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Abstract

& It has been suggested that the target areas of dopaminer-
gic midbrain neurons, the dorsal (DS) and ventral striatum
(VS), are differently involved in reinforcement learning espe-
cially as actor and critic. Whereas the critic learns to predict
rewards, the actor maintains action values to guide future
decisions. The different midbrain connections to the DS and
the VS seem to play a critical role in this functional distinction.
Here, subjects performed a dynamic, reward-based decision-
making task during fMRI acquisition. A computational mod-
el of reinforcement learning was used to estimate the different
effects of positive and negative reinforcements on future de-
cisions for each subject individually. We found that activity

in both the DS and the VS correlated with reward predic-
tion errors. Using functional connectivity, we show that the
DS and the VS are differentially connected to different mid-
brain regions (possibly corresponding to the substantia ni-
gra [SN] and the ventral tegmental area [VTA], respectively).
However, only functional connectivity between the DS and
the putative SN predicted the impact of different reinforce-
ment types on future behavior. These results suggest that
connections between the putative SN and the DS are critical
for modulating action values in the DS according to both
positive and negative reinforcements to guide future decision
making. &

INTRODUCTION

Learning which action to take in an uncertain environ-
ment to maximize reward and minimize punishment is
critical for survival. Both positive and negative outcomes
of current decisions can contribute differentially to the
way individuals decide in the future. The dopaminergic
midbrain system and its prominent target areas, espe-
cially the striatum, play key roles in this process. Mid-
brain dopamine neurons are thought to contribute to
reinforcement learning by sending a teaching signal
to the striatum that biases action selection according
to the previous action–outcome history (Samejima &
Doya, 2007; Samejima, Ueda, Doya, & Kimura, 2005;
Schultz & Dickinson, 2000; Hollerman & Schultz,
1998). Specifically, bursts in dopamine after positive
outcomes are thought to facilitate the current response,
whereas dips in dopamine after negative outcomes may
support the inhibition of the current response (Schultz,
2002; Hollerman & Schultz, 1998). The ventral and
dorsal compartments of the striatum have been impli-
cated in maintaining and updating reward predictions

and action values, respectively. Whereas the ventral part
(ventral striatum: VS) learns to predict future rewards,
the dorsal compartment (dorsal striatum: DS) maintains
information about the outcomes of decisions to enable
that the better option is chosen more often (Atallah,
Lopez-Paniagua, Rudy, & O’Reilly, 2007; Schonberg,
Daw, Joel, & O’Doherty, 2007; Williams & Eskandar,
2006; Samejima et al., 2005; O’Doherty et al., 2004;
Joel, Niv, & Ruppin, 2002; Joel & Weiner, 2000). In
computational reinforcement learning theory, the critic
uses a prediction error signal to update predictions
about future rewards, whereas the actor uses the same
signal to update action values that biases future decisions
toward advantageous options (O’Doherty et al., 2004;
Sutton & Barto, 1998).

As neurophysiological investigations in primates and
rats have shown, the DS and the VS receive dopaminer-
gic input from different but somewhat overlapping mid-
brain regions building an ascending midbrain–striatal
loop (Ikemoto, 2007; Haber, Fudge, & McFarland, 2000).
Specifically, the ventral tegmental area (VTA) is recipro-
cally interconnected with the VS, whereas the substantia
nigra (SN) receives input from the VS and is reciprocally
connected to the DS (Haber, 2003; Haber et al., 2000).
The DS and the VS are also differentially connected
to the frontal cortex. The VS is connected with
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Germany, 2Bernstein Center for Computational Neuroscience
Berlin, Germany, 3University of Arizona, Tucson
*These authors contributed equally to the work.

D 2008 Massachusetts Institute of Technology Journal of Cognitive Neuroscience 21:7, pp. 1332–1345



medial prefrontal and orbito-frontal cortices, whereas
the DS is connected with dorsal prefrontal and motor
cortices (Lehericy et al., 2004; Alexander, Crutcher, &
DeLong, 1990). Due to its connections, associations
between sensory cues and motor behavior that lead to
reward might be strengthened in the striatum by do-
paminergic projections from the midbrain (Williams &
Eskandar, 2006; Reynolds, Hyland, & Wickens, 2001).

In situations with two different options, one can learn
to choose X over Y by either learning that X leads to
positive feedback or that Y leads to negative feedback, or
both. In such situations, it is challenging to disentangle
the degree to which positive and negative reinforcements
contribute to learning. However, it is possible to differ-
entiate both processes and subjects differ in how they
use positive and negative outcomes to guide their deci-
sions (Frank, Woroch, & Curran, 2005; Frank, Seeberger,
& O’Reilly, 2004). These individual differences in learning
from either positive or negative reinforcements have
been linked to dopamine genetics, dopamine treatment
and neurological conditions in which dopamine activity is
changed (Cohen, Krohn-Grimberghe, Elger, & Weber,
2007; Frank, Moustafa, Haughey, Curran, & Hutchison,
2007; Frank, Scheres, & Sherman, 2007; Klein et al., 2007;
Frank, 2005). However, in humans, although there is an
increasing amount of research about the striatum and its
involvement in reward-learning (Cohen, 2007; Delgado,
2007; Pessiglione, Seymour, Flandin, Dolan, & Frith, 2006;
Cohen & Ranganath, 2005; O’Doherty, Dayan, Friston,
Critchley, & Dolan, 2003), so far, little is known about the
specific contributions of midbrain–striatal connections
to the way reinforcements are used to guide decision
making. A recent study showed prediction error-related
responses in the VS and the VTA, and provided evi-
dence for a functional coupling between both regions
(D’Ardenne, McClure, Nystrom, & Cohen, 2008). Here, we
went beyond this study by showing how these striatal–
midbrain circuits might be involved in mediating dynamic
adjustments in decision making.

Using fMRI and a computational model of reinforce-
ment learning, we aimed to disentangle the use of
positive and negative reinforcements to guide decision
making in a two-arm bandit task with dynamically
changing reward allocations. Furthermore, by means of
functional connectivity analyses, we investigated specific
contributions of different striatal–midbrain connections
to how different reinforcements impact future decision
making.

