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Abstract
Researchers in human factors and neuroergonomics are often interested in more complex
tasks than those typically studied in psychology, but these complex tasks are difficult to study
with standard neuroimaging techniques. A possible solution to the difficulty of applying
neuroimaging techniques to complex tasks is to use cognitive architectures. Nowadays,
cognitive architectures can be used not only to develop cognitive models to evaluate and
predict behavior, but also to study the neural mechanisms underlying complex tasks. In this
chapter we consider two methods for combining cognitive architectures and fMRI: RegionsOf-Interest analysis and model-based fMRI. After applying these methods to the same
dataset, we discuss the strengths and weaknesses of the two analysis methods focusing on
two components of the computational models. Finally, we examine how these techniques
could be used to analyze the operation of Uninhabited Air Vehicles (UAVs), and how this
could improve adaptive automation methods.
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Introduction
Researchers in human factors and neuroergonomics increasingly use neuroimaging
techniques to, for example, apply adaptive automation, investigate mental workload, and
develop brain-computer interfaces (see, for more examples, Parasuraman, 2003; Parasuraman
& Wilson, 2008, and the other chapters of this book). For example, Wilson and Russell
(2004, 2007) describe a task in which subjects were asked to monitor the progress of four
independent uninhabited air vehicles (UAVs), download radar images, visually search those
images, and mark targets. To assist the operators, they developed an artificial neural network
that used on-line EEG-measurements to adapt the difficulty of the task. Especially when
tailored to individual operators, this improved performance dramatically (Wilson & Russell,
2007).
However, such complex tasks are often hard to study with techniques from the
standard neuroscience toolbox. In this chapter we describe a possible solution for this
problem: using cognitive architectures in combination with fMRI. Cognitive models and
cognitive architectures have been applied in human factors research since the 1950s (e.g.,
Card, Moran, & Newell, 1983; Fitts, 1954), often with great success (see, e.g., Gray, 2008;
Gray, 2007; Van Rijn, Johnson, & Taatgen, 2011). In recent years, cognitive architectures
have been linked to neuroimaging research by mapping components of the architectures on
brain regions (e.g., Anderson et al., 2008; Anderson, Fincham, Qin, & Stocco, 2008), or even
by modeling the detailed information-flow during complex tasks (e.g., Stocco, Lebiere, &
Anderson, 2010). On the one hand, this linkage has made the architectures more biologically
plausible, and on the other hand it has made it possible to use cognitive architectures to
identify neural correlates of tasks that are too complex to study with regular fMRI analysis
methods. It seems therefore natural to use the techniques that were developed to connect
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cognitive architectures and fMRI to analyze the real-life tasks studied in the field of human
factors.
Two techniques that are used to connect cognitive architectures to neuroimaging data
are regions-of-interest analysis and model-based fMRI. Regions-of-interest analysis is a
confirmatory technique that uses a predefined mapping of the architecture to brain areas,
whereas model-based fMRI is an exploratory technique that shows which brain areas fit best
to components of the architecture. We demonstrate these two techniques by applying them to
a relatively complex dual-task experiment, and show the strengths and weaknesses of the
methods by discussing the results. Before we turn to the analysis techniques, we first briefly
discuss the standard method of analyzing fMRI data and its shortcomings, followed by a
short introduction to cognitive architectures. Finally, we discuss how these techniques could
be applied to the UAV task described above, and how the results could be used to improve
the adaptive automation method of Wilson and Russell (2007).
Standard fMRI Analysis
As introduced in Chapter 1, in a standard fMRI analysis researchers typically strive to
find the neural correlates of a certain cognitive process. To this end, an experimental
condition is compared to a control condition. The experimental condition places demands on
the process of interest, and the control condition is identical to the experimental condition,
except that it does not place demands on the process of interest. Brain regions that show a
different response in the two conditions (either more or less activity) are assumed to be
involved in the cognitive process under investigation (e.g., Friston, Ashburner, Kiebel,
Nichols, & Penny, 2007).
Although this method of cognitive subtraction works relatively well for simple tasks
(see, for extensive discussions on cognitive subtraction, e.g., Friston et al., 1996; Logothetis,
2008), it is difficult to apply to more complex tasks due to the requirement of subtasks being
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relatively isolated. In complex tasks it is often very difficult to reliably isolate a single
subtask or cognitive function, as many different cognitive functions are used throughout the
task. Instead of being either on or off – as a traditional fMRI analysis assumes – these
functions are used on a more continuous scale: During some parts of an experiment they are
hardly used at all, during other parts they are used a little, and during still other parts of the
experiment they are used to their maximum. This makes it difficult to analyze complex tasks
with traditional techniques that (implicitly) assume binary demand functions. One possible
solution is to use cognitive architectures to generate more detailed demand functions.
Cognitive Architectures
In 1973, Allen Newell boldly argued that psychology focuses too much on isolated
tasks, and as a result does not progress much beyond solving “small questions”. He expressed
his concerns that psychology would never integrate the results of separate experiments into a
unified theory of human cognition (Newell, 1973). As a solution, he proposed cognitive
architectures: unified theories of cognition within which computational processing models
can be developed for a wide variety of tasks (see also Newell, 1990). The use of
computational models forces one to specify theories at a very precise level, and developing
different models within one theory ensures that models do not explain isolated phenomena,
but that basic mechanisms are shared between tasks. Currently, there are several cognitive
architectures in use, for instance SOAR (e.g., Newell, 1990), EPIC (e.g., Meyer & Kieras,
1997), 4CAPS (e.g., Just & Varma, 2007), and ACT-R (e.g., Anderson, 2007). In this chapter
we use the ACT-R theory (see, for the range of tasks that have been modeled using ACT-R,
http://act-r.psy.cmu.edu/), because it focuses on cognitive mechanisms and has an explicit
mapping of architectural components onto brain areas. However, the methods that we discuss
