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Abstract 
People are frequently forced to make decisions in social contexts, taking into 

account not only the social perceptual aspects of their environment, but also the effects of 

their actions; what will happen to themselves and what will happen to other individuals. 

These decisions involve consideration of potential outcomes and choosing what best suits 

the decision maker’s own needs, sometimes at a cost, and sometimes at a benefit, of others. 

Yet, the brain mechanisms that acquire and evaluate social information to subsequently 

form social decisions remain poorly understood. Thus, it is imperative to better 

understand the computations underlying social decision-making. Across three 

independent studies, I focus on the neural basis of making decisions in a social context. In 

the first study (Chapter 2), I used a relatively novel combination of restricted spatial 

independent component analysis and multiple regression techniques, to demonstrate that 

distinct regions encode making decisions for other people, relative to making decisions 

for oneself. In the second study (Chapter 3), I investigated how large-scale functional 

networks shape behavior in social contexts, and examined how broad, goal-oriented 

networks couple with specific cortical sites to orchestrate social motivation. In my last 

study (Chapter 4), I examined the relationship between social perception and social 

decision-making at the single-neuron level in the monkey superior temporal sulcus, a 

region known for social perceptual processing. Here, I demonstrated that this classically 
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social perceptual region additionally responds to social decision-making processes, and 

that neurons in this region multiplex both types of information. Collectively, this research 

points to specific regions in the brain that reflect multiple aspects of social behavior and 

decision-making, and the interaction between perception and goal-oriented cognition 

processes that drive complex social behavior. Lastly, this body of research also highlights 

the importance of examining the neural mechanisms of social behavior both at the larger 

systems and network levels, as well as at the single-neuron level.  
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1. Introduction  
Throughout the course of our daily lives, we must regularly make decisions that 

have an impact not only on ourselves, but on others, as well: do I donate to a charity? 

Should I help my sister move all her belongings across town to her new house? Should I 

marry this person? We sometimes observe the polar ends of this other-regarding 

spectrum, seeing wars waged and mass shootings, but also seeing a man jump into the 

subway tracks to save a stranger and others going on hunger strikes in solidarity with 

complete strangers. From the living room to the boardroom to the Situation Room, we 

are all familiar with making decisions that affect those around us. 

Despite the importance and ubiquity of social decision making, many questions 

remain: what makes a decision “social”?1 Why are social outcomes – including mere 

interactions with others (Izuma et al., 2008) and the perception of an attractive face 

(Aharon et al., 2001; Kampe et al., 2001; Todorov et al., 2011) – so motivating? Why is 

being liked so rewarding (Davey et al., 2010; Izuma, 2012)? 

Historically, most research on decision making focused primarily on the effects 

of the decision maker’s values, expectations, and preferences when examining influences 

on the individual’s choice preferences (Smith and Delgado, 2015). For example, a 

research study may ask participants to choose between two gambles, in isolation of 

                                                        

1 This chapter uses material from a coauthored book chapter published in Brain Mapping: An Encyclopedic 
Reference (Utevsky & Huettel, 2015) and my Major Area Paper. 
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other contexts or other factors. In recent years, however, researchers have begun to take 

into account the fact that humans are a social species, and often make their decisions in a 

social context, either making decisions in collaboration with other individuals or making 

decisions that will affect other individuals (Rilling and Sanfey, 2011; Stanley and 

Adolphs, 2013).  

At face value, social and non-social decisions require similar processes: they both 

require an individual to examine different alternatives and select their preferred or 

optimal outcome (Sanfey, 2007). Despite that similarity, many decision science studies 

have found that social decisions are not simply standard decisions in another context2 

(Frith, 2007), and recent research indicates that social decisions engage different sorts of 

processing, at least in part, than other forms of meaningful goal-directed decisions 

(Carter et al., 2012; Delgado et al., 2005; Mitchell et al., 2005; Zink et al., 2008). Moreover, 

several clinical studies have indicated that many psychopathological disorders are 

accompanied by decision making deficits that may be heightened in social settings (e.g., 

autism spectrum disorder (ASD), schizophrenia, depression) (Hokanson et al., 1980; 

Polgár et al., 2014; Sally and Hill, 2006), suggesting at least partly different neural 

mechanisms underlying social and non-social decision processes. Even the risky 

decision-making of adolescents – who are prone to making impulsive and self-

                                                        

2 For a proposed unified framework connecting economic and social decision-making, see Ruff and Fehr, 
2014 
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destructive decisions more frequently than any other age group (Hare et al., 2008; 

Steinberg, 2007) – is most evident when adolescents are surrounded by their peers 

(Chein et al., 2011), indicating an important social factor in decision making throughout 

the lifespan. Collectively, significant behavioral and epidemiological evidence indicates 

that social decisions differ in critical ways from decisions outside of a social context.  

Yet, despite the importance of social contexts for appropriate decision making, 

the underlying neural computations that guide social behaviors remain poorly 

characterized. Functional neuroimaging provides the means to elucidate many such 

mechanisms and computations, both because many social decisions are most feasibly 

examined in humans, and because social decisions rely on a distributed network of brain 

regions. Neuroimaging techniques such as functional and effective connectivity analyses 

are critical to understanding how spatially separated brain regions interact to shape 

behavior (Friston, 2011). However, neuroimaging methods can only provide detailed 

insight into neural mechanisms to a certain extent; the spatial and temporal resolution is 

not fine enough to elucidate the specific computations performed by neurons and to 

understand how specific regions orchestrate behavior. Therefore, effective research into 

social decision-making requires not only innovations in experimental design and 

neuroimaging analysis methods, but also looking across different types of data and 

synthesizing results attained from functional neuroimaging and from direct cellular 

recordings. Thus, the present dissertation utilizes both human functional neuroimaging 
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and neurophysiological recordings in rhesus macaques (Macaca mulatta) to characterize 

some of the neural bases that guide social interactions. 

In the ensuing pages, I will address some of the background on different types of 

social decisions and how the brain processes them, both in humans and non-human 

primates. In subsequent chapters, I will describe the motivation for better understanding 

behaviors that have an effect on others (“other-regarding behaviors”), and experiments 

we have conducted to examine the neural mechanisms that encode or drive these 

behaviors while participants performed them in laboratory settings. Lastly, I will discuss 

what is known about the mechanisms of social decision-making and its links to social 

perception. I will also review important gaps in our current understanding of social 

behavior that will be critical to address in order to gain a more thorough understanding 

of how the brain allows for other-regarding behaviors and how we may better address 

disorders marked by social impairments. 

1.1 A typology of social decisions 

Research on social decision-making draws on methodological approaches from 

economics and social psychology. These studies often involve games, decisions, or 

judgments that mimic real-life social interactions: whether to help or harm another 

person, when to cooperate, strategies underlying competition, and how to perceive 

another person’s intentions. This large corpus of research has provided critical insights 

into the mechanisms underlying some of the building blocks of social decisions, 
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including altruism (Burkart et al., 2007; Chang et al., 2012, 2015; Harbaugh et al., 2007; 

Marsh et al., 2015; Morishima et al., 2012; Tankersley et al., 2007), punishment (Crockett 

et al., 2014; de Quervain et al., 2004; Mussweiler and Ockenfels, 2013; Watson et al., 

2009), morality (Crockett et al., 2015; Koenigs et al., 2007; Koster-Hale et al., 2013; 

Parkinson et al., 2011; Schaich Borg et al., 2008), and concepts of fairness (Güroğlu et al., 

2010, 2011; Knoch et al., 2006; Sanfey et al., 2003; Wright et al., 2011). 

Social decisions can broadly be separated into two primary categories: (1) non-

interactive decisions that regard others, but are made alone, (2) interactive decisions that 

involve communication (often overt) with others. The former category encompasses a 

range of studies, from passive receipt of rewards that have meaning due to their social 

context (Fliessbach et al., 2007) to resource sharing tasks (Camerer and Fehr, 2004; 

Milinksi et al., 2002; Samuelson and Allison, 1994). The Dictator Game (DG) (Bolton et 

al., 1998) is an often-used paradigm in which one player proposes a division of an 

endowment of money between themselves and a second player, who must passively 

accept the donor’s division. Many studies using this paradigm have probed the 

cognitive and neural mechanisms that shape concepts of fairness and altruism 

(Gummerum et al., 2010; Israel et al., 2009; Nettle et al., 2013; Wu et al., 2011). Other non-

interactive other-regarding decision-making tasks may involve moral decisions, such as 

in the trolley paradigm (Greene et al., 2001; Shenhav and Greene, 2014), or third-party 
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punishment, in which people may choose to punish someone who has violated a social 

norm (Buckholtz et al., 2008; Fehr and Fischbacher, 2004). 

Conversely, interactive decisions incorporate the input or behaviors of other 

individuals involved. One such decision is played out in the Ultimatum Game (UG) 

(Sanfey et al., 2003). The UG is similar to the DG, but with an interactive component. In 

the UG, once the donor proposes a division of the endowment, the recipient can decide 

whether to accept the offer – in which case the donor and recipient will receive what the 

donor proposed – or the recipient can refuse the offer – in which case neither participant 

will receive any money. The UG thus models decisions and fairness norms on behalf of 

both the donor and the recipient. In contrast to the DG, donors in the UG have to take 

into account the desires, expectations, and intentions of the recipient, and predict 

whether the recipient will view the offer as fair, so as to maximize the likelihood of 

acceptance and payout for both the donor and recipient. Consistent with this difference, 

donors typically offer larger proportions of the endowment in the UG than in the DG 

(Forsythe et al., 1994), since they need to take into account the recipient’s goals and 

views of fairness, as the donor’s reward outcome hinges on the recipient’s behavior. 

These findings suggest that donation behavior is not purely motivated by self-interest or 

economic value, but also by social norms and perceptions of fairness.  

Other paradigms used to examine interactive decision-making include tasks such 

as the public goods game (Fischbacher et al., 2001) and the trust game (Berg et al., 1995; 
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Delgado et al., 2005). Importantly, interactive decisions differ from non-interactive 

decisions in that they require individuals to incorporate another person’s mental state in 

order to predict their behavior. Because of this key difference, the two types of studies 

may have better applications in different domains. While interactive studies are critical 

for understanding the dynamic processes involved in cooperation and competition, non-

interactive decision paradigms may allow for more controlled investigations of how 

individuals make charitable or altruistic (or punishment) decisions – as they do not need 

to take into account the behaviors of others – and may provide more direct models for 

understanding how we represent or think about others in our environment. 

1.2 The social brain 

Social decision-making, by definition, involves information processing within a 

social context. Considerable research indicates that such information processing is 

primarily mediated by a specific collection of regions distributed across the brain, often 

referred to as the “social brain” or the “social network” (Brothers, 2002; Frith, 2007; Mars 

et al., 2012a; Tremblay et al., 2017), and that disruptions to social cognition may be due 

to aberrations in the network (Adolphs, 2010; Kennedy and Adolphs, 2012; Zilbovicius 

et al., 2006). This network of regions most reliably includes the temporoparietal junction 

(TPJ), medial prefrontal cortex (mPFC), and the posterior cingulate cortex and 

neighboring precuneus (PCC/PC). Critical for social decision-making is social perceptual 

processing, which often engages the superior temporal sulcus (STS) and amygdala 
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(AMYG). The following sections will discuss these social network regions and their roles 

in social cognition. 

1.2.1 The temporoparietal junction 

The TPJ is a notoriously enigmatic brain region, implicated in a variety of 

cognitive domains (Cabeza et al., 2012). The TPJ is a supramodal region, integrating 

input from auditory, somatosensory, visual, and limbic areas in the brain to encode 

social, spatial, and attentional processing, and to a lesser degree, language, and number 

processing (Carter and Huettel, 2013; Decety and Lamm, 2007). Part of the difficulty in 

specifying a functional role of the TPJ is due to the fact that it is functionally, rather than 

anatomically, defined (Bzdok et al., 2013). While the term “temporoparietal junction” 

can encompass cortex within the supramarginal gyrus, dorsocaudal aspects of the 

superior temporal gyrus, and dorsorostral aspects of the occipital gyrus (Carter and 

Huettel, 2013; Decety and Lamm, 2007; Mars et al., 2012b), there are no strict definitions 

of the anatomical borders that define the TPJ3.  

The study of the TPJ has largely been guided by functional neuroimaging 

research. Many such studies have implicated the TPJ in social cognition processing. The 

TPJ is found to exhibit heightened activation during theory of mind (TOM) tasks, in 

                                                        

3 From hereon, the term “TPJ” will refer to a region incorporating all areas that have been labeled as TPJ in 
the literature, as well as subregions and analogous areas labeled using different terms, including the 
intraparietal lobule, angular gyrus, and supramarginal gyrus. 
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which participants are asked to imagine or state other people’s beliefs (Corbetta et al., 

2008; Decety and Lamm, 2007; Saxe and Kanwisher, 2003; Saxe and Wexler, 2005), as 

well during moral judgement tasks (Feldmanhall et al., 2013; Young et al., 2007, 2010). 

The TPJ is associated with individual differences in altruistic behavior: in one study, 

participants observed other people playing a simple reaction-time game, and researchers 

found that TPJ during this task was significantly correlated with self-reported measures 

of altruistic behaviors (Tankersley et al., 2007); another study showed that grey matter 

density in the region tracks prosocial behavior in an altruistic adaptation of the 

willingness-to-pay task (Morishima et al., 2012); yet another study showed increased TPJ 

activation when participants exhibited altruistic behavior towards other in-group 

members (Baumgartner et al., 2012). 

More recently, the TPJ has been shown to represent unique information about 

social contexts. In one study, researchers had participants play a simplified poker task; 

some trials were played against a real human opponent, other trials against a computer 

algorithm (Carter et al., 2012). While activation in various social cognition-related 

regions reflected participants’ decisions when playing both the human and computer 

opponents, the TPJ was uniquely active for the human (social) trials. These important 

findings indicate that, while other social regions may be recruited for non-social 

processes (e.g., playing against a computer opponent), the TPJ is uniquely associated 

with making decisions in a social context. 
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The neuroimaging studies implicating the TPJ in social decision-making are 

additionally supported by manipulation studies. In one such study, researchers found 

that applying low-frequency transcranial magnetic stimulation (TMS; a non-invasive 

brain stimulation method that has been shown to disrupt normal cortical processing) to 

the right TPJ reduced participants’ use of beliefs in judging moral scenarios compared to 

TMS to a control region in the brain (Young et al., 2010). Another study found that 

applying transcranial direct current stimulation (tDCS; a non-invasive stimulation 

method) in a way shown to enhance cortical activity improved self-other representations 

without affecting the attributions of mental states to the self or another (Santiesteban et 

al., 2012). Taken together, these studies point to a unique – and perhaps casual – role of 

the TPJ in representing the beliefs and intentions of other agents. 

Further complicating the study of TPJ function, there is currently no consensus 

on (Husain and Nachev, 2007; Lynch and McLaren, 1989; Seghier, 2013) whether a non-

human primate homologue to human TPJ exists. Because there is no precise anatomical 

definition of the TPJ, and because it is typically functionally defined during social tasks 

that are thought to be uniquely human (Saxe, 2006), there is currently no direct evidence 

for the existence of a monkey homologue of the human TPJ. As a means to further 

examine where there is a monkey homologue of the human TPJ, one study used resting-

state functional connectivity on humans and anesthetized rhesus macaques, and 

examined whether there are any regions in the macaque brain that exhibit a functional 
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connectivity profile similar to that of the human TPJ (Mars et al., 2013). The researchers 

found one region in the middle superior temporal sulcus (mSTS) in the monkey brain 

that was most similar to the human TPJ resting-state functional connectivity profile. 

Interestingly, this same region has been shown to respond to images of faces (Perrett et 

al., 1982; Tsao et al., 2003, 2006), as well as eye gazes oriented in a particular direction 

(Perrett et al., 1992). Thus, while there has yet to be a functional test of the mSTS in 

monkeys to examine whether it subserves similar social decision processes as human 

TPJ, this research indicates that it interacts with other brain regions in a similar manner 

as the human TPJ. 

Taken together, there is evidence that the TPJ is recruited for a variety of 

cognitive domains, but that it may carry unique information relevant to making 

decisions in a social context.  

1.2.2 The posterior cingulate and precuneal cortices 

 The posterior cingulate and neighboring precuneal cortices (PCC/PC) are, similar 

to the TPJ, enigmatic regions of the brain. This area of cortex lies in the medial aspect of 

the inferior parietal lobe, lining the dorsal part of the posterior corpus callosum (Leech 

and Sharp, 2013; Parvizi et al., 2006). The PCC/PC has been linked to many functions in 

humans and non-human primates, including changes in the environment (Hayden et al., 

2008), reward outcome magnitude (McCoy et al., 2003), risk sensitivity (McCoy and 

Platt, 2005), task engagement (Hayden et al., 2009), autobiographical memory (Maddock 



 

12 

et al., 2001; Spreng et al., 2008), spatial orienting (Grön et al., 2000; Sutherland et al., 

1988), and cognitive control (Bonnelle et al., 2011; Hampson et al., 2006; Leech et al., 

2011).  

There is additionally a large corpus of research linking the PCC/PC to social 

cognition. Posterior cingulate and precuneal cortex activation is often seen in response to 

emotionally salient social images and words (Maddock, 1999; Maddock et al., 2003), and 

to familiar relative to unfamiliar faces (Maddock et al., 2001). The PCC/PC additionally 

exhibits increased activation during first- and third-person perspective taking (Vogeley 

et al., 2004; Vogeley and Fink, 2003) and self-referential thinking (Johnson et al., 2002) – 

processes critical for distinguishing between oneself and others, and theory of mind – as 

well as during tasks involving forgiveness and empathy (Farrow et al., 2001; Völlm et 

al., 2006).  

In addition to laboratory experiments, the PCC/PC exhibits impaired functioning 

in a variety of psychopathologies marked by social disruptions. Altered PCC/PC 

functioning is seen in patients diagnosed with ASD (Cherkassky et al., 2006; Chiu et al., 

2008; Kennedy et al., 2006), and the magnitude of PCC/PC activity disruption tracks 

ASD symptom severity (Chiu et al., 2008; Kennedy et al., 2006). Aberrant PCC/PC 

function is also shown to be predictive of early-onset Alzheimer’s disease, a condition 

marked by impaired autobiographical memory and social memory (e.g., recognizing 

familiar faces) (Greene et al., 1995; Greene and Hodges, 1996). 
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Collectively, this body of research implicates the PCC/PC as having a critical role 

in processing social cognition, potentially both in decision-making and perceptual 

domains, and by processing affective signals related to social stimuli in the environment. 

1.2.3 The medial prefrontal cortex 

The medial prefrontal cortex (mPFC) has been shown to encode various aspects 

of social cognition required for other-regarding decision-making, and some researchers 

have claimed it to be a core node of the social brain (Amodio and Frith, 2006; Clithero 

and Rangel, 2014). While the mPFC is recruited across a variety of cognitive processes – 

including emotional processing (Etkin et al., 2011; Morgan et al., 1993), conflict and error 

monitoring (Botvinick et al., 2001; Carter et al., 1998; Nee et al., 2011), economic decision-

making (Critchley and Rolls, 1996; Hare et al., 2010; Knutson et al., 2005; Smith et al., 

2010), and motivation (Holroyd and Yeung, 2012; Kouneiher et al., 2009) – the region is 

consistently active during tasks related to social cognition. The mPFC is consistently 

recruited during tasks that require participants to think about other people’s mental 

states, experiences, or intentions (Gallagher and Frith, 2003; Vogeley et al., 2001) – 

processes often invoked when interacting with others or predicting other people’s 

actions. Research has also indicated that the mPFC is recruited during tasks involving 

prosocial decision-making, such as donating rewards to others (Chang et al., 2013; Hare 

et al., 2010) and spending time helping others (Waytz et al., 2012), reflecting its 

contribution to specific types of social interactions. Evidence for mPFC contributions to 
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social cognition also come from disorders characterized by disruptions in social 

behavior (e.g., ASD, psychopathy, schizophrenia); many such disorders are also marked 

by disruptions to the structure and function of the mPFC and nearby orbitofrontal and 

anterior cingulate cortices (Anderson and Kiehl, 2012; Fujiwara et al., 2007; Gilbert et al., 

2008).  

A large body of research on the contributions of the prefrontal cortex to social 

behavior comes from studies conducted on rhesus macaques. Single-cell recordings in 

the monkey anterior cingulate cortex suggest that the region encodes information about 

other individuals (rather than ourselves) (Apps et al., 2016; Apps and Ramnani, 2014; 

Behrens et al., 2009; Chang et al., 2013), and social signals have also been seen in single-

cell recordings from the monkey orbitofrontal cortex (OFC) (Azzi et al., 2012; Watson 

and Platt, 2012). Additionally, experimental lesions to the OFC and anterior cingulate 

cortex (ACC) – regions encompassed within the broader prefrontal cortex – have led to 

disruptions in social behaviors, including aggression towards others, patterns of 

affiliation, and the production of facial expressions (Babineau et al., 2011; Hadland et al., 

2003; Izquierdo et al., 2005; Machado and Bachevalier, 2006; Myers et al., 1973; Rudebeck 

et al., 2006).  

