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ABSTRACT—This article considers the contribution of

functional neuroimaging toward understanding the com-

putational underpinnings of human decision making. We

outline themain processes likely underlying the capacity to

make simple choices and describe their associated neural

substrates. Relevant processes include the ability to encode

a representation of the expected value or utility associated

with each option in a decision problem, to learn such ex-

pectations through experience, and to modify action

selection in order to choose those actions leading to the

greatest reward. We provide several examples of how

functional neuroimaging data have helped to shape and

inform theories of decision making over and above results

available from traditional behavioral measures.
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Whether deciding what dish to order from a restaurant menu or

ponderingwhat career path to follow, people are frequently faced

with the challenge of making complex decisions, often in the

absence of complete information. Decision making has long

been studied at the theoretical and/or behavioral level, by

economists and psychologists from both the animal-learning and

cognitive-psychology traditions. These disciplines share the

common goal of understanding the fundamental computations

underlying simple choice. Yet such an understanding has ar-

guably remained elusive. The modern field of decision neu-

roscience has flourished in recent years, aided considerably by

existing theories and experimental methodologies derived from

these other approaches. A driving force behind much of the

current interest in applying neuroscience tools to decision

making is the hope that, by studying how decisions are imple-

mented at the neural level, it will be possible to bring clarity to

a theoretical understanding that cannot be achieved through

conventional behavioral studies.

In this article, we address the question of whether decision

neuroscience can fulfill these expectations. We focus on func-

tional neuroimaging, one of the principle tools available for

studying brain function in humans. We argue that decision

making depends on at least four distinct mechanisms: (a) en-

coding representations of expected future reward, (b) encoding

representations of the variance in expected reward, (c) learning

and updating these representations, and (d) performing actions

on the basis of these representations.

EXPECTED REWARD, VALUE, AND UTILITY

A key concept in essentially all approaches to decision making

is that choice between different options is made by considering

the expected future reward associated with those options.

Imaging studies in humans provide evidence that representa-

tions of expected reward are indeed encoded in the brain. The

simplest way to probe expected reward is through Pavlovian

conditioning, which involves passive learning of associations

between an initially affectively neutral conditioned stimulus

(CS) and the subsequent delivery of rewarding or punishing

outcomes. In a typical study, subjects are scanned while being

presented with different visual cues. One of these cues (desig-

nated the CS1) is paired repeatedly with the subsequent de-

livery of reward (such as a pleasant odor or a pleasant taste or
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juice stimulus), whereas another cue (the CS�) is either paired

with nothing or paired with an affectively neutral stimulus. Neural

responses related to reward prediction can then be isolated by

comparing activity to the onset of the CS1 with activity to the

onset of the CS�. Such studies reveal significant CS1 related

activity in regions such as the orbitofrontal cortex, amygdala, and

ventral striatum (Fig. 1), implicating these areas in encoding ex-

pectations of reward (Gottfried, O’Doherty, & Dolan, 2003).

Expected-reward representations have also been investigated

during performance of simple decision tasks such as the n-armed

bandit task. In this task, a subject chooses among a number of

different options corresponding in an abstract sense to different

‘‘arms’’ thatmight be available on a slotmachine. These optionspay

out rewardwith differing probabilities ormagnitudes. The subjects’

objective is to establish through trial and error which arm pays the

most. Imaging studies have revealed significant activity in orbito-

frontal and medial prefrontal areas and the amygdala correlating

with the expected reward of the chosen action during performance

of such tasks (Hampton, Bossaerts, & O’Doherty, 2006).

While all theories of decision making invoke representations

of expected reward, theories differ as to the precise form such

representations take. Relevant properties of the reward include

the magnitude or quantity of the reward expected and the

probability that the reward will actually be delivered. These

properties can be combined in different ways to produce vari-

ables relevant for decision making. The most fundamental

combined variable is expected value (EV), which multiplies the

probability of obtaining a reward with the magnitude of the re-

ward. These concepts have been applied in human neuroimaging

studies to investigate their neural correlates. Such studies have

revealed neural responses to expected magnitude, probability,

and EV in the ventral striatum and the medial prefrontal cortex

(Tobler, O’Doherty, Dolan, & Schultz, 2007).

