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A main focus in economics is on binary choice situations, in which human agents have to choose between two alternative options. The
classical view is that decision making consists of valuating each option, comparing the two expected values, and selecting the higher one.
Some neural correlates of option values have been described in animals, but little is known about how they are represented in the human
brain: are they integrated into a single center or distributed over different areas? To address this issue, we examined whether the expected
values of two options, which were cued by visual symbols and chosen with either the left or right hand, could be distinguished using
functional magnetic resonance imaging. The two options were linked to monetary rewards through probabilistic contingencies that
subjects had to learn so as to maximize payoff. Learning curves were fitted with a standard computational model that updates, on a
trial-by-trial basis, the value of the chosen option in proportion to a reward prediction error. Results show that during learning, left and
right option values were specifically expressed in the contralateral ventral prefrontal cortex, regardless of the upcoming choice. We
therefore suggest that expected values are represented in a distributed manner that respects the topography of the brain systems elicited
by the available options.

Introduction
Some patients complain that their left (L) hand does not obey
them anymore. For example, the left hand may close doors the
right (R) has opened, or snatch money the right has offered to a
store cashier (Baynes et al., 1997). This is called the anarchic hand
syndrome and is often seen after damage to the corpus callosum
resulting in disconnection of the two brain hemispheres (Sperry,
1961; Gazzaniga, 2005). It suggests that the nonspeaking right
hemisphere may pursue goals different from those of the speak-
ing left hemisphere. Hence, different expected rewards may be
represented in the left and right hemispheres and conveyed to
motor systems controlling the contralateral side of the body. To
test this idea, we designed an experimental paradigm in which we
manipulated the rewards associated with left and right hand re-
sponses. Then, we used functional magnetic resonance imaging
(fMRI) to examine whether the reward values of the two options
were represented in the contralateral hemispheres.

In addition to the issue of interhemispheric competition,
identifying representation of option values is crucial for under-
standing how the human brain resolves binary choice situations

that are at the core of economic theories. Indeed, when two alter-
natives are available, the rational economic agent is supposed to
valuate the two options, compare the expected values, and select
the higher one (Rangel et al., 2008). Some neural correlates of
option values have been described in the monkey striatum and
orbitofrontal cortex (Samejima et al., 2005; Padoa-Schioppa and
Assad, 2006; Lau and Glimcher, 2008). Option value representa-
tion has also been identified in the human brain when there is just
one alternative that the subject can accept or refuse (Knutson et
al., 2007; Plassmann et al., 2007; Hare et al., 2008). In situations
involving two independent alternatives, previous studies have
only located representation of the chosen option value, as well as
state values, calculated as a linear combination of the two option
values (O’Doherty et al., 2004; Valentin et al., 2007; Gläscher et
al., 2009). Here we intend to spatially dissociate simultaneous
representations of the two option values by locating them in two
different brain hemispheres.

Our experimental design used a probabilistic instrumental
learning task adapted from previous study (Pessiglione et al.,
2006), in which subjects have to select one of two visual cues so as
to maximize payoff in the long run (Fig. 1A). To avoid confounds
between reward- and movement-related activations, the different
responses in instrumental learning tasks are traditionally given
with the same hand, such that their neuronal representation can-
not be distinguished with fMRI (Haruno et al., 2004; O’Doherty
et al., 2004; Tanaka et al., 2004; Daw et al., 2006; Kim et al., 2006).
Here, we purposely asked subjects to respond with the right hand
to select cues appearing on the right side of the screen, and with
the left hand for left-appearing cues. Thus, the cue, hand, and
button on each side were naturally integrated into competing
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options that we hereafter consider at an abstract level encompass-
ing both sensory and motor aspects.

