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Prediction of immediate and future rewards
differentially recruits cortico-basal ganglia loops
Saori C Tanaka1–3, Kenji Doya1–3, Go Okada3,4, Kazutaka Ueda3,4, Yasumasa Okamoto3,4 & Shigeto Yamawaki3,4
Evaluation of both immediate and future outcomes of one’s actions is a critical requirement for intelligent behavior. Using
functional magnetic resonance imaging (fMRI), we investigated brain mechanisms for reward prediction at different time scales
in a Markov decision task. When human subjects learned actions on the basis of immediate rewards, significant activity was seen
in the lateral orbitofrontal cortex and the striatum. When subjects learned to act in order to obtain large future rewards while
incurring small immediate losses, the dorsolateral prefrontal cortex, inferior parietal cortex, dorsal raphe nucleus and cerebellum
were also activated. Computational model–based regression analysis using the predicted future rewards and prediction errors
estimated from subjects’ performance data revealed graded maps of time scale within the insula and the striatum: ventroanterior
regions were involved in predicting immediate rewards and dorsoposterior regions were involved in predicting future rewards.
These results suggest differential involvement of the cortico-basal ganglia loops in reward prediction at different time scales.

In daily life, people make decisions based on the prediction of rewards
at different time scales; for example, one might do daily exercise to
achieve a future fitness goal, or resist the temptation of sweets to avoid
future weight gain. Damage to the prefrontal cortex often impairs daily
decision making, which requires assessment of future outcomes1,2.
Lesions in the core of the nucleus accumbens in rats result in a tendency to choose small immediate rewards over larger future rewards3.
Low activity of the central serotonergic system is associated with
impulsive behavior in humans4, and animals with lesions in the
ascending serotonergic pathway tend to choose small immediate
rewards over larger future rewards5,6. A possible mechanism underlying these observations is that different sub-loops of the topographically organized cortico-basal ganglia network are specialized for
reward prediction at different time scales and that they are differentially activated by the ascending serotonergic system7. To test whether
there are distinct neural pathways for reward prediction at different
time scales, we developed a ‘Markov decision task’ in which an action
affects not only the immediate reward but also future states and
rewards. Using fMRI, we analyzed brain activity in human subjects as
they performed this task. Recent functional brain imaging studies have
shown the involvement of specific brain areas, such as the
orbitofrontal cortex (OFC) and the ventral striatum, in prediction and
perception of rewards8–11. In these previous studies, however, rewards
were given either independent of the subject’s actions or as a function
of the current action. Our Markov decision task probes decision making in a dynamic context, with small losses followed by a large positive
reward. The results of the block-design analysis suggest differential
involvement of brain areas in decision making by prediction of
rewards at different time scales. By analyzing subjects’ performance

