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Different Ways of Linking Behavioral and Neural
Data via Computational Cognitive Models
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ABSTRACT
Cognitive neuroscientists sometimes apply formal models to investigate how the brain implements cognitive
processes. These models describe behavioral data in terms of underlying, latent variables linked to hypothesized
cognitive processes. A goal of model-based cognitive neuroscience is to link these variables to brain measurements,
which can advance progress in both cognitive and neuroscientific research. However, the details and the
philosophical approach for this linking problem can vary greatly. We propose a continuum of approaches that differ
in the degree of tight, quantitative, and explicit hypothesizing. We describe this continuum using four points along it,
which we dub qualitative structural, qualitative predictive, quantitative predictive, and single model linking
approaches. We further illustrate by providing examples from three research fields (decision making, reinforcement
learning, and symbolic reasoning) for the different linking approaches.
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In recent years, cognitive neuroscientists have applied formal,
computational cognitive models to more effectively under-
stand how the brain implements cognitive processes such as
decision making, reinforcement learning, and symbolic rea-
soning. Such formal cognitive models can decompose effects
in behavioral data by description in terms of underlying latent
cognitive processes and associated variables. Model-based
cognitive neuroscience links these variables to brain measure-
ments. This approach can, on the one hand, constrain the
development of cognitive models, while, on the other hand,
also refine models that explain how cognitive processes are
implemented in the brain (1). Linking brain measurements to
psychological constructs has been conceptualized as identi-
fying a bridge locus: to link some mental capacity to a neural
substrate (2,3). A researcher can identify bridge loci by
empirically testing probable linking hypotheses. An example
of a linking hypothesis is that the ventral striatum represents
how much reward a subject expects during a task.

The scope of this article is limited to the neural linking of
computational cognitive models and excludes (much more
common) conceptual verbal theories of cognition. A main
strength of computational models of cognition over verbal
theories is that they force the modeler to be explicit and
precise in his or her assumptions about cognition. This
reduces the potential for miscommunication and misunder-
standing of what a cognitive theory entails and reduces the
potential for vague statements that are hard to test empirically
(4–6). Additionally, because of their quantitative nature, com-
putational cognitive models offer the possibility of assigning
hard numbers to abstract cognitive concepts like response
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caution or learning rate. These numbers allow the integration
of cognitive theory with quantitative neural data in a statistical
framework. Ultimately, we believe that this quantitative, stat-
istical approach can bring us much tighter integration between
the cognitive and neural domain than verbal theories, support-
ing more stringent tests of the theories and of the links
between neural and behavioral data.

Marr (7) famously subdivided the problem of understanding
how the brain works into three levels: 1) a computational level
that describes what computational problem a brain aims to
solve in a given context, 2) an algorithmic level that describes
how the problem can be solved, and 3) an implementational
level that describes how this algorithm can physically be
performed. Linking cognitive models to neural data can inform
theories at all three levels.

For example, at the algorithmic level, cognitive models of
speeded decision making make clear predictions about how
subjects can lower the distance an evidence accumulator has
to travel from the start of a trial to the end. However, for many
models, it is not possible to investigate whether this is
achieved by increasing the starting point or the finishing
threshold of the accumulator with only behavioral data.
Clearly, neural data can help to distinguish between these
different algorithms and need to carefully be related to the
cognitive models that are successful in explaining behavior
(5,8).

Similarly, more elaborate explanations at the implementa-
tional level are only possible with a firm understanding of what
problem the brain is actually solving and what strategies are
possible. This point is made again in Marr’s original proposal
logical Psychiatry. Published by Elsevier Inc. All rights reserved. 1
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of the three levels and also eloquently put in the following
analogy of David A. Robinson (9): “Trying to understand
perception by studying only neurons is like trying to under-
stand bird flight by studying only feather: it just cannot be
done. In order to understand bird flight, we have to understand
aerodynamics; only then do the structure of feathers and the
different shapes of birds’ wings make sense.” We believe that
this calls for the linking of cognitive models, which explain how
the computational problems with which the brain is faced can
be solved, to neural data, which are rooted in the physical
substrate of these algorithms.