Expected Utility

An important extension of EV is expected utility (EU): the

probability of reward times its utility. EU offers an advantage

over EV, by being able to account for the fact that humans and

indeed other animals are sensitive not only to EVof an outcome

but also to the degree of risk or uncertainty as to whether the

reward will be delivered. Some individuals are risk averse, such

that they prefer a safe gamble to a risky gamble if the gambles are

equal in EV; other individuals may be risk neutral or even risk

prone (they favor a risky compared to a nonrisky gamble with

equal EV). The propensity for risk to bias choice can be ac-

counted for in EU theory by virtue of the degree of curvature

of the utility curve. For example, when given a choice between a

certain $5 outcome and an uncertain $10 gamble—in which

there is a 50% probability of winning the $10 but also a 50%

probability of winning nothing—an individual whose utility

curve is concave (because its rate of increase from $5 to $10 is

much less than that from $0 to $5) will have a tendency to prefer

the certain $5 outcome to the uncertain $10 gamble, because the

EU of that certain outcome is greater than that of the uncertain

one.

Dual Representations of Expected Value and Risk

The suggestion that individuals use a single representation of

expected utility to guide choice is parsimonious, but is this ac-

tually what happens when people make decisions? An alternative

possibility is that subjects use two separate signals: EV (the mean

reward expected) and an additional variable that encodes the

degree of risk or variance in the distribution of rewards. Neuro-

imaging studies can help to discriminate between these two

different representational forms, even though they offer identical

behavioral predictions in that both can account for risk sensitivity

in behavioral choices equally well. Consistent with the mean/

variance alternative, imaging studies support a distinct neural

representation for risk. Several studies report increased activity in

the anterior insula or lateral orbitofrontal cortex during presen-

tation of risky as opposed to nonrisky gambles (Kuhnen &

Knutson, 2005). These areas are often implicated in aversive

processing such as responding to painor its anticipation, aswell as
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Fig. 1. Neural responses during expectation of reward. Hungry subjects
were conditioned to two cues that signaled subsequent delivery of two food-
related odor rewards (vanilla andpeanut butter). Subjectswere then fed to
satiety on one of the foods, selectively devaluing the corresponding food-
related odor. Subjects were then scanned again while being presented with
the same two conditioned stimuli. Brain images show regions of amygdala
(top) and orbitofrontal cortex (bottom; activity denoted by the colored
patches) exhibiting activity in response to the cue stimuli related to the
current reward value (perceived pleasantness) of the odors to which these
cue stimuli have been paired. The graphs show the difference in activity in
the amygdala (upper graph) and orbitofrontal cortex (OFC; bottom graph)
from pre- to post satiety in response to the odor of the food fed to satiety
(Tgt CS1u) compared to the response to cues associated with the odor of
the food not fed to satiety (nTgt CS1u). Adapted from ‘‘Encoding Pre-
dictive Reward Value in Human Amygdala and Orbitofrontal Cortex,’’ by
J.A. Gottfried, J. O’Doherty, & R.J. Dolan, 2003, Science, 301, p. 1106.
Copyright, 2003, American Association for the Advancement of Science.
Adapted with permission.
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to monetary loss; thus responses to risk in these areas could reflect

the negative affective state it engenders. Risk signals have also

been found in the firing patterns of dopamine neurons corre-

sponding to a ramping (ormonotonically increasing) activity in the

interval during which a reward outcome is being anticipated

(Fiorillo, Tobler, & Schultz, 2003). Similar signals have been

found in functionalmagnetic resonance imaging (fMRI) studies in

target areas of dopamine neurons such as the ventral striatum

(Preuschoff, Bossaerts, & Quartz, 2006; Fig. 2).