data according to a theoretical model of reinforcement learning, we
found a gradient of activation within the insula and the striatum for
prediction of rewards at different time scales.
RESULTS
Behavioral results
In the Markov decision task, a visual signal (one of three shapes) was
presented at the start of each trial to indicate one of three states, and
the subject selected one of two actions: pressing the right or left button with the right hand (Fig. 1a; see Methods for details). For each
state, the subject’s action choice affected not only the immediate
reward, but also the state subsequently presented (Fig. 1b,c).
The rule of state transition was fixed during the entire experiment
(Fig. 1), but the rules of reward delivery changed according to the
task condition. In the SHORT condition, action a1 gives a small positive reward (+r1 = 20 yen average; see Methods) and action a2 gives
a small loss (–r1) in all three states (Fig. 1b). The optimal behavior
for maximizing total reward in the SHORT condition is to collect
small positive rewards by taking action a1 at each state. In the LONG
condition, action a2 at state s3 gives a big bonus (+r2 = 100 yen average; see Methods), and action a1 at state s1 results in a big loss (–r2;
Fig. 1c). The optimal behavior is to receive small losses at state s1
and s2 to obtain a large positive reward at state s3 by taking action a2
at each state; this is opposite to the optimal behavior in the SHORT
condition. Whereas the optimal strategy in the SHORT condition
results in small, immediate rewards at each step, the optimal strategy in the LONG condition results in small immediate losses but a
net positive reward by the end of one cycle. Thus, for successful
action in the LONG condition, subjects must consider both the
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Figure 1 Experimental design. (a) Sequences of
0
2.0
stimulus and response events in the task. At the
3.0
(Instruction step)
(Trial step)
beginning of each condition block, the condition
4.0
5.0
is informed by displaying text (6 s), such as
6.0 (s)
‘SHORT condition’ (instruction step). In each
SHORT
Time
trial step, a fixation point is presented on the
condition
screen, and after 2 s, one of three shapes
(square, vertical rectangle or horizontal
+100 yen
rectangle) is presented for 1 s. As the fixation
point vanishes after 1 s, the subject presses
either the right or left button within 1 s. After
a short delay (1 s), a reward for that action is
SHORT condition
LONG condition
presented by a number (indicating yen gained or
+r 2
–r 1
lost) and the past cumulative reward is shown by
a bar graph. Thus, one trial step takes 6 s.
–r 1
–r 1
–r 1
–r 1
(b,c) The rules of the reward and state transition
for action a1 (magenta arrows) and action a2
(blue arrows) in the SHORT (b) and LONG (c)
s2 +r 1
s1 +r 1
s3
s2 +r 1
s1 +r 1
s3
conditions. The small reward r1 was 10, 20 or 30
yen, with equal probability, and the large reward
a1
–r 2
+r 1
r2 was 90, 100, or 110 yen. The rule of state
a2
transition was the same for all conditions: s3 →
s2 → s1 → s3 … for action a1, and s1 → s2 → s3
→ s1 → … for action a2. Although the optimal
behaviors are opposite (SHORT: a1; LONG: a2), the expected cumulative reward during one cycle of the optimal behavior is 60 yen in both the SHORT
(+20 × 3) and LONG (–20, –20, +100) conditions.

