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a b s t r a c t
The anterior cingulate cortex (ACC) is implicated in performance monitoring and cognitive control. Nonhuman primate studies of ACC show prominent reward signals, but these are elusive in human studies,
which instead show mainly conﬂict and error effects. Here we demonstrate distinct appetitive and aversive
activity in human ACC. The error likelihood hypothesis suggests that ACC activity increases in proportion to
the likelihood of an error, and ACC is also sensitive to the consequence magnitude of the predicted error.
Previous work further showed that error likelihood effects reach a ceiling as the potential consequences of an
error increase, possibly due to reductions in the average reward. We explored this issue by independently
manipulating reward magnitude of task responses and error likelihood while controlling for potential error
consequences in an Incentive Change Signal Task. The fMRI results ruled out a modulatory effect of expected
reward on error likelihood effects in favor of a competition effect between expected reward and error
likelihood. Dynamic causal modeling showed that error likelihood and expected reward signals are intrinsic
to the ACC rather than received from elsewhere. These ﬁndings agree with interpretations of ACC activity as
signaling both perceptions of risk and predicted reward.
© 2009 Elsevier Inc. All rights reserved.

Introduction
Executive control theories require the ability to monitor behavioral consequences and, when necessary, exert goal-directed control
over behavior. Anterior cingulate cortex (ACC) has been implicated
in performance monitoring and cognitive control (Carter et al., 1998;
Botvinick et al., 1999). Research has identiﬁed the ACC and
surrounding medial prefrontal cortex (mPFC) as an area that
responds to error commission and error feedback (Gemba et al.,
1986; Hohnsbein et al., 1989; Gehring et al., 1990) as well as
response conﬂict (Botvinick et al., 1999; MacDonald et al., 2000).
Recently, combined fMRI and computational modeling studies
showed that ACC activity is proportional to the likelihood of
committing an error, even controlling for error and conﬂict effects
(Brown and Braver, 2005). Additional studies motivated by a priori
predictions of the error likelihood model have shown that ACC is,
more generally, sensitive to expected risk (Brown and Braver, 2007),
i.e. the combination of error likelihood and the potential severity of
the error. ACC activity related to anticipation of risk seems to drive
risk avoidance (Magno et al., 2006; Brown and Braver, 2007). Despite
the success of the error likelihood model, previous neuroimaging
results showed an under-additive interaction of anticipated error
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consequence magnitude and error likelihood (Brown and Braver,
2007), which was not predicted by the model. This suggests that an
additional factor may be involved in driving ACC activity. Evidence
from single-unit recording, fMRI, and ERP studies suggests that ACC
is not only sensitive to error commission, but also to prediction and
processing of rewarding events. Neurons in monkey ACC and nearby
supplementary motor area become increasingly activated in proportion to the temporal proximity (Amador et al., 2000; Shidara and
Richmond, 2002; Ito et al., 2003) and predicted level of reward
(Amiez et al., 2005).
While effects of both error likelihood and, in monkeys, the level of
reward have been observed in ACC and related areas, it remains
unclear how these effects combine in ACC. Here we test between two
competing hypotheses of how reward prediction signals might
combine with risk prediction (error likelihood and anticipated error
consequence magnitude) signals in human ACC. One possibility, the
modulation hypothesis, suggests that increased anticipated reward
will increase the sensitivity to error likelihood and potential error
consequence magnitude. Intuitively, a subject might not care about
error likelihood if there is no reward to be gained. This would account
for the previous ﬁnding that as the potential magnitude of error
consequences increases, sensitivity to error likelihood decreases,
because expected value decreases. An alternative hypothesis, the
competition hypothesis, suggests that reward anticipation and error
likelihood can each activate ACC, and activation by one reduces
sensitivity to another. In support of this hypothesis, competition
between reward-seeking and risk-avoidant behavior has been
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proposed to explain group differences in decision-making tasks
(Yechiam et al., 2005). This would also account for the under-additive
interaction between error likelihood and anticipated consequence
magnitude. Nonetheless, the two hypotheses make strong competing
predictions: if anticipated error magnitude is held constant, increases
in anticipated reward magnitude should increase error likelihood
effects under the modulation hypothesis but decrease error likelihood
effects under the competition hypothesis.
A question raised by the competing hypotheses outlined above
is, in the event that ACC activity is inﬂuenced by anticipated
reward magnitude, either through competition or modulation, then
what is the source of information about reward magnitude to the
ACC? One possibility is that ACC receives input from additional
areas in the brain, and that these signals are integrated by the ACC
along with information about error likelihood and risk prediction.
The integration hypothesis suggests that brain regions whose
activity reﬂects predictions of reward magnitude should have a
causal inﬂuence on ACC activity. Alternately, the ACC itself may
compute a prediction of reward magnitude independent of similar
calculations which occur elsewhere in the brain. The computation
hypothesis suggests that brain areas outside ACC which show
effects of reward magnitude are causally independent of ACC
activity, or that they themselves may be causally affected by ACC
activity. These additional hypotheses may be differentiated by
analyses designed to determine causation amongst brain regions
(e.g., DCM; Friston et al., 2003).
Methods
To examine the potential role of reward magnitude of a task on
ACC activity related to error likelihood, we implement a modiﬁed
version of the Incentive Change Signal Task (ICST; (Brown and Braver,
2005, 2007), as shown in Fig. 1. The modiﬁed ICST here manipulates
error likelihood and changes in reward magnitude while controlling
for error consequence magnitude.
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Participants
Participants (N = 24, 13 female, ages 19 to 36, average age 23, and
right handed) were recruited from the campus of Indiana University,
Bloomington and surrounding areas, using ﬂyers posted in public
spaces. Participants were paid $25 per hour plus a performance bonus
(see below) averaging approximately $6.70. Recruiting and experimental procedures were approved by the Indiana University Institutional Review Board.
Behavioral task
The Incentive Change Signal Task (ICST) (Brown and Braver, 2007)
is a modiﬁed version of the change signal task (Brown and Braver,
2005) and was implemented in E-Prime (Psychology Software Tools,
Pittsburgh, PA). The ICST consisted of four phases: color cue, target,
response, and feedback (Fig. 1). At the beginning of each trial two
horizontal dashes were displayed in the center of the screen. Dashes
were one of four colors: white, brown, yellow, or light blue. Each color
was paired with one of the four possible combinations of error
likelihood (high and low) and average reward magnitude (high and
low). These pairings were counterbalanced across all participants, and
the pairings were constant across all trials for an individual
participant. Trials were presented pseudo-randomly. After the dashes
were displayed for 1000 ms, an angle brace appeared to the right or
left of the dashes, forming an arrow pointing either left or right (48 pt
font). The direction of the arrow indicated which response the
participant was to make. On change signal trials (1/3 of all trials), an
additional arrow (96 pt font) appeared above the ﬁrst arrow and
pointing in the opposite direction, indicating that the participant was
to cancel the initial response and make a response according to the
second arrow. The stimuli remained visible for 1000 ms after the
appearance of the ﬁrst arrow. The change signal delay (CSD) between
onset of the initial arrow and the second arrow was adjusted by an
asymmetric stairstep algorithm to maintain target error rates, and the

