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Model-based approaches
to neuroimaging: combining
reinforcement learning theory
with fMRI data
Jan P. Gläscher1 and John P. O’Doherty1,2∗
The combination of functional magnetic resonance imaging (fMRI) with
computational models for a given cognitive process provides a powerful framework
for testing hypotheses about the neural computations underlying such processes
in the brain. Here, we outline the steps involved in implementing this approach
with reference to the application of reinforcement learning (RL) models that
can account for human choice behavior during value-based decision making.
The model generates internal variables which can be used to construct fMRI
predictor variables and regressed against individual subjects’ fMRI data. The
resulting regression coefficients reflect the strength of the correlation with blood
oxygenation level dependent (BOLD) activity and the relevant internal variables
from the model. In the second part of this review, we describe human neuroimaging
studies that have employed this analysis strategy to identify brain regions involved
in the computations mediating reward-related decision making.  2010 John Wiley &
Sons, Ltd. WIREs Cogn Sci 2010 1 501–510

I

n this review, we will describe a recent development
in the analysis for functional magnetic resonance
imaging (fMRI) data that is aimed at combining such
data with quantitative computational models of cognitive function. These mathematical models specify
the computational processes required for solving a
cognitive task and they define internal variables that
instantiate these computations. The goal of modelbased fMRI is to establish the neurophysiological
validity of these models by correlating neural activity
in particular areas of the brain with the model’s internal variables. Model-based fMRI, therefore, allows
one to begin to address the question of how a particular brain region might carry out a particular cognitive
operation as opposed to merely identifying where in
the brain such a putative operation is carried out, as is
often the case in more conventional trial-based fMRI
analyses. In the first part of the review, we will provide a description of a typical model-based fMRI data
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analysis using reinforcement learning (RL) as the computational framework and in the second part we will
provide examples of how model-based neuroimaging
methods have been applied to the topic of human
instrumental reward-learning and decision making.
Here, we will use the computational framework
of RL1 to exemplify the principles of model-based
fMRI. However, the analysis strategy outlined below
is by no means limited to only the different variants
of RL. In fact, any kind of computational model
that defines specific internal variables on a trial-bytrial basis (or even at subtrial temporal resolution)
can be employed. For instance, another class of
learning models involves Bayesian updating which
is conceptually very different from RL, in that it is
predicated on an ideal observer.2,3
The approach described in this article is also
distinctly different from connectivity models, which
constitute a different class of model-based analyses of
fMRI data. The power of effective connective models
lies in the characterization of the flow of information
across different brain regions and is thus suited to
identify brain networks involved in solving a task.
The computational approach that we describe in this
review specifies the putative computations carried out

 2010 John Wiley & Sons, L td.

501

Overview

wires.wiley.com/cogsci

within a single region. An exciting future prospect
lies in the combination of these two approaches4 to
derive a more comprehensive characterization of how
the brain solves a particular cognitive task.

MODEL-BASED fMRI
Model-based approaches to fMRI involve at least
three crucial steps: (1) the definition or selection
of a quantitative computational model for a given
cognitive process, (2) the determination of free model
parameters e.g., by fitting of this model to the
behavior, and (3) the use of the model’s internal
variables as regressors in the analyses of fMRI data
to detect those brain regions exhibiting significant
correlations with those signals. We will illustrate each
of these steps with an example (assembled in Figures 1
and 2).

