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Abstract 

Humans must integrate information to make decisions. This thesis is 

concerned with studying neural mechanisms of decision making, and combines 

tools from economics, psychology, and neuroscience. I employ a neuroeconomic 

approach to understand the processing of reward information and motivation in 

the brain, utilizing neural data from functional magnetic resonance imaging 

(fMRI) to make connections between cognitive neuroscience and economics. 

Chapter 1 lays the groundwork for the thesis and provides background on 

neuroscience, fMRI, and neuroeconomics. Chapter 2 sketches the central 

challenges of using neuroscience to address economic questions. The first half of 

the chapter discusses familiar arguments against the integration of neuroscience 

and economics: behavioral sufficiency and emergent phenomenon. The second 

half constructs principles for interdisciplinary research linking mechanistic 

(neuroscience) data to behavioral (economic) phenomena: mechanistic 

convergence across experiments and biological plausibility in models. 

Chapters 3 and 4 employ a nonstandard analysis technique, multivariate 

pattern analysis (MVPA), to identify brain regions that contain information 

associated with different types of economic valuation. Chapter 3 uses a 

combinatoric approach to evaluate how brain regions uniquely contribute to the 

ability to predict different types of valuation (probabilistic or intertemporal). 

MVPA shows that early valuation phases for these rewards differ in posterior 

parietal cortex and suggests computational topographies for different rewards. 
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Chapter 4 employs within- and cross-participant MVPA, which rely on 

potentially different sources of neural variability, to identify brain regions that 

contain information about monetary rewards (cash) and social rewards (images 

of faces). Cross-participant analyses reveal systematic changes in predictive 

power across multiple brain regions, and individual differences in statistical 

discriminability in ventromedial prefrontal cortex relate to differences in reward 

preferences. MVPA thus facilitates mapping behavior to both individual-specific 

functional organization and general organization of the brain across individuals.  

Chapter 5 employs a reward anticipation task to measure variation in 

relative motivation without observing choices between rewards (money and 

candy). A reaction-time index captures individual differences in motivation, and 

heterogeneity in this index maps onto variability in two brain regions: nucleus 

accumbens and anterior insula. Further, the nucleus accumbens activation 

mediates the predictive effects of anterior insula. These results show that 

idiosyncrasies in reward efficacy persist in the absence of a choice environment.  

Chapters 6 and 7 conclude the thesis. Chapter 6 complements discussions 

of neuroeconomics with text analysis of an exhaustive corpus from top 

economics journals and references from a large set of review articles. The 

analysis shows a mismatch between topics of importance to economics and 

prominent concepts in neuroeconomics. I show how neuroeconomics can grow 

by employing cognitive neuroscience to identify biologically plausible and 

generalizable models of a broader class of behaviors. 
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1 Introduction  

1.1 Aims 

This thesis aims to identify different components of reward processing 

and decision making in the human brain. The research goals of this project are in 

line with the growing interdisciplinary field of neuroeconomics, which integrates 

concepts from economics, psychology, and neuroscience. Neuroeconomics 

strives to improve the understanding of the neural and cognitive mechanisms 

that lead to economic behavior. As a nascent field, neuroeconomics still has 

methodological and even epistemological issues to resolve. This thesis also 

discusses those concerns and attempts to quantify and establish a path for future 

research that will be useful for the field as a whole. Thus, this thesis makes both 

methodological and empirical contributions to neuroeconomics, under the 

consideration of economics. 

The research in this thesis – and indeed much of neuroeconomic research 

– builds on previous work in behavioral economics and cognitive neuroscience. 

Behavioral economics has created a sound framework for constructing laboratory 

settings for behavioral experiments that can be informative about economic 

phenomena.  Effectively, the laboratory allows researchers to both measure and 

manipulate individual preferences and behavior. Similarly, cognitive 

neuroscience has produced a basis for psychologists and neuroscientists to 

measure – or even manipulate – the cognitive processes that underlie behavior. 

Neuroeconomic experiments can thus employ both frameworks in experiments 

to identify the neural mechanisms behind economic behavior. 
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Within the wide range of potential neuroeconomic research agendas, my 

own attempt to contribute to the neuroeconomics literature has several themes. 

First, the research in this thesis concerns itself with phases of reward processing 

underlying the representation of reward information. I employ functional 

magnetic resonance imaging (fMRI) and novel analytic techniques that are 

growing in popularity within cognitive neuroscience, but have not yet been 

widely employed in the neuroeconomics community. Second, I seek to tie 

variability in economic behavior to individual heterogeneity at the biological 

level. Clearly, not all variance at the biological level will be relevant in 

determining variation in behavior. However, idiosyncrasies may affect behavior 

for various reasons: heterogeneity can occur at the reward-representation phase, 

a preference-forming phase, or even when effort is exerted to obtain a reward. 

Finally, although neuroeconomics is frequently reviewed and discussed, space 

exists for charting its potential course. I attempt to quantity the state of 

neuroeconomics and propose novel research agendas.  

The remainder of this chapter will briefly discuss key concepts relevant to 

neuroeconomics and the research contained in this thesis, providing a minimal 

amount of background information. The discussions are not meant to be 

exhaustive, but serve to reference more detailed discussions in the literature.  

1.2 Overview of neuroeconomics 

There now exist several books dedicated to the field of neuroeconomics 

(Glimcher 2003; Glimcher et al. 2008; Glimcher 2011), including discussions on 

the origins, core findings, and key unanswered questions. While awareness of 
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neuroeconomics is growing within the economics community (Camerer et al. 

2005; Cohen 2005; Rustichini 2005; Bernheim 2009), I provide a brief overview 

here. The goal is to provide some contextual background on neuroscience 

relevant to subsequent chapters. Exhaustive discussions of material in this 

chapter exist in multiple sources (e.g., texts on behavioral economics, fMRI, and 

neuroanatomy), and I note appropriate resources in each section. 

1.2.1 Behavioral economics and neuroeconomics 

Neuroeconomics regularly employs psychological concepts to better 

understand neural data and to better design experiments. In the same way that 

neuroeconomics attempts to improve the predictive power of economics using 

neuroscience, behavioral economics attempts to improve the predictive power of 

economics using psychology (Camerer et al. 2004). From an economics 

perspective, methods for collecting neural data, then, can be interpreted as 

additional tools for behavioral economics to better understand both choice 

behavior and the cognitive processes behind choice.  

This commonality explains how several central themes of early 

neuroeconomic work are related to those of behavioral economics, such as 

decision making under uncertainty (Starmer 2000), intertemporal decision 

making (Laibson 1997), or behavior in social or interactive contexts (Guth et al. 

1982). Some of the first neuroeconomic studies employing fMRI were designed to 

explore potential neural underpinnings of concepts such as prospect theory 

(Kahneman and Tversky 1979) and trust (Breiter et al. (2001) and McCabe et al. 
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(2001), respectively). Many other studies with a similar structure followed, as 

popular behavioral economic tasks were adapted to fMRI tasks.  

The result has been a large and varied body of work, and in some ways 

distinct from that borne out of neuroscience (Glimcher et al. 2008; Glimcher 

2011). Behavioral economics has shown that humans exhibit tremendous 

variability in their choice behavior. It has also demonstrated consistencies within 

that variability (Ariely et al. 2003); many neuroeconomic experiments have been 

able to link variability in behavior to activity in brain regions. Neuroeconomics 

can continue to refine this relationship by isolating more specific components of 

mechanisms of interest to behavioral economics. Using more refined mechanistic 

information, both behavioral economics and neuroeconomics can continue an 

ongoing challenge: translate laboratory results to theoretical models of interest 

(Samuelson, 2005). 

Behavioral economics and neuroeconomics will continue to have 

independent agendas, but – as much of this thesis will argue – there is also space 

for collaboration. To restate the opening of this section, a primary goal of 

neuroeconomics is identical to that of behavioral economics (Camerer et al. 2004): 

to improve the field of economics by increasing the plausibility of the 

psychological underpinnings of economic analysis. In other words, improved 

plausibility of psychological components of decision-making models will 

generate new theoretical insights, make better predictions of field phenomena, 

and suggest (as has happened with behavioral economics) better policy. 



 

5 

Behavioral economics is, like cognitive neuroscience, a key input for 

neuroeconomics. 

1.2.2 Important concepts and early work in neuroscience 

Although the term neuroeconomics is probably no more than a decade old, 

many concepts in neuroeconomics have long been present in neuroscience and 

psychology. Detailed historical accounts of the neurobiology of decision making 

exist (Glimcher et al. 2008; Glimcher 2011), so I will not restate all of them here. 

Several strands of research, though, regardless of whether or not explicitly 

labeled as neuroeconomic in nature, point to a set of concepts that are relevant 

for value-based decision making. Importantly, those listed are not the only 

structures relevant for decision making, but several of them will be discussed in 

this thesis. [For additional discussions on other circuits and structures of interest, 

see Shohamy and Adcock (2010), Boureau and Dayan (2011), Koechlin and Hyafil 

(2007), Gold and Shadlen (2007), Seymour and Dolan (2008), or Heekeren et al. 

(2008), among others.] 

From a neurobiological perspective, the construction of neuroeconomics 

starts with what is meant by reward. A reward can generally be considered 

anything that encourages approach or consummatory behavior, represents 

positive outcomes or potentially creates positive emotions (Schultz 2006). 

Dopamine, a neurotransmitter responsible for transporting information from one 

nerve cell to another in the brain, is generally the first neurotransmitter linked to 

reward processing in the brain. This connection dates to a classic experiment that 

demonstrated rats would repeatedly choose to return to locations in which they 
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received direct electrical stimulation of a brain region (the medial forebrain) 

containing many dopamine neurons (Olds and Milner 1954). A body of work, 

which included showing that male rats would choose the self-stimulation over 

food or female rats, would argue for a strong relationship between dopamine 

and motivation (Olds and Fobes 1981). These data would subsequently be 

interpreted using the economic concept of utility (Shizgal and Conover 1996; 

Shizgal 1997), forming the first bridge between dopamine and a standard 

economic framework (Glimcher et al. 2008). 

Another string of research involved the recording of dopamine neurons in 

monkeys participating in instrumental or Pavlovian conditioning tasks (Schultz 

et al. 1993). These data demonstrated that the firing rate of dopamine neurons 

increased upon the receipt of an unexpected reward and to a cue for an expected 

reward. However, if the cue consistently preceded and predicted a reward, the 

receipt of reward itself did not affect dopamine neuron firing rates. Further, if an 

expected reward was omitted, dopamine neuron firing decreased. These data 

were subsequently employed to construct the reward prediction error theory of 

dopamine (Schultz et al. 1997), meaning dopamine neurons will signal whether 

rewards (or other factors of the surrounding environment) are above, below, or 

at expectations (Niv and Montague 2008). This string of theoretical and empirical 

work has shaped a significant amount of neuroeconomic and other 

neurobiological work (Schultz 2006, 2007). 

Early fMRI studies of reward processing in humans were also beginning 

to isolate brain regions, many of which are strongly dopaminergically 
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innervated. In addition to the fMRI studies that were heavily influenced by 

behavioral economics (Breiter et al. 2001; McCabe et al. 2001), a set of fMRI 

studies employed behavioral tasks inspired by rodent and non-human primate 

work (Delgado et al. 2000; Elliott et al. 2000; O'Doherty et al. 2001). These studies, 

and countless subsequent projects, implicate a set of regions that are central to 

reward processing and decision making in the brain. The remainder of this 

section will briefly discuss those brain regions pertinent to the research contained 

in this thesis. 

The striatum, as it receives massive dopaminergic projections, has been a 

key brain structure for studying the neurobiology of reward. All three subcortical 

structures within the striatum, the nucleus accumbens (NAcc), caudate, and 

putamen (Haber and Knutson 2010), have been studied extensively in the context 

of reward processing. The subregion most relevant to this thesis, however, is 

NAcc (sometimes more broadly referred to as the ventral striatum). Activity in 

NAcc has been linked to reward anticipation (Ikemoto and Panksepp 1999; 

Delgado et al. 2000; Knutson et al. 2001), appetitive reward prediction errors 

(McClure et al. 2003; O'Doherty et al. 2003), aversive reward prediction errors 

(Seymour et al. 2007), and reward preference (O'Doherty et al. 2006). The 

impressive array of results implicating NAcc has placed it at the center of many 

discussions of reward processing and the brain (Doya 2008; Haber and Knutson 

2010). Besides receiving dopamine projections from midbrain, NAcc receives its 

primary cortical input from anterior cingulate cortex (ACC) and orbitofrontal 

(OFC), two additional regions in the reward circuit (Haber and Knutson 2010).  
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The prefrontal cortex (PFC) makes up the anterior portion of the cerebral 

cortex and is composed of many highly interconnected regions (Fuster 2008), one 

of which is OFC (Wallis 2007). Another nearby structure is ventromedial 

prefrontal cortex (VMPFC), a term frequently used to describe parts of MPFC 

that include medial OFC (Grabenhorst and Rolls 2011). As such, the discussion 

here will involve both. The OFC has several important features (Wallis 2007): it is 

the only part of PFC that receives input from all sensory modalities (Carmichael 

and Price 1995), it projects directly to the NAcc (Haber et al. 1995), and it also 

connects with amygdala, ACC, and hippocampus (Carmichael and Price 1995). 

The organization of OFC and VMPFC makes them well suited for computing 

subjective values of rewards and integrating those values in action planning. 

Early electrophysiology studies of OFC in monkeys noted neurons that 

showed selective responses to the expectancy of delivery of food and liquid 

rewards (Rosenkilde et al. 1981; Wallis 2007). Now, there exists a vast literature 

on the processing of both positive and negative reward information in the brain, 

with OFC and VMPFC playing roles in the integration of information. Meta-

analyses demonstrate that medial OFC activity is related to the processing of 

positive rewards and lateral OFC activity is related to the processing of negative 

rewards (Kringelbach and Rolls 2004).  

In terms of more complex computations, there is evidence that medial 

parts of OFC will respond to the expected value of rewards (Rushworth and 

Behrens 2008), although neuronal responses can be independent of other 

available rewards (Padoa-Schioppa and Assad 2008), or relative to other possible 
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rewards (Tremblay and Schultz 1999). Evidence for these regions being necessary 

for value computation are supported by many lesion studies in both rodents 

(Gallagher et al. 1999) and monkeys (Buckley et al. 2009), where OFC lesions led 

to an inability to update value representations. VMPFC has also been tied to 

various value computations, including expected value (Knutson et al. 2005) and 

subjective value (Kable and Glimcher 2007; Chib et al. 2009). These subjective 

value computations have been demonstrated for monetary, social, food, and 

liquid rewards, in different experimental contexts. As the majority of these 

experiments involved choices between items, a popular hypothesis is that 

VMPFC contains circuits needed to make choices about different types of reward 

and for different types of decisions. The conversion of reward values into a 

common currency (Montague and Berns 2002; Montague and King-Casas 2007), 

something close to the concept of utility in economics, would facilitate the 

comparison of rewards of different types. One possibility is that OFC computes 

the subjective or affective value of rewards, and then passes that information 

directly to VMPFC (Ongur et al. 2003), which contributes the choice process 

beyond valuation (Boorman et al. 2009; Grabenhorst and Rolls 2011). 

Like OFC and VMPFC, posterior parietal cortex (PPAR) activity has also 

been shown to respond to subjective value. Lateral intraparietal (LIP) neurons in 

monkeys have been shown to respond to expected reward magnitude (Platt and 

Glimcher 1999), as well as track the relative probability that an option will be 

chosen, both on a fixed (Platt and Glimcher 1999) and a variable rate of reward 

that depends upon recent choice behavior (Sugrue et al. 2004). Similar portions of 
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LIP have been postulated to encode spatial maps, attention and other 

information that will potentially guide decisions (Gottlieb 2007; Gottlieb and 

Snyder 2010). The accumulation of evidence – particularly in the case of visual 

discrimination tasks – before making a decision is also frequently attributed to 

LIP (Gold and Shadlen 2007). Importantly, PPAR, particularly along the 

intraparietal sulcus, is frequently implicated in numerical information 

representation (Dehaene et al. 2003; Nieder and Dehaene 2009). These results 

broadly implicate PPAR for decision making and value computation (of some 

sort), although its role is likely distinct from that of OFC and VMPFC. 

Anterior insular cortex (aINS) does not receive the same level of attention 

in neuroeconomics as some other brain regions do, but it plays a crucial role in 

many cognitive processes. The chemoarchitecture of the aINS, primarily because 

it is also strongly dopaminergically innervated, is frequently discussed in terms 

of motivational and emotional processing, often linked to addiction (Naqvi and 

Bechara 2009), cooperation and social norms (King-Casas et al. 2008), or 

environmental uncertainty (Singer et al. 2009). More generally, discussions of 

aINS usually involve integration of interoceptive information and 

representations of internal states (e.g., hunger, arousal), all of which can affect 

decision making (Craig 2009). 

Other brain regions are gradually becoming more central in 

neuroeconomics, as the recent increase in interest in social behavior and social 

interactions has expanded the horizon of neuroeconomics (Fehr and Camerer 

2007; Behrens et al. 2009; Rilling and Sanfey 2011). Social information frequently 
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implicates both the superior temporal sulcus (Adolphs 2003) and (dorsal) medial 

prefrontal cortex (Amodio and Frith 2006). However, face identification and 

processing is a crucial piece of social interaction. Neuroscience has identified a 

reliable face-selective region in the human brain, a portion of fusiform gyrus 

(Kanwisher et al. 1997; McCarthy et al. 1997), frequently called the fusiform face 

area (FFA). Neuroeconomic studies now frequently employ human faces as 

stimuli in studies, so while this region is not a focus of decision-making studies 

per se, it will frequently appear in analyses. 

As this brief overview of a handful of brain structures demonstrates, 

many regions make multiple contributions to mechanisms of decision making. 

Despite the complexity of understanding the neuroscience behind choice 

behavior, work is now in progress to synthesize the literature and to model how 

the above (and other) brain regions work in concert to create and guide behavior. 

1.2.3 Frameworks for studying decision making in the brain 

The current size and scope of the neuroeconomics literature have 

motivated the proposal of several frameworks for how value-based decision 

making occurs in the brain (Rangel et al. 2008; Kable and Glimcher 2009). The 

cognitive steps are fairly straightforward, yet not necessarily concrete in terms of 

distinction from one other. A value-based choice must first involve generating a 

representation of the relevant information (red, Figure 1). Once that reward 

information is available, the valuation computations (dark green, Figure 1) will 

determine the subjective value of possible outcomes. Then, there is an action 

(e.g., a choice) based in some way on the valuation process (purple, Figure 1). 
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Finally, an individual will experience and evaluate the outcome of that action 

(i.e., how did the outcome compare to what was expected). This phase will 

include learning and updating information for subsequent choices (light green, 

Figure 1). 

Although the color assignments to brain regions in Figure 1 are meant to 

be illustrative, neuroeconomics has delineated the contributions of some regions 

to different phases of value-based decision making. As discussed in the previous 

section, OFC and VMPFC are hypothesized to play central roles in the 

comparison of rewards and the ultimate computation of subjective value, 

whereas NAcc appears to play a part in computing reward prediction errors and 

contributing to the updating of beliefs (Hare et al. 2008). Similarly, there is 

evidence that aINS contributes to the representation process by integrating 

interoceptive information (Craig 2009). Computation of and representation of 

reward-related information is also frequently ascribed to PPAR. Specific 

contributions from regions will continue to be identified as models map precise 

computations to neural processes. 

The work in this thesis will focus on two of the phases in Figure 1: the 

perception and representation of reward information, and the valuation process 

for rewards. Importantly, much of the work will also map neural data onto 

behavior, demonstrating that neural activity at one phase (e.g., representation) of 

valuation can be predictive of subsequent phases (e.g., action). As 

neuroeconomics makes strides in refining this framework, more robust and more 

generalizable predictions will follow. 
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Figure 1: Framework for analysis in neuroeconomics. 
A sketch of how various brain regions might contribute to different phases of 
value-based decision making. Adapted from Rangel et al. (2008). See main text 
for description. 

1.4 Functional magnetic resonance imaging 

The field of cognitive neuroscience has benefited tremendously from the 

introduction of fMRI. The popularity of fMRI within neuroeconomics matches 

that within cognitive neuroscience, and fMRI studies are now discussed (and 

even published) in top economics journals (Caplin et al. 2010). As a result, the 

basic properties of fMRI are likely familiar to many economists. This section 

provides a brief synopsis of fMRI. [More details, as well as all of the information 

included in this section can be found in comprehensive reviews (Raichle and 

Mintun 2006; Logothetis 2008) or texts on brain imaging (Huettel et al. 2008).] 

1.4.1 fMRI as a technique for measuring neural activity  

The attractiveness of fMRI likely stems from several advantages it 

possesses as a method for collecting neural data. First, it is a non-invasive 
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measurement. Although positron emission tomography (PET) is an effective 

method for functional neuroimaging, it is an invasive technique, as it requires 

injections of radioactive tracers. Other non-invasive techniques, such as 

electroencephalography (EEG) and magnetoencephalography (MEG), provide 

greater temporal resolution than fMRI, but are less precise in their spatial 

resolution. The combination of non-invasive data, precision along both spatial 

and temporal dimensions, and access to the entire brain in a single (effective) 

measurement, makes fMRI suitable for studying many cognitive processes. 

Another important distinction for neuroscience tools is between those that 

measure neural activity and those that manipulate neural activity. 

Neuroeconomics is concerned with improving mechanistic understanding of 

economic behavior; one component of understanding a mechanism is knowing if 

and how its function changes when manipulated (Hedstrom and Ylikoski 2010). 

Studies that involve manipulation of brain function include those that look at 

clinical populations (e.g., individuals with brain lesions) and pharmacological 

experiments (e.g., manipulating brain chemistry through the administration of 

drugs or certain foods). Additionally, transcranial magnetic stimulation (TMS) 

involves temporarily stimulating a targeted brain region to disrupt its function. 

Clearly, the timescales for these manipulations vary dramatically. Lesion effects 

are potentially permanent, pharmacological effects occur over the course of 

hours, days or weeks, and TMS effects will last only seconds or minutes. In all 

cases, though, there are potential mechanistic insights, many of which may be 

informative for neuroeconomics. 
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1.4.2 The BOLD fMRI signal  

Importantly, the main neural measure employed by this thesis and by 

much of cognitive neuroscience comes from blood-oxygenation-level-dependent 

(BOLD) fMRI. The origins of this measure are detailed elsewhere (Raichle and 

Mintun 2006; Huettel et al. 2008; Raichle 2009), but I will quickly summarize the 

history and some of the controversy. 

Neuronal activity causes vascular changes in the brain, as active neurons 

require additional oxygen and glucose for energy. Through blood circulation, 

oxygen-rich red blood cells replenish depleted neurons in the brain. Hemoglobin 

molecules, which transport oxygen in red blood cells from the lungs to the rest of 

the body, have different magnetic properties, depending upon whether they are 

oxygenated or deoxygenated. Specifically, oxygenated hemoglobin (Hb) is 

diamagnetic and does not disrupt a magnetic field, whereas deoxygenated 

hemoglobin (dHb) is paramagnetic and does disrupt a magnetic field. So, if 

blood flow increases as a result of neuronal activity, but oxygen consumption 

decreases relative to the increased oxygen supply, the total amount of dHB in a 

brain region will decrease. This link between increased neuronal activity and 

increased MRI signal was termed BOLD contrast in a study of anesthetized 

rodents (Ogawa et al. 1990) and shortly after in humans (Ogawa et al. 1992). 

Despite its tremendous popularity in cognitive neuroscience, BOLD 

contrast still faces controversy and criticism over its interpretability. This 

discussion centers on a study that simultaneously recorded fMRI and 

electrophysiological data in visual cortex (Logothetis et al. 2001). The study 
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concluded that local field potentials – which are generally thought to better 

reflect input into a brain region and not spiking activity from neurons – better 

predicted the BOLD signal. There is additional evidence that at least part of 

BOLD contrast does not reflect neuronal activity (Maier et al. 2008; Sirotin and 

Das 2009). Conversely, there is also mounting evidence that BOLD serves as a 

close proxy for neuronal activity. A human study found that spiking activity 

from auditory cortex neurons during film viewing strongly correlated with 

BOLD contrast (Mukamel et al. 2005). Furthermore, a recent combination of 

optogenetics and fMRI in rodents provided support for the causal relationship 

between cell activity and BOLD contrast (Lee et al. 2010). Although such 

confirmations are reassuring for practitioners of fMRI, it appears that the 

correspondence between hemodynamics and neuronal activity is likely to 

depend upon certain circumstances, such as the brain region of interest and the 

experimental task (Vanzetta and Slovin 2010). Additional research will be 

necessary to determine the extent to which BOLD contrast can be employed as an 

informative measure of neuronal activity.  

1.4.3 Experiments and fMRI data structure 

The basic hierarchy for fMRI data is fairly common across studies (see 

Huettel et al. (2008)). An understanding of this hierarchy will also be useful in 

clarifying much of the data terminology in this thesis (that may not be familiar to 

the economics community). 

First, an fMRI study requires participants to enroll in a study. Behavioral 

measures (such as surveys or other economic tasks) may be collected before or 
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after the scanning session. Within a single scanning session, there will be both 

structural and functional MRI scans. The purpose of structural MRI scans is to 

acquire more precise spatial information about an individual’s brain structure, as 

functional MRI scans sacrifice some spatial resolution to increase temporal 

resolution. Most sessions contain multiple runs of functional scans. During 

functional scans, participants complete tasks of interest (e.g., a gambling task), so 

that neural and behavioral data are recorded simultaneously. A single run may 

last from five to fifteen minutes; multiple runs – as opposed to a single run – 

have the advantage of reducing participant fatigue and potentially incorporating 

multiple behavioral tasks into a single session.  

Each run of fMRI data will consist of a sequence of images, or volumes. In 

this way, fMRI data is four-dimensional, as it consists of time-series data of three-

dimensional volumes (in a five minute scan, for example, there might be 150 

volumes). Each three-dimensional volume can be broken down into slices; it 

might take approximately 30 slices to cover the entire brain in a single volume.  

The unit of measurement in most fMRI studies is a voxel. Each slice 

contains many voxels. This voxel represents the BOLD contrast of a particular 

coordinate in three-dimensional space (x-axis moving from left to right, y-axis 

moving anterior to posterior, and z-axis moving inferior to superior). There are 

several options in the literature for stereotaxic space; this thesis uses the space 

created by the Montreal Neurological Institute (MNI). Images are taken every 

few seconds (a repetition time, TR) and data are recorded from voxels, which are 
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generally a cube 3 to 4 mm in length on each size (e.g., ranging in volume from 

27 mm3 to 64 mm3). 

The steps necessary for analysis of fMRI data can be grouped into two 

categories: preprocessing and statistical inference. There are many steps 

necessary to prepare fMRI data for statistical inferences about cognitive 

processes, most of which are fairly standard across the field. These steps include 

brain extraction (removing non-brain tissue from images), slice acquisition time 

correction (volume slices are commonly acquired in an interleaved order), head 

motion correction, coregistration of structural and functional images, and 

normalization of images for statistical comparison across multiple individuals.  

 Temporal and spatial filters are both frequently applied to fMRI data, in 

an attempt to improve signal-to-noise ratios in the data. A common reason to 

apply a temporal filter to fMRI data is to remove autocorrelations in the data. 

Spatial filtering is frequently called smoothing, and has several advantages. BOLD 

contrast in a voxel is generally correlated to the BOLD contrast of adjacent voxels 

due to functional similarities of the brain. Also, across multiple individuals, there 

are likely slight differences in the functional activation of interest. The matched 

filter theorem states that the best filter is the one with the same frequency as the 

signal of interest, meaning a smoothing kernel should match the size of the 

desired spatial specificity (Friston 2007). Thus, using a spatial filter that matches 

the expected spatial correlation of the data, the signal-to-noise ratio of fMRI data 

can be increased significantly. [Importantly, as will be discussed in the next 

section, several of the analyses in this thesis do not use spatial smoothing on the 
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data. By definition, any spatial filter removes some information from the data. In 

some cases, certain techniques that do not remove this data may be more useful 

for a given research question.]  

After preprocessing fMRI data, statistical inference can be done using a 

variety of methods. The overwhelming majority of fMRI data are analyzed using 

a univariate approach that involves a general linear model to explain the neural 

data. Several technical resources exist for this methodology (Jezzard et al. 2003; 

Luo and Nichols 2003; Friston 2005; Huettel et al. 2008; Woolrich et al. 2009). 

However, other techniques are increasing in popularity. 

1.5 Multivariate pattern analysis 

The primary method for analyzing fMRI (and other neuroimaging) data 

involves a univariate approach (Friston et al. 1995; Huettel et al. 2008). Brain 

activity is measured at many locations (a voxel, for example, being a single 

observation), but the same general linear model is applied separately to each one 

of those locations. Of course, this univariate approach has been tremendously 

successful in cognitive neuroscience, particularly for determining which brain 

regions are recruited by various tasks, as well as how that recruitment may vary 

across individuals and contexts. 

In recent years, though, machine-learning and pattern-classification 

techniques have been applied to fMRI data to study patterns of neural activity 

across multiple voxels simultaneously. This class of techniques is commonly 

called multivariate pattern analysis (MVPA), and is commonly linked with phrases 

such as mental states and brain reading (Norman et al. 2006). Similarly, MVPA is 
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frequently said to decode or predict behavior or mental states from neuroimaging 

data (Friston 2009). Here, mental states can refer to several cognitive phenomena 

of use to neuroeconomics: what type of visual stimulus is presented to an 

individual in an experiment, what type of choice is required by an individual in 

an experiment, or perhaps what preference or value-related information is 

currently being processed by an individual in an experiment. 

1.5.1 Early MVPA and visual neuroscience 

The most common application of MVPA in neuroscience relates to various 

representations of visual stimuli. One of the earliest examples involves 

participants viewing images of human faces, houses, or other objects (bottles, 

shoes) (Haxby et al. 2001). MVPA found that each category had a reliable pattern 

of neural activity in ventral temporal cortex that allowed highly accurate 

decoding. MVPA has also been used to identify topographies in visual cortex 

that contain stimulus orientation angle (of lines being viewed by participants) 

(Kamitani and Tong 2005), including whether the stimuli were consciously 

visible or invisible to individuals (Haynes and Rees 2005). 

In most cases, MVPA is applied on a trial-to-trial basis, making it possible 

to identify patterns that pertain to a single stimulus or action. MVPA can 

uncover topographies in visual cortex that are specific to within-category stimuli, 

such as human faces (Kriegeskorte et al. 2007), objects (Eger et al. 2008), or even 

individual pictures of natural images (Kay et al. 2008). The broad success of 

MVPA in classifying visual stimuli (i.e., correctly identifying the category of an 
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image) has motivated researchers to employ MVPA in other domains of 

cognitive neuroscience. 