Another advantage of linking cognitive models to neural
data might be the sheer wealth of additional information that
neural data can provide in comparison with behavioral data.
By any measure, the amount of information in behavioral data
is extremely limited. Because many behavioral experiments
provide not much more than choices and reaction times,
literally all the data of a behavioral experiment can usually be
summarized in a few hundred (only choice) up to a few
thousand bytes (also reaction times). Compare that with
ultra-high-resolution functional magnetic resonance imaging
(fMRI) data from 7 tesla magnetic resonance scanners, which
can easily occupy a few billion bytes per subject. Of course,
the picture is more complicated than this: the neural data are
much more ambiguous. However, recent efforts in sequential
sampling models as well as models of value-based learning
have taught us that to reliably estimate the parameters of more
complicated cognitive models and dissociate between differ-
ent versions of them, the amount of information of most
behavioral datasets is very limited (10,11). Thus, even dis-
regarding the conceptual benefits, cognitive modelers should
welcome the practical benefits arising from the wealth of extra
information in neural data, as they provide an opportunity to
develop richer models of cognition than has been possible
so far.

But how do we link cognitive models to functional brain
measurements most effectively? In the past decade, param-
eters of formal cognitive models have been linked to many
measures of neural activity, such as electroencephalography
(EEG), fMRI, and single-cell recordings. These studies
employed wildly varying approaches, connecting variability in
behavior and brain measurement at the level of subjects,
conditions, and even trials. In some studies, cognitive models
were used to set up testable hypotheses about brain activity.
In other studies, cognitive model parameters were directly
correlated against measurement models of neural data, after
both models were fit to their respective data domain. Some
studies made a single model of both brain and behavior and
tried to predict both at the same time.

In this review, we aim to provide a particular taxonomy of
possible methods of linking neural data to cognitive models.
We think this taxonomy is useful to describe the work that has
been done so far and understand how it has progressed.
Additionally, it offers cognitive neuroscientists a set of handles
on where to start when linking neural data to cognitive models,
as well as what to strive for in the long run (see also the
Discussion).

We then give some examples of the four categories of
linking in three subfields of cognitive neuroscience from the
2 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ]]],
literature. A larger review of the literature can be viewed in
Supplement 1.

Finally, we will discuss the strengths and weaknesses of
different points on the continuum and lay out future challenges
and developments.
LOOSER AND TIGHTER LINKS

There are many approaches to linking formal models of
cognition to neural data. These approaches differ in how
explicit and precise the link is made between neural,
physiological processes on the one hand and cognitive,
phenomenal processes on the other hand. We propose a
continuum of tightness of linking. At the loosest level,
cognitive models can be linked with neural data simply by
constraining the kinds of structural assumptions allowed in
the models in order to respect data about neural structures.
Tighter links can be created by comparison of predictions for
neural and behavioral data or neural and behavioral model
parameters. The very tightest and most explicit links are
specified by joint models, which make quantitative predic-
tions about both neural and behavioral data at the
same time.

Table 1 provides some illustrative examples that are
elaborated below. These examples highlight four commonly
used points on the continuum between loose to tight linking.
We first provide definitions for the four different commonly
used levels of linking. Following that, we give detailed
examples of these approaches in practice, with each level of
linking illustrated in up to three different research domains:
perceptual decision making, reinforcement learning, and sym-
bolic reasoning.

Qualitative Structural Linking

Neural data on the structure of the brain are used to
constrain the structure of a cognitive model. An example of
this is the leaky competing accumulator (LCA) model:
“The principles included in the modeling effort have neuro-
biological as well as computational or psychological moti-
vation, and the specific instantiations of the principles
are informed by additional neurophysiological observations”
(12).

Qualitative Predictive Linking

A cognitive model is tested using qualitative predictions about
both neural and behavioral data. For example, Borst et al. (13)
used the symbolic reasoning modeling framework of Adaptive
Control of Thought-Rational (ACT-R) to make predictions
about the difference in fMRI signals between conditions that
differed in behavioral measures associated with task difficulty
separately for different brain regions: “The model does not
predict a general increase in BOLD [blood oxygen-level
dependent] response with task difficulty; instead, it predicts
lower but more persistent activation levels for the more difficult
conditions in the visual and manual modules, and higher and
more persistent activation levels for the more difficult con-
ditions in the problem state and declarative memory modules”
(13).
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Table 1. Examples of Four Different Approaches to Linking Models of Evidence Accumulation, Reinforcement Learning, and
Symbolic Reasoning to Neural Data

Linking
Type Evidence Accumulation Reinforcement Learning Symbolic Reasoning

Qualitative
Structural
Linking

Usher and McClelland (12): the leaky
competing accumulator model assumes that
in evidence accumulation, accumulators
corresponding to different choice options
inhibit each other and also passively decay.
This is inspired by the neural observations of
mutual inhibition between neurons and
passive decay of membrane potentials.

