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Executive summary

e The 'social brain' is a set of brain regions that supports the processing of social information as well as non-social functions.

e An example of a social ability necessary for interaction with other people is face recognition, which has been widely
studied in neuroscience.

e Social skills and emotional intelligence, including face recognition, predict academic achievement.

e Social cognition also engages more complex processes such as learning from the actions of others, making decisions in
groups, and theory of mind (inferring others' intentions).

e Humans are motivated by concerns that go beyond payoff maximization: from altruism and fairness to envy, status and
social norms.

e This can be studied using economic games in which multiple players interact simultaneously or sequentially.
e These social processes can be studied using experimental games from game theory combined with fMRI.

e Overall, research indicates that neuroeconomics tools can be used to study different aspects of social cognition, including
complex social interactions.

Introduction: social neuroscience
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Figure 1. Left: illustration of the social brain hypothesis. From Dunbar & Shultz, 2007. Right: gray matter positively correlated
with social network size in the temporal lobe and rostral prefrontal cortex (Sallet et al., 2011).

All primates live in complex social structures where the demands of cooperation and competition must constantly be
balanced. These demands are likely to have influenced the evolution of the human brain. The "social brain hypothesis”
proposes that the need to optimize behavior within complex social environments significantly influenced the evolution of
primate brains. This theory is supported by evidence for the co-evolution of social complexity and brain structures (Dunbar,
1992) (see Figure 1, left). For example, the relative size of the neocortex has been reported to correlate with the size of an
individual's social network (Dunbar & Shultz, 2007). More recent studies have proposed that the size of the amygdala, a key
brain region involved in processing emotion, is larger in people who have regular contact with a larger number of relatives,
friends, and colleagues (Bickart et al,, 2011). Although the human prefrontal cortex is larger than those of closely related
primate species, it is less the relative size than the functional organization in terms of neural circuitry and connectivity with
other brain structures that determines cognition (Semendeferi et al,, 2002; Teffer & Semendeferi, 2012). Recent studies indicate
that the human cognitive system could have evolved to be highly flexible to optimize interactions with other members of the
group. One possible cause for the correlation between social network size and increases in brain structures comes from recent
primate studies showing that variation in adult rhesus macaques' social environments cause changes in brain structure in a
distributed neural circuit centered on mid-superior temporal sulcus (STS), anterior cingulate cortex (ACC) and rostral
prefrontal cortex (rPFC) (Sallet et al., 2011) (see Figure 1, right). These studies exploited the pseudo-randomized assignment of



individual animals to social groups within a colony.

Figure 2. The social brain networks include brain regions
activated by reward and valuation, frequently identified
in studies of social interaction within the frame of
reference of the subject's own actions: anterior cingulate
cortex sulcus (ACCs), ventromedial prefrontal cortex
(VMPFC), amygdala, and ventral striatum (VStr). Other
brain regions are activated by considering the intentions
of another individual: anterior cingulate cortex gyrus
(ACCg), dorsomedial prefrontal cortex (DMPFC),
temporoparietal junction (TPJ), and superior temporal
sulcus (STS).

The neural circuits involved in decision-making in a social setting have been identified (see Figure 2) (Behrens et al., 2009;
Kane et al,, 1999). Key components include the orbitofrontal cortex (OFC), the ventromedial prefrontal cortex (vmPFC), the
dorsomedial (dmPFC), and the dorsolateral prefrontal cortex (DLPFC), parts of the superior temporal sulcus (STS), including a
region near the temporo-parietal junction (TPJ), and the anterior cingulate gyrus (ACCg). Moreover, there is extensive
evidence that social decision-making relies on many "non-social” subcortical and brainstem circuits, such as the medial
prefrontal cortex (MPFC), the superior temporal sulcus (STS) and the temporo-parietal junction (TPJ) (see Figure 2). This does
not mean that brain regions considered 'social’ only process social information. In fact, recent studies have highlighted the
need to distinguish between cognitive and neural processes that are specialized in social behavior. Processes can be socially
specialized at the implementational, computational and algorithmic levels (Lockwood et al.,, 2020). To understand how
specific social behavior compares to 'non-social’ processes, we first need to understand the social goal (are we cooperating,
learning from, or helping the other person or group?). Second, we need to understand the algorithm by which this is achieved
(e.g., reinforcement learning, cost-benefit trade-off, etc.). Third, we need to know how the social process is implemented, and
in which brain areas, circuit, or cell it is realized. A distinction is needed between social and non-social processes, either at the
level of algorithm or of implementation, to conclude that there is social specificity. We have proposed that a similar
distinction applies to understanding moral cognition (Qu et al.,, 2022; see also IBRO brief on moral decision-making by JC
Dreher).