1.5.2 A wider array of MVPA applications 

Given its strong analytic power, MVPA and its range of applications 

continue to grow in cognitive neuroscience. More recent studies have broadened 

the application of MVPA to other types of information and cognitive processes: 

hidden intentions (Haynes et al. 2007), free will (Soon et al. 2008), odor 

processing (Howard et al. 2009), components of working memory (Harrison and 

Tong 2009), properties of remembered and forgotten items (Xue et al. 2010), 

purchasing decisions (Grosenick et al. 2008), and expected reward value (Kahnt 

et al. 2010). 

MVPA generates a rich environment for testing how information is 

represented in the human brain, and is thus sensitive to idiosyncrasies in 

information processing in the brain. This sensitivity can be employed to predict 

variability in human behavior stemming from differences in perception, decision 

making, and memory (Raizada and Kriegeskorte 2010). Thus, MVPA can 

contribute to the broad effort within cognitive neuroscience to better understand 

individual differences in cognitive processes (Hariri 2009; Braver et al. 2010).  

1.5.3 Analysis procedure 

The growing popularity of MVPA has inspired multiple reviews of 

neuroscience studies employing the technique (Haynes and Rees 2006; Norman 

et al. 2006; O'Toole et al. 2007), as well as detailed tutorials (Etzel et al. 2009; Mur 

et al. 2009; Pereira et al. 2009). The basic concept behind MVPA, though, can be 



 

22 

explained by considering any two possible mental states. If, in some measurable 

(e.g., with BOLD contrast from fMRI) way, the neural responses differ between 

those two mental states, then it should be possible to identify (using data from 

one or multiple brain regions) which one of those two mental states is currently 

part of an individual’s (conscious or unconscious) process (Haynes and Rees 

2006). MVPA attempts to uncover those distinguishable patterns. 

Consider the following example as an application for MVPA (Figure 2): 

the cognitive process of choosing between two classes of rewards, apples and 

oranges. First, the distinction between apples and oranges could be evaluated in 

several ways (Figure 2A). MVPA could be employed to analyze the 

representation of apples and oranges (predict the visual stimulus), the choice 

between apples and oranges (predict the choice of one or the other), or the 

different (or similar) characteristics of apples and oranges (predict the color, 

price, or size). Neural data could be collected (Figure 2B) for multiple 

observations of the cognitive process of interest, and feature selection could be 

performed to reduce the dimensionality of the data; different regions of the brain 

could be analyzed separately. The data could be broken up into training and 

testing sets, and a classification model could be built on the training set (Figure 

2B). An algorithm would then be trained to determine whether neural data 

involves a cognitive process pertaining to an apple or an orange. This algorithm 

could then be tested (Figure 2C) on new neural data that pertains to either apples 

or oranges.  
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Finally, predictions could be made using the constructed algorithm 

(Figure 2D). If the primary research interest involves single instances (e.g., trial-

to-trial predictions in an fMRI experiment), then a prediction would constitute a 

prediction of apple or orange, with interpretability depending upon the cognitive 

process of interest. Of course, predictions could also potentially be made across 

individuals (e.g, this person prefers apples more than that person). Regardless, 

MVPA provides a range of ways to analyze and make inferences about the 

cognitive processes underlying choice behavior. 

Multivariate analyses also present opportunities that do not involve 

prediction, per se. For example, as is frequently the case with fMRI analyses, 

many brain regions are recruited for any given task or cognitive process (as in 

the case of evaluating and choosing between an apple and orange). MVPA can 

help uncover unique information when many regions contribute to a cognitive 

process (or to the predictive power of a model). Another component of MVPA is 

similarity analysis (Kriegeskorte et al., 2008). This method requires that the 

informational content of neural patterns across a set of stimuli or conditions (e.g., 

rewards) vary in a continuous fashion along some particular dimension (e.g., 

apples and oranges clearly differ in terms of color and taste, but may not differ in 

terms of subjective value). The neural patterns are compared, with the goal of 

identifying distinct or similar information representation. This technique 

provides a method for comparing different sources of and models for data – a 

similarity matrix – where different processes that (potentially) generate neural 

responses can be compared in a common way (Kriegeskorte et al. 2008). 
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Figure 2: Simple overview of multivariate pattern analysis. 
An MVPA study requires different classes of interest and corresponding 
cognitive processes of interest, as well as fMRI data for testing and training 
models. Please see main text for an explanation of each panel (A) to (D). 
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A central goal of this thesis is to apply the multivariate techniques of 

machine learning to fMRI data to better understand specific components of 

reward-processing mechanisms in the brain. Importantly, there are other 

multivariate techniques for analyzing fMRI data, such as those that incorporate 

multiple brain regions (Buchel and Friston 1997; Friston et al. 2003; Bullmore and 

Sporns 2009), all of which will surely be important for neuroeconomics. 

Multivariate in this instance refers to patterns of multiple voxels incorporated into 

a single algorithm or prediction model. 

1.6 Different rewards and their neural representations 

The majority of behavioral economic and neuroeconomic studies 

compensate their participants using monetary rewards. Intuitively, monetary 

rewards are likely to be more motivating, relative to other rewards, for 

individuals; the fungibility of cash should make it a dominant reward if 

monetary value is held constant. Of course, cash is not the only form of reward, 

and most everyday decisions involve choices between non-monetary rewards 

(e.g., apple or orange, as in Figure 2), and transactions that do not involve cash 

(e.g., debit cards, gift cards, and credit cards). How are choices made, then? How 

does the human brain make a choice between apples and oranges, and then 

assign a monetary value to that preference? The basic concept, as discussed with 

respect to the brain regions OFC and VMPFC, is that there must be some sort of 

common currency for making choices between different rewards and outcomes. 

This intuition is a key concept in a seminal neuroeconomic paper (Montague and 

Berns 2002), and has been discussed at length in numerous other articles. 
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More recent neuroeconomic studies have begun to explore the neural 

components of this choice and comparator mechanism by employing 

experiments that involve non-monetary rewards. Across a wide array of 

experimental paradigms, example studies include those with candy and simple 

foods (Plassmann et al. 2007), small trinkets (Chib et al. 2009), liquid rewards 

(Kringelbach et al. 2003; Padoa-Schioppa and Assad 2006), electric shocks (Berns 

et al. 2006), pictures of faces (O'Doherty et al. 2003), charity payments (Hare et al. 

2010), pictures of landscapes (Lebreton et al. 2009), odors (Grabenhorst et al. 

2007), touch (Rolls et al. 2003), or monetary rewards for other individuals (Mobbs 

et al. 2009). Even within the monetary reward modality, different time horizons 

must be computed and compared to make a decision (Kable and Glimcher 2007), 

as must positive (gains) and negative (gains) monetary amounts (Tom et al. 

2007). This expansive repertoire of payment schemes in experiments strengthens 

the generalizability of conclusions drawn about neural mechanisms of choice in 

these decision environments. 

Using these varied reward modalities, some research aims explicitly to 

study the concept of common currency for goal-directed choice (Izuma et al. 

2008; Chib et al. 2009; FitzGerald et al. 2009). That is not the precise goal of this 

thesis per se, as the neural data included here will touch on several different 

phases of reward processing (Figure 1). However, the fMRI studies in this thesis 

all employ multiple rewards; claims about reward representation, preference 

computation, and motivation are certainly strengthened if they apply beyond the 

common experimental reward of money (cash). As neuroeconomics broadens its 
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research scope, an important consideration will be how the fungibility of a 

reward affects its value, and how relative preferences across rewards are affected 

by the presence (or absence) of other types of rewards. 

1.7 Organization of thesis 

The neuroeconomic topics covered in this thesis represent an attempt to 

integrate tools from cognitive neuroscience with concepts from economics. This 

integration should not be assumed to be straightforward, so a broader 

justification for the choice of a neuroeconomic research structure is also 

imperative. Chapter 2 outlines some of the key conceptual concerns that 

surround neuroeconomics, and also provides a framework for countering 

common criticisms. Accordingly, the chapter also defines some foundational 

constraints and goals for neuroeconomics. 

Chapters 3 and 4 focus on the application of MVPA to fMRI data to better 

understand how properties of rewards are represented and processed in the 

human brain. Chapter 3 focuses on the distinction between two different types of 

monetary rewards: probabilistic and intertemporal. The chapter aims to identify 

the neural commonalities and differences of valuation of those rewards, and in 

the process, identifies brain regions that contain unique reward-related and 

valuation information. Chapter 4 complements the contribution of Chapter 3 by 

employing multivariate techniques to study the commonalities and differences of 

the neural representation of rewards at a different scale: within and across 

individuals. The chapter also employs distinct reward categories, incentivizing 

individuals with both monetary and social rewards (images of human faces).  
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Chapter 5 seeks to isolate portions of the neural reward-processing system 

and focuses on individual variation in a relative measure of motivation. Like the 

experiments in Chapters 3 and 4, the experiment in Chapter 5 employs multiple 

rewards: monetary (cash) and food (popular candy). Here, the concentration is 

on isolating heterogeneity in neural contributions to variance in relative 

motivation for the included reward modalities. Thus, although Chapter 5 

complements Chapter 3 in its attempts to capture a unique neural measure 

related to reward processing, it also follows Chapter 4 in its endeavor to measure 

individual variation in reward processing with a neural marker. 

Chapter 6 returns to the construction of a framework for neuroeconomics 

first outlined in Chapter 2. The chapter quantifies existing literature in both 

economics and cognitive neuroscience and works to strengthen and build upon 

the foundations from Chapter 2. Appropriately, paths for future work that relate 

to the empirical data in this thesis are also discussed. Chapter 7 provides some 

brief concluding remarks and a summary of other ongoing and planned future 

work. 
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2 Foundations of  neuroeconomics 

This chapter summarizes the key challenges of using neuroscience data to 

address economic questions, refutes two common claims levied against 

neuroeconomics, and also names two core foundations for future neuroeconomic 

research. The concepts and discussions in this chapter reprise work published in 

Clithero et al. (2008). 

2.1 Introduction 

Neuroeconomics evokes passionate commentary about its significance to 

both science and society. Proponents have argued that integrating neuroscientific 

methods and economic concepts will lead to a new understanding of human 

behavior (Glimcher 2003; Camerer et al. 2005; Sanfey et al. 2006). A broad array 

of novel experimental findings supports this enthusiasm, including 

demonstrations of brain regions that guide responses to fair (King-Casas et al. 

2005; Singer et al. 2006) and unfair (Sanfey et al. 2003) social interactions, resolve 

uncertainty during decision making (Yoshida and Ishii 2006), track loss aversion 

(Tom et al. 2007) and subjective value (Padoa-Schioppa and Assad 2006; Kable 

and Glimcher 2007), encode willingness to pay (Plassmann et al. 2007) and 

correspond to reward error signals (Schultz et al. 1997; O'Doherty et al. 2003). 

Proponents proffer these studies (and numerous others) as evidence that 

neuroeconomics improves our understanding of economic phenomena.  

On the other end of the spectrum, vocal detractors challenge these bold 

claims. Neuroeconomics has been characterized as a faddish juxtaposition, not an 
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integration, of disparate domains (Donchin 2006). Other arguments center on an 

even more damning criticism: the two central fields, neuroscience and 

economics, are fundamentally incompatible (Gul and Pesendorfer 2008). Though 

this latter argument seems outlandish, it resonates with many social scientists. 

Economics thrived for centuries in the absence of neuroscientific principles – 

indeed, with little consideration of any mechanism that might underlie decision 

making. Furthermore, falsification of a given economic theory is not trivial, given 

that economics traditionally aims to predict choices rather than elucidate choice 

mechanisms. Some economists, despite their general optimism, argue that 

existing neuroeconomics research is not useful to mainstream economics 

(Harrison 2008; Bernheim 2009).  

Given this divergence of perspective, we explore two interrelated 

questions: is there a unique niche for a field of neuroeconomics, and, if so, what 

are its proper foundational principles? We claim that neuroeconomics has 

unequivocal value to questions of interest to economists. Our reasoning differs 

from that of previous reviews of neuroeconomics, which point to the recent 

demonstrations of brain systems that support economic behavior. Here, we 

eschew such justifications, which point more to progress within neuroscience 

itself than to the value of neuroscience for economic modeling. We neither 

discuss the valid concerns about potential technological constraints of 

neuroscience, nor whether those constraints prevent the resolution of some 

important questions (Harrison 2008; Bernheim 2009). Instead, we attempt to 

clarify the necessary foundational principles for neuroeconomics research 
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(Caplin and Schotter 2008). To strengthen this argument, we give name and rigor 

to the arguments against combining neuroscience and economics. We show that 

these arguments, though logically valid, contain hidden assumptions that render 

them unsound within the practical constraints of science.  

We then turn to a single core problem: how might information about 

underlying neural mechanisms improve the predictive and explanatory power of 

economic models. Although our discussion emphasizes neuroeconomics, the 

basic framework applies to any similar integration of the neural and social 

sciences, including neurofinance (Knutson and Bossaerts 2007), neurolaw (Mobbs 

et al. 2007), and neuromarketing (Fugate 2007; Ariely and Berns 2010). 

Importantly, the points we raise here have parallels in both the cognitive 

revolution (Miller 2003) and the subsequent intertwining of cognitive psychology 

and cognitive neuroscience (Goldberg and Weinberger 2004). The trend is clear: 

the seemingly disparate fields of neural and social sciences have much to gain 

from each other. Toward this end, we identify two foundational principles, 

Mechanistic Convergence and Biological Plausibility, upon which neuroeconomics 

can rest.  

2.2 Neuroeconomics: promise unfulfilled? 

We define neuroeconomics, operationally, as the convergence of 

neuroscience, economics, and (sometimes) psychology, applied to understand 

and predict decisions about meaningful rewards (Glimcher and Rustichini 2004). 

Such rewards could, for example, be monetary gains or losses, food, information 

acquisition, physical pleasure or pain, or social interactions. Neuroscience brings 
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a wealth of conceptual and technological approaches, including fMRI, lesion 

studies, molecular biology, pharmacology, and electrophysiology. Economics 

adds conceptual principles (e.g., rationality and utility), statistical techniques 

(econometrics), and rigorous modeling. Psychology complements with evidence 

for decision biases such as heuristics, framing effects, and emotional influences. 

Finally, genetics (Hariri 2009), computer science (Bogacz 2007), and philosophy 

(Ross 2005) contribute to new neuroeconomic research. Numerous reviews 

summarize research at the intersection of these fields. 

Among practitioners within neuroscience, the incorporation of economic 

techniques and principles engendered much excitement. As an example, 

neuroscientists have explored the mechanisms underlying the construction of 

preferences, a topic central to economic theory (Camerer et al. 2005; Fudenberg 

2006). Standard economic models stipulate assumptions about “covert 

preferences” (Arak and Enquist 1993), or internal value judgments, because 

measuring actual preferences with only behavioral methods is difficult 

(Kahneman and Krueger 2006). Neuroscience may provide a means to measure 

those covert preferences or choice sets (Bernheim 2009), potentially eliminating 

the need for those assumptions. More broadly, neuroeconomic research often 

incorporates economic models to explain brain function, both when investigating 

decision making under risk (Hsu et al. 2005; Huettel et al. 2006) and when 

examining information acquisition during learning (McClure et al. 2003; 

O'Doherty et al. 2003; Daw et al. 2006). Based on the breadth of research so far, 
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the introduction of economic concepts has led to clear advances within social and 

decision neuroscience.  

Nevertheless, many outside of neuroscience claim that neuroeconomics 

has heretofore failed to deliver on its promises. Common criticisms claim poor 

statistical practice (Harrison 2008), the answering of irrelevant questions (Gul 

and Pesendorfer 2008), skepticism about the relevance of non-human animal 

studies (Gul and Pesendorfer 2008), and the interpretational difficulties 

associated with neuroimaging data (Logothetis 2008). While neuroscience data is 

compelling because it seems to reveal previously inaccessible truths (Racine et al. 

2005; Weisberg et al. 2008), the lack of functional specificity of many brain 

regions (at least at the level accessible to common neuroimaging techniques) 

often precludes strong conclusions about links between brain regions and 

behavior (Poldrack 2006). Even in topic areas where neuroscience can ask well-

formed questions, the economic literature may have different disciplinary 

conventions (e.g., statistical analyses and decision models) that preclude ready 

translation between the fields (Bernheim 2009). Without a common language or 

foundational principles (Caplin and Schotter 2008), neuroeconomics may grow as 

an increasingly brain-centric discipline.  

2.3 Arguments against neuroeconomics 

The methods and datasets of neuroscience differ dramatically from those 

of the social sciences. Neuroscience experiments often require expensive 

hardware, involve invasive measurement techniques, and draw data from a 

small sample of humans or animals. In contrast, social science experiments, 
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generally measure information about choice preferences (or other forms of 

behavior) through relatively inexpensive laboratory testing. Moreover, many 

studies use data from observations in natural environments (e.g., housing 

prices), across large and diverse samples of human subjects, without costly 

experimental work by the researcher. If the differences between the neural and 

social sciences were only methodological, though, then integrating data from 

these two fields would only require overcoming practical limitations. The most 

powerful criticisms of neuroeconomics make a much stronger point: 

neuroscience data cannot influence economic modeling, even in principle. Here, 

we focus on two of these criticisms, which we name the Behavioral Sufficiency and 

Emergent Phenomenon arguments. 

2.3.1 The behavioral sufficiency argument 

In a broad criticism of neuroeconomic research, theorists have argued that 

economic hypotheses – indeed, any hypothesis in the social sciences – cannot be 

falsified using neuroscience data (Coltheart 2004). They raise a simple and 

intuitive argument: because economic models make no assumptions about the 

mechanisms underlying behavior, no data about those mechanisms could 

confirm or refute any economic model (Gul and Pesendorfer 2008). To falsify an 

economic model, researchers must instead manipulate some environmental 

factor and observe a change in behavior contrary to the predictions of that 

model. Thus, while critics allow that neuroeconomics may provide important 

insights into brain function or clinical disorders, they stress that behavioral data 
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are both necessary and sufficient for evaluating the predictive validity of 

economic models. We refer to this as the Behavioral Sufficiency argument. 

This argument builds from the foundational concept of revealed 

preference in economics (Samuelson 1938; Houthakker 1950). The traditional 

economic emphasis is on observable choice data, which can be used to construct 

sets of preferences sufficient to model and predict choice; the actual 

computations causing the decision behavior are generally not part of the model. 

For a specific example, consider the simple hypothesis that affective feelings 

(e.g., sadness) exert a causal effect on decision making under risk (Loewenstein 

et al. 2001). This hypothesis seems a natural candidate for models inspired by 

neuroscience, in that it posits specific intervening states that influence choice. 

However, to identify those states requires self-reported behavioral data (i.e., 

feelings of sadness), not neuroscience proxies (e.g., amygdala activation). 

Moreover, researchers can induce sadness in participants (e.g., by presenting 

evocative stories) and then measure the resulting change in risk preferences 

(Johnson and Tversky 1983). Even if nothing were known about the neural 

mechanisms of emotion, risky choice, or the interaction between the two, 

behavioral research could reveal that sadness biases risky decisions 

(Raghunathan and Pham 1999).  

Models can incorporate other affective states (e.g., anger or fear) using 

parallel behavioral experimentation, by inducing or measuring feelings and then 

testing the consequences of those feelings upon specific types of decisions. In all 

cases, purely behavioral data (the subjects’ responses to induced states) would be 
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sufficient, in principle, to identify relationships between independent variables 

associated with an environmental manipulation and a dependent variable 

associated with a real-world decision measure. Prediction, critics of 

neuroeconomics argue, can be facilitated by models inspired by behavior, not by 

underlying mechanisms of behavior. 

Relying on behavioral data carries practical advantages as well. 

Researchers can collect behavioral data from large and representative subject 

samples (i.e., hundreds of individuals) rapidly and with relatively little cost. For 

many economic questions, data from laboratory experiments merge with 

observations of real-world behavior, providing important checks on the 

ecological validity of research phenomena. In contrast, neuroscience experiments 

pose a welter of challenges; they require large-scale capital investments and 

specialized skills for data collection and analyses. Neuroscientific techniques 

amenable to human experimentation constrain participants’ behavior 

dramatically, by precluding movement, face-to-face interactions, and verbal 

expression of decisions. The small sample size of neuroscience experiments also 

often prohibits analyses of individual differences. Even well-conducted and 

adequately powered experiments may lead to equivocal conclusions, both 

because of inherent limitations in the experimental methods (Logothetis 2008) 

and because of incomplete knowledge about underlying brain function (Poldrack 

2006). In short, given the challenges of neuroscience experimentation compared 

to traditional social science methods, the Behavioral Sufficiency argument seems to 

sound the death knell for neuroeconomics. 
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Yet, the simplicity of this argument belies a hidden premise, without 

which it has logical, but not practical, validity. The argument claims that 

researchers could, in principle, falsify any possible economic model using only 

behavioral data and that models constructed without an understanding of 

mechanism could fully predict any behavioral phenomena. We do not disagree 

with these conclusions. However, we contend that this criticism of 

neuroeconomics rests on an unstated premise: all of the potentially falsifying or 

fully predictive behavioral data exist (or could be readily identified and 

collected). Many important decision phenomena require a wide range of tests for 

their experimentation. For the risk-as-feelings hypothesis described earlier 

(Loewenstein et al. 2001), researchers could test effects of many affective states: 

anger, fear, disgust, time pressure, anxiety, temptation, elation, depression, and 

sleep deprivation, among others. With comprehensive data about how risk 

preferences change across these states, theorists could validate, reject, or refine 

relevant economic models. However, the accumulation of such data would be 

time-consuming and expensive, especially when testing interacting factors (e.g., 

the effects of depression in young adults upon delay discounting). In essence, the 

argument succeeds in principle, but fails in practice: no researcher – indeed, no 

collection of researchers – obtains all possible data about all possible behaviors. 

The practical limitations of the Behavioral Sufficiency argument leave open 

a path for neuroscience data to influence economic modeling. Neuroscience data 

may not falsify a well-established model or improve the predictions of some real-

world behavior. They can, however, direct the course of research. Continuing the 
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previous example, long-standing neuroscience work distinguishes emotional 

states as resulting from different mechanisms. For instance, the negative states of 

disgust, pain, and fear all reflect different neural substrates (Dalgleish 2004), 

despite some superficial similarities. Thus, neuroscience data that map particular 

affective systems (e.g., posterior rather than anterior insula) to specific forms of 

choice (e.g., purchasing decisions) may suggest new directions for subsequent 

behavioral research. We will argue, in our first Foundation, that neuroscience can 

make important contributions to economics by improving the efficacy (both in 

falsification and explanation) of behavioral research.  

2.3.2 The emergent phenomenon argument 

A second core criticism has grown out of dissatisfaction with the methods 

of neuroeconomics. Neuroeconomic studies frequently place human subjects in a 

mock economic setting that elicits a desired behavior, such as differential 

framing of gains and losses (De Martino et al. 2006; Tom et al. 2007), rejection of 

unfair offers (Sanfey et al. 2003), or incentivized memory retention (Adcock et al. 

2006), and then identify the neural correlates of these behaviors. Neuroscientists 

make similar extrapolations from animal studies when monkeys make decisions 

regarding juice (Padoa-Schioppa and Assad 2006) or rats make decisions 

involving drops of sucrose (Roesch et al. 2007). In effect, these studies create a toy 

model that simplifies a real-world phenomenon so that it may be studied in the 

laboratory. The use of toy models has a long history in both the natural sciences 

(e.g., placing small-scale structures into wind tunnels to understand fluid 

mechanics) and the biological sciences (e.g., in vitro studies to understand 
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cellular properties). In many cases, toy models have allowed researchers to test 

hypotheses about an underlying mechanism, which in turn leads to real world 

applications. 

Within economics, the use of toy models is a relatively recent 

development. In the latter half of the 20th-century, economists created simple 

markets within the laboratory (Plott and Smith 1978; Banks et al. 1989), inducing 

subjects to behave in a self-interested manner reflective of real-world behavior. 

These markets obeyed basic research principles: participants received full and 

accurate information, decisions had meaningful (usually monetary) 

consequences, and deception was prohibited. Neuroeconomic experiments have 

typically adopted these principles. In recent studies of purchasing decisions, for 

example, subjects had the opportunity to spend real money and receive real 

goods (e.g., iPods and candy) in return (Knutson et al. 2007; Plassmann et al. 

2007). Researchers extrapolate that the neural mechanisms recruited in such 

laboratory studies also underlie real-world purchasing behavior. 

The validity of a toy model rests on the assumption that the physical 

principles of interest are maintained from the laboratory setting to the natural 

environment. When the physical principles change – as when moving from 

small-scale models of buildings to their real-world counterparts – an 

extrapolation from toy models will have disastrous consequences (Petroski 2006). 

Neuroeconomic experiments can suffer from similar problems: the principles 

that shape behavior in the laboratory (e.g., experimenter demand effects) do not 

necessarily influence real-world phenomena (e.g., amount of charitable giving 
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outside of the laboratory context). Suppose an economist is interested in ways to 

encourage participation in retirement savings plans. She collaborates with 

neuroscientists to create a mock retirement planning fMRI experiment, and 

together they successfully identify patterns of neural activation that predict 

decisions to save money. How can that information about mechanism – as 

collected from a few dozen subjects – generate a better understanding of out-of-

sample individual and institutional behavior that guides the retirement planning 

of millions of adults? Critics argue that, even if the underlying mechanism is 

correctly identified and understood, such information is irrelevant for economic 

theories that describe aggregate data. Similar and notable claims have been made 

within economics about market phenomena (Friedman 1953). We refer to this as 

the Emergent Phenomenon argument: the denial that an understanding of 

mechanism has relevance for understanding phenomena at the aggregate societal 

level. Similar reasoning pervades criticisms of behavioral economics, consistent 

with substantial evidence that emergence is common within complex economic 

systems (Weng et al. 1999; Foote 2007). If accepted, this argument limits the scope 

of neuroeconomics, preventing neuroscience data from generalizing to higher-

level phenomena. 

As for the Behavioral Sufficiency argument, though, the force of the 

Emergent Phenomenon argument dissipates with the revelation of its underlying 

assumptions. This claim’s strength rests on the assumption that emergence not 

only exists, but subsumes any influences from lower levels. Yet, as has been 

famously argued with respect to macroeconomic modeling (Lucas 1976), 
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emergence may not be ubiquitous among economic phenomena. Microeconomic 

theory invokes the concept of a general equilibrium (Mas-Colell et al. 1995) to 

explain aggregate market outcomes based on individual behavior and 

preferences. That is, economics already contains a foundational concept that 

explains higher-level outcomes from lower-level data. Consider drug addiction, a 

societal-level problem of increasing interest to economists (Gul and Pesendorfer 

2007; Bernheim 2009). No scientist claims that an understanding of the neural 

mechanisms of addiction provides a complete explanation of drug abuse. Yet, 

neurobiological mechanisms undeniably clarify both the etiology of addiction, as 

evident in genetic influences (Kreek et al. 2005), and the success of interventions 

such as nicotine patches. An improved understanding of the mechanisms of 

addiction has led to dramatic societal effects, including clear changes in public 

policy. Other economic phenomena may have only limited emergence. For 

example, retirement planning in older adults is likely shaped by cognitive 

decline with aging (Kovalchik et al. 2005), and the financial decisions of 

teenagers reflect a broad pattern of impulsivity, which is traced to neural 

development (Meyer-Lindenberg et al. 2006). That some economic phenomena 

have some emergent properties restricts the explanatory power of hierarchical, 

mechanistic models, but does not render those models logically invalid. 

Social science models are now increasingly likely to incorporate some 

mechanistic explanations that account for effects across levels. Economic 

experiments aimed at implementing general equilibrium theory in the laboratory 

use individual portfolio choices to explain financial market behavior (Bossaerts et 
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al. 2007). Outside of economics, the growth of agent-based modeling (Axtell et al. 

2002) suggests one promising direction: how independent actors combine to 

generate large-scale phenomena, such as the rise and decay of cultures or the 

transmission of disease in epidemics (Goldstone and Janssen 2005). To the extent 

that researchers can more accurately specify the mechanisms underlying the 

behavior of an individual, some phenomena of interest to economists will be 

better modeled. We will argue, in our second Foundation, that a core goal of 

neuroeconomics is to identify those economic phenomena to which neuroscience 

can be most profitably applied.  

2.4 Foundations of neuroeconomics 

We now turn to positive recommendations: given the stated limitations, 

on what underpinnings should neuroeconomics rest? We suggest two 

foundations, which we call Mechanistic Convergence and Biological Plausibility. 

2.4.1 Mechanistic convergence in experiments 

Neuroeconomics cannot aim to replace behavioral or theoretical methods 

in economics. The long history of behavioral economic research (Camerer et al. 

2004) could proceed within economics without any contributions from 

neuroscience. We argue, in this first Foundation, that neuroscience data will 

increase the efficiency of research agendas in economics. Specifically, via 

Mechanistic Convergence, neuroscience experiments can guide the creation and 

direction of future behavioral studies.  

We suggest a multi-stage “behavior to brain to behavior” approach. By 

identifying interesting choice behavior and creating models for the associated 
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cognitive processes, neuroeconomics research generates better paradigms for use 

in human neuroimaging studies and targets behavior to replicate in animal and 

clinical studies (behavior). By grounding conclusions about brain function in 

behavioral effects such as choice parameters or individual decisions, 

neuroeconomics research can unify cognitive and neural theories of behavior 

(Bernheim 2009). Knowledge about underlying mechanisms (brain) can generate 

novel hypotheses about external modulating factors, which in turn can be tested 

on new samples, tasks, and experimental environments (behavior). If the 

neuroscience experiment was poorly designed or analyzed, follow-up behavioral 

experiments will not yield further knowledge. Conversely, well-designed 

neuroscience experiments can speed the course of behavioral research, effectively 

using mechanistic knowledge to target observable behaviors for subsequent 

experimentation. This use of convergent evidence from neuroscience refines and 

reduces the number of experiments necessary for understanding individual 

behavior. 

Neural and behavioral studies should interact to identify interesting 

phenomena, to indicate potential mechanisms that underlie those phenomena, 

and to map out the biological substrates that support those mechanisms 

(Bernheim 2009). Not all laboratories must necessarily involve themselves in all 

three stages, but neuroeconomics as a whole should accrue knowledge in this 

manner. This iterative approach is also important when multiple decision or 

psychological processes could lead to the same choice behavior. For example, 

while temptation and regret seem to be very different subjective phenomena, 
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they can lead individuals to similar purchasing decisions (Sarver 2008), as when 

purchasing a sale item either because it is tempting or because declining to 

purchase could lead to later regret. [Similar arguments can be constructed for 

other motivating impulses, from avoiding immediate painful consequences to 

dealing with increasing cognitive complexity.] Despite some behavioral 

similarity, temptation and regret likely result from different underlying neural 

substrates (Coricelli et al. 2005; Coricelli et al. 2007). Neuroscience data that 

distinguish these affective states can guide the construction of new behavioral 

experiments and more targeted hypotheses that differentiate properties of regret 

and temptation, along with related phenomena that may share some of their 

neural mechanisms. According to this first Foundation, neuroscience data should 

increase the efficiency of behavioral research.  