Defining a Computational Model

Following David Marr’s5 taxonomy, computational
models of cognitive processes can be described at
the computational, algorithmic, and implementational
levels. Whereas the computational level specifies the
goal of a computation, the algorithmic level focuses on
how the computational theory can be implemented,
i.e., how the input and output are specified and what
mathematical operations can be used to transform the
former into the latter. Finally, the implementational
level specifies how the algorithm can be physically
implemented in the underlying neural circuitry. Due
to the indirect measurement of neuronal activity via
a hemodynamic response and the resulting coarseness
of the data, most of the computational models
that are used in the fMRI can be characterized
at the computational and/or algorithmic level; i.e.,
these models are concerned with a representation
of the mathematical operations used in a cognitive
process without paying too much attention as to
how these computations are physically implemented
and whether that implementation closely matches the
actual neuronal architecture.
The approach of defining computational models
for various cognitive operations has long been a
cornerstone of experimental psychology, particularly
in the cognitive tradition.6 However, it is difficult
if not impossible to discriminate between certain
classes of models that can potentially provide an
equally good characterization of behavioral output. In
many cases arguably, behavioral observations alone
often do not provide sufficient constraints to allow
one to discriminate between different models with
different internal variables. By providing a window
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into ongoing neuronal activity, modern functional
brain imaging techniques including fMRI can be used
to test for the presence of internal representations
corresponding to different models. Thus, it is possible
to use the neural data as a means to determine which
model provides a better account of the specified
cognitive operation. We will now illustrate the
procedure of model-based fMRI with reference to
a class of models with particular relevance to the area
of reward-learning and decision making.

Reinforcement Learning

Reinforcement learning1 describes a class of models
commonly used in learning and decision making.
The framework provides computational models of
different flavors, but central to all of them is
an expected value signal V associated with each
stimulus that reflects the current estimate of the future
expected rewards. This value signal is updated on
each trial by a temporal difference (TD) error δ,
originally proposed by Sutton and Barto7 as a realtime expansion of the prediction error (PE) formulated
in the Rescorla–Wagner (RW) model8 (Figure 1). This
TD error is computed as the sum of the rewards
obtained at the current time point and the difference
between the value signal of the next and the current
points in time: δ = Rt + γ Vt+1 − Vt (γ is the discount
factor for future rewards). In essence, as in the RW
model, this TD error represents the difference between
the actual and expected outcomes at a particular point
in time. The value signal is then updated with this TD
error, weighted by a learning rate α, which controls the
influence of the TD error on the change in value signal
(Vt+1 = Vt + αδ). The learning rate is a free model
parameter that can be determined using optimization
routines. In order to arrive at a decision between
different options in a decision-making task, the value
signals of all decision cues are normalized using a
sigmoid function (softmax action selection), whose
slope is controlled by the softmax temperature τ ,
thus yielding the choice probabilities by the model for
each option at the current point in time. The softmax
temperature is the second free model parameter, which
regulates the stochasticity of action selection: with a
small τ (small slope of the sigmoid), even large value
differences between two decision options yield similar
choice probabilities, thus making action selection a
more or less stochastic process; conversely, with a
large τ even small value differences are amplified.
Thus, this parameter in essence regulates the sensitivity
of the agent’s choices to differences in reward-value
between the options. The softmax temperature τ can
also be fitted using optimization procedures.
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FIGURE 1 | An example of a computational model which can be used in combination with functional magnetic resonance imaging data:

reinforcement learning (RL). The goal of this model is to learn about the expected reward attributable to a set of actions in the world (e.g., A and B),
and to guide action selection so that the action associated with the highest expected reward is favored. This particular RL model instantiation uses a
temporal difference learning rule to learn the value predictions and a softmax rule for action selection. The index variable t denotes within-trial time.
The model has five internal variables: the prediction error (PE) δ, and the estimated value predictions for the two actions VA and VB , along with the
softmax transformed action probabilities PA and PB . These variables are plotted in a trial-by-trial resolution but are modeled at different time points
within a trial when converted to a predictor in a general linear model (Figure 2). The PE δ (weighted by the learning rate α) regulates the size of the
value update on each trial. Softmax action selection is realized by filtering the value difference through a sigmoid function, whose slope is controlled
by the inverse temperature τ . This operation converts the values to action probabilities. This parameter represents the stochasticity of the choices, or
conversely, the reward sensitivity: if τ is small, even large value differences will result in very similar action probabilities and the model’s choices are
virtually random. In contrast, if τ is large, even small value differences in the medium value range can be exaggerated, thus leading to different
choices. The model likelihood is used as a cost function in an optimization procedure to determine the model parameters α and τ so that model’s fit
with the individual choice history is maximal. As an initial visual quality check, the model’s binned action probabilities for one particular action (e.g.,
A) can be plotted against the actual choice probabilities (determined, e.g., as percentage of choices for option A) and the increase across these
different bins can be examined (lower right panel). Deviations of this linear increase from the y = x line can indicate whether the model is severely
over- or underpredicting the actual choices of a subject.

