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When we make decisions, the benefits of an option often need to
be weighed against accompanying costs. Little is known, however,
about the neural systems underlying such cost–benefit computa-
tions. Using functional magnetic resonance imaging and choice
modeling, we show that decision making based on cost–benefit
comparison can be explained as a stochastic accumulation of cost–
benefit difference. Model-driven functional MRI shows that ventro-
medial and left dorsolateral prefrontal cortex compare costs and
benefits by computing the difference between neural signatures of
anticipated benefits and costs from the ventral striatum and amyg-
dala, respectively. Moreover, changes in blood oxygen level depen-
dent (BOLD) signal in the bilateral middle intraparietal sulcus reflect
theaccumulationof thedifference signal fromventromedial prefron-
tal cortex. In sum, we show that a neurophysiological mechanism
previously established for perceptual decision making, that is, the
difference-based accumulation of evidence, is fundamental also in
value-based decisions. The brain, thus, weighs costs against benefits
by combiningneural benefit and cost signals into a single, difference-
based neural representation of net value, which is accumulated over
time until the individual decides to accept or reject an option.

cost–benefit integration | valuation | diffusion model | model-based
functional MRI

When we make decisions, the benefits of a decision option
often need to be weighed against accompanying costs.

Cost–benefit integration, thus, is an important aspect of decision
making. However, value-based decision making is typically in-
vestigated in the context of decision uncertainty (1–3), so little is
known about the neural mechanisms underlying the integration of
costs and benefits as such.
Cost–benefit-based decisionmaking involves the binary decision

to either accept or reject a choice option based on two competing
attributes—the option’s expected rewards and losses. Such binary
accept-versus-reject decisions bear a strong resemblance to two-
alternative choices in perceptual decision making (4, 5). For ex-
ample, when monkeys performed a direction-of-motion discrimi-
nation task in which they had to decide whether a noisy field of dots
wasmoving in one direction or its opposite direction (e.g., leftward
or rightward) and indicated their choice with a quick eye move-
ment to the target on the respective side, motion-sensitive neurons
in middle temporal visual area MT either respond to leftward
motion or to rightward motion. Prefrontal and parietal neurons, in
contrast, form a decision by accumulating the difference in the
activities of populations of neurons in area MT that code for op-
posite directions of motion. The monkey’s saccade response is
faster when more dots are moving in one direction, and this effect
is predicted by the strength of the accumulated neuronal differ-
ence signal (6). A difference-based decision mechanism has also
been identified in the human dorsolateral prefrontal cortex
(DLPFC) during perceptual face-house decisions (4, 7). Thus, we
hypothesized that cost–benefit decisions involve an analogous
decisionmechanism, that is, the computation of a decision variable
that is based on the difference of neural reward and loss antici-

pation signals (cf. ref. 8 for a similar proposal in the context of
neurophysiological data).
In perceptual decision making, both monkeys’ behavior and

neural activity were accounted for by sequential sampling models
of decision making. Specifically, monkeys’ behavior shows
a speed–accuracy tradeoff, and neurons in the lateral intraparietal
cortex (area LIP) accumulate evidence in favor of a particular
decision alternative until a decision boundary is reached (9, 10).
Evidence accumulation toward a decision boundary is also the key
feature of sequential sampling models. Diffusion models, a pop-
ular type of sequential sampling models, assume a single directed
drift process Σ that accumulates noisy information over time and
moves with a rate μ toward one of two decision boundaries (Fig.
1A; cf. ref. 11). Importantly, sequential sampling models not only
describe accuracy and response time in perceptual and memory
tasks but can also describe value-based decisions (12, 13).
We hypothesized that weighing costs against benefits involves

the accumulation of the difference between stimulus-associated
benefits and costs over time. The benefits and costs related to the
decision are, according to this hypothesis, associated with com-
peting behavioral tendencies, that is, to either approach or avoid
the stimulus. The cognitive process of cost–benefit integration,
thus, is modeled as a drift toward either an upper (accept) or lower
(reject) decision boundary. At the brain level, we hypothesized that
the decision process involves separate representations of expected
reward and loss, in the ventral striatum (1) and amygdala (14, 15),
respectively, from which a comparison signal is computed. A
neural representation of the resulting cost–benefit difference sig-
nal, in turn, should be accumulated in parietal or prefrontal cortex
(cf. refs. 8, 16).
Diffusion models do not predict whether the cost–benefit dif-