2.4.2 Biological plausibility in models 

Neurobiological knowledge can do more than produce new hypotheses; it 

can also constrain models. Models of neural function, influenced by both human 

and animal studies, have guided theories of executive control and decision 

making (Miller and Cohen 2001; Daw et al. 2005; Koechlin and Summerfield 

2007). Conversely, integrating psychological concepts into models is not new to 

economics (Rabin 1998; Caplin and Leahy 2001; Kahneman 2003). In our second 

Foundation, Biological Plausibility, we argue that neuroscience data can inspire 

models of behavior that conform to our current scientific knowledge; i.e., 

behavioral models that are biologically plausible. The advantages of mechanistic 

knowledge are well documented in the psychological, philosophical and 
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economic literatures (Craver 2006; Hedstrom and Ylikoski 2010). For example, a 

combination of rat (Kiyatkin and Gratton 1994), primate (Schultz et al. 1992; 

Schultz et al. 1997) and human studies (McClure et al. 2003; O'Doherty et al. 

2003) have led to convergent theorizing about the role of dopamine in reward 

processing and prediction error. To the extent that neuroeconomics provides 

insight into the mechanisms guiding different forms of utility, such knowledge 

constrains candidate models of individuals’ choice processing. 

Yet, only a handful of microeconomic models strive for biological 

plausibility. The dual-systems framework postulates that choice reflects the 

interaction of two distinct neurocognitive systems with complementary strengths 

and weakness (Kahneman 2003). One common dichotomy separates automatic or 

“hot” affective processes from controlled or "cold" cognitive processes, and 

similar divisions are used in several economic models (Benhabib and Bisin 2005; 

Fudenberg and Levine 2006; Brocas and Carrillo 2008). Critically, the dual-

systems models are compelling because they are intuitively plausible and 

supported by both human (De Martino et al. 2006; Yacubian et al. 2006) and 

animal (Berridge and Robinson 2003; Rudebeck et al. 2006) neuroscience data. 

These models generate testable hypotheses about the nature and timing of 

interactions between competing brain systems. This may include, of course, their 

rejection. For example, recent studies suggest a contrary perspective, that a more 

unified set of neural processes supports the evaluation of options and decisions 

(Kable and Glimcher 2007; Tom et al. 2007; Chib et al. 2009). Constraining 

theories in accordance with our best neurobiological knowledge, as expressed in 
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the Biological Plausibility Foundation, is critical for moving beyond behavioral 

conflations of several distinct affective states. An understanding of a mechanism 

(such as those resulting in affect changes) requires the characterization of 

precipitating, modulating, and inhibiting factors (Craver 2006; Craver and 

Alexandrova 2008). 

We note, as a caveat, that most current neuroscientific methods provide 

only coarse information about mechanism. The dominant technique, fMRI, 

provides information about the relative metabolic demand of populations of 

hundreds of thousands of neurons, as expressed over periods of several seconds 

(Logothetis 2008). Models based on these techniques are inherently incomplete 

and must make simplifying assumptions (e.g., region A activates as if it is 

modulated by region B). Note that this simplification is similar to the 

aforementioned revealed preference foundation of economic choice models: the 

actual mechanism between regions A and B is not being modeled, just as the 

actual computations underlying preferences are generally ignored. New methods 

in fMRI, notably the characterization of how information shapes the connections 

between regions (Friston et al. 2003), promise to create integrated models that 

include both a description of information flow among brain regions and the 

effects of behavior upon the connections between those regions. Additionally, 

integrating techniques into single studies, such as fMRI and genetics (Goldberg 

and Weinberger 2004; Hariri et al. 2006; Hariri 2009), will also provide more 

refined and convergent information. The use of all available methods will be 

critical for identifying a hierarchy of lower- and higher-level mechanisms (Caplin 
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and Dean 2008), with the ultimate goal of producing mechanistically complete 

and biologically plausible explanations of behaviors. 

2.5 Conclusion 

Neuroeconomics is at a crossroads. Skeptics consider it a brain-centric 

enterprise, one that incorporates ideas from the social sciences without 

reciprocation (Gul and Pesendorfer 2008; Harrison 2008). Clearly, the social 

sciences have provided much to neuroscience. Ideas from game theory and 

expected utility theory can explain the responses of individual neurons to 

incoming information (Glimcher 2003). Similarly, aspects of utility theory can be 

used to describe the activity of populations of neurons within the brain’s reward 

system (Schultz 2006). There is also an opportunity for the axiomatic approach of 

decision theory to explain decision-making mechanisms, such as building from 

the response properties of dopaminergic neurons (Caplin and Dean 2008). 

Integration of neurobiology and economic theory provides new insight into 

phenomena as diverse as neurotransmitter interactions (Daw et al. 2002) time-

discounting (Kalenscher and Pennartz 2008), learning (Rangel et al. 2008), social 

behavior (Fehr and Camerer 2007), and regret (Coricelli et al. 2007). Without clear 

examples of economic models shaped by neuroscience data, though, critics argue 

that neuroeconomics research has relevance for neuroscientists, but not for 

economists or other social scientists.  

We agree with critics’ assessments of the current state of neuroeconomic 

research – neuroeconomics has indeed been brain-centric – but we disagree with 

the conclusions they draw for the future of the field. The core criticisms of 
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neuroeconomics, which we here label the Behavioral Sufficiency and Emergent 

Phenomenon arguments, constrain the practice of neuroeconomic research, but 

do not render it without meaning. Clear foundational principles remain. First, 

neuroeconomics via Mechanistic Convergence can more efficiently direct the 

course of future behavioral studies. As an historical parallel, economists have 

explored psychological concepts (e.g., emotional influences on decision making) 

for many years (Simon 1955; Geanakoplos et al. 1989; Elster 1998; Rabin 1998), 

sparking a broad array of new behavioral experiments and theories. Second, 

neuroeconomics can facilitate the creation and testing of models that adhere to 

Biological Plausibility. Social scientists (and neuroscientists) should not treat 

decision-making phenomena as irreducible and mechanism-independent. 

Instead, the joint investigation of brain and behavior will lead to greater success 

than that achieved by either discipline in isolation. 
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3 Local neural patterns and economic valuation 

This chapter applies MVPA to distinguish between two common rewards 

in the behavioral economic literature: probabilistic and intertemporal. In order to 

achieve Biological Plausibility in models of economic valuation, we must 

understand how reward information is integrated in the brain. This chapter is an 

attempt to identify local neural patterns that distinguish different types of 

reward information when individuals are asked explicitly to evaluate a reward. 

The work included in this chapter reprises research from Clithero et al. (2009). 

3.1 Introduction 

Understanding the mechanisms that underlie the construction of value is a 

central goal of neuroeconomic research (Glimcher and Rustichini 2004; Camerer 

et al. 2005). In this chapter, we investigated the neural systems underlying the 

valuation of economic outcomes through the application of alternative analytic 

techniques to fMRI data, namely MVPA (Figure 2).  

Recent work has delineated neural systems that underlie valuation 

processes, both in human (Kable and Glimcher 2007; Plassmann et al. 2007) and 

nonhuman primates (Roesch and Olson 2004; Padoa-Schioppa and Assad 2006), 

as summarized in comprehensive reviews (Montague and Berns 2002; Montague 

et al. 2006; Wallis 2007; Rangel et al. 2008). These and earlier works (Schultz et al. 

1997; Delgado et al. 2000; Knutson et al. 2000) have focused on the ventral 

striatum (VSTR) and medial prefrontal cortex (MPFC)/orbitofrontal cortex 

(OFC), based on demonstrations that these regions encode anticipated value and 
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chosen value, respectively. Together, these regions may convert a broad range of 

rewards into a common currency that expedites choice, with OFC ultimately 

playing the central role in comparison of choices (Montague and Berns 2002) and 

MPFC evaluating the overall effectiveness of executing a particular choice 

(Wallis 2007). 

Although there is mounting evidence to support the role of OFC in 

representing subjective value and guiding economic choice, relatively little is 

known about how other regions may support the construction of value based on 

different underlying information and its representation, as summarized in Figure 

1 (Rangel et al. 2008). For example, parietal cortex has been discussed in some 

models of value computation, specifically with regard to evaluating and 

integrating the value of potential actions (Sugrue et al. 2004; Glimcher et al. 

2005). Even if OFC represents the value of choice options, across a wide range of 

information, there may still be processing differences associated with different 

forms of valuation, most likely in earlier regions that support particular 

computations necessary for some decision variables, but not others. These 

differences may not be reflected in the overall metabolic demand within a given 

region, and thus could be inaccessible via standard neuroimaging analysis 

methods. To identify local information associated with the construction of value, 

we used multivariate statistical analyses from the field of machine learning. 

Machine learning, as it was briefly introduced in Chapter 1, refers to a set 

of statistical learning methods, a subset of which are commonly called “pattern 

classifiers”, which uses the characteristics of known examples to develop feature 
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sets that can classify new examples into categories (Vapnik and Lener 1963). 

Support vector machines (SVM) underlie the most common approaches (Cortes 

and Vapnik 1995), although other techniques have been applied (Mitchell et al. 

2004; Haynes and Rees 2005). Given a binary classification problem, an SVM 

finds the maximum-separating hyperplane for a pattern, while minimizing the 

upper bound on the generalization error of the classifier. Unlike univariate 

analyses that evaluate the overall change in activation of a cluster of voxels, 

pattern classification employs a multivariate approach that includes information 

derived from the joint changes in activation across voxels. The most common 

application has been to decode various feature representations and demonstrate 

the existence of topographies in visual cortex (Cox and Savoy 2003; Kamitani and 

Tong 2005; Kay et al. 2008). Yet, pattern classification has also shown potential 

for evaluating covert and subjective experiences: lie detection (Davatzikos et al. 

2005), prediction of conscious decisions about emotional faces (Pessoa and 

Padmala 2005), attending to specific features (Serences and Boynton 2007), and 

basic choices (Hampton and O'Doherty 2007). Here, by comparing the valuations 

of different types of rewards, we aimed to provide new information about the 

value construction process. 

Two common types of valuations involve outcomes that only occur with 

some probability or after some time delay. A vast body of theoretical and 

behavioral economic research has provided descriptive and prescriptive theories 

of decision making in probabilistic and intertemporal settings (Starmer 2000; 

Frederick et al. 2002). Many behavioral phenomena are similar across these two 
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domains, leading to theoretical models of intertemporal and probabilistic choice 

that account for these commonalities (Prelec and Loewenstein 1991; Green and 

Myerson 2004). Each has, at least independently, been a target of neuroscience 

research. For neuroimaging studies of uncertainty (Critchley et al. 2001; Paulus et 

al. 2003; Huettel et al. 2005; Kuhnen and Knutson 2005; Huettel et al. 2006), most 

have implicated insular cortex (INS), posterior parietal cortex (PPAR), inferior 

prefrontal cortex (IPFC), and OFC in processes used to evaluate and choose 

between uncertain prospects. There is a comparatively smaller collection of 

neuroimaging studies of intertemporal choice (McClure et al. 2004; Tanaka et al. 

2004; Hariri et al. 2006; Kable and Glimcher 2007; McClure et al. 2007; Weber and 

Huettel 2008). These studies point to a variety of regions: VSTR, MPFC, medial 

orbitofrontal cortex (MOFC), anterior cingulate cortex (ACC), posterior cingulate 

cortex (PCC), PPAR, and dorsolateral prefrontal cortex (DLPFC). When 

considered as a whole, these studies have identified a set of candidate regions 

that may support value construction. 

This chapter reports fMRI data collected while participants valued 

probabilistic and intertemporal rewards. Whereas traditional machine-learning 

analyses are concerned with the absolute predictive power of a model, our 

analyses sought to identify the specific brain regions that – when added to a 

classifier – contributed most to relative changes in predictive power. The 

localization of this unique information provides a robust measure for the 

contributions of neural patterns to brain states. Specifically, our results point to 
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potential neural topographies involving explicit intertemporal or probabilistic 

value computations. 

3.2 Materials and methods 

3.2.1 Participants 

Thirteen (four male) healthy participants (mean: 23 ± 5 years, range: 18-35) 

participated in an experimental session involving collection of both behavioral 

and fMRI data. Two of these individuals were dropped from the sample prior to 

data analyses: one for excessive head motion and one due to a data collection 

error, leaving a final sample of eleven participants. All participants were 

prescreened to exclude individuals with prior psychiatric or neurological illness. 

Participants gave written informed consent as part of a protocol approved by the 

Institutional Review Board of Duke University Medical Center. 

3.2.2 Probabilistic and intertemporal reward valuation task 

Each trial began with the presentation of a probabilistic or intertemporal 

economic prize (Figure 3, presented in greyscale). For the probabilistic trials, 

outcome probabilities ranged continuously from 0.25 to 0.75 and prize values 

ranged from $20 to $75. Both the prize and its probability were drawn pseudo-

randomly from uniform distributions, constrained so that expected value ranged 

from $15 to $50. The green area of the rectangle represented the probability of 

winning the prize, which was always on top. The alternate outcome was $0 on all 

trials. For the intertemporal trials, the period until delivery ranged from one to 

sixteen weeks, and the prize ranged from $15 to $50 (integer values only). The 

delay and prize were both drawn randomly from uniform distributions. Here, 
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length of delay was represented by the grey portion of the rectangle, meaning the 

green area represented the fraction of the sixteen weeks that the participant 

would not have to wait. Thus, the two types of trials were matched as closely as 

possible in their visual representations. 

In a pre-scanning session, participants faced 12 trials of each type (24 

total). All gambles were presented in pseudo-random order, with no more than 

two of the same type appearing consecutively. Each gamble was initially shown 

for 7 s, then participants were given unlimited time to type their subjective value 

(i.e., certainty or immediacy equivalent) for that prize. This initial session served 

two purposes. First, it familiarized the participants with the task before the later 

scanner session. Second, it allowed the calculation of preliminary estimates of 

risk- and delay-sensitivity that guided selection of the potential response values 

within the fMRI session. Participants completed a second, short, practice run 

during the collection of the structural images within the scanner.  

In the scanner session, participants completed eight runs, each with 24 

valuation trials. The timing was the same as the practice run: prizes were visible 

for 7 s, followed by a 4 s response window. Eight potential values were 

presented for each prize, and participants selected the value closest to their 

subjective rating by pressing one of eight buttons. The potential response values 

were presented in ascending or descending order (randomized across trials), 

with the predicted response for each participant randomly placed between 

button three and button six. Once a button was pressed, a blue rectangle was 

displayed around the selected value (Figure 3) for a brief interval (0.2 s). Trials 
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were separated by a varying interval of 0.2 s to 0.5 s. The experiment was 

presented using the Psychophysics Toolbox (Brainard 1997) in MATLAB (The 

MathWorks, Inc.). 

 

Figure 3: Probabilistic and intertemporal valuation task. 
Probabilistic and intertemporal prizes were displayed using a common 
graphical representation, shown here in greyscale. For the probabilistic 
valuations (left), the probability of winning the positive-value prize was 
represented by a green area on top, while the probability of winning nothing 
was represented by the grey area on bottom. For the intertemporal valuations 
(right), the length of delay was represented by the grey portion of the rectangle, 
leaving the green area to represent the fraction of the sixteen weeks that the 
participant would not have to wait. In the example intertemporal trial (bottom), 
a fixation screen (0.2 s to 0.5 s) would be followed by the presentation of the 
delayed prize ($39 in the example) for 7 s. During that interval, participants 
determined their subjective value, and then found the closest value out of eight 
available during the response phase (4 s). The selected value was then briefly 
highlighted (0.2 s). 

3.2.3 Payment 

Participants were compensated entirely with Amazon.com gift cards. 

They were guaranteed at least $30 in gift cards, although it was possible that a 
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fraction (including all) of their payment could be delayed by up to 16 weeks. 

Non-cash payment was chosen to ensure accurate delayed payment (all 

payments were sent via an email confirmation) and to maintain a single currency 

throughout the experiment (no cash amount was paid; the guaranteed amount 

was built into minimum values for the intertemporal and probabilistic prizes). 

Participants were informed of all of these conditions prior to agreeing to take 

part in the study. 

Payment was based on two randomly-chosen trials from the scanner 

session. First, the participants rolled an eight-sided die twice, once for a 

probabilistic trial and once for an intertemporal trial, to determine the two runs 

from which a computer would randomly select the trials for payment. Once the 

trials were chosen, we used a Becker-DeGroot-Marschak procedure (Becker et al. 

1964) to determine payment. For each trial, the computer randomly drew an 

integer from a uniform distribution of values between zero and the expected 

value of the chosen trial’s gamble. If the random integer was less than the stated 

subjective value for that trial, then the gamble was carried out. If it was greater 

than the participant’s value equivalent, they were given a gift certificate (payable 

immediately) equivalent to the integer value, in dollars. Average gift-certificate 

payout was $55 ± $22. 

3.2.4 Image acquisition and preprocessing 

We acquired fMRI data on a General Electric 3.0 Tesla MRI Scanner with a 

multi-channel (eight-coil) parallel imaging system. Images sensitive to BOLD 

contrast were acquired using a gradient echo-planar imaging (EPI) sequence 
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[repetition time (TR) = 2000 ms; echo time (TE) = 27 ms; field of view (FOV) = 256 

mm; voxel size = 4*4*4 mm] at 30 axial slices parallel to the line connecting the 

anterior and posterior commissures. For each participant we collected eight runs 

consisting of 182 images (except for one participant with 178), with an initial 

saturation buffer of ten images. Whole-brain high-resolution T1-weighted 

structural scans with voxel size 1*1*2 mm were acquired from each participant 

for normalizing and coregistering data. 

Functional images were corrected for motion using a tool from the FMRIB 

Software Library (FSL): MCFLIRT (Motion Correction using FMRIB’s Linear 

Image Registration Tool) (Jenkinson et al. 2002). Functional images were also 

slice-time corrected, and normalized into a standard stereotaxic space (Montreal 

Neurological Institute, MNI) using FSL 4.0 (Smith et al. 2004), maintaining a 

resolution of 4*4*4-mm for pattern classification. We note that data were left 

unsmoothed to preserve local voxel information. 

3.2.5 Regions of interest selection 

We selected anatomically distinct regions of interest (ROIs) based on 

recent fMRI studies of probabilistic or intertemporal outcome environments 

(Huettel et al. 2005; Huettel et al. 2006; McClure et al. 2007) and on the existing 

literature on executive function and decision making (Hampton and O'Doherty 

2007). In all, thirteen distinct ROIs were included: ACC, amygdala (AMYG), 

anterior insular cortex (INS), DLPFC, dorsal striatum (DSTR), inferior prefrontal 

cortex (IPFC), lateral orbitofrontal cortex (LOFC), medial orbitofrontal cortex 

(MOFC), MPFC, PCC, left posterior parietal cortex (LPPAR), right posterior 
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parietal cortex (RPPAR), and VSTR. Each ROI was made up of several voxel 

spheres centered on various (x, y, z) MNI coordinates. ROI masks were 

constructed using the Wake Forest University PickAtlas 2.4. 

3.2.6 Behavioral analysis 

All behavioral analysis was carried out in MATLAB. Participants’ 

discounting rate was estimated using the standard hyperbolic function 

(Frederick et al. 2002), 

        (1) 

where V is the participant’s reported value for prize Z with delay W in 

weeks. The discounting rate is then k. A perfectly delay-neutral individual would 

have k = 0. For the probabilistic trials, we assume the subjective value V of a 

monetary prize Z can be modeled as a simple power function (Huettel et al. 

2006), 

       (2) 

where a determines whether a participant is risk-averse (a < 1), risk-

neutral (a = 1), or risk-seeking (a > 1). Given our probabilistic prizes, we also 

assumed participants’ preferences have an expected utility representation. 

3.2.7 Pattern classification using MVPA 

Following preprocessing, we identified an estimate of mean signal 

intensity within every voxel for every trial, defined as the mean signal across 

three consecutive volumes within the valuation period (lagged by 5 s following 

valuation onset). The goal was to capture BOLD signal that corresponded to the 
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early phases of the valuation part of the task, specifically avoiding activity 

associated with the response. We then used the signal in specific voxels to 

construct pattern classifiers from four sets of feature data: ROI global, ROI local, 

searchlight global, and searchlight local (Figure 4). The ROI global signal was 

calculated by taking the mean signal across all N voxels in the ROI. The ROI local 

signal was obtained by subtracting the ROI global signal from each individual 

voxel’s signal, resulting in an N-dimensional pattern vector for each trial pair, 

where N depends upon the ROI or combination of ROIs. For both of these types 

of ROI data, we used SVM to determine whether local information decoded trials 

of intertemporal valuation versus probabilistic valuation. In all cases, the 

classifier was an SVM using a radial basis set. A grid search was used to optimize 

the tradeoffs among error, margin, and the radial basis function used. 

In order to check the robustness of our ROI analyses and to reduce the size 

of our feature spaces used to train the classifiers, our third and fourth sets 

(Figure 4) used searchlight feature sets (Kriegeskorte et al. 2006). These datasets 

are also more spatially specific; and thus might be able to identify individual 

voxels that are driving ROI local or ROI global performance. For every voxel in 

each ROI, we constructed a searchlight corresponding to a spherical cluster of 

radius 12 mm that contained M voxels (up to 123, depending on the distance 

between that voxel and the ROI boundary). The searchlight global classifier was 

defined as the mean signal of all voxels in the searchlight, while the searchlight 

local classifier was obtained (as for the larger ROIs) by subtracting the searchlight 

global signal from the activation of every voxel in the ROI. 
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Figure 4: Feature spaces used for pattern classification. 
To predict probabilistic or intertemporal valuations, we identified the following 
four feature spaces for training sets and testing sets. We estimated fMRI signal 
amplitude for each voxel on each trial. Then, we extracted four types of feature 
spaces: (1) ROI local, (2) ROI global, (3) searchlight local, and (4) searchlight 
global. Shown as examples are (A) our inferior prefrontal cortex ROI, 
comprising n = 928 voxels, and (B) one of its spherical searchlights, comprising 
m = ∼100 voxels. For each of these feature sets, we used an iterated cross- 
validation technique to evaluate whether a classifier derived from training data 
could predict whether, on a given trial, the participant was valuing a 
probabilistic or intertemporal outcome. 

Prediction performance was judged based on five-fold cross-validation 

(CV), a common method for evaluating the reliability of a pattern classifier 

(Mitchell et al. 2004). We repeatedly selected four-fifths of the trials to train an 

SVM (Figure 5), with the remaining portion of trials used as the test set of trial 

pairs. This process was repeated five times, and the average performance across 

the five tests was the CV percentage. For any SVM, a high CV is indicative of a 

flexible learning algorithm that is more likely to accurately classify new data. 
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Figure 5: Cross-validation structure within participants. 
In this example, a participant has five runs of data (R1 to R5). Using four runs 
(white), a support vector machine is trained to correctly identify two different 
classes (e.g., probabilistic or intertemporal prizes). The trained support vector 
machine is then tested on the remaining fifth run (blue), and an accuracy value 
is obtained. This process is repeated five times, leaving out a different run for 
testing each time (each row). The average of the five prediction accuracies is the 
cross-validation percentage. 

Classification was performed using the LIBSVM software 

(http://www.csie.ntu.edu.tw/~cjlin/libsvm). For statistical testing of individual 

ROIs and searchlights, we tested CV against performance of a chance classifier 

(50%). All claims of significance refer to p < 0.05, corrected for multiple 

comparisons using False Discovery Rate (FDR), where the correction is over the 

number of classifiers being compared (e.g., for single ROIs, there were 13). As an 

additional test for our classifier accuracy, we also used LIBSVM to generate 

receiver operating characteristic (ROC) curves, which can describe the 

relationship between the fraction of correct predictions for one trial-type (e.g. 
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risk) and the fraction of incorrect predictions for the other trial-type (e.g. delay), 

for each participant and ROI.  

3.2.8 Combinatoric analysis of regions of interest 

For the ROI local classifiers, we also constructed classifiers using all 

possible combinations of two, three, and four ROIs. This resulted in 1092 SVMs 

for each participant. To compare the performance of these classifiers to each 

other, we took their CV rates and ranked them (within each participant) from 1 

to 1092. This process allowed us to control for differences across participants in 

the mean performance of all classifiers (i.e., overall better classification across all 

ROIs). The average ranks of each possible ROI combination across participants 

were then used for paired-difference rank-order tests. For statistical testing of 

individual ROI contributions to combinations, we tested increases or decreases 

against no change (0%). Images of classifier performance were generated using 

MRICron (Rorden et al. 2007). 

3.2.9 Univariate analysis using general linear modeling 

Analysis using a general linear model (GLM) was carried out using FEAT 

(FMRI Expert Analysis Tool) 5.92 in FSL 4.0. First, MELODIC 3.0 (Beckmann and 

Smith 2004) was used to identify scanner artifacts, and an automated and 

unbiased process was implemented to remove them from each run for all 

participants. Motion correction was done using MCFLIRT, non-brain removal 

using BET, the high pass filter cutoff was set to 100, and the data were spatially 

smoothed with a Gaussian kernel of 8 mm. Registration to MNI space was 

carried out using FLIRT. 
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The model was constructed with four explanatory variables: two for 

intertemporal trials and two for probabilistic trials. Within each valuation type, 

one explanatory variable represented the valuation period, and a second 

represented the response period. Each of the two valuation regressors was 

modeled for the full 7 s valuation interval, time-locked to the onset of the 

presentation of the gamble or delayed prize, and convolved with the canonical 

double-gamma hemodynamic response function. Regressors were constructed 

similarly for the response period, although that interval was modeled for its 4 s 

interval. Initial multiple regressions were conducted on each of the eight 

individual runs for our eleven participants. Data were combined across runs 

(second-level) using a fixed-effect analysis, and data were combined across 

participants using random-effects analysis via the FSL FLAME algorithm. These 

third-level analyses used the standard cluster significance threshold of p = 0.05, 

corrected for multiple comparisons using FDR across the whole brain. We report 

both whole-brain analyses and analyses masked by our a priori ROIs (i.e., with a 

smaller number of voxels and thus fewer statistical comparisons). 

3.3 Results 

3.3.1 Behavior 

Participants successfully indicated their subjective value on nearly all 

trials, with ten of eleven hitting an average of 99.6% of 192 trials; the remaining 

participant missed 16%. [We note that all reported analyses were robust to 

elimination of this participant, or of any other participant, and that this subject’s 
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preferences did not differ from those of other participants when responses were 

made.] 

Across all trials, there were no systematic biases toward responding with 

one hand. Responses were balanced across the eight possible values for each 

trial, with the most responses occurring near the middle values, reflecting our 

pre-estimation procedure. There was no significant difference in number of 

responses between the two trial types for any of the eleven participants. Mean 

response time (RT) for the intertemporal condition (1.8 ± 0.5 s) was significantly 

faster (paired difference, p < 0.01) than that for the probabilistic condition (2.1 ± 

0.4 s). This may reflect a greater difficulty in locating the chosen value on the 

reporting screen, not necessarily an increased time spent valuing the gamble, 

given that participants were allocated seven seconds to complete valuation 

before the response screen was even displayed. Using RT as a one-dimensional 

classification rule, we found an average CV of 64.1% across participants. This 

indicates that RT contains some valuation-relevant information (no relevant 

information would have led to a classifier CV of 50%), providing a useful 

baseline for performance. 

We also obtained measures of delay and risk preferences for each of our 

participants (Table 2) using the data from the eight scanning runs. Individual 

preferences were estimated using Equations 1 and 2. Our participants ranged 

from delay-neutral to quite delay-averse, with all participants’ behavior fit well 

by a hyperbolic discounting function (median r2 = 0.97; Figure 9). Participants 

were risk-neutral to slightly risk-seeking, with their choices generally well fit by 
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a power model for risk (median r2 = 0.84; Figure 9). Risk and delay preferences 

were not correlated across participants [r(9) = 0.07, p = 0.84]. 

3.3.2 Local neural patterns contain value information  

Our initial analyses evaluated the degree to which overall activation in 

ROIs predicted the type of valuation: probabilistic or intertemporal. All thirteen 

of our a priori chosen ROIs performed significantly above chance when the 

pattern classifier used local information; i.e., the pattern of increases and 

decreases across voxels from the average ROI signal (Figure 6). The top 

performing local signal region was the left posterior parietal cortex (LPPAR; CV 

of 76.2%, p < 0.001). In contrast, no regions performed significantly above chance 

when the pattern classifier used the control feature space, global information 

(i.e., the average signal across all voxels in the ROI). For average signal, the 

highest performance was in PCC (54.0%); after correcting for multiple 

comparisons, this effect was not significantly different from chance. For all 

regions, the local signal encoded significantly more information than the global 

signal, with the greatest difference again found in LPPAR (local signal CV was 

24.8% greater than global signal CV, p < 0.001). 

Our ROC curves for the ROI local classifiers provide further supporting 

evidence that LPPAR contains unique valuation information. Using the area 

under the curve (AUC) as our measure of classifier performance (Fawcett 2006) 

across all possible thresholds, we found that the average AUC for LPPAR was 

0.79 (p < 0.001), the highest of the 13 ROIs. Further, this measure of classifier 
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accuracy led to similar conclusions as CV percentage about the relative 

information carried by the different ROIs (Figure 6, circles). 

 

Figure 6: Local information in brain regions of interest. 
Classification accuracy in each ROI, plotted in descending order based upon 
local performance (error bars indicate s.e.m.). Models built from local 
information in each ROI perform significantly above chance and consistently 
better than models based on the global signal from the ROI. LPPAR provided 
the best local information for classification (76%, p < 0.0001). LPPAR also had 
the greatest gain in performance from global to local (25%, p < 0.0001). We 
additionally constructed receiver operating characteristic (ROC) curves for every 
region by varying the classifier response thresholds. From measurements of the 
area under each ROC curve, we found that LPPAR is the most likely to correctly 
classify a trial, regardless of the allowed response threshold (0.79, p < 0.001). We 
summarize the ROC-based classification performance, for each ROI, with a 
filled circle indicating the area under the curve (AUC) of each ROC curve. 

A concern intrinsic to fMRI data is that this differential classifier 

performance could depend on functional signal-to-noise ratio (fSNR), which 

could vary across regions based on scanner properties (e.g., distance from 

receiver coils in the phased array). We determined the fSNR for every ROI and 

found that fSNR differences explained less than 6% of all variance across ROIs. 

