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O U T L I N E

    INTRODUCTION 

   Neuroconomics studies the neurobiological and com-
putational basis of value-based decision-making. As 
the name suggests, these types of decisions involve the 
computation and comparison of values. This gives rise 
to one of the most basic questions in the field: how does 
the brain compute and compare values? This chapter 
provides an integrative review of computational and 
neurobiological studies addressing this question. 

   The chapter has several goals. It seeks to introduce 
economists and modelers to the neuroscience of the 
problem, and neuroscientists and psychologists to the 
relevant models (with the caveat that, in order to keep 
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the exposition accessible to both audiences, impor-
tant simplifications have been made). This interplay 
between theory and neurobiology has been very pro-
ductive in many areas of neuroeconomics, and our 
problem is no exception. The chapter also seeks to 
provide a framework that brings together computa-
tional and neurobiological findings by highlighting 
the connections between the relevant literatures in 
neuroscience, psychology, and economics. Finally, it 
seeks to motivate future work in this area by empha-
sizing some of the most important open questions. 

   Understanding how the brain computes and com-
pares values is important for several reasons. First, in 
order to make good decisions, organisms need to assign 
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values to actions that are commensurate with the level 
of rewards that they generate, and they need to select 
the actions with the highest values. The extent to which 
they are able to do this depends on the properties of the 
algorithms that they use, and on the performance of 
the  “ wetware ”  implementing them. 

   Second, many models in economics (e.g., subjective 
experienced utility), psychology (e.g., prospect the-
ory), and computer science (e.g., Q-learning) implicitly 
assume that the brain can flawlessly and instantane-
ously assign appropriate values to actions. Evidence 
from behavioral economics suggests that this is not 
always a correct assumption. A detailed understand-
ing of how the brain computes and compares values 
should provide important insights on the strengths 
and limitations of existing models. 

   Third, evolution has endowed the brain with the 
capacity to make good choices in a large variety of envi-
ronments, but not in all of them. In particular, organ-
isms are susceptible to the influence of environmental 
variables that interfere with their ability to compute 
accurate values or select the best actions. Knowledge of 
the decision circuitry’s shortcomings has implications 
for public policy debates, such as the regulation of mar-
keting, and for the design of economic institutions that 
can help people compensate for these shortcomings. 

   Finally, one of the most exciting areas of application 
for neuroeconomics is psychiatry. Damage to various 
neural systems may alter the way the brain assigns 
and compares values. In fact, psychiatric diseases such 
as obsessive-compulsivedisorders, anorexia, psycho-
pathy, and addiction can be characterized as impair-
ments in decision-making. It follows that an improved 
understanding of the neurobiology of value-based 
choice should have immediate diagnostic and thera-
peutic applications. 

   The review is organized as follows. The first section 
defines goal-directed choice and places the problem 
on the context of the neuroeconomics research agenda, 
while the second reviews the literature on perceptual 
decision-making. The third section reviews the litera-
ture on goal-directed choice, before the chapter con-
cludes with a final discussion.  

    PRELIMINARIES: WHAT IS 
GOAL-DIRECTED CHOICE AND WHAT 

NEEDS TO BE COMPUTED? 

    Goal-directed Choice 

   Value-based decision-making is a complex process 
that requires, at the very least, the deployment of five 
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basic types of computations ( Rangel  et al ., 2008 ). First, 
a representation of the decision problem needs to be 
constructed. This entails identifying potential courses 
of action (e.g., to pursue a prey item or not), as well 
internal states (e.g., the hunger level) and external 
states (e.g., the threat level). Second, a value needs to 
be assigned to the different actions under considera-
tion. In order to make sound decisions, these values 
need to be aligned with the benefits associated with 
each action. Third, the valuations are compared in 
order to make a choice. Fourth, after implementing the 
decision, the brain needs to measure the desirability of 
the outcomes that follow. Finally, this feedback is used 
to update the other processes in order to improve the 
quality of future decisions. These are not rigid catego-
ries, but they provide a useful and reasonable decom-
position of decision-making into its composite parts. 

   Another complication in understanding value-
based choice is that a sizable body of evidence has 
shown that the brain utilizes multiple systems to eval-
uate the options under consideration (for reviews, see 
 Balleine, 2005 ;  Dayan, 2008 ;  Rangel  et al ., 2008 ; also 
Chapters 12 and 24 in this volume). At least three dif-
ferent types of systems have been identified so far: 
Pavlovian, habitual, and goal-directed. These systems 
are deployed in different circumstances, and have dif-
ferent relative advantages and disadvantages. 

   The Pavlovian systems assign values only to a small 
set of  “ hard-wired ”  behaviors that are evolutionarily 
appropriate responses to appetitive or aversive out-
comes. Typical examples include preparatory behav-
iors such as approaching cues that predict the delivery 
of food, and consummatory responses to a reward such 
as pecking at a food magazine. An advantage of these 
systems is that they are fast, which can be invaluable in 
many circumstances. A wide range of behaviors with 
important economic consequences are likely to be con-
trolled by the Pavlovian valuation systems. Examples 
include overeating in the presence of food, and per-
haps even the harvesting of immediate present smaller 
rewards at the expense of delayed non-present larger 
rewards ( Dayan  et al ., 2006 ; Dayan and Seymour, 2008). 

   In contrast to the Pavlovian systems, which activate 
only a small set of hard-wired responses, habitual sys-
tems are capable of learning to assign values to a large 
number of actions through a process of trial and error. 
These systems exhibit the following characteristics. 
First, such systems learn to assign values to actions 
that are commensurate with the expected reward that 
they generate as long as sufficient practice is provided 
and the environment is stable enough (see  Sutton and 
Barto, 1998 ; also Chapter 22 in this volume). Second, 
the systems learn and update values slowly – thus they 
forecast the value of actions incorrectly whenever there 
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is a sudden change in the rewards associated with the 
different actions. Third, the systems do not appear to 
assign values to novel actions, and thus cannot guide 
decision-making in new situations. 

