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Social interactions, or the reciprocal exchange between socially engaged individuals,
plays a central role in shaping human life. Social interactions are fundamental for
neurocognitive development, and a key factor contributing to mental and physical
health. Despite their importance, research investigating the neurocognitive systems
associated with human social interaction is relatively new. Human neuroimaging
research has traditionally used approaches that separate the individual from social
contexts, thereby limiting the ability to examine brain systems underlying interactive
social behavior. More recent work has begun incorporating real-time social contexts,
and have implicated an extended network of brain regions associated with social
interaction. However, open questions remain about the neurocognitive processes that
are critical for social interactions and the brain systems that are commonly engaged.
The current dissertation aims to address these gaps in our understanding through a set

of studies using computational and data-driven approaches. Study 1 examined the



relationship between social interaction and mentalizing, which is the ability to infer
the mental states of others that is considered to be critically important for social
interactions. Prior work has demonstrated that mentalizing and social interaction elicit
brain activity spatially overlapping areas, but spatial overlap is not necessarily
indicative of a common underlying process. Thus, Study 1 utilized multivariate
approaches to examine the similarity of brain activity patterns associated with
mentalizing outside of social contexts and when interacting with a peer (regardless of
mentalizing) as a means for inferring a functional relationship between the two. Study
2 investigated brain regions commonly engaged across social interactive contexts
using coordinate-based meta-analysis, which is an approach for aggregating findings
across neuroimaging literature. This involved an exhaustive search strategy to find
fMRI and PET studies that utilize social interactive approaches, and calculated spatial
convergence across studies as a means to uncover brain regions that are reliably
implicated during social interaction. The results from Studies 1 and 2 offer major
advancements for a neuroscientific understanding of social interaction by
demonstrating a functional link with mentalizing and through elucidating brain

systems that are commonly reported in studies using social interactive approaches.
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Chapter 1: Introduction to the Brain Basis of Human Social

Interaction

Background and Significance

The significance of social interactions came into sharp relief when coronavirus
2019 (COVID-19) forced people into periods of social isolation and caused what many
are calling a secondary, mental health pandemic (Choi et al., 2020; Kathirvel, 2020; da
Silva Neto et al., 2021). At their core, social interactions are the reciprocal exchange
between two or more socially engaged individuals, but they play an essential role in
neurocognitive development (Brooks & Meltzoff, 2005; Moriguchi, 2014), and are a
major contributor to our mental and physical health (Denissen et al., 2008; Holt-
Lunstad & Smith, 2012; Holt-Lunstad et al., 2015; Holt-Lunstad, 2022; Kawachi &
Berkman, 2001). Despite the ubiquity and importance of social interactions in human
life, however, the neurocognitive mechanisms involved in social interactions are not
clearly understood. This is particularly disquieting given that a neurobiological
understanding of social psychological processes has been considered of critical
importance for neuroscientific progress since the beginning of modern human
neuroimaging technologies (Adolphs, 2010; Cacioppo & Berntson, 1992).

A growing body of work is focusing on social interaction as the predominant
mode through which humans engage with the world (Hari et al., 2015; Hasson et al.,
2012; De Jaeghar et al., 2010; Di Paolo & De Jaegher, 2012). According to this view,
social interactions are not simply a context in which domain-general neurocognitive

processes operate, but, rather, are a primary function of our neural and cognitive
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systems (De Jaeghar et al., 2016; Di Paolo & De Jaegher, 2012; Hari & Kujala, 2009;
Sliwa & Freiwald, 2017). Studies have also demonstrated how social interaction
contributes to homeostatic function, such that acute social deprivation increases self-
reported craving for social interactions, fatigue, and midbrain responses to social cues
comparable to the hunger, tiredness, and brain reactivity to food cues observed after
fasting (Stijovic et al., 2022; Tomova et al., 2021; Tomova et al., 2020). When
prolonged, loneliness and social isolation confer as big a risk factor for early mortality
as well-established determinants like physical activity, access to healthcare, and
environmental quality (Holt-Lunstad et al., 2015; Holt-Lunstad, 2022; Tomova et al.,
2021). However, even though physiological and endocrinological pathways linking
social interaction to health have been identified (Holt-Lunstad & Smith, 2012; Kawachi
& Berkman, 2001; Schultheiss & Mehta, 2018), the brain mechanisms contributing to
this association are less understood. Together, these findings highlight the need for a
better understanding of the brain systems underlying social interactions, both for
advancing basic and applied research.

Numerous factors contribute to the relative lack of neuroscientific knowledge
on human social interactions. Due to the constraints of human neuroimaging
techniques, social cognitive neuroscience research has traditionally relied on
experimental approaches that remove participants from real-time social contexts, and
inferences about the brain processes involved in social interaction came from brain
activations elicited by non-interactive, often static social stimuli (Przyrembel et al.,
2012; Redcay & Schilbach, 2019; Schilbach et al., 2013). Consequently, the brain

systems underlying interactive behavior between socially engaged individuals remain



underexplored. Differences in brain activity between the observation of and
engagement in a social interaction started becoming clear through neuroimaging
paradigms that created a sense of social engagement (e.g., Nagels et al., 2015; Saggar
et al., 2014; Schilbach et al., 2006; Tylen et al., 2012). The current dissertation will
focus on these studies to operationalize social interaction in the context of human
neuroimaging research to provide a framework for investigating the brain systems
underlying human social interactions. In particular, this dissertation aims to examine
the role of mentalizing in social interactions, and to uncover brain activations that are

common across all studies utilizing social interactive approaches.

Social Interactions Operationalized

Historically, human neuroimaging research has treated real-time social
interactions as the “dark matter” of social neuroscience — a neurocognitive process
assumed to be of importance, but that which may not be able to be examined
(Przyrembel et al., 2012; Schilbach et al., 2013). Over the past couple of decades, novel
experimental approaches have been developed to overcome the constraints of fMRI
scanning environments, which have provided a better understanding of how the brain
processes information in the context of another. This set of approaches, collectively
referred to as “second-person neuroscience,” has reshaped our understanding of social
cognition, as well as pathologies characterized by disordered social interaction (Redcay
& Schilbach, 2019). The current proposal repurposes the meaning of second-person
neuroscience as formulated by Schilbach and colleagues (2013) to define social

interactive paradigms used in human neuroimaging.



SOCIAL ENGAGEMENT

A) Social Observation

Traditional approaches to
+ social neuroscience
~ | * Static and/or non-interactive
social stimuli
« Social cognitive task in isolation

B) Social Engagement, No Interaction

Subjective feeling of social

engagement with another
* Passive social awareness

* Participant-directed

* Being watched

D) Social Interaction

Live, reciprocal exchange with
a socially engaged person
I +  Communication
+ Joint attention
* Social decision making

1.1 Dimensions of social interaction. Traditional studies of social cognition did not
involve social engagement or interaction (A). Social engagement, can be achieved
through awareness of a live interaction partner, and is distinct from the interactive
component (B). Interaction outside of social contexts can be achieved through non-
human agents (C). Reciprocal interactions between socially engaged individuals
define the studies we are interested in (D).

C) Non-Social Interaction

Reciprocal interaction

* Active readiness & contingent
responses

* Games against
computer/non-human agent

INTERACTION

According to the second-person neuroscience framework, social interactions
have the dimensions of social engagement and interaction with a social partner (Figure
1.1; Schilbach et al., 2013; Redcay & Schilbach, 2019). Social engagement refers to
the subjective, emotional feeling of involvement with and awareness of a social partner,
which creates the shared psychological state necessary for interaction (Tomasello et al.,
2005; De Jaegher et al., 2010). Social engagement can be achieved in an fMRI
environment simply by alerting the participant to the presence of a social partner who
is engaged with the participant in real time. By itself, social engagement can be passive
in that one can be aware of a social partner without taking part in a reciprocal interaction

with them. Interaction, in turn, refers to reciprocal exchanges between social partners,



or at least the state of readiness for an exchange, such that one partner’s actions and
brain responses affects the other’s (De Jaeghar et al., 2016; Redcay & Schillbach,
2019). The readiness for interaction distinguishes the social-interactive state from
passive social engagement, and provides an opportunity for examining it within the
constraints of fMRI. Thus, social interactions in an fMRI can take many forms,
including gestures and expressions, digital chats, games, and eye-gaze directed
attention (Hasson et al., 2012; Konvalinka & Roepstorff, 2012; Redcay & Schilbach,
2019), but require that the scanned participant has a means of responding to their
partner.

Tacit in the aforementioned definition of social interaction is that the interacting
partner has to be, or at least perceived to be, an actual person interacting with the
participant in real time. This additional criterion is included based on research
suggesting that increasing the human-like qualities of an interacting automata, like a
robot, moves the pattern of brain activity closer to that of interacting with a human
compared to interacting with a computer (Chaminade et al., 2012; Krach et al., 2008;
Takahashi et al., 2014). Furthermore, although the original formulation of second-
person neuroscience included studies that met either criteria of social engagement or
interaction, the current proposal will focus on studies that meet both. This decision is
not only for the pragmatic purposes of narrowing the range of studies considered, but
also because the intersection of criteria better captures the naturalistic experience of
social interactions in the real world. For instance, engagement with a fellow passenger
on a crowded train through close physical proximity hardly feels like a social

interaction, nor does playing an interactive computer game against the console.



Importantly, Schilbach and colleagues (2013) proposed that the neurocognitive
mechanisms involved in socially engaged interactions are qualitatively different from
those involved in social engagement or interaction alone. Thus, it is assumed that
studies meeting both criteria will elicit different brain responses than studies only
meeting one criterion. Despite the focus on studies meeting both the criteria of social
engagement and interaction, directions for future investigations that compare across all
four quadrants of these dimensions (Figure 1.1) will be discussed.

It is worth noting, though, that not all frameworks for investigating social
interaction agree with our operationalization. For instance, some frameworks treat the
subjective experience of engagement simply as an epiphenomenon of social
interactions (De Jaeghar et al., 2016; De Jaeghar et al., 2010), while others focus on the
dynamic coupling in behavioral and neural responses that occurs between social agents
as the key feature of social interactions (Hasson & Frith, 2016; Kingsbury & Hong,
2020; Kingsbury et al., 2019). Drawing from research using human and animal models,
these frameworks have provided novel approaches for understanding how interacting
agents’ brains influence one another, and advanced theoretical and methodological
progress in the study of social interaction (see Czeszumski et al., 2020; Hamilton, 2020;
Hasson et al., 2012; Kingsbury & Hong, 2020; Konvalinka & Roebstorff, 2012 for
reviews). The second person neuroscience approach, however, does not view these
frameworks as incompatible, but, rather, complementary. For instance, it cannot be
assumed that the feeling of social engagement is not automatically elicited in the
artificial social-interactive environment of an fMRI scanner, and therefore needs to be

explicitly manipulated. Moreover, the current view holds that the social-interactive



brain state enables the dynamic coupling that plays out in naturalistic social

interactions.

Brain Reginos Implicated in Social Interactive fMRI Paradigms

There are a wide range of fMRI studies utilizing approaches that meet both our
criteria of social engagement and interaction. These studies have implicated numerous
brain systems including the mentalizing and social cognition networks; subcortical and
prefrontal systems associated with reward processing and motivation; the emotional
salience network; the putative mirror neuron system; and other networks involved in
attention and cognitive control (Hari & Kujala, 2009; Redcay & Warnell, 2018; Redcay
& Schilbach, 2019; Schurz et al., 2014). However, inconsistencies across studies using
social-interactive approaches obfuscate which of the cited brain responses reflect
sensitivity to the specific social contexts and/or experimental manipulations employed,
and whether there are brain regions that are more reliably reported across studies, which
reflect a common set of brain regions involved in social interactions. Thus, Study 2 of
the current dissertation aims to elucidate brain activations common across fMRI studies
that meet our definition of social interaction using coordinate-based meta-analysis
(CBMA) — a data-driven approach to spatially map the convergence of brain activations
across studies (Miiller et al., 2018). Before diving into the specific methods of Study 2,
it is informative to first review what has been revealed from fMRI studies utilizing
social interactive paradigms. The following review does not provide exhaustive
coverage of all the different studies using social interactive approaches, but rather

provides an overview of three main lines of research that often use social interactive



approaches relevant for Study 2. However, there are numerous other studies using
qualifying approaches that do not neatly fit into one of these three areas of research.
Joint Attention

Joint attention, or the shared focus of two or more people on an object or event,
is a preverbal social-interactive capability that emerges during infancy, and is
considered to be a precursor for the development of more complex forms of social
interactions (Mundy & Newell, 2007). Given that all social interactions require some
degree of joint attention, at least to the interaction itself, the neural substrates of joint
attention may be a necessary, though not sufficient, neurocognitive process that cuts
across all forms of social interaction. Importantly, because joint attention can be
directed simply through eye-gaze cues (i.c., following the direction of another’s eye-
gaze to attend to a common target), it is an ideal scanner-compatible, social interactive
behavior. For instance, Redcay and colleagues (2012) had participants play a game with
an experimenter via live-stream camera setup that involved following and guiding their
eye-gaze to the location of a hidden target, and they reported greater activations in
regions associated with social cognition and attention when playing with the
experimenter compared to playing alone (see also Caruana et al., 2015; Schilbach et
al., 2006; Williams et al., 2005). Other joint attention studies have suggested that
activity in the reward system may contribute to the subject feeling of social engagement
(Gordon et al., 2013; Oberwelland et al., 2016; Schilbach et al., 2010). Pfeiffer and
colleagues (2014), for example, conducted a “neural Turing test” wherein participants
engaging in joint attention with a digital avatar had to guess whether the avatar’s eye-

movements were made by a computer or an interaction partner who could control the



avatar’s eyes through an interactive eye-tracker. Aligning with other work, they found
greater activity in the ventral striatum (vS) and vmPFC when participants believed they
were interacting with a person versus computer (Pfeiffer et al., 2014).

Additional support for the role of the brain’s social cognitive and reward
systems in the subjective experience of social engagement come from fMRI studies
investigating the impact of joint attention on other socioemotional processes. These
studies have demonstrated heightened activity in vS and medial PFC regions when
jointly attending to valenced stimuli with a social partner compared to attending to the
stimuli alone (Dziura et al., 2021; Wagner et al., 2015). Research further suggests that
activity in these regions may play a role in social influence, such that when participants
realign their valence and arousal judgements of socioemotional stimuli to match their
social partner’s, it is reflected in the magnitude and direction of responses in social
cognitive and reward regions (Klucharev et al., 2011; Overgaauw et al., 2019; Prehn et
al., 2015; Zaki et al., 2011). Moreover, this work has demonstrated heighted inter-
subject correlation (ISC) in social cognitive, reward, affective systems when jointly
viewing a movie with another versus watching alone (Dziura et al., 2021; Golland et
al., 2017), and that ISC in social cognitive brain regions correlates with dynamic
valence ratings (Nummenmaa et al., 2012). Together, these findings suggest that brain
regions associated with social cognition, reward, and affective processes are involved
not only to the feeling of social engagement, but also contribute to aligning subject
experiences between social partners, which may play an important role in social
interactive contexts.

Social Decision Making




fMRI investigations of social decision-making broadly encompass studies
examining the impact of social contexts on the decision-making process, and provides
a rich body of work that informs the neural basis of social interaction (see Rilling &
Sanfey, 2010 for review). Importantly, a common approach in social decision-making
studies is to compare participants’ decision-making process when interacting with a
person versus a computer, which isolates brain activations associated with social
interaction. These studies utilize a variety of social decision-making paradigms, from
simple games like rock-paper-scissors (Chaminade et al., 2012), to more complex
decisions that require an understanding of the interaction partner’s mental state, like
the Prisoner's Dilemma game (Rilling et al, 2004; Kircher et al., 2009). Despite
differences in social cognitive demands, studies generally report greater activity in the
mentalizing and reward systems for interactions with a person versus a computer
(Chaminade et al., 2012; Kircher et al., 2009; Krach et al., 2008; Rilling et al., 2002;
Rilling et al., 2004). In particular, this work suggests that the TPJ integrates information
about the interaction partner to guide decisions in social contexts, but not when playing
against a computer, and that inhibitory stimulation of the right TPJ through transcranial
magnetic stimulation (TMS) reduces behavioral and neural indices mental-state
computations (Carter et al., 2012; Hill et al., 2017). Interestingly, however, a couple of
studies have demonstrated that activity in key mentalizing regions (including right TPJ)
tracks the human-likeness of an interacting agent, such that the magnitude of response
is highest when playing against a human followed by game-play with anthropomorphic
robots, and lowest when playing against a computer (Chaminade et al., 2012; Krach et

al., 2008). Together, these findings suggest that the mentalizing system incorporates

10



social information, including the mentalizing capacity of the interacting agent, to guide
decisions made in social contexts.

In line with the social influence research reviewed above, social decision-
making research provides added support for the role of the reward system in
conforming behavior to social interactive contexts. For instance, vS activity is
associated with risk-taking behavior in adolescent participants when the presence of
peers (Chein et al., 2011), but is associated with safer, risk-averse decisions when in
the presence of their mother (Moreira & Telzer, 2018), presumably due to the expected
approval within each social context. However, investigations of decision-making
across the lifespan suggest age-related changes in context-sensitivity, flexibility in
decision-making strategies, and the involvement of different brain regions during
decision-making (Samanez-Larkin & Knutson, 2015; Smith et al., 2015; Steinmann et
al, 2014). Although age-related differences may undermine the interpretability and
convergence of brain activity when aggregating across studies using different age-
range samples, we expect that focusing on whole brain contrasts that isolate social
interaction will reveal that activity in the reward system distinguishes between social
interactive and non-socially interactive contexts, regardless of age.

Live Social Interaction

Recent fMRI investigations pioneered in our lab focus specifically on
approaches to uncover the neurocognitive processes comprising social interaction. That
is, rather than focusing on a constituent component, like joint attention, or examining
social interaction within specific contexts, like in decision-making research, these

studies were motivated by a need for more naturalistic, ecologically valid investigations

11



of real-time social interactions between human partners. In the earliest of this line of
research, Redcay and colleagues (2010) conducted a pair of experiments wherein
participants engaged with an experimenter outside of the scanner in real time. The first
experiment had participants watch live and recorded versions of participant-directed
gestures made by the experimenter, and the second experiment had participants play a
joint attention game with the experimenter that involved finding a hidden target (as
detailed in the section on joint attention). They demonstrated that live compared to
recorded videos of participant-directed gestures elicited greater activity in brain regions
commonly associated with social cognition, reward processing, and emotional salience,
suggesting the involvement of these systems for social engagement. The joint attention
game also revealed greater activity in regions associated with social cognition for joint
greater than solo attention, and importantly, they found overlap between the two studies
in the right TPJ and pSTS (Redcay et al., 2010).

These initial findings suggest that a common set of neurocognitive processes
may underlie different forms of live, face-to-face social interactions, and motivated
subsequent studies of social interaction. Follow-up studies have attempted to
investigate the role of different neurocognitive systems during social interaction, and
assess the parameters of social interactive experimental approaches contributing to the
feeling of social engagement. These investigations have revealed novel insights about
the neurocognitive systems engaged when simply engaging with a social partner in
real-time, such as activity in the mentalizing network, even in the absence of explicit
mentalizing demands (Alkire et al., 2018; Rice & Redcay, 2016; Rice et al., 2016), and

reward related activity occurred even in the absence of any explicit social or primary
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rewards (Alkire et al., 2018; Warnell et al., 2018). Of note, there have been some
inconsistencies in this line of work. For instance, attempts at replicating the live versus
recorded style experiment in the auditory modality did not reveal activations in the
reward and emotional salience systems as reported above (Rice & Redcay, 2016; Rice
et al., 2016). Nonetheless, this work established a new set of approaches for studying

social interactions with fMRI.