These findings suggest that both EV and risk are indeed en-

coded separately, arguing against the possibility that the brain

exclusively encodes representations of EU. Whether a unified

representation of EU is present in the brain at all remains an

open question. To our knowledge, conclusive evidence for the

existence of such a signal at the neural level (distinct from EV)

has yet to be reported. It should also be noted that EU theory has

long been challenged on the basis of behavioral evidence. For

example, subjects tend to be risk seeking for gambles involving

losses but risk averse for gambles involving gains. Such anom-

alies have led to proposed variations in EU such as prospect

theory (Kahneman & Tversky, 1979). Preliminary evidence that

neural activity during decision making also reflects such

asymmetries has emerged (De Martino, Kumaran, Seymour, &

Dolan, 2006; Tom, Fox, Trepel, & Poldrack, 2007).

LEARNING EXPECTED-REWARD SIGNALS

The finding of EV signals in the brain raises the question of how

such signals are learned in the first place. An influential theory

from behavioral psychology put forward byRescorla andWagner

suggests that learning of reward expectancy is mediated by the

degree of surprise engendered when an outcome is presented—

or more precisely, the difference between what is expected and

what is received (Rescorla & Wagner, 1972). Formally this is

called a prediction error, which can take either a positive or

negative sign depending on whether an outcome is greater than

expected (whichwould lead to a positive error signal) or less than

expected (which would lead to a negative error signal). This

prediction error is used to update the expected reward associated

with a particular stimulus or cue in the environment. Prediction-

error signals in the brain were first uncovered through observa-

tion of the firing patterns of dopamine neurons in nonhuman

primates during performance of simple reward-conditioning

tasks. These neurons were found to demonstrate a firing pattern

that closely resembles the prediction-error signals present in

temporal-difference learning (Sutton, 1988)—an extension of the

Recorla-Wagner model that captures how reward predictions are

formed at different time points within a trial rather thanmerely on

a trial-by-trial basis. fMRI studies in humans have found evi-

dence for prediction-error signals in target regions of dopamine

neurons such as the ventral striatum and orbitofrontal cortex

(O’Doherty, Dayan, Friston, Critchley, & Dolan, 2003).

Analysis of the precise neural mechanisms underlying learn-

ing of reward predictions in the context of the Rescorla-Wagner

model (and its extensions) is still ongoing. The model relies on

a crucial parameter that determines to what extent prediction

errors influence future predictions. This parameter should

change with the uncertainty in the environment (Behrens,

Woolrich, Walton, & Rushworth, 2007; Preuschoff & Bossaerts,

2007; Yu & Dayan, 2003). Implementation of such changes

presupposes, among other things, that risk is encoded: If risk is

expected to be high, then prediction errors ought not to change

future predictions much—they are predicted to be sizeable

anyway. But note that we already discussed encoding of risk in

the context of choice. This suggests that such encoding may play

a dual role—namely, to guide choice, and to modulate learning.

ACTION SELECTION FOR REWARD

Once predictions of future reward are made, the next step is

to use these predictions to guide behavior. More specifically,

individuals need to bias their action selection to choose those

actions leading to the greatest probability of obtaining future

reward or avoiding punishment.

Reinforcement-Learning Models

Useful insights into how humans or other animals might solve

this problem has come from a branch of computer science known

as reinforcement learning (RL; Sutton & Barto, 1998). Accord-

ing to RL, in order to choose optimally between different actions,

an agent needs to maintain internal representations of the

Fig. 2. Anticipatory risk signals in the human brain. The brain image (A)
shows ramping (monotonically increasing) anticipatory signals in the left
and right ventral striatum (vst) related to the risk or variance in antici-
pated reward. The plot (B) shows fMRI responses in this region as a
function of reward probability, demonstrating a maximal response on
trials when reward delivery is least predictable (i.e., with a probabilityp5
0.5), and aminimal response when the reward delivery is most predictable
and is either certain to occur or not to occur (p5 0andp51, respectively).
The red star showsactivation levels during adifferent anticipationphase in
the trial when risk is always maximal (i.e. when p 5 0.5). Adapted from
‘‘Neural Differentiation of Expected Reward and Risk in Human Sub-
cortical Structures,’’ by K. Preuschoff, P. Bossaerts, & S.R. Quartz,
2006, Neuron, 51, p. 384. Copyright 2006, Elsevier. Adapted with per-
mission.
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expected reward available on each action and, subsequently,