Determining Free Model Parameters
After a computational model of a cognitive process
has been selected, the free model parameters have to be
determined, a step which is crucial for the subsequent
interpretation of the fMRI findings. In principle, there
are several ways for choosing concrete values for
model parameters.
Firstly, these parameter values can be chosen,
such that the predictions of the model provide the best
fit to the observable behavioral data. This provides an
important link to the fMRI analysis because it ensures
that the activation pattern in a particular brain region
Vo lu me 1, Ju ly /Au gu s t 2010

is instantiating a computation that is behaviorally
relevant, which therefore confers psychological validity. In the example of Figure 1, the degree to which
the model with a specific set of parameters explains
the behavioral data is computed by summing across
all trials over the logarithm of action probabilities
derived from the model for the action chosen on that
trial. During the optimization procedure, the free
model parameters α (learning rate) and τ (softmax
temperature) are iteratively adjusted to minimize the
negative model likelihood, which serves as a cost function. In the RL case, this is equivalent to minimizing
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FIGURE 2 | Application of the computational model to functional magnetic resonance imaging (fMRI) data. Internal variables derived from the

model [e.g., prediction errors (PEs), modeled at the time of the outcome presentation of each trial] are converted into a time series and convolved
with a hemodynamic response function thus yielding a regressor in a single-subject fMRI design matrix. This general linear model is fitted at each
voxel in the brain. Subsequent statistical contrasts for the parameter estimates of the newly created regressor yield a statistical map describing the
degree of correlation between activity in a particular BOLD time series voxel and the internal variable of interest (in this case the PE). Finally, the
goodness of fit of the model-based variable with the time series in a particular brain region can be visualized by plotting the event-related averaged
time series for a given trial or event, separated into bins, which capture different levels of the internal variable (here: low, medium, and high PEs).

the difference between the subject’s actual choice
history and the model-predicted choices embodied in
the model’s action probabilities. This approach has
been successfully employed in a variety of studies.9–11
A key disadvantage of such an approach is that the
limited repertoire of behavioral data available for a
given experiment may be insufficient to meaningfully
504

constrain the model fit, particularly for models with
a large number of free parameters. Another issue is
that if it is the case that there are multiple controllers
in the brain which must interact together in order to
produce behavior,12,13 then neural activity related to
a single controller would not necessarily be expected
to map directly onto observed behavior.
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In the absence of meaningful behavioral data,
it is tempting to revert to the previously published
literature to determine free model parameters.
This approach, however, is problematic, because
experimental designs are usually not identical and
model parameters like learning rates tend to vary
across studies.4,9–11,14–16 Thus, it is highly questionable whether model parameters extracted from
previous studies will produce appropriate model fits.
Consequently, the psychological validity of the model
and the interpretation of the parameters are called
into question.
An alternative to using behavioral data is to
instead use the goodness of fit between a model-based
time series and the BOLD signal in a particular brain
region or group of regions for parameter estimation.
Although fitting to the BOLD data is potentially
much more powerful than behavioral fitting due to
the vast increase in the dimensionality of the data
source, it does have a number of drawbacks, such as
the potential circularity of using the same data for
optimizing parameters as is being used for inference,
as well as the danger of diminished psychological
validity should the resulting model fail to provide a
good account of subjects’ actual behavior.
It is worth noting that a strategy of parameter
estimation which combined across both behavioral
and BOLD measures, perhaps also including other
data sources such as physiological measures, might
potentially overcome many of the disadvantages of
each approach alone.
Furthermore, it is possible to use the final model
likelihood as a metric of the quality of the model
fit in order to compare the performance of different
competing models. In the event that these models
differ in the number of free parameters, it is necessary
to take this into account since a model with more free
parameters will necessarily have a better fit. This can
be done by means of a Bayesian Information Criterion
(BIC) or Akaike Information Criterion (AIC), which
adjusts the model likelihood by the number of free
parameters (BIC, AIC) and number of trials (BIC),
thus controlling model complexity by penalizing an
excessive number of free parameters. However, both
of these criteria can fail if the model parameters
are correlated (i.e., dependent upon one another).
In this case, use of the negative free energy17 is more
appropriate as it penalizes the effective rather than
absolute number of free parameters in a model. If
competing models are nested within another, it is
also possible to compare the model fits between them
directly with a likelihood ratio test.
It is important to note that merely identifying
the best fitting model among a set of competing
Vo lu me 1, Ju ly /Au gu s t 2010