Limitations and Potential Pitfalls

In outlining the background literature, the motivation for the current proposal
has been explicated, but there are limitations to the proposed methods nonetheless.
With regard to the first study, our snapshot of this narrow age range will limit the
generalizability of our results to other ages and populations. Thus, it will remain
unknown whether the age-related differences in the representational similarity
structures we observe would continue in a linear trajectory as individuals transition into
late adolescence and adulthood, or if they would return to pre-adolescent levels similar
to the inverted-U shape trajectories observed in other social-cognitive domains (Kilford
etal., 2016; Somerville et al., 2013). This unknown is particularly challenging for many
of our results in cortical regions associated with social cognition that undergo
substantial structural changes well into adulthood, even though whole-brain volume
remains relatively stable after late childhood (Mills et al., 2014, 2016). At a theoretical

level, although much of the motivation of the current aim is to understand if mentalizing
13



is a constituent process of social interaction, others have argued for the primacy of early
social-interactive experiences as the driving force for later-developing social-cognitive
abilities, like mentalizing outside of social-interactive contexts (Schilbach, 2014). That
is, early social interactions may enable the neural architecture upon which offline
mentalizing abilities develop.

There are other limitations to study due to our modeling choices. Because our
models are not completely orthogonal, some ROIs might exhibit comparably strong
evidence for fit to Models 1 and 2 that were not disambiguated by direct comparison
of model fit estimates. Thus, it will be unclear whether these regions might be
subserving multiple functions or if this is merely an artifact of the way our models are
set up. This limitation in modeling approach reflects our factorial task design, which
also presents the limitation of dichotomizing the Peer and Character conditions. That
is, research has demonstrated that responses in the mentalizing network are sensitive to
factors like target familiarity and closeness (Laurita et al., 2017; Tacikowski et al.,
2013) and how human-like the interacting agent appears (i.e., computers versus
anthropomorphic robots versus human; Krach et al., 2008; Takahashi et al., 2014).
Thus, it is possible that growing familiarity with the Peer during the course of the
experiment and differences in how realistic the Character was perceived to be may have
muddied our ability to distinguish between fit to the different models.

With regard to the second study, the operationalization and constraints of fMRI
investigations of social interaction limit the scope to a much narrower construct than
the multitude of contexts and forms of social interactions. The proposal precludes

investigations of the natural dynamics that unfold during naturalistic social exchanges
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in the real world. Moreover, despite implementing best practices for systematic
reviews, the extant literature examined will likely bias the results of this work to
investigations of joint attention, social decision making, and social interaction studies.
Also, the second study relies on the strong assumption that all social interactions elicit
some commonalities in brain activity that are generalizable across contexts and
individuals, and can be captured with univariate activation approaches. If this
assumption is untrue, then a meta-analysis is unlikely to uncover consensus across
studies (or a sparse map of converging brain regions). The proposed plan has
contingencies for individually examining subsets of studies unified by approach to help
overcome some of these potential pitfalls, but even these are not full proof. However,
despite these limitations, the current proposal can contribute to a neuroscientific
understanding of social interaction if the failures of these approaches are rigorously

investigated, and can launch new research informed by the findings or lack thereof.
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Chapter 2: Neural Similarity Between Mentalizing and Live

Social Interaction During the Transition to Adolescence

Introduction

Social interactions, or reciprocal exchanges between socially engaged
individuals, are a ubiquitous part of daily life and play an important role in shaping the
human brain. Despite the relative ease with which most individuals are able to engage
in social interactions, a myriad of neurocognitive processes underlies this complex
social behavior. Mentalizing (also known as “theory of mind”) is the early-developing
ability to attribute mental states to others that is thought to play an increasingly critical
role for navigating social interactions from childhood into adulthood (Frith & Frith,
2012; Frith & Frith, 2001; Wellman, 2017). Neuroimaging research has revealed a
common network of brain regions, often referred to as the “mentalizing network,” that
are activated across a range of tasks that require mental state reasoning. This network
includes the dorsal and ventral regions of the medial prefrontal cortex (dmPFC and
vmPFC), inferior frontal gyrus (IFG), dorsolateral prefrontal cortex (dIPFC),
precuneus, temporoparietal junction (TPJ), anterior temporal lobe (ATL), and superior
temporal sulcus (STS; Mar, 2011; Molenberghs et al., 2016; Schurz et al., 2014).
However, most neuroimaging investigations of mentalizing have utilized non-
interactive experimental paradigms wherein adults make third-person attributions
about abstract characters or simply observe social behavior. Thus, relatively little is
known about the neural substrates linking mentalizing to active engagement in social-

interactive contexts, much less the neurocognitive relationship between the two during
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the transition to adolescence, which is a period marked by significant social
development.

Despite the relative lack of neuroimaging work examining the relationship
between mentalizing and social interaction, evidence from developmental research
suggests that the progression from childhood to adolescence may be an important
period for understanding how mentalizing and peer interaction relate, as developmental
changes are seen in both. Starting in early childhood, individuals’ peer relationships
become increasingly important, such that they spend progressively more time with
friends over parents, and this social re-orienting is accompanied by changes in brain
systems associated with perception, motivation/affect, and executive function (Ladd,
1999; Nelson et al., 2016; Parker et al., 2006). This trajectory aligns with neuroimaging
work demonstrating that the mentalizing network is functionally distinct by the age of
three (Richardson et al., 2018), but exhibits increasing functional specialization
through adolescence and into adulthood (Gweon et al., 2012; Moraczewski et al., 2018;
Richardson et al., 2020). There is also increased sensitivity in the brain’s reward system
to social contexts as children transition into adolescence (Chein et al., 2011; Moreira
& Telzer, 2018; Smith et al., 2015), and activity in the reward and mentalizing networks
during adolescence is indicative of a tendency to spontaneously integrate peer
perspectives into self-evaluations (Jankowski et al., 2014; Pfeifer et al., 2009; Van der
Cruijsen et al., 2019). In particular, this work suggests an inverted-U shaped trajectory
in the neural sensitivity to and self-report of self-conscious emotions (i.e., social
emotions like embarrassment that indicate perceived evaluation by others) from middle

childhood to young adulthood (Somerville et al., 2013). Together, these findings
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indicate that the pre- to early adolescent period is a promising age-range for
understanding the neurocognitive links between mentalizing and social interaction, and
how they develop with age. Until recently, however, most of our understanding of the
mentalizing network comes from work on adults.

Neuroimaging studies using adult samples have demonstrated activations
primarily within the mentalizing network across tasks that elicit mentalizing through a
variety of non-interactive approaches. This includes tasks with explicit instructions to
make inferences about an abstract character’s mental state (compared to, for example,
physical characteristics), as well as the assessment of spontaneous mentalizing — that
is, elicited independently of task demands (i.e., without prompting) — for example
when individuals use mental-state language to describe the behavior of moving shapes
that are animated to resemble agency (see Mar, 2011; Molenberghs et al., 2016; Schurz
et al., 2014). The spatial convergence of brain activations across these varied
experimental paradigms has been used as evidence for the mentalizing brain network
and laid the foundations for much of the social cognitive neuroscience literature since.
However, this foundation has a crucial limitation: it characterizes social cognition only
in observational (i.e., non-interactive) contexts, leaving gaps in our understanding of

the neurocognitive processes involved in real-world, social-interactive behavior.

Second-Person Neuroscience

A body of neuroimaging studies, collectively referred to as “second-person
neuroscience,” has provided new avenues for understanding the neurocognitive
processes involved in social interaction (Redcay & Schilbach, 2019; Schilbach et al.,

2013). This set of approaches has utilized paradigms that involve engaging with a social
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partner in real time, thereby providing practical and theoretical advancements to the
study of social cognition compared to traditional, third-person approaches. For
instance, second-person neuroscience work using developmental samples have
demonstrated that children are more motivated and rewarded when interacting with a
live social partner compared to a computer or character, as indexed through behavioral
responses, self-report, and neural activations (Alkire et al., 2018; Rice et al., 2016; Rice
& Redcay, 2016; Warnell et al., 2018). Second-person neuroscience studies using adult
and child samples have also demonstrated that simply engaging with a live social
partner recruits a more extended network of brain systems than has been previously
reported in traditional social neuroscience studies relying on non-interactive, third-
person approaches (Redcay etal., 2010; Redcay & Schilbach, 2019; Redcay & Warnell,
2018; Warnell et al., 2018). In particular, this work has demonstrated greater
activations in the mentalizing network when individuals simply perceive a real-life
social partner (versus an abstract or unknown social entity), even in the absence of any
explicit mental state information or task demands to mentalize (Alkire et al., 2018;
Redcay & Schilbach, 2019; Warnell et al., 2018). Although these findings seem to
indicate that individuals are spontaneously mentalizing in the presence of a social
partner, it is possible that these brain regions are part of an integrated network of
systems that support “online” social behavior (i.e., when actively engaged in real-time
social contexts) that have superficial overlap with regions supporting “offline” social
cognition in non-interactive and observational contexts (Schilbach, 2014; Schilbach et

al., 2013).
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Attempts at interpreting the meaning of activations in the mentalizing network
during social engagements point to the broader limitations of reversely inferring a
cognitive process from the spatial location of brain activations (Hutzler, 2014;
Poldrack, 2006). For instance, Alkire and colleagues (2018) reported overlapping
activations in the ATL, STS, and IFG when children reasoned about the mental state
of an abstract character and when they engaged in social interactions that did not
explicitly require mental state reasoning, and inferred that social interaction may induce
spontaneous mentalizing. However, these brain regions are associated with other,
higher-order cognitive processes that may be important for social interactions — the
ATL and STS are associated with the representation of person-specific information
(Anzellotti, 2017; Anzellotti & Caramazza, 2017; Blank et al., 2015; Collins et al.,
2016; Olson etal., 2013; Perrodin et al., 2015; Simmons et al., 2010; Wang et al., 2017),
and the IFG is implicated in a range of executive processes, such as working memory
and behavioral inhibition (Breitling et al., 2020; Drummond et al., 2017; Hartwigsen et
al.,, 2019). Thus, it is unclear if the overlapping activity associated with social
interaction reported by Alkire et al. (2018) is specific to mentalizing, or reflects other
cognitive processes utilized within social interactive contexts.

Multi-voxel, pattern-based approaches help alleviate some of the problems of
reverse inference (Hebart & Baker, 2018; Poldrack, 2011). In particular,
representational similarity analysis (RSA) leverages voxel-wise activity patterns to
estimate the similarity of neural responses elicited by different task conditions, which
can be used to infer commonalities in the underlying neurocognitive process

(Kriegeskorte et al., 2008). RSA has proven to be a useful tool for assessing similarities
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between domain-general and social-cognitive functions (e.g., similar response patterns
for social and physical distance in the inferior parietal lobule; Parkinson et al., 2014),
and for disentangling subtle differences in response patterns across brain regions
engaged by a common task that are indicative of diverging function (e.g., different trait
dimensions represented across cortical midline structures during self—other
judgements; Feng et al., 2018). Of interest, applications of this approach in adult
samples have demonstrated that activity patterns in mentalizing regions maintain stable
representations of mental states across targets (e.g., personally known versus abstract
others; Weaverdyck et al., 2021), enable fine-grained inferences of others’ emotions
(Skerry & Saxe, 2015), and are involved in learning social information about unknown
others (Dziura & Thompson, 2018). Importantly, RSA has revealed that activity
patterns in mentalizing regions of both adults and children distinguish mental-state
information and non-mental, social information, and that the distinctiveness of these
patterns increased from five to twelve years of age, even when univariate activations
do not exhibit a relationship with age (Richardson et al., 2020). Together, these findings
demonstrate that RSA provides a sensitive approach to assess the similarity of
neurocognitive processes associated with social interaction and mentalizing, and to

assess how this relationship changed with age.

Current Study

The overarching goal of the current study is to advance our understanding of
the neuro-representational links between social interaction and mentalizing during the
transition to adolescence. In particular, the current work was motivated by three central

questions: 1) Do brain regions associated with social interaction exhibit evidence for
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spontaneous mentalizing? 2) How does the neural similarity between social interaction
and mentalizing change from middle-childhood to early adolescence? 3) What are
common neuro-representational links between social interaction and mentalizing
exhibited across social brain regions? To accomplish this, we utilized a larger sample
of participants who underwent the experimental paradigm originally reported by Alkire
and colleagues (2018), wherein participants played a guessing game with a live
interaction partner who provided hints, as well as making guesses about an abstract
character, the hints for which were generated by a computer. In both cases, half of the
hints involved information about the target’s mental state and half involved non-
mental, physical information about the target to determine the right answer. This
yielded a within-subject, 2 (Peer/Character) x 2 (Mental/Non-mental) design that
enabled us to quantify the similarity of brain activity patterns associated with offline
mentalizing and social interaction, and assess fit with models about the underlying
neurocognitive process involved (Figure 2.1).

We formalized three conceptual models of the neurocognitive links between
social interaction and mentalizing. Consistent with the idea that social interaction
engages spontaneous mentalizing, Model 1 (the “interaction engages mentalizing”
model) proposes that interactions with a peer elicit a similar pattern of brain activity as
when thinking about the mental state of a character, but that is dissimilar from the
pattern of brain activity elicited by thinking about non-mental characteristics of a
character. Alternatively, Model 2 (the “interaction” model) proposes that the
interactive peer context and the character conditions elicit dissimilar patterns of brain

activity from each other, but do not distinguish mentalizing and non-mental state
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reasoning either target. Finally, Model 3 (the “mentalizing” model) proposes that
mentalizing and non-mental state reasoning elicit dissimilar patterns of brain activity,
but does not distinguish between peer and character conditions.

To address the first question of whether brain regions associated with social
interaction show evidence for spontaneous mentalizing, we calculated fit to each of our
three conceptual models within a set of a priori regions of interest (ROIs) commonly
implicated in studies of social interaction that were obtained from Neurosynth (Yarkoni
et al., 2011). Additionally, convergent evidence for the ROI analysis was sought
through exploratory whole-brain searches for model fit using the searchlight approach
(Supplemental Section 5). Because the transition to adolescence is marked by
significant changes in social-interactive contexts and mentalizing capabilities, we
further assessed how neural similarity between social interaction and mentalizing
changed from middle-childhood to early adolescence by examining the relationship
between age and model fit in each of the aforementioned social interaction ROIs.
Finally, because we are interested in the contribution of brain structure associated with
other social cognitive processes in linking social interaction and mentalizing, we
conducted model-free analyses in a larger set of “social brain” ROIs obtained from
Alcala-Lépez and colleagues (2018). The motivation for this set of analysis was to
elucidate neuro-representational links between social interaction and mentalizing that
were not captured by our a priori models, and to uncover similarities across brain
regions in terms of their neural similarity structure (also known as “representational

connectivity™).
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Figure 2.1. Schematic of the social-interactive fMRI task (A). Participants were given
a half-second cue indicating if they would be answering questions provided by their
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interaction partner (Peer) or answering questions presented by the computer about a
story character (Character). Hints were provided for 3.5 seconds and either required
using mental state information about the target (Mental), or non-mental, physical
information (Non-mental). This yielded a fully within-subject, 2 (Peer/Character) x 2
(Mental/Non-mental) design (B). PM = Peer Mental, PNM = Peer Non-mental, CM =
Character Mental, and CNM = Character Non-mental. Model 1 = interaction engages
mentalizing (C), Model 2 = interaction model (D), and Model 3 = mentalizing model
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Figure 2.2. Steps for model-based representational similarity analysis: we first estimate
the voxel-wise response pattern for each condition for a given brain region using
unsmoothed subject-level models (A), then calculate the Euclidean distance between
response patterns for each pair of conditions to construct our neural dissimilarity
matrices (which can also be visualized as dendrograms; B), and estimate fit to each of
our models by calculating Kendall’s Tau-a (C). For the representational connectivity
analyses, you examine fit between the neural dissimilarities between brain regions (D).

Methods

Participants

A sample of 92 neurotypical 8-14-year-old participants were enrolled in a larger, multi-

session project investigating the neural correlates of social interaction during middle
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childhood. Participants were recruited from the greater Washington, DC area, and
exclusionary criteria included MRI contraindications, diagnosis of neurological or
psychiatric disorders, first-degree relatives with autism or schizophrenia, and non-
native English speakers. A subset of 72 participants was selected for the current
analyses because they completed at least two usable fMRI runs of the social interaction
fMRI task described in Alkire et al., (2018) and believed in the manipulation that they
were interacting with another peer in real time. Results from 28 participants of our
sample of 72 are reported in Alkire et al., (2018), but using an orthogonal approach of
group-averaged, univariate activation. The minimum of two usable runs (i.e., 12 trials
per condition) follows work indicating that neural representations can be captured with
fewer trials than in traditional activation studies (Zeithamova et al., 2017), and follow-
up analyses using only participants with three and four usable runs were conducted and
reported in the Supplemental Information for additional validation. A run was deemed
usable if the average head motion during the run was under 0.5 millimeter (mm)
framewise displacement as defined by Power et al., (2014), and if less than 10% of the
volumes were censored (i.e., regressed out) for having movement over 1 mm framewise
displacement. Of the final sample of 72 participants, 28 were female and 44 were male,
with a mean (standard deviation) age of 10.8 (1.79), and an age range of 8-14.6 years

(Table 1).
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Race/Ethnicity Count (Percent)
Asian 3 (4.2%)
Black/African American 26 (36.1%)
Hispanic/Latino 7 (9.7%)
Native American/Alaskan 2 (2.8%)
White 47 (65.3%)
Multiple Races/Ethnicities 10 (13.9%)
Prefer Not to Say/No Response 1 (1.4%)

Table 2.1. Race/ethnicity information for the full sample. Note: race and ethnicity
categories are based on required National Institutes of Health reporting requirements
and reflect the categories that participants were presented with as options, but are not
necessarily aligned with current best practices for how race and ethnicity should be
referenced.

Experimental Protocol

The experimental protocol is the same as outlined by Alkire and colleagues
(2018). Briefly, participants were instructed that they would be chatting with a peer in
a different lab who would also be undergoing a brain scan, and were shown pictures of
two age- and gender-matched peers that they could choose from. In actuality, there

were no live interaction peers, and every participant received the same stimuli.
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Participants were instructed on the “guessing game” that they played during the scan
wherein participants were given a hint by their interaction partner on half the trials
(Peer condition), and from the computer about a fictional story character for the other
half of the trials (Character condition). It was the job of the participant to answer the
question “Which will I/she/he pick?”” (Mental condition) or “Which of these match?”
(Non-mental condition) via button-press to select the appropriate response from the
two answer choices. Mental and Non-mental items were counterbalanced across
participants such that each item was presented in the Peer and Character conditions
roughly an equal number of times throughout data collection to prevent unintended
biases. This yielded a fully within-subject, 2 (Peer/Character) x 2 (Mental/Non-mental)
design. The guess phase of each trial (encompassing the target cue, hint, and response
options; Figure 1A) was modeled as our event of interest and was followed by a 2-6
second jittered period before feedback about the correct answer was provided for 2
seconds. The task was presented using PsychoPy (Peirce, 2007) over 4 functional runs,
each with 6 trials per condition for a total of 24 trials per run. After scanning,
participants completed a questionnaire asking about their enjoyment of and
engagement with the Peer and Character conditions to assess the impact of the live-

interaction manipulation (additional details are provided in Supplemental Methods 1).