Because both the DS and the VS have been suggested
to play specific roles in reinforcement learning by learn-
ing the action and reward value, respectively (Williams
& Eskandar, 2006; O’Doherty et al., 2004; Joel et al.,
2002), we hypothesized that information about rein-
forcements is represented in form of reward prediction
errors in the VS and the DS. Additionally, according to
animal studies (Haber, 2003), we hypothesized that the
VS and the DS are differentially connected to different

midbrain regions. Finally, we hypothesized that the
integrity of midbrain–striatal connectivity plays a critical
role in the use of reinforcements to guide future deci-
sion making (Belin & Everitt, 2008; Faure, Haberland,
Conde, & El Massioui, 2005). Specifically, if reinforce-
ment-related activity in the midbrain is used to update
action values in the DS, the way different subjects use
this information should depend on the functional con-
nectivity between the midbrain and the DS, but not
necessarily the VS.

METHODS

Participants

Nineteen right-handed subjects (10 women, aged 24–
31 years, mean = 25.7 ± 0.45 years) participated in the
study. Subjects had normal or corrected-to-normal vi-
sion, reported having no psychiatric conditions, and
gave written consent to participate. The study was
approved by the local ethics review committee of the
Charité—Universitätsmedizin Berlin.

Experimental Design

During fMRI acquisition, subjects performed a reward-
based decision-making task with dynamically changing
action–reward contingencies (Figure 1A). In each of
200 trials (100 per session), subjects first saw two ab-
stract targets on the screen and were asked to choose
one of them as quickly as possible by pressing the left
or right button with the left or right thumb on a res-
ponse box (maximum decision time: 2 sec). A blue box
surrounding their chosen target and feedback (green
smiling face for positive feedback or a red frowning face
for negative feedback) was simultaneously shown for
1 sec. The trials were separated with a jittered interval
of 1 to 6.5 sec. In each session two abstract targets
were randomly selected for each subject and displayed
one on the left and the other one on the right side of
the screen and remained there over the whole session.
In each trial, one side leads to a positive feedback and
the other to a negative feedback (no neutral feedback;
only positive or negative). The task provided three dif-
ferent allocations of reward probability for left versus
right responses (i.e., rule) that changed unpredictably
for the subject during the experiment: 20:80, 50:50,
and 80:20 (left/right) probability of reward. The rule
reversed after a minimum of 10 trials and after the sub-
ject had reached at least 70% accuracy. If the rule was
not learned after 16 trials, the task went over to the
next condition automatically. Before entering the scan-
ner, subjects performed a practice version of the task
(without reversal component) to be introduced to the
probabilistic character of the task. Subjects were in-
structed to win as often as possible.
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Reinforcement Learning Model

Blood oxygenation level-dependent (BOLD) data and
behavioral responses were analyzed using a standard
reinforcement learning model (Sutton & Barto, 1998).
Similar models have been used previously to analyze
behavioral and neural data (Cohen, 2007; Cohen &
Ranganath, 2007; Haruno & Kawato, 2006; Pessiglione
et al., 2006; Cohen & Ranganath, 2005; Samejima et al.,
2005).

The model used a reward prediction error (d) to
update action values or decision weights (w) associated
with each response (left and right) (Schultz, 2004;
Holroyd & Coles, 2002; Egelman, Person, & Montague,
1998; Schultz, Dayan, & Montague, 1997). Thus, after
receiving a positive feedback, the model generates a
positive prediction error which is used to increase the
size of the action value of the chosen option (e.g., the
right-hand target). In contrast, after receiving negative

feedback, the model generates a negative prediction
error, which is used to decrease the size of the action
value of the chosen option, making the model less
likely to choose that decision option on the following
trial. Specifically, the model uses the soft-max mecha-
nism to generate the probability ( p) of choosing the
right-hand target on trial t as the logit transform of
the difference in the action values in each trial (wt)
associated with each target, passed through a biasing
sigmoid function (Montague, Hyman, & Cohen, 2004;
Egelman et al., 1998).

pðrightÞt ¼
ewðrightÞt

ewðrightÞt þ ewðleftÞt

After each trial, a prediction error (d) is calculated as
the difference between the outcome received (r = 0

Figure 1. Experimental design and behavioral results. (A) Structure of the dynamic decision-making task. Subjects first saw two targets for

up to 2 sec (or reaction time). After selecting one with a button press, a blue frame surrounded the chosen target and either positive (reward)

or negative (loss) feedback (reward or loss, left or right middle panel, respectively) was shown for 1 sec. Then, a fixation cross was shown
for 1 to 6.5 sec. (B) Average of individual learning rates a(win) and a(loss). Asterisk indicates significant difference at the p < .001 level and

error bars indicate standard error of mean. (C) Scatterplot depicts relationship between a(win) (x-axis) and learning speed ( y-axis, average number

of trials until the rule was learned). (D) Scatterplot depicts relationship between a(loss) (x-axis) and p(loss/switch) ( y-axis, proportion of loss

trials after which subjects switched to the opposite target to all loss trials). Solid black lines represent best fitting regression lines.
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or 1 for losses and wins) and the action value for the
chosen target:

dt ¼ rt � wðchosenÞt

for example, d = 1 � w(right)t in case of a positive out-
come after choosing the right-hand target. The action
values are then updated according to:

wtþ1 ¼ wt þ p� aðoutcomeÞ � dt

where p is 1 for the chosen and 0 for the unchosen
target, a(outcome) is a set of learning rates for positive
(a(win)) and negative outcomes (a(loss)), which scale
the effect of the prediction error on future action values,
with a high learning rate indicating a high impact of that
type of reinforcement on future behavior. Given that
information about rewards and punishments are differ-
ently used by the brain to guide future behavior, these
parameters should predict different aspects of subjects’
behavior and brain processes. Learning rates were in-
dividually estimated by fitting the model predictions
( p(right)) to subjects’ actual behavior. We used the mul-
tivariate constrained minimization function (fmincon)
implemented in MATLAB 6.5 for this fitting procedure.
Initial values for learning rates were a(win) = a(loss) =
0.5 and for action values, w(left) = w(right) = 0.5.