This indicates that differences in fMRI data sensitivity can only account for a 

minimal portion of our variance in predictive power across regions. 
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3.3.3 Pattern classification using combinatoric analysis 

To evaluate the unique local information contained within each region, we 

combined data from all combinations of one, two, three, and four regions, 

resulting in a total of 1092 classifiers for each participant. By using rankings of 

the ROI combinations to perform our statistical tests, we can assess how these 

combinations perform with respect to each other, while controlling for 

interindividual differences in absolute predictive power. Across participants, the 

best-performing pair was LPPAR-RPPAR, with an average CV of 76.1%. The 

triple combination of LPPAR-PCC-RPPAR (average CV of 77.7%) was the best-

performing of all possible combinations. This group was significantly better (p < 

0.05) than all other combinations of three or four ROIs that did not contain two of 

those three regions. Interestingly, this combination of three is significantly better 

at predicting valuation type than either PCC or RPPAR on their own (p < 0.01), 

but not significantly better than LPPAR by itself (p = 0.32). Finally, the top two 

combinations of four ROIs were DSTR-LPPAR-PCC-RPPAR (76.6%) and INS-

LPPAR-PCC-RPPAR (76.3%); note that neither of these outperformed the best 

combination of three ROIs. 

The results showed that local information in LPPAR was a better predictor 

of the form of valuation than local information from any other region. LPPAR by 

itself significantly outperformed all other combinations (p < 0.05) that did not 

contain at least one of LPPAR, PCC, or RPPAR, and was not significantly 

outperformed by any combination of regions. Moreover, when considering all of 

the 1092 possible classifiers, LPPAR consistently does better than PCC (p < 0.02) 
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and RPPAR (p < 0.001). Thus, the data indicated that LPPAR provided the 

greatest amount of unique information differentiating probabilistic and 

intertemporal valuations.  

3.3.4 Posterior parietal cortex provides unique local information 

To illustrate the independent contributions of the chosen ROIs, Figure 7A 

shows increases or decreases in CV of a specific ROI when one of the other 

twelve ROIs was paired with it. For example, when LPPAR was paired with 

AMYG (lower left of Figure 7A) the resulting classifier increased CV by 15% 

when compared to AMYG alone. Yet, as shown in the upper-right corner, the 

combined ROIs actually performed worse (i.e., a reduction in CV by 5%) than 

LPPAR alone. Figure 7B collapses across rows of Figure 7A to demonstrate that, 

on average, LPPAR (average 9.3%, p < 0.001), PCC (6.6%, p < 0.001), RPPAR 

(5.9%, p < 0.001), and DLPFC (5.5%, p < 0.003) all added predictive power to the 

other twelve ROIs. When collapsing across columns for combinations of two 

ROIs (Figure 7C), the CV rates of many of those regions were either unaffected or 

improved by the addition of a second ROI. The exception is LPPAR, which 

evinced a significant decrease in CV rate when paired with any another ROI (-

2.9%, p < 0.001). That is, the addition of other ROIs to LPPAR consistently 

decreases the new classifier’s CV rate. No other ROI exhibited similar decreases 

when paired with other regions.  



 

69 

 

Figure 7: Cross-validation performance for combinations of regions of interest. 
Shown in (A) is the increase (red) or decrease (blue) in CV rate when local 
information from one ROI combined with local information from another. 
Significant changes in CV rate are displayed in solid colors. (B) Average 
increase in CV from the addition of a given ROI, plotted in descending order 
(error bars indicate s.e.m.). Each reported value in the bar graph is the average of 
the corresponding column in A. (C) Average amount the CV increases when 
local information from another ROI is added (error bars indicate s.e.m.). This 
provides a measure of how much predictive power a region has on its own, 
since regions that perform poorly on their own will always benefit from the 
addition of other regions. Each reported value in the bar graph is the average of 
the corresponding row in A. 

These results held even when considering larger combinations of three or 

four ROIs (Figure 10). The addition of LPPAR to other combinations of ROIs still 

consistently improved the overall predictive power, whereas the additions of 

other ROIs to combinations that contained LPPAR tended to reduce predictive 

power. Thus, data from these combinations of ROIs converges upon a robust 

conclusion: voxels within LPPAR contained unique information that 

differentiates probabilistic from intertemporal valuation. 
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3.3.5 Pattern classification using searchlight method 

While ROI-based approaches have many advantages for fMRI research 

(e.g., reducing the number of statistical tests), they risk misidentifying functional 

regions, especially if the voxels carrying meaningful signal are included within 

models that incorporate a large number of noisier voxels. As a check on our 

primary ROI results, we assessed the predictive power associated with sub-

regions within our ROIs: we created pattern classifiers from smaller searchlights 

(Figure 4B), defined as ~100-voxel spheres surrounding each voxel in the ROI 

(Kriegeskorte et al. 2006; Haynes et al. 2007). The process for constructing the 

global and local classifiers was analogous to the process for each ROI. We tested 

the predictive power present in a given searchlight using the same five-fold CV 

procedure as with the ROIs (Figure 5). 

Searchlight results are summarized in Table 1. The only region containing 

searchlights with predictive accuracy greater than 70% was LPPAR (Figure 8A), 

within which more than 23% of all voxels passed that level (maximum 

searchlight CV of 78.6%). We note that this performance, which reflects 

contributions from a small set of contiguous voxels in one brain region, was 

roughly equivalent to the best combination of local information across multiple 

ROIs. 

For every ROI, the mean global signal classifier performance fell between 

chance and ~55%, although each ROI had at least one local searchlight and one 

global searchlight with a CV significantly above chance. Moreover, the greatest 

difference between local and global searchlights (~39%) is again found in LPPAR 
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(Figure 8B) indicating that LPPAR contains the most local information. These 

findings are in line with the ROI results (Figure 6 and Figure 7). 

Table 1: Peak performance for searchlights within regions of interest. 
MNI coordinates and CV rate for the best-performing local searchlights in each 
of the ROIs. The average CV for all local searchlights within each ROI and the 
standard deviation are also shown. The maximum CV for local signal 
searchlights was observed within LPPAR. 

Region Peak MNI CV % mean CV % std 
Left posterior parietal cortex (-18,-78,50) 65.1 6.6 
Medial orbitofrontal cortex (2,38,-34) 60.2 4.0 
Anterior cingulate cortex (-10,30,26) 57.4 3.8 
Posterior cingulate cortex (14,-58,6) 55.7 4.1 
Dorsolateral prefrontal cortex (42,-2,46) 54.1 3.3 
Right posterior parietal cortex (22,-62,46) 53.1 4.8 
Amygdala (26,6,-22) 56.6 3.5 
Anterior insular cortex (46,26,-2) 56.2 2.9 
Inferior prefrontal cortex (46,26,-2) 55.5 3.1 
Medial prefrontal cortex (6,42,26) 53.5 2.9 
Dorsal striatum (6,10,6) 57.3 2.5 
Ventral striatum (22,6,-18) 55.5 3.3 
Lateral orbitofrontal cortex (14,54,-14) 54.5 2.5 

 

Also interesting was the observation that the peak global searchlight in 

MPFC (66.7%) was higher than the peak local searchlight in MPFC (64.9%), 

indicating that local information made minimal contributions (if any) compared 

to the average signal within that region. 
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Figure 8: Cross-validation performance for local searchlights. 
(A) CV performance for models utilizing local information. Only LPPAR 
contained voxels with searchlights with CV over 70%, with a maximum of 
78.6%. (B) The performance difference between models using local information 
and those using global information. The only searchlights with more than a 15% 
difference between local and global CV were in PCC and LPPAR. The 
maximum again was in LPPAR (38.6%). 

3.3.6 Analyses using standard univariate general linear model 

As a check on our pattern classification data, we used standard fMRI 

analysis methods based on the GLM to identify activation clusters that 

differentiated probabilistic and intertemporal valuation (local maxima for all 

contrasts are listed in Table 3). For valuation of intertemporal delays (D), we 

found significant activation in both ACC and medial frontal cortex. On trials 

involving probabilistic risk (R), significant activation was also found in ACC, as 

well as in the superior frontal gyrus, and along with portions of LPPAR, with a 

local maximum in the superior parietal lobule. Importantly, the CV for the local 

searchlight about that local maximum was 57.7%, indicating a discrepancy 

between the coordinates of maximal global and local information in LPPAR. We 

also identified regions that were significantly more active for intertemporal 
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valuations compared to probabilistic valuations (D > R) or for probabilistic 

compared to intertemporal (R > D). For D > R, significant differences were found 

in MOFC and several other cortical regions. The only cortical regions that proved 

significant for the R > D contrast were regions of visual cortex. 

As an additional check for our ROIs, we repeated our GLM analyses using 

our ROIs as a volume mask before thresholding and correcting for multiple 

comparisons (Table 4). We found the same ACC activation for both 

intertemporal and probabilistic valuations. Both valuation processes also 

recruited left IPFC, anterior INS, and bilateral PPAR. For D > R, ACC, bilateral 

DLPFC, MOFC, MPFC, and PCC all were significant. Importantly, none of the 

ROIs were significant for R > D, and PPAR did not distinguish either trial type 

from the other. Thus, we conclude that the use of pattern classification methods 

provided novel information about the neural systems differentiating forms of 

economic valuation; i.e., information that was not available within standard 

fMRI analysis methods. 

3.4 Discussion 

Convergent evidence from several forms of machine-learning analyses 

indicated that unique information about value construction was provided by the 

pattern of local activation within LPPAR. The most-predictive voxels in LPPAR 

were located in the more posterior part of the superior parietal lobule, along the 

intraparietal sulcus, within the left hemisphere. These local computational maps 

were not evident when examining the results of standard fMRI analysis, perhaps 

because we used a simple valuation task that controlled for several possible 
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confounds, including value range, motor preparation, and visual features. Our 

interpretation is that while the valuation processes of different rewards and sets 

of information may involve a similar system of brain regions, there is differential 

recruitment of local circuitry within at least one of those regions, posterior 

parietal cortex (PPAR).  

3.4.1 Combinatoric approach identifies unique information 

Our standard fMRI analyses revealed brain regions typically implicated in 

decision making under uncertainty: aINS, lateral PFC, and PPAR, among others 

(Table 4). This result supports the inference that participants were treating the 

probabilistic and intertemporal valuations as meaningful decisions. For both 

valuation processes, we also observed significant dorsal ACC activation, which 

may be relevant to task and choice representation (Rushworth et al. 2007). Yet, 

when we examined the regression contrast between probabilistic and 

intertemporal valuation, no significant differences were observed in PPAR. Our 

pattern classification data, however, led us to a different conclusion: the local 

pattern of voxel activation within PPAR provides unique and highly predictive 

information about the form of valuation being attempted by the individual. 

A recent study used an ascending search of ROI combinations to try to 

identify an optimal classifier in an executive function task (Hampton and 

O'Doherty 2007). Our interest in the present study was not to correctly classify 

the largest percentage of our data, but rather to identify unique information that 

can form the basis of robust models of computation. We used a full combinatoric 

approach that developed classifiers from all combinations of up to four regions. 
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This allowed measurement of the unique information within a given region that 

could contribute to a general model of value construction. We also used increases 

or decreases in cross-validation, rather than model prediction, as our measure of 

performance. This second step is crucial; regions that lead to increases in cross-

validation reveal useful information and serve to construct a more robust model. 

Based on examination of all combinations of two, three, and four ROIs, we found 

that LPPAR consistently added the most information, regardless of combination 

size. Even though PCC and RPPAR also increased the predictive power of ROI 

combinations, these improvements disappeared when LPPAR was already 

present in the classifier, as is demonstrated in Figure 7A. This conclusion was 

further supported by our searchlight analysis (Figure 8 and Table 1). So, local 

information encoded in other brain regions was redundant with the information 

encoded in LPPAR, which further suggests that there are elements of value 

construction unique to PPAR. 

The fact that pattern classification identifies local patterns associated with 

distinct forms of valuation is, on its own, unsurprising. Indeed, neural 

differences between the processing of probabilistic and intertemporal decisions 

have been recently identified (Weber and Huettel 2008). More critical is our 

finding that LPPAR contains unique local information that is not present 

elsewhere within the decision making system. One potential interpretation of 

this result is that it reflects a computational topography within that specific 

region, similar to topographies demonstrated using fMRI pattern classification 

for features (e.g., orientation) within the primary visual cortex (Haynes and Rees 



 

76 

2005; Kamitani and Tong 2005). Consistent with this speculation, lateral 

intraparietal areas have been postulated to provide maps of salience (Gottlieb 

2007) and subjective value (Glimcher et al. 2005). Alternatively, local patterns 

could reflect separate projections to other regions where other computations can 

be performed. We consider these possibilities in more detail in the following 

section. 

3.4.2 Discrimination of value construction in posterior parietal cortex 

Prior research has implicated parietal cortex, particularly the lateral 

intraparietal area, in the construction of value (Sugrue et al. 2005). This region 

may reflect an early stage in processing, one well before distinct classes of 

rewards are represented within a common currency (Montague and Berns 2002). 

Despite the common assumption of fMRI analyses that the function of an ROI is 

homogenous, our searchlight analyses provided strong evidence for fine-scale 

heterogeneity within PPAR. We found that voxels within a 12 mm radius 

differentiated intertemporal and probabilistic trials; it was striking that these two 

valuations evoked different and reproducible patterns of activation within highly 

localized regions of PPAR.  

Just as stimulus features like orientation (Haynes and Rees 2005; Kamitani 

and Tong 2005) and object category (Shinkareva et al. 2008) are represented by 

spatial topographies within specific regions, there may be a similar topography 

in parietal cortex based on the sorts of computations (e.g., distinct mathematical 

operations) necessary for economic valuations. Such spatial proximity could 

provide efficiencies for valuation of complex stimuli that require different 
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subsets of local computations, as frequently would be the case for real-world 

decision stimuli (e.g., purchasing tradeoffs). These potential computational 

efficiencies may be described by two non-exclusive hypotheses. First, both forms 

of valuation, even if other aspects may differ, could require a common 

computation, and thus spatial proximity may reflect a need for common 

operations used to compute risk and delay. Second, spatial proximity could 

facilitate comparisons between these different valuation types (and perhaps 

others) within PPAR as may be required in many real-world decisions but not in 

the present study. 

Given that our task design contained separate valuation and response 

phases, we can be confident that the observed effects in PPAR do not confound 

decision and motor preparation processes. Equally important is that our task 

differs considerably from those of previous fMRI studies using pattern 

classification. As examples, prior studies have asked participants to add or 

subtract (Haynes et al. 2007), to switch or stay in an executive function task 

(Hampton and O'Doherty 2007), or to be honest or deceitful (Davatzikos et al. 

2005). Our task, for comparison, presents participants with a serious of prizes 

and asks them to evaluate each one independently, not to choose between prizes. 

This is a more introspective procedure and hence provides novel information 

about subjective valuation, instead of distinguishing between types of choices 

themselves.  

Thus, we conclude that PPAR plays a key role in the valuation process via 

preliminary information representation and integration prior to, but still 
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necessary for, computing economic value. Because this PPAR information is 

likely upstream of other regions that ultimately encode subjective value in the 

context of choice (Padoa-Schioppa 2007; Rangel et al. 2008), future models of 

both value computation and choice should account for what computational 

output PPAR might provide VSTR and OFC. While our task was not designed to 

parse out specific stages of value construction (e.g. probability and reward 

magnitude), some exploratory classification results indicated that many of our 

brain regions of interest, including PCC, contain local patterns that can be used 

to discern high-probability from low-probability trials and short-delay from 

long-delay trials. This within-valuation class analysis provides further evidence 

of computational topographies that would play a role in early parts of reward 

presentation and value computation. 

3.4.3 Alternative explanations 

A common concern for neuroimaging experiments is that observed effects 

could reflect differences in degree (i.e., magnitude of neuronal activity), but not 

kind (i.e., population or pattern of neuronal activity). Considering our 

experiment, if participants were relatively delay-neutral (as they were in our 

study) and used a simple heuristic for those trials, probabilistic valuations could 

more strongly recruit brain regions involved in calculation and perhaps lead to 

more activation (in general) throughout cortex. Subregions of PPAR are widely-

demonstrated to be involved in numerical computation and the representation of 

numerical information, particularly along the intraparietal sulcus (Dehaene et al. 

2003; Cantlon et al. 2006) as well as approximate calculation (Piazza et al. 2004). If 
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we interpret response time differences as the result of calculation time 

differences, then our data support this hypothesis, as both valuation types 

recruited PPAR within the GLM analyses (Table 4). However, there is evidence 

arguing against this possibility. Our searchlight data demonstrated that local 

patterns of voxel activation reliably discriminated the two forms of valuation, 

even after the global activation level across that searchlight was removed. We 

note, however, that other regions, including visual cortex, were significantly 

more active on probabilistic trials than on intertemporal trials (Table 3 and 

Figure 11), consistent with overall computational or arousal effects in those 

regions. 

Our posited role for PPAR in value construction could also reflect a 

cognitive process specific to our experimental design, but not general to 

economic valuation. Left parietal cortex (including the intraparietal sulcus) has 

been found to increase in activation when mediating representations of potential 

responses (Bunge et al. 2002), and PPAR activation scales with representational 

difficulty (Anderson et al. 2005). Our robust ACC activation in both valuation 

types is consistent with the task switching literature (Liston et al. 2006) which 

also frequently implicates PPAR as sensitive to stimulus representation conflict. 

Also, some of our participants demonstrated “aversive” or “neutral” preferences 

on one trial type (intertemporal) and “seeking” preferences on another trial type 

(probabilistic). A possible heuristic-based explanation might also apply here: a 

difference in how participants treat the two types of prizes, not in how they 

value them, could potentially lead to neural differences that were decoded by 
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our classifiers. Importantly, we note that LPPAR remained the best discriminator 

of economic valuation even if we examined only the delay-averse participants or 

only the non risk-seeking participants (Figure 12). Our results were also robust to 

removal of any one participants from the analyses. Finally, we note that LPPAR 

was either the most or second-most predictive region in every participant within 

the sample. 

3.4.4 Future considerations 

Our findings indicate several avenues for further investigations of the 

mechanisms – both psychological and neural – that underlie value construction. 

Many of our participants exhibited risk-neutral to risk-seeking behavior on 

probabilistic decision making trials. While such preferences are uncommon, we 

note that risk-seeking behavior has been sometimes reported both in 

neuroscience studies (Kuhnen and Knutson 2005) and in behavioral research, 

particularly when stakes are small (Weber and Chapman 2005) . Moreover, our 

presentation-style was novel (visual representations were nearly identical across 

both trial-types) and our payments were entirely in Amazon.com dollars. One or 

both of these facets of our design may have changed the relative valuation (or set 

aspiration levels) across prizes. Economics frequently explores the effects of 

fungibility on value (Thaler 1990), but further research would be required to 

evaluate the effects of prize modality upon risk preferences. We note that 

changes in the relative valuation of the prizes, even seemingly maladaptive 

changes to risk-seeking behavior, do not obviate conclusions drawn about the 

differential valuation of probability and delay. 
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Our study also raises questions about the existence of computational 

topographies involving components of subjective value. Future modifications of 

our task and methods could validate or refute our claims of differences in the 

early phases of value construction. Consider a task that involves choosing 

between two rewards, one probabilistic and one intertemporal. Under the first 

alternative above, similar activity in PPAR would be expected regardless of 

whether a participant faces a mixed-type trial or a same-type trial, as there is 

only a common computation to perform (another region, however, could show 

differences in activation associated with the comparison process). But, under the 

second alternative, PPAR activation patterns would discriminate whether a 

participant was choosing between the above two rewards versus two rewards of 

the same type, providing evidence of the comparison computation. The use of 

connectivity analyses (Buchel and Friston 1997; Friston et al. 2003) or a more 

precise temporal classification process (Mourao-Miranda et al. 2007; Soon et al. 

2008) could provide important information about differences in the input to and 

output from PPAR associated with valuation type. A more comprehensive 

understanding of the role of PPAR in valuation will then be informative for 

understanding and modeling the general valuation pathway (Rangel et al. 2008). 

3.5 Conclusion 

Using pattern classification, we demonstrated that local voxel information 

provides novel and independent evidence for neural regions of interest 

associated with economic valuation. We developed simple measures of 

predictive power, based on combinatoric measures, that identify the unique 
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information provided by specific regions. We used convergent analyses to reach 

our primary objective: gaining insight into the neural processing of reward 

valuation. Notably, posterior parietal cortex (and, secondarily, posterior 

cingulate cortex) encoded information about whether participants were making 

an intertemporal valuation or a probabilistic valuation, and much of this 

information is not available from analyses of the mean activation across voxels. 

These results suggest a potential computational topography in posterior parietal 

cortex, a possibility worthy of future research. 

3.6 Supplementary information 

There are several additional analyses included in this section that are 

mentioned at earlier points in this chapter. 

3.6.1 Supplementary figures 

 

Figure 9: Participant preference behavior. 

Figure 9 presents the estimated delay and risk preferences for participants. 

Value responses of all participants, plotted in order of their delay preferences, 

from most delay-averse (subject 1) to most delay-neutral (subject 11). The median 

response for each participant is the red line, the 25th and 75th quartiles are 

represented by the box. The error bars are drawn from the median, with length 
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equal to 1.5 times the interquartile range. Outlier trials are plotted in red. Figure 

9A is for the subjective values for intertemporal prize trials, expressed as a ratio 

of subjective value over prize. Figure 9B is for the subjective values for 

probabilistic prize trials, expressed as a ratio of subjective value over expected 

value. 

 

Figure 10: Increases in cross-validation for combinations of three and four. 

Figure 10 shows increases in cross-validation for each Region of Interest in 

Combinations of Three and Four Average increase in CV accuracy (y-axis) from 

the addition of one ROI (x-axis) to combinations of two, creating combinations of 

three (A), and combinations of three, creating combinations of four (B). The 

relative ordering of ROIs from Figure 7B, which reflected combinations of two 

ROIs, is maintained for larger combinations. Error bars indicate standard error of 

the mean. 
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Figure 11: Expansion of searchlight analyses to the entire brain. 

While we used a comprehensive list of regions commonly implicated in 

decision making and other executive processes, there remains a chance that other 

regions also encode information that would allow us to differentiate the two 

tasks. To account for this possibility, we also ran a searchlight for the entire brain 

using an analysis similar to that shown in Figure 8. We found that in addition to 

LPPAR, there are portions of occipital cortex (OCC) containing CV rates well 

above 70% (A), as well as large differences between local signal searchlight 

performance and average signal searchlight performance (B). 
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Figure 12: Performance for regions of interest with subpopulations removed. 

To show that our results are not influenced by the specific risk- or delay-

preferences of our participants, we repeated our analyses using the ROI local 

information after removing different subpopulations: our five most delay-neutral 

participants (A) and the three most risk-seeking participants (B). The overall 

performance and ordering of regions was strikingly similar, in both replications, 

to that from the entire sample (cf. Figure 6), demonstrating that our effects were 

not driven by the preferences of particular subpopulations of our sample. Error 

bars indicate standard error of the mean. 

3.6.2 Supplementary tables 

These supplementary tables include information on parameter estimates 

for behavioral analyses and also peak coordinates 
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Table 2: Participant preference behavior. 

Participant k estimate R2 a estimate R2 
1 0.057 0.852 1.050 0.762 
2 0.051 0.846 1.020 0.783 
3 0.049 0.780 1.070 0.839 
4 0.023 0.947 1.035 0.706 
5 0.023 0.965 1.097 0.849 
6 0.021 0.913 1.088 0.849 
7 0.006 0.978 0.980 0.852 
8 0.006 0.974 1.032 0.819 
9 0.005 0.986 1.035 0.855 

10 0.005 0.989 1.039 0.899 
11 0.000 1.000 1.095 0.780 

Median 0.021 0.965 1.039 0.839 
 

The above table lists the individual estimates of risk- and delay-

preferences based on Equations 1 and 2. Both equations provided a good fit for 

all participants. All but one of the participants demonstrated mild risk-seeking 

preferences (a > 1). Most participants demonstrated mild to moderate delay-

averse preferences (k > 0). The ordering of participants is the same as in Figure 9. 
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Table 3: Univariate analyses across entire brain. 

Delay Region MNI max z 
ACC (2,8,50) 4.19 
MFG (34,0,48) 4.04 
MFS (-26,2,52) 3.98 

Risk Region MNI max z 
ACC (4,18,50) 4.61 
SFS (26,0,48) 3.74 

MFG (34,-2,46) 3.48 
SFG (14,4,64) 3.28 

preCG (38,-14,70) 3.09 
SPL (-26,-58,50) 3.71 
SMG (-50,-34,58) 3.37 

postCG (-46,-26,54) 3.2 
Delay > Risk MNI max z 

MOFC (6,48,-20) 4 
MFG (-30,20,36) 3.92 
SFG (10,54,22) 3.9 

GREC (4,14,-18) 3.89 
SFG (-14,34,56) 3.86 
MTG (-64,-40,-14) 3.87 
AG (-42,-56,42) 3.82 
STG (-54,-50,38) 375 
ITG (-64,-26,-22) 3.59 

Risk > Delay MNI max z 
CUN (8,-96,10) 5.31 
LOG (-22,-94,8) 3.9 
LING (12,-78,-8) 3.4 
THAL (-22,-30,-2) 3.81 

SC (-6,-28,-4) 3.49 
MED (4,-40,-42) 3.44 

 

Significant clusters in delay, risk, and their difference, using a whole brain 

analysis. An analysis limited to each ROI is shown in Table 4. A standard cluster 

correction threshold of z > 2.3 and a cluster significance threshold of p = 0.05 

were used, corrected for multiple comparisons across the whole brain. Region 
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abbreviations: Cuneus (CUN), Lateral Occipital Gyrus (LOG), Lingual Gyrus 

(LING), Thalamus (THAL), Superior Colliculus (SC), Thalamus (THAL), Medulla 

(MED), Precentral Gyrus (preCG), Supramarginal Gyrus (SMG), Postcentral 

Gyrus (postCG), Gyrus Rectus (GREC), Superior Frontal Gyrus (SFG), Middle 

Temporal Gyrus (MTG), Angular Gyrus (AG), and Inferior Temporal Gyrus 

(ITG). 

Table 4: Univariate analyses in regions of interest. 

Delay Region MNI max z 
ACC (2,8,50) 4.19 
ACC (-4,4,50) 3.66 
INS (-30,18,-6) 3.17 

IPFC (-50,34,18) 3.66 
PPAR (-28,-64,50) 3.76 
PPAR (16,-64,50) 3.48 

Risk Region MNI max z 
ACC (4,18,42) 4.53 
ACC (-4,6,52) 3.99 
INS (-30,18,-4) 3.42 
INS (36,18,0) 4.08 

IPFC (-50,32,18) 3.79 
PPAR (-26,-58,50) 3.71 
PPAR (30,-50,48) 3.45 

Delay > Risk MNI max z 
ACC (4,46,12) 3.09 
ACC (-2,44,-2) 2.93 

DLPFC (-4,58,30) 3.26 
DLPFC (10,52,28) 3.76 

OFC (4,50,-22) 3.9 
OFC (-4,42,-24) 3.85 
PCC (10,-44,38) 2.94 

MPFC (8,22,-14) 3.23 
 

Standard fMRI analysis for areas that distinguish delay and risk. Local 

maxima and significance values for regions that were significantly active for 



 

89 

either delay or risk. Local maxima for areas that were significantly more active 

for delay than risk or for risk than delay are also listed. We ran third-level 

analyses using our thirteen ROI masks before thresholding to determine if any of 

them were significantly activated by either type of valuation. A standard cluster 

significance threshold of p = 0.05 were used, corrected for multiple comparisons. 
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4 Differentiating neural coding of  reward information 

This chapter presents research aimed at identifying invariant information 

representation both within and across individuals. The analyses in this chapter 

will identify reward-related information representation at different levels of 

neural specificity, and those differences can be associated with functional 

differences in the brain. In addition, individual variation in the information 

representation in the brain can be shown to correspond to individual variability 

in behavior. In this way, the MVPA results build upon those discussed in 

Chapter 3, which established the ability to distinguish between different types of 

reward valuation processes, as well as identify sources with unique (or maximal) 

information representation. The material in this chapter reflects and expands 

upon work published in Clithero et al. (In Press). 

4.1 Introduction 

Humans can rapidly identify, categorize, and evaluate environmental 

stimuli. Identifying the neural mechanisms that underlie stimulus evaluation is a 

fundamental goal of cognitive neuroscience. Part of that research agenda 

includes the identification of functional changes in the brain that predict the 

characteristics of perceived stimuli. An important recent approach involves 

analyzing fMRI data for task-related patterns of information (Kriegeskorte and 

Bandettini 2007), often through the application of MVPA. 

As outlined in Chapter 1, early studies employing MVPA focused on 

topographies in the visual cortex (Carlson et al. 2003; Cox and Savoy 2003; 
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Haynes and Rees 2005; Kamitani and Tong 2005), but studies now cover a 

diverse set of topics. More recent studies have broadened the application of 

MVPA to many other types of information: hidden intentions (Haynes et al. 

2007), free will (Soon et al. 2008), odor processing (Howard et al. 2009), scene 

categorization (Peelen et al. 2009), components of working memory (Harrison 

and Tong 2009), individual differences in perception (Raizada et al. 2009), basic 

choices (Hampton and O'Doherty 2007), purchasing decisions (Grosenick et al. 

2008), and economic value (Clithero et al. 2009; Krajbich et al. 2009). In striking 

examples, feature spaces determined using MVPA have been extended to decode 

the content of complex brain states, such as identifying specific pictures (Kay et 

al. 2008) and reconstructing the contents of visual experience (Miyawaki et al. 

2008; Naselaris et al. 2009). This expanding array of research questions has 

inspired discussions about potential applications of MVPA (deCharms 2007; 

Spiers and Maguire 2007; Friston 2009; Haynes 2009). 

Nearly all MVPA studies that employ classifiers build an independent 

classification model for each participant, based on the trial-to-trial variability in 

the fMRI signal. This approach is suitable to identifying brain regions that play 

consistent functional roles within-participants, but it cannot make claims about 

common cross-participant representation. While relatively few studies have 

adopted the latter approach, some early applications have targeted deception 

(Davatzikos et al. 2005), different object categories (Shinkareva et al. 2008), 

mental states that are consistent across a wide variety of tasks (Poldrack et al. 

2009), attention (Mourao-Miranda et al. 2005), biomarkers for psychosis (Sun et 
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al. 2009), and Alzheimer’s disease (Vemuri et al. 2008). To date, however, no 

study has systematically evaluated whether within- and cross-participant 

analyses provide distinct information about brain function.  

There may be important functional differences between the results of 

within- and cross-participant MVPA. The popularity and promise of MVPA 

stems from the notion that its analyses go beyond demonstrating the 

involvement of a region in a particular task; they provide important information 

about the representational content of brain regions (Mur et al. 2009). 

Accordingly, joint examination of within- and cross-participant patterns may 

clarify how information is represented within a region. Regions that contribute to 

the same task may do so for different reasons. One region may be consistently 

recruited but represent participant-specific information, while another region’s 

functional organization may reflect both common recruitment and common 

information across individuals. The objective of this chapter is to provide such 

comparisons in brain regions with functional contributions to a task that might 

reflect general or idiosyncratic effects across individuals.  