Materials and Methods
Subjects. The study was approved by the Pitié-Salpêtrière Hospital ethics
committee. Participants were recruited via e-mail and screened for ex-
clusion criteria: left-handedness, age under 18, regular usage of drugs or
medication, history of psychiatric or neurological illness, and contrain-
dications to MRI scanning (pregnancy, claustrophobia, metallic im-
plants). All subjects gave informed consent before inclusion in the study.
They believed that they would be playing for real money, but to avoid
discrimination, payoff was rounded up to a fixed amount of 100€ for
every participant. Twenty subjects (11 females) aged between 19 and 31
(mean: 24.0 � 2.8) years were included.

Behavioral tasks and analyses. Subjects were first asked to read the task
instructions (see appendix in the supplemental material, available at
www.jneurosci.org), which could be reformulated orally if necessary.
The task was a probabilistic instrumental conditioning task with two
motor responses (left or right) and two monetary outcomes (0.5€ or
nothing). It was programmed on a PC using Cogent 2000 software
(Wellcome Trust for Neuroimaging, London, UK). Subjects were trained
on a practice version outside the scanner before performing the three test
sessions within the scanner. Each session lasted 11 min, contained 96
trials, and used four different pairs of visual cues, which were letters taken
from the Agathodaimon font. Each of the three test sessions was an
independent task, containing new cues to be learned. Each cue was asso-
ciated with a stationary reward probability (25 or 75%). The four cue
pairs were randomly constituted and assigned to the four possible com-
binations of probabilities (25/25, 25/75, 75/25, 75/75%).

At the beginning of every trial, one pair was randomly selected and the
two cues were simultaneously presented on the left and right side of a

central fixation cross. Subjects were required to select between the two
cues by pressing one of the corresponding two buttons, with their left
thumb to select the leftmost cue or their right thumb to select the right-
most cue. The two cues that comprised a pair always appeared together
and at the same location, such that each cue could be directly mapped
onto the corresponding motor response (left or right button press). To
select a symbol, subjects had to continue pressing the corresponding
button until the end of the response time interval (3000 ms). The selected
symbol was then indicated by a red pointer appearing on screen for 500
ms. If the subject was not actively pressing one of the two buttons at the
end of the response interval, the pointer remained under the fixation cross
and the outcome was nil. At the end of every trial, the outcome was illustrated
as a 50 cent coin picture, either boxed in a red square and labeled with
“�0.5€” (for hits) or crossed out and labeled with “0€” (for misses), which
remained on screen for 3000 ms. Random time intervals (jitters), drawn
from a uniform distribution between 0 and 2 s, were inserted between trials
to ensure better sampling of the hemodynamic response and to avoid the
sleepiness that can arise from monotonous pace.

Subjects were encouraged to accumulate as much money as possible
and were informed that some cues would result in a win more often than
others. However, they were given no explicit information regarding re-
ward probabilities, which they had to learn through trial and error. Of
course, as far as payoff is concerned, learning mattered only for pairs with
unequal probabilities (25/75 and 75/25%) and not for those with equal
probabilities (25/25 and 75/75%). To assess learning, we examined the
percentage of left or right hand responses in conditions with unequal
versus equal probabilities. To control for manual lateralization bias we
also compared overall response percentage and time between hands.
Statistical significance was assessed using two-tailed paired t tests.

During the anatomical scan, and following the three test sessions of the
instrumental conditioning task, subjects performed a supplementary

Figure 1. Behavioral task and results. A, Trial structure. Subjects selected between left and right hand responses, corresponding to the two symbols displayed on screen, and subsequently
observed the outcome (�0.5€ or nothing). In the illustrated example, the subject pressed the left button, corresponding to the left symbol, which was associated with a 75% probability of winning
0.5€ (vs nothing). B, Learning curves. Data points represent, trial by trial, the percentage of left versus right hand responses for cue pairs with equal (circles) or unequal (diamonds) reward
probabilities. Dotted lines represent the learning curves generated from the computational model. C, Choice rate and option value. Histograms show the observed percentage of choice and modeled
Q values for each option in the different pairs (gray: 25/25%, black: 75/75%, red: 75/25%, blue: 25/75%), at the end of learning sessions.
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task designed to assess explicit knowledge of cue– outcome contingen-
cies. Every cue seen during the conditioning task was displayed above an
analog scale ranging from 0 to 100. Subjects were told to indicate, by
moving the cursor along the scale, the probability of winning 0.5€ upon
choosing the displayed cue. They had 10 s to move the cursor, using left
and right buttons, toward the estimated appropriate position on the
scale. To examine whether subjects were able to differentiate among the
probabilities, we compared their estimations for poorly (25%) versus
highly (75%) rewarded cues, again using two-tailed paired t tests.

