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Preface

Over the past decade there has been a tremendous
growth in both scholarly and popular interest at the
intersection of neuroscience, economics, and psychol-
ogy. Fifteen years ago less than four academic papers
were published a year that were tagged with both
“brain” and “decision making” as keywords. Today,
almost 200 are published each year and that number
doubles approximately every three years. What the
field has lacked until now, however, is a comprehen-
sive source for academic scholars that provides a com-
plete survey of the field at a technical level. It is our
hope that this volume will fill that gap.

USING THE BOOK AS A HANDBOOK

As editors, we see this book as filling three spe-
cific niches. First, we see the book as a “Handbook of
Neuroeconomics”. A volume that can be picked up
by a practicing economist, psychologist, or neurosci-
entist from which he or she can gain a fairly intimate
understanding of the accomplishments and challenges
in Neuroeconomics today. For this reason, each chap-
ter has been written to stand alone as an independent
contribution. For a reader looking to gain a deeper
understanding of one or more of the subareas of this
field, the chapters can be read in any order.

USING THE BOOK AS A TEXTBOOK

Second, we see the book as a graduate (or advanced
undergraduate) textbook appropriate for use in a sem-
inar course on Neuroeconomics. Our goal in design-
ing the book and editing the chapters was to create a
text that beginning graduate students in any depart-
ment would find both readable and informative. Our
goal was for each chapter to both provide necessary
background information for interdisciplinary stu-
dents and offer sufficient depth for experts. To achieve
that end, we have worked with the authors to mini-
mize the use of technical vocabulary (wherever pos-
sible) and have structured the book into five sections.

xvii

Looking through these sections the reader will note,
as an added feature, that the first 1-3 chapters of
each section fill two roles. They both provide critical
pedagogical background material for interdiscipli-
nary study and survey an important advance within
Neuroeconomics. Teachers using the book as a text are
urged to consider this feature when making assign-
ments. Our hope is that reading these introductory
chapters will provide students (and faculty) from any
discipline with enough background material to under-
stand the critical issues in the field and the more tech-
nical chapters that follow.

For this reason, we suggest that the order of section
presentation in a classroom be customized according to
the field in which the students are experts. For psychol-
ogists of Judgment and Decision Making, section two
will contain the most familiar material and this might
serve as an excellent starting point. For social psychol-
ogists, section three might be an appropriate starting
point. Economists will find section one a comfortable
place to start just as neurobiologists will find sections
four and five particularly familiar. Alternatively, of
course, the book can be read from cover-to-cover and
the result of that approach should be a solid starting
point for future work in all of the parent disciplines
from which Neuroeconomics is drawn.

We do recognize, however, that many students will
find much in this volume that is very new to them. For
those students, we specifically recommend a number of
companion texts that we have used with our own stu-
dents. For economists with no starting knowledge of the
brain whatsoever it may be helpful to read Rosenzweig,
Breedlove, and Watson'’s Biological Psychology. For neu-
roscientists and psychologists new to the study of
decision-making we suggest as a companion Scott
Plous” award winning book: The Psychology of Judgment
and Decision Making. For neuroscientists and psycholo-
gists with strong mathematical backgrounds (and those
particularly interested in the neoclassical tradition as
it applies to microeconomics) we suggest either David
Krep’s A Course in Microeconomic Theory or Mas-Colell,
Whinston, and Green’s Microeconomic Theory. For those
same readers interested in game theory we suggest
either Fudenberg and Tirole’s Game Theory or Osborne
and Rubenstein’s A Course in Game Theory.



xviii PREFACE

THE BOOK AS A TIME CAPSULE

Finally, we see the book as a kind of time capsule
that documents the field of Neuroeconomics just as it
is beginning. Inside the covers of this book are most of
the important trends we can identify today. It is with
excitement that all four of us look forward to leafing
through the book in a decade to two, when the dra-
matic insights of this early period can be seen through
a longer lens.
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Introduction: A Brief History of
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Over the first decade of its existence, neuroeco-
nomics has engendered raucous debates of two kinds.
First, scholars within each of its parent disciplines
have argued over whether this synthetic field offers
benefits to their particular parent discipline. Second,
scholars within the emerging field itself have argued
over what form neuroeconomics should take. To
understand these debates, however, a reader must
understand both the intellectual sources of neuroeco-
nomics and the backgrounds and methods of practic-
ing neuroeconomists.

Neuroeconomics has its origins in two places; in
events following the neoclassical economic revolution
of the 1930s, and in the birth of cognitive neuroscience
during the 1990s. We therefore begin this brief history
with a review of the neoclassical revolution and the
birth of cognitive neuroscience.

Neuroeconomics: Decision Making and the Brain

Two Trends, One Goal 7
Summary 11
References 11

NEOCLASSICAL ECONOMICS

The birth of economics is often traced to Adam
Smith’s publication of The Wealth of Nations in 1776.
With this publication began the classical period of eco-
nomic theory. Smith described a number of phenom-
ena critical for understanding choice behavior and
the aggregation of choices into market activity. These
were, in essence, psychological insights. They were
relatively ad hoc rules that explained how features of
the environment influenced the behavior of a nation
of consumers and producers.

What followed the classical period was an interval
during which economic theory became very heterog-
enous. A number of competing schools with different
approaches developed. Many economists of the time

© 2009, Elsevier Inc.



2 1. INTRODUCTION: A BRIEF HISTORY OF NEUROECONOMICS

(Edgeworth, Ramsey, Fisher) dreamed about tools to
infer value from physical signals, through a “hedon-
imeter” for example, but these early neuroeconomists
did not have such tools (Colander, 2008).

One school of thought, due to John Maynard
Keynes, was that regularities in consumer behavior
could (among other things) provide a basis for fis-
cal policy to manage economic fluctuations. Many
elements in Keynes’ theory, such as the “propensity
to consume” or entrepreneurs’ “animal spirits” that
influence their investment decisions, were based on
psychological concepts. This framework dominated
United States’ fiscal policy until the 1960s.

Beginning in the 1930s, a group of economists — most
famously, Samuelson, Arrow, and Debreu — began to
investigate the mathematical structure of consumer
choice and behavior in markets (see, for example,
Samuelson, 1938). Rather than simply building mod-
els that incorporated a set of parameters that might, on
a priori psychological grounds, be predictive of choice
behavior, this group of theorists began to investigate
what mathematical structure of choices might result
from simple, more “primitive,” assumptions on prefer-
ences. Many of these models (and the style of modeling
that followed) had a strong normative flavor, in the
sense that attention was most immediately focused on
idealized choices and efficient allocation of resources; as
opposed to necessarily seeking to describe how people
choose (as psychologists do) and how markets work.

To better understand this approach, consider what is
probably the first and most important of these simple
models: the Weak Axiom of Revealed Preference (WARP).
WARP was developed in the 1930s by Paul Samuelson,
who founded the revealed preference approach that
was the heart of the neoclassical revolution. Samuelson
proposed that if a consumer making a choice between
an apple and an orange selects an apple, he reveals a
preference for apples. If we assume only that this means
he prefers (preference is here a stable internal prop-
erty that economists did not hope to measure directly)
apples to oranges, what can we say about his future
behavior? Can we say anything at all?

What Samuelson and later authors showed math-
ematically was that even simple assumptions about
binary choices, revealing stable (weak) preferences,
could have powerful implications. An extension of the
WARP axiom called GARP (the “generalized” axiom
of revealed preference, Houthakker, 1950) posits
that if apples are revealed preferred to oranges, and
oranges are revealed preferred to peaches, then apples
are “indirectly” revealed preferred to peaches (and
similarly for longer chains of indirect revelation). If
GARP holds for binary choices among pairs of objects,
then some choices can be used to make predictions

about the relative desirability of pairs of objects that
have never been directly compared by the consumer.
Consider a situation in which a consumer chooses an
apple over an orange and then an orange over a peach.
If the assumption of GARP is correct, then this con-
sumer must not choose a peach over an apple even if
this is a behavior we have never observed before.

The revealed preference approach thus starts from
a set of assumptions called axioms which encapsu-
late a theory of some kind (often a very limited one)
in formal language. The theory tells us what a series of
observed choices implies about intermediate variables
such as utilities (and, in more developed versions of
the theory, subjective beliefs about random events). The
poetry in the approach (what distinguishes a beautiful
theory from an ugly one) is embodied in the simplic-
ity of the axioms, and the degree to which surprisingly
simple axioms make sharp predictions about what kind
of choice patterns should and should not be observed.
Finally, it is critical to note that what the theory pre-
dicts is which new choices could possibly follow from
an observed set of previous choices (including choices
that respond to policy and other changes in the envi-
ronment, such as responses to changes in prices, taxes,
or incomes). The theories do not predict intermediate
variables; they use them as tools. What revealed pref-
erence theories predict is choice. It is the only goal, the
only reason for being, for these theories.

What followed the development of WARP were
a series of additional theorems of this type which
extended the scope of revealed-preference theory to
choices with uncertain outcomes whose likelihoods are
known (von Neumann and Morgenstern’s expected
utility theory, EU) or subjective (or “personal,” in
Savage’s subjective EU theory), and in which out-
comes may be spread over time (discounted utility
theory) (see Chapter 3 for more details). What is most
interesting about these theories is that they demon-
strate, amongst other things, that a chooser who obeys
these axioms must behave both “as if” he has a contin-
uous utility function that relates the subjective value
of any gain to its objective value and “as if” his actions
were aimed at maximizing total obtained utility. In
their seminal book von Neumann and Morgenstern
also laid the foundations for much of game theory,
which they saw as a special problem in utility theory,
in which outcomes are generated by the choices of
many players (von Neumann and Morgenstern, 1944).

At the end of this period, neoclassical economics
seemed incredibly powerful. Starting with as few as
one and as many as four simple assumptions which
fully described a new theory the neoclassicists devel-
oped a framework for thinking about and predict-
ing choice. These theories of consumer choice would

INTRODUCTION: A BRIEF HISTORY OF NEUROECONOMICS



NEOCLASSICAL ECONOMICS 3

later form the basis for the demand part of the Arrow-
Debreu theory of competitive “general” equilibrium,
a system in which prices and quantities of all goods
were determined simultaneously by matching sup-
ply and demand. This is an important tool because it
enables the modeler to anticipate all consequences of
a policy change — for example, imposing a luxury tax
on yachts might increase crime in a shipbuilding town
because of a rise in unemployment there. This sort of
analysis is unique to economics, and partly explains
the broad influence of economics in regulation and
policy-making.

It cannot be emphasized enough how much the
revealed-preference view suppressed interest in the
psychological nature of preference, because clever
axiomatic systems could be used to infer properties
of unobservable preference from observable choice
(Bruni and Sugden, 2007). Before the neoclassical rev-
olution, Pareto noted in 1897 that

It is an empirical fact that the natural sciences have pro-
gressed only when they have taken secondary principles as
their point of departure, instead of trying to discover the
essence of things. ... Pure political economy has therefore a
great interest in relying as little as possible on the domain of

psychology.
(Quoted in Busino, 1964: xxiv)

Later, in the 1950s, Milton Friedman wrote an influ-
ential book, The Methodology of Positive Economics.
Friedman argued that assumptions underlying a pre-
diction about market behavior could be wrong, but
the prediction could be approximately true. For exam-
ple, even if a monopolist seller does not sit down with
a piece of paper and figure out what price maximizes
total profit, monopoly prices might evolve “as if” such
a calculation has been made (perhaps due to selection
pressures within or between firms). Friedman’s argu-
ment licensed economists to ignore evidence of when
economic agents violate rational-choice principles
(evidence that typically comes from experiments that
test the individual choice principles most clearly), a
prejudice that is still widespread in economics.

What happened next is critical for understand-
ing where neuroeconomics arose. In 1953, the French
economist Maurice Allais designed a series of pair-
wise choices which led to reliable patterns of revealed
preference that violated the central “independence”
axiom of expected utility theory. Allais unveiled his
pattern, later called the “Allais paradox,” at a confer-
ence in France at which many participants, includ-
ing Savage, made choices which violated their own
theories during an informal lunch. (Savage allegedly
blamed the lunchtime wine.)

A few years after Allais’ example, Daniel Ellsberg
(1961) presented a famous paradox suggesting that the

“ambiguity” (Ellsberg’s term) or “weight of evidence”
(Keynes’ term) supporting a judgment of event likeli-
hood could influence choices, violating one of Savage’s
key axioms. The Allais and Ellsberg paradoxes raised
the possibility that the specific functional forms of EU
and subjective EU implied by simple axioms of pref-
erence were generally wrong. More importantly, the
paradoxes invited mathematical exploration (which
only came to fruition in the 1980s) about how weaker
systems of axioms might generalize EU and SEU.
The goal of these new theories was to accommodate
the paradoxical behavior in a way that is both psy-
chologically plausible and formally sharp (i.e., which
does not predict that any pattern of choices is possible,
and could therefore conceivably be falsified by new
paradoxes).

One immediate response to this set of observations
was to argue that the neoclassical models worked,
but only under some limited circumstances — a fact
which many of the neoclassicists were happy to con-
cede (for example, Morgenstern said “the probabilities
used must be within certain plausible ranges and not
go to .01 or even less to .001”). Surely axioms might
also be violated if the details of the options being
analyzed were too complicated for the chooser to
understand, or if the chooser was overwhelmed with
too many choices. Observed violations could then be
seen as a way to map out boundary conditions — a
specification of the kinds of problems that lay outside
the limits of the neoclassical framework’s range of
applicability.

Another approach was Herbert Simon’s sugges-
tion that rationality is computationally bounded, and
that much could be learned by understanding “proce-
dural rationality.” As a major contributor to cognitive
science, Simon clearly had in mind theories of choice
which posited particular procedures, and suggested
that the way forward was to understand choice pro-
cedures empirically, perhaps in the form of algorithms
(of which “always choose the object with the highest
utility” is one extreme and computationally demand-
ing procedure).

A sweeping and constructive view emerged from
the work of Daniel Kahneman and Amos Tversky
(1979) in the late 1970s and 1980s, and other psycholo-
gists interested in judgment and decision making
whose interests intersected with choice theory. What
Kahneman, Tversky, and others showed in a series of
remarkable experimental examples was that the range
of phenomena that fell outside classical expected util-
ity theory was even broader than Allais” and Ellsberg’s
examples had suggested.

These psychologists studying the foundations
of economic choice found many common choice

INTRODUCTION: A BRIEF HISTORY OF NEUROECONOMICS



4 1. INTRODUCTION: A BRIEF HISTORY OF NEUROECONOMICS

behaviors — typically easily replicated in experiments —
that falsified one or more of the axioms of expected
utility theory and which seemed to conflict with fun-
damental axioms of choice. For example, some of
their experimental demonstrations showed effects of
“framing,” attacking the implicit axiom of “descrip-
tion invariance” — the idea that choices among objects
should not depend on how they are described.

These experiments thus led many scholars, particu-
larly psychologists and economists who had become
interested in decision making through the work of
Kahneman and Tversky, to conclude that empirical
critiques of the simple axiomatic approaches, in the
form of counterexamples, could lead to more general
axiomatic systems that were more sensibly rooted in
principles of psychology.

This group of psychologists and economists, who
began to call themselves behavioral economists, argued
that evidence and ideas from psychology could
improve the model of human behavior inherited
from neoclassical economics. In one useful definition,
behavioral economics proposes models of limits on
rational calculation, willpower, and self-interest, and
seeks to codify those limits formally and explore their
empirical implications using mathematical theory,
experimental data, and analysis of field data.

In the realm of risky choice, Kahneman and Tversky
modified expected utility to incorporate a psycho-
physical idea of reference-dependence — valuation
of outcomes depends on a point of reference, just as
sensations of heat depend on previous temperature —
along with a regressive non-linear transformation of
objective probability. (Details of prospect theory are
reviewed in Chapter 11.) Another component of the
behavioral program was the idea that statistical intui-
tions might be guided by heuristics, which could be
inferred empirically by observing choice under a broad
range of circumstances. Heuristics were believed to
provide a potential basis for a future theory of choice
(Gilovich et al., 2002). A third direction is theories of
social preference — how people value choices when
those choices impact the values of other people (see
Chapter 15). The goal is eventually to have mathemat-
ical systems that embody choice heuristics and spe-
cific types of social preference which explain empirical
facts but also make sharp predictions. Development
of these theories, and tests with both experimen-
tal and field data, are now the frontiers of modern
behavioral economics.

An obvious conflict developed (and continues to
cause healthy debate) between the behavioral econo-
mists, who were attempting to piece together empiri-
cally disciplined theories, and the neoclassicists, who
were arguing for a simpler global theory, typically

guided by the idea that normative theory is a privi-
leged starting point. The difference in approaches
spilled across methodological boundaries too. The
influence of ideas from behavioral economics roughly
coincided with a rise in interest among economists
such as Charles Plott, Vernon Smith and colleagues in
conducting carefully controlled experiments on eco-
nomics systems (see, for example, Smith, 1976). The
experimental economists began with the viewpoint that
economic principles should apply everywhere (as
principles in natural and physical sciences are pre-
sumed to); their view was that when theories fail in
simple environments, those failures raise doubt about
whether they are likely to work in more complex envi-
ronments. However, the overlap between behavioral
economics and experimental economics is far from
complete. Behavioral economics is based on the pre-
sumption that incorporating psychological principles
will improve economic analysis, while experimental
economics presumes that incorporating psychological
methods (highly controlled experiments) will improve
the testing of economic theory.

In any case, the neoclassical school had a clear the-
ory and sharp predictions, but the behavioral econo-
mists continued to falsify elements of that theory with
compelling empirical examples. Neuroeconomics
emerged from within behavioral and experimental eco-
nomics because behavioral economists often proposed
theories that could be thought of as algorithms regard-
ing how information was processed, and the choices
that resulted from that information-processing. A nat-
ural step in testing these theories was simultaneously
to gather information on the details of both informa-
tion processing and associated choices. If information
processing could be hypothesized in terms of neural
activity, then neural measures could be used (along
with coarser measures like eyetracking of information
that choosers attend to) to test theories as simultane-
ous restrictions on what information is processed, how
that processing works in the brain, and the choices that
result. Neuroscientific tools provide further predictions
in tests with lesion-patient behavior, and transcranial
magnetic stimulation (TMS) which should (in theory)
change choices if TMS disrupts an area that is neces-
sary to producing certain kinds of choices. An impor-
tant backdrop to this development is that economic
theorists are extremely clever at inventing multiple
systems of axioms which can explain the same pat-
terns of choices. By definition, choices alone provide a
limited way to distinguish theories in the face of rapid
production of alternative theories. Forcing theories to
commit to predictions about underlying neural activ-
ity therefore provides a powerful way to adjudicate
among theories.
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COGNITIVE NEUROSCIENCE

Like economics, the history of the neuroscientific
study of behavior also reflects an interaction between
two approaches — in this case, a neurological approach
and a physiological approach. In the standard neuro-
logical approach of the last century, human patients or
experimental animals with brain lesions were studied
in a range of behavioral tasks. The behavioral deficits
of the subjects were then correlated with their neuro-
logical injuries and the correlation used to infer func-
tion. The classic example of this is probably the work
of the British neurologist David Ferrier (1878), who
demonstrated that destruction of the precentral gyrus
of the cortex led to quite precise deficits in move-
ment generation. What marks many of these studies
during the classical period in neurology is that they
often focused on damage to either sensory systems or
movement control systems. The reason for this should
be obvious; the sensory stimuli presented to a subject
are easy to control and quantify — they are observables
in the economic sense of the word. The same is true
for movements that we instruct a subject to produce.
Movements are directly observable and easily quan-
tified. In contrast, mental state is much more elusive.
Although there has for centuries been clear evidence
that neurological damage influences mental state,
relating damage to mental state is difficult specifi-
cally because mental state is not directly observable.
Indeed, relating mental state to neurological damage
requires some kind of theory (often a global one), and
it was this theory that was largely absent during the
classical period in neurology.

In contrast to the neurological approach, the physi-
ological approach to the study of the brain involves
correlating direct measurements of biological state,
such as the firing of action potentials in neurons,
changes in blood flow, and changes in neurotrans-
mitters, with events in the outside world. During
the classical period this more precise set of methodo-
logical tools was extremely powerful for elucidating
basic features of nervous function, but was extremely
limited in its applicability to complex mental states.
Initially this limitation arose from a methodological
constraint. Physiological measurements are invasive
and often destructive. This limits their use in animals
and, in the classical period, in anesthetized animals.
The result was an almost complete restriction of phys-
iological approaches during the classical period to the
study of sensory encoding in the nervous system.

A number of critical advances during the period
from the 1960s to the 1980s, however, led to both a
broadening of these approaches and, later, a fusion

of these two approaches. Within the domain of neu-
rology, models from psychology began to be used to
understand the relationship between brain and behav-
ior. Although the classes of models that were explored
were highly heterogeneous and often not very quan-
titative, these early steps made it possible to study
mental state, at least in a limited way. Within the phys-
iological tradition, technical advances that led to the
development of humane methods made it possible to
make measurements in awake, behaving animals, also
opening the way to the study of mental state, this time
in animals.

What followed was a period in which a hetero-
geneous group of scholars began to develop models
of mental processes and then correlate intermediate
variables in these models with either physiological
measurements or lesion-induced deficits. However,
these scholars faced two very significant problems.
First, there was a surplus of models. Dozens of related
models could often account for the same phenomena,
and it was hard to discriminate between these mod-
els. Second, there was a paucity of data. Physiological
experiments are notoriously difficult and slow, and
although they yield precise data they do so at an ago-
nizingly slow rate. Neurological experiments (at least
in humans) move more quickly but are less precise,
because the researcher does not have control over the
placement of lesions.

It was the resolution of these two problems, or
attempts to resolve them, that was at the heart of the
cognitive neuroscientific revolution. In describing that
revolution, we focus on the study of decision making.
This was by no means a central element in the cogni-
tive neuroscientific revolution, but it forms the central
piece for understanding the source of neuroeconomics
in the neuroscientific community.

The lack of a clear global theory was first engaged
seriously by the importation of signal detection the-
ory into the physiological tradition. Signal detection
theory (Green and Swets, 1966) is a normative theory
of signal categorization broadly used in the study of
human perception. The critical innovation that revo-
lutionized the physiological study of cognitive phe-
nomena was the use of this normative theory to relate
neuronal activity directly to behavior.

In the late 1980s, William Newsome and J. Anthony
Movshon (see, for example, Newsome et al., 1989)
began work on an effort to relate the activity of
neurons in the middle temporal area of visual cor-
tex (Area MT) to decisions made by monkeys in the
domain of perceptual categorization. In those experi-
ments, thirsty monkeys had to evaluate an ambiguous
visual signal which indicated which of two actions
would yield a fluid reward. What the experiments
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demonstrated was that the firing rates of single neu-
rons in this area, which were hypothesized to encode
the perceptual signal being directly evaluated by the
monkeys in their decision making, could be used to
predict the patterns of stochastic choice produced by
the animals in response to the noisy sensory signals.
This was a landmark event in neuroscience, because
it provided the first really clear demonstration of a
correlation between neuronal activity and stochastic
choice. Following Newsome’s suggestion, this class
of correlation came to be known as a psychometric—
neurometric match — the behavioral measurement being
referred to as psychometric and the matching neuro-
nal measurement as neurometric.

This was also a landmark event in the neural study
of decision making, because it was the first successful
attempt to predict decisions from single neuron activ-
ity. However, it was also controversial. Parallel stud-
ies in areas believed to control movement generation
(Glimcher and Sparks, 1992) seemed not to be as easily
amenable to a signal-detection based analysis (Sparks,
1999; Glimcher, 2003). This led to a long-lasting debate
in the early and mid-1990s regarding whether theories
such as signal detection would prove adequate for the
wholesale study of decision making.

The neurological tradition had gained its first
glimpses into the effects of brain damage on deci-
sion making in 1848, in the case of Phineas Gage
(Macmillan, 2002). After his brain was penetrated by a
steel rod, Gage exhibited a drastic change in personal-
ity and decision-making ability. The systematic study
of decision-making deficits following brain damage
was initially undertaken, in the 1990s, by Antonio
Damasio, Antoine Bechara, and their colleagues (see,
for example, Bechara et al., 1994), who began exam-
ining decision making under risk in a card-sorting
experiment. Their work related damage to frontal cor-
tical areas with specific elements of an emotion-based
theory of decision making which, though not norma-
tive like signal detection theory, was widely influential.
The interest in decision making that this work sparked
in the neurological community was particularly oppor-
tune, because at this time the stage was being set for
combining a new kind of physiological measurement
with behavioral studies in humans.

A Dbetter understanding of the relation between
mental and neural function in humans awaited the
development of methods to image human brain activ-
ity non-invasively. Early work by Roland, Raichle, and
others had used positron emission tomography (PET)
to image the neural correlates to mental function, but
this method was limited in its application owing to
the need for radioactive tracers. In 1992, three groups
(Bandettini et al., 1992; Kwong et al., 1992; Ogawa et al.,

1992) simultaneously published the first results using
functional magnetic resonance imaging (fMRI) to
image brain activity non-invasively — a development
that opened the door for direct imaging of brain activ-
ity while humans engaged in cognitive tasks. This was
a critical event, because it meant that a technique was
available for the rapid (if crude) direct measurement
of neural state in humans. Owing to the wide avail-
ability of MRI and the safety of the method, the use
of fMRI for functional imaging of human cognitive
processes has grown exponentially. Perhaps because
of the visually compelling nature of the results, show-
ing brain areas “lighting up,” this work became highly
influential not just in the neuroscientific and psycho-
logical communities but also beyond. The result was
that scholars in many disciplines began to consider the
possibilities of measuring the brain activity of humans
during decision making. The challenge was that there
was no clear theoretical tool for organizing this huge
amount of information.

SETTING THE STAGE FOR
NEUROECONOMICS

By the late 1990s, several converging trends had
set the stage for the birth of neuroeconomics. Within
economics and the psychology of judgment and deci-
sion making, a critical tension had emerged between
the neoclassical/revealed preference school and the
behavioral school. The revealed-preference theorists
had an elegant axiomatic model of human choice
which had been revealed to be only crudely predictive
of human behavior, and for which it was easy to pro-
duce counterexamples. Revealed-preference theorists
responded to this challenge by both tinkering with the
model to improve it and challenging the significance
of many of the existing behavioral economic experi-
ments (relying on the Friedman “F-twist” — that pre-
dictions based on axioms might be approximately true
even if the axioms are wrong).

The behavioral economists, in contrast, responded
to this challenge by looking for alternative mathemati-
cal theories and different types of data to test those
theories — theories which they saw as being claims
about both computational processes and choices.
Their goal was to provide an alternative theoretical
approach for predicting behavior and a methodol-
ogy for testing those theories. This is an approach that
requires good theories that predict both choices and
“non-choice” data. The appropriate form for such an
alternative theory has, however, been hotly debated.
One approach to developing such a theory derives
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from the great progress economics has made towards
understanding the interaction of two agent systems
in the external world — for example, understanding
the interactions of firms and the workers they hire.
This pre-existing mathematical facility with two-agent
models aligned naturally with an interest among psy-
chologists in what are known as “dual-process” mod-
els. If, as some behavioral economists have argued, the
goal is to minimally complicate the standard models
from economics, then going from a single agent maxi-
mizing a unifying “utility” to two independent agents
(or processes) interacting might be a useful strategy.
This strategy forms one of the principle alternative
theoretical approaches that gave birth to neuroeco-
nomics. The appeal of the dual-process model for
economists is that when inefficient choice behaviors
are observed in humans, these can be viewed as the
result of the two (or more) independent agents being
locked in a bad equilibrium by their own self-interests.
Of course, other scholars within behavioral economics
have suggested other approaches that also have neu-
roeconomic implications. A view from evolutionary
psychology that may serve as another example is that
encapsulated models execute heuristics that are spe-
cially adapted to evolutionarily selected tasks (see, for
example, Gigerenzer et al., 2000). These models have
something to say about the tradeoff between efficient
choice and computational complexity, which might
be used to generate hypotheses about brain processes
(and cross-species comparisons).

Within much of neuroscience, and that fraction
of cognitive psychology closely allied with animal
studies of choice, a different tension was simultane-
ously being felt as these multiple agent and heuris-
tic models were evolving in behavioral economics. It
was clear that both those physiologists interested in
single neuron studies of decision making and those
cognitive neuroscientists closely allied to them were
interested in describing the algorithmic mechanisms
of choice. Their goal was to describe the neurobiologi-
cal hardware that supported choice behavior in situa-
tions ranging from perceptual decision making to the
expression of more complicated preferences. What
they lacked was an overarching theoretical frame-
work for placing their neural measurements into con-
text. Newsome and his colleagues had argued that the
standard mathematical tool for understanding sen-
sory categorization — signal detection theory — could
serve that role, but many remained skeptical that this
approach could be sufficiently generalized. What that
naturally led to was the suggestion, by Glimcher and
his colleagues, that the neoclassical/revealed pref-
erence framework might prove a useful theoretical
tool for neuroscience. What followed was the rapid

introduction to the neuroscientific literature of such
concepts as expected value and expected utility.

TWO TRENDS, ONE GOAL

The birth of neuroeconomics, then, grew from a
number of related factors that simultaneously influ-
enced what were basically two separate communities,
albeit with a significant overlap. A group of behav-
ioral economists and cognitive psychologists looked
towards functional brain-imaging as a tool to both
test and develop alternatives to neoclassical/revealed
preference theories (especially when too many theo-
ries chased too few data using choices as the only
class of data). A group of physiologists and cognitive
neuroscientists looked towards economic theory as
a tool to test and develop algorithmic models of the
neural hardware for choice. The result was an interest-
ing split that persists in neuroeconomics today — and
of which there is evidence in this volume.

The result is that the two communities, one pre-
dominantly (although not exclusively) neuroscientific
and the other predominantly (although not exclu-
sively) behavioral economic, thus approached a union
from two very different directions. Both, however,
promoted an approach that was controversial within
their parent disciplines. Many neurobiologists outside
the emerging neuroeconomic community argued that
the complex normative models of economics would
be of little value for understanding the behavior of
real humans and animals. Many economists, particu-
larly hardcore neoclassicists, argued that algorithmic-
level studies of decision making were unlikely
to improve the predictive power of the revealed-
preference approach.

Despite these challenges, the actual growth of neur-
oeconomics during the late 1990s and early 2000s was
explosive. The converging group of like-minded econ-
omists, neuroscientists, and cognitive psychologists
quickly generated a set of meetings and conferences
that fostered a growing sense of interdisciplinary
collaboration. Probably the first of these interdisci-
plinary interactions was held in 1997 at Carnegie-
Mellon University, organized by the economists Colin
Camerer and George Loewenstein. After a hiatus of
several years this was followed by two meetings in
2001, one held by the Gruter Foundation for Law at
their annual meeting in Squaw Valley. At that meeting
the Gruter Foundation chose to focus its workshop on
the intersection of neuroscience and economics, and
invited several speakers active at the interface of these
converging disciplines. The second meeting focused
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more directly on what would later become neuroeco-
nomics, and was held at Princeton University. The
meeting was organized by the neuroscientist Jonathan
Cohen and the economist Christina Paxson, and is
often seen as having been the inception of the present-
day Society for Neuroeconomics. At this meeting,
economists and neuroscientists met to explicitly dis-
cuss the growing convergence of these fields and to
debate the value of such a convergence. There was,
however, no consensus at the meeting that the grow-
ing convergence was desirable.

Nonetheless, the Princeton meeting generated
significant momentum, and in 2003 a small invita-
tion-only meeting that included nearly all of the
active researchers in the emerging area was held on
Martha’s Vineyard, organized by Greg Berns of Emory
University. This three-day meeting marked a clear
turning point at which a group of economists, psy-
chologists, and neurobiologists began to identify them-
selves as neuroeconomists and to explicitly shape the
convergence between the fields. This led to an open
registration meeting the following year at Kiawah
Island, organized by Baylor College of Medicine’s
Read Montague. At this meeting a decision was made,
by essentially all the central figures in the emerging
discipline, to form a society and to turn this recurring
meeting into an annual event that would serve as a
focal point for neuroeconomics internationally. At the
meeting, Paul Glimcher was elected President of the
Society. The Society then held its first formal meeting
in 2005 at Kiawah Island.

Against this backdrop of meetings, a series of criti-
cal papers and books was emerging that did even
more to shape these interactions between scholars in
the several disciplines, and to communicate the goals
of the emerging neuroeconomic community to the
larger neurobiological and economic communities.
Probably the first neurobiological paper to rest explic-
itly on a normative economic theory was Peter Shizgal
and Kent Conover’s 1996 review, “On the neural com-
putation of utility,” in Current Directions in Psychological
Science. This was followed the next year by a related
paper published by Shizgal in Current Opinion in
Neurobiology entitled “Neural basis of utility estima-
tion.” The reason that these papers can be viewed as
the first in neuroeconomics is because they attempt to
describe the neurobiological substrate of a behavioral
choice using a form of normative choice theory derived
from economics. In these papers, Shizgal analyzed
the results of studies of intracranial self-stimulation
in rats using a type of utility theory related loosely to
the standard expected utility theory of von Neumann
and Morgenstern. The papers argue that the choices
an animal makes regarding whether or not to work for

electrical stimulation of the medial forebrain bundle
can be construed as an effort to maximize the animal’s
instant-to-instant utility. In this analysis, then, changes
in the desirability of brain-stimulation reward as a
function of stimulation frequency should be formally
interpreted as changes in the utility of stimulus train.
Unlike in standard theories of utility, however, Shizgal
and Conover proposed that the expected utility of an
action is perceived by the animal as the expected util-
ity of that action divided by the sum of the expected
utilities of all available actions. This particular for-
mulation has its root in the work of the psychologist
Richard Herrnstein, who proposed that many choices
reflect this normalization with regard to the value of
other alternatives — a phenomenon he referred to as the
matching law. (For more about the matching law, see
Chapter 30).

In fact, this equation had been introduced to self-
stimulation studies five years earlier by Shizgal's
mentor, C. Randy Gallistel. In the early 1990s, Gallistel
had used Herrnstein’s work to inspire quantitative
choice-based experiments and analyses of intracra-
nial self-stimulation (see Gallistel, 1994). Shizgal’s
extension of this work is critical in the history of neur-
oeconomics, because he moved away from the largely
descriptive models of Herrnstein towards the norma-
tive models of economics. What Shizgal’s work did
not do, however, was fully incorporate the standard
economic model, but rather a more normative version
of Herrnstein’s approach.

In 1999 this set of papers was followed by a paper
by Platt and Glimcher (another student of Gallistel’s)
in Nature that argued quite explicitly for a normative
utility-based analysis of choice behavior in monkeys
(Platt and Glimcher, 1999). As they put it in that paper:

Neurobiologists have begun to focus increasingly on the
study of sensory-motor processing, but many of the models
used to describe these processes remain rooted in the classic
reflex ... Here we describe a formal economic-mathematical
approach for the physiological study of the sensory-motor
process, or decision making.

At an experimental level, the paper goes on to dem-
onstrate that the activity of single neurons in the pos-
terior parietal cortex is a lawful function of both the
probability and the magnitude of expected rewards.
This was significant, because standard expected util-
ity theory predicates choice on lawful functions of
these same two variables. The paper, however, makes
a critical mis-step in its examination of actual choice
behavior. The authors go on to examine a matching-
law type behavior which they interpret in terms of
normative expected utility theory. This is problematic,
because there is no normative standard for the analy-
sis of matching-law behaviors. Indeed, in the example
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they present in the paper it cannot be proved that the
behavior is predicted by their normative model; if
anything, the data seem to suggest that the animals’
behave sub-optimally. The result is a mixing of nor-
mative and non-normative approaches that charac-
terized the early neurobiological work with economic
approaches.

At the same time that this paper appeared in print,
the behavioral economists Colin Camerer, George
Lowenstein, and Drazen Prelec began circulating a
manuscript in economic circles by the name of Grey
Matters. In this manuscript the authors also argued
for a neuroeconomic approach, but this time from a
behavioral economic perspective. What these three
economists argued was that the failures of traditional
axiomatic approaches likely reflected neurobiological
constraints on the algorithmic processes responsible
for decision making. Neurobiological approaches to
the study of decision, they argued, might reveal and
define these constraints which cause deviations in
behavior from normative theory.

What was striking about this argument, in economic
circles, was that it proposed an algorithmic analysis of
the physical mechanism of choice — a possibility that
had been explicitly taboo until that time. Prior to the
1990s it had been a completely ubiquitous view in eco-
nomic circles that models of behavior, like expected
utility theory, were “as if” models — the model was to
be interpreted “as if” utility were represented inter-
nally by the chooser. However, as Samuelson had
argued half a century earlier, it was irrelevant whether
this was actually the case because the models sought to
link options to choices not to make assertions about the
mechanisms by which that process was accomplished.
Camerer and colleagues argued against this view, sug-
gesting that deviations from normative theory should
be embraced as clues to the underlying neurobiologi-
cal basis of choice. In a real sense, then, these econo-
mists turned to neurobiology for exactly the opposite
reason that the neurobiologists had turned to econom-
ics. They embraced neuroscience as a principled alter-
native to normative theory.

At this point, there was a rush by several research
groups to perform an explicitly economic experiment
that would mate these two disciplines in human choos-
ers. Two groups succeeded in this quest in 2001. The
first of these papers appeared in the journal Neuron, and
reflected a collaboration between the functional mag-
netic resonance imaging pioneer Hans Breiter, Shizgal,
and Kahneman (who would win the Nobel Prize in
Economic Sciences for his contribution to behavioral
economics the following year). This paper (Breiter et al.,
2001) was based on Kahneman and Tversky’s prospect
theory, a non-normative form of expected utility theory

that guided much research in judgment and decision-
making laboratories throughout the world (a theory
described in detail in Chapter 11). In the paper, Breiter
and colleagues manipulated the perceived desirability
of a particular lottery outcome (in this case, winning
zero dollars) by changing the values of two other pos-
sible lottery outcomes. When winning zero dollars is
the worst of three possible outcomes, Kahneman and
Tversky’s prospect theory predicts that subjects should
view it negatively; however, when it is the best of the
three outcomes, then subjects should view it more pos-
itively. The scanning experiment revealed that brain
activation in the ventral striatum matched these pre-
dicted subjective valuations.