ference is computed before or during the accumulation process,
and neurophysiological data from perceptual decision making so
far provide only indirect evidence as to the brain regions imple-
menting this comparison process. However, a number of func-
tional magnetic resonance imaging (fMRI) studies suggest that
ventromedial prefrontal cortex (VMPFC) represents a global
valuation signal (2, 17, 18), and lesion studies highlight VMPFC as
a necessary basis for value-based decision making (19, 20). We
thus hypothesized that VMPFC functions as a comparator region
computing the difference between neural reward and loss signals,
akin to the computation of perceptual difference signals in
DLPFC (6, 7). According to the diffusion model, blood oxygen
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level dependent (BOLD) signals in comparator regions should be
driven by the neural cost–benefit difference signal, and this effect
should be greater for participants who are more efficient in cost–
benefit integration (Fig. 1A). To test this hypothesis, we examined
which brain regions are functionally coupled to the difference of
neural reward and loss signal.
We furthermore hypothesized that brain regions that accumu-

late the cost–benefit difference over time (accumulator regions)
should be functionally distinct from comparator regions. Com-
parator regions should show greatest and weakest activity for large
positive and negative differences, respectively. In contrast, accu-
mulator regions should show greater activity for harder than for
easier decisions (16). The last prediction derives directly from the
comparison of high versus low drift rates in Fig. 1A and from the
fact that accumulation-related activity is a function of the area
under the accumulation,

Ð
Σ (16) (see also below): In response-time

paradigms (where participants respond as soon as they know the
answer), more difficult trials have a lower drift rate μ and a pro-
longed accumulation process Σ, which results in an increase in the
area under the accumulation process

Ð
Σ for harder trials. Given

that we hypothesized that comparator regions feed their output
into accumulator regions, and given that we further assumed that
decision making depends on the efficiency of the connection be-
tween comparator regions and accumulator regions (21), we pre-
dicted (i) that accumulator regions are negatively correlated with
the unsigned and normalized comparator region activity, such that

accumulators are more strongly activated for hard trials in-
dependent of whether they have a net positive or net negative cost–
benefit difference, (ii) that this effect depends on the individual
efficiency of cost–benefit comparison, and (iii) that accumulator
regions additionally show greater activation for harder trials.
To test these hypotheses, we measured functional brain acti-

vations while 19 participants decided to either accept or reject
a series of single visual stimuli, each characterized by two visual
attributes: color and shape (Fig. 1B; Fig. S1). In a preceding
training session (Fig. 1C), participants had learned that different
colors were associated with different monetary costs and different
shapes with different monetary benefits, or vice versa (balanced
across participants). Deciding whether or not to collect a stimulus
thus required that subjects compared stimulus-associated costs
against stimulus-associated benefits. Net outcomes of accepted
stimuli were added over the course of the experiment and paid out
afterward. We modeled behavioral data with a power-rate diffu-
sion model (22), with the aim of quantitatively relating the drift
parameter μ of the decision process to neural mechanisms mea-
sured with fMRI.

Results
Participants successfully learned stimulus-reward associations
(see details in SI Methods). Average performance-dependent
earnings in the experiment were 22.27 Euro (€) and, as expected,
participants were faster in trials with larger cost–benefit differ-
ences (Fig. 2 A–C; SI Results).