   Goal-directed systems are capable of comput-
ing values in novel situations and in environments 
with rapidly changing action–outcome contingencies. 
These systems assign values to actions by computing 
action–outcome contingencies and then evaluating 
the rewards associated with the different outcomes. 
Under ideal conditions, the value assigned to an action 
equals the average expected reward obtained from 
that action. When the correct action-contingencies are 
used, and the brain evaluates outcomes correctly, such 
systems compute an accurate forecast of the expected 
reward generated by the action. A key disadvantage 
of goal-directed systems is that they are computation-
ally intensive, especially in comparison to the habitual 
and Pavlovian systems, and require a large amount of 
accurate information to forecast values correctly ( Daw 
 et al ., 2005 ) Furthermore, in the presence of uncertainty 
about the action–outcome contingencies, their predic-
tions are noisy forecasts of the true value of the action. 

   This chapter makes several simplifications to make 
our problem tractable. First, it focuses on the valua-
tion and action-selection stages, and ignores the repre-
sentation, evaluation, and learning processes (but see 
Chapters 22 and 24 for a more detailed discussion of 
these learning processes). Second, it considers the com-
putation and comparison of values by goal-directed 
systems, but not by the habitual and Pavlovian sys-
tems. Third, it focuses on a simple type of goal-directed 
choice in which (1) there are only two options, (2) sub-
jects are familiar with the outcomes generated by the 
two actions, and (3) consumption of the outcomes is 
immediate. The last simplification is useful, because it 
allows us to ignore the issue of how the value of out-
comes is modulated by time and uncertainty (for a 
discussion of these issues, see  Rangel  et al ., 2008 , and 
Chapter 23 of this volume).  

    What Needs to be Computed? 

   A simple goal-directed choice involves a choice 
between a pair of actions – call them  a  and  b . Subjects 
care about which action they take because the actions 
lead to different outcomes, denoted by  o . The outcomes 
are associated with an amount of reward  v ( o ). The map-
ping of actions to outcomes may depend on the state of 
the world, denoted by  s . For example, pulling the lever 
in a gambling machine (often called a bandit) leads to 
a desirable outcome if it is in the  “ payout ”  state, but to 
an undesirable one if it is in the  “ no payout ”  state. 
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   In order to make good choices, the goal-directed 
valuation system needs to (1) assign values to actions 
that are commensurate with the amount of expected 
reward that they generate, and (2) choose the action 
that has been assigned the highest value. Thus, ideally 
the system ought to assign a value to action  x  equal to 

 
U p s v o sx xs

� ( ) ( ( ))∑    
   where  p ( s ) is the probability of state s, and o  x  ( s ) is the 
outcome generated by the action in state  s .   

   Note that in order to estimate this value the brain 
needs to calculate in real time the probability of the 
potential states, the action–state–outcome associations, 
and the outcome–reward pairings. As we will show 
below, making these computations takes time.   

    PERCEPTUAL DECISION-MAKING 

   We begin our discussion of the computation and 
comparison of goal-directed values with one of the 
best-studied problems in behavioral neuroscience: 
visual-saccadic decision-making. An example of this 
type of decision-making is the now classic experi-
mental paradigm of  Newsome  et al . (1989) , referred 
to here as Random Dot Motion (RDM) task. As illus-
trated in  Figure 28.1a   , monkeys are shown a patch of 
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 FIGURE 28.1          The Random Dot Motion task. The monkey is 
trained to perform a two-alternative forced choice discrimination 
task. He is shown a patch of randomly moving dots that contain a 
fraction of coherent movement to either T1 or T2, and is rewarded 
for correctly choosing the coherent direction. Choices are indicated 
by fixating, after a delay, on one of the two targets.   Adapted from 
 Shadlen and Newsome (2001) , with permission.    
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moving dots. Most of the dots are moving randomly, 
but a fraction of them has a coherent direction of 
motion. The animal’s task is to indicate which of 
two targets reflects the coherent direction of motion 
by executing an eye movement to the appropriate 
target. The difficulty of the task is varied across tri-
als by changing the percentage of dots that are mov-
ing coherently. Subjects are rewarded a fixed amount 
for correct answers, and receive nothing for incorrect 
responses. (For more details on this task see Chapters 
4 and 30 of this volume). 

   At first sight, the RDM task looks very different 
from value-driven choice. This is not the case. Subjects 
care about making the right choice because it affects 
the reward that they get. The value of making an eye 
movement equals the size of the reward for a correct 
response multiplied by the probability that that direc-
tion is the correct one. Subjects can estimate the action 
values using their senses to measure the net direction 
of motion in the stimulus display. This is easy when 
the percentage of coherent dots is high, and difficult 
when it is small. In either case, the task involves link-
ing sensation to valuation and then using those values 
to select an action. 

   Note that the task is a special case of the model 
described above. There are two states of the world: 
the coherent motion goes in the direction of target 1 
( s       �      1) or it goes in the direction of target 2 ( s       �      2). 
The mapping of actions and states to outcome is 
given by: 

 o s o s1 21( ) (� � � �) one unit of reward    

   and   

 o s o s1 2 1( ) ( )� � � � zero units of reward.      

   For simplicity, and without imposing any restric-
tions in the data, we can pick the units in which the 
reward is measured so that  v (1)      �      1 and  v (0)      �      0. It 
then follows that 

 U p s v p s v p s1 1 1 2 0 1� � � � � �( ) ( ) ( ) ( ) ( )    
   and   

 U p s v p s v p s2 2 1 1 0 2� � � � �( ) ( ) ( ) ( ) ( )=      

   In other words, the value of choosing one of the tar-
gets is equal to the probability that it reflects the true 
coherent direction of motion. It follows that the prob-
lem of computing the value of the actions is closely 
related to the perceptual task of estimating the the 
direction of motion. 

   Although other perceptual discrimination tasks 
have been studied in the literature, the RDM task is 
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the one that is best understood from both computa-
tional and neurobiological perspectives. For this rea-
son, the rest of this chapter focuses on the RDM task 
(see  Romo and Salinas, 2003 , and  Gold and Shadlen, 
2007 , for reviews of alternative tasks). 