The other paper published that year reflected a col-
laboration between the more neoclassically oriented
economist Kevin McCabe, his colleague Vernon Smith
(who would share the Nobel Prize with Kahneman
the following year for his contributions to experimen-
tal economics), the econometrician Daniel Houser,
and a team that included a psychologist and a bio-
medical engineer. Their paper, which appeared in the
Proceedings of the National Academy of Sciences of the
United States of America (McCabe et al., 2001) examined
behavior and neural activation while subjects engaged
in a strategic game. This also represented the first use
of game theory, an economic tool for the study of social
decision making, in a neurobiological experiment. In
this paper, subjects played a trust game either against
an anonymous human opponent or against a compu-
ter, the details of which are reviewed in Chapter 5 of
this volume. Their neurobiological data revealed that
in some subjects the medial prefrontal cortex is dif-
ferentially active under some of the conditions they
examined, becoming more active when subjects play
a cooperative strategy that deviates from the standard
normative prediction of play in that game. From these
data, the authors hypothesized that this non-normative
pattern of cooperation has its origin in circuits of the
prefrontal cortex.

The following year, many of these emerging trends
were reviewed in an important special Society for
Neuroscience conference issue of the journal Neuron
(Volume 36, Issue 2) edited by Jonathan Cohen and
Kenneth Blum entitled Reward and Decision. As these
editors wrote in the introduction to that issue:

Within neuroscience, for example, we are awash with
data that in many cases lack a coherent theoretical under-
standing (a quick trip to the poster floor of the Society for
Neurosciences meeting can be convincing on this point).
Conversely, in economics, it has become abundantly evident
that the pristine assumptions of the “standard economic
model” — that individuals operate as optimal decision mak-
ers in maximizing utility — are in direct violation of even the
most basic facts about human behavior.
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In that issue, although all of the articles are by neu-
robiologists, particular attention is drawn to normative
theories of decision. Of especial interest are articles by
Montague and Berns (2002), Schultz (2002), Dayan and
Balleine (2002), Gold and Shadlen (2002), and Glimcher
(2002), which all point towards the interaction of nor-
mative models and neurobiology. Interestingly, the
issue draws attention to the ongoing debate regarding
the role of the neurotransmitter dopamine in reward
processing, and draws upon previous work that had
identified normative or near-normative models of
learning that posit a role for dopamine. (This is a sub-
ject of tremendous importance to neuroeconomists
today, and forms the focus of the third section of this
volume.) What followed was a literal flood of deci-
sion-making studies in the neuroscientific literature,
many of which relied on normative economic theory.
Figure 1.1 documents this flood, plotting the number
of papers published from 1990 to 2006 that list both
“brain” and “decision making” as keywords.

At the end of this initial period, a set of summary
reviews began to emerge that served as manifestos
for the emerging neuroeconomic discipline. In 2003
Glimcher published a book, directed primarily at
neuroscientists, that reviewed the history of neuro-
science and argued that this history was striking in its
lack of normative models for higher cognitive function
(Glimcher, 2003). Glimcher proposed that economics
could serve as the source for this much needed
normative theory. Shortly thereafter the Camerer,
Loewenstein, and Prelec paper was published under
the title “Neuroeconomics” (Camerer et al., 2005); this
also served as a manifesto, but from the economic side.

Within the economic community a role similar to
that of the Neuron special issue was played by a spe-
cial issue on neuroeconomics presented by the jour-
nal Games and Economic Behavior (Volume 52, Issue 2)
and edited by the economist Aldo Rustichini, which
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appeared shortly after this in 2005. Within the eco-
nomic community this issue was hugely influential
and served, to a large degree, to define neuroeconom-
ics. The issue included articles by several economists
and neuroscientists, including scholars ranging from
Gallistel (2005) to Smith (Houser et al., 2005).

Another major advance was presented in 2005, this
one by Michael Kosfeld and his colleagues in Ernst
Fehr’s research group at the University of Zurich
(Kosfeld et al., 2005). This paper was important because
it was the first demonstration of a neuropharmacologi-
cal manipulation that alters behavior in a manner that
can be interpreted with regard to normative theory.
In the paper, subjects were asked to play a trust game
much like the one examined by McCabe and colleagues.
Fehr’s critical manipulation was to increase brain lev-
els of the neuropeptide oxytocin (by an intranasal
application of the compound) before the players made
their decision. What Kosfeld and colleagues found
was that the investors with oxytocin sent more money
to the trustees in the trust game than investors who
received placebo. This increase in trusting behavior
occurred despite the fact that investors’ beliefs about the
trustees’ back-transfers remained unchanged. In con-
trast, oxytocin did not affect the trustees’ behavior —i.e.,
trustees’” back-transfers remained unchanged - ruling
out the possibility that the neuropeptide just increases
reciprocity or generosity. However, oxytocin did not
cause an unspecific increase in the willingness to take
risks, because in a control experiment — a pure risk
game — the investors with oxytocin did not behave dif-
ferently from the subjects with placebo. What was most
interesting about this study from a neuroeconomic
point of view was the demonstration that the admin-
istration of this endogenously produced neuropeptide
altered a complex choice behavior of subjects in a very
specific way — it neither affected the trustees’ behavior
nor did it affect the investors’ general willingness to
take risks, it only increased the investors’ risk prefer-
ence if the risk was constituted by the interaction with
another human partner — suggesting a neurobiological
basis for a difference between preferences for social and
non-social risks.

The rise of neuroeconomics has been strongly asso-
ciated with the rapid development of non-invasive
neuroimaging techniques for human research and
single-cell recordings in non-human primates. One
limitation of these technologies is that they produce
largely correlative measures of brain activity, making
it difficult to examine the causal role of specific brain
activations for choice behavior. This limitation can,
however, be overcome with non-invasive methods
of brain stimulation, such as transcranial magnetic
stimulation (TMS) and transcranial direct current
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stimulation (tDCS), which enable researchers selec-
tively to modify the neural processing associated
with choice behavior. A recent study by Knoch et al.
(2006) provides a demonstration of the additional
neuroeconomic insights generated with these meth-
ods. Previous fMRI results (Sanfey et al., 2003) had
shown that the right and the left dorsolateral prefron-
tal cortex (DLPFC) are activated when subjects decide
about the acceptance or rejection of unfair bargain-
ing offers in the ultimatum game (for a description
of this bargaining game, see Chapter 5). This finding
raises many points, such as whether both hemispheres
are causally involved in the choice process. Likewise,
is DLPFC affecting judgments about the fairness of
bargaining offers, or is it specifically involved in the
implementation of fairness concerns? Knoch and col-
leagues disrupted the right and the left DLPFC with
TMS and found that the disruption of both PFC areas
left more abstract judgements of fairness fully intact
(relative to a placebo stimulation), while the disrup-
tion of the right (but not the left) DLPFC resulted in a
large increase in the acceptance of unfair offers. From a
neuroeconomic viewpoint it is important to know the
dissociations between judgment and choice, because
choice typically implies that the decision maker must
bear costs and benefits, while judgment alone is not yet
associated with the bearing of costs and benefits. More
generally, non-invasive brain stimulation techniques
are likely to play an important role in future neuroeco-
nomic studies because they provide causal knowledge
and, in combination with imaging tools, make it possi-
ble to isolate whole decision networks that are causally
involved in the generation of choices.

SUMMARY

Despite these impressive accomplishments, neu-
roeconomics is at best a decade old and has yet to
demonstrate a critical role in neuroscience, psychol-
ogy, or economics. Indeed, scholars within neuroeco-
nomics are still debating whether neuroscientific data
will provide theory for economists or whether eco-
nomic theory will provide structure for neuroscience.
We hope that both goals will be accomplished, but
the exact form of this contribution is not yet clear.
However, there are also skeptical voices, and the
Pareto (1897) and Friedman arguments that econom-
ics is only about choices still lives in the form of fun-
damentalist critique. Gul and Pesendorfer (2008), for
example, have argued that neuroscientific data and
neuroscientific theories should, in principle, be unwel-
come in economics.

The chapters that follow should allow readers to
draw their own conclusions regarding this growing and
dynamic field. Each of the major threads of contempo-
rary research is reviewed in these pages. Although it is
far too soon for there to be consensus in this commu-
nity, the field today is small enough that a single vol-
ume can provide a comprehensive review. We therefore
invite you, the readers, to estimate for yourselves the
future directions that will yield greatest profit.
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INTRODUCTION

There are three interdependent orders of brain/
mind decision making that I believe are essential to
our understanding of the human career: first, the
internal order of the mind, the forte of neuroscience
from its inception; second, the external order of socio-
economic exchange, which constitutes the reciprocity
and sharing norms that characterize human sociality
as a cross-cultural universal; and third, the extended
order of cooperation through market institutions and
technology. This is the foundation of wealth creation
through specialization whose ancient emergence is
manifest on a global scale.

The social brain seems to have evolved adaptive
mechanisms for each of these tasks, which involve
experience, memory, perception, and personal tacit
knowledge, or “can do” operating skill. This theme
was prominent in the reflections and observations on
human sociality (sentiments, empathy) and market
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order, respectively, in the two works of Adam Smith
(1759, 1776) and subsequently in Darwin’s celebrated
biological perspective on psychology as arising from
“the acquirement of each mental power and capac-
ity by gradation” in evolutionary time (Darwin, 1859:
458). That acquirement process, I believe, significantly
relates to human decision-making capacity within
cultural constraints — the norms and rules of engage-
ment of the local social order, or “order without law”
(Ellickson, 1991) — and the more formal rules of law
that constrain decision in the extended order of mar-
ket institutions.

Less obvious, but perhaps even more important to
an understanding of the human enterprise, has been
the process of cultural change in the norms and rules
that constrain decision, and in the evolution of institu-
tions that govern the market order.

Experimental economics has been driven by the
power of using controlled experiments, both in the
laboratory and in the field, to illuminate the study

© 2009, Elsevier Inc.



16 2. INTRODUCTION: EXPERIMENTAL ECONOMICS AND NEUROECONOMICS

of these three orders of human interactive decision.
Neuroeconomics adds new brain-imaging and emo-
tion-recording technologies for extending and deepen-
ing these investigations. Consequently, it offers much
promise for changing the way we think about and
research brain function, decision, and human sociality.
It will surely chart entirely new if unpredictable direc-
tions once the pioneers get beyond trying to find bet-
ter answers to the questions they inherited from the
past. Neuroeconomic achievement is most likely to
be recognized for its ability to bring a new perspec-
tive and understanding to the examination of impor-
tant economic questions that have been intractable or
beyond the reach of traditional economics. Initially,
new tools tend naturally to be applied to the old ques-
tions; however, their ultimate importance emerges
when the tools change how people think about their
subject matter, enable progress on previously unim-
aginable new questions, and lead to answers that
would not have been feasible before the innovation.
Neureconomics will be known by its deeds, and no
one can foresee the substance of those deeds.

Neuroeconomics has this enormous nonstandard
potential, but it is far too soon to judge how effective
it will be in creating new pathways of comprehension.

In this spirit, I propose in this short introduction
to probe those areas of economics that I believe are
in most need of fresh new empirical investigation
and understanding; areas where our interpretation of
experimental results depends on assumptions that are
difficult to test, but which may yield to neuroeconomic
observations.

THE INTERNAL ORDER: REWARDS
AND THE BRAIN

Neuroscience has been particularly useful in deep-
ening our perspectives on questions related to motiva-
tion and the theory of choice — for example, does the
brain encode comparisons on a relative or an absolute
scale? Animal studies of choice show that they respond
to pair-wise comparisons of differential rewards. It is
now established that orbital frontal cortex neuron activ-
ity in monkeys enables them to discriminate between
rewards that are directly related to the animals’ relative
(as distinct from absolute) preference among food item
such a cereal, apples, and raisins (in order of increasing
preference) (Tremblay and Schultz, 1999). Thus, if A is
preferred to B is preferred to C, then neuronal activity
is greater for A than for B when the subject is compar-
ing A and B, and similarly for B and C when compar-
ing B and C. But the amplitude intensity associated

with B is much greater when compared to C than when
it is compared to A, which is contrary to what might be
expected if A, B, and C were encoded on a fixed scale
of values rather than a relative scale (Tremblay and
Schultz, 1999: 706).

Choice behavior, however, may relate to perception
(e.g., orbital frontal response) differently from how
it relates to individual utility value in problem-solv-
ing (e.g., parietal response). Glimcher (2003: 313-317)
reports studies in which a monkey chooses between
two options (“work or shirk”) in a Nash game against
a computer. The choice behavior of the monkey
tracks changes in the Nash equilibrium prediction in
response to changes in the outcome payoffs. However,
neuron (LIP) firing in the parietal cortex does not track
the changing equilibrium values, but remains steady
at the relative (unchanging) realized expected payoffs
such that the decision maker is indifferent between
the options available - i.e., the expected payoffs are
the same in the comparison. These results are consist-
ent with the hypothesis that the brain computes and
maintains equilibrium while behavior responds to
changes in the payoffs.

These studies appear to have parallel significance
for humans. In prospect theory, the evaluation of a
gamble depends not on the total asset position but
marginally on the opportunity cost, gain or loss, rel-
ative to a person’s baseline current asset position.
Moreover, as noted by Adam Smith (1759; 1982: 213),
the effect of a loss looms larger than the effect of the
gain — a robust phenomenon empirically established
by Kahneman and Tversky (1979). Similarly, Mellers
et al. (1999) found that the emotional response to a
gamble’s outcome depends on the perceived value
and likelihood of the outcome, but also on the fore-
gone outcome. It feels better (less bad) to receive $0
from a gamble when you forgo +$10 than when you
forgo +$90. Opportunity cost comparisons for deci-
sion are supported by our emotional circuitry, and that
support is commonly below our conscious awareness.

The human brain acquired its reward reinforcement
system for food, drink, ornaments, and other items of
cultural value long before money was discovered as a
mechanism for facilitating exchange. Consequently, our
brains appear to have adapted to money, as an object of
value, or “pleasure,” by simply treating it like another
“commodity,” latching on to the older receptors and
reinforcement circuitry (Thut ef al., 1997; Schultz, 2000,
2002). To the brain, money is like food, ornaments,
and recreational drugs, and only indirectly signals
utility derived from its use. However, this interpreta-
tion is conditional on an external context in which the
exchange value of money is stable. We need to learn
how the brain adapts when the context changes: How
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do our brains monitor and intervene to modify this
reinforcement when money is inflated by monetary
authorities, sometimes eroding to worthlessness?

Money is a social contrivance, and in its exchange
value to the individual we see human sociality at
work; we accept fiat money only so long as we have
confidence that others will accept it from us. We also
see sociality at work in individual decision based on
observing and learning from the experience of others.
Hence, individual decision modeled as a game against
nature does not imply social isolation.

THE SOCIAL ORDER

These considerations leave unanswered questions
regarding how to interpret behavior in social interac-
tions as observed in a variety of two-person experi-
mental games.

Thus, in extensive-form trust games played anon-
ymously only once, people cooperate more than is
predicted by game theory based on the hypotheses
that people choose according to dominance criteria,
perceive single-play games as events isolated from
all other social interactions, and always apply back-
ward induction to analyze decisions. Is cooperation
motivated by altruism (social preferences), by the per-
sonal reward that emanates from relationship-build-
ing (goodwill) in exchange, or by failure to backward
induct? (See Chapter 15 of this volume; McCabe and
Smith, 2001; Johnson et al., 2002.) Many experiments
have sought to explore or reduce this confounding
(see Smith, 2008: 237-244, 257-264, 275-280, for sum-
maries and references).

Repeated games are modeled by assuming that
individual (i) with current utility (ui) chooses strat-
egy (si) in a stage game to maximize (1 — d)ui(s) + d
Vi(H(s)), where s = (s1, ...si, ...sn), d is a discount fac-
tor, n is the number of players, H is the history of play,
and dVi(H) is i’s endogenous subjective discounted
value of continuation (Sobel, 2005). Hence, the contin-
uation value perceived by i may easily make it in her
interest to forgo high current utility from domination
because it reduces the value she achieves in the future.
An open question is how individuals perceive Vi. We
ordinarily think that our procedures for implement-
ing single play should yield Vi = 0, and the choice is
the dominant immediate payoff from si. But is this
assumption defensible?

In a trust game (with n = 2), a cooperative response
by the second player has been discovered to depend on
the opportunity cost to the first player of choosing to
offer the prospect of cooperation. Second movers defect

twice as often when they see that the first player has
no option but to pass to the second versus seeing the
sure-thing payoff given up by the first in order to ena-
ble cooperation and a greater reward for both (McCabe
et al., 2003). Thus, defection in favor of payoff domi-
nance is much reduced when the circumstances suggest
intentional action at a cost to the first player in facili-
tating cooperative gains from the exchange. Moreover,
fMRI data confirm that circuitry for detecting inten-
tions is indeed activated in trust games (McCabe et al.,
2001). Knowing that you did something costly for me
may increase my unconscious motivation to recipro-
cate your action, to implicitly recognize a relationship,
as in day-to-day socializing. Hence, forgoing u(si) is
part of H in a sequential move single-play game, and
the players need not be oblivious to this “history” if
they share common cultural experiences.

Many other experiments report results consistent
with relationship-building in single-play stage games,
suggesting that we have failed to implement the key
conceptual discontinuity in game theory between sin-
gle and repeat play. For example:

1. In dictator games, altruistic behavior substantially
increases when people are informed that a second
undefined task will follow the first. This discovery
shows how strongly people can be oriented
unconsciously to modify their behavior if there
is any inadvertent futurity in the context (Smith,
2008: 237-244).

2. Double-blind protocols affect behavior in single-
play dictator and trust games, establishing that
people are more cooperative when third parties
can know their decisions — a condition that we
would expect to be important in reputation-
building only when there is repeat interaction.

3. People are more cooperative when the
“equivalent” stage game is played in extensive
rather than abstract strategic form. The latter is
rare in everyday life, but is very convenient for
proving theorems. The extensive form triggers
an increase in cooperative behavior consistent
with the discussion above, although own and
other payoffs are identical in the comparisons (see
Smith, 2008: 264-267, 274-275, for a summary and
references).

As experimentalists, we have all become comfort-
able with our well-practiced tool kits for implement-
ing and rewarding subjects in single-play games. But
are experimental results affected by an “other peo-
ple’s money” (OPM) problem when the experimenter
gift-endows the subjects up front? Cherry et al. (2002)
show that dictator-game altruism all but disappears
(97% of the subjects give nothing) under double-blind
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conditions when subjects are first required to earn
their own endowments. Oxoby and Spraggon (2008)
vary these protocols and report that 100% of their dic-
tators give nothing. These results raise fundamental
questions concerning the effect of OPM on observed
social behavior in the laboratory.

If cooperation derives from social preferences,
the neuroeconomic question is: how is the encoding
of payoff to self and to other affected by the circum-
stances under which the resources are acquired? Yes,
we know that the “same” general OFC area is acti-
vated by own and other rewards (see Chapters 15 and
20 in this volume), but how do those activations net-
work with other brain areas and respond to differen-
tial sources of reward monies?

Hence there is the prospect that neuroeconomics
can help to disentangle confounding interpretations of
behavior in trust and other two-person games. But in
this task we need continually to re-examine and chal-
lenge our implicit suppositions to avoid painting our-
selves into a confirmatory corner. In summary:

* How are brain computation processes affected by
who provides the money or how people acquired
the stakes — the OPM problem?

* When people cooperate, which game theoretic
hypothesis do we reject: payoff dominance
independent of circumstances, or our procedures
for implementing the abstract concept of a single-
play game? If the former, we modify preferences; if
the latter, we have to rethink the sharp distinction
in theory between single-play games and goodwill-
building in repeat interaction. Either or both may
be manifestations of the social brain.

* How does relationship building differ between
people who do and those who do not naturally
apply backward induction to the analysis of
decisions?

* What accounts for the behavioral non-equivalence
between the extensive and normal form of a game?

In the absence of a deeper examination of these
questions, we cannot (1) distinguish between exchange
and preference interpretations of human sociality; (2)
understand why context is so important in determining
cooperative behavior; (3) understand how cooperation
is affected by repeat play across the same or different
games, under different subject matching protocols.

THE MARKET ORDER

Hundreds of market experiments have demonstrated
the remarkable ability of unsophisticated subjects to

discover equilibrium states, and to track exogenous
changes in these states over time in repeat interaction
with small numbers under private information. Yet the
mental processes that explicate this skill are unavailable
to those who demonstrate the ability, are inadequately
modeled, and understood only as empirical phenom-
ena. For example it is well documented that individual
incentives and the rules of market institutions matter
in determining the speed and completeness of equilib-
rium convergence, but it is unknown how the brain’s
decision algorithms create these dynamic outcomes.

Can neuroeconomics contribute to an understand-
ing of how uncomprehending individual brains con-
nect with each other through rules to solve the market
equilibrium problem and in this process create wealth
through specialization? Lab experiments, betting mar-
kets, many information markets, and some futures
markets demonstrate how effective people are at effi-
ciently aggregating dispersed information.

We also have the puzzle that, under both the
explicit property right rules of the market order and
the mutual consent reciprocity norms of the social
order, the individual must give in order to receive in
exchange. However, this insight is not part of the indi-
vidual’s perception. The individual, who perceives
social as well as self-betterment through cooperation
in personal exchange with others, does not naturally
see the same mechanism operating in impersonal
market settings. Yet individuals in concert with others
create both the norms of personal exchange and the
institutions of market exchange.

In closing, it is evident that there is mystery aplenty
across the spectrum of individual, social, and market
decision to challenge the discovery techniques of neu-
roeconimcs. However, to meet that challenge I believe
we must be open to the exploration of assumptions
that underpin theory and experiment. I am optimis-
tic about this prospect and how it may contribute to
future understanding.
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INTRODUCTION

Those of us who pursue neuroeconomic research do
so in the belief that neurobiological and decision theo-
retic research will prove highly complementary. The
hoped for complementarities rest in part on the fact
that model-building and quantification are as highly
valued within neuroscience as they are in economics.
Yet methodological tensions remain. In particular, the
“axiomatic” modeling methodology that dominates
economic decision theory has not made many neuro-
scientific converts. We argue in this chapter that neu-
roeconomics will achieve its full potential when such
methodological differences are resolved, and in par-
ticular that axioms can and should play a central role
in the development of neuroeconomics.

The axiomatic approach to modeling is the bread
and butter of decision theory within economics. In
pursuing this approach, model-builders must state
precisely how their theories restrict the behavior of
the data they are interested in. To make such a state-
ment, the model-builder must write down a complete
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list of necessary and sufficient conditions (or axioms)
that his data must satisfy in order to be commensu-
rate with his model. The classic example in decision
theory (which we discuss more in following section)
is the case of “utility maximization.” While this had
been the benchmark model of economic behavior
almost since the inception of the field, it was left to
Samuelson (1938) to ask the question: “Given that
we do not observe “utility’, how can we test whether
people are utility maximizers?” In other words: What
are the observable characteristics of a utility maxi-
mizer? It turns out that the answer is the Weak Axiom
of Revealed Preference (WARP), which effectively states
that if someone chooses some option x over another v,
he cannot later be observed choosing y over x. If (and
only if) this rule is satisfied, then we can say that the
person in question behaves as if choosing in order to
maximize some fixed, underlying utility ordering.
Although this condition may seem surprisingly weak,
it is the only implication of utility maximization for
choice, assuming that utility is not directly observed.
Furthermore, it turns out that there are many cases
in which it systematically fails (due, for example, to

© 2009, Elsevier Inc.
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framing effects, status quo bias or “preference revers-
als”). In the wake of this pivotal insight, the axiomatic
approach has been successfully used within econom-
ics to characterize and test other theories which, like
utility maximization make use of “latent” variables
(those which are not directly observable), sometimes
called intervening variables.

It is our belief that axiomatic modeling techniques
will prove to be as valuable to neuroeconomics as
they are to economics. As with utility, most of the
concepts studied in neuroeconomics are not subject
to direct empirical identification, but can be defined
only in relation to their implications for particular
neurological data. Axioms are unique in the preci-
sion and discipline that they bring to modelling such
latent forces, in that they capture exactly what they
imply for a particular data set — no more and no less.
Moreover, they capture the main characteristics of a
model in a non-parametric way, thus removing the
need for “spurious precision” in relating latent vari-
ables to observables — as well as the need for the many
free parameters found in a typical neurobiological
model. An axiomatic approach also fixes the mean-
ing of latent variables by defining them relative to the
observable variables of interest. This removes the need
for auxiliary models, connecting these latent variables
to some other observable in the outside world. In the
third section of this chapter, we illustrate our case
with the neurobiological/neuroeconomic question
of whether or not dopamine encodes a “reward pre-
diction error” (Caplin and Dean, 2008b; Caplin et al.,
2008a). We show the value of an axiomatic model in
identifying the latent variables rewards and beliefs in
terms of their impact on dopaminergic responses, just
as revealed-preference theory identifies utility maxi-
mization relative to its impact on choice.

Note that we see the use of axiomatic methods
not as an end in and of itself, but rather as a guide to
drive experimentation in the most progressive pos-
sible directions. Not only do good axiomatic models
immediately suggest experimental tests; they also lend
themselves to a “nested” technique of modeling and
experimentation, in which successively richer versions
of the same model can be tested one step at a time.
Ideally, this creates rapid feedback between model
and experiment, as refinements are made in the face
of experimental confirmation, and adjustments in the
face of critical contrary evidence. This nested modeling
technique results in a shared sense of the challenges
that stand in the path of theoretical and empirical
understanding.

One reason that this approach has proven so fruit-
ful in economics is that our theories are very far from
complete in their predictive power. There is little or

no hope of constructing a simple theory that will ade-
quately summarize all relevant phenomena; system-
atic errors are all but inevitable. The axiomatic method
adds particular discipline to the process of sorting
between such theories. In essence, the key to a success-
ful axiomatic agenda involves maintaining a close con-
nection between theoretical constructs and empirically
observable phenomena.

Overall, axiomatic modeling techniques strike us
as an intensely practical weapon in the neuroscientific
arsenal. We are driven to them by a desire to find good
testing protocols for neuroeconomic models, rather
than by a slavish devotion to mathematical purity. In
addition to operationalizing intuitions, axioms allow
the capture of important ideas in a non-parametric
way. This removes the need for overly specific instan-
tiations, whose (all but inevitable) ultimate rejection
leaves open the possibility that the intuitive essence of
the model can be retained if only a better-fitting alter-
native can be found in the same model class. By boil-
ing a model down to a list of necessary and sufficient
conditions, axioms allow identification of definitive
tests. With the implied focus on essentials and with
extraneous parametric assumptions removed from the
model, failure to satisfy the axioms implies unequivo-
cally that the model has problems which go far deeper
than a particular functional form or set of parameter
values. The rest of this essay illustrates these points.
In the following section, we discuss briefly the suc-
cess that the axiomatic method has had within eco-
nomics. We then discuss some of our own work in
applying the same methodology to a neurobiological/
neuroeconomic question: whether or not dopamine
encodes a “reward prediction error.” We conclude by
outlining some next steps in the axiomatic agenda in
neuroscience.

THE AXIOMATIC METHOD IN
DECISION THEORY

Within decision theory, axiomatic methods have
been instrumental to progress. It is our contention
that neuroeconomic applications of this approach are
highly promising, for exactly the same reasons that
they have proven so fruitful in economics. In essence,
the key to a successful axiomatic agenda involves
maintaining a close connection between theoretical
constructs and empirically observable phenomena.
A quick review of doctrinal history highlights the pos-
sible relevance of these techniques for neuroeconomics.

In general, the starting point for an axiomatic the-
ory in economics has been an area in which strong
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intuitions about the root causes of behavior are
brought to play, and in which questions arise concern-
ing how these intuitive causes are reflected in observ-
ables. This interplay between theory and data was
evident from the first crucial appearance of axiomatic
methods in economics: the revealed preference theory
initiated by Paul Samuelson.

The debate which gave birth to the revealed-
preference approach, and so axiomatic modeling
within economics, goes back to the beginning of eco-
nomic thought, and the question of what determines
observed market prices. The notion of “use value,” or
the intrinsic value of a good, was central in early eco-
nomics, with debates focusing on how this related to
prices. The high price of diamonds, which seem to
have low use value, relative to water, which is neces-
sary for sustaining life, was seen as a source of great
embarrassment for proponents of the idea that prices
reflected subjective evaluations of the relative impor-
tance of commodities. Understanding of the connec-
tion between this early notion of “utility” and prices
was revolutionized when marginal logic was intro-
duced into economics in the late nineteenth century. It
was argued that prices reflect marginal, not total, utili-
ties (i.e. the incremental utility of owning an additional
unit of a commodity), and that marginal utility fell as
more of a commodity became available. Water is abun-
dant, making marginal units of low value. However, if
water were to be really scarce, its market value would
increase tremendously to reflect the corresponding
increase in marginal utility. Thus, if water were as
scarce as diamonds, it would be far more valuable.

There were two quite different responses to this
theoretical breakthrough, one of which led to a long
philosophical debate that has left little mark on the
profession, and the other of which produced the most
fundamental axiomatic model in choice theory. The
philosophical response was produced by those who
wanted to dive more fully into the sources and nature
of utility, whether or not it really diminished at the
margin, and what form of “hedonometer” could be
used to measure it. It could be argued that the form
of utility offered by diamonds is fundamentally differ-
ent than that offered by water: diamonds may be of
value in part because of their scarcity, while water is
wanted for survival. One could further reflect philo-
sophically on how well justified was each such source
of utility, how it related to well-being, and why it
might or might not decrease at the margin. The alter-
native, axiomatic response resulted when those of a
logical bent strove to strip utility theory of inessential
elements, beginning with Pareto’s observation that
the utility construct was so flexible that, the concept
that it diminished at the margin was meaningless: the

only legitimate comparisons, he argued, involve better
than, worse than, and indifferent to — information that
could be captured in an ordinal preference ranking’.
This observation made the task of finding “the” meas-
urable counterpart to utility seem inherently hopeless,
and it was this that provoked Paul Samuelson to pose
the fundamental question concerning revealed prefer-
ence that lies at the heart of modern decision theory.

Samuelson noted that the information on prefer-
ences on which Pareto proposed building choice the-
ory was no more subject to direct observation than
were the utility functions that were being sought by
his precursors: neither preferences or utilities are
directly observable. In fact, the entire content of util-
ity maximization theory seemed purely intuitive, and
Samuelson remarked that there had been no thought
given to how this intuitive concept would be expected
to play out in observed choices. His advance was
to pose the pivotal question precisely: if decision
makers are making choices in order to maximize sorme
utility function (which we cannot see), what rules
do they have to obey in their behavior? If the theory
of utility maximization had been shown to have no
observable implications for choice data, Samuelson
would have declared the concept vacuous.

In a methodological achievement of the first order,
it was shown by Samuelson and others that utility
maximization does indeed have such implied restric-
tions. These are identified precisely by the Weak
Axiom of Revealed Preference. In the simplest of case,
the axiom states essentially that if I see you choose
some object x over another object y, I cannot in some
other experiment see you choose y over x. If and only
if this condition holds do you behave as if making
choices in order to maximize some fixed utility func-
tion. The broader idea is clear. This revealed preference
(Samuelson favored “revealed chosen”) methodol-
ogy calls for theory to be tied closely to observation:
utility maximization is defined only in relation to the
observable of interest — in this case, choice. There is no
need for additional, auxiliary assumptions which tie
utility to other observables (such as “amount of food”
or “softness of pillow”). Furthermore, the approach
gives insights into the limits of the concept of utility.
As utility only represents choice, it is only defined in
the sense that it represents an ordering over objects:
it does not provide any cardinal information. In other
words, any utility function which preserves the same
ordering will represent choice just as well; we can take

!An “ordinal” relation is one which includes only information on the
ranking of different alternatives, as opposed to a “cardinal” relation
which contains information about how muich better one alternative is
than another.
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all utility values and double them, add 5 to them, or
take logs of them, and they will all represent the same
choice information. It is for this reason that the con-
cept of utility diminishing at the margin is meaning-
less: for any utility function which shows diminishing
marginal utility we can find another one with increas-
ing marginal utility which represents choice just as
well%

To understand how best to apply the axiomatic
methodology, note that Samuelson was looking to
operationalize the concept of utility maximization,
which has strong intuitive appeal. Having done so,
the resulting research agenda is very progressive. The
researcher is led to exploring empirical support for a
particular restriction on choice data. Where this restric-
tion is met, we can advance looking for specializations
of the utility function. Where this restriction is not
met, we are directed to look for the new factors that
are at play that by definition cannot be covered by the
theory of utility maximization. After 150 years of ver-
bal jousting, revealed preference theory put to an end
all discussion of the purview of standard utility theory
and moreover suggested a progressive research pro-
gram for moving beyond this theory in cases in which
it is contradicted. Ironically, it has taken economists
more than 60 years to follow up on this remarkable
breakthrough and start to characterize choice behav-
iors associated with non-maximizing theories.

The area of economics in which the interplay
between axiomatic theories and empirical findings has
been most fruitful is that of decision making under
uncertainty. The critical step in axiomatizing this set of
choices was taken by von Neumann and Morgenstern
(1944), who showed that a “natural” method of rank-
ing lotteries® according to the expected value of a fixed
reward function (obtained by multiplying the proba-
bility of obtaining each outcome with the reward asso-
ciated with that outcome) rests on the highly intuitive
substitution, or independence axiom. This states that
if some lottery p is preferred to another lottery g, then
the weighted average of p with a third lottery » must
be preferred to the same weighting of g with r.

This theory naturally inspired specializations for
particular applications as well as empirical criticisms.
Among the former are the theory of risk aversion (Pratt,

2What is meaningful is whether the rate at which a decision maker
will trade one good off against another — the marginal rate of sub-
stitution — is increasing or decreasing.

*Note that economists conceptualize choice between risky alterna-
tives as a choice between lotteries. Each lottery is identified with a
probability distribution over possible final outcomes. Such a lottery
may specify, for example, a 50% chance of ending up with $100 and
a 50% chance of ending up with $50.

1964), and asset pricing (Lucas, 1971), which now domi-
nate financial theory. Among the latter are such behav-
iors as those uncovered by Allais (1953), Ellsberg (1961),
Kahneman and Tversky (1973), and various forms of
information-seeking or information-averse behavior.
These have themselves inspired new models based
on different underlying axiom sets. Examples include
models of ambiguity aversion (Schmeidler, 1982;
Gilboa and Schmeidler, 1989), disappointment aver-
sion (Gul, 1991), rank-dependent expected utility
(Quiggin, 1982), and preferences over the date of reso-
lution of uncertainty (Kreps and Porteus, 1979).

The interaction between theory and experimen-
tation has been harmonious due in large part to the
intellectual discipline that the axiomatic methodology
imposes. Theory and experimentation ideally advance
in a harmonious manner, with neither getting too far
ahead of the other. Moreover, as stressed recently by
Gul and Pesendorfer (2008), axiomatic methods can
be used to discipline the introduction of new psycho-
logical constructs, such as anxiety, self-control, and
boundedly rational heuristics, into the economic can-
non. Rather than simply naming these latent variables
in a model and exploring implications, the axiomatic
method calls first for consideration of precisely how
their inclusion impacts observations of some data set
(albeit an idealized data set). If their inclusion does
not after the range of predicted behaviors, they are
not seen as “earning their keep.” If they do increase
the range of predictions, then questions can be posed
concerning when and where such observations are
particularly likely. Thus, the axiomatic method can be
employed to ensure that any new latent variable adds
new empirical predictions that had proven hard to
rationalize in its absence®.

AXIOMS AND NEUROECONOMICS: THE
CASE OF DOPAMINE AND REWARD
PREDICTION ERROR

Among the parent disciplines of neuroscience
are physics, chemistry, biology, and psychology.
Quantitative modeling abounds in the physical sci-
ences, and this is mirrored in various areas of neu-
roscience, such as in the field of vision. Yet there

“The axiomatic method does not call for the abandonment of com-
mon sense. After all, we can provide many axiomatizations of the
same behavior involving quite different latent variables, and an
esthetic sense is used in selecting among such axiomatizations. Yet
anyone who wishes formally to reject one equivalent axiomatiza-
tion over another must identify a richer setting in which they have
distinct behavioral implications.
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remain many psychological constructs that have been
imported into behavioral neuroscience which, while
subject to powerful intuition, continue to elude quan-
tification. These include motivation, cognitions, con-
strual, salience, emotions, and hedonia.

An element shared by the disciplines out of which
neuroscience has evolved is that axiomatic methods
either have been entirely neglected, or are seen as
having contributed little to scientific progress. In par-
ticular axiomatic methods have earned something of
a bad name in psychological theory, in which their
use has not been associated with a progressive inter-
action between theory and data. Within the physical
sciences, the data are so rich and precise that axioms
have typically been inessential to progress. However,
we believe that neuroeconomics is characterized by
the same combination of conditions that made the axi-
omatic method fruitful within economics. Intuition
is best gained by working with concepts such as
“reward,” “expectations,” “regret,” and so on, but the
exact relation of these concepts to observables needs
to be made more precise. It is the axiomatic method
that allows translation of these intuitive notions into
observable implications in as clear and general a man-
ner as possible.

We illustrate our case with respect to the neuro-
transmitter dopamine. The reward prediction error
model (RPE) is the most well-developed model of
dopaminergic function, and is based on such intuitive
concepts as rewards and beliefs (i.e., expectations of
the reward that is likely to be obtained in a particu-
lar circumstance). Yet, as in the case of utility theory,
these are not directly observable. Commodities and
events do not come with readily observable “reward”
numbers attached. Neither are beliefs subject to direct
external verification. Rather, both are latent variables
whose existence and properties must be inferred from
a theory fit to an experimental data set. The natural
questions in terms of an axiomatic agenda are analo-
gous to those posed in early revealed-preference
theory: what restrictions does RPE model place on
observations of dopamine activity. If there are no
restrictions, then the theory is vacuous. If there are
restrictions, are the resulting predictions verified? If
so, is it possible to develop further specializations of
the theory that are informative on various auxiliary
hypotheses? If not, to what extent can these be over-
come by introducing particular alternative theories of
dopaminergic function? This is precisely the agenda
that we have taken up (Caplin and Dean, 2008b;
Caplin et al., 2008a), and to which we now turn.