c

b

immediate reward and the future reward expected from the subsequent state, and for success in the SHORT condition, subjects need
to consider only the immediate outcome of their actions. Subjects
performed 15 trials in a SHORT condition block and 15 trials in a
LONG condition block. There were also two control conditions, NO
(reward was always zero) and RANDOM (reward was +r1 or –r1,
regardless of state or action), so a total of four condition blocks were
performed (see Fig. 2a for task schedule).
All subjects successfully learned the optimal behaviors: taking
action a1 in the SHORT condition (Fig. 2b) and action a2 in the
LONG condition (Fig. 2c). Cumulative rewards within each SHORT
block (Fig. 2d) and LONG block (Fig. 2e) also indicate successful
learning. It can be seen from the single-subject data in the LONG
Task schedule
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Block-design analysis
To find the brain areas that are involved in immediate reward prediction,
we compared brain activity during the SHORT condition and the NO
condition, in which reward was always zero. In the SHORT versus NO
contrast, a significant increase in activity was observed in the lateral
OFC (Fig. 3a), the insula and the occipitotemporal area (OTA) (Fig. 3b),
as well as in the striatum, the globus pallidus (GP) (Fig. 3c) and the
medial cerebellum (Fig. 3d) (threshold of
P < 0.001, uncorrected for multiple comparisons). These areas may be involved in reward
prediction based on immediate outcome.
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condition (Fig. 2e, orange) that the subject learned to lose small
amounts (–r1) twice to get a big bonus (+r2). The average cumulative
reward in the last block was 254 yen in the SHORT condition and 257
yen in the LONG condition, which was 84.7% and 85.7%, respectively, of the theoretical optimum of 300 yen.
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Figure 2 Task schedule and behavioral results.
(a) A set of four condition blocks—NO (4 trials),
SHORT (15 trials), RANDOM (4 trials), LONG (15
trials)—was repeated four times. At the beginning
of each condition block, the task condition was
presented to the subject (instruction step); thus,
the entire experiment consisted of 168 steps
(152 trial steps and 16 instruction steps).
(b,c) The selected action of a representative
single subject (orange) and the group average
ratio of selecting a1 (blue) in the (b) SHORT and
(c) LONG conditions. (d,e) The accumulated
reward in each block of a representative single
subject (orange) and the group average (blue) in
the (d) SHORT and (e) LONG conditions. To
clearly show the learning effects, data from four
trial blocks in the SHORT and LONG conditions
are concatenated, with the dotted lines indicating
the end of each condition block.
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To identify areas involved in future
reward prediction, we compared the brain
activity during LONG and SHORT conditions. In the LONG versus SHORT contrast,
a robust increase in activity was observed in
the ventrolateral prefrontal cortex (VLPFC),
the insula, the dorsolateral prefrontal cortex
(DLPFC), the dorsal premotor cortex
(PMd), the inferior parietal cortex (IPC)
(Fig. 4a), the striatum, GP (Fig. 4b), the dorsal raphe nucleus (Fig. 4c), the lateral cereFigure 3 Brain areas activated in the SHORT versus NO contrast (P < 0.001, uncorrected; extent
bellum (Fig. 4d), the posterior cingulate threshold of four voxels). (a) Lateral OFC. (b) Insula. (c) Striatum. (d) Medial cerebellum.
cortex and the subthalamic nucleus
(P < 0.001, uncorrected). Activity in the
striatum was highly significant (threshold at
P < 0.05, corrected for a small volume when using an anatomically analysis. We took the theoretical framework of temporal difference
defined region of interest (ROI) in the striatum; see Methods). (TD) learning12, which has been successfully used for explaining
These areas are specifically involved in decision making based on reward-predictive activations of the midbrain dopaminergic system
the prediction of reward in multiple steps in the future. In the as well as those of the cortex and the striatum8,11,13–16. In TD learning
LONG versus NO contrast, the activated areas were approximately theory, the predicted amount of future reward starting from a state
the union of the areas activated in the SHORT versus NO and s(t) is formulated as the ‘value function’
LONG versus SHORT contrasts. These results were consistent with
our expectation that both immediate and future reward prediction
V(t) = E[r(t + 1) + γ r(t + 2) + γ2r(t + 3) + …].
(1)
were required in the LONG condition. The results of block-design
analysis, including the LONG versus NO contrast, are summarized Any deviation from the prediction is given by the TD error
in Supplementary Table 1 online. Activitions in both SHORT and
LONG conditions were stronger in the first two blocks, when subδ(t) = r(t) + γ V(t) – V(t – 1),
(2)
jects were involved in active trial and error, than in the last two
blocks when the subjects’ behavior became repetitive.
which is a crucial learning signal for reward prediction and action
We compared the activitions in the SHORT versus NO contrast selection. The ‘discount factor’ γ (0 ≤ γ < 1) controls the time scale
and the LONG versus SHORT contrast, and observed that three of prediction: when γ = 0, only the immediate reward r(t + 1) is conregions showed significant activity in both contrasts: the lateral pre- sidered, but as γ approaches 1, rewards in the further future are
frontal cortex (lateral OFC and VLPFC), the insula and the anterior taken into account.
striatum (Fig. 5). In the lateral PFC (Fig. 5a), although the activities
We estimated the time courses of reward prediction V(t) and prein lateral OFC for the SHORT versus NO contrast (red) and in the diction error δ(t) from each subject’s performance data and used
VLPFC for the LONG versus SHORT contrast (blue) were close in them as the explanatory variables in multiple regression analysis with
location, they were clearly separated on the cortical surface. Activities fMRI data (see Methods). In our Markov decision task, the miniin the insula were also separated (Fig. 5b). In the anterior striatum mum value of γ needed to find the optimal action in the LONG con(Fig. 5c), we found limited overlaps between the two contrasts dition is 0.36, and any small value of γ is sufficient in the SHORT
(green). In all three areas, activations in the SHORT versus NO con- condition. From the results of our block-design analysis, we assumed
trast were found in the ventral parts, whereas activations in the that different networks involving the cortex and basal ganglia are
LONG versus SHORT contrast were found in the dorsal parts.
specialized for reward prediction at different time scales and that
These results of block-design analysis suggest differential involve- they work in parallel, depending on the requirement of the task.
ment of brain areas in predicting immediate and future rewards.
Thus, we varied the discount factor γ as 0, 0.3, 0.6, 0.8, 0.9 and 0.99:
small γ for immediate reward prediction and large γ for long future
Performance-based multiple regression analysis
reward prediction. An example of these time courses is shown in
To further clarify the brain structures specific to reward prediction at Supplementary Figure 1 online.
different time scales, we estimated how much reward the subjects
We observed a significant correlation with reward prediction V(t) in
should have predicted on the basis of their performance data and the medial prefrontal cortex (mPFC; including the anterior cingulate
used their time courses as the explanatory variables of regression cortex (ACC) and the medial OFC) (Fig. 6a) and bilateral insula (Fig.
6b), left hippocampus and left temporal pole
(P < 0.001, uncorrected; see Supplementary
Table 2 online). Figure 6 shows the correlated