choose the action with the highest future reward. Also central to

RL algorithms is a prediction-error signal, which is used to learn

and update EVs for each action through experience, just as in the

Rescorla-Wagner model. In one such RL model, called the Ac-

tor/Critic, action selection is conceived as involving two distinct

components: a critic, which learns to predict future reward as-

sociated with particular states in the environment, and an actor,

which chooses specific actions in order to move the agent from

state to state according to a learned policy. Evidence from neu-

roimaging studies supports the presence of an actor/critic-like

architecture in the brain, even though a number of alternative

RL architectures (such as Q-learning, in which action values are

learned directly and not indirectly via a separate critic) can

capture human choice behavior equally well. In one study, the

dorsal striatum was found to be specifically engaged when

subjects were actively performing instrumental responses in

order to obtain reward—consistent with a role for this region in

implementing the actor—whereas the ventral striatum was

found to be active in both instrumental and Pavlovian tasks—

consistent with a role for that region in the critic (O’Doherty

et al., 2004). These results suggest a dorsal–ventral distinction

within the striatum whereby the ventral striatum is more con-

cerned with Pavlovian or stimulus–outcome learning while the

dorsal striatum is more engaged during learning of stimulus-

response or stimulus–response–outcome associations.

Limitations of RL Models

When taken together with a host of other findings from humans

and other animals, the data we have discussed suggest that RL

models provide a good account for how people learn to make

choices through experience. Still, such models fail to account

for all aspects of human choice behavior. Simple RL models

assume that information gained about the rewards available from

choosing one action provides no information about the rewards

available from choosing an alternative action. Yet, in many sit-

uations, interdependencies between different actions do exist,

and if subjects can exploit these, greater reward will ensue. One

of the simplest examples of a decision task with such an abstract

rule is probabilistic reversal learning. In essence, this is a

2-armed bandit problem in which arms are interchanged at

times. The structure in this task is the negative correlation be-

tween the rewards available on the two arms:When choice of one

arm is ‘‘good,’’ the other is ‘‘bad,’’ and vice versa—but after a

time, the contingencies reverse. Evidence from neuroimaging

indicates that EVrepresentations in the ventromedial prefrontal

cortex incorporate such a task structure, manifested by an in-

ference-mediated change in expectations following a reversal of

stimulus choice (Hampton et al., 2006). These results suggest

that human subjects do indeed incorporate knowledge of inter-

dependencies when making decisions, providing empirical ev-

idence to support the application of an important extension of

reinforcement learning to human decision making.

OUTSTANDING ISSUES

Although decision neuroscience and the related area of neuro-

economics are arguably still in their infancy, we have here

highlighted several cases in which neuroimaging findings have

informed a theoretical understanding of decision making that

could not be achieved through behavioral methods alone. Many

questions remain unanswered, and space precludes an ex-

haustive consideration of these here. One important issue is

whether different neural systems are engaged when explicit

information about the properties of the gamble, such as the

probabilities and magnitudes, is provided, compared to when

the relevant information is learned through experience in

the absence of explicit information. Another open question is

how the chosen action comes to be chosen in the first place.

Although imaging studies provide evidence that the brain en-

codes expectations of reward associated with the chosen action,

no study has yet distinguished between regions actively deter-

mining the decision itself from those merely reporting its

consequences.

Recommended Reading
Daw, N.D., & Doya, K. (2006). The computational neurobiology of

learning and reward. Current Opinion in Neurobiology, 16, 199–
204. A review of the insights into reward learning and decision

making gained from applying formal computational models of

learning to neural data.