    Model 

   A large number of computational models describ-
ing how the brain computes and compares values has 
been proposed. These include, among others, the inde-
pendent accumulators model ( Luce, 1986 ); the ran-
dom-walk and diffusion models ( Stone, 1960 ;  Ratcliff, 
1978 ;  Laming, 1979 ;  Link, 1992 ; and  Ratcliff  et al ., 2003 ); 
and several hybrid models ( Smith, 1995 ;  Usher and 
McClelland, 2001 ). For detailed discussions of the dif-
ferences and similarities among all of them, see  Smith 
(2000) ,  Ratcliff and Smith (2004) ,  Ditterich (2006) , and 
 Bogacz (2007) . 

   All of these models share some features that are 
illustrated in  Figure 28.2a   . First, they contain processes 
that encode the moment-to-moment sensory evidence 
in support of the two potential states of the world. For 
example, in this figure there is a population of neu-
rons encoding evidence in favor of the first target, and 
another population encoding evidence in favor of the 
second. Importantly, the models assume that these 
perceptual measurement processes are noisy. Second, 
there is an accumulator process associated with each 
of the two states that integrates the cumulative sen-
sory evidence which it has received in its favor. Note 
how, as the trial progresses, the accumulators aver-
age out some of the noise. Finally, the models contain 
a criterion that needs to be satisfied for a choice to 
be made. For example, in the accumulators model, 
the first accumulator to reach a threshold in selected. 
The models listed in the previous paragraph differ 
in the details of the integration and comparison 
processes they employ to accomplish this sequence of 
events – see Figure 2 in  Smith and Ratcliff (2004)  and 
Figure 1 in  Bogacz (2007)  for useful summaries. 

   Here, we focus on the random-walk model (which 
is a version of the diffusion model in which computa-
tions are made in discrete units of time). This version 
of the model is attractive because it is mathematically 
simpler than its counterparts, and it makes predictions 
that can account for important aspects of the psycho-
metric and reaction-time functions. Furthermore, 
a growing body of research has found signals in the 
brain that resemble some of the variables computed 
by the random-walk model (more on this below). 

   The random-walk model is illustrated in  Figures 
28.2b–e . The key variable is a measure of relative evi-
dence: positive values of this variable denote that the 

 s0060  s0060 

 p0230  p0230 

 p0240  p0240 

 p0250  p0250 

 p0260  p0260 

CH028.indd   426CH028.indd   426 5/14/2008   5:55:50 PM5/14/2008   5:55:50 PM



V. THE NEURAL MECHANISMS FOR CHOICE

427

GLIMCHER 978-0-12-374176-9 00028

estimation process favors the  “ right ”  decision, whereas 
negative values denote the opposite. The process starts 
at a middle point and stops the first time that this 
variable crosses one of the thresholds. Time advances 
in discrete steps. The size of every step is given by a 
Gaussian distribution with a mean that is proportional 
to the true direction of motion. This noise is meant to 
capture the variability in the sensory processes. 

   The model has several interesting properties. First, 
it predicts a logistic relationship between choice and 
the extent to which the dots are moving in a coherent 
direction ( Figure 28.2d ). Second, it predicts that the 
distribution of reaction times is right-skewed, and that 
reaction times are longer for error trials ( Figure 28.2c ). 
Third, it also predicts that reaction times decrease with 
stimulus coherence and that accuracy improves ( Figure 
28.2e ). Finally, it can be shown that it implements a 
sequential probability ratio test ( Wald and Wolfowitz, 
1948 ), which is the optimal statistical test for the type 
of inference problem faced by the brain in the RDM 
task (see        Gold and Shadlen, 2001, 2002 , for details). 

 p0270  p0270 

   Although significant progress has been made in 
modeling this problem, many important theoretical 
questions remain unsolved. Perhaps the most impor-
tant limitations of existing models are the fact that 
they only apply to the case of two alternatives, and 
that it is not obvious how to adapt them to the general 
case (for some initial attempts to resolve this issue, see 
 McMillen and Holmes, 2005 , and  Bogacz and Gurney, 
2007 ). Another problem is the proliferation of compet-
ing models in the literature. For example, in addition 
to those listed above,  Brown and Heathcote (2005)  
have recently proposed a new class of  “ ballistic mod-
els ”  where the initial state for the accumulators is 
random but the path of integration is deterministic. 
An important task for the upcoming years is to use 
novel behavioral tests, as well neural data, to compare 
these models in depth. Most likely, the model that will 
best explain the data is yet to be developed. Finally, 
in order to improve the connection between the the-
ory and the neurobiology, neuroeconomists need to 
develop a new generation of models that describe 

 p0280  p0280 

 FIGURE 28.2          Models of the RDM-task. (a) Schematic illustrating the main components of the models. Reproduced from  Bogacz (2007) , 
with permission. (b) A typical run of the random-walk model. The red line represents the amount of relative evidence accumulated for the 
 “ right ”  target. The process starts at a middle point and stops the first time this variable crosses one of the thresholds (depicted by the brack-
eted horizontal lines).  “ Right ”  is chosen when it crosses the upper threshold;  “ left ”  is chosen when it crosses the lower one. Time advances in 
discrete steps. The size of every step is given by a Gaussian distribution with a mean that is proportional to the true direction of motion. This 
noise is meant to capture the variability in the perceptual processes. (c) A typical run of the continuous version of the model. Note that the red 
and blue lines represent two different sample paths and that, due to the variability in the model, it is possible for  “ left ”  to be chosen even if the 
net coherent motion goes right.   Adapted from  Smith and Ratcliff (2004) , with permission.        
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more closely the role of the relevant brain nuclei and 
neurotransmitter systems. For some important initial 
efforts along these lines, see  Wang (2002) ,  Brown and 
Heathcote (2005) ,  Brown  et al . (2005) ,  Lo and Wang 
(2006) , and  Wong and Wang (2006) . 

   Note that the models of perceptual decision-
making described here are ambitious in their scope. 
They provide a unified theory of value computation, 
action selection, and reaction times. They make stark 
behavioral predictions about how the psychomet-
ric choice function and the reaction time distribution 
should be affected by the coherence of the stimulus. 
Most importantly, they also make predictions about 
which decision variables should be encoded in the 
brain, and about how they are computed. As we 
will see in the subsequent two sections, the random-
walk model has been quite successful in all of these 
respects.  