Figure 4 Brain areas activated in the LONG
versus SHORT contrast (P < 0.0001,
uncorrected; extent threshold of four voxels for
illustration purposes). (a) DLPFC, IPC, PMd. (b)
GP, striatum. (c) Dorsal raphe nucleus. (d) Left
lateral cerebellum.
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Figure 5 Comparison of brain areas activated in
the SHORT versus NO contrast (red) and the
LONG versus SHORT contrast (blue). (a–c) These
figures show activation maps focused on (a) the
lateral OFC (red (x, y, z) = (38, 46, –14); blue (46,
47, 3)) (b) the insula (red (–36, 13, –4); blue
(–30, 18, 1)), and (c) the striatum (red (18, 10,
0); blue (18, 12, 3)) where we observed
significant activation in both contrasts. The areas
where activity overlapped area are shown in green.

voxels within these areas using a gradient of
colors for different γ values (red for γ = 0, blue
for γ = 0.99). Activity in the mPFC, temporal
pole and hippocampus correlated with
reward prediction with a longer time scale (γ
≥ 0.6). Furthermore, in the insula, we found a
graded map of activity for reward prediction
at different time scales (Fig. 6b). Whereas activity in the ventroanterior
region correlated with reward prediction at a shorter time scale, activity in the dorsoposterior region correlated with reward prediction at a
longer time scale.
We also found, in the basal ganglia, significant correlation with
reward prediction error δ(t) using a wide range of time scales
(Fig. 6c; P < 0.001, uncorrected; see Supplementary Table 3 online
and Methods). Again, we found a graded map, which had a short
time scale in the ventroanterior part and a long time scale in the
dorsoposterior part. The coincidence of the ventroanterior-dorsoposterior maps and the ventroanterior-dorsoposterior shifts in
activities (Fig. 6b,c) indicate that, while the ventroanterior regions
with smaller γ were predominantly active in the SHORT condition,
the dorsoposterior regions with larger γ became more active in the
LONG condition.

DISCUSSION
The results of the block-design and performance-based regression
analyses suggest differential involvement of brain areas in action
learning by prediction of rewards at different time scales. Both blockdesign and performance-based regression analyses showed activity in
the insula and the anterior striatum. Activations of the ventral region
in the SHORT versus NO contrast and the dorsal region in the LONG
versus SHORT contrast in each area (Fig. 5) are consistent with the
ventroanterior-dorsoposterior maps of the discount factor γ found in
performance-based regression analysis (Fig. 6).
The insula takes a pivotal position in reward processing by receiving primary taste and visceral sensory input17 and sending output to
the OFC18 and the striatum19. Previous studies showed that the insula
is activated with anticipation of primary reward10 and that insular
lesion causes deficits in incentive learning for primary reward20. Our
results confirm the role of the insula in prediction of non-primary, monetary reward21,
and further suggest heterogeneous organization within the insula. Previous imaging
studies also showed involvement of the
insula, especially the ventroanterior region,
in processing aversive outcomes22,23. Thus a
possible interpretation of the activation of
the insula in the LONG condition is that it