alternatives (which could mean the same model but
with different parameter values) does not necessarily
guarantee that the model is capturing all aspects of
the data. It is possible that the optimization procedure
can capitalize on fitting only certain aspects of the
data, while ignoring others. Therefore, although one
model might fit better than others, nonetheless the fit
between the model output (e.g., choice probabilities)
and the actual data for that model (e.g., choice history
of the subject) (Figure 1) might still be rather poor.
Thus, it is important to check the overall quality of
the fit across the full range of states for the model.
Once the optimal model and its parameters have
been identified, it is then possible to extract the model’s
internal variables (e.g., in RL: expected value and PE
signals) and then use these signals as predictors in an
fMRI analysis.

Using the Model’s Internal Variables as
fMRI Predictors
The first step in applying the computational model
to the fMRI data involves the creation of a regressor
which is assigned numerical values generated by a
particular internal variable in the model. This regressor has to be associated with particular time points
in the experiment, thus creating a model-derived time
series. It is important to choose the correct time points
at which the internal variable is expected to occur.
For instance, in the example described above, a value
signal is expected to arise during the presentation of
the different decision options, whereas in its simplest
form (as in the trial-based RW model), a PE signal
might occur specifically at the time of the outcome
within the trial. Furthermore, to account for the
delay induced by the hemodynamic response, this
time series is usually convolved with a canonical
hemodynamic response function (Figure 2).
This newly generated regressor can be then
included as a predictor variable in a single-subject
fMRI design matrix (Figure 2), which is then estimated
at each voxel in the brain using standard multiple
linear regression techniques. A statistical contrast
on the parameter estimate for the model-derived
regressors yields a statistical map of those brain
regions in which the BOLD response exhibits a
significant correlation with the model’s internal
variables.

MODEL-BASED fMRI IN VALUE-BASED
LEARNING AND DECISION MAKING
We will now review some of the recent studies that
have employed model-based analyses of functional
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neuroimaging data on the topic of value-based
decision making in humans. We will first summarize
the findings supporting the instantiation of the core
components of RL in the brain. Next, we will discuss
additional evidence in support of the possibility that
additional mechanisms beyond simple RL are also
in operation during certain classes of decision and
learning problems.