    Behavioral Evidence 

   The behavioral predictions of the random-walk 
model and its variants are largely consistent with the 
data from the RDM task.  Figure 28.3    illustrates this 
using data from a human version of the task ( Palmer 
 et al ., 2005 ). As predicted by the model, choices are a 
logistic function of stimulus strength ( Figure 28.3a ), 
reaction times decrease in stimulus strength ( Figure 
28.3b ), and response times are longer in error than 
in correct trials ( Figure 28.3c ). See  Smith and Ratcliff 
(2004)  for a further discussion of the behavioral pre-
dictions made by the different models.  

    Neurobiological Evidence 

   A central goal of neuroeconomics is to construct 
theories of value-based decision-making that are neu-
robiologically grounded. Therefore, a key test of any 
neuroeconomic model is whether there is evidence 
that the computations it specifies are being carried out 
by the brain. Over the past 15 years, a sizable number 
of electrophysiology studies have probed the neural 
basis of the random-walk model. This section reviews 
the most salient findings and describes some of the 
open questions. For more comprehensive reviews of 
the neurobiology of perceptual decision-making, see 
 Platt (2002) ,  Glimcher (2003) ,  Romo and Salinas (2003) , 
 Schall (2005) , and  Gold and Shadlen (2007) . 

   Since some readers of this chapter will be unfamiliar 
with the brain areas discussed below, a mini-primer of 
their location and known general function is provided 
(see Kandell  et al ., 2000, for more details).  Figure 28.4    
depicts two networks: the green one involves struc-
tures and connections that have been associated with 

 p0290  p0290 

 s0070  s0070 

 p0300  p0300 

 s0080  s0080 

 p0310  p0310 

 p0320  p0320 

(a)

0.4

 FIGURE 28.3          Behavioral predictions of the random-walk model 
in a human version of the RDM-task. (a) The random-walk model 
leads to a logistic choice function. (b) Reaction times and choice 
accuracy increase with stimulus coherence. Adapted from  Gold and 
Shadlen (2007) , with permission. (c) Mean response times for errors 
were slower than those for correct responses. Each point corre-
sponds to a condition–observer pair.   Adapted with permission from 
 Palmer  et al . (2005) .        
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visual decision-making, while the blue one involves 
areas that have been associated with the computation 
and comparison of value. It is important to empha-
size that the exact roles played by the different parts 
of these networks are still not fully understood, and in 
some cases are hotly debated. Here, we focus the dis-
cussion only on the subset of these areas that have been 
closely associated with the computations of the ran-
dom-walk model and its near relatives. Neurons in the 
middle temporal area (MT) encode the motion proper-
ties of objects in the visual field. The role of the lateral 
intraparietal area (LIP) in saccadic decision-making 
has been the subject of past controversy: some have 
claimed that it is involved in spatial attention, others 
that it is involved primarily in the planning of saccadic 
eye movements. The superior colliculus (SC) is widely 
believed to be involved in controlling orienting behav-
iors such as eye movements. This area receives visual 
inputs from LIP, and sends motor projects to the brain-
stem and the spinal cord. The frontal eye-fields (FEF) 

are also believed to form part of the network that con-
trols the generation of eye movements. 

   As we saw in  Figure 28.2a , the random-walk model 
has three key components: a set of processes captur-
ing the incoming sensory evidence, an accumulator 
measuring the amount of net evidence in favor of the 
alternatives, and a set of thresholds implementing 
the decision criterion. This provides a useful way to 
organize the neurobiological literature. 

   Consider first the sensory processes. Direction-sen-
sitive neurons in area MT have been shown to encode 
information about the direction of motion in the stimu-
lus display ( Dubner and Zeki, 1971 ;  Zeki, 1974 ;  Britten 
 et al ., 1993 ). MT is organized around groups of neurons 
that respond preferentially to stimuli moving in a cer-
tain direction ( Born and Bradley, 2005 ). Neuroscientists 
refer to the preferred parameters to which the group 
of neurons responds as the response field.  Figure 28.5    
illustrates the activity of a population of MT neurons 
with similar response fields. Activity increases with 
stimulus coherence when the dot movement is in the 
direction of the neuron’s response field, and decreases 
with stimulus coherence otherwise. Note, as assumed 
by the model, that activity in the MT neurons is sus-
tained throughout the trial. Similar results have been 
found for area MST ( Celebrini and Newsome, 1994 ). 

   Although the previous findings are very suggestive, 
they do not establish a causal role for MT in the com-
putation of goal values. After all, MT neurons could 
be measuring movement for purposes other than mak-
ing a decision. To establish a causal role, it is necessary 
to use either lesion or stimulation methods. Using the 
later technique,        Salzman  et al . (1990, 1992)  showed 
that microstimulation of the MT cells encoding for a 
particular direction of motion biased perceptual judg-
ments in favor of that direction. Similar results were 
subsequently obtained for area MST ( Celebrini and 
Newsome, 1994 ). 
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 FIGURE 28.4          Network of brain areas that have been implicated 
in saccadic decision-making. The figure depicts medial and lateral 
views of a monkey brain. The blue arrows denote signals that are 
have been implicated by previous studies in the planning and exe-
cution of eye-movements. The green arrows denote signals that have 
been implicated by previous studies in the computation and com-
parison of goal-values, as well as in other reward-related computa-
tions. AMYG, amygdala; CGp, posterior cingulated cortex; CGa, 
anterior cingulated cortex; LIP, lateral intraparietal area; MT, middle 
temporal area; SEF, supplementary eye fields; FEF, frontal eye fields; 
PFC, prefrontal cortex; OFC, orbitofrontral cortex; SC, superior col-
liculus; NAC, nucleus accumbens; SNr, substantia nigra pars reticu-
late; SNc, substatia nigra pars compacta; VTA, ventral tegmental 
area.   Adapted from McCoy and Platt (2004), with permission.    
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 FIGURE 28.5          Activity in MT during the RDM task. The aver-
age activity in MT neurons is plotted as a function of time within 
the trial aligned to stimulus presentation. The panel describes the 
motion coherence of the stimulus. Solid and dashed curves repre-
sent trials in which the direction of motion coherence fell in and 
out of the neuron’s response field, respectively. Note that the time-
courses are fairly constant.   Adapted from  Gold and Shadlen (2007) , 
with permission.    
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   Next, consider the accumulator signal.  Shadlen and 
Newsome (1999, 2001)  found that activity in the lateral 
intraparietal area (LIP) resembles the accumulation of 
sensory signals predicted by the models. This is illus-
trated in  Figure 28.6   . Note a few things about these 
neurons. First, LIP neurons are also organized around 
response fields – in this case, LIP neurons respond to 
eye movements in a particular direction. Second, for 
trials in which a choice is made into the response field, 
firing rates are increasing on stimulus coherence. 
The opposite is true when the choice lies outside of the 
response field. Third, when a choice is made into the 
response field, all of the time-courses rise to a single 
threshold about 100 ms before the initiation of the sac-
cade. A limitation of these studies is that they impose 
fixed response times plus a delay between stimulus 
presentation and response, which is inconsistent with 
the assumptions of the random-walk model. Follow-
up experiments by  Roitman and Shadlen (2002)  have 
shown that the findings do, however, extend to the 
case of free and non-delayed responses. 