Social skills and emotional intelligence predict academic achievement

How can social neuroscience inform classroom teaching? How can we apply the findings of social neuroscience to optimize
different forms of learning? Supportive, encouraging, secure and caring relationships between educators and students
stimulate students’ neural circuitry, priming their brains for neuroplastic processes. Such relationships serve emotional
regulation, which enhances learning. An environment that maximizes attention and motivation increases learning.

There is ample evidence that emotion knowledge and social skills are key abilities that young children must develop at the



beginning of their schooling to ensure future academic success (Cavadini et al., 2021). 'Emotion knowledge' refers to the
capacity to recognize emotions from faces and various behavioural cues and social contexts. Several studies have
demonstrated that emotion knowledge is linked to social competence and academic achievement in young children (Ursache
et al, 2020; Waiden & Field, 1990). For example, a recent meta-analysis of studies with children (aged 3 to 12) revealed that
students with higher levels of emotion knowledge tend to have higher academic performance, as well as better peer
acceptance and school adjustment (Voltmer & von Salisch, 2017). The recognition of facial expressions of emotion is key to the
development of emotional understanding and adapted social interaction. For example, the ability to recognize and label
expressions of emotion at age 5 is a long-term predictor of social behavior and academic performance (Izard et al, 2001). The
quality of relationships with teachers and peers at the beginning of the preschool year also predicts increases in emotion
knowledge and academic achievement at kindergarten (Torres et al,, 2015). Together, these results suggest that emotion
knowledge predicts socio-behavioral development and academic achievement in young children.

Other studies have revealed the influence of social competence on academic performance. For example, a longitudinal study
of children aged between 5 and 8 showed that social understanding at age 5 predicted social competence at age 7, which in
turn predicted school achievement at age 8. Social competence also mediated the association between early social
understanding and later school achievement (Lecce et al., 2017).

Social processing and the recognition of emotion in faces
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Figure 3. According to recent studies, the ventral pathway computes the identity of
an object, the dorsal pathway computes the location of an object and the actions
related to that object, and a third pathway is specialized in the dynamic aspects of
social perception (Pitcher & Ungerleider, 2021) (expressions, eye-gaze, audio-visual
integration, intention, and mood). This latter pathway emerges from the early
visual cortex, via motion-selective areas, into the superior temporal sulcus (STS).

Because emotion recognition is linked to social competence and academic achievement in young children, it is vital to
understand the visual pathways underlying visual and emotional processing. Early research identified a distinction between a
ventral stream that processes 'what' is perceived and a dorsal stream processing either spatial perception (‘where') or non-
conscious visually guided action ("how') (Mishkin et al., 1983) (see Figure 3). According to this view, the ventral pathway
computes the identity of an object while the dorsal pathway computes its location and the actions related to that object.
More recently, it has been proposed that two pathways emerge from the dorsal stream. These consist of projections to the
prefrontal and premotor cortices, and a projection to the medial temporal lobe that passes both directly and indirectly
through the posterior cingulate and retrosplenial cortices (Kravitz et al,, 2011). These pathways support visuospatial processing
relative to spatial working memory, visually guided action and navigation. A recent study proposed that a third pathway is
specialized in the dynamic aspects of social perception (Pitcher & Ungerleider, 2021) (expressions, eye-gaze, audio-visual
integration, intention, and mood). This pathway projects from the early visual cortex, via motion-selective areas, into the



superior temporal sulcus (STS).
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Figure 4. Classical finding obtained in humans using fMRI when viewing
different categories of objects and faces. The fusiform area: a module in
human extrastriate cortex specialized for face perception (Kanwisher et

al., 1997).