Neural Correlates of Reinforcement
Learning
The model outlined in Figure 1 is an example of a
simple RL model, which defines two core variables
crucial for decision making: the expected reward
V and the PE δ. Building on the observation that
dopamine neurons exhibit properties of a temporal
PE from single unit recordings in monkeys,18 a
model-based fMRI study was conducted using a
simple classical conditioning paradigm with sweet
taste rewards, affectively neutral outcome, or no
outcome as unconditioned stimuli.19 Sometimes
learned expectations were violated (e.g., delivery
of unexpected rewards and omissions of expected
rewards) thus incurring a PE. A full TD learning
algorithm was fit to subjects’ trial history which
generated a trial-by-trial TD PE signal that was
then subsequently correlated against the fMRI data.
Activity in the ventral striatum and some other brain
regions such as orbitofrontal cortex was found to
correlate with this signal, a finding that has also been
shown using more conventional trial-based analysis
approaches.20,21
The other core component of the RL framework
is the expected reward, V. A number of studies have
now provided evidence that the medial orbitofrontal
cortex (mOFC) is involved in the representation of
this signal. For instance, in studies using instrumental
choice tasks, it was observed that mOFC was tracking
the expected value of the chosen option.9,11,22
Within these simple RL models, an important
free parameter is the learning rate which sets the rate
at which the PE is used to incrementally update the
expected reward signal. During instrumental tasks
that evoke behavioral choices from the subjects
the learning rate can be determined by fitting the
model to the choices data. However, in passive
Pavlovian tasks, these data are not available and
other nonvolitional behavioral measures such as
psychophysiological responses (e.g. skin conductance
responses) or reaction times are usually noisy and
therefore pose a challenge for fitting a computational
model. Alternatively, one strategy is to choose
biologically meaningful learning rates (e.g., a lower
506

and an upper bound) and compare the correlations
of both model variants with the BOLD signals. For
instance, O’Doherty et al.19 chose learning rates of
α = 0.2 and α = 0.7 and found similar PE-related
responses in ventral striatum and orbitofrontal cortex
(OFC), although the smaller learning rate yielded
a better model fit. In a systematic comparison of
learning rate across the entire possible value spectrum,
Glascher and Buchel15 found that different brain
regions [amygdala and the fusiform face area (FFA)]
exhibited different preferential learning rates: whereas
the amygdala showed the greatest effect size at
small learning rates of α = 0.05, the preferential
learning rate for the FFA was at α = 0.95. In this
context, the learning rate regulates how much the
PE (difference between the actual outcome and the
currently expected value) dominates the value update
on each trial: for very small learning rates, this
influence is dramatically reduced and the current belief
about the reward contingencies (summarized in the
currently expected value) is largely retained. Stated
differently, the information (PE) gathered on the
current trial is mostly ignored. Large learning rates on
the other hand indicate that the expectancy violation
of the current trial dominates the value update and that
a cumulative representation of the expected reward
across several trials is never built. Consistent with
this interpretation, the small learning rates in the
amygdala may be related to the implicit nature of their
task, a differential Pavlovian conditioning paradigm
with gradually changing reinforcement contingencies,
which subjects did not recognize explicitly. Similarly,
small learning rates have also been reported in other
implicit associative learning tasks.4 The high learning
rates found in the FFA suggest that it serves as
a change detector instead of building a consistent
representation across several trials and that learning
(in the sense of an integration of recent experience
across several trials) does not occur. This is to be
expected from higher order perceptual association
areas, which are merely concerned with building a
perceptual representation of the sensory world.
Finally, in a decision-making paradigm that
involved phases of both stable and unstable reward
contingencies, Behrens et al.3 found that the learning
rate was influenced by the volatility of the environment
suggesting that during times of unstable contingencies
the learning is enhanced to accelerate the acquisition
of the new expected values. Although the behavioral
data of this experiment were analyzed using an RL
model, the analysis of the imaging data relied on
an ideal Bayesian observer. This model represents
probability distributions of model parameters instead
of the trial-based scalars for expected values and
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PEs in RL. The parameters in this Bayesian model,
which estimate different aspects of the environment,
were organized in a hierarchical fashion: the observed
outcome is influenced by the reward probability,
which in turn is governed by the volatility of reward
contingencies. Finally, the volatility is governed by a
control parameter that estimates the change rate in
the volatility and adjusts the learning rate. This latter
parameter was correlated with the BOLD signal in the
anterior cingulate cortex.
In conclusion, an accumulating number of
neuroimaging studies which have employed simple
RL for characterizing hemodynamic responses during
learning and decision making provide evidence that
distinct brain regions (ventral striatum, OFC, and
amygdala) exhibit response patterns consistent with
expected reward and PE signals derived from these
models. Next, we consider situations under which
additional processes beyond that captured by simple
RL are likely to be engaged.