   To address the issue of causality,  Hanks  et al . (2006)  
microstimulated LIP neurons and found that they 
could bias the proportion of choices that are made 
towards the stimulated response field. Not only 
that: just as predicted by the random-walk model, 
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stimulation generated faster reaction times when 
movements were made into the neurons ’  response 
field, and slower reaction times when they were made 
out of it. Based on this evidence, Shadlen and others 
have suggested that LIP neurons encode a form of the 
accumulator variable and that this information is used 
in making perceptual choices ( Roitman and Shadlen, 
2002 ;  Mazurek  et al ., 2003 ;  Huk and Shadlen, 2005 ; 
 Hanks  et al ., 2006 ).          Horwitz and Newsome (1999, 
2001a, 2001b)  have shown that there are cells in the 
superior colliculus (SC) that exhibit properties similar 
to those in LIP. 

   Finally, consider the neural implementation of the 
threshold. Although LIP neurons exhibit a threshold-
like behavior (see  Figure 28.4 ;  Shadlen and Newsome, 
2001 ;  Roitman and Shadlen, 2002 ), existing experi-
ments cannot determine whether the threshold is 
implemented within LIP or in other parts of the deci-
sion-making network.  Lo and Wang (2006)  have 
argued that a natural candidate for the implementation 
of the threshold is the SC. This midbrain area receives 
strong input from cortical areas, such as LIP, and con-
tains  “ burst neurons ”  that fire just before a saccade is 
initiated. Lo and Wang have proposed that this cluster 
of neurons might be the  de facto  threshold that needs 
to be crossed to initiate a saccade. (For more details on 
this model, see Chapter 31 in this volume). 

   Many behavioral experiments have shown that 
subjects adjust their performance in response to time 
pressure in a way that is consistent with a decrease in 
the size of the thresholds ( Smith and Ratcliff, 2004 ). 
This raises the question of how the threshold is modu-
lated.  Lo and Wang (2006)  have proposed a model that 
involves a cortico-basal ganglia circuit. The SC receives 
inhibitory input from the substantia nigra pars reticu-
lata (SNr), which in turn receives inhibitory input from 
the caudate nucleus. In the model, cortical activity 
increases firing rates in the caudate, which, by increas-
ing the inhibition of the SNr, diminish the amount of 
activity required for the burst neurons to fire, thus 
decreasing the threshold. Further experiments are 
needed to determine the validity of this hypothesis. 

   Electrophysiological studies have also provided 
useful evidence to distinguish between the various 
models. Consider, for example, the experiments by 
 Ditterich  et al . (2003) , which showed that microstim-
ulation of MT speeds up decisions in the preferred 
direction of the neurons but slows down saccades in 
the opposite direction. These findings are consistent 
with the existence of a common accumulator, as in 
the random-walk model, but not with the existence 
of independent accumulators, as in the race-to-barrier 
model. A similar implication follows from the micros-
timulation experiments in LIP by  Hanks  et al . (2006) . 
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 FIGURE 28.6          Activity in LIP during the RDM task. Average 
activity in LIP neurons is plotted as a function of time within the 
trial aligned to either the stimulus onset (left panel) or the time of 
the saccadic response (right panel). Solid and dashed curves repre-
sent trials in which the monkey judged the direction to be towards 
and away from the LIP response field, respectively. Note two 
important features of the time-courses: first, for trials in which a 
choice is made into the response field, firing rates are increasing on 
stimulus coherence. The opposite is true when the choice is out of 
the response field. Second, when a choice is made into the response 
field, all of the time-courses collapse into a single threshold about 
100     ms before the initiation of the saccade.   Adapted from  Shadlen 
and Newsome (2001) , with permission.    
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   Even though saccadic decision-making is one of 
the better understood problems in neuroeconom-
ics and behavioral neuroscience, much work remains 
to be done. First, how do neural circuits integrate 
the sensory information to generate the accumulator 
signal that has been found in LIP? Do neural ensem-
bles in this area compute it, or does it arise from the 
interaction of a larger circuit that remains to be char-
acterized? Furthermore, what is the functional differ-
ence between the accumulator signals found in LIP 
and those found in the SC and the frontal eye-fields? 
Second, it has been shown that activity in LIP is modu-
lated by prior beliefs and expected rewards ( Platt and 
Glimcher, 1999 ). These variables change the equation 
for the goal values described in the model above. An 
important open problem is to understand how these 
types of variables are computed and how they become 
incorporated into the accumulator signal found in LIP. 
Third, another interesting puzzle has to do with the 
existence of multiple accumulator signals in LIP, one 
for each favored direction. How do all of these sig-
nals become combined into a single decision? Existing 
models are silent on this, because they assume that 
there is a single accumulator signal. Fourth, what is 
the selection criterion used by the brain, and how is it 
implemented? The findings reviewed above are con-
sistent with the existence of thresholds. However, it is 
also possible that the observed thresholds are epiphe-
nomena and that the underlying selection criterion 
is substantially different. In addition, how do execu-
tive control processes modulate the selection criteria? 
Finally, does the random-walk model capture all of 
the computations required to make perceptual deci-
sions, or are some essential processes missing?   