While the mPFC is recruited during a wide variety of tasks, a proposed unified 

account of mPFC function suggests that mPFC supports integrating complex 

representations of potential decisions and subsequent outcomes of those decisions, and 
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that this integration is critical to making social decisions (Amodio and Frith, 2006). Thus, 

the mPFC may carry information that is critical for many types of decisions, including 

those that underlie social behaviors.  

1.2.4 Social perceptual regions in the brain 

The ability to perceive and recognize another individual is paramount to social 

interactions. In order to know friend from foe, read body language cues, and 

communicate appropriately, individuals must perceive and identify social perceptual 

signals. Such successful social behavior requires that the brain prioritize certain domains 

over others – selecting goal-relevant social stimuli and attending to them effectively – in 

order to shape subsequent interactions and allow for adaptive behavior. Indeed, a long 

history of research suggests that the human brain is predisposed for such privileged 

processing and attention to social stimuli. For example, infants prefer to view faces 

starting at a very early age (Morton and Johnson, 1991), can even discriminate between 

averted and direct eye gaze of others at only a few days old (Farroni et al., 2002). 

Additional supporting research indicates that humans more readily detect a human face 

amongst other distractors (Lavie, et al., 2003; Ro, et al., 2001). Corresponding evidence 

has been found in non-human primates. There is evidence that humans and rhesus 

macaques both follow the gaze cues of other individuals in their environment (Deaner 

and Platt, 2003; Frischen et al., 2007; Langton and Bruce, 1999; Shepherd et al., 2009), are 

both affected by the species of face displayed in an image, and that changes to images of 
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faces (e.g., blurring or inversions) result in similar changes in gaze patterns (Dahl et al., 

2009); these results suggest that the two species have similar mechanisms underlying 

processing faces. Additional studies have demonstrated that rhesus monkeys will forego 

juice rewards to view images of more dominant monkey faces and of female perinea, but 

not to view images of subordinate monkey faces (Deaner et al., 2005; Klein and Platt, 

2013; Watson and Platt, 2012), suggesting a preference for, and utility of, access to 

certain social perceptual information. These results demonstrate that both humans and 

non-human primates prioritize processing of, and attention to, social stimuli in the 

world to shape appropriate social behavior. 

Prior research has shown that both the human and non-human primate brains 

have specific neural circuitry that process social stimuli. Most studies have used visual 

stimuli, such as images of faces and videos depicting changes in facial expressions or 

biological motion. In humans, studies have pointed to the fusiform gyrus (Engell and 

McCarthy, 2014; Kanwisher et al., 1997; Kanwisher and Yovel, 2006; McCarthy et al., 

1997), superior temporal sulcus (STS) (Hoffman and Haxby, 2000; Puce et al., 1998), and 

amygdala (Bonda et al., 1996; Kawashima et al., 1999; Mormann et al., 2015) as regions 

that encode social perceptual stimuli in the visual domain. In rhesus macaques, 

electrophysiological and neuroimaging studies have demonstrated that cells throughout 

the temporal cortex – often found in patches –  uniquely process images of faces 

(Freiwald et al., 2009; Perrett et al., 1982, 1984, Tsao et al., 2003, 2006, 2008; Tsao and 
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Livingstone, 2008), and cells in the amygdala detect face identity and expression, as well 

eye contact (Gothard et al., 2007; Leonard et al., 1985; Mosher et al., 2014). Collectively, 

this body of research highlights a behavioral bias towards processing social stimuli, and 

suggests that this bias is mediated by brain regions even at the level of perception. 

1.2.5 The default-mode network and the social brain 

The default-mode network (DMN) is a large-scale functional network in the 

brain, consisting of the TPJ, PCC/PC, and mPFC (as well as – although less reliably – 

regions of the medial temporal lobe and lateral temporal lobe) (Greicius et al., 2003; 

Mars et al., 2012a; Raichle et al., 2001). The DMN gained particular attention when 

researchers found that these regions tend to show increases in activation and 

connectivity during “rest” (when participants are allowed to mind wander and 

ruminate), and decreases in activation during externally-driven tasks (Fox et al., 2005; 

Raichle et al., 2001; Shulman et al., 1997). Extending this earlier work, others have found 

particular associations with task behavior: DMN activation is frequently linked to 

decrements in behavior and engagement in humans (Eichele et al., 2008; McKiernan et 

al., 2003; Weissman et al., 2006) and non-human primates (Hayden et al., 2009, 2010; 

Heilbronner and Platt, 2013), and the DMN exhibits aberrant activity in a number of 

psychopathologies, including ASD (Assaf et al., 2010; Kennedy and Courchesne, 2008; 

Weng et al., 2010), schizophrenia (Garrity et al., 2007; Whitfield-Gabrieli et al., 2009), and 

depression (Grimm et al., 2011; Posner et al., 2016; Sheline et al., 2009). Taken together, 
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this body of research implicates the DMN as a critical component in regulating 

attentional states and cognition more broadly (Leech and Sharp, 2013; Pearson et al., 

2011). 

Although initial research on the DMN primarily adopted a model wherein DMN 

engagement is temporally anticorrelated with task engagement (Fox et al., 2005; 

Fransson, 2005), more recent research indicates that this model may be overly simplistic: 

the brain regions within the DMN do not consistently deactivate during tasks. Notably, 

they tend to exhibit increases in activation during tasks engaging social cognition 

processes; in fact, there is a strong spatial overlap between the regions comprising the 

DMN and the regions comprising the social brain (Corbetta et al., 2008; Mars et al., 

2012a). One meta-analysis demonstrated that both at the network level and individual 

region level (e.g., PCC, TPJ, PCC), there is a strong and consistent overlap between the 

areas recruited during social cognition tasks and those that comprise the DMN (Mars et 

al., 2012a). 

In addition to the study of the DMN in humans, researchers have also examined 

the DMN and its relationship to social cognition in rhesus macaques. Studies using 

functional neuroimaging demonstrated that, at rest, rhesus monkeys exhibit neural 

activation similar to the human DMN (although in this case, the animals were under 

light anesthesia): researchers found a network consisting of the PCC/PC, mPFC, lateral 

temporoparietal cortex, and posterior parahippocampal cortex (Vincent et al., 2007). 
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Notably, this network map overlapped considerably with the network map obtained 

from humans using the same analytical approach.  

An interesting insight into the relationship between the DMN and social 

cognition came from a study of rhesus macaques. In this study, researchers examined 

whether an individual’s social network size could affect the structure of regions that are 

associated with social cognition (Sallet et al., 2011). To examine this, they placed 23 

monkeys into housing groups of various sizes, between two and seven animals, for an 

average period of 15 months, and examined grey matter across the brain. The 

researchers found that, compared to the group-average brain, grey matter in the mSTS, 

inferior temporal gyrus, and rostral superior temporal gyrus was positively correlated 

with social network size. Notably, these regions are all implicated in aspects of social 

cognition; for example, the mSTS in rhesus monkeys is responsive to images of faces and 

body movements (Oram and Perrett, 1994; Tsao et al., 2006), and is shown to have a 

functional connectivity profile similar to the human TPJ (Mars et al., 2013). The authors 

also obtained resting-state functional connectivity: using the mSTS activation region as a 

seed, they found a network connecting the mSTS to the ACC. Critically, this network of 

regions strongly overlaps with the resting-state map shown in Vincent et al., 2011, 

reflecting a spatial overlap between a functional connectivity-defined social network 

and the DMN in rhesus macaques. The researchers additionally found that connectivity 

between the mSTS and the ACC increased with social network size, demonstrating that 
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connectivity between these regions is strengthened according to social stimuli and 

environment. Lastly, a related study took this inquiry one step further. In this study, the 

authors used independent component analysis to extract the macaque functional 

network that most resembled DMN, and examined how connectivity with this network 

changed as a function of social network size (Mars et al., 2012a). The authors found that 

as social network size increased, the medial frontal cortex exhibited increased 

connectivity with the DMN, suggesting that the social environment affects DMN 

function. Collectively, these two studies strongly suggest that DMN structure and 

function are directly impacted by social network size. 

It is important to note that while there is evidence suggesting a strong spatial 

overlap between the social brain the DMN, and an association between social 

environmental constraints and DMN function, these studies do not speak to the function 

of the network; i.e., the authors do not claim that the DMN processes social information. 

Further research examining the processes that drive the DMN will be required to better 

understand the relationship between the social brain the DMN. 

1.3 Open questions and experimental aims 

There still remain many open questions about the structure and function of the 

social brain. Here, I will describe some of the questions that remain regarding how 

prototypically social regions in the brain process aspects of social interactions and 
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cognition. Each subsequent Aim is expanded on in an experimental chapter in this 

dissertation. 

Open Question 1. While a large body of research suggests that regions 

comprising the social brain are recruited for social decision-making, there is 

considerable evidence that these regions exhibit different patterns of activation when 

recruited by other cognitive tasks (Leech et al., 2011; Mars et al., 2012b; Nee et al., 2011). 

Given that regions of the social brain are recruited differentially during a variety of 

other tasks, are there discrete subregions within the larger social network that are 

unique to other-regarding behavior processing? What is the underlying structure of the 

social brain? 

Aim 1. Characterize the structure of the social network using multiple spatial 

regression techniques that allow us to parcel out subregions that uniquely reflect other-

regarding decision processes. 

Open Question 2. A growing body of literature highlights the associations 

between functional networks (e.g., the DMN and the executive control network) and 

behavior both in and out of task settings (Assaf et al., 2010, NeuroImage; Chen et al., 2013, 

PNAS; Smith et al., 2015, Nat. Neuro). However, a significant challenge has been 

examining direct functional contributions of these networks in shaping behavior in 

social contexts. How do goal-oriented functional networks interact with domain-specific 

cortical sites to shape behavior in social contexts?  
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Aim 2. Use novel analytical techniques, combining independent component 

analysis and psychophysiological interaction analysis, to examine how large-scale, 

domain-general networks directly interact with focal cortical regions to shape 

subsequent behavior in social contexts. 

Open Question 3. The processing of social perceptual stimuli is critical for 

making social decisions (Adolphs, 2001), and neuropsychological disorders marked by 

deficits in social behavior are often also marked by deficits in social perception (Adolphs 

et al., 2001; Dawson et al., 2005; Kleinhans et al., 2008; Zilbovicius et al., 2006). What are 

the neural mechanisms underlying the effect of social perception on social decision-

making? How do perceptual and decision making processes interact to orchestrate social 

behavior? 

Aim 3. Characterize the relationship between social perception (e.g., seeing a 

face) and social decisions (e.g., reward allocation between oneself and another) in the 

monkey STS, a region shown to process social stimuli. 
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2.  Distinct subregions within the social network 
uniquely track other-regarding decision-making 

What happens to others profoundly shapes our own behaviors. Such other-

regarding observations motivate our own social decisions, via mechanisms such as 

vicarious reward and punishment, and shape complex behaviors, such as cooperation 

and charity, as well as competition and schadenfreude. While a large corpus of research 

indicates that there is a network of brain regions that is reliably engaged during social 

cognitive processes, other lines of research indicate that these same regions show 

complex patterns of subregional activation during tasks that probe other cognitive 

domains (for example, differential recruitment of dorsal and ventral subregions of a 

larger region during different tasks), reflecting subregional heterogeneity. Thus, 

questions remain regarding the function of individual regions of the social network, as 

there is an apparent functional divisibility amongst regions within the social network. 

Here, we examined the functional subregional heterogeneity within a task-derivsed 

social network while participants played a financial decision-making task for themselves 

and for a charity of their choice. We utilized independent component analysis on 

individual other-regarding regions within our social network, producing independent 

subregions within each larger region. We then used spatial multiple regression to 

measure each subregion’s time course, while controlling for the influence of the other 

subregions’ temporal dynamics. While traditional univariate analysis indicated that all 
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subregions within our task-derived social network exhibited increased activation during 

other-regarding trials, our multiple regression approach demonstrated that distinct 

subregions within each region were modulated differently during decisions for others, 

relative to decisions for oneself. These findings indicate functional subregional 

heterogeneity within the social network, and highlight the importance of using data-

driven multiple regression to gain greater specificity in understanding the neural 

mechanisms driving social behavior. 

2.1 Introduction 

Other-regarding behaviors – such as giving to charity or cooperating with others 

–  are a critical feature of social life; how we interact with others affects not only their 

welfare, but also our own. In fact, psychologists have long recognized that our behavior 

is guided by its consequences for those around us (Bandura et al., 1963; Bandura and 

McDonald, 1963). Over the past decade, research has made substantial progress in 

identifying the neural mechanisms that support a variety of social interactions using 

neuroimaging, neuropsychological, and neuropsychiatric studies in humans (Adolphs et 

al., 2002; Anderson et al., 1999; Carter et al., 2012; Cicerone and Tanenbaum, 1997; Fehr 

and Camerer, 2007; Feldmanhall et al., 2013; Moll et al., 2006; Willis et al., 2010), as well 

as neuroimaging and single-unit studies in nonhuman animals (Chang et al., 2013; 

Deaner and Platt, 2003; Haroush and Williams, 2015; Hessler and Doupe, 1999; Noonan 

et al., 2014; Sallet et al., 2011; Watson and Platt, 2012). The network of regions that most 
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reliably encodes social interactions includes the posterior cingulate and precuneal 

cortices (PCC/PC), the temporoparietal junction (TPJ), the medial prefrontal cortex 

(mPFC), and the temporal sulcus and gyrus (Fehr and Camerer, 2007; Frith, 2007), and is 

often referred to as the “social network” (Brothers, 2002; Frith, 2007; Mars et al., 2012a). 

While several lines of research suggest that this network of regions reliably 

supports other-regarding behaviors (Hare et al., 2010; Johnson et al., 2002; Tankersley et 

al., 2007; Vogeley and Fink, 2003; Young et al., 2010), there appears to be heterogeneity 

within the network, both at the regional and subregional levels. Regional heterogeneity 

is seen when individual regions within the network (e.g., PCC, TPJ, mPFC) are 

differentially associated with particular behaviors or show different functional 

connectivity profiles. For example, the mPFC is more strongly recruited during specific 

prosocial decisions, including donating money to charity (Hare et al., 2010), and 

spending time helping others (Waytz et al., 2012), whereas the TPJ has been shown to be 

uniquely recruited during games played in social contexts, as it is uniquely active when 

participants played a human opponent compared to a computer opponent (Carter et al., 

2012). Findings of regional heterogeneity demonstrate that the social network does not 

necessarily act as a unified collection of regions to orchestrate social behavior, and that 

constituent regions likely perform different roles in social cognition.  

In addition to regional heterogeneity, subregional heterogeneity has also been 

identified within the regions comprising the social network. Subregional heterogeneity 
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is demonstrated when different subregions within a larger region (e.g., dorsal and 

ventral subregions of the TPJ, or posterior and anterior subregions of the PCC) are 

differentially activated during tasks or exhibit different functional connectivity profiles 

from one another. Evidence of subregional heterogeneity has been described in the 

mPFC during a task probing conflict and task switching (Nee et al., 2011), in PCC/PC 

during a cognitive control task (Leech et al., 2011; Utevsky et al., 2014), and in TPJ using 

functional and structural connectivity metrics (Mars et al., 2012b). These findings 

suggest that there may be different processes or computations performed across each 

region, but there is little known about whether functional subregional heterogeneity 

exists during tasks involving other-regarding behaviors. Thus, a debate remains 

regarding the function of the individual subregions of the social network, as there is an 

apparent divisibility, and possibly lack of specificity, amongst regions within the social 

network. 

 In the current study, we examined the functional subregional heterogeneity 

within the social network while participants made financial decisions for themselves 

and for a charity of their choice during a traditional gain-loss framing task (De Martino 

et al., 2006). We used spatially-restricted independent component analyses (ICAs) on 

individual other-regarding regions within our task-derived social network. This 

approach allowed us to identify independent subregions within each region in the 

network. We measured each subregions’ time course using spatial multiple regression to 
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quantify each subregion’s temporal dynamics while controlling for the influence of other 

subregions (see Chapter 6. Appendix: Precuneus is a functional core of the default-mode 

network). Critically, while traditional univariate analyses indicated that all subregions 

within our task-derived network exhibited increased activation during other-regarding 

decisions, our multiple regression approach demonstrated that distinct subregions 

within each larger region were modulated differently during other-regarding (relative to 

self-regarding) decisions. These findings highlight the importance of using multiple 

regression techniques to gain greater specificity in neural mechanisms underlying social 

cognition, and additionally demonstrate the functional heterogeneity that exists within 

the putative social network. 

2.2 Methods and materials 

2.2.1 Participants 

A group of 232 participants completed the task as one of a battery of tasks in the 

scanner (see Chapter 6. Appendix: Precuneus is a functional core of the default-mode 

network for details). All participants were screened prior to data collection to rule out 

prior or current psychiatric or neurological illness. We excluded 36 participants due to 

data quality issues (see 2.2.5 Preprocessing) and we excluded 21 participants due to task 

performance (Li et al., submitted). These exclusions left a final sample of 175 participants 

(mean age: 21.9 years, range: 18-31; 81 males).  
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Participants gave written informed consent as part of a protocol approved by the 

Institutional Review Board of Duke University Medical Center. 

2.2.2 Stimuli and tasks 

The main task analyzed here was an adaptation of a financial decision-making 

task that has previously been used to study gain-loss framing effects (De Martino et al., 

2006). Participants performed three runs of the task, although only the first usable run 

for each participant was included in the analysis (see 2.2.5 Preprocessing); each run 

consisted of 42 trials. Each trial of the framing task began with a cue for 1000 ms that 

indicated an initial monetary endowment (varied uniformly from $8 to $42), as well as 

whether the monetary outcome of the trial’s decision would be awarded to the 

participant or to the participant’s chosen charity (Figure 1). Following the cue, 

participants were presented with two options represented by pie charts, and had to 

select one via button press. One option was a “sure” bet, and was framed such that the 

participant could keep (gain frame) or lose (loss frame) the entire trial’s endowment. The 

other option was a “gamble” option that indicated the probability (20% - 75%) of 

keeping or losing the trial’s endowment. Left and right positions of the safe and gamble 

options were randomized across trials. This decision phase lasted a maximum of 4000 

ms. Each decision phase was followed by an intertrial interval (ITI) jittered between 2000 

and 6000 ms.  
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On half of the trials in each run, participants played for themselves; on the other 

half, they played for a charity of their choice that was selected prior to beginning the 

task (Animal Protection Society of Durham, Durham Literacy Center, Easter Seals UCP 

North Carolina, or American Red Cross: The Central North Carolina Chapter). At the 

end of the experiment, one trial from the task was randomly chosen to be carried out for 

payment purposes; this procedure ensured incentive compatibility across all trials. Tasks 

were programmed using the Psychophysics Toolbox version 2.54  (Brainard, 1997). 

 

 

Figure 1: Task Structure. Participants performed a modified gain-loss framing task 
which examined financial decision-making behavior. Critically, on half of the trials, 

participants made decisions regarding financial outcomes for themselves; on the other 
half, they made decisions regarding financial outcomes for a charity of their choice. 

Each trial of the task began with an initial endowment cue (1000 ms) that also 
indicated the recipient of the decision (self or charity). Following the endowment cue, 

participants had to choose between a gamble option or a safe option with a 
guaranteed proportion of the initial endowment (4000 ms). The safe option was 

presented in one of two frames: a gain frame and a loss frame. Following the 
participant’s choice, a fixation cross appeared on the screen (2000 – 6000 ms).  

2.2.3 Behavioral analysis 

The behavioral gain-loss framing effect was calculated by computing the 

difference between the frequency of gamble choices in the loss frame relative to the 

Keep $10
Lose All

Keep All

You receive
$40

(or)

Charity receives
$40

Cue (1000 ms) Decision phase (max 4000 ms) ITI (2000 - 6000 ms)

+
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frequency of gamble choices in the gain frame. Framing effects were additionally 

calculated separately for trials played for charity and trials played for the participants.  

The behavioral framing results are not central to the core analyses presented, 

which parcel other-regarding regions during the gain-loss framing task; however, they 

serve as an important check on behavior and may lend support towards the 

interpretation of any neural differences during other-regarding (e.g., charity) and self-

regarding decisions.  

2.2.4 Image acquisition 

 Neuroimaging data were collected using a General Electric MR750 3.0 Tesla 

scanner using an 8-channel parallel imaging system. T2*-weighted images were 

collected using a spiral-in sensitivity encoding sequence (acceleration factor = 2) with 

slices parallel to the axial plane connecting the anterior and posterior commissures 

(repetition time (TR): 1580 ms; echo time (TE): 30 ms; matrix: 64 x 64; field of view 

(FOV): 243 mm; voxel size: 3.8 x 3.8 x 3.89 mm; 37 axial slices; flip angle: 70 degrees). 