Computational model. We fit the learning curves to a standard Q-learning
algorithm (Sutton and Barto, 1998), which has been previously shown to
offer a good account of instrumental choice in both human and nonhu-
man primates (O’Doherty et al., 2004; Samejima et al., 2005; Pessiglione
et al., 2006; Frank et al., 2007b). For each pair of cues, the model estimates
the expected values of left and right options, QL and QR, on the basis of
individual sequences of choices and outcomes. These Q values essentially
represent the expected reward obtained by taking a particular option in a
given context. Q values were set at 0.25€ before learning, corresponding
to the a priori expectation (50% chance of winning 0.5€). After every trial
t of �0, the value of the chosen option (e.g., L) was updated according to
the following rule: QL(t � 1) � QL(t) � � � �(t). Following this rule,
adapted from the Rescorla–Wagner model (Miller et al., 1995), option
values are increased if the outcome is better than expected and decreased
in the opposite case. Note that in our design, subjects could learn only
about the chosen option, since they could not infer the fictive outcome of
choosing the other option. In the equation, �(t) was the prediction error,
calculated as �(t) � R(t) � QL(t), and R(t) was the reward obtained as an
outcome of choosing L at trial t. In other words, the prediction error �(t)
is the difference between the expected reward QL(t) and the actual reward
R(t). The reward magnitude R was �0.5 for winning 0.5€ and 0 for
winning nothing. Given the Q values, the associated probability (or like-
lihood) of selecting each option was estimated by implementing the soft-
max rule for choosing L, which is as follows: PL(t) � exp(QL(t)/�)/
(exp(QL(t)/�) � exp(QR(t)/�)). This is a standard stochastic decision
rule that calculates the probability of selecting one of a set of options
according to their associated values. The learning rate, �, is a scaling
parameter that adjusts the amplitude of value changes from one trial to
the next. The temperature, �, is another scaling parameter that adjusts
the randomness of decision making. These two free parameters, � and �,
were adjusted to maximize, across all sessions and subjects, the log like-
lihood of the actual choices under the model. A single set of parameters
was used to fit the choices for all pairs of cues, such that the estimation
was based on the entire dataset. Optimal parameters were � � 0.10 and
� � 0.17. Log likelihoods did not differ between left and right hand
responses (�235.9 � 10.5 vs �241.2 � 10.8), indicating that the model
fit equally well on both sides. Statistical regressors for analysis of brain
images were then generated using these optimal parameters.

Image acquisition and analysis. T2*-weighted echo planar images (EPIs)
were acquired with BOLD contrast on a 3.0 tesla magnetic resonance
scanner (Siemens Trio). A tilted-plane acquisition sequence was used to
optimize functional sensitivity in the orbitofrontal cortex (Deichmann et
al., 2003; Weiskopf et al., 2006). To cover the whole brain with a TR of
1.98 s, we used the following parameters: 30 slices; 2 mm slice thickness;
2 mm interslice gap. T1-weighted structural images were also acquired,
coregistered with the mean EPI, segmented, and normalized to a stan-
dard T1 template and averaged across all subjects to allow group-level
anatomical localization. EPI images were analyzed in an event-related
manner, within a general linear model, using the statistical parametric
mapping software SPM5 (Wellcome Department of Imaging Neuro-
science, London, UK). The first 5 volumes of each session were discarded
to allow for T1 equilibration effects. Preprocessing consisted of spatial
realignment, normalization using the same transformation as structural
images, and spatial smoothing using a Gaussian kernel with a full width at
a half-maximum of 8 mm.