The Diffusion Model Accounts for Cost–Benefit Decisions. We used
the power-rate diffusion model (22) to estimate participants’ drift
rates. Fig. 2 C and D shows examples of fitted chronometric and
psychometric functions for four representative subjects, and illus-
trates that the model describes behavior well (see Fig. S2 for all
individual plots). To test the validity of fitting the power-rate dif-
fusion model, we applied two different response-time criteria to
different participants (1,700 ms vs. 1,250 ms; Methods). As expec-
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Fig. 1. Diffusion model, behavioral paradigm, and training. (A) Schematic
display of the diffusion model. The drift process has a neutral starting point
between the two decision boundaries. Traces exemplify decision processes
with high (blue) and low (green) drift rates, in which the difference of
benefits minus costs drifts toward either an accept response (upper
boundary) or a rejection (lower boundary). In this example, rejection deci-
sions are interpreted as errors, because benefits outweigh costs. Response-
time distributions show that lower drift rates are associated with slower
accumulation processes (as the blue distribution is shifted nearer to the
starting point than the green one) and higher error rates (as the green
distribution has a larger mass in the rejections/errors). (B) Task paradigm
with color/shape stimuli that are associated with different ranges of mon-
etary benefits and losses. For example, a yellow square might be associated
with a reward between 2 and 2.4 € and a loss between 0.4 and 0.8 € (see Fig.
S1 for more details). Successful cost–benefit integration would lead partic-
ipants to accept this stimulus. Null trials are variable intertrial intervals. (C)
Training (SI Methods) involved three blocks each for colors (Left) and shapes
(Right), each of which comprised 56 stimulus pairs. Participants first com-
pared the presented pairs and then received feedback as shown, thus im-
plicitly learning the value ranges associated with colors and shapes. The last
two blocks were terminated when a criterion (95% correct) was reached, but
never before 25 trials were completed. (D) Accuracy for the training session,
displayed according to training block (x axis) and reward (green) versus loss
(red) condition. Error bars represent SEM.
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Fig. 2. Behavioral results and model fit. (A) Categorical cost–benefit dif-
ferences (ranging from −5 to +5) associated with stimuli from each cost–
benefit difference category. Axes denote the eight categories of monetary
benefits (x axis) and costs (y axis) from which the stimuli were generated. A
more detailed version is found in Fig. S1. (B and C) Response times (RT; in
seconds) and accuracy in percent correct, respectively, per category. (D and
E) Fitted chronometric (D) and psychometric functions (E) together with
observed data, for four exemplary participants. The x axis in these plots
represents the five cost–benefit difference categories (A; Fig. S1) in-
dependent of the sign of the cost–benefit difference. The boxes (RT) and
circles (accuracy) represent the observed data points, and lines represent the
fitted functions. Model fits for all subjects are shown in Fig. S2.
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ted, varying the response-time criterion modulated the decision
boundary a [t(18)= 3.2,P=0.005, JZS-BF=0.11] but not the drift
rate μ [t(18) =−0.82, P= 0.426, JZS-BF= 2.4]. JZS-BF is a Bayes
factor and estimates how much more likely the null hypothesis is
than the alternative hypothesis (23).
Given that we intended to test the hypothesis that the brain

implements cost–benefit integration as described in diffusion
models of decision making, we predicted that brain processes
implementing cost–benefit comparison and evidence accumula-
tion should be modulated by participants’ individual drift rates.
We therefore calculated, for each participant separately, the
median drift rate across all experimental conditions as an index of
decision-making efficiency (see Table S1 for individual data).
Median drift rates varied considerably (minimum = 0.56; maxi-
mum = 2.42; median = 0.89; mean = 0.97; SD = 0.45) and were
subsequently entered as a predictor into individual-difference
group analyses of fMRI data.

Neural Representations of Reward and Loss Expectation Signals. We
first identified brain regions representing anticipated costs and
benefits, because we hypothesized that these function as input to
the subsequent cost–benefit comparison in VMPFC. Importantly,
benefits (i.e., monetary reward) and costs (i.e., monetary loss)
associated with each stimulus were independent of each other
(r = −0.22; P > 0.2) and of the absolute value of the cost–benefit
difference (both r= 0). Thus, “pure” cost and benefit signals were
identified by modeling brain activation, across all trials, with
separate parametric predictors reflecting the amount of reward
and the amount of loss coded in each stimulus.
A neural signature of anticipated monetary reward was iden-

tified in several regions (Table S2), including the hypothesized left
ventral striatum. Given that the ventral striatum was consistently
associated with reward anticipation in previous literature (1),

we extracted the time course tvStr of this region (MNI coordinates
x = −10, y = 10, z = −6; P < 0.005; k = 30 voxels; Fig. 3A) for the
subsequent analysis of a cost–benefit difference signal. Also
consistent with earlier reports (14, 15), we found a correlation of
monetary loss with right amygdala (18,−2,−20; P < 0.005; k = 38;
Fig. 3B) and extracted time course tAmyg from this region. Note
that the neural representations of expected benefits and costs
were not significantly correlated with participants’ drift rates
(ventral striatum: Tmax = 0.285, r = 0.07, JZS-BF = 5.5; amyg-
dala: Tmax = 0.124, r = 0.03, JZS-BF = 5.7).