These sequences were chosen to reduce susceptibility to artifacts in ventrofrontal regions 

(Truong and Song, 2008). The first eight volumes of each run were removed to allow for 

magnetic stabilization. We additionally collected whole-brain high-resolution 

anatomical scans to facilitate coregistration and normalization of the functional data (T1-

weighted FSPGR sequences; TR: 7.58 ms; TE: 2.93 ms; matrix: 256 x 256; FOV: 256 mm; 

voxel size: 1 x 1 x 1 mm; 206 axial slices; flip angle: 12 degrees). 
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2.2.5 Preprocessing 

All of our preprocessing was done using the FMRIB Software Library Package 

(FSL Version 4.1.8; http://www.fmrib.ox.ac.uk/fsl/; Smith et al., 2004; Woolrich et al., 

2009). We corrected for head motion by realigning the time series to the middle volume  

and removed non-brain material using a brain extraction tool (Smith, 2002). We then 

corrected for intravolume slice-timing differences using Fourier-space phase shifting 

and aligning to the middle slice (Sladky et al., 2011). Next, we spatially smoothed images 

using a 6 mm full-width-half-maximum Gaussian kernel and applied a high-pass 

temporal filter with a 150 s cutoff (Gaussian weighted least-squares straight line fitting, 

with sigma = 75 s). Each 4-dimensional dataset was grand-mean intensity normalized 

using a single multiplicative factor. Lastly, we spatially normalized functional data to 

the MNI avg152 T1-weighed template with 3mm isotropic resolution using a 12-

parameter affine transformation in FLIRT (Jenkinson and Smith, 2001).  

In addition to our preprocessing and quality control, we examined three partially 

correlated measures of quality assurance and excluded runs with extreme values on 

these metrics (Smith et al., 2014b; Utevsky et al., 2014). First, we estimated the average 

signal-to-fluctuation-noise ratio for each run (Friedman and Glover, 2006). Second, we 

computed the average volume-to-volume motion for each run. Third, we identified 

outlier volumes in the functional data by estimating the root-mean-square error (RMSE) 

of each volume relative to the middle time point; a volume was considered an outlier if 
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its RMSE amplitude exceeded the 75th percentile plus 150% of the interquartile range of 

RMSE for all volumes in a run (i.e., standard boxplot thresholding). Runs were excluded 

if any of the three measures was extreme relative to the other participants (i.e., outside of 

the 5th percentile). 

Lastly, because artifacts (e.g., motion) can severely distort connectivity results 

(Jansen et al., 2012; Power et al., 2012), we regressed out variance tied to 6 parameters 

related to motion (rotations and translations along the three principal axes), as well as 

outlier volumes. Regressing out outlier volumes is analogous to “scrubbing”, but it does 

not distort the temporal autocorrelation structure (Power et al., 2015). 

2.2.6 Neuroimaging analysis 

Our neuroimaging analysis proceeded in three steps, each described in a 

separate section below (Figure 2). First, we used a univariate general linear model 

(GLM) to examine regions encoding other-regarding decisions; that is, those regions that 

show greater changes in activation during charity-regarding trials relative to self-

regarding trials. Next, we submitted each of the discrete regions from the univariate 

GLM to an independent component analysis (ICA) to extract 10 independent, coherent 

subregions within each region of interest. We then ran a spatial multiple regression 

(implemented using FSL’s dual regression) to extract time courses for each subregion for 

each participant (for more details on this analysis, see 6. Appendix: Precuneus is a 

functional core of the default-mode network). Lastly, we regressed each participant’s 



 

33 

subregion’s temporal dynamics on charity and self-regarding trials to examine whether 

any of these subregions uniquely tracked other-regarding trials (relative to self-

regarding trials).  

 

Figure 2: Schematic Diagram of Analysis. All participants performed a social 
adaptation of a gain-loss framing task. After preprocessing, all first useable runs of 

the functional data were submitted a general linear model to identify other-regarding 
regions (i.e., those that show greater activation for trials played for charity compared 
to trials played for the participants). Each of the three regions (left anterior middle 

temporal gyrus, left temporoparietal junction, and precuneal cortex) was submitted to 
a spatially-restricted independent component analysis, resulting in ten spatial 
subregion maps for each region of interest. The ten subregion maps were then 
submitted to a spatial multiple regression to quantify, for each participant, the 

connectivity of each voxel (across the whole brain) and each subregion map, while 
controlling for the influences of the other subregions. The time courses for each 

subregion were then used in a behavioral regression to estimate the effect of other-
regarding decisions (relative to self-regarding decisions) on the temporal dynamics of 

each subregion map. 

Other-Regarding Subregion Identification

Spatial Regression

Identifying Subregions’ Task-Predictiveness

Y = Subject-specific time courses X = Subject-specific task regressors

For each subject, estimates the association between the time courses 

for each spatial map and task-relevant behavior.
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Y = Xβ + ξ

Social Gain-Loss Framing Task
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Charity > Self GLM
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For each spatial map, estimates subject-specific
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All brain images and activations are displayed using MRIcroGL 

(http://www.mccauslandcenter.sc.edu/mricrogl/) (Rorden et al., 2007). All coordinates 

are reported in Montreal Neurological Institute (MNI) space.  

2.2.7 Identifying other-regarding regions of interest 

Neuroimaging analyses were conducted using FEAT (FMRI Expert Analysis 

Tool) Version 5.98 (Smith et al., 2004; Woolrich et al., 2009a). Our first-level analysis used 

a univariate GLM on each participant’s first useable run. Each first-level model included 

four regressors to model each condition: charity-gain frame, charity-loss frame, self-gain 

frame, self-loss frame. The durations of regressors were defined as the period of time 

from the presentation of the cue to the time of choice in order to control for confounding 

effects related to response time (Grinband et al., 2011). We additionally included two 0 s 

impulse regressors to model the cue and its associated value, as well as nuisance 

regressors to indicate whether the trial was a lapse trial, and to model head motion and 

outlier volumes. All task-related regressors (i.e., excluding head motion and outlier 

volume regressors) were convolved with the canonical hemodynamic response function. 

We additionally included a nuisance regressor identifying outlier volumes in the run. 

Statistical significance was assessed using Monte Carlo permutation-based 

testing with 10,000 permutations and implementing threshold-free cluster enhancement 

to estimate clusters of activation that survived a family-wise error-rate correction of 5% 
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(Eklund et al., 2016; Nichols and Holmes, 2002; Smith and Nichols, 2009; Winkler et al., 

2014).  

2.2.8 Identifying coherent subregions within other-regarding regions 
of interest 

We defined regions of interest (ROIs) as regions of voxels that displayed 

increased activation during charity-regarding trials (relative to self-regarding trials) 

using the univariate GLM. Each spatially separate group-level ROI was then used to 

mask each participant’s functional data, and the masked data was submitted to 

spatially-restricted independent component analyses (ICA) using FSL’s MELODIC 

(Multivariate Exploratory Linear Decomposition into Independent Components) 

Version 3.10 (Beckmann and Smith, 2004; Leech et al., 2012). The three ROIs from the 

univariate GLM thus led to three separate ICAs. Each ICA identified subregions within 

an ROI with spatially and temporally distinct patterns of activation, and was restricted 

to isolate 10 independent subregions (Leech et al., 2012). To confirm the validity of the 

subregions extracted when forcing 10 dimensions on the ICA, we additionally ran all 

analysis using 7 and 15 dimensions (Leech et al., 2011) and identified subregions that 

were reliable in the three dimensionalities. We identified a subregion in the 10-

dimensional ICA as reliable if the subregions it was maximally spatially correlated 

within the 7- and 15-dimension ICAs were maximally correlated with one another. 

All unthresholded spatial subregions from each ICA were then submitted to a 

spatial multiple regression (via FSL’s dual regression analysis) to estimate subregions’ 
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time courses while controlling for the effects of the other subregions within the ROI 

(Filippini et al., 2009; Smith et al., 2014b).  

2.2.9 Evaluating other-regarding modulation in reliable subregions 

In order to examine whether any distinct subregion uniquely tracked other-

regarding decisions (relative to self-regarding decisions), we ran a GLM with the time 

courses of all subregions to examine whether the temporal dynamics from each 

subregion is modulated by other-regarding trials (relative to self-regarding trials), when 

taking into account the influences of all other subregions within the ROI. Importantly, 

because each ROI was defined according to increased activation during charity trials 

relative to self-regarding trials, we would expect that all independent subregions from 

each ICA applied to the ROIs should show significant increases in activation; any 

differences in activation across the subregions using these ICA and spatial regression 

techniques would indicate an increased sensitivity of this analysis relative to univariate 

techniques. 

2.3 Results 

2.3.1 Behavioral results 

We first examined whether our participants exhibited a gain-loss framing effect 

by comparing the frequency of gamble choices in the loss frame relative to the gain 

frame. Consistent with previous results, we found that participants exhibited increased 

likelihood of gambling in the loss frame relative to the gain frame (F(1, 174) = 164, p < 0.001; 
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Figure 3A). Importantly, participants showed no differences in gambling behavior when 

they were playing for a charity compared to when they were playing for themselves (F(1, 

174) = 1.38, p = 0.24), and there was no interaction between frame and reward recipient (F(2, 

173) = 0.68, p = 0.41) (Figure 3A). We additionally found that, as an aggregate, the framing 

manipulation affected participants’ choices in a similar manner for trials played for 

charity and for trials played for the participants, themselves (r = 0.69, p < 0.001) (Figure 

3B). 

 

Figure 3: Decision Frame, not Reward Recipient, Affects Behavior. (A) Participants 
gambled more when decisions were framed as a potential loss compared to a potential 
gain, consistent with the canonical gain-loss framing effect. Critically, the proportion 
of gambles in the gain and loss frames did not vary according to who the participant 

was playing for (charity or self). (B) As an aggregate, the framing effect was consistent 
within participants for charity- and self-regarding trials. 
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2.3.2 Identifying reliable subregions within the other-regarding 
network 

We first sought to identify regions in the brain that track decisions made for 

others (relative to oneself) in our modified gain-loss framing task. Our univariate GLM 

analysis indicated that trials that were played for charities of the participants’ choices 

(relative to trials played for the participants, themselves) were encoded in three regions: 

the left temporoparietal junction (lTPJ), the anterior middle temporal gyrus (aMTG), and 

the precuneal cortex (PC) Figure 4; Table 1). 
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Figure 4: Regions Activated During Other-Regarding Decisions in a Framing Task. To 
identify brain regions whose activation increased during other-regarding (charity) 

trials relative to self-regarding trials, we conducted a whole brain analysis at a cluster-
forming threshold of z = 2.3 and a corrected cluster-significance threshold of p < 0.05. 
We then submitted the group-level results to Monte Carlo permutation-based testing 
with 10,000 permutations and a a = 0.05, corrected for multiple comparisons across the 
whole brain. This analysis identified three clusters showing increased activation for 

charity- trials relative to self-regarding trials. These included regions in the (A) 
anterior middle temporal gyrus, (B) left temporoparietal junction, and (C) precuneal 

cortex. 

Y = -56 X = -6
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Table 1: Regions Tracking Other-Regarding Decisions. Regions whose activation was 
greater for trials played for charity compared to trials played for self, after Monte 

Carlo permutation testing with 10,000 trials and whole-brain correction. Probabilistic 
labels refer to the likelihood that the coordinate exists within the given cortical 

region. Only labels whose likelihood exceeds 5% are displayed. Blank rows separate 
noncontiguous regions of activation in a charity > self contrast. 

Charity	>	Self	(p	<	0.05,	whole-brain	
corrected)	 		 		 		 		 		

Probabilistic	Anatomical	Label	 x	 y	 z	 p-value	 Cluster	extent	
Anterior	middle	temporal	gyrus	(37%),	
posterior	middle	temporal	gyrus	(17%),	
posterior	superior	temporal	gyrus	(8%)	

-58	 -8	 -18	 0.005	 432	

		 		 		 		 		 		
Superior	lateral	occipital	cortex	(51%),	
angular	gyrus	(14%)	 -44	 -64	 20	 0.008	 408	

		 		 		 		 		 		
Precuneus	cortex	(79%),	posterior	
cingulate	cortex	(14%)	 -2	 -58	 30	 0.005	 389	

 

Although our univariate GLM identified three regions that exhibit greater 

activation for other-regarding trials (relative to self-regarding trials), recent studies 

suggest that there exists more complex organization within regional activation (Leech et 

al., 2011, 2012). For example, previous research has demonstrated that reliable 

subregions exist within the PCC, many of which exhibit functional connectivity with 

canonical large-scale resting-state networks (Leech, 2012). Thus, it remains unclear 

whether there is subregional heterogeneity within the other-regarding regions of 

activation extracted from our Framing paradigm. To investigate this issue, we submitted 

each region of activation to a separate ICA to isolate subregions of independent 

spatiotemporal patterns of activation. Our primarily analysis restricted the ICA to 10 
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dimensions; however, to ensure reliability and validity of these subregions, we ran 

additional ICAs using 7 and 15 dimensions. Spatial similarity (Pearson’s r) between the 

subregions derived at the different dimensions were calculated for each ROI (Figure 5). 

For each subregion extracted from the 10-dimension ICA, we identified the 

corresponding subregion from the 7- and 15-dimension ICAs as the map with the 

highest spatial correlation (r values ranged from 0.54 to 0.97). If the corresponding 

subregions in the 7- and 15-dimension ICAs were maximally correlated with one 

another, then the subregion was identified as reliable. 

In both the aMTG and lTPJ, we identified six subregions from the 10-dimension 

ICA that were reliable in both the 7- and 15-dimension ICAs (Figure 5A and Figure 5B, 

respectively). In the PC, we identified four subregions from the 10-dimension ICA that 

were reliable in both the 7- and 15-dimension ICAs (Figure 5C). These findings highlight 

that these subregions are not an artifact of using a 10-dimension ICA – as many of these 

subregions were identified as reliable (i.e., found in both the 7- and 15-dimension ICAs, 

as well) – and reflects the validity and robustness of many of the underlying subregions 

estimated by the ICAs at each dimensionality.  
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Figure 5: Reliability of Region Parcellations Across Different Component 
Dimensions. To validate the reliability of the subregions extracted from our primary 

ICA (10 dimensions), we ran additional ICAs using 7 and 15 dimensions. Spatial 
similarities (Pearson correlation) between subregions extracted from independent 

component analyses using the 7 and 10 (left column), 7 and 15 (middle column), and 
10 and 15 (right column) dimension ICAs are shown here. Warmer colors indicate 
higher spatial correlation values; cooler colors indicate lower or negative spatial 

correlation values. Reliable subregions in the 10-dimensions ICA were identified as 
those subregions whose maximal corresponding subregion in the 7- and 15-dimension 
ICAs were maximally correlated with each other. All reliable subregions are outlined 
in black. An example of our reliability assessment is outlined in red: component 2 in 
the 10-dimension ICA is maximally correlated with component 3 in the 7-dimension 

ICA and component 12 in the 15-dimension ICA, both of which are maximally 
correlated with one another. 



 

43 

We investigated whether our analytical pipeline using multiple spatial 

regression resulted in demonstrable differences in sensitivity of findings compared to 

the traditional univariate approach. Using spatial multiple regression (i.e., the first stage 

of the dual regression) should capture more unique variance associated with each 

individual subregion relative to the typical univariate approach since it partials out the 

unique variance associated with each subregion. To test this, we directly compared time 

courses of the subregions when extracted using traditional (univariate) and multiple 

regression statistical approaches. In order to do this, the spatial maps resulting from the 

ICAs were thresholded with a Z > 2 and then binarized, creating 10 distinct subregions 

of interest. For the univariate test, we extracted the mean time course for each subregion. 

Correlation coefficients between the time courses of each subregion from the ICA were 

calculated for each participant, and then averaged across participants. The univariate 

analysis produced subregions with time courses that are highly correlated with one 

another (aMTG: r = 0.52 – 0.85; lTPJ: r = 0.36 – 0.94; PC: r = 0.65 – 0.96; Figure 6, left). In 

contrast, the subregions’ time courses extracted using the spatial regression approach 

had lower correlation coefficients (aMTG: r = -0.44 – 0.32; lTPJ: r = -0.49 – 0.38; PC: r = -

0.43 – 0.41; Figure 6, right). These results indicate that there is subregional heterogeneity 

in activation within these regions that were previously identified as unified areas of 

activation.  
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Figure 6: Comparisons of Traditional and Multiple Spatial Regression Analyses.  
Similarity (Pearson correlation) between each subregion’s average time course and all 
other subregions’ time courses from the aMTG (top), lTPJ (middle), and PC (bottom). 
Time courses extracted from subregions using univariate regression on the left; time 
courses extracted from subregions using a spatial multiple regression on the right. 
Warmer colors indicate higher time course similarity between subregions; cooler 

colors indicate lower time course similarity between subregions. 
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2.3.3 Characterizing functional heterogeneity within other-regarding 
regions  

We next examined whether these distinct subregions in each ROI (i.e., those that 

were reliably identified in the 7- and 15-dimension ICAs) exhibited distinct 

contributions in other-regarding decision-making (Figure 7). In the aMTG, of the six 

subregions that were reliably identified in the 7-, 10- and 15-dimension ICAs, one 

subregion significantly and positively tracked other-regarding trials, showing increased 

activation for other-regarding trials relative to self-regarding trials. Of the six subregions 

that were reliably identified in the three lTPJ ICAs, three subregions significantly 

tracked other-regarding trials: two of these subregions positively tracked other-

regarding behavior, whereas the third negatively tracked other-regarding trials (i.e., 

exhibited decreased activation for other-regarding trials relative to self-regarding trials). 

Lastly, of the four subregions that were identified in the three PC ICAs, two subregions 

significantly tracked other-regarding trials (relative to self-regarding trials): one region 

positively tracked other-regarding trials, whereas the other negatively tracked other-

regarding trials. Critically, these findings from each ROI are in contrast to the univariate 

analysis in which all subregions in each ROI exhibit increased activation during 

decisions made for charity compared to decisions made for participants, themselves 

(Figure 7, left).  

This pattern obtained from the univariate analysis is not surprising, since these 

subregions were spatially located within a larger ROI that exhibited increased activation 
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during other-regarding trials (compared to self-regarding trials). Given that these 

subregions were extracted from a ROI that showed increased activation during charity 

trials, a univariate GLM should indicate that these subregions similarly show increased 

activation during charity trials. However, the statistical techniques we employed using 

spatial multiple regression indicate that there is greater heterogeneity in the responses of 

these subregions: some subregions showed significant modulation according to the 

social context of the trial while others did not. These differences in task modulation of 

subregions between the univariate and multiple regression approaches demonstrate the 

advantage of taking the spatial regression approach: it yields a far more sensitive and 

specific analysis of how spatially overlapping subregions encode other-regarding 

behavior. 

 



 

47 

 

Figure 7: Comparing Effect of Task Using Traditional and Multiple Regression 
Approaches. Time courses from all subregions were submitted to a general linear 
model (GLM) to examine whether temporal dynamics were modulated by charity 

trials (relative to self-regarding trials). Conventional GLM-based analysis (left) 
indicated a global increase in signal across all subregions in each region. Our ICA-

based analysis (right) indicated selective and distinct contributions from subregions 
in each region. Maps corresponding to the reliable and significant subregions when 
using multiple regression illustrated to the right of each set of bar graphs. Colors of 

subregions correspond to colored bars in the bar graphs. Top: subregions from 
anterior middle temporal gyrus (aMTG); middle: subregions from left 

temporoparietal junction (lTPJ); bottom: subregions from precuneus (PC). 
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2.4 Discussion 

The social network is a collection of regions in the brain that are reliably 

recruited to support and orchestrate other-regarding thoughts and behaviors (Adolphs, 

2009; Brothers, 2002). Although regions that are often engaged together are collectively 

described as a unified network, research has shown both regional and subregional 

heterogeneity within various networks, including the default mode and reward 

networks (Leech et al., 2011, 2012; Nee et al., 2011). However, heterogeneity within the 

social network has been relatively understudied.  

Here, we built on previous research examining the neural basis of social 

cognition by applying spatial regressions to extract subregions that uniquely track other-

regarding decisions. Our analytical approach afforded us greater sensitivity and 

specificity to identify unique contributions of independent subregions within the social 

network. We first isolated other-regarding decision regions by examining which brain 

regions exhibited increased activation for decisions made for a charity relative to 

decisions made for the participants, themselves. We then applied independent 

component analysis at various dimensions to demonstrate that there is reliable 

subregional heterogeneity within the social network. We additionally used multiple 

spatial regression to isolate the unique task modulation of each subregion, and found 

functional differences among the subregions: despite all subregions exhibiting increased 

activation during other-regarding decisions using univariate techniques, our multiple 
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spatial regression technique indicated that only a select few subregions encoded other-

regarding decision trials. Collectively, these findings provide greater specificity 

regarding both the neural mechanisms underlying other-regarding decisions, as well as 

the heterogeneity within prototypical social brain regions. 