Behavioral Analyses

Two dependent variables of behavioral performance
were used: (1) learning speed and (2) p(loss/switch).
Learning speed was defined as the average number of
trials until the rule in 20:80 and 80:20 conditions was
learned (80% correct responses over a sliding window
of 5 trials). p(loss/switch) was defined as the propor-
tion of loss trials after which subjects switched to the
opposite target, to the total number of loss trials. Thus,
learning speed is an indicator of maintaining the re-
warded action even in the face of probabilistic losses,
whereas p(loss/switch) is an indicator of avoiding the
unrewarded option.

To test whether the individually estimated learning
rates a(win) and a(loss) predict different aspects of
subjects’ behavior, both learning rates were simulta-
neously regressed against p(loss/switch) and learning
speed, respectively, using multiple regression.

In order to examine the correspondence between
model predictions and subjects’ behavior, model pre-
dictions were compared with the actual behavior on a
trial-by-trial basis. To do this, we gave the model (pro-
vided with individual learning rates) the unique history
of choices and reinforcements of each subject to re-
ceive a vector of models’ probability of choosing the

right-hand target ( p(right)) for each trial. Subjects’ trial-
wise behavior was coded as zeros and ones for left- and
right-hand responses, respectively. Model predictions
were then regressed against the vector of subjects’
choices and individual b-coefficients were taken to a
second-level random effect analysis using a one-sample
t test.

MRI Acquisition and Preprocessing

Functional imaging was conducted using a 3.0-Tesla
GE Signa scanner with an eight-channel head coil to ac-
quire gradient-echo, T2*-weighted echo-planar images.
For each of the two sessions, 310 volumes (�12 min)
containing 29 slices (4 mm thick) were acquired. The
imaging parameter were as follows: repetition time
(TR) = 2.3 sec, echo time (TE) = 27 msec, a = 908,
matrix size = 96 � 96, and a field of view (FOV) of
260 mm, thus yielding an in-plane voxel resolution
of 2.71 mm2. We were unable to acquire data from the
ventromedial part of the orbito-frontal cortex (OFC) due
to susceptibility artifacts at air–tissue interfaces. A T1-
weighted structural dataset was collected for the pur-
pose of anatomical localization. The parameters were as
follows: TE = 3.2 msec, matrix size = 196 � 196, FOV =
240 mm, 1 mm slice thickness, a = 208. Due to technical
problems, we were unable to acquire structural scans
from two subjects.

Functional data were analyzed using SPM5 (Wellcome
Department of Imaging Neuroscience, Institute of Neu-
rology, London, UK). The first three volumes of each
session were discarded to allow for magnetic saturation
effects. For preprocessing, images were slice time cor-
rected, realigned and unwrapped, spatially normalized
to a standard T2* template of the Montreal Neuro-
logical Institute (MNI), resampled to 2.5 mm isotropic
voxels, and spatially smoothed with an 8-mm FWHM
kernel.

fMRI Data Analyses

To investigate the neural responses to feedback va-
lence, independent of learning conditions, we set up
a general linear model (GLM) with the onsets of each
feedback type as regressors. Three feedback types were
included: (1) reward outcomes, (2) loss outcomes fol-
lowed by a switch (loss/switch), and (3) loss outcomes
not followed by a switch (loss/stay) in behavior. Re-
ward trials could not be broken down into similar sub-
groups because of too few reward/switch trials. The
stick functions were convolved with a hemodynamic
response function (HRF) provided by SPM5 to account
for the sluggishness of the BOLD signal. The regressors
were simultaneously regressed against the BOLD sig-
nal in each voxel using the least squares criteria, and
contrast images were computed from the resulting
parameter estimates.
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To examine neural responses that correlate with on-
going reward prediction errors during reinforcement
guided decision-making, we set up a second GLM with
a parametric design (Buchel, Holmes, Rees, & Friston,
1998). In this model, the stimulus functions for reward
and loss feedback were parametrically modulated by
the trial-wise prediction errors derived from the rein-
forcement learning model using individually estimated
learning rates. The modulated stick functions were
then convolved with an HRF to provide the regressors
used in the GLM. These regressors were then orthogo-
nalized with respect to the onset regressors of reward
and loss trials and regressed against the BOLD signal.
Individual contrast images were computed for predic-
tion error-related responses and taken to a second-level
random effect analysis using one-sample t test. Thresh-
olds were set to p < .001, uncorrected with an extend
threshold of 15 continuous voxels. Because reward pre-
diction errors are thought to act as a teaching signal, this
analysis should reveal regions involved in updating ac-
tion values.

To investigate the interplay between striatal subre-
gions and midbrain during reinforcement-guided deci-
sion making, functional connectivity of the DS and the
VS was assessed using the ‘‘psychophysiological interac-
tion’’ term (Cohen, Elger, & Weber, 2008; Cohen, Heller,
& Ranganath, 2005; Pessoa, Gutierrez, Bandettini, &
Ungerleider, 2002; Friston et al., 1997). Two psycho-
physiological interaction models were set up to assess
functional connectivity of the (1) DS and (2) VS inde-
pendently. Clusters in the DS and VS, in which activ-
ity correlated significantly ( p < .001, k = 15) with
reward prediction errors, were used as seed regions of
interest (ROIs). The method used here relies on corre-
lations in the observed BOLD time-series data and
makes no assumptions about the nature of the neu-
ral event that contributed to the BOLD signal (Cohen
et al., 2008). For each model, the entire time series
over the experiment was extracted from each subject
in the clusters of the left and right (dorsal or ventral)
striatum, respectively. Regressors were then created
by multiplying the normalized time series of the left
or right striatum with condition vectors that contain
ones for six TRs after each Right versus Left hand �
Reward versus Loss feedback, respectively, and zeros
otherwise. Thus, the four condition vectors for Right
versus Left hand � Reward versus Loss feedbacks were
each multiplied with the time course of the contralat-
eral striatum. These regressors were then used as co-
variates in a separate regression. The time series between
the left and right hemispheres within each striatal
subregion were highly correlated (averages across runs
and subjects were r = .82 and r = .70 in the DS and
the VS, respectively). Therefore, after estimation, pa-
rameter estimates of left- and right-hand regressors
were collapsed, and thus, represent the extent to
which feedback-related activity in each voxel corre-

lates with feedback-related activity in the DS and the
VS, respectively. In other words, connectivity estimates
represent the extent to which activity in the VS and
the DS, respectively, contribute to the responsiveness
of distinct other regions to reward or loss. Individual
contrast images for reward > loss feedback were then
computed for both models and entered into second-
level one-sample t tests. To identify significant function-
al connectivity, we used a more stringent threshold of
p < .05, family-wise error (FWE) corrected for whole
brain, with a cluster threshold of k = 10 voxels.