are applicable to all cognitive architectures.
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Cognitive architectures are typically used to simulate complete tasks, including
perceptual and action elements of the tasks. This makes them especially well-suited for
neuroergonomics, as often the interaction between perceptual, motor, and more central
cognitive resources is crucial for explaining effects in real-life tasks (Kieras & Meyer, 1997;
Van Maanen, Van Rijn, & Borst, 2009; Van Maanen, Van Rijn, & Taatgen, 2012). It is
therefore not surprising that cognitive architectures have indeed been used to analyze real-life
tasks such as driving (e.g., Salvucci, 2006), air-traffic control (Taatgen & Lee, 2003), piloting
UAVs (Gluck, Ball, & Krusmark, 2007), and operating the flight management system (FMS)
of Boeing 777s (Taatgen, Huss, Dickison, & Anderson, 2008). Furthermore, they have been
applied to understand more low-level effects that are of interest to human factors researchers
such as interruptions (Altmann & Trafton, 2002; Salvucci, Monk, & Trafton, 2009), the
perception of duration (Taatgen, Van Rijn, & Anderson, 2007; Taatgen & van Rijn, 2011),
and multitasking (Kieras, Meyer, Ballas, & Lauber, 2000; Salvucci & Taatgen, 2008, 2011).
Cognitive Architectures and fMRI
For decades, the field of information-processing psychology that argued for cognitive
architectures essentially ignored the brain (Anderson, 2007). For instance, Newell himself
stated in 1980 that “symbolic behavior (and essentially rational behavior) becomes relatively
independent of the underlying technology. Applied to the human organism, this produces a
physical basis for the apparent irrelevance of the neural level to intelligent behavior” (Newell,
1980, p. 175). However, since the 1990s cognitive psychologists have recognized the
importance of the system in which intelligence is realized, and have started to integrate
findings of the neurosciences into cognitive architectures. For example, based on fMRI
results, ACT-R’s original goal module was split up into a high-level goal component and a
component that can maintain a current representation of the state of the world (Anderson,
Qin, Stenger, & Carter, 2004; Qin et al., 2003). Whereas in the past cognitive models were
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only constrained by behavioral data, such as key-presses and eye-movements, at present they
can also be validated by fMRI data.
Cognitive architectures were first linked to fMRI data by mapping regions of interest
(ROIs) in the brain to components of the architecture (for a short introduction, see Anderson,
Fincham, et al., 2008). The basic idea of an ROI analysis is that the components of a model
(e.g., vision, memory) are associated with small regions in the brain (~10 × 10 × 10 mm).
Activity of a component is supposed to correspond to neural activity in the associated brain
region. For instance, activity in the motor resource of ACT-R is assumed to correspond to
neural activity in a region in the motor cortex (e.g., Anderson, 2005, 2007). The advantage of
using ROIs in combination with a computational model over traditional fMRI analysis is that
one can investigate activity in a brain area over the course of an experiment. That is, instead
of having to assume that a region is either used or not in a certain condition of an experiment,
one can compare the amount of activity in the region to the model’s predictions, and
investigate whether the model gives a good account of human behavior. By comparing model
and brain data, one can, on the one hand, validate and constrain cognitive models, and, on the
other hand, give a detailed explanation of the acquired fMRI data.
Recently, a different fMRI analysis method, termed model-based fMRI (e.g., Gläscher
& O'Doherty, 2010; O'Doherty, Hampton, & Kim, 2007), has been extended to be applicable
to cognitive architectures. In model-based fMRI, predicted activation from a cognitive model
is used as a regressor in the analysis of the fMRI data. This analysis technique thus shows
regions in the brain where neural activity significantly correlates with model activity. Modelbased fMRI has been very successful in identifying brain areas involved in reinforcement
learning (e.g., Daw, Gershman, Seymour, Dayan, & Dolan, 2011; Hampton, Bossaerts, &
O'Doherty, 2006; Wunderlich, Rangel, & O'Doherty, 2009) and category learning (Davis,
Love, & Preston, 2011). Recently, this technique was for the first time applied to a model
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developed in a cognitive architecture to find regions related to multitasking (Borst, Taatgen,
& Van Rijn, 2011). This analysis showed that model-based fMRI is a very powerful
technique for analyzing fMRI data of complex tasks.
Previous work has applied both the ROI analysis method (Borst, Taatgen, Stocco, &
Van Rijn, 2010) and the model-based fMRI analysis method (Borst, et al., 2011) to data
pertaining to multitasking. In the remainder of this chapter the results of the two analysis
methods are discussed and compared.
Task and Model
The dataset analyzed with both the ROI and model-based fMRI analysis methods was
developed to locate the neural correlates of the so-called problem-state resource in a
multitasking setting (Borst, Taatgen, Stocco, et al., 2010). The problem-state resource is
assumed to store intermediate representations in a task, for example 3x = 16 when solving 3x
+ 4 = 20. The contents of the problem-state resource are assumed to be accessible without a
time cost (Anderson, 2005), unlike other elements in working memory (e.g., McElree, 2001).
It has been shown that the problem-state resource can at most contain one chunk of
information, and that it therefore acts as a bottleneck when it is required by multiple tasks at
the same time (Borst, Taatgen, & Van Rijn, 2010). Given these properties, the problem-state
resource is comparable to the focus of attention in recent working memory theories (e.g.,
Garavan, 1998; Jonides et al., 2008; McElree, 2001; Oberauer, 2002, 2009).
The Task
The interface of the experiment used to study processing bottlenecks is shown in
Figure 1. To localize the neural correlates of the problem-state resource, a multitask design is
used in which participants alternate between solving 10-column subtraction problems and
entering 10-letter strings (note that although only one column of the subtraction task was
shown at a time, participants were trained to consider each column as part of a 10-column
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Figure 1. The interface of the experiment, with the subtraction task on the left and the text-entry task on the
right. For the subtraction task, only one column is shown at a time, but participants were trained to consider
the problems as part of a 10-column subtraction problem. The task that is not currently performed is masked
with hash marks (#): For the text-entry task, the mask marks the spot where the next letter will appear. As
soon as a participant enters a digit for the subtraction task, this mask changes into the next letter to be typed,
and the subtraction task is masked.