Fig. 1. Incentive Change Signal Task. A modiﬁed version of the Change Signal Task presented in Brown and Braver (2007). Subjects earn $0.01 for correct trial and $0.00 for incorrect
trials in the low reward magnitude condition, and $0.02 for correct trials and $0.01 for incorrect trials in the high reward magnitude condition. Error rates were controlled at 50% for
the high error likelihood condition and 5% for the low error likelihood condition.
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CSD was adjusted independently for each of the four colors. For
the low error likelihood (EL) conditions, the CSD was adjusted to
achieve an error rate of 5% on change signal trials, while an error
rate of 50% was maintained for the high error likelihood
conditions. On each change trial, the CSD was increased for a
correct trial, while incorrect trials decreased the CSD. After
presentation of the stimuli and expiration of the response deadline,
the screen was blank for 500 ms, after which visual feedback was
provided to the participants for 1000 ms. For correct trials,
feedback consisted of the word ‘Correct’ and 4 digits indicating
how many points the participant earned for the trial. For incorrect
trials, participants saw the word ‘Incorrect’ in addition to the
number of points earned. The number of points earned on each
trial depended both on the outcome (correct or incorrect) of the
trial as well as the average reward magnitude (RM) condition. For
the high RM condition, subjects earned 2000 pt for a correct trial
and 1000 pt for an incorrect trial, while in the low RM condition
subjects earned 1000 pt for a correct trial and 0 pt for an incorrect
trial. Participants were informed that their points were to be
converted directly to a cash payment at the end of the session.
Points were converted at the rate of 1000 pt for each US $0.01.
Participants were not informed of the conversion rate of points to
dollars prior to participation, nor were they given direct information regarding their accumulated point total. We found in pilot
studies that subjects performed with greater motivation for large
amounts of points, with conversion factors revealed after the
session, than for the equivalent relatively small monetary payment.
After feedback, the screen remained black for a minimum of
1500 ms until the start of the next trial. Intertrial intervals (ITI)
were jittered by adding 0, 2000, 4000, or 6000 ms (3 TRs) to the
ITI. Jitter delays were chosen by a weighted random selection of
each of the possible durations; the weights for each of the jitter
durations were 30, 12, 5 and 2, respectively, allowing for efﬁcient
estimation of the HRF (Burock et al., 1998).
Participants performed 6 blocks of 82 trials per block in the
scanner. Participants were trained on the task prior to scanning in
order to familiarize them with the task instructions, but not the
speciﬁc reward magnitude and error likelihood conditions. Training
typically consisted of fewer than the 82 trials comprising a single
block. Subjects learned the payoff amounts and probabilities
associated with each color cue condition solely by experience
while performing the task in the scanner, as in previous studies
(Brown and Braver, 2005, 2007). Differences in BOLD signals due to
effects of reward magnitude and error likelihood are therefore the
result of experience with the task during scanning, and not previous
training.
In the task design, reward magnitude was manipulated by adding
1000 pt to the outcomes such that a correct response in the high
reward magnitude condition was worth 1000 pt more than a correct
response in the low reward magnitude condition, and, similarly, an
error was worth 1000 pt more in the high reward magnitude
condition than in the low reward magnitude condition. Average
reward is commonly calculated as the sum of the probability of each
potential outcome multiplied by the value of that outcome; in the
current task, manipulation of error likelihood necessarily affects the
actual expected value of each condition. In high error likelihood
conditions, a participant is more likely to commit an error, leading to a
lower average reward than in the low error likelihood condition.
Critically, however, changes in average reward are the same across
conditions: the difference between the average reward (high RM and
low RM) in the low error likelihood conditions is the same as the
difference in the high error likelihood condition (see Fig. 1). By
manipulating the predicted reward magnitude, the task design allows
us to distinguish between the modulation hypothesis and competition
hypothesis, as follows. Greater predicted reward magnitude should
lead to greater error likelihood effects under the modulation