A sequence of early experiments initially led neu-
roscientists to the conclusion that dopamine played
a crucial role in behavior by mediating “reward.”

Essentially, the idea was that dopamine converted
experiences into a common scale of “reward” and that
animals (including the human animal) made choices
in order to maximize this reward (see, for example,
Olds and Milner, 1954; Kiyatkin and Gratton, 1994;
see also Gardner and David, 1999, for a review). The
simple hypothesis of “dopamine as reward” was
spectacularly disproved by a sequence of experi-
ments highlighting the role of beliefs in modulat-
ing dopamine activity: whether or not dopamine
responds to a particular reward depends on whether
or not this reward was expected. This result was first
shown by Schultz and colleagues (Schultz et al., 1993;
Mirenowicz and Schultz, 1994; Montague, Dayan,
and Sejnowski, 1996). The latter study measured the
activity of dopaminergic neurons in a thirsty mon-
key as it learned to associate a tone with the receipt of
fruit juice a small amount of time later. Initially (i.e.,
before the animal had learned to associate the tone
with the juice), dopamine neurons fired in response
to the juice but not the tone. However, once the mon-
key had learned that the tone predicted the arrival of
juice, then dopamine responded to the tone, but now
did not respond to the juice. Moreover, once learning
had taken place, if the tone was played but the mon-
key did not receive the juice, then there was a “pause”
or drop in the background level of dopamine activity
when the juice was expected.

These dramatic findings concerning the apparent
role of information about rewards in mediating the
release of dopamine led many neuroscientists to aban-
don the hedonic theory of dopamine in favor of the
RPE hypothesis: that dopamine responds to the differ-
ence between how “rewarding” an event is and how
rewarding it was expected to be’. One reason that this
theory has generated so much interest is that a reward
prediction error of this type is a key algorithmic com-
ponent of reward prediction error models of learning:
such a signal is used to update the value attached to
different actions. This has led to the further hypothe-
sis that dopamine forms part of a reinforcement learn-
ing system which drives behavior (see, for example,
Schultz et al., 1997).

The RPE hypothesis is clearly interesting to both
neuroscientists and economists. For neuroscien-
tists, it offers the possibility of understanding at
a neuronal level a key algorithmic component of

5The above discussion makes it clear that reward is used in a some-
what unusual way. In fact, what dopamine is hypothesized to
respond to is effectively unexpected changes in lifetime “reward:”
dopamine responds to the bell not because the bell itself is reward-
ing, but because it indicates an increased probability of future
reward. We will return to this issue in the following section.
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the machinery that governs decision making. For
economists, it offers the opportunity to obtain novel
insight into the way beliefs are formed, as well as
further develop our models of choice and learning.
However, the RPE hypothesis is far from universally
accepted within the neuroscience community. Others
(e.g., Zink et al., 2003) claim that dopamine responds
to “salience,” or how surprising a particular event is.
Berridge and Robinson (1998) claim that dopamine
encodes “incentive salience,” which, while similar
to RPE, differentiates between how much something
is “wanted” and how much something is “liked.”
Alternatively, Redgrave and Gurney (2006) think that
dopamine has nothing to do with reward process-
ing, but instead plays a role in guiding attention.
Developing successful tests of the RPE hypothesis
which convince all schools is therefore a “neuroeco-
nomic” project of first-order importance. Developing
such tests is complicated by the fact that the RPE model
hypothesizes that dopamine responds to the interaction
of two latent (or unobservable) variables: reward and
beliefs. Anyone designing a test of the RPE hypoth-
esis must first come up with a solution to this quan-
dary: how can we test whether dopamine responds to
changes in things that we cannot directly measure?

The way that neuroscientists studying dopamine
currently solve this latent variable problem is by add-
ing to the original hypothesis further models which
relate beliefs and rewards to observable features of the
outside world. More specifically, “reward” is usually
assumed to be linearly related to some “good thing,”
such as fruit juice for monkeys, or money for people.
Beliefs are usually calibrated using a reward predic-
tion error model. Using this method, for any given
experiment, a time series of “reward prediction error”
can be generated, which can in turn be correlated with
brain activity. This is the approach taken in the major-
ity of studies of dopamine and RPE in monkeys and
humans (see, for example, Montague and Berns, 2002;
O’Doherty et al., 2003, 2004; Bayer and Glimcher, 2005;
Daw et al., 2006; Bayer et al., 2007; Li et al., 2006).

We argue that this approach, while providing com-
pelling evidence that dopamine is worthy of further
study, is not the best way of testing the dopaminergic
hypothesis, for four related reasons. First, it is clear
that any test of the RPE model derived in this way
must be a joint test of both the RPE hypothesis and the
proposed relationship between reward, beliefs, and
the observable world. For example, the RPE model
could be completely accurate, but the way in which
beliefs are formed could be very different from that in
the proposed model under test. Under these circum-
stances, the current tests could incorrectly reject the
RPE hypothesis.
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FIGURE 3.1 Estimated signals generated from simulations of
the experiment in Li et al. (2006): Taking the experimental design
reported in this paper, we simulate an experimental run, and cal-
culate the output of various transforms of the resulting sequence of
rewards. The graph shows the path of reward itself, a reward pre-
diction error signal calculated from a reinforcement learning model
and a reward prediction error signal calculated with a least-squares
model of learning.

Second, such an approach can make it very difficult
successfully to compare and contrast different models
of dopamine activity, as the models themselves are
poorly defined. If, for example, it were found that a
certain data set provided more support for the RPE
hypothesis than the salience hypothesis, a commit-
ted follower of the salience school could claim that
the problem is in the definition of reward or sali-
ence. Given enough degrees of freedom, such a per-
son could surely come up with a definition of salience
which would fit the provided data well. Thus, tests
between hypotheses can descend into tests of specific
parametric specifications for “salience” or “reward.”

Third, this can lead in practice to tests which do not
have a great deal of power to differentiate between
different hypotheses. Figure 3.1 shows the path of
three different variables calibrated on the experimen-
tal design of Li et al. (2006): RPE as calculated by the
authors, reward unadjusted by expectations, and RPE
using a least-squares learning rule. It is obvious that
these three lines are almost on top of each other. Thus,
the fact that calculated RPE is correlated with brain
activity is not evidence that such an area is encoding
RPE; the RPE signal would also be highly correlated
with any brain area which was encoding reward —
or indeed one which just kept track of the amount of
money available.

Fourth, the technique usually employed to solve
such problems, which is to run statistical “horse races”
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between different models, is in itself problematic: sta-
tistical tests of non-nested models are themselves
controversial. The “degrees of freedom” problem
discussed above makes it very difficult to discount a
particular model, as the model may be adapted so as
better to fit the specific data. And even if it is shown
that a particular model fits better than another, all this
tells us is that the model we have is the best fitting
of those considered. It doesn’t tell us that the model
is better than another model that we haven’t thought
of, or that the data don’t deviate from our proposed
model in some important, systematic way.

Because of these problems, we take an alternative,
axiomatic approach to modeling RPE. Just as with
utility theory, this approach is completely agnostic
regarding how latent variables are related to other
variables in the outside world. Instead, these vari-
ables are identified only in relation to their effect on
the object of interest — in this case, dopamine. We ask
the following question: Say that there is such a thing
as “reward” which people assign to different objects
or experiences, and “beliefs” (or expectations) which
they assign to different circumstances, and dopamine
responds to the difference between the two: what are
the properties that dopamine activity must obey?
In other words, when can we find some definition of
rewards and some definition of expectation such that
dopamine responds to the difference between the
two? The resulting theory takes the form of a set of
behavioral rules, or axioms, such that the data obey
the RPE model if, and only if, these rules are satisfied.
The problem of jointly testing the RPE theory and the
definition of reward and belief is solved by defining
both concepts within the theory, and only in relation to
dopamine.

Our axioms enable us to characterize the entire class
of RPE models in a simple, non-parametric way, there-
fore boiling the entire class of RPE models down to its
essential characteristics. The axioms tell us exactly what
such models imply for a particular data set — nothing
more and nothing less. Hence our tests are weaker than
those proposed in the traditional method of testing the
RPE hypothesis described above. We ask only whether
there is some way of defining reward and expectations
so as to make the RPE model work. The traditional
model in addition demands that rewards and beliefs
are of a certain parametric form. Our tests form a basic
minimal requirement for the RPE model. If the data fail
our tests, then there is no way that the RPE model can
be right. Put another way, if brain activity is to satisfy
any one of the entire class of models that can be tested
with the “traditional” approach, it must also satisfy our
axioms. If dopaminergic responses are too complicated
to be explained by our axioms, then, a fortiori, they are

BOX 3.1
A GLOSSARY OF TERMS

Here, we provide a guide to the terms and sym-
bols from economics used in describing the RPE
model and its axiomatic basis:

Prize: One of the objects that a subject could
potentially receive (e.g. amounts of money, squirts
of juice) when uncertainty is resolved.

Lottery: A probability distribution over prizes
(e.g., 50% chance of winning $5, 50% chance of los-
ing $3).

Support: The set of prizes that can potentially
be received from a lottery (e.g., for the lottery 50%
chance of winning $5, 50% chance of losing $3, the
support is {$5, —$3}).

Degenerate lottery: A lottery with a 100% prob-
ability of winning one prize.

€: “is a member of” in set notation (e.g., x € X
indicates that x is an element of the set X, or “New
York” € “American cities”).

R : The set of all real numbers.

—: “mapping to,” used to describe a function, so
f: X — Yindicates a function f which associates with
each element in set X a unique element in set Y.

|: “objects that satisfy some condition” — for
example, {(z, p)|z € Z, p € A(z)} means any z and p
such that z is an element of Z and p is an element of
A(z).

too complex to be fit using standard models of reward
prediction error learning. Moreover, our approach
allows us to perform hierarchical tests of a particular
model — starting with the weakest possible formulation,
then testing increasingly structured variants to find out
what the data will support. A final and related point is
that it allows for constructive interpretation of failures
of the model. By knowing which axiom is violated, we
can determine how the model-class must be adjusted to
fit the data.

In order to provide the cleanest possible characteri-
zation, we develop the RPE model in the simplest envi-
ronment in which the concept of a reward prediction
error makes sense. The agent is endowed a lottery from
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which a prize is realized. We observe the dopaminergic
response when each possible prize z is realized from
lottery p, as measured by the dopamine release function.
Many of the mathematical subtleties of the theory that
follow derive from the fact that it is not possible to
observe dopaminergic responses to prizes that are not
in the support of a particular lottery®.

Definition 1

The set of prizes is a metric space Z with generic element
z € Z7. The set of all simple lotteries (lotteries with finite
support) over Z is denoted A, with generic element p € A.
We define e, € A as the degenerate lottery that assigns
probability 1 to prize z € Z and the set A(z) as all lotteries
with z in their support,

Az)={pe Alp, > 0}.

The function 6(z, p) defined on M = {(z, p)|z € Z, p €
A(2)} identifies the dopamine release function, § : M — R.

The RPE hypothesis hinges on the existence of
some definition of “predicted reward” for lotteries
and “experienced reward” for prizes which captures
all the necessary information to determine dopamine
output. In this case, we make the basic rationality
assumption that the expected reward of a degenerate
lottery is equal to its experienced reward as a prize.
Hence the function r: A — R which defines the
expected reward associated with each lottery simulta-
neously induces the reward function on prizes z € Z
as r(e;). We define r(Z) as the set of values taken by
the function r across degenerate lotteries,

rZ)=1{r(p) eRlp =e,,z € Z}.

What follows, then, are our three basic requirements
for the DRPE hypothesis. Our first requirement is that
there exists some reward function containing all infor-
mation relevant to dopamine release. We say that the
reward function fully summarizes the DRF if this is the
case. Our second requirement is that the dopaminergic
response should be strictly higher for a more reward-
ing prize than for a less rewarding one. Furthermore, a
given prize should lead to a higher dopamine response
when obtained from a lottery with lower predicted
reward. Our third and final requirement is that, if
expectations are met, the dopaminergic response does

®Caplin and Dean (2008b) covers the case in which lotteries are ini-
tially chosen from a set, and relates the reward representation below
to the act of choosing.

A metric is a measure of the distance between the objects in the
space.

not depend on what was expected. If someone knows
for sure that he is going to receive a particular prize,
then dopamine must record that there is no “reward
prediction error,” regardless of how good or bad is the
prize might be. We refer to this property as “no sur-
prise constancy.” These requirements are formalized
in the following definition.

Definition 2

A dopamine release function 6 : M — R admits a
dopaminergic reward prediction error (DRPE) representation
if there exist a reward function r : A — R and a function
E: r(Z) X r(A) — R that:

1. Represent the DRF: given (z,p) € M,
8(z, p) = E(r(e,), r(p))-

2. Respect dopaminergic dominance: E is strictly in-
creasing in its first arqument and strictly decreasing in
its second argument.

3. Satisfy no surprise constancy: given x, y € r(Z),

E(x,x) = E(y, y).

We consider this to be the weakest possible form
of the RPE hypothesis, in the sense that anyone who
believes dopamine encodes an RPE would agree
that it must have at least these properties. In Caplin
and Dean (2008b) we consider various refinements,
such as the case in which dopamine literally responds
to the algebraic difference between experienced
and predicted reward (ie 6(z, p) = F(r(e,) — r(p)))
and the case in which predicted reward is the math-
ematical expectation of experienced rewards (i.e
r(p) = Zzesupp(p) p(z)r(e;)). Both of these repre-
sent much more specific refinements of the DRPE
hypothesis.

It turns out that the main properties of the above
model can be captured in three critical axioms for
0: M — R. We illustrate these axioms in Figures
3.2-3.4 for the two-prize case in which the space of
lotteries A can be represented by a single number: the
probability of winning prize 1 (the probability of win-
ning prize 2 must be 1 minus the probability of win-
ning prize 1). This forms the x-axis of these figures.
We represent the function ¢ (i.e. dopamine activity)
using two lines — the dashed line indicates the amount
of dopamine released when prize 1 is obtained from
each of these lotteries (i.e. 8(z1, p)), while the solid line
represents the amount of dopamine released when
prize 2 is obtained from each lottery (i.e. 8(z,, p)). Note
that there are no observations at §(z;, 0) and 6(z,, 1), as
prize 1 is not in the support of the former, while prize
2 is not in the support of the latter.
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Dopamine release

FIGURE 3.2 A violation of Al: when received from lottery p,
prize 1 leads to higher dopamine release than does prize 2 indi-
cating that prize 1 has higher experienced reward. This order is
reversed when the prizes are realized from lottery p’, suggesting
prize 2 has higher experienced reward. Thus a DRPE representation
is impossible whenever the two lines cross.
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FIGURE 3.3 A violation of A2: Looking at prize 1, more
dopamine is released when this prize is obtained from p’ than when
obtained from p, suggesting that p has a higher predicted reward
than p’. The reverse is true for prize 2, making a DRPE representa-
tion impossible. This is true whenever the two lines have a different
direction of slope between two points.

Our first axiom demands that the order on the
prize space induced by the DRF is independent of the
lottery that the prizes are obtained from. In terms of
the graph in Figure 3.2, if dopaminergic release based
on lottery p suggests that prize 1 has a higher experi-
enced reward than prize 2, there should be no lottery
p' to which dopaminergic release suggest that prize 2
has a higher experienced reward that prize 1. Figure
3.2 shows a violation of such Coherent Prize Dominance.
It is intuitive that all such violations must be ruled out
for a DRPE to be admitted. Our second axiom ensures

Dopamine release

FIGURE 3.4 A violation of A3: the dopamine released when
prize 1 is obtained from its sure thing lottery is higher that that
when prize 2 is obtained from its sure thing lottery.

that the ordering of lotteries by dopamine release is
independent of the obtained prize. Figure 3.3 shows a
case that contradicts this, in which more dopamine is
released when prize 1 is obtained from lottery p than
when it is obtained from lottery p’, yet the exact oppo-
site is true for prize 2. Such an observation clearly
violates the DRPE hypothesis. Our final axiom deals
directly with equivalence among situations in which
there is no surprise, a violation of which is recorded in
Figure 3.4, in which more dopamine is released when
prize 2 is obtained from its degenerate lottery (i.e. the
lottery which gives prize 2 for sure) than when prize 1
is obtained from its degenerate lottery.

Formally, these axioms can be described as follows:

Axiom 1 (A1: Coherent Prize Dominance)
Given (z, p)(z', p')(z', p)(z, p') € M,

oz, p) > 6(z, p) = 8(z,p) > 6(z, p)

Axiom 2 (A2: Coherent Lottery Dominance)
Given (z,p)(z', p'),(z', p)(z,p') € M,

8(z,p) > 8z, p') = 8z, p) > 6(z, p)

Axiom 3 (A3: No Surprise Equivalence)
Givenz, z' € Z,

8z, e,) = 6(z,e,)

These axioms are clearly necessary for any RPE
representation. In general, they are not sufficient (see
Caplin et al. (2008a) for a discussion of why, and what
additional axioms are required to ensure an RPE rep-
resentation). However, it turns out that these three axi-
oms are sufficient in the case in which there are only
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two prizes (ie. |Z| =2). For a more general treat-
ment of the problem, see Caplin and Dean (2008b) and
Caplin et al. (2008a).

Notice how these axioms allow us to perform a
clean, non-parametric test of the RPE hypothesis,
without having to specify some auxiliary models for
how rewards are related to prizes, and how beliefs (or
reward expectations) are formed. The only assumption
we make is that the “rewarding nature” of prizes, and
the beliefs attached to each lottery, are consistent.

Our tests allow us to differentiate the RPE model
from other models of dopamine activity: while A1-A3
form crucial underpinnings for the RPE hypothesis,
they appear inconsistent with alternative hypotheses
relating dopamine to salience (e.g. Zink et al., (2003),
and to experienced reward (e.g. Olds and Milner,
(1954). Consider two prizes z and z’, and two lotter-
ies, p, which gives a 1% chance of winning z and a 99%
chance of winning z', and p" which reverses these two
probabilities. It is intuitive that that receiving z from p
would be a very “salient,” (or surprising) event, where
as receiving z’ would be very unsurprising. Thus a sys-
tem responding to salience should give higher readings
when z is obtained from p than when z’ is obtained
from p. However, this situation is reversed when the
two prizes are obtained from p’. Thus we would expect
Al to fail if dopamine responded to salience. A simi-
lar argument shows that A2 would also fail, while A3
would hold, as the salience of getting a prize from a
sure-thing lottery should be the same in all cases. With
regard to the older theory that dopamine responds
only to “experienced reward,” this would lead A3 to be
violated — different prizes with different reward values
would give rise to different dopaminergic responses,
even when received from degenerate lotteries.

In Caplin et al. (2008a) we describe the methodol-
ogy by which we test the axioms described above.
Essentially, we endow subjects with lotteries with var-
ying probabilities (0, 0.25, 0.5, 0.75, 1) of winning one
of two prizes (—$5, $5). We then observe brain activ-
ity using an fMRI scanner when they are informed of
what prize they have won for their lottery. We focus
on the nucleus accumbens, an area of the brain which
are rich in dopamine output. While observing activ-
ity in this area is clearly not the same as observing
dopamine, other authors (e.g., O’Doherty et al., 2003,
2004; Daw et al., 2006) claim to have found RPE-like
signals using a similar technique. The noisy nature of
fMRI data does, however, force us to confront the issue
of how the continuous and stochastic data available to
neuroscientists can be used to test axiomatic models.
This is an area greatly in need of systemization. Caplin
et al. (2008a) take the obvious first step by treating each
observation of fMRI activity when some prize p is

obtained from some lottery z as a noisy observation of
actual dopamine activity from that event. By repeated
sampling of each possible event, we can used stand-
ard statistical methods to test whether we can reject
the null hypothesis that, for example, 6(p, z) = (g, w)
against the hypothesis that 6(p, z) > 6(7, w). It is these
statistical tests to test the axioms that form the basis of
our theory.

CONCLUSIONS

The results reported in Caplin et al. (2008a) suggest
that we can indeed identify areas of the brain whose
activity is in line with the basic RPE model. We can
therefore begin to refine our model of dopamine activ-
ity, for example by deepening our understanding of
how reward assessments vary with beliefs. In Caplin
and Dean (2008b), we illustrate this process with an
extreme example in which beliefs must be equal to the
mathematical expectation of experienced rewards. A
further step is to introduce models of subjective beliefs
and learning to the RPE model, a direction of expansion
required to capture the hypothesized role of dopamine
in the process of reinforcement learning. Once we have
completed these initial experiments, we intend to use
the apparatus to start addressing questions of eco-
nomic importance — exploring the use of dopaminergic
measurements to open a new window into the beliefs
of players in game theoretic settings and to understand
addictive behavior (an endeavor already begun by
Bernheim and Rangel, 2004).

In practical terms, improvements in measure-
ment technology will be vital as we refine our axi-
omatic model. For that reason we are intrigued by
the measurement techniques pioneered by Phillips
and colleagues (2003), and others, that are enabling
dopaminergic responses to be studied ever more
closely in animals. The increased resolution that these
techniques makes possible may enable us to shed an
axiomatic light on whether or not dopamine neurons
are asymmetric in their treatment of positive than
negative reward prediction errors, as conjectured by
Bayer and Glimcher [2005]. Axiomatically inspired
experimentation may also allow progress to be made
on whether or not signals of reward surprise may be
associated with neurons that are associated with dif-
ferent neurotransmitters, such as serotonin.

Our axiomatic approach to neuroeconomics forms
part of a wider agenda for the incorporation of non-
standard data into economics. Recent advances in
experimental techniques have led to an explosion
in the range of data available to those interested in
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decision making. This has caused something of a
backlash within economics against the use of non-
standard data in general and neuroscientific data in
particular. In their impassioned defense of “mindless
economics,” Gul and Pesendorfer (2008) claim that non-
choice data cannot be used as evidence for or against
economic models, as these models are not designed to
explain such observations. By design, our axiomatic
approach is immune to such criticisms as it pro-
duces models which formally characterize whatever
data is under consideration. In a separate sequence
of papers, we apply the same approach to a data set
which contains information on how choices change
over time (Caplin and Dean, 2008a; Caplin et al.,
2008b). We show how this expanded data set can give
insight into the process of information search and
choice.

Ideally, an expanded conception of the reach of the
axiomatic methodology will not only open new direc-
tions for neuroeconomic research, but also connect
the discipline more firmly with other advances in the
understanding of the process of choice, and the behav-
iors that result.
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INTRODUCTION

We provide here a link between the formal theory
of decision making and the analysis of the decision
process as developed in neuroscience, with the final
purpose of showing how this joint analysis can pro-
vide explanation of important elements of economic
behavior.

Neuroeconomics: Decision Making and the Brain

33

The methodological standpoint we present is that
experimental economics, including neuroeconom-
ics, establishes relationships among variables, some
inferred from observed behavior. In particular, a fun-
damental component of the neuroeconomics project
is to establish connections between variables derived
from observed behavior and psycho-physiological
quantities. For example, the derived variables can be
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utility, or parameters like risk aversion. If a researcher
claims that the relationship between utility or value
and a psycho-physiological quantity (like firing rate
of a neuron) is linear, then one has to be sure that the
derived variable is uniquely defined, up to linear trans-
formations. If it is not, the statement is meaningless.

We first review the basic concepts and results in
decision theory, focusing in particular on the issue of
cardinal and ordinal utility, remembering that within
the von Neumann-Morgenstern framework the utility
function on lotteries (the only observable object) is
only defined up to monotonic transformations.

We then show how, under well-specified assump-
tions, it is possible to identify a unique ordinal object,
and how this is based on stochastic choice models.
These are, however-static models, so they do not give
an account of how the choice is reached. We show that
the static models have a dynamic formulation, which
extends the static one.

Once the main features of the decision process
have been established, we can show how they explain
important features of the choice — even some that
had been ignored so far. For example, we show how
risk aversion, impatience, and cognitive abilities are
related.

AXIOMATIC DECISION THEORY

In economic analysis, decision theory is developed
with a purely axiomatic method. The theory proceeds
by first defining a set of choices that a subject (the
decision maker, DM) faces. A choice is a finite set of
options that are offered to the DM; a decision is the
selection of one of these options. The observed data
are pairs of choices offered and decisions taken: it is
possible to collect these data experimentally asking
a real DM to pick one out of two options, under the
condition that the object selected is actually delivered
to her.

The method and the main results of the theory are
best illustrated in a simple and concrete example of
choice environment, choice under risk. In this environ-
ment, the options are lotteries. A common lottery
ticket provides an example of the abstract concept of
lottery: a winning number is drawn at random, and
with such a ticket, a person is entitled to a payment
if the winning number is the one she has, and she
receives no payment otherwise. In general, a lottery is
a contract specifying a set of outcomes (the payments
made to the subject in our example) and a probability
for each of these outcomes. The probability is specified
in advance and known to the subject, so in this model

there is only objective uncertainty, as opposed to the
subjective uncertainty analyzed in Savage (1954) and
Anscombe and Aumann (1963).

A lottery with two outcomes can be formally
described with a vector (x, p, y, 1 — p), to be inter-
preted as: this lottery gives the outcome x with prob-
ability p, and the outcome y with probability 1 — p.
For example, the lottery ($10, 1/2, $0, 1/2) where out-
comes are monetary payments gives a 50-50 chance of
a payment of $10, and nothing otherwise. Lotteries do
not need to be a monetary amount, but for simplicity
of exposition we confine ourselves to this case.

The Method of Revealed Preferences

We can observe the decisions made by our sub-
ject, while we do not observe her preferences directly.
However, we may interpret her choices as a “revela-
tion” that she makes of her preferences. Suppose that
when she is presented with a choice between lottery L,
and L, she chooses Li: we may say that she reveals she
prefers L, to L,. Within economic analysis, it is in this
sense, and in this sense only, that we can say that the
DM prefers something. The two descriptions of her
behavior, one with the language of decisions and the
other with that of preferences, are, by the definition
we adopt, perfectly equivalent. Since the language of
preferences seems more intuitive, it is the one used
typically by decision theory, and is the one used here.
But how do we describe the behavior, or preferences,
of our subject?

Axioms

Even with simple lotteries with two monetary out-
comes, by varying the amounts and the probabilities
we can obtain an infinite set of possible lotteries, and
by taking all the possible pairs of these lotteries we
can obtain infinitely many choices. To describe the
behavior of a subject completely, we should in prin-
ciple list the infinite set of decisions she makes. To be
manageable, a theory needs to consider instead sub-
jects whose decisions can be described by a short list
of simple principles, or axioms.

The first axiom requires that the preferences are
complete: for every choice between the two lotter-
ies Ly and L,, either L, is preferred to L,, or L, is pre-
ferred to L;. The occurrence of both possibilities is
not excluded: in this case, the subject is indifferent
between the two lotteries. When the subject prefers
L, to L,, but does not prefer L, to L, then we say that
she strictly prefers L, to L,. The second axiom requires

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



AXIOMATIC DECISION THEORY 35

the preferences to be transitive: if the DM prefers L,
to L, and L, to L3, then she prefers L; to L;. We define
the preference order > by writing L; = L, when deci-
sion maker prefers L to L, and we write L; > L, when
decision maker strictly prefers L, to L,. Formally:

Axiom 1 (Completeness and transitivity)
For all lotteries Ly, L, and Ly

1. Either Ll > L2 or LZ - Ll
2. Ile >~ L2 and L2 >~ L3 then Ll > L3.

The next two axioms are also simple, but more of
a technical nature. Suppose we have two lotteries,
Li=(py 1—pand L, = (z, q, w, 1 — q). Take any
number 7 between 0 and 1. Imagine the following con-
tract. We will run a random device, with two outcomes,
Black and White, the first with probability r. If Black is
drawn, then you will get the outcome of the lottery L;;
if White is drawn you will get the outcome of the lot-
tery L,. This new contract is a compound lottery. If you
do not care about how you get the amounts of money,
then this is the lottery with four outcomes described as
(x,rp,y, 1 —p),z, (1 —r)g,w, (1 — r)(1 — q)). We write
this new lottery as rLy + (1 — r)L,.

The next axiom requires that if you strictly prefer
L, to L,, then for some number 7, you strictly prefer
rLy + (1 — r)L, to L,. This seems reasonable: when r is
close to 1 the composite lottery is very close to Ly, so
you should strictly prefer it to L, just like you strictly
prefer L;.

Axiom 2 (Archimedean continuity)
If Ly>L, then for some number v € (0,1),

rLy + (1 —r)L, > L,.

Finally, suppose that you strictly prefer L; to L,. Then
for any lottery L;, you also strictly prefer rL; + (1 — r)L;
to rL, + (1 — r)Ls. Again, this seems reasonable. When,
in the description we gave above, White is drawn, then
in both cases you get Ls; when Black is drawn, in the
first case you get L; and in the second L,. Overall, you
should prefer the first lottery rL; + (1 — r)Ls.

Axiom 3 (Independence)
If Ly>L, then for any number r € (0,1) and any lottery
Ls,

rLy + (1 —r)Ly>rL, + (1 — r)L;.

Representation of Preferences

A fundamental result in decision theory (due to
von Neumann and Morgenstern, (vNM), 1947) is that
subjects having preferences that satisfy these axioms

(completeness, transitivity, Archimedean continuity
and independence) behave as if they had a simple
numerical representation of their preferences — that
is, a function that associates with a lottery a single
number, called the utility of the lottery, that we can
write as U(L). This function is called a representation of
the preferences if whenever L; is preferred to L,, then
the utility of L, is larger than the utility of L, that is
U(L;) > U(L,). (Note that here we use > not > because
U(L,) is a numerical property not a preference.)

The vNM theorem also states that the preference
order satisfies the axioms above if, and only if, the
numerical representation has a very simple form, equal
to the expectation of the utility of each outcome, accord-
ing to some function u of outcomes. For example, the
expected utility of the lottery L = (x, p, y, 1 — p) is:

U(L) = pu(x) + (1 — p)u(y) (4.1)

Cardinal and Ordinal Utilities

For neuroeconomics, and any research program that
tries to determine how decisions are implemented,
the utility function is the most interesting object. This
function ties observed behavior with a simple one-
dimensional quantity, the utility of the option, and
predicts that the decision between two options is
taken by selecting the option with the highest utility.
However, if we are interested in determining the neu-
ral correspondents of the objects we have introduced,
we must first know whether these objects are unique.
For example, we may formulate the hypothesis that
the decision is taken depending on some statistics of
the firing rate of a group of neurons associated with
each of the options. We may also consider that this
firing rate is proportional to the utility we determine
from observed choice behavior. Then we need to know
whether this utility is uniquely determined. This intro-
duces us to a fundamental distinction in decision the-
ory, between cardinal and ordinal representation.

An ordinal representation of a preference is any util-
ity function such that U(L,) > U(L,) if, and only if, L,
is strictly preferred to L. There are clearly many such
functions. For example, if M is any strictly increasing
function, then also M(U(L;)) > M(U(L,)) if, and only
if, L is strictly preferred to L,. So we say that an ordi-
nal representation is only unique up to increasing (or
monotonic) transformation, like the one we have used
from U to M(U). Consider now the function u is equa-
tion (4.1), and take two numbers a > 0 and b. Replace
the u function in (4.1) with the new function v defined
for any value z by v(z) = au(z) + b. If we replace the u
in equation (4.1) we obtain a new function on lotteries
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which also represents preferences, and has the form of
expected utility. Since these transformations leave the
observed choices and preferences unchanged, the u in
(4.1) is not unique.

However, these are the only transformations we
can apply. A second remarkable part of the vNM theo-
rem is that if two functions u and v represent the pref-
erences of a subject as expected utility (that is, as in
(4.1)), then it must be that v(z) = au(z) + b for some
positive number 2 and some number b. In this case the
two functions are said to be linear transformations of
each other, and representations like these are called
cardinal representations. A different but equivalent
way of saying this is that if we consider functions on
a range of monetary prizes between a minimum of 0,
say, and a maximum value M, and we agree to nor-
malize the utility function u to 1#(0) = 0 and u(M) =1,
then there is a unique such function that, once substi-
tuted in equation (4.1), represents the preferences of
the DM.

However, the observed decision between two
choices is determined by the function U, and this is
only unique up to monotonic (not necessarily linear)
transformations. So even if we agree to normalize
U(0) = 0 and U(M) = 1, there are still infinitely many
such Us. If we are looking for a neural basis of choice,
then the only sensible statements that involve the func-
tion U are those that remain true if we take monot-
onic transformations of that function. For example,
statements like “the firing rate is a linear transform of
the U” are meaning]less.

Can we do better than this? We can, if we agree
to extend the set of observed data to include errors
and time in the decision process. This will take us
to the next topic of stochastic choices, and one step
closer to the models of decision currently applied in
neuroscience.

STATIC STOCHASTIC CHOICE

To illustrate and motivate this new point of view,
we begin with a finding discovered in the 1940s by
an Iowa researcher, D. Cartwright (Cartwright, 1941a,
1941b; Cartwright and Festinger, 1943). He asked
subjects to pick one of two alternatives. By changing
the parameter appropriately, the experimenter could
make the choice more or less difficult — for example,
setting the width of two angles closer would make
the task of choosing the wider angle between the two
a more difficult task. Also, by asking the subject to
make the same choice repeatedly, at some distance in
time, he could test the frequency of the choice of one

or the other of the alternatives in different decision
problems. He could now construct what we can call
the empirical random choice: for every set of options,
the frequency of choice of each option out of that set.

He also measured the response time for each choice
and then plotted the average response time for each
decision problem against the minimum frequency
of any of the two choices in that same problem. The
key finding was that the longest response time was
observed when the minimum frequency was approach-
ing 50%; the problems in which the subject was more
likely to select, in different trials, both options were
also those in which she was taking more time to
decide. A related result is the “symbolic distance”
effect, first stated in Moyer and Landauer (1967).

The finding of Cartwright suggests a model of deci-
sion where two opposing forces push in the direction
of each of the options. When the difference between
these two forces is large, the decision is frequently
in favor of the favored option, and the decision is
taken quickly. When they are the same, the frequency
of choice of the two options becomes closer, and the
response time becomes longer.

For our purposes of outlining a theory of the deci-
sion process when the decision is among economic
choices, it is important to note that for economic
choices the same result holds. Suppose we determine
the utility of a subject from the observed choices, that
is, the quantity U(L) for every lottery L. We can now
measure the distance between the utility of any two
lotteries in a choice, and conjecture that the analogue
of the Cartwright results holds in this situation: the
closer the two options in utility, the longer the time
to decide, and the higher the minimum probability of
choosing any of the two. This conjecture has been con-
firmed in several studies. There is one problem, how-
ever: what is the distance between the utilities? If the
utility is unique up to monotonic affine transforma-
tions, then the distance is well defined up to re-scaling
by a single number. But we have just seen that the U
in (4.1) is not unique up to monotonic affine transfor-
mations, thus even after normalization we have infi-
nitely many such functions. So how can we measure
in a meaningful way the distance in utility between
two options? The key to a solution is in the inconsist-
ency of choice that we have just reported.

Economic Theories of Static Stochastic Choice

The experimental evidence reviewed in the pre-
vious section suggests that when repeatedly faced
with a choice between the same two options, the
subject may not always choose the same option in
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each instance. In contrast, the utility theory we have
reviewed so far predicts that if the utility of one of
the two is larger, that should always be the chosen
one. The key idea of the stochastic theory of choice is
that the relative frequency of the choice of one option
over the other gives a better measure of the utility of
the two options.

There are two classes of models of stochastic choice
in economic theory. Both address the following prob-
lem. Suppose that a DM is offered, in every period,
the choice of a set of lotteries, a menu. We observe
her choices over many periods. For a given menu, the
choices may be different in different periods, but we
can associate for every menu the frequency of choices
over that menu - that is, a probability distribution
over the set. Both classes of models want to determine
the underlying preference structure that produces this
observed frequency.

Let us state formally the problem that we have just
described. For every nonempty set Y, let P(Y) be the set
of all finite subsets of Y, and A(Y) be the set of all prob-
ability measures over Y. Let X be a set of options: for
example, the set of lotteries that we have considered
so far. A random choice rule (RCR) o is a function from
P(X) to A(X), mapping an element D € P(X) to o,
such that for every such D, ¢”(D) = 1. The value oP(x)
is the observed frequency of the choice of x out of D.

Random Ultility Models

In random utility models (see McFadden and
Richter, 1991, for an early axiomatic analysis, and
Gul and Pesendorfer, 2003, for a very recent develop-
ment) the subject has a set of different potential utility
functions (almost different selves), and only one of
them is drawn every time she has to make a decision.
This momentarily dominant utility decides the choice
for that period. Since utilities are different, the choices
from the same set of options may be different in
different times, although in every period the DM picks
the best option.

The hypothesis that random choice is produced
by random utilities imposes restrictions on observed
behavior. For example, in this class of models choices
are made from a set of lotteries, called a menu. Since
each of these utility functions is linear, the choice is
always in a special subset of the menu (technically,
its boundary). A representation of the random-choice
rule in random utility models is a probability distribu-
tion over utilities such that the frequency of the choice
of x out of D, oP(x) is equal to the probability of the
set of utilities that have the element x as a best choice
out of D.

Stochastic Choice Models

In stochastic choice models, the utility function is
the same in every period. The DM does not always
choose the option with the highest utility, but she is
more likely to choose an option, the higher its utility
is compared to that of the other options. The power
of these models is based on two ideas. The first is the
decomposition of the decision process in two steps;
evaluation and choice. The second is that frequency of
choice gives a measure of the strength of preferences.
Together, they give a way to identify a cardinal utility.
Early axiomatic analysis of this problem is in Davidson
and Marschak (1959) and in Debreu (1958). A set of
axioms that characterize RCRs which have a sto-
chastic choice representation and that separate these
two ideas is presented in, Maccheroni et al. (2007).
We examine both ideas in detail.

Utility Function and Approximate Maximization

A representation in stochastic choice models has
two elements. The first is the evaluation, which is
performed by a utility function that associates a real
number with each option in the available set. The
second is an approximate maximization function
associating to each vector of utilities the probability of
choosing the corresponding option.