subtraction problem). Both the subtraction task and the text-entry task had two versions: an
easy version that did not require maintenance of an intermediate representation in the
problem-state resource and a hard version that did. For the subtraction task, this meant that in
the easy version the upper term was always larger than or equal to the lower term (i.e., no
borrowing was required), whereas in the hard version participants had to borrow in 6 out of
the 10 columns. In the easy version of the text-entry task a letter was shown, which the
participants then had to enter, followed by a new letter, and so forth. In the hard version, a
complete 10-letter word (high frequency Dutch words) was shown once at the start of a trial,
but as soon as the participant entered the first letter, the word disappeared and had to be
entered without feedback so that the participant had to mentally keep track of which letters
had been entered.
Participants alternated between the tasks after every number or letter. Thus, in the
hard versions of the tasks they had to keep track of whether a “borrow” was in progress or
what word they were entering (and the position within the word) while giving a response on
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the other task. In the easy versions of the task, sufficient information to perform the tasks was
always on the screen. Previous experimental work (e.g., Borst, Taatgen, & Van Rijn, 2010),
suggests that participants use a “problem-state resource” to keep track of borrowing and their
place in the words. A trial in this task is defined as entering a complete word and solving a
complete subtraction problem, and thus involves 20 responses. The difficulty of the two tasks
is factorially combined to create four conditions: easy subtraction – easy text-entry, easy
subtraction – hard text-entry, hard subtraction – easy text-entry, and hard subtraction –hard
text-entry (for more details see Borst, Taatgen, Stocco, et al., 2010).
The Model
The typical outcome of this type of experiment is that the two difficulty manipulations
result in an over-additive decrease in performance: Both accuracy and speed are considerably
worse in the hard subtraction – hard text-entry condition than in all other conditions (Borst,
Taatgen, Stocco, et al., 2010; Borst, Taatgen, & Van Rijn, 2010). This pattern can be
accounted for with a model that assumes a problem-state bottleneck according to which only
one task can use the problem-state resource to store an intermediate representation at a time.
Because both tasks need to store an intermediate representation in the respective hard
conditions, and as participants have to alternate between the two tasks, this means that on
each step in a trial the problem-state resource has to be swapped out in the hard subtraction –
hard text-entry condition. That is, on every alternation the problem state of the previous task
is stored in declarative memory while the problem state of the current task is recalled from
declarative memory and restored to the problem-state resource. This is only necessary in the
hard subtraction – hard text-entry condition, as in the other conditions at most one of the
tasks needs a problem state. The model incorporating these time-consuming and error-prone
problem-state replacements provided a good match to the interference effects in the data
(Borst, Taatgen, & Van Rijn, 2010).
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Figure 2. Example of model activity for a complete trial in each condition of the experiment. On
the y-axis the different resources of ACT-R are shown, the x-axis represents time. Every box
indicates that a resource is active at that moment in time.