We used two statistical linear regression models to generate statistical
parametric maps (SPMs) as follows (also see illustration in the supple-
mental material, available at www.jneurosci.org). Trials were sorted into
two types according to the response given (left or right), which were
distributed over separate regressors. Each trial was modeled as having

two time points, corresponding to cues and outcome display onsets,
again separated in two different regressors. In the first model, stick func-
tions were modulated by state values (calculated as the weighted sum of
the two option values) at the time of cue onset and by prediction errors at
the time of outcome. This first model hence contained six regressors of
interest: three onset vectors (cue onsets followed by left and right re-
sponses plus outcome onsets), each modulated by one parameter (state
value for cue onsets, prediction errors for outcomes). In the second
model, we inserted two parametric modulations corresponding to left
and right option values, QL and QR, to replace the regressors that con-
tained state values. We also split the outcome vectors with respect to re-
sponse side. There were therefore 10 regressors of interest in this second
model—that is, 5 per response side: cue onset/left option value/right op-
tion value/outcome onset/prediction error. For both models, all regres-
sors of interest were convolved with a canonical hemodynamic response
function. To correct for motion artifacts, subject-specific realignment
parameters were modeled as covariates of no interest.

Linear contrasts of regression coefficients were computed at the indi-
vidual subject level and then taken to a group-level random effect analysis
(one-sample t test). Activity related to hand movement was identified by
contrasting cue onsets between the two response sides. Activity reflecting
the modeled variables (state value, option value, and prediction error)
was isolated in contrasts including the relevant parametric modulation of
onsets for the two response sides. An inclusive mask, made up of all
voxels that significantly correlated with state value, was applied in the
group-level analysis of option values. All activations disclosed on glass
brains and reported in the text survived a threshold of p � 0.001 (uncor-
rected) and contained a minimum of 30 contiguous voxels. To show the
extent of these activations, we also took slices with less conservative
threshold ( p � 0.01). Finally, to check the specificity of the reported
activations, we independently defined regions of interest (ROIs). Ventral
prefrontal cortex (VPFC) ROIs were identified as clusters reflecting the
state value at cue onset ( p � 0.001, uncorrected). Primary motor cortex
ROIs were defined as the precentral gyri of the AAL (automated ana-
tomic labeling) atlas provided by the MRIcro software (www.mricro.
com). Lateralization effects were assessed in terms of both size (number
of voxels) and magnitude (regression coefficients) of activations ob-
tained with the different regressors of interest. Size effects were assessed
using � 2 tests that compared the distribution of activated voxels over left
and right ROIs to a symmetrical distribution (half on the left and half on
the right). Magnitude effects were assessed using paired t tests that com-
pared regression coefficients between left and right ROIs.

Results
Behavior
Behavioral data showed significant effects (t(19) � 5.5, p � 0.001,
two-tailed paired t test) of learning when cue pairs had unequal
probabilities (25/75 and 75/25%), relative to those with equal
probabilities (25/25 and 75/75%): average percentages of left/
right hand responses were 50.0/50.0, 21.5/78.5, 77.3/22.7, and
46.5/53.5% for the 25/25, 25/75, 75/25, and 75/75% pairs, respec-
tively. Percentage of correct responses did not differ between the
two unequal pairs, indicating that subjects learned to move the
most rewarded hand equally well (77.3 � 3.2 and 78.5 � 3.3% for
left and right, respectively), regardless of the side (Fig. 1B). More-
over, neither response rate (48.9 � 2.1 vs 51.1 � 2.1%) nor re-
sponse time (1607 � 60 vs 1563 � 59 ms, respectively) differed
between left and right hand responses, adding evidence that be-
havioral performance was in all respects symmetrical between the
two sides. The model provided an equally good fit on both sides,
and the Q values approximately converged to the reward proba-
bility associated with each option (Fig. 1C). Note that introduc-
tion of symmetrical pairs allowed disentangling option value
(much lower for the 25/25 than for the 75/75% pair) from choice
propensity (�50% in both cases).