    SIMPLE GOAL-DIRECTED CHOICE 

   Now consider the case of simple goal-directed 
choice. A typical example is shown in  Figure 28.7   . 
Subjects see a pair of pictures of familiar snacks and 
have to decide which one to eat at the end of the 
experiment. They may signal their choice by making 
an eye movement to one of the items, through a voice 
command, or by pressing one of two buttons. As in the 
previous section, the discussion is simplified by focus-
ing on this particular type of goal-directed choice. 

   The simple model of valuation derived above high-
lights some of the key computations that need to be 
made. In this case there are two actions,  “ left ”  and 
 “ right ” . There is only one state of the world given by 
the nutritional demands of the subject at the time of the 
decision (for simplification, we omit the state from the 
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notation below). Let  o  left  denote the snack associated 
with the  “ left ”  action and  o  right  that associated with the 
 “ right ”  choice. The value of the two actions is given by 

 
U v o U v oleft left right right and .� �( ) ( )

     

   Note some of the key differences from the RDM 
task. The value of an action is simply the reward 
obtained by eating the food to which it leads. Unlike 
the case of perceptual choice, the values do not depend 
on experimenter-controlled states that need to be esti-
mated using sensory information. However, since the 
snacks associated with each action change from trial to 
trial, the brain needs to (1) identify the outcome associ-
ated with each action and (2) estimate its reward value. 
This is in contrast to the case of perceptual choice, in 
which the outcomes associated with the actions were 
constant but there was uncertainty about their prob-
ability. Despite the differences, in both cases the choice 
problem boils down to a computation and comparison 
of value signals. 

   Note that since no two consumption situations are 
identical, every time an action is evaluated the brain 
needs to characterize anew the outcome associated 
with it. For example, are the current snacks safe? What 
exact caloric value do they have? Since not all of the 
characteristics are observable before consuming the 
good (e.g., taste), there is an inescapable amount of 
uncertainty associated with every choice – for exam-
ple, the trustworthiness of the experimenter and recent 
news about the safety of the food supply might affect 
evaluations of the outcome. Understanding how the 
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 FIGURE 28.7          An example of simple goal-directed choice. 
After an initial fixation cross, pictures of two snacks are displayed. 
Subjects are then free to look at the items until they are ready to 
make a choice by pressing one of two keys. The pattern of fixations 
during the deliberation process is recorded with an eye-tracker.   
Adapted from  Krajbich  et  al. (2007) , with permission.    
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brain deals with this type of uncertainty is an impor-
tant open question beyond the scope of this review. 
Here, the model and discussion are simplified by 
assuming that this type of uncertainty is not present, 
which is a reasonable approximation for the experi-
ments discussed below. 

   A more important difference from the RDM-task has 
to do with the role of attention. Although animals can 
make goal-directed choices among items while main-
taining a central fixation ( Padoa-Schioppa and Assad, 
2006 ), subjects normally pay sequential attention to 
two stimuli during the process of choice – for exam-
ple, they might fixate first on the left item, observe it 
for a few hundred milliseconds, and then switch to 
the other one. This introduces a role for attention, and 
makes the problem of simple goal-directed choice sig-
nificantly more complicated. 

    Theory 

   This section reviews the work of Krajbich and col-
leagues (2007), which has extended the random-walk 
model of perceptual decision-making to the case of 
attention-driven choice. The idea behind the model is 
depicted in  Figure 28.8a   . The brain computes a rela-
tive value variable that is analogous to the accumula-
tor of the random-walk model. This variable measures 
the relative value of  “ right ”  action. A decision is made 
when the decision value crosses one of the two thresh-
olds (upper for  “ left ”  and lower for  “ right ” ). 

   The key innovation of the model has to do with the 
role of attention. The relative value variable follows a 
random-walk process with Gaussian noise in which the 
mean rate of change is determined by the item that the 
subject is looking at. In particular, the variable changes 
from one instant to another according to the formula 

 
r t t v o v o t( ) ( ) ( ( ) ( )) ( )� � � � �1 λ θ εtarget non-target    

   where  � ( t ) is white Gaussian noise,  v ( o  target ) is the 
value of the item currently being attended,  v ( o  non - target ) 
is the value of the other item,  θ  is a positive constant 
between 0 and 1 measuring the advantage given to the 
item being attended in the value construction process, 
and  λ  is a positive constant that scales the value func-
tions (see  Krajbich  et al ., 2007 , for further details).   

   The model of visual attention is extremely simple. 
The identity of the first fixation is random, and inde-
pendent of the value of the two items. Fixation lengths 
are drawn from an equal distribution, and are also 
assumed to be unaffected by the value of the items. 
Note that the subject fixates on an item and then alter-
nates fixations between both of them until a barrier is 
reached. 
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 FIGURE 28.8          Model of simple goal-directed choice. (a) A typical 
run of the model. The thick black line represents the relative value 
of the  “ right ”  minus the  “ left ”  actions. The white and yellow verti-
cal bands represent the time of the fixation. In the example depicted 
here, the fixations are left, right, left. The process starts at a relative 
value of zero and accumulates following a random-walk model that 
depends on the direction of the fixation. In particular, subject to the 
qualifications described in the text, the process approaches the left 
barrier while the subject is looking at the left item, and  vice versa . 
A decision is made when the relative decision value signal crosses 
a barrier. Not shown are the random fluctuations associated with 
the random walk. (b) A simulated run of the model using param-
eters estimated from real data for a trial in which the  “ left ”  items 
is more valuable. (c) Another simulated run of for a trial in which 
both items have equal value. See  Krajbich  et al . (2007)  for details.        
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    Figures 28.8b and 28.8.c  depict simulated runs with 
parameters estimated from real experimental data. The 
left panel depicts a case in which  v ( o  left )      �       v ( o  right ). Here, 
the signal climbs on average toward the left barrier and 
that choice is made with higher probability. The right 
panel depicts a case in which  v ( o  left )      �       v ( o  right ). In this 
case, the signal can fluctuate widely between the two 
barriers before a choice is made, and both options are 
selected with equal probability. 