The problem-state bottleneck model is implemented in the cognitive architecture
ACT-R (Anderson, 2007). ACT-R’s visual resource is used to model perceiving the task, the
manual resource to model giving responses, and ACT-R’s declarative memory to model
memory processes (e.g., retrieve “6 – 4 = 2”). These elements have been validated previously
(see e.g., Anderson, 2007). Because the model performs the same task as the human
participants (it interacts with the same interface), it also generates traces of activation that can
be directly compared to behavioral performance and neural images of human participants.
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Figure 2 shows model activation traces for the four different conditions of the
multitasking experiment. For each condition, the boxes indicate when ACT-R’s resources
were active in a typical trial. The figure shows that there is much more resource activity in
the more difficult conditions, but also that the pattern of activity over the different resources
differs per condition. For example, the most problem-state resource and declarative-memory
activity can be observed in the hard subtraction – hard text-entry condition, whereas there is
hardly any activity in the easy subtraction – easy text-entry condition, as explained above.
These “traces” of activity can be used to connect the computational model of the task to
fMRI data collected during task performance.
Regions-of-Interest Analysis
The model presented in Borst, Taatgen, and Van Rijn (2010) gave a good account of
behavioral data (i.e., response times and accuracy) in the subtraction/text-entry task.
Validation of the model requires that it can also make a priori fMRI predictions of the results
of an ROI analysis (Borst, Taatgen, Stocco, et al., 2010).
The blood-oxygen-level dependent (BOLD) signal that is measured with an fMRI
scanner lags about 6 seconds behind neural activity (e.g., Friston, et al., 2007). To account for
this delayed response the model’s activity is convolved with a hemodynamic response
function (HRF). This process is illustrated in Figure 3. Figure 3(a) shows the HRF: If there is
a spike of neural activity at time 0, the BOLD response rises to a peak at around 6 seconds
and then declines again (the HRF is typically modeled with a gamma function or a mix of
gamma functions, here the HRF from the software package SPM is used; Friston, et al.,
2007). Figure 3(b) shows activity of a model component as a step function, in grey (cf. Figure
2). The black line depicts this activity convolved with the HRF – this is the predicted BOLD
response. Figure 3(c) shows this process applied to the problem-state resource (above) and
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Figure 3. (a) Hemodynamic Response Function (HRF). (b) Convolution example. (c)
Model activity for the problem-state resource and the manual resource, raw and
convolved with the HRF over the course of four trials.

