/annurev.neuro.23.1.155

Lenggenhager, B., Azevedo, R. T., Mancini, A., & Aglioti, S. M. (2013). Listening to your heart and feeling
yourself: Effects of exposure to interoceptive signals during the ultimatum game. Experimental Brain
Research, 230(2),233-241. https://doi.org/10.1007/s00221-013-3647-5

Lemer, J. S., Li, Y., Valdesolo, P., & Kassam, K. S. (2015). Emotion and Decision Making. Annual Review of
Psychology, 66(1), 799-823. https://doi.org/10.1146/annurev-psych-010213-115043

Levine,L.J., Lench, H. C., Karnaze, M. M., & Carlson, S.J. (2018). Bias in predicted and remembered emotion.
Current Opinion in Behavioral Sciences, 19,73-77. https://doi.org/10.1016/j.cobeha.2017.10.008

32



Levy, D. J., & Glimcher, P. W. (2011). Comparing Apples and Oranges: Using Reward -Specific and Reward-
General Subjective Value Representation in the Brain. TheJournal of Neuroscience, 31(41), 14693—-14707.

https://doi.org/10.1523/JNEUROSCIL.2218-11.2011

Levy,D.J., & Glimcher, P. W. (2012). Theroot of all value: A neural common currency for choice. Current Opinion

in Neurobiology, 22(6), 1027-1038. https://doi.org/10.1016/j.conb.2012.06.001

Levy,D., & Glimcher, P. W. (2016). Common valuerepresentation—A neuroeconomics perspective. In Handbook

of value: Perspective from economics, neuroscience, philosophy, psychology andsociology (pp.85—118).

Li, J., Schiller, D., Schoenbaum, G., Phelps, E. A., & Daw, N. D. (2011). Differential roles of human striatum and
amygdala in associative  learning.  Nature  Neuroscience, 14(10), 1250-1252.
https://doi.org/10.1038/nn.2904

Lin, W.,&Li, C.(2023). Review of Studies on Emotion Recognition and Judgment Based on Physiological Signals.
Applied Sciences, 13(4),2573. https://doi.org/10.3390/app 13042573

Lipshitz, R., Klein, G., Orasanu, J., & Salas, E. (2001). Taking stock of naturalistic decision making. Journal of
Behavioral Decision Making, 14(5),331-352. https://doi.org/10.1002/bdm.381

Lloyd-Fox, S., Blasi, A., & Elwell, C. E. (2010). [lluminating the devel oping brain: The past, present and future of
functional near infrared spectroscopy. Neuroscience & Biobehavioral Reviews, 34(3), 269-284.
https://doi.org/10.1016/j.neubiorev.2009.07.008

Lo, A. W., & Repin, D. V. (2002). The Psychophysiology of Real-Time Financial Risk Processing. Journal of
Cognitive Neuroscience, 14(3),323-339. https://doi.org/10.1162/089892902317361877

Lorente De N6, R. (1947). Action potential of the motoneurons ofthe hypoglossus nucleus. Journal of Cellular and
Comparative Physiology, 29(3),207-287. https://doi.org/10.1002/jcp.1030290303

Marr, D. (1982). Vision: A computational approach. MIT Press

Mather, M., & Thayer,J.F. (2018). How heart rate variability affects emotion regulation brainnetworks. Current
Opinion in Behavioral Sciences, 19,98—-104. https://doi.org/10.1016/j.cobeha.2017.12.017

McClure, S. M., Berns, G. S., & Montague, P. R. (2003). Temporal Prediction Errors in a Passive Learning Task
Activate Human Striatum. Neuron, 38(2),339-346. https://doi.org/10.1016/S0896-6273(03)00154-5

McClure, S. M., Laibson, D. 1., Loewenstein, G., & Cohen, J. D. (2004 a). Separate Neural Systems Value Immediate
and Delayed Monetary Rewards. Science, 306(5695),503-507. https://doi.org/10.1126/science.1 100907