hypothesis but smaller error likelihood effects under the competition
hypothesis.
Individual differences
Previous studies have found that error likelihood-related activity
in ACC may vary with individual differences related to risky behavior
(Brown and Braver, 2007, 2008). Since risk-taking behavior may
inﬂuence error likelihood effects, participants were given the
Domain-Speciﬁc Risk Taking inventory (DOSPERT;(Weber et al.,
2002) in order to assess individual propensities for risk. The DOSPERT
measures risk-taking behavior within different domains (Social,
Recreational, Gambling, Investment, Ethical, and Health/Safety). In
the context of reinforcement learning, the propensity to engage in
risky behaviors may also be related to impaired or altered function of
neuromodulatory systems such as dopamine that underlie reinforcement learning (Riba et al., 2008). For the ICST, aversion to risky
ﬁnancial behavior, and especially gambling, is most relevant to the
incentive component of the task.
Functional imaging
Functional images were acquired using a Siemens 3 T Trio MRI
scanner with images slices tilted 30° toward the coronal plane from the
AC-PC line for whole-brain coverage (EPI, 33 slices, 3 mm slice thickness,
TR= 2000 ms, TE= 25, ﬂip angle = 70, FOV = 220 × 220 mm, 64× 64
voxel in-plane resolution). T1-weighted structural images for each
participant were also acquired (160 sagittal slices, 1 mm slice
thickness, TR = 2300 ms, TE= 3.93, ﬂip angle = 12, pixel width inplane = 0.5 mm).
Event-related responses were estimated using a general linear
model approach and analyses conducted using SPM5 and the Marsbar
toolkit for ROI analyses (Brett et al., 2002). A GLM was estimated for
each subject using a total of 17 regressors: a constant term, 6
regressors for movement, and 10 regressors for experimental
conditions. Eight regressors were used to model correct trials for all
combinations of levels of high vs. low reward magnitude, high vs. low
error likelihood, and change vs. go trials (i.e., trials in which a change
signal was either presented or not presented). Events were timelocked to the onset of each trial (appearance of angle brace indicating
which response the subject should make) and were modeled as
having duration of 0 s (as is standard in SPM). Error trials were
modeled by two regressors, one for errors made for change trials, and
another for errors committed when no change signal was presented
or when no response was made. Beta values for model regressors
were estimated using the SPM canonical hemodynamic response
function (HRF). Analyses for main effects, interactions, and pairwise
comparisons were done at the 2nd-level (random effects), and
performed only for correct go trials at the whole-brain level. Planned
analyses included tests for error likelihood effects (correct/go/high
EL − correct/go/low EL), tests for main effects of reward magnitude
(correct/go/high RM − correct/go/low RM) as well as the interaction
of reward magnitude and error likelihood for correct go trials. Except
where noted, regions of interest for additional analyses were selected
by the peak area of activation for clusters of activation that passed
whole-brain (family-wise error) correction for planned analyses.
Dynamic causal modeling
We investigated potential causal relationships between regions
showing a signiﬁcant main effect of reward magnitude and ACC using
dynamic causal modeling (DCM; Friston et al., 2003). DCM treats
interconnected brain regions as a nonlinear input–state–output
system which is sensitive to experimental perturbations. Bayesian
estimation is used to estimate parameters for the direct inﬂuence of
exogenous inputs (e.g., experimental manipulations) on system
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states, the coupling of states, and parameters that modulate state
coupling. The Bayesian framework is combined with a forward model
of how neural activity is affected by input and produces measured
BOLD responses.
For each extracingulate brain area showing signiﬁcant main effects
of reward magnitude we constructed four DCM models embodying
four possible causal relationships (summarized in Fig. 2): (1)
unidirectional causation originating from ACC, (2) unidirectional
causation originating from outside the cingulate, and reciprocal
causation originating either from (3) ACC or (4) extracingulate
areas. DCM models were estimated individually for each subject,
taking the average time course of activity of voxels within a sphere
(5 mm radius) centered on the peak coordinates found for group level
contrast. For each model, speciﬁc conditions (levels of reward
magnitude and error likelihood) were included as modulatory
inﬂuences on connection strengths. For reciprocally connected
models, modulatory parameters were estimated for both connections.
Model parameters for individual subjects were estimated using
an Expectation Maximization algorithm (Friston et al., 2003) under
the SPM5 framework. In order to determine the optimal of two
candidate models, the evidence for each model, approximated by
either the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), is used to compute a Bayes Factor (Penny et al.,
2004). Generally, the BIC penalizes a model more than the AIC for
added model complexity. In our analyses, we adopt the convention
suggested by Penny et al., that evidence for one model over another
exists if the AIC and BIC agree, and the minimum (if both AIC and BIC
are greater than 1) or maximum (if less than 1) of the two is taken. If
the AIC and BIC disagree about which model is optimal, the Bayes
Factor for that model comparison is set to 1 (equal evidence for both
models).
For each set of four models described above, a Bayes Factor was
computed for each model against the three alternative models for
each subject. An average Bayes Factor for each model comparison was
computed across all subjects to determine the overall evidence for
that model (Penny et al., 2004; Smith et al., 2006), computed as the
nth-root of the product of the Bayes Factor for N individual subjects:

Average Bij =

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Y
n
Bij
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other three candidate models were selected for further analysis, with
the additional requirement that the model was selected as the optimal
for a majority of subjects (13 or more). The computation of the
average Bayes Factor is sensitive to outliers, and one subject was
removed due to extreme values.
Results
Behavioral results
A two-way analysis of variance showed no signiﬁcant main effect
of error likelihood, reward magnitude or interaction effect on reaction
time (RT) for correct, go trials, (F(3,92) = 0.15, p N 0.05) consistent
with previous results (Brown and Braver, 2007), indicating that ACC
activity related to error likelihood effects was not confounded with RT
effect. Mean RTs were 730.06 ms (sd = 127.82 ms) for High RM/Low
EL trials, 737.61 ms (sd = 123.40 ms) for High RM/High EL trials,
729.34 ms (sd = 126.62 ms) for Low RM/High EL trials, and 725.73 ms
(sd = 127.16 ms) for Low RM/Low EL trials (for all go, correct trials).
Additionally, observed error rates were 50.32% for the High EL
conditions and 9.09 % for Low EL conditions. These were signiﬁcantly
different from each other and consistent with target error rates.
The change signal delay (CSD) between cue onset and presentation of the delay signal (if any) was manipulated dynamically in order
to maintain target error rates. A potential confound might exist if the
change signal delay period was inﬂuenced by levels of reward
magnitude or interactions of reward magnitude and error likelihood.
A two-way analysis of variance was performed on each subject's ﬁnal
CSD in each RM/EL condition for go/correct trials. A main effect of
error likelihood on CSD was observed as expected (F(1,92) = 176.48,
p b 0.01). However, there was neither a main effect of reward
magnitude (F(1,92) = 0.04, p N 0.05) nor was the interaction (reward
magnitude × error likelihood) signiﬁcant (F(1,92) = 0.13), p N 0.05).
The DOSPERT gambling subscale has a range of 4 (most riskaverse) to 20 (most risk seeking). Subjects scored an average of 6.00
on the DOSPERT gambling subscale, with a standard deviation of 2.96.
Sixteen subjects scored at or below the mean. Overall, the majority of
subjects were strongly averse to gambling risk-taking, suggesting that
a failure to ﬁnd error likelihood effects would not be due to individual
differences.

n

Error likelihood
where B is the Bayes Factor; n is the number of models, and i and j are
models being compared. Group average Bayes Factors that exceeded a
critical threshold (2.72, (Penny et al., 2004)) for one model vs. the

We found error likelihood effects consistent with previous ﬁndings
(Brown and Braver, 2005, 2007) in dorsal ACC. Results for the main

Fig. 2. Dynamic causal modeling. DCM models were created to examine the causal structure (if any) between ACC and extracingulate regions. Information between two areas may
ﬂow in a single direction (Models 1 and 3), or information may originally be available to one region, and the subsequent activity of both regions is inﬂuenced by reciprocal
connectivity (Models 2 and 4). Furthermore, effective connectivity between the two regions might be modulated by one or more task variables.
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effect of error likelihood, (High EL − Low EL) showed signiﬁcant
activation at the cluster level (peak activation at MNI +4, −4, 52; 207
voxels; t(23) = 4.52, p b 0.001, corrected). Of note, this region was
slightly more caudal than regions with similar effects found in
previous studies (Brown and Braver, 2005, 2007). Tests for the main
effect of reward magnitude (High RM − Low RM) failed to show
signiﬁcant effects in the dorsal ACC region. Pairwise comparisons of
error likelihood for both levels of reward magnitude suggested a
potential interaction of error likelihood and reward magnitude. The
contrast for error likelihood in the low reward magnitude conditions
(Low RM/High EL − Low RM/Low EL) yielded signiﬁcant results at the
cluster level (t(23) = 5.59, p b 0.005 corrected). For the low RM error
likelihood contrast, a region of interest was observed with a peak
activation at +6, − 4, 46 (MNI coordinates; Fig. 3A) and containing
186 voxels, while no other region showed signiﬁcant effect for this
contrast. The full-brain error likelihood contrast for the high RM
conditions (High RM/High EL − High RM/Low EL) yielded a qualitatively weaker result for this same region (t(23) = 1.505, p N 0.05
corrected). Since effects of error likelihood are more pronounced for
the pairwise contrast (Low RM/High EL − Low RM/Low EL), we use
the ROI with peak activation at + 6, −4, 46 for our subsequent
investigation of causal inﬂuences on ACC.
One potential concern with the task design is that ACC activity
during the pre-response period is not easily discriminated from
feedback signals due to correct or error responses. So might reward
magnitude signals in ACC reﬂect greater actual reward instead of
greater anticipated reward? To address this, we note that there was no
main effect of reward magnitude in the identiﬁed ACC region, so it is
not the case that ACC reﬂects differences in the value of the actual