Frank and Clause (52): a neural network model
simulates dopaminergic basal-ganglia-
cortical interactions. This is a
neurocomputational model that makes
qualitative predictions about both brain
activity and behavior.

Anderson (27): the general ACT-R framework
has, in its later versions, been explicitly
linked to fMRI brain research. The framework
assumes distinct cognitive modules and
relates them to different parts of the brain.

Qualitative
Predictive
Linking

Ho et al. (39): evidence accumulation models
predict distinct fMRI time courses for
different drift rates. This qualitative
prediction was supported by differences in
the HRF across the entire brain.

Berns et al. (23): neural recordings from two
conditions with differing predictability in
upcoming response with a certain
associated value, as estimated by a temporal
difference learning model, are contrasted.

Borst et al. (13): a priori predictions about
differences across conditions in cognitive
modules predict cortical activations that are
tested using fMRI.

Quantitative
Predictive
Linking

van Maanen et al. (53): trial-to-trial fluctuations
in response caution as estimated by STLBA
are correlated with single-trial BOLD
estimates.

O’Doherty et al. (14): an error signal as
estimated by a reinforcement learning model
was regressed against BOLD activity. OFC
and ventral striatum coded for this signal.

Borst et al. (30): an ACT-R model predicted
activity patterns for different cognitive
modules during a multitasking paradigm. The
activity of these modules was convolved with
an HRF and regressed against fMRI volumes
to identify brain regions corresponding to the
different cognitive modules.

Single
Model

Purcell et al. (54) constructed a model that
takes raw neural data of a visual area as
input. This model can then predict
distributions of behavioral data as well as
neural data in a downstream evidence
accumulation area.

Anderson (37): a simple RT-model of cognition
was linked to a multivariate model of neural
activation in fMRI by a hidden semi-Markov
model. The resulting joint model made
predictions about cognitive states and neural
recordings.

ACT-R, Adaptive Control of Thought-Rational; BOLD, blood oxygen level-dependent; fMRI, functional magnetic resonance imaging; HRF,
hemodynamic response function; OFC, orbitofrontal cortex; RT, reaction time; STLBA, single-trial linear ballistic accumulator.
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Quantitative Predictive Linking

The predictive output of a cognitive model is quantitatively
related to some aspect of neural data. In an early example of
this approach, fMRI data were acquired during a Pavlovian
conditioning task. The signal that was measured by fMRI was
correlated with the error signal of a temporal difference (TD)
algorithm performing the same task: “We used the actual output
of a TD learning algorithm to generate a PE (or δ) response at two
main time points in a conditioning trial: the time of presentation of
the CS and the time of presentation of the reward. The output of
this algorithm was then entered into a regression model of fMRI
measurements from subjects who underwent appetitive Pavlo-
vian conditioning. This enabled us to test for brain regions that
manifested a full range of TD error-related PE response” (14).

Single Model

A single generative model predicts a joint distribution over both
cognitive and neural data. For example, Purcell et al. used
single-cell recordings from monkeys: “Models using actual
visual neuron activity as input predicted not only the variability
in observed behavior but also the dynamics of movement
neuron activity. This union of cognitive modeling and neuro-
physiology strengthens the interpretation of visual neuron
activity as a representation of perceptual evidence of saccade
target location and the interpretation of movement neuron
activity as the accumulation of that evidence” (15).

We now present the four levels of linking in greater detail by
using examples from the fields of evidence accumulation
models, value-based decision-making models, and symbolic
reasoning models.
Biological Psychiatry: Cognitive Neuroscience
EXAMPLES OF QUALITATIVE STRUCTURAL LINKING

Qualitative Structural Linking in Models of Evidence
Accumulation

Recently, attempts have been made to link evidence accumu-
lation models with neural data. The earliest attempts, such as
the seminal work by Usher and McClelland (12), defined
qualitative structural links. These links were structural in the
sense that the constraints were applied to the structure of the
model, not to the model’s predictions, and the links were
qualitative in the sense that the constraints revolved around
the inclusion/exclusion of model elements, not to the quanti-
tative parametric values taken. For example, the LCA model of
Usher and McClelland (12) specifically included structural
elements such as mutual inhibition between competing accu-
mulators. This inclusion was motivated by neural data that
demonstrate the prevalence of inhibitory connections between
nearby neurons within the same cortical stratum. Similarly, the
LCA included passive decay of accumulated evidence to
respect the neural observation that membrane potential
decays back to baseline in the absence of input. Evidence in
favor of these links was inferred by the observation that the
resulting cognitive model provided a good fit to behavioral
data.