The utility function is naturally determined on the
basis of the random choice rule o. Write o(x, y) = o*¥
(x) and consider the relation defined by

x>y ifand only if o(x, y) = o(y, x).

As usual, a function u# on X represents the order > if
x = yif, and only if, u(x) = u(y).

To define the second element, fix u and let U be
the range of this function: U = u(X). An approximate
maximum selection is a function p from P(U) to A(U),
associating with set A a probability p* which is con-
centrated on A (that is, p* (A) = 1) and is monotonic
(that is, for every a, b € Aifa = b then p? (a) = p? ().

A representation of the RCR ¢ in stochastic choice
models is given by a pair (u, p) of a utility function u
on X representing >~ and an approximate maximiza-
tion function p such that

oP(x) = p*® (u(x)) (4.2)

In Maccheroni et al. (2007) give a set of axioms that

characterize RCR with such a representation.
Moreover, a pair (v, q) represents o if, and only if,

there exists an increasing function g : u (X) — R such that

v=gou and gB(b) = ps "’ (g 1(b)) VB € P(v(X))
(4.3)
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In other words, the function u is only determined up
to monotonic (not just affine) transformations, so it is
still an ordinal, not a cardinal object. Stochastic choice,
by itself, does not imply the existence of and does not
reveal a cardinal utility.

Strength of Preferences

A measure of the strength of the preferences of the
DM indicates, for any x, y, z, and w, whether she
prefers x to y more than she does z to w. As a special
case, it also indicates whether she prefers x to y more
than she does z to z itself — that is, whether she prefers
x to y, so strength of preferences contains implicitly
a preference order. How do we access this measure?
One way is through verbal statements made by the
DM: she introspectively evaluates the strength and
communicates it to the experimenter, with words, not
with choice.

Stochastic choice provides us with a second, objec-
tive way of measuring the strength of preferences. The
value o(x, ) describes how frequently the option x is
chosen instead of y. If we compare the frequency of
choices out of two other options {z, w}, and we observe
that o(x, y) > o(z, w), then we may say that the DM
likes x more than y with stronger intensity than she
likes z more than she likes w: we write (x, y) = (z, w)
to indicate this order over pairs. A random choice rule
as characterized in representation (4.2) is a measure of
the strength preferences.

Representation (4.2) shows clearly that knowing
the strength of preference does not by itself determine
the utility function as a cardinal object. We can always
introduce a monotonic transformation of the u func-
tion, provided we undo this transformation with an
appropriate transformation of the approximate maxi-
mization function p.

To obtain u as a cardinal object, a specific and
strong condition on the random choice rule is needed.
The nature of the condition is clear: u is a cardinal
object if the strength of preference only depends on
the difference in utility, namely if the following differ-
ence representation holds:

U(x, y) = O'(Z, ZU) 1f1 and Ol’lly lf/
u(x) — u(y) = u(z) — u(w). (4.4)

Debreu (1958) investigates conditions insuring that
condition (4.4) is satisfied. A necessary condition for
the existence of a 1 as in (4.4) is clearly:

o(x,y) = o(x,y") and o(y,z) = o(y', 2)

imply o(x, z) = o(x', 2') (4.5)

(see also Krantz et al., 1971; Shapley, 1975; Kobberling,
2006).

Together with an additional technical axiom (solv-
ability), axiom (4.5) is all is needed for the existence of
a function u that is a cardinal object: that is, if a func-
tion v also satisfies (4.4) then v is an affine monotonic
transformation of u; that is, there are two numbers
a>0and b such thatv = au + b.

This opens the way for a complete stochastic choice
representation of the random choice rule, with the
additional condition that the utility u is cardinal. In a
complete model of stochastic choice, if we introduce
the additional axiom (4.5) then the approximate maxi-
mization function p depends only on the differences,
that is:

plsl(r) = P(r — s) (4.6)

for some function P. The question is now: how is that
probability P implemented?

DYNAMIC STOCHASTIC CHOICE

In the plan of determining the neural basis of deci-
sion, we have two final steps. First, we have to pro-
duce a model of the decision process that produces a
stochastic choice as described in the previous section.
Second, we have to specify and test the neural basis
implementing this process. Let us begin with the first.

The Random Walk Model

The model’s original formulation is in Ratcliff
(1978). As the title indicates, the theory was originally
developed for memory retrieval, where the task is as
follows. A subject has to decide whether an item that
is in front of her is the same as one she has seen some-
times in the past, or not. She has the following infor-
mation available. First, she has the visual evidence of
the object in front of her. This object can be described
abstractly as a vector of characteristics — the color, the
smoothness of the surface, the width, the length, and
so on. The subject also has some memory stored of the
reference object, which can again be described by a
vector of the same characteristics as the first one. If the
description of the object is very detailed, the vector is
a high-dimensional vector. The subject has to decide
whether the object in front of her is the same as the
object stored in memory, so she has a simple binary
(yes, it is the same object, or n0) decision to take.

In an experimental test, we can measure the time the
subject takes to decide, her error rate, and how these
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variables depend on some parameter that we control —
for example, how different the two objects are.

A plausible model of the process is as follows. The
subject compares, one by one, each coordinate in the
vector of characteristics of the real and recalled object.
She may find that, to the best of her recollection, they
coincide, or they do not. She proceeds to count the
number of coincidences: an agreement of the features
is taken as evidence in favor of “yes,” a disagreement
as evidence of “no”. If the vector of evidence is very
long, the subject may decide to stop before she has
reviewed all the characteristics, according to a simple
stopping rule: decide in favor of “yes” the first time
the number of agreements minus the number of dis-
agreements is larger than a fixed threshold; decide in
favor of “no” when a similar lower barrier is reached.
The general form of a decision process based on this
idea is the random walk of decision. The model has
been presented in a discrete or continuous time ver-
sion. In the continuous time formulation, the process
is typically assumed to be a Brownian motion, or at
least a time homogeneous stochastic process.

The model has several parameters: first, those
describing the process. For example, if the process is in
continuous time and is a Brownian motion, the proc-
ess is described by the mean and the variance. The
second parameters are the barriers. There are at least
two important observed variables: the probability that
one of the two decisions is taken, and the time needed
to reach the decision. The model has sharp predictions
on the two variables: for example, if the drift in favor
of one of the two options is stronger, then the prob-
ability of that option being chosen increases. Also,
when the difference in drift between the two choice is
small, then the time to take a decision increases.

DECISION IN PERCEPTUAL TASKS

Intense research regarding the neural founda-
tion of the random walk model of decision has been
undertaken in the past few years. To illustrate the
method and the findings, we begin again with a clas-
sical experiment (Shadlen and Newsome, 1996, 2001;
Schall, 2001).

In the experiment, the subject (for example, a
rhesus monkey) observes a random movement of
dots. A fraction of the dots is moving in one of two
possible directions, left or right, while the others
move randomly. The monkey has to decide whether
the fraction of dots moving coherently is moving
to the left or to the right, being instructed to do this
after intensive training. If the monkey makes the right
choice, it is compensated by a squirt of juice. Single

neuron recording of neurons shows that the process of
deciding the direction is the outcome of the following
process: some neurons are associated with the move-
ment to the left, and others to the right. The over-
all firing rate of the “left” and “right” neurons is, of
course, roughly proportional to the number of dots
moving in the two directions. The decision is taken
when the difference between the cumulative firing in
favor on one of the two alternatives is larger than a
critical threshold.

Formal Model

A key feature of the information process described
above is that each piece of information enters additively
into the overall evaluation. This has the following justi-
fication. Suppose that information is about a state that
is affecting rewards. A state is chosen by the experi-
menter, but is unknown to the subject. Information is
provided, in every period, in the form of signals drawn
independently in every period, from a distribution over
signals that depends on the state. How is the informa-
tion contained in the signal observed in every period
aggregated?

In a simple formal example, suppose that the
decision maker has to choose between two actions:
left (/) and right (r). She receives a payment depend-
ing on the action she chooses and an unobserved state
of nature s € {L, R}; this is equal to $1 if, and only if,
she chooses the correct action / if the state is L. Her
utility is a function defined on the set A = {I, r}
of actions and set of states S = {L, R} by u(l, L) =
u(r, R) =1, (I, R) = u(r, L) = 0. She has an initial sub-
jective probability p that the state is R, and can observe
a noisy signal on the true state of nature, according to
the probability Py(x) of observing x at s.

The posterior odds ratio of L versus R with a prior
P, after the sequence (x1, xp, ... , x,,) is observed, is
given by:

P(L|xy, x5,...,x,) _ P(L) I P (x;)
P(L|xy, %y,...,%,)  P(R) V=1 Pr(x;)

n

so that the log of the odds ratio are simply the sum of
the log of the odd ratios of the signal

PL) & P
PR "2 %8 byx)

P(L|xy,%,,..., X,
x

) - log
P(L|xy,%y,...,%,)

n

Decision in Economic Choices

We suggest that the mental operation that is per-
formed when the subject has to choose between two
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economically valuable options consists of two steps.
First, the individual has to associate a utility with each
of the two options. Second, she then has to decide
which of these two computed quantities is larger. This
second step is a simple comparison of quantities. The
first is completely new, and is specific to economic
analysis. Note two important features of this model:
first, even if the decision maker assigns (somewhere
in her brain) a strictly larger utility to one of the two
options, she still does not choose for sure that option:
she only has a larger probability of doing so. Second,
the decision maker has a single utility or preference
order over outcomes. The choice outcome is not deter-
ministic, because the process from utility evaluation to
choice is random.

What is the evidence supporting this view? Let us
begin from the step involving comparison of quanti-
ties. Experiments involving comparison of numbers,
run with human subjects (see Sigman and Dehaene,
2005), confirm the basic finding that the response time
is decreasing with the distance between the two quan-
tities that are being compared. For example, if subjects
have to decide whether a number is larger or smaller
than a reference number, then the response time is
decreasing approximately exponentially with the dis-
tance between the two numbers. So there is experi-
mental evidence that suggests that the operation of
comparing quantities follows a process that is close
to that described by the random walk model. The last
missing element is: do we have evidence that there are
areas of the brain where neurons fire in proportion to
the utility of the two options?

THE COMPUTATION OF UTILITY

In this experiment, a monkey is offered the choice
between two quantities of different food or juices: for
example, 3 units of apple, or 1 unit of raisin.

By varying the quantities of juice of each type
offered, the experimenter can reconstruct, from
“revealed preferences,” the utility function of the
monkey. This function can be taken to be, for the time
being, an artificial construct of the theorist observing
the behavior. The choices made by the subjects have
the typical property of random choice: for example,
between any amount less or equal to 2 units of apple
and 1 unit of raisin, the monkey always chose the
raisin. With 3 units of apple and 1 of raisin, the fre-
quency of choice was 50/50 between the two. With
4 or more units of apple, the monkey always went for
the apple. This is the revealed-preference evidence.

At the same time, experimenters can collect single
neuron recording from areas that are known to be

active in evaluation of rewards (for example, area 13 of
the orbito-frontal cortex). They can then plot the aver-
age firing rate over several trials (on the y-axis) against
the estimated utility of the option that was eventually
chosen on the x-axis, thus obtaining a clear, monotonic
relationship between the two quantities. These results
are presented in detail in Chapter 29.

A Synthesis

We have now the necessary elements for an
attempt to provide a synthesis of the two approaches,
one based on economic theory and the other on
neuroscience.

Consider a subject who has to choose between
two lotteries. When considering each of them, she
can assign to it an estimate of the expected utility of
each option. This estimate is likely to be noisy. When
she has to choose between the two lotteries, she can
simply compare the (possibly noisy) estimate of the
two utilities: thus the choice between the two lotter-
ies is now determined by the comparison of these two
values. At this stage, the choice is reduced to the task
of comparing two numerical values, just as the task
that the random walk model analyzes.

In summary, this model views the decision process
as the result of two components: the first reduces the
complex information describing two economic options
to a numerical value, the utility of each option. The
second performs the comparison between these two
quantities, and determines, possibly with an error, the
larger of the two. The comparison in this second step
is well described by a random walk of decision.

FACTORS AFFECTING THE
DECISION PROCESS

In the standard random walk model, the barrier
that the process has to hit is fixed. Suppose now that
the information available to the decision maker in
two tasks is different, and is of better quality in one of
them.

For example, in a risky choice the DM has a pre-
cise statement on the probability of the outcomes in
the lotteries she has to choose from. In the ambiguous
choice, on the contrary, she has only limited informa-
tion on these probabilities. She must provide an esti-
mate on the likelihood of different outcomes on the
basis of some reasonable inference. Similarly, in a
choice of lotteries that are paid at different points in
time, lotteries paid in the current period are easier
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to analyze than those paid further in, say, 1 month,
because the decision maker has to consider which
different contingencies may occur in the next month,
and how they might affect the outcome and the utility
for her of different consequences. Consider now the
prediction of this model on the response time and
error rate in the two cases. Intuitively, a harder task
should take longer. This is what the random walk
model predicts: if the distance from the initial point
that the process has to cover is the same, and the proc-
ess is slower when the information is worse, then the
response time should be longer in the harder process.
However, we observe the opposite: the response time
in the ambiguous choice is consistently shorter than in
the risky choice.

A consideration of the extreme case in which the
signal that is observed is completely non-informative
reveals what might be the missing step. Suppose that
indeed the signal provides no information. In this case,
waiting to observe the signal provides no improve-
ment over the immediate decision. Since waiting
typically implies a cost (at least an opportunity cost of
time that could be better used in other ways), the deci-
sion in this case should be immediate, because delay
only produces a waste of time. So, in the case of the
worse possible signal, the response time is the short-
est. This conclusion seems to contradict the prediction
of the random walk, but instead it contradicts only the
assumption that the barrier the process has to hit is
fixed. The distance from the initial point at which the
process stops should instead depend on the quality of
the signal: everything else being equal, a better signal
is worth being observed for a longer time.

In the next section we make this informal argu-
ment more formal, by showing precisely that when
the quality of the signal is better, two opposing fac-
tors are active: first, the quality of the signal advises to
wait and get better information. This counteracts the
second, direct effect (proceeding with a better signal
is faster), and may produce what we observe: longer
response times with the better, more informative
signal.

A Simple Example

The intuitive content of the model can be appreci-
ated better if we consider first the very simple deci-
sion problem already introduced in the Formal model
section above. If the decision maker receives no addi-
tional information, the value for her problem is

v(p) = max{p,1 — p}

with the optimal choice of r if p = 0.5, and I otherwise.

Suppose now that the decision maker can observe
instances of an informative signal on the state: the
function from the true state to a signal space is called,
using a term of statistical theory, an experiment. She
can observe the signal produced by the experiment
for as many periods as she wants, but the final util-
ity will then be discounted by a factor 6. Now, it is no
longer necessarily optimal to choose immediately on
the basis of the prior belief; rather, it may be better to
wait, observe the signal, update the belief, and make
a better choice. Since the value of the reward is dis-
counted, the decision maker has a genuine problem:
she has to decide between collecting information, and
choosing immediately.

Assume for the moment that an optimal policy, for
a given initial belief p, exists. The value of the prob-
lem computed at the optimal policy for any such ini-
tial belief defines the value function for the problem,
which we denote by V. This function is obviously
larger than v, since the decision maker has the option
of stopping immediately. It is known that the opti-
mal policy for this decision maker can be described
as a function of the belief she has regarding the
state — that is, on the current value of p. The way in
which this dependence works is clear. For a belief
p at which V(p) = v(p), the optimal policy is to do
what yields v(p); namely, to stop. For the values for
which V(p) > v(p), since stopping would only give
v(p), the decision maker has to continue experiment-
ing. It turns out in this simple example that there is a
cutoff belief, call it p*, such that it is optimal to stop if,
and only if, p = p* or (symmetrically) p = 1 — p*.

Consider now the effect on the decision to stop
when the quality of the signal provided to the decision
maker improves. Introducing a notation used later, we
denote the experiments P and Q, with P more informa-
tive than Q. Note that the function v does not depend
on the experiment, but the value function V and the
cutoff belief p* depend on it, and we write, for exam-
ple, V(P, -) and p*(P) to make this dependence explicit.
When P replaces Q, the value function V becomes
larger, because the information is better (this is intui-
tively clear, and is proved formally below). Therefore,
the set of beliefs at which V is equal to v becomes
smaller; that is, the critical belief p* becomes larger:
p*(P) = p*(Q). Note for future reference that this value
also depends on the other parameters of the problem,
in particular the discount factor §, although we do not
make this dependence explicit in the notation.

Quality of the Signal and Response Time

What is the effect of this change on the response
time? An increase in the value of p* tends, everything
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else being equal, to make the response time longer:
it takes more observation to reach a cutoff which is
farther from the initial belief. Since an improvement
of the signal increases p*, this direct effect would by
itself produce a longer response time. However, a bet-
ter signal also reduces the time needed to reach a fixed
cutoff belief, since the information is more effective.

The net effect is studied below for a more general
class of problems, but it is easy to see intuitively what
it is. Consider first the case in which the signal pro-
vides no information at all. In this case there is no
point in waiting and experimenting, and therefore the
optimal policy is to stop immediately. Consider now
the case in which the experiment provides complete
information: as soon as the signal is observed, the
state is known for sure. In this case, the optimal wait-
ing time is at most one period: if the decision maker
decides to experiment at all, then she will not do it for
longer than one period, since in that single period she
gets all the information she needs, and additional sig-
nals are useless. Note that these two conclusions are
completely independent of the value of the discount,
since our argument has never considered this value.

Consider now the case of an experiment of inter-
mediate quality between the two extremes just consid-
ered: the experiment provides some information, so
the posterior belief is more accurate, but the informa-
tion is never enough to reach complete certainty. If the
discount factor becomes closer to 1, then the opportu-
nity cost of gathering additional information becomes
smaller. The value of a utility at T is scaled down by a
factor ¢, which is close enough to 1. So if we keep the
information fixed, and consider larger and larger val-
ues of 6, we see that the cutoff belief p* increases. Since
the experiment is fixed, the effect on the time to reach
this cutoff now is unambiguous. Note that in fact
the time to stop is a function of the history of signals
observed. The probability distribution on this set is
given by the experiment. Since the cutoff is higher, for
any history the time to reach this cutoff increases, and
it is easy to see that we can make it arbitrarily large.

We can now conclude that the time to decide (the
response time that we observe) is a hill-shaped func-
tion of the quality of information. This conclusion
holds in a more general model, which is presented in
the Appendix to this chapter.

COGNITIVE ABILITIES AND
PREFERENCES

We present how the model we have developed so
far can explain experimental as well as real-life choice

behavior of a large group of subjects, relating the
choice made in different environments to cognitive
abilities. Economic theory makes no statement regard-
ing the correlation between characteristics of individ-
ual preferences in different domains. For example, the
coefficient of risk aversion is considered independent
of the impatience parameter. Also, no correlation is
assumed between these preferences and the cognitive
ability (CA) of the individual. The predictions of the
theory of choice that we have presented are different.

How can cognitive abilities affect preferences? In
the theory we have developed so far, the utility of an
option is perceived with a noise. The more complex
the option is, the larger the noise in the perception. For
example, evaluating the utility of a monetary amount
paid for sure is easy, and no one has any doubts when
choosing between $10 and $15. Instead, evaluating
a lottery giving on average $10 is harder, and it is
harder still to compare the choice between two lotter-
ies. Similarly, the utility of $15 to be paid on 10 days is
not as sharply perceived as the same payment imme-
diately: we have to consider several different possible
intervening factors, such as the impossibility of get-
ting or receiving the payment, other payments that
can be received in the same interval, and so on.

Different degrees of CA make the perception of an
option more or less sharp. Consider now the choice
between a certain amount and a lottery. While the
utility of the first is perceived with precision by every
individual, the noise around the second one increases
for individuals with a lower CA, and so that option
is less likely to be chosen by those individuals: sub-
jects with a lower CA make more risk-averse choices.
Similarly, in the choice between a payment now and
one in the future, they perceive the second more nois-
ily than the first, and so they are less likely to choose
it, and they make more impatient choices. The theory
predicts that impatience and risk aversion are corre-
lated, and these in turn are correlated with cognitive
abilities.

Test of the Theory

We examined whether and how attitudes to risk,
ambiguity, and inter-temporal choices are related
in a large (N = 1066) sample of drivers in an impor-
tant national (USA) company (see Burks et al., 2007).
Thanks to an agreement with the company, we ran
extensive (4 hours) laboratory experimental testing
with the participating subjects on a battery of tasks
involving choice under risk, ambiguity, choice over
time delayed payments, as well as a variety of psycho-
logical measurements and cognitive tasks (see Burks
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et al., 1943 for a detailed description of the experi-
ment). Similar results, which confirm the robustness of
ours, can be found in Benjamin et al. (2007); Dohman
et al. (2007). From a different perspective, the issue
of the connection between cognitive abilities (specifi-
cally numeracy) and decision making can be found in
Peters et al. (2006).

We had three separate measures of CAs: a measure
of the IQ (Raven’s matrices), a measure of numeri-
cal ability (Numeracy) on tests provided by the ETS
(Educational Testing Service), and the score on a sim-
ple game played against the computer (called Hit 15,
because the game is a race between two players to
reach position 15 on a gameboard) which measures
the planning ability of the individual.

In the choice under uncertainty, subjects were
asked to choose between a fixed lottery and a vary-
ing certain amount. The lottery was either risky (with
known, equal probability of the two outcomes) or
ambiguous (unknown probability of two colors, and
the subject was free to pick the winning color). In
choices of different profiles of payments, subjects had
to choose between two different payments at two dif-
ferent points in time, a smaller payment being paid
soonetr.

A first clear effect due to CA was the number of
errors the subject made, if we define error (as before)
as the number of switches between certain amount
and lottery above two. We found that inconsistency
increases with our measures of CA, in particular IQ
and Hit 15 score.

The effect of CA on preferences was as predicted:
the patience and the index of cognitive ability are pos-
itively correlated. Also, risk aversion and the index of
cognitive ability are negatively correlated. As a result,
there is a negative correlation between risk aversion
and impatience.

The effect of the difference in cognitive ability
extends to behavior in strategic environments. In
our experiment, subjects played a discrete version of
the trust game: both players were endowed with $5;
the first mover could transfer either $0 or the entire
amount, and the second player could return any
amount between $0 and $5. Both amounts were dou-
bled by the experimenter. Before the choice, subjects
reported their belief on the average transfer of the par-
ticipants in the experiment both as first and as second
movers.

We found that a higher IQ score makes a subject a
better predictor of the choice of the others as first mov-
ers: while the average underestimates the fraction of
subjects making a $5 transfer, subjects with higher IQ
are closer to the true value. Similarly, they are closer
to the true value of the transfers of second movers.

The behavior is also different. As second movers,
subjects with higher IQ make higher transfers when
they have received $5, and smaller transfers in the
opposite case.

The behavior as first movers is more subtle to ana-
lyze, since beliefs also enter into the choice: since
subjects with higher IQ believe that a larger fraction
of second movers will return money, they might be
influenced by this very fact. In addition, the difference
in risk aversion might affect choices. Once we control
for these factors, however, subjects with higher IQ are
more likely to make the $5 transfer.

We also followed the performance on the workplace
in the months following the initial collection of experi-
mental data; in particular, the length of time the sub-
ject remained with the company, and, when relevant,
the reason for quitting the job. In the training offered
by the company, quitting before a year can be safely
considered to be evidence of poor planning: trainees
leave the company with a large debt (for the train-
ing costs have to be paid back to the company if an
employee quits before the end of the first year), they
have earned little, and have acquired no useful experi-
ence or references for their resumé. If we estimate the
survival rate for different socio-economic variables
(for example, the married status), then the variables
have no significant effect on the survival rate, while
the Hit 15 affects it largely and significantly.

APPENDIX: RANDOM WALK WITH
ENDOGENOUS BARRIERS

We denote the unknown parameter (for exam-
ple, the state of nature) as 6 € ©. The decision maker
has an initial belief on the parameter, ;1o € A(O), and
has to take an action a € A. The utility she receives
depends on the state of nature and the action taken,
and is described by a function u : © X A — R. She
can, before she takes the action, observe a signal x € X
with a probability that depends on the state of nature,
denoted for example by Py € A (X). In classical statisti-
cal terminology, this is an experiment P = (Pg)s.0. For
any given prior belief on the set ©, this experiment
induces a probability distribution on the set of signals:

P,(x) = [ u(d6)P,(x).

The subject can observe independent replications of
the signal as many times as she likes, stop, and then
choose an action a € A. The use of the experiment has
a fixed cost c for every period in which it is used.

The information she has at time ¢t € {0, 1, ...} is
the history of signals she has observed, an element
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(xg, ..., x;—1) € X'. The posterior belief at any time
t is a random variable dependent on the history
of signals she has observed, and is denoted by .
Let B(p, x) denote the posterior belief of a Bayesian
decision maker with a prior belief p after observing
a signal x. We write B(p, x, P) if we want to empha-
size the dependence of the updating function on the
experiment P.

The decision maker can make two separate choices
in each period: first, whether to stop observing the sig-
nal, and second, if she decides to stop, which element
of A to select. The action she chooses at the time in
which she stops is optimal for her belief at that time.
If her posterior is v, her value at that time is equal to
v(v), the expected value conditional on the choice of
the optimal action, namely:

u(v) = m&x E, u(,a) 4.7)

Conditional on stopping, the action in A is determined
by the maximization problem we have just defined,
and the value of stopping is given by v. We can there-
fore focus on the choice of when to stop.

A policy 7 is a sequence of mappings (m, ..., 7, ...),
where each 7, maps the history of observations at
time ¢, (xq, ..., x;—1) into {0,1}, where 1 corresponds to
Stop. The first component 7 is defined on the empty
history.

The initial belief ;» and the policy = define a prob-
ability distribution over the set of infinite histories
X”, endowed with the measurable structure induced
by the signal. We denote by E_, the corresponding
expectation. Also there is a stopping time T (a random
variable) determined by the policy 7, defined by

T =min{m,(xy,..., x_1) = 1}
t
The expected value at time zero with the optimal

policy depends on the signal the subject has available,
and is given by

V(p, P) = maxE_ ,

5T 0(ur) - icéf*]

t=1

where we adopt the convention that 23:1 cst 1 = 0.

Normally distributed signals An important exam-
ple is the class of normally distributed experiments.
Let © be a subset of the real line, indicating the expec-
tation of a random variable.

An experiment P is defined as the observation of
the random variable X distributed as N(6, %), where
the variance o® is known. An experiment Q, given
by the observation of the variable Y distributed as

N(0, p?), is dominated by P if, and only if, p > o. This
is in turn equivalent to the existence of a normal ran-
dom variable Z with zero expectation and variance
equal to p* — o2 such that

Y=X+Z

OPTIMAL POLICY

The operator M on the space of continuous func-
tions on A(©) with the sup norm is defined by

M(P, W)(u) = maxfo(p), —c + 0E, pW(B(x, )}

where the function v is defined in (4.7).

This operator is a contraction on that space, because
it satisfies the conditions of Blackwell’s theorem.
Hence the value function V exists, and is the solution
of the functional equation:

V(p, P) = M(P,V)(u), for every .

The value function equation describes implicitly the
optimal policy, which is a function II of the current
belief. As in our simple example, the policy is to stop
at those beliefs in which the value function V is equal
to the value of stopping immediately, v. Formally we
define the stopping time region S(P) C A(O) as

S(P) = {p : v(p) = V(u, P)}

The optimal policy is stationary: the function
depends on the history of signals only through the
summary given by the current belief. This optimal
policy is described by the function IT

[(z) = 1 if and only if € S(P).

VALUE AND QUALITY OF SIGNALS

Consider now two experiments of different quality,
P and Q say. Let > denote the partial order (as defined
by Blackwell, 1951; Targerson, 1991) over experiments.
We now show that if the experiment is more informa-
tive, then the set of beliefs at which the decision maker
continues to observe the signal is larger than it is for
the worse signal.

Theorem 4

1. The operator M is monotonic in the order =, that is,
for every function W : A(©) — R, if P = Q, then M(P,
W) = M(Q, W), and therefore V(-,P) = V(-,Q)

2. The optimal stopping time region S is monotonically
decreasing, namely if P = Q then S(P) C S(Q).
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In terms of our main application, decision under risk
and uncertainty, the conclusion is that with a richer
information (risk) the barrier where the random walk
stops is farther than it is with the more poor infor-
mation (ambiguity). As a consequence, the updating
process may take longer in risk than in ambiguous
choices.

Quality of signals and response time We now
present formally the argument presented informally
in our analysis of the simple example. Recall first that:

1. An experiment is called totally un-informative,
denoted by P, if

forall §',0% € ©, P} = P}

2. An experiment is called totally informative,
denoted by P*, if

forall §',0* € ©,P) L Py,

that is the two measures are mutually singular.

We now have:

Lemma 5

1. If the experiment P is totally informative, then at the
optimal policy the stopping time T = 1, (w, ) — a.s.;

2. If the experiment P is totally un-informative, then at the
optimal policy the stopping time T = 0, (m, ) — a.s.;

As in the analysis of our simple example, note that the
two conclusions are independent of the discount fac-
tor 6 and the cost c.

We now turn to the analysis of the response times
when the experiments have intermediates, namely for
experiments P such that P' = P = P".

Define the function

U(u) = [, maxu(b, a)dyu(0)

This is the value at the belief 1 of a decision maker
who is going to be completely and freely informed
about the state before she chooses the action.
Information is always useful for her (for every belief
that is different from complete certainty about a state)
if the value of the optimal choice at y is smaller than
the expected value when complete information will
be provided:

Assumption 6
Information is always useful, namely

Forevery p € A©), if 1 & {6y : 0 € B},

then U() > v(u). (4.8)

Assumption 7
An experiment P is intermediate, that is:

1. For every finite number n of independent observations,
and initial belief in the relative interior of A(©),

B(u, P)
is in the relative interior of A(©).

2. As the number of independent observations tends to
infinity, the product experiment converges to the totally
informative experiment.

Theorem 8
If information is always useful (assumption 9.3) and the
experiment is intermediate (assumption 9.4), then

Iim T = oo, (m, — as.
cl061 (7, ko)

where m is the optimal policy.
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INTRODUCTION

Embodied brain activity leads to emergent com-
putations that determine individual decisions. In
turn, individual decisions, in the form of messages
sent to an institution, lead to emergent computations
that determine group-level outcomes. Computations
can be understood in terms of a set of transforma-
tion rules, the encoding of information, and the initial
conditions that together produce the computation,
and we will refer to these three elements together
as a computational mechanism or simply a mechanism.
Neuroeconomics is interested in understanding the
interrelationship between those mechanisms that exist

Neuroeconomics: Decision Making and the Brain

in our evolved brains and those that exist in our con-
structed institutions, and their joint computation.
Game theory provides a nice middle ground for
neuroeconomics studies, because it links individual
decision making to group-level outcomes with a
clearly defined mechanism. The mechanism is the
game tree, which specifies who gets to move when,
what moves they can make, what information they
have when they make their move, and how moves of
different players interact to determine a joint outcome
over which the players have varied interests. Non-
cooperative game theory has played an important
role in economic thinking, starting with the studies
of imperfect competition in the late 1800s, but it was

© 2009, Elsevier Inc.
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the publication of von Neumann and Morgenstern’s
(1947) book, followed shortly by John Nash’s (1950)
formulation of and proof of existence of Nash equilib-
rium that gave game theory its modern form. In 1994,
the Nobel Prize in Economic Sciences was awarded
to John Harsanyi (1920-2000), John Nash (1928-), and
Reinhard Selten (1930-).

As game theory has grown in popularity, many
books have become available to the reader. In addition
to our review below, and the reference therein to origi-
nal works, an accessible treatise is Osborne (2004).

Extensive Form Games

A game involves two or more players. Figure 5.1
depicts two-person games. Figure 5.1a is an exam-
ple of an extensive form game with perfect informa-
tion (Kuhn, 1950). The game consists of nodes and
branches that connect the nodes, called the game tree.
The nodes n,—n, are called decision nodes, as they each
have branches connecting them to later nodes, and
the nodes t—t5 are called terminal nodes. Each termi-
nal node has a payoff vector associated with it where
the top number is decision maker 1’s payoff and the
bottom number is decision maker 2’s payoff. For con-
venience the branches have been labeled, L, R, LL,
LR, LRL, etc. To the top left of each decision node is
a number, 1 or 2, indicating that the decision maker
owns, or equivalently gets to move at, that node.
Decision maker 1 owns #; and n3.

Pure Strategy Nash Equilibrium

A play of the game is a connected path through
the game tree that starts at 7; and ends at a terminal
node. Thus, (L, LR, LRL) is a play that ends at t;. A
pure strategy for a player is a choice of branch for each
decision maker at each decision node that he owns. For
decision maker 1, let X = {(L, LRL), (L, LRR), (R, LRL),
(R, LRR)} denote the set of all possible pure strategies,
and let xe X be a particular pure strategy. Similarly, for
decision maker 2, let Y = {(LL, LRRL), (LL, LRRR), (LR,
LRRL), (LR, LRRR)} denote the set of all pure strategies,
and let yeY be a particular strategy. Each strategy pair
(x, y) determines a play through the game tree. Thus
x" = (L, LRL) and " = (LR, LRRL) determine the play
(L, LR, LRL), as does the strategy pair x” = (L, LRL)
and y" = (LR, LRRR). The payoffs for decision makers
1 and 2 can be denoted P(x, y) and Q(x, y), respectively.
For example, P(x’, y') = 30 and Q(x', y') = 60.

A Nash Equilibrium of a game is a strategy pair
(x*, y*) such that the following conditions hold:

P(x*, y*) = P(x, y*) forall x € X (6.1)

DM1
L, LRL L, LRR R, LRL R, LRR
L 50 e % 40 40
LRRL| 59 50 40 40
4
n 50 e % 40 0
g LRRR| 50 50 40 40
o 30 20 40 40
LIF_{EL NE NE
60 20 40 40
30 0 40 40
LR NE NE
LRRR| 5o 0 40 40

(b)

FIGURE 5.1 Simple example of a two-person game: (a) game
in extensive form; (b) game in normal form. Figure 5.1(a) shows
a finite extensive form game with perfect information. Play starts
when decision maker 1 (DM1) moves left (L) or right (R) at the deci-
sion node n;. If DM1 moves right, then the game ends at decision
node f; and each player gets a payoff of 40. Note the top payoff goes
to DM1 and the bottom payoff goes to DM2. A pure strategy for
each decision maker is a choice of move at every decision node he
controls. Thus, a strategy may be (L, LRL) for DM1 and (LL, LRRL)
for DM2. Notice a strategy must specify what DM2 will do at deci-
sion node 14, even thought LL terminates the game at t,. Every pair
of strategies produces a play of the game. For example the strate-
gies given above produce the play (L, LL, ;). Game theory assumes
that players behave rationally in choosing strategies that maximize
their expected payoff from the resulting play of the game. Figure
5.1(b) shows the game in Figure 5.1(a) in strategic or normal form.
Notice now we list all the strategies that decision makers have and
then in the cell indicate the payoff that results from the play of the
game. The pure strategy Nash Equilibrium (NE) of a game is simply
a choice of strategies by DM1 and DM2 such that neither decision
maker could do better by unilaterally changing only his strategy.
The pure strategy Nash Equilibria of the strategic game are noted.
These are also the Nash Equilibria of the game in Figure 5.1(a).

Qu*, y*) = Qxt, ) forally €Y (52)

From the definition, it is clear that a candidate
strategy pair (x’, y') for a Nash Equilibrium can be
rejected if we can find a strategy for either player that
leads to a better outcome for that player given the
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FIGURE 5.2 Solving the game using Gambit: (
(a) all Nash Equilibria of the game; (b) subgame
perfect Nash Equilibrium of the game. Gambit
is a software tool that allows you, with care, to
enumerate all of the Nash Equilibria of a finite
game. In Figure 5.2(a), we see the game in
Figure 5.1(a) depicted in Gambit. Below the tree
we see all of the Nash Equilibria of the game
including mixed strategies. Gambit also has
features that allow us to solve for the subgame
perfect equilibrium. This is shown in Figure
5.2(b), which shows that the strategy (R, LRL)
and the strategy (LL, LRRL) is a subgame per-
fect NE. Note some of the branch labels have
been changed. Gambit also allows us to solve for
the quantal response equilibrium (QRE) of the
game described later in this chapter. (b)

other player’s strategy — i.e., if either inequality below
is true:

P(x,y") > P(x’, y') for some x € X, or
Q(x,y) = Q(x",y') for somey € Y.

Thus a Nash Equilibrium strategy pair is a pair that
cannot be rejected. If the inequalities in equations (5.1)
and (5.2) are replaced with strict inequality signs, then
we call the pair (x*, y*) a Strict Nash Equilibrium.

For example, x* = (L, LRR) and y* = (LL, LRRL)
is a Nash Equilibrium in our game above. For a more
general game with m players, Nash Equilibrium (see
Nash, 1950) is defined as above only with m simulta-
neous inequalities. On the other hand, x" = (R, LRR)
and y’ = (LL, LRRL) is not a Nash Equilibrium of the
game since P(x*, y') > P(x’, y').

of mixed gec in giC Game
# 1:R/1:L|2LRR Z:LRL #:LL 1:LR|Z LRRR 2:LRRL|
L 1 0 1 0
1 0 0 1
£ -
T ¥ 0 1
i 0 1 .
0 1 -
" 40

DM2

— S LRRL
LL 20

60

A number of attempts have been made to write
software that can calculate all of the Nash Equilibria of
a game. One such example is Gambit, co-authored by
Richard McKelvey, Andrew McLennan, and Theodore
Turocy (2007), which can be downloaded at http://
gambit.sourceforge.net. Sample Gambit output for the
game above is shown in Figure 5.2a. Gambit found six
Nash Equilibria, including three that involve mixed
strategies (described later). The fact that a game can
have more than one Nash Equilibrium has inspired
many attempts to define refinements of the Nash
Equilibrium.

Subgame Perfect Equilibrium

One important refinement of Nash Equilibrium, due
to Reinhard Selten (1975), is known as the subgame
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perfect equilibrium, or simply SPE, of an extensive
form game. A feature of an SPE is that players have no
incentive to deviate from it during the course of the
game. That is, an SPE is a Nash Equilibrium strategy
no matter where in the game the player begins.