reward for that trial. Furthermore, we note that ACC activity for
correct Go trials is highest for the Low RM/High EL condition, in which
average reward is lowest, so again ACC activity does not correlate
positively with the actual reward outcome of the trial.
Competition vs. modulation
As suggested by pairwise comparisons showing weaker error
likelihood effects in the high reward magnitude condition, further
analyses were conducted to investigate a potential interaction
between reward magnitude and error likelihood in ACC. In order
not to bias the results, the cluster in ACC identiﬁed for the main effect
of error likelihood with peak of activity at + 4, −4, +52 was used to
conduct an ROI analysis. Within this region, we discovered a
signiﬁcant interaction (t(23) = 2.79, p b 0.01, uncorrected) for the
interaction contrast (High RM/Low EL + Low RM/High EL) − (High
RM/High EL + Low RM/Low EL), suggesting that error likelihood
effects are smaller in the high RM condition than in the low RM
condition. Fig. 3C shows that increases in reward magnitude lead to an
apparent saturation, such that increases in error likelihood cause a
proportionally smaller increase in ACC activity.
Is ACC activity saturating? If so, this may suggest that the
modulation hypothesis cannot be ruled out, since a similar pattern
would be produced if there were such a ceiling effect. In order to
rule out the possibility that ACC activity does indeed saturate, we
tested whether activity in the same ROI (+4, − 4, −52) for
Change/Error Trials was greater than activity in the same region for
Change/High RM/High EL/Correct Trials. There was a signiﬁcant
effect of Error within the region (t(23) = 4.67, p b 0.001, peak at