Behavioral Data Analysis

Analyses of behavioral task performance — accuracy (percent correct) and reaction time
(RT) in seconds —and the post-scan questionnaire were conducted using R (R Core

Team, 2020) and JASP (JASP Team, 2020). The continuous variables of age, accuracy,
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and RT were first assessed using the Shapiro-Wilk test for normality, and data were
transformed as needed to meet the assumptions of the parametric analysis of variance.
Between-group t-tests for each condition’s accuracy and RT were calculated to assess
gender effects, and if either measure showed significant gender differences for any
condition, gender was entered as a covariate in the subsequent analysis of variance for
the measure. Correlations with age for each condition’s accuracy and RT were
calculated to assess age effects, and if either measure showed a significant correlation
with age for any condition, age was entered as a covariate in subsequent analysis of
variance for the measure. Accuracy and RT were each entered into two-way repeated
measures analysis of variance (with appropriate covariate as needed) to determine main
effects of social interaction (Peer vs. Character) and mentalizing (Mental vs. Non-
mental), and their interaction. Significant results were interrogated further with follow-
up t-tests. Responses to the post-scan questionnaire about participants’ enjoyment and
attention were compared between the Peer and Character conditions using paired

samples t-tests.

MRI Acquisition and Data Processing

FMRI data were acquired at the Maryland Neuroimaging Center on a 3.0 Tesla scanner
with a 32-channel head coil (MAGNETOM Trio Tim System, Siemens Medical
Solutions). Four runs of the task were acquired using multiband-accelerated echo-
planar imaging (66 interleaved axial slices, multiband factor=6, voxel size=2.19 x 2.19
x 2.20 mm, repetition time=1,250 ms, echo time=39.4 ms, flip angle=90°, pixel

matrix=96 x 96) followed by a structural scan (3D T1 magnetization-prepared rapid
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gradient-echo sequence, 192 contiguous sagittal slices, voxel size=0.45 x 0.45 x 0.90
mm, repetition time=1,900 ms, echo time=2.32 ms, flip angle=9°, pixel matrix=512 x
512), and opposite phase-encoding fieldmap scans (66 interleaved axial slices, voxel
size=2.19 x 2.19 x 2.20 mm, repetition time=7,930 ms, echo time=73 ms, flip
angle=90°, pixel matrix=96 x 96). Neuroimaging data were preprocessed using
fMRIPrep 1.4.1 (Esteban et al., 2019). Briefly, anatomical images were segmented and
normalized to MNI space; functional images were skull-stripped, susceptibility
distortion corrected, realigned, slice-time corrected, coregistered and warped to the
normalized anatomical image (see Supplemental Methods 2 for full fMRIprep
preprocessing pipeline). Additionally, functional data were masked using subject/run-
specific masks generated by fMRIprep, and intensity normalized to a mean of 100 per
voxel. Subject-level, voxel-wise multiple linear regression was calculated using
AFNI’s (Cox, 1996) 3dREMLfit for each run separately. The guess period, which
includes the target cue (Peer/Character), hint, and responses options (Figure 1A), for
each of the four conditions (i.e., Peer Mental, Peer Non-mental, Character Mental, and
Character Non-mental) was modeled as our events of interest. This was achieved by
convolving the guess period with the canonical hemodynamic response using a duration
modulated response function (AFNI’s dmBlock) with RT as duration to ensure that
cognition related to the guess period was captured. The feedback period was modeled
separately as events of no interest, along with the six motion parameters (x, y, z, roll,
pitch, and yaw), their derivatives, and volumes censored due to framewise
displacement > 1 mm. This process yielded subject-level t-maps for each condition,

which were used for all subsequent analyses.
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Representational Similarity Analysis

Neural representational dissimilarity matrices (RDMs) were calculated per subject for
each ROI by extracting voxel-wise t-values associated with each condition, using the
voxel-wise values to calculate the Euclidean distance between each pair of conditions
using the CoSMoMVPA toolbox for MATLAB (Oosterhof et al., 2016), and
normalizing the RDMs by subtracting the minimum Euclidean distance and dividing
by the range. Neural RDMs were then tested against three conceptual models of
hypothesized relationships between conditions, which were formalized as binary
RDMs wherein O=similar and 1=dissimilar. Model 1, or the “interaction engages
mentalizing” model, proposes that all interactions with a peer, regardless of explicit
mental state information, elicit a similar pattern of brain activity as thinking about the
mental state of a character, which is dissimilar from the pattern of brain activity elicited
when thinking about non-mental characteristics of a character. That is, this model
formalizes Character Mental and both Peer conditions as being similar to each other
(i.e., condition-pairs between each are 0’s), and each are dissimilar (i.e., have 1’s) from
Character Non-mental condition. Model 2, or the “interaction” model, states that both
Peer conditions are similar to each other and both Character conditions are similar to
each other, but Peer and Character conditions are dissimilar from each other. Model 3,
or the “mentalizing” model, states that both Mental conditions are similar to each other
and both Non-mental conditions are similar to each other, but Mental and Non-mental

conditions are dissimilar from each other (Figure 2).
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Model fit was estimated by calculating Kendall’s Tau-a rank-order correlation
coefficient between the off-diagonal elements of the neural and model RDMs using the
RSA toolbox for MATLAB (Nili et al., 2014). For each ROI, model fit was calculated
between each participant’s neural RDM and the three model RDMs, and were
transformed to z value using the Kendall’s Tau normal approximation formula ( z =
3t*Vn(n-1) / V2(2n+5) ). The model fit estimates were entered into a Bayesian
multilevel (BML) model using AFNI’s RBA program (Chen et al., 2019) to assess the
strength of evidence in favor of each model per ROI. This approach confers multiple
advantages over the traditional null hypothesis significance testing framework — the
ability to get around the issue of multiple comparison correction through the calculation
of a single model that accounts for the hierarchical structure of the data, better model
fit afforded by the estimation of informed priors using partial pooling of data across
levels, and the full reporting of results rather than dichotomizing findings based on
significance thresholds (Chen et al., 2021). As a proof-of-concept, we used the
aforementioned approach to conduct a preliminary re-analysis of the brain regions
reported by Alkire and colleagues (2018) that exhibited overlapping univariate
activations for social interaction and mentalizing, indicative of Model 1 fit. RSA
revealed that only two of the four ROIs exhibited strong evidence for Model 1 fit (the
“interaction engages mentalizing” model), which demonstrated the sensitivity of RSA
and motivated the subsequent analyses (Supplementary Figure 1). The code for all RSA

is available at https://github.com/JunaidMerchant/CMNT RSA.
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Model Fit Analysis of Social Interaction ROIs

We conducted a set of theory-driven analyses utilizing a set of ROIs obtained through
NeuroSynth (Yarkoni et al., 2011) to examine representational similarity within brain
regions associated with social interaction. The motivation behind this set of analyses
was to examine brain areas associated with social interaction that may exhibit patterns
of activity indicative of mentalizing, thereby providing a better understanding of the
role of mentalizing in interactive contexts. To this end, we first binarized
(threshold=0.5) and combined (addition) the meta-analytic maps from NeuroSynth
association tests of the search terms “social interaction” and “social interactions” using
AFNTI’s 3dcalc. The resulting map was thresholded to a minimum cluster size of 50
voxels (nearest neighbor=3) to retain ROIs of theoretical importance while eliminating
numerous small clusters. This resulted in a set of 13 ROIs: dmPFC, ventromedial PFC
(vmPFC), perigenual anterior cingulate cortex (pgACC), subgenual ACC (sgACC),
bilateral TPJ, bilateral ATL, bilateral cerebellum (Crblm), left caudate, right inferior
temporal gyrus (ITG), and right ventrolateral PFC (VIPFC). Model fit estimates were
evaluated for each ROl using the BML procedure described in the previous section. To
aid the reader in the interpretation of these results, we focus on regions showing “very

99 ¢¢

strong”, “strong”, and “moderate” evidence of positive model fit as indicated by the
intercept falling beyond 97.5, 95% - 97.5%, and 90% - 95% quantile intervals,
respectively, under BML. These values were chosen because they correspond with a
two-tailed p-values of 0.025, 0.05, and .1, respectively, under conventional statistical

testing framework (e.g., Xiao et al., 2019). Of note, the focus on model fit in the

positive direction is because positive model fit has meaningful interpretation. Age
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related effects on model fit were evaluated by calculating the rank-order correlations
between age and model fit estimates only for the ROIs exhibiting moderate to very

strong evidence in favor of a model fit.

Model-Free Analysis of the Social Brain ROls

Model-free analyses were conducted to evaluate if other, non-hypothesized relations
between task conditions exist in the social brain, and to examine the organization of
these regions based on pattern similarity structure. That is, rather than examining fit to
pre-specified models, “representational connectivity” analysis estimates the
relationship between brain areas in terms of how similarly they represent the four
conditions. This allows us to uncover clusters of brain regions that are
“representationally connected” in terms of how they link social-interactive and
mentalizing processes. To this end, we started with a set of 36 publicly available ROIs
derived from an extensive set of meta-analytic, data-driven analyses of 3,972 social
neuroscience studies using fMRI and/or PET imaging (Alcala-L6pez et al., 2018). The
ROIs were resampled to the resolution of our functional data and inflated within a gray
matter mask informed by white matter and CSF skeleton to maintain a comparable
amount of brain coverage and attention to anatomical contours. The resulting ROIs had
a uniform volume of 120 voxels.

Analyses of these social brain ROIs proceeded in three major steps. Step 1:
because the social brain ROIs cut across many different brain systems that may not be
involved in any of our task conditions, it was necessary to calculate the lower bound of
the “noise ceiling,” which expresses how consistent the representations are across

participants. Noise ceiling calculation was conducted for each ROI and tested against
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zero (i.e., no consistency across participants) to determine their inclusion in further
analyses (Lage-Castellanos et al., 2019). Noise ceiling was calculated by creating an
average neural RDM across all but one participant, calculating Kendall’s Tau-a
between this average RDM and the neural RDM from the left-out participant, and
iterating this process across participants. The Kendall’s Tau-a coefficients were then
tested against zero using Wilcoxon signed rank tests, and ROIs with a noise ceiling
significantly above chance were retained.

Step 2: the resulting ROIs were interrogated using exploratory factor analysis
(EFA,; Fabrigar & Wegener, 2011) to determine the factor structure of the response
patterns across the ROIs, which elucidated the number of groups that the ROIs were
separated into based on representational connectivity (i.e., shared similarity structures
between ROIs). This was conducted by first averaging the neural RDMs across
participants for each ROI, and entering the averaged Euclidean distances into an EFA
using minimum residual extraction and oblimin rotation (though results from principal
axis extraction and other rotation methods yielded similar results). A cut-off eigenvalue
of 1 and a minimum of 80% explained variance were used to determine the factor
solution. Step 3: the Euclidean distances were used to calculate correlations between
each pair of ROIs, which were submitted to a hierarchical cluster analysis using Ward’s
method (Ward, 1963) to identify clusters of regions with similar neural similarity
structures, and the number of clusters were set to the number of factors determined
from the EFA. The neural RDMs for each ROI within each cluster were averaged
together and qualitatively examined for a better understanding of the neural

representations of each cluster of ROIs.
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Results

Behavioral Data Analysis

Shapiro-Wilk tests for normality revealed that accuracy measures violated the
assumption of normality (Supplemental Table 3). Arcsin square root transformation of
accuracy scores (the recommended transformation for percentages) did not fix the
distribution of these measures to pass the Shapiro-Wilk tests for normality (nor any
other transformations). Because there are no non-parametric equivalents of the two-
way repeated measures ANOVA, we proceeded with the parametric analyses as
planned, but report results of non-parametric tests for each of the significant effects we
obtained from the accuracy ANOVA (Supplemental Table 6).

No significant gender effects were revealed from the independent samples t-
tests of the accuracy and RT scores for each simple condition, and when using non-
parametric tests (all p-values > .16), thus gender was not included in the analyses of
variance reported below (however, ANCOVASs with gender as a covariate can be found
in the Supplemental document and are consistent with the results reported below).
There were significant negative correlations with age for all RT measures (all p-values
< .004), indicating that participants responded more quickly with age. Using
Spearman’s rank order correlation, significant positive correlations with age were
revealed for accuracy on all Mental trials (combining Character Mental and Peer
Mental), rho(70) = .28, p = .02, and Character Mental trials, rho(70) = .25, p = .017,
indicating better performance on these trials with increasing age. Age was therefore

subsequently used as a covariate for the accuracy and RT analyses of variance.

36



A 2 (Target: Peer vs. Character) x 2 (Question type: Mental vs. Non-mental)
repeated measures ANCOVA with age as a covariate on accuracy scores revealed a
main effect for question type, F(1,70) = 4.83, p = .031, indicating higher accuracy for
Mental questions, and an age-by-question type interaction, F(1,70) =6.99, p =.01, such
that the difference in accuracy between Mental and Non-mental questions is greater
with increasing age (Figure 3A; Table 2A). The same pattern of results was obtained
when including gender as an additional covariate (Supplemental Table 5), and were
partially validated by non-parametric tests (Supplemental Table 6). A 2 (Target: Peer
vs. Character) x 2 (Question type: Mental vs. Non-mental) repeated measures
ANCOVA with age as a covariate on RT scores revealed a main effect for age, F(1,70)
= 14.24, p < .0005, indicating faster overall RT with age; a significant target-by-
question type interaction, F(1,70) = 4.19, p = .044, such that there is a bigger RT
difference between Mental and Non-mental for the Peer condition; and a significant
three-way interaction, F(1,70) = 4.78, p = .032, such that the difference between Peer
Mental and Peer Non-mental gets bigger with age (Figure 3B; Table 2B). A similar
pattern of results was obtained when including gender as an additional covariate
(Supplemental Table 4).

Paired-sample t-tests of the post-scan questionnaire replicated the results
reported in Alkire et al., (2018), such that participants reported greater enjoyment and
paid more attention during the Peer compared to the Character conditions, all ps <.001.
Exploratorily, we compared self-reported difficulty when making guesses about the
Peer versus Character, which indicated that participants found the conditions equally

challenging, p = 0.65 (Supplemental Table 7).
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Figure 2.3. Visualizations of the 2 x 2 analysis of covariance for accuracy (A) and
reaction time (B). Plots use median split on age to visualize the interactions even though
the analyses were conducted using age as a continuous variable.
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A) Accuracy ANCOVA

Within Subjects Effects | SUmOf | gp | Mean g p nz
guares Square

0.013 1 0.013 3.732 0.057 7.00E-

Target
03
Target 3k Age 0.01 1 0.01 2.782 0.1 0.005
Residuals 0.251 70 0.004
: 0.014 1 0.014 4.834 0.031 7.00E-

Question Type 03
Question Type % Age 0.02 1 0.02 6.994 0.01 é.ZOOE-
Residuals 0.205 70 0.003
Target =< Question Type 0.004 1 0.004 1.421 0.237 0.002
Target ¢ Question Type sk | 0.004 1 0.004 1.322 0.254 0.002
Age
Residuals 0.197 70 0.003
Between Subjects Effects
Age 0.029 1 0.029 1.682 0.199
Residuals 1.228 70 0.018
Note. Type Il Sum of Squares
Descriptives
Target Question Mea sD N

Type n
Character Mental 0.9 |0.085 72

NonMental | 5% | 0083 |72
Peer Mental 0.91 | 0.078 72

NonMental 2'89 0.085 72
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B) Reaction time ANCOVA

Within Subjects Effects | oum Of gf | Mean o p w
Squares Square
Target 0.008 1 0.008 0.673 0.415 | 2.95E-04
Target >k Age 0.043 1 0.043 3.655 0.06 0.002
Residuals 0.815 70 0.012
Question Type 0.014 1 0.014 1.358 0.248 = 5.42E-04
Question Type % Age 0.023 1 0.023 221 0.142  8.82E-04
Residuals 0.744 70 0.011
Target  Question Type | 0.05 1 0.05 4.194 0.044 | 0002
Target * Question Type * | 0-057 1 0.057 | 4.779 0032 | 0002
Age
Residuals 0.84 70 0.012
Between Subjects Effects
Age 4.057 1 4.057 14,235 = 3.34E-04
Residuals 19.952 70 0.285
Note. Type Il Sum of Squares
Descriptives
Question Mea
Target Type 0 SD N
2.09
Character Mental 6 0.297 >
NonMental 2.11 | 0.308 72
2.00
Peer Mental 4 0.309 -
2.03
NonMental 6 0.309 9

Table 2.2 Full report of (A) accuracy and (B) reaction time ANCOVA:s.

40



Social Interaction ROls

Across the 13 social interaction ROIs, four exhibited very strong evidence in
favor of Model 1 fit in our sample: bilateral ATL and bilateral TPJ as indicated by the
intercept falling beyond the 97.5% quantile of the ROIs’ posterior distributions. Model
1 fit in the bilateral ATL converges with findings from the re-analysis of the
conjunction ROIs which also revealed moderate to strong evidence for Model 1 fit in
these regions (Supplemental Section 2). Additionally, the right cerebellum and right
ITG showed strong evidence in favor of Model 1 fit as indicated by the intercept falling
in between the 95% and 97.5% quantiles of the ROIs’ posterior distribution, and the
right vIPFC exhibited moderate evidence for Model 1 fit as indicated by the intercept
falling in between the 90% and 95% quantiles of the ROI’s posterior distribution. Five
ROIls also exhibited very strong evidence in favor of Model 2 fit in our sample (bilateral
TPJ, dmPFC, left cerebellum, and perigenual ACC), one ROI exhibited strong evidence
in favor of Model 2 fit (left caudate), and four ROIs exhibited moderate evidence in
favor of Model 2 fit (right ATL, right ITG, right vIPFC, and vmPFC; Figure 4B). Only
two ROIs exhibited moderate evidence supporting Model 3 fit (left cerebellum and
right TPJ). Follow-up paired sample Wilcoxon signed rank tests on the fit estimates for
Models 1 and 2 for bilateral TPJ, right ITG, and right vIPFC (the ROIs showing
evidence for fit in both models) indicated no significant differences in the model fit
estimate (p-values = .44 - .96), suggesting that the similarity in voxel-wise patterns
between conditions in these regions support multiple types of representations.

Additional support for the Model 1 fit in the left ATL comes from our

supplemental searchlight analyses that revealed clusters in the left ATL and right
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posterior superior temporal sulcus (pSTS; Supplemental Section 5), however these
were uncovered using an exploratory uncorrected threshold, so interpretations must be
made with caution. The searchlight analyses provided additional support for Model 2
fit in the dmPFC and bilateral TPJ, which also uncovered clusters in the visual cortex,
left pSTS, left IFG, and frontal pole (Supplemental Figure 4B/Supplemental Table
10B). Searchlight for Model 3 did not reveal significant fit in any region, even at
exploratory threshold values.