Knutson, B., & Cooper, J.C. (2005). Functional magnetic resonance

imaging of reward prediction. Current Opinion in Neurology, 18,
411–417. Provides an overview of recent functional neuroimaging

studies on reward prediction and details the specific neural

structures implicated in this function.

Montague, P.R., & Berns, G.S. (2002). Neural economics and the bio-

logical substrates of valuation. Neuron, 36, 265–284. Provides an
accessible overview on the relevance of neural data for under-

standing valuation processes in humans and other animals.

Acknowledgments—This work was supported by a Searle

Scholarship and a grant from the Gordon and Betty Moore

foundation to JOD, and by funds from the Swiss Finance Institute

to PB.

REFERENCES

Behrens, T.E., Woolrich, M.W., Walton, M.E., & Rushworth, M.F.S.

(2007). Learning the value of information in an uncertain world.

Nature Neuroscience, 10, 1214–1221.

De Martino, B., Kumaran, D., Seymour, B., & Dolan, R.J. (2006).

Frames, biases, and rational decision-making in the human brain.

Science, 313, 684–687.

Fiorillo, C.D., Tobler, P.N., & Schultz, W. (2003). Discrete coding of

reward probability and uncertainty by dopamine neurons. Science,
299, 1898–1902.

122 Volume 17—Number 2

Decision Making



Gottfried, J.A., O’Doherty, J., &Dolan, R.J. (2003). Encoding predictive

reward value in human amygdala and orbitofrontal cortex. Science,
301, 1104–1107.

Hampton, A.N., Bossaerts, P., & O’Doherty, J.P. (2006). The role of the

ventromedial prefrontal cortex in abstract state-based inference

during decision making in humans. Journal of Neuroscience, 26,
8360–8367.

Kahneman, D., & Tversky, A. (1979). Prospect theory: An analysis of

decision under risk. Econometrica, 47, 263–292.

Kuhnen, C.M., & Knutson, B. (2005). The neural basis of financial risk

taking. Neuron, 47, 763–770.

O’Doherty, J., Dayan, P., Friston, K., Critchley, H., &Dolan, R.J. (2003).

Temporal difference models and reward-related learning in the

human brain. Neuron, 38, 329–337.

O’Doherty, J., Dayan, P., Schultz, J., Deichmann, R., Friston, K.,

& Dolan, R.J. (2004). Dissociable roles of ventral and

dorsal striatum in instrumental conditioning. Science, 304, 452–
454.

Preuschoff, K., & Bossaerts, P. (2007). Adding prediction risk to the

theory of reward learning. Annals of the New York Academy of
Sciences, 1104, 135–146.

Preuschoff, K., Bossaerts, P., & Quartz, S.R. (2006). Neural differen-

tiation of expected reward and risk in human subcortical struc-

tures. Neuron, 51, 381–390.

Rescorla, R.A., & Wagner, A.R. (1972). A theory of Pavlovian condi-

tioning: Variations in the effectiveness of reinforcement and

nonreinforcement. In A.H. Black &W.F. Prokasy (Eds.), Classical
conditioning II: Current research and theory (pp. 64–99). New

York: Appleton Crofts.

Sutton, R.S. (1988). Learning to predict by the methods of temporal

differences. Machine Learning, 3, 9–44.

Sutton, R.S., & Barto, A.G. (1998). Reinforcement learning. Cambridge,
MA: MIT Press.

Tobler, P.N., O’Doherty, J.P., Dolan, R.J., & Schultz, W. (2007). Reward

value coding distinct from risk attitude-related uncertainty coding

in human reward systems. Journal of Neurophysiology, 97,
1621–1632.

Tom, S.M., Fox, C.R., Trepel, C., & Poldrack, R.A. (2007). The neural

basis of loss aversion in decision-making under risk. Science, 315,
515–518.

Yu, A.J., & Dayan, P. (2003). Expected and unexpected uncertainty.

Advances in Neural Information Processing Systems, 15, 157–164.

Volume 17—Number 2 123

John P. O’Doherty and Peter Bossaerts



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [1200 1200]
  /PageSize [612.000 792.000]
>> setpagedevice