Qualitative Structural Linking in Models of
Reinforcement Learning

The classic parallel distributed processing models provided
cognitive descriptions of learning including structural con-
straints from neural data (16,17). The models assumed
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massive parallelism and distributed information representa-
tion, reflecting key findings in the emerging neural literature on
cortical structure. The models also used learning rules, such
as back-propagation, which were inspired by neural findings
such as Hebbian plasticity.

Qualitative Structural Linking in Models of Symbolic
Reasoning

The ACT-R production framework (18) is a domain-general
model of human cognition. ACT-R began as a cognitive model
purely aimed at behavioral data but has since been extended
in great detail to jointly consider behavioral and neural data
(19,20). The earliest linking of the ACT-R model to neural data
was qualitative structural linking, which identified links
between different cognitive modules in ACT-R and different
brain regions. These links respected findings about the local-
ization of brain function that were emerging at the time from
the then new method of fMRI. For example, the visual module
of ACT-R was linked with lower occipital brain regions and the
motor module was linked with motor cortices in the parietal
and temporal lobes. These links defined the structure of the
model and allowed the investigation of hypotheses about
deficits due to brain lesions, for example.
EXAMPLES OF QUALITATIVE PREDICTIVE LINKING

Qualitative Predictive Linking in Models of Evidence
Accumulation

Hanes and Schall (21) recorded single-cell activity in the
frontal eye fields (FEF) in behaving macaques. The activity of
movement neurons predicted the execution of saccades.
Hanes and Schall (21) showed that the ramping activity of
these neurons preceding a saccade always ended with the
same firing rate, but the rate of increase of the firing rate was
variable. The authors related these qualitative patterns to
evidence accumulation models. In certain evidence accumu-
lation models, evidence builds up gradually before a response
is made, with two key properties: the rate of buildup (the drift
rate) differs from decision to decision, but the amount of
accumulated activity just before a response is issued (the
threshold) is always the same. This is qualitatively similar to
the pattern observed by Hanes and Schall (21).

Qualitative Predictive Linking in Models of
Reinforcement Learning

The field of reinforcement learning and value-based decision
making has a long history of computational cognitive modeling
(22). These computational models made it possible to design
experiments that manipulated model parameters across con-
ditions and compare the corresponding neural and behavioral
data qualitatively [e.g., (23,24)]. An example is given by
Nieuwenhuis et al. (25), who observed that the Holroyd and
Coles model (26) could mirror the impaired performance of
older adults in a probabilistic learning task, as well as the
accompanying reduced error-related negativity measured by
EEG. It could do so by varying only one parameter in the
model that represents the efficiency of dopaminergic connec-
tions to the anterior cingulate cortex.
4 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ]]],
Qualitative Predictive Linking in Models of Symbolic
Reasoning

The ACT-R model assumes distinct cognitive modules that
perform different parts of cognitive tasks (27). For example, the
cognitive steps necessary for performing some symbolic logic
operation might be modeled as involving the visual module (to
perceive the stimulus), the procedural and declarative memory
modules (to remember the logical rules), and the motor module
(to produce the desired behavioral response). From these
assumptions, ACT-R can make predictions about differences
in reaction time and accuracy between conditions. Many
neuroimaging studies have related cognitive ACT-R models
to fMRI data to localize the cognitive modules within the brain.
Such localization assumptions are linking hypotheses, and
subsequent studies have used qualitative predictive
approaches to test these hypotheses. For example, Borst
et al. (13) constructed an ACT-R model of a task where a
subtraction operation had to be performed at the same time as
a text entry task. The model made a priori predictions about
which modules (e.g., problem state, declarative memory,
manual, and visual) would be more activated during different
combinations of easy/hard versions of the two tasks. These
predictions were then tested by comparing them with brain
area activations during the task measured by fMRI.