Of the 17 ROI x model fit estimates exhibiting moderate to very strong evidence
in favor of model fit, three had a significant negative correlations between age and
Model 2 fit when assessed using Spearman’s rank-order correlation (no significant
correlations with Model 1 fit): the left caudate, rho(70) = -.254, p = .031, left TPJ,
rho(70) =-.243, p = .04, and the right vIPFC, rho(70) = -.308, p = .008. However, false
discovery rate correction for 17 correlations calculated rendered no age x model fit
correlation significant, thus these results should be interpreted with caution (Figure
4C). Nonetheless, follow-up correlations and regression analyses were calculated using
the between-condition Euclidean distances for each of these ROIs to gain a better
understanding of what might be driving the decreasing model fit. This revealed a
significant positive correlation between age and Euclidean distance between Peer
Mental and Peer Non-mental conditions in the left caudate, rho(70) = -.254, p = .031,
which was confirmed by regression analyses that controlled for the effect of the other
between-condition distances. No significant correlations with age were found for the
between-condition distances in the left TPJ. The right vIPFC exhibited a significant

negative correlation between age and the distance between Character Mental and Peer
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Non-mental conditions, rho(70) = -.259, p =.028, and a significant positive correlation
between age and the distance between Peer Mental and Peer Non-mental conditions,
rho(70) = .234, p = .048, which were partially confirmed by regression analyses that
controlled for the effect of the other between-condition distances (Supplemental Table
9). The finding that both the caudate and right vIPFC exhibited a positive correlation
between age and distance between the Peer Mental and Peer Non-mental conditions
suggests that as children transition to adolescence, they develop increasingly distinct
representations for different types of information they process about their interaction

partner.

A) NeuroSynth ROIs: Dorsomedial Prefrontal Cortex (dmPFC), Left Anterior Temporal Lobe (IATL), Left Caudate
(1©au0), Left Cerebellum (/Cr01m), Left Temporoparietal Junction (/77.J), Perigenual Anterior Clngulate (pgACC),
Right Anterior Temporal Lobe (rATL), Right Cerebellum (r Crbiim), Right Inferior Temporal Gyrus (' 1), Right Tempo-
roparietal Junction (rTPJ), Right Ventrolateral Prefrontal Cortex (rvIPFC), Subgenual Anterior Cinguate (sgACC),
Ventromedial Prefrontal Cortex ( )

B) Results from Bayesian multilevel modeling of model fit for each ROI
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C) Significant correlations between Model 2 fit and age
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Figure 2.4 (A) Social interaction ROIs obtained from Neurosynth, (B) plots from
Bayesian multilevel models on model fit for each ROI (B), and (C) scatter plots
visualizing the correlation of Model 2 fit and age for the left caudate, left TPJ, and right
VIPFC. Colors in the BML graph indicate which quantile level each ROI falls in, with
Green = 97.5% quantile or more (very strong evidence), orange = 95%-97.5% quantile
range (strong evidence), gray = 90%-95% quantile range (moderate evidence).

Model-free analyses within the Social Brain

Analyses to examine the similarity structure of the social brain ROIs proceeded
in 3 steps: 1) ROI selection based on significantly greater than zero noise ceiling; 2)
exploratory factor analysis to determine the number of factors underlying the similarity
structures of the selected ROIs; 3) hierarchical clustering and qualitative examination
of the similarity structures of the ROIs clustered together.

Noise ceiling calculation revealed that 19 of the 36 ROIs were significantly
above chance, suggesting that these ROIs contain consistent representations across our
sample. This included bilateral ATL, bilateral pSTS, bilateral supramarginal gyrus
(SMG), bilateral cerebellum (Cb), bilateral Al, left supplementary motor area (SMA),
frontal pole (fpole), vmPFC, precuneus (PCu), left hippocampus (HC), left TPJ, right

middle temporal gyrus (MTG), right fusiform face area (FFA), and right middle
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temporal V5 area (MTV5). Thus, these 19 were included in the next step of exploratory
factor analysis (Figure 5A).

Exploratory factor analysis of these 16 ROIs yielded a 3-factor solution that
explained 87.2% of the variance in Euclidean distances. Hierarchical clustering using
Ward’s method was used to estimate three clusters that minimized the total within-
cluster variance (Figure 5B).

Qualitative examination of the averaged Euclidean distances of each cluster of
ROIs revealed that Cluster 3 (bilateral ATL, right pSTS, and left HC; in blue)
resembled Model 1, in that PM, CM, and PNM were similar to each other, and different
from CNM. Clusters 1 and 2 exhibited a pattern similar to Model 2, but differed in how
well they distinguished the Peer and Character conditions. Averaging the similarity
structures of the ROIs comprising Cluster 1 (vmPFC, frontal pole, left SMA, bilateral
Al, left SMG, PCu, left TPJ, right FFA, and bilateral Cb; in yellow) revealed that, while
the greatest dissimilarities were between the Peer and Character conditions, the two
Character conditions were relatively more dissimilar from each other than the two Peer
conditions. The ROIs comprising Cluster 2 (left pSTS, right MTG, right SMG, and
right MTV5; in green) showed the reverse pattern, such that, while the greatest
dissimilarities were again between the Peer and Character conditions, the two Peer
conditions were relatively more dissimilar from each other than the two Character
conditions (Figure 5C). Together, qualitative assessment of Clusters 1 and 2 suggest
that regions exhibiting Model 2 fit might have differing sensitivities to either the Peer

or Character conditions.
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Figure 2.5 Social brain regions of interest (ROI) used in the representational
connectivity analysis (A), and the results from the exploratory factor analysis and
hierarchical clustering (B). Dendrograms of neural dissimilarity for each cluster
averaged across the ROIs comprising the cluster (C).

Discussion

This is the first study to evaluate the assumption that mentalizing is
spontaneously engaged during social interactions by assessing the similarity in brain
response patterns associated with mentalizing and peer interactions. Across our
analyses we found the most consistent evidence that offline mentalizing and live peer
interactions elicit similar patterns of brain activity in the left ATL, but a dissimilar

pattern of activation when making non-mental state inferences about an abstract
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character (i.c., the “interaction engages mentalizing” model or Model 1). Our findings
align with traditional, offline studies of mentalizing that have demonstrated differences
in brain activity in this region when making mental versus non-mental inferences about
abstract others (Aichhorn et al., 2009; Andrews-Hanna et al., 2014; Dodell-Feder et al.,
2011), and add to the literature by demonstrating that patterns similar to mentalizing
are elicited during social interactions that do not explicitly require mental state
reasoning. In addition to providing support for the idea that mentalizing is
spontaneously engaged in social-interactive contexts, our results suggest that the ATL
and other temporal regions may contribute to the integration of online and offline
social-cognitive processes. That is, social interactions involve the dynamic interplay
between social knowledge that is available offline, such as an understanding of mental
state concepts, and the online demands of reciprocal social exchange. This
interpretation also fits with recent reviews describing how we get to know others, which
involves acquiring and updating person-specific knowledge through online
engagements with them, and implicates the ATL and pSTS in this process (Anzellotti
& Young, 2020; Kovacs, 2020).

Consistent with the idea that the ATL supports the integration of online and
offline social processes, different lines of research have demonstrated the convergence
of multimodal, social information processing streams in the anterior portions of the
temporal lobe. Ventral areas of the ATL have been associated with the representations
of person-specific knowledge (e.g., names, faces, and biographical information;
Anzellotti, 2017; Blank et al., 2015; Borghesani et al., 2019; Kriegeskorte et al., 2007;

Wang et al., 2017), while more dorsal, anterior portions of the ATL are considered to
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be a semantic hub for abstract social concepts (including mental-state concepts; Arioli
et al., 2020; Olson et al., 2007, 2013; Skipper et al., 2011; Wang et al., 2019; Zahn et
al., 2007). Conceptually, our findings span the middle ground between the
aforementioned lines of research in that our results suggest that peer-specific and
abstract knowledge about mental states are integrated and represented similarly in the
ATL. This interpretation is supported by research indicating that the interplay between
ventral and dorsal ATL contributes to the successful encoding and retrieval of
information associated with a person's identity (Perrodin et al., 2015; Rice et al., 2018;
Tsukiura et al., 2010). Moreover, this work has demonstrated left lateralization for
associating person-specific information with the individual’s name (Abel et al., 2015;
Borghenasi et al., 2019; Olson et al., 2013; Tsukiura et al., 2008), which provides some
explanation as to why our most consistent findings were in the left ATL, since our
stimuli used proper names. However, even though our findings are consistent with the
different functional accounts of the ATL mentioned above, additional work is needed
to disentangle the specific computations engaged by the ATL that links social
interaction and mentalizing.

Many of the other brain regions we examined exhibited fit to our “interaction”
model that distinguishes the Peer and Character conditions (Model 2), but does not
distinguish between Mental and Non-mental state reasoning for either target. This
included brain regions of the mentalizing network (TPJ and dmPFC), as well as regions
of the fronto-parietal network (IFG, and IPL), the reward and value systems (caudate
and vmPFC), and large swaths of the visual cortex (Supplemental Section 5). Model 2

fit in the visual cortex highlights the sensitivity of RSA to lower-level visual
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dis/similarities between the stimuli used in Peer and Character conditions (i.e.,
differences in color and shape of the hints), while Model 2 fit in other regions likely
reflects key differences in attentional, motivational, and social cognitive demands
between real-time engagement with a live social partner and offline assessments of an
unknown character. Model free examination of the social brain ROIs provided
additional support for this interpretation, in that the majority of the social brain
exhibited similarity structures that clearly distinguished between the Peer and
Character conditions (i.e., Figure 5C). Representational connectivity further revealed
two variations of the similarity structure that would fall under our Model 2, suggesting
subtle differences in the underlying neurocognitive representations that are sensitive to
either the Peer or Character conditions. Together, our findings add nuance to the
assumption of second-person neuroscience that social cognition during social
interaction is fundamentally different from what has been revealed using third-person
approaches (Redcay & Schilbach, 2019; Schilbach et al., 2013) by demonstrating
differing sensitivities to second- and third-person contexts across brain regions, but
confirmatory research is needed to provide support for this interpretation.

Our findings are also consistent with previous work demonstrating changes in
both mentalizing and social interaction as individuals transition from middle childhood
to adolescence (Richardson et al., 2020). Accuracy scores indicate that mentalizing
ability improves with age (i.e., age-by-question-type interaction), and reaction time
measures suggest that this might be driven by an increased efficiency in making mental
state inferences specifically for peers (i.e., significant three-way interaction between

age, question type, and target; Figure 3/Table 2). These behavioral effects align with
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age-related decreases in fit with the “interaction” model (Model 2) in the left caudate
and right vIPFC, which was driven by increasing neural dissimilarity between the Peer
Mental and Peer Non-mental conditions. Because the vIPFC and caudate are associated
with reward and valuation (Bartra et al., 2013; Nejati et al., 2018), this result may relate
to the ever-increasing importance of peers, and particularly the need to understand their
perspectives, during this age range. Indeed, research has demonstrated heightened
sensitivity of the reward system to social contexts during the transition into adolescence
(Chein et al., 2011; Moreira & Telzer, 2018; Smith et al., 2015), and a related increase
in the tendency to automatically integrate peer perspectives into self-evaluations
(Jankowski et al., 2014; Pfeifer et al., 2009; Van der Cruijsen et al., 2019). It is worth
noting that the conditioned social reward associated with “texting” might confound the
inherent reward experienced in social interactive contexts since the Peer condition
stimuli were presented in a format that resembles text messages, especially given that
the age range of our sample is when individuals start obtaining their own mobile
devices to chat with their peers. However, this interpretation is hard to reconcile with
the fact that the age-related changes we found were for increasing dissimilarity between
the two Peer conditions, which would not be expected if the reward related activity was
driven by associations with texting in general. Nonetheless, the current findings add to
our understanding of the development of social cognition by demonstrating that
improvements in mentalizing capacity (or propensity to do so) during the transition to
adolescence are particularly salient in social-interactive contexts.

The developmental findings of the current project were enabled, in part, by the

rapid changes in social and neural development that occur during the pre- to early
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adolescent ages (Kilford et al., 2016; Mills et al., 2014), but our snapshot of this narrow
age range also limits the generalizability of our results to other ages and populations.
Thus, it is unknown whether the age-related differences in the representational
similarity structures we observed would continue in a linear trajectory as individuals
transition into late adolescence and adulthood, or if they would return to pre-adolescent
levels similar to the inverted-U shape trajectories observed in other social-cognitive
domains (Kilford et al., 2016; Somerville et al., 2013). This unknown is particularly
challenging for many of our results in cortical regions associated with social cognition
that undergo substantial structural changes well into adulthood, even though whole-
brain volume remains relatively stable after late childhood (Mills et al., 2014, 2016).
At a theoretical level, although much of the motivation of the current work was to
understand if mentalizing is a constituent process of social interaction, others have
argued for the primacy of early social-interactive experiences as the driving force for
later-developing social-cognitive abilities, like mentalizing outside of social-interactive
contexts (Schilbach, 2014). That is, early social interactions may enable the neural
architecture upon which offline mentalizing abilities develop. Together, our findings
add to the developmental social cognitive literature, but data from a sample with a
wider age range is needed to fill in the developmental trajectory of the relationship
between offline mentalizing and social interaction.

In addition to advancing our theoretical understanding of the development of
social cognition, the current work also demonstrates the utility of pattern-based
analyses for uncovering links between constituent processes involved in social

behavior. The re-analysis of the brain regions reported by Alkire and colleagues that
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showed overlapping activations for social interaction (without explicit mentalizing
demands) and offline mentalizing (Supplementary Section 2) provided proof-of-
concept for the sensitivity of RSA to elucidate underlying neurocognitive relationships
that were unobtainable through univariate analyses. Despite expectations that
overlapping activations were indicative of the “interaction engages mentalizing” model
(Model 1), only two of these regions exhibited robust evidence for Model 1 fit, and two
exhibited very strong evidence in favor of the “interaction” model that distinguishes
the Peer and Character conditions (Model 2; Supplemental Section 2). However, our
approach had limitations. First, because our models are not completely orthogonal,
some ROIs exhibited comparably strong evidence for fit to Models 1 and 2 that were
not disambiguated by direct comparison of model fit estimates (e.g., bilateral TPJ from
social interaction ROIs; Figure 4B). Thus, it is unclear whether these regions might be
subserving multiple functions or if this is merely an artifact of the way our models are
set up. This limitation in modeling approach reflects our factorial task design, which
also presents the limitation of dichotomizing the Peer and Character conditions. That
is, research has demonstrated that responses in the mentalizing network are sensitive to
factors like target familiarity and closeness (Laurita et al., 2018; Tacikowski et al.,
2012) and how human-like the interacting agent appears (i.e., computers versus
anthropomorphic robots versus human; Krach et al., 2008; Takahashi et al., 2014).
Thus, it is possible that growing familiarity with the Peer during the course of the
experiment and differences in how realistic the Character was perceived to be may have

muddied our ability to distinguish between fit to the different models.
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Potentially related to the limitations of our modeling approach, it is noteworthy
that we found only moderate evidence for two regions (left cerebellum and right TPJ)
exhibiting fit to the “mentalizing” model that distinguishes the Mental and Non-mental
conditions (Model 3), especially since previous work in our lab using the same
experiment revealed activation differences between the Mental and Non-mental
conditions in many regions. Model 3 fit in the right TPJ is supported by multi-voxel
investigations of mentalizing fMRI data that demonstrate decodable mental state
representations in this region (Koster-Hale et al., 2013; Koster-Hale et al., 2017;
Richardson et al., 2020; Weaverdyck et al., 2021), but we did not find convergent
evidence for this finding through our searchlight analysis. There are several reasons as
to why this might be the case. First, as in previous studies (e.g., Gweon et al., 2012),
our task tightly controls for social information processing by matching conditions with
equally social stimuli that do not include mental-state information (i.e., the Peer and
Character Non-mental conditions). Research on children in this age range has
demonstrated that the mentalizing regions exhibit increasing specificity to mental states
compared to non-mental social information from childhood into adulthood (Gweon et
al., 2012; Richardson et al., 2020), and thus the age range of our sample may have
contributed to our lack of significant Model 3 fit. This interpretation is supported by
our behavioral analyses which revealed better accuracy for Mental trials and quicker
response for the Peer Mental trials with age (Figure 3/Table 2). The inclusion of a
matched, but fully non-social condition would aid in teasing apart the effects of social

development.
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Another factor potentially contributing to the minimal dissimilarity between
mental and nonmental conditions is that the items comprising the Mental condition
were deliberately varied to cover a range of mental state categories, including wants,
likes, knowledge, beliefs, and emotions, while the Non-mental items asked about
activities, physical characteristics, abilities, situations, and possessions (Supplemental
Table 1). Therefore, itis possible that this amount of variation led to non-representative
response patterns when averaging across items for each condition per subject.
Furthermore, hints for the Mental trials included language about mental-states under
the assumption that such language would elicit some degree of mentalizing, but it is
possible that some participants relied on strategies for making guesses that cut across
the Mental/Non-mental conditions, such as semantic associations between hint and
response options. Following this interpretation, our behavioral effects for question type
might reflect confounding processes related to the Mental condition, such as the
inherent abstractness of the language used to describe mental states versus physical
attributes, which is particularly challenging to disentangle because the representation
of semantic associations, abstract concepts, and social concepts are subserved by
overlapping brain regions (e.g., Binney et al., 2016; Xu et al., 2018).

The aforementioned interpretations do not align with the direction of our
behavioral findings, nor with some of the activations reported by Alkire and colleagues
(2018). That is, if linguistic abstractness associated with Mental trials was driving our
behavioral effects, we would expect slower reaction time and reduced accuracy (Borghi
& Zarcone, 2016), rather than the target-by-question type interactions in RT and greater

accuracy for Mental trials (Table 2). Activations in the dmPFC for the Mental > Non-
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mental and the Peer Mental > Character Mental contrasts (Alkire et al., 2018) also don’t
align with prior work that generally implicate lateral cortical structures in processing
of abstract concepts (Binney et al., 2016; Conca et al., 2020; Wang et al., 2010).
Moreover, careful examination of our experimental stimuli revealed that a substantial
portion of the items could not easily be answered through semantic association, and
that for some items, semantic associations would lead to the wrong answer (e.g.,
“[Target] thinks skiing is dangerous" is semantically related to “Mountain slope” even
though the target picking “Hot Cocoa" better matches the target's mental state;
Supplemental Table 1). Nonetheless, the explanations provided above do not preclude
the possibility that other, unrealized confounds may have contributed to our lack of
Model 3 fit, and future research should work to disentangle the effects of linguistic
processes that overlap with social cognition.