Figure 6 Voxels with a significant correlation
(height threshold P < 0.001, uncorrected; extent
threshold of four voxels) with reward prediction
V(t) and prediction error δ(t) are shown in
different colors for different settings of the
discount factor γ. Voxels correlated with two
or more regressors are shown by a mosaic of
colors. (a, b) Significant correlation with
reward prediction V(t). (a) mPFC. (b) Insula.
(c) Significant correlation with reward prediction
error δ(t) restricted to ROI in the striatum (slice
at white line in horizontal slice at z = 2 mm).
Note the ventroanterior-to-dorsoposterior
gradient with the increase in γ both in the insula
and the striatum. Red and blue lines correspond
to the z-coordinate levels of activation peaks in
the insula and striatum shown in Figure 5b,c (red
for the SHORT versus NO and blue for the LONG
versus SHORT contrasts).
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reflected the losses that subjects acquired before getting a large
reward. However, we also ran a regression analysis using losses and
found significant correlation in the ventroanterior region of the
insula. Anatomical and physiological studies of the insula also showed
involvement of its ventroanterior part in perception of aversive stimuli17. Thus we argue that the activation of dorsoposterior insula is not
simply due to losses in the LONG condition.
Previous brain imaging and neural recording studies suggest a role
for the striatum in prediction and processing of reward9,10,14,21,24–29.
Consistent with previous fMRI studies8,11,16, our results showed striatal
activity correlated with the error of reward prediction. Reinforcement
learning models of the basal ganglia13–15 posit that the striatum learns
reward prediction and action selection based on the reward prediction
error δ(t) represented by the dopaminergic input. Correlation of striatal activity with reward prediction error δ(t) could be due to
dopamine-dependent plasticity of cortico-striatal synapses30.
In lateral OFC, DLPFC, PMd, IPC and dorsal raphe, we found significant activations in the block-design analyses, but we did not find
strong correlation in regression analyses. This may be because these
areas perform functions that are helpful for reward prediction and
action selection, but their activities do not directly represent the
amount of predicted reward or prediction error at a specific time scale.
In reinforcement learning theory, an optimal action selection is realized by taking the action a that maximizes the ‘action value’ Q(s, a) at a
given state s. The action value is defined as Q(s, a) = E[ r(s, a) + γ V(s´(s,
a))] and represents the expected sum of the immediate reward r(s, a)
and the weighted future rewards V(s′(s, a)), where s′(s, a) means the
next state reached by taking an action a at a state s (refs. 12,15).
According to this framework, we can see that prediction of immediate
reward r(s, a) is helpful for action selection based on rewards at either
short or long time scales, that is, with any value of the discount factor
γ. On the other hand, prediction of state transition s′(s, a) is helpful
only in long-term reward prediction with positive values of γ.
In the lateral OFC, we observed significant activity in both
the SHORT versus NO and the LONG versus NO contrasts
(Supplementary Table 1 online), but no significant correlation
with reward prediction V(t) or reward prediction error δ(t) in
regression analysis. This suggests that the lateral OFC takes the role
of predicting immediate reward r(s, a), which is used for action
selection in both SHORT and LONG conditions, but not in the NO
condition. This interpretation is consistent with previous studies
demonstrating the OFC’s role in prediction of rewards, immediately following sensorimotor events31,32, and action selection based
on reward prediction23,33,34.
In the DLPFC, PMd and IPC, there were significant activations in
both the LONG versus NO and the LONG versus SHORT contrasts
(Supplementary Table 1 online) but no significant correlation with
either V(t) or δ(t). A possible interpretation is that this area is
involved in prediction of future state s′(s, a) in the LONG condition
but not in the SHORT or NO conditions. This interpretation is consistent with previous studies showing the role of these cortical areas in
imagery35, working memory and planning36,37.
The dorsal raphe nucleus was activated in the LONG versus SHORT
contrast, but was not correlated with V(t) or δ(t). In consideration of
its serotonergic projection to the cortex and the striatum and serotonin’s implication with behavioral impulsivity4–6, a possible role for
the dorsal raphe nucleus is to control the effective time scale of reward
prediction7. Its higher activity in the LONG condition, where a large
setting of γ is necessary, is consistent with this hypothesis.
Let us consider the present experimental results in light of the
anatomy of cortico-basal ganglia loops (illustrated in Supplementary
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Fig. 2). The cortex and the basal ganglia both have parallel loop organization, with four major loops (limbic, cognitive, motor and oculomotor) and finer, topographic sub-loops within each major loop38. Our