The methodological approach is similar to Chapter 3. We again employed 

the searchlight method (Kriegeskorte et al. 2006) to extract local spatial 

information from small spheres of brain voxels while measuring fMRI activation 

in participants who passively received monetary and social rewards (Hayden et 

al. 2007; Smith et al. 2010). We then employed a machine-learning 

implementation similar to the one in Chapter 3, linear (instead of non-linear) 

SVM, to generate and evaluate classifiers for searchlights throughout the brain. 
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Our goals were to identify the brain regions that contain information that can 

distinguish the reward modality of each trial, and then to identify potential 

functional organization within those regions based on the relative classification 

power and information content of within- and cross-participant analyses. 

4.2 Materials and methods 

4.2.1 Participants 

Twenty healthy participants (mean age: 23 y, range: 18 y to 30 y) 

completed a session involving both behavioral and fMRI data collection. All 

participants were male and indicated a heterosexual orientation, via self-report. 

Four of these participants were dropped from the sample prior to data analyses: 

three for excessive head motion and one because of equipment failure, leaving a 

final sample of sixteen participants. Prescreening excluded individuals with prior 

psychiatric or neurological illness. Participants gave written informed consent as 

part of a protocol approved by the Institutional Review Board of Duke 

University Medical Center. 

4.2.2 Tasks 

While in the scanner, participants performed a simple incentive-

compatible reward task (Smith et al. 2010). Each trial involved the presentation of 

one of two equally frequent reward modalities: monetary or social (Figure 13). 

Monetary rewards involved four different values of real gains and losses: +$5, 

+$1, - $1, or -$5. Social rewards were images of female faces that had been 

previously rated, by an independent group of participants, into four categories of 

attractiveness: 1 to 4 stars. To ensure that the participants maintained vigilance 
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throughout the scanner task, a target yellow border infrequently appeared 

around the stimuli (<5% trials). Accurate detection of these targets (via button 

press) could earn the participant a bonus of $5. Trials on which the target was 

presented were excluded from subsequent analyses. 

 

Figure 13: Social and monetary reward task. 
Participants passively viewed a randomized sequence of images of faces and of 
monetary rewards (2 s event duration; variable fixation interval). The face 
images varied in valence from very attractive to very unattractive, based on 
ratings from an independent group of participants. The monetary rewards were 
drawn from four different values (+$5,+$1,-$1,and -$5) and influenced the 
participant’s overall payout from the experiment. To ensure task engagement, 
participants responded to infrequent visual targets that appeared as small 
yellow borders around the image. Shown is the uncued-trial condition; the 
cued-trial condition had similar structure, but also included a preceding square 
cue that indicated whether a face or monetary amount was upcoming. 

These stimuli were presented in both uncued and cued trials. Uncued 

trials involved presentation of each reward stimulus for 2 s, followed by a 

jittered intertrial interval (ITI) of 4 s to 8 s. Cued trials added an initial 1 s cue (in 

the form of a blue or yellow square) that indicated the upcoming reward 

modality, followed by a 1 s to 5 s interstimulus interval (ISI), a 2 s reward 
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stimulus, and a 4 s to 8 s ITI. To minimize participant confusion, we separated 

these trial types into distinct runs: three uncued runs of 468 s each and two cued 

runs of 596 s each. In the present analyses, we found no systematic differences in 

reward-related activation between the uncued and cued trials, and thus we 

collapse over both trial types hereafter (see section for supplementary 

information at the end of this chapter).  

Following completion of the fMRI session, participants rated the 

attractiveness of the viewed faces on an eight-point scale (1 = “low 

attractiveness” to 8 “high attractiveness”). Second, participants completed an 

economic exchange task in which they repeatedly chose whether to spend more 

money to view a novel high attractiveness face or less money to view a novel low 

attractiveness face (Figure 14). 

All tasks were presented using the Psychophysics Toolbox 2.54 (Brainard 

1997) in MATLAB (The MathWorks, Inc.). Cash payment was based on a 

randomly-chosen run from the scanner session. Participants rolled dice to 

determine the run with cumulative total would be added to the base payment of 

$50. Participants received an average of $16 for their bonus reward, and spent an 

average of $2 to view new and more attractive faces in the post-fMRI economic 

exchange task, resulting in a total mean payment of $66 (range $53 to $92). 

Participants were provided full information about the payment procedure prior 

to the scanning session. 
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Figure 14: Exchange task for monetary and social rewards. 
Participants also completed an economic exchange task. On each trial, the 
participant chose whether to spend more money to view a more attractive face or 
less money to view a less attractive face. After the 4 s allocated for the choice 
between seeing faces of different ratings (here, 2 or 4 stars) and a 2 - 4 s variable 
interval, a single face was randomly selected from the chosen attractiveness 
category (1 to 4 stars) and displayed for 2 s. Trials were separated by a variable 
ITI of 2 - 6 s. 

4.2.3 Social and monetary reward stimuli 

Social reward images were cropped to show only the face and were 

resized to uniform dimensions. Before the main fMRI study, a large set of 

photographs of young-adult females (n > 2000) were rated for attractiveness (on 

a 10-point scale) by a cohort of heterosexual young-adult males (n = 16) who did 

not participate in subsequent studies. To remove individual bias in the use of the 

response scale, ratings were normalized by converting to z-scores for each 

participant and then averaged across all raters. We excluded from our stimulus 

set 83 photographs with variability across raters that was more than two 

standard deviations above the average for all photographs. Each participant saw 

approximately 124 randomly-selected faces while in the scanner; participants did 
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not see any face more than once and participants did not see the same subset of 

faces as other participants (Smith et al. 2010). 

Monetary rewards were shown as images of the front of United States 

currency ($1 and $5 bills). Positive monetary amounts were shown in green, and 

negative monetary amounts were shown in red. 

4.2.4 Image acquisition 

We acquired fMRI data on a General Electric 3.0 Tesla MRI Scanner with a 

multi-channel (eight-coil) parallel imaging system. Initial localizer images 

identified each participant’s head position within the scanner. Whole-brain high-

resolution T1-weighted coplanar FSPGR structural scans with voxel size 1*1*2 

mm were acquired for normalizing and coregistering the fMRI data. Images 

sensitive to blood-oxygenation-level-dependent (BOLD) contrast were acquired 

using a gradient-echo echo-planar imaging (EPI) sequence [repetition time (TR) = 

2000 ms; echo time (TE) = 27 ms; matrix = 64 x 64; field of view (FOV) = 240 mm; 

voxel size = 3.75*3.75*3.8 mm; 34 axial slices] parallel to the axial plane 

connecting the anterior and posterior commissures. We used an initial saturation 

buffer of seven volumes.  

4.2.5 Preprocessing 

Functional images were first reoriented and then skull stripped using the 

FSL Brain Extraction Tool (BET) (Smith 2002). All images were then corrected for 

intervolume head motion using FMRIB’s Linear Image Registration Tool 

(MCFLIRT) (Jenkinson et al. 2002), slice-time corrected, subjected to a high-pass 

temporal filter of 100 s, and normalized into a standard stereotaxic space 



 

98 

(Montreal Neurological Institute, MNI) using FSL 4.1.4 (Smith et al. 2004). We 

maintained the original voxel size and left the data unsmoothed to preserve local 

voxel information. Importantly, we transformed the data into standard space for 

both within- and cross-participant analyses, so that the same voxels and features 

were used in both classifications. We constructed a whole-brain mask (n = 27102 

voxels) from all individual participant functional fMRI runs to ensure that the 

voxels included in MVPA contained BOLD signal across all participants and all 

runs. 

4.2.6 Multivariate pattern analysis 

For each voxel in each trial, we estimated the change in BOLD signal 

intensity associated with each reward by taking the mean signal across two 

consecutive volumes lagged by 5 s following stimulus onset (to account for 

hemodynamic delay). These values were then detrended using a constant term 

and transformed into z-scores in PyMVPA 0.4.3 (Hanke et al. 2009; Hanke et al. 

2009). We used the temporally compressed signal in specific voxels to construct 

pattern classifiers from searchlights (Kriegeskorte et al. 2006; Clithero et al. 2009). 

For every voxel in the whole-brain mask, we constructed a searchlight 

corresponding to a spherical cluster of 12 mm radius (i.e., up to 123 voxels). 

We then used PyMVPA to implement a linear SVM with a fixed 

regularization parameter of C = 1 (Haynes et al. 2007; Soon et al. 2008). 

Classification within PyMVPA was performed using the LIBSVM software 

(http://www.csie.ntu.edu.tw/~cjlin/libsvm). For cross-participant analyses, we 

used custom scripts in MATLAB and Python to construct the feature spaces 
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(searchlights) before implementing LIBSVM. Importantly, the same features were 

used for within- and cross-participant analyses. To account for run-to-run 

differences in mean BOLD signal, we scaled each voxel’s BOLD signal so that it 

had the same average signal on each run. Moreover, we also ensured that any 

differences between within-participant and cross-participant models were not an 

artifact of PyMVPA, through a replication of the core analyses using a within-

participant approach as described in Chapter 3 (Clithero et al. 2009). The results 

of this analysis did not differ significantly from that implemented within 

PyMVPA, and thus we hereafter describe the within-participant results from 

PyMVPA. 

4.2.7 Classifier performance 

Performance was judged based on n-fold cross-validation (CV), which 

provides evidence for how well an SVM will be able to accurately classify new 

data drawn from the sample’s underlying population (Figure 5). For the within-

participant model, the training set combined all trials from all but one of the n 

runs, leaving the trials from the unselected run as the testing set. This process 

was repeated five times for each participant, with the average performance 

across the five tests providing the SVM’s CV percentage. One benefit of using a 

linear SVM implementation for within-participant analyses is that it provides 

weights for each feature (i.e., voxel) in the classifier. Here, we reported 

individual voxel weights based on the average weighting across all folds of the 

classifier. For the cross-participant model, we employed a similar approach for 

the n = 16 participants (i.e., we used sixteen-fold, rather than five-fold, cross-
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validation). Importantly, both types of analyses were compared on a common 

metric: the CV for trial-to-trial predictions of reward modality. 

4.2.8 Statistical testing 

For evaluation of the significance of individual searchlights, we calculated 

the average CV across participants and then implemented a one-tailed binomial 

test for each searchlight (Pereira et al. 2009), comparing CV performance to 

chance (50%). Comparisons of performance between within-participant and 

cross-participant classifiers used a two-tailed binomial test for each searchlight. 

All claims of significance refer to p < 0.05, corrected for multiple comparisons 

across all searchlights in the brain mask, by taking brain mask size and dividing 

by the average searchlight size, an approximation to a Bonferroni correction 

based on the number of resels in the whole-brain mask. Brain images of CV 

performance and significance were generated using MRIcron (Rorden et al. 

2007). All coordinates are reported in MNI space. 

We note that our results were robust to two other thresholding 

approaches: a full Bonferroni correction over all voxels in the whole-brain mask, 

and a false discovery rate (FDR) correction (q = 0.05) using FSL (Genovese et al. 

2002). 

4.3 Results 

4.3.1 Behavior 

Participants performed well on the background target-detection task 

(average hit rate of 84.2%). The post-scanning ratings of face attractiveness were 

highly correlated with those from an independent sample (mean r = 0.71, range 
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0.50 to 0.85), supporting our a priori division of stimuli into attractiveness 

categories. Moreover, on a large fraction of trials during the exchange task, 

participants were willing to sacrifice money to see a face with a higher 

attractiveness rating (average fraction of willing-to-pay trials was 0.42), with 

significant interparticipant variability (range 0.10 to 0.80). Participants spent an 

average of 4.5¢ per trial (45 trials, minimum participant average = 3.8¢, 

maximum average = 6.0¢) to view more attractive faces. Data from one 

functional run in one participant were not recorded because of a collection error; 

all remaining participants had the full complement of five runs. 

4.3.2 Within-participant classification: reward modality 

We first classified trials according to reward modality using within-

participant classifiers. The average searchlight classifier performance across the 

entire brain was 56.7% (standard deviation 5.7%), with significant searchlights (n 

= 4131 out of 27102) primarily constrained to regions associated with visual 

perception and reward evaluation (Figure 15). There were four maxima (Table 5): 

visual cortex centered around the calcarine sulcus (VC, global max 83.6%), left 

fusiform face area (LFFA, local max 77.6%), right fusiform face area (RFFA, local 

max 79.7%) and ventromedial prefrontal cortex (VMPFC, local max 61.6%). We 

also note – consistent with previous findings (McCarthy et al. 1997) – that for 

most participants, RFFA was more predictive than LFFA (one-tailed paired 

difference test, t(15) = 1.98, p < 0.03). For simplicity, we targeted key analyses to 

these three regions of interest (ROIs; VC, RFFA, VMPFC), all of which were also 
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local maxima identified through univariate analyses. In general, VC and RFFA 

both outperformed VMPFC for each participant (Figure 15).  

 

Figure 15: Cross-validation performance for within-participant models. 
Using classifiers that were built on individual participants, we identified four 
local maxima, in three regions of interest (early visual cortex, VC; the left and 
right fusiform face area, LFFA and RFFA; and ventromedial prefrontal cortex, 
VMPFC). The searchlight with the highest average CV, the global maximum, 
was located in VC. (B) The CV percentage for each individual participant is 
plotted for the three regions of interest (VC, RFFA, and VMPFC), with 
participants arranged in descending order based on performance in the VC. 
Average CV percentages across participants are also plotted for reference. 

There was considerable interparticipant variability in global maximum 

values (95.50% to 75.32%) and average searchlight performance (68.21% to 

51.15%) (Figure 16). As a check on our multiple-comparisons correction, we also 

performed a correction using FDR (Figure 22A), and a full Bonferroni (Figure 

22B). All of our regions of interest survived the FDR correction, whereas VMPFC 

did not survive the more stringent Bonferroni correction. 

Although equal category sizes (monetary and social rewards) justify the 

use of a binomial test, we confirmed these results using a permutation test. For 

each participant, we performed permutation tests on each of the three targeted 



 

103 

searchlight ROIs. We generated 10000 permutations of the feature labels and 

repeated the SVM construction and cross-validation processes, for each. For both 

RFFA and VC, all participants’ searchlight performance was significant at p < 

0.01, meaning fewer than 1% of the permutation iterations yielded a CV higher 

than the observed CV for the correct labels. For the peak VMPFC searchlight, 11 

out of 16 participants’ permutation tests yielded p < 0.05 (2 of the remaining 5 

were p < 0.10).  

Table 5: Local maxima for searchlights from within-participant models. 
MNI coordinates (mm), CV percentage, and brain region for the best-
performing searchlights (see also Figure 15). There were four local maxima after 
conducting a binomial test for significant performance above chance (50%). 

Region MNI Cross-Validation % 
Visual cortex (2,-86,0) 83.6 
Right fusiform face area (40,-61,-14) 79.7 
Left fusiform face area (-38,-67,-11) 77.6 
Ventromedial prefrontal cortex (2,42,-4) 61.6 

 

 

Figure 16: Individual participant cross-validation summary. 
The average cross-validation (CV) percentage for each participant across all 
27012 search- lights is plotted, with error bars representing that participant’s 
standard deviation. The global maximum CV for each subject is plotted in dots. 
Participants are presented in descending order based on average CV. 
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4.3.3 Within-participant classification: relation to choice preferences 

Observed differences among ROIs with respect to average performance 

can correspond to behavioral differences (Williams et al. 2007; Raizada et al. 

2009). As a measure of reward preference, we used the relative value between 

the two reward modalities (i.e., the fraction of willing-to-pay choices each 

participant made during the exchange task, as in Smith et al. (2010)). Strikingly, 

this individual measure was significantly correlated with the difference in 

VMPFC performance (r(14) = 0.59, p < 0.02) but was not a function of overall 

individual decoding performance throughout the brain (r(14) = 0.06, p > 0.83; 

Figure 17). In contrast, no such correlation was observed for VC (r(14) = 0.37, p > 

0.16) or for RFFA (r(14) = -0.14, p > 0.61).  

 

Figure 17: Relative valuation coding in ventromedial prefrontal cortex. 
The normalized searchlight CV performance in each participant’s VMPFC, 
defined by subtracting the whole-brain mean performance from the local 
searchlight performance, was a significant predictor of each participant’s 
willingness to trade money for social rewards (r(14) = 0.59, p < 0.02). The color of 
each participant’s point indicates the mean CV across the entire brain, which 
was not itself predictive of exchange proportion. 
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4.3.4 Within-participant analyses: similarity of ROI information 

One of the primary advantages of MVPA is that it gives access to fine 

spatial information normally unavailable within univariate analyses (e.g., general 

linear models). To determine whether local spatial patterns within our ROIs were 

specific to or common across participants, we extracted voxelwise SVM weights 

(LaConte et al. 2005) from the peak searchlights in VC, RFFA, and VMPFC. The 

top ten voxels in terms of mean absolute weight were used to construct similarity 

matrices (Aguirre 2007; Kriegeskorte et al. 2008). Although larger weights 

indicated important voxels, we recognize that other voxels contributed to the 

classifier, and thus correlated voxels will necessarily have smaller weights 

(Pereira et al. 2009). We computed first-order similarity matrices according to the 

Pearson correlation between the weight values of each participant and those of 

the other participants (Figure 23). The second-order similarity between the first-

order matrices for two regions provided an index of whether those regions 

encoded similar sorts of information, across individuals (Kriegeskorte et al. 

2008). As the matrix is symmetric, we excluded the lower triangle and diagonal 

cells from similarity calculations. All three pairs of regions revealed non-zero 

second-order similarity (Figure 18 and Table 7): RFFA-VC = -0.18, RFFA – 

VMPFC = 0.26, and VMPFC – VC = -0.11. 
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Figure 18: Regions of interest have distinct local patterns of information. 
At left, histograms indicate the similarity values (across participants) for model 
weights for each ROI: (visual cortex (VC, blue), right fusiform face area (RFFA, 
green), and ventromedial prefrontal cortex (VMPFC, red). Mean values of 
similarity for model weights across ROIs are shown between each pair of 
compared ROIs: RFFA-VMPFC (cyan), RFFA-VC (magenta), and VMPFC-VC 
(yellow). At right, histograms show the distribution of cross-ROI similarity 
comparisons obtained by permutation testing, with mean values indicated 
using the same color scheme. Each cross-ROI comparison shows significant 
differences between regions in the pattern of underlying voxel weights across 
participants. This provides evidence that the high decoding accuracies for 
different reward modalities reflect different information in the three regions. 

We used permutation analyses to evaluate the robustness of these 

between-region similarities. We ran 10000 permutations that each selected ten 

different voxel weights from the same ROI (Figure 18). Comparing the measured 

similarity values to the permutation distribution, we found that there was a 

significant negative correspondence between RFFA and VC (p < 0.002), and non-

significant trends for the other pairs (RFFA – VMPFC: p < 0.091, VMPFC – VC: p 
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< 0.0918). We repeated these tests for sets of five voxels, which yielded 

convergent results (RFFA-VC: p < 0.017, RFFA – VMPFC: p < 0.061, VMPFC – 

VC: p < 0.006). This result provides evidence not only that each of these regions 

provides high decoding accuracy for reward modality, but also that the optimal 

classifiers for each region use different information to distinguish reward 

modalities (e.g., VC may be tracking different information, across individuals, 

compared to the other two regions). 

4.3.5 Cross-participant analyses: reward modality 

We repeated the analyses from the previous sections using cross-

participant classifiers derived from models trained on n-1 participants and tested 

on the remaining participant. Importantly, our significance threshold takes into 

account the increases in training and test set size, allowing direct comparison to 

the within-participant classification results. Significant classification power was 

observed in multiple regions (Figure 19 and Table 6), including RFFA (global 

max 62.1%), VMPFC (local max 54.5%), anterior insula (AINS, local max 55.8%), 

and ventral striatum (VSTR, local max 54.7%). Average performance was 51.7% 

(standard deviation 2.06%). However, given the nature of our searchlights 

(approximately 110 voxels, on average, with a radius of 12 mm), we qualify the 

structural specificity of some of these local maxima (e.g., some basal ganglia 

searchlight voxels overlap with some VMPFC searchlight voxels). The presence 

of separate local maxima, though, suggests that both regions are implicated in 

distinguishing reward modality.  
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Figure 19: Cross-validation performance for cross-participant model. 
Local maxima in CV performance were found in early visual cortex (VC), right 
and left fusiform face area (RFFA, LFFA), ventromedial prefrontal cortex 
(VMPFC), and anterior insular cortex (AINS). In this analysis, the global 
maximum was located in RFFA. 

As we did on the within-participant models, we performed checks on our 

multiple-comparisons correction, using FDR (Figure 24A), and a full Bonferroni 

(Figure 24B). All of our cross-participant results were robust to both of these 

additional statistical tests. 

Table 6: Local maxima for searchlights in cross-participant model. 
MNI coordinates (mm), CV percentage, and brain region for the best-
performing searchlights (see also Figure 19). There were ten local maxima after 
conducting a binomial test for significant performance above chance (50%). The 
maximum CV for all searchlights (62%) was observed within right fusiform face 
area (RFFA). 

Region MNI Cross-Validation % 
Right fusiform face area (36,-51,-18) 61.6 
Left fusiform face area (-30,-61,-15) 58.7 
visual cortex (-8,-98,2) 57.6 
Left posterior parietal cortex (-26,-73,40) 56.9 
Inferior parietal lobe (40,-42,39) 56.5 
Inferior parietal lobe (54,-40,52) 56.2 
Anterior insular cortex (38,21,-7) 55.8 
Orbitofrontal cortex (-12,21,-14) 55.5 
Ventral striatum (-9,10,-12) 54.7 
Middle frontal gyrus (36,40,-18) 54.5 
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4.3.6 Comparing within-participant and cross-participant models 

We conducted searchlight-by-searchlight comparisons of relative 

performance of the within- and cross-participant models. If moving from the 

within-participant to the cross-participant models introduces similar sorts of 

variability throughout the brain, then the two models should exhibit similar 

global maxima, and those maxima should exhibit a similar proportional decrease 

in prediction accuracy. Conversely, differences in the regions that exhibit 

maximal predictive power in each analysis type would argue that within- and 

cross-participant analyses encode distinct patterns of information. 

Our results argue strongly for the latter conclusion. We first compared the 

global maxima for the two analyses. The maxima were non-overlapping and 

located in distinct portions of the distribution of results (Figure 20). In other 

words, the searchlights that MVPA found to be most informative about reward 

modality were in different brain regions for the different model types. For the 

within-participant models, the most informative searchlights were within VC, 

with RFFA searchlights being less predictive overall. Strikingly different results 

were observed for the cross-participant model: The most informative searchlights 

were all within RFFA, while the searchlights in VC had much lower predictive 

power (e.g., many were less than the whole-brain average). 
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Figure 20: Predictive power differs based on the form of classification. 
To compare the two sets of results, the within- and cross-participant 
performance of all 27102 searchlights were plotted, with the searchlights in and 
adjacent to the three ROIs indicated in color. RFFA and VC searchlights are 
highlighted based on searchlights constrained to the global maximum. Note that 
there is complete separation between these ROIs: the searchlights with maximal 
performance in one model have much reduced relative performance in another 
model, and no searchlights from other regions had similar performance to the 
ROI maxima. VMPFC searchlights that were significant are highlighted. 
Horizontal and vertical dotted lines represent the minimum CV for significant 
searchlights in each case (53% in cyan for cross-participant model and 61% in 
magenta for within-participants models, respectively). 

Next, we computed a map of the CV difference between the two models. 

Consistent with other studies (Shinkareva et al. 2008), moving from a within- to 

cross-participant model led to an average decrease in CV across all searchlights 

in the whole-brain mask (average decrease: 4.0%; maximal decrease: 25.3%; 

maximal increase: 3.3%). We masked the difference map using the significant 

searchlights from the within-participant models (Figure 21), which revealed that 

the searchlights that exhibited the greatest within- to cross-participant CV 
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decreases were located within VC (-22.8% for the local maximum; Figure 21B). A 

smaller decrease was found for the RFFA maximum (-11.8%), and only a 

minimal change was observed in VMPFC (-2.85%, less than the mean for the 

entire brain). So, while there was a negative trend across the entire brain in terms 

of predictive performance, the lower tail of the distribution of changes in 

predictive power was contained within early visual cortex.  

 

Figure 21: Regions differ in the relative information carried by models. 
(A) Shown is the relative decrease in performance when moving from a model 
based on within-participant information to a model that builds a classifier 
across the participant set (masked for searchlights that showed a significant 
effect in the within-participant models). All significant drops in CV were 
constrained to medial parts of visual cortex, shown in these slices for 
illustration. (B) A histogram of all searchlights with significant within-
participant classification power, plotted according to the relative drop when 
moving to the cross-participant model. The difference values for the peak 
searchlights in the ROIs from Figure 2 are shown (VC-blue oval, RFFA-green 
oval, VMPFC-red oval). Of those three, only VC was more than two standard 
deviations away from the average drop. The dotted line represents average 
decrease in CV across all searchlights (-4.0%). 

4.4 Discussion 

Our results support a novel conclusion: within- and cross-participant 

MVPA classification implicate distinct sets of brain regions. When classifying 

social and non-social rewards, both models identified key regions for the 
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perception and valuation of social information. Regions showing maximal 

classification performance (e.g., VC, FFA, and VMPFC) have been implicated in 

previous studies of face and object recognition (Grill-Spector and Malach 2004; 

Tsao and Livingstone 2008), as well as studies of reward valuation (Montague et 

al. 2006). In our study, though, the relative predictive power of brain regions 

changed according to the mode of classification. Depending on the goals of an 

experiment – potentially, whether to identify features that represent common or 

idiosyncratic information – different modeling approaches may be more or less 

effective. Hereafter, we consider the implications of our results in the context of 

the different patterns observed in each of our key regions of interest. 

4.4.1 Invariant discrimination of reward modalities: fusiform gyrus 

Our within-participant classification of reward modality identified a 

distributed set of brain regions, most of which were contained within the ventral 

visual processing stream (Haxby et al. 2004). This result is consistent with the 

literature on face processing (Haxby et al. 1994; Puce et al. 1995; Kanwisher et al. 

1997; Tsao et al. 2006), including the observed right-lateralization in FFA 

(McCarthy et al. 1997). While a within-participant model can state that the 

general representation of faces in fusiform gyrus was stable within a participant, 

a cross-participant model can make the additional argument that the 

representation was stable on a trial-to-trial basis with respect to the participant 

sample, analogous to the difference between fixed- and mixed-effects analyses 

(Friston et al. 2005). However, in the case of MVPA, this distinction allows us to 

identify differences in local computations. Significant prediction in a cross-
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participant model provides evidence that the stimulus-related information 

provided by a voxel remains fairly invariant over time and participants (Kay et 

al. 2008). Given the limited number of cross-participant, trial-to-trial MVPA 

studies, this result provides an important proof-of-concept for the stability of 

local functional patterns. 

We are not arguing that FFA coded information specific to the 

representation of monetary rewards, given that variability in FFA performance 

across participants was not correlated with their post-scanner exchanges between 

the reward types. More plausibly, the monetary rewards and their early, object-

based recognition lead to distributed processing throughout the ventral visual 

cortex (Haxby et al. 2004; Op de Beeck et al. 2008), in contrast to the more focal 

representation of the social rewards in FFA. One provocative interpretation of 

our two analyses is that the cross-participant model captures only the common 

representations in FFA, whereas the within-participant models captures both the 

common and idiosyncratic representations of faces (Hasson et al. 2004). We 

cannot distinguish the two latter components within the current study. 

Dissociation could be possible, however, through a paradigm that incorporated 

an additional set of stimuli with well-known neural responses, such as 

perception of natural scenes (Epstein and Kanwisher 1998) or reward-related 

stimuli that motivate learning and updating (O'Doherty et al. 2003). 

4.4.2 Idiosyncratic discrimination of reward modalities: visual cortex 

Our within-participant MVPA models revealed high decoding accuracy in 

large portions of VC (over 90% for many participants), consistent with numerous 
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prior studies (Cox and Savoy 2003; Haynes and Rees 2005; Kamitani and Tong 

2005). Our cross-participant model, in contrast, was not robust to testing sets 

from new participants (i.e., performance was only slightly above chance). These 

results are analogous to a previous study that looked at both within- and cross-

participant results when distinguishing tools versus dwellings (Shinkareva et al. 

2008): information contained in within-participant models may be idiosyncratic 

to individual participants, yet located within similar regions across participants. 

Cross-participant MVPA classifier models, by their very nature, face additional 

sources of variability in their features: differences in participant anatomy or 

functional organization, session-to-session variation in scanner stability, 

differences in preprocessing success, and state and trait differences among 

participants. The observation that cross-participant models can provide not only 

robust predictive power, but also perhaps greater functional specificity, 

emphasizes the real power of MVPA techniques. 

One speculation is that participant-specific information might reflect 

effects associated with unique stages in processing. Neural activity relating to the 

representation of faces and objects does not occur within only a single short-

latency interval, but is distributed over several distinct time periods with 

identifiable functional contributions (Allison et al. 1999). Earlier and later 

processing of facial and monetary stimuli may occur in different regions (Thorpe 

et al. 1996; Liu et al. 2002) or with different spatial distributions based on the time 

period of activation (Haxby et al. 2004). Following this supposition, the extensive 

involvement of ventral visual stream in the within-participant models may be a 



 

115 

reflection of idiosyncratic interactions between ongoing neural activity and the 

associated hemodynamic responses. 

Our similarity analyses also support the notion that fMRI activation in VC 

reflects largely idiosyncratic representations (Figure 18). Some supporting 

evidence comes from a study of shape representations in lateral occipital cortex 

(LOC) that employed similarity analyses (Drucker and Aguirre 2009), which 

found evidence for sparse spatial coding in lateral LOC and more specific tuning 

in ventral LOC. Additionally, given the recent finding that reward history can 

modulate activity in visual cortex (Serences 2008), individual variability in 

reward sensitivity could easily contribute to downstream idiosyncratic 

differences in the within-participant classifiers. 

4.4.3 Individual reward preferences: ventromedial prefrontal cortex 

Although human face stimuli have been a frequent target of MVPA, prior 

studies have not embedded those stimuli in a reward context. Recent work using 

standard fMRI analysis techniques (i.e., general linear modeling) has identified 

neural correlates of social rewards, including faces, both in isolation (O'Doherty 

et al. 2003; Cloutier et al. 2008), and in comparison to monetary rewards (Behrens 

et al. 2008; Izuma et al. 2008). The fact that VMPFC exhibited different patterns 

for these two types of rewards supports the conception that this region evaluates 

a range of rewarding stimuli (Rangel et al. 2008; Rangel and Hare 2010). Further 

corroboration comes from two more specific results: that the relative value 

between the two modalities was strongly correlated with individual differences 
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in VMPFC predictive power (Figure 17) and that this VMPFC region was not 

identified by univariate analyses. 

The significance of VMPFC for reward-based decision making has been 

identified in a growing number of recent studies (Behrens et al. 2008; Hare et al. 