Despite these limitations, our findings demonstrate the importance of
incorporating realistic, social-interactive contexts for a better understanding of the
neural substrates subserving everyday social cognition, and they highlight the utility of
pattern-similarity-based analyses for examining the relationship between related social-
cognitive processes. Through this set of approaches, we provided additional evidence
for the spontaneous engagement of mentalizing during social interactions, and spotlight
the functional contributions of the ATL toward integrating offline social cognition with
online social interactions. Future work could build on these findings by establishing
more precise neural and behavioral measures of mentalizing and related social-
cognitive processes to better establish process-level similarities and differences

between them. By elucidating the links and dissociations between the various cognitive
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mechanisms underlying social interactions, we will gain not only a better understanding
of the social behaviors that shape our world, but also a more complete cognitive map

of how different neurocognitive functions relate to each other.
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Chapter 3: Coordinate-Based Meta-Analysis of Human

Neuroimaging Studies Involving Social Interaction

Introduction

Social interactions are a fundamental aspect of human life involving the
reciprocal exchange between two or more socially engaged individuals (Redcay &
Schilbach, 2019; Schilbach et al., 2013). The ability to navigate a wide range of social-
interactive contexts reflects the interplay of several different neurocognitive systems.
Interacting individuals may simultaneously engage attentional resources to monitor
each other, linguistic processes to comprehend speech and form contingent replies, and
perspective-taking to infer interaction partners’ thoughts and predict their actions.
Despite this complexity, the constraints imposed by modern human neuroimaging
modalities have limited much of the research on social interaction to non-interactive
experimental approaches that involve static social stimuli or the observation of social
interaction (Schilbach et al., 2013; Hari et al., 2015; Redcay & Schilbach, 2019).
However, recent work has demonstrated that brain activity associated with the passive
observation of social interactions is distinct from the brain activity observed during
active engagement in social interactive behavior (Tylen et al., 2012; Redcay &
Schilbach, 2019; Schilbach et al., 2013; Schilbach, 2014). Therefore, it remains unclear
if different types of social interaction utilize a common set of brain systems.

Novel experimental approaches have been developed to overcome the
limitations of fMRI scanning environments and provide a better understanding of the

neurocognitive processes underlying social interaction. Collectively referred to as
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“second-person neuroscience” (Schilbach et al., 2013; Redcay & Schilbach, 2019), this
line of work has revealed the involvement of brain systems that are not typically
associated with social cognition research. For instance, second-person investigations
of joint attention, or the shared focus by two or more people on a common object or
event, have implicated partially overlapping frontoparietal regions both when
participants initiate and respond to eye-gaze based social exchanges (Brandi et al, 2021,
Caruana et al.,, 2015; Mundy, 2018; Redcay et al., 2012). This suggests that
frontoparietal attentional and cognitive control systems might be important for social
interaction, but it is unclear if these findings generalize beyond eye-gaze-based
interactions. Second-person studies have also revealed novel insights about social
cognitive processes, like mentalizing, which involves making mental state inferences
about others and reliably implicates a set of brain regions commonly referred to as the
“mentalizing network” (Schurz et al., 2014; Molenberghs et al., 2016). Second-person
studies have revealed that regions of the mentalizing network exhibit sensitivity to a
perceived social partner regardless of mentalizing task demands (Alkire et al, 2018;
Kuhlen et al., 2017; Schuwerk et al., 2017), suggesting that people may spontaneously
engage in mentalizing processes when simply in the presence of another. Together, this
work represents a major advancement in our understanding of the neurocognitive
processes underlying social interaction, but there are inconsistencies in the brain
systems reported across second-person studies. Thus, in addition to fundamental
questions about the brain regions commonly engaged during social interaction, these
studies raise questions about whether common or distinct brain systems underly

different components of social interactive behavior.
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Coordinate-Based Meta-Analyses

To date, there are three known publications that have examined brain systems
associated with social interaction using coordinate-based meta-analysis (CBMA) — a
data-driven approach to map the spatial convergence of brain activity reported across
fMRI and PET studies (Muller et al., 2018). Arioli and Canessa (2019) investigated
brain regions commonly associated with the observation of social interaction, and
uncovered convergence in the dorsal medial prefrontal cortex (dAMPFC), posterior
superior temporal sulcus, gyrus (pSTS), and precuneus (Arioli & Canessa, 2019). Their
analyses included mostly non-interactive studies and focused on comparing brain
activity associated with social interaction, mentalizing, and action observation, so the
results revealed less about brain regions common to active engagement in social
interactive behavior (Arioli & Canessa, 2019). Conversely, Prince and Brown (2022)
investigated partnered interaction using second-person studies that compared against
control conditions not involving a live interaction partner and found significant
convergence in the right temporoparietal junction (TPJ). However, this study used a
limited set of social interaction-related search terms that yielded a small number of
qualifying papers, which excluded large swaths of the neuroimaging literature that use
second-person approaches without explicitly being about social interaction per se. For
example, social decision-making studies often compare interactions with human and
computer partners and have linked key regions of the reward system, like the ventral
striatum (VS) and ventromedial prefrontal cortex (vMPFC), to human interaction (Lee
& Harris, 2013; Pfeiffer et al., 2014; Rilling & Sanfey, 2010; Ruff & Fehr, 2014). Thus,

Prince and Brown’s (2022) limited search strategy risked missing brain systems
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important for social interaction that are more commonly reported in other areas of
research.

Feng and colleagues (2021) conducted larger-scale CBMA using a more
exhaustive search strategy to examine brain regions associated with different aspects
of social interaction. In their analysis of studies comparing social interaction and non-
social control conditions, they found significant convergence in the dMPFC into dorsal
anterior cingulate cortex (dACC), bilateral anterior insulae (Al), right TPJ, left inferior
frontal gyrus (IFG), posterior cingulate (PCC), left inferior parietal lobule (IPL), and
precuneus, as well as significant convergence in the VS in their pooled analysis that
cut across different aspects of social interaction (Feng et al., 2021). Although this work
provides a more comprehensive understanding of the brain regions commonly engaged
during social interaction, there are some limitations to the interpretability of their
findings. For instance, their analyses included many studies wherein participants did
not interact with a social partner in real-time, but, rather, responded to decisions made
by their partner at a previous time (e.g., Aimone et al., 2014). Such studies may miss
brain systems that are important for reciprocal exchanges that occur between partners
during social interaction. Moreover, although it was not the aim of Feng and colleagues'
(2021) pooled analysis, it included data from contrasts that do not necessarily isolate
brain activity specific to social interaction. For example, contrasts of win and loss trials
during competitive game-play against a human partner (e.g., Beyer et al., 2014) may
distinguish brain activity associated with positive and negative outcomes rather than

targeting brain activity underlying social interaction. These limitations do not
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undermine the importance of their findings, but highlight the need for a precise

operationalization of what constitutes a neuroimaging study of social interaction.

SOCIAL ENGAGEMENT >
A) Social Observation B) Social Engagement, No Interaction
Traditional approaches to Subjective feeling of social
== social neuroscience engagement with another
i ': ~ | * Static and/or non-interactive *+ Passive social awareness
Z r ] social stimuli * Participant-directed
0 “=— '« Social cognitive task in isolation * Being watched
=
a
P C) Non-Social Interaction D) Social Interaction
E Reciprocal interaction Live, reciprocal exchange with
* Active readiness & contingent a socially engaged person
4 Y engaged p
— responses I *  Communication
[ ." * Games against *  Joint attention
computer/non-human agent * Social decision making

h 4

Figure 3.1 Dimensions of social interaction. Traditional studies of social cognition did
not involve social engagement or interaction (A). Social engagement, can be achieved
through awareness of a live interaction partner, and is distinct from the interactive
component (B). Interaction outside of social contexts can be achieved through non-
human agents (C). Reciprocal interactions between socially engaged individuals define
the studies we are interested in (D).

Defining Social Interaction fMRI

The second-person neuroscience framework provides a theoretically motivated
starting point for investigating the brain systems underlying human social interaction.
Under this framework, social interaction has two core dimensions: social engagement
(originally formulated as emotional engagement) and interaction with a social partner
(Figure 1; Schilbach et al., 2013; Redcay & Schilbach, 2019). Social engagement refers
to the subjective, emotional feeling of involvement with and awareness of a social
partner, which creates the shared psychological state necessary for interaction
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(Tomasello et al., 2005; De Jaegher et al., 2010). Research has demonstrated that
implicit awareness of a perceived social partner, even in the absence of physical
proximity, impacts a range of cognitive processes (Shteynberg, 2015; Shteynberg,
2018). Social engagement can therefore be achieved in an fMRI environment simply
by alerting the participant to the presence of a real-life social partner. Interaction, on
the other hand, refers to the reciprocal exchange between a participant and their social
partner(s), or at least the state of readiness for an exchange, such that one partner’s
actions and brain responses affect the other’s (De Jaeghar et al., 2016; Redcay &
Schilbach, 2019). Interactions within an fMRI can take many forms, including text
message-like chats, competitive and cooperative games, non-verbal gestures and
expressions, and eye-gaze-based interactions (Hasson et al., 2012; Konvalinka &
Roepstorff, 2012; Redcay & Schilbach, 2019). Finally, the second-person framework
further proposes that the neurocognitive mechanisms underlying social interaction are
different from those involved in social engagement or interaction alone (Schilbach et
al., 2013). Thus, the current work focuses on studies meeting both criteria of social
engagement and interaction, which encompass a wide range of experimental
approaches that cut across various research areas investigating social and non-social
cognition (see Alcala-Ldpez et al., 2018; Feng et al., 2021; Hari & Kujala, 2009;

Redcay & Warnell, 2018; Redcay & Schilbach, 2019 for reviews).

Current Study

The primary objective of the current study is to use CBMA to investigate
whether various forms of social interaction implicate a common set of brain regions. In

order to reduce the likelihood that our findings reflect brain regions associated with a
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specific task, field of study, or social interactive context, we conducted an exhaustive
search of the literature for studies using second-person approaches. Additionally, we
conducted meta-analytic connectivity modeling (MACM) and functional decoding
analyses to better identify the brain networks and neurocognitive processes associated
with social interaction. MACM involves searching large database of neuroimaging
results (e.g., Neurosynth; Yarkoni et al., 2011) for studies reporting results within a
region of interest (ROI) to elucidate brain regions that are commonly co-activated
(Langner et al., 2014), while functional decoding uncovers common terms associated
with the ROI (e.g., cognitive terms, brain network labels, etc.; Amft et al., 2015). We
also probed subsets of studies to examine secondary questions about commonalities
and distinctions in the brain systems underlying core components of social interaction.
In particular, we investigated whether distinct brain systems underlie the dimensions
of social engagement and interaction, and assessed the generalizability of findings from
joint attention research that suggest separable brain systems contribute to initiating and
responding behaviors during social interaction. While significant convergence in non-
overlapping brain regions would provide support for the separability of brain systems
underlying social interaction components, less can be inferred from overlapping meta-
analytic results since most brain regions contribute to different neurocognitive

functions.
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Methods

Inclusion Criteria and Search Strategy

Inclusion criteria for studies to qualify for the meta-analyses were: 1) fMRI or
PET studies that use a social interactive experimental paradigm wherein participants
interacted with one or more social partners in real-time, such that there was at least the
potential for a reciprocal exchange between interaction partners. The social
engagement criterion requires that the scanned participants at least believed they were
engaging with another real person, and the interaction criterion requires that either the
scanned participant or their partner responded to something that the other did. The
response did not have to be immediate, as long as it was contingent on the behavior of
the other. 2) Studies that report coordinates in either MNI or Talairach coordinate space
for at least one whole-brain analysis that targeted social interaction by comparing
against a condition that does not meet criteria for social interaction, yet controls for
non-social interaction-related cognitive processes. For example, contrasts comparing
rock-paper-scissors against human versus computer opponents controls for the
neurocognitive processes required by the game (e.g., working memory), while isolating
brain activity that is specific to social interaction. Univariate contrasts for isolating
brain activity associated with social interaction include, but are not limited to: human >
computer interaction, social interaction > solo action, and live interaction > non-live
observation. Studies that only reported results from ROI analyses were not included. 3)
Results reported from non-clinical, drug-free, healthy participants.

Following best practices, we used an iterative approach to conduct a

comprehensive, unbiased search of the neuroimaging literature for studies of social
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interaction (Bramer et al., 2018). First, we screened all citations in relevant review
papers by Redcay and Schilbach (2019), Feng and colleagues (2021), and Redcay and
Warnell (2018), which yielded 30 fMRI papers that met our inclusion criteria. These
papers were used to develop an initial list of keywords used to search the PubMed
database. Search results were checked for the inclusion of the original 30 papers.
Original papers that did not come up in the search were further evaluated to determine
additional keywords and modifier terms to be incorporated into the search strategy, and
this process was repeated until all of the original 30 papers were successfully found.
The final search strategy involved two sets of search terms. The first searched for the
intersection of primary keywords and modifier terms specifying neuroimaging method
(e.g., [“social interaction” OR "group problem solving" OR etc.] AND [“functional
magnetic resonance imaging” OR “PET” etc.]). The second searched for the
intersection of primary keywords, qualifier words that specified social interactive
context, and methods terms (e.g., [“mentalizing” OR “theory of mind” etc.] AND
[“human partner” OR “social context” etc.] AND [“MRI” OR “PET” etc.]). This
search strategy was implemented in Pubmed, Web of Science, PsycINFO, CINAHL,
and EBSCO. Search results from the different databases were combined and duplicate
papers were removed, yielding an initial list of 13,555 papers that were screened using
a two-pass approach (see Figure 2 for full details).

Paper screening and annotations were conducted by a team of trained research
assistants using Rayyan (Ouzzani et al., 2016) — a web platform for systematic reviews.
The first pass involved screening papers based on title and abstract to exclude

unqualifying papers that were easy to identify, like behavioral studies, studies that used
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incompatible human neuroimaging modalities (e.g., EEG, fNIRS, structural MRI, etc.),
and studies that did not use second-person neuroscience approaches (e.g., common
fMRI paradigms like the stop-signal task). Additionally, Rayyan automatically tagged
types of citations that do not qualify, like review papers and book chapters, animal
studies, studies that did not have English translations, and non-peer-reviewed reports
(i.e., conference papers, theses, etc). A total of 13,082 papers were excluded in the first
pass. Papers with titles or abstracts indicating at least one of our inclusion criteria were
evaluated in the second pass, which involved evaluating the full text of the remaining
472 papers to determine whether all inclusion criteria were met. This process yielded
108 qualifying fMRI and PET studies across 105 papers that were used for CBMA.
Most qualifying studies reported results from traditional, mass univariate contrasts, but
a few studies used other methodologies to distinguish brain activity associated with
social interaction and appropriate control conditions, such as multi-voxel classification

using a searchlight approach.
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Identification of studies via databases and other methods

Records identified through database searching Records identified through database searching
2 term search 3 term search

1. Academic Search Ultimate (EBSCO): n=3,155

2. APA PsycINFO (EBSC): n=5,492

3. CINAHL with Full Text (EBSCO): n=1,603

4. Psychology and Behavioral Sciences Collection (EBSCO): n=291

5. PubMed: n=2,746

6. Web of Science (Clarivate): n=5,507

1. Academic Search Ultimate (EBSCO): n=1,120

2. APA PsycINFO (EBSC): n=1,616

3. CINAHL with Full Text (EBSCO): n=177

4. Psychology and Behavioral Sciences Collection (EBSCO): n=140
5. PubMed: n=1,746

6. Web of Science (Clarivate): n=1,893

N=6,692 N=18,794
lL [
Total records Duplicate records removed before screening Retracted publications
N=25,486 N=11,929 N=2
Records with title and abstract screened Records excluded
N=13,555 N=13,082
. 1
5 Records sought for full text retrieval Records not retrieved
o N=472 N=0
s l
e Full text records excluded with reasons
Full-text records d for y N=364
N=472
Did not involve real-time social interaction: n=127
l No contrast that isolates social interaction reported: n=187

Coordinates not reported for appropriate contrast: n=24

Studies included in review Other (non-healthy sample, wrong neuroimaging modality etc.): n=26

N =108

Figure 3.2 Prisma diagram outlining the search and paper selection process.

Annotating Study Contrasts

The term “study” is used to refer to results from a single sample of participants,
so if a paper reported qualifying results from different samples, each set of results was
treated as an independent study. For each study, we extracted the reported 3D spatial
coordinates of activation foci for every qualifying whole-brain contrast that involved
social interaction compared against a control condition that does not meet our criteria
for social interaction. Contrasts were annotated with sample size, type of control
condition (e.g., non-interactive social engagement, interaction with a non-human
partner, etc.), the behavior that was modeled (e.g., participant-initiated interactive
behavior, participants’ response to interaction partner, etc.), and other characteristics

that can be used to guide future research (for all characteristics, see Table 3.1).
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Importantly, annotations were made at the level of the contrast, not study, thereby
enabling the use of individual contrasts for different sub-analyses. For example,
Caruana and colleagues (2015) reported contrasts examining when participants use
their eyes to guide a partner’s attention and when participants respond to the eye-gaze
cue of a partner, which can be used in separate analyses of initiating and responding

behaviors, respectively.
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Table 3.1 Contrast annotations.

Primary Meta-Analysis of All Social Interaction Studies

The primary meta-analysis (i.e., “All”) included all qualifying contrasts that
met our inclusion criteria. The objective of this analysis is to elucidate brain regions
commonly implicated in social interaction, across contexts and forms, by evaluating
the convergence of brain activity reported across all qualifying papers. This analysis
included coordinates for 2,659 foci extracted from 108 studies (i.e., independent
samples) representing 2,919 participants and 191 contrasts. Leave-one-study-out cross-
validation was used to validate the findings of the All meta-analysis by ensuring they
were not driven by any single study. This involved conducting meta-analyses using all
but one study and repeating this procedure for each of the 108 studies. Thresholded
results from each iteration were binarized and averaged together, and the resulting map
was thresholded to visualize voxels that yielded significant results in >95% of the
iterations and compare with the results of the primary findings (which was confirmed).
Moreover, we extracted contribution tables that indicate which studies contributed to
each of the significant clusters revealed by the meta-analysis, and used this to confirm

that no less than 10 studies contributed to each significant cluster.

Social Engagement and Interaction.

The “Social Engagement” and “Interaction” meta-analyses examined the
dimensions of social interaction using subtractive logic, despite the acknowledged
limitations of this approach. Assuming that social engagement and interaction (Figure

3.1B and 3.1C, respectively) together comprise social interaction (Figure 3.1D), then it
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is possible to isolate either component by controlling for the other. For example, if
gameplay against a human is contrasted against gameplay against a computer, it
controls for the cognitive processes involved with interactive behavior, thereby
elucidating brain activity associated with social engagement. Conversely, non-
interactive, yet socially engaged control conditions isolate the interaction component.
For example, playing a ball-throwing game with others is contrasted against observing
others play with each other (Wang et al., 2019), it controls for social engagement and
uncovers brain regions associated with the reciprocal, interactive aspect of the task.
While these analyses are premised on the questionable assumption of additivity, they
provide a crude means to evaluate the separability of the brain regions associated with
each dimension of social interaction.

Appropriate control conditions that qualified for the “Social Engagement”
meta-analysis include interactions with a computer or robot, tasks performed alone,
pre-recorded or replayed (compared to live) stimuli, and other control conditions that
did not involve a live, social partner. This meta-analysis included 1,705 foci from 67
studies representing 1,759 participants. A substantial portion of these studies utilized a
control condition involving interactions with a computer or robot, therefore we also
conducted a more targeted “Human vs Computer” meta-analysis using 34 studies
representing 749 participants reporting 453 foci. Appropriate control conditions that
qualified for the “Interaction” meta-analysis included observing or being observed by
another person (without interacting with them), performing different tasks
simultaneously at the same time as the social partner, and other control conditions

where the presence of a social partner was made known to the participant but without
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any interaction with them. This meta-analysis included 785 foci from 37 studies
representing 970 participants. It is worth noting that, unlike Social Engagement, the
studies used in the Interaction meta-analysis do not have a common set of control
conditions. Thus, the diversity and relatively smaller number of qualifying studies
analysis presents challenges for making a direct comparison between the two

dimensions.