Prefrontal Comparator Regions Compute Cost–Benefit Difference.
We conducted a psychophysiological interaction analysis (PPI)
(24) to identify comparator regions computing the cost–benefit
difference (CBD) based on the identified neural reward and loss
signals. The physiological predictor was the difference Dneural of
the standardized time series extracted from above-defined
amygdalar and striatal regions of interest (i.e., Dneural = tvStr –
tAmyg). The psychological predictor P coded whenever a stimulus
was presented. Therefore, the expected correlation between the
neural cost–benefit signal and BOLD signals from comparator
regions was restricted to decision-related activity. The critical
component of this analysis was the psychophysiological in-
teraction term PPICBD = Dneural × P. Due to its physiological re-
gressor Dneural, PPICBD identifies brain regions computing net
values of the stimuli by subtracting stimulus-associated neural cost
signals from neural signatures of expected monetary benefit. To
ensure that we identified brain regions implementing the cogni-
tive process as modeled with the diffusion model, we additionally
required that comparator regions correlating with PPICBD do so to
a greater extent for the more efficient decision makers with higher
average participant-specific drift rates μ.
Prefrontal comparator regions defined in this way were found

in VMPFC (−4,60,−6; cluster size k = 417, Tmax = 6.12), ante-
romedial prefrontal cortex (AMPFC; 12,50,8; k = 586, Tmax =
6.72), and in the posterior part of the dorsolateral prefrontal
cortex (left posterior superior frontal sulcus; −22,18,44; k = 106,
Tmax = 7.15 ; Fig. 3C). Table S3 lists results outside prefrontal
cortex. Fig. 3C visualizes those brain regions that show a modu-
lation of the PPICBD effect by drift rate and illustrates that the
dependency of the VMPFC signal on the neural cost–benefit
difference signal was larger for participants with higher drift
rates. Thus, as predicted, VMPFC is driven by the neural cost–
benefit signal, and this effect is stronger in more efficient cost–
benefit decision makers.

Accumulation of the Cost–Benefit Difference. We had further hy-
pothesized that the amount of accumulated information

Ð
Σ

should be greater the longer the integration process takes, in-
dependent of the net result of the integration process (Fig. 4A).
Accumulator regions were accordingly defined by three criteria.
First, BOLD signals in accumulator regions, taccumulator, should
be negatively correlated with the normalized, absolute activation
strength of comparison region VMPFC (i.e., taccumulator ≈
−| tVMPFC |), as accumulation should produce greater

Ð
Σ in

conditions characterized by a small cost–benefit difference.
Second, this inverse coupling of comparator and accumulator
regions should be greater for subjects with higher median drift
rate μ. This assumes that less efficient decision making is par-
tially caused by a noisier connection between comparator regions
and accumulator regions (21). A PPI analysis (Methods) was
implemented to jointly test these two criteria and revealed three
clusters in the middle intraparietal sulcus (mIPS; left: −40,
−40,42, k = 59, Tmax = 4.59 and −28,−66,38, k = 111, Tmax =
4.69; right: 32,−52,40; k = 69; Tmax = 4.5). Third, BOLD signal
in accumulator regions should also be greater for harder trials, as
defined by the absolute difference of the true stimulus-associated
costs and benefits (16). We tested for this additional criterion by
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Fig. 3. Brain activation results for cost–benefit comparison. (A) Localization
of the ventral striatal (vStr) ROI, whose average time course was used to
derive the neural difference signal Dneural = tvStr – tAmyg. (B) Localization of the
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whole-brain corrected P < 0.05 (Methods). SFS, superior frontal sulcus.
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creating a conjunction map showing where the first two criteria
are fulfilled and where, at the same time, the BOLD signal was
greater for harder than for easier trials (Methods). This analysis
identified the left (78 voxels) and right (38 voxels) mIPS as
plausible neural accumulator regions (Fig. 4B).

Discussion
Decision making often involves weighing the benefits of an option
against the costs of an option. Little is known, however, about the
neural systems underlying such cost–benefit computations. Using
fMRI and choice modeling, we tested the hypothesis that cost–
benefit comparisons can be described by an accumulation process
as postulated in sequential sampling models of decision making
(9–13, 22). More specifically, we hypothesized a neural decision
mechanism that accumulates information from a neural repre-
sentation of the cost–benefit difference of a choice option until
a decision boundary for accepting or rejecting the options is
reached and the choice is executed. Consistent with theoretical
proposals and behavioral modeling results (3, 4, 8, 12, 13), we
hypothesized that the same basic brain mechanisms that were
successfully used to explain perceptual decision making can also
explain value-based decision making. Consistent with this hy-
pothesis, our fMRI results indicate that this decision is imple-
mented by a comparison of cost and benefit signals from amygdala
and ventral striatum, respectively, in (among other regions) the

ventromedial prefrontal cortex. Our results further suggest that
the result of this difference-based computation is accumulated
toward a decision threshold in parietal cortex (Fig. 4C).