2008; Lebreton et al. 2009). Considerable prior neuroimaging and 

electrophysiological work has implicated VMPFC in the assignment of value to 

environmental stimuli (Kringelbach and Rolls 2004; Rushworth and Behrens 

2008). In our paradigm, even though participants were passively receiving the 

rewards on each trial, it is possible that valuation was occurring (Lebreton et al. 

2009). As others have worked to tie predictive fMRI patterns to behavior 

(Williams et al. 2007; Raizada et al. 2009), we believe it is reasonable to intuit that 

individual differences in preferences – and hence computations taking place in 

VMPFC – could subsequently influence a classifier’s ability to decode BOLD 

signal corresponding to rewards. Our mapping between individual preferences 

and the statistical discriminability of neural patterns (Figure 17) is a step beyond 

those previous studies – which were concerned with participant perceptual 

ability – and demonstrates that fine-grained neural patterns can be informative 

about complex phenomena such as choice behavior. 

4.4.4 Alternative explanations and future considerations 

Although the patterns of significant classification performance are quite 

distinct between within- and cross-participant models (Figure 15 and Figure 19), 

one might argue that the difference in prediction performance (i.e, cross-

validation) reflects a difference in thresholding. Direct comparison of each 
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searchlight’s performance in the two models (Figure 20) eliminates this 

possibility. Another contributor, at least in principle, could be differential 

sensitivity to classifier parameters. The training set for the cross-participant 

model is much larger than that for any single within-participant model, and thus 

it may be the case that different kernels, or even different classifiers, might be 

more appropriate in one case. To our knowledge, this question of classification 

parameters and fMRI data has not been extensively explored. 

Another possibility is that our stimuli – and not the sensitivity of MVPA – 

may have contributed to our results in VMPFC. It is reasonable to suppose that 

the comparison of faces and monetary amounts could have broad neural effects. 

Accordingly, if the stimuli had been presented in blocks or mini-blocks, the 

relative differences between categories might not have been represented in 

VMPFC (Padoa-Schioppa and Assad 2008), consistent with other context effects 

(Seymour and McClure 2008). Given that our cross-participant model also 

implicated VMPFC and that other studies tie individual differences to classifier 

differences (Raizada et al. 2009), we believe this result would be robust to other 

reward environments. 

Feature space is also an important consideration. For example, our choice 

of searchlight size (a radius of three voxels) may have influenced the within- and 

cross-participant differences in decoding performance. The searchlight approach 

serves as a spatial filter, because the classifier’s decoding results are attributed to 

the center voxel. Thus, a larger radius for cross-participant testing could boost 

classifier performance by providing a larger number of dimensions to fit the 
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larger system. Such a conclusion would be analogous to the matched filter 

theorem: the optimal amount of information for cross-participant models is likely 

at a different resolution (i.e., searchlight size) than for within-participant models 

(Rosenfeld and Kak 1982). Increasing searchlight size might also alleviate 

registration heterogeneities across participants (Brett et al. 2002). Importantly, the 

size of the searchlight implemented should coincide with the size of the 

anatomical region(s) of interest (Kriegeskorte et al. 2006), as spatial specificity is 

clearly sacrificed if a searchlight encompasses voxels from neighboring 

anatomical regions. Indeed, different information is likely to be uncovered at 

different spatial scales (Kamitani and Sawahata 2010; Swisher et al. 2010). 

Our results point to several directions for future work. A first extension 

comes from the use of a searchlight method for feature selection. Although 

classification performance tends to reach an asymptote as a function of voxel 

number (Cox and Savoy 2003; Haynes and Rees 2005), combining searchlights – 

or voxels from multiple searchlights – across ROIs might compensate for reduced 

performance of cross-participant classification. A related topic – as alluded to 

previously – would be a full exploration of appropriate searchlight size 

(Kriegeskorte et al. 2006). Another possible avenue for exploration would be the 

discrimination of individual reward stimuli. Outside of the reward context, there 

has already been successful within-category identification of simple man-made 

objects (teapots and chairs) accomplished using signal from the lateral occipital 

cortex (Eger et al. 2008), as well as single image identification in early visual 

cortex (Kay et al. 2008). Thus, pruning from large reward classes (e.g., money or 
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faces) is a natural progression from the current study. Additionally, cross-

participant models make it possible to test group differences (e.g., depressed 

individuals) in reward representation. Many rewards share similar features (e.g., 

magnitude, valence), yet the relative sensitivity to those features may differ 

across participant groups. 

4.5 Conclusion 

Using machine-learning techniques and multivariate pattern analysis of 

fMRI data, we demonstrated that classifier performance differs between within-

participant and cross-participant training. We emphasize that we are not 

concerned with the level changes in classifier performance; there are obvious 

additional sources of variability for cross-participants classification. Instead, our 

results indicate that relative classifier sensitivity may reflect the contributions of 

different brain regions to different computational purposes. As a key example, 

the statistical discriminability of neural patterns in ventromedial prefrontal 

cortex for reward modalities was predictive of participants’ willingness to trade 

one of those reward modalities for the other (i.e., money for social rewards). 

Given the increasing popularity of both correlational and decoding multivariate 

analyses in cognitive neuroscience, we believe researchers should explore models 

aimed at trial-to-trial prediction that use both within-participant and cross-

participant neural patterns. 
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4.6 Supplementary information 

4.6.1 Additional multivariate analyses 

 

Figure 22: Statistical thresholding for within-participant decoding analysis. 
A whole-brain map of p values from the binomial test was created and then 
subjected to two different significance thresholds. These are the same slices 
shown in Figure 15A. Higher z-scores correspond to higher cross-validation 
percentages. (A) Threshold for significance was determined using false 
discovery rate (FDR) of 5%. This correction determined that 10300 voxels in the 
whole-brain mask had cross-validation rates that were significantly above 
chance (50%). (B) Threshold for significance was determined using a full 
Bonferroni correction for p < 0.05. This correction determined that 2559 voxels in 
the whole-brain mask had cross-validation rates that were significantly above 
chance (50%). 
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Figure 23: Cross-participant brain region similarity matrices. 
Using the ten voxels from the local maxima searchlights with the greatest 
average absolute weight, we computed similarity (using Pearson correlation) 
between participants for those ten voxels. The ROIs were visual cortex (VC), left 
fusiform face area (LFFA), right fusiform face area (RFFA), and ventromedial 
prefrontal cortex (VMPFC). A measure of 1 represents perfect similarity and −1 
represents perfect dissimilarity. Although VC, RFFA, and VMPFC were used in 
the main paper (Figure 15), we include LFFA for completeness. All of the ROI 
similarity matrices indicate different information weighting. Second-order 
similarities are listed in Table 7. 
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Figure 24: Statistical thresholding for cross-participant decoding analysis. 
A whole-brain map of p values from the binomial test on the cross-participant 
model was created and then subjected to two different significance thresholds. 
These are the same slices shown in Figure 19. Higher z-scores correspond to 
higher cross-validation percentages. (A) Threshold for significance was 
determined using false discovery rate (FDR) of 5%. This correction determined 
that 12698 voxels in the whole-brain mask had cross-validation rates that were 
significantly above chance (50%). (B) Threshold for significance was determined 
using a full Bonferroni correction for p < 0.05. This correction determined that 
4343 voxels in the whole-brain mask had cross-validation rates that were 
significantly above chance (50%). 

Table 7: Second-order similarity. 

ROI LFFA RFFA VC VMPFC 
LFFA 1 0.14 -0.08 -0.11 
RFFA  1 -0.18 0.26 
VC   1 0.11 
VMPFC    1 
     

4.6.2 Univariate analyses 

As a check on some of our classification results, we also ran a simple 

general linear model (GLM) in FSL. Statistical analyses were conducted in three 
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stages using the FSL analysis package (Smith et al. 2004). Preprocessed functional 

data were analyzed using a general linear model with local auto-correlation 

correction (Woolrich et al. 2001). For each run, we constructed models comprised 

of 8 regressors corresponding to the amount of the monetary reward ($5, $1, −$1, 

and −$5) and the attractiveness of the facial reward (1-star, 2-star, 3-star, 4-star). 

A nuisance regressor modeled the target-detection component of each task. 

Additionally, for the cued trials, we included two additional nuisance regressors 

that modeled the onset of the cue (one for faces and one for money). All 

regressors modeled the duration of the event and were convolved with a 

canonical hemodynamic response function. Our key contrasts involved 

bidirectional comparisons of all face and monetary stimuli. We then combined 

data across runs of cued and uncued trials, for each subject, using a fixed-effects 

model, and combined data across subjects using a mixed-effects model (Woolrich 

et al. 2001; Beckmann and Smith 2004). 

All z-statistic images were thresholded using z > 2.3 and a corrected 

cluster-significance threshold of p < 0.05 (Worsley 2001). Statistical overlay 

images were created using MRIcron (Rorden et al. 2007) and anatomical labels 

for local maxima were obtained from the Talairach Client (Lancaster et al. 2000). 

All coordinates for FSL output are reported in MNI space. 

4.6.3 Univariate results 

We used the GLM approach to identify regions with relative overall 

activation differed between reward types (cluster peaks for each of the two main 

contrasts are listed in Table 8 and Table 9). Next, we evaluated whether there 
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were any significant effects of cuing upon value-related responses at reward 

delivery. For the two contrasts of interest, we found no significant differences 

between uncued and cued trials in any brain region, even at a liberal statistical 

threshold (p < 0.001, uncorrected). Therefore, we do not anticipate any confounds 

when collapsing the functional data across these two tasks. 

We also introduced each participant’s proportion of exchanges in the ex- 

change task as a covariate in the cross-participant GLM analysis. The difference 

between experienced monetary rewards and experienced social rewards was 

positively correlated with exchange rate in several prefrontal regions (Table 10), 

although none in the more ventral parts of the medial prefrontal cortex, as was 

found in the decoding multivariate analyses. 
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Table 8: Univariate analysis results: money > face contrast. 

MNI Region BA max z 
(34,-54,40) Inferior parietal lobule 40 5.46 
(-8,-76,6) Cuneus 23 5.32 
(-8,-72,8) Posterior cingulate 30 5.20 

(36,-66,40) Inferior parietal lobule 39 5.01 
(-2,-86,10) Cuneus 17 5.00 
(-8,-86,6) Cuneus 17 5.00 
(46,12,46) Middle frontal gyrus 8 5.00 
(34,12,46) Middle frontal gyrus 6 4.70 
(40,38,34) Superior frontal gyrus 9 4.67 
(46,38,30) Middle frontal gyrus 46 4.56 
(34,6,50) Middle frontal gyrus 6 4.51 
(2,20,42) Cingulate gyrus 32 4.43 
(-46,6,46) Middle frontal gyrus 8 3.89 

(-46,38,22) Middle frontal gyrus 46 3.89 
(-44,12,40) Middle frontal gyrus 9 3.80 
(-46,4,52) Middle frontal gyrus 6 3.66 

(-50,18,32) Middle frontal gyrus 9 3.60 
(-44,14,32) Middle frontal gyrus 9 3.54 
(54,-46,-10) Middle temporal gyrus 37 3.75 
(66,-28,-12) Middle temporal gyrus 21 3.67 
(44,-34,-4) Superior temporal gyrus 22 3.52 
(52,-54,-8) Inferior temporal gyrus 37 3.51 

(56,-42,-18) Middle temporal gyrus 20 3.21 
(62,-38,-16) Middle temporal gyrus 21 3.10 
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Table 9: Univariate analysis results: face > money contrast. 

MNI Region BA max z 
(48,-68,-6) Inferior temporal gyrus 37 4.66 

(36,-50,-18) Fusiform gyrus 37 4.52 
(52,-68,6) Middle temporal gyrus 37 4.31 
(48,-74,4) Middle occipital gyrus 19 4.30 
(42,-86,-4) Inferior occipital gyrus 18 4.12 

(42,-52,-20) Fusiform gyrus 37 4.04 
(6,46,-16) Medial frontal gyrus 11 4.74 
(-2,36,-16) Medial frontal gyrus 11 4.18 
(38,32,-22) Inferior frontal gyrus 47 4.08 

(6,52,-8) Medial frontal gyrus 10 3.91 
(-6,20,-14) Subcallosal gyrus 25 3.62 
(-6,54,-4) Medial Frontal gyrus 10 3.27 

(-38,-54,-20) Fusiform gyrus 37 4.89 
(-30,-12,-12) Parahippocampal gyrus Hippocampus 3.57 
(-32,-20,-16) Parahippocampal gyrus Hippocampus 3.49 
(-36,-38,-18) Fusiform gyrus 37 3.29 
(-50,-68,14) Middle temporal gyrus 19 4.90 
(-48,-78,78) Middle temporal gyrus 39 4.62 
(-38,-84,-4) Inferior occiptial gyrus 19 4.49 
(-54,-62,26) Superior temporal gyrus 39 3.00 
(-44,-64,28) Middle temporal gyrus 39 2.51 
(-42,36,-18) Middle frontal gyrus 11 3.29 
(-42,36,-22) Inferior frontal gyrus 47 3.28 
(-24,26,-14) Inferior frontal gyrus 11 3.26 
(-34,34,-22) Inferior frontal gyrus 47 3.23 
(-34,30,-20) Inferior frontal gyrus 47 3.22 
(-36,24,-24) Superior temporal gyrus 38 3.17 

 

Table 10: Univariate analysis results: exchange rate. 

MNI Region BA max z 
(18,48,44) Superior frontal gyrus 8 3.67 
(10,68,22) Superior frontal gyrus 10 3.42 
(8,62,34) Superior frontal gyrus 9 3.38 
(6,66,20) Medial frontal gyrus 10 3.25 

(18,64,26) Superior frontal gyrus 10 3.25 
(36,34,32) Middle frontal gyrus 9 3.02 
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5 Neural markers of  relative motivation 

This chapter transitions from reward valuation to focus on motivational 

processes in the brain. While previous chapters focused on other key brain 

regions in reward processing and decision making, such as the posterior parietal 

cortex and ventromedial prefrontal cortex, this chapter focuses on the nucleus 

accumbens, a subregion of the ventral striatum. A relatively large fMRI dataset 

was collected to facilitate a focus on idiosyncrasies in motivation and reward 

processing. The content of this chapter reflects the work from a recently 

submitted manuscript (Clithero et al. Submitted). 

5.1 Introduction 

“Motivation”, taken literally, describes an impulse to movement – as 

when the expectation of a desired outcome mobilizes someone into action. 

Motivation can incorporate a variety of drives or internal states that direct 

behaviors or decisions, ranging from basic homeostatic imbalance correction 

(Cannon 1932) to psychosocial needs (Maslow 1943). While multiple theories of 

motivation exist, nearly all posit that organisms translate the anticipated hedonic 

reward for potential outcomes (Berridge 2004) into the force behind their effort to 

obtain a reward (Niv 2007; Pessoa 2009). Individuals vary in their preferences for 

rewards, often exhibiting greater motivation to some reward modalities 

compared to others (e.g., income versus personal fulfillment). Some rewards may 

be widely effective, whereas others may vary across individuals or contexts. 

Heterogeneity in preferences will not only be exhibited in choices between 
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rewards, but also in effort exerted or response rates for rewards (Niv 2007; 

Salamone et al. 2009). As most real-world choices involve multiple kinds of 

rewards, a key challenge for neuroeconomics lies in understanding the 

mechanisms of relative motivation. 

Despite the centrality of motivation to adaptive decision making, many 

neural studies of economic behavior downplay its intrinsic components. Instead, 

research has focused on inferred value signals that predict observable, individual 

choices between rewards (Rangel and Hare 2010). Studies of decision behavior in 

both human and non-human animals have implicated a core set of regions 

(Figure 1) in value-based choice, including the ventromedial prefrontal cortex 

(VMPFC) (Chib et al. 2009; Glascher et al. 2009), orbitofrontal cortex (OFC) 

(Wallis and Miller 2003; Padoa-Schioppa and Assad 2008; FitzGerald et al. 2009), 

and the ventral striatum (VSTR) (Delgado et al. 2000; Knutson et al. 2005; Roesch 

et al. 2009). Paradigms that focus on choice illuminate how decision value shapes 

behavior, but can undersell the role of expectations (Kahneman et al. 1997). Both 

behavioral neuroscience (Berridge 2004) and behavioral economics (Loewenstein 

and Lerner 2003) have highlighted the role expected or anticipated affect plays in 

shaping behaviors and preferences. While different phases of reward processing 

and decision making recruit distinguishable neural circuits, there is also 

considerable overlap (Rangel et al. 2008; Balleine and O'Doherty 2010). Thus, 

understanding variation in components of the value system during outcome 

anticipation may provide new insight into within- or across-individual 

idiosyncrasies in motivation. 
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Variation in responses of the nucleus accumbens (NAcc) – a subregion of 

VSTR – and anterior insular cortex (aINS) is frequently tied to behavioral 

measures of motivational heterogeneity. Reward anticipation and its associated 

affect robustly recruits both NAcc and aINS (Knutson and Greer 2008). 

Differences in activation of these regions during anticipation has been shown to 

reflect interindividual differences in reward sensitivity (Carter et al. 2009), loss 

avoidance (Samanez-Larkin et al. 2008), and financial decision making (Kuhnen 

and Knutson 2005). Similar results for anticipatory signals in VSTR for expected 

return associated with stimuli have been found in non-human primate (Schultz 

et al. 1992) and rodent (Roitman et al. 2005) studies. NAcc and aINS are also both 

frequently included in models of neural circuits of motivation, with discussions 

of aINS more constrained to possible integration of interoceptive information 

(Craig 2009; Naqvi and Bechara 2009), and NAcc more focused on its 

dopaminergic afferent projections (Lynd-Balta and Haber 1994) and its inputs 

from multiple cortical regions (Haber et al. 2006). Consequently, there is strong 

evidence for a central role for the NAcc and aINS in motivational processing 

during anticipation of outcomes. 

In this study, we elicited individual differences in relative motivation for 

two appetitive reward modalities, independent of choices between those reward 

modalities. Participants performed an incentive-compatible response task to 

obtain two rewarding goods: money and candy. We chose a measure of relative 

response vigor as our measure of intrinsic motivation (Niv 2007). The behavioral 

task and fMRI data allowed delineation of contributions by NAcc and aINS to 
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individual differences in relative motivation across reward modalities, with both 

regions expected to broadly contribute. However, based on its role in well-

established cortico-basal-thalamic loops (Alexander et al. 1986) and its 

convergent inputs from multiple reward-processing regions (Haber and Knutson 

2010), we conjectured that NAcc – but not aINS – would play the primary role in 

translating differences in intrinsic motivation into behavior. 

5.2 Materials and methods 

5.2.1 Participants 

All participants were prescreened to rule out prior psychiatric or 

neurological illness, and to ensure that they were motivated by available candy 

rewards. Participants gave written informed consent as part of a protocol 

approved by the Institutional Review Board of Duke University Medical Center. 

5.2.2 Experimental procedure 

The experimental session comprised the consent process, task instructions, 

task training outside the scanner, the fMRI session using the reward anticipation 

task (described below), two other subsequent reward-related choice tasks, 

debriefing, and payment based on performance. 

Participants earned at least $40 for completing the experimental session. 

All earned monetary rewards were paid in cash at the completion of the 

experimental session (mean payment = $58). All earned candy rewards (34 

participants earned at least one piece of candy) were given to the participants at 

the end of the experimental session. 
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Figure 25: Reward anticipation task.  
 

Each scanner run consisted of 30 trials, evenly split between five 

conditions according to potential outcome: $5 Cash (BM), $1 Cash (SM), Large 

Candy (BC), Small Candy (SC), and Zero (no cash or candy). Each trial (Figure 

25) began with a 1000-ms cue indicating the potential reward for that trial. 

Following a variable delay of 2000 to 2500 ms, a target (a white triangle) 

appeared on the screen. Participants responded by pressing a button with their 

right index finger before the target disappeared. On monetary trials, a 

sufficiently fast reaction time (RT) was indicated with a colorful $ symbol. On 

candy trials, a sufficiently fast response was indicated with a cartoon symbol. If 

their responses were not fast enough to earn a reward for that trial, participants 
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were shown a zero symbol. On control trials, a zero symbol was displayed for all 

responses regardless of speed. Feedback for all trials was presented for 1500 ms. 

The presentation time of the target was determined by an adaptive 

algorithm that used information about response times on previous trials of each 

condition to estimate a response time threshold at which the participant would 

be successful on approximately 60% of trials. We emphasize that a different 

threshold was used for each condition, so that we could assess relative 

motivational differences between them. All stimuli were presented against a grey 

background. The experiment was controlled using the Psychophysics Toolbox 

2.54 (Brainard 1997) in MATLAB (The MathWorks, Inc.). 

5.2.3 Image acquisition 

We acquired fMRI data on a General Electric 4.0 Tesla MRI Scanner with a 

multi-channel (eight-coil) parallel imaging system. Initial localizer images 

identified each participant’s head position within the scanner. Whole-brain high-

resolution T1-weighted coplanar FSPGR structural scans with voxel size 1 x 1 x 

1.9 mm were acquired for normalizing and coregistering the fMRI data. Three 

runs of images sensitive to BOLD contrast were acquired using an inverse-spiral 

pulse sequence (Guo and Song 2003). Each run consisted of 212 volumes 

[repetition time (TR) = 2000 ms; echo time (TE) = 27 ms; matrix = 64 x 64; field of 

view (FOV) = 240 mm; voxel size = 3.75 x 3.75 x 3.8 mm; saturation buffer = 6 

volumes] with 34 interleaved axial slices parallel to the axial plane connecting the 

anterior and posterior commissures. Following completion of the reward 

anticipation task, participants also completed additional functional scans for 
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other tasks within the same imaging session (results not considered in this 

thesis). 

5.2.4 Preprocessing 

All preprocessing used FSL 4.1.5 (Smith et al. 2004; Woolrich et al. 2009). 

Functional images were first reoriented and then skull stripped using the FSL 

Brain Extraction Tool (BET) (Smith 2002). All images were then corrected for 

inter-scan head motion using FMRIB’s Linear Image Registration Tool 

(MCFLIRT) (Jenkinson et al. 2002), slice-time corrected, and subjected to a high-

pass temporal filter of 100 s. Time-series statistics for within-participant analyses 

were performed on native space data and resulting statistical images were 

spatially normalized using an affine transformation into MNI space for group 

analyses. Each four-dimensional dataset was grand-mean intensity normalized 

using a single multiplicative factor. Spatial smoothing used a Gaussian kernel of 

full-width-half-maximum 6 mm. 

5.2.5 fMRI analyses 

All fMRI analyses were carried out using FEAT 5.98 (FMRI Expert 

Analysis Tool). Time-series statistical analyses used FILM with local 

autocorrelation correction (Woolrich et al. 2001). Our first-level (i.e., within-run) 

analysis model included five regressors for the anticipation period (one for each 

trial type) with two regressors (hit and miss) for the outcome period of each trial 

type. The anticipation period was modeled for the variable interval between the 

disappearance of the trial indicator cue and the appearance of the target. The 

outcome period was modeled for 1500 ms following the onset of feedback. 
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Additional regressors were included to account for outlier volumes in each run. 

In this study, a volume was considered an outlier if its root-mean-square (RMS) 

amplitude exceeded the value of 150% of the interquartile range of RMS for all 

volumes in a given run.  

Second-level analyses (i.e., across-run, within-participant) used a fixed-

effects model, while third-level analyses (i.e., across-participants) employed a 

mixed-effects model (FLAME 1 in FSL) that included the main effects of each 

regressor from the lower level analysis, along with behavioral covariates. We 

also completed a repeated-measures 2 x 2 analysis of variance (ANOVA) that 

included four second-level contrasts for each participant: BM > Zero, SM > Zero, 

BC > Zero, and SC > Zero. 

Unless stated otherwise, all claims of significance in our fMRI whole-brain 

analyses used a voxel significance threshold of z > 2.3, and a cluster significance 

threshold of p < 0.05, corrected across all voxels included in our whole-brain 

mask. The region-of-interest (ROI) analyses targeted the bilateral NAcc and 

aINS. The NAcc ROIs were drawn in each hemisphere on the mean participant 

anatomical images, according to methods outlined and employed previously 

(Breiter et al. 1997; Carter et al. 2009). The aINS ROI was constructed using 5-

mm-radius spheres using coordinates [left: (x,y,z)= (-35,16,-3); right: (x,y,z)= 

(44,16,-3)] derived from a meta-analysis (Knutson and Greer 2008).  

Brain images of significance were generated using MRIcron (Rorden et al. 

2007). Additional regression and mediation analyses were performed in Stata 

11.1 (StataCorp). 
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5.3 Results 

5.3.1 Behavior 

Healthy young adults [N = 65; 32 females; age: mean (M) = 24.7, standard 

deviation (SD) =  5.9] completed a session involving both behavioral and fMRI 

data collection (three runs). Five of these participants were dropped prior to data 

analyses – three for excessive head motion (> 2mm), one due to scanner error, 

and one because of failure to complete the task – leaving a final sample of 60 

participants. Before the experiment, participants identified one of seven different 

candies as the target for their actions; these varied in popularity from the Reese’s 

Peanut Butter Cup (17/60 participants) to the Green & Black’s Milk Chocolate 

and Vosges Creole (each 3/60 participants; Figure 26A). Post-hoc analyses failed 

to identify any significant differences between individuals based on their candy 

preferences. 

During the scanner session, participants worked to obtain rewards that 

varied in magnitude and modality across five conditions: $5 (BM), $1 (SM), Large 

Candy (BC), Small Candy (SC), and Control (Zero, no money or candy). We used 

an adaptive algorithm with individual thresholds for each condition; thus, the 

proportions of successful responses (i.e., those faster than the adaptive response-

time threshold) were similar across all four modality and magnitude conditions 

(BM trials: M = 58.0%, SD = 8.4%; SM trials: M = 55.0%, SD = 10.3%; BC trials: M 

= 53.8%, SD = 12.4%; SC trials: M = 54.8%, SD = 9.9%). Pairwise tests indicated 

that BM trials were successful significantly more often than those of other 
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conditions (all paired t tests for BM had p < 0.05), reflecting the motivational 

value of that condition. No other paired comparisons approached significance. 

 

Figure 26: Behavioral preferences for candy and money. 
(A) Distribution of results for candy selection. We offered seven different 
candies to participants, all of whom indicated that they desired candy rewards 
before enrolling in the study.  Reese’s Peanut Butter Cup (top) was the most 
popular (17 out of 60), although all seven options were chosen by multiple 
participants, indicating a distribution of candy preferences in the participant 
sample. (B) Distribution of the Relative Motivational Index, calculated as the 
ratio of reaction times on successful Big Candy (BC) and Big Money (BM) trials.  

Participant RT data on successful trials (Carter et al. 2009) varied 

according to reward condition. Participants had the slowest RT on Zero trials (M 

= 187.1 ms, SD = 23.3). Reaction times on BM trials (M = 173.5, SD = 25.9) were 

significantly faster than Zero trials, as were SM trials (M = 181.1, SD = 21.9). 

Reaction times on BC trials (M = 181.4, SD = 24.4) also were significantly faster 

than Zero. All tests were p < 0.01. This relationship was not true for SC trials (M 

= 185.6, SD = 21.9), though. There was a main effect of modality and reward 

magnitude (both tests had p < 0.001), but there was not a significant modality 

(money, candy) by magnitude (big, small) interaction. 

To measure interparticipant variability in motivation across reward 

modalities, we calculated the ratio of successful-trial RT for BC and BM trials 
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(RTBC/ RTBM) as our Relative Motivational Index (RMI). Response times on the 

larger magnitude trials were used in the computation of this index based on the 

overall faster response times to larger rewards, which indicated that motivation 

was generally highest on these trials. Values of RMI greater than 1.0 indicate 

greater relative motivation for money than for candy rewards. The mean for the 

RMI was 1.051 (SD = 0.081). Tests for normality on our RMI [skewness (third 

moment) = 0.301, p = 0.303; kurtosis (fourth moment) = 4.311, p < 0.05; joint test: 

χ2 = 4.94, p = 0.085] indicated a general trend for participants to have stronger 

motivation for money trials (Figure 26B). The ratio of successful-trial RT for SC 

and SM trials (RTSC/ RTSM) showed statistical properties (M = 1.028, SD = 0.084) 

and was correlated with RMI (r = 0.262, p < 0.05). 

5.3.2 Main effect of reward anticipation 

Our primary contrasts of interest were the anticipation-phase contrasts for 

the four types of reward trials, each compared to the Zero condition. Whole-

brain analyses identified increased activation in a set of regions associated with 

affective evaluation, replicating previous studies (Knutson et al. 2001; Knutson et 

al. 2005). Examining activation in our a priori ROIs, we found that anticipation of 

rewards robustly increased activation in NAcc and aINS (Figure 27A). Across 

participants, activation on BC trials positively correlated with activation on BM 

trials in NAcc (r = 0.33, p < 0.05), and a similar trend was present in aINS (Table 

11). Consistent with previous studies of gain anticipation (Knutson and Greer 

2008), both ROIs exhibited a main effect of reward magnitude, as determined 

using post-hoc t tests (aINS: t = 10.164, p < 0.001; NAcc: t = 8.21, p < 0.001).  
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Table 11: Correlations for anterior insula and nucleus accumbens activation. 
Shown are correlation coefficients for the two big reward categories, big money 
(BM > Zero) and big candy (BC > Zero), for our two regions of interest, aINS 
and NAcc. The values used to compute the correlation coefficient are the 
average parameter values of the contrasts (BM > Zero and BC > Zero) extracted 
from the region of interest. Mean values and standard errors of those parameter 
values are shown in Figure 27. Significance for the correlations (N = 60) is 
shown in parentheses. 

ROI aINS BC aINS BM NAcc BC NAcc BM 
aINS BC 1    

     
aINS BM 0.250 1   

 (0.054)    
NAcc BC 0.668 0.130 1  

 (0.000) (0.323)   
NAcc BM 0.094 0.711 0.331 1 

 (0.474) (0.000) (0.001)  
     

 

Table 12: Maxima for repeated-measures modality by magnitude interaction. 
Repeated-measures 2 x 2 analysis of variance (ANOVA) of reward anticipation. 
The table here corresponds to the statistical map presented in Figure 27B. 
Cluster maxima are listed in bold. All coordinates listed are in MNI space. 

Region MNI max z 
Putamen (18,18,-6) 6.30 
Anterior cingulate gyrus (0,12,28) 5.95 
Anterior cingulate gyrus (8,22,28) 5.94 
Anterior cingulate gyrus (8,26,22) 5.94 
Thalamus (-16,-20,10) 5.91 
Caudate (14,2,14) 5.84 
Frontal pole (-34,46,14) 5.20 
Frontal pole (-32,50,20) 5.00 
Frontal pole (-34,46,20) 4.94 
Middle frontal gyrus (-28,34,26) 3.36 
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We also found significant magnitude effects for both monetary (BM > SM) 

and candy (BC > SC) rewards in both ROIs, with this magnitude effect more 

pronounced for monetary rewards in both regions as exhibited by a significant 

modality by magnitude interaction [aINS: F(1,59) = 37.53, p < 0.001; NAcc: F(1,59) 

= 17.89, p < 0.001; Figure 31]. Paired comparisons of all reward contrasts included 

in the ANOVA confirmed the direction of this effect.  