EXAMPLES OF QUANTITATIVE PREDICTIVE LINKING

Quantitative Predictive Linking in Models of
Reinforcement Learning

Using quantitative outputs of a computational model of
cognition to predict neural activity has been a successful
strategy in the study of value-based decision making and
neuroeconomics (28). Especially prominent has been the
single-trial regression approach, in which parameters of a
reinforcement learning model are estimated from choice
behavior during tasks involving the learning of reward values
associated with different choices. These subject-specific
parameter estimates can be used to calculate estimates of
the subjective values of the different choice options to the
subject for every individual trial during the experiment. These
subjective, trial-by-trial values can then be used as a hypo-
thetical cognitive signal that tracks, for example, the difference
between the expected reward after a choice and the reward
that was actually delivered (the so-called prediction error or
delta signal). To investigate a linking hypothesis, the
researcher then hypothesizes that this cognitive signal is
represented in the brain at the bridge locus. Neural signals
from the bridge locus should correspond to the phenomeno-
logical concept under study and to the hypothetical cognitive
signal in this case (2). For example, the bridge locus of the
prediction error signal might be some area in the brain where
the neural signal consistently tracks the difference between
the expected reward and the actual reward in a reinforcement
learning task. At a practical level, the hypothetical cognitive
signal, as estimated by the reinforcement learning model,
can be transformed to a hypothetical BOLD fMRI signal by
convolution with a hemodynamic response function (HRF) (29).
This creates a hypothetical fMRI signal corresponding to the
prediction error signal, which can be used as a regressor in a
2015; ]:]]]–]]] www.sobp.org/BPCNNI
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general linear model (GLM), with additional regressors for
other task-related activity (for example stimulus presentation).
The parameters of this GLM are then estimated for all voxels in
the brain. This yields a statistical parametric mapping of the
brain that shows for which areas of the brain the BOLD activity
correlates, with the hypothetical neural signal representing
stimulus value, and offers candidates for the bridge locus. This
approach was used to show that the BOLD activity in the
orbitofrontal cortex and ventral striatum was correlated with
the temporal difference error signal as estimated by a rein-
forcement learning model (14).

Quantitative Predictive Linking in Models of
Symbolic Reasoning

Recent versions of the ACT-R architecture predict quantitative
differences in activation in different cognitive modules during a
task. These predictions can be convolved with a canonical
hemodynamic response function, generating quantitative
hypotheses about which areas of the brain modulate their
activity in correspondence with the activity of the proposed
cognitive modules in the model. Such time courses can be
fitted to all the voxels throughout the entire brain. For example,
Borst et al. (30) used a multitasking paradigm, where either a
subtraction or a text entry task had to be performed, while at
the same time performing a listening comprehension task. The
ACT-R model predicted, for every trial, the relative activity of
problem state, declarative memory, vision, and manual mod-
ules. These relative activities correlated with the measured
BOLD signal in corresponding brain areas.

Quantitative Predictive Linking in Models of
Evidence Accumulation

Linking evidence accumulation models of speeded decision
making to neuroimaging data is more difficult than for the
models of reinforcement learning and symbolic reasoning
reviewed above. One reason for this is that to explain random
variability in reaction times, models of speeded decision
making are stochastic. Across trials, the models assume
variability in the amount of evidence that is necessary to make
a decision, as well as variability in the speed of evidence
accumulation [as in the linear ballistic accumulation model
(31)], possibly among even more variability (32). This means
that, unlike in most reinforcement learning models, there is no
one-to-one correspondence between data and the parameters
of the model at the level of a single trial. This precludes the
very popular single-trial regression approach, at least for out-
of-the-box evidence accumulation models, although different
alternatives to resolve this issue have been proposed and
performed.

One alternative is to change the unit of analysis from single
trials to single subjects, focusing on the covariance of differ-
ences between subjects in neural and behavioral parameter
estimates. In an fMRI study of decision making, Forstmann
et al. (33) instructed subjects to stress either the speed or
accuracy of their decisions. The difference in BOLD activity
between accuracy- and speed-stressed trials in the striatum
and the presupplementary motor area was correlated across
subjects with the difference in model parameters related to
response caution, estimated from behavioral data via the linear
Biological Psychiatry: Cognitive Neuroscience
ballistic accumulation model. In other words, participants who
made large changes in their cognitive settings (for speed vs.
accuracy) also showed large changes in fMRI responses, and
vice versa. This provides some evidence for a role of these
brain areas in setting a response threshold before a decision
is made.