Our findings expand on recent research demonstrating subregional 

heterogeneity in canonical social regions; though, previous research has primarily 

examined subregional heterogeneity in other cognitive domains. Previous research has 

demonstrated that the TPJ and PCC are functionally heterogeneous; while the TPJ has 

been shown to have anterior and posterior subdivisions according to functional 

connectivity metrics (Bzdok et al., 2013; Mars et al., 2012b), the PCC has been shown to 

have ventral and dorsal subdivisions during a cognitive control task (Leech et al., 2011). 

The current study indicates that there are, in fact, many more independent – but 

partially overlapping – subregions. Importantly, we also showed that these subregions 

perform different computations and have distinct roles in other-regarding behavior.  

A potential limitation of our results is the extension and external validity of our 

findings. Our results were demonstrated using a social-adaptation of a financial 

decision-making task; it is possible, however, that other regions may be recruited in 

other social decision-making paradigms, such as ones that involve punishment 

(Buckholtz et al., 2008; Crockett et al., 2014), probe morality (Greene et al., 2001; Koster-

Hale et al., 2013) or others that are more interactive, such as the ultimatum or trust 
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games (Delgado et al., 2005; Sanfey et al., 2003). While our study demonstrated that 

specific subregions within the aMTG, TPJ, and PC track other-regarding decisions in our 

framing paradigm, it is possible that other subregions – either within these regions, or in 

other regions – uniquely track other-regarding behaviors in different types of social 

tasks. Future studies could utilize the analytical framework used here and apply it to 

other social tasks. Such research would speak to whether our findings are unique to the 

type of paradigm used, are true for only select social decision-making tasks, or are true 

across the broad domain of social behavior.   

Despite this limitation, our results demonstrate that reliable heterogeneity exists 

within canonical social regions, and identify particular subregions that uniquely track 

other-regarding thoughts and behaviors. Importantly, these results and future 

parcellations of social regions may provide insight into disorders marked by disruptions 

in social behaviors, such as autism spectrum disorders and schizophrenia (Baron-Cohen 

et al., 1985; Chevallier et al., 2012; Couture et al., 2006; Fett et al., 2011; Gleichgerrcht et 

al., 2012). In particular, these findings may be particularly important for transdiagnostic 

practices; for example, while multiple psychopathologies are linked to disrupted TPJ 

function (David et al., 2014; Harvey et al., 2013; Rimol et al., 2010), the parcellation and 

regression techniques utilized here may be used to distinguish among the different 

disorders and better specify the neural underpinnings of these disorders and subsequent 

treatment. Thus, this study marks a significant step forward in understanding the neural 
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basis of how we interact with others, and indicates specific subregions that orchestrate 

other-regarding behaviors. 
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3. Large-scale network coupling with the fusiform face 
area facilitates future social motivation 

Large-scale functional networks – as identified through the coordinated activity 

of spatially distributed brain regions – have become central objects of study in 

neuroscience because of their contributions to many processing domains. Yet, it remains 

unclear how these domain-general networks interact with focal brain regions to 

coordinate behavior. Here, we investigated how the default-mode network (DMN) and 

executive control network (ECN) – two networks associated with goal-directed behavior 

– shape social motivation through their coupling with other cortical regions several 

seconds in advance of behavior. We measured these networks’ connectivity during an 

adaptation of the monetary incentive delay response-time task in which participants 

viewed social and non-social images (i.e., pictures of faces and landscapes, respectively). 

We found that participants displayed slower response times (RTs) subsequent to social 

trials relative to nonsocial trials. To examine the neural mechanisms driving this 

subsequent-RT effect, we integrated independent component analysis and a network-

based psychophysiological interaction analysis; this allowed us to investigate task-

related changes in network coupling that preceded the observed trial-to-trial variation in 

RT. Strikingly, when subjects viewed social rewards, an area of the fusiform gyrus 

consistent with the functionally-defined fusiform face area, exhibited increased coupling 

with the ECN (relative to the DMN) – and the relative magnitude of coupling tracked 

the slowing of RT on the following trial. Broadly, these results demonstrate how large-
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scale, domain-general networks can interact with focal, domain-specific cortical regions 

to orchestrate subsequent behavior; more specifically, these findings show that two goal-

oriented functional networks interact with a putative social processing region to 

influence subsequent social motivation. 

3.1 Introduction 

Since the discovery of functionally correlated brain regions (Biswal et al., 1995), 

large-scale functional networks have been considered fundamental features of brain 

activity (Beckmann et al., 2005; Behrens and Sporns, 2012; Gusnard and Raichle, 2001). 

These networks are highly reliable across large samples of participants (Biswal et al., 

2010; Smith et al., 2013) and are thought to reflect intrinsic properties of brain 

organization. Many of these networks reflect sensory and perceptual processes 

instantiated within visual or auditory regions (Smith et al., 2009). Still others contribute 

broadly to cognitive processing across stimulus and task domains, including the default-

mode (DMN), executive control (ECN), and frontoparietal (FPN) networks (Dosenbach 

et al., 2007; Smith et al., 2009). These functional networks have been linked to various 

aspects of behavior including demographic variables (Cowdrey et al., 2012), traits (Kucyi 

et al., 2014; Shannon et al., 2011), and cognitive states (De Havas et al., 2012; Smith et al., 

2009). 

Yet, for effective behavior in a particular task, these large-scale domain-general 

networks must alter ongoing task-specific processing in focal brain regions. To claim 
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that such interactions (i.e., between large-scale networks and specific brain regions) are 

critical for behavior change, several conditions should be met. First, a large-scale 

network should be identifiable during task performance independently of specific focal 

brain regions that might contribute to that task (i.e., without relying on seed-based 

analyses; (Cole et al., 2010; Smith et al., 2014b). Second, the coupling between a given 

network and a given focal brain region should systematically vary across task conditions 

according to the relative engagement of the task (Friston et al., 1997; O’Reilly et al., 2012). 

Third, those changes in coupling should predict the characteristics of subsequent 

behavior, to provide evidence that the coupling contributes to effective task 

performance. If these conditions are met, there would be strong evidence that coupling 

between a functional network and a focal brain region contributes to a specific cognitive 

process. 

In the current study, we examined effective connectivity between large-scale 

networks and focal brain regions while subjects played a response-time game to receive 

visual rewards in a modified monetary incentive delay (MID) task (Knutson et al., 2000). 

We focused on the DMN and ECN, as both have been linked to task performance, 

engagement, and other markers of executive function and preparatory behavior. 

Behaviorally, we found that participants exhibited slower response times (RTs) 

subsequent to social relative to nonsocial trials. We investigated whether coupling with 

DMN and ECN contributed to this subsequent-RT effect by combining independent 
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component (ICA) and psychophysiological interactions (PPI) analyses. This network PPI 

(nPPI) pipeline allowed us to examine how DMN and ECN contribute to other cortical 

regions to shape subsequent behavior up to several seconds later. Strikingly, we found 

that DMN and ECN differentially coupled with a region in the fusiform gyrus (FG) 

when subjects viewed the social rewards, and that changes in this coupling tracked the 

effect of stimulus type on subsequent RT. This region of the FG is consistent with the 

functionally-defined fusiform face area (FFA) – a region classically associated with face 

processing (Kanwisher et al., 1997; McCarthy et al., 1997). These findings indicate that 

functional networks associated with goal-directed behavior can interact with focal brain 

regions to support task-relevant behavior. 

3.2 Materials and methods  

3.2.1 Participants  

A group of 50 self-reported heterosexual males completed the task (mean age: 

23.8 years, range 18-32); this sample size was established prior to data collection. All 

participants were screened prior to data collection to rule out prior or current psychiatric 

or neurological illness. We excluded four participants because of data quality issues (see 

3.2.5 Preprocessing), and we excluded five participants because of a malfunctioning 

button box in the scanner. These exclusions left a final sample of 41 participants (mean 

age: 24.1 years, range: 18-32). All participants gave written informed consent as part of a 
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protocol approved by the Institutional Review Board of Duke University Medical 

Center. 

3.2.2 Stimuli and tasks 

The experiment consisted of four components: 1) a training session outside the 

scanner; 2) a modified monetary incentive delay task (MID; Knutson et al., 2000, 2001); 

3) a passive viewing task with results previously published (Young et al., 2015); 4) two 

additional post-scan rating tasks. All participants received variable cash payment 

depending on their performance. 

In advance of the neuroimaging session, participants memorized the associations 

of four fractal images with different potential rewards (see an example in Figure 8). On 

the day of the scan, subjects were tested on the fractal images’ associations to ensure 

they remembered the meaning of each image; if participants identified every association 

correctly on the first attempt (n = 31), they received an extra $5 in addition to their study 

compensation. All participants successfully learned the image associations before 

entering the scanner. 

Each trial of the modified MID task began with a fractal image presented as a cue 

for 1500 ms (Figure 8). The different cues indicated the different potential benefits of a 

fast response on that trial: [1] reducing the delay until the presentation of a face image of 

a variable attractiveness rating (Social Delay; SD), [2] increasing the attractiveness of a 

face image presented after a variable duration (Social Attractiveness; SA), [3] reducing 
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the delay until the presentation of a landscape image of a variable attractiveness rating 

(Nonsocial Delay; ND), [4] increasing the attractiveness of a landscape image presented 

after a variable duration (Nonsocial Attractiveness; NA).  

Following the cue, a fixation cross appeared for a variable duration 

(interstimulus interval; 1500 – 4500 ms), followed by a target (a white triangle) that 

appeared on the screen for 750 ms. Participants then responded by pressing a button box 

with their right index finger before the target disappeared. A feedback shape then 

appeared for 750 ms; that shape was colored green if the participant’s response was 

sufficiently fast (a win), and was colored blue if the response was too slow (a loss). After 

the feedback image disappeared, participants waited a delay period that varied 

according to the cue and whether the subject won or lost that trial. Lastly, the reward 

image (either a face or a landscape) was shown for 2000 ms. 

 

Figure 8: Task Design. Fifty heterosexual men performed a modified MID task which 
examined timed responses to view social and nonsocial images as rewards (faces and 

landscapes, respectively). Each trial of the task began with an abstract image 
presented as a cue for 1500 ms 
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Each run of the modified MID task consisted of 32 trials, eight images of each SD, 

SA, ND, and NA in randomized order. Social images were photographs of young adult 

women and were cropped to show only the face (Smith et al., 2010). Nonsocial images 

were photographs of landscapes, and did not contain any body or facial features. All 

images were resized to uniform dimensions. Attractiveness (high/medium/low) of 

images was determined by ratings by an independent group. Additionally, performance 

thresholds were determined independently for each subject by an algorithm that 

adapted the task difficulty so that accuracy would be approximately 60% (observed hit 

rate = 60.7%).  

After completing the four runs of the modified MID task, participants completed 

an unrelated passive-viewing task described elsewhere (Young et al., 2015). Following 

this second scanner task, participants completed two tasks outside the scanner. In the 

first task, participants rated the attractiveness of each image they viewed in the modified 

MID task on a scale of 1 to 7. Each participant’s highest-rated face and landscape images 

were then used in a second task involving forced choices between a landscape image 

and a face image presented simultaneously.  

All tasks were programmed and displayed using the Psychophysics Toolbox 

(Version 3 for MATLAB (Mathworks Inc.) (Brainard, 1997).  



 

59 

3.2.3 Behavioral analysis 

Behavioral data were analyzed using MATLAB and IBM SPSS Statistics 20. A 

response time (RT) difference was calculated for each participant by subtracting their 

mean RT on the trials subsequent to nonsocial trials from their mean RT on trials 

subsequent to social trials. Consequently, positive RT differences indicate longer RTs 

subsequent to nonsocial trials (relative to social trials), whereas negative differences 

indicate longer RTs subsequent to social trials (relative to nonsocial trials).  

To control for factors other than prior stimulus category – such as attractiveness 

of the prior trial’s reward image, the prior trial’s RT, and the subsequent trial’s stimulus 

type – we incorporated these factors into a general linear model (GLM) for each subject. 

The GLM included the following as regressors: (1) stimulus type on previous (t-1) trial, 

(2) RT on previous trial, (3) attractiveness rating of the reward image of the previous 

trial, and (4) stimulus type on current trial t. This analysis indicates the specific influence 

of each regressor on the current trial’s RT, and allowed us to examine the unique 

influence of the previous trial’s stimulus category (social or nonsocial) on current RT. In 

our analyses, positive stimulus type beta weights reflect slower RTs on or following 

social trials, whereas negative stimulus type betas weights reflect faster RTs on or 

following social trials.  
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3.2.4 Image acquisition 

Neuroimaging data were collected using a General Electric MR750 3.0 Tesla 

scanner equipped with an 8-channel parallel imaging system. We used a T2*-weighted 

spiral-in sensitivity encoding sequence (SENSE factor = 2), with slices parallel to the 

axial plane connecting the anterior and posterior commissures (repetition time (TR): 

1580 ms; echo time (TE): 30 ms; matrix: 64 x 64; field of view (FOV): 243 mm; voxel size: 

3.8 x 3.8 x 3.8 mm; 37 axial slices; flip angle: 70 degrees). The first eight volumes of each 

run were removed to allow for magnetic stabilization. We additionally acquired whole-

brain high-resolution anatomical scans (T1-weighted FSPGR sequence; TR: 7.58 ms; TE: 

2.93 ms; matrix: 256 x 256; FOV: 256 mm; voxel size: 1 x 1 x 1 mm; 206 axial slices; flip 

angle: 12 degrees) to allow for coregistration and normalization.  

3.2.5 Preprocessing 

Our preprocessing used tools from the FMRIB Software Library package (FSL 

Version 4.1.8; http://www.fmrib.ox.ac.uk/fsl/; (Smith et al., 2004; Woolrich et al., 2009a). 

We corrected for head motion by realigning the time series to the middle volume 

(Jenkinson and Smith, 2001), and then removed non-brain material using a brain 

extraction tool (Smith, 2002). We then corrected intravolume slice-timing differences 

using Fourier-space phase shifting to align to the middle slice (Sladky et al., 2011). After 

spatially smoothing the image using a 5-mm full-width-half-maximum isotropic 

Gaussian kernel, we applied a high-pass temporal filter with a 100-second cutoff, and 
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we normalized each 4-dimensional dataset to the grand-mean intensity using a single 

multiplicative factor. Lastly, we spatially normalized the functional data to the Montreal 

Neurological Institute (MNI) Template avg152 T1-weighted template (3 mm isotropic 

resolution) using a 12-parameter affine transformation implemented in FLIRT 

(Jenkinson and Smith, 2001). 

As part of our preprocessing and quality control, we additionally examined three 

partially correlated measures of quality assurance: signal-to-fluctuation-noise ratio 

(SFNR; Friedman and Glover, 2006), volume-to-volume head motion, and number of 

motion spikes within the time series (motion spikes were identified by evaluating the 

root-mean-square-error of each volume relative to the middle time point). Measures on 

each metric were considered outliers if they exceeded the 75th percentile plus the value 

of 150% of the interquartile range (i.e., a standard boxplot threshold); runs that were 

identified as outliers were excluded from further analyses. Additionally, any participant 

who had fewer than two good runs (out of four total runs) was excluded from further 

analyses. These criteria eliminated four participants.  

3.2.6 Neuroimaging analysis 

Our neuroimaging analyses proceeded in two phases to best meet the conditions for 

identifying task-specific interactions between large-scale networks and focal brain 

regions (see 3.1 Introduction). First, we used independent component analysis (ICA) 

(Beckmann and Smith, 2004) and spatial regression (Filippini et al., 2009) to identify the 
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DMN and ECN, and to examine the networks’ levels of activation over the course of 

each run (for an in-depth explanation and example of these methods, see 6. Appendix: 

Precuneus is a functional core of the default-mode network). Second, we used network 

psychophysiological interaction (nPPI) models (McLaren et al., 2012) to identify brain 

regions whose coupling with the ECN and DMN changed as a function of the effect of 

stimulus type on subsequent RT. Importantly, this ICA-based nPPI approach follows the 

logic of ROI-based PPI analyses, with the critical difference of examining connectivity 

with data-driven large-scale neural networks instead of a specific seed region. Critically, 

we note that this nPPI pipeline allowed us to test the three necessary conditions for 

inferences that functional networks alter task-specific processing in focal brain regions 

(see Chapter 3.1 Introduction). 

3.2.7 Identifying large-scale functional networks 

We used FSL’s Multivariate Exploratory Linear Decomposition into Independent 

Components (MELODIC) Version 3.10 to identify large-scale functional networks in the 

neuroimaging data (Beckmann and Smith, 2004). The preprocessed data were whitened 

and projected into a 25-dimensional subspace (Ray et al., 2013). The whitened data were 

decomposed into sets of vectors describing the temporal and spatial signal variation, 

using a fixed-point iteration technique to optimize non-Gaussian spatial source 

distribution (Hyvärinen,	1999). The estimated component maps were then thresholded 

by dividing the maps by the standard deviation of the residual noise, then fitting a 
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Gaussian-Gamma mixture model to the histogram of the normalized intensity values 

(thresholded at Z > 4) (Beckmann and Smith, 2004). This first step provided a data-

driven means to identify functional networks present during task performance; this 

allowed us to meet the first condition for identifying task-specific interactions between 

large-scale networks and specific brain regions. 

All unthresholded spatial maps from the ICA were then submitted to a spatial 

regression (part of FSL’s dual regression analysis) to estimate the time courses of each 

network (Filippini et al., 2009; Leech et al., 2011). In this analysis, spatial maps are 

regressed onto each participant’s functional data, resulting in a matrix of T (time points) 

x C (components) beta coefficients that characterize each subject’s time courses for each 

network.  

3.2.8 Characterizing reward-related network connectivity and 
activation 

We assessed task-dependent network coupling using a generalized nPPI model. 

The generalized PPI, in contrast to a standard PPI, computes a separate PPI term for 

each task condition. This approach has been shown to yield more accurate estimates of 

how connectivity varies as a function of psychological context (McLaren et al., 2012). The 

generalized nPPI analysis was carried out using FMRI Expert Analysis Tool (FEAT) 

Version 5.0.1.  

The run-level model included six task regressors: social cue (duration = 1.5 – 4.5 

s), nonsocial cue (duration = 1.5 – 4.5 s), hits (duration = 0.75 s), misses (duration = 0.75 
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s), social reward outcome (duration = 2 s), and nonsocial reward outcome (duration = 2 

s). We additionally included time courses of both the DMN and ECN that were 

produced by the spatial regression. The nPPI regressors were formed by multiplying the 

DMN and ECN time courses, separately, by the social outcome and nonsocial outcome 

regressors; this yielded four nPPI regressors: (1) DMN*social, (2) DMN*nonsocial, (3) 

ECN*social, (4) ECN*nonsocial. To control for motion in the scanner, we included 

motion spikes and motion parameters as regressors. Lastly, to control for the influence 

of other networks and potential artifacts on our generalized nPPI, we included the time 

courses of the remaining 23 components from the ICA. The nPPI analysis allowed us to 

examine task-specific coupling between ECN and DMN with other regions in the brain, 

fulfilling the second condition for identifying the task-specific interactions of interest.  

Subject-level analyses for the generalized nPPI were run using FEAT and 

implementing FMRIB’s Local Analysis of Mixed Effects (FLAME 1), and examined 

activation across runs within each participant. Group-level analyses included each 

subject’s demeaned betas from the prior stimulus-category regressor (see 3.2.3 

Behavioral analysis); this allowed us to examine whether network coupling predicts 

subsequent RT, which would fulfill the third condition for identifying task-specific 

interactions of interest. The group-level analysis additionally included the main effect of 

group and three motion-related parameters (SFNR, volume-to-volume head motion, and 

number of motion spikes within the time series). All resulting z-statistic images were 
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thresholded using a cluster-forming threshold of 2.3 and a corrected cluster-significance 

threshold of p < 0.05. Although this threshold combined with FSL’s FLAME 1 protects 

against false positives, we note that all of our results also survived permutation-based 

testing (Eklund et al., 2016). In these supplemental tests, statistical significance was 

assessed in a nonparametric fashion via FSL’s randomise; this tool uses Monte Carlo 

permutation-based testing with 10,000 permutations and a = 0.05, corrected for multiple 

comparisons across the whole brain (Nichols and Holmes, 2002; Winkler et al., 2014). 

Brain images and activations are displayed using MRIcroGL 

(http://www.mccauslandcenter.sc.edu/mricrogl/) (Rorden et al., 2007). All coordinates 

are reported in Montreal Neurological Institute (MNI) space.  