the manual motor resource (below) for runs through a trial of each of the four different
conditions of the experiment.
Predictions of the Regions-of-Interest Analysis
To validate the ACT-R model using ROI analysis, BOLD predictions were generated
before running an fMRI experiment. The left panels of Figure 4 show the predictions for (a)
the problem-state resource and (b) the manual resource (for other resources, see Borst,
Taatgen, Stocco, et al., 2010). The x-axis represents time in the form of scans (1 scan = 2
seconds) and the y-axis % BOLD change. The graphs show the BOLD response over a
complete trial in the task (i.e., entering 10 letters in the text entry task and 10 digits in the
subtraction task).
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Figure 4. Results of the Region-Of-Interest analysis for (a) the problem-state resource and
(b) the manual resource. Graphs on the left show model predictions, graphs on the right
recorded BOLD data in the region indicated in the brain.

The predictions for the problem-state resource are shown in Figure 4(a). Because the
problem-state resource is not required for either of the tasks in the easy subtraction – easy
text-entry condition, there is no activity predicted in this condition (cf. Figure 2). In the easy
subtraction – hard text-entry and hard subtraction – easy text-entry conditions, only one of
the tasks needs the problem-state resource, which leads to intermediate levels of BOLD
activity. In the hard subtraction – hard text-entry condition, the problem-state resource has to
be swapped out between tasks on each step in a trial, resulting in the highest predicted
activation levels. Thus, an over-additive interaction effect of subtraction and text-entry
difficulty on total BOLD activity (as measured by the area under the curve, e.g., Anderson,
2005; Stocco & Anderson, 2008) is predicted for the problem-state resource.
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For the manual resource (Figure 4(b)), a completely opposite pattern is predicted:
lowest activation levels for the hard subtraction – hard text-entry condition and highest
levels for the easy subtraction – easy text-entry condition. Although the same number of
manual actions must be made in all four conditions, response times increased with the
difficulty of the two tasks. Because response times were longer in the more difficult
conditions, there is more time between responses, and thus more time in which BOLD
activity associated with the manual responses can decay. This results in lower predicted
activity for the more difficult conditions. However, the total amount of activity, as indicated
by the area under the curve (as shown in Figure 4), is predicted to be equal in all conditions,
as the same number of responses has to be made in each condition. Note that these
predictions are purely qualitative: The magnitude of the predicted BOLD response can be
scaled independently of the shape (Anderson, 2007; Anderson, Fincham, et al., 2008).
Results of Regions-of-Interest Analysis
The results of the fMRI experiment generally confirmed the model predictions. The
right panels of Figure 4 show the results for the regions associated with the problem-state
resource and the manual resource (an area in the parietal cortex, MNI coordinates -24, -67,
44, and an area in the motor cortex, -42, -23, 54, respectively). The overall pattern predicted
by the model – highest activation levels for the more difficult conditions for the problemstate resource, lowest for the manual resource – was confirmed by the data.
In the region associated with the problem-state resource, the order of the conditions
was predicted correctly, but the magnitude of the effects was not. While no activation was
predicted for the easy subtraction – easy text-entry condition, the data show a clear taskrelated increase in activation. Furthermore, activity in the hard subtraction – hard text-entry
condition is not as high as predicted, resulting in a linear effect on total activation as
indicated by the area under the curve, instead of the predicted over-additive effect. The data
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of the manual resource, Figure 4(b), matches the predictions nicely: Both the order of the
conditions and the magnitude seem correct (as predicted, there were no effects on the area
under the curve). For more details on the analysis, see Borst, Taatgen, Stocco, et al., 2010.
In summary, the ROI analysis was based on a priori predictions of the model, and the
model predictions were in general confirmed by the data. However, the over-additive
interaction that was predicted for the problem-state resource was not found in the predefined
region. To see if there is a region in the brain that fits better to the model predictions, modelbased fMRI analysis can be applied.
Model-based fMRI Analysis
In model-based fMRI, model predictions are convolved with the HRF (Figure 3(c)),
and then directly regressed against fMRI data to locate brain regions that correspond
significantly to model predictions. From an fMRI analysis perspective this means that,
instead of entering the factorial, qualitative experimental conditions into a general linear
model (GLM) as is customary, the quantitative model predictions are entered as regressors
into the GLM.
Results Model-based fMRI Analysis
Because the model data is regressed directly against the raw participant data, it is
important to have a correct time mapping between model and data: For example, it does not
make sense to compare a fixation in the model to a keypress in the data. To this end, a model
is first run for each participant on the same stimuli that the participant received, including all
non-experimental components, such as fixation and feedback screens. To further improve the
timing of the model, the model’s responses are brought into line with the participant’s
responses using a linear transformation (for details, see Borst, et al., 2011). The activity of
the model’s resources is then convolved with the HRF, and the results per resource are
entered into the GLM.
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Figure 5. Results of the model-based analysis for (a) the problem-state resource, and
(b) the manual resource. On the left the located brain regions, significance maps were
thresholded with p < .01 (FWE-corrected) and 100 contiguous voxels. Coordinates
indicate the most significant voxel in the region. White squares show the predefined
mapping of ACT-R. The graphs on the right show the average BOLD data in the 100
most significant voxels in the region on the left.