To see this more clearly, consider our example game
in Figure 5.1a. Note that each of the decision nodes
ny—n, describes a subgame of the original game by
simply ignoring what went before the particular node.
Treat each of these nodes as a starting node of the new
subgame. A strategy profile (x*, y*) is a SPE if the rel-
evant parts of the profile are also a Nash Equilibrium
for each subgame of the original game. So, for
example, while x = (L, LRR) and y = (LL, LRRL) is a
Nash Equilibrium of the game, it is not an SPE since
[(*, LRR), (*, LRRL)] is not a Nash Equilibrium for the
subgame starting at 73 — i.e., decision maker 1 would
strictly prefer to play LRL. If we define the length
of a subgame as the longest path to a terminal node,
then we can find all of the subgame perfect equilibria
of a game by working backwards through the game
tree and finding all of the Nash Equilibrium of the
subgames, starting with subgames of the shortest
length, the next shortest length, etc. For our example,
y* = (*, LRRL) is the Nash Equilibrium of the sub-
game starting at ny, x* = (*, LRL); y* = (*, LRRL) is
the Nash Equilibrium of the subgame starting at 3,
x* = (*, LRL); y¥* = (LL, LRRL) is a Nash Equilibrium
of the subgame starting at n,; and, finally, x* = (R,
LRL), y* = (LL, LRRL) is a Nash Equilibrium of the
game starting at 71;. These calculations are also shown
in the Gambit output illustrated in Figure 5.2b. Kuhn
(1953) proved that every finite extensive form game
with perfect information has a SPE.

Normal or Strategic Form Games

The extensive form game shown in Figure 5.1a has
an equivalent strategic or normal form, as shown in
Figure 5.1b. In a strategic form game, each player has
to make a choice from a set of choices. Player DM1
chooses one of the four columns, where each column
represents a pure strategy choice. Simultaneously,
player DM2 chooses one of four rows correspond-
ing to one of DM2’s pure strategies. Players’ choices
together select one of the 16 cells in the 4 X 4 matrix
game. The cell selected is the outcome from play-
ing the game, and each cell contains the payoff to the
players if that cell is selected.

The set of Nash Equilibria for the normal form of
this game is exactly identical to that described above
for this game’s extensive form. Indeed, the set of Nash
Equilibria for any given strategic form game is the

same as the set of Nash Equilibria for that same game
expressed in extensive form. The reason is that Nash
Equilibrium is defined in terms of available strate-
gies. It does not matter to Nash Equilibrium analysis
when those strategies are executed, or how they are
described.

Mixed Strategy Equilibrium

A difficulty with our definition of Nash Equilibrium
described above is that not every game has such a
Nash Equilibrium. The difficulty can be seen in the
Rock-Scissors—Paper example shown in Figure 5.3a. In
this game, both decision makers must simultaneously
choose Rock (R), Scissors (S) or Paper (P). When their
choices are revealed, their payoffs are as follows: If
they both choose the same, then they each get zero. If P
and R are played, then P wins and the loser must pay
the winner $1. If S and P are played, then S wins and
the loser must pay the winner $1. Finally, if R and S

DM2
R s P
0 —1 +1
R
0 +1 -1
- 1 0 =
= S
= I 0 +1
—1 +1 0
P
+1 -1 0
()
DM2
R s
0 —1
R
0 +1
- 1 0
= S
o 4 0
- +1
P
+1 -1

(b)

FIGURE 5.3 Mixed strategy Nash Equilibrium: (a) Rock-
Scissors—Paper; (b) DM2 cannot play Paper. Figure 5.3(a) depicts a
strategic game that has only a mixed strategy equilibrium of (1/3,
1/3,1/3) for each decision maker and an expected payoff of 0. The
game depicts the zero sum game Rock-Scissors—Paper. Figure 5.3(b)
shows a truncated Rock-Scissors-Paper game where DM2 is not
allowed to play Paper (P). Since Paper beats Rock and DM2 can’t
play Paper, this should incline DM1 to play Rock more often, but
not all the time since this would be predictable and lead only to
(R, R). Instead, DM1 will play Rock 2/3 of the time, leading DM2 to
play Rock 2/3 of the time, leading to a payoff of 4/9 for DM1.
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are played, then R wins and the loser must pay the
winner $1. To see that there is no Nash Equilibrium
as defined above, note that if DM1 plays R then DM2
strictly prefers P, but if DM2 plays P then DM1 strictly
prefers S, and so on, resulting in an endless cycle, or
equivalently no solution to the inequalities (5.1) and
(5.2) above. However, we can find a Nash Equilibrium
of this game if we allow DM1 and DM2 to choose
mixed strategies as defined below.

We can denote a mixed strategy for decision
makers 1 and 2 as probability distributions, p and g,
over X and Y respectively. Thus, for example, the prob-
ability that DM1 plays a particular strategy x is p(x).
For convenience, we can assume the players’ prefer-
ences regarding strategies are ordered according to
expected payoffs (Bernoulli, 1738; von Neumann and
Morgenstern, 1944; see also Chapter 3 of this volume).
Thus, for any given p and g4, DM1 and DM2’s respec-
tive payoffs are given by:

EP(p,q) = > > p0)q(y)P(x, y)

xeX xeY

EP(p,q) = > > p(x)q(y)RQx, y)

xeX xeY

A pure strategy (x, y) is now a special case of a
mixed strategy where p(x) = 1 and g(y) = 1. A mixed
strategy Nash Equilibrium is a p* g¢* such that
EP(p*, q*) = EP(p, q*) for all mixed strategies p, and
EQ (p*, q%) = EQ (p*, q) for all mixed strategies 4. For
the Rock-Scissors-Paper game, there is one Nash
Equilibrium in mixed strategies p = (1/3, 1/3, 1/3)
andg =(1/3,1/3,1/3).

More generally, if we have a strategic form game
with n players, indexed by i, each of whom have
von Neumann-Morgenstern preferences, then we
can define player i’s mixed strategy as p; and we can
define all the remaining strategies of the n — 1 play-
ers as p_; = (p1, ---, Pi-1, Pi+1, ---» Pn) and payoffs can
be defined by EU(p;, p_;). We can now extend our
definition of Nash Equilibrium to mixed strategies as
follows: the mixed strategy p* is a Nash Equilibrium
if, and only if, for each player i,

EU,(p;, p_;) = EU,(p;, p_;) for all mixed strategies
p; of player i.

We can identically characterize player i’s von Neumann
Morgenstern payoff function as

EU,(p) = > pi(x) Ei(x, py)

where i’s pure strategy replaces the mixture.
Thus every mixed strategy Nash Equilibrium has
the property that each player’s expected equilibrium

payoff is the player’s expected payoff to any of the
actions used with positive probability. For our example
of Rock-Scissors-Paper, given the Nash Equilibrium
strategy of playing each strategy with 1/3 probability,
EP(x, g%) =0 for x = Rock, Scissors, or Paper, and
EQ (p*, y) = 0 for y = Rock, Scissors, Paper, verifying
that p* = g* = (1/3, 1/3, 1/3) is a Nash Equilibrium.
Nash (1950) demonstrated that every strategic game
with a finite number of players with von Neumann-
Morgenstern preferences, and a finite number of strat-
egies, has a Nash Equilibrium.

If we modify the Rock—Scissors—Paper game by for-
bidding DM2 to play Paper, then we have the game
depicted in Figure 5.3b. The reader may want to verify
that the Nash Equilibrium of this game is p* = (2/3, 0,
1/3)and g* = (2/3,1/3).

Games with Incomplete Information

John Harsanyi (1967/68) formalized the idea of
a game with incomplete information. Consider the
standard trust game shown in Figure 5.4a. An inter-
pretation of this game is that player 1 chooses between
splitting 20 equally with player 2, or sending the 20 to
player 2, in which case it becomes 40. Player 2 can then
either “cooperate” by choosing to give 15 to player 1
and 25 to herself, or “defect” by keeping the entire 40.
The subgame perfect Nash Equilibrium is for player 1
to choose R at n; and player 2 to choose R at 7,. That
is, if an earnings-maximizing player 2 is given the
chance to move, he should “defect” by choosing R.
Player 1 anticipates this, and thus chooses not to give
player 2 a move, and instead divides the 20 equally.

It is possible that humans have evolved a pro-
pensity to cooperate in games like this. For example,
people may feel guilty when, as player 2, they defect
with the move R. Suppose, furthermore, that guilt
reduces a player’s final payoff by some amount.
A low-guilt person G may only experience a small
payoff loss (say 5), while a high-guilt person Gy may
experience a much higher payoff loss (say 20). Finally,
we will assume that player 2 knows whether he is a
low-guilt or high-guilt type person, but player 1 does
not know player 2’s type. We can depict this game as
a Bayesian trust game with incomplete information, as
shown in Figure 5.4b.

There are two important additions to the Bayesian
trust game. First, there is a starting move by Nature at
node 1, that determines the type of player 2. Instead
of providing a label to the branches that Nature can
choose, we indicate the probability that Nature will
choose the branch. So with probability 1/4 Nature
will move left and the trust game will be played with
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25 40-G, 25 40-G,

(b)

FIGURE 5.4 Bayesian trust game: (a) standard trust game;
(b) Bayesian trust game with guilty types, GL = 5, GH = 20. Figure
5.4(a) shows a standard trust game. If DM1 moves left, he is trust-
ing DM2 to move left as well. The only NE of the game is for DM1
to move right and for DM2 to move right. In experiments, this is
not what many subjects do. More than 50% of DM1s move left and
more than 50% of DM2s reciprocate. One way to explain the experi-
mental results is to use a Bayesian Game, Figure 5.4(b), where some
of the DM2s that DM1 encounters feel enough guilt (Gy) to modify
DM2s payoff sufficiently to make it rational to reciprocate. Once we
allow for types and make the type of DM2 that DM1 faces uncer-
tain, then it is possible to generate predictions similar to the experi-
mental results. Notice this uncertainty is produced by adding a new
player called Nature at node 1y, who chooses the type of DM2 (in
the case shown, Nature chooses a low-guilt type with probability
1/4 and a high-guilt type with probability 3/4). DM1’s uncertainty
is shown by the dotted line between 1, and #,, indicating that DM1
does not know which of these two nodes he is at when it is time
to decide. Notice that while such tricks are easy to produce with
prior knowledge of the data, we need better theories of how types
emerge and how people form subjective beliefs about types to make
such theories predictive.

a low-guilt player 2, and with probability 3/4 Nature
will move right and the trust game will be played
with a high-guilt player 2. The other important change
to the game is the addition of a dotted line indicating
that the decision nodes 1, and 1, belong to the same
information set. Up until now players had perfect
information about what node they were at, but more
general information sets allow us to model a player’s
lack of knowledge as to where they are in the game.
All decision nodes in the same information set must

have the same number of branches. In our example,
player 1 does not know if he is at 17 or 1, when he has
to choose L or R, and consequently he cannot make his
choice conditional on which node he is at but instead
must make the same choice for both nodes.

We can now define a Nash Equilibrium of a
Bayesian game as the Nash Equilibrium of the corre-
sponding strategic game where each player is one of
the types of one of the players in the Bayesian game.
In our Bayesian trust game, that gives us three play-
ers (one player 1, one player 2 with low guilt, and one
player 2 with high guilt.) Using Gambit, we can find
four Nash Equilibria for this game, but there is only
one subgame perfect Nash Equilibrium, where player 1
always trusts player 2, as shown by the arrows result-
ing in an expected payoff of 11.25 for player 1. The
break-even point for player 1 is a belief that at least
2/3 of the population will feel strong guilt regarding
cheating. Thus we can see how optimistic player 1s
will try to cooperate by playing, L, while more pessi-
mistic player 1s will play R.

Information sets act as a general formalism for
denoting how much information a player has about
the previous moves in an extensive form game. Games
with perfect information are a special case where all
information sets contain only one node, i.e. all play-
ers know perfectly what path of the game they are on
when it is their turn to make a move. Games with at
least one information set containing more than one
node are called games with imperfect information.
When a player is at an information set, he must act as
though he has only one move - that is, the same move
at each node in the set — but realize that his move may
be along different paths of the game.

A typical game of imperfect information (with
many variations) is the simple card game shown in
Figure 5.5a. Two players ante up by each putting a dol-
lar in the pot. Nature deals one card to player 1. There
is a 50-50 chance that the card is high or low. A high
card, if shown, wins the pot; a low card, if shown,
loses the pot. A fold also loses the pot. At this point,
nodes 77 and 1,, player 1 sees the card and can decide
to show (and win a dollar if high, or lose a dollar if
low) or raise the bet by adding a dollar to the pot.
Now it is player 2’s turn to move without knowing
player 1’s card; thus the information set containing 7;
and ny. Player 2 can fold (thus losing a dollar) or call
by adding a dollar to the pot. A call forces player 1 to
show the card, and determines the winner.

A game with imperfect information has perfect
recall if every player remembers whatever he knew
in the past. We can now distinguish a mixed strategy
for an extensive form game as a probability mixture
over pure strategies from a behavioral strategy where
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FIGURE 5.5 Imperfect information: (a) simple card game;
(b) Selten’s Horse. Figures 5.5(a) and 5.5(b) show some simple
extensive form games with imperfect information. Again, the
imperfection comes from the non-singleton information sets of
players denoted by the dotted lines. Figure 5.5(a) shows a simple
high-low card game where Nature deals a card to DM1, who sees
if the card is high or low and can choose to show his card and win
the pot if the card is high, or raise the dollar ante by another dollar.
DM2 cannot see DM1’s card (thus the information set) at 1, and .
Notice the irrelevance of order of the branches at the anode, mak-
ing it easier to depict the game and decision-makers’ information.
Figure 5.5(b) depicts Selten’s Horse, where DM3 is uncertain if he
is at 1, or ny. This matters a lot to DM3, who prefers to move L at
n, and R at n3. To solve this dilemma, DM3 must take into account
the rational behavior of DM1 and DM2. Suppose DM3 believes that
DM1 and DM2 may make small mistakes in implementing their
strategy. A Nash Equilibrium which is still rational with respect to
small mistakes is called trembling hand perfect. In the Horse, (C, C,
prop(L) < (1/4)) is trembling hand perfect.

the players pick a probability measure at each infor-
mation set in the game with the property that each
distribution is independent of every other distribu-
tion. An important theorem is that any for any mixed
strategy of a finite extensive form game with perfect
recall, there is an outcome-equivalent behavioral strat-
egy. Note, a behavioral strategy and a mixed strat-
egy are outcome-equivalent if for every collection of
pure strategies of the other players the two strategies
induce the same outcome. An immediate consequence
is the equivalence of Nash Equilibrium for games with
perfect recall.

In the card game, player 1’s behavioral strategy is
two independent probability mixtures over the set

{Show, Raise}, while player 2’s behavioral strategy is
one probability distribution over the set {(Fold, Fold),
(Fold, Call), (Call, Fold), (Call, Call)}. The resulting
Nash Equilibrium of the game is for player 1 to use
the behavioral strategy as follows:

prob(Raise | High) = 1, prob(Raise |Low) = 1/3,
prob(Show | High) = 0; and,
prob(Show | Low) = 2/ 3.

The Nash Equilibrium behavioral strategy for player
2 is prob(Fold) = 1/3, prob(Call) = 2/3. The resulting
expected payoff to player 1 is 1/3 while the resulting
payoff to player 2 is —1/3.

Trembling Hand Equilibrium

A final game to consider is Selten’s Horse, shown
in Figure 5.5b. Notice that the pure strategy triple
(D, ¢, L) is a Nash Equilibrium; it does not take into
account the possibility that if player 2 actually had a
chance to move that player 2 would prefer to move
down. Taking this into account, player 3 must play
R with at least a 3/4 probability, resulting in another
Nash Equilibrium (C, ¢, p(L) = 1/4) and an expected
payoff of (1, 1, 1). This equilibrium, which Selten calls
a trembling hand perfect equilibrium, requires the play-
er’s strategy to be optimal even when the other play-
ers make small mistakes in their strategies. Formally,
a mixed strategy n-tupple is trembling hand perfect if
there is a sequence of mixed strategies that converges
to the equilibrium strategy and each player’s Nash
Equilibrium strategy is the best response to all other
players’ strategies chosen from any n-tupple in the
sequence — for example, pick the sequence (p.(D) = ¢,
p(d) =2¢/(1 —¢),p-(R) =4/5 —¢)and lete go to 0.

Quantal Response Equilibrium

A final equilibrium concept, due to McKelvey and
Palfrey (1995, 1998), is the quantal response equilib-
rium. A quantal response equilibrium can be defined
as follows: let p be a mixed strategy n-vector and let
u'(p) = (ui(p), ..., uy(p)) be defined by u;(p) = ugs;;,
p-i)- Notice ugs;, p-;) is player i's von Neumann-
Morgenstern payoff from choosing the pure strategy
s;j given the other players” mixed strategies p_;. Next,
define

uip(p) = uj(p) + &
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where ¢; = (g1, ... €;,) is distributed according to the
distribution function fi(¢;) such that the expected value
of ¢;is 0. Given u'(p) and f, player i’s best response is
to choose s;; such that uj(p) = uy(p) for k=1, ..., m.
Note that this relaxes the assumption that players
make decisions without errors. In a quantal response
equilibrium, best response functions take into account
that the game’s players make decisions with error:
there is some chance that they won’t implement a
strategy successfully.

Now, given each player’s best response function
and distribution f;, calculate of{(u/(p)) as the probabil-
ity that player i will select strategy j given u'(p). Given
f, a quantal response equilibrium for a finite strategic
game is a mixed strategy p* such that for all players
i and strategies j, pjf = ofi( u{(p*)). A quantal response
equilibrium exists for any such game. A standard
response function is given by the logistic response
function

a7i(x;) = (exp(Ax;)/ >, exp((Axy))

0;;(x;;) where x;; = u;(p).

Using Gambit and the above logistic response func-
tion, we calculate the quantal response equilibrium
for Selten’s Horse (Figure 5.5b) and see that as A—x,
p—(C, ¢, R); however, McKelvey and Palfrey (1995)
provide a counter-example to show that the limiting
quantal response equilibrium does not always corre-
spond to Selten’s trembling hand perfection.

It is worthwhile to note that Quantal response equi-
librium can be interpreted as a reinforcement learning
model (Goeree and Holt, 1999).

GAME THEORY EXPERIMENTS

Game theory experiments test game theory. To be
interesting to neuroeconomists typically requires that
the experiment goes further than this — for example,
by informing the role of emotion in decision or the
number of cognitive “types” that exist in a population.
This might involve brain-imaging, but need not nec-
essarily do so. In this section we describe the design,
practice, and results of game theory experiments that
do not include an imaging component but that are
especially relevant to neuroeconomic research.

Design and Practice

An important feature of laboratory game theory
experiments is that a participant’s decisions can be

highly sensitive to the specifics of the implementation.
An implication is that many game theory experiments
are powerful tools for uncovering critical features of
the human decision process that might be relatively
difficult to detect outside of controlled environments.
In addition, like the best theory, the results of game
theory experiments might be useful in shedding light
on behavioral principles applicable to a large number
of decision environments.

The particulars of any experiment design depend
on the hypotheses it intends to test. However, there
are general design considerations common to any
game theory experiment that will be reviewed briefly
here. Readers interested in more thorough recent dis-
cussions of design and analysis considerations should
consult Houser (2008), Camerer (2003, especially
Appendix Al.2), Kagel and Roth (1995), Friedman and
Sunder (1994), and Davis and Holt (1993). In addi-
tion, the outstanding book by Fouraker and Siegel
(1963) offers an early but still relevant discussion and
defense of procedures in experimental economics.
Their work draws attention to instructions, randomi-
zation, anonymity, and salient rewards, each of which
remains fundamental to experimental economics
procedures, as discussed below.

Instructions

It might be expected that decisions would be rather
insensitive to the nature of a game’s description, so
long as the instructions were clear and complete. The
reason this is not the case is that instructions not only
describe but also frame an environment, and behavior
is highly sensitive to framing. For example, using the
word “partner” instead of “counterpart” to describe a
matched participant in an experiment can affect deci-
sions substantially (see Houser et al., 2004, for further
discussion and application to the challenge this raises
for interpretation of cross-cultural experiments). As a
result, it is important to make an experiment’s instruc-
tions consistent among various sessions of the same
treatment. This is often facilitated by providing a writ-
ten form of the instructions to subjects, and then read-
ing it to them at the beginning of each session.

Randomization

The role of randomization also cannot be over-
stated. One reason is that it is necessary for the validity
of a variety of widely-used analysis procedures — see,
for example, Houser (2008) for elaboration. More gen-
erally, the appropriate use of randomization avoids
confounding influences on the results. For example,
as noted by Fouraker and Siegel (1963), subjects might
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differ in personality traits or preferences for money,
and these differences might also be correlated with
the time at which a subject arrives at the experiment.
Random assignment of subjects to treatments and roles
within the experiment helps to ensure that such dif-
ferences do not systematically affect an experiment’s
outcome.

Anonymity

To guarantee anonymity, participants are randomly
assigned counterparts, visually separated from each
other, and asked to remain silent for the duration of
the experiment. By ensuring that participants do not
know with whom they are matched, the possibility
that decisions will be based on perceptions unrelated
to the decision environment under study is largely
eliminated. Random and anonymous matching also
substantially mitigates the possibility of (unwanted)
collusion among participants, which might otherwise
confound inferences and interpretations.

It should be emphasized that randomization and
anonymity effectively control for differences in indi-
vidual characteristics only to the extent that each
treatment in the experiment uses different participants
drawn from a common “cohort,” or group with the
same distribution of characteristics (e.g., demographic
and personality). Often, this is ensured by using a
university’s general student population to select
participants. An alternative is to study the decisions of
the same people in multiple treatments. While this can
in some cases be efficient, it also raises special design
and analysis considerations (e.g., controlling for effects
due to the order in which treatments are experienced,
as well as the fact that repeated and perhaps corre-
lated observations are obtained from each person).

Salient Rewards

A hallmark of experimental economics, “sali-
ent rewards” refer to monetary payments that vary
according to a person’s decisions in an experiment.
Vernon Smith formalized the importance of this pro-
cedure with the publication of his Induced Value
Theory (Smith, 1976). As long as it is assumed that
people prefer more money to less, applying the the-
ory to experiments requires only that real money val-
ues are assigned to tokens earned in an experiment.
Intuitively, the advantage to doing this is that it raises
confidence that participants will recognize the eco-
nomic incentives implied by the game environment.
Induced value theory rigorously justifies experimen-
tal tests of game theory, and as such has facilitated the
development of new theories incorporating “social

preferences” that have been especially relevant to the
development of neuroeconomics.

The use of salient rewards in economics experi-
ments stands in sharp contrast to the use of hypo-
thetical rewards common in the psychology literature.
As a practical matter, the importance of salient
rewards is an empirical question whose answer is
likely sensitive to the environment under study (for
example, Holt and Laury (2002) compare risk elici-
tation under both hypothetical and salient reward
circumstances). An accepted principle dating from
Smith (1965) is that, in relation to hypothetical
environments, salient rewards are likely to reduce the
variability of decisions among subjects.

Salient rewards are perhaps most transparent in
so-called “one-shot” games in which players make a
decision, receive their earnings, and then the experi-
ment ends (for example, standard implementations
of dictator and ultimatum games). Interestingly, in
imaging studies it is typically necessary (for technical
reasons) to modify the experiment’s protocol so that
these games become “multi-shot” or “repeat-single.”
This means that the game is played several times
instead of once, with earnings usually determined
by a random draw from one of the completed games.
Participants are usually anonymously matched with
different players for each game (so-called “Strangers”
matching) in order to avoid effects caused by, for
example, “reputation,” meaning beliefs developed
about their counterpart’s likely decisions based on
play during the course of the experiment.

Experiments with Normal Form Games

Prisoner’s Dilemma and Public Goods Games

Prisoner’s dilemma (PD) and public goods (PG)
games are used to study “social dilemmas” that arise
when the welfare of a group conflicts with the narrow
self-interest of each individual group member. For
example, in a typical two-player PD, each player can
choose either to “cooperate” or “defect.” Payoffs are
symmetric, and chosen so that the sum of the payoffs
is greatest when both choose “cooperate” and least
when both players choose “defect.” However, each
player earns the most if he chooses to “defect” when
the other cooperates. Thus, the unique subgame per-
fect Nash Equilibrium of this environment is for both
players to defect.

The structure of PG games is similar, but they are
typically played in larger groups. In a typical PG
game, each member of a group of four people is allo-
cated $10. Group members simultaneously decide
how to allocate their endowment between two
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“accounts,” one private and one public. The private
account returns $1 to the subject for each dollar allo-
cated to that account. In contrast, every dollar invested
in the public account doubles, but is then split equally
among the four group members ($0.50 each). Thus,
like the PD game, group earnings are maximized at
$80 if everybody “cooperates” and contributes every-
thing to the public account, in which case each of the
four participants will earn $20. However, if three sub-
jects contribute $10 each while the fourth “free-rides”
and contributes nothing, then the “free-rider” will
earn $25 (the best possible outcome for him). Like the
PD game, each group member has the private incen-
tive to contribute nothing, and the unique subgame
perfect Nash Equilibrium occurs when each subject
contributes zero to the group account.

Standard results for PD and PG games are dis-
cussed at length elsewhere (see, for example, Davis
and Holt, 1993; Ledyard, 1995). The key early finding
was that, in aggregate, cooperation occurs about half
of the time in PD games, and that about half of the
aggregate endowment is contributed to the “public”
account in a PG game. It is also routinely found that
aggregate cooperation decays when these games are
repeated, though cooperation usually remains above
zero even with a relatively large number of repetitions
(say 30). Though the specific patterns of cooperation
can vary with the particulars of the game, the substan-
tive finding that people cooperate in social dilemmas
is robust. Results from these early games opened the
door for “psychological” game theory (Geanakoplos
et al., 1989) in which concepts such as reciprocity and
altruism play important roles.

PG games continue to be widely studied, and have
proven a sharp guide for theories of social preferences
(see Chapter 15 of this volume). One reason is that
it is simple to develop designs for these games that
offer compelling evidence on critical issues in social
preference theory. For example, Gunnthorsdottir et al.
(2007) provide rigorous data from a PG experiment
that show that (positive) reciprocity is more important
than altruism in driving cooperation. Another reason
is that PG games provide rich data on individual deci-
sion patterns. For example, PG data starkly reveal
that individuals fall into cleanly described “types”
(Kurzban and Houser, 2005), and stress that any
theory of social preferences that does not account for
individual differences is substantively incomplete.

Coordination Games

Unlike standard PD or PG games, many games
have multiple equilibria that require coordination. For
example, a simple two-player, two-alternative (say

“A” and “B”) “matching” game will pay each player
$1 if they both choose “A” or both choose “B,” but
will pay each of them nothing if their choices do not
match. In these environments, a key role for experi-
ments is to help discover the relative likelihood that
a particular equilibrium might be played, as well as
the features of the environment (including participant
characteristics) that determine this likelihood.

The large literature in coordination games cannot
be discussed here, but is well reviewed by Camerer
(2003: Chapter 7); this author also suggests several
“stylized facts” regarding play in these games. These
include that (i) coordination failure is common;
(ii) repeated play does not reliably converge to a
Pareto-efficient outcome (meaning that no realloca-
tion can make all players simultaneously better off);
(iii) the nature of convergence depends on the infor-
mation available to players and how the players
are matched; and (iv) whether and how players are
allowed to communicate can have substantial effects
on outcomes. Although important challenges arise in
its analysis (Houser and Xiao, 2008), communication
provides perhaps the richest data for understand-
ing decisions in social environments that require
coordination.

Experiments with Extensive Form Games

Ultimatum Games

The ultimatum game, introduced by Guth et al.
(1982), is a simple take-it-or-leave-it bargaining envi-
ronment. In ultimatum experiments, two people are
randomly and anonymously matched, one as pro-
poser and one as responder, and told they will play
a game exactly one time. The proposer is endowed
with an amount of money, and suggests a division of
that amount between himself and his responder. The
responder observes the suggestion and then decides
whether to accept or reject. If the division is accepted,
then both earn the amount implied by the proposer’s
suggestion. If rejected, then both the proposer and
responder earn nothing.

The key result of ultimatum experiments is that
most proposers offer between 40% and 50% of the
endowed amount, and that this split is almost always
accepted by responders. When the proposal falls to
20% of the endowment it is rejected about half of the
time, and rejection rates increase as the proposal falls
to 10% and lower. As discussed by Camerer (2003:
Chapter 2), ultimatum game results are highly robust
to a variety of natural design manipulations (e.g.,
repetition, stake size, degree of anonymity, and a
variety of demographic variables).
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An important exception to robustness is reported
by Hoffman and Spitzer (1985), who show that offers
become significantly smaller, and rejections signifi-
cantly less frequent, when participants compete for
and earn the right to propose. An explanation is that
this procedure changes the perception of “fair,” and
draws attention to the importance of context in per-
sonal (as compared to market) exchange environments.
These effects might also stem from varying the degree
of anonymity among the subjects, or between the sub-
jects and the experimenter (Hoffman et al., 1996).

A key focus of recent ultimatum game research has
been to understand why responders reject low offers.
Economic theory based on self-interested preferences
suggests that responders should accept any positive
offer and, consequently, proposers should offer the
smallest possible positive amount. We review some
well-known research on the topic of responder rejec-
tions in the “Neuroeconomics experiments” section
below.

Trust Games

Joyce Berg, John Dickhaut and Kevin McCabe
introduced the popular trust game in 1995. Two
participants are randomly and anonymously matched,
one as investor and one as trustee, and play a
one-shot game. Both participants are endowed with
$10. The investor can send some, all, or none of his
$10 to the trustee. Every dollar sent by the investor is
tripled. The trustee observes the (tripled) amount sent,
and can send some, all, or none of the tripled amount
back to the investor. The amount sent by the investor
is a measure of trust; the amount returned by the trus-
tee is a measure of trustworthiness.

Berg et al. (1995) reported that investors send
about 50% of the endowment on average, and trus-
tees generally return the amount sent. There is more
variance in amounts returned than in amounts sent.
Indeed, Berg et al. (1995) reported that fully 50% of
trustees returned $1 or less. Camerer (1993: Chapter 2)
described a variety of studies that replicate and
extend these first results. As we discuss further below,
this game is also widely used in neuroeconomics
experiments.

NEUROECONOMICS EXPERIMENTS

Design

Neuroeconomics experiments provide evidence
regarding the biological basis of human decision
making. There are many types of neuroeconomic

experiments, including (i) purely “behavioral” experi-
ments with healthy volunteers that provide evidence
on the role of, for example, emotion on decision;
(ii) “lesion” studies that examine the behavioral con-
sequences of brain damage (or temporary disrup-
tion with transcranial magnetic stimulation (TMS));
(iii) examinations of drug effects on economic deci-
sions; (iv) skull-surface based measurement of brain
electrical activity during decision tasks using electro-
encephalography (EEG) or magnetoencephalography
(MEG); and (v) real-time whole brain imaging using
functional magnetic resonance imaging (fMRI) during
an economic decision task. A comprehensive review of
the leading procedures to draw inferences from brain
data can be found in Toga and Mazziotta (2002).

Although each method has unique advantages,
over the past decade fMRI has emerged as the domi-
nant technique. The reason is that it is a relatively
easily implemented, non-invasive procedure for scien-
tific inference with respect to real-time brain function
in healthy volunteers during decision tasks. It is there-
fore worthwhile to comment briefly on the design and
practice of fMRI experiments. Much more detailed
discussion can be found in any of a number of recent
textbooks that focus exclusively on this topic (Huettel
et al.,, 2004 is an excellent and especially accessible
source).

Overview

An fMRI neuroeconomics experiment correlates
brain activity with economic decision making.
However, it does not directly measure neural activity.
Rather, evidence on cerebral blood flow is obtained,
which Roy and Sherrington (1890) discovered is
correlated with underlying neuronal activations. The
reason is that active neurons consume oxygen in the
blood, leading the surrounding capillary bed to dilate
and (with some delay) to an increase in the level
of oxygenated blood in the area of neural activity.
It turns out that this “hemodynamic response” can
be detected and traced over time and (brain) space.
Although fMRI technology is rapidly improving,
most early studies reported data with temporal reso-
lution of 1 or 2 seconds, with each signal representing
a three-dimensional rectangular “voxel” measuring 2
or 3 millimeters on each side and containing literally
millions of neurons.

Design

The design of an fMRI neuroeconomics experi-
ment should ensure that the hemodynamic, or blood-
oxygen level dependent (BOLD), response can be

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



58 5. EXPERIMENTAL NEUROECONOMICS AND NON-COOPERATIVE GAMES

detected, as well as reliably traced to neural activ-
ity associated with the decision processes of interest.
A technical constraint in this regard is that the BOLD
signal is quite weak, with typical responses being just
a few percentage points from baseline measurements
made by a typical scanner. An important implication
is that neuroeconomic experiments typically require
multiple plays of the same game and an averaging of
the signals produced therein. That is, single-shot stud-
ies are not possible with current technology, and the
design strategy must take this into account. A second
implication of the weak signal is that other sources of
signal variation, such as motion of the subject in the
scanner, must be strictly controlled at data collection,
and again accounted for during data “preprocessing.”

Analysis

The analysis of fMRI data occurs in two stages.
The first stage is “preprocessing,” the components of
which include (i) image realignment to mitigate vari-
ation in the data due to head motion; (ii) image stand-
ardization to facilitate comparisons among brains
of different participants; and (iii) image smoothing
to reduce high-frequency voxel specific noise. How
different preprocessing approaches affect second-
stage inference is the subject of active research (see,
for example, Chen and Houser, 2008).

The second stage involves analyzing the (preproc-
essed) data and drawing inferences about activation
patterns. Regardless of the approach used to do this,
it is necessary to confront the issue that imaging data
has a massive spatial-panel structure: the data include
observations from thousands of spatially and tem-
porally characterized voxels. The analysis strategy
should allow for the possibility that proximate voxels
might have a correlated signal structure, especially
because appropriate inference requires accounting for
multiple comparisons (see Tukey, 1991, for an accessi-
ble discussion of this issue).

Neuroeconomics Experiments with the
Trust Game

The Berg et al. (1995) trust game (or close vari-
ants) has been conducted thousands of times and
has played an important role in shaping economists’
view of trust and reciprocity. The trust game has also
proved a useful paradigm in neuroeconomics. Indeed,
it was used by McCabe and colleagues in their 2001
fMRI study of cooperation, which also turns out to
be the first published imaging study of economic
exchange.

McCabe et al. (2001) reasoned that cooperative
economic exchange requires a theory-of-mind (ToM).
They thus hypothesized that the medial prefrontal
cortex, which had been previously implicated in ToM
processing (Baron-Cohen, 1995), would also mediate
cooperative economic exchange. To test this hypoth-
esis, they asked subjects in a scanner to play variants
of a trust game multiple times either with human
counterparts outside the scanner or with a computer
counterpart. All trust games were “binary” (of the
form described by Figure 5.4a), in the sense that both
the investor and trustee chose from one of two alter-
natives, either “cooperate” or “defect.” The computer
played a known stochastic strategy, and scanner par-
ticipants were informed prior to each game whether
their counterpart was a human or a computer.

Of the study’s twelve subjects, seven were found to
be consistently cooperative. Among this group, medial
prefrontal regions were found to be more active when
subjects were playing a human than when they were
playing a computer. On the other hand, within the
group of five non-cooperators there were no signifi-
cant differences in prefrontal activation between the
human and computer conditions. It is interesting
to note that ToM imaging studies caught on quickly,
and that the areas identified by McCabe et al. (2001)
have also been found by others (see Chapter 17 of
this volume for a review of the ToM neuroeconomics
literature).

Another important imaging (positron emission
tomography) experiment with a trust game was
reported by de Quervain and colleagues (2004; see
also Chapter 15 of this volume). This study sought to
provide evidence on the neural basis of punishment,
and in particular to investigate whether brain areas
including the dorsal striatum are activated when
punishing another who has abused one’s trust. To
assess this, the authors had two anonymous human
players, A and B, make decisions in a binary trust
game. Both players started with 10 MUs (monetary
units), and player A could either trust by sending all
10 MUs to B, or send nothing. If A chose to trust, then
the 10 MUs were quadrupled to 40, so that B had 50
MUs and A had zero MUs. B could then send 25 MUs
to A, or send nothing and keep the entire 50 MUs.
Finally, following B’s decision, A could choose to pun-
ish B by assigning up to 20 punishment points. In the
baseline treatment, each point assigned reduced A’s
earnings by 1 MU and B’s earnings by 2 MUs.

This game was played in a variety of conditions,
in order to ensure that the appropriate contrasts were
available to assess punishment effects. In addition
to the baseline, key treatment variations included
the following: (i) a random device determined B’s
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back-transfer, and punishment worked as in the base-
line; (ii) B determined the back-transfer, but punish-
ment points were free for A and removed 2 MUs from
B’s earnings; (iii) B determined the back-transfer, and
punishment points were only symbolic in the sense
that they were free for A and they also did not have
earnings implications for B. With these contrasts in
hand, the authors were able to draw the inference that
effective (but not symbolic) punishment is associated
with reward, in the sense that it activates the dorsal
striatum. Moreover, they found that subjects with
stronger activations in that area were more likely to
incur greater costs in order to punish.

Recently, Krueger et al. (2007) have found evidence
for two different mechanisms for trust in repeated,
alternating-role trust games with the same partner.
One system for trust uses the anterior paracingulate
cortex in early trials, which is extinguished in later
trials and replaced by activation in the septal region
of the brain. Bold activations in these areas are inter-
preted as characterizing a system of unconditional
trust in the person. Another system shows no early
activation in the anterior paracingulate cortex but
does show a late activation consistent with the behav-
ioral responses of subjects to be less trustworthy when
temptation is greatest. This is interpreted as charac-
terizing a system of conditional trust, as first movers
learn to avoid trusting their partner when temptations
to defect are high.

A large number of other trust games have been
studied with various motivations. In this volume,
trust games play a role in the designs discussed in
Chapters 6, 13, 15,17, 19 & 20.