We additionally examined this same modality (money, candy) by 

magnitude (big, small) interaction during reward anticipation using a repeated-

measures ANOVA of the anticipation contrasts across the whole brain. The 

resulting statistical map of the F statistics from the ANOVA (Figure 27B) had 

significant clusters in left aINS [(x,y,z) = (-36,16,-6); z = 5.58], right putamen 

[(x,y,z) = (18,18,-6); z = 6.2], and frontal pole [(x,y,z) = (-34,46,14), z = 5.2], as well 

as the NAcc (Table 12). 

5.3.3 Relative motivation predicts relative activation   

We introduced each participant’s RMI (Figure 26B) as a covariate in our 

across-participant whole-brain analyses. RMI significantly correlated with 

relative activation in both contrasts related to the Big Candy reward – BC > Zero 

(Figure 28A, top) and BC > BM (Figure 28A, bottom) – within activation clusters 

that overlapped with both NAcc and aINS ROIs.  
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Figure 27: Reward modality and magnitude effects in regions of interest. 
(A) Regions of Interest (ROIs) and main effect of reward anticipation. The 
existing literature on reward anticipation and anticipatory affect indicated the 
nucleus accumbens (NAcc) and the anterior insular cortex (aINS) as potential 
contributors to motivation. We found that both money (green) and candy (blue) 
reward conditions (with our control condition as a baseline) led to increased 
activation in both of these ROIs. Error bars represent standard error of the mean 
(SEM). Stars represent significant paired comparisons (p < 0.05). (B) Repeated-
measures 2 x 2 analysis of variance (ANOVA) of reward anticipation. To 
determine whether there was a significant modality (money, candy) by 
magnitude (big, small) interaction in our fMRI data, a 2 x 2 repeated-measures 
ANOVA (two reward modalities, money and candy, and two sizes, big and 
small) of the same anticipation contrasts was run. The statistical map here 
displays the z-scored F statistics. 

For confirmation, we extracted average contrast values from NAcc (Figure 

28B) and aINS (Figure 28C) and again found the same relationship with both the 

BC > Zero (NAcc: r = -0.398, p < 0.01; aINS: r = -0.328, p < 0.01), as well as for BC 

> BM (NAcc: r = -0.293, p < 0.05; aINS: r = -0.233, p = 0.073). This relationship did 

not hold for contrasts related to the monetary rewards; e.g., for BM > Zero in 

either aINS (p > 0.90) or NAcc (p > 0.80). We also constructed an analogous index 

for SC and SM trials (RTSC/RTSM), and entered it as a covariate in our across-
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participant analyses for the BC > Zero contrast. We found a similar effect in left 

NAcc (Figure 32), but not in aINS. 

As a test of whether activation in our two ROIs predicted our motivational 

index, we used general linear regression analyses to evaluate whether RMI can 

be predicted from the magnitude of the BC and BM (> Zero) contrasts for both 

NAcc and aINS (Table 13). When all four contrasts were included in a single 

model, only the BC contrast for NAcc significantly predicted an individual’s 

RMI. Given the positive skew in the RMI, we performed a robust regression of 

the same model, which allowed us to compute standard errors that do not 

assume normality. Again, the only one of the four regressors in the model to 

achieve statistical significance (p < 0.05) was the BC contrast in NAcc. This last 

effect was replicated in regressions run on each ROI individually. 

Table 13: Nucleus accumbens signal predicts motivational index. 
We regressed RMI on the four BOLD large magnitude contrasts from our two 
ROIs. This analysis provided convergent evidence for our group analysis 
(Figure 29), as BC > Zero contrasts were correlated with RMI. Importantly, only 
NAcc had a significant effect (p < 0.05). These estimates were robust to 
skewness tests and standard error estimates that did not assume normality of 
RMI. 

Regression of RMI on ROI reward anticipation contrasts 
RMI Coefficient SE t P > |t| 95% Conf. Intv. 
aINS BC 0.000 0.126 0.01 0.995 -0.252 0.254 
aINS BM -0.077 0.100 -0.78 0.441 -0.277 0.122 
NAcc BC -0.266 0.110 -2.42 0.019 -0.486 -0.045 
NAcc BM 0.105 0.074 1.42 0.163 -0.044 0.254 
Constant 1.077 0.021 51.40 0.000 1.035 1.119 
       
R2 0.199  F(4,55) 3.42   
Adj R2 0.141  p 0.015   
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Figure 28: Individual differences in an index of relative motivation. 
(A) Statistical maps for anticipatory activation that covaried with motivational 
index. In order to expand our analyses to include individual differences in 
reward sensitivity, we introduced each participant’s RMI as a covariate in the 
across-participant analysis of our reward anticipation task. RMI was 
significantly correlated with two different anticipation contrasts: both BC > 
Zero (top) and BC > BM (bottom). (B) NAcc covaries with motivational index. 
We found a significant relationship between RMI and NAcc for both the BC > 
Zero (blue), as well as for BC > BM (red). (C) aINS covaries with motivational 
index. The same relationship was true for the two corresponding contrasts in 
aINS, BC > Zero (blue) and BC > BM (red). 

5.3.4 Between-group neural differences in striatum and insula 

As a replication of the above analyses, which used the continuous variable 

of RMI, we next classified each participant into either a “money group” (N = 46) 

or a “candy group” (N = 14) based on which category evoked faster reaction 

times (i.e., the RMI was greater or less than one). The magnitude of the BM > BC 

contrast was greater in the money group than in our candy group (Figure 29A), 

with the global maximum for the between-group effect observed in NAcc (Table 

14). Given that the relative contrast of BM > BC (Figure 29B) significantly 

differed (money group: M = 0.178; candy group: M = 0.063; t = 2.32, p < 0.05), we 
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extracted the main effect contrasts of both BC > Zero and BM > Zero for that 

peak, for both groups. The result here was striking (Figure 29C): we found no 

significant differences in BM > Zero (p > 0.70) between the two groups, but did 

find significant differences between the two groups in the BC > Zero contrast 

(money group: M = 0.095; candy group: M = 0.198; t = 2.94, p < 0.001). 

Importantly, a parallel result was found in the behavioral data: tests for group 

differences in RT on BC trials for the candy versus money group showed 

significantly faster RT for the candy group (p < 0.05), but the analogous group 

difference did not exist for the BM trials (p > 0.25). This result, while perhaps 

counterintuitive, supports the notion that money is a more universally 

motivating – and therefore less likely to evoke heterogeneous neural response – 

reward for humans. 

To account for the different numbers of participants in our candy and 

money groups, we also ran permutation tests on the difference between the 

average contrast value for the two groups (10000 replications, with groups of N = 

14 and N = 46). For the NAcc peak (Figure 29A), both the BM > BC contrast (p < 

0.01) and the BC > Zero (p < 0.01) were robust to the permutation tests; i.e., fewer 

than 1% of the permutations into groups yielded differences that were greater 

than the true values. The same was also true for our bilateral NAcc ROI in BM > 

BC (p < 0.05) and BC > Zero (p < 0.01). 
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Figure 29: Group differences in nucleus accumbens activation. 
(A) We grouped our participant population into two categories based on RMI. 
An index value less than one (more than one) implied a relatively greater 
motivation for candy (money), so we divided our participant pool using this 
threshold. Using a whole-brain correction, we found significantly greater 
activation in the BM > BC contrast for our money group (N = 46) than in our 
candy group (N = 14). (B) The average parameter estimates for the money and 
candy groups, using the NAcc region found in the whole-brain analysis for the 
relative BM > BC contrast. (C) We extracted both BC > Zero and BM > Zero 
contrasts for the NAcc from the group test, for both groups. We found no 
significant differences in BM between the two groups, but we did find 
significant differences between the two groups in the BC contrast.  
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Table 14: Maxima for candy group and money group differences. 
Using RMI, our measure of relative motivation, to divide our participant 
population, we found significantly greater activation in several regions in the 
BM > BC contrast for our money group (N = 46) than in our candy group (N = 
14). The table here corresponds to the statistical map presented in Figure 29A. 
Cluster maxima are listed in bold. All coordinates listed are in MNI space. 

Region MNI max z 
Nucleus accumbens (-8,8,-12) 3.37 
Operculum cortex (34,30,-2) 3.35 
Nucleus accumbens (12,6-12) 3.27 
Thalamus (4,-8,-2) 3.20 
Nucleus accumbens (8,18,-10) 3.18 
Putamen (-22,16,0) 3.16 
Anterior cingulate gyrus (-6,24,22) 3.29 
Posterior cingulate gyrus (-2,-28,22) 3.23 
Anterior cingulate gyrus (8,6,36) 3.06 
Anterior cingulate gyrus (-12,6,36) 3.00 
Anterior cingulate gyrus (-6,4,34) 2.97 
Anterior cingulate gyrus (0,16,34) 2.92 
Supplementary motor cortex (-2,-12,56) 3.16 
Superior frontal gyrus (-14,4,70) 3.14 
Superior frontal gyrus (24,2,66) 3.11 
Supplementary motor cortex (4,-6,62) 3.06 
Superior frontal gyrus (20,0,64) 2.98 
Supplementary motor cortex (6,2,66) 2.93 
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Finally, although all participants were able to select any of the seven 

candies for their experimental session, the candies were of varying commercial 

value, with some relatively inexpensive (Reese’s, Snickers, Skittles) and some 

relatively more expensive (both types of Green & Black’s and Vosges). We 

grouped individuals based on their candy choices (inexpensive and expensive, 

with groups of N = 36 and N = 24, respectively). Group comparisons revealed no 

significant differences for any comparison involving the main contrasts of 

interest: BM > Zero, BC > Zero, and BM > BC. 

5.3.5 Mediation of brain regions and relative motivation 

Mediation analyses were conducted to establish whether NAcc and aINS 

represent the same properties of the individual measure of relative motivation, 

or if one region’s information subsumes the other’s information. A mediation 

analysis (Baron and Kenny 1986) can address whether one of our two ROIs 

mediates the effect of the other ROI on the RMI. Employing the BC > Zero 

contrast, we found that NAcc activation mediated 66% of the effect of aINS 

activation on RMI values, reducing its influence to insignificance (Figure 30A). 

Importantly, the converse was not true: aINS activation did not mediate the 

effect of NAcc activation on RMI (Figure 30B). In line with the regression results 

from above, where RMI was regressed on contrasts from the two ROIs (Table 13), 

this mediation effect was not present (in either direction) for the BM contrasts. 

These results indicate the primacy of neural signals in the NAcc – compared to 

aINS – for relative motivation between modalities. 



 

147 

 

Figure 30: Nucleus accumbens mediates the effect of anterior insula. 
(A) Individual variability in bilateral nucleus accumbens mediates the 
contribution (grey path) of bilateral anterior insular cortex to the RMI. We 
found that NAcc mediated 66% of the effect of aINS. (B) Individual variability 
in bilateral anterior (N = 60) did not mediate the effect of bilateral NAcc on 
RMI.  

5.4 Discussion 

Our findings indicate that the NAcc and aINS contribute differentially to 

the relative motivation associated with different reward modalities. Unlike 

choice-based studies that focus on valuation and outcome (Chib et al. 2009; 

FitzGerald et al. 2009), we focus on anticipatory signals ahead of reward receipt 

(Delgado et al. 2000; Knutson et al. 2001) and free from choice between rewards. 

We establish a correspondence between anticipatory neural signals and an index 

of relative response vigor to make claims about relative motivation. Our results 

demonstrate – using both measures of individual and group differences – that 

information predictive of heterogeneity in relative motivation is robustly 

represented in the NAcc. While changes in aINS activation are also predictive of 

our motivational index, we establish that NAcc mediates that informative power. 

We discuss the implication of these results for our regions of interest, aINS and 

NAcc, as well as for idiosyncratic differences in motivation and goal-oriented 

behavior. 
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5.4.1 Implications for anterior insular cortex 

Recruitment of aINS during outcome anticipation could represent the 

integration of several different reward processes (Craig 2009). Similar 

anticipatory tasks frequently elicit aINS activity (Knutson and Greer 2008), and 

food rewards recruit insular cortex in their sensory and hedonic processing 

(Kringelbach 2004; Craig 2009). Also, the reward anticipation task (Figure 25) – as 

do others of similar structure – involves outcome uncertainty, even though the 

rewards themselves are certain; that is, participants could not know during the 

anticipation phase that they would have a successful trial. Thus, given that the 

insular cortex is frequently implicated in tasks with uncertainty (Paulus et al. 

2003; Huettel et al. 2005; Preuschoff et al. 2008), variability in aINS might reflect 

motivation stemming from gustatory processing, risk processing, or a more 

integrated signal that is representative of all current affective information for an 

individual (Singer et al. 2009). Taste and other gustatory processing is generally 

linked to insular cortex (Kringelbach 2004), but such processes are hypothesized 

to be more posterior (Craig 2009), while hedonic and motivational inputs from 

areas such as NAcc will project to more anterior regions of insular cortex.  

The mediation result (Figure 30) supports claims that aINS integrates 

sensory information and forms urges which then feed into the NAcc (Naqvi and 

Bechara 2009). Presumably, these affective signals are communicated to NAcc via 

direct projections from aINS (Chikama et al. 1997; Friedman et al. 2002), leading 

to a more general representation of drive in NAcc. A proper test of hypotheses 
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regarding the directional flow of motivational information could be conducted in 

lesion populations or with causal modeling of fMRI data. 

5.4.2 Role for nucleus accumbens in relative motivation 

The results of this chapter point to several potential and specific roles for 

NAcc in motivational processing. Activation in NAcc can reveal idiosyncrasies in 

motivation across individuals (Figure 28) and can also use the same motivational 

variability to explain group differences in relative reward-related anticipation 

(Figure 29). These results, as well as the finding that neural anticipatory signal in 

NAcc appears primal to signal in aINS, corroborates theories of motivation and 

affect that implicate NAcc. Previous studies involving food have found that 

NAcc codes preferences for juices that are learned via abstract stimuli (O'Doherty 

et al. 2006), trait-based preferences for primary rewards (Cardinal et al. 2002; 

Beaver et al. 2006), and subjective preferences for food texture (Grabenhorst et al. 

2010). Although aINS and NAcc have previously been hypothesized to play 

different roles in predicting choice (Kuhnen and Knutson 2005), most 

differentiations are constrained to potential differences in anticipating appetitive 

and aversive outcomes (Knutson and Greer 2008). This study contains only 

appetitive stimuli, though, and we found that neural signals during reward 

anticipation in aINS and NAcc were positively correlated across our two reward 

modalities (Table 11). This result, along with the mediation analysis, hints at 

what information is (not) shared between aINS and NAcc in humans (Craig 2009; 

Naqvi and Bechara 2009), and corroborates much non-human work implicating 
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NAcc as a mediating region for effort-based motivation (Cardinal et al. 2002; 

Croxson et al. 2009). 

The hypothesized role of NAcc in multiple forms of motivation stems 

from studies relating response vigor (i.e., the mapping from motivation to effort) 

to dopamine signaling (Ikemoto and Panksepp 1999; Niv et al. 2007; Salamone et 

al. 2009). For example, dopamine depletion in rodent NAcc reduces response 

rates for rewards (Mingote et al. 2005), and lesions in rodent NAcc reduce 

motivation to exert effort for larger rewards (Hauber and Sommer 2009). Finally, 

it has been proposed that increasing tonic levels of dopamine are predictive of 

increasing response vigor (Niv et al. 2007). Our results, obtained with a reaction-

time task (although one that did not involve learning), lend support to this 

theory. BOLD signal does not allow for the delineation of tonic and phasic 

dopamine levels, but pharmacological evidence exists supporting the idea that 

dopamine release in NAcc will increase BOLD signal in NAcc (Knutson and 

Gibbs 2007). Indeed, we find increased relative reaction times correspond to 

increased NAcc activity, both as a continuous measure of individual 

heterogeneity (Figure 28), and as a group comparison (Figure 29). 

5.4.3 Models of relative motivation 

Distinctions between brain regions – while valuable in terms of better 

understanding specific neural circuits of motivational processing, may also be 

useful in considering more broad decision-making phenomena (see discussions 

in Chapters 2 and 6). An extension of our work could include mapping 

anticipatory BOLD signals or RMI onto exchange rates (Smith et al. 2010) or 
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purchases (Knutson et al. 2007). The usage of multiple reward categories – a 

paradigm characteristic that more closely mimics real-world decision 

environments – within a single experiment is increasing in popularity (as 

discussed in Chapter 1). Exploring the effects of specific combinations of extrinsic 

incentives on various components of motivation has not been extensively 

explored, though. For example, if we interpret RMI as a trait for each individual, 

approximately one-fourth of our participant population demonstrated relatively 

greater motivation for candy than for money (Figure 26B). While the presence of 

money as a reward in an experiment can significantly affect a participant’s 

responses to non-monetary outcomes (Heyman and Ariely 2004), we interpret 

our variability in motivation as evidence for non-monetary rewards serving to 

more effectively identify heterogeneity in effort-related motivational sensitivity 

across the population. Our paradigm demonstrates that even the simplest of 

tasks can reveal individual variation in relative reward efficacy across different 

reward modalities, and can potentially be extended to other investigations of 

motivation. 

The vast literature on motivational processes and their relationship to 

various decision-making mechanisms requires a focus on specific formulations of 

motivation and their interactions. For example, increases in extrinsic rewards do 

not always correspond to increases in effort (Kreps 1997), implying that 

behavioral measures of motivation likely contain several intrinsic and extrinsic 

components. A recent fMRI study sought to identify neural regions associated 

with voluntary engagement in task subsequent to the presence or absence of 
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extrinsic reward for performing the same task (Murayama et al. 2010). Group 

and individual differences in how much the presence or absence of monetary 

rewards modulated intrinsic motivation were predicted by activity in the basal 

ganglia, specifically portions of the anterior striatum. Other fMRI studies have 

implicated NAcc activity in response to reward cues as representative of effort-

based motivational processing (Pessiglione et al. 2007; Croxson et al. 2009). The 

motivational index employed here, RMI, is an index at the participant level, 

representing individual differences in the relative effort exerted to obtain two 

different kinds of rewards (candy and money), and it also implicates a ventral 

portion of the striatum, NAcc. We argue that the motivational index included in 

our analyses captures a measure of intrinsic motivation because participants 

were not incentivized to respond with different rates across reward modalities, 

yet they demonstrated significant variation in relative reaction times for our two 

large reward conditions (Figure 26A).  

Although we emphasize the intrinsic component of our NAcc results, 

there are alternative interpretations. The involvement of NAcc – here and in 

other studies – might reflect a more general motivational signal relevant to the 

individual’s task; the precise set of reward-relevant information being combined 

will vary depending upon context, but the integrated representation of all 

motivation-relevant information is feasible due to convergent reward-related 

projections to NAcc (Craig 2009; Haber and Knutson 2010). Given this possibility, 

future studies can ensure that neural measures attributed to intrinsic motivation 

are not the result of unclear extrinsic incentives (Camerer 2010). Or, researchers 
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can take strides to disambiguate how and where intrinsic and extrinsic 

motivations are divergent. Similarly, relating motivational processing that 

pertains to different levels of decisions, per se, such as eye movements (Roitman 

and Shadlen 2002; Milstein and Dorris 2007), response rates (Niv et al. 2007), or 

binary reward choices (Chib et al. 2009), will be crucial for delineating 

overlapping and distinct neural circuits for behavior (Rangel et al. 2008; Balleine 

and O'Doherty 2010). 

5.4.4 Conclusion 

This chapter shows that in the absence of a reward choice paradigm, 

reward anticipation signals in both nucleus accumbens and anterior insular 

cortex are informative about individual variability in relative motivation. 

Remarkably, information from nucleus accumbens mediates information about 

individual heterogeneity from anterior insular cortex. This result, one that 

isolates reward-related information, is akin to the result for posterior parietal 

cortex and unique valuation information in Chapter 3.  

The significance of nucleus accumbens and anterior insular cortex with 

respect to anticipatory affect is well established in humans (Knutson and Greer 

2008). However, identifying a robust mapping between neural measures of 

anticipatory states and various trait measures of motivation (Niv 2007) will aid in 

generating more biologically plausible (Clithero et al. 2008) models of reward-

seeking and effortful behavior (Kringelbach and Berridge 2009; Salamone et al. 

2009). In this way, a better understanding of motivation can aid in the modeling 
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and prediction of behavioral phenomena, both simple (e.g., choosing candy) and 

complex (e.g., fighting addiction). 

5.5 Supplementary information 

 

Figure 31: Magnitude effects for anticipation of both reward modalities. 
 

To identify brain regions that were sensitive to magnitude differences, we 

contrasted reward anticipation for candy (blue, left) and money (green, right) 

trials, using BC > SC and BM > SM contrasts, respectively. The contrasts shown 

are whole-brain analyses with a cluster significance threshold of p < 0.05. For 

display purposes, we increased voxel significance thresholds for the z statistic to 

identify distinct local maxima of activation. Both of our a priori ROIs, NAcc, and 

aINS, were sensitive to reward magnitude for both reward modalities. 

Importantly, the effect size for money reflects the fact that monetary rewards 

drive the interaction between reward modality and magnitude displayed in 

Figure 27B. 
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Figure 32: Nucleus accumbens and motivational index for small rewards. 
 

To determine whether our results for motivational index (Figure 28) 

extended to small candy (SC) and small money (SM) trials, we constructed an 

analogous index for reaction time (RT) for SC and SM trials (RTSC/ RTSM), and 

entered it as a covariate in our across-participant analyses for the BC > Zero 

contrast. A small volume correction of the bilateral NAcc mask was applied 

before employing cluster significance threshold of p < 0.05 and a voxel 

significance threshold of z > 2.3. The peak value of z = 2.56 for the 4 voxel cluster 

surviving that threshold was located at (x,y,z)  = (14,14,-8) in left NAcc. 
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6 Finding common ground for economics and neuroscience 

Neuroeconomics is currently confronted with choices on how to progress 

as a field. Building on the arguments formulated in Chapter 2, this chapter will 

outline how neuroeconomics can redistribute its efforts in both economics and 

cognitive neuroscience. 

6.1 Introduction 

Despite the many outlined successes of neuroeconomics in elucidating 

mechanisms behind decision-making and choice behavior, the received wisdom 

in the economics community is that neuroscience data remains of limited interest 

for economists because of its irrelevance to decision theoretic and microeconomic 

models (Gul and Pesendorfer 2008). Some more temperate perspectives on 

neuroeconomics also exist (Harrison 2008; Bernheim 2009), but the general 

consensus is that neuroeconomics will not provide economics with broadly 

informative models or data. Dispelling these claims was the primary goal of 

Chapter 2 (Clithero et al. 2008), and others have taken great strides to identify 

specific areas where neuroscience and economics overlap (Camerer 2008; 

Glimcher 2011). Here, we focus on the existing literature and forward-looking 

concepts for neuroeconomics. 

This chapter makes two claims about the current state of neuroeconomics 

literature. First, an exhaustive economics literature search and text analysis data 

show that economics is already working to integrate biological concepts and 

data. This effort, coupled with longstanding influences from psychology (Rabin 
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1998), makes integrating neuroscience a natural extension. Second, the current 

representation of neuroeconomics in review articles creates a skewed perception 

that unnecessarily constrains potential relationships between biology and 

economics. The bulk of neuroscience work aimed at better understanding the 

mechanisms underlying decision making has been done within the purview of 

cognitive neuroscience and by studies employing fMRI, but that does not require 

the field to continue to operate within the constraints of cognitive neuroscience.  

6.2 Identifying trends in the literature 

Although the neuroeconomics literature has been increasing in size and 

scope for nearly a decade, the relative usage of the term “neuroeconomics” may 

already be decreasing relative to that of “decision neuroscience” (Figure 33). A 

probable interpretation of this trend is that the interdisciplinary venture of 

neuroeconomics is emerging more as a subfield of cognitive neuroscience, 

instead of as a broader, interdisciplinary field; most do not (yet) grant it potential 

to become a robust tool for economic research (Bernheim 2009). Instead, this 

trend – if it is representative of the current direction of the field – can be viewed 

as an opportunity to recognize limits to how neuroscience data can inspire 

economic models and improve predictions. Analogously, a consumer researcher 

is unlikely to ask an economist for interest rates to help determine whether an 

individual prefers Coke or Pepsi. Issues between neuroscience, psychology, and 

economics include gaps in language (Caplin and Dean 2008), experimental 

design (Ariely and Norton 2007), and conception (Caplin 2008). Although there 

are many steps along the path from fundamental neuroscience to fundamental 
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economics, we will now explore two quantifiable reasons for a persistent 

perception that neuroeconomics cannot make substantial contributions to 

economics.  

 

 

Figure 33: Literature use of “neuroeconomics” and “decision neuroscience”. 
Literature searches for the usage of terms on January 8, 2011 in PubMed 
(www.ncbi.nlm.nih.gov/pubmed). The first appearance of “neuroeconomics” 
was in 2003 (2 articles). A year-to-year breakdown demonstrates a constant 
increase since 2003 in “decision neuroscience” articles, but a recent downward 
trend of articles employing “neuroeconomics,” with a peak in 2008 (37 articles). 

First, questions within economics that have already been addressed with 

biological data have not yet been sufficiently queried by neuroscience. Prospects 

for neuroscience data to be of use to economists are not limited, but may be more 

identifiable within areas of economics where biological data have already been 

employed. In other words, economic models containing parameters that can be 

approximated with biological data have been identified; neuroeconomics should 

work to see if neuroscience data are suitable in these instances. Neuroeconomics 
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should address economic questions that already use biological data, so 

neuroscience data can then be integrated into those research frameworks. 

The second reason for concerns about neuroeconomics influencing 

economics involves the flow of knowledge from cognitive neuroscience to 

economics. Economists are generally supportive of considering psychological 

constructs in theory and in experiments (Harrison 2008). Cognitive 

neuroscientists are concerned with identifying correspondences between core 

psychological constructs and neural systems. Recent discussions on improving 

the precision of connections between cognitive processes and neural mechanisms 

(Poldrack 2010; Yarkoni et al. 2010) should become more prominent within 

neuroeconomics; a cleaner association between psychology (in economics) and 

neuroscience will result in a stronger bridge between neuroscience and 

economics. Accordingly, key decision-making research in neuroscience should be 

better mapped to corresponding cognitive psychological constructs. In a world of 

limited data, efforts should be made to understand and refine connections that 

already exist (Dekel and Lipman 2010).  

Are there data that can bolster the above claims? We believe the trend 

presented in Figure 33 can be unpacked using both economics and neuroscience 

literature searches. The next two sections detail each set of literature data. 

6.3 Developing existing biological influences in economics 

Discussions of the relationship between biology and economics predate 

considerations of neuroeconomics (Hirshleifer 1985; Robson 2001), and are 

distinct from justifications of experimental or behavioral economics (Smith 1976; 
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Camerer et al. 2004) or the use of psychological constructs (Rabin 1998). Themes 

have included the evolution of utility, rationality, and social interactions (Robson 

2001). However, if economists are ultimately concerned with measures of 

consumption behavior, productivity, and economic growth, then neuroscience 

must push to enrich the existing relationship between biology and economics to 

address those issues. The same holds for cognitive measures used to model core 

issues (Heckman 2008; Cunha et al. 2010). 

6.3.1 Searching for biology in the economics literature 

In a literature survey of top economics journals, we collected abstracts for 

every article published in the past decade (1999 to 2009). All abstracts were 

scanned for terms pertaining to neuroscience (e.g., “brain”, “neural”, “cortex”, 

“dopamine”, “fMRI”) and biology (e.g., “biology”, “biological”), as well as 

genetics (e.g., “genetic”, “genealogy”). Across all abstracts, we first searched for 

neuroscience and biology (white bars, Figure 34), and then searched for genetics 

(black bars, Figure 34). In this manner, all “genetic” studies that also had 

neuroscience or biology terms are grouped in the first category, so as to avoid 

double counting of abstracts. This search process identified a corpus of 59 

abstracts. Common words (e.g., “the” and “it”) were removed and the remaining 

words were quantified. 

 We found – through text analysis of those abstracts – that there exists 

substantial effort within economics to employ biological data to predict behavior, 

design better policy, and improve economic theory. Economic studies employing 

biological data are frequently interested in emotion, health, family, and 
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education, among others (The 30 most frequently-appearing words are shown 

above the histogram in Figure 34); the literature search reveals a diverse set of 

research agendas. Although the fraction of articles is relatively low (e.g., 

“development” in AER alone yielded 214 abstracts), the findings demonstrate the 

existence of prominent research in economics employing biological concepts. 

6.3.2 Building on the existing literature in economics 

The range of theoretical and experimental data with biological 

implications considered in economics (Figure 34) expands beyond that which is 

proverbial to the neuroeconomics literature. To address some of these novel 

topics, neuroeconomics can turn to other areas of neuroscience that are already 

addressing similar questions. Socioeconomic status and neural development, 

often tied to variance in education and learning outcomes, has been discussed 

extensively in the neuroscience literature (Hackman et al. 2010), and some of that 

knowledge has already made its way to the economics community (Heckman 

2008). Similarly, neuroscience is working to identify the emotional components 

of cognition (Phelps 2006), and there exist decision theory models in economics 

that incorporate emotion (Compte and Postlewaite 2004). Yet, despite efforts in 

behavioral economics to study emotion’s role in decision making (Loewenstein et 

al. 2001), there is a relative dearth of emotion studies in neuroeconomics. In both 

of these examples, a connection between economics and neuroscience is 

immediately apparent (Harrison 2008). In this fashion, by way of psychology, 

neuroeconomics can benefit by incorporating more cognitive neuroscience, not 

less. 
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Figure 34: Biology search in economics literature. 
Eight top economics journals were scanned from 1999 to 2009 for the use of 
biology terms pertaining to biology. Included journals: American Economic 
Review (AER), Econometrica (EMA), Journal of Economic Literature (JEL), 
Journal of Economic Perspectives (JEP), Journal of Finance (JF), Journal of 
Political Economy (JPE), Quarterly Journal of Economics (QJE), and Review of 
Economic Studies (RES). The 30 most common words in the abstracts employing 
biological concepts (number of total abstracts was 59) are shown. 

Familiar neuroeconomic topics, such as strategic thinking and temporal 

discounting (Rogers 1994), are also present in the corpus, within a string of 

economics literature that frames construction of utility and rationality through 

evolution and sociobiology (Becker 1976; Robson 2001). Potential origins of 

economic phenomena such as temporal discounting are included, but traits that 

could have evolved through interactions, such as social intelligence, theory of 

mind, and altruism, are also emphasized. This area has been the source of 

extensive theoretical and experimental work, including efforts to classify 

individuals based on their strategic behavior across a range of interactive games 

(Costa-Gomes and Crawford 2006). The value of understanding decisions with 
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social components is known to neuroeconomics (Fehr and Camerer 2007; Sanfey 

2007), including how social preferences in simple interactive situations are 

affected by biological traits (Fehr et al. 2005; Tankersley et al. 2007). The 

abundance of theoretical work in this area of economics, though, should facilitate 

neuroeconomic research that jointly tests potential processes behind behavior in 

interactive or strategic situations (Andreoni and Bernheim 2009; Bernheim 2009). 