In order to confirm the statistical significance of the
finding from the whole-brain analyses of different pat-
terns of functional connectivity between the DS and the
VS on the one hand, and different midbrain regions
on the other, a three-way ANOVA on connectivity esti-
mates in midbrain ROIs was performed. For this, ROIs
within the anatomical boundaries of the midbrain were
defined as follows: left and right dorsal/posterior (d/p)
midbrain ROIs were defined from significant clusters
in the reward > loss contrast of the DS seed model.
On the other hand, left and right ventral/anterior (v/a)
midbrain ROIs were defined from significant clusters
in the reward > loss contrast of the VS seed model.
Functional connectivity parameter estimates from both
models (DS and VS seed) were then extracted from
the reward > loss contrast in these four midbrain ROIs
and entered into a 2 � 2 � 2 (VS vs. DS seed � v/a vs.
d/p midbrain ROI � Left vs. right side) repeated mea-
sures ANOVA. We hypothesized that the DS and the VS
were differentially connected to d/p and v/a midbrain
regions. Thus, the critical effect in the ANOVA is the
Striatal-seed by Midbrain-ROI interaction.

To test whether the impact of positive and negative
reinforcements on subsequent decision making de-
pends on the integrity of functional DS–d/p midbrain
connectivity, individual functional connectivity parame-
ter estimates during reward and loss feedback were cor-
related with individual estimates of a(win) and a(loss),
respectively. Because a(win) and a(loss) represent the
individual degree of learning from either reinforcement,
we predicted that a(win) correlates positively with DS–
d/p midbrain connectivity during reward trials and that
a(loss) correlates positively with DS–d/p midbrain con-
nectivity during loss trials but not vice versa [i.e., a(win)
with DS–d/p during loss and a(loss) with DS–d/p dur-
ing win). Due to these directed hypotheses, one-tailed
tests of significance were used.

Anatomical localizations were carried out by overlay-
ing statistical maps on a normalized structural T1-
weighted image averaged across subjects and with
reference to an anatomical atlas (Duvernoy, 1999).
Additionally, MNI coordinates were transformed in the
Talairach space and corresponding areas were identified
with reference to the atlas provided by Talairach and
Tournoux (1988). Precise anatomical localization of
midbrain structures is difficult in fMRI, even at high
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spatial resolution. As mentioned in the Discussion sec-
tion, our results are consistent with anatomical sources
in the VTA and the SN; however, we refer to these
activations as ‘‘dorsal/posterior (d/p)’’ (possibly cor-
responding to the SN) and ‘‘ventral/anterior (v/a)’’ (pos-
sibly corresponding to the VTA). These activations are
also consistent with others who have reported fMRI
activations in midbrain structures (D’Ardenne et al.,
2008; Wittmann, Schiltz, Boehler, & Duzel, 2008; Adcock,
Thangavel, Whitfield-Gabrieli, Knutson, & Gabrieli, 2006;
Bunzeck & Duzel, 2006; Menon & Levitin, 2005; Wittmann
et al., 2005; Aron et al., 2004).

RESULTS

Behavioral Results

On average, reaction times were 561 msec (±23) and
subjects won in 71% (±0.5) of trials. Subjects needed
7.56 trials (±0.18) on average to learn the rule and
switched after 44.6% (±4.0) of all loss trials to the
opposite target.

Average estimated learning rates were 0.70 (±0.04)
and 0.49 (±0.06) for a(win) and a(loss), respectively,
and differed significantly [t(18) = 4.38, p < .001], in-
dicating that positive and negative reinforcements
had different effects on subsequent decision making
(Figure 1B). Besides that, a(win) and a(loss) were
correlated to some degree (r = .58, p < .01), indi-
cating that although rewards and punishments contrib-
uted differently to reinforcement guided decision
making, there seems to be a tendency to learn from
experience per se that varied between subjects.

To assess whether different learning rates captured
different aspects of behavior, a(win) and a(loss) were
simultaneously regressed against the two dependent
variables of this study [learning speed and p(loss/
switch)]. A multiple regression of both learning
rates on learning speed fitted significantly [R2 = .56,
F(2, 16) = 10.36, p < .001] but only a(win) contrib-
uted significantly to the regression [ba(win) = �2.69,
t(18) = �3.25, p < .005; Figure 1C], whereas a(loss)
did not [ba(loss) = �0.46, t(18) = �0.65, p = .46]. In
contrast, in the regression against p(loss/switch) [R2 =
.57, F(2, 16) = 10.45, p < .001], a(loss) [ba(loss) =
0.49, t(18) = 3.54, p < .005; Figure 1D], but not
a(win) [ba(win) = 0.06, t(18) = 0.33, p = .75] contrib-
uted significantly. This double dissociation indicates
that both learning rates captured different behavioral
aspects of reinforcement-guided decision making, and
thus, their validity.

The reinforcement learning model with individual
learning rates predicted subjects’ behavior quite well;
the average b-coefficient was significantly above zero
[b = 3.82 ± 1.57, t(18) = 10.62, p < .001]. Indeed,
this regression coefficient was statistically significant
in each subject (all ts > 10.58). However, there was

still a large variability in the model fits (variance
of b = 2.47), that is, across subjects the model pre-
dicted behavior with different accuracy.

fMRI Results

A GLM with the onsets of each feedback type (re-
ward, loss/switch, loss/stay) as regressors revealed sig-
nificant activity in the left amygdala/hippocampus,
the medial prefrontal cortex (mPFC, BA 10; Figure 2A),
the precuneus/posterior cingulate cortex (BA 30),
and the inferior parietal cortex (BA 40) in the reward >
loss contrast (Table S1). The opposite contrast, loss >
reward, revealed enhanced activity in the anterior cin-
gulate cortex (ACC, BA 32; Figure 2B), extending to
premotor areas (BA 8/6), and the lateral OFC (BA 47),
extending to the insula cortex (BA 13, Table S1). En-
hanced activity in the loss/switch > loss/stay contrast
was revealed in the left and right lateral OFC (BA 47;
Figure 2C) as well as in the dorsal ACC (BA 32), bi-
lateral parietal areas, and pre- and postcentral gyrus
(Table S1). No region showed significant activation in
loss/stay > loss/switch trials at the p < .001 level.