Neuroeconomics Experiments with the
Ultimatum Game

Neuroeconomics experiments with the ultimatum
game have been conducted with the primary goal
of shedding light on reasons for rejections of unfair
offers. Because a person earns a positive amount by
accepting the offer, and earns nothing by rejecting,
the decision to reject offers has puzzled economists.
We here review three innovative studies on this topic,
each of which uses a different method: a behavio-
ral study by Xiao and Houser (2005), an fMRI study
by Sanfey et al. (2003), and rTMS results reported by
Knoch et al. (2006).

Xiao and Houser (2005) studied the role of
emotion expression in costly punishment decisions.
A substantial literature suggests humans prefer to
express emotions when they are aroused (see, for
example, Marshall, 1972). The results obtained by Xiao

and Houser (2005) suggest that the desire to express
negative emotions can itself be an important motiva-
tion underlying costly punishment.

In ultimatum game experiments conducted by Xiao
and Houser (2005), responders had an opportunity to
write a message to their proposer simultaneously with
their decision to accept or reject the proposer’s offer.
Xiao and Houser found that, compared with standard
ultimatum games where the only action responders
can take is to accept or reject, responders are signifi-
cantly less likely to reject the unfair offer when they
can write a message to the proposers. In particular,
proposers’ offers of $4 (20% of the total surplus) or
less are rejected 60% of the time in standard ultima-
tum games. When responders can express emotions,
only 32% reject unfair offers, and this difference is
statistically significant.

The messages written in Xiao and Houser’s (2005)
emotion expression game were evaluated using a
message classification game with performance-based
rewards (for discussion, see Houser and Xiao, 2007,
and also the related “ESP” game of von Ahn, 2005).
Evaluators were kept blind to the research hypotheses
as well as decisions made by participants in the emo-
tion expression game. The vast majority of those who
accepted offers of 20% or less wrote messages, and all
but one of those messages were classified as express-
ing negative emotions. An interpretation is that
costly punishment decisions occur in part as a way to
express dissatisfaction. Earnings maximizing deci-
sion making, therefore, is promoted when less expen-
sive channels are available for the purpose of emotion
expression.

Sanfey et al. (2003; see also Chapter 6 of this
volume) is an early fMRI study of the ultimatum
game. In this study, participant responders faced
either confederate proposers or computers, so that
each responder faced exactly the same set of fair
(equal split) and unfair offers (between 70% and 90%
to the proposer). The brain images revealed that, in
comparison to fair offers from human or any com-
puter offers, when the responders were faced with
unfair offers from humans there was greater activa-
tion in the bilateral anterior insula, the anterior cin-
gulate cortex (ACC), and the dorsolateral prefrontal
cortex (DLPFC). The computer condition provides the
contrast necessary to rule out the possibility that
the source of the activation is the amount of money,
thus providing evidence that activations are due to
the “unfair” intentions of humans. Moreover, Sanfey
et al. found that activation in the insula correlated
positively with the propensity to reject unfair offers.
Because the insula has been implicated in the process-
ing of unpleasant emotions (Calder et al., 2001), this
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result is convergent evidence that negative emotions
underlie the rejection decision in the ultimatum game.

The complexities of the neural networks under-
lying rejection decisions are underscored by results
reported by Knoch et al. (2006). These researchers used
repetitive transcranial magnetic stimulation (rTMS) in
order to disrupt the left or right DLPFC. They found
that the rate of rejection of maximally unfair offers
(20% was the least amount that could be offered) was
just 10% when the right DLPFC was disrupted. On
the other hand, the rejection rate of unfair offers was
equal to the baseline, 50%, when the disruption was to
the left DLPFC. The authors concluded that the right,
but not left, DLPFC plays an important role in overrid-
ing self-interested impulses, which adds another piece
to the puzzle that is the neural underpinning of costly
punishment decisions. Other ultimatum game studies
are reviewed in various chapters in this volume.

TOWARDS A NEUROECONOMIC
THEORY OF BEHAVIOR IN GAMES

Cognitive neuroscience has made great progress
regarding the neural basis of perceptual decision
making (see, for example, Gold and Shadlen, 2007),
as well as value-based decision making (Glimcher
et al., 2005). Models of decision making based largely
on single cell firing in monkeys assumes that neurons
encode a sequential probability ratio test (Wald and
Wolforwitz, 1947), to decide statistically among com-
peting hypotheses. Within this framework mixed
strategies can be explained at the level of neuronal
noise (Glimcher et al., 2005; Hayden and Platt, 2007),
although how noise biases probabilities toward
optimal strategies is less understood. It is even less
clear how these models of decision making should be
extended to games involving other persons.

When individuals evaluate a game tree, they make
choices which they expect will result in a desired
payoff goal. One approach to solving this problem is
to rely on reinforcement learning (Sutton and Barto,
1998) alone, as calculated by the QRE of the game.
Such an approach is parsimonious, and would involve
only the goal-directed learning parts of the brain (that
is, the ventral and dorsal striatum) together with a
method for encoding strategies (most likely in the
prefrontal cortex) and their payoff equivalents (for
example, in pre-motor regions of the brain and the
lateral intraparietal area or other parietal areas encod-
ing expected utility maps) (Montague et al., 2006).
However, one problem with this approach is the
relatively long length of time it would take people

to learn the QRE of the game. Thus, necessary addi-
tions to a reinforcement learning theory of game-
playing would be various mechanisms for sharing
mental states that would improve the brain choice of
an initial strategy and allow the brain to weigh infor-
mation appropriately and update goals in order to
learn more quickly its best strategic choices (starting
points for such models might include, for example,
Camerer and Ho, 1999, or Erev and Roth, 1998).

Initial strategies are likely to be chosen based on an
examination of payoffs leading to a goal set, where a
goal set should be understood as the set of all poten-
tially desired outcomes. One unknown is how large
a goal set the brain will try to handle. For example,
in the game shown in Figure 5.1a, player 1 will see t;
with a payoff of 50 and the payoff of 40 at ¢, as his goal
set from an initial set of payoffs of {50, 40, 30, 20, 0}.
In the game shown in Figure 5.4a, player 1 may choose
{15, 10} as his goal set from the set of possible payoffs
{15, 10, 0}. How players choose their goal sets and edit
them over time then becomes a critical feature of such
a model. For example, are people more likely to
include high payoff outcomes in their initial goal sets?

Given a goals set, a player must identify the paths
that will lead to his desired goals. Since each terminal
node is isomorphic to a path in the tree, there is a 1-1
and invertible function f which maps the set of goal
sets G into the set of game paths P, and therefore there
is a set of decision nodes that are “critical” to a player’s
goals in that at a critical node paths diverge. For exam-
ple, in Figures. 5.1a and 5.4a, a critical node for player
1 is ny. Since it is at critical nodes that players make
commitments to a proper subset of their goal sets, we
expect the brain to weigh the evidence for each path
using some form of forward induction and choose
based on the resulting accumulation of support for a
given strategy.

The next step is to assess who else owns decision
rights along the path towards ¢; and what their incen-
tives might be. So, for example, in Figure 5.1 player
2 controls the node 7n, and might like 60 at f, com-
pared to 50 at t;. If this possibility is likely enough,
then player 1 may simply decide to play R and get 40.
However, player 1 might also try mentally to simulate
player 2’s mind to induce how player 2 might react at
node 7n,. Player 1 might reason that player 2 will see
that there is a risk to trying for t; since player 1 con-
trols the node n;. But why would there be any risk?
A simple answer is that when player 1 took the risk
to try for 50, he also made an emotional commitment
to punish player 2 if he tried for 60. Notice the deci-
sion to punish requires two things; an assessment of
shared attention over the fact that player 1 has taken
a risk to achieve 50, and an assessment by player 1
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that player 2 can empathize with player 1’s emotional
commitment to punishment.

As part of the forward induction at critical nodes,
players are also likely to evaluate the person they are
playing as suggested by the nature of the Bayesian
trust game shown in Figure 5.4b. In this case, experi-
ential priors from similar situations may bias the play-
ers’ beliefs (weighing) of the game they are in. When
results are evaluated, they will then be updated based
on reinforcement learning systems (as a slow learning
process) or through much faster emotional responses,
such as those found in insula responses.

CONCLUSION

Neuroeconomics research helps to disentangle the
complex interrelationships between the neural mecha-
nisms with which evolution has endowed our brains,
the mechanisms that our brains have built into our
external institutions, and the joint computations of
these mechanisms from which social and economic
outcomes emerge. Game theory provides a conven-
ient platform for neuroeconomics studies because it
formally connects the strategic decisions of multi-
ple individuals to group-level outcomes through a
precisely defined mechanism.

We have seen that game theory can entail substan-
tial abstraction. While the level of abstraction created
by game theory has substantial advantages, it can also
create uncertainty with respect to the way in which
laboratory participants perceive the game environ-
ment. This can lead to difficulties in interpreting par-
ticipants” decisions, especially when those decisions
are at odds with our constructed notions of rationality.
It might be tempting to attribute the failure of a theory
to participants’ failures to understand the incentives
associated with a game. An alternative explanation
is that the decisions of “irrational” participants are
fully rational, but from an alternative perspective (e.g.
“ecological rationality,” as promoted by Smith, 2007).
Neuroeconomics can help to distinguish between
these explanations, and is certain to play a funda-
mental role in the process of discovering how people
decide.
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INTRODUCTION

Traditionally, the majority of experimental stud-
ies of decision making have examined choices with
clearly defined probabilities and outcomes, in which
the decision maker selects between options that have
consequences for only themselves. The canonical set
of decision tasks involves choices between monetary
gambles — for example, participants might be asked
whether they prefer a 50% chance of $25, or $10 for
sure. Though the outcomes and likelihoods are often
complex and uncertain, and sometimes ambiguous,
these decisions are typically made in isolation.

However, in our daily life decisions are seldom
made in these sterile situations, and indeed many of

Neuroeconomics: Decision Making and the Brain
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our everyday decisions and choices are made in the
context of a social interaction. We live, work, and play
in highly complex social environments, and the deci-
sions we make are often additionally dependent on
the concomitant decisions of others — for example,
when we are deciding to extend an offer of employ-
ment or when we are entering a business negotiation.
These decisions have the potential to offer a useful
window into more complex forms of decision making;
decisions that approximate many of the more inter-
esting choices we make in real-life. These types of
situation are, however, relatively understudied in the
decision-making literature, and thus neuroeconomics
has the potential to make important progress in better
understanding this class of choices.
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The nature of decision making may change funda-
mentally when the outcome of a decision is depend-
ent on the decisions of others. For example, the
standard expected utility computation that underlies
many of the existing theories and models of decision
making is complicated by the fact that we must also
attempt to infer the values and probabilities of our
partner or opponent in attempting to reach the opti-
mal decision.

As part of the neuroeconomic approach, several
groups of researchers have begun to investigate the
psychological and neural correlates of simple social
decisions using tasks derived from a branch of experi-
mental economics that focuses on game theory. These
tasks, though simple, require sophisticated reasoning
about the motivations of other players in the task. The
combination of these tasks and modern neuroscien-
tific methods have the potential to greatly extend our
knowledge of the brain mechanisms involved in social
decision making, as well as advancing the theoreti-
cal models of how we make decisions in a rich social
environment.

This chapter examines the use of non-invasive
imaging techniques in humans and invasive electro-
physiological techniques in monkeys for studying
decision-making processes during game-theoretic
tasks. At the onset, we wish to stress that these are
complementary approaches. Each approach has
its particular strengths and weaknesses, and each
requires that technological hurdles be surmounted,
and tasks be modified so they are compatible with
these brain-imaging techniques.

GAME THEORY

In a similar fashion to the framework provided by
utility theory for studying individual decisions, game
theory offers well-specified models for the investiga-
tion of social exchange. The most important devel-
opment in this field was the work of von Neumann
and Morgenstern (1947), whose seminal publica-
tion established the foundations of the discipline. In
essence, game theory is a collection of rigorous mod-
els attempting to understand and explain situations
in which decision makers must interact with one
another, with these models applicable to such diverse
scenarios as bidding in auctions, salary negotiations,
and jury decisions, to name but a few.

More generally, a common criticism of economic
models is that observed decision behavior typically
deviates, often quite substantially, from the pre-
dictions of the standard model. This is true for the

predictions of utility theory for individual deci-
sions (Kahneman et al., 1982), as well as game theory
for social decisions. Classical game theory predicts
that a group of rational, self-interested players will
make decisions to reach outcomes, known as Nash
Equilibria (Nash, 1950), from which no player can
increase her own payoff unilaterally. However, ample
research has shown that players rarely play according
to these strategies (Camerer, 2003). In reality, decision
makers are typically both less selfish and more willing
to consider factors such as reciprocity and equity than
the classical model predicts.

Nonetheless, the well-characterized tasks and formal
modeling approach offered by game theory provides a
useful foundation for the study of decisions in a social
context. From an experimental standpoint, the math-
ematical framework of game theory provides a com-
mon language in which findings from different research
groups, and indeed research methodologies, can be
compared, and deviations from model predictions quan-
tified. These tasks produce a surprisingly varied and
rich pattern of decision making, while employing quite
simple rules (Figure 6.1 provides a useful summary
of standard tasks; see Camerer, 2003 for a summary
of results). Importantly, behavioral and neurobiologi-
cal studies of social decision making are also proving
instructive in understanding the nature of the discrepan-
cies between model predictions and observed behavior.

One common focus of game theory is bargaining
behavior, with the family of dictator and ultimatum
games often used to examine responses to equality
and inequality. In the dictator game (DG), one player
(the proposer) decides how much of an endow-
ment to award to the second player (the responder).
Allocations in this game measure pure altruism, in
that the proposer sacrifices personal gain to share
some amount of the endowment with the responder.
The ultimatum game (UG) (Guth et al., 1982) exam-
ines strategic thinking in the context of two-player
bargaining. In the UG, the proposer and responder
are also asked to divide a sum of money, with the
proposer specifying how this sum should be divided
between the two. In this case, though, the responder
has the option of accepting or rejecting the offer. If
the offer is accepted, the sum is divided as proposed.
However, if it is rejected, neither player receives any-
thing. In either event the game is over; that is, there
are no subsequent rounds in which to reach agree-
ment. If people are motivated purely by self-interest,
the responder should accept any offer and, knowing
this, the proposer will offer the smallest non-zero
amount. However, this Nash Equilibrium prediction
is at odds with observed behavior and, at least in most
industrialized cultures, low offers of less than 20% of

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



GAME THEORY

Initial endowment

Proposer

Initial

65

endowment $100 endowment

Proposer Investor
Responder Responder Trustee
7
by
& A
o\, @e
& >
50%; 50% 0%; 0% 80%; 20% 0%; 0% 50%; 50% 100%; 0% $200; $200 $0; $400 $150; $100 $50; $200
(a) Ultimatum Game (UG) (b) Dictator Game (UG) (c) Trust Game (TG)
Prisoner #1 Inspector ‘Evens’
Cooperate Defect Inspect Not inspect Heads Tails
Big lose Lose Win Big win Win Lose
s £
§a . O £
. . (&} . . - .
@ |Bigwin Lose 2 Win Win 8 |Lose Win
= " N N H je N
3 Win Big win U:) Lose Biglose| @& Lose Win
= o -
Qs 2 @
2 & @
o [
8 Lo
Win Big lose Lose Big win Win Lose

(d) Prisoner’s Dilemma Game (PDG)

(e)
FIGURE 6.1

Inspection Game (IG)

(f) Matching Pennies Game (MPG)
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vided varies across studies, and the proposer/investor are free to offer any amount of this investment — sample amounts have been shown
for illustrative purposes. These games are typically sequential, with the proposer/investor making an offer, and then the responder/trustee
responding in turn. For the competitive games (d, e, f), the two players generally make simultaneous decisions, with the monetary payoffs also
varying across studies, though they broadly correspond to the outcomes shown.

the total amount are rejected about half of the time.
There are some interesting differences in more tra-
ditional cultures (Henrich et al., 2005), but in general
the probability of rejection increases substantially as
offers decrease in magnitude. Thus, people’s choices
in the UG do not conform to a model in which deci-
sions are driven purely by self-interest, and, as will be
discussed below, neuroscience has begun to offer clues
as to the mechanisms underlying these decisions.

In addition to bargaining, reciprocal exchange has
been studied extensively in the laboratory, exempli-
fied by trust and closely-related prisoner’s dilemma
games. In the trust game (TG), a player (the investor)
must decide how much of an endowment to invest
with a partner (the trustee) in the game. Prior to this
investment being transferred to the trustee, the exper-
imenter multiplies this money by some factor (usu-
ally tripled or quadrupled), and then the trustee has
the opportunity to return some or all of this increased
amount back to the investor, but, importantly, need not
return any money if she decides against it. If the trus-
tee honors trust, and returns money to the investor,

both players end up with a higher monetary payoff
than was originally obtained. However, if the trustee
abuses trust and keeps the entire amount, the investor
ends up with a loss. As the investor and trustee inter-
act only once during the game, game theory predicts
that a rational and selfish trustee will never honor the
trust given by the investor. The investor, realizing this,
should never place trust in the first place, and so will
invest zero in the transaction. Despite these rather
grim theoretical predictions, in most studies of the TG
a majority of investors do in fact send some amount
of their money to the trustee, with this trust typically
reciprocated.

The well-studied prisoner’s dilemma game (PDG)
is similar to the trust game, except that in the stand-
ard version both players now simultaneously choose
whether or not to trust each other, without knowledge
of their partner’s choice. In the PDG, the players each
choose to either cooperate or not with their opponent,
with their payoff dependent on the interaction of the
two choices. The largest payoff to the player occurs
when she defects and her partner cooperates, with

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



66 6. GAMES IN HUMANS AND NON-HUMAN PRIMATES: SCANNERS TO SINGLE UNITS

the worst outcome when the decisions are reversed
(player cooperates while partner defects). Mutual
cooperation yields a modest payoff to both players,
while mutual defection provides a lesser amount to
each. The Nash Equilibrium for the PDG is mutual
defection, which, interestingly, is in fact a worse out-
come for both players than mutual cooperation, but
again, in most iterations of the game players exhibit
much more trust than expected, with mutual coopera-
tion occurring about 50% of the time.

Public goods games are a generalized form of the
PDG, with each player able to invest a proportion
of an endowment provided by the experimenter in
a public good, which is then increased in value and
shared back with all players. The self-interested solu-
tion here is to hold back on investment and hope that
everyone else contributes the maximum amount,
modeling situations such as environmental pollu-
tion or upkeep of a public park. However, as in PDG
cases, players on average contribute about half of their
endowment to the public good.

Finally, games that typically call for mixed strategy
equilibrium solutions, such as matching pennies and
the inspection game, offer insights into how we assess
the preferences of others and choose accordingly. For
example, in matching pennies, each player chooses
between two alternatives (such as heads or tails).
One player (evens) wins if the two choices are the
same, and the other (odds) wins if they are not. The
Nash Equilibrium is to select the two alternatives ran-
domly with equal probabilities, but players typically
approach this game by attempting to infer the strategy
of our opponent, thus providing a window into how
we use theory-of-mind processes to assist our strate-
gic decision making.

Of course, in many of the cases discussed here,
such as fair offers in the UG, cooperation in PDG, and
contribution in PG experiments, it is unclear whether
the decisions emerge from strategic or altruistic moti-
vations. Do I offer you 50% of the pot in an ultimatum
game because I value fairness, or because I fear you
will reject anything less? Examining these games in a
neural context can begin to offers clues as to the moti-
vations behind the decisions, and the combination of
game theory and neuroscience therefore offers a use-
ful set of tasks, a rigorous mathematical modeling
approach, and techniques to allow us to begin probing
the underlying processes of social decision making.

Recent research has combined these behavioral par-
adigms from experimental economics with a variety of
methods from neuroscience in an effort to gain a more
detailed picture of social decision making. The ben-
efits of this approach are twofold. First, as described
above, actual decision behavior in these tasks often

does not conform precisely to the predictions of clas-
sical game theory, and therefore more precise char-
acterizations of behavior, in terms of the neural and
psychological process that underlie them, will be
important in adapting these models to better fit how
decisions are actually made. Secondly, neuroscience
can provide important biological constraints on the
processes involved, and indeed research is reveal-
ing that many of the processes thought to underlie
this type of complex decision making may overlap
strongly with more fundamental brain processes such
as reward, disgust, pain, etc. Knowledge of the “build-
ing blocks” of decision making in games will greatly
assist in constructing better models of this process.

GAMES IN NON-HUMAN PRIMATES

Although use of awake, behaving monkeys has
been a mainstay of systems neuroscience research
for over 40 years, their use in conjunction with game-
theoretic tasks is less than 5 years old. Though still
in its infancy, this research has already produced
significant insights into the hidden processes that
occur within the so-called “black box” during social
interactions. Here we outline the current state of this
research, not only to illustrate how specific studies
have advanced our understanding, but also to high-
light the promise (and limitations) of these neuro-
physiological techniques in providing future insights.

The Animal Model and Sensory-motor System

A suitable animal model is required to permit
direct access to the neural substrate during game play.
For a number of reasons, the rhesus monkey (Macaca
mulatta) has been the primary animal model for
studying higher-order decision processes. The gen-
eral organization of their nervous system is similar to
that of humans, with this complexity allowing these
non-human primates to learn relatively sophisticated
behavioral tasks. Across a number of decision-making
contexts, including that of mixed-strategy games on
which we focus here, monkeys and humans display
comparable strategies, suggesting that many of the
underlying neural processes are shared.

For a number of practical reasons, decision-making
research has focused primarily, but not exclusively
(Kalaska et al., 2003; Romo and Salinas, 2003), on the
monkey visuosaccadic system (Schall and Thompson,
1999; Glimcher, 2003). The visuosaccadic system is of
critical importance because it allows us to efficiently
extract visual information from our environment.
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It achieves this by alternating between periods of
fixation, when visual information is acquired by the
retinas and processed in extra-striate visual areas, and
ballistic eye movements known as saccades which
align the high acuity foveae on targets of interest.
Although not traditionally considered “choices,” sac-
cades are in fact the behavioral read-out of one of our
most common decisions — that of choosing when and
where to look.

The neural circuitry underlying visual processing
and saccadic control is well understood, which pro-
vides a solid foundation for asking questions about
the decision processes that link sensation to action.
The simplicity of saccades aids in this understand-
ing; three pairs of antagonistic eye muscles move a
relatively inertia-free globe in a stereotyped man-
ner. Attributing neuronal activity to the movement
of other motor effectors is complicated by the com-
plex interactions that occur between multiple muscles
across many joints, and the variable loads and dynam-
ics associated with these movements. Finally, the visu-
osaccadic neural circuitry is housed entirely within
the cranium, thus providing the stability necessary for
recording tiny neurons within an awake and moving
preparation.

A critical feature of visuosaccadic neurons that must
be understood in order to interpret neurophysiological
decision studies is that of the response field. Each vis-
uosaccadic neuron is activated by a particular combi-
nation of sensory and motor attributes which together
define the neuron’s response field. Populations of
neurons with similar response fields are organ-
ized together into topographic maps of sensory and
motor space. Sensory attributes may include the spa-
tial location of visual stimuli relative to the foveae,
the speed and direction of motion, and color and
shape. Motor attributes may include the direction and
amplitude of the saccadic vector and the timing of the
response. Therefore, the sensory and motor attributes
of each neuron are typically determined at the onset
of an experiment so that decision tasks can be tailored
to robustly activate the neuron under study.

Response fields are transformed in two ways that
are relevant to the decision-making process. First,
response-field properties evolve as we move from
sensory- to motor-related brain regions; early on,
response fields encode sensory properties largely irre-
spective of motor responses, and later on, response
fields encode properties of the movements largely
irrespective of incoming sensory attributes. This vis-
uomotor transformation has been well characterized
by decades of neuroscience research. Second, response
field activation is shaped by cognitive and economic
factors even when immediate sensory and motor

attributes are fixed. These modulatory processes result
from interactions with different regions of the visu-
osaccadic network and with brain regions that lack
classical response fields, such as much of the frontal
cortex and basal ganglia. A neuroeconomic approach
promises to advance our understanding of how neu-
ronal response fields are transformed by such contex-
tual information.

Advantages and Disadvantages of a Systems
Neurophysiology Approach

The advantages of the systems neurophysiology
approach stem from the direct access to the neural
substrate that it provides. Neuronal signals can be
sampled with exquisite temporal (<1ms) and spatial
(individual neurons) resolution and, with nearly com-
parable precision, neuronal activity can also be artifi-
cially manipulated.

For those not familiar with the methodology asso-
ciated with neurophysiology in awake, behaving
monkeys, we will outline it briefly. To gain access to
the neural structures of interest, a surgical craniotomy
is performed which involves drilling a hole in the
skull while the monkey is under general anesthesia.
A chamber with a removable cap is fixed over this
craniotomy and cleaned daily under antiseptic con-
ditions. At the onset of each experiment, a fine metal
electrode or needle pierces the membranes which
cover the brain and, with high precision, is slowly
lowered to the brain region of interest. These pro-
cedures are painless and cause little damage to neu-
ral tissue, because the brain lacks pain receptors and
only very thin probes are used. These latter properties
are critical, because to obtain accurate experimental
results both the animal and brain must be in as natu-
ral a state as possible.

It is the action potentials, or electrical pulses origi-
nating in one neuron and propagating along extended
processes to communicate with other neurons, that are
recorded with microelectrodes during these monkey
experiments (see Figures 6.3 and 6.4, later in this chap-
ter, for examples). Sampling the activity of individual
neurons over many experimental sessions provides a
statistical approximation of the role of a specific brain
region in the decision process. For example, neuronal
activity can be correlated to features of the sensory
instructions, internal variables predicted by economic
theory, aspects of the choice response, and the type
of reinforcement. Because this neural activation can
be measured with millisecond precision, it is the best
means for understanding the moment-to-moment
computations that underlie the decision process.

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



68 6. GAMES IN HUMANS AND NON-HUMAN PRIMATES: SCANNERS TO SINGLE UNITS

Artificial manipulation of neuronal activity can pro-
vide causal evidence that a brain region is involved in
the decision process, complementing the correlational
evidence provided by neuronal recordings. One way
to manipulate neuronal circuits is to inactivate a brain
region. Inactivation can be either permanent, through
surgical or chemical lesions, or temporary, through the
injection of pharmacological agents or physical cool-
ing. Another way to artificially manipulate neuronal
activity is through electrical micro-stimulation. Micro-
stimulation excites neuronal tissue, and its temporal
precision, spatial extent, and intensity can be control-
led more precisely than with inactivation techniques.

A number of potential disadvantages exist in using
non-human primates to infer the neural processes
underlying human social interactions. To date, non-
human primates have only been trained to perform
simple mixed-strategy games. Monkeys may not be a
suitable animal model for more sophisticated games,
such as UG and PDG, because they may lack key cog-
nitive abilities found in humans. Moreover, it may dif-
ficult to train animals on game-theoretic tasks without
verbal instructions and using only operant condition-
ing techniques. Even if comparable choice strategies
are used during game play, we must remember that
this is a prerequisite, not proof, for the same neural
mechanisms being shared in these two species. That
being said, monkeys and humans have displayed
remarkably similar strategies under the simple mixed-
strategy games studied to date (Barraclough et al.,
2004; Dorris and Glimcher, 2004; Lee et al., 2004, 2005).
Although it remains to be seen what the limits of this
animal model will be, understanding the neural mech-
anisms underlying game play in monkeys is impor-
tant because these may be directly related to our own
decision-making mechanisms; at the very least, they
represent the core mechanisms upon which our more
sophisticated decision processes rest.

Adapting Games for Non-human Primates

Neurophysiologists have initially focused their
efforts on simple mixed-strategy games primarily
because non-human primates can be trained relatively
easily on these tasks. We will briefly describe some
of these games and how they have been modified for
the neurophysiology laboratory (see Figures 6.3a and
6.4a). The reader is also referred to Chapter 31.

All tasks to date involve thirsty animals compet-
ing against dynamic computer opponents for liquid
rewards. At the onset of each experiment, a microelec-
trode is manipulated to isolate the activity of a single
neuron from background brain activity. Before game

play begins, the experimenter typically determines the
neuron’s response-field properties, as described previ-
ously, and tailors the choice targets so that the neu-
ron under study is maximally activated. Each game
trial begins with the animal fixating a central visual
stimulus. The animal indicates its choice by directing
a saccade to one of the peripheral targets upon their
presentation. Whether the animal receives a liquid
reward depends on both its own choice and that of the
computer opponent. Although computer algorithms
vary in their details across studies, all look for pat-
terns in the animal’s history of choices and rewards in
an effort to predict and counter the animal’s upcom-
ing actions.

Monkeys have been trained to perform simple zero-
sum games such as “matching pennies” (Barraclough
et al., 2004; Lee et al., 2004) and “Rock-Paper—Scissors”
(Lee et al., 2005) and non-zero-sum games such as
the “inspection game” (Dorris and Glimcher, 2004),
in which the Nash Equilibrium solution varies from
block to block. Another successful means for study-
ing adaptive decision making in non-human primates
uses “matching law tasks,” in which the allocation of
responses is proportional to the relative reinforcement
schedules associated with the available responses
(Sugrue et al., 2004; Corrado et al., 2005; Lau and
Glimcher, 2005). Because matching law tasks do not
involve interaction with a strategic opponent they are
technically not games; however, we include them here
because it is unclear whether monkeys can distinguish
between these two classes of adaptive tasks. Chapter
30 of this volume describes neurophysiological work
employing matching tasks.

Below, we describe recent insights provided by neu-
rophysiological approaches in simple mixed-strategy
games. These experiments examine activation across a
wide range of the visuomotor network, including the
parietal cortex, brainstem, and frontal cortex. Broadly
speaking, these experiments examine how the desir-
ability of sensory stimuli is encoded, motor actions
are selected and the consequences of these actions are
evaluated, respectively, during mixed-strategy games
(Figure 6.2).

Encoding the Desirability of Choice Stimuli in
Parietal Cortex

First, we address how the representations of sen-
sory stimuli are influenced by the subjective desirabil-
ity of their associated actions. The lateral intraparietal
area (area LIP) is a region of the parietal lobe impor-
tant for the decision-making process because it is
situated at the end of visual processing stream, and
its outputs impact regions of the brain involved in
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Estimating the desirability
of sensory stimuli
(Lateral Intraparietal Area)
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Selecting/preparing
upcoming actions
(Superior Colliculus)

FIGURE 6.2  Schematic of important neural structures studied
using mixed strategy games in non-human primates.

planning and executing upcoming saccades (Pare and
Waurtz, 2001; Bisley and Goldberg, 2003; Grefkes and
Fink, 2005). Previous work demonstrated that activity
in this region may encode the saliency of visual targets
in a manner that can be used to allocate attentional
resources and/or to select between upcoming saccade
goals (Andersen, 1995; Goldberg et al., 2006). A pio-
neering study conducted by Platt and Glimcher (1999)
demonstrated that important variables predicted by
economic theory, such as the probability and magni-
tude of reward, impact the firing rates of LIP neurons
and, in doing so, provided an alternative decision the-
ory framework for studying the role of brain regions
in simple sensory-to-motor transformations.

Given that area LIP lies at the nexus between sen-
sory and motor processing and is influenced by
economic variables, Dorris and Glimcher (2004)
hypothesized that it could play an important role in
representing the desirability of potential choice targets
under game conditions. Monkeys competed against a
computer opponent during the mixed-strategy inspec-
tion game (Figure 6.3a). The payoff matrix was experi-
mentally manipulated across blocks of trials so that
the Nash Equilibrium solution for the monkey ranged
from choosing the target in the center of the neuron’s
response field 10% of the time to choosing it 90% of
the time. If LIP encoded the probability of movement,
its activation would vary across blocks of trials. If,
however, LIP encoded the desirability of the target
stimulus, its activation should remain relatively con-
stant. This latter interpretation is an extension of the
Nash Equilibrium concept which suggests that the
subjective desirability is, on average, equal between
the available options during mixed-strategy games.
LIP activity was indeed shaped by the subjective

desirability of choice stimuli; firing rates varied along
with changing desirability under forced-choice condi-
tions (Platt and Glimcher, 1999; Dorris and Glimcher,
2004) (Figure 6.3b) and remained constant throughout
the behavioral equilibria established during mixed-
strategy conditions (Dorris and Glimcher, 2004)
(Figure 6.3c).

Although the Nash Equilibrium concept posits that
there is no incentive for an individual to change her
overall strategy once at behavioral equilibrium (Nash,
1950), it is still possible that internal representations
of desirability are biased towards particular options
from trial to trial (Harsanyi, 1974). The precise signals
obtained from recording single neurons make this an
ideal technique for examining any subtle fluctuations
in desirability. To estimate desirability on a trial-by-
trial basis, Dorris and Glimcher (2004) optimized a
simple reinforcement learning algorithm to the mon-
key’s pattern of behavioral choices using maximum
likelihood methods. Briefly, the desirability of each
target was incremented if reward was received for
choosing the risky option, or decremented if reward
was withheld for choosing the risky option. The only
free parameter was the “learning rate” at which desir-
ability was updated based on this reward information.
The iterative nature of this reinforcement learning
algorithm resulted in an estimate of desirability
derived from all the subject’s previous choices, with
the most recent choices being weighted most heav-
ily. Indeed, trial-by-trial fluctuations in LIP activity
co-varied with this trial-by-trial behavioral estimate
of subjective desirability (Dorris and Glimcher, 2004)
(Figure 6.3d).

Similar LIP recording experiments have also been
conducted using a “matching-law” task (Sugrue et al.,
2004). To estimate the subjective desirability of
responses on each trial, these experimenters used
a function that weighted local reward history in a
manner that closely approximated the iterative algo-
rithms associated with reinforcement learning. They
also found that LIP activation remained constant on
average, and that a local estimate of reward rates was
predictive of choices on a trial by trial basis (Sugrue
et al., 2004, 2005). At this early stage, the specific form
and parameters of modeling efforts will surely be
refined with further experimentation (see Chapters
22, 24, 30, 31, and 32 for further advances in mod-
eling techniques). More generally, what these experi-
ments demonstrate is that the high fidelity neuronal
signals afforded by recording single neurons allow
for moment-to-moment correlations between neuro-
nal activity and behavioral responses, thus providing
unprecedented insight into the neuronal mechanisms
underlying stochastic choice.
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FIGURE 6.3 Encoding the subjective desirability of visual targets in area LIP. (a) Visuosaccadic version of mixed-strategy inspection game.
(b) The activity of a single LIP neuron during an instructed task. Initial visual responses where influenced by the desirability of the neuron’s
preferred target are shaded gray. Black line = two-thirds of total reward associated with preferred target; gray line = one-third of total reward
associated with preferred target. (c) Activity of same neuron during mixed-strategy inspection game. Despite changes in the probability of
preferred responses, LIP activity remained relatively constant, which is consistent with an overall equivalency in desirability at mixed-strategy
equilibria. (d) Trial-by-trial variability in activity during the visual epoch was significantly correlated to a behavioral estimate of desirability.

Adapted from Dorris and Glimcher (2004).

Evolving Response Selection in Midbrain
Superior Colliculus

Although area LIP appears to represent the desir-
ability of visual stimuli, which is of critical impor-
tance for selecting upcoming saccades, it contributes
little to the actual generation of saccadic movements
themselves. This is evidenced by the large currents
required to trigger saccades with micro-stimulation
in area LIP, the poor correlations of LIP activity with

saccadic reaction times, the relatively mild effects on
saccade generation resulting from its ablation, and
the simple fact that LIP requires visual inputs for
robust activation (Goldberg et al., 2006). The midbrain
superior colliculus (SC), by contrast, is intimately
involved in saccade generation; saccades are evoked
with micro-stimulation at low currents, activity pat-
terns are predictive of both when and where a saccade
will occur, and, anatomically, it provides the main
drive to the saccade burst generator in the brainstem
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(Robinson, 1972; Glimcher and Sparks, 1992; Dorris
et al., 1997; Grantyn et al., 2004). This section examines
how activity within the SC evolves to select one sac-
cade response over another during the mixed-strategy
game “matching pennies” (Figure 6.4a).

On each trial of matching pennies, both the mon-
key and the computer opponent selected one of the
two available targets. The monkey received a liquid
reward if it chose the same target as the computer,
and nothing otherwise. Monkeys approach the match-
ing pennies Nash Equilibrium solution of choosing
each of the two options stochastically and in equal
proportions (Lee et al., 2004). Although behavior is
relatively unpredictable, examination of SC neuronal
activity reveals that one saccade becomes increasingly
selected over the other as the time of target presenta-
tion approaches (Figure 6.4b). Therefore, the degree
to which neuronal activations segregate over time
provides insight into the time course of response
selection preceding strategic actions.

Direct perturbation of neural circuits has been
used in decision tasks to provide functional evidence
regarding the contribution of a brain region to choice
behavior (Salzman ef al., 1990; Gold and Shadlen,
2000; Carello and Krauzlis, 2004; Dorris et al., 2007).
Here, a micro-stimulation paradigm adapted from
Gold and Shadlen (2000, 2003) tested whether the pre-
dictive activity in the SC outlined above is function-
ally related to the process of response selection under
game conditions. On a small proportion of match-
ing pennies trials, the ongoing decision process was
perturbed with a short burst of micro-stimulation
(Figure 6.4c). This stimulated SC location elicited sac-
cades orthogonal to the direction of the choice targets.
Because saccade trajectories are determined by popu-
lation activity across the topographically organized
SC map (Lee ef al., 1988), stimulation-induced sac-
cades deviate towards regions of pre-existing activity.
Indeed, these stimulation-induced saccades deviated
towards the location the animal ultimately chooses
(Figure 6.4c). Interrupting developing saccade plans
at a range of times preceding the presentation of the
choice targets thus opens a window into the time
course of the response selection process (Figure 6.4d).
These results highlight how artificially perturbing
activity within decision circuits can provide insight
into the functional role that a particular brain region
plays in the decision process.

Evaluating the Consequences of Actions in
Frontal Cortex

The final significant work involving game play in
non-human primates demonstrates that the frontal

cortex contains signals that could be used to evalu-
ate the consequences of actions during game play.
Actions and their associated payoffs must be tracked
in order for an agent to adapt their choice strate-
gies during social interactions. Previous work has
demonstrated that activity throughout the basal gan-
glia and frontal cortex is sensitive to reinforced actions
under pure-strategy conditions as animals learn to
converge on a single correct option (Schultz et al.,
2000; Balleine ef al., 2007). What remained unclear was
how action value representations were updated under
mixed-strategy conditions when there is no single cor-
rect answer and agents must respond stochastically
from trial to trial.