Extensions of Reinforcement Learning
In simple RL, only the value of the chosen option
is updated on every trial, whereas the values of
the other options remain stationary until they
are chosen again. While the PEs in different RL
variants capitalize on the different possible action
values, recent neurophysiological evidence suggests
that dopaminergic neurons may compute a PE by
comparing the actual outcome against the value of
the chosen option.23,24 However, it is known that
decision-making behavior in humans can also be
influenced by contextual information such as the
amount of reward available on average in a given
scenario, or counterfactual information about what
could have been won had a different action been
chosen. For instance, if a subject wins $10 on a
particular trial, but is also aware that (s)he could
have won $100 if a different option had been chosen,
then the experienced utility of that $10 is different
than had the $100 alternative not been available.25,26
Evidence that neural signals of reward reflect the
processing of counterfactual information has come
from a study by Coricelli et al.27 wherein subjects had
to choose between two risky gambles. Following the
choice, subjects were shown the outcome of the chosen
option gamble, but also, in some cases, the outcome
that would have been attained had they chosen the
alternative. In cases when the counterfactual outcome
exceeds the actual outcome, a state defined as ‘regret’
ensues, which was found to be correlated with activity
in mOFC. Underlying the learning of such ‘regret’
signals is the notion of a fictitious PE signal that
Vo lu me 1, Ju ly /Au gu s t 2010