Figure 2. BOLD responses to feedback. (A) The mPFC showing

enhanced activity to reward > loss outcomes. (B) The ACC and the
insula showing enhanced activity to loss > reward trials. (C) The left

and right lateral OFC and the dorsal ACC showing enhanced activity

during loss/switch compared to loss/stay trials. Statistical maps are

thresholded at p < .001, uncorrected (k = 15) and overlaid on a
normalized structural image averaged across subjects.
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Model-based fMRI Results

Trial-wise reward prediction errors correlated with
BOLD signal in bilateral DS and bilateral VS in four
separable clusters (Figure 3A) as well as in the ACC
(BA 32) extending to the premotor cortex (BA 8),
the dorsolateral prefrontal cortex, the OFC, and the
parietal cortex (Table S2). Activity in the VS was local-
ized at the ventral intersection between the putamen
and the caudate nucleus [MNI x, y, z coordinates,
left: �10 8 �5, t(18) = 5.51; right: 15 5 �5, t(18) =
4.28], whereas in the DS, activity peaked in the dorsal
anterior caudate nucleus [left: �10 5 10, t(18) =
4.33; right: 15 8 15, t(18) = 4.62]. Figure 3B depicts
mean parameter estimates of the correlation between
BOLD responses and model-generated prediction
errors separately for positive (win trials) and nega-
tive prediction errors (loss trials) in all four activity
clusters. In the VS and the DS, BOLD responses were
positively correlated with both positive and negative
prediction errors; the higher the positive prediction
error, the higher the BOLD response, whereas the
lower (more negative) the negative prediction error,
the lower (more negative) the BOLD response. Param-
eter estimates of positive prediction errors were signif-
icantly higher compared to that of negative prediction
errors in the VS [t(18) = 2.22, p < .05 and t(18) =
2.36, p < .05, for left and right VS, respectively], but
not in the DS ( p = .31 and p = .19, for left and
right DS, respectively).

To determine whether the fit of the model to the
neural data was related to the model fit of the behav-
ioral data (Cohen, 2007), mean parameter estimates
from left and right, DS and VS clusters were correlated
with individual b-coefficients of behavioral fit. As shown
in Figure 3C, the better the model predicted the behav-

ior, the better the model fit to the neural data (left VS:
r = .74, right VS: r = .61, left DS: r = .64, right DS:
r = .77; all ps < .005). This further demonstrates that
these striatal prediction error responses are related to
reinforcement learning.

Functional Connectivity Results

We found significantly ( p < .05, FWE corrected, k =
10) enhanced connectivity during reward compared
to loss trials between the VS seed and bilateral v/a
midbrain regions (Figure 4A), the right hippocampus,
the pons, and the cerebellum (Table 1). In contrast,
the bilateral d/p midbrain regions (Figure 4B), the
right hippocampus, the thalamus, and the cerebellum
showed significantly enhanced connectivity with the
DS in reward > loss (Table 1). Detailed maps of
both midbrain regions are shown in Figure S1. The dis-
tances between the peak voxels in v/a and d/p midbrain
are 15.1 mm and 9.9 mm in the left and right hemi-
spheres, respectively.

A Striatal-seed (DS vs. VS) � Midbrain-ROI (d/p vs.
v/a) � Side (left vs. right) ANOVA on connectivity pa-
rameter estimates during reward > loss revealed a
significant main effect for midbrain ROI [F(1, 18) =
13.10, p < .01], indicating enhanced connectivity of DS
and VS with d/p compared to v/a midbrain but neither a
main effect of striatal-seed region [F(1, 18) = 0.78,
p = .39] nor side [F(1, 18) = 1.05, p = .32]. Additionally,
we found a significant Striatal-seed � Midbrain-ROI �
Side interaction [F(1, 18) = 5.24, p < .05] but neither
a Striatal-seed � Side [F(1, 18) = 1.92, p = .18] nor a
Midbrain-ROI � Side interaction [F(1, 18) = 2.11,
p = .16]. The critical Striatal-seed � Midbrain-ROI in-
teraction was significant [F(1, 18) = 17.25, p < .001],

Figure 3. Prediction error responses. (A) Regions in the ventral striatum (VS) and the dorsal striatum (DS) in which BOLD signal was

significantly correlated with reward prediction errors. Statistical map is thresholded at p < .001, uncorrected, k = 15, and overlaid on a normalized

structural image averaged across subjects. (B) Parameter estimates of the correlation between model-generated prediction errors and BOLD

response in the left DS, right DS, left VS, and right VS (from left to right, top to bottom) for win (white bar) and loss (gray bar) prediction errors
separately. Asterisks indicate significant differences at the p < .05 level and error bars indicate standard error of mean. (C) Scatterplots depict

the relationship between the fit of the model to the behavioral data (x-axis, b-coefficients) and the fit of the model to the BOLD signal in the

left DS and right DS, in the left VS and right VS ( y-axis, parameter estimates), respectively. Solid lines represent best fitting regression lines.
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indicating that the DS and the VS are differentially
functionally connected to different midbrain regions.
Specifically, as shown in Figure 4C, whereas the
VS was connected to both d/p and v/a midbrain re-
gions, the DS was significantly more strongly function-
ally connected to the d/p compared to v/a midbrain
[t(18) = 5.77, p < .001] and the VS was significant-
ly more strongly functionally connected to the v/a
midbrain than the DS [t(18) = 2.49, p < .05]. This
Striatal-seed � ROI interaction was significant in both
the left- and right-hemisphere midbrain as indicated by
two separate Striatal-seed � Midbrain-ROI repeated

measures ANOVAs [F(1, 18) = 18.91, p < .001 and
F(1, 18) = 7.91, p < .05, for left and right midbrain
ROIs, respectively].