Learning appeared to be rather implicit, since during the explicit
probability estimation task that followed conditioning sessions, sub-
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jects failed to distinguish between highly
(75%) versus poorly (25%) rewarded cues
(average estimations were 48.2 � 1.9 and
49.2 � 0.8%, respectively). If subjects were
not explicitly tracking reward probabilities,
different hypotheses can be formulated re-
garding the underlying mechanisms that in-
corporate reward information to improve
next choices. A first possibility is that re-
wards reinforce relevant stimulus–response
circuits via modulation of synaptic efficacy,
such that representation of reward proba-
bilities (option values) would be useless.
Another possibility is that option values are
indeed calculated and represented in some
brain regions, such that they can influence
decisions without necessary access to the
subject’s conscious mind.

Neuroimaging
To test whether our design was able to
replicate classical findings of the neuro-
imaging literature, we first examined the
representation of state value and hand
movement at the time of cue onset and of
prediction error at the time of outcome
(Fig. 2). State value was defined as the sum
of the two options weighted by the likeli-
hood that they will be chosen (PL � QL �
PR � QR), which was calculated using a soft-
max function (see Materials and Methods).
It can be thought of as the reward to be ex-
pected given the cues displayed on screen,
regardless of the upcoming action. Re-
gression coefficients were estimated sepa-
rately for trials that resulted in left and
right hand responses and then integrated
in the contrast done to isolate brain activ-
ity correlating with state value indepen-
dent of the chosen option. SPMs revealed
large bilateral clusters: principally in the
ventral prefrontal cortex (ventrolateral,
orbitofrontal, and anterior cingulate) but
also in the middle cingulate cortex, angu-
lar and middle temporal gyri, precuneus,
and cerebellum (Fig. 2A, top). Contrasts
between left and right responses yielded
contralateral clusters in the motor cortex
(primary, premotor, and supplementary
motor areas), putamen, and thalamus, as
well as ipsilateral clusters in the cerebellum
(Fig. 2B). Neuronal activity correlating with
reward prediction errors was found bilater-
ally in the basal ganglia (ventral striatum,
putamen, pallidum, and thalamus), lim-
bic temporal regions (amygdala and hip-
pocampus), primary motor cortex, ventral
and dorsal prefrontal cortex, middle and
posterior cingulate cortex, angular and
parietal inferior gyri, precuneus, and cer-
ebellum (Fig. 2A, bottom).

We now turn to the representation of
option values, which, to our knowledge,

Figure 2. Representation of state value, hand movements, and prediction errors. Coronal slices correspond to the blue
lines on axial glass brains. Areas colored in gray-to-black gradient on glass brains and in red-to-white gradient on slices
showed significant effects ( p � 0.001, uncorrected). [x y z] coordinates of maxima refer to the Montreal Neurological
Institute (MNI) space. Color bars indicate t values. A, Statistical parametric maps of activity correlating with state value
(top) and prediction error (bottom). State values were calculated as a weighted sum of the two option values generated
from the computational model and modeled at the time of cue onset. Prediction errors were modeled at the time of
outcome onset, whatever the chosen option. B, Statistical parametric maps of activity related to left and right hand
movement. Hemodynamic responses were modeled at the time of cue onset and contrasted between left and right
movements.
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have never been distinguished in the hu-
man brain. We used the same analysis as
above, replacing the single regressor that
previously incorporated state values by
two regressors incorporating left and right
option values (QL and QR). We found that
option values were specifically repre-
sented in the contralateral ventral pre-
frontal cortex (Fig. 3A). To formally test
this lateralization of option value repre-
sentation, we compared the left/right dis-
tribution of activated voxels within the
VPFC to a symmetrical distribution (half
on the left and half on the right). The
comparison was highly significant ( p �
0.001, � 2 test) for both QL (left/right
VPFC: 70/242 voxels), and QR (left/right
VPFC: 90/0 voxels) ( p � 0.001). The
comparisons remained highly significant
( p � 0.001, � 2 test) when counting the
voxels activated at a lower threshold ( p �
0.01, uncorrected), for both QL (left/right
VPFC: 464/750 voxels) and QR (left/right
VPFC: 958/486 voxels). Importantly, the
same significance levels ( p � 0.001, � 2