More recent approaches to linking evidence accumulation
models to neural data start with the neural signal and use this
as input to an extended evidence accumulation model.
Cavanagh et al. (34) estimated, separately for each trial in a
decision-making experiment, the power in the theta frequency
band from recorded EEG signals. These single-trial estimates
of theta power were then used to inform parameter estimates
in an extended version of the drift diffusion model (35). This
model allowed different estimates of the threshold parameter
on different trials and a covariate model to assess the
association of single-trial theta power with single-trial thresh-
old estimates. Parameters estimated from data suggested that
the coefficient of the covariate was probably larger than zero,
which provides evidence that response caution (measured by
the threshold parameter) is related to fluctuations in theta
power in medial prefrontal cortex.
SINGLE-MODEL APPROACH

Single-Model Approaches in Evidence Accumulation

In some work in neurophysiology, the link between neural data
and cognitive model is more explicit. The most complex
models can take as input neural data from one source and
then predict neural data from another source, as well as
behavior. Purcell et al. (15) identified and recorded from
different clusters of cells in the FEF in awake macaque
monkeys during a visual search task. Some neurons in the
FEF only respond to specific visual inputs (visual neurons),
while other neurons respond only just before a saccade (motor
neurons) and some neurons respond to both (visuomotor
neurons). Considered from the perspective of an evidence
accumulation model of decision making, the visual neurons
might be interpreted as providing a continuous, noisy, repre-
sentation of decision evidence, and the motor neurons might
be interpreted as the accumulators that process that evidence.
Purcell et al. (15) used the spike trains recorded from visual
and visuomotor neurons as input to the accumulators of an
evidence accumulation model. The model used these inputs to
reliably predict the behavioral data of the monkeys (response
proportions and reaction time distributions).

Purcell et al. (15) also investigated the predictive perform-
ance of the model on neural data. For this, they used nine
different architectures for evidence accumulation. These archi-
tectures differed in details like the presence or absence of
leakage in the accumulation process or mutual inhibition
between accumulators. Interestingly, the response proportions
and response time distributions were well explained by many
of the different model architectures, even though those
architectures made very different assumptions about neural
structure. However, Purcell et al. (15) showed that only one
class of evidence accumulation architectures was also able to
predict all the quantitative patterns in the neural data coming
from the motor neurons.
and Neuroimaging ]]], 2015; ]:]]]–]]] www.sobp.org/BPCNNI 5
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Figure 1. Standard canonical hemodynamic response function model of
blood oxygen level-dependent activity. In regression-based approaches, it
is assumed that the only way the blood oxygen level-dependent response is
modulated is that the canonical shape is multiplied by some factor β.
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Single-Model Approaches in Symbolic Reasoning

Simple symbolic reasoning models have been combined with
functional neuroimaging data in a single model using hidden
semi-Markov models. Such models assume that to perform a
task, subjects move through a discrete set of cognitive steps,
or states, until they finish the trial (usually by giving a
response). A hidden semi-Markov model can be fitted to both
behavioral and neuroimaging data, where it is assumed that
both are dependent measurements of the same sequence of
states.

Anderson et al. (36) and Anderson (37) first applied this
approach to a dataset where students solved linear algebra
problems in a magnetic resonance imaging scanner, where
every step in solving the problem was made explicit using the
task interface. Given both reaction times and functional neuro-
imaging data, the model reliably predicted in which state of
solving the linear algebra problem the subject was for a given
moment in time.

DISCUSSION

A growing number of researchers are working toward linking
formal cognitive computational models with neuroscientific
data. This linking effort is made in vastly different fields of
cognitive modeling, ranging from perceptual and value-based
decision making to symbolic reasoning models. These models
are also linked to neural data coming from very different
neuronal imaging modalities, including single-cell recordings,
EEG, and fMRI. We described different kinds of linking that are
applied in four discrete categories that vary along a continuum
of how tight and how explicit the link between cognitive model
and neural data is made. However, it is clear that even within
these categories, different analyses are applied.

The great majority of studies using model-based links
between neural and behavioral data, so far, are based on a
regression analysis. This analysis tests for relationships
between parameters estimated by a cognitive model and
some aspect of a neural signal—often a parameter estimated
using a neural measurement model. In such approaches, the
exact mapping from cognitive parameter to neural signal is
typically left implicit, but upon closer inspection, the link is
almost always a linear relationship between a parameter of the
cognitive model and a parameter of an easy-to-use, traditional
measurement model of the neural signal. The role of the
measurement model is to reduce the raw neural data to a
single number (per subject, per condition, or per trial) that can
be submitted to a standard regression analysis. For example,
in fMRI, this measurement model is most often a standard
GLM used to model BOLD responses via a canonical hemo-
dynamic response function. The GLM allows the estimation of
coefficients that index the height of the hemodynamic
response function or the difference in height between con-
ditions, and these coefficients can be correlated against the
parameters of a cognitive model. In EEG, the measurement
model is often just the mean signal intensity in a predefined
stimulus-locked time window.