In the same way that neuroscience can supply economics with new and 

high-dimensional data, economics can furnish neuroscience with econometric 

and modeling methods. An incremental approach to incorporating neural data in 

standard economic practice might be accomplished by reformalizing well-known 

neural hypotheses. A recent set of work transformed a neural theory, the reward 

prediction error hypothesis for dopamine (Schultz et al. 1997), into a familiar 

economic and axiomatic framework (Caplin and Dean 2008). The axiomatic 

framework was then formally tested in an fMRI experiment designed to isolate 

brain responses to reward prediction errors (Caplin et al. 2010; Rutledge et al. 

2010). This work was a first step in nonstructural work that attempts to identify 

biological properties that must exist in order for a model (such as reward 

prediction errors) to be valid. Another area of biology that economics finds 

increasingly informative is genetics, measures of which have been tied to 

variation in behavior in certain investment tasks (Cesarini et al. 2010). These 

multiple levels (gene, neurotransmitter, and brain region) of biological data 

might not all be consistently tractable for economists. Better modeling might 
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serve a filtering role in identifying which level of reductionism is appropriate for 

a given research agenda. 

6.4 Identifying relevant neuroscience research 

Neuroeconomics continues to draw interest from economics and other 

social sciences. An important means for non-practitioners to garner knowledge 

from neuroeconomics (and all of cognitive neuroscience) is through review 

articles. This information flow from neuroscience to economics has been 

facilitated by the rapid acceleration of cognitive neuroscience. Reviews 

containing key findings in neuroeconomics are published frequently. Thus, one 

method for quantifying popular themes in neuroeconomics is to summarize the 

content of review articles. 

6.4.1 Searching for key concepts in reviews of neuroeconomics 

We first collected a set of 32 articles (listed in Table 15, average number of 

citations was 99). Although many of the included review articles address 

neuroeconomics in general (Glimcher and Rustichini 2004; Zak 2004; Sanfey et al. 

2006; Montague 2007; Loewenstein et al. 2008; Smith and Huettel 2010), there are 

some that have a more specific aim (i.e., within neuroeconomics). The corpus 

includes reviews focusing on social aspects of decision making (Fehr and 

Camerer 2007; Sanfey 2007; Lee 2008; Rilling and Sanfey 2011), financial decision 

making (Bossaerts 2009), marketing (Ariely and Berns 2010), risk and uncertainty 

(Platt and Huettel 2008; Schultz et al. 2008), clinical applications (Paulus 2007; 

Kishida et al. 2010), ethology (Watson and Platt 2008), and an economics 

perspective (Camerer et al. 2005; Cohen 2005; Harrison 2008; McCabe 2008; 
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Bernheim 2009; Rustichini 2009). Other included reviews provide a more 

complete framework for studying decision-making behavior (Montague and 

Berns 2002; Sugrue et al. 2005; Doya 2008; Rangel et al. 2008; Kable and Glimcher 

2009), while others focus on specific brain regions (Knutson and Greer 2008; 

Rushworth and Behrens 2008). Others discuss more of a philosophical case 

(Hardy-Vallée 2007; Clithero et al. 2008; Bernheim 2009). 

Using this corpus of articles, we determined that many articles are cited 

across the corpus (total number of unique citations was 1920), but only several 

dozen articles are repeatedly considered. Although citations are frequently 

known to follow a power law (Peterson et al. 2010), meaning that some papers 

will be disproportionately cited, our data are more skewed than a traditional 

distribution of citations (M = 1.65, SD = 1.78, skewness = 4.54, kurtosis = 29.1). 

We collected articles with at least ten appearances in the 32 review articles (N = 

24). These abstracts were then subjected to a simple text analysis that quantified 

the number of appearances of words (same method as used for the economics 

literature in the previous section). 

The 30 most frequently used words in popular articles (Figure 35) are 

clearly distinct from those in Figure 34. Thus, there is a clear disconnect between 

themes for economics and cognitive neuroscience. Certain concepts, fundamental 

ones such as “risk” and “value,” have dominated the literature in 

neuroeconomics. The same is true for certain brain regions, such as striatum and 

orbitofrontal cortex (OFC), and neurotransmitters (dopamine). As most of the 

review articles are in general science or neuroscience journals, this narrow 
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representation of neuroeconomics is also likely prevalent within the cognitive 

neuroscience community. 

Table 15: Included neuroeconomics review articles. 

Authors  Year Number of Citations 
Ariely and Berns 2010 84 
Bernheim 2009 76 
Bossaerts 2009 98 
Camerer et al. 2005 260 
Clithero et al. 2008 195 
Cohen 2005 80 
Doya 2008 88 
Fehr and Camerer 2007 75 
Glimcher and Rustichini 2004 48 
Hardy-Vallee 2007 58 
Harrison 2008 124 
Kable and Glimcher 2009 119 
Kishida et al. 2010 132 
Knutson and Greer 2008 109 
Lee 2008 100 
Lowenstein 2008 125 
McCabe 2008 64 
Montague 2007 95 
Montague and Berns 2002 53 
Paulus  2007 87 
Platt and Huettel 2008 81 
Rangel et al.  2008 135 
Rilling and Sanfey 2011 159 
Rushworth and Behrens 2008 100 
Rustichini 2009 40 
Sanfey 2007 53 
Sanfey et al.  2006 80 
Schultz et al. 2008 56 
Smith and Huettel 2010 210 
Sugrue et al. 2005 107 
Watson and Platt 2008 103 
Zak 2004 63 
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Figure 35: Neuroeconomics review articles. 
A set of neuroeconomics review articles (N = 32), listed in Table 15 determined 
that many articles are cited across the corpus (total number of unique citations 
was 1920), but a disproportionately small number are cited frequently 
(histogram). The abstracts of all articles (N = 24) appearing at least ten times in 
the corpus of reviews reveal (top 30 words displayed) common themes in the 
represented research. 

6.4.2 Looking at common themes in neuroeconomics 

Cognitive neuroscience has yielded convergent findings for foundational 

concepts that will be crucial for advanced understanding of choice behavior, but 

it has also constructed a skewed representation of the potential for 

neuroeconomics. Certain components of the choice process have been 

emphasized in the literature, including the subjective value of rewards (Padoa-

Schioppa 2007; Rangel et al. 2008), how uncertainty affects choice (Platt and 

Huettel 2008), how time horizons affect choice (Kable and Glimcher 2007; Peters 

and Buchel 2010), and learning processes behind choice (Behrens et al. 2007). 

Additionally, there exist some meta-analyses of key brain regions or these 

cognitive concepts, such as OFC (Kringelbach and Rolls 2004), valuation 

(Grabenhorst and Rolls 2011), and risk processing (Mohr et al. 2010). However, 
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construction of correspondences between neural and cognitive mechanisms are 

currently tenuous (Uttal 2001; Poldrack 2010). In the case of decision making 

under uncertainty, a more fundamental concern is connecting observed risk 

preferences with decision theoretic models of risk that potentially identify the 

source of those preferences (Dekel and Lipman 2010). In this way, although 

neuroeconomics has identified the neural mechanisms of risk processing, 

capturing the neural mechanisms of risk-preference formation will require 

narrowing the gap between economic and neuroeconomic concepts of risk 

(Starmer 2000; Schonberg et al. 2011). Progress will also stem from combining 

concepts such as social influence, risk, and learning (Behrens et al. 2008), or 

purchasing of popular items (Knutson et al. 2007; Chib et al. 2009).  

Neuroeconomic studies that employ tasks where model parameters (e.g., 

subjective value or risk-aversion) can be estimated for each individual (Huettel et 

al. 2006; Kable and Glimcher 2007) can be employed to clarify or disambiguate 

cognitive concepts. Estimations can of course involve multiple parameters within 

a single model or involve model comparisons. Indeed, model-based fMRI makes 

it feasible to compare different cognitive processes or models from behavioral 

economics (Hampton et al. 2006, 2008). Model comparison is not without 

precedent in the behavioral economics literature (Harrison and Rutstrom 2009); 

the neuroeconomic case instead involves determining which model fits both 

behavioral and neural data best. As reflected in our text analysis (Figure 35), the 

bulk of neuroeconomic studies employ fMRI data as the measure of neural 

activity. A modeling technique aimed to better explain and jointly estimate 
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neural dynamics and behavioral output will hopefully reduce skepticism in 

economics regarding fMRI methodology (Harrison 2008). More advanced 

methods for estimating behavioral economic data (Andersen et al. 2010) could be 

integrated into the modeling that goes into a classical fMRI study (Friston 2005; 

Huettel et al. 2008; Woolrich et al. 2009). Such a framework could advance a 

transition from identification of neural systems for economic decision making, to 

application of mechanistic understanding (Bernheim 2009). 

6.5 Building a neuroeconomics of general interest 

The current literature contains significant work involving biology within 

economics and decision making within cognitive neuroscience. Yet, despite a 

growing literature, the present range of neuroeconomics does not encompass the 

questions economists commonly seek to answer. This section outlines several 

avenues of work for constructing a neuroeconomics of general interest. 

6.5.1 Generalizing neural mechanisms 

As neuroeconomics accumulates evidence for how the human brain 

computes values and makes choices, it should also strive for the most 

parsimonious explanations behind choice behavior. Different types of choices 

(e.g., over gambles, food items, donations) have been studied using fMRI, and 

many types of decision-making processes appear to recruit similar sets of brain 

regions. Identifying parsimonious components of decision-making mechanisms 

and their relationship to other cognitive processes will aid in understanding and 

generalizing those decision-making mechanisms (Rushworth et al. 2009). For 

example, if moral judgments or working memory recruit the same neural 
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networks as goal-directed choices (Peters and Buchel 2010; Shenhav and Greene 

2010), we can predict abnormal behavior in one dimension based on observed 

behaviors in another dimension. Similarly, different levels of cognitive control 

might play varying roles in types of choice behavior (Venkatraman et al. 2009) 

and understanding those distinctions can lead to behavioral predictions in 

different domains with different conflicts.  

Generalization of mechanistic understanding will also come through 

identifying changes in decision-making mechanisms. Measurements of change 

can come from pharmacological studies (Rogers 2011), manipulations such as 

sleep deprivation (Chee and Chuah 2008), or comparisons of different age groups 

(Samanez-Larkin et al. 2010; Winecoff et al. 2010). Multiple cognitive processes 

are likely to contribute to any given decision (e.g., computation, working 

memory, or emotion); manipulating those processes is necessary to isolate their 

relative contributions. 

Isolation of cognitive processes in the brain necessitates a mapping of core 

cognitive concepts and their consistent neural underpinnings (Poldrack et al. 

2009; Poldrack 2010). This domain relates directly to constructing consistent 

concepts in neuroeconomics for regularly discussed topics (e.g., “risk” and 

“value”). Clear concepts of neural networks are also important, so efforts to 

connect cognitive concepts that pertain to decision making onto neural systems 

are likely to be aided by network analysis of neural data (Bullmore and Sporns 

2009), computational models, and multivariate techniques that bridge results of 

different measures of neural data (Kriegeskorte et al. 2008). 
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6.5.2 Creating new models 

Neuroeconomics can also generate new models to test and behavioral 

parameters to estimate through microeconomic theory. Psychological concepts 

are not new to economic or decision theory (Caplin and Leahy 2001), but most 

early efforts focus on long-standing psychological concepts, such as a “dual-

system” for decision-making in the brain (Fudenberg and Levine 2006; Brocas 

and Carrillo 2008). Intuitive appeal is an important component of economic 

theory, but biological plausibility should also be emphasized (Clithero et al. 2008; 

Dayan and Daw 2008) where multiple levels of measurement (e.g., neural data, 

trait data, and behavioral data) have hypothesized effects on subsequent 

behavior (Dickhaut et al. 2009). Plausibility increases the believability of a model 

and the likelihood that its predictive power will span a broader domain (Quartz 

2008; Dekel and Lipman 2010).  

Adding a biological consideration might prove useful when there exist 

multiple models with identical behavioral predictions. For example (as discussed 

in Chapter 2), self-control or anticipated regret (Sarver 2008) might lead one to 

avoid eating dessert, although the cognitive processes – and presumably distinct 

neural mechanisms – underlying that choice would be different. With neural 

data and knowledge of the neural substrates of regret and self-control, 

identification of the actual mechanism implemented would be possible and 

therefore would permit differentiation between decision models (Dekel and 

Lipman 2010). An even stronger conclusion would come in the rejection of 

certain models because they are not biologically plausible (Clithero et al. 2008; 
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Rustichini 2009). If neural data differentiated between processes used by 

different individuals (e.g., identifying individuals more likely to exert self-

control), such distinctions could be used for predictions in other domains, such 

as in strategic environments (Bhatt et al. 2010) or differences in reward 

preferences (as in Chapter 4 or 5). 

Improving methods for the incorporation of additional individual data 

(e.g., genetics, survey scores, and other experimental tasks) into a decision-

making model may also bring neuroeconomic work closer to economics 

(Harrison 2008; Bernheim 2009). As an example, self-control has been modeled 

extensively in economics (Gul and Pesendorfer 2001; Fudenberg and Levine 

2006; Dekel et al. 2009). Self-control behavior likely varies across different 

environments, and it might be that socioeconomic status affected brain 

development, which in turn affected prefrontal cortex function (Hackman et al. 

2010), which led to alterations in the computations underlying self-control, which 

affected subjective value measures (Hare et al. 2009). Identification of those 

predictive socioeconomic status variables for subsequent self-control might be of 

primary interest to economists, but inclusion of neural data in a model could 

strengthen the predictive power of a model, depending upon the strength of an 

intermediate neural mapping (Meyer-Lindenberg and Weinberger 2006) from 

socioeconomic measures to the behavioral measure of interest. Thus, while it is 

already well-known that there exist differences in how much individuals are 

willing to pay for certain goods and that neural data can aid in that prediction 
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(Knutson et al. 2007; Plassmann et al. 2007), isolating and identifying different 

components of that heterogeneity might be of greater interest in economics. 

6.5.3 Extending beyond the laboratory 

Although laboratory experiments are widely accepted in the economics 

community (Falk and Heckman 2009), neuroeconomics could benefit from 

emulating recent efforts to map laboratory to field data in economics (DellaVigna 

2009). As hypothetical discounting questions predicted real choices for a savings 

commitment program (Ashraf et al. 2006) and behavior in a laboratory trust 

game predicted loan repayment effectiveness (Karlan 2005), identifying 

analogous relationships between neural and field data should be a goal for future 

neuroeconomic studies. In the self-control domain, it would be exciting to extend 

measures of self-control to spending habits and debt management. Some work 

has already been done in this area, tying personal financial data to learning 

behavior and striatum activity in an fMRI experiment (Tobler et al. 2007). 

Determining the ability to extend neuroeconomic models to normative 

economics will also be essential for the growth of neuroeconomics (Bernheim 

2009). The better we understand heterogeneity in decision-making processes, and 

the better we understand how controlled behavioral and neural processes 

correspond to naturally occurring phenomena, the better we should be at 

identifying neural computations relevant to heterogeneity in welfare. There are 

legitimate methodological hurdles to generating neural measures of welfare 

(Bernheim 2009), but frameworks exist for extending welfare analysis in non-

standard directions (Bernheim and Rangel 2009). At minimum, there must be an 
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effort to reduce the “closeness” of informative neural variables to behavior 

(Bernheim 2009) in models. More complex behavioral measures, such as those 

discussed throughout this chapter (e.g., non-laboratory behavioral data) should 

be mapped to neural measures. Economic well-being is obviously a function of 

choices made in the field; neuroeconomics must necessarily demonstrate robust 

links to those choices to infer rigorous neural measurements of welfare. 

6.6 Moving forward 

Although there now exists a firm foundation for understanding the 

neurobiology of decision making, the current range of research themes in 

neuroeconomics has curbed enthusiasm within economics. While there are some 

epistemological constraints on applications of neurobiological data to economic 

questions (Bernheim, 2009; Glimcher, 2011), those concerns do not preclude 

neuroeconomics from redistributing effort and focus. Neuroeconomics has 

excelled at acquiring mechanistic knowledge of simple choice behavior; the field 

must now use that foundation to address questions economists regularly ask of 

naturally occurring behavioral phenomena. While cognitive neuroscience works 

to understand both constant and idiosyncratic brain function across individuals, 

neuroeconomics must work to integrate similar measures of neural homogeneity 

and heterogeneity into economic analysis. Obtaining mechanistic convergence in 

neuroeconomic research does not hinder expansion of its applicability to models 

of more complex behavior. Rather, the more biologically plausible the economic 

model, the more likely that model will be able to employ biological data to 

formulate statements about welfare and potential changes in policy. 
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Economics has grown in pace with the availability of new kinds of data, 

perhaps most recently with the information explosion on the internet (Varian 

2010). Neuroscience presents another opportunity: the internal states and 

cognitive processes underlying choice are now observable and identifiable for 

economic models. Much can be done to synthesize existing knowledge in 

cognitive neuroscience (Yarkoni et al. 2010; Akil et al. 2011) and apply that 

synthesis to areas of economics already identified as amenable to process and 

biological data (i.e., mechanistic data). The framework for a successful 

integration of neuroscience into economics involves convergent work that 

optimizes synthesized findings from cognitive neuroscience, but also requires 

neuroscience to redistribute its effort within economics. 
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7 Concluding thoughts 

The set of results contained in this thesis contribute to several areas of 

neuroeconomics. Broadly, all of the included neuroimaging studies demonstrate 

an ability to identify unique reward-related information in the human brain, 

with specific results identifying more refined correspondences between neural 

responses and information that pertains to evaluative and preference-based 

processing. Further, several of the findings reveal that the human brain encodes 

preference-related information even if individuals are not explicitly asked to 

reveal a preference between rewards. Both studies employing multivariate 

analyses uncovered mappings between reward information and neural data that 

were not accessible from canonical univariate analyses. Given that applications 

of multivariate analyses to neuroeconomic data are relatively small in number, 

this thesis provides impetus for further multivariate pattern analysis of reward 

processing in the brain. Finally, this thesis also quantifies the current 

contributions of neuroeconomics to both economics and cognitive neuroscience, 

and identifies key principles that can be used to further construct 

neuroeconomics as an interdisciplinary field. In this concluding chapter, I will 

reprise central findings and discuss potential further explorations. 

7.1 Summary of contributions 

The research contained in this thesis employs a neuroeconomic approach 

to understanding reward and decision-making processes in the brain. Using 

multiple behavioral tasks, different analytic techniques on functional magnetic 
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resonance imaging data, and quantitative reviews of the existing literature, this 

thesis makes novel connections between cognitive neuroscience and economics. 

This section briefly revisits some central results from each chapter. 

Chapter 2 outlined the core challenges of using neuroscience data to 

address economic questions, naming and rejecting two often-repeated arguments 

against the integration of these fields. These two arguments, labeled the 

Behavioral Sufficiency and Emergent Phenomenon arguments, are built on hidden 

and tenuous assumptions, and the chapter described means for neuroeconomics 

to overcome them. The remainder of the chapter focused on constructing two 

foundational principles that can guide interdisciplinary work relating 

neuroscience data to behavioral phenomena, namely Mechanistic Convergence 

across experiments and Biological Plausibility in behavioral models. 

Chapter 3 employed multivariate pattern analysis (Figure 2) to identify brain 

regions that contain unique local information associated with different types of 

economic valuation (participants were asked to evaluate probabilistic or 

intertemporal rewards). A combinatoric approach – combinations of signal from 

two, three, and four brain regions – evaluated the unique contributions of 

different brain regions to the ability to decode those different types of valuation 

(Figure 7). Local voxel patterns in posterior parietal cortex contained unique 

information differentiating probabilistic and intertemporal valuation, a result 

that was not accessible using standard univariate analyses. These results have 

implications for determining how various pieces of reward information are 

integrated and how subjective value is constructed in the human brain. Early 
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valuation phases for these reward types differed on a fine spatial scale, 

suggesting the existence of computational topographies for different reward 

modalities. 

Chapter 4 extended the multivariate analyses of Chapter 3 with a 

substantive contribution to neuroeconomics literature by employing both within- 

and cross-participant multivariate pattern analyses. The within- and cross-

participant analyses rely on potentially different sources of neural variability and 

thus provided distinct information about brain function. Both analyses identified 

brain regions that contain information about passively-received monetary 

rewards (cash) and social rewards (images of human faces). The within-

participant analyses primarily implicated brain regions to be expected: the 

ventral visual processing stream – including fusiform gyrus and primary visual 

cortex. However, the analyses also implicated the ventromedial prefrontal cortex 

(Figure 15). Working from those results, two key findings indicated these regions 

may contain statistically discriminable patterns that contain different 

informational representations. First, cross-participant analyses implicated 

additional brain regions, including nucleus accumbens and anterior insular 

cortex (Figure 19). The cross-participant analyses also revealed systematic 

changes in predictive power across brain regions, with the pattern of change 

consistent with the functional properties of regions (Figure 21). Second, 

individual differences in classifier performance in ventromedial prefrontal cortex 

were related to individual differences in preferences between the two reward 

modalities, as measured in a subsequent exchange task (Figure 17). These results 
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reveal a distinction between patterns reflecting participant-specific functional 

organization and patterns indicating aspects of brain organization that generalize 

across individuals.  

Chapter 5 employed a variant of a canonical reward anticipation task that 

allows measurement of relative motivation without observing choices between 

rewards (in this study, money and popular candy). Most neuroeconomic studies 

focus on choices or decisions between options, a cognitive process that 

commonly integrates motivational relevance from many different anticipated 

outcomes. Instead of choices over reward options, a reaction-time index captured 

individual differences in intrinsic motivation. This relative motivational index 

mapped onto two previously implicated brain regions that support relative 

motivation across individuals. Activation in the nucleus accumbens and anterior 

insular cortex predicted both individual variation (Figure 28) and group 

differences (Figure 29) in relative motivation between the two reward modalities. 

Strikingly, though, the nucleus accumbens activation mediated the predictive 

effects of anterior insular cortex for individual heterogeneity in relative 

motivation during stimulus presentation (Figure 30). These findings 

demonstrated that idiosyncrasies in reward efficacy persist even in the absence 

of a reward choice environment, and implicated the nucleus accumbens as a 

proximal region for variation in intrinsic motivation. Like the results of Chapters 

4 and 5, these results exhibited the faculty of neuroeconomic methods to identify 

specific pieces of reward-related information in neural patterns of activity.  
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The content of Chapter 6 complemented the discussion of neuroeconomics 

in Chapter 2 with a unique data set: an exhaustive corpus from leading 

economics journals and the references from a large set of neuroeconomics review 

articles. Text analysis of that corpus demonstrated systematic biases in how 

neuroscience pertaining to decision-making research is extracted, summarized, 

and represented. The chapter proposed that cognitive neuroscience could strive 

to incorporate concepts already prominent in economics that involve biological 

(and not just neurobiological) data. Although the chapter discussed specific 

topics (e.g., socioeconomic status, emotions, and aging) that could become more 

central in neuroeconomics, an emphasis was also placed on employing cognitive 

neuroscience to identify parsimonious and generalizable neural models of 

decision-making behavior. 

7.2 Future considerations 

The work contained in this thesis, in addition to other research in 

progress, motivates additional neuroeconomic research along several paths. 

Importantly, there have been several extensive efforts to draw out a map for the 

next generation of neuroeconomic studies to explore, both by researchers with 

economic (Bernheim 2009) and neuroscience (Huettel 2010; Glimcher 2011) 

backgrounds. These impressive discussions have heavily influenced my own 

thinking about neuroeconomics, and have therefore also affected future research 

interests. This section concludes the thesis with an overview of potential 

directions, and an explanation of how my current work has shaped those plans. 
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Some themes recapitulate those raised in Chapter 6, but much of the discussion is 

couched in terms of brain imaging experiments in this thesis. 

One of the key steps for neuroeconomics in understanding the 

construction of subjective value is identifying the situations in which the brain 

does compute subjective value. For example, it may be that certain components 

of subjective value are computed in cases when an individual is not required to 

make a choice (i.e, automatically, when the reward is presented to an individual). 

One of the core results of Chapter 4, that the statistical discriminability of the 

neural representation of distinct rewards is predictive of subsequent preferences 

over them, is supported by other claims of an automatic valuation system in the 

brain (Lebreton et al. 2009; Tusche et al. 2010; Levy et al. 2011). There now exists 

mounting evidence that preference-relevant information is encoded in the 

absence of choice, but the precise set of circumstances under which this is true 

remains unclear. In most cases, items are presented in isolation, and subsequent 

binary choices are matched to earlier neural responses. Most daily choices, 

however, involve selection from a broader menu of options. There is a relative 

dearth of such experiments, although there do exist some neuroeconomic studies 

with paradigms that present participants with three or four alternatives (Izuma 

et al. 2008; Wittmann et al. 2008). Many neuroeconomic hypotheses could be 

tested from the simultaneous presentation of multiple rewards, including 

identifying whether an automatic valuation system could juggle values of 

multiple items (Koechlin and Hyafil 2007; Boorman et al. 2009). Clearly, the brain 

must conserve its finite capacity; values for all stimuli cannot be calculated for 
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complex environments. Thus, neuroeconomics can construct a model for an 

automatic valuation system that includes biological constraints, either in terms of 

the number of computations, or in terms of deployment.  

Value computations can be constrained if the reward information required 

for those computations is limited. Therefore, identifying and understanding the 

efficacy of that information is crucial for neuroeconomics. For example, value 

computation must have a starting point (e.g., zero on a scale): an individual’s 

reference point (e.g., what constitutes a monetary gain or monetary loss). 

Reference points have inspired several key neuroeconomic studies (De Martino 

et al. 2006; Tom et al. 2007; De Martino et al. 2009; Hsu et al. 2009), and have, of 

course, been the discussion of many models in economics (Kahneman and 

Tversky 1979; Kobberling and Wakker 2005; Koszegi and Rabin 2006). Yet, 

despite tremendous effort within neuroeconomics to understand heterogeneity 

in preferences across individuals, an analogous effort does not exist towards 

identifying sources of variation in reference points that ultimately contribute to 

preference heterogeneity. In this thesis, only the experimental paradigm in 

Chapter 4 included negative monetary amounts, although the other experiments 

might well have elicited different reference points across individuals, such as 

different weighting of time or probability (Chapter 3), or changing value scales 

for goods less fungible than money (Chapters 4 and 5). Many neuroeconomic 

studies argue that nucleus accumbens and ventromedial prefrontal cortex (and 

perhaps orbitofrontal cortex and anterior cingulate cortex) contribute to the 
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construction of a common metric for comparing goods, but it may be that those 

regions (or others) have different reference points when constructing value. 

Additional brain regions likely contribute to choosing reference points to 

implement multiple value scales and (potentially) subsequently abandoning 

them to create a value signal that is common across rewards (Clithero and Smith 

2009). Along the same lines, the level at which rewards are represented in a 

common way (Montague and Berns 2002), such as within or across neurons, is 

likely related to the number of reference points in the brain (Grabenhorst and 

Rolls 2011). 

Similar neural reward-processing distinctions across individuals can also 

be made to not engage value computation, per se, but instead to involve 

differences in relative motivational processes in the brain (Chapter 5). Although 

there are distinct neural circuits for motivational processing and value 

computing, identifying the commonalities of one can help with understanding of 

the other (Balleine and O'Doherty 2010). In the same way that reward valuation 

appears to occur automatically, motivational processing is frequently tied to 

discussions of habitual actions (Graybiel 2008). Thus, groupings based on more 

foundational traits of reward processing may be useful for sorting individuals 

along more complex dimensions. One option is to explore biological variation at 

the genetic level, particularly with respect to genes that pertain to dopaminergic 

function (Frank and Fossella 2011). Although the methodology for integrating 

data across multiple levels of systems neuroscience is still in its infancy 

(Geschwind and Konopka 2009), genetics will become increasingly important in 
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cognitive neuroscience (Hariri 2009), as well as in economics (Cesarini et al. 2009) 

and neuroeconomics (Ebstein et al. 2010). In addition to linking across different 

levels of reward processing in the brain, it will also be important for 

neuroeconomic research to link across different levels of biology (Glimcher 2011). 

These research agendas speak to efforts to construct more formal 

neuroeconomic models. Modeling valuation processes in the brain continues to 

progress (Montague and Berns 2002; Montague et al. 2006; Rangel et al. 2008), 

and some of the greatest contributions have come from formal comparisons of 

different potential computational processes in the brain that lead to evaluative 

choice (Hampton et al. 2006; Kable and Glimcher 2007; Behrens et al. 2008; 

Hampton et al. 2008; Hare et al. 2008). However, the breadth of neuroeconomic 

models can expand to include computational models for different brain regions 

(Daw et al. 2005) or neurotransmitters (Yu and Dayan 2005; Niv et al. 2007), 

axiomatic models in economics (Caplin and Dean 2008), or multivariate 

techniques for model comparison (Kriegeskorte et al. 2008; Kriegeskorte 2011). 

Each of these should be able to identify computations that correspond to joint 

valuations across (i.e., sets of goods) or relative to other rewards (i.e., comparison 

to other goods in a set). Multivariate analyses also make it possible to test the 

similarity of neural representations both within and across regions (Chapter 4), 

which would facilitate testing the consistency of value scales across brain 

regions. Further, these comparisons can potentially be made across individuals; 

different individuals might deploy different decision strategies or computations 

in constructing value (Venkatraman et al. 2009), even if the ultimate subjective 
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value is the same across individuals. In this way, multivariate analyses also have 

the potential to group individuals based on distributed neural patterns. 

Beyond constructing testable models that jointly incorporate neuroscience 

and economics, new neuroeconomic research should strive to achieve neural 

generalizability and external behavioral validity. As discussed throughout this 

thesis, neuroscience is – like other biological disciplines such as genetics – 

rapidly becoming a cumulative science (Akil et al. 2011), and efforts to rigorously 

describe distinct cognitive processes are underway (Poldrack 2010; Yarkoni et al. 

2010). Neuroeconomics may find – to its benefit – that many of its decision-

making processes relate to more generalizable, global mechanisms in the brain 

(Rushworth et al. 2009; Sepulcre et al. 2010). As such, all neuroeconomic studies 

should attempt to include analyses that can map implicated brain regions onto 

specific cognitive processes. With respect to external validity, this is perhaps the 

final hurdle for neuroeconomics (Bernheim 2009). Can neural data on a few be 

employed to better model the everyday economic behavior of many? Economics 

is already working to incorporate laboratory and field data (Karlan 2005; 

DellaVigna 2009); neuroeconomics can also move in this direction. If successful, a 

neuroeconomics of such scope would truly be an interdisciplinary science, and 

one with broad appeal. 
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