Model-Driven Functional MRI Analysis. The present results dem-
onstrate the power of model-driven fMRI analysis, as the ap-
plication of models such as the diffusion model allows quantifying
well-defined decision mechanisms and stringently identifying
their neural bases (25). Whereas the application of sequential
sampling models to electrophysiological data can exploit the high
temporal resolution of single-cell data (e.g., 10), our model-based
approach exploits individual differences in an important decision
parameter, that is, the efficiency of information accumulation
(26). In the present study, this approach supports the hypothesis
that analogous computational mechanisms are involved in per-
ceptual and reward-based decision making. Tying neural activa-
tion data to model parameters may also help to clarify questions
concerning the nature of neural effects observed. Brain activation
effects suggestive of accumulator regions may, at least partly, also
be due to postdecision processes such as confidence in the de-
cision. However, our identification of decision-making regions
from model-based PPI analyses links them closely to the hy-
pothesized decision processes, making it unlikely that they rep-
resent postdecision processes.
Our results also shed light on the neurobiological causes for in-

dividual differences in reward-baseddecisionmaking.Thedrift rate
as a measure of participants’ decision-making efficiency correlated
with how well people compared the neural signatures of monetary
costs and benefits, and with how well the cost–benefit difference is
read out into the accumulations process. In contrast, the drift rate
did not correlate with the neural representations of costs and
benefits as such, suggesting that less efficient decision makers had
cost and benefit signals of the same quality but that they were worse
at integrating this information. Hence, the paradigm we used here
could be a useful tool to investigate decision-making deficiencies in
clinical populations in the brain on a process level (19, 27).

Neural Mechanisms Underlying Cost–Benefit Comparisons. Our
results suggest the VMPFC, as well as AMPFC and left DLPFC,
as candidate regions for cost–benefit comparison. Critically,
changes in fMRI signals in these neural comparison regions were
not due to decision difficulty. Rather, the task-related correlation
with the difference of ventral striatal benefit signal and amygdalar
cost signal implies that prefrontal comparison regions represent
the value of the cost–benefit difference. We suggest that the
positive correlation with the neural difference signal identifies
plausible comparator regions that compute expected reward by
trading off costs and benefits. This conclusion is considerably
strengthened by our finding that the correlation between the
neural cost–benefit difference signal and activity in prefrontal
comparison regions such as VMPFC is modulated by participants’
drift rate. This correlation provides a crucial link between de-
cision variables estimated from behavioral and neuronal data.
The VMPFC is a highly plausible candidate region for a neural

mechanism of cost–benefit integration. For example, patients
with VMPFC lesions have problems in determining the relative
values of decision alternatives (20) and provide inconsistent
judgments of subjective preferences in simple pairwise compar-
isons (28). Moreover, a number of fMRI studies have implicated
VMPFC in representing expected rewards (e.g., 17, 18, 29), al-
though the precise mechanisms of this value computation are still
unclear (2). Given the converging evidence of earlier fMRI and
lesion studies and our present study showing that VMPFC com-
pares amygdalar and striatal reward signals, we conclude that the
VMPFC is critical for the comparison of costs and benefits.

Neural Accumulation of Cost–Benefit Difference Information. Accord-
ing to our criteria outlined above, activation in parietal accumu-
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VMPFC. The resulting difference signal is accumulated in intraparietal sulcus
(IPS) until a decision threshold is reached.
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lator regions should (i) be negatively correlated with the unsigned
difference signal of the comparator region (VMPFC; Fig. 4A), (ii)
depend on individual decision-making efficiency, and (iii) be
greater for harder than for easier decisions. Note that the iden-
tified accumulator regions do not map onto neural systems as-
sociated with decision conflict (in anterior cingulate cortex or
DLPFC) (30) or processing difficulty in general (31, 32). Rather,
our finding of neural accumulators in parietal cortex is highly
consistent with nonhuman and human data from perceptual de-
cision making, as neurons accumulating perceptual evidence
based on noisy stimuli were identified in parietal cortex (8, 16).