Fig. 3. Reward magnitude and error likelihood. (A) Error likelihood effects were observed in dorsal ACC. No other areas showed signiﬁcant activation for error likelihood. (B) Tests for
main effects of error likelihood and reward magnitude within this region conﬁrm error likelihood effects, but show no signiﬁcant difference in activity for reward magnitude. Error
bars reﬂect standard error. (C) ACC responds to both reward magnitude and error likelihood. However, these effects appear to saturate for high levels of RM and EL. Error bars reﬂect
standard error. All analyses were for correct, go trials only.
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MNI coordinates −2, + 6, 44). This indicates that activity in ACC
does not saturate since we would expect no signiﬁcant difference in
activation for error trials if activity were already at peak for Correct
trials.
Furthermore, it may be seen from the pattern of activation that ACC
activity is not merely proportional to average reward in the task (Fig.
3C). If ACC responded proportionally to increases in average reward,
we would expect activity to be greatest in the High RM/Low EL
condition, whereas if ACC activity is inversely proportional to average
reward (i.e., low activity for conditions with high average reward), we
would expect activity to be lowest in the High RM/Low EL condition.
From Fig. 3C, we can see that the High RM/Low EL condition yields
neither the greatest nor the least activation, indicating that ACC does
not simply track reward magnitude or lack thereof.
Overall, these results are consistent with the competition
hypothesis as discussed above in the introduction but cannot be
accommodated by the modulation hypothesis, which incorrectly
predicts that error likelihood effects in ACC should be greater in the
High RM condition.
Origin of reward magnitude effects in ACC
Given that ACC activity appears to reﬂect competition between
reward anticipation and error likelihood, the next question is where
the anticipatory signals related to expected reward originate from.
Previous studies (Seymour et al., 2004; Knutson et al., 2005), in
addition to the present ﬁndings, suggest that ACC is part of a network
of brain areas that process reward information. The presence of an
interaction between reward magnitude and error likelihood in ACC
suggests that regions which encode reward magnitude alone may be
functionally connected to ACC, and that the reward magnitude of a
task could be expected to contribute to cognitive control by
inﬂuencing activity in ACC. Information about expected value appears
to be encoded in a distributed fashion throughout the brain (Knutson
et al., 2005); one possibility is that ACC receives signals from one or
more of these areas pertaining to reward magnitude. The alternative
hypothesis is that ACC computes the predicted reward magnitude
internally. These hypotheses are tested below. Our approach to this
question is to ﬁrst identify regions with effects of reward magnitude,
then ascertain whether these regions exert a causal inﬂuence on ACC
activity using dynamic causal modeling (DCM).
Regions showing main effects of reward magnitude
Tests for the main effect of reward magnitude (High RM–Low
RM) showed no differences in the region of ACC which showed
effects of error likelihood in the low RM condition (ROI + 6, − 4,
+46, t(23) = 2.5095, p N 0.05 corrected). However, main effects of
reward magnitude were observed in three regions (Fig. 4; locations
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of peak activation given): parahippocampal gyrus (PH; ROI −26,
−18,−20, t(23) = 4.45, p = 0.01 corrected), ventral striatum (VStr;
ROI 8.2, − 6, t(23) = 4.79, p b 0.05 corrected), and inferior frontal
gyrus (IFG; ROI − 54, 30, 6, t(23) = 3.75, p b 0.05 corrected). These
areas showing main effects of reward magnitude are consistent
with previous imaging studies using reinforcement learning tasks
(Elliott et al., 2000; Knutson et al., 2005; Rolls et al., 2008).
DCM results
Table 1 shows sets of model comparisons testing for a causal
relationship between ACC and the three areas showing effects of
reward magnitude. Of the three sets of models tested, only two sets
yielded positive evidence for a model in which the Bayes Factor for
that model exceeded the threshold in comparison to all other three
candidate models, and for which that model was preferred for a
majority of the subjects. The results show a causal inﬂuence of ACC on
PH and VStr, while there was insufﬁcient evidence to determine a
direction of causality between ACC and IFG. Average parameter
estimates for the optimal model in each set are additionally given in
Table 1. Positive parameter estimates suggest excitatory connections
from ACC to VStr but not vice versa. Similarly, a negative connection
parameter estimate for the ACC → PH model suggests that ACC
inhibits activity in PH. However, this may also indicate that higher
levels of reward magnitude are associated with less inhibitory
inﬂuence. The contrasts between levels for the reward magnitude
parameter estimate, however, were not signiﬁcant, so this remains an
open question. The pattern of parameter estimates for modulatory
inﬂuence of reward magnitude in this case suggests that for higher
levels of reward magnitude, less inhibition occurs. However, a t-test
of this relationship failed to yield signiﬁcant results.
Since none of the areas showing main effects of reward magnitude
were shown to have a causal inﬂuence on ACC, these results support
the computation hypothesis, while the integration hypothesis cannot
be accommodated by the present analyses. Nonetheless, we were
concerned that reward magnitude signals might also originate from
medial orbitofrontal cortex (MOFC), or that midbrain structures
involved in reward processing might deliver reward magnitude
information to ACC. We attempted to address this question with a
second set of DCM analyses which included a region in medial
orbitofrontal cortex (MOFC) which was observed for the contrast High
RM–Low RM, but did not survive corrections for multiple comparisons. Previous studies (Knutson et al., 2005) have found expected
value-related activity in a similar area. An ROI analysis in this area
showed signiﬁcant differences for the High RM–Low RM contrast (t
(1,23) = 4.10, p b 0.01, uncorrected). Averaged activity time courses
were extracted from individual subjects as described above, and four
additional sets of DCM models were analyzed (MOFC to ACC, VStr, PH,
and IFG). However, no evidence was found for a causal relationship

Fig. 4. Main effect of reward magnitude. Three clusters (left panels) showed signiﬁcant activation for reward magnitude (High RM − Low RM): (A) ventral striatum, (B)
parahippocampal gyrus, and (C) inferior frontal gyrus.
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Table 1
Dynamic causal modeling. Of the seven sets of models initially tested, four yielded positive evidence of a causal relationship between two regions. Group average Bayes Factors for the
comparison between the optimal model in each set and the three alternative models are given in the left four columns. Parameter estimates for the optimal model, averaged across all
subjects are given in the middle, and contrasts between levels of modulation are shown on the right. An asterisk indicates signiﬁcance at the 0.05 level. Complete results are included
in Supplementary material.
Selected model

Alternative models

Average parameter estimates
Input wt.

→ ACC → VStr
Avg. BF
→ ACC → PH
Avg. BF
→ ACC → IFG
Avg. BF

→ACC ↔ VStr
69.92
→ACC ↔ PH
78.23
→ACC ↔ IFG
67.56

ACC ← VStr ←
60.19
ACC ← PH ←
9.27
ACC ← IFG←
2.35

ACC ↔ VStr←
727.94
ACC ↔ PH←
390.47
ACC ↔ IFG←
64.27

0.114⁎

Conn. wt

0.249⁎

Modulators

Contrast of modulators

High RM

Low RM

High EL

Low EL

HRM–LRM
t(1,23)

HEL–LEL
t(1,23)

− 0.0833

− 0.0835

− 0.038

− 0.129

− 0.006

2.08⁎⁎

− 0.008

− 0.108

− 0.789

2.06⁎⁎⁎

0.039

− 0.056

− 0.102

1.36

0.11⁎

− 0.051

− 0.0725

− 0.0434

0.119⁎

−0.197⁎⁎

− 0.011

− 0.006

⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎⁎⁎ p b 0.1.