A number of fMRI studies in humans have revealed that there is a region of the brain selectively engaged by faces. Located in
the ventral temporal cortex, it is known as the fusiform face area (FFA), and it responds more strongly to faces compared to
objects (see Figure 4). Subsequent fMRI studies performed in macaques showed face-selective regions when comparing
images of faces versus non-face objects. Faces selectively engaged several regions in the macaques' IT cortex, known as face
patches (see Figure 5). This led to direct electrophysiological recording from single cells in fMRI-identified face patches, which
allowed researchers to identify the selectivity of cells in these patches. fMRI experiments have revealed at least six face-
selective regions in each hemisphere: the posterior lateral (PL), middle lateral (ML), middle fundus (MF), anterior lateral (AL),
anterior fundus (AF) and anterior medial (AM) patches (Hesse & Tsao, 2020). Most neurons that are visually responsive from
these face patches are strongly face-selective. These findings indicate that there is a distributed face-processing network in
the temporal cortex, the frontal cortex and the amygdala coding faces. Within the IT cortex, while neurons responsive to
faces are found throughout ventral temporal cortex, they are concentrated within fMRI-identified face-selective regions.
These fMRI-identified face regions reflect both greater proportions of face-selective neurons and greater selectivity of those
neurons.
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Figure 5. Left: face patches show increasing invariance to view changes going from middle lateral (ML)/middle fundus (MF)
to anterior lateral (AL) to anterior medial (AM) face patches. Right: connectivity pattern between early visual areas and face
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Figure 6. (a) Recent findings in monkeys show four quadrants after separation by two principal components
(PCs) of object space, animate-inanimate components (PC1) and stubby-spiky components (PC2). The stimuli in
each of the quadrants were used to map four networks (face patches, body patches, spiky patches and stubby
patches) using functional MRI. (b) Projection of preferred axis of each cell onto PC1 versus PC2 for all neurons
recorded across four networks (spiky network: orange, body network: lime, face network: green, stubby network:
blue). (c) Schema showing the threefold-repeated topographic map in the inferotemporal cortex that is
organized according to the four quadrants of object space.



The neural coding of identity may not be unique to faces. Recent research has used deep networks to understand
computations in face patches, enabling precise testable model prediction of the representation of faces (Hesse & Tsao, 2020).
A recent study investigated the overall large-scale organization of the IT cortex using a deep network (Bao et al,, 2020),
building a parametric object space by computing the first principal components of responses of units to a large set of objects.
IT cells were clustered to form a coarse topographic map of the first two dimensions of this space. This map consisted of four
quadrants encompassing face patches, body patches and two newly discovered networks; one representing 'spiky’ objects
and another 'stubby’ objects (see Figure 6). Patches within the two newly discovered networks are anatomically connected as
face and body networks. Cells in each network approximately projected incoming objects, formatted as vectors in object
space, onto specific preferred axes, with the sign of the first two components of this axis attributed by the cell's anatomical
position in the IT cortex.
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Figure 7. Emergence of face patches during brain development (Livingstone et al., 2017).

Face recognition emerges in infancy, yet the development of the neural mechanisms supporting this behaviour is largely
unknown. A recent fMRI study in macaque monkeys measured brain responsiveness to faces, scrambled faces, and objects in
the inferotemporal cortex (IT) between the ages of 1 month and 2 years. During this period, selective responsiveness to faces
emerges. Interestingly, some functional organization is present at 1 month and face-selective patches emerge over the first
year of development and are remarkably stable. Face selectivity is refined by a decreasing responsiveness to non-face stimuli
(Livingstone et al,, 2017) (see Figure 7).

Learning from others: neural systems engaged in social learning

Although emotion and face recognition may be considered as building blocks for efficient social interactions, social cognition
is not restricted to these two aspects. In recent years, researchers have used tools developed in machine learning to
investigate how humans learn from others, how they make decisions during social interactions, and how they make strategic
inferences based on theory of mind (the capacity to attribute intentions to others).