Conclusion
Our results suggest a neural implementation of a cost–benefit
comparison mechanism. Neural signals coding decision-related
reward and loss expectations are compared in VMPFC, and the
resulting cost–benefit difference is accumulated in parietal cortex
(Fig. 4C).We propose that value-based cost–benefit decisions rely
on the same general neural mechanism that was shown to im-
plement perceptual decision making. Both mechanisms compute
a difference-based decision variable, by either comparing per-
ceptual evidence or reward information, and accumulating the
difference in parietal cortex. In sum, the functional neuroimaging
data reported here provide strong support for the hypothesis that
the process of cost–benefit integration is best explained as a sto-
chastic information accumulation process.

Methods
Participants. Nineteen healthy volunteers (5 males, mean age: 24.3 y) par-
ticipated in a training session and an fMRI experiment. All were right-handed,
had normal or corrected-to-normal vision, no history of psychiatric or neu-
rological diseases, and no structural brain abnormalities. Informed consent
was obtained according to a protocol approved by the local ethics committee.

Experimental Design. Stimuli were combinations of eight colors and eight
shapes (Fig. 1B; Fig. S1), that is, colored shapes center-presented on a dark
background. In the training session, colors and shapes were presented sep-
arately, whereas 34 combined stimuli were selected for the fMRI experiment
(Fig. S1). During training (0.5 h), ranges of monetary values (e.g., 2.00–2.40 €;
Fig. S1) associated with colors and shapes were learned based on feedback in
paired comparisons (Fig. 1C). Monetary values of colors/shapes varied from
trial to trial and were randomly drawn from the value ranges shown in Fig.
S1. Feedback concerned response correctness and monetary value of the
items. Details on the training procedure are given in SI Methods.

In the fMRI experiment, target stimuli (i.e., colored shapes; Fig. 1B) appeared
togetherwith the cue “take?,” and subjects indicated (using response buttons)
whether or not they accepted the stimulus offered. Presentation durationwas
varied between 1,250 ms (9 subjects) and 1,700 ms (10 subjects), to test the
validity of the diffusion model (see below), and stimuli were followed by an
inter stimulus interval of 3.7–20 s. Within each of four runs, all 34 stimuli were
presented twice in pseudorandomized order (68 trials per run). Net values of
accepted stimuli were added up during the experiment and one-fifth of the
sumwas paid out after the experiment. Stimuli missed by the participant were
recorded to his/her disadvantage (i.e., gains were skipped, losses were coun-
ted). Feedback concerning the current account balancewas given at the endof
each run. A power-rate diffusion model of decision making (22) was fitted to
the behavioral data to obtain a median drift rate μ for each participant (SI
Methods), which was then used for model-driven fMRI analyses.

Data Acquisition and Analysis. Functional data were acquired on a Siemens
Trio 3T scanner using a standard echo planar imaging sequence with 37

oblique axial slices of 3 mm (field of view 192 mm, 3 × 3 mm in-plane,
repetition time 2 s, echo time 30 ms, flip angle 70°). Four runs of 360 volumes
were acquired, as well as a T1-weighted high-resolution MP-Rage scan.
Preprocessing involved discarding the first six images, slice-time and motion
correction, normalization to MNI152 space, and spatial smoothing (8 mm
FWHM). Statistical analyses were performed using the general linear model
with SPM5 (The Wellcome Trust Centre for Neuroimaging, London, U.K.).
The four functional runs were modeled as separate sessions. General linear
models were based on a canonical hemodynamic response function and its
temporal derivative, and included regressors for incorrectly answered trials,
motion parameters as covariates of no interest, and a temporal high-pass
filter (128 s).

A firstmodel localized regions of interest (ROIs) sensitive to the anticipation
ofmonetary rewardversus loss. Thismodel includedas regressorsof interest the
onsets of all correctly answered trials as well as continuous parameters that
independently capture the variance in the amount of reward, the amount of
loss, as well as their difference. A priori predicted activations for reward ex-
pectation in ventral striatum (1) and loss anticipation in amygdala (14, 15) were
tested at T > 2.88 (P < 0.005 uncorrected; df = 18). Time courses of these
functionally defined ROIs were extracted as first eigenvariates, standardized,
and subtracted (i.e., Dneural = tvStr – tAmyg). Subsequently, Dneural was used as
a physiological regressor in a PPI analysis (24) that aimed at identifying cost–
benefit comparison regions. The psychological regressor P specified the pres-
ence of cost–benefit integration trials, and the interaction term PPICBD was
formed by Dneural × P. To identify brain regions where the correlation with
Dneural was greater for individuals who are more efficient in cost–benefit
comparison (i.e., who have larger drift rate μ), the group analysis examined the
effect of μ on PPICBD. To protect against false positives, we applied a whole-
brain family-wise error correction of P < 0.05 using a double thresholding
procedure. PPI group results were thresholded at T > 3.65 (P < 0.001, df = 17,
uncorrected). According to Monte Carlo simulations with 1,000 iterations (33),
a cluster size threshold of k > 65 assured a corrected significance criterion of
P < 0.05, corrected for all brain voxels entering the statistical analysis.