McClure, S. M., Li,J., Tomlin, D., Cypert, K. S., Montague, L. M., & Montague, P. R. (2004 b). Neural Correlates
of Behavioral Preference for Culturally Familiar Drinks. Neuron, 44(2), 379-387.
https://doi.org/10.1016/j.neuron.2004.09.019

McNamara, J. M., & Houston, A.1. (2009). Integrating function and mechanism. Trends in Ecology & Evolution,
24(12),670—675. https://doi.org/10.1016/j.tree.2009.05.011

33



Mobbs, D., Trimmer, P. C., Blumstein, D. T., & Dayan, P. (2018). Foraging for foundations in decision
neuroscience: Insights from ethology. Nature Reviews Neuroscience, 19(7), 419-427.

https://doi.org/10.1038/s41583-018-0010-7

Montague, P. R., & Berns, G. S. (2002). Neural Economics and the Biological Substrates of Valuation. Neuron,
36(2),265-284. https://doi.org/10.1016/S0896-6273(02)00974-1

Moore, M., Katsumi, Y., Dolcos, S., & Dolcos, F. (2021). Electrophysiological Correlates of Social Decision-
making: An EEG Investigation ofa Modified Ultimatum Game. Journal of Cognitive Neuroscience, 34(1),
54-78. https://doi.org/10.1162/jocn_a 01782

Mosier, K. L., & Fischer, U. (2010). The Role of Affect in Naturalistic Decision Making. Joumal of Cognitive
Engineering and Decision Making ,4(3),240-255. https://doi.org/10.1518/155534310X12844000801122

Miiller-Putz, G. R. (2020). Electroencephalography. In Handbook of Clinical Neurology (Vol. 168, pp.249-262).
Elsevier. https://doi.org/10.1016/B978-0-444-63934-9.00018-4

Nagvi, N. H., & Bechara, A. (2006). Skin conductance: A psychophysiological approach to the study of
decision making. Methods in mind, 103-122.

Nagvi,N. H., & Bechara, A.(2010). The insula and drugaddiction: An interoceptive view of pleasure, urges, and
decision-making. Brain Structure and Function, 2 1 4(5-6),435-450. https://doi.org/10.1007/s00429-010-
0268-7

Naqvi, N., Shiv, B., & Bechara, A. (2006). The Role of Emotion in Decision Making: A Cognitive Neuroscience
Perspective. Current Directions in Psychological Science, 15(5),260-264. https://doi.org/10.1111/j.1467-
8721.2006.00448 x

Ochsner, K. N., & Kosslyn, S. (2013). Introduction to The Oxford Handbook of Cognitive Neuroscience: Cognitive
Neuroscience. Oxford University Press. https://doi.org/10.1093/0xfordhb/9780199988709.013.0001

Padoa-Schioppa, C. (2011). Neurobiology of Economic Choice: A Good-Based Model. Annual Review of
Neuroscience, 34(1),333-359. https://doi.org/10.1146/annurev-neuro-061010-113648

Padoa-Schioppa, C., & Assad, J. A. (2006). Neurons in the orbitofrontal cortex encode economic value. Nature,
441(7090),223-226. https://doi.org/10.1038/nature04676

Pessoa, L. (2017). A Network Model of the Emotional Brain. Trends in Cognitive Sciences, 21(5), 357-371.
https://doi.org/10.1016/j.tics.2017.03.002

Pessoa, L. (2023). The Entangled Brain. Journal of Cognitive Neuroscience, 35(3), 349-360.
https://doi.org/10.1162/jocn_a 01908

Peters, U. (2022). What Is the Function of Confirmation Bias? Erkenntnis, 87(3), 1351-1376.
https://doi.org/10.1007/s10670-020-00252-1

Pham,T.,Lau,Z.J., Chen,S.H. A., & Makowski, D.(2021). Heart Rate Variability in Psychology: A Review of
HRYV Indices and an Analysis Tutorial. Sensors, 21(12),3998. https://doi.org/10.3390/s21123998