According to findings regarding the specific role of
DS in reinforcement learning (Williams & Eskandar,
2006) and its connection to the SN (Haber, 2003), we
hypothesized that the effect of different reinforcements
on future behavior depends on the integrity of DS–d/p
midbrain connections. Specifically, we hypothesized that
a(win) should positively correlate with DS–d/p midbrain
connectivity during reward and a(loss) should corre-
late positively with DS–d/p midbrain connectivity during

Figure 4. Functional

connectivity with the ventral

striatum (VS) and the dorsal

striatum (DS). Midbrain
regions that show enhanced

functional connectivity with

(A) the VS and (B) the DS
during reward compared to

losses. Statistical maps are

thresholded at p < .05, FWE

corrected for multiple
comparisons (whole brain),

k = 10, and overlaid on a

normalized structural image

averaged across subjects. (C)
Interaction plots of functional

connectivity estimates

(reward > loss) between the
DS and VS seeds and the

dorsal/posterior (d/p) and

ventral/anterior (v/a) midbrain

ROIs. Left: Connectivity
estimates of DS (gray line) and

VS (white line) seed plotted as

a function of midbrain ROI

(d/p vs. v/a midbrain). Right:
Connectivity estimates in d/p

(gray line) and v/a midbrain

(white line) ROI plotted as a
function of striatal seed (DS vs.

VS). Error bars indicate

standard error of mean.

Asterisks indicate significant
differences at the *p < .05

and **p < .001 level. (D)

Scatterplots depict the

significant relationship
between a(win) (left) and

a(loss) (right) on the one hand

(x-axes) and functional DS–left

d/p midbrain connectivity in
win (left panel) and loss trials

(right panel) on the other

hand ( y-axes). Solid lines
represent best fitting

regression lines.
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loss outcomes but not vice versa. The results confirmed
this hypothesis: In the left hemisphere, a(win) was
significantly positively correlated with DS–d/p connec-
tivity during reward outcomes (r = .40, p < .05, one-
tailed; Figure 4D, left) and a(loss) was significantly
positively correlated with DS–d/p connectivity during
loss outcomes (r = .57, p < .05, one-tailed; Figure 4D,
right). Critically, the opposite correlations [i.e., a(win)
with DS–d/p during loss and a(loss) with DS–d/p dur-
ing win] as well as the correlations between learning
rates and VS–v/a midbrain connectivity during reward
and loss outcomes were not significant (all ps > .15). In

the right hemisphere, a(loss) was significantly positively
correlated with DS–d/p during loss outcomes (r = .39,
p < .05, one-tailed), but a(win) was not significantly
positively correlated with DS–d/p connectivity during
reward outcomes ( p = .44, one-tailed). Again, the oppo-
site correlations (all ps > .17) as well as the correlations
between learning rates and VS–v/a midbrain connectivity
during reward and loss outcomes were not significant
(all ps > .08).

Furthermore, we tested for the same pattern of
correlations using the behavioral variables p(loss/switch)
and learning speed instead of a(loss) and a(win),
respectively. The strength of functional connectivity
between DS and d/p midbrain during loss outcomes was
significantly positively correlated with p(loss/switch) in
both hemispheres (r = .67, p < .05 and r = .63, p <
.05, one-tailed for left and right hemispheres, respec-
tively). Accordingly, there was a trend toward a negative
correlation between the strength of functional DS–d/p
midbrain connectivity during win and learning speed
(number of trials to reach learning criteria) in both
hemispheres (r = �.38, p = .06 and r = �.32, p = .09,
one-tailed for left and right hemispheres, respectively).

Because the task used in this study was a spatial
learning task and it has been suggested that striatal–
hippocampus connections are essential for space-related
reward learning (Izquierdo et al., 2006; Rossato et al.,
2006), we also searched for similar patterns of correla-
tions in functional striatal–hippocampus connectivity.
However, we did not find any significant correlation
between striatal–hippocampus connectivity and learn-
ing rates in either direction (all ps > .10). Thus, the ob-
served pattern of correlations seems to be specific to
DS–d/p midbrain connectivity.

DISCUSSION

In this study, we examined functional connectivity be-
tween striatal and midbrain subregions and the neural
basis of how positive and negative reinforcements are
used to guide decision making. We found that differ-
ent striatal regions, specifically its dorsal and ventral
compartments, in which activity correlated with reward
prediction errors, are differentially connected to mid-
brain subregions, particularly with regard to its d/p and
v/a compartment. Notably, whereas the VS was function-
ally connected to both the v/a and d/p midbrain, the DS
was significantly more strongly functionally connected
to the d/p than the v/a midbrain. We used a computa-
tional reinforcement learning model to generate individ-
ual estimates of how subjects use rewards and losses
separately to guide their behavior in a two-arm bandit
task. Individual differences in functional connectivity
between the DS and d/p midbrain predicted the impact
of positive and negative outcomes on future decision
making. Our results suggest a specific role of striatal–

Table 1. Functional Connectivity Results

MNI

Region Name
Brodmann’s

Area (BA) x y z t

DS Connectivity Reward > Loss, FWE Corrected, p < .05,
k = 10

L dorsal/posterior
midbrain

�10 �28 �13 8.63

R dorsal/posterior
midbrain

15 �23 �15 11.79

R hippocampus 25 �20 �18 7.54

L parahippocampal
gyrus

34 �18 5 �20 8.48

L superior temporal
gyrus

22 �53 �13 3 7.92

L insula 13 �43 �23 0 8.09

L thalamus �15 �5 15 10.30

L caudate �10 5 10 9.29

R caudate 13 5 10 8.69

L cerebellum �28 �38 �35 8.69

VS Connectivity Reward > Loss, FWE Corrected, p < .05,
k = 10

L ventral/anterior
midbrain

�13 �15 �20 9.04

R ventral/anterior
midbrain

8 �18 �20 7.57

R dorsal/posterior
midbrain

13 �23 �15 8.01

R hippocampus 28 �20 �20 8.14

L pons �5 �30 �28 10.47

L ventral striatum �18 0 �10 7.17

R ventral striatum 15 3 �8 7.94

L cerebellum �10 �45 �28 8.61

R cerebellum 10 �45 �28 8.89
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midbrain connections in updating action values in the
striatum, and thus, provide novel insights into the neural
mechanisms underlying reinforcement-guided decision
making.