results suggest that the areas within the limbic loop39, namely the lateral OFC and ventral striatum, are involved in immediate reward prediction. On the other hand, areas within the cognitive and motor
loops38, including the DLPFC, IPC, PMd and dorsal striatum, are
involved in future reward prediction. The connections from the insula
to the striatum are topographically organized, with the ventral-anterior, agranular cortex projecting to the ventral striatum and the dorsalposterior, granular cortex projecting to the dorsal striatum19 (see
Supplementary Fig. 2). The graded maps shown in Figure 6b,c are
consistent with this topographic cortico-striatal organization and suggest that areas that project to the more dorsoposterior part of the striatum are involved in reward prediction at a longer time scale. These
results are consistent with the observations that localized damages
within the limbic and cognitive loops manifest as deficits in evaluation
of future rewards1,3,34,40,41 and learning of multi-step behaviors42. The
parallel learning mechanisms in the cortico-basal ganglia loops used
for reward prediction at a variety of time scales may have the merit of
enabling flexible selection of a relevant time scale appropriate for the
task and the environment at the time of decision making.
A possible mechanism for selection or weighting of different cortico-basal ganglia loops with an appropriate time scale is serotonergic
projection from the dorsal raphe nucleus7 (see Supplementary Fig. 2),
which was activated in the LONG versus SHORT contrast. Although
serotonergic projection is supposed to be diffuse and global, differential expression of serotonergic receptors in the cortical areas and in the
ventral and dorsal striatum43,44 would result in differential modulation. The mPFC, which had significant correlation with reward prediction V(t) at long time scales (γ ≥ 0.6), may regulate the activity of the
raphe nucleus through reciprocal connection45,46. This interpretation
is consistent with previous studies using tasks that require long-range
prospects for problem solving, such as the gambling problem1 or
delayed reward task2, which showed involvement of the medial OFC.
Future studies using the Markov decision task under pharmacological
manipulation of the serotonergic system should clarify the role of
serotonin in regulating the time scale of reward prediction.
Recent brain imaging and neural recording studies report involvement of a variety of cortical areas and the striatum in reward processing8–11,16,21,23–29,32,33,47–49. Although some neural recording
studies have used experimental tasks that require multiple trial steps
for getting rewards47,48, none of the previous functional brain imaging studies addressed the issue of reward prediction at different time
scales, and considered only rewards immediately following stimuli or
actions. We were able extract specific functions of OFC, DLPFC,
mPFC, insula and cortico-basal ganglia loops using our new Markov
decision task and a reinforcement learning model–based regression
analysis. Our regression analysis not only extracted brain activities
specific to reward prediction, but also revealed a topographic organization in reward prediction (Fig. 6). The combination of our
Markov decision task with event-related fMRI and magnetoencephalography (MEG) should further clarify the functions used for
reward prediction and perception at different time scales, and at
finer spatial and temporal resolutions.
METHODS
Subjects. Twenty healthy, right-handed volunteers (18 males and 2 females,
ages 22–34 years) gave informed consent to participate in the experiment,
which was conducted with the approval of the ethics and safety committees of
Advanced Telecommunication Research Institute International (ATR) and
Hiroshima University.
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Behavioral task. In the Markov decision task (Fig. 1), one of three states was
visually presented to the subject using three different shapes, and the subject
selected one of two actions by pressing one of two buttons using their right
hand (Fig. 1a). The rule of state transition was the same for all conditions: s3
→ s2 → s1 → s3 … for action a1, and s1 → s2 → s3 → s1 → … for action a2. The
rules for reward, however, changed in each condition. In the SHORT condition
(Fig. 1b), action a1 results in a small positive reward (+r1 = 10, 20 or 30 yen,
with equal probabilities), whereas action a2 results in a small loss (–r1) at any
of the three states. Thus, the optimal behavior is to collect small positive
rewards at each state by performing action a1. In the LONG condition
(Fig. 1c), however, the reward setting is such that action a2 gives a large positive
reward (+r2 = 90, 100 or 110 yen) at state s3, and action a1 gives a large loss
(–r2) at state s1. Thus, the optimal behavior is to receive small losses at states s1
and s2 to obtain a large positive reward at state s3 by taking action a2 at each
state. There were two control conditions: the NO condition, where the reward
was always zero, and the RANDOM condition, where the reward was positive
(+r1) or negative (–r1) with equal probability, regardless of state or action.