Initiating and responding

We conducted a set of analyses that aimed to extend findings from the joint
attention literature. Joint attention research has revealed partially overlapping brain
systems involved in coordinating mutual attention, which includes initiating behaviors
(directing the other’s attention through eye-gaze cues) and responding behavior
(following the attentional cue made by the interaction partner). However, no studies
have systematically examined whether the brain systems associated with initiating and
responding behaviors generalize to non-eye-gaze-based social interactions. To this end,
we conducted separate analyses using studies wherein the modeled behavior was of
participants engaging in an Initiating behavior that elicited a response from their
partner, and studies wherein the modeled behavior was of participants Responding to
the actions of their partner. These analyses excluded studies that modeled blocks during
which there was a back-and-forth between participant and partner, and other studies
that did not have clearly delineated initiating and responding events.

In addition to the aforementioned joint attention studies, the Initiating meta-
analysis included studies wherein participants made gestures or expressions that their

partner imitated, made offers to partners in games of trust, shared opinions that partners
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agreed or disagreed with, and other studies that modeled the initiating behavior of the
scanned participant. Initiating included 1,248 foci from 25 studies comprising 626
participants. The Responding meta-analysis included studies wherein participants
responded to fair and unfair offers made by their partner, made guesses based on hints
provided by their partner, imitated or followed the actions of the partner, and other
studies that modeled the responding behavior of the scanned participant. Responding

included 1,277 foci from 23 studies comprising 625 participants.

Activation Likelihood Estimation

Coordinate-based meta-analysis (CBMA) using the activation likelihood
estimation (ALE) approach was implemented using the command-line interface of
GingerALE 3.0.2 software (Eickhoff et al., 2009; Eickhoff et al., 2012). Coordinates
reported in Talairach space were converted to MNI space using the Lancaster approach
(Lancaster et al., 2007) implemented in MATLAB using a script provided with the
GingerALE software (Eickhoff et al., 2009; Eickhoff et al., 2012). ALE interprets
coordinates for each activation foci as the center of a three-dimensional Gaussian
probability distribution that has a full-width at half maximum (FWHM) based on the
sample size of the study (i.e., increasing sample size equates to decreasing uncertainty
or smaller FWHM). This approach was developed based on empirical estimates of
spatial uncertainty due to between-subject and between-template variability (Eickhoff
etal., 2009). All foci from a single study are incorporated into modeled activation (MA)
map and the updated ALE algorithm prohibits multiple foci from a single study from

jointly influencing the MA value of a single voxel at the study level, thereby reducing
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the impact of single studies on group-level results (Turkeltaub et al., 2012).
Additionally, multiple contrasts from a study are pooled and treated as a single contrast
when calculating a study-level MA map to further reduce the influence of studies
reporting results from numerous contrasts. The union of study-level MA maps are used
to calculate ALE values that quantify the convergence of results at each voxel
(Turkeltaub et al., 2002). Following best practice recommendations, these ALE values
were evaluated against an empirical null distribution derived from a permutation
procedure using a cluster-level familywise error threshold (cFWE) of p < 0.05 and
cluster-forming, voxel-level threshold of p < 0.001 (Eickhoff et al., 2016; Mdller et al.,
2018). Each permutation involves simulating random study-level data sets that have
the same number of foci and sample size as the real study-level MAs, applying the
cluster-forming threshold on the union of the simulated data, and recording the largest
volume of the above-threshold clusters at each iteration to create a null distribution of
cluster sizes (Eickhoff et al., 2012). This procedure was repeated 10,000 times for each
meta-analysis so that reported results have cluster sizes that are in the top 5% of the

distribution of cluster sizes obtained from the permutations.

Results

All

The All meta-analysis included 108 studies with contrasts that subtracted a non-socially
interactive control condition from a social interaction condition of interest. This

revealed significant convergence in 9 clusters: bilateral anterior insula (Al), bilateral
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dorsolateral prefrontal cortex (dIPFC) including inferior frontal gyrus (IFG), bilateral
lateral parietal clusters that include angular/supramarginal gyrus into inferior parietal
lobule and temporal parietal junction (TPJ), medial posterior cingulate (PCC) into
precuneus, and a large medial prefrontal (MPFC) cluster that includes the dorsal
anterior cingulate (dACC) and dorsomedial prefrontal cortex (dAMPFC; Figure 3.3,
Table 3.2). The 95% thresholded results of the leave one study out cross-validation
revealed that the results were not driven by any single study (not pictured), and the

contribution table demonstrated that no less than 10 studies contributed to each cluster.

Figure 3.3 Overarching meta-analysis pooling all studies. Significant clusters from
coordinate-based ALE (activation likelihood estimation) meta-analysis, with cluster-
level family-wise error correction (P < 0.05) and a cluster-forming threshold of P <
0.001 using 10,000 permutations. Consistent maxima were found in bilateral
temporoparietal junction, dorsal and anterior medial prefrontal cortex into dorsal
anterior cingulate cortex, precuneus, bilateral anterior insula, bilateral dorsolateral
prefrontal cortex, right inferior frontal gyrus and right inferior parietal lobule.
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Coordinates

Region X Y Z mm~3 ALE
pDMPFC/aMPFC/dA
cC 4 32 40 11,856 0.0736
2 56 18
-8 46 28
4 40 34
6 34 24
4 36 28
6 46 28
4 22 40
8 54 6
10 56 30
Right TPJ 56 -54 20 7,704 0.0673
56 -42 14
54 -40 8
34 22 -14
Right IFG 52 22 4 6,232 0.0409
Precuneus -2 -56 34 5,120 0.0565
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6 -66 44
-8 -48 28
4 -56 46
Left Angular Gyrus/
TPJ -52 -62 36 3,856 0.0594
-46 -56 26
-56 -50 22
Left Al -32 22 -8 3,464 0.0655
-34 16 4
Right DLPFC 48 22 22 2,600 0.0456
50 26 18
48 12 32
o4 22 26
Right IPL 46 -54 38 2,088 0.0425
36 -54 46
56 -48 48
Left DLPFC/IFG -44 4 30 1,712 0.0598
-50 12 24

Table 3.2 Coordinates of significant foci of overarching meta-analysis pooling all
studies. Consistent maxima were found in bilateral temporoparietal junction (TPJ),
dorsal and anterior medial prefrontal cortex (AMPFC, aMPFC) into dorsal anterior
cingulate cortex (dACC), precuneus, bilateral anterior insula (Al), bilateral
dorsolateral prefrontal cortex (DLPFC), right inferior frontal gyrus (IFG), and right
inferior parietal lobule (IPL).
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deQuervain 2004 0 0 0 0 0 0 1 0 0
vandenBos_2007 0 0 0 0 0 0 0 0 0
Number of studies

contributing 49 16 39 35 55 25 10 15 26
Percent of studies

contributing 4537 | 14.81 | 36.11 | 32.41 | 50.93 | 23.15 9.26 | 13.89 | 24.07

Table 3.3 Contribution table for clusters of All meta-analysis

Social Engagement and Interaction

The Social Engagement meta-analysis focused on contrasts that had a non-social, yet
interactive control condition. This revealed significant convergence in many of the
same brain regions revealed by the overarching meta-analysis that included all studies
except that it also revealed significant convergence in a ventral striatum (VS) cluster
(Figure 4, Table 3). Follow-up analysis focusing on studies reporting the most common
contrast of Human vs Computer was almost identical despite being calculated from
nearly half the number of studies (Figure 5, Table 4), suggesting the robustness of these
findings.

The meta-analysis targeting the Interaction dimension by focusing on social
interaction contrasts that used a socially engaged, yet non-interactive control condition
revealed clusters in bilateral IFG, bilateral posterior superior temporal gyri (pSTG) and
sulci (pSTS), and dACC, along with overlapping clusters in the dmPFC and right TPJ

(Figure 4, Table 3).

87



Figure 3.4 Social Engagement (yellow) and Interaction (blue) meta-analyses and their
overlap (green). Significant clusters from coordinate-based ALE (activation likelihood
estimation) meta-analysis, with cluster-level family-wise error correction (P < 0.05)
and a cluster-forming threshold of P < 0.001 using 10,000 permutations.

Coordin

A) Social Engagement ates
Region X Y Z mm~3 ALE
dMPFC/dACC -8 46 28 8,696 0.0435

2 52 18

6 46 28

8 56 4

4 32 42

4 40 32

6 26 50

6 34 22

8 26 58

10 58 30

18 22 58
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TPJ 56 -54 20 6,016 0.0494
36 -58 46
50 -50 38
44 -54 38
58 -52 36
PCC/Precuneus -2 -56 34 5,616 0.0502
8 -66 42
-6 -48 26
-6 -70 38
-4 -62 50
Anterior Insula 34 22 -14 3,472 0.0498
34 20 -6
Anterior Insula -38 20 -14 2,984 0.0417
-36 20 -10
-34 16 4
DLPFC/IFG 48 22 24 2,792 0.0347
48 12 26
50 30 20
46 38 20
DLPFC/IFG -44 6 30 2,328 0.0469
-50 12 24
Ventral Striatum 10 10 -4 1,648 0.0372
2 4 -10
Superior Parietal Lobule -32 -56 46 1,544 0.0460
TPJ -52 -60 36 1,408 0.0398
B) Interaction
Region X Y Z mm~3 ALE
Right TPJ/pSTS 56 -40 10 5,416 0.0383
56 -42 14
56 -48 26
52 -58 12
Right IFG/AI 52 22 2 4,392 0.0327
44 28 -8
34 20 -18
50 22 18
50 18 -6
Posterior dMPFC/dMCC 4 32 38 2,896 0.0398
6 20 38
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4 34 26

Left MTG/TPJ -50 -58 12 1,536 0.0254
-48 -66 8
-52 -64 -2
-52 -60 20

Left IFG -48 2 4 1,240 0.0232
-42 8 0
-58 12 6
-52 8 0

Anterior dMPFC/JACC 2 56 20 1,208 0.0241
4 44 16

Table 3.4 Coordinates of significant foci of Social Engagement and Interaction meta-

analyses.
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Figure 3.5 Human vs Computer meta-analysis. Significant clusters from coordinate-
based ALE (activation likelihood estimation) meta-analysis, with cluster-level family-
wise error correction (P < 0.05) and a cluster-forming threshold of P < 0.001 using
10,000 permutations.

Coordinates
Region X Y Z mm~3 ALE
aMPFC/dACC -8 44 30 4,232 0.0320
2 52 16
4 48 10
-4 58 20
TPJ 56 -54 20 3,904 0.0293
50 -66 34
52 -52 38
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PCC/Precuneus 0 -56 32 2,328 0.0266
-8 -44 34
-6 -50 28
IFG/AI -40 22 -12 2,048 0.0260
-32 18 -14
Ventral Striatum 4 6 -10 1,640 0.0232
10 8 -2
-6 8 -10
IFG/AI 28 14 -18 1,488 0.0257
34 24 -16
VMPFC 4 48 -14 1,256 0.0290
6 36 0
4 40 -6
dMPFC 8 46 30 832 0.0198
8 52 38

Table 3.5 Coordinates of significant foci of Human vs Computer meta-analyses.

Initiating and Responding,

Meta-analysis targeting Initiating similarly revealed significant convergence in
dMPFC and right IFG, along with right TPJ into pSTS and right Al into ventrolateral
PFC. Meta-analysis of Responding, on the other hand, revealed significant
convergence in bilateral IFG/dIPFC, right TPJ into pSTS, lingual gyrus in the visual

cortex, and right Al (Figure 6, Table 5).
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Figure 3.6 Initiating (green) and responding (yellow) meta-analyses and their overlap
(blue). Significant clusters from coordinate-based ALE (activation likelihood
estimation) meta-analysis, with cluster-level family-wise error correction (P < 0.05)
and a cluster-forming threshold of P < 0.001 using 10,000 permutations.

Coordin
Initiating ates
Region X Y Z mm”3 ALE
TPJI/pSTS 54 -48 14 4,120 0.0344
54 -60 8
54 -46 26
62 -46 22
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IFG/AI 40 22 -8 4,056 0.0341
50 22 22
54 22 26
48 22 -6
50 24 4
48 18 8
Posterior dAACC/dMPFC 6 34 22 1,736 0.0257
4 52 18
2 40 14
4 44 22
Anterior dACC/dMPFC 0 30 36 1,696 0.0249
4 24 40
6 24 32
-2 24 40
6 38 34
Responding
Region X Y Z mm~3 ALE
TPJI/pSTS 52 -38 4 3,256 0.0335
58 -42 14
54 -58 12
52 -46 26
IFG/AI 44 26 -6 2,176 0.0350
36 22 -6
DLPFC 50 22 22 1,832 0.0288
48 10 24
54 22 26
48 36 20
DLPFC -44 6 30 1,768 0.0317
-50 12 24
-40 16 18
Superior Parietal Lobule -32 -56 46 1,232 0.0336
-38 -48 46
Lingual Gyrus -12 -98 4 656 0.0264
-12 -90 4

Table 3.6 Coordinates of significant foci of Initiating and Responding meta-analyses.
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Discussion

The current study provides insights into the brain regions that are commonly
engaged across various types of social interaction. We conducted an exhaustive search
for fMRI and PET studies that targeted social interaction using contrasts against a non-
social and/or non-interactive control condition, then utilized CBMA to uncover brain
areas that are consistently reported across this body of work. Our findings are generally
consistent with prior work suggesting the involvement of brain regions associated with
mentalizing (AMPFC, PCC/Precuneus, and TPJ), the putative mirror neuron system
(IPL and dLPFC/premotor cortex), and attentional and salience networks (dACC, IFG,
and Al; Feng et al., 2021; Redcay & Schilbach, 2019; Redcay & Warnell, 2018).
Follow-up analyses also suggest that posterior TPJ/IPL, aMPFC, VS, Al, and
PCC/Precuneus are involved in the experience of social engagement, while anterior
TPJ/pSTS, pdMPFC, and IFG are associated with the reciprocal, interactive component
of social interactions. Moreover, our findings provide meta-analytic support for medial
and lateral prefrontal regions contributing to initiating and responding behaviors used
to coordinate social interactions between partners. Together, these findings extend our

understanding of the socially interactive brain.

Mentalizing Network

Throughout our analyses, we found significant convergence in nodes of the
mentalizing network, suggesting that reasoning about others’ mental states is critical
for social interaction. The TPJ, particularly the right TPJ, reliably emerged in all our

analyses, with clusters spanning into pSTS, and anterior and posterior aspects of the
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IPL. This is in line with prior meta-analytic studies examining social interaction using
second-person approaches (Feng et al., 2021; Prince & Brown, 2022), and in contrast
to a CBMA using studies of social interaction observation (Arioli & Cannessa, 2019),
suggesting the right TPJ contributions to active engagement in social interaction. The
TPJ serves as a hub both in terms of functional and anatomical networks, as well as
various higher-order cognitive processes (Donaldson et al., 2015; Igelstrom &
Graziano, 2017; Mars et al., 2012). Earlier work characterized the TPJ’s role in bottom-
up attentional processes (Corbetta & Schulman, 2002; Geng & Vossel, 2013), while
social neuroscience studies have focused on its involvement in mental-state inferences
about others’ beliefs and knowledge (Mar, 2011; Molenberghs et al., 2016; Schurz et
al., 2014). Recent work has proposed that TPJ is part of a social attention system that
is important in aligning individuals in social contexts (Gvirts & Perlmutter, 2020;
Shamay-Tsoory et al., 2019). While the TPJ is involved in inferences about
unobservable mental states, it works with the adjacent pSTS that is a multimodal a hub
for social perception, which derives social meaning through observable actions and
behaviors (Freiwald, 2020; Pitcher & Ungerleider, 2021; Pitcher et al., 2019; Sliwa &
Freiwald, 2017). This view also is compatible with predictive processing accounts of
the brain that proposes the centrality of the TPJ for social prediction (Masina et al.,
2022; Molapour et al., 2021; Tamir & Thornton, 2018). While defining the function of
the TPJ is beyond the scope of the current work, the range of functions attributed to the
TPJ provides an understanding as to why it is consistently implicated in studies of

social interaction.
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Different lines of research have demonstrated the importance of the TPJ for
social interactions (Bitsch et al., 2018; Carter et al., 2012; Hill et al., 2017; Martin et
al., 2020; Redcay & Schilbach, 2019). Decision-making research has implicated the
TPJ in competitive and cooperative interactions with human, but not computer, partners
(Bitsch et al., 2018; Carter et al., 2012; Lee et al., 2018; Tsoi et al., 2016), and has
shown that TPJ activity tracks the perceived human-likeness and intentionality of the
interaction partner (Chaminade et al., 2012; Krach et al., 2008; Ozdem et al., 2017;
Rauchbauer et al., 2019; Takahashi et al, 2014). Moreover, non-invasive stimulation
studies have shown that excitation of the right TPJ enhances social abilities, like
perspective-taking, while disruptive stimulation hinders strategic social behavior
(Donaldson et al., 2015; Hill et al., 2017; Martin et al., 2020; Santiesteban et al., 2012).
These findings suggest that the TPJ, particularly the right TPJ, is important for
integrating others’ intentions and perspectives to guide socially strategic behaviors (Jin
et al., 2022; Konovalov et al., 2021), which is an important aspect of social interaction
across diverse tasks

We also found significant convergence in the dMPFC across most of our
analyses, with clusters that spanned anterior midcingulate (aMCC), anterior MPFC
(@aMPFC), and perigenual MPFC (pgMPFC). Numerous lines of evidence indicate that
the MPFC’s role in social interaction is monitoring and integrating information about
the self and others. Rodent research has identified separate populations of neurons in
the MPFC that encode for one’s own behavior and behaviors of a social partner, and
revealed MPFC’s role in social approach behaviors and interbrain synchrony during

social interactions (Kingsbury et al., 2019; Kingsbury & Hong, 2020; Lee et al., 2016).
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Human neuroimaging studies have demonstrated that dorsal areas of the MPFC are
involved in other-oriented social cognitive processes, like social evaluations, while
anterior and ventral portions of the MPFC have been associated with processes that are
self-relevant, such as self-evaluations, affective experiences, and reward processing
(see Bzdok et al., 2013; Denny et al., 2012; Isoda, 2021; Lieberman et al., 2019;
Wagner et al., 2012 for reviews). Connectivity studies support the dorsal-ventral
distinction, such that the dMPFC exhibits stronger connectivity to other regions of the
mentalizing, salience detection, and frontoparietal attentional networks, while ventral
MPFC is more strongly associated with VS, amygdala, hippocampus, & PCC (Bzdok
et al., 2013; de la Vega et al., 2016; Eickhoff et al., 2016; Tovar & Chavez, 2021).
Thus, while the TPJ is important for inferring other’s minds, the different structures of
the MPFC may work together to integrate social contextual information with internal
models of the self during social interactions.