34



Phelps,E. A., & LeDoux, J. E. (2005). Contributionsofthe Amygdala to Emotion Processing: From AnimalModels
to Human Behavior. Neuron, 48(2), 175—187. https://doi.org/10.1016/j.neuron.2005.09.025

Phelps,E. A., Lempert, K. M., & Sokol-Hessner, P. (2014). Emotion and Decision Making: Multiple Modulatory
Neural Circuits. Annual Review of Neuroscience, 37(1),263-287. https://doi.org/10.1146/annurev -neuro-
071013-014119

Pinti, P., Tachtsidis, I., Hamilton, A., Hirsch, J., Aichelburg, C., Gilbert, S., & Burgess,P. W. (2020). The present
and future use of functional near-infrared spectroscopy (fNIRS) for cognitive neuroscience. Annals of the

New York Academy of Sciences, 1464(1), 5-29. https://doi.org/10.1111/nyas.13948

Platt, M. L., & Glimcher, P. W. (1999). Neural correlates of decision variables in parietal cortex. Nature, 400(6741),
233-238. https://doi.org/10.1038/22268

Poldrack, R. (2006). Can cognitive processes be inferred from neuroimaging data? Trends in Cognitive Sciences,

10(2),59-63. https://doi.org/10.1016/j.tics.2005.12.004

Poppa, T., & Bechara, A. (2018). The somaticmarker hypothesis: Revisiting therole ofthe ‘body-loop’ in decision-
making. Current Opinionin Behavioral Sciences, 19,61-66. https://doi.org/10.1016/j.cobeha.2017.10.007

Porges, S. W. (2007). The polyvagal perspective. Biological Psychology, 74(2), 116-143.
https://doi.org/10.1016/j.biopsycho.2006.06.009

Posner, M. and Snyder, C. (1975) Facilitation and inhibition in the processing of signals. In Attention and
Performance V (Rabbitt, P.M.A. and Domic, S., eds), pp. 669-682, Academic Press

Quaresima, V., & Ferrari, M. (2019). Functional Near-Infrared Spectroscopy (fNIRS) for Assessing Cerebral Cortex
Function During Human Behavior in Natural/Social Situations: A Concise Review. Organizational
Research Methods, 22(1),46—68. https://doi.org/10.1177/1094428116658959

Reimann, M., & Bechara, A. (2010). The somatic marker framework as a neurological theory of decision-making:

Review, conceptual comparisons, and future neuroeconomics research. Journal of Economic Psychology,
31(5),767-776. https://doi.org/10.1016/j.joep.2010.03.002

Rieskamp, J., & Reimer, T.(2007).Ecological rationality. In R. F. Baumeister, & K. D. Vohs
(Eds.), Encyclopedia of social psychology (pp.273-274). Thousand Oaks: Sage.

Rilling,J. K., & Sanfey, A. G. (2011). The Neuroscience of Social Decision-Making. Annual Review of Psychology,
62(1),23-48. https://doi.org/10.1146/annurev.psych.121208.131647

Roesch,M.R., Esber,G. R., Li,J., Daw, N. D., & Schoenbaum, G. (2012). Surprise! Neural correlates of Pearce—
Hall and Rescorla—Wagner coexist within the brain. European Journal of Neuroscience, 35(7), 1190-1200.
https://doi.org/10.1111/j.1460-9568.2011.07986.x

Roy,M., Shohamy, D., & Wager, T.D. (2012). Ventromedial prefrontal-subcortical systems and the generation of
affective meaning. Trends in Cognitive Sciences, 16(3), 147-156.
https://doi.org/10.1016/j.tics.2012.01.005

35



Rudebeck, P. H., Mitz, A. R., Chacko, R. V., & Murray, E. A. (2013). Effects of Amygdala Lesions on Reward-
Value Coding in Orbital and Medial Prefrontal Cortex. Neuron, 80(6), 1519-1531.
https://doi.org/10.1016/j.neuron.2013.09.036

Ruff, C. C., & Huettel, S. A. (2014). Experimental Methods in Cognitive Neuroscience. In Neuroeconomics (pp.
77-108). Elsevier. https://doi.org/10.1016/B978-0-12-416008-8.00006-1

Samuelson, P. A. (1947). Foundations of economic analysis.