test) were attained in all cases when re-
stricting the analysis to trials when the op-
tion was chosen (left/right VPFC: 153/221
voxels with QL for left responses and
146/30 voxels with QR for right responses)
or not chosen (left/right VPFC: 0/34 vox-
els with QL for right responses and 172/66
voxels with QR for left responses). Hence,
the apparent representation of state value
in the VPFC was actually driven by each
hemisphere encoding the value of the
contralateral option, whether it was chosen
or not. Note that at the lower threshold
( p � 0.01, uncorrected), VPFC activation
extended to the ventral striatum, in relation
to option as well as state values, with a
similar lateralization effect between QL

and QR representations. This result must
however be taken with caution, given that
p � 0.01 (uncorrected) may be too per-
missive a threshold.

We also sought to dissociate represen-
tations of prediction errors correspond-
ing to chosen options. Although a trend
could be noticed over the striatum on the
maps (Fig. 3B), there was no clear evi-
dence for the left and right prediction er-
rors being differentially expressed in the
two hemispheres. Lateralization effects
were searched for by testing the left/right
distribution of activated voxels against a
symmetrical distribution, as was done
for option values. Activated voxels were
counted at a threshold of p � 0.001 (un-
corrected), within an anatomically de-
fined mask of the striatum. There was no
significant effect, neither for right predic-
tion errors (left/right striatum: 387/419

Figure 3. Parsing representations of the two options. A, Statistical parametric maps of activity correlating with option
values. Sagittal slices correspond to the blue lines on glass brains. Areas colored in gray-to-black gradient on glass brains
and in red-to-white gradient on sagittal slices showed significant effects ( p � 0.001 and p � 0.01 uncorrected, respec-
tively). ACC, Anterior cingulate cortex; OFC, orbitofrontal cortex; VLPFC, ventrolateral prefrontal cortex. B, Statistical
parametric maps of activity correlating with prediction errors, calculated as the difference between the actual outcome and
the value of the chosen option. Coronal slices correspond to the blue lines on glass brains. Areas colored in gray-to-black
gradient on glass brains and in red-to-white gradient on sagittal slices showed significant effects ( p � 0.001 uncor-
rected). PEL, Prediction error following left response; PER, prediction error following right response. [x y z] coordinates of
maxima refer to the MNI space. Color bars indicate t values.
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voxels, p � 0.1, � 2 test) nor for left prediction errors (left/right
striatum: 667/655 voxels, p � 0.5, � 2 test). A similar analysis was
done for voxels activated ( p � 0.001, uncorrected) by left and
right responses, which were counted within anatomically defined
M1 masks. There was a highly significant effect ( p � 0.001; � 2

test) for both left responses (left/right M1: 582/3230 voxels)
and right responses (left/right M1: 2338/878 voxels). Thus,
contralateral activation was obtained at the time of cue onset,
in relation to option values for VPFC, and to hand movement
for motor cortex (M1).

To further verify the specificity of lateralization effects, we
extracted the regression coefficients from the VPFC (all voxels
reflecting state values) and M1 (all voxels in the precentral gyrus)
ROIs (Fig. 4A). Note that definition of the two ROIs was inde-
pendent from the parameter they were found to reflect (option
value for VPFC and hand movement for M1). Laterality was cal-
culated as the difference between regression coefficients obtained
from right versus left ROIs (Fig. 4B, illustration). The laterality

was negative for QR (more activation in the left VPFC) and pos-
itive for QL (more activation in the left VPFC), with a significant
difference between the two (t(19) � 1.9, p � 0.05, paired t test).
Importantly, the laterality of activations was not significantly dif-
ferent in VPFC regions when comparing between left and right
hand responses (L and R) or chosen and nonchosen option values
(QC and QNC). Contralateral representation of option values in
the VPFC was hence not driven by the upcoming choice or
movement. In contrast, the laterality of M1 activations was
significantly different between L and R hand responses (t(19) �
13.9, p � 0.001, paired t test) but not between QL and QR or
between QC and QNC. Thus, VPFC expressed contralateral
option values independent of the chosen option, and M1 the
contralateral movement made for choosing the option, inde-
pendent of its value.