compares the magnitude of the unchosen outcome
against the actual outcome. In a study that allowed
subjects to bid on the outcome of virtual financial
markets, Lohrenz et al.28 found that both the actual
and the fictitious PE signals correlated with the BOLD
signal in the ventral striatum, but that the fictitious
error also extended into dorsal striatum, suggesting
that this fictitious error signal may be at least partly
neurally distinct from the reward PE signal exhibited
by simple RL.
Another situation, under which simple RL
models can fail to adequately capture the mechanisms
used by the brain to guide decisions, is when a decision
problem contains hidden structure. An example of
such structure is the anticorrelation between the
reward probabilities assigned to decision options
in tasks such as probabilistic reversal learning. On
such a task, at any one time one particular option
out of a choice pair is highly rewarding while the
other is not, and the contingencies assigned to these
options periodically reverse. A simple RL model
that fails to take into account such structure would
perform suboptimally, as both options would be
treated as being independent and would be learnt
about separately. On the other hand, a model
which exploits this known task structure would
incorporate the knowledge that the contingencies are
anticorrelated and are subject to reversal and use
this knowledge when computing expected rewards.
Hampton et al.10 compared a Hidden Markov model,
which incorporated the structure of the reversal task
against a simple RL model that did not incorporate
such structure. Neural responses in ventromedial
prefrontal cortex (vmPFC) were better explained by
the model that incorporated the task structure than
by a model which did not do so.
Another scenario under which additional computational mechanisms other than RL are likely to
be involved is when humans must make decisions in
competitive social interactions, whereby in order to
choose optimally it is necessary to take into account
the behavior of an adaptive opponent, a form of thinking sometimes referred to as ‘strategizing.’ Hampton
et al.29 used an economic game called the work/shirk
task which is ‘zero-sum’ in that on any trial only one
out of the two opponents can win, while the other
must lose depending on the choices each makes. Thus
in order to perform well on the task, it is beneficial
for a player to be able to predict what action her
opponent will take next, so that she can choose the
option most likely to thwart that opponent. Hampton
et al. scanned a group of subjects playing this task
in real-time against opponents outside the scanner.
Using again the likelihood as a metric to determine
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the best fitting model, the authors compared three different computational algorithms for their capacity to
account for subjects’ behavioral choices and the pattern of neural activity during performance on the task.
The first model was simple RL, in which the model
learns to take the action that gave the most reward
in the past. This is not necessarily a good strategy
for success on such a game, because this policy could
be easily be exploited by an adaptive opponent. A
slightly more sophisticated strategy is to keep track
of the actions of the opponent and use an estimate
of the action favored most often by the opponent
in the recent past to inform choice of the action to
be taken on the current trial. Finally, an even more
sophisticated strategy in this case called the ‘influence
model’ is to not only keep track of the opponent’s
actions but also to estimate the opponent’s likely predictions about your own actions in order to pick the
best response to their best response. In essence, this
latter strategy could be summarized as ‘thinking about
you thinking about me,’ and could be considered to
be a computational analog for an elementary form
of ‘mentalizing.’30 Not only was the influence model
a better predictor of subjects’ actual behavior on the
task than the other models, but also activity in vmPFC
and more dorsal segments of medial prefrontal cortex
was better accounted for by the influence model than
by the other models. Furthermore, a form of PE signal
used by the influence model to update the predictions
of the opponent’s response to the player’s strategy was
found to correlate with activity in superior temporal
sulcus (STS), an area previously identified as being
involved in theory of mind or mentalizing, suggesting
that this elementary computational model, which can
be viewed as an extension of RL, is capturing some of
the underlying computations likely being implemented
in mentalizing brain regions. In a study also looking at
learning in the social domain, Behrens et al.2 explored
the neural mechanisms when learning reward predictions in a social context whereby a subject can obtain
advice from a confederate on a trial-by-trial basis.
While a reward PE was found in the ventral striatum,
a ‘social’ PE related to determining the fidelity of the
opponent was found in the temporoparietal junction
and STS as well as in the medial frontal cortex. Once
again, this study points to the presence of distinct
types of computational signals in the brain during
decision making, some of which are accounted for
by additional computational mechanism other than
simple RL.
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CONCLUSIONS AND PERSPECTIVE
In this paper, we have outlined the approach of
model-based fMRI in which one aims to characterize BOLD responses in particular brain regions in
terms of the internal variables present in particular
computational models of neural function. Using RL
as an example, we have outlined the typical procedure used to conduct a model-based analysis of
fMRI data. We have shown with reference to the
field of value-based learning and decision making
how it is possible to start with a basic model of
a particular cognitive function such as simple RL,
and then study situations under which these models either succeed or fail to capture behavior and
neural activity in specific brain regions. It has been
shown that simple extensions of this RL model such
as the introduction of additional updating signals can
capture a wide range of complex decision making
phenomena including decisions made under situations with counterfactual information and/or hidden
structure, and decisions made in competitive social
contexts.
It should be noted that an important limitation of the model-based approach described here is
that this technique is regionally specific, in that each
voxel in the brain is separately analyzed with respect
to the same model-based time series. However, no
brain region contributes to a given computational
process in isolation, but rather such computations
likely emerge as a result of dynamic interactions
and information flow between regions. An important
development in fMRI analysis methods over the past
decade has been the emergence of sophisticated analysis tools for capturing dynamic interactions between
brain regions in support of particular cognitive processes, such as dynamic causal modeling.31 Recently,
such connectivity methods have been integrated with
the computational model-based approach, such that
the internal variable from a computational model can
be used to modulate connection strengths between
brain regions in a dynamic causal model.4,32 This is a
promising new avenue that will allow the incorporation of theoretical models into the characterization of
information flow between multiple brain areas.
Overall, although the approach of model-based
imaging is still in its infancy, this approach offers
considerable promise as a means of advancing our
understanding of the neural computations underlying a diverse array of cognitive phenomena ranging
from Pavlovian conditioning all the way to theory of
mind.
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