Sanfey, A. G., Loewenstein, G., McClure, S. M., & Cohen, J. D. (2006). Neuroeconomics: Cross-currents in
research on  decision-making. Trends in  Cognitive Sciences, 10(3), 108-116.

https://doi.org/10.1016/j.tics.2006.01.009
Savage, L. J. (1954). Foundations of statistics. New York, NY: John Wiley and Sons

Schmitz, J., Tuschen-Caffier, B., Wilhelm, F. H., & Blechert, J. (2013). Taking a closer look: Autonomic

dysregulation in socially anxious children. European Child & Adolescent Psychiatry, 22(10), 631-640.
https://doi.org/10.1007/s00787-013-0405-y

Schneider, W., & Shiffrin, R. M. (1977). Controlled and automatic human information processing: 1. Detection,
search, and attention. Psychological Review, 84(1), 1.

Schomer, D. L., & Da Silva, F. L. (2012). Niedermeyer’s electroencephalography: Basic principles, clinical
applications, and related fields. Lippincott Williams & Wilkins.

Schonberg, T., Fox, C.R., & Poldrack,R. A.(2011). Mind the gap: Bridging economic and naturalistic risk -taking
with  cognitive  neuroscience. Trends  in Cognitive  Sciences, 15(1), 11-19.

https://doi.org/10.1016/j.tics.2010.10.002

Schumm, W. R. (2021). Confirmation bias and methodology in social science: An editorial. Marriage & Family
Review, 57(4),285-293. https://doi.org/10.1080/01494929.2021.1872859

Serra, D. (2021). Decision-making: From neuroscience to neuroeconomics—an overview. Theory and Decision,

91(1), 1-80. https://doi.org/10.1007/s11238-021-09830-3

Shahrestani, S., Stewart, E. M., Quintana, D. S., Hickie, L. B., & Guastella, A. J. (2015). Heart rate variability during
adolescent and adult social interactions: A meta-analysis. Biological Psychology, 105, 43-50.
https://doi.org/10.1016/j.biopsycho.2014.12.012

Sharika, K. M., Thaikkandi, S., Nivedita, & Platt, M. L. (2023). Interpersonal heart rate synchrony predicts effective
group performance in a naturalistic collective decision-making task [Preprint]. Animal Behavior and
Cognition. https://doi.org/10.1101/2023.07.24.550277

Shiv, B., Loewenstein, G., Bechara, A., Damasio, H., & Damasio, A. R. (2005). Investment behavior and the

negative side of emotion. Psychological Science, 16(6), 435—-439. https://doi.org/10.1111/j.0956-
7976.2005.01553.x

Simon, H. A. (1956). Rational choice and the structure ofthe environment. Psychological Review, 63(2), 129-138.
https://doi.org/10.1037/h0042769

36



Sokol-Hessner, P., Hartley, C. A., Hamilton, J. R., & Phelps, E. A. (2015). Interoceptive ability predicts aversion
to losses. Cognition and Emotion, 29(4), 695—701. https://doi.org/10.1080/02699931.2014.925426

Somerville, L. H., Haddara, N., Sasse, S. F., Skwara, A. C., Moran, J. M., & Figner, B. (2019). Dissecting “peer
presence” and “decisions” to deepen understanding of peer influence on adolescent risky choice. Child

Development, 90(6),2086—2103. https://doi.org/10.1111/cdev.13081

Strombach, T., Weber, B., Hangebrauk, Z., Kenning, P., Karipidis, I. L., Tobler, P. N., & Kalenscher, T. (2015).
Social discounting involves modulation ofneural value signals by temporoparietal junction. Proceedings

of the National Academy of Sciences, 112(5),1619-1624. https://doi.org/10.1073/pnas.1414715112