Discussion
We first replicated common findings on brain representation of
expected rewards, movement execution, and prediction errors.
Indeed, expected rewards have been reported to involve the ven-
tral prefrontal cortex as well as the ventral striatum (Tremblay
and Schultz, 1999; O’Doherty et al., 2002; Knutson et al., 2005;
Padoa-Schioppa and Assad, 2006), whereas movement execution
has been reported to implicate the motor cortex as well as the
posterior putamen (Middleton and Strick, 2000; Haber, 2003;
Lehéricy et al., 2004; Mayka et al., 2006). Thus, our analysis was
able to dissociate limbic circuits known to encode reward-
related information from motor circuits related to movement
execution. The terms used for this ventro/dorsal dissociation
are voluntarily general, as our design cannot disentangle be-
tween close reward-related computational variables. It con-
founds for instance a weighted state value (the reward to be
expected given the two cues) versus a cue prediction error (the
latter minus the average reward prediction). Also consistent with
previous reports (Pagnoni et al., 2002; O’Doherty et al., 2004;
Pessiglione et al., 2006; Lohrenz et al., 2007), regions expressing
prediction errors at the time of outcome largely overlapped with
the above regions related to both expected reward and hand
movement at the time of cue onset. These results support the
notion that reward prediction errors are used as a teaching signal
to improve both reward prediction and movement selection in
the corresponding limbic and motor brain circuits.

The replicated findings were important steps in discovering
the neural underpinnings of reinforcement learning, but did not
provide full account of how the human brain makes an economic
choice. Indeed, the state value cannot tell the subject what button
to press, contrary to option values, which provide a criterion for
making a decision. When we replaced in our linear regression
model the state value by the option values, we found that signif-
icant activation was confined to the contralateral ventral prefron-
tal cortex. This cannot be due to the upcoming movement itself,
since ventral prefrontal activity was not different for left and right
hand responses. Conversely, motor cortex activity distinguished
left and right hand responses, but did not incorporate option
values. Moreover, the option value representation in the ventral
prefrontal cortex was unaffected by choices: it remained con-
tralateral regardless of which hand was eventually moved. Such
results indicate that each brain hemisphere tracks the value of the
option under its control, regardless of whether it is eventually
chosen or not. Note however that our design cannot tell whether
the lateralization is due to the response or to the stimulus, since
the two factors were confounded to increase chances of dissociating
option value representations. Further experiments, in which cue lo-

Figure 4. Dissociation between value- and response-induced lateralization effects. A, VPFC
ROIs refer to the clusters reflecting state value at the time of cue onset. M1 ROIs were taken from
a standard anatomical atlas (AAL atlas). B, Histograms represent Z-scored laterality, calculated
as the difference in regression coefficients (betas) between right and left ROIs. Bars are inter-
subject SEs of the mean. Regressors of interest: QL and QR refer to parametric modulation of cue
onsets by left and right option values (top); L and R refer to cue onsets for left and right re-
sponses (middle); QC and QNC refer to parametric modulation of cue onsets by chosen and
nonchosen option values (bottom). *p � 0.05, ***p � 0.001, paired t test.
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cations on the screen would be crossed with response sides, would be
needed to clarify this question.