   The model’s predictions regarding the psychometric 
choice function and reaction-time profiles are similar 
to those of the random-walk model: choice probabili-
ties are a logistic function of the underlying difficulty 
of the choices (as measured by  v ( o  left )      �       v ( o  right )), reac-
tion times decrease with the difficulty of the choice, 
and reaction times are larger for error trials (in which 
the item with the lowest value is chosen) than in cor-
rect trials. 

   The model also makes predictions about the connec-
tion between visual attention and choice. For example, 
it predicts that last fixations are shorter (because they 
are interrupted when a barrier is reached), that the last 
fixation is to the chosen item as long as it is sufficiently 
better than the item seen in the next-to-last trial, and 
that there is a choice bias in favor of items seen first 
and last. 

   Although this model is able to account for several 
important features of the data, as we will see below, it 
leaves unanswered several important questions about 
goal-directed choice. First, and most importantly, is 
the issue of why it takes time to construct the relative 
value signal. In the case of perceptual decision-making, 
there is a perceptual state that needs to be measured. 
However, what are the analogous processes here? One 
possibility is that the value signal might be computed 
by a process that involves observing the characteristics 
of the outcomes, retrieving from memory reward val-
ues associated with those characteristics, and finally 
integrating them. Each of these more fundamental 
steps might play the analogous role to sensory evi-
dence. Second, the model assumes that the fixations are 
random, but this is probably not the case – for example, 
the first fixation might be driven by low-level visual 
features of the stimuli. Given the central role that vis-
ual attention plays in this class of models, it is essential 
to improve our understanding of the processes guid-
ing visual attention. Third, since most choice situations 
involve more than two alternatives, the theory needs 
to be extended in this direction. For a preliminary 
attempt, see  Pulst-Korenhberg and Rangel (2008) . 

   The theory of attention-driven goal-directed choice 
presented here is not the only one that has been pro-
posed. In particular, the model described here is 
closely related to decision-field theory ( Roe  et al ., 
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2001 ;  Busemeyer and Towsend, 1993 ;  Busemeyer and 
Johnson, 2004 ). The main difference between this 
model and decision-field theory is that whereas the 
former is an extension of the random-walk model, the 
later is more closely related to the hybrid connection-
ist models of  McClelland and Rumelhart (1981)  and 
 Usher and McClelland (2001) .  

    Behavioral and Eye-tracking Evidence 

   Krajbich and colleagues (2007) tested the behav-
ioral implications of the model using eye-tracking 
as well as behavioral responses and reaction times. 
 Figure 28.9    illustrates some of their results. The first 
panel shows that reaction times increase with the dif-
ficulty of the choice, as measured by the difference in 
an independently obtained measure of the value of 
the items. The second panel shows that last fixations 
are shorter. The third panel shows that the last fixation 
tends to be to the chosen item as long as the last-seen 
item is sufficiently better than the next-to-last item. 
Finally, the last panel shows that there is a duration 
fixation bias: the probability of choosing the left item 
increases with the relative amount of time for which it 
was seen during the choice process. 

   An interesting implication of the model is that it 
should be possible to manipulate choices by  exogenously  
manipulating visual attention. Armel and colleagues 
(2008) have tested this prediction using a version of the 
experiment in which the fixation durations are control-
led by the experimenter. Consistent with the predic-
tions of the model, they show that longer exposure 
times increase the probability that appetitive items be 
chosen, but decrease the probability of choice for aver-
sive items.  

    Neural Basis for the Model’s Components 

   As in the case of perceptual decision-making, a key 
test of the model of is the presence of neurobiological 
signals that resemble the computations that it makes. 
Unfortunately, much is less is known about the neural 
basis of this type of choice. 

   Several studies have found that activity in the 
orbitofrontal cortex (OFC) is correlated with behavio-
ral measures of the goal-value assigned to objects. For 
example, in an fMRI study depicted in  Figure 28.10   , 
 Plassmann  et al . (2007)  showed pictures of snacks to 
hungry subjects, who then placed bids for the right 
to eat them at the end of the experiment. The size of 
the bids was positively correlated with BOLD activ-
ity in the OFC. For related fMRI findings, see  Erk  et al . 
(2002) ,  Arana  et al . (2003) ,  Paulus and Frank (2003) , 
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 Valentin  et al . (2007) , and  Hare  et al . (2008) . In a closely 
related monkey electrophysiology study of binary 
choice,  Padoa-Schioppa and Assad (2006)  showed 
that a population of neurons in OFC encoded for the 
subjective value of the two outcomes independently 
of the action that had to be taken to obtain them. 
Also related,  Fellows and Farah (2007)  showed that 
patients with lesions to the OFC were incapable of 
making consistent hypothetical food choices. Together, 
these findings suggest that activity in the medial OFC 
encodes for the value of the outcomes associated with 
the actions and, based on the study of Fellows and 
Farah, that these computations are essential for mak-
ing consistent goal-directed choices. 

   Activity correlated with the value of outcomes has 
also been recorded in the dorsolateral prefrontal cor-
tex ( Leon and Shadlen, 1999 ;  Wallis and Miller, 2003 ; 
Hare  et al ., 2007;  Plassmann  et al ., 2007 ). Camus and 
colleagues (2008) have recently shown that disrup-
tion of activity in the right dorsolateral prefrontal 
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 FIGURE 28.9          Eye-tracking and behavioral predictions of the goal-directed choice model. (a) Reaction times increase with the difficulty 
of the choice, as measured by the difference in an independently obtained measure of value. (b) Last fixations are shorter. (c) The last fixation 
tends to be to the chosen item, unless the last seen item is sufficiently worse than that seen next-to-last. (d) There is a duration fixation bias: the 
probability of choosing the left item increases with the relative amount of time for which it was seen during the choice process. See  Krajbich 
 et al . (2007)  for more details, predictions, and analyses.          
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cortex using rTMS interferes with subjects ’  ability to 
compute the goal-values of items. The relationship 
between the value computations in DLPFC and in 
OFC is an important open question. 