3.3 Results 

3.3.1 Previous stimulus category influences current behavior   

We examined the subsequent-RT effect by comparing RTs following nonsocial 

trials to RTs following social trials. When averaging across value and delay trials, we 

found an overall effect of previous trial stimulus type on current trial RT: participants 

exhibited slower RTs subsequent to social trials (mean = 0.313 s, SD = 0.008 s) than 

subsequent to nonsocial trials (mean = 0.306 s, SD = 0.008 s; t(40) = 2.63, p = 0.01, d = 0.41; 

Figure 9A). This pattern replicated when examining hit trials only (social: mean = 0.317 

s, SD = 0.009 s; nonsocial: mean = 0.309 s, SD = 0.008 s; t(40) = 2.63, p = 0.01, d = 0.41). Thus, 

participants were slower after performing a social trial compared to a nonsocial trial.  
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Figure 9: Response Times are Slower Following Social Compared to Nonsocial Trials. 
(A) Distribution of response time (RT) differences according to previous trial’s 

stimulus type, calculated by subtracting RTs following nonsocial trials from RTs 
following social trials. Response times on trials following social rewards were greater 

than those on trials following nonsocial rewards, indicating an effect of previous 
reward stimulus type on subsequent behavior. (B) Average beta weights (with SEMs 
plotted) across subjects from a behavioral regression predicting current trial RT. We 
regressed current trial RT on a model including the following regressors: stimulus 

category (social or nonsocial) on the previous trial, RT on the previous trial, 
attractiveness rating of the previous trial’s reward image, and stimulus category on 

the current trial.  
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We next ran an GLM analysis that controlled for properties of the previous and 

current trials (see 3.2.3 Behavioral analysis). Across participants, current stimulus 

category was the strongest predictor of current RT (t(40) = -4.31, p < .0001, d = 0.67), 

reflecting that participants were faster to respond during a social trial than during a 

nonsocial trial. The next strongest predictor was the previous trial’s stimulus category 

(t(40) = 2.46, p = 0.01, d = 0.38), reflecting that participants were slower to respond 

following a social trial than following a nonsocial trial. Neither previous trial’s RT nor 

previous trial’s reward attractiveness rating significantly predicted the current trial’s RT 

(Figure 9B; Table 2). These results indicate that of the measured properties of the 

previous trial, prior stimulus type had the strongest effect on current RT.   

Table 2: Behavioral Regression Results. To examine the effects of other trial 
characteristics on current trial reaction time (RT), we regressed current trial RT on a 
model including: stimulus category (social or nonsocial) on the previous trial, RT on 
the previous trial, attractiveness rating of the previous trial’s reward, and stimulus 

category on the current trial. Our analysis indicated that current stimulus type had the 
strongest effect on current RT; however, of all the characteristics from the prior trial, 

only prior stimulus type had a significant effect on current RT. 

Regressor	 	Parameter	Estimate	(SEM)	 t-stat	 p-value	

Current	trial	(t)	stimulus	type	 -0.055	(0.013)	 -4.31	 <	0.0001	

Prior	trial	(t-1)	stimulus	type	 0.033	(0.013)	 2.46	 0.01	

Prior	trial	(t-1)	attractiveness		 0.019	(0.011)	 1.74	 0.09	

Prior	trial	(t-1)	response	time	 <	0.0001	(0.013)	 0.005	 0.99	
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3.3.2 Network coupling with fusiform gyrus tracks effect of stimulus 
category on subsequent behavior 

Our behavioral results indicated that current-trial stimulus type influences 

behavior on the subsequent trial (which occurred seven seconds or more later), such that 

participants were slower to respond following social trials compared to following 

nonsocial trials. We predicted that this subsequent-RT effect would be guided, in part, 

by changes in the coupling of large-scale functional networks to domain-specific brain 

regions when viewing social images compared to when viewing nonsocial images. In 

particular, we predicted that the subsequent-RT effect would be driven by changes in 

the relative coupling of the ECN – a network implicated in cognitive control and goal-

directed behavior – and the DMN – a network linked with task engagement – during the 

reward outcome phase of the previous trial.  

After running the ICA, we identified the DMN and ECN by running a spatial 

correlation analysis that compared each component from our ICA output to the 

canonical DMN and ECN maps from Smith and colleagues (2009). From our 25 

components, we selected the maps that best matched the DMN (r = 0.776; other 

components: rmean = -0.006, rmin = -0.179, rmax = 0.124) and ECN (r = 0.64; other components: 

rmean = 0.019, rmin = -0.092, rmax = 0.296) maps from Smith and colleagues (2009) (Figure 10; 

Table 3). 
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Figure 10: Networks Identified from Independent Component Analysis. Using 
independent component analysis across our task runs, we identified large-scale 

functional networks. This analysis produced 25 components. Our analyses focused on 
the default-mode network (DMN; top) and the executive control network (ECN; 

bottom). For visualization purposes, maps are thresholded at Z > 4. 

Table 3: Spatial Correspondence with Canonical Networks. To identify DMN and 
ECN, we ran spatial correlations between canonical networks (Smith et al., 2009) and 
the 25 components from our ICA. The highest-correlating ICA map numbers for each 

network map and the correlation values are listed. 

Canonical	Network	 Independent	Component	No.	 Spatial	Correlation	(r)	
Visual	1	 IC10	 0.82	
Visual	2	 IC01	 0.66	
Visual	3	 IC01	 0.45	
Default-Mode	 IC06	 0.78	
Cerebellar	 IC18	 0.32	
Sensorimotor	 IC13	 0.59	
Auditory	 IC14	 0.66	
Executive	Control	 IC04	 0.64	
R	Frontoparietal	 IC03	 0.64	
L	Frontoparietal	 IC07	 0.77	

 

Z = 21 X = 0Y = -61

Z = 12 X = 0Y = 27

Default-Mode Network

Executive Control Network
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 Following network identification, we ran a nPPI analysis that used participant-

specific DMN and ECN time courses (estimated by the spatial regression analysis) as the 

physiological regressors and presentation of social and nonsocial images as the 

psychological regressors. This nPPI identified regions that are influenced by the ECN 

and DMN in a task-dependent manner. We then tested whether these influences on 

cortex predicted the effect of prior stimulus type on current RT. Our nPPI analysis 

indicated that effective connectivity between the fusiform gyrus (FG; peak: x = 38, y = -

64, z = -20, p < 0.0001, voxel extent = 383) and the ECN increased (compared to FG-DMN 

connectivity) when participants viewed social rewards (Figure 11A) – and that the 

magnitude of this increase tracked the slowing of RT on the subsequent trial (Figure 

11B). Strikingly, this peak voxel is consistent with the often functionally-defined FFA 

(Kanwisher and Yovel, 2006; McCarthy et al., 1997): a search of terms associated with 

this peak voxel using the meta-analytical tool, Neurosynth (http://Neurosynth.org) 

(Yarkoni et al., 2011), yielded “faces”, “FFA”, and “fusiform face” within its top four 

associations. These results suggest that functional networks associated with goal-

directed and preparatory behavior can interact with focal brain regions to support task-

relevant behavior. 
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Figure 11: Fusiform Gyrus Connectivity Tracks Effect of Stimulus Type on 
Subsequent Reaction Time. (A) A network PPI indicated than an area in the fusiform 
gyrus (FG) exhibits heightened effective connectivity with ECN (compared to DMN) 
during social reward outcomes; thresholded at p < 0.05. We note that this result also 
held with permutation-based testing (Eklund et al., 2016). (B) Parameter estimates 
extracted from the FG connectivity track the effect of stimulus type on subsequent 

behavior (stimulus-type beta weights estimated from our behavioral GLM; see 2.2.3 
Behavioral analysis): As FG-DMN connectivity increases relative to FG-ECN 

connectivity, RTs are further slowed following social trials compared to following 
nonsocial trials. Scatterplot included for illustrative purposes only. 
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3.4 Discussion 

Recent neuroscience research has highlighted the relevance of large-scale 

functional networks to various aspects of behavior (Anticevic et al., 2010; Eichele et al., 

2008; Kelly et al., 2008). While many of these studies have linked network activation and 

connectivity to behavior, the contribution of these networks to specific behaviors via 

focal cortical regions has been relatively understudied. For example, although previous 

work has found correlations between DMN and working memory (Piccoli et al., 2015; 

Sambataro et al., 2010) or sustained attention (Bonnelle et al., 2011; Gui et al., 2015), 

understanding how these distributed functional networks influence other cortical 

regions to influence behavior has remained a significant challenge. Here, we extend 

previous functional connectivity findings using nPPI analysis – an adaptation of PPI 

analysis (i.e., effective connectivity) that examines connectivity with large-scale 

functional networks. This analysis pipeline allowed us to identify changes in coupling 

between large-scale networks and focal brain regions that predicted subsequent 

behavior. Our results demonstrate that two goal-relevant networks, the DMN and ECN, 

interact with FG in a manner that predicts trial-to-trial adjustments in response time.  

Our findings expand on recent research examining the relevance of DMN and 

ECN activation to behavior, potentially in task-relevant contexts. Specifically, we found 

that increased ECN (relative to DMN) coupling with the FG is associated with enhanced 

subsequent task performance. These results are consistent with previous studies 
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demonstrating different relationships between the DMN and ECN with task behavior: 

while ECN activation is often associated with heightened task performance and 

behavior (Dosenbach et al., 2007; Seeley et al., 2007), DMN activation is frequently linked 

to decrements in behavior and engagement in both humans (Eichele et al., 2008; 

Weissman et al., 2006) and non-human primates (Hayden et al., 2009, 2010; Heilbronner 

and Platt, 2013). Importantly, however, our findings extend these previous results by 

demonstrating direct coupling of these networks with a prototypical social-perception 

processing region in a task-dependent manner. Our results additionally highlight that 

the opposing effects of DMN and ECN are not limited to concurrent behavior, but also 

affect subsequent behavior with effects observed seven or more seconds later. These 

findings support the idea that large-scale networks interact with lower-level perceptual 

regions to contribute to specific cognitive processes and shape later behavior.  

Unlike previous studies examining large-scale networks (Brewer et al., 2011; 

Seeley et al., 2007; Utevsky et al., 2014), our experiment demonstrates network coupling 

that directly shapes subsequent response time. While prior studies report associations 

between functional connectivity and behavior, estimates of functional connectivity 

solely report on correlations in activation (not direct coupling) between regions, which 

can be the result of various phenomena (Friston, 2011). Specifically, reported changes in 

functional connectivity can arise from numerous causes including: changes in 

connectivity with another region, changes in observation noise (or signal-to-noise 
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ratios), and changes in the degree of neuronal fluctuations (Friston, 2011). Thus, changes 

in functional connectivity may not reflect changes in coupling between cortical regions. 

In contrast to functional connectivity, our novel approach of nPPI – applying PPI 

analysis to large-scale networks – allows us to examine task-dependent coupling and 

direct influences between networks and other cortical regions. In this way, our study 

extends prior work by demonstrating specific task-dependent coupling of the DMN and 

ECN.   

Although recent meta-analytic work has demonstrated that PPI produces 

consistent and specific patterns of connectivity (Di et al., 2016; Smith et al., 2016), it is 

important to note that PPI results can be interpreted in two ways (Friston et al., 1997). 

First, our effects could reflect a context-specific modulation of effective connectivity. In 

this case, face presentations modulate the degree to which the DMN and ECN interact 

with FG. Our results focus on the difference between DMN and ECN contributions to 

FG, which seem to facilitate social motivation (Clithero et al., 2011). Alternatively, our 

effects could reflect a modulation of stimulus-specific responses. In this case, the DMN 

and ECN may influence how FG responds to the presentation of the face; under this 

interpretation, our results suggest that the degree to which DMN enhances face 

responses in FG is greater than that of ECN. In either case, the resulting effect on FG 

effective connectivity in both interpretations predicts subsequent behavior. A better 

understanding of the mechanisms and causal relationship underlying our results would 
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be facilitated by other methodological approaches, such as transcranial magnetic 

stimulation (Fox et al., 2012; Luber and Lisanby, 2014) or transcranial current stimulation 

(Hampstead et al., 2014; Keeser et al., 2011). 

As a caveat, we note that our paradigm and results leave room for interpretive 

challenges. Because participants exhibited faster response times to view social images 

compared to nonsocial images, we cannot discern whether our nPPI results from the 

social-stimuli condition would be restricted to this specific stimulus type (i.e. face 

images) or would generalize to other highly motivating stimuli. While prior work 

linking FG to face processing supports the interpretation that our results are indeed due 

to that specific stimulus type (Engell and McCarthy, 2014; Kanwisher et al., 1997; 

Kanwisher and Yovel, 2006; McCarthy et al., 1997), future studies could compare within-

domain images of varying attractiveness to other categories of motivating stimuli (e.g., 

money). Such an analysis would speak to whether these behavioral and neural results 

are unique to face image rewards, or are due to participant differences in subjective 

value (Bos et al., 2013; Smith et al., 2014a). 

Our results demonstrate direct task-dependent contributions from the DMN and 

ECN to the FG that shape subsequent behavior. These large-scale networks are known to 

be disrupted in a variety of psychopathologies marked by impairments in attention and 

reward processing, including autism spectrum disorder (Assaf et al., 2010; Young et al., 

2015), obsessive compulsive disorder (Stern et al., 2011, 2012), and major depressive 
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disorder (Grimm et al., 2011; Sheline et al., 2009), and so an improved understanding of 

how they influence moment-to-moment behavior could have clinical relevance and 

advance models of pathophysiology (Cuthbert and Insel, 2013; Insel et al., 2010). Thus, 

this study marks a significant step toward better understanding and treatment of 

disorders characterized by impaired social and reward processing. 
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4. Macaque superior temporal sulcus multiplexes social 
perceptual and decision making processes  

Humans and non-human primates are incredibly social species, frequently 

engaging in behaviors characterized by cooperation, coordination, and competition. In 

order to interact appropriately with other group members, individuals must be able to 

perceive, identify, and individuate other social beings, and use those perceptual signals 

to inform goal-oriented cognitive processes, such as affiliative or aggressive behaviors 

and decisions. While recent neuroscientific research has increased our understanding of 

the neural mechanisms that process social perception and those that process social 

decision-making, relatively less is known about the relationship between those two 

processing domains. Here, we examine how the middle superior temporal sulcus (STS) – 

a well-known social perceptual region in the primate brain – reflects social decision 

processes. To do so, we recorded from 305 neurons in the STS as rhesus macaques 

(Macaca mulatta) performed a reward-allocation paradigm in which they chose between 

delivering juice rewards to themselves, a recipient monkey in the same room, both 

monkeys, or no one. Critically, during this task, the donor monkeys were able to shift 

their gaze to the recipient monkey following juice delivery, allowing us to examine the 

social perceptual responses of STS neurons. We found that populations of neurons in the 

STS reflected both social perceptual processes and social decision processes; critically, 

we found that the populations of neurons that reflected social perception and social 

decision-making overlapped, and that activity during the two epochs were highly 
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correlated with each other. These results indicate that cells in the STS multiplex social 

perceptual and social decision-making information, reflecting a strong relationship 

between these two domains in the same region. 

4.1 Introduction 

Other-regarding behaviors – such as giving to charity or cooperating with others 

–  are a critical feature of social life; how we interact with other people affects not only 

their welfare, but also our own (Bandura et al., 1963; Bandura and McDonald, 1963; 

Takahashi et al., 2009). Furthermore, disordered other-regarding behaviors have been 

shown to underlie a number of psychopathologies, including autism spectrum disorder 

(Charman et al., 1997; Gleichgerrcht et al., 2012; Lombardo et al., 2007), anorexia nervosa 

(Calderoni et al., 2013; Russell et al., 2009), and psychopathy (Kiehl, 2006; Young et al., 

2012). Recent research has shaped our understanding of how the brain processes and 

guides the decision processes shaping social behavior; studies using both human and 

animal models have pointed to areas such as the anterior cingulate cortex (Apps and 

Ramnani, 2014; Chang et al., 2013; Rudebeck et al., 2006), orbitofrontal cortex (Izquierdo 

et al., 2005; Watson and Platt, 2012; Willis et al., 2010), and superior temporal sulcus 

(Allison et al., 2000; Deen et al., 2015; Gao et al., 2012; Roy et al., 2012; Tsao et al., 2006) 

that encode social cognition in both humans and non-human primates. 

However, the ability to adaptively interact with others requires a complex neural 

system that processes perceptual social signals, and connects these perceptual signals to 
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other domains –  including affect, reward, and ultimately motor – to produce 

appropriate behaviors (Adolphs, 2001; Stanley and Adolphs, 2013). Consequently, while 

several lines of research suggest that a collection of regions in the brain reliably supports 

other-regarding behaviors (Adolphs, 2009; Mars et al., 2012b; Sallet et al., 2011), 

relatively less is known about how information is processed in these regions to allow 

individuals to turn social perceptual processes into decisions, and eventually into 

actions. 

Here, we examine whether one such region, the superior temporal sulcus (STS), 

reflects social decisions processes. Previous research indicates that the STS encodes 

aspects of social perception, including images of faces, videos of biological motion, and 

eye gaze orientation (Allison et al., 2000; Deen et al., 2015; Hoffman and Haxby, 2000; 

Kanwisher, 2000; Oram and Perrett, 1994; Perrett et al., 1992; Puce et al., 1998; Thompson 

et al., 2005; Tsao and Livingstone, 2008). However, the interaction between this social 

perceptual processing and decision processing is relatively understudied. To address 

this issue, we recorded from single neurons in the STS while rhesus macaques (Macaca 

mulatta) performed a reward-allocation paradigm, in which they decided between 

donating reward to themselves, another monkey, both monkeys, or no one (Chang et al., 

2015). Importantly, while this task primarily probes social decision processes, the donor 

monkeys were also able to look freely around the room at certain points, and we 

monitored their gaze to the recipient monkey in the room, thus allowing us to examine 
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the relationship between perceptual and decision processes reflected in STS activity. We 

found that STS activity reflects both social perception (viewing another monkey’s face) 

and social decision processing (deciding how to allocate the reward), and that a 

subpopulation of individual cells reflected both processes. These findings suggest an 

interaction between perceptual and decision domains in the monkey STS and highlight 

the region as a potential nexus for combining perception and goal-oriented behaviors to 

drive social decisions. 

4.2 Methods and materials 

4.2.1 General and behavioral procedures 

Three adult male monkeys (Macaca mulatta; Monkey R, Monkey L, and Monkey 

B) were trained to perform a reward-donation paradigm; all three monkeys played with 

the same male recipient monkey. All monkeys were housed in a colony room together 

and had routine visual access to the recipient while in their home cage.  

Pairs of monkeys - donor and recipient - sat in primate chairs (Crist, Hagerstown, 

MD) 100cm from each other and at 45* angles to one another; each monkey faced his 

own 60-Hz LCD monitor which displayed identical visual stimuli. Visual stimuli were 

displayed on the LCD monitors using MATLAB and Psychtoolbox (Mathworks Inc.) 

(Brainard, 1997). Monkeys were rewarded via their own juice tube, each controlled by a 

solenoid valve. Donor monkeys shifted their gaze to a target on the screen in order to 

choose whom to reward on that trial. The donor monkeys made their choices in two 
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contexts: [1] choosing between rewarding themselves or both themselves and the 

recipient monkey (self-both trials) or [2] choosing to reward the recipient monkey or 

neither monkey (other-none trials). In order to prevent the donor monkeys from forming 

secondary associations with solenoid valve clicks, the solenoid valves were placed in 

another room and white noise was played for the duration of the session. Critically, a 

separate solenoid valve was designated for the “neither” reward choices; this valve 

produced clicks but did not deliver juice. 

Each trial began with the donor monkey shifting his gaze (+/- 2.5°) to a central 

fixation square (0.5° x 0.5°) and maintaining fixation for 200ms (Figure 12). Following 

the fixation square, a magnitude cue was presented (200ms) that indicated the 

percentage of the maximum juice volume rewarded on that trial by the height of the 

horizontal middle bar. The magnitude cue indicated 30%, 50%, 70%, or 90% of maximal 

juice reward possible. On choice trials, two fractal images (representing either [1] self 

and both rewards or [2] other and neither rewards] appeared at one of four pairs of 

locations, each 7° eccentric in the opposite hemifield. To register his decision, the donor 

monkey had 1500 ms to shift his gaze to one of the two targets, and then had to maintain 

fixation on the target for 50 ms. After a variable delay (0 – 500 ms following target 

offset), juice was delivered according to which target the donor monkey shifted his gaze 

to. Following juice delivery, there was an intertrial interval of 300ms. Donor monkeys 

were free to look around during the delay between the decision and reward delivery, as 
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well as for 1000 ms following reward delivery. The pair of stimuli presented on each 

trial was drawn from a set of four pairs of stimuli (two self-both pairs of fractal images 

and two other-neither pairs of fractal images; different pairings were used for each 

donor monkey), pseudorandomly chosen. Cued trials were interleaved with choice 

trials, and comprised 25% of trials (the choice trials comprised the other 75% of trials). 

On cued trials, only one visual target appeared in one of the eight possible locations, and 

the donor monkey had to shift his gaze to the target for juice to be delivered and to 

move on to the next trial. Choice and cued trials were considered incomplete if the 

monkey failed to choose a target or maintain fixation for 50 ms on a target; incomplete 

trials were not included in analysis. All fractal images were luminance-balanced.  

We determined the face region of the recipient monkey, with respect to the gaze 

angle (horizontal and vertical eye positions) of the donor monkey’s position in the room. 