The PCC/precuneus cluster emerged in our overarching meta-analysis, but
appeared to be more involved in the feeling of social engagement. The PCC/precuneus
has been associated with various self-relevant cognitive processes such as episodic
memory, first-person viewpoint changes, visuospatial imagery, and may even be
important for consciousness (Alexander et al., 2022; Cavanna & Trimble, 2006;
Pearson et al., 2011). Social neuroscience studies suggest analogues to these functions
regarding social navigation (Tavares et al., 2015). For instance, a recent study using a
“choose your own adventure” style social interaction task found that the precuneus was
involved in the mapping of “social space” between characters (i.e., social affiliations

and power) as they interacted with and learned about them (Zhang et al., 2022).
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Second-person studies suggest that the PCC/precuneus may be important for socially
mediated emotions, and may track valence. One study found reduced precuneus activity
during social interactions after recalling a relaxing autobiographical memory, and
increased social interaction related precuneus activity after recalling a recent, negative
interpersonal event (Brandi et al., 2021), indicating a linear association with valence.
However, studies using cyberball (i.e., fMRI compatible, virtual ball tossing game)
have shown that increased social interaction via frequency of tosses to the participant
is associated with self-reported increases in enjoyment and greater precuneus activity
(Kawamichi et al., 2016), while others have demonstrated greater precuneus activity
during ball throwing in exclusion rounds of cyberball when the participant received the
ball rarely (Wang et al., 2019). It is possible that the socio-emotional processing
associated with the PCC/precuneus might be important for monitoring self-relevance
when engaging in social behaviors. Supporting this view, one study found that the PCC
was not associated with the immediate anger provoked by an unfair player who gave
negative feedback to the participant, but was associated with subsequently punishing
(i.e., giving a lower payoff) the unfair player (Klimecki et al, 2018). Thus, these
findings suggest that the PCC/precuneus is important for agentic behavior in navigating

our social-emotional environments.

Salience, Attention, & Mirror Neuron System

Across our analyses, we found significant convergence in the Al, particularly
in the right hemisphere. The Al and dACC are considered to be major hubs of the
midcingulo-insular “salience” network that underlies the identification of important

information through mediating the interplay between internally and externally oriented
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attentional systems (Menon & Uddin, 2010; Seeley, 2019; Uddin et al., 2019; Uddin,
2015; Uddin et al., 2017). The Al, in particular, is thought to be critical for empathic
processes, which involve the ability to experience and understand others’ thoughts
(cognitive) and feelings (affective) in relation to one’s own (Cheng et al., 2017;
Corradi-Dell’ Acqua et al., 2020; Lockwood, 2016; Uddin et al., 2017). This suggests
that the Al contributes to social alignment, or being in tune with others, during social
interaction. Indeed, research has demonstrated that inter-subject correlation in the Al
is involved in the alignment between speaker and listeners (Stephens et al., 2010),
individuals engaging in joint attention via eye-gaze cues (Koike et al., 2019), and the
emotional alignment between partners watching movies together (Golland et al., 2017).

Recent work has also proposed that the ventral attention network can be thought
of as part of the extended salience network (Uddin et al., 2019), which partially overlap
with the pSTS, IPL, IFG, and DLPFC cluster we found in our analyses. Moreover, there
is considerable overlap between these regions, and the brain regions comprising the
putative mirror neuron system in humans (Cattaneo & Rizzolatti; 2009; Redcay &
Warnell, 2018). Indeed, the mirror neuron system and salience network exhibit strong
functional coupling and can be thought of as comprising a network for intermediary
social cognitive processes that enable the dynamic, flexible changes in social
perceptual, limbic, and higher-order social cognitive processes (Alcala-Lopez et al.,
2018; Schurz et al., 2020; Uddin et al., 2017). This view is also supported by network
neuroscience studies demonstrating that many of the extended salience network
clusters we uncovered serve as “cross-control” hubs that link different functional brain

networks (Gordon et al., 2018). Together, these findings suggest that the lateral cortical
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structures that emerged across our analyses play an important role in adjudicating the

various processes underlying social interaction.

Missing Regions

Although our findings generally align with much of the established literature
on the brain correlates of social interaction, there are some brain regions that are
notably missing in our analyses. These include the amygdala (reported in Arioli &
Cannessa, 2019), ventromedial prefrontal cortex (vMPFC; reported in Feng et al., 2021,
and Neurosynth search for social interaction/s), and bilateral anterior temporal lobes
(ATL; present in Neurosynth searches for social interaction/s). It is possible that the
involvement of these brain areas in social interactions may be more tangential or
context specific. Like the VS, the vMPFC is associated with reward processing, which
seems to be specific to mutual engagement with a person, which is supported by the
results of follow-up analyses below. Another possibility is that these regions are
associated with processes that often occur within, but are not necessary for social
interactions. For instance, research has implicated the ATL in the recollection of
person-specific knowledge, and the process of getting to know someone (Borghesani
et al., 2019; Perrodin et al., 2015; Rice et al., 2018; Tsukiura et al., 2010). Thus, while
many social interactions provide a context for recalling information and learning about
others, this process might not be engaged in all social contexts. Future work can build

on our findings to assess their relationship to the primary regions for social interaction.
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Social Engagement and Reciprocal Interaction

Our results provide novel insights about two core components of social interaction,
social engagement and reciprocal interaction, that have been relatively under-investigated. Our
results suggest that the VS and vMPFC, two major hubs of the reward system, may
contribute to the subjective experience of social engagement. That is, the Social
Engagement and Human vs Robot analyses that these regions emerged in controlled
for the interactive component of social interactions. Indeed, prior work has proposed
that activity in these regions may play a role in the subjective experience of social
engagement with humans compared to computer partners (Pfeiffer et al., 2014).
However, other second-person studies suggest that their involvement is more specific
to the rewarding or motivating aspects of social interactions (Kawamichi et al., 2016;
Schilbach et al., 2010). For instance the intrinsic drive to interact with and share
personal information with others, as well as the self-reported increase in emotion when
sharing experiences with a friend have been linked to the VS and vMPFC (Kawamichi
et al.,, 2016; Tamir & Mitchell, 2012; Wagner et al., 2015). Research has also
demonstrated the role of the VS in social influence and conformity. For instance, VS
activity is associated with risk-taking behavior in adolescent participants when in the
presence of peers (Chein etal., 2011), but is associated with safer, risk-averse decisions
when in the presence of their mother (Moreira & Telzer, 2018), presumably due to the
expected approval within each social context. Moreover, the magnitude and direction
of VS activity reflects the influence of social partners’ judgements in relation to one’s
own when evaluating socio-emotional stimuli, suggesting its role in the process of

social alignment (Klucharev et al., 2011; Overgaauw et al., 2019; Prehn et al., 2015;
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Zaki et al., 2011). Thus, while the VS and vMPFC may not be involved in all social
interactive behaviors, the aforementioned findings suggest that they play an important
role in how our social environments motivate and shape us.

The PCC/Precuneus is another region exhibiting a pattern of results that
suggests it is also more involved in the experience of social engagement, and similar to
VS and VMPFC, research has also implicated the PCC/precuneus for social reward and
bonding (Eckstrand et al., 2017; Fareri & Delgado, 2014; Kawamichi et al., 2016;
Spreckelmeyer et al, 2009). The PCC/precuneus responds linearly with how bad to
good one feels when receiving social evaluations from a peer (Kumar et al., 2019), and
shows greater activity both when deciding between and viewing socially rewarding
stimuli (i.e., movies; Dubey et al., 2020). Moreover, a recent study found that brain
activity in precuneus and PCC increased over the course of repeated naturalistic
interactions with a human but not with a purported robot (that was actually controlled
by a human), its involvement in the strengthening of social bonds (Spatola &
Chaminade, 2022). These findings might also reflect the role of the PCC/precuneus in
episodic memory and mental imagery (Cavanna & Trimble, 2006; Hebscher, Levine,
& Gilboa, 2018; Yang et al., 2022), given that research has shown the majority of
people’s spontaneous thoughts are about other people (Mar et al., 2012; Mildner &
Tamir, 2021; Song & Wang, 2012). Thus, in addition to multiple functions of the
PCC/precuneus described previously, the fact that it seems to be more involved in
social engagement point to its involvement in the formation of social relationships, and

how our social worlds inhabit our inner-thoughts.
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We found separable anterior, ventral clusters in bilateral TPJ from our
Interaction analysis, and more dorsal-posterior bilateral TPJ clusters associated with
Social Engagement, as well as in the right TPJ revealed in the Human vs Computer.
This distinction might be explained by studies that have attempted to parse the
functional subdivisions of the TPJ. Some work suggests that anterior portions of the
right TPJ is associated with attentional processes, and posterior portions are associated
with mentalizing (Krall et al., 2015; Schuwerk et al., 2017). Others have proposed that
anterior TPJ into pSTS is involved in mentalizing based on overt cues (e.g., perceived
actions and behaviors), while posterior TPJ into IPL is associated with inferring covert
mental states (Gobbini et al., 2007; Schurz et al., 2014). These interpretations suggest
that anterior-ventral TPJ associated with our Interaction analysis may reflect attention
to the social partner to derive meaning from their reciprocal behavior, but that the
dorsal-posterior TPJ associated with Social Engagement reflects the spontaneous
engagement of mentalizing that occurs for human but not computer partners.

The above interpretations are supported by connectivity analysis of the TPJ
also. Functional and structural connectivity patterns of posterior TPJ link it to other
regions associated with mentalizing as well as cognitive control, like the PCC, MPFC,
and DLPFC (Mars et al., 2012; lgelstrom & Graziano, 2017; Schurz et al., 2014).
Anterior portions of the TPJ exhibit stronger connections with regions involved in
salience detection and attention, including IFG, Al, and SMA/JACC (Mars et al., 2012;
Igelstrom & Graziano, 2017; Schurz et al., 2014). Our findings partially overlap with
these connectivity patterns such that the Interaction analysis did reveal significant

convergence in ventral portions of the bilateral IFG, and the Social Engagement

104



revealed significant convergence in the PCC and DLPFC. Thus, the results of the
Interaction analysis might indicate heightened attentional demands to the actions of
the interaction partner, while the feeling of Social Engagement is more strongly
associated with mentalizing, but that they both involve partially overlapping systems
that include the MPFC and dACC.

The Human vs Computer analysis generally confirmed the findings from the
Social Engagement analysis. Both analyses included contrasts against non-social
control conditions, but the former included fewer studies that were more similar to each
other, and did not reveal significant convergence in lateral prefrontal clusters. We had
previously discussed the categorization of frontoparietal regions into multiple
functional networks, considerable research has also categorized the DLPFC as being
part of the frontoparietal network involved in cognitive control during demanding tasks
(Dixon et al., 2018; Gratton et al., 2017; Marek & Dosenbach, 2018). Thus, it is
possible that the DLPFC clusters observed in the Social Engagement analysis reflect
cognitive control mechanisms that are appropriately controlled for in the matched
performance between Human vs Computer. That is, Social Engagement included
nearly double the number of studies, which spanned a variety of different non-social
control conditions. Moreover, research has demonstrated that the functional
topography of frontoparietal structures are variable across individuals (Marek &
Dosenbach, 2018; Gordon et al., 2022; Gordon et al., 2017), adding more challenges to
the interpretability of these findings. Despite this discrepancy, our analyses revealed
partially separable sub-systems contributing to the social engagement and interactive

components of social interaction.
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Initiating and Responding

The Initiating and Responding results are consistent with and extend existing
models about the coordinating behaviors involved in social interaction. The Parallel
and Distributed-Processing Model (PDPM) of joint attention suggests that initiating
and responding are subserved by partially overlapping systems, with the former
including medial and lateral prefrontal regions involved in volitional, goal-directed
processes, and the latter involving posterior parietal and temporal regions associated
with social perception and bottom-up attention (Caruanaetal., 2015; Mundy & Newell,
2007; Mundy, 2018). Although the PDPM was formulated to synthesize findings from
the joint attention literature, we found partial support for this model when going beyond
eye-gazed based attention. The dACC/dMPFC clusters unique to the Initiating
analysis aligns with the PDPM, and supports other research suggesting that the
interplay of MPFC subregions integrate various forms of complex information to guide,
update, and monitor adaptive behavior (Alexander & Brown, 2011; Domenech &
Koechlin, 2015; Euston et al., 2012). This interpretation is supported by second-person
work demonstrating the MPFC’s role in guiding strategic behavior and assessing the
accuracy of an implemented behavioral strategy during social interaction (Lim & Kim,
2022; Konovalov et al., 2021), as well as rodent studies showing increased firing rates
in MPFC neurons during social approach behaviors toward conspecifics (Lee et al.,
2016). Alternatively, the Responding results were less consistent with regard to the
PDPM. This analysis revealed unique clusters in left superior parietal lobule (SPL) and
bilateral DLPFC, indicating top-down attentional and cognitive control processes are
involved in responding to others’ social interactive behaviors (Dixon et al., 2018;
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Vossel et al., 2014). This suggests that responding requires greater self-regulatory
processes, perhaps to ensure that the appropriate response was enacted for the cue given
by the social interaction partner. Finally, the overlapping clusters in the right TPJ/pSTS
and right anterior ventral IFG into Al revealed in Initiating and Responding conform
with work examining inter-individual coupling processes, but do not align with the
PDPM. Interestingly, these regions have also been reliably implicated in eye-gaze
based joint attention studies.

Hyperscanning studies have provided novel insights about how individuals’
brain responses come into coordination during social interactions. One study
demonstrated heightened right Al activity in the initiator of joint attention, who used
their eye-gaze to direct their partner’s attention, which became correlated with right Al
activity of the responder when they followed their partner’s eye-gaze (Koike et al.,
2019). Other hyperscanning studies have also investigated how different brain systems
across individuals align during the coupling processes underlying socially interactive
behaviors (Bilek et al., 2015; Fairhurst et al., 2014; Goelman et al., 2019). For instance,
by examining the correspondence of brain activity in the sender (i.e., Initiating) when
sending social interactive cues, and the time-lagged brain responses in the receiver,
research has demonstrated that feed-forward informational flow from the sender’s
dMPFC to the receiver’s right TPJ (Goelman et al. 2019). Although social interaction
hyperscanning studies are relatively new, the findings described above suggest that
investigations of inter-brain coupling has a lot of promise for advancing our
understanding of how people share emotional experience, obtain common

understanding, and connect with others (Baek & Parkinson, 2022; Golland et al., 2017;
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Nummenmaa et al., 2018; Parkinson et al., 2018). A note of caution is warranted when
equating the current results to the aforementioned lines of research, given that the
majority of studies included in our meta-analysis examined intra-individual brain
responses. Nonetheless, we feel that our findings add strength to the research on
interindividual coupling by shedding light on commonalities in brain responses

reported across studies.

Integrated View

Across our analyses, we discerned a pattern of results that appears to indicate three
interacting subsystems that contribute to social interaction. A lateral system that includes the
TPJ, pSTS, DLPFC, and IFG that can be described as primarily externally-oriented in that they
contribute to attentional and perceptual processes, as well as inferring the thoughts and
intentions of others. A primarily medial subsystem including the dMPFC, PCC/precuneus,
VMPFC, and VS appears to be relatively internally oriented in that it integrates information
about the self, such as reward and emotions, as well as first-person perspective and agency.
Interplay between these systems is managed by brain systems associated with cross network
interaction, like the Al, dACC, and some of the frontoparietal structures. Rather than being
rigidly affiliated with specific subsystems, however, our findings, as well as current theories
about brain function, indicate that the dynamic reconfiguration between regions contributes to
the diversity of social behaviors. This aligns with the interactive brain hypothesis that places
our social world as the driving factor for the functions of the brain, and proposes investigations
of dynamic brain processes during social interactions are of critical importance for a basic

understanding of the brain (De Jaegher et al., 2016; Di Paolo & De Jaegher, 2012; Przyrembel
etal., 2012; Hari et al., 2015). The current findings also add to recent theories about the

predictive social brain, which proposes that the brain functions as a predictive engine
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that integrates internal models of the self and the social world with observable, social
contextual information to reduce uncertainty and guide behavior (Masina et al., 2022;
Molapour et al., 2021; Tamir & Thornton, 2018). For instance, our findings suggest that
the social identity determination system — proposed by Molapour and colleagues (2021) as
one of the key computations of the social brain and implicates the anterior temporal lobe — may
not be engaged in all social interactions. Future research can build on the current findings to
adjudicate between different models of the social brain.

A view of human brain function that centers on the social world also opens up room
for incorporating neuroimaging data into research on the social determinants of health. Recent
work has begun exploring the brain-body connections in terms of the common neural circuitry
that contribute both to our agentic behavior, and also modulate our physiological systems. For
instance, models of the “self-in-context” has highlighted the importance of the vVMPFC as a
hub for the neural computations that provide a coherent sense of self, which also regulates
hypothalamus and the milieu of endocrinological processes it manages (Koban et al., 2021).
The fact that these regions appeared in our Social Engagement analysis, which puts the self in
a social context, links our findings to this work. Along these lines, research has also
demonstrated that acute social isolation (objective loneliness) and self-reported
loneliness are associated with VS activity to social cues, much like the food-cue
reactivity observed after fasting (Inagaki et al., 2016; Tomova et al., 2021; Tomova et
al., 2020). Moreover, rodent work has identified how social stress can reduce social
reward through activity in a part of the hippocampus (Li et al. 2022). These findings
highlight the importance of incorporating social interactive behavior within mind-body models

of pathology to understand how our social lives impact our health and well-being.
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Despite aiming for the most exhaustive search of extant socially interactive
neuroimaging studies, they are not representative of all social interactive contexts and
forms. For instance, the majority of included studies used computer interactions as a
control condition, biasing our findings toward social engagement. Moreover, CBMA
approaches are well-suited for the reporting of mass-univariate contrast results, which
precludes many of the other analytical approaches for investigating fMRI data, such as
functional connectivity and inter-brain analyses. Thus, our findings focus on intra-
individual neurocognitive processes engaged by a person when in a social interaction,
rather than dynamic, inter-individual processes that are better measured by
hyperscanning and inter-brain analyses (Konvalinka & Roepstorff, 2012). This is
reflected in our discussion of the results, which tacitly implied a modular view of how the
brain works. Current theories in neuroscience suggest a more integrative account that does not
assign specific functions to individual regions or networks per se, but examines the
computations emerging from the chorus of brain regions playing together (Thiebaut de
Schotten & Forkel, 2022). Although this suggests that the current work may be
misguided, we feel that it provides some clarity to the inconsistencies in the brain
systems previously reported to be involved in social interaction. Finally, it is worth
noting that the specific grouping of contrasts used in our sub-analyses may not be
accepted by all readers. Therefore, we provide access to all the tags and notes on why
each contrast was categorized in the way it was, as well as the code to quickly re-create
the input text files for running follow-up analyses.