We found activity in the mPFC, in the amygdala/
hippocampus, and in the posterior cingulate cortex re-
lated to positive outcomes, which have been shown to
code the appetitive value of both primary and secondary
reinforcements (Gottfried & Dolan, 2004; Knutson,
Fong, Bennett, Adams, & Hommer, 2003). Activity in
the ACC, in the insula, and in the lateral OFC was re-
lated to negative reinforcement. It has been shown
that these regions represent the value of aversive and
punishing stimuli (Seymour et al., 2004; O’Doherty,
Kringelbach, Rolls, Hornak, & Andrews, 2001). Activity
related to behavioral switch after negative outcomes
was observed in the lateral OFC and in the ACC.
These results are in line with previous studies which
have investigated BOLD responses to behavioral adjust-
ment (Cohen et al., 2008; Wrase et al., 2007; Hampton,
Bossaerts, & O’Doherty, 2006; O’Doherty, Critchley,
Deichmann, & Dolan, 2003; Cools, Clark, Owen, &
Robbins, 2002). In general, these findings replicate the
results of previous studies on reinforcement process-
ing, and thus, set the stage for the further investiga-
tion of the mechanisms of how reinforcements are used
to guide decision making.

Intuitively, in situations with only two different op-
tions, it may seem difficult to disentangle whether an
individual learns to choose the advantageous option
by either learning that one option leads to positive
feedback or that the other leads to negative feedback.
Of course, both processes contribute to learning but
there are individual differences in which process dom-
inates (Cohen & Ranganath, 2005; Frank et al., 2004,
2005). Here, using a computational model of reinforce-
ment learning, we were able to disentangle both pro-
cesses by estimating learning rates for positive and
negative outcomes that reflect the degree of learning
from either reinforcement separately (i.e., their effect
on subsequent behavior). We found a double dissocia-
tion such that either learning rate predicted a different
aspect of subjects’ behavior. Specifically, a(win) pre-
dicted the ability to maintain the rewarded action even
in the face of probabilistic losses (learning speed),
whereas a(loss) predicted the individual tendency to
avoid the unrewarded option [ p(loss/switch)] but not
vice versa. This confirms the validity of these learning
rates as shown in previous studies (Cohen & Ranganath,
2005).

Trial-by-trial prediction errors generated by the re-
inforcement learning model using individual learning
rates correlated with activity in separable clusters in the
dorsal and ventral striatum. Prediction error responses
in the VS have been shown previously in classical as
well as operant conditioning tasks (Cohen, 2007; Kim,
Shimojo, & O’Doherty, 2006; Pessiglione et al., 2006;

O’Doherty et al., 2004; McClure, Berns, & Montague, 2003;
O’Doherty, Dayan, et al., 2003; Pagnoni, Zink, Montague,
& Berns, 2002). These responses, measured with fMRI,
are dopamine-modulated (Pessiglione et al., 2006), indi-
cating that they indeed reflect the reward-related firing
of dopaminergic midbrain neurons known from elec-
trophysiologic investigations that are thought to guide
learning and goal-directed behavior (Reynolds et al.,
2001; Schultz & Dickinson, 2000; Hollerman & Schultz,
1998). Prediction error responses in the DS have been
shown exclusively in learning tasks in which reward de-
livery was dependent on operant responses (Schonberg
et al., 2007; Haruno & Kawato, 2006; Haruno et al., 2004;
O’Doherty et al., 2004; Tricomi, Delgado, & Fiez, 2004).
Schonberg et al. (2007) showed that prediction error
responses in the DS but not in the VS distinguished
learners from nonlearners and correlated with the in-
dividual degree of learning. Such results confirm find-
ings from animal research, which have raised the notion
of an actor–critic model of the basal ganglia, in which
the VS is involved in reward prediction and the DS
uses this information to bias action selection in favor
of the advantageous option (Atallah et al., 2007; Williams
& Eskandar, 2006; Samejima et al., 2005; O’Doherty et al.,
2004; Ito, Dalley, Robbins, & Everitt, 2002; Joel et al.,
2002).

Recently, Williams and Eskandar (2006) have shown
that activity in the DS in rhesus monkeys correlates with
instrumental learning and that microstimulation of the
dorsal anterior caudate nucleus during the reinforce-
ment period enhanced the learning of cue–action asso-
ciations, and thus, strengthened action values. The more
input the DS gets during reinforcement, the more
reinforcement information can be used to bias future
actions. Atallah et al. (2007) provided evidence that in
rats, whereas the VS is critical for learning, the DS is
important for selecting the appropriate option. Accord-
ing to them, there are two ways the VS might direct
the DS. First, the VS could modulate activity in the
OFC, which maintains action–reward contingencies
that, in turn, exerts top–down control over the DS
(Frank & Claus, 2006; Joel & Weiner, 1994). Here, the
critical pathway that determines how reinforcements are
used by the DS to guide future action would be the
OFC–DS connection. Alternatively, the VS might provide
reinforcement information to the DS by exerting mod-
ulatory control over dopaminergic projections from the
SN to the DS. The VS projects to the SN, which in turn
projects to the DS (Haber, 2003; Joel & Weiner, 2000).
Thus, the critical connection would be the SN–DS
pathway. Supporting the latter mechanism, Belin and
Everitt (2008) provided evidence that the VS exerts
control over dorsal striatal processes via dopaminergic
midbrain connections.

Our results confirm these findings: To examine striatal–
midbrain connections, we used the striatal regions iden-
tified in the prediction error analysis as seed regions in
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a functional connectivity analysis. We found significant
functional connectivity of the DS with d/p midbrain
regions, whereas the VS was functionally connected to
the v/a and d/p midbrain. These findings are consistent
with animal studies showing that prediction error re-
sponses in the striatum are generated in the midbrain
(Schultz & Dickinson, 2000; Hollerman & Schultz, 1998).
Furthermore, we found a significant Striatal-seed �
Midbrain-ROI interaction, indicating that the VS was
connected to both midbrain regions, whereas the DS
was connected to the d/p midbrain solely. Neurophysi-
ologic investigations in primates have, indeed, shown
that the DS and the VS are differently connected to
the midbrain (Haber, 2003; Haber et al., 2000). Specif-
ically, the VS is reciprocally connected to the VTA
but also sends input to the SN, which in turn is recip-
rocally connected to the DS (Haber et al., 2000; Lynd-
Balta & Haber, 1994b).