Tindale,R. S., & Kameda, T. (2017). Group decision-making from an evolutionary/adaptationist perspective. Group
Processes & Intergroup Relations, 20(5), 669—680. https://doi.org/10.1177/1368430217708863

Todd, P. M., & Gigerenzer, G. (2007). Environments That Make Us Smart: Ecological Rationality. Current
Directions in Psychological Science, 16(3),167-171.https://doi.org/10.1111/.1467-8721.2007.00497 .x

Todd,P.M., & Gigerenzer, G. (2012). Mechanismsofecological rationality: Heuristics and environments that make
us smart. In L. Barrett & R. Dunbar (Eds.), Oxford Handbook of Evolutionary Psychology (1st ed., pp.
197-210). Oxford University Press. https://doi.org/10.1093/0xfordhb/9780198568308.013.0015

Tolone, O. (2021). If economic theory met neurosciences: Examining Damasio’s cognitive somatic marker. In E.
Bucciarelli, S.-H. Chen, J. M. Corchado, & J. Parra D. (Eds.), Decision Economics: Minds, Machines, and
their Society (Vol.990,pp.35-41). Springer International Publishing. https://doi.org/10.1007/978-3-030-
75583-6_4

Tom, S. M., Fox, C. R, Trepel, C., & Poldrack,R. A.(2007). The neural basis ofloss aversion in decision-making
under risk. Science, 315(5811), 515-518. https://doi.org/10.1126/science.1134239

Tracey, T.J. G. (2016). A note on socially desirable responding. Journal of Counseling Psychology, 63(2), 224—
232. https://doi.org/10.1037/cou0000135

Tzieropoulos, H. (2013). The Trust Game in neuroscience: A short review. Social Neuroscience, 8(5), 407-416.
https://doi.org/10.1080/17470919.2013.832375

Van de Morttel, T. F. (2008). Faking it: Social desirability response bias in self-report research. The Australian
Journal of Advanced Nursing, 25(4),40—48.

Van Den Bergh, O., & Walentynowicz, M. (2016). Accuracy and bias inretrospective symptomreporting: Current
Opinion in Psychiatry, 29(5), 302-308. https://doi.org/10.1097/YC0.0000000000000267

Van Hoorn, J.,Crone, E. A., & Van Leijenhorst, L. (2017). Hanging Out With the Right Crowd: Peer Influence on
Risk-Taking Behavior in Adolescence. Journal of Research on Adolescence, 27(1), 189-200.
https://doi.org/10.1111/jora.12265

Von Neumann, J., & Morgenstern, O. (1947). Theory of games and economic behavior (2nd rev). Princeton

University Press.

37



Vrana, S. R., & Gross, D. (2004). Reactions to facial expressions: Effects of social context and speech anxiety on
responses to neutral, anger, and joy expressions. Biological Psychology, 66(1), 63-78.
https://doi.org/10.1016/j.biopsycho.2003.07.004

Weller, J. A., Levin, L. P, Shiv, B., & Bechara, A. (2009). The effects of insula damage on decision-making for
risky gains and losses. Social Neuroscience, 4(4),347-358. https://doi.org/10.1080/17470910902934400

Wolford, G., Miller, M. B., & Gazzaniga, M. (2000). The Left Hemisphere’s Role in Hypothesis Formation. 7he
Journal of Neuroscience, 20(6), RC64-RC64. https://doi.org/10.1523/INEUROSCIL.20-06-0003.2000

Xia, C., Touroutoglou, A., Quigley, K. S., Feldman Barrett, L., & Dickerson, B. C. (2017). Salience Network
Connectivity Modulates Skin Conductance Responses in Predicting Arousal Experience. Journal of
Cognitive Neuroscience, 29(5), 827—836. https://doi.org/10.1162/jocn_a 01087

Xu, F., Xiang, P., & Huang, L. (2020). Bridging Ecological Rationality, Embodied Emotion, and Neuroeconomics:
Insights From the Somatic Marker Hypothesis. Frontiers in Psychology, 11, 1028.
https://doi.org/10.3389/fpsyg.2020.01028

38