Daeyeol Lee’s group has demonstrated that the
firing rates of individual neurons in the dorsolateral
prefrontal cortex (dIPFC) are sensitive to both the par-
ticular choice (i.e., left vs right) and the consequences
of those choices (i.e., rewarded or unrewarded) dur-
ing the matching-pennies game (Barraclough et al.,
2004). Moreover, certain neurons were preferen-
tially activated by particular combinations of choices
and rewards (e.g., left and unrewarded), suggest-
ing that the dIPFC may also be involved in integrat-
ing these two sources of information. Activity within
another frontal region, the dorsal anterior cingulate
cortex (dACC), encoded critical information about
the temporal delay of previous rewards within a
sequence of responses (Seo and Lee, 2007). Recently,
these researchers have begun to use these neu-
ral signals as the inputs for reinforcement learning
algorithms to predict choice patterns during mixed-
strategy games. See Chapter 31 for further details of
this modeling work.

This work further demonstrates the promise that
direct recording of neural signals has for uncover-
ing the mechanistic algorithms underlying stochastic
choice. This work is also noteworthy because it illus-
trates the importance of recording the spatial resolu-
tion of individual neurons. Neural structures close
to the sensory input or motor output are generally
organized topographically, with large populations
of neurons firing together under similar conditions.
Most association areas involved in the decision proc-
esses, such as the dIPFC and dACC, are not organized
in a topographic manner. Instead, neurons perform-
ing abstract calculations within the decision process,
such as tracking specific combinations of actions and
rewards or rewards within a particular sequence, are
intermingled throughout these brain areas. Under
these circumstances, even those non-invasive imaging
techniques with relative high spatial resolution, such
as fMRI (~1mm®), may have difficulty detecting these
distributed signals.
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FIGURE 6.4 Preparing upcoming actions in midbrain SC. (a) Visuosaccadic version of mixed-strategy matching-pennies game. Analysis
is focused on the warning period (shaded gray region) that extends in time from the removal of the central fixation point to the presentation
of the targets. (b) SC activity becomes increasingly predictive of whether a saccade will be directed towards the neuron’s preferred (black) or
unpreferred (red) target as the time of target presentation approaches. (c) and (d) Testing the functionality of this biased SC activity for prepar-
ing saccades. (c) On most trials, the monkey directs a saccade to one of the two target stimuli (crosses); occasionally, SC stimulation triggers
a saccade before the targets are presented and to a location orthogonal to the targets (circles). Stimulation-induced saccades deviate slightly
towards the ultimately chosen target. (d) Like the neuronal activity recorded in (b), the angular deviation of stimulation-induced saccades
increases as the time of target presentation approaches. Each data point represents the mean and standard error of the mean from 6 SC stimu-
lation sites. D. Thevarajah, R. Webb, and M. C. Dorris, unpublished observations.

GAMES IN HUMANS

Research Methods

The neural correlates of social decision making in
humans have been investigated thus far using a vari-
ety of methods. One approach uses functional neu-
roimaging, namely functional magnetic resonance
imaging (fMRI) or positron emission tomography
(PET), to image changes in blood flow while subjects
are playing interactive games in the MRI or PET scan-
ner, respectively. Subjects view computer-projected
visual stimuli from inside the scanner, either via gog-
gles that display the visual stimuli or via a mirror that

allows the subject to view a projection screen out-
side the scanner. Because verbal responses can create
motion artifacts, subjects generally indicate choices by
pressing specific buttons on a response box. With these
imaging methods, it is possible to examine regional
blood flow during the decision-making epochs of the
task and to link these to specific choices.

Imaging studies of social interactions have emerged
relatively recently within cognitive neuroscience.
Many early fMRI studies presented subjects with stim-
uli of other human faces, given the obvious impor-
tance of faces in human social interactions. Typically,
these stimuli were static, two-dimensional pictures of
faces that subjects were instructed to either passively

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



GAMES IN HUMANS 73

view, or judge on some attribute such as gender or age
(see, for example, Winston et al., 2002). Using similar
types of stimuli, others have attempted to probe social
cognition by asking subjects to read stories or view
cartoons and then make judgments about these hypo-
thetical scenarios. For example, the neural correlates
of both mentalizing (Gallagher et al., 2000) and moral
reasoning (Greene ef al., 2001) have been probed with
this methodology. These studies have yielded valu-
able insights with respect to the neural underpinnings
of human social cognition. However, for each, ques-
tions can be raised regarding the ecological validity
of the stimuli. Does the pattern of brain activation in
response to the picture of a static, two-dimensional
face accurately reflect the brain’s response to the
dynamic, embodied faces that we encounter in every-
day life? Is the pattern of brain activation in response
to reasoning regarding hypothetical, fictitious scenar-
ios the same as when grappling with significant real-
life social problems? Is mentalizing about the actions
of another person the same as making a consequential
decision based on these actions?

One approach to improving the ecological validity
of experiments in neuroeconomics is to image brain
function as subjects actually interact with other peo-
ple in real social exchanges (see, for example, McCabe
et al., 2001). Recent innovative studies have imaged
human subjects while playing both trust and bargain-
ing games with partners communicating from outside
the scanner. Potentially even more exciting, hyper-
scanning technology has been developed that makes
it possible to image brain function in two or more
interacting partners simultaneously, by utilizing net-
work connections between two separate scanners (e.g.
Montague et al., 2002). Hyperscanning has obvious
advantages in terms of data collection efficiency (i.e.,
collecting twice as much data in the same amount of
time), but will also open new vistas in social cogni-
tive neuroscience — for example, it will allow imag-
ing of coordinated patterns of brain activity in people
who are effectively working together towards a com-
mon goal. Further applications for this method will
undoubtedly emerge in the future.

Another approach to investigating the neural cor-
relates of social decision making involves manipulat-
ing specific neurotransmitter systems and examining
the effect on game-playing behavior. For example,
dietary tryptophan depletion can be used to decrease
brain serotonin levels with a corresponding decrease
in cooperative behavior (e.g. Wood et al., 2006), and
central oxytocin (OT) levels can be elevated by intra-
nasal self-administration of OT with a corresponding
increase in trust (Kosfeld ef al., 2005; see also Chapter
15 in this volume). Still another approach involves

the use of transcranial magnetic stimulation (TMS) to
temporarily activate or deactivate a brain region and
then examine its effects on decision making (e.g. van 't
Wout et al., 2005). Finally, patients with circumscribed
brain damage to particular regions can be tested in
these games to see if the damaged brain area has an
impact on social decision making (e.g. Koenigs and
Tranel, 2007).

Current Research Directions

Use of these innovative methods has allowed
researchers to begin to assess brain function as play-
ers interact with one another while playing economic
games with real consequences. These games have
already helped to illuminate facets of the decision-
making process — in particular, the degree to which
social motives are important in ostensibly economic
decisions, and also the processes that may underlie
demonstrations of cooperation and competition.

Social Motivation Reward

Decision Making often takes place between options
that may be delivered in different modalities — for
example, when we are offered the choice between a
week’s vacation or an extra pay check. Therefore, a
common reward mechanism is a crucial component of
this system, and a large focus of the broader neuroeco-
nomic endeavor in recent years has been to illuminate
the neural processes involved in the encoding and
representation of reward, and how these mechanisms
may in turn underlie standard models of economic
choice such as utility theory and its variants. Part 3 of
this volume covers this topic in detail; hence this sec-
tion will only briefly review the research in this area
that pertains to the use of games.

One strong candidate for reward-encoding metric
is the mesencephalic dopamine system, and indeed
single cell recordings from dopamine neurons and
neurons in the striatum, a major projection site of mid-
brain dopamine cells (see Figure 6.5) have shown that
neural responses scale reliably with reward magnitude
(Cromwell and Schultz, 2003). Functional neuroim-
aging studies have corroborated these findings, with
studies revealing activation in these areas correspond-
ing with the receipt of reward. Changes in the activity
of the striatum have been shown to scale directly with
the magnitude of monetary reward or punishment
(O’Doherty, 2004; Knutson and Cooper, 2005).

An important development in the investigation
of decision making in games has been the discovery
that the human striatum appears to also play a central
role in social decisions. Importantly, activation of the

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



74 6. GAMES IN HUMANS AND NON-HUMAN PRIMATES: SCANNERS TO SINGLE UNITS

FIGURE 6.5 Brain areas involved in the encoding of reward.
Sagittal section (a) and coronal section (b) show the location of the
caudate (CAU), nucleus accumbens (NA), and ventral tegmental
area (VTA).

striatum in conjunction with social decision making
appears to occur above and beyond the financial
outcome that may accrue to the player. As will be
outlined below, several neuroimaging studies have
demonstrated that the striatum tracks a social part-
ner’s decision to reciprocate or not to reciprocate
cooperation in TG and PDG. One interpretation of
these findings is that this area may also encode more
abstract valuations, such as the positive feeling gar-
nered by mutual cooperation or the negative feeling
of being treated poorly.

For example, reciprocated cooperation with another
human in a PDG leads to increased activation in both
caudate and nucleus accumbens, as compared to a
control condition where an identical amount of money
is earned without social involvement. Conversely,
unreciprocated cooperation — that is, you cooperate
while your partner does not — shows a corresponding
decrease in activation in this area (Rilling et al., 2002).
Additionally, the striatum may be utilized as a guide
to informing future decisions in an iterated version
of this game, where you must play multiple rounds
with the same partner. In these situations, striatal acti-
vation on a given round is associated with increased
cooperation in subsequent rounds, suggesting that the
striatum may register social prediction errors to guide
decisions about reciprocity.

Similar findings have been reported in a multi-
round TG (King-Casas et al., 2005). In this version
of the TG, participants play several sequential trust
games with the same partner, a design that allows
examination of how trust is created and signaled
within the context of a two-player interaction. In this
study, activation in the trustee’s caudate was related
to how much reciprocity the investor had shown on
previous trials, thus corresponding to an “intention to
trust” signal of the trustee. Further, this signal gradu-
ally shifted in time; in early trials the signal occurred
after the investor made her choice, whereas later on

this signal occurred much earlier — before, in fact, the
investor’s decision was revealed.

Of course, social reward need not always be related
to positive, mutually cooperative actions. Players also
may derive satisfaction from punishing defectors for
their norm violations, even when this punishment
entails a financial loss to the player. This is illustrated
by a PET study (de Quervain et al., 2004) in which
investors were confronted with non-reciprocators in a
TG - that is, players who opted not to return any of
the transferred amount. Players had the option to pun-
ish these partners by reducing their payout, though,
importantly, this action also entailed a loss of points for
themselves. Nonetheless, players made the decision to
“altruistically punish” in many cases. These decisions
were associated with activation in the caudate nucleus,
with this activation greater when the punishment was
real (involving a financial loss to the other player) than
when it was merely symbolic.

Though these rather basic reward and punishment
mechanisms have the potential to strongly guide
behavior even in complex social decision-making
tasks, these prediction error signals can be greatly
modulated by top-down processes, such as declara-
tive information previously learned about a partner.
For example, in another recent TG study (Delgado
et al., 2005), players were provided with brief person-
ality sketches of their partners prior to game play.
Some partners were described in morally positive
terms (for example, by noting how they had recently
rescued a person from a fire) and some partners were
described in morally negative terms (by describ-
ing an unsavory act they had committed). Results
demonstrated reduced caudate activity in response
to actions of the morally positive or negative part-
ners, though responses to morally neutral players
remained unchanged. This suggests that prior social
knowledge about a partner can reduce the amount of
trial-by-trial learning, demonstrating both top-down
and bottom-up influences on the neural basis of social
cooperation.

Finally, two recent studies have examined the neu-
ral basis of social altruism, by assessing neural acti-
vation in tasks where players must decide whether
to donate money to charitable organizations. In one
study (Moll et al., 2006), the striatum was engaged
both by receiving money and by donations to charity.
Further, the magnitude of this activation was related
positively to the number of decisions to donate made
by players. In another (Harbaugh et al., 2007), these
areas were also activated by receipt of money and
observing a donation to a charity, but this activation
was enhanced when this charitable donation was
voluntary as opposed to forced. These latter studies
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are intriguing, and offer the possibility of extending
investigations of social reward beyond simple two-
player interactions to questions regarding interactive
decision making at a societal level, and potentially have
important implications for informing public policy.

It is important to note that some degree of caution
should be used when attempting to “reverse-engineer”
the interpretation of cognitive and social processes from
patterns of brain activity. For example, the association
of a brain region with value encoding in previous stud-
ies does not necessarily mean that activation in this area
in the context of an interactive game can automatically
be interpreted as rewarding or punishing. It would
therefore be prudent for the field as a whole to buttress
these claims by either converging evidence from other
methodologies such as TMS or patient work, or at the
very least demonstrating behavioral performance in
line with the neural predictions, such as a player’s pref-
erence for options that activate reward centers more
strongly (e.g. de Quervain et al., 2004).

Nonetheless, these results do appear to demonstrate
that complex social processes recruit more basic mech-
anisms within the human brain, providing support
for the notion that the brain uses a common reward
metric, and also informing economic theories of reci-
procity and inequity aversion (e.g. Dufwenberg and
Kirchsteiger, 2004). This also furthers the connection
between the disparate branches of neuroeconomics, as
it suggests that research into the processing of primary
and secondary rewards (such as food and money) may
be directly applicable to how we encode more abstract
social rewards like reciprocity and fairness.

Competition, Cooperation and Coordination

Use of games that evoke often quite powerful feel-
ings of competitiveness or camaraderie have helped to
illuminate the complex nature of processing that occurs
while engaged in a social decision-making situation. In
addition to the rewarding or punishing effects of social
interactions, as exemplified by neural activation in clas-
sical “reward” brain regions described above, these
interactive scenarios have also illustrated the prominent
role emotions play in decision-making games. Classical
models of decision making, both utility theory for indi-
vidual decisions and game theory for social decisions,
have largely ignored the influence of emotions on how
decisions are made, but recent research has begun to
demonstrate their powerful effect.

Emotional processes seem to reliably engage a
set of brain structures including reward-processing
mechanisms discussed above, areas of the midbrain
and cortex to which they project (such as ventrome-
dial frontal cortex (VMPFC), orbitofrontal (OFC), and

anterior cingulate cortex (ACC)), as well as a number
of other areas such as the amygdala and insula
(Dalgleish, 2004) (see Figure 6.6).

Early pioneering work in this domain showed that
patients suffering damage to VMPFC, who presented
with associated emotional deficits, were impaired on
gambling tasks (Damasio, 1994; Bechara and Damasio,
2005), demonstrating experimentally that emotion
plays a vital role in determining decisions. Further
research in the behavioral domain (Mellers ef al., 1999)
as well as with functional neuroimaging (Coricelli
et al., 2005) has shown the biasing effect of emotions
such as anticipated regret and disappointment on
decision making, specifically demonstrating that peo-
ple steer clear of potential outcomes that they predict
could cause feelings of regret, even if these options
have a higher monetary expected value.

In terms of decision making in the context of games,
negative emotional states have been observed behav-
iorally as a result of both inequity and non-reciprocity,
such as unfair offers in a UG (Pillutla and Murnaghan,
1996). These emotional reactions have been proposed
as a mechanism by which inequity is avoided, and may
have evolved precisely to foster mutual reciprocity, to
make reputation important, and to punish those seek-
ing to take advantage of others (Nowak et al., 2000).
Indeed, even capuchin monkeys respond negatively to
unequal distributions of rewards by refusing to partici-
pate in an effortful task if they witness another player
receiving equal reward for less work (Brosnan and de
Waal, 2003 - see also Chapter 19 of this volume).

Neuroscientific studies of this nature offer the
potential to go beyond speculation and to examine the
causal relationship between an emotional reaction and
subsequent social decision, as well as investigating
whether areas specialized for the processing of basic
emotions may be coopted for more complex affective
reactions.

To examine this question, and more broadly to
attempt to better specify the systems involved in the
neurobiology of social decision making, Sanfey et al.
(2003) conducted a neuroimaging study examining the
brain’s response to fair and unfair offers in a UG, and
in particular to investigate how these responses were
related to the decision to accept or reject in the game.
Participants were scanned using fMRI as they played
the role of responder in the UG. Prior to scanning,
each participant was introduced to 10 people they
were told would partner with them in the game. The
offers that the participants saw were in fact predeter-
mined, with half being fair (a $5:$5 split of a $10 pot)
and half being unfair (two offers of $9:%$1, two offers
of $8:%$2, and one offer of $7:$3). This distribution of
offers generally mimics the range of offers typically
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FIGURE 6.6 Map of brain areas commonly found to be activated in social decision-making studies. The lateral view (a) shows the location
of the dorsolateral prefrontal cortex (DLPFC) and superior temporal sulcus (STS). The sagittal section (b) shows the location of the anterior cin-
gulate cortex (ACC), medial prefrontal cortex (MPFC), orbitofrontal cortex (OFC), and posterior cingulate cortex (PCC). The coronal section (C,
cut along the white lines in both A and B) shows the location of the insula (INS) and amygdala (AMY). Areas circled are those often associated

with Theory of Mind processes.

made in uncontrolled versions of the game (i.e. involv-
ing freely acting human partners). Players also saw 10
offers from a computer partner identical to those from
the human partners, which were introduced to distin-
guish between intentional offers made by other play-
ers and the same offers made by a random device.
Behavioral results in this experiment were very
similar to those typically found in UG studies.
Participants accepted all fair offers, with decreas-
ing acceptance rates as the offers became less fair.
Unfair offers of $2 and $1 made by human partners
were rejected at a significantly higher rate than the
same offers made by a computer, suggesting that par-
ticipants had a stronger emotional reaction to unfair
offers from humans than to those from computers.
With regard to neuroimaging, the contrast of pri-
mary interest was between the neural responses to
unfair offers as compared to fair offers. The brain areas
showing greatest activation for this comparison were
bilateral anterior insula, dorsolateral prefrontal cortex
(dIPFC), and anterior cingulate cortex (ACC). In bilat-
eral insula, the magnitude of activation was also signif-
icantly greater for unfair offers from human partners as
compared to both unfair offers from computer partners
and control amounts, suggesting that these activations
were not solely a function of the amount of money
offered to the participant but were also uniquely sensi-
tive to the context — namely, perceived unfair treatment
from a human. Also, regions of bilateral anterior insula
demonstrated sensitivity to the degree of unfairness of
an offer, exhibiting significantly greater activation for a
$9:$1 offer than an $8:2 offer from a human partner.
Activation of anterior insula to unfair offers from
human partners is particularly interesting in light
of this region’s oft-noted association with negative
emotional states (Derbyshire et al., 1997; Calder et al.,
2001). Anterior insula activation is consistently seen

in neuroimaging studies of pain and distress, of hun-
ger and thirst (Denton ef al., 1999), and of autonomic
arousal (Critchley et al., 2000). Further, right anterior
insula activity has been implicated in aversive condi-
tioning (Seymour et al., 2005). In a related study, this
area was also active in an iterated prisoner’s dilemma
game (Rilling et al., 2008), where individuals with a
stronger anterior insula response to unreciprocated
cooperation showed a higher frequency of defection.
These results suggest that anterior insula and asso-
ciated emotion-processing areas may play a role in
marking a social interaction as aversive, and thus dis-
couraging trust of the partner in the future.

If the activation in the anterior insula is a reflection
of the responders’ negative emotional response to an
unfair offer, we might expect activity in this region to
correlate with the subsequent decision to either accept
or reject the offer. Indeed, collapsing across partici-
pants, an examination of individual trials revealed
a relationship between right anterior insula activ-
ity and the decision to accept or reject; namely, that a
higher insula response to an unfair offer was related
to higher rejection rates of these offers. Separate meas-
ures of emotional arousal provide support for this
hypothesis. A UG study measuring skin-conductance
responses, used as an autonomic index of affective
state, found that the skin conductance activity was
higher for unfair offers, and, as with insula activation,
discriminated between acceptances and rejections of
these offers (van 't Wout ef al., 2006).

In contrast to the insula, dIPFC usually has been
linked to cognitive processes such as goal mainte-
nance and executive control. In a similar vein to the
suppression of striatal activation by frontal, “top-
down” processes in reward studies, we can inter-
pret the activation of frontal regions to unfair offers
in UG studies as a mechanism by which other more
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deliberative goals (such as reputation maintenance or
the desire to make money) can be implemented.

Of course, as with all brain-imaging data, these
results are largely correlative, but they do provide
hypotheses for further testing — namely, that activa-
tion of areas associated with emotion processing (in
this case the anterior insula) is related to the negative
experience of receiving an unfair offer from another
human, and as such is related to the decision to reject,
while activation of frontal, more traditionally deliber-
ative regions such as dIPFC may represent the cogni-
tive goals of the task. Therefore, a further set of studies
has sought to target these brain areas with a variety
of methods in order to examine whether accept/reject
decisions in the UG could be manipulated via these
purported mechanisms.

As mentioned above, activation of frontal regions
to unfair offers in UG studies has been interpreted as
a mechanism by which other more deliberative goals
(such as reputation maintenance or the desire to make
money) can be implemented. In two novel studies
(van 't Wout et al., 2005; Knoch et al., 2006), transcra-
nial magnetic stimulation (TMS) was used to disrupt
processing in dIPFC while players were making deci-
sions about offers in a UG. In both cases, stimulation
increased acceptance rate of unfair offers as compared
to control, providing strong evidence for a causal rela-
tionship between activation in this area and social
decision making. Though TMS is still rather a crude
tool (thus making clear-cut interpretations of behavior
challenging), use of this technology, as well as behav-
ioral and other neuroimaging work, to experimentally
test hypotheses generated by this early series of stud-
ies will be vital in progressing the field.

In concert with this investigation of the deliberative
system, experimental methods have also been used to
prime the affective system. The initial fMRI UG exper-
iment described above demonstrated that the deci-
sion to reject offers in the UG is strongly correlated
with increases in activation of the anterior insula. To
directly investigate the relationship between negative
emotional states, activation of the anterior insula, and
decisions to reject unfair offers, a follow-up experi-
ment was conducted in which negative emotion states
were primed prior to playing the UG (Harle and
Sanfey, 2007). The hypothesis to be tested here was
that the priming of negative emotion states known to
engage the anterior insula, such as sadness and dis-
gust (Damasio et al., 2000), would lead to higher rejec-
tion rates of unfair offers.

Prior to playing as responder in the standard UG,
participants in this study viewed a 5-minute video
that was ostensibly unrelated to the UG section of the
experiment. These clips had been previously rated as

“sad,” “happy,” or “neutral” by a separate group of
participants. The primary research finding was that
the group of participants who viewed the “sad” video
(an excerpt from the movie The Champ) had an over-
all significantly higher rejection rate of unfair offers
than those who watched either the neutral or the
happy clip, indicating a demonstrable effect of nega-
tive mood on “emotional” decisions in the UG. This is
important, as it shows that subtle and transient emo-
tional states, unrelated to the task at hand, can noticea-
bly affect decisions to accept or reject monetary offers.
Further, it suggests a causal relation between nega-
tive emotional states, activation of specific affectively
specialized brain regions, such as anterior insula, and
decision making. It also suggests that examining deci-
sion-making performance in participants with dis-
regulated emotional processing, such as patients with
depression or schizophrenia, may be a useful future
avenue of research. Indeed, patients with damage to
ventromedial prefrontal cortex, another area impli-
cated in the processing of emotional information, also
reject unfair offers more frequently than do controls
(Koenigs and Tranel, 2007).

The findings outlined above provide an initial toe-
hold for measuring physical mechanisms responsible
for social decision making in the brain. Such studies
offer the promise that we will be able to identify and
precisely characterize these mechanisms, and the fac-
tors that influence their engagement and interaction.
Even at this early stage, however, results highlight the
fact that decision making appears to involve the inter-
action among multiple subsystems governed by differ-
ent parameters and possibly even different principles.

Finally, while the research reviewed here has
greatly increased our understanding of the neural cor-
relates of social decisions, it is important to note that
these data also have the potential to inform economic
theories of interactive decisions-making. Recent mod-
els in behavioral economics have attempted to account
for social factors, such as inequity aversion, by adding
these social utility functions to the standard models
(see, for example, Fehr and Schmidt, 1999; Bolton and
Ockenfels, 2000), and modeling these functions based
on the underlying neural patterns may provide useful
constraint on these models.

CONCLUSION

The preceding sections review some general
ways in which the tasks of experimental economics
and the techniques of neuroscience can make impor-
tant contributions to the understanding of social
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decision making. In particular, we have focused on
human and non-human techniques that provide
insight into the physical mechanisms responsible for
decision making in games.

The invasive techniques used in non-human pri-
mates allow neural activity to be recorded at high spa-
tial and temporal resolution, and correlated to specific
stages of game play or behavior. Furthermore, the
functionality of localized patterns of neural activi-
ties on game play can be examined through artificial
manipulation. Ultimately, however, we are more con-
cerned with the human condition. Therefore, neu-
ral mechanisms must be studied while humans are
engaged in social interactions. Fortunately, for each
invasive experimental technique employed in non-
human primates, analogous (if somewhat less sensi-
tive) non-invasive techniques exist for studying brain
processes in humans. For example, single neuron
activity is complemented by non-invasive brain-imag-
ing methods such as functional magnetic resonance
imaging, positron emission tomography, and electro-
encephalography. Local perturbation of neural tissue
with micro-stimulation is complemented by transcra-
nial magnetic stimulation. Reversible manipulation of
neural activity with pharmacological agents is com-
plemented with studies involving patients with focal
brain damage and those receiving systemic applica-
tion of pharmacological agents.

Of course, progress in our understanding will
occur most rapidly when both invasive and non-inva-
sive techniques can be brought to bear on the same
underlying processes. For example, as outlined above,
both human and non-human primates display similar
strategies during simple mixed-strategy games and
matching-law tasks. Patterns of behavioral choice and
neuronal activity are well described by reinforcement
learning algorithms under these conditions, suggest-
ing a foundational role for this class of learning dur-
ing social interactions.

Progress in delineating more sophisticated cognitive
modules during social interactions will rely heavily
on our ability to design appropriate laboratory tasks.
These tasks must be amenable to state-of-the-art neuro-
science techniques, and yet still capture the essence of
natural social interactions. Human experiments must
overcome the isolation that typically accompanies cur-
rent brain-imaging technologies. Great strides have
been made in this area, by providing more realistic and
interactive displays, and with the use of hyperscanning
technology. It is particularly difficult to assess whether
non-human primates realize they are involved in social
interactions, because of course they cannot receive ver-
bal instructions nor self-report on their experiences.
For example, in the experiments conducted to date,

animals may perceive that they are simply chasing
dots of light that occasionally elicit rewards rather than
being involved in an interactive game. If the claim is
made that particular neural activities subserve social
interactions rather than more straightforward reward
mechanisms, future non-human primate studies
should incorporate interactions between real (or per-
haps virtual?) cohorts during game play.

Appropriate task design is particularly important
for distinguishing between those cognitive mod-
ules that are present to a lesser degree in non-human
primates from those that are posited as completely
unique to humans. For example, it has been long
debated whether a theory of mind module, which is
critical for inferring the beliefs and intentions of oth-
ers during game play, exists in non-human primates
(Penn and Povinelli, 2007). Similarly, in certain con-
texts non-human primates display what appears to
be an innate sense of fairness (Brosnan and De Waal,
2003). However, when tested on a laboratory version
of the ultimatum game, non-human primates’ strate-
gies did not reflect the unfair play of their opponent
(Jensen et al., 2007). These examples illustrate the dif-
ficulty in determining whether non-human primates
lack particular cognitive modules or whether current
laboratory tasks fail to capture the socially or ecologi-
cally relevant aspects of natural environments.

In conclusion, this chapter has examined recent
attempts at combining neuroscience methodol-
ogy with the theoretical framework of game theory.
Recent research illustrates the potential for this cross-
disciplinary approach to provide advances in our
understanding of the neural mechanisms subserving
sophisticated social interactions.
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INTRODUCTION

Modern economics as it is currently practiced is an
exercise in applying three basic principles to nearly all
settings. First, it entails positing agents with simple,
stable preferences. Workers are assumed to maximize
earnings net their disutility of labor, consumers are
assumed to maximize a stable utility function given
their budgets, and family members are assumed to
bargain with each other given their competing goals.

Neuroeconomics: Decision Making and the Brain

81

Second, people are endowed with effortlessly rational,
error-free cognition. This assumption may entail
agents simply understanding their own preferences,
or it may ask that they solve arbitrarily complex sig-
nal-extraction problems. Finally, modern economics
assumes that people interact with each other in ways
that are relatively frictionless and thus yield equilib-
rium behavior. That is, people are assumed to maxi-
mize their own interests given the behavior of others,
equalizing their personal returns across activities.

© 2009, Elsevier Inc.
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All three of these assumptions have proven deeply
useful to economists. Assuming simple preferences
limits the degree to which the analyst might “overfit”
behaviors, and stable preferences are necessary if cur-
rent observations are to bear any predictions about
different contexts or future events. Assuming rational
agents and equilibrium outcomes likewise disciplines
analysts, making sure their predictions depend more
on observable facts about the environment than they
do on unobservable psychological properties, which are
undoubtedly more difficult to measure and quantify.
Unfortunately, although assumptions about stable pref-
erences have proven formally useful to economists, it is
clear that human decision makers do not always live up
to the modern economists” high standards. Behavioral
economists have spent the last few decades document-
ing a number of systematic ways in which human con-
sumers violate standard economic assumptions (see
reviews in Camerer, 1998; Kahneman ef al., 1982).

Given the systematic errors and biases that psy-
chologists and behavioral economists study, it may
at first glance seem foolish to embark on a study of
economic behavior and preferences in other species.
If humans can’t perform fast and error-free computa-
tions, achieve equilibrium reliably, or maintain stable
and frame-invariant preferences, it seems unlikely that
other, presumably less computationally-savvy, species
will be able to do so. Nevertheless, this chapter will
argue that modern economics — and, importantly, the
emerging field of neuroeconomics — can gain insight
into the nature of human preferences through the
study of other species, particularly other closely
related primates. While we agree that the behavior
of non-human primates may have little hope of shed-
ding light on such hyper-rational agents and their
economies, we will argue that research examining
non-human primate preferences may have something
important to teach us about the deep structure of
human preferences, and the way that less-than-perfect
agents with those preferences respond to incentives.

This chapter will review our recent discoveries
about preferences in one model primate species — the
capuchin monkey. We begin by reviewing a number of
different economic approaches to non-standard choice
behavior in humans. We will then turn to our own
work exploring whether capuchin monkeys (Cebus
apella) also exhibit non-standard choice behavior in
situations analogous to those seen in human markets.
We will use this work to argue that many of the cen-
tral lessons of price theory hold in (presumably) less
than fully rational capuchin economies, and that many
of the aspects of the prospect-theoretic preferences we
observe in humans also appear in capuchin behavior.
Observing that non-human primates display the same

fundamental biases that humans do, and that these
biases respond similarly to incentives, suggests both
an expanded role for these biases in positive accounts
of human economies, and that these biases may form
the basis for a stable set of deeper preferences towards
which economic tools can be applied.

NEOCLASSICAL APPROACHES TO
NON-STANDARD BEHAVIOR

Although economists often formally assume that
humans are hyper-rational agents, most economists
recognize that humans commonly fail to live up to the
standard of Homo economicus. Indeed, neither Adam
Smith, the founder of classical economics, nor Alfred
Marshall thought that humans were perfectly rational
agents, and neither thought that rationality was a neces-
sary condition for the usefulness of price theory. Instead,
classical economists hypothesized that agents had and
were motivated by simple, stable, self-interested pref-
erences, and that such preferences acted to equalize
returns across different activities, eliminating arbitrage
opportunities and inducing efficient markets. As Smith
famously wrote, “it is not from the benevolence of the
butcher, the brewer, or the baker that we expect our din-
ner, but from their regard to their own interest.”

Price-Theoretic Treatments

Neoclassical economists realized that their insights
did not require agents to be hyper-rational; agents
simply needed to respond to incentives. Under this
view of agents, then, behavioral biases and cognitive
limitations can be fruitfully studied using neoclassi-
cal economic techniques. One of the classic examples
of this approach is the work of Gary Becker. As
Becker (1962) himself put it, “the important theorems
of modern economics result from a general principle
which not only includes rational behavior and sur-
vivor arguments as special cases, but also much irra-
tional behavior.” Consistent with this idea, Becker
and co-authors have used price-theoretic tools in set-
tings which economists had previously thought not
amenable to rational analysis. In the essays collected
in his seminal Economic Approach to Human Behavior
(1976), Becker applies price theory to understand such
diverse phenomena as racial discrimination, fam-
ily dynamics, and crime and punishment. In perhaps
the most pure example of this approach, Becker and
Murphy (1988) analyzed addictive behavior by pos-
iting that such behavior may arise from underlying
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stable preferences in which consumption of an addic-
tive good today is a complement to consumption of
that same good tomorrow. This price-theoretic frame-
work yields important insights into addictive behav-
ior, including rapidly increasing or declining (yet
perfectly rational) consumption of addictive goods,
“cold-turkey” quitting strategies, and the prediction
that addicts will respond much more to permanent
than to temporary price changes.

Becker’s approach relies on assuming that what
might seem transient, unstable, and irrational behavior
may actually arise from stable, underlying preferences.
These preferences may include terms not normally
included in the arguments of utility — terms such as
altruism, fairness, tastes, habits, and prejudices. Positing
these more basic, stable preferences is fundamental to
the application of neoclassical tools to non-standard
settings. For example, Becker writes that “generally
(among economists) ... preferences are assumed not to
change substantially over time, nor to be very different
between wealthy and poor persons, or even between
persons in different societies and cultures.” Indeed,
coupled with maximizing behavior and market equilib-
rium, Becker asserts that the assumption of stable pref-
erences “forms the heart of the economic approach.”

More recently, Ed Glaeser (2004) has argued that
even if researchers were to show that human deci-
sion making is driven more by temporary, fleeting,
situational factors than it is by stable preferences, this
would only serve to increase the importance of classic
price-theoretic techniques. This is because “many top-
ics require both psychological insight into the power
of local influence and economic reasoning about the
supply of that influence” (Glaeser, 2004). Thus, even
if it were the case that people made decisions based
strongly on temporary and situational cues, in most
market situations those cues will be provided by self-
interested entrepreneurs such as marketers or politi-
cians. Glaeser argues that price-theory is essentially
the only tool we have to understand the supply of such
frames and persuasive messages. The payoff to such an
approach, Glaeser asserts, is powerful in that predic-
tions arise from an equilibrium analysis of the supply of
such messages. For example, Glaeser (2004) notes that:

The applications of economics to the formation of aggre-
gate cognitive errors suggest a number of comparative stat-
ics. These errors will be more common when the costs of
making mistakes to the individual are low. As a result, we
should expect more errors in the political arena (because no
one’s vote directly matters) than in the market arena (because
making foolish purchases is at least somewhat costly). These
errors will be more common when mistaken beliefs strongly
complement supplier’s returns. Mistaken beliefs will be
more common when errors increase the current flow of util-
ity. Thus, if people enjoy anticipating a rosy future, they

should believe stories that make them overly optimistic and
in particular, they should happily accept stories about a life
after death.

Axiomatic Approaches

Another way neoclassical economists have dealt
with non-standard behavior is through the use of
axiomatic approaches. Where the price-theoretic
approach to non-standard behavior focuses more on
the role of incentives and market discipline in shap-
ing (possibly non-standard) behavior, the axiomatic
approaches focuses on weakening the assumptions
underlying utility theory so as to allow the analysis
of non-standard behavior. Kreps and Porteus (1978)
used a classic axiomatic approach to study agents
who appear to prefer earlier resolution of uncertainty
rather than later (or vice versa), even though the tim-
ing of the resolution has no consequential effects.
The Kreps-Porteus approach deals with this temporal
inconsistency by applying the classic axioms of choice
under uncertainty to dated lotteries — lotteries that
specify not just what information will be revealed, but
when that uncertainty will be revealed. Kreps-Porteus
establishes a representation result that allowed for the
prices definition of preferences for early resolution of
uncertainty, allowing standard tools of economics to
be applied to markets where the timing of information
revelation is key, with broad applications in macroeco-
nomics and finance.

More recently, Gul and Pesendorfer applied axi-
omatic choice theory to the phenomena of dynamic
inconsistency and temptation preferences, with hyper-
bolic discounting being the most widely studied exam-
ple. For instance, Gul and Pesendorfer (2001) used
classic choice theory to study choice sets, rather than
choices per se. A decision maker might, for example,
strictly prefer the choice set B to the choice set A, even
if A offers strictly more options (B is strictly a subset
of A), because some of those options in A might pro-
duce temptation costs. Similar to the Kreps-Porteus
approach, Gul and Pesendorfer derived a set of axioms
which many simple forms of temptation satisfy and
showed that, under those axioms, a simple represen-
tation of preferences in terms of linear functions suf-
fices. This allows for the rigorous definition and study
of markets in which temptation and a demand for
self-control may exist. Fundamental to both axiomatic
and price-theoretic approaches, however, is a strict
neoclassical emphasis on positive economics; alter-
native axioms and utility functions are to be judged
solely by their parsimony and ability to predict choice
behavior. Most notably, this de-emphasizes any appeal
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to psychological realism, one of the main distinctions
between neoclassical and behavioral economics.