Accumulator regionswere identifiedbased on three criteria (Introduction).
First, BOLD signals in accumulator regions should be negatively coupled to the
absolute time course of comparator regions. That is, when comparator
regions show weak responses in trials with a small cost–benefit difference,
independent of the sign of the difference, accumulator regions should be
more strongly activated, as they accumulate information over a longer time.
Second, the coupling between comparator regions and accumulator regions
should be greater for more efficient subjects. Third, accumulator regions
should show generally stronger activation for more difficult trials (16). These
criteria were applied using a conjunction approach. We first identified brain
regions that were inversely coupled to the absolute z-normalized time course
of comparator region VMPFC (i.e., PPIaccumulator = −|tVMPFC| × P), and identified
brain regions in which PPIaccumulator was dependent on drift rate (using −μ to
predict greater negative coupling between comparator and accumulator
regions for persons with higher drift rate). This analysis was restricted to
voxels showing negative coupling with the comparator region VMPFC by
inclusive masking with the effect of PPIaccumulator alone (at P < 0.05 whole-
brain corrected; see above). Multiple comparison correction (P < 0.05) for the
masked analysis was achieved by applying a cluster size criterion of 43 voxels
[at T > 3.65, P < 0.001, df = 17, uncorrected; determined from Monte Carlo
simulation (33)]. Finally, a conjunction of the resulting voxels (that show
a drift-rate-modulated effect of PPIaccumulator) with those voxels showing
significant (P < 0.05 whole-brain corrected; see above) univariate activation
for harder relative to easier decisions was derived by a logical “AND” oper-
ation. No additional statistical criteria were applied to the result of the AND
conjunction, as it is based on two corrected activation maps.

ACKNOWLEDGMENTS. This work was supported by Emmy Noether Fellow-
ships from the German Research Foundation to C.J.F. (FI 848/3-1) and H.R.H.
(HE 3347/2-1), by the German Initative of Excellence (C.J.F.), and by the Max
Planck Society (G.B. and H.R.H.).

1. Knutson B, Cooper JC (2005) Functional magnetic resonance imaging of reward

prediction. Curr Opin Neurol 18:411–417.
2. Philiastides MG, Biele G, Heekeren HR (2010) A mechanistic account of value

computation in the human brain. Proc Natl Acad Sci USA 107:9430–9435.
3. Rangel A, Camerer C, Montague PR (2008) A framework for studying the neurobiology

of value-based decision making. Nat Rev Neurosci 9:545–556.
4. Heekeren HR, Marrett S, Ungerleider LG (2008) The neural systems that mediate

human perceptual decision making. Nat Rev Neurosci 9:467–479.
5. Gold JI, Shadlen MN (2001) Neural computations that underlie decisions about

sensory stimuli. Trends Cogn Sci 5:10–16.

6. Kim JN, Shadlen MN (1999) Neural correlates of a decision in the dorsolateral

prefrontal cortex of the macaque. Nat Neurosci 2:176–185.
7. Heekeren HR, Marrett S, Bandettini PA, Ungerleider LG (2004) A general mechanism

for perceptual decision-making in the human brain. Nature 431:859–862.
8. Gold JI, Shadlen MN (2007) The neural basis of decision making. Annu Rev Neurosci

30:535–574.
9. Smith PL, Ratcliff R (2004) Psychology and neurobiology of simple decisions. Trends

Neurosci 27:161–168.
10. Mazurek ME, Roitman JD, Ditterich J, Shadlen MN (2003) A role for neural integrators

in perceptual decision making. Cereb Cortex 13:1257–1269.