Locating option values in the human brain provides a neural
substrate on which decision-making could rely in principle, but it
does not explain how the best option is selected. A direct imple-
mentation of the rational agent envisaged in economics would
postulate that a decision-making system constitutes the neuronal
counterpart of conscious deliberation. In this view, the alleged
system would compare option values, select the highest and send
orders to dedicated motor effectors. We can only speculate here
about the neuronal implementation of such a decision-making
system. Because option values were distributed over the two
hemispheres, it would necessarily include several distant brain
regions to cover the entire process. A large-scale brain network
might even be involved, such as the prefrontoparietal system that
has been associated with conscious cognitive control (Baars,
2005; Maia and Cleeremans, 2005; Badre, 2008). However, the
anarchic hand syndrome observed in split-brain patients would
rather suggest that interhemispheric fibers, and not an external
controller, are responsible for preventing each hemisphere from
following its own goal. A direct competition mechanism, for in-
stance via mutual inhibition, might therefore account for how the
best option is selected.

A more parsimonious view would thus be that options are
selected through direct competition between effectors, with the
winner taking control of body movement. The latter view has
been formalized in various computational models inspired by
robotics, in which action selection can be achieved without the
need for central supervision (Redgrave et al., 1999; Bar-Gad and
Bergman, 2001; Joel et al., 2002; Leblois et al., 2006; Cisek, 2007;
Frank et al., 2007a; Houk et al., 2007). In the neuronal implemen-
tation of these models, the different options are represented in
motor frontostriatal circuits, which are considered an actor sys-
tem. To explain how action selection may be driven by rewards,
some models postulate that a critic system, implemented in the
limbic frontostriatal circuits, communicates reward predictions
and prediction errors to the actor system. Our results are com-
patible with these models, and would imply that available options
are separately represented in limbic (critic) as well as motor (ac-
tor) circuits. Thus, at the time of decision making, neuronal rep-
resentation of the different options may be gradual in limbic
circuits, in proportion to reward prediction, and all-or-none in
motor circuits, depending on the action selected by the compet-
ing mechanism.

Such models leave aside the question of why humans experi-
ence themselves as unified agents, able to purposely select the
actions in which they engage, based on conscious estimation of
costs and benefits. One way to articulate the two above views would
be assuming that subconscious decisions are achieved through direct
competition, whereas conscious deliberation requires a controlling
system, which could possibly involve large-scale prefrontoparietal
networks. Whether decisions were consciously deliberated or not in
our case remains unclear, but that subjects failed to distinguish the
option values in their postlearning explicit estimations may give
some clue. It would suggest that the influence of encoded option
values on behavioral choices was largely subconscious, in keeping
with a previous demonstration of subliminal instrumental learn-
ing (Pessiglione et al., 2008). Caution must be taken however, as
debriefing tasks are confounded by memory decay. Subjects
could have been transiently aware of the option values during the
course of learning, and then forgotten them before debriefing.
Further experiments would thus be needed to clarify the relation-

ships between the neural substrates that encode option values and
those that underpin conscious deliberation.

The demonstration that neuronal representation of reward
prediction (state value) can be parsed into available option values
has been made here in the case of intermanual choice. It might be
possible to generalize the idea that option value representation is
spatially distributed, based on which brain region is in charge of
processing sensory or motor aspects of the different alternatives.
For instance, frontostriatal circuits might separately represent the
expected value of moving the hand, the foot, one finger, and so
forth. In other words, a reward somatotopy could exist in the
human brain, similar to those already established for sensory and
motor systems. This concept might also apply to higher levels,
which would involve representing expected values of complex
actions, or even beyond sensorimotor processes, to cognitive tasks
such as reading, reasoning, or remembering. In sum, the expected
value of engaging different neuronal populations, dedicated to spe-
cific tasks, might be topographically represented in frontostriatal
circuits. In primate prefrontal cortex or striatum, certain neuronal
activities have been reported to express both expected reward and
various task dimensions, such as target location (Watanabe,
1996; Leon and Shadlen, 1999; Kobayashi et al., 2006) or move-
ment direction (Lauwereyns et al., 2002; Matsumoto et al., 2003;
Samejima et al., 2005; Pasquereau et al., 2007). However, the
topographical organization of neuronal populations encoding
expected values, and their connection with the corresponding
effectors, remain to be established.
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