Behavioral Economics Approaches

In contrast to these neoclassical approaches, much
of modern behavioral economics starts by scanning
the nearby disciplines of social psychology and soci-
ology for robust biases that may manifest themselves
in economically important settings. Economists using
this approach have tried to incorporate psychological
and sociological findings into economic analysis by
finding a functional form for preferences that captures
many of the stylized facts that these biases present.
Most prominently, Kahneman and Tversky (1979)
attempted to unify several stylized deviations from
expected utility in a single theory of choice under
uncertainty called prospect theory. Prospect theory rep-
resents choice as a function of the value of the choices
rather than as a function of a person’s overall utility.
These values are assessed as either gains or losses (i.e.,
positive or negative differences) relative to an arbi-
trary reference point. A major implication of prospect
theory, then, is that decision makers naturally frame
their decisions as gains or losses relative to a particu-
lar reference point. Prospect theory’s value function
passes through the reference point as S-shaped, with
a kink in the curve at the reference point, such that a
given absolute-sized loss (e.g. a $5 loss) will decrease
value more than an identically-sized gain (e.g. a $5
gain) will increase value. This feature of the value
curve leads to loss-aversion: decision makers are
more sensitive to a loss than they are to an equally-
sized gain, which can lead to odd and often irrational
framing effects in which decision-makers’ responses
may vary with how the choice is presented, worded,
or described. The structure of the value curve also
leads to a phenomenon known as the reflection effect:
decision makers treat changes from a reference point
differently depending on whether they are gains or
losses. More specifically, decision makers tend to be
risk-seeking when dealing with perceived losses, but
risk-averse when dealing with perceived gains.

Prospect theory has been widely applied across
numerous fields in economics, including finance
(explaining the disposition effect and the equity pre-
mium), labor supply (income targeting), and con-
sumer choice (asymmetric price elasticities, the
endowment effect). (See Camerer (1998) for an elegant
and comprehensive review of the applications of pros-
pect theory in economics.)

Another widely used model in behavioral econom-
ics is David Laibson’s model of time-inconsistent choice.

Laibson (1997) modeled inter-temporal inconstancy
with a beta-delta model of hyperbolic discounting,
and demonstrated how agents with such preferences
could be imbedded in economic models of choice over
time. By doing this and demonstrating how to solve
such the dynamic-programming problem that these
agents face when trying to optimize, economists could
model the effects of present-biased preferences and
how they might interact with different types of illig-
uid assets, market structures, or public policies.

THE ROLE OF NON-HUMAN PRIMATE
STUDIES IN MODERN ECONOMICS

Common to all the approaches reviewed is that,
by and large, they take the origins and structure of
behavioral biases as given. To date, far less direct
attention has been paid to understanding how basic
or fundamental these biases are. Put differently, most
of the approaches reviewed above explicitly model the
external market forces and technologies which shape
the supply of cues, yet the cognitive systems and con-
straints that lead to these biases are worked around,
often in one of two ways. Most behavioral economists
leave these biases to social psychologists to study, act-
ing essentially as importers of psychological insights.
In turn, the models that behavioral economists use are
based on assumptions judged not only by their abil-
ity to organize economic data, but also by their psy-
chological realism. Axiomatic approaches, in contrast,
tend to disregard the latter of these two goals, instead
treating the minds of people as black boxes that are
approachable through observing choice data alone. In
both behavioral economic and axiomatic approaches,
however, little work has examined how our behavio-
ral biases arise in the first place.

What, then, are the origins and deeper structure of
our systematic economic biases? Are our biases the
result of social or cultural learning and specific envi-
ronmental experiences? Or could they be more univer-
sal, perhaps resulting from mechanisms that arose over
evolution and operate regardless of context or experi-
ence? We and our colleagues have begun addressing
these questions by exploring whether the roots of our
economic behavior — both our stable preferences and
our behavioral biases — are shared by our closest living
evolutionary relatives, the extant non-human primates.
Since humans and capuchins are closely related biolog-
ically, yet lack similar market experience, any shared
cognitive systems are likely to have a common origin.

Note, however, that our work on primate economic
biases was not the first to take a principled economic
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approach with non-human subjects. Indeed, some ele-
gant early work in the 1970s by Kagel and colleagues
found support for the stability of preferences and the
applicability of economic choice theory in standard
non-human psychological subjects: rats and pigeons.
In a series of studies, Kagel and colleagues trained
their subjects on a lever-pressing task in which sub-
jects had a “budget” of different lever presses, each
of which delivered different rewards at different
rates. The researchers then used a standard revealed-
preference approach in which the subjects” choices
were identified via their lever choices. Using this
approach, Kagel and colleagues demonstrated that rat
and pigeon behavior, like that of human consumers,
appears to obey the laws of demand (Battalio et al.,
1981a, 1981b, 1985; Kagel et al., 1975, 1981, 1990, 1995).

Unfortunately, while rats and pigeons are easy sub-
jects to work with, their limited cognitive abilities make
it difficult to investigate more subtle aspects of eco-
nomic choice, including many important and system-
atic human biases. More importantly, rats and pigeons
lack one of the hallmarks of human economies: trade.
Indeed, Adam Smith famously argued that the behav-
ior of animals was not relevant to economics because
they lacked the capacity to master trade. As he put it in
The Wealth of Nations, “Nobody ever saw a dog make
a fair and deliberate exchange of one bone for another
with another dog. Nobody ever saw one animal by
its gestures and natural cries signify to another, this is
mine, that yours; I am willing to give this for that.”

Another problem with the exclusive use of rats and
pigeons as models for human economic choice con-
cerns their potential for informing claims about the
evolution of human choice behavior. Although rats and
pigeons are commonly used in psychological studies,
they represent extremely distantly related species from
an evolutionary perspective. For this reason, choice
experiments involving rodents and birds are silent,
both on questions regarding the evolutionary history
of human choice behavior and on issues related to the
neural architecture underling these behaviors. In short,
although previous work with animals has adeptly
demonstrated the robustness of revealed-preference
techniques, the field of economics is still far from an
evolutionary-history based understanding of human
decision making.

The goal of our recent work on capuchin economic
choice is to bridge this evolutionary divide. To do so,
we have developed an experimental method for pre-
senting choice problems to capuchin monkeys in a sit-
uation that is as analogous as possible to the markets
in which humans exhibit economic choice. Before turn-
ing to these studies, we'll take a brief pause to intro-
duce the reader to the subjects of our experiments.

Since many economists (and possibly some neurosci-
entists) are not all that familiar with primate evolution
and taxonomy, we first provide a brief introduction on
the phylogenetic history of primates.

PRIMATE EVOLUTION 101

When neuroeconomists reference the brain or cog-
nitive processes of “the monkey,” they are — probably
without realizing it — being incredibly imprecise. To
researchers in primate cognition, the term “monkey”
does not pick out a coherent natural kind —a “monkey”
could mean any one of the 264 extant monkey species,
all of whom inhabit different environments, eat differ-
ent things, come from different genera, and presum-
ably possess different cognitive specializations with
different neural substrates (see the review in Ghazanfar
and Santos, 2004). Such differences can have important
consequences for the cognitive and neural capacities
that these different species utilize in decision-making
contexts. Even very closely related monkey species can
differ drastically in fundamental cognitive processes
and decision-making strategies. To take one elegant
example, Stevens and colleagues (2005a, 2005b) recently
observed that cotton-top tamarins (Saguinus oedi-
pus) and common marmosts (Callithrix jacchus) — two
extremely closely related New World monkey species —
exhibit robust differences in their discounting behav-
ior, with marmosets valuing future rewards more than
tamarins do. As this example demonstrates, it would
make little sense to talk about discounting behavior in
“the monkey,” as such a generalization would miss out
on the fact that different kinds of monkey possess dis-
counting functions that might be specific to their own
species (or, in the case of marmosets and tamarins, spe-
cific to their species-unique feed ecology).

Typically, however, when neuroscientists refer to
research with monkeys they tend to mean the species
of monkey most typically used in neurophysiological
studies of decision making, namely the macaque, one
of several species within the genus Macaca'. Macaques
are an Old World monkey species, meaning that they
are native to Africa and Asia. Macaques are the mostly
widely distributed genus of primates (with the excep-
tion of humans), and are thus an extremely flexible spe-
cies. Because of their adaptability, macaques live well
in captivity and have thus long served as a successful

Tt should be remembered, however, that although macaques have
predominated as neuroscientific models, some of the most important
neuroscientific findings in decision making have also used a marmo-
set monkey model — for example, Dias et al., 1996, 1997.
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FIGURE 7.1 A schema of the primate evolutionary tree. Our subject species, the capuchin monkey, branched of from the human Old World

primate line about 35 million years ago.

animal model in medical studies. Due to their promi-
nence in early medical research, macaques were quickly
imported for use in early neuroscientific investigations.
Some of the first approaches to detailing the structure
and function of primate motor cortex were performed
on macaques in the 1800s. This early work functionally
established macaques as the primate brain model for
the next two centuries. Indeed, many chapters in this
volume specifically focus on neuroeconomic insights
gleaned from macaque brains — for example, Chapters
29 and 31.

Our behavioral work on monkey preferences does
not focus on macaques, however. Instead, we work with
a species believed to represent a cognitive rather than a
neuroscientific model of human cognition — the brown
capuchin monkey (see Chapters 18 and 19). In con-
trast to macaques, who are members of the Old World
monkey lineage, capuchins are members of the more
distantly related New World monkey branch, a group
of primates that split from the Old World primate line
around 35—40 million years ago (Figure 7.1). While Old
World monkeys inhabit Africa and Asia, New World
monkeys, like capuchins, are native to South and Central
America, and thus evolved in different ecological niches
than did other Old World species.

Despite millions of years of separation from our
own species, the cognition of capuchin monkeys is,

in many ways, quite similar to that of humans in a
number of domains. Capuchins are often considered
among primate researchers to be “the chimpanzee” of
the New World primates. Capuchins have extremely
large brains relative to their body size (see, for exam-
ple, Fragaszy et al., 2004a). In addition to these physi-
cal attributes, capuchins live in relatively large social
groups, particularly compared to other New World
species, with groups in the wild becoming as larger
as 40 individuals. Despite this large group size, how-
ever, capuchins are an extremely tolerant species of
primate, maintaining only a loosely defined domi-
nance hierarchy that permits sharing food with many
members of the group (de Waal, 2000; de Waal and
Berger, 2000). For this reason, capuchins are extremely
socially adept. Recent research suggests that they can
successfully represent the goals of other individu-
als (Santos, personal communication) and can learn
socially from the actions of others — though the specif-
ics regarding how much they can learn continue to be
debated (Adams-Curtis and Fragaszy, 1995; Custance
et al., 1999; Ottoni and Mannu, 2001; Visalberghi and
Addessi, 2000, 2001; Brosnan and de Waal, 2004;
Ottoni et al., 2005; Bonnie and de Waal, 2007; see
elegant reviews in Adessi and Visalberghi, 2006 and
Fragaszy et al., 2004b). Finally, capuchins are known
for their elaborate tool-use. They use a variety of tools
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FIGURE 7.2 A frame-by-frame demonstration of a single trading event involving one of our capuchin actors (Jill). The capuchin begins by
placing a token in the experimenter’s hand (1). The experimenter then takes the token away (2-3) and delivers a piece of food (4) which the

capuchin then takes from the experimenter’s hand (5-6).

both in the wild and in captivity, including using push-
ing and pulling tools to gain out-of-reach food, dipping
tools to gain access to out-of-reach liquids, combina-
tions of stone hammers and anvils for opening palm
nuts, and even crushed millipedes as a mosquito repel-
lant (Fragaszy et al., 2004b, Valderrama et al., 2000).

REVEALING CAPUCHIN PREFERENCES:
THE TOKEN TRADING METHODOLOGY

Our goal was to design a task with which we could
reveal capuchins’ preferences. The problem, of course,
is that capuchins would presumably have some dif-
ficulty performing the tasks that experimental econo-
mists typically employ to reveal human preferences.
Monkeys’ preferences concerning their willingness
to pay for certain gambles or bundles of goods can’t
be assessed using written surveys; nor can monkeys’
behavior as consumers in a market be used, since
they do not naturally act as consumers in markets. We
therefore had to design a novel method that permitted
capuchins to reveal their preferences in something like
a market, a situation that was as analogous as possi-
ble to the methods used to test preferences in humans;
specifically, one that involved relatively little training
and also permitted formal price-theoretic analyses.

To do this, we capitalized on the fact that capuchin
monkeys (as well as other primates) can be quickly
trained to trade tokens for small food rewards (see, for
example, Westergaard et al., 1998, 2004; Liv ef al., 1999;
Brosnan and de Waal, 2003, 2004; Adessi et al., 2007).
A number of different labs have successfully taught
capuchins this trading methodology using an individual

experimenter who would reward a capuchin subject for
handing her the token. In our set-up, we hoped to give
capuchins choices between multiple different traders, each
of whom would deliver different kinds or amounts of
goods when presented with a single token. In this way,
we were able to put capuchins into a situation much like
an economic market — one in which they could establish
preferences across different bundles of goods. With this
set-up, we could introduce price and wealth changes
and examine how such changes affected capuchins’ pur-
chasing behavior. Further, we could observe whether
capuchins preferred options that stochastically domi-
nated all others (i.e., ones in which they uncondition-
ally received the most food). Finally, and perhaps most
importantly, we could examine whether capuchins’
preferences obeyed prospect-theoretic predictions, and
thus were affected by reference points and framing.
Chen ef al. (2006) introduced five adult capuchins to
this economic market. Each capuchin began testing by
leaving its homecage and entering a small testing box.
In the box, monkeys found a small wallet of small, disc-
shaped metal tokens. Two experimenters then posi-
tioned themselves on either side of the cage. The two
experimenters differed in their clothing (each wore dif-
ferently colored medical scrubs) and also in the kind of
good offered. On each trial, the monkey had a chance to
trade a token with one of the two experimenters. Each
trial began when the two experimenters were in posi-
tion on either side of the cage. In one hand the experi-
menters held the good that they were offering to the
monkey; their other hand remained open for the mon-
key’s token (Figure 7.2). Monkeys could therefore check
their options and trade with the experimenter who
gave the best kind or amount of the good. Each session
lasted until the monkey had spent all of its tokens.
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DO CAPUCHINS OBEY PRICE THEORY
AS HUMANS DO?

Our first goal was to examine whether the prefer-
ences capuchins established in the token economy we
had set up mirrored those of a human economy. That
is, having allocated their budget of tokens across a set
of possible goods, would capuchins respond ration-
ally to price and wealth shocks? To do this, we first
found two goods that the capuchins liked equally —
pieces of jello and apple slices — spending about half
their budget on each of the goods. Once capuchins’
choices stabilized across sessions, we introduced a
compensated price shift.

In our compensated price shift, we assigned each
subject a new budget of tokens and then dropped
the price of one of the two goods by half. In order to
respond as humans would to this price shift, capuch-
ins must shift their consumption to the cheaper good;
namely, they should spend more of their token budget
on the cheaper good than they did before the price
shift. The majority of our capuchins actors did just
this, suggesting that they, like humans, obey the ten-
ets of price theory.

In a further study, we examined whether capuch-
ins also try to maximize their expected payoff in the
market. If capuchins had a choice between two traders
offering the same kind of good, would they choose the
experimenter whose payoff stochastically dominated,
the one that gave the most food overall? To look at
this, we (Chen et al., 2006) again presented capuchins
with a choice between two traders, but this time the
traders offered the same kind of good — apples. The
traders differed both in the number of apples they ini-
tially offered and in the number they gave over. The
first experimenter always offered the monkey one
piece of apple and then handed over that one piece.
The second experimenter, in contrast, was risky — he
did not always hand over what he promised. This
second experimenter began with two pieces of apple
and then, with 50% probability, either handed over
both pieces or took one of the two pieces away for
an offer of only one piece. On average, however, this
risky experimenter represented a good deal — he gave
one-and-a-half pieces of apple on average, while
the other experimenter gave only one piece. Like
rational actors, our capuchin traders appeared reli-
ably to prefer the risky experimenter who stochasti-
cally dominated. In this way, capuchins not only shift
consumption rationally in response to price shifts, but
also prefer trading gambles that provide the highest
average payoffs.

DO CAPUCHINS DISPLAY THE SAME
BIASES AS HUMANS?

Our findings that capuchins obey price theory and
choose options that stochastically dominate suggest
that capuchins behave rationally in their token market
in some of the same ways that humans behave ration-
ally in their economies. This work, then, set the stage
for examining whether capuchins also behave non-
standardly in the ways that humans do. Specifically,
we wanted to examine whether capuchins share some
of the biases that pervade human choice behavior. As
decades of work in behavioral economics have shown,
human consumers appear to evaluate their choices
not only in terms of their expected payoffs. Instead,
consumers also appear to evaluate different gambles
in terms of arbitrary reference points. In particular,
human participants tend to be loss averse — they avoid
getting payoffs that appear as losses relative to their
reference points more than they appear to seek out
gains relative to their reference points (e.g., Kahneman
and Tversky, 1986; Tverky and Kahneman, 1981). The
phenomena of reference dependence and loss aversion
have been demonstrated in countless experimental
scenarios and gambles (e.g., Tversky and Kahneman,
1986), but also have demonstrated real-world mani-
festations in situations as diverse as unemployment
patterns (Krueger and Summers, 1988; Akerlof and
Yellen, 1990) housing-market changes (Odean, 1998),
and asymmetric consumer elasticities (Hardie et al.,
1993). Further, reference dependence also affects par-
ticipants’ intuitions regarding fairness and moral con-
cerns (Kahneman et al., 1991).

Is reference dependence a uniquely human phenom-
enon, or does it extend more broadly across the animal
kingdom? To examine this, we presented monkeys with
trading situations in which they had the opportunity to
consider their final trading payoffs relative to a refer-
ence point. We could therefore examine whether fram-
ing also affects capuchin choice and preferences.

Are Capuchins Reference Dependent and
Loss Averse?

In our first study (Chen et al., 2006), we explored
whether capuchins, like humans, set up expectations
relative to an arbitrary reference point. To do this,
we independently varied what monkeys were ini-
tially shown and then what they eventually received
in exchange for a token, thereby setting up situations
in which the monkeys could get more or less than
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they expected. In the first experiment, we examined
whether capuchins attended to this reference point.
Monkeys got to choose between two experimenters
who both delivered the same average expected payoff
of one-and-a-half pieces of apples. One experimenter,
however, gave this average payoff of one-and-a-half
apples by way of a perceived loss. This experimenter
began every trade by showing the monkeys two
pieces of apple. When this experimenter was paid, he
either delivered these two pieces of apple as prom-
ised, or removed one to deliver only a single apple
piece. In this way, the first experimenter gave the
monkeys less than they had expected based on their
reference point. The second experimenter, in contrast,
gave more on average than the monkeys expected.
This second experimenter always began by display-
ing a single piece of apple but then, when paid, either
delivered this one piece as promised or added a sec-
ond piece for a payoff of two apple pieces. Monkeys
thus had a choice of obtaining an average of one-
and-a-half pieces of apple by way of a perceived loss
or by way of a perceived gain. Although the average
payoff was the same across the two experimenters,
our monkey consumers did not prefer the two experi-
menters equally. Instead, they reliably preferred the
experimenter who delivered his apple pieces by way
of a gain. Like humans, capuchins appear to take into
account reference points — in this case, what they ini-
tially are offered.

We then went on to examine whether capuchins
avoid losses in the same way as humans. Did capuch-
ins avoid the experimenter who gave them perceived
losses, or did they instead seek out the experimenter
who gave them perceived gains. To test this, we gave
monkeys a choice between one experimenter who
always delivered a loss — he consistently promised
two pieces of apple and gave one — versus an experi-
menter who always gave what was expected — he
promised one piece of apple and delivered exactly that
piece. As in the previous study, our monkeys seemed
to avoid the experimenter who delivered the perceived
loss. Interestingly, monkeys faced with this choice
robustly preferred the experimenter who gave what
they expected, despite the fact that both experimenters
delivered a single piece of apple on every trial.

In this way, capuchins appear to share at least
two of the fundamental biases that humans display.
Capuchins represent their payoffs relative to arbi-
trary reference points and appear to avoid gambles
that are framed as losses. Such results indicate that
monkeys also succumb to framing effects, with differ-
ent descriptions of the same problem leading them to
make different choices.

Framing and Risk: Do Capuchins Exhibit a
Reflection Effect?

In our next set of studies, we examined whether
framing also affects monkeys’ risk preferences. To do
this, we presented the capuchins with a version of
Tversky and Kahneman’s (1981) well-known Asian
Disease problem (Lakshminarayanan, Chen, and
Santos, personal communication). In each condition,
monkeys had a choice between two kinds of experi-
menters who delivered identical expected payoffs but
differed in how much their payoffs varied. Monkeys
could choose to trade with a safe experimenter who
traded the same way on every trial, or a risky experi-
menter who represented a 50-50 gamble between a
high and a low payoff. What differed across the two
conditions was how the experimenters framed the
monkeys’ choices. In the first condition, each of the
experimenters framed his payoff in terms of a gain;
monkeys had a choice between a safe experimenter
who promised one piece of food but always deliv-
ered two, and a risky experimenter who promised
one piece of food but then delivered either one piece
of food or three pieces of food. Like humans tested in
the Asian Disease problem, monkeys presented with
gains chose to avoid risk — they reliably preferred to
trade with the safe experimenter over the risky exper-
imenter. The second condition, in contrast, presented
monkeys with safe and risky losses. Monkeys had a
choice between a safe experimenter who always prom-
ised three pieces of food but always delivered two,
and a risky experimenter who promised three pieces
of food but either delivered one piece of food or three
pieces of food. In contrast to their performance in the
gains condition, monkeys in the losses condition pre-
ferred to trade with the risky experimenter. In this
way, monkeys appear to change their risk preferences
depending on whether they are expecting perceived
losses or perceived gains. Like humans, capuchins get
riskier when gambling over losses than gains.

Interestingly, recent work by Kacelnik and his col-
leagues suggests that capuchins are not the only non-
human species to show a framing-based risk-preference
reversal when depending on framing; another even
more distantly related non-human species — the
European starling (Sturnus vulgaris) — shows a similar
risk-preference reversal on an analogous choice task.
Marsh and Kacelnik (2002) presented starlings with a
task in which they could choose either fixed or vari-
able rewards. Starlings practiced this task with one
expected payoff amount, and were then tested with
outcomes that were either more or less than their
expectations. Starlings preferred the risky option more
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when they received less than they expected rather
than when they received more than they expected,
suggesting that starlings also become more risk-prone
when dealing with perceived losses than with per-
ceived gains. Combined with our capuchin studies,
this work suggests that framing effects may extend
broadly across the animal kingdom, and may also
extend to a variety of taxa.

Do Capuchins Exhibit An Endowment Effect?

We then went on to examine whether capuchins
demonstrate an endowment effect (see Thaler, 1980), a
phenomenon in which ownership increases an object’s
value. In what is now a classic paper, Kahneman
et al. (1990) presented half of a group of human par-
ticipants with a coffee mug, and then allowed partic-
ipants to either buy or sell the new mug. Kahneman
and colleagues found that participants that owned
the mug demanded a higher price to sell the mug
than non-owners would pay to buy it. This discrep-
ancy between owners” willingness-to-accept and buy-
ers’ willingness-to-pay was christened the endowment
effect. Although there is still considerable debate con-
cerning the exact mechanisms underlying the endow-
ment effect, many have hypothesized that this effect
follows from loss aversion (see Kahneman ef al., 1990).
If this is the case, then capuchins — who exhibit loss
aversion in our experimental market — may also show
a bias towards over-valuing objects that they own
over those they don’t yet own.

In a recent study (Lakshminarayanan, Chen,
and Santos, personal communication), we explored
whether capuchins were also susceptible to endow-
ment effects (see Chapter 19 for similar experiments
with chimpanzees). We first determined two goods
that the monkeys preferred about equally, splitting
their budget of tokens across the two goods. We then
made our capuchin subjects the “owners” of one of the
two equally preferred goods. Rather than giving each
monkey subject a wallet of tokens, we instead pro-
vided a wallet of goods and allowed them to trade for
the other equally preferred good. Since the two goods
were already shown to be equally preferred, it might
be predicted that capuchins would trade about half
their endowed goods and then keep the other half.
However, in contrast to this prediction, our capuchin
actors reliably preferred to keep the food with which
they were endowed. Control conditions revealed
that our observed effect was not due timing effects
or transaction costs — monkeys failed to trade their
endowed good even in cases in which they were com-
pensated for the cost of the trade and the time it takes

to wait for the trade to be completed. These results
provide the first evidence to date that a non-human
species demonstrates a true endowment effect —
one that cannot be explained by timing, inhibition, or
problems with transaction-related costs.

WHAT COMPARATIVE WORK MEANS
FOR TRADITIONAL ECONOMICS AND
NEUROECONOMICS

When taken together, our comparative studies to
date suggest that capuchin monkey preferences oper-
ate in much the same way as those of human agents.
First, capuchins appear to obey the standard tenets of
price theory, just like humans. In spite of their obedi-
ence to price theory, however, capuchins also exhibit
the same systematic biases as humans - they evalu-
ate gambles in terms of arbitrary reference points, and
pay more attention to losses than to gains. Finally,
monkeys appear to show other market anomalies,
like the endowment effect. Our work thus suggests
that human behavioral biases result not from species-
unique market experiences or cultural learning;
instead, such biases are more likely to be far more
basic, perhaps even evolved strategies present long
ago in our common ancestor with other New World
primate species.

This work further suggests that such biases may
emerge in the absence of much market experience not
just in capuchins, but in the human species as well.
Indeed, our work provides hints about another possi-
ble and probably fruitful line of work on the origins
of preference. Our studies to date have focused on the
evolutionary origins of human preferences and incen-
tives, but even less work has examined the ontoge-
netic origins of these phenomena — namely, how they
develop over the human lifecourse (for review, see
Santos and Lakshminarayanan, 2008). Although some
work to date has examined the development of loss
aversion (e.g., Reyna and Ellis, 1994) and the endow-
ment effect (see Harbaugh et al., 2001) in children,
there is still relatively little consensus concerning how
and when behavioral biases emerge in human deci-
sion making. In addition, to our knowledge, all of the
available evidence to date examining the development
of revealed preferences has involved older children —
participants who’ve had at least some experience mak-
ing purchases in the real world. For this reason, older
children are not the best subject pool if intending to
examine the role of experience in the development
of loss aversion and reference dependence. To really
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study the role of experience, researchers should focus
their empirical effort on studying human infants —
participants who are young enough to lack any market
experience. Although human infants’ preferences are
not currently a standard focus for economic experi-
mentation, there is no reason they cannot become one.
In the past decade, developmental psychologists have
established a number of empirical methods that can
be easily imported for use in economic studies with
preverbal infants. Infant-researchers have developed
standard methods for assessing both infants” choices
(e.g., Feigenson et al., 2002) and their preferences
(e.g., Spelke, 1976), all using non-verbal techniques.
Using these experimental methods, economists could
potentially ask whether infants obey price theory (and
thus examine whether an obedience to price theory
can emerge in the complete absence of experience).
Similarly, it would be possible to examine how and
when biases like loss aversion and reference depend-
ence begin emerging, and again explore the role of
economic experience and other factors in the develop-
ment of these heuristics.

Our finding that many behavioral biases are
shared by closely related primates has a number of
implications for practicing economists. The first of
these involves how an economist might choose to
treat behavioral biases in both positive and norma-
tive terms. For example, if biases observed in human
behavior are the results of misapplied heuristics, then
it seems natural to assume that what is learned can
be unlearned, and that these mistakes are likely to
disappear quickly in the face of market pressures —
especially when stakes are high. Our work, however,
suggests that these biases emerge in the absence of
experience, and thus that biases are likely to mani-
fest themselves in novel situations. Such findings also
raise the hurdle that competitive pressure may need
to pass to discipline behavior. From a positivist per-
spective, while it may still be reasonable to believe
that in high-stakes settings where market partici-
pants are exposed to constant feedback markets will
display extremely rational behavior, those settings
might not represent the majority of economically
relevant settings. Indeed, consistent with classical
welfare analysis, if a bias repeatedly emerges in dif-
ferent market settings and represents a fundamental
aspect of people’s preferences, it may demand more
normative weight than we might have otherwise
thought.

Our work also has important implications for non-
traditional economists — neuroeconomists interested
in the neural basis of standard and non-standard eco-
nomic behavior. In the past decade, macaque models
have afforded neurophysiologists with a number of

important discoveries concerning the neural basis of
our representation of risk and value (see Chapters 29,
31, and 32). Many of the neurophysiological studies to
date, however, have concerned themselves with more
standard aspects of choice behavior. In contrast, fMRI
research with humans has focused on the neural basis
of more non-standard behaviors, namely behavioral
biases. While such fMRI techniques have already pro-
vided tremendous insight into the neural basis of these
framing effects (see, for example, Chapters 10 and 11),
these methods would undoubtedly be complemented
by neurophysiology work examining framing effects
at the level of individual neurons. To date, however,
little neurophysiological work has addressed the
role of context and framing, in part because design-
ing framing tasks for use in non-verbal primate sub-
jects is a non-trivial task. The trading experiments we
have developed for capuchins, however, demonstrate
that such framing effects can and do occur in a non-
verbal species. Our work suggests that a physiological
investigation of framing is possible, and thus that it
might be possible to examine prospect theoretic pre-
dictions in a primate neural model. Our work dem-
onstrating that monkeys exhibit an endowment effect
further suggests that physiologists might be able to
examine even more subject changes in valuation —
such as those due to ownership — in a primate model
as well.

The field of neuroeconomics, though still in its
infancy, has enjoyed much success in a relatively short
amount of time. Undoubtedly, much of the success of
this newly emerging field relies on the importance it
places on interdisciplinary approaches to the study of
economic behavior. Our goal in this chapter has been
to point out how primate cognition studies of choice,
preferences, and incentives can add to this empirical
mix — both in their own right as a way of examining
the origins of standard and non-standard economic
behavior, and for their potential to give rise to new
behavioral assays needed for neurophysiological
insights into human economic behavior.
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INTRODUCTION

Our survival depends on our ability to act effec-
tively, maximizing the chances of achieving our move-
ment goals. In the course of a day we make many
movements, each of which can be carried out in a vari-
ety of ways. Shall I reach for that wine glass quickly
or slowly? Shall I approach from the right or left?
Movement planning is a form of decision making as
we choose one of many possible movement strategies
to accomplish any given movement goal. It is impor-
tant for us to make these “motor decisions” rapidly and
well. In this chapter, we consider how movements are
planned and show that a certain class of movement-
planning problems is mathematically equivalent to a
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choice among lotteries in decision making under risk
or ambiguity (see also Trommershduser et al., 2006a).
This analogy allows us to examine movement plan-
ning from a new perspective, that of the ideal eco-
nomic movement planner. It also allows us to contrast
how we make decisions in two very different modali-
ties; planning of movement, and traditional economic
decision making.

We review our previous work on movement-
planning under risk, in which subjects are generally
found to be very good at choosing motor strategies that
come close to maximizing expected gain — a result that
is in contrast with that found with paper-and-pencil
decision-making tasks. We discuss the implications
of these different behavioral outcomes, noting the

© 2009, Elsevier Inc.
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evident differences between the sources of uncertainty
and how information about uncertainty is acquired
in motor and economic tasks. We finally review
the evidence concerning the neural coding of prob-
ability, expected movement error, and expected gain
in movement under risk (see also Chapters 23, 30,
and 32). We begin, however, with a brief review of
previous work on how biological organisms plan
movement.

MOVEMENT PLANNING AS
OPTIMIZATION

In planning a movement, the brain has to select one
of many possible movement plans or strategies. The
result of executing a movement strategy is an actual
trajectory, and it is evidently desirable that the choice
of strategy satisfies the demands of the particular task
and also minimizes “wear and tear” on the organism.

Typical research in the field of human motor control
combines theoretical and experimental approaches.
For example, a participant in a motor control experi-
ment might perform simple reaching movements to
a target, often constrained to two dimensions — for
example, along the top of a table (Figure 8.1a). The
recorded movement trajectories are compared with
the predictions of a computational model mimicking
the conditions of the experiment. Early approaches
to modeling movement planning take the form of an
optimization problem in which the cost function to be
minimized is biomechanical and the optimization goal
is to minimize some measure of stress on the muscles
and joints. These models differ primarily in the choice
of the cost function.

Movement Planning Optimizing Biomechanical
Constraints

Possible biomechanical cost functions include
measures of joint mobility (Soechting and Lacquaniti,
1981; Kaminsky and Gentile, 1986), muscle tension
changes (Dornay et al., 1996), mean squared rate of
change of acceleration (Flash and Hogan, 1985), mean
torque change (Uno et al., 1989), total energy expendi-
ture (Alexander, 1997), and peak work (Soechting
et al., 1995). The outcome of applying these models is
typically a single, deterministic trajectory that opti-
mizes the tradeoff between the goal of the movement
and the biomechanical costs for the organism. These
models are successful in explaining the human ability
to adapt to forces applied during movement execution

(Burdet et al., 2001; Franklin et al., 2007). Although this
wide variety of cost functions has been employed,
nearly all have successfully modeled reaching move-
ments as following a nearly straight path with a bell-
shaped velocity profile (Figure 8.1). A combination
of biomechanical constraints was demonstrated by
Cuijpers et al. (2004), who showed that humans will
grasp an elliptical cylinder along either its major or its
minor axis, resulting in a stable grip, but will tend to
choose the axis closer to that used for circular cylin-
ders (i.e., the grasp that is more comfortable).

Compensation for Noise and Uncertainty

The models just described yield single determinis-
tic trajectories that do not take into account the pos-
sible consequences of motor errors due to noise in
the motor system. Consider two movement plans for
a reach toward a target. The first involves maximal
acceleration toward the target for half the reach, and
maximal deceleration to come to a halt at the target.
The second has a smooth acceleration/deceleration
profile. We could consider the biomechanical costs
associated with the two movements, but we can also
characterize the two movements in terms of an exter-
nal criterion of success: which is more likely to hit the
target? In moving from the purely internal criterion of
success (minimizing biomechanical costs) to an exter-
nal measure, we change the nature of the movement-
planning problem and its solution.

Figure 8.2 shows two movement plans, in this case
for a 10° deg saccadic eye movement, both of which
take the same amount of time to arrive, on average,
at the identical target location (Harris and Wolpert,
1998). The two planned movements differ in how force
is distributed along the reach. Movement 1 (Figure 8.2,
dashed curves) begins with an explosive burst of
force, rapidly rotating the eye toward the target, and
ends with an equal but opposite explosive burst as
the eye approaches the target. Such an extreme use
of force is often referred to as “bang-bang” control.
Movement 2 (solid curves) has a smooth acceleration
profile, with gradual acceleration during the first half
of the reach and deceleration during the second.

Uncertainty in the motor system originates from
noisy neural control signals that lead to variable
motor output. The noise is signal-dependent; larger
control signals lead to larger variability in motor out-
come (Harris and Wolpert, 1998). Thus, faster move-
ments, which require larger control signals, are more
variable, resulting in the well-known speed-accuracy
tradeoff. Modeling such signal-dependent noise, Harris
and Wolpert (1998) found that the movement that

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN



MOVEMENT PLANNING AS OPTIMIZATION 97

FIGURE 8.1 Example of a model of
movement planning as optimization of
a biomechanical constraint. (a) Subjects
moved a manipulandum between vari-
ous target positions (labeled T1, ..., T6).
(b) Hand path toward one example target.
(c) Hand velocity. (d-e) Acceleration in
the x (panel (d)) and y (panel (e)) direc-
tions. Dashed curves, mean measured
hand path; solid curves, hand paths pre-
dicted by a model that minimized inte-
grated jerk (rate of change of acceleration).
The measured hand path shows a typical
smoothly curved trajectory with a bell-
shaped velocity profile. The minimum-jerk
model (dashed curves) does a reasonable
job of predicting movement kinematics.
Reprinted from Flash and Hogan (1985),
with permission. (b)

minimizes positional variance at the end of the move-
ment, subject to the two constraints of movement dura-
tion and mean endpoint, is Movement 2 (solid curves).

Recent experimental work concerned with the
planning and execution of speeded eye and arm
movements indicates that the complex sequences of
neural events that underlie voluntary movements
are selected so as to minimize movement error (Sabes
and Jordan, 1997; Harris and Wolpert, 1998; Todorov,
2004). Note that this approach is based on the notion
that the endpoint variability is a consequence of the
“biological noise” in the motor control system, and
therefore unavoidable.

Following the observation that movements are cor-
rupted by considerable motor noise and do not always
follow the same deterministic trajectory, Harris and
Wolpert (1998) suggested that movement trajectories
are selected to minimize the variance of the final eye
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or arm position. They proposed that the underlying
determinant of trajectory planning is the minimiza-
tion of the noise in the neural control signal that acti-
vates the muscles during the execution of a motor
command and in the post-movement period. In their
model, the final arm or eye position is computed as a
function of a (deterministic) biomechanical expression
and a noisy neural signal, where the noise increases
with the magnitude of the neural signal (Figure 8.2).
According to the model of Harris and Wolpert (1998),
the planned trajectory of the eye and arm is chosen to
minimize variance in the endpoint of the movement.
The idea behind this approach is that the variability in
the final position of a saccade or pointing movement
is the result of the accumulated deviations of the exe-
cuted trajectory from the planned trajectory over the
duration of the movement. Horizontal saccadic eye
movements, hand paths for a set of point-to-point

I. NEOCLASSICAL ECONOMIC APPROACHES TO THE BRAIN
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movements (Harris and Wolpert, 1998), and the move-
ment trajectories measured in an obstacle-avoidance
task (Hamilton and Wolpert, 2002) are all consistent
with predictions of the model.

In a similar approach, Sabes and Jordan (1997) stud-
ied the contribution of kinematic and dynamic proper-
ties of the arm to movement planning. Subjects moved
their hands between pairs of targets, avoiding an
obstacle along the path. To carry out this task rapidly
while avoiding the obstacle, subjects should choose
a trajectory so that the direction from the obstacle to
the trajectory at its nearest approach is one for which
movement variability is minimal. Given the difficulty
of measuring two-dimensional movement variability
during a reach, the authors instead modeled the sen-
sitivity of the arm in various directions and at various
positions in the workspace. They defined three sensi-
tivity measures (kinematic, inertial, and elastic), each
of which provided predictions of the point of closest
approach to the obstacle that was most safe. The data
were in qualitative agreement with the predictions of
all three sensitivity measures, and best predicted by
their inertial sensitivity model (imobility).

Optimization of the Consequences of Movement

So far, we have considered the costs of movement
in terms of biomechanical costs (energy, wear and tear)
and movement accuracy. Both these criteria for move-
ment planning may be used by humans for planning

movements. We propose that these costs may be addi-
tive and that each may be “priced” in terms of utility
for the movement planner. However, in most move-
ments