The anatomical subdivisions in the midbrain are re-
latively small compared to the size of an MRI voxel
used in our study so that it is difficult to localize pre-
cisely the VTA and the SN. However, the pattern of
findings in our study is consistent with BOLD genera-
tors in the VTA and the SN. First, the anatomical local-
ization of our v/a and d/p midbrain activation is similar
to the anatomical localization of the VTA and the SN,
respectively in primates (Haber et al., 2000). Second,
the pattern of functional connectivity to the DS and the
VS itself is consistent with the pattern of anatomical
connections found in animal studies (Haber et al.,
2000; Lynd-Balta & Haber, 1994a, 1994b). Other studies
were also able to investigate distinct midbrain regions,
specifically the VTA, using fMRI (D’Ardenne et al.,
2008; Wittmann et al., 2005, 2008; Wittmann, Bunzeck,
Dolan, & Duzel, 2007; Adcock et al., 2006; Bunzeck
& Duzel, 2006; Menon & Levitin, 2005). Additionally,
one fMRI study identified functional connectivity be-
tween the midbrain and the striatum during learning
(Aron et al., 2004). Furthermore, a recent study showed
a correlation between reward-related BOLD responses
in the VS and the VTA using high-resolution imaging
(D’Ardenne et al., 2008). Therefore, it seems plausible
to assume that the v/a and d/p midbrain identified in
our study correspond to the VTA and the SN, respective-
ly. Nevertheless, it might be interesting to replicate this
pattern of functional connectivity using high-resolution
fMRI.

The degree of functional connectivity between the DS
and the d/p midbrain (presumably the SN) during re-
ward and loss feedback correlated with individual learn-
ing rates, a(win) and a(loss), respectively. This was not
the case for the functional connectivity between the VS
and the v/a midbrain (presumably the VTA). The stron-
ger the functional connectivity between the DS and the
SN during a certain feedback type, the more that feed-
back had an effect on future actions; DS–SN connectiv-
ity predicted how subjects used reinforcements to

guide future decisions. To our knowledge, this is the
first human study that supports evidence in animal
research indicating that inputs from the SN drive instru-
mental learning and action selection in the DS (Belin &
Everitt, 2008; Williams & Eskandar, 2006; Faure et al.,
2005; Joel & Weiner, 2000). Given this mechanism, our
results imply that the more input the DS gets during
reinforcement, the more this reinforcement biases ac-
tion selection. This interpretation is consistent with
results from primate studies (Williams & Eskandar,
2006). In our data, this pattern was selective to striatal–
midbrain connectivity and was not present in the ob-
served striatal–hippocampus connectivity. Connections
between the striatum and the hippocampus, as observed
in our study, have been implicated in space-related
reward learning (Izquierdo et al., 2006; Rossato et al.,
2006; Goto & Grace, 2005), but our data suggest that
their integrity do not determine the degree of learn-
ing from different feedback types. Previous studies
have shown that the degree of learning from either rein-
forcement depends on various dopaminergic condi-
tions, such as dopamine genetics, dopaminergic drugs,
and diseases that target dopaminergic transmission spe-
cifically in the SN (Cohen et al., 2007; Frank, Moustafa,
et al., 2007; Frank, Scheres, et al., 2007; Klein et al., 2007;
Frank, 2005). An interesting hypothesis regarding the
impact of different reinforcements on learning is that
this should also be revealed in a task that incorporates
win versus nonwin and loss versus nonloss outcomes.
In this case, a nonloss in the context of a possible loss
might be interpreted as a reward (Kim et al., 2006), and
thus, the reward learning rate should also correlate
with the strength of DS–SN connectivity during nonloss
feedback.

A limitation of our experimental design is that it does
not allow the distinction between stimulus and action
values. Therefore, it is possible that action and/or stim-
ulus values are updated via SN–DS pathways. However,
it is clear that the learning rates used here ref lect
mechanisms of updating behavior according to rein-
forcements. Future studies could use tasks that investi-
gate the updating of stimulus and action representations
separately. Another limitation is that the correlation
between functional connectivity estimates and learning
rates was modest and should be replicated in future
studies. However, these correlations are orthogonal to
the definition of the midbrain ROIs that were used. To
our knowledge, this is the first investigation into the
relation between functional connectivity and model-
estimated behavioral performance. Furthermore, we
acknowledge that it is not possible to interpret the
direction of information flow or the underlying neuro-
transmitters using functional connectivity measure-
ments. However, our results are in line with the
notion that the SN sends information about reinforce-
ments via dopaminergic projections to the DS that uses
this information to bias action selection.
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In conclusion, here we found reward prediction
error responses in the VS and the DS during a dynamic
reward-based decision-making task. The DS and the VS
were differentially connected to different midbrain re-
gions, the SN and the VTA, respectively. Furthermore,
we have shown that the way different reinforcements
are used to guide future decisions critically depends on
the integrity of DS–SN connectivity. Therefore, our re-
sults support the hypothesis that the VTA sends a teach-
ing signal in form of a reward prediction error to the
VS that is used to predict rewards. The VS, on the
other hand, projects this signal back to the SN, which
in turn projects it to the DS in order to bias action
selection in favor of the advantageous option (Belin &
Everitt, 2008; Haber et al., 2000; Joel & Weiner, 2000).
Our results further imply that the latter pathway is
crucial for the way different reinforcements influence
future decisions, but not the preceding pathways. Thus,
VS–VTA connections might be important for reward pre-
dictions, whereas DS–SN connections contribute specif-
ically to the use of reinforcements to guide actions.
These findings might also help to shed light into the
learning deficits observed in patients with Parkinson’s
disease (Shohamy et al., 2004; Myers et al., 2003; Knowlton,
Mangels, & Squire, 1996), where dopaminergic neurons
in the SN are diminished (Ito et al., 1999; Owen et al.,
1992).
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