We identified any gaze shift to that calculated face region (=/- 8.5° from the center of the 

face) as a social gaze.  
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Figure 12: Task Design. (A) Monkeys performed a reward-allocation task in which 
they performed choice trials (top fork) and cued trials (bottom fork) to deliver juice 
rewards to themselves, a recipient monkey in the room, both monkeys, or neither 
monkey. Cartoon eyes indicate times during which the donor monkey could look 

around without any task demand. (B) Eight different fractals were used for each of the 
three donor monkeys; two pairs were associated with self and both rewards, and two 
pairs were associated with other and none rewards. Fractal associations and pairings 
varied for each of the three donor monkeys (but were kept consistent for each donor 

monkey across sessions). 

4.2.2 Recording procedures  

All recordings were made using tungsten electrodes (FHC) or multi-channel U-

Probes (Plexon). Single electrodes were lowered via hydraulic Microdrive system (Kopf 

Instruments). Single-unit waveforms were isolated and action potentials were collected 

using a 16-channel recording system (Plexon). In order to guide the placement of 
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recording tracks and localize recording sites, we acquired structural magnetic resonance 

images (3T, 1-mm slices) of each donor monkey’s brain. We made a mask consisting of a 

3mm sphere around a seed at the fundus of the superior temporal sulcus (STS; X = 18.75, 

Y = -10.00, Z = -2.25, according to the Montreal Neurological Institute (MNI) atlas). This 

location was selected based on research indicating that this region exhibits a functional 

connectivity profile most similar to the human temporoparietal junction (Mars et al., 

2013). The mask was then converted the individual monkey’s native-space structural 

scan to identify our target recording location using FSL’s FMRI Expert Analysis Tool 

(FEAT) Version 6.0.0. Detailed localizations were made using Osirix viewer 

(http://www.osirix-viewer.com). In addition to these localization procedures, we 

confirmed that electrodes were in the STS by listening to gray and white matter-

associated sounds while lowering the electrodes. Once STS neurons were isolated, we 

confirmed their stability and recorded their activity without any selection criteria other 

than anatomical location. 

A total of 305 neurons were collected (182 from Monkey R; 48 from Monkey L; 75 

from Monkey B). Neurons were selected for recording based strictly on the quality of 

isolation. Neurons with fixation firing rates below 1 Hz were discarded from analysis 

due to poor recording or isolation, leaving a total of 241 in our analyses (Monkey R: 140; 

Monkey L: 39; Monkey B: 62). 
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4.3 Results 

4.3.1 Summary of behavior in the reward-donation task 

To examine the role of the primate STS in other-regarding decision-making, we 

examined extracellular activity from 241 neurons in the STS in rhesus macaques as they 

performed a reward donation task (Figure 13). Previous research demonstrated this task 

to be a probe of social decision-making by showing that donation preferences can be 

manipulated by altering the social hierarchy and familiarity between the donor and 

recipient monkey, and that preferences can be abolished if the live recipient is replaced 

with a juice bottle (Chang et al., 2011).  

 

Figure 13: Recording Sites from STS. Structural magnetic resonance image 
from donor monkey B with a subset of recording sites indicated by the red dots. LS, 

lateral sulcus. 

4.3.1.1 Choice behavior 

We quantified decision preferences by calculating a vicarious reward index (VRI; 

Chang et al., 2015, 2012, 2011); the VRI measures the difference between the frequency of 

choosing the prosocial option (e.g., both or other) and the antisocial option (e.g., self or 

none, respectively), and then normalizing the difference by the sum of the two:  
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Thus, the VRI always ranges between -1 and +1; a positive VRI reflects a 

prosocial bias (choosing both or other more frequently); a negative VRI reflects an 

antisocial bias (choosing self or none more frequently); a VRI of 0 indicates that the donor 

monkey chose the two options at equal frequencies. An initial repeated measures 

analysis of variance (ANOVA) indicated that there was a significant interaction between 

context and monkey on VRI (context x subject: F(2,96) = 109.59, p < 0.001). Post-hoc 

analyses indicated that Monkey R displayed choice patterns consistent with previous 

findings (Chang et al., 2011, 2015): he preferred to deliver juice rewards to other over 

none in the other-none context (VRI = 0.11 ± 0.02 SEM, t(59) = 7.32, p < 0.0001), and 

preferred to deliver juice rewards to self over both in the self-both context (mean VRI = -

0.22 ± 0.02 SEM, t(59) = -13.63, p < 0.0001; Figure 14, left panel). Additionally, VRIs across 

the two contexts were significantly different from one another (t(59) = 15.67, p < 0.0001, 

paired t-test). In contrast, Monkey L displayed indifferent behavior – choosing the two 

options with approximately equal frequency – in the other-neither context (VRI = 0.04 ± 

0.03 SEM, t(14) = 1.36, p = 0.20) and the self-both context (VRI = -0.02 ± 0.02 SEM, t(14) = -

0.71, p = 0.43; Figure 14, middle panel). Monkey L’s VRIs in the two contexts were not 

different from one another (t(14) = 1.47, p = 0.16). Lastly, Monkey B displayed preferred 

rewarding none over other in the other-none context (VRI = -0.25 ± 0.01 SEM, t(22) = -17.01, 

p < 0.0001) and self over both in the self-both context (VRI = -0.05 ± 0.02 SEM, t(22) = -2.32, p 
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= 0.03), although he was significantly less reward-withholding in the self-both context 

(t(22) = -9.08, p < 0.0001; Figure 14, right panel).  

 

 

Figure 14: Vicarious Reward Indices Indicate Prosocial Preferences. Vicarious Reward 
Indices (VRI) were calculated for each donor monkey in both the Self-Both and 

Other-None contexts. Higher VRIs indicate a preference for reward giving behavior; 
lower VRIs indicate a preference for reward withholding behavior. 

We additionally examined whether the monkeys’ choices were modulated 

according to the amount of juice at stake in the trial. Across all three monkeys, there was 

no effect of reward magnitude on VRI in the self-both or the other-none contexts when 

comparing VRIs during trials of the lower two and higher two magnitude proportions 

(30% & 50% vs 70% & 90% of maximal juice reward), nor when comparing the VRIs 

during trials of lowest and highest magnitude proportions (30% vs 90%) (all ps > 0.05, 

paired t-tests). 
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The differences in donor monkeys’ preferences may be attributed to differences 

in social hierarchy between each donor monkey and the recipient, as previous literature 

has shown that preferences in reward delivery rates can be modulated by relative rank 

between donor and recipient monkeys (Chang et al., 2011). Future research will be 

needed to examine whether these preferences are unique to these three donor monkeys 

or can be altered according to their relationship with the recipient monkey. 

4.3.1.2 Social gaze behavior 

After the donor monkey shifted his gaze to the target in the choice and cued 

trials, he was then permitted to freely look around. To examine social observations made 

by the donor monkey, we monitored the frequency with which the donor monkey 

shifted his gaze to the face of the recipient monkey following the reward delivery phase 

of the trial. A repeated measures ANOVA indicated an interaction between reward 

outcome and monkey on social gaze frequency (outcome x subject: F(2,96) = 88.18, p < 

0.001). (Figure 15). Post-hoc tests indicated that Monkeys L and B exhibited similar 

patterns of social gaze, with increased frequency of social gaze observations following 

other-none context outcomes compared to self-both context outcomes (ps < 0.001, paired 

t-tests), but no differences between reward outcomes within contexts. In contrast, 

Monkey R exhibited increased social gazes following self-both context outcomes relative 

to other-none context outcomes (t(59) = 13.48, p < 0.0001, Wilcoxon sign rank test). Monkey 

R additionally displayed increased frequencies of social gazes following self outcomes 
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relative to both outcomes (t(59) = 8.58, p < 0.0001) and following other outcomes relative to 

none outcomes (t(59) = 4.88, p < 0.0001). 

 

Figure 15: Frequency of Social Gaze by Reward Outcome. Proportions of outcome 
types during which the donor monkey shifted his gaze to the recipient monkey 

following the reward outcome. 

4.3.2 Neural analysis 

Previous electrophysiological studies have indicated that neurons in the primate 

STS encode social perceptual stimuli, including images of faces and gaze detection 

(Perrett et al., 1982, 1992; Roy et al., 2012; Tsao et al., 2006, 2008); however, whether these 

cells also encode or inform aspects of social decision-making remains unknown. To 

investigate this, we analyzed 241 neurons recorded from the monkey middle STS during 

a social reward-allocation task during which the monkeys made decisions about 

donating juice to themselves or another monkey, and were able to look at the recipient 

monkey in the room. 
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4.3.2.1 STS responds to social perception 

We first examined whether the neurons we recorded respond to social 

perceptual processes when the donor monkey shifted his gaze to the recipient following 

the reward delivery. In order to test for social gaze-responsiveness and to control for 

oculomotor related activity, we used a Wilcoxon rank sum test to compare firing rates 

during the 10-100 ms following the social gaze onset and firing rates during the 10-100 

ms following a gaze shift to a target on the left side of the screen (ipsilateral to the 

recipient monkey) during the decision phase. This comparison controls for saccade-

related changes in firing rate, in particular, when looking to the left hemifield, thus 

isolating social perceptual-related changes in neural activity. For this analysis, we 

excluded any cells recorded from sessions in which the actor monkey performed fewer 

than 10 social gazes at the recipient monkey, leaving a total of 155 cells (Monkey R: 96; 

Monkey L: 25; Monkey B: 34). Of these 155 neurons included, 108 neurons exhibited 

were social gaze-responsive: 41% (n = 65; Monkey R: 45; Monkey L: 9; Monkey B: 11) 

exhibited significant increases firing rates during social gaze relative to shifts in gaze to 

the side of the computer screen ipsilateral to the recipient monkey (Wilcoxon rank sum 

test, p < 0.05), 28% (n = 43; Monkey R: 26; Monkey L: 7; Monkey B: 10) exhibited 

significant decreases in firing rates during social gazes, and 31% (n = 47; Monkey R: 25; 

Monkey L: 9; Monkey B: 13) exhibited no changes in firing rates relative to shifts in gaze 

to the side of the computer screen ipsilateral to the recipient monkey (Figure 16A). A 
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population activity index was calculated by normalizing the percent change from the 

decision epoch on trials with targets ipsilateral to the recipient monkey by this decision 

period (Figure 16C): 

𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦	𝐼𝑛𝑑𝑒𝑥 =
|𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒A(*+,-	B,CD − 𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒E&)+-,0D',-	0,'FD0|

𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒E&)+-,0D',-	0,'FD0
 

 

Figure 16: STS Neurons Respond to Social Gaze. (A) Pie chart illustrating the 
proportion of cells that exhibited significant increases in firing rate during social gaze 
relative to gazes to targets on the ipsilateral side of the computer monitor during the 

decision phase (red), cells that exhibited significant decreases in firing rate (blue), and 
cells that did not exhibit any change in firing rate during social gazes relative to gazes 

to the ipsilateral side of the computer monitor (white). (B) Peristimulus time 
histogram of an example neuron aligned to social gaze (raw firing rate). (C) Plot of the 

normalized activity of 108 neurons that were identified as social gaze-responsive. 
Activity index was calculated by normalizing the percentage change from average 
firing rate during gazes to targets on the left side of the screen during the decision 

phase (ipsilateral to the recipient monkey).  



 

92 

4.3.2.2 STS neurons respond to social decision processes 

We next sought to investigate whether the activity of STS neurons reflect the 

decision phase of our reward allocation task, defined as the 50 ms prior to gaze offset on 

the target through 50 ms following gaze offset on the target. Neurons were classified as 

decision-responsive using a Wilcoxon signed rank test, comparing the 100ms around the 

saccade offset on the target (-50ms – 50 ms, aligned to saccade offset on the target) to the 

average session firing rate during the first 100ms of fixation. Of the 241 cells examined, 

135 had firing rates significantly different from fixation: 24% (n = 59; Monkey R: 29; 

Monkey L: 9; Monkey B: 21) exhibited significant increases in firing rate during the 

decision epoch (relative to the fixation period), 32% (n = 76; Monkey R: 45; Monkey L: 13; 

Monkey B: 18) exhibited significant decreases in firing rate, and 44% (n = 106; Monkey R: 

66; Monkey L: 17; Monkey B: 23) exhibited no change in firing rate relative to the 

fixation period (Figure 17). A similar population activity index was calculated for the 

135 neurons that were decision-responsive by normalizing the percent change from the 

fixation period (Figure 17C): 

𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦	𝐼𝑛𝑑𝑒𝑥 =
|𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒A(*+,-	GD*+)+(/ − 𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒H+I,0+(/|

𝐹𝑖𝑟𝑖𝑛𝑔	𝑅𝑎𝑡𝑒H+I,0+(/
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Figure 17: STS Neurons Respond to Social Decision Processes. (A) Pie chart 
illustrating the proportion of cells that exhibited a significant increase in firing rate 

during the decision epoch relative to fixation (red; Wilcoxon signed rank test, p < 
0.05), significant decreases in firing rate (blue), and cells that exhibited no change in 
firing rate relative to the fixation period (white). (B) Peristimulus time histogram of 

an example neuron aligned to decision (gaze offset on target; raw firing rate). (C) Plot 
of the normalized activity of 135 neurons that were identified as social gaze-

responsive. Activity index was calculated by normalizing the percentage change from 
average session firing rate during the fixation period.  

To investigate whether single-neuron firing rates encoded reward recipients 

differentially, we examined average firing rates for each outcome category in each 

context (self vs. both, other vs. none) during the decision phase for all cells showing 

significant modulation during the decision phase. We ran an ANOVA using prosocial 
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decision (other or both vs. self or none), context (self-both vs. other-none trials), and trial 

type (choice vs. cued) to predict firing rate during the decision epoch. While 12% of cells 

significantly encoded whether the decision was prosocial (p < 0.05), this main effect of 

prosocial target was qualified by an interaction with context, as 30% (n = 40) of cells 

encoded an interaction between prosocial decision and context (p < 0.05), indicating that 

the effect of prosocial targets on firing rate depends on whether the targets appear in the 

self-both context or the other-none context. This implies that a population of STS 

neurons responds in a context-dependent manner and does not simply convey 

information about prosocial or antisocial decisions or whether the decision was active 

(choice) or not (cued).  

4.3.2.3 Multiplexing perceptual and decision processes in the STS 

Our previous analyses indicated that activity in STS neurons reflects both social 

perceptual processes (e.g., changes in activity during social gaze) and social decision 

processes (e.g., increased activity during the decision phase that, in some cells, is 

moderated by the context and prosocial aspect of the decision). Based on these findings, 

we investigated whether these two social processes were reflected in the same 

population of neurons or in separate subpopulations. To ensure that that the signals 

examined during the social gaze and decision processes were independent, we 

calculated the time difference between the decision (when the donor’s gaze landed on 
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the target) and a social gaze (average time difference: 522 ms; minimum: 139 ms; 

maximum: 2210 ms) (Figure 18). 

 

Figure 18: Time Differences Between Decision and Social Gazes. To ensure that the 
signals examined during the social decision and social gaze trials were non-

overlapping, we calculated the difference in time between the decision event and the 
gaze event. 

We first examined the overlap in populations that increased activity during these 

two task phases; i.e., do the same neurons whose activity reflect social perception also 

reflect social decision processes? We re-ran the decision classification on the subset of 

cells that reflect social gaze, and found that 29% (n = 31/108; Monkey R: 23; Monkey L: 4; 

Monkey B: 4) of cells that reflect social perception also reflect the decision epoch 

(compared to fixation firing rate; Wilcoxon signed rank test, p < 0.05) (Figure 19A). An 

example of this relationship is illustrated in a raster plot and associated PSTH for an 

example cell in Figure 19B (aligned to the decision). This cell exhibited increased activity 
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during the decision epoch, and then again following the social gaze on each trial (red 

dots in raster). However, when looking at trials during which the monkey did not make 

a social gaze (Figure 19C), the neuron does not exhibit the same increase in activity 

during the decision phase. Importantly, the neuron also does not exhibit increased 

activity following the reward delivery (blue dots), suggesting that the activity following 

social gazes was tied to the social perceptual processes, and not the reward delivery. 
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Figure 19: STS Neurons Multiplex Social Perceptual and Decision Processes. (A) Pie 
chart illustrating the proportion of social gaze-responsive cells that were also 

responsive during the decision phase (red), and that were not responsive during the 
decision phase (blue). (B-C) Spike rasters and peristimulus time histograms for a 

single STS neuron aligned to the decision phase. B) Spike raster (top) and 
peristimulus time histogram (bottom) from trials in which the monkey executed a 

social gaze following reward delivery, sorted by onset of social gaze (red dots indicate 
social gaze onsets; blue dots indicate reward delivery onset). C) Spike raster (top) and 

peristimulus time histogram (bottom) from trials in which the monkey did not 
execute a social gaze following reward delivery, sorted by onset of reward delivery 

(blue dots in raster).  
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We further examined this relationship by examining raw neuronal activity 

during the social gaze and decision epochs. Across the subset of 57 cells that were 

responsive to both social gazes and the decision phase, we compared the mean firing 

rate across the gaze epoch and across the decision epoch, and found a non-significant 

correlation between activity during the social gaze and decision phases (r = 0.04, p = 0.67) 

(Figure 20A). When looking across all 155 cells, we found a similar non-significant 

correlation between firing rates during the social gaze and decision periods (r = 0.15, p > 

0.05). Critically, however, we then restricted our analysis to include only decision firing 

rates on trials in which there was a social gaze, and found a significant correlation 

between raw firing rates during the social gaze and decision periods (r = 0.70, p < 0.0001; 

Figure 20B). This pattern was also true across the entire population of cells: when we 

included all 155 neurons (excluding only cells recorded during sessions with fewer than 

10 social gazes), there was a significant correlation between social gaze epoch and 

decision epoch activity (using only firing rates from trials in which there was a social 

gaze) (r = 0.68, p < 0.0001);  
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Figure 20: Social Decision Activity Tracks Social Gaze Activity. (A) Scatter plot of raw 
firing rates during the decision epoch and during the social gaze epoch, using firing 
rates across all decision trials. (B) Scatter plot of raw firing rates during the decision 

epoch and social gaze epoch, restricting our analysis to only decision firing rates from 
trials on which there was a social gaze. Neurons that were social gaze-responsive are 

displayed in orange; all other neurons displayed in blue. 

We additionally examined whether this relationship between social gaze and 

decision epoch activity was moderated by the type of decision made. We first calculated 

the difference in firing rates during the decision and social gaze epochs to identify 

variation in the relationship between the activity in the two epochs. We ran an ANOVA 

using factors of whether the decision was prosocial (both or other vs. self or none), as 

well as the context of the trial (self-both vs. other-none), and the trial type (choice or 

cued), to control for the influence of these factors on the difference in firing rate. Across 

155 cells, 6% exhibited an influence of prosocial decision on the difference in firing rate 

between the two epochs. This analysis indicates that the majority of cells exhibit a 

relationship between decision and gaze firing rates that is independent of the decision 

made. 
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4.4 Discussion 

 Recent neuroscience research has highlighted the relevance of a collection of 

brain areas to elements of social cognition in both humans and non-human primates; 

these regions include the STS, OFC, ACC, amygdala, and human TPJ (Allison et al., 

2000; Carter et al., 2012; Chang et al., 2013, 2015; Deen et al., 2015; Falcone et al., 2016; 

Gothard et al., 2007; Haroush and Williams, 2015; Lockwood et al., 2015; Mosher et al., 

2014). However, how social perceptual information informs or is transformed into social 

decision information remains relatively understudied. Here, we examined whether cells 

in the monkey STS – a region demonstrated to encode social perceptual stimuli – reflect 

social decision processes during a well-characterized reward-allocation paradigm 

(Chang et al., 2011, 2012, 2013, 2015). 

Our findings demonstrate that neurons in the monkey STS respond to 

information about both social perception and social decision-making. STS neurons 

increased in activity both when the donor monkey shifted his gaze to the recipient 

monkey following reward delivery, and during the decision phase of the trial; 

importantly, these two increases in activity were strongly correlated with one another on 

trials during which there was a social gaze. We additionally found that on trials on 

which there was no social gaze, neurons did not increase in firing rate during the 

decision process. These results confirm previous findings that STS neurons uniquely 

encode social perceptual stimuli (e.g., images of faces relative to objects) (Perrett et al., 
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1992; Tsao et al., 2003, 2006, 2008), and extend previous results by demonstrating that 

these same neurons also reflect goal-oriented, social decision processes.  

 While many of the neurons analyzed responded to social perceptual processes, 

our recordings targeted a region of interest previously determined to exhibit a functional 

connectivity most similar to that of human temporoparietal junction (TPJ) (Mars et al., 

2013), an area shown to encode unique information about decisions in social contexts 

(Carter et al., 2012). Although researchers have yet to determine whether the macaque 

brain has a functional homologue of the human TPJ, our findings endorse the hypothesis 

that this targeted STS region reflects processes engaged during social decision-making.  