Subjects completed 4 trials in a NO condition block, 15 trials in a SHORT
condition block, 4 trials in a RANDOM condition block and 15 trials in a
LONG condition block. A set of four condition blocks (NO, SHORT, RANDOM, LONG) was repeated four times (Fig. 2a). Subjects were informed of
the current condition at the beginning of each condition block by text on the
screen (first slide in Fig. 1a); thus, the entire experiment consisted of 168 steps
(152 trial steps and 16 instruction steps), taking about 17 min. The mappings
of the three states to the three figures, and the two buttons to the two actions,
were randomly set at the beginning of each experiment, so that subjects were
required to learn the amount of reward associated with each figure-button
pair in both SHORT and LONG conditions. Furthermore, in the LONG condition, subjects had to learn the subsequent figure for each figure-action pair
and take into account the amount of reward expected from the subsequent figure in selecting a button.
fMRI imaging. A 1.5-tesla scanner (Shimadzu-Marconi, Magnex Eclipse) was
used to acquire both structural T1-weighted images (repetition time,
TR = 12 ms, TE = 4.5 ms, flip angle = 20°, matrix = 256 × 256, FoV = 256 mm,
thickness = 1 mm, slice gaP = 0 mm) and T2*-weighted echo planar images
(TR = 6 s, TE = 55 ms, flip angle = 90°, 50 transverse slices, matrix = 64 × 64,
FoV = 192 mm, thickness = 3 mm, slice gap = 0 mm) showing blood oxygen
level–dependent (BOLD) contrasts.
Because the aim of the present study was to identify brain activity underlying
reward prediction over multiple trial steps, we acquired functional images every
6 s (TR = 6 s), in synchrony with single trials. Although shorter TRs and eventrelated designs are often used in experiments that aim to distinguish brain
responses to events within a trial9,11,21,26, analysis of those finer events in time
were not the focus of the current study. With this longer TR, the BOLD signal in
a single scan contained a mixture of responses for a reward-predictive stimulus
and reward feedback. However, because of the progress of learning and the stochastic nature of the amount of reward, the time courses of reward prediction
V(t) and prediction error δ(t) over the 168 trial steps were markedly different.
Thus, we could separate activity corresponding to reward prediction from that
corresponding to outcomes by using both reward prediction V(t) and reward
outcome r(t) in multiple regression analysis, as described below.
Data analysis. The data were pre-processed and analyzed with SPM99
(www.fil.ion.ucl.ac.uk/spm/spm99.html). The first two volumes of images
were discarded to avoid T1 equilibrium effects. The images were realigned to
the first image as a reference, spatially normalized with respect to the Montreal
Neurological Institute EPI template, and spatially smoothed with a Gaussian
kernel (8 mm, full-width at half-maximum).
We conducted two types of analysis. One was block-design analysis using
four boxcar regressors covering the whole experiment, convolved with a
hemodynamic response function as the reference waveform for each condition
(NO, SHORT, RANDOM, LONG). We did not find substantial differences
between SHORT versus NO and SHORT versus RANDOM contrasts, or
between LONG versus NO and LONG versus RANDOM contrasts. Therefore
we report here only the results with the NO condition as the control condition.
The other method was multivariate regression analysis using explanatory vari-
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ables, representing the time course of the reward prediction V(t) or reward
prediction error δ(t) at six different timescales γ, estimated from subjects’ performance data (described below).
In both analyses, images of parameter estimates for the contrast of interest
were created for each subject. These were then entered into a second-level
group analysis using a one-sample t test at a threshold of P < 0.001, uncorrected for multiple comparisons (random effects analysis) and extent threshold of four voxels. Small-volume correction (SVC) was done at a threshold of
P < 0.05 using an ROI within the striatum (including the caudate and putamen), which was defined anatomically based on a normalized T1 image.
Procedures of performance-based regression analysis. The time courses of
reward prediction V(t) and reward prediction error δ(t) were estimated from
each subject’s performance data—state s(t), action a(t) and reward r(t)—as
described below.
Reward prediction. To estimate how much of a forthcoming reward a subject
would have expected at each step during the Markov decision task, we took the
definition of the value function (equation 1) and reformulated it based on the
recursive structure of the task. Namely, if the subject starts from a state s(t) and
comes back to the same state after k steps, the expected cumulative reward V(t)
should satisfy the consistency condition V(t) = r(t + 1) + γ r(t + 2) + …
+ γ k–1r(t + k) + γ kV(t).
Thus, for each time t of the data file, we calculated the weighted sum of the
rewards acquired until the subject returned to the same state and estimated the
value function for that episode as