The assumptions underlying these linking functions are
rarely tested, even though there is ample evidence that they
are probably often violated. For example, a central assumption
of the canonical HRF model used in fMRI is that the HRF is
6 Biological Psychiatry: Cognitive Neuroscience and Neuroimaging ]]],
identical across brain areas and subjects, but, of course, this
is not true [e.g., (38)]. Even more problematic is that cognitive
processes, as modeled by computational models, are typically
assumed to modulate only the amplitude of the task-locked
hemodynamic response. Figure 1 illustrates just how simplistic
this assumption is. Contradicting this assumption, the main
finding of multiple linking articles was a relationship between
an estimated cognitive parameter and the delay (39) or
dispersion of the HRF (30). We have also seen in our own
data [e.g., (33)] that cue-locked differences in the height of the
HRF across conditions are often accompanied by differences
in the onset until the peak, as well as the dispersion of this
HRF. These problems of violated or untested assumptions are
not unique to fMRI measurements. For example, a frequent
assumption in analyses of single-cell recordings is that record-
ings taken over different trials, cells, or conditions are inde-
pendently and identically distributed, but this is often not
true (40).

The more advanced linking approaches we have reviewed,
particularly the quantitative predictive approach and the
single-model approach, enable future work to focus on more
complex relationships and formally incorporate such links in
quantitative models. In functional neuroimaging, for example,
one possible strategy is to move away from voxels as the
single unit of analysis and move toward analyses that use
anatomically informed regions of interest. First of all, such a
unit of analysis is often more appropriate because anatomical
boundaries are much less arbitrary than an artificial voxel grid
and they respect the close relationship between anatomical
structure and function (41–43). For instance, a hypothetical
relationship between degree of surprise and activity in the
rostral part of the anterior cingulate cortex is to many neuro-
scientists much more interpretable than a relationship
between degree of surprise and a blob thresholded at a z
value of 3.1, with a volume of 3300 mm3 at Montreal Neuro-
logical Institute coordinate (2, 16, 32). Second, such an
anatomically informed approach aligns with the goal of tighter,
single models that take as much neural data into account as
possible. Ultimately, one would like to find bridge loci of
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cognitive processes that correspond to anatomical regions
that have been described, validated, and related to function for
more than a century rather than the smoothed and arbitrarily
threshold activation blobs that frequently differ between fMRI
studies (44,45). Third, there is also an important practical
benefit to this: by reducing the huge dimensionality of all the
voxels in the brain to the number of anatomical constructs one
is interested in, the number of neural signals that need to be
analyzed is reduced by multiple orders of magnitude. The
corresponding reduction in computational burden allows the
use of more sophisticated mathematical models and more
complete statistical treatments. Some of the more computa-
tionally demanding studies that have been published in past
years would not have been feasible without dimensionality
reduction of the neural data [e.g., (46–48)]. A possible draw-
back of this strategy is the lack of negative controls, which
provide divergent validity. By exclusively focusing on a subset
of a priori regions of interest, a researcher could potentially
miss other brain areas that should be of interest. Clearly, the
set of brain areas that is investigated should be narrowed
down only after more exploratory research uncovers the set of
potential bridge loci within all brain areas.

Even if these quantitative links between model parameters
and neural signals are made more explicit, researchers must
still remain circumspect in the conclusions they draw from any
of the statistical links they find. Clearly, computational models
that were developed in cognitive psychology are there to
explain cognition. At best, they give a formalization of the kind
of cognitive processes the human brain can perform and how
they differ in different circumstances and quantify differences
in cognition across subjects. They describe the algorithms that
take place in the brain and which quantities the brain therefore
has to compute, but these models usually remain agnostic
about the precise implementation of these algorithms at the
level of neural signals (3,7,49,50).