Our results additionally indicate that the macaque STS multiplexes social 

perceptual and decision information. However, our findings cannot speak to the role 

that these cells play in the decision process; it is possible that these cells simply reflect an 

engagement of making a decision in a social context, or play a more active role, for 

example, in mentalizing or social reward processes. Previous work has shown that 

inactivating the posterior STS impairs social gaze cueing (Roy et al., 2012); similar 

methods – including muscimol injections and non-invasive stimulations techniques 

(Mueller et al., 2014) – to perturb STS neuronal activity during this task will be critical to 

determine whether disrupting STS function similarly disrupts social decision-making.  

It is noteworthy that, while all three donor monkeys exhibited different reward 

allocation and social gaze patterns during the task, neurons across all three similarly 
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responded to the decision and social gaze phases of the tasks. While differences in 

behavior may be attributed to different relationships with the recipient monkey, as 

shown in previous studies (Chang et al., 2011), there were no associations between those 

behavioral patterns and STS neuronal activity patterns. These findings suggest that STS 

cells may not drive reward allocation preferences of social gaze behaviors, but may 

encode downstream information regarding those processes. 

Our results demonstrate multiplexing of both social perceptual and social 

decision information in the monkey STS. Both social perception and decision processes 

are known to be disrupted in a number of psychopathologies, including autism 

spectrum disorder (Adolphs et al., 2001; Chamberlain et al., 2006; Dalton et al., 2005; 

Gleichgerrcht et al., 2012; Zilbovicius et al., 2006), schizophrenia (Couture et al., 2006; 

Fett et al., 2011; Marwick and Hall, 2008), and psychopathy (Rilling et al., 2007; Young et 

al., 2012). Thus, an improved understanding of the relationship between social 

perceptual and decision processes could have clinical relevance and advance our models 

of social cognition and associated disorders. 
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5. Conclusion and future directions 

5.1 Summary of research findings 

 Individuals interact with the world around them via the nervous system 

perceiving external sensory signals and transforming them – across a series of cognitive 

domains – into behaviors and actions. While these neural processes have been well 

characterized in many domains, including basic visual and motor responses, the 

bourgeoning field of social neuroscience has only recently begun to characterize some of 

these processes using socially relevant stimuli and interactions (Adolphs, 2006).  

The present dissertation examined some of the mechanisms that underlie social 

behaviors in both humans and non-human animals. The research explored here 

combined functional neuroimaging techniques and single-unit recordings to better 

characterize the neural regions that drive decisions in social contexts. Chapter 2 focused 

on parceling the regions that are typically demonstrated to reflect social cognition into 

distinct subregions that carry unique information regarding social decisions. By using 

relatively novel analytical techniques of spatial multiple regression on a social variant of 

a prototypical behavioral economics task, we attained a more sensitive and specific map 

of the neural regions encoding when participants made decisions on behalf of others 

relative to traditional analytical pipelines. Importantly, the multivariate analyses that 

provided a more specified map of other-regarding processing regions took into account 
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the effects of other spatial subregions in these task-relevant regions, thus controlling for 

the influence of other processes performed during the task.  

Chapters 3 and 4 focused on understanding the relationship between social 

perception and goal-oriented neural processing. Chapter 3 used a social adaptation of 

reaction-time task to examine how large-scale functional networks couple with specific 

cognitive sites to shape social motivation. Using a novel combination of network 

analysis and psychophysiological interaction analysis, we found that two large-scale, 

goal-oriented, and domain-general networks interact with a classic social perceptual 

region to shape subsequent social motivation. Chapter 4 focused on the relationship 

between social perceptual responses and social decision responses on a neuronal level in 

a prototypical social processing region in the monkey brain. We found that neurons in 

the monkey superior temporal sulcus (STS) – a region known to encode social 

perceptual stimuli – reflected both the processing of the face of a monkey in the room as 

well as the decision process during a well-characterized reward allocation paradigm. 

While our results reflect that the monkey STS processes multiple aspects of social 

cognition, future studies are needed to parse the direct relationship between these cells 

and social decisions (i.e., whether these cells drive behavior or are downstream of other 

regions that shape decision behavior). Additionally, gaining information regarding 

whole-brain activation in this task (e.g., using fMRI techniques) will be useful in 

understanding how this STS region couples with other cortical regions to characterize 



 

105 

the flow of information from perception all the way through oculomotor execution of 

the decision.  

5.2 General discussion 

 Since the early study of social neuroscience, social and non-social decisions have 

traditionally been investigated using different theoretical frameworks. As discussed in 

the Introduction, studies of non-social decisions have typically prioritized the decision 

maker’s values, expectations, and preferences (Smith and Delgado, 2015). Conversely, 

studies of social decisions typically prioritize processes unique to social interactions 

(Dunbar and Shultz, 2007), without focusing specifically on the decision maker’s 

motivations. Whether social decision-making should be considered as a separate area of 

study from other forms of decisions (e.g., in economic decisions) depends on the degree 

to which its underlying mechanisms can be distinguished from those supporting 

decision-making in other domains. Treating social and non-social decisions as separate 

domains implies that social signals should be processed via domain-specific channels, 

that are then compared with non-social signals (i.e., in the vmPFC or OFC using a neural 

common currency) (Izuma et al., 2008; Levy and Glimcher, 2012; Lin et al., 2012; Padoa-

Schioppa and Assad, 2008; Saxe and Haushofer, 2008; Schoenbaum et al., 2011; Zink et 

al., 2008). 

 However, an alternative perspective suggests that the computations of value and 

motivation during social decision making involve different neural mechanisms than 



 

106 

those engaged during non-social decisions – potentially through different populations of 

neurons recruited or different computations employed. The idea that different domains 

have different value and motivation representations has some parallels in other 

domains, such as behavioral economics and social psychology, where researchers have 

demonstrated that incentives from different domains do not necessarily combine 

linearly, but may actually compete in often counterintuitive ways (e.g., in reward 

undermining) (Frey and Jegen, 2001; Frey and Oberholzer-Gee, 1997; Gneezy and 

Rustichini, 2000). In fact, many examples of competing incentives involve pairings of a 

monetary incentive (e.g., money reward to oneself) and a social incentive (e.g., an 

outcome for another individual). Thus, while there is evidence that the same brain 

regions are recruited for social and economic decisions (Lin et al., 2012), there may be 

different computations utilized or potentially different populations of neurons engaged 

during the processing of the two types of decisions. Direct evidence in support of this 

theory has been found in the primate striatum and OFC, both of which contain different 

populations of cells that encode social information relative to the value of a juice reward 

(Klein and Platt, 2013; Watson and Platt, 2012). 

 Neuroimaging data has provided, and continues to provide, important 

information toward identifying specific social computations in decision making. Recent 

computational advances for identifying complex, local patterns of activation (e.g., 

multivoxel pattern analysis), as well as interactions across spatially separate neural 
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regions, will continue to elucidate whether regions such as the OFC, ACC, TPJ, and PCC 

exhibit different patterns for different types of rewards. Examples of these advances are 

demonstrated in Chapters 2 and 3 in this dissertation. Chapter 2 identified distinct 

subregions that carried unique information about making financial decisions for a 

charity relative to oneself, and Chapter 3 characterized interactions between a large-scale 

functional network and a domain-specific cortical region to shape social motivation. 

However, even with those advances, the spatial and temporal resolution of functional 

neuroimaging will remain limited compared to direct recordings of cells in humans and 

non-human animals. Chapter 4 demonstrated that a prototypical social perceptual 

region in the monkey brain also reflects social decisions, it additionally highlighted the 

heterogeneity of responses in the region that would not have been captured using a 

neuroimaging technique. However, as noted in Chapter 4, our direct recordings of 

neurons are still leave open the question of whether the region causally contributes to 

the behaviors demonstrated (i.e., isn’t just correlated with the behaviors). To address 

this, studies will need to implement direct manipulation of cells using methods such as 

muscimol injections to temporally and locally inhibit the area, or transcranial magnetic 

or direct current stimulation, to manipulate the activity of cells. Thus, a combination of 

neuroimaging, single-unit recordings, and manipulations (invasive and non-invasive) 

will be critical for understanding what is uniquely social about making decisions in a 

social context. 
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6. Appendix: Precuneus is a functional core of the 
default-mode network1 
Efforts to understand the functional architecture of the brain have consistently identified 

multiple overlapping large-scale neural networks that are observable across multiple 

states. Despite the ubiquity of these networks, it remains unclear how regions within 

these large-scale neural networks interact to orchestrate behavior. Here, we collected 

functional magnetic resonance imaging data from 188 human subjects who engaged in 

three cognitive tasks and a resting-state scan. Using multiple tasks and a large sample 

allowed us to use split-sample validations to test for replication of results. We parceled 

the task-rest pairs into functional networks using a probabilistic spatial independent 

component analysis (ICA). We examined changes in connectivity between task and rest 

states using dual-regression analysis, which quantifies voxelwise connectivity estimates 

for each network of interest while controlling for the influence of signals arising from 

other networks and artifacts. Our analyses revealed systematic state-dependent 

functional connectivity in one brain region: the precuneus.  Specifically, task 

performance led to increased connectivity (compared to rest) between the precuneus 

and the right frontoparietal network (rFPN), whereas rest increased connectivity 

between the precuneus and the default-mode network (DMN). The absolute magnitude 

of this effect was greater for DMN, suggesting a heightened specialization for resting-

                                                        

1 This Appendix was previously published in The Journal of Neuroscience (Utevsky et al., 2014). 
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state cognition. All results replicated within the two independent samples. Our results 

indicate that the precuneus plays a core role not only in DMN, but also more broadly 

through its engagement under a variety of processing states.  

6.1 Introduction 

The human brain at rest, when mind-wandering and ruminating, shows distinct 

and reliable patterns of connectivity among widely separated brain regions. These 

connectivity networks are thought to reflect intrinsic properties of neural organization 

(Damoiseaux et al., 2006; Smith et al., 2009). One network that has been of particular 

interest is the default-mode network (DMN), comprising the posterior cingulate cortex 

(PCC) and precuneus, medial prefrontal cortex, and bilateral temporoparietal junction. 

This network of regions gained particular attention when it was shown to decrease in 

connectivity during tasks – with reduction in connectivity scaling with task difficulty 

(McKiernan et al., 2003) – and increase during rest (Fox et al., 2005; Raichle et al., 2001; 

Shulman et al., 1997). Building on this foundation, many studies have implicated this 

network in regulating attentional states and cognition more broadly (Leech and Sharp, 

2013; Pearson et al., 2011). 

While prior research on relationships between DMN and other networks has 

primarily adopted antagonistic models – such that DMN engagement is temporally 

anticorrelated with task-related networks (Fox et al., 2005; Fransson, 2005) – recent 

research suggests that such models may be overly simplistic. Although the 
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PCC/precuneus is thought to comprise the functional core of DMN, the region exhibits 

connectivity patterns that differ from the larger network: as task difficulty increases, 

ventral and dorsal PCC/precuneus exhibit opposite patterns of integration with DMN; 

further, while at rest, dorsal PCC/precuneus shows connectivity with both DMN and 

task-positive networks (Leech et al., 2011). Other studies have shown that 

PCC/precuneus exhibits increased activation during many tasks – including 

autobiographical memory retrieval (Maddock et al., 2001), reward outcome monitoring 

(Hayden et al., 2008), and emotional stimulus processing (Maddock et al., 2003) – further 

challenging the association of DMN with task disengagement, and highlighting the 

differences between the functional core of DMN and the network more broadly. 

Understanding the role of DMN and its relationship with task-related networks during 

both resting and task states may resolve these contrasting findings and provide critical 

insight into the network’s involvement in regulating cognition. 

We investigated the relationship between DMN and task-positive networks by 

comparing connectivity during resting and task states. We collected functional 

neuroimaging data from 188 subjects who engaged in three cognitive tasks in separate 

scans and a resting-state scan. Data from each task were paired with corresponding 

resting-state data, split into primary and replication samples, and parceled into 

functional networks using spatial independent component analysis (Beckmann et al., 

2005; Smith et al., 2009). We examined connectivity during task and rest using dual-
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regression analysis (Figure 21), which quantifies voxelwise connectivity estimates for 

each network of interest, while controlling for the influence of other networks (Filippini 

et al., 2009; Leech et al., 2011; Sharp et al., 2011). Our results indicate that precuneus 

exhibits heightened connectivity with both DMN and a task-positive network according 

to task state, and additionally exhibits connectivity patterns that reliably discriminate 

task state. This observation indicates that precuneus plays a core role not only in DMN, 

but also cognition more broadly through its engagement under a variety of processing 

states. 

6.2 Materials and methods 

6.2.1 Participants and experimental tasks 

A group of 209 participants completed three tasks and a resting-state scan. 

During the resting-state scan, participants were given instructions to maintain fixation 

on a central cross and to not think about anything particular. Prior to the resting-state 

scan, participants engaged in three reward-based decision tasks requiring externally-

focused attention. All tasks share a common structure, with periods rest (i.e., fixation) 

imbedded within periods of active decision making, evaluation, and response selection. 

Although the precise timing of each task is not central to the core analyses – which 

compare task state and rest state – we include a brief description of each task. 
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Figure 21: Schematic Diagram of Analytical Approach. After processing, each task 
dataset was paired with the corresponding rest dataset and randomly split into two 
samples, resulting in six task-rest paired samples. For clarity, an example group is 

shown in bold; each of the following steps was performed for each group separately. 
Group independent component analyses (ICA) were performed on each task-rest 

pairing, resulting in 25 spatial network maps for each paired task-rest sample. The 
network maps from each group were submitted to dual-regression analyses, allowing 
us to quantify, for each participant, each voxel’s connectivity with each network while 

controlling for the influence of other networks. Each participant’s resting-state 
connectivity map was then subtracted from their task-state connectivity, allowing us 
to examine within-subject differences in connectivity for each network according to 

task- and rest-state. The resulting task-rest difference maps were submitted to 
permutation-based testing to examine differences between task and rest. Finally, we 

ran a conjunction across all of the split samples’ results in each network, in each 
contrast (rest>task, task>rest), to examine regions that exhibited greater connectivity 

with each network during rest (compared to task) and during task (compared to rest), 
independent of the specific task. 
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First, participants engaged in a variant of a popular incentivized response-time 

task (Knutson et al., 2000). On each trial, subjects were presented with a 1s cue, 

indicating whether a sufficiently fast response would earn a monetary reward or 

nothing. Subjects were then presented with a fixation cross, jittered between 1.75 and 

2.75 seconds, and then a 0.1-0.3s cue, prompting them to respond. The subjects’ task was 

to respond by button press before the cue disappeared. The response period was then 

followed by an intertrial interval (ITI) between 2 and 8s. 

Following the incentivized response-time task, participants completed a financial 

decision-making task that has been used previously to study framing effects (De 

Martino et al., 2006). On each trial, participants saw a cue for 1s that indicated an initial 

monetary endowment, as well as whether the monetary outcome of the following 

decision would be donated to the subject or to the subject’s chosen charity. Following 

the endowment cue, subjects had a 3.5s decision period in which they had to choose 

between a “sure” option (keep or lose the entire endowment) or a “gamble” option that 

indicated the probability of keeping or losing the endowment. The decision period was 

then followed by an ITI, jittered between 2.5 and 6.5s. 

After the financial decision-making task, participants completed a simple 

valuation task aimed at examining representation of risk in the brain. This task 

comprised gambles that included earnings that varied in magnitude and that occurred 

with a range of probabilities. On each trial, subjects first saw a cue, jittered between 2.25 
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and 6.3s, indicating either the probabilities monetary gain and loss or the magnitudes of 

each possible outcome. Following this initial cue, subjects were presented with the 

remaining information (e.g., if probability had been shown first, they see the magnitude 

second) for 4 to 10s. Once provided with complete information about the gamble, 

subjects were presented with a valuation screen for 2.25 - 6.3s. After expressing a value 

for the gamble, the outcome was revealed for 1s, and then followed by an ITI, jittered 

between 2.5 and 7.5s. 

Individuals with prior psychiatric or neurological illness were excluded; other 

individuals were excluded based on data quality concerns (see 6.2.3 Preprocessing), or 

non-responsive behavior on tasks. These exclusion criteria left a final sample of 188 total 

subjects (85 males, 103 females; ages: 18-59, mean = 22; level of education: 12-24, mean  = 

15; Exp. 1 dataset: N = 177; Exp. 2 dataset: N = 179; Exp 3. dataset: N = 183; each of the 

three tasks comprised different subsets of subjects, depending on quality assurance 

measures). Due to the large sample sizes, we chose to randomly split each task-rest 

sample into primary and replication sets in order to explicitly test for replication of 

findings (Exp. 1 dataset 1: N1 = 88; Exp. 1 dataset 2: N2 = 89; Exp. 2 dataset 1: N1 = 90; 

Exp. 2 dataset 2: N2 = 89; Exp. 3 dataset 1: N1 = 92; Exp. 3 dataset 2: N2 = 91). All 

participants gave written informed consent as part of a protocol approved by the 

Institutional Review Board of Duke University Medical Center.  
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6.2.2 Image acquisition 

Scanning was performed using a General Electric MR750 3.0 Tesla scanner 

utilizing an 8-channel parallel imaging system. T2*-weighted images were acquired 

using a spiral-in sensitivity encoding sequence (acceleration factor = 2) with slices 

parallel to the axial plane connecting the anterior and posterior commissures [repetition 

time (TR): 1580 ms; echo time (TE): 30 ms; matrix: 64 x 64; field of view (FOV): 243 mm; 

voxel size: 3.8 x 3.8 x 3.8 mm; 37 axial slices; flip angle: 70 degrees]. This sequence was 

chosen to ameliorate susceptibility artifacts (Pruessmann	et	al.,	2001;	Truong	and	Song,	

2008), particularly in the ventral frontal regions often identified within the default mode 

network (Fox et al., 2005; Fox and Raichle, 2007; Gusnard and Raichle, 2001). Prior to 

preprocessing these functional data, the first eight volumes of each run were removed to 

allow for magnetic stabilization. All functional datasets were truncated at 192 volumes 

to facilitate comparisons with the resting-state scan. Whole-brain high-resolution 

anatomical scans were acquired (T1-weighted FSPGR sequence; TR: 7.58 ms; TE: 2.93 ms; 

matrix: 256 x 256; FOV: 256 mm; voxel size: 1 x 1 x 1 mm; 206 axial slices; flip angle: 12 

degrees) to facilitate coregistration and normalization of functional data.  

6.2.3 Preprocessing 

Our preprocessing routines employed tools from the FMRIB Software Library 

(FSL Version 4.1.8; http://www.fmrib.ox.ac.uk/fsl/) package (Smith et al., 2004; Woolrich 

et al., 2009a). We corrected for head motion by realigning the time series to the middle 
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volume (Jenkinson and Smith, 2001), and then removed non-brain material using a brain 

extraction tool (Smith, 2002). Next, we corrected intravolume slice-timing differences 

using Fourier-space phase shifting, aligning to the middle slice (Sladky et al., 2011). 

Images were then spatially smoothed using a 6 mm full-width-half-maximum Gaussian 

kernel. Next, we utilized a liberal high-pass temporal filter with a 150 second cutoff 

(Gaussian-weighted least-squares straight line fitting, with sigma = 75 s), owing to the 

broadband spectral power observed in resting-state fluctuations (Niazy et al., 2011). 

Each 4-dimensional dataset was then grand-mean intensity normalized using a single 

multiplicative factor. Finally, we spatially normalized functional data to the MNI avg152 

T1-weighted template (3 mm isotropic resolution) using a 12-parameter affine 

transformation implemented in FLIRT (Jenkinson and Smith, 2001).  

As part of our preprocessing steps and quality control, we examined three 

partially correlated measures of quality assurance and excluded subjects who exhibited 

extreme values on these metrics. First, we estimated the average signal-to-fluctuation-

noise ratio (SFNR) for each subject (Friedman and Glover, 2006). Second, we computed 

the average volume-to-volume motion for each subject. Third, we identified outlier 

volumes in our functional data by evaluating the root-mean-square error (RMSE) of each 

volume relative to the reference volume (the middle time point); a volume was 

considered an outlier if its RMSE amplitude exceeded the 75th percentile plus the value 

of 150% of the interquartile range of RMSE for all volumes in a run (i.e., a standard 



 

117 

boxplot threshold). After calculating these metrics, we excluded subjects where any 

measure was extreme relative to the other subjects (i.e., SFNR < 5th percentile of the 

distribution of SFNR values; outlier volumes > 95th percentile the distribution of outlier 

volumes; average volume-to-volume motion > 95th percentile).  

Although excluding outliers in connectivity analyses is crucial, as artifacts (e.g., 

motion) can severely distort results (Jansen et al., 2012; Power et al., 2012; Satterthwaite 

et al., 2012), it is equally important to address data quality concerns in the remaining 

subjects. To do so, we regressed out variance tied to 6 parameters describing motion 

(rotations and translations along the three principal axes), as well as volumes identified 

as outliers. While we did not utilize the scrubbing procedure described in Power and 

colleagues (2012), our method of regressing out outlier volumes accomplishes the same 

goal of removing signal discontinuities and nonlinear effects of head movement that 

cannot be accounted for by conventional motion parameters or derivations of motion 

parameters. 