V (t ) =
∧

[ r (t + 1)+ γr (t + 2) + Λ + γ
1− γk

k −1

[

r (t + k)

(1)

The estimate of the value function V(t) at time t was given by the average of all
previous episodes from the same state as at time t

V (t ) =

1 L ∧
∑V (tl )
L l =1

(2)

where {t1, …, tL} are the indices of time visiting the same state as s(t), that is,
s(t1) = … = s(tL) = s(t).
Reward prediction error. The TD error (equation 2) was calculated from the
difference between the actual reward r(t) and the temporal difference of the
estimated value function V(t).
We separately calculated the time courses of V(t) and δ(t) during SHORT
and LONG conditions; we concatenated data of four blocks in the SHORT
condition, and calculated V(t) and δ(t) as described above. We used the same
process for the LONG condition data. During the NO and RANDOM conditions, the values of V(t) and δ(t) were fixed at zero. Finally, we reconstructed
the data corresponding to the real time course of the experiment. Examples of
the time course of these variables are shown in Supplementary Figure 1
online. We used either V(t) or δ(t) as the explanatory variable in a regression
analysis by SPM. To remove any effects of factors other than reward prediction, we concurrently used other variables in the regression, namely the four
box-car functions representing each condition (NO, SHORT, RANDOM,
LONG). Because the immediate reward prediction V(t) with γ = 0 can coincide with reward outcome r(t) if learning is perfect, we included the reward
outcome r(t) in regression analyses with V(t). Thus, the significant correlation with V(t) (Fig. 6a,b) should represent a predictive component rather
than a reward outcome.
The amplitude of explanatory variables δ(t) with all γ were large in early trials
and decreased as subjects learned the task (Supplementary Fig. 1 online). This
decreasing trend causes a risk that areas that are activated early in trials, such as
those responsible for general attentiveness or novelty, have correlations with
δ(t). Because our aim in regression analysis was to clarify the brain structures
involved in reward prediction at specific time scales, we removed the areas that
had similar correlation to δ(t) at all settings of γ from considerations in Figure 6
and Supplementary Table 3 online. To compare the results of regression analysis
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with six different values of γ, we used display software that can overlay multiple
activation maps in different colors on a single brain structure image. When a
voxel is significantly activated in multiple values of γ, it is shown by a mosaic of
multiple colors, with apparent subdivision of the voxel (Fig. 6).

© 2004 Nature Publishing Group http://www.nature.com/natureneuroscience

Note: Supplementary information is available on the Nature Neuroscience website.
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