When a brain region is identified that shows a correlation
between neural signal and a cognitive parameter, this area
may be involved in computing the quantity that corresponds to
that parameter. Nevertheless, it is still very unlikely that such a
cognitive parameter is a cognitive process in itself and that it
has a simple one-to-one, cognitive process to brain area
mapping (50,51). This is because many other hypotheses can
be generated that are consistent with the observed link but
differ in the mechanics that explain the link (e.g., perhaps the
identified region simply relays or mirrors the signal of interest).
Finding relationships between cognitive models and neural
measurements is just a first step toward more detailed neuro-
computational models [e.g., (8)].
When Is a Linking Approach Not Good Enough?

It is difficult to avoid the appearance of value judgments in our
proposed continuum of loose-to-tight linking. However, we
would like to stress that it is not true that tighter linking is
always preferable to looser linking. The ideal point on the
continuum depends on many things but most importantly on
the status of the formal quantitative models in the research
paradigm of interest. Tighter linking approaches are only
feasible when there exist well-understood and settled quanti-
tative models of both the behavioral data and the neural data
Biological Psychiatry: Cognitive Neuroscience
in the paradigm of interest. Even more, these models must be
computationally or analytically tractable for any level of linking,
and they should preferably be specified at the level of
distributions and likelihood functions for the tightest possible
linking. Where these assumptions are not met, linking
approaches beyond the simplest qualitative structural or
qualitative predictive approach are not likely to succeed
(e.g., this was the case for models of perceptual decision
making in the late 1990s and early 2000s). Conversely, in
areas for which tractable quantitative models do exist, it is
incumbent on researchers to strive for the tightest possible
linking approaches (e.g., it is no longer reasonable for
perceptual decision-making models to be linked to neural
data using qualitative approaches).

We propose the following guidelines for researchers
searching for the right way to link their behavioral and neural
data via cognitive models. First of all, when a researcher is
interested in how a cognitive model relates to computations
performed in the brain, it is always a good idea to come up
with qualitative predictions. Researchers should always ask
themselves the question of what aspects of a model corre-
spond to structural aspects of the brain (qualitative structural
linking), as well as how variability in the parameters of the
model across subjects, conditions, or trials would relate to
differences in neural functioning (qualitative functional linking).
These intuitions can then be tested empirically by clever
experimental design, modulating some aspect of either the
neural or cognitive domain and measuring the corresponding
change in the other domain.

Only after such qualitative predictions have been made and
possibly tested, researchers should wonder if these predic-
tions can be phrased in a quantitative way. Is there a neural
measure that possibly corresponds to variability in the neural
process we hypothesized? And can we come up with a
parameter estimate from the model that it can be related to?
If so, a wealth of literature has shown relatively straightforward
methods of relating the two to each other, which we have
reviewed under quantitative functional linking. If it is possible
to use more elaborate models of the neural data, this is usually
a good idea, especially in an explorative setting, because it
allows for relaxing and testing the assumptions about the links
between neural and cognitive models (e.g., maybe the dis-
persion of the HRF in the striatum and not so much the height
is modulated by response caution).

Third, only when such exploratory, but quantitative, efforts
have been successful, researchers can start thinking about
how to unify the findings into a single model. This is a very
challenging enterprise, as we understand little about how the
brain actually computes anything, but recent successes
suggest that concepts from cognitive and neural models
can, to a surprising extent, just be equated. For example,
the decision-related signal in single neurons in the lateral
intraparietal area is not just a correlate of the decision variable
but may be the decision variable itself (15). And may be
cognitive states and neural states during problem solving
are two sides of the same coin (37). While the exercise of
developing single models explaining both behavioral and
neural data has only just begun, it will be very interesting to
see what new models the scientific community can develop
and extend in the coming future.
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CONCLUSIONS

Linking formal cognitive models to neural data can improve
our understanding of how the brain functions. However, the
precise technical details and philosophical approach to tack-
ling this linking problem can vary greatly. We have focused on
one important attribute of linking: the degree of tight, quanti-
tative, and explicit hypothesizing. In each field of cognitive
research, the earliest approaches to linking behavioral and
neural data are typically qualitative. As knowledge is accumu-
lated, and as formal models become more settled, linking
approaches become more quantitative and more explicit. Even
in that case, however, model parameters are most frequently
estimated separately for the behavioral and neural models,
and the two models are brought together only at the very end
in a simple linear regression on model parameters. Future
work should explicitly model how differences in cognitive
parameters modulate differences in the signal in the neural
domain, thereby acknowledging the richness of the data in the
neural domain and exploit more than the most common
parameter of the most simple measurement model in that
domain.
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