Neural basis of learning from others



Recent research indicates that learning from others (actions and/or outcomes) engages specific brain systems compared to
learning by oneself (i.e., receiving direct feedback for one's actions or outcomes) (Joiner et al., 2017). There are also common
neural mechanisms for social and non- social learning. Social learning follows the same principles as self-experienced value-
based learning, including computations of the so-called prediction error signal (encoding the discrepancy between predicted
and effective outcome). One early form of observational learning based either on observing others' actions (Olsson et al.,
2020) or their outcomes is imitation. Imitative learning typically involves a child copying the behaviors of an adult. Social
learning occurs when the learner observes another agent act or receive specific outcomes (e.g., vicarious rewards) (see Figure
8). In this way, even without any practice or direct reinforcement the learner learns to perform the observed behavior. Thus,
the learner is able to acquire new knowledge or skills from watching others' experienced outcomes, such as through vicarious

reinforcement.
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Figure 8. Social reward learning shares neural mechanisms with self-experienced learning. The light blue- shaded areas refer
to regions involved in non-social reward learning while the red-shaded area refers to the ACC gyrus involved in vicarious
reward learning. Regions involved in both social and non-social reward learning are represented by purple shading. Green-
shaded areas refer to regions implicated in processing of social information, such as the understanding and attribution of
mental states, while dark blue-shaded areas refer to core regions of the action/mirror network.
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Figure 9. Key brain regions that have been shown to correlate with self-referenced prediction errors (in yellow) or other-
referenced prediction errors (in purple), or both kinds of prediction errors (in green) in the domain of actions (A) and
reward/value outcomes (B). ACC (anterior cingulate cortex), ACCg (anterior cingulate gyrus), ACCs (anterior cingulate sulcus),
dIPFC (dorsolateral prefrontal cértex), dmPFC (dorsomedial prefrontal cértex), LHb (lateral habenula), LIP (lateral
intraparietal area), MTG (medial temporal gyrus), OFC (orbitofrontal cértex), SC (superior colliculus), SN (substantia nigra),
STS (superior temporal sulcus), TPJ (temporoparietal junction), vmPFC (ventromedial prefrontal cértex), VS (ventral striatum),
VTA (ventral tegmental drea) (Joiner et al., 2017)

Self-referenced and other-referenced reward prediction errors can be found across multiple brain structures that allow
reinforcement learning algorithms to mediate social learning. Prediction-based computational principles in the brain may be
conserved between self-referenced and other-referenced information (Joiner et al,, 2017). One can thus distinguish between
brain regions that correlate with self-referenced prediction errors, with other-referenced prediction errors, or with both kinds
of prediction errors in the domain of actions (a) and reward/value outcomes (b) (see Figure 9).

Social learning is not a passive process of merely copying and trusting others. A recent review argues that both learning from
others (social learning) and helping others learn (teaching) can be characterized as probabilistic inferences guided by an
intuitive understanding of how people think, plan, and act (Gweon, 2021). Even young children draw rich inferences from
evidence provided by others and generate informative evidence that helps others learn. By studying social learning and
teaching through a common theoretical lens, inferential social learning provides an integrated account of how human
cognition supports the acquisition and communication of abstract knowledge.

Social interactions: insights from game theory and neuroeconomics

Social interactions can be studied with economic game modeling situations in which future outcomes depend on individual
choices (van Dijk & De Dreu, 2021). Economic games combined with fMRI and neurocomputational modelling allow
researchers to identify the cerebral mechanisms underlying cooperation and coordination, including social preferences, norm
enforcement, cooperative beliefs, signaling, reputation, and direct as well as indirect reciprocity. A classical example is the



'ultimatum game’, an experimental economics game in which two parties interact anonymously and only once. The first
player proposes how to divide a sum of money with the second party. If the second player rejects the proposed division,
neither receives anything. If the second accepts, the first receives the amount they proposed while the second player gets the
rest. This game is often used to study aversion to inequity or fairness behavior and its neural basis (Sanfey et al,, 2003). There
are many other experimental games, some played simultaneously, others repeatedly, that explore reputation effects.

Some of these economic games have been tested in children, either using behavior alone or combined with EEG. For
example, one study of event-related potentials (ERPs) studied preschool children while they watched equal and unequall
resource distributions (Cowell et al., 2019). The children were given a limited number of candies to distribute to other children
who varied in terms of merit, wealth, and need. The ERPs showed early differentiation between equal distributions and any
type of distribution that deviates from equality reflected by a greater frontal negativity. Extremely unequal distributions were
also distinguished from slightly unequal distributions by a later evoked response (400-800 ms). Furthermore, differences in
the magnitude of this late positive potential (LPP) predicted the distribution of third-party contextual resources taking into
account the wealth and merit of the recipient. Consistent with a developmental integration of context into social preferences,
another EEG study in 5-year-old children documented a marked difference in both an early (P2) ERP waveform with greater
positivity for inequitable versus equitable distributions (to poor or wealthy recipients) and a later LPP difference for equitable
versus inequitable distributions, which was also predictive of harsher evaluations of the distributions (Pletti & Paulus, 2020).
Together, these behavioral and developmental studies indicate that conceptions of fairness develop in early and middle
childhood.