   A crucial question for the models described above 
is whether we can find a neural signal resembling the 
relative value variable. Pioneering studies in this area 
include those by  Platt and Glimcher (1999) ,  Dorris 
and Glimcher (2004) , and  Sugrue  et al . (2004) , which 
have recorded neurons in monkey LIP during a goal-
directed choice task.  Figure 28.11a    describes the exper-
imental set-up of  Sugrue  et al . (2004) , which is a little 
different from the simple goal-directed choices that we 
have discussed so far. Monkeys make choices between 
two saccade targets (red and green), and the location 
of the targets is randomized in every trial. The likeli-
hood of getting a juice reward after selecting a target 
depends on the history of previous actions. Choices 
are indicated by making a saccade to either the left 
or right targets. Note that this task closely resembles 
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the DRM task, except that the value of the targets now 
depends on the history of actions, and not on the state 
of a visual stimulus.  Figure 28.11b  depicts activity in 
LIP during the course of a trial, and several aspects 
of the result are worth highlighting. First, there are 
strong parallels with the case of perceptual decision-
making, which is perhaps not surprising, given that 
both are instances of goal-directed choice. Second, 
activity in LIP is increasing with the relative value of 
the value of the target in the response field, and it fol-
lows a time-course that is remarkably similar to the 
one in  Figure 28.6  – the key difference being that activ-
ity is now sorted by the value of the target instead 
of the strength of the stimulus. Third, activity in LIP 
seems to reach a threshold just before a movement 
into the neuron’s response field, also just as before. 
Although so far the evidence is only correlational, the 
parallel with the RDM task suggests that LIP is encod-
ing something akin to the relative value signal ( Dorris 

and Glimcher, 2004 ). For more details on these experi-
ments, see Chapter 31 of this volume. 

   Note that since the monkey maintains a central fix-
ation during the evaluation of the targets, it is unclear 
whether attention plays a role in the task. One possi-
bility is that the monkey is using covert attention in a 
way that is not captured by the aggregated data anal-
ysis; another is that information about the two values 
is being received and processed in parallel. 

   The excitement of these findings not withstand-
ing, there are many open questions regarding the 
neurobiology of goal-directed choice. First, what is 
the role of the signal encoded in LIP? Second, as dis-
cussed above, an integrator-like signal was found in 
the SC and FEF in the RDM task. Are similar signals 
present in goal-directed choice? Since these areas 
seem to be involved in the preparation and execution 
of eye movements, it is natural to speculate that this 
will be the case when the goal-directed choices are 
made through a saccade, but not when they require 
other types of motor output (e.g., a vocal command 
or a hand movement). Third, which brain regions 
perform computations that are specific to each type 
of motor output, and which perform computations 
that apply regardless of how the action is executed? 
Although much research remains to be done, the 
existing evidence suggests the following conjecture. 
Areas that are primarily involved in sensory-specific 
processing, such as MT in the case of vision, should 
play a central role in perceptual choice, but not in gen-
eral goal-directed choice. Areas that play a central role 
in the preparation and execution of particular motor 
outputs, such as LIP, FEF, and SC in the case of eye 
movements, should play a central role in both types 
of choices as long as the decision is expressed through 
that motor system. Finally, areas of the prefrontal cor-
tex such as the DLPFC and the OFC, as well as parts 
of the basal ganglia not discussed here, should play a 
role in both types of decisions regardless of the sys-
tem used to signal the choice. (For a detailed review 
of the role of the basal ganglia, see Chapters 25 and 32 
of this volume). Fourth, the models presented in this 
section assume that choices are made over actions, not 
over outcomes. Is this a justified assumption? In the 
absence of further evidence, an equally plausible pos-
sibility is for the choices to be made over outcomes, 
and then for the necessary motor commands to be 
executed. Another possibility is for the brain to make 
choices simultaneously over outcomes and actions, 
and then somehow to coordinate the result. Finally, 
how are considerations such as risk, uncertainty, time, 
and social effects incorporated into the machinery 
of goal-directed choice? (For more on this point, see 
Chapter 29 of this volume.)   
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 FIGURE 28.10         fMRI study of goal-directed valuation in orbito-
frontal cortex. Hungry subjects were shown pictures of snacks and 
placed bids for the right to eat them at the end of the experiment. 
(a, b) The size of the bids, which are a measure of the goal values 
computed by the brain, were positively correlated with BOLD 
activity in the orbitofrontal cortex and right dorsolateral prefrontal 
cortex. (c) The average time-course of the BOLD signal is higher in 
reponse to items with larger goal values.   Adapted from  Plassmann 
 et al . (2007) , with permission. 
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    FINAL REMARKS 

   A central goal of neuroeconomics is to construct 
a theory of value-based choice that is grounded in 
neurobiology. The problem of the construction and 
comparison of values, especially for the special case 
of perceptual decision-making, is perhaps the most 
advanced example of this research agenda. As has 
been shown in this review, we now have models 
describing the computations that the brain makes in 
order to make simple perceptual and goal-directed 
choices. The models make adequate behavioral pre-
dictions about choices, reaction times, and fixation 

 s0130  s0130 

 p0630  p0630 

patterns in a wide class of experimental settings. 
Furthermore, electrophysiology, fMRI, rTMS, lesion, 
and microstimulation studies are beginning to demon-
strate that some of the key computations made in the 
models are instantiated in the brain. Thus, although 
much remains to be done, there is reason to hope that 
rapid progress will be made on these issues over the 
next decade.  
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 FIGURE 28.11          Activity in LIP during a goal-directed choice task. (a) The task. To begin a run of trials, the animal must fixate on the central 
cross. Saccade targets (red and green) then appear at randomized locations while the animal maintains fixation. Dimming of the fixation cross 
then signals that a saccadic response can be made. After a period of maintained fixation, the targets appear again at a random location and the 
trial starts again. The reward from choosing a target depends on the history of previous actions (see  Sugrue  et al ., 2004 , for details). (b) Average 
activity in LIP neurons is plotted as a function of time and is aligned to either the appearance of the targets at the beginning of the trial (left 
panel) or to the time of the saccadic response (right panel). Blue curves denote trials in which the monkey made a choice into the neuron’s 
response field. Green curves denote trials in which the choice was outside of the response field. In both cases, thicker lines indicate that the 
chosen target has a higher associated expected reward. Note that these time-courses closely resemble those in  Figure 28.3 ; the only difference is 
that now LIP is discriminating based on the expected value of the chosen targets instead of stimulus coherence.      
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