As discussed above, the brain regions uncovered across our analyses are
affiliated with multiple, partially overlapping brain systems that are associated with

different higher-order cognitive functions. Combined with the fact that each analysis
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revealed a common core of multiple regions that could be associated with different
functions, our findings suggest that social interactions involve the interplay of higher-
order cognitive systems that cannot be reduced to a single region, network, or function.
We also revealed that although social engagement and interaction involve mostly
overlapping brain systems, mutual engagement further involves self-relevant and
reward processes, while reciprocal exchange implicates a separable system involved in
attention and/or mirroring. Moreover, our findings add evidence to the role of the right
lateralized Al, IFG, and DLPFC is involved in the coordinating of interactions, and add
that the medial PFC systems are more associated with initiating socially interactive
behaviors. Future work can build off these findings as a starting point for investigating
pathologies characterized by deficits in social interactive abilities, as well as in the

development of artificial intelligent systems (Henschel et al., 2020).
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Chapter 4: General Discussion and Conclusions

Synthesis of findings across studies

Findings across both studies of the current dissertation were generally
consistent with each other. The results of the model based, model-free, and
supplementary searchlight analyses of Study 1 provided converging evidence for
separable patterns of brain activity associated with social and non-social interactions in
the TPJ as well as dorsal, anterior and ventral portions of the MPFC, which is consistent
with the meta-analysis results of Study 2 that reliably implicated these brain regions.
Moreover, bilateral TPJ exhibited significant fit to both “interaction engages
mentalizing” Model 1 and the “interaction” Model 2. This aligns with the
interpretations provided for the separable dorsal-posterior and anterior-ventral clusters
of the TPJ associated with Social Engagement and Interaction, respectively, that
proposed the TPJ contributes to social attentional and mentalizing processes during
social interaction. Moreover, studies have shown that activity patterns of the TPJ reflect
sensitivity to fine-grain situation features that contribute to our understanding of others’
emotions and intentions (Koster-Hale et al., 2013; Skerry & Saxe, 2015; Richardson et
al., 2020). These findings suggest that the TPJ is tuned to the dynamically changing
situational factors that enable the prediction of others’ thoughts and behaviors during
social interaction. The findings of Studies 1 & 2 are also in line with recent rodent work
showing MPFC’s role in social approach behavior (Kingsbury & Hong, 2020; Lee et
al., 2016). One study showed that activity patterns of MPFC pyramidal neurons

contribute to mices’ ability to distinguish social and non-social interaction targets, and
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that mice bred to have a deficiency in these neurons do not show a preference for
conspecifics over non-social stimuli (Xu et al., 2022). Thus, the MPFC may contribute
to social behavior, in part, by discerning the self-relevance of social versus non-social
stimuli.

Interestingly, the model-free, representational connectivity analysis of Study 1
revealed two groups of brain regions that distinguished social and non-social
interaction, one of which included only the lateral cortical structures of middle temporal
gyrus, left pSTS, right MT/V5, and right supramarginal gyrus. This provides tangential
support for the three neural sub-systems for social interaction proposed in Study 2, in
that these regions are associated with outward-oriented, social perceptual and
attentional processes. Conversely, the other representational network that distinguishes
social and non-social interaction includes brain regions that we attributed to all three
of the subsystems underlying social interaction. However, this group included many
more brain regions, including the cortical midline structures of aMPFC, vMPFC,
precuneus, as well as bilateral Al, bilateral cerebellum, left TPJ, left supramarginal
gyrus, and right FFA. Therefore, it is possible that this group could contain subgroups
that split along the hypothesized subsystems, had the Ward clustering been set to a 4
or 5 factor solution. Moreover, the representational connectivity approach utilized in
this analysis is constrained to the subset of neurocognitive processes captured by the
task conditions, and does not necessarily reflect relationships between these brain
regions during social interaction more generally. This is unlike functional connectivity
and intersubject correlation approaches, which trade off tighter control of functional

interpretability for temporal investigations of dynamic intra- and inter-brain coupling,
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respectively. Thus, time-sensitive analytic approaches could complement the current
work to help tease apart functional and temporal coupling that occurs during social
interaction (Anzellotti & Coutanche, 2018).

It is notable that the ATL, which reliably exhibited similar patterns of activity
during offline mentalizing and social interaction in Study 1, was not uncovered in any
of the meta-analyses of Study 2. That is, the results of Study 1 suggest that the ATL
might be important for the spontaneous engagement of mentalizing during social
interaction, indicating that we should expect significant convergence in this region
across neuroimaging studies using socially interactive approaches. As indicated before,
other lines of work have demonstrated the involvement of the ATL in person-specific
knowledge, like the ability to recognize people and their biographical details
(Anzellotti, 2017; Blank et al., 2015; Borghesani et al., 2019; Kriegeskorte et al., 2007;
Wang et al., 2017), and multimodal representations of abstract social concepts (Arioli
etal., 2020; Olson et al., 2007, 2013; Skipper et al., 2011). Therefore, it is possible that
the activity patterns elicited in the ATL as participants accumulated knowledge about
their partner is similar to the activity observed when processing abstract forms of social
knowledge, like the mental state words used in the Character Mentalizing condition
(e.g., thinks, want etc.). Indeed, the task demands of the Peer conditions Study 1 —
guessing about and receiving feedback about a peers preference — seem conducive for
learning about a social partner. On the other hand, many of the studies entered into the
meta-analyses of Study 2 utilized tasks wherein the social interaction partner remained
anonymous and/or provided too little information to learn about the social partner.

Thus, while the task design of Study 1 likely induced a mentalizing-like process as
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participants learned about their interaction partner, that is not always for other types of
social interactions.

The findings from the current studies motivate future research in a couple of
directions. The representational similarity approach utilized in Study 1 provides a
framework for investigating social cognitive development and the differences in social
interactive abilities in ASD. As discussed in Study 1, the age range of the sample made
it difficult to assess the generalizability of these findings to other age groups. Thus,
using a similar approach in younger and older participants would reveal whether the
relationship between social interaction and mentalizing has a non-linear relationship
with age, as indicated by developmental research indicating heightened sensitivity to
social information processing during adolescence (Somerville et al., 2013), and, if they
correspond with established, age-related cortical thickness trajectories in the social
brain (Mills et al., 2014). Research has examined developmental changes in offline
mentalizing, suggesting that this network becomes functionally distinct in early
childhood and continues to mature into adulthood (Gweon et al., 2012; Richardson et
al., 2018). However, given the rapid changes in the complexity of people’s social lives
during adolescence, it is possible that the trajectory of informational coupling between
social interaction and mentalizing has a different shape or occurs on a different
timescale. That is, even though the childrens’ mentalizing network may develop
relatively linearly with age as social interactive experience accumulates, the heightened
importance of mentalizing for navigating the complex social landscape during
adolescence and the transition to middle school may contribute to a qualitative shift in

the relationship between mentalizing and social interaction. Moreover, application of
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the current framework to ASD samples would provide insights about the nature of
social processing differences observed in this population. Much of the ASD research
has relied on between group comparisons, which give us an idea of where in the brain
differences occur, but provide less information whether there are differences in the
degree to which mentalizing is engaged during social interaction. Furthermore,
representational connectivity approaches could further our understanding of functional
connectivity differences between ASD and non-ASD individuals observed in the
literature by providing a better understanding of the functional dimensions contributing
to these functional connectivity differences.

The findings from Study 2 provide strong motivation for investigating a
potential neural signature for social interaction. That is, even with strong consensus
across studies for a given brain network’s involvement in social interactions, meta-
analytic maps cannot predict if an individual brain is engaged in social interaction.
Thus, a promising future direction is to employ machine learning on a large set of
subject-level brain maps to train a predictive signature that can reliably decode whether
an individual is engaged in a social interaction from their pattern of brain activity. In
short, this process entails aggregating numerous pairs of subject-level activation maps
— one for social interaction and one for an appropriate control condition — to train a
classifier that can discern the pattern of brain activity that is indicative of social
interaction. A predictive neural signature takes the form of a whole-brain map
composed of voxel weights that can be used to diagnose any activation map of the same
resolution. The dot product between the signature weights and activation map is

referred to as the pattern expression value (PEV) that quantifies the degree to which an
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activation map matches the pattern indicative of social interaction, and a cut-off PEV
turns the signature into a binary classifier. Similar approaches have shown great utility
for: clinical purposes, such as predicting the level of experienced physical pain (Wager
et al., 2013); basic emotion research by elucidating the pattern of brain activity specific
for picture induced negative affect (Chang et al., 2015); and translational applications,
such as using regulation-related brain activity to understand people’s dietary choices
(Cosme et al., 2020). Thus, a brain signature for the socially interactive brain would
advance our understanding of the neuroscience of social interaction and provide
avenues for examining the relationship with other social cognitive processes. This work
could have clinical applications also, such as determining the degree to which an
individual’s brain activity reflects the social-interactive brain state, which can be used

to inform social cognitive development, ASD symptoms, and loneliness.

Implications for developmental and clinical research

A neuroscientific understanding of social interaction also has great clinical
utility. Developmentally, early social interactions between parents and children are
critical for neurocognitive development in social cognition (Mundy & Newell, 2007,
Vaughan Van Hecke et al., 2007), language (Brooks & Meltzoff, 2005), self-regulatory
capacity (Rubin et al., 1995), and executive function (Moriguchi, 2014). Disruptions in
these early social interactions, whether congenital or acquired, can alter the trajectory
of development to bend toward pathology and disordered development (Masten &

Cicchetti, 2010). This was observed in babies born during pandemic who exhibited

117



lower motor and cognitive performance at six months, regardless of maternal COVID-
19 exposure (Shuffrey et al., 2022; Deoni et al., 2021), but access to early childhood
education centers was shown to mitigate this effect (Davies et al., 2021). More extreme
cases, like maternal deprivation and institutionalization, are associated with alterations
in connectivity between MPFC and subcortical structures like the amygdala and VS
later in life (Fareri et al., 2017; Gee et al., 2013; Silvers et al., 2016), and recent work
has demonstrated that even maternal social interactions can have an impact on fetal
brain connectivity (Thomason et al., 2021). These findings demonstrate the impact that
early social deprivation can have on cognition and brain function, but have primarily
relied upon comparisons with healthy control groups. Thus, less is known about the
brain systems involved in healthy social interactions across development. The meta-
analytic findings reported in Study 2 could serve as a starting point for filling in the
developmental timeline for healthy social development, as well as a reference for
comparison with clinical samples and social isolation in adulthood. Although the extant
literature has too few studies to reliably establish common brain regions associated with
social interaction at different ages (as revealed through our paper selection), the growth
of interest in this topic is evident in the increasing number of papers being published
on social interaction in developmental samples (e.g., Redcay & Warnell, 2018).
Various theories have been proposed to explain the social deficits characteristic
of autism spectrum disorders (ASD), such as “mindblindness”, or the inability to
engage in mentalizing, and the social motivation hypothesis that claims reduced
intrinsic motivation for social engagements drive the symptoms observed in ASD

(Frith, 2001; Clements et al., 2018). Findings across the behavioral and neuroimaging
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literature have been mixed with regard to each of these proposals, however, and this
may be due to the heavy reliance on non-interactive approaches. For instance, Clements
and colleagues’ (2018) systematic review of the literature suggested reduced reward-
related activity to both social and non-social rewards in ASD compared to non-ASD
samples. However, research using second-person approaches have demonstrated that
ASD compared to non-ASD participants exhibited reduced activity in the middle
temporal gyrus (part of the extended mentalizing network) when thinking about an
opponent’s next move, and non-discerning VS activity when processing wins versus
losses, but these differences emerged during game play against human but not computer
partners (Assaf et al., 2013). Other work has shown aberrant functional connectivity
patterns with reward-related circuitry, such as reduced connectivity between the TPJ
and hypothalamus (which interacts with VS for homeostatic and reward processes;
Castro et al., 2015) during interactions with human versus computer partners in the
ASD sample, while the non-ASD sample showed the inverse (i.e., reduced
hypothalamus to TPJ connectivity for computer versus human partners; Chaminade et
al., 2015). Adding support to functional connectivity differences, emerging findings
from non-invasive brain stimulation studies suggest that connectivity between social
brain and motor regions can be leveraged to push connectivity patterns closer to those
that resemble non-ASD samples. Han and colleagues (2022), for example, found that
excitatory stimulation of the DLPFC using transcranial direct-current stimulation
(tDCS), along with cognitive training, improved emotion recognition, cognitive
flexibility, and information flow to MPFC. Similar effects have been found in non-

ASD samples with non-invasive stimulation of the right TPJ. The findings from Study
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2 represent an important contribution to this line of research by providing a potential
network of brain regions to investigate with non-invasive excitatory stimulation with
the goal of enhancing socially interactive behavior. Moreover, some of the differences
in brain activity observed in ASD are similar to what has been reported in studies of
loneliness, indicating potential for non-invasive brain stimulation therapy for loneliness
also.

Although chronic social isolation (objective) and feelings of loneliness
(subjective) have each been established as major risk factors for early mortality (Holt-
Lunstad & Smith, 2012; Holt-Lunstad et al., 2015), neurobiological explanations for
this relationship are only beginning to emerge. Research has linked self-reported
loneliness to VS reactivity to social stimuli, suggesting that VS activity reflects social
yearning to connect (Inagaki et al., 2016; Cacioppo et al., 2009), but another study
failed to replicate this relationship (D’Agostino et al., 2019). More recent work
examined brain reactivity to social and food stimuli before and after participants were
put in social isolation for 10 hours, and again after fasting from food for 10 hours
(Tomova et al., 2020). This revealed that the substantia nigra/ventral tegmental area
(SN/VTA), midbrain structures associated with homeostatic and motivational
processes, as well as different striatal structures exhibited reactivity to social cues after
isolation similar to the reactivity to food cues after fasting (Tomova et al., 2021,
Tomova et al., 2020). This suggests that homeostatic mechanisms may contribute to
the negative experiences associated with objective loneliness (Lee et al., 2021).
Another line of work has pointed to clues about the brain mechanisms that contribute

to subjective loneliness by demonstrating the relationship between social connection
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and functional brain similarities (Baek & Parkinson, 2022). In particular, this work has
demonstrated that popular individuals (as measured by in degree centrality) exhibit
neural response to movie stimuli that is most similar to the group-averaged brain
responses to the stimuli, while self-reported lonely individuals exhibit more distinct
responses from the rest of the group, and in both cases, this was specific to default
mode regions that overlap with many of the brain regions uncovered in Study 2 (Baek
et al., 2022; Baek et al., 2021). This suggests that being neurally in-line with those in
your social network buffers against the development of loneliness, but much more
research is needed in this nascent field.

Prior work on the neural correlates of loneliness and social isolation has
revealed relatively inconsistent results, but there has been a resurgence in research on
the topic due to the challenges faced by many people during COVID-19 lockdowns. A
review of the neuroimaging literature indicated that loneliness was associated with
structural and functional differences in the DLPFC, Al, pSTS, hippocampus, and
amygdala, but stated that drawing conclusions from these mixed findings were limited
(Lametal., 2021). Interestingly, one study reported volumetric increases the amygdala,
putamen, and anterior temporal cortices during COVID-19 lockdown, but showed that
amygdala volume differences diminished after lockdown (Salomon et al., 2021),
suggesting that perhaps the mixed effects reported in prior work may reflect that brain
associations with loneliness and social isolation can change. This is in line with the
social homeostasis model that suggests a set-point for optimal social experiences, along
with our neural reactivity to them, shifts as a function of our changing social contexts,

such as when transitioning between acute or chronic social isolation (Lee et al., 2021).
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Moreover, little work has examined the brain correlates of social interaction with regard
to loneliness. This leaves open questions about the effect of social isolation and
loneliness on other brain systems, and suggests open opportunities for using second-
person approaches for tracking it. For instance, it has been suggested that social
interactive neuroimaging approaches may hold the key to understanding the forms of
virtual social interactions that can mimic the brain systems underlying in-person
interactions as a way to inform interventions to combat the negative health
consequences of social isolation (Xiong et al., 2022). This suggests that the findings
from Study 2 may provide an important starting point for understanding how our social
worlds contribute to health.

Recent work has begun exploring the brain-body connections in terms of the
common neural circuitry that contribute to thoughts and behaviors, as well as our health
(Koban et al., 2021; Xiong et al., 2022). For instance, models of the “self-in-context”
has highlighted the importance of the vMPFC as a hub for the neural computations that
provide a coherent sense of self, which also regulates hypothalamus and the milieu of
endocrinological processes it manages (Koban et al., 2021). This fits with our
discussion of the vMPFC findings uncovered in Study 2, which suggest that it is more
specific to the feeling of social engagement and underlies how our social worlds shape
us. Interestingly, the “self-in-context” model has demonstrated the centrality of the
VMPFC to numerous cortical systems that overlap with our findings, in addition to the
subcortical connections that contribute to immune function (Koban et al., 2021).

Although additional research is needed, the findings from our meta-analyses combined
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with the findings from the loneliness and non-invasive brain stimulation research

provide numerous opportunities for understanding the social determinants of health.

Advancing Neuroscience

Much of the findings across the two studies have been discussed with regard to
their potential for informing applied or clinical research. However, a neuroscience of
social interaction is critical for advancing theoretical and methodological progress in
our understanding of human brain function. Thinking of the brain as being tuned for
the affordances of our social worlds has proven useful for advancing testable
hypotheses about neurocognitive systems that may have evolved with the selective
pressures of human life. For instance, debates about the function of the fusiform face
area (FFA) launched productive lines of research demonstrating face-selective
responding in congenitally blind individuals during haptic exploration of face stimuli
(Ratan Murty et al., 2020), elicitation of illusory faces through electrical stimulation of
the FFA (Schalk et al., 2017), as well as face-deprivation primate work countering that
visual experience is needed for face-selective responding (Arcaro et al.,, 2017;
Livingstone et al., 2019). Although these findings do not provide resolution to the
debate on face-selectivity, they exemplify how progress is made through the
increasingly rigorous burden of proof needed to falsify iteratively refined theoretical
stances. Moreover, this work also demonstrates the added power of ecologically
meaningful stimuli. Predicting individual differences from the brain, for example, is
improved when functional connectivity is estimated from individuals watching

dynamic movie stimuli, particularly when the movie contains highly social stimuli.
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Together, this suggests that a neuroscience of social interaction has the potential for
advancing methods that elicit brain responses that are more meaningful, both in terms
of the individual and the species.

Theoretical focus on social interaction as a primary driver of human brain
function is congruent with emerging theories about the socially interactive brain (Hari
et al., 2015; De Jaeghar et al., 2010; Sliwa & Freiwald, 2017). According to this view,
social interactions are not simply a context in which basic neurocognitive processes
operate, but, rather, a central purpose of the system (Di Paolo & De Jaegher, 2012).
Support for this view comes from different lines of research, such as the FFA studies
described above. At a broader level, researchers have also focused on the overlap
between the default mode network, which are the brain regions that are active in the
absence of any external task or stimuli, and social cognitive brain systems (Fox et al.,
2015; Schilbach et al., 2012; Spreng & Grady, 2009). In combinations with research
demonstrating that the majority of people’s unconstrained mind wanderings are
comprised of episodic thoughts about other people (Mildner & Tamir, 2019; Song &
Wang, 2012), this work suggests that humans are social by default (Meyer, 2019;
Schilbach et al., 2008). Thus, the findings reported across both studies of the current
dissertation represent an epistemic shift in how we think about the human brain. While
much of the history of cognitive neuroscience has been driven by ideas of cognitive
modularity and pragmatics of experimental control, the current work is a step into the

uncertain waters of ecological validity and all the promise it holds.
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