As shown in Figure 5, the best fitting region for the problem-state resource is located
in the inferior parietal lobule, around the intraparietal sulcus (thresholded at p < .01, FWEcorrected, 100 contiguous voxels). This region overlaps with the predefined problem-state
region in ACT-R that Borst, Taatgen, Stocco, et al. (2010) used for the ROI analysis (shown
as a white square in Figure 5). The signal in the 100 most significant voxels in this region is
shown on the right in Figure 5(a). Although this is clearly a better fit to the prediction than
that found in ACT-R’s predefined region (Figure 4(a), right panel), there is still no overadditive interaction effect present in the area under the curve (see Borst et al, 2011, for
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details). Thus, while this is the area in the brain that fits best to the model predictions, the
predicted over-additive interaction was not present.
Figure 5(b) shows the results for the manual resource. The best fitting area was
located in the visual cortex (motor actions of the model were almost always accompanied by
visual actions, see Borst, et al., 2011). However, a region in the motor cortex also correlated
significantly with the model predictions (the location of the cross-hairs in Figure 5(b)), which
overlaps with ACT-R’s predefined region. Surprisingly, whereas the shape of the BOLD
response in this region fits best to the model predictions, on first sight the fit seems to be less
good than in the predefined region (compare Figure 5(b) with Figure 4(b)). However, where
the two hard subtraction and the two easy subtraction conditions are more or less “grouped”
in the model predictions (Figure 4(b), left panel), the pattern in the predefined region deviates
more from this pattern than does the region that was proposed by the model-based analysis.
In summary, the model-based analysis showed the following: (1) There is no region in
the brain that shows the interaction effect that was predicted for the problem-state resource –
the best fitting region overlaps with ACT-R’s predefined region; and (2), the region that fits
best to the predictions of the manual resource is located in the visual cortex, but the
significant region in the motor cortex overlaps with ACT-R’s predefined manual region.
General Discussion
In the remainder of this chapter the advantages, disadvantages, and different
applications of the two analysis methods are discussed. Given the success of the modeling
approach to analyzing and understanding fMRI data, one can for instance ask whether these
methods may provide the basis for real-time task support such as adaptive automation.
Consider the UAV-task of Wilson and Russel (2007). The first step would be to develop a
cognitive model of the task. Gluck et al. (2007) and Dimperio, Gunzelmann, and Harris
(2008) modeled the actual operation of UAVs. As this task is similar to the task described by
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Wilson and Russell, the models of Gluck and Dimperio et al. could be used as a starting
point. The next sections describe how the ROI-analysis and the model-based fMRI analysis
could be used in combination with such a model.
Regions-of-Interest Analysis
The main application of ROI analysis is model validation. Assume that there exists a
reasonably accurate model of the UAV-task of Wilson and Russell (2007). Part of the task
was inspecting radar images to locate targets for bombing. To create an easy and a difficult
condition image complexity was manipulated. Because inspecting the images yields very
little in the way of behavioral measures (except that more difficult images presumably take
longer to process), it is hard to validate a model of this part of the task (e.g., does the difficult
condition require more visual processing or more complex spatial representations?). One way
to distinguish between different models would by using a ROI analysis to inspect brain areas
associated with visual processing and building spatial representations. Whereas choosing
between more visual processing and more complex spatial representations is relatively trivial
and could also be done with a standard fMRI analysis, more similar models do require an
ROI analysis. For instance, assume that there is one model that creates a spatial
representation at the start of inspecting the images, and adapts that representation while
scanning the images, and another model that first scans the whole image and only then builds
a spatial representation. It would be difficult to choose between these two options with a
standard fMRI analysis, as demand functions are typically too coarse to compare these
options. However, an ROI analysis should find clear timing differences in the area associated
with building spatial representations, enabling one to distinguish between the models.
This brings us to the second application of ROI analysis: improving the interpretation
of complex fMRI data (Anderson, Fincham, et al., 2008). For example, take the manual
resource discussed above. Before model predictions were made, differences in the motor
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region were not anticipated: Participants had to make the same number of responses in each
condition. The model showed that a difference should be found, and a further inspection of
the model directly gave an explanation for this effect. Although this is a very straightforward
example, the principle also holds for more complex effects, such as differences in activation
levels in algebra learning (e.g., Anderson, 2007; Anderson, Fincham, et al., 2008), or perhaps
timing differences in building spatial representations in the UAV task. These subtle effects
are hard to find with traditional methods, and almost impossible to explain without a detailed
model.
Furthermore, very small effects in a region can be found between conditions, even if
they would not lead to a significant difference in a traditional analysis. For example, when a
traditional fMRI analysis was applied to the task described above, no effects in the motor
area were found (as there is no difference in the total amount of motor activity between the
conditions; Borst, Taatgen, Stocco, et al., 2010, Supplementary Information). However, an
inspection of the data in the predefined motor area (Figure 4(b)) revealed a clear difference
between conditions. This difference could be very important if this task is combined with
another motor task, but would not have been found without using the ROI analysis.
One might wonder why it is important to have a detailed computational model of a
task in the first place. One advantage of having such a complex, precise model is that it
enables model-based fMRI analysis. Another, possibly more important, advantage is that it
shows why a certain task or condition is causing performance problems. This is important for
human factors because it allows for better-targeted interventions and can even be used to
create intelligent tutors (e.g., Anderson, Boyle, & Reiser, 1985; Ritter, Anderson, Koedinger,
& Corbett, 2007; see for more applications e.g., Van Rijn et al., 2011).
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Model-Based fMRI
If a well-defined model of a task exists, model-based fMRI can be used to locate
model components in the brain. By inspecting the activity in the best fitting region, one can
additionally test the quality of the model’s predictions. Model-based fMRI allows for more
powerful exploratory fMRI analyses than conventional fMRI analysis techniques such as
cognitive subtraction. One could argue that the model predictions (Figure 3(c)) are just a
more precise specification of the experimental conditions. The model contains our hypothesis
of what happens during the experiment, just as the experimental conditions. The difference is
that the model predictions are more precise: Using model-based analysis allows for analyzing
within-trial effects (model components that are only active during part of a trial, or change
their activity over the course of a trial). It furthermore increases the power of an analysis by
predicting between-trial effects within the same condition. This can be illustrated by
comparing the very detailed temporal predictions in Figure 3(c) to a binary function: It is
more powerful to regress this pattern to the brain data than a binary pattern (see Borst, et al.,
2011 for evidence that such an approach outperforms not only a traditional fMRI analysis,
but also a parametric analysis). This is most important for complex tasks, in which it is often
far from trivial to find experimental conditions that reliably isolate a process of interest.
Applied to the UAV-task, model-based fMRI could be used to locate regions that are,
for example, involved in building spatial representations or in prioritizing targets. Moreover,
based on the computational model it could be determined why users start making mistakes at
certain stages during task execution (e.g., because of working memory limitations). By using
model-based fMRI it is possible to locate brain regions that are responsible for this, and this
information could then be used for adaptive automation (e.g., Parasuraman & Wilson, 2008).
Wilson and Russell (2007) used EEG signals to train an artificial neural network (ANN) that
assisted users in operating UAVs. Based on on-line EEG measurements, the ANN
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determined when the task became too difficult for the operators to handle. In that case, the
ANN would automatically decrease the speed of the aircraft to give the operator more time to
perform the task. This led to a dramatic improvement in performance. Because random
adaptations (not based on psychophysiological evidence) decreased performance, Wilson and
Russell argued that it is indeed the timing of the adaptations that is important. As input for
their ANN Wilson and Russell used electrodes distributed over the skull. Their method might
be improved by using the results of a model-based fMRI analysis. For instance, instead of
using electrodes distributed over the skull as input for the ANN, it might be more effective to
use only regions corresponding to brain components that caused mistakes during the task. In
turn, this might improve the timing of the adaptations, and thereby the performance of the
users.
The drawback of model-based fMRI is that it depends on the quality of the model. If a
model is incorrect (which is comparable to an incorrect mapping of scans to conditions in a
traditional fMRI analysis), this will either lead to no significant results, or worse, to an
incorrect model-brain mapping. Inspecting the BOLD signal in the located area allows one to
check whether the located area shows the predicted activity of the model (Figure 5, right
column), but this does not help if the predicted activity was incorrect in the first place.
Another possibility is that, while the correct region correlates significantly, another region
correlates even stronger, as was the case for the manual resource in this example discussed at
length in this chapter. Thus, conventional fMRI methods (or multiple model-based analyses,
see below) are necessary to check whether the results of model-based fMRI are plausible.
Furthermore, model-based fMRI cannot be used to validate models or to explain effects of
complex tasks within a region, for this ROI analysis can be applied.
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Using Cognitive Architectures to Connect Cognition to the Brain
It is tempting to rely on model-based fMRI to relate models to neuroimaging data.
When an fMRI dataset and a model are available, it is possible to show where model
constructs are located in the brain. However, this is only possible if a model gives a good
account of the human data and if only one region correlates with the model’s activity, as
discussed above. Conventional fMRI remains necessary to check the plausibility of the
results. Furthermore, this strategy can lead to over-fitting: Model-based fMRI takes
idiosyncrasies of the task and model into account, and as a result will find (slightly) different
regions between tasks for the same model component.
A better strategy is to conjoin multiple model-based fMRI results to create predefined
regions. Thus, instead of applying model-based fMRI analysis to only one dataset, better
results can be obtained by applying it to many different datasets, preferably of very different
tasks involving the same basic model components. The resulting component-brain mappings
can be subjected to a conjunction analysis, to see which regions are due to task peculiarities,
and which regions truly reflect processing of the model component. When a stable solution is
found, this results on the one hand in a good, general mapping between a certain model
component and a brain region, and on the other hand in a well-grounded tool for ROI
analyses. These can then in turn be used to validate models and to explain complex fMRI
data. Including models of complex, real-life tasks as studied in neuroergonomics can only
improve these mappings.
Conjunction analysis of multiple model-based fMRI results can arrive at stable
model-brain mappings only if the different models that are used for the multiple model-based
fMRI analyses use the same underlying model components. This is almost exactly what
Newell argued for in 1973: Use the same basic mechanisms to explain behavior over a wide
variety of tasks. This ensures that the underlying concepts do not capture idiosyncrasies of
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the tasks that are used, but reflect basic mechanisms of human cognition. It seems therefore
very natural to now use cognitive architectures to investigate the relationship between human
cognition and the brain. Developing models of a wide variety of tasks using the same basic
mechanisms was an aim of cognitive architectures; now these models can be used to do
multiple model-based fMRI analyses.
Conclusion
Neuroergonomists are often interested in complex, real-life tasks. While neuroscience
provides a welcome addition to human factors methods, traditional fMRI analysis techniques
are often not suited for analyzing data of complex tasks. In this chapter we therefore
discussed how cognitive architectures can be used to improve the analysis of fMRI data. We
have shown how ROI methods can be used to validate models and explain complex data sets,
and how model-based fMRI can be used to locate model components in the brain and do
more powerful exploratory fMRI analyses. These methods will, it is hoped, lead to even more
powerful neuroergonomics, and to a better mapping of complex cognition on the brain.