between ACC and MOFC, indicating that ACC does not receive reward
magnitude signals from MOFC. Similar analyses which attempt to
localize midbrain structures underlying reward processing (e.g.,
substantia nigra) likewise yielded no evidence for a causal role on
ACC activity. These results are discussed in more detail in the
Supplementary material. Given the above, we conclude that ACC
computes the reward magnitude of an action internally.
Discussion
The present ﬁndings of distinct anticipatory reward and error
effects in human ACC provide a stronger bridge between the human
and monkey ﬁndings on performance monitoring. On the one hand,
earlier human studies mostly emphasized error and conﬂict detection
(Hohnsbein et al., 1989; Gehring et al., 1990; Carter et al., 1998;
Botvinick et al., 1999; MacDonald et al., 2000; Holroyd and Coles,
2002; Yeung et al., 2004). More recent human studies have begun to
emphasize anticipatory (Brown and Braver, 2005; Sohn et al., 2007;
Aarts et al., 2008) and regulatory (Roelofs et al., 2006; Behrens et al.,
2007) functions of ACC. On the other hand, monkey neurophysiology
studies including our own (Ito et al., 2003) have uniformly shown that
ACC provides distinct signals related to anticipated and actual reward
(Matsumoto et al., 2003; Amador et al., 2000; Procyk et al., 2000;
Shidara and Richmond, 2002; Amiez et al., 2005, 2006; Kennerley et
al., 2009). Our ﬁndings as a whole are consistent with a common
function of both human and monkey ACC, namely the evaluation of
the relative risks vs. rewards of an anticipated action (Kennerley et al.,
2006, 2009; Croxson et al., 2009; Kouneiher et al., 2009).
Our analysis showed that in agreement with previous studies
(Brown and Braver, 2005, 2007), a main effect of error likelihood was
found in ACC. While this ﬁnding provides additional support for the
error likelihood hypothesis, we note that the locus of activation is
somewhat more dorsal and posterior to areas of ACC which have
previously been observed to show effects of error likelihood, and
extends into extracingulate regions such as SMA. One reason for this
may be the differences in experimental manipulations in the present
study; previous studies manipulated error likelihood (Brown and
Braver, 2005) as well as expected risk (Brown and Braver, 2007)
without controlling for reward magnitude. A recent study (Kouneiher
et al., 2009) has suggested that more anterior aspects of mPFC code
the longer-term cost and value of behavior, but the more posterior
mPFC codes the more immediate reward and motivational factors of
an action. Our results are consistent with those ﬁndings. A more
recent study (Fujiwara et al., 2009) found activation in dorsal ACC
(Brodmann area 32) which integrated both gains and losses, similar to
the present task. In any case, the area identiﬁed is within the region
identiﬁed by (Bush et al., 2000) as being part of the cognitive division