Basten et al. PNAS Early Edition | 5 of 6

N
EU

RO
SC

IE
N
CE

PS
YC

H
O
LO

G
IC
A
L
A
N
D

CO
G
N
IT
IV
E
SC

IE
N
CE

S

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=STXT
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.0908104107/-/DCSupplemental/pnas.200908104SI.pdf?targetid=nameddest=STXT


11. Ratcliff R (1978) A theory of memory retrieval. Psychol Rev 85:59–108.
12. Busemeyer JR, Townsend JT (1993) Decision field theory: A dynamic-cognitive

approach to decision making in an uncertain environment. Psychol Rev 100:
432–459.

13. Usher M, McClelland JL (2001) The time course of perceptual choice: The leaky,
competing accumulator model. Psychol Rev 108:550–592.

14. Yacubian J, et al. (2006) Dissociable systems for gain- and loss-related value predictions
and errors of prediction in the human brain. J Neurosci 26:9530–9537.

15. De Martino B, Camerer CF, Adolphs R (2010) Amygdala damage eliminates monetary
loss aversion. Proc Natl Acad Sci USA 107:3788–3792.

16. Kayser AS, Buchsbaum BR, Erickson DT, D’Esposito M (2010) The functional anatomy
of a perceptual decision in the human brain. J Neurophysiol 103:1179–1194.

17. Lebreton M, Jorge S, Michel V, Thirion B, Pessiglione M (2009) An automatic valuation
system in the human brain: Evidence from functional neuroimaging. Neuron 64:
431–439.

18. Gläscher J, Hampton AN, O’Doherty JP (2009) Determining a role for ventromedial
prefrontal cortex in encoding action-based value signals during reward-related
decision making. Cereb Cortex 19:483–495.

19. Bechara A, Tranel D, Damasio H (2000) Characterization of the decision-making
deficit of patients with ventromedial prefrontal cortex lesions. Brain 123:2189–2202.

20. Fellows LK (2006) Deciding how to decide: Ventromedial frontal lobe damage affects
information acquisition in multi-attribute decision making. Brain 129:944–952.

21. Lo CC, Wang XJ (2006) Cortico-basal ganglia circuit mechanism for a decision
threshold in reaction time tasks. Nat Neurosci 9:956–963.

22. Palmer J, Huk AC, Shadlen MN (2005) The effect of stimulus strength on the speed
and accuracy of a perceptual decision. J Vis 5:376–404.

23. Rouder JN, Speckman PL, Sun D, Morey RD, Iverson G (2009) Bayesian t tests for
accepting and rejecting the null hypothesis. Psychon Bull Rev 16:225–237.

24. Friston KJ, et al. (1997) Psychophysiological and modulatory interactions in
neuroimaging. Neuroimage 6:218–229.

25. O’Doherty JP, Hampton A, Kim H (2007) Model-based fMRI and its application to
reward learning and decision making. Ann N Y Acad Sci 1104:35–53.

26. Philiastides MG, Ratcliff R, Sajda P (2006) Neural representation of task difficulty and
decision making during perceptual categorization: A timing diagram. J Neurosci 26:
8965–8975.

27. Bechara A, Damasio H, Tranel D, Anderson SW (1998) Dissociation of working memory
from decision making within the human prefrontal cortex. J Neurosci 18:428–437.

28. Fellows LK, Farah MJ (2007) The role of ventromedial prefrontal cortex in decision
making: Judgment under uncertainty or judgment per se? Cereb Cortex 17:2669–2674.

29. Chib VS, Rangel A, Shimojo S, O’Doherty JP (2009) Evidence for a common
representation of decision values for dissimilar goods in human ventromedial
prefrontal cortex. J Neurosci 29:12315–12320.

30. Pochon JB, Riis J, Sanfey AG, Nystrom LE, Cohen JD (2008) Functional imaging of
decision conflict. J Neurosci 28:3468–3473.

31. Barch DM, et al. (1997) Dissociating working memory from task difficulty in human
prefrontal cortex. Neuropsychologia 35:1373–1380.

32. Paus T, Koski L, Caramanos Z, Westbury C (1998) Regional differences in the effects of
task difficulty and motor output on blood flow response in the human anterior
cingulate cortex: A review of 107 PET activation studies. Neuroreport 9:R37–R47.

33. Forman SD, et al. (1995) Improved assessment of significant activation in functional
magnetic resonance imaging (fMRI): Use of a cluster-size threshold.Magn Reson Med
33:636–647.

6 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.0908104107 Basten et al.

www.pnas.org/cgi/doi/10.1073/pnas.0908104107