Cognitive Architectures and fMRI 25

References

Altmann, E. M., & Trafton, J. G. (2002). Memory for goals: An activation-based model.
Cognitive Science, 26, 39-83.
Anderson, J. R. (2005). Human symbol manipulation within an integrated cognitive
architecture. Cognitive Science, 29, 313-341.
Anderson, J. R. (2007). How can the human mind occur in the physical universe? New York:
Oxford University Press.
Anderson, J. R., Carter, C. S., Fincham, J. M., Qin, Y., Ravizza, S. M., & Rosenberg-Lee, M.
(2008). Using fMRI to test models of complex cognition. Cognitive Science, 32, 13-231348. doi: 10.1080/03640210802451588
Anderson, J. R., Fincham, J. M., Qin, Y., & Stocco, A. (2008). A central circuit of the mind.
Trends in Cognitive Science, 12(4), 136-143. doi: 10.1016/j.tics.2008.01.006
Anderson, J. R., Qin, Y., Stenger, V. A., & Carter, C. S. (2004). The relationship of three
cortical regions to an information-processing model. Journal of Cognitive Neuroscience,
16(4), 637-653. doi: 10.1162/089892904323057353
Borst, J. P., Taatgen, N. A., Stocco, A., & Van Rijn, H. (2010). The neural correlates of
problem states: Testing fMRI predictions of a computational model of multitasking. PLoS
ONE, 5(9), e12966.
Borst, J. P., Taatgen, N. A., & Van Rijn, H. (2010). The problem state: A cognitive
bottleneck in multitasking. Journal of Experimental Psychology: Learning, Memory, &
Cognition, 36(2), 363-382. doi: 10.1037/a0018106
Borst, J. P., Taatgen, N. A., & Van Rijn, H. (2011). Using a symbolic process model as input
for model-based fMRI analysis: Locating the neural correlates of problem state
replacements. Neuroimage, 58(1), 137–147. doi: 10.1016/j.neuroimage.2011.05.084

Cognitive Architectures and fMRI 26

Card, S. K., Moran, T. P., & Newell, A. (1983). The psychology of human-computer
interaction. Hillsdale, NJ: Lawrence Erlbaum Associates, Inc.
Davis, T., Love, B. C., & Preston, A. R. (2011). Learning the exception to the rule: Modelbased fMRI reveals specialized representations for surprising category members.
Cerebral Cortex. doi: 10.1093/cercor/bhr036
Daw, N. D., Gershman, S. J., Seymour, B., Dayan, P., & Dolan, R. J. (2011). Model-based
influences on humans' choices and striatal prediction errors. Neuron, 69(6), 1204-1215.
doi: 10.1016/j.neuron.2011.02.027
Dimperio, E., Gunzelmann, G., & Harris, J. (2008). An initial evaluation of a cognitive model
of UAV reconnaissance. In J. Hansberger (Ed.), Proceedings of the seventeenth
conference on behavior representation in modeling and simulation (pp. 165-173).
Orlando, FL: Simulation Interoperability Standards Organization.
Fitts, P. M. (1954). The information capacity of the human motor system in controlling the
amplitude of movement. Journal of Experimental Psychology, 47(6), 381-391.
Friston, K. J., Ashburner, J. T., Kiebel, S. J., Nichols, T. E., & Penny, W. D. (Eds.). (2007).
Statistical parametric mapping. The analysis of functional brain images. London:
Academic Press.
Friston, K. J., Price, C. J., Fletcher, P., Moore, C., Frackowiak, R. S., & Dolan, R. J. (1996).
The trouble with cognitive subtraction. Neuroimage, 4(2), 97-104. doi:
10.1006/nimg.1996.0033
Garavan, H. (1998). Serial attention within working memory. Memory & Cognition, 26(2),
263-276.
Gläscher, J. P., & O'Doherty, J. P. (2010). Model-based approaches to neuroimaging:
Combining reinforcement learning theory with fMRI data. Wiley Interdisciplinary
Reviews: Cognitive Science, 1(4), 501-510. doi: 10.1002/wcs.57

Cognitive Architectures and fMRI 27

Gluck, K. A., Ball, J. T., & Krusmark, M. A. (2007). Cognitive control in a computational
model of the predator pilot. In W. D. Gray (Ed.), Integrated models of cognitive systems:
New York: Oxford University Press.
Gray, W. D. (2008). Cognitive architectures: Choreographing the dance of mental operations
with the task environments. Human Factors, 50(3), 497-505.
Gray, W. D. (Ed.). (2007). Integrated models of cognitive systems. New York: Oxford
University Press.
Hampton, A. N., Bossaerts, P., & O'Doherty, J. P. (2006). The role of the ventromedial
prefrontal cortex in abstract state-based inference during decision making in humans.
Journal of Neuroscience, 26(32), 8360-8367. doi: 10.1523/jneurosci.1010-06.2006
Jonides, J., Lewis, R. L., Nee, D. E., Lustig, C. A., Berman, M. G., & Moore, K. S. (2008).
The mind and brain of short-term memory. Annual Review of Psychology, 59(1), 193-224.
doi: doi:10.1146/annurev.psych.59.103006.093615
Just, M. A., & Varma, S. (2007). The organization of thinking: What functional brain
imaging reveals about the neuroarchitecture of complex cognition. Cognitive, Affective, &
Behavioral Neuroscience, 7(3), 153-191.
Kieras, D. E., & Meyer, D. E. (1997). An overview of the EPIC architecture for cognition
and performance with application to human-computer interaction. Human-Computer
Interaction, 12, 391-438.
Kieras, D. E., Meyer, D. E., Ballas, J., & Lauber, E. J. (2000). Modern computational
perspectives on executive mental processes and cognitive control: Where to from here? In
S. Monsell & J. Driver (Eds.), Attention and performance XVIII: Control of cognitive
processes. (pp. 681-712). Cambridge, MA: MIT Press.
Logothetis, N. (2008). What we can do and what we cannot do with fMRI. Nature, 453(7197),
869-878. doi: 10.1038/nature06976