of ACC, and extending into the posterior rostral cingulate zone (RCZp)
(Picard and Strick, 1996; Fan et al., 2008), consistent with other ACC
areas involved in cognitive and motor function (Beckmann et al.,
2009).
A previous study has reported a failure to replicate error
likelihood effects (Nieuwenhuis et al., 2007). How can the present
ﬁndings be reconciled with the apparent failure to replicate? In one
of our follow-up studies, we measured individual differences in risk
tolerance and found that error likelihood effects were strongly
present in risk-averse individuals but virtually absent in risktolerant individuals (Brown and Braver, 2007). This suggests the
possibility that our sample may have been more risk-avoidant, and
this was conﬁrmed by a gambling likelihood self-report (Weber
et al., 2002), consistent with our prior ﬁndings (Brown and Braver,
2007). The same study that questioned the replicability of error
likelihood effects also raised an important issue, which is whether
error likelihood effects are predicted by the paired cue or whether
they are confounded with the difﬁculty of performing the task itself
at the time of response. This remains an important open question
which the present study does not address: as shown in Fig. 1, the
interval between trial onset and the limit for responses, 2000 ms, is
too brief to effectively differentiate between the two intervals. Other
studies (e.g., Aarts et al., 2008) more directly address this question,
and appear to show that error likelihood-type effects are more
directly related to the performance of a task rather than to predictive
cues.
The present study was motivated by the question of whether and
how anticipated reward might interact with error likelihood effects in
ACC. Previous ﬁndings showed under-additive effects of error
likelihood and expected risk on ACC activity. Speciﬁcally, as error
likelihood and consequence severity continue to increase, the ACC
response appears to reach a plateau (Brown and Braver, 2007). This
ﬁnding differed from the predictions of the Error Likelihood
computational model, which did not predict a plateau but rather a
linear relationship between expected risk and ACC activity (Brown
and Braver, 2007). ACC is implicated in the processing of rewarding as
well as aversive events (Ito et al., 2003; Amiez et al., 2006; Berns et al.,
2008), and appears to participate in a network of brain areas
underlying reinforcement learning and eliciting behaviors necessary
for avoiding undesirable outcomes (Magno et al., 2006; Brown and
Braver, 2007).
One possible explanation for the discrepancy between computational model predictions and observed results is that, as a part of a
distributed reinforcement learning network, ACC is activated by the
likelihood and potential severity of an error, and the magnitude of this
effect could have been modulated by the predicted reward magnitude
associated with a condition. In other words, if an action is not likely to
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lead to signiﬁcant reward, why should the ACC respond to error
likelihood in that condition in the ﬁrst place? This is the modulation
hypothesis referred to above. Despite the apparent plausibility, the
modulation hypothesis could not account for the results of the present
study.
While the ROI analyses for the main effect of reward magnitude
failed to achieve signiﬁcance, tests for the interaction (reward
magnitude × error likelihood) yielded signiﬁcant results. Furthermore,
pairwise comparisons show that the effect of reward magnitude is
signiﬁcant only in the low error likelihood condition, while absent for
high error likelihood conditions. This pattern of activity shows that
reward magnitude has an under-additive effect on ACC activity and is
consistent with the competition hypothesis referred to above. Thus,
there appears to be a tradeoff between reward and punishment
sensitivity, such that greater activity in response to anticipated
reward allows less dynamic range for responses to anticipated
punishment in the form of error likelihood and potential consequence
magnitude (Croxson et al., 2009). In that case, individuals who are
more sensitive to anticipated reward might show reduced error
likelihood and error consequence magnitude sensitivity in ACC. This
seems to be the case for substance-dependent individuals in particular
(Yechiam et al., 2005).
Further evidence for the competition hypothesis is provided by our
analysis of causal relationships between regions showing effects of
reward magnitude in the current study and ACC. The results of the
DCM analysis are consistent with the hypothesis that ACC computes
an internal estimate of the reward value of a given action, and the
results provided no evidence that ACC integrates signals coding
reward magnitude computed elsewhere in the brain. To the contrary,
for two regions (PH and VStr), the optimal DCM suggests that ACC
exerts a causal inﬂuence on these regions, rather than vice versa.
Although there appears to be a causal relationship in these two
instances, this does not mean that ACC has direct anatomical
connectivity to PH and VStr; rather, it merely implies that ACC is
only functionally connected to these areas. Functional connectivity
may imply either direct projections from one brain region to another,
or that there are intermediate areas between two causally linked
regions. The lack of input to ACC containing direct reward magnitude
signals suggests that, in addition to learning representations of error
likelihood, ACC may also learn representations of predicted reward
magnitude, and that these representations may compete within ACC
for limited neural representation.
It may be somewhat surprising that our DCM analyses suggest that
ACC appears not to be the target of functional connections from
regions encoding levels of reward magnitude, especially considering
the large number of regions in the brain which are known to be
connected to ACC (Beckmann et al., 2009). One possible explanation
for our ﬁndings is that our DCM analyses modeled activity in ACC from
the onset of each trial; as a locus of performance monitoring, it may be
that ACC proactively exerts control, or signals the need for increased
control, to other brain areas prior to response generation and
feedback. It may be the case that if we instead modeled events in
the task based on response or outcome timing, we may ﬁnd the
opposite pattern of causal interactions. More work is needed to
address the question of how ACC and extracingulate areas of the brain
interact at various task periods.
ACC is thought to play a role in cognitive control and executive
function by signaling the need for increased control, while other brain
areas, especially dorsolateral prefrontal cortex (DLPFC), are responsible for implementing control (MacDonald et al., 2000; Botvinick et
al., 2001). In the present study, DLPFC was not considered in our
analyses, although previous work suggests that ACC should show a
strong causal relationship with it. Rather, we focused instead on
potential causal relationships between ACC and regions which were
observed to respond to information regarding reward, which did not
include DLPFC.
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A key goal of computational modeling is to account for observed
empirical results and to generate additional, testable predictions.
The present study was motivated in part by predictions of a
computational model—the error likelihood model—that suggested
an approximately linear relationship between ACC activity and
expected risk. Expected risk effects observed in human participants
showed an under-additive inﬂuence of anticipated error consequence magnitude and error likelihood in ACC, suggesting that an
additional factor such as reward magnitude is involved in the ACC
signal beyond that predicted by the error likelihood model. In this
paper, we investigated two alternative hypotheses about the effect
of reward magnitude on ACC activity, namely the modulation and
competition hypotheses. Our results support the competition
hypothesis, i.e. that predicted reward magnitude and error
likelihood both activate ACC, and that increased activity in response
to one decreases sensitivity to the other. While the competition
hypothesis is supported by the current evidence, the mechanism by
which such competition occurs is not yet clear. One possibility is
that signals encoding reward magnitude from regions outside the
ACC may drive ACC activity toward saturation. This seems unlikely
since, for trials in which an error was committed, the percent signal
change in the same ROI was greater than for non-error trials,
indicating that the observed pattern of effects was not the result of
saturation. Another possibility is areas projecting to ACC encode
components of reward magnitude (e.g., reward feedback for correct
vs. incorrect trials) and that ACC uses these components to learn
representations of reward magnitude which compete with similarly
learned representations of error likelihood. The present study failed
to ﬁnd conclusive evidence of predicted reward magnitude signals
which could inﬂuence ACC activity, lending support to the
hypothesis that ACC computes its own representation of predicted
reward magnitude, vs. an alternative hypothesis that ACC integrates
external signals. While the error likelihood model contained no
mechanism by which varying levels of reward magnitude could
inﬂuence ACC activity), the present study suggests that future
models of ACC should incorporate such a mechanism.
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