6.2.4 Independent component analyses 

We submitted each of the six groups’ data (three task-rest pairs, each split into 

primary and replication groups) to separate probabilistic group independent component 

analysis (ICA) (Beckmann and Smith, 2004), as utilized in FSL’s MELODIC (Multivariate 

Exploratory Linear Decomposition into Independent Components) Version 3.10. ICAs 

are able to identify coherent neural networks by extracting structured signals that exist 
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simultaneously in data; additionally, ICAs can separate key signals of interest (i.e., 

patterns of coactivation) from artifactual or physiological noise and head motion.  

The data submitted to each of the six group ICAs comprised both resting-state 

data and task data, such that each dataset had two inputs for each subject: one resting-

state scan and one task-based scan. Prior to ICA estimation, the data were further 

processed using voxel-wise de-meaning and by normalizing the voxel-wise variance. 

The processed data were whitened and then projected into a 25-dimensional subspace. 

We selected 25 components based on prior reports examining multiple resting-state 

networks (Filippini et al., 2009; Sharp et al., 2011); we note, however, that the number of 

components primarily affects the granularity of the estimated networks (Smith et al., 

2009). The whitened data were then decomposed into sets of vectors describing the 

signal variation across (1) time (time-courses), and (2) space (component maps), using a 

fixed-point iteration technique (Hyvärinen,	1999) to optimize non-Gaussian spatial 

source distributions. The estimated network maps were thresholded by dividing each 

map by the standard deviation of the residual noise, and then fitting a Gaussian mixture 

model to the histogram of normalized intensity values (Beckmann and Smith, 2004).  

6.2.5 Dual-regression analyses 

To examine changes in connectivity between task and rest, we submitted 

network maps from each group to a separate dual-regression analysis, which quantifies 

voxelwise connectivity estimates for each network, while controlling for the influence of 
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other networks (Filippini et al., 2009; Leech et al., 2011). Each dual-regression analysis 

comprised two stages (Figure 21). First, each network map was regressed onto each 

subject’s individual functional dataset, resulting in subject-specific time courses for each 

network. Second, these resulting time courses were then regressed onto the subject’s 

functional data to estimate, within each subject, each voxel’s connectivity with each 

independent network. Importantly, the second, temporal regression examines each 

voxel’s connectivity with each spatial network while controlling for any influence of 

other networks, including those that are potentially artifactual. To quantify task-rest 

connectivity changes within each subject, each participant’s resting-state connectivity 

map was subtracted from their task-state connectivity map, resulting in difference 

images indicating task-minus-rest changes in connectivity. 

Using these subject- and network-specific connectivity difference maps, we then 

constructed a group-level general linear model to estimate changes in each network 

according to task- and rest-state. Importantly, we modeled subject-level estimates of 

motion to account for any consistent differences due to the participant performing a task 

or being at rest. Specifically, we included two nuisance regressors that summarized 

individual differences in motion (average volume-to-volume motion and the proportion 

of outlier volumes identified), as well as a regressor indicating SFNR, as differences in 

SFNR may be associated with spurious differences in connectivity (Friston, 2011; O’Reilly 

et al., 2012). These regressors were calculated by subtracting the parameter values in the 
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resting-state scan from those in the task-state scan, providing a task-minus-rest 

difference value for each metric and further controlling for any spurious differences that 

could arise due to subjects moving more while performing a task compared to rest. 

Additionally, we included a regressor to account for sex differences (Filippi et al., 2012), 

as well as a dummy covariate to account for a subtle change in scanning parameters that 

began partway through data collection (i.e., the utilization of a fat saturation pulse).  

To identify RSNs from our ICA that corresponded to the four networks of 

interest, we conducted a spatial correlation analysis for each network from the ICAs and 

each of the four networks selected from Smith et al (2009). Within each of the six 

datasets, we selected the maps that best matched each of the three task-positive 

(executive control, left and right frontoparietal networks) and one task-negative network 

(default-mode network) of interest in Smith et al. (2009). We performed bidirectional 

contrasts comparing task and rest states in each of the four RSNs. Statistical significance 

was assessed in a nonparametric fashion, using Monte Carlo permutation-based 

statistical testing with 10,000 permutations with a = 0.05 corrected for multiple 

comparisons across the whole brain as well as the four networks tested (Nichols and 

Holmes, 2002). To estimate clusters of activation, we used threshold-free cluster 

enhancement (Smith and Nichols, 2009). Brain activations are displayed using 

MRIcroGL (http://www.mccauslandcenter.sc.edu/mricrogl/). 
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To identify brain regions that show state-based connectivity differences 

independent of any specific task, we conducted conjunction analyses across all six 

groups’ connectivity maps along both contrasts (task > rest, rest > task) using the 

minimum statistic (Nichols et al., 2005). All coordinates reported are in MNI space. 

6.3 Results 

6.3.1 Functional connectivity networks are modulated by task state 

Our initial analyses compared voxelwise connectivity estimates with multiple 

networks at rest and task. We predicted that regions within DMN would exhibit 

increased connectivity with the network at rest compared to task, consistent with prior 

reports of elevated activation of DMN during rest (Greicius et al., 2003). In contrast, we 

hypothesized that regions within task-based networks would show increased 

connectivity with those networks during task compared to rest. To test these hypotheses, 

and, crucially, to ensure consistent results across multiple independent samples, we 

conducted a conjunction analysis across all six groups for each of the three task-positive 

networks – the salience network, the left and right frontoparietal networks – and the 

task-negative default-mode network (Fox et al., 2005). Of these four networks, the 

default-mode network (DMN; Figure 22A, top panel) left frontoparietal network (lFPN; 

Figure 22A, bottom panel) exhibited replicable differences in connectivity according to 

task-state.  
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Figure 22: Overlap in Connectivity with Default-Mode Network and Left 
Frontoparietal Network. (A) We identified two networks that exhibit significant 

connectivity differences in the task and rest states: the default-mode network (top) 
and the left frontoparietal network (bottom). Activations shown are the intersections 
of each z-transformed network map, respectively, across the six groups examined. (B) 
Areas within precuneus exhibited task-dependent connectivity with lFPN (red) and 

DMN (blue). Strikingly, a subregion in the precuneus (coordinates: 6, -63, 42; yellow) 
differentiated task states in both networks, indicating that this region is a shared 

node between multiple networks. 

Conjunction analyses across the DMN connectivity maps revealed greater connectivity 

with the network at rest compared to task; these differences were found in the 

supracalcarine cortex, intracalcarine cortex, precuneal cortex, cuneal cortex, and 

cingulate cortex (Table 4).  

Precuneus

Z = 30 X = 3 Y = -60 

Z = 42 X = -41Y = 21 

Coactivation with DMN

Coactivation with lFPN
.001 p-value (corrected) .0001

B

A
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Table 4: State-Differences in Connectivity with Default-Mode Network. Regions 
whose connectivity with the default-mode network was greater in the resting-state 

compared to the task state, after correcting for two-tailed tests across the four 
independent networks. Regions were found through a conjunction analysis across the 

six task-rest pairings. Probabilistic labels refer to the likelihood that the coordinate 
exists within the given cortical region. In cases were multiple labels are ascribed to a 

single coordinate, we only show labels whose likelihood exceeds 5%. Blank rows 
separate noncontiguous regions of connectivity with the default-mode network. 

Rest > Task (p < .00625, whole-brain corrected) 

Probabilistic Anatomical Label x y z p-value cluster extent 

Supracalcarine (31%), Precuneus (20%), 
Cuneus (14%), Intracalcarine (6%) 

15 -63 18 0.001 116 

      
Precuneus (65%) 0 -54 45 0.001 58 
      
Cuneus (20%), Supracalcarine (16%), 
Precuneus (15%), Intracalcarine (13%) 

-12 -69 18 0.001 55 

      
Cingulate Gyrus (17%) 6 -42 3 0.008 2 
      
Cingulate (15%) -3 -45 6 0.007 1 

 

In contrast, the conjunction analysis across the lFPN connectivity maps revealed 

significant connectivity with the network in the opposite direction – heightened at task 

compared to rest; this difference was found in precuneal and cuneal cortex (Table 5).  

The separate conjunctions across the DMN and lFPN connectivity maps revealed one 

region of overlap within the precuneus (coordinates: 6, -63, 42; Figure 22B); this region 

showed state-dependent connectivity with both networks in opposite contrasts. 
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Table 5: State differences in Connectivity with Left Frontoparietal Network. Regions 
whose connectivity with the left frontoparietal network was greater in the task state 

compared to the resting state, after correcting for two-tailed tests across the four 
independent networks. Regions were found through a conjunction analysis across the 

six task-rest pairings. Probabilistic labels refer to the likelihood that the coordinate 
exists within the given cortical region. In cases where multiple labels are ascribed to a 
single coordinate, we only show labels whose likelihood exceeds 5%. The blank row 
separates noncontiguous regions of connectivity with the left frontoparietal network. 

Task > Rest (p < .00625, whole-brain corrected) 
Probabilistic Anatomical Label x y z p-value cluster extent 
Precuneus (58%) 6 -63 39 0.001 21 
      
Precuneus (32%), Cuneus (22%), Lateral 
Occipital (13%) 

9 -75 45 0.009 1 

  

6.3.2 Precuneus is a distinct hub within the default-mode network 

To investigate whether the overlap region observed in precuneus exhibited 

network-specific connectivity, we compared the magnitude of connectivity with DMN 

and lFPN. We found that the absolute magnitude of connectivity of the precuneus 

subregion was greater with the DMN than with the lFPN in both the primary and 

replication groups (collapsed across task; p < 0.0001 both sets; Figure 23A, rightmost sets 

of bars), indicating heightened integration of the precuneus during the resting-state.  
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Figure 23: Connectivity Between Default-Mode Network at Rest and Typical Default-
Mode Network Regions. (A) Parameter estimates (±SEM) quantifying subject-specific 

rest-minus-task connectivity between selected regions from an independent DMN 
map (Smith et al., 2009) and our overlap precuneal region with our DMN (blue) and 
lFPN (red) maps in both the primary and replication groups. (B) Receiver-operating 
characteristics for our precuneal overlap region and the peak voxel an independent 

DMN map (Smith et al., 2009). rTPJ = right temporoparietal junction; lTPJ = left 
temporoparietal junction; mPFC = medial prefrontal cortex 
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We also examined whether the pattern of connectivity we found was specific to 

this subregion of the precuneus, or applied to the precuneus more broadly. We therefore 

selected the peak voxel from the precuneal region of activation in an independent DMN 

map (coordinates: 3, -60, 30; Smith et al., 2009). We found that this spatially distinct 

cluster exhibited a similar pattern of connectivity as the precuneal subregion found from 

our conjunction analysis (Figure 23A); specifically, this distinct precuneus region 

exhibited heightened connectivity with DMN compared to lFPN in both the primary 

and replication groups (collapsed across task; p < 0.0001 for both sets).  

Although our results highlight the importance of the precuneus within the DMN, 

it remains unclear whether this region serves a specialized function relative to other 

DMN regions. To examine this possibility, we compared our precuneus subregion to 

other regions typical of the DMN. Specifically, we created 5mm spheres around each 

peak voxel of DMN network activation from an independent activation map (Smith et 

al., 2009), and compared the regions’ connectivity with our DMN map. These regions 

included the precuneus (coordinates: 3, -60, 30), the paracingulate gyrus (coordinates: 0, 

54, -3), the left lateral occipital cortex (coordinates: -48, -66, 36), and right lateral occipital 

cortex (coordinates: 54, -60, 27). Strikingly, among the various DMN-typical regions 

tested, our precuneus subregion showed significantly greater connectivity with the 

DMN at rest compared to task than any of the other regions tested; this was found in 

both the primary and replication groups (Figure 23A). Importantly, this pattern of 
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results was similar when evaluating the independent, spatially separable precuneus 

region (Smith et al., 2009), suggesting that the precuneus more broadly serves a distinct 

function relative to the other regions in the network. 

To further evaluate whether the precuneus serves a specialized function within 

the DMN, we examined the receiver-operating characteristic (ROC) curves for each of 

these regions. We compared the area under the curves (AUC) for the other DMN regions 

examined previously (Figure 23B). Of the four regions tested, our precuneus region 

exhibited significantly greater AUC than the three other regions in both the primary and 

replication samples (Table 6). Again, this pattern of results was also true for the 

precuneus region selected from an independent DMN map (Smith et al., 2009). These 

results corroborate the earlier evidence suggesting a distinctive role of the precuneus in 

the DMN, as they indicate that the connectivity between precuneus and DMN 

distinguishes whether subjects are at task or at rest better than any of the other canonical 

DMN regions.  
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Table 6: Precuneus Distinctively Distinguishes Task and Rest States. Receiver 
operating characteristic were computed for each region of activation in an 

independent default-mode network map (Smith et al., 2009) and our precuneal region 
of overlap. Areas under the curves (AUC) are listed for each region examined. We 

compared AUCs from each independently-selected region to the AUC of our 
precuneal region using permutation-based testing (10,000 permutations); p-values 
indicate differences between the region and our precuneal region of overlap. The 

blank row separates the connectivity estimates for the DMN map from the primary 
sample (top) and the replication sample (bottom). 

Region AUC p-value 

Precuneus 
(overlap) 

0.69 -- 

Precuneus 0.69 0.518 
mPFC 0.51 < 0.001 
lTPJ 0.55 < 0.001 
rTPJ 0.59 0.006 
    
Precuneus 
(overlap) 

0.69 -- 

Precuneus 0.71 0.716 
mPFC 0.556 < 0.001 
lTPJ 0.61 0.02 
rTPJ 0.59 0.003 

6.4 Discussion 

Large-scale neural networks – particularly the default-mode network (Beckmann 

et al., 2005; Raichle et al., 2001) – have emerged as a focal point in a diverse set of 

neuroscience studies, from neuroimaging in humans (Buckner and Carroll, 2007; Fox et 

al., 2006; Greicius and Menon, 2004) to single-unit recordings in animals (Hayden et al., 

2009). 

Yet, how different large-scale networks interact to orchestrate task- and rest-state 

behavior has remained elusive. We investigated this issue and found that the precuneus 
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exhibits state-dependent interactions with both the lFPN and the DMN. Moreover, the 

precuneus showed a distinct pattern of connectivity with the DMN, suggesting it may be 

a specialized nexus within the network.  

Considerable prior neuroimaging has implicated the precuneus as a central node 

in the human brain, important for supporting complex cognition and behavior. The 

precuneus comprises a core region of the DMN, exhibiting decreased activation during 

most externally driven tasks (Fransson, 2005; Raichle et al., 2001), and reliable increases 

in activation in response to both rest and specific tasks, such as autobiographical 

memory (Addis et al., 2004), as well as unique interactions with the rest of the network 

(Fransson and Marrelec, 2008). Its role in the DMN has been of particular interest as it 

shows the highest resting metabolic rate within the network, requiring approximately 

35% more glucose than any other region in the human brain (Gusnard and Raichle, 

2001). Further, the widespread connectivity of the precuneus, involving higher 

association regions, suggests an important role in integrating both internally- and 

externally-driven information (Cavanna and Trimble, 2006). Still, the function of the 

region is unknown. While the precuneus shows heightened activation during episodic 

(Fletcher et al., 1995; Lundstrom et al., 2005) and autobiographical memory (Addis et al., 

2004; Eustache et al., 2004) tasks, it similarly shows heightened activation during rest 

(Raichle et al., 2001), an effect that is augmented in single units during increased 

disengagement from the task being performed (Hayden et al., 2009). Our results extend 
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a unifying function of these competing results (Leech et al., 2011) by acknowledging that 

the precuneus is functionally variable, exhibiting connectivity with different neural 

networks according to task-state or level of engagement with one’s surroundings and 

demonstrating that connectivity between the precuneus and the DMN reflects this level 

of engagement. 

We employed a relatively novel analysis scheme in this study to compare 

connectivity with networks in different cognitive states. Our analyses allowed us three 

important advantages over previous research examining task-dependent connectivity 

changes (Fransson and Marrelec, 2008; Gordon et al., 2012; Mennes et al., 2010, 2013). 

First, dual-regression techniques allowed us the ability to investigate connectivity with 

multiple distinct networks while controlling for the influence of other, potentially 

overlapping, networks (Filippini et al., 2009; Leech et al., 2012). This is crucial, as typical 

seed-based analyses would have been unable to distinguish the separate responses from 

DMN and lFPN in our study, whereas ICA and dual-regression were able to parse 

connectivity of spatially overlapping networks (Cole et al., 2010). Second, having such a 

large sample size allowed us to verify that the results from our dual-regression analyses 

held in an independent sample, thus attenuating the odds that our observations are due 

to Type 1 errors (Button et al., 2013). Finally, comparing the resting state to three distinct 

tasks allowed us the ability to identify differences in connectivity that exist 
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independently of the task and can generalize more broadly, which has not been feasible 

in previous studies (Fransson and Marrelec, 2008; Gordon et al., 2012). 

We note that our analytical procedure also represents a departure from other 

studies examining hubs of functional connectivity with variants of graph-theoretic 

approaches (Buckner et al., 2009; Sporns et al., 2007). While our approach identified 

precuneus as a hub by examining the interplay of multiple interacting networks under 

distinct processing states, graph-theoretical approaches generally seek to identify hubs 

by quantifying the strength of connectivity between nodes within a single network at 

rest (for review, see Bullmore and Sporns, 2009). Such approaches can be powerful, but 

they can introduce problems if their nodes do not correspond well to functional 

boundaries (e.g., if regions are drawn from anatomical atlases); that is, inappropriate 

node definitions can limit subsequent graph analyses (Smith, 2012), potentially 

distorting claims regarding hubs. Recent work has avoided this pitfall by focusing on 

voxelwise metrics of resting-state functional connectivity density, implicating the 

precuneus as a key cortical hub (Tomasi and Volkow, 2010). We speculate that 

combining our approach with these earlier approaches could integrate the advantages of 

both methods, revealing additional cortical hubs that contribute to a range of processing 

states.    

A potential limitation of our study is that the three tasks examined involved 

reward-related decision-making. While the tasks all differ from one another in many 
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ways, common task-based connectivity may have arisen due to potentially common 

processes. For example, a recent study demonstrated distinct connectivity with the 

DMN under different memory processes (Shapira-Lichter et al., 2013), suggesting that 

different cognitive demands of a task may give rise to different patterns of connectivity. 

While our study demonstrated that the precuneus exhibits task-dependent connectivity 

with lFPN and DMN when examining three reward-based decision-making tasks, it is 

possible that other regions in the networks, such as intraparietal or medial prefrontal 

cortex, may exhibit similar behavior under different task conditions, such as 

autobiographical memory or social cognition tasks. We note that our finding that 

precuneus exhibits changes in connectivity is consistent with prior research examining 

task-rest changes using a working memory task (Fransson & Marrelec, 2008), suggesting 

that our results are not specific to our decision-making tasks, but may apply to tasks 

more broadly. Nevertheless, follow up studies should examine an even broader range of 

tasks that engage widely different cognitive processes to gain further insight into the 

functional dynamics of the lFPN and DMN.  

A second potential limitation of our study lies in the design of the data collection. 

Each participant performed the three tasks in the same order, and then completed the 

resting-state scan last. Prior research suggests that recent exposure to a task may alter 

resting-state connectivity for several minutes post-task (Stevens et al., 2010; Tung et al., 

2013; Waites et al., 2005). This concern is partially ameliorated in our study, however, 
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because we compared resting-state data to each of three tasks that differed in their 

relative timing before the resting-state scan (e.g., by minutes to nearly an hour). 

Additionally, task-related influences on resting-state connectivity may be minimized or 

eliminated when comparing differences between task and rest, thus partially precluding 

task-based changes. Thus, we conclude that recent task performance may have partially 

contributed to our observed findings; future studies with a balanced order of task and 

resting scans will be needed to address this issue. Lastly, because our analyses pertained 

to cognitive state, there does remain the possibility that participants experienced short 

transition period of rest within each task. However, we believe that even in any 

potential moments of rest within each task (e.g., ITIs), subjects are still anticipating 

performing a task and are thus in a qualitatively different cognitive state than during the 

resting-state scan. Support for this hypothesis has been shown in non-human primate 

single-unit activity (Hayden et al., 2009): neuronal activity in the posterior cingulate was 

significantly different during ITIs compared to a cued rest period. Future imaging work 

should examine whether the connectivity with the precuneus also reflects these brief 

changes in cognitive state. 

Despite these limitations, our results endorse the idea that the precuneus 

simultaneously interacts with both the default-mode and frontoparietal networks to 

distinguish distinct cognitive states. Our results also indicate that the precuneus – a 

notoriously enigmatic region (Cavanna & Trimble, 2006) – serves as a specialized hub 
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within the DMN. Importantly, understanding both the function and specialization 

within large-scale RSNs may provide insight into disorders marked by disruptions in 

functional connectivity, particularly schizophrenia (Whitfield-Gabrieli et al., 2009), 

depression (Greicius et al., 2007), and autism (Kennedy et al., 2006). 
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