Cognitive Architectures and fMRI 28

McElree, B. (2001). Working memory and focal attention. Journal of Experimental
Psychology: Learning, Memory, and Cognition, 27(3), 817-835.
Meyer, D. E., & Kieras, D. E. (1997). A computational theory of executive cognitive
processes and multiple-task performance: Part 1. Basic mechanisms. Psychological
Review, 104(1), 3-65.
Newell, A. (1973). You can't play 20 questions with nature and win: Projective comments on
the papers of this symposium. In W. G. Chase (Ed.), Visual information processing (pp.
283-308). San Diego, CA: Academic Press.
Newell, A. (1980). Physical symbol systems. Cognitive Science, 4(2), 135-183.
Newell, A. (1990). Unified theories of cognition. Cambridge, MA: Harvard University Press.
O'Doherty, J. P., Hampton, A., & Kim, H. (2007). Model-based fMRI and its application to
reward learning and decision making. Annals of the New York Academy of Sciences, 1104,
35-53. doi: 10.1196/annals.1390.022
Oberauer, K. (2002). Access to information in working memory: Exploring the focus of
attention. Journal of Experimental Psychology: Learning, Memory, and Cognition, 28(3),
411-421.
Oberauer, K. (2009). Design for a working memory. In B. H. Ross (Ed.), Psychology of
learning and motivation (Vol. 51, pp. 45-100): San Diego, CA: Academic Press.
Parasuraman, R. (2003). Neuroergonomics: Research and practice. Theoretical Issues in
Ergonomics Science, 4, 5-20.
Parasuraman, R., & Wilson, G. F. (2008). Putting the brain to work: Neuroergonomics past,
present, and future. Human Factors, 50(3), 468-474. doi: 10.1518/001872008X288349
Qin, Y., Sohn, M. H., Anderson, J. R., Stenger, V. A., Fissell, K., Goode, A., & Carter, C. S.
(2003). Predicting the practice effects on the blood oxygenation level-dependent (BOLD)

Cognitive Architectures and fMRI 29

function of fMRI in a symbolic manipulation task. Proceedings of the National Academy
of Sciences USA, 100(8), 4951-4956. doi: 10.1073/pnas.0431053100
Ritter, S., Anderson, J. R., Koedinger, K. R., & Corbett, A. (2007). Cognitive tutor: Applied
research in mathematics education. Psychonomic Bulletin & Review, 14(2), 249-255.
Salvucci, D. D. (2006). Modeling driver behavior in a cognitive architecture. Human Factors,
48(2), 362-380.
Salvucci, D. D., Monk, C. A., & Trafton, J. G. (2009). A process-model account of task
interruption and resumption: When does encoding of the problem state occur?
Proceedings of the human factors and ergonomics society 53rd annual meeting (pp. 799803). Santa Monica, CA: Human Factors and Ergonomics Society.
Salvucci, D. D., & Taatgen, N. A. (2008). Threaded cognition: An integrated theory of
concurrent multitasking. Psychological Review, 115(1), 101-130. doi: 10.1037/0033295X.115.1.101
Salvucci, D. D., & Taatgen, N. A. (2011). The multitasking mind. New York: Oxford
University Press.
Stocco, A., & Anderson, J. R. (2008). Endogenous control and task representation: An fMRI
study in algebraic problem-solving. Journal of Cognitive Neuroscience, 20(7), 1300-1314.
doi: 10.1162/jocn.2008.20089
Stocco, A., Lebiere, C., & Anderson, J. R. (2010). Conditional routing of information to the
cortex: A model of the basal ganglia's role in cognitive coordination. Psychological
Review, 117, 541-574.
Taatgen, N. A., Huss, D., Dickison, D., & Anderson, J. R. (2008). The acquisition of robust
and flexible cognitive skills. Journal of Experimental Psychology General, 137(3), 548565. doi: 10.1037/0096-3445.137.3.548

Cognitive Architectures and fMRI 30

Taatgen, N. A., & Lee, F. J. (2003). Production compilation: A simple mechanism to model
complex skill acquisition. Human Factors, 45(1), 61-76.
Taatgen, N. A., Van Rijn, D. H., & Anderson, J. R. (2007). An integrated theory of
prospective time interval estimation: The role of cognition, attention, and learning.
Psychological Review, 114(3), 577-598. doi: 10.1037/0033-295X.114.3.577
Taatgen, N. A., & van Rijn, H. (2011). Traces of times past: Representations of temporal
intervals in memory. Memory & Cognition. doi: 10.3758/s13421-011-0113-0
Van Maanen, L., Van Rijn, H., & Borst, J. P. (2009). Stroop and picture-word interference
are two sides of the same coin. Psychonomic Bulletin & Review, 16(6), 987-999. doi:
10.3758/PBR.16.6.987
van Maanen, L., van Rijn, H., & Taatgen, N. (2012). RACE/A: An architectural account of
the interactions between learning, task control, and retrieval dynamics. Cognitive Science,
36(1), 62-101. doi: 10.1111/j.1551-6709.2011.01213.x
Van Rijn, H., Johnson, A., & Taatgen, N. A. (2011). Cognitive user modeling. In R. W.
Proctor & K. P. L. Vu (Eds.), Handbook of human factors in web design. (2nd ed.):
Erlbaum.
Wilson, G. F., & Russell, C. A. (2004). Psychophysiologically determined adaptive aiding in
a simulated UCAV task. In D. A. Vicenzi, M. Mouloua & P. A. Hancock (Eds.), Human
performance, situation awareness and automation: Current research and trends. (Vol. 2,
pp. 200-204). Mahwah, NJ: Erlbaum.
Wilson, G. F., & Russell, C. A. (2007). Performance enhancement in an uninhabited air
vehicle task using psychophysiologically determined adaptive aiding. Human Factors,
49(6), 1005-1018. doi: 10.1518/001872007X249875

Cognitive Architectures and fMRI 31

Wunderlich, K., Rangel, A., & O'Doherty, J. P. (2009). Neural computations underlying
action-based decision making in the human brain. Proceedings of the National Academy
of Sciences USA, 106(40), 17199-17204. doi: 10.1073/pnas.0901077106