Neurocomputational mechanisms involved in group decision-making

Recent fMRI studies have used more complex economic games to characterize the neurocomputational mechanisms
engaged in social decision-making. For example, when making judgments in a group, individuals often revise their initial
beliefs about the best judgment to make given what others believe (Park et al.,, 2017). In collective decisions, both the size of
groups and the confidence that each member has in their own judgment determine how much a given individual will adapt
to the judgment of the group. Judgment adaptation during collective decisions — a fundamental brain mechanism needed for
fluid functioning of social organizations — can be accounted for by Bayesian inference computations. At the time of judgment
adaptation, individuals trade off the credibility inferred from their own confidence levels against the credibility of social
information. The dorsal anterior cingulate cortex (dAACC) was found to represent belief updates, while the lateral frontopolar
cortex (FPC) monitors the changes in credibility assigned to social information. These results provide a neurocomputational
understanding of how individuals benefit both from the wisdom of larger groups and from their own confidence (Park et al,
2017).

A mechanistic foundation for understanding group decision-making, combining Bayesian models of social interactions and
model-based fMRI (Khalvati et al.,, 2019; Park et al,, 2019) has been established. When making decisions in groups, the
outcome of one's decision often depends on the decisions of others, and there is a tradeoff between short-term incentives for
an individual and long-term incentives for groups. The ventromedial prefrontal cortex encodes immediate expected rewards
as individual utility while the lateral frontopolar cortex encodes group utility (i.e., pending rewards of alternative strategies
beneficial for the group). When it is required to change one's strategy, these brain regions exhibit changes in functionall
interactions with brain regions engaged in switching strategies. Our findings provide a neurocomputational account of how
the brain dynamically computes effective strategies to make adaptive collective decisions.

Representing intentions of others and ‘theory of mind' areas in the human brain

To make decisions in a social context, humans have to predict the behavior of others, an ability that is thought to rely on a
model of other minds known as 'theory of mind'. Key brain regions involved in representing information with respect to other
individuals include the Medial Prefrontal Cortex (MPFC) and Temporo-Parietal Junction (TPJ). These areas are often
implicated in mentalizing, detecting the beliefs of others, or signaling decision variables concerning another individual (see
Figure 10). We have shown that a Bayesian model based on partially observable Markov decision processes outperforms
existing models in quantitatively predicting human behavior and outcomes of group interactions when the number of people
one simultaneously interacts with is large and actions are anonymous (Khalvati et al,, 2019). Our results suggest that in
decision-making tasks involving large groups with anonymous members, humans use Bayesian inference to model the "mind
of the group,” making predictions of others' decisions while also simulating the effects of their own actions on the group's
dynamics in the future.
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Sally has a marble. She puts the marble into her basket.

2 o

Sally goes out for a walk.

Anne takes the marble out of the basket and puts it into the box.

Now Sally comes back. She wants to play with her marble.

‘Where will Sally look for her marble?

Figure 10. Left: depiction of the classical 'Sally and Anne' task used for assessing Theory of Mind (TOM) abilities (Baron-
Cohen et al., 1985). Sally takes a marble and hides it in her basket. She then "leaves" the room and goes for a walk. While
she is away, Anne takes the marble out of Sally's basket and puts it in her own box. Sally is then reintroduced, and the child
is asked the key question: "Where will Sally look for her marble?" Right: key brain regions involved in representing
information with respect to another individual. These areas are often implicated in mentalizing, detecting the beliefs of
others, or signaling decision variables concerning another individual (Joiner et al., 2017).

Conclusion

Recent advances in decision neuroscience/neuroeconomics, social psychology and developmental neuroscience allow
researchers to identify the neural basis of social decision-making. This interdisciplinary field studies how social stimuli such as
faces are recognized, how social learning and complex social interactions, such as group decision-making or attribution of
intentions to others (theory of mind) are represented in the brain. Although most of the research hitherto concerns the adult
brain, much research remains to be conducted to determine how the social brain develops in infancy, childhood and
adolescence.
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