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Abstract

Dynamic Causal Modeling is a widely-used method for ex-
amining brain connectivity. Most commonly, it is applied to
brain regions showing strong responses to experimental tasks,
comparing different network configurations based on the tem-
poral dynamics of the neural signals. It can further be ap-
plied to models employing a theory-driven selection of brain
regions, showing a weaker experimental effect. However, it
is unclear if these effects provide sufficient temporal informa-
tion for Dynamic Causal Modeling to reliably identify the best-
fitting model. This study investigated the regional predictive fit
in a theory-driven model which has been found to consistently
outperform alternatives using Dynamic Causal Modeling. Re-
sults revealed issues with the fit of some regions and subjects,
raising concerns regarding the reliability of model compar-
isons using Dynamic Causal Modeling with regions selected
based on theory instead of a strong experimental effect.
Keywords: fMRI; Dynamic Causal Modeling; Brain Connec-
tivity; Common Model of Cognition; Model Comparisons

Introduction
Cognition in the human brain is dynamic, arising from the
flow of information through a network of pathways between
specialized regions that carry out various elements of cog-
nitive processes, like the processing of visual stimuli in the
visual cortex or the planning and execution of motor move-
ments in the motor cortex (Pessoa, 2014; Parks & Madden,
2013; Bajaj, Butler, Drake, & Dhamala, 2015). These pro-
cesses do not take place in isolation, and the outcome of any
particular aspect of perception, planning, or information re-
trieval can be modulated by the activity in other brain regions,
both those nearby and ones that are connected more distantly.
While understanding the mechanisms of each individual re-
gion will be vital to understanding the brain as a whole, it
is equally important to consider the connectivity between re-
gions when forming models of cognition. Brain connectivity
can help to describe how behavior results from cognition, pro-
vide insight into different stages of processing, explain how
plasticity in the brain and differences between humans affect
cognitive outcomes, or even categorize and help understand
neurological and psychiatric disorders (de Schotten & Forkel,
2022; Kelly & Castellanos, 2014; Parks & Madden, 2013;
Seghier, Zeidman, Neufeld, Leff, & Price, 2010).

Dynamic Causal Modeling
Dynamic Causal Modeling (DCM) is a method used to inves-
tigate effective connectivity in brain data, such as functional

Figure 1: Dynamic Causal Modeling (DCM)

(a) Schematics of DCM (b) Different Signals of DCM

Notes. Left: The neural signal traverses from the input through-
out the whole network, as indicated in orange. For each region, the
neural signal is further transformed into a biologically plausible syn-
thetic BOLD-signal via the hemodynamic model. Right: Represen-
tation of the different signals created and used in Dynamic Causal
Modeling.

magnetic resonance imaging (fMRI) (K. Friston, Harrison,
& Penny, 2003; K. E. Stephan et al., 2008; K. E. Stephan,
Penny, Daunizeau, Moran, & Friston, 2009). It is usually
based on a conventional experimental setup where subjects
are instructed to respond to different categories of stimuli
while their brain activity is recorded. The General Linear
Model (GLM) is used to identify brain regions where the ac-
tivity differs significantly between experimental conditions,
with those regions being interpreted as relevant for the cog-
nitive processing of the task. While such a General Linear
Model is useful to identify relevant regions, it does not in-
dicate their individual roles, relationships, or what types of
networks and pathways between the identified regions exist.

Dynamic Causal Modeling is based on the idea that
changes in neural activity driven by experimental conditions
traverse through networks within the brain over time, with in-
dividual regions representing different stages of processing.
The timing of changes in the observed signal of one region
in response to experimental conditions should be affected by
changes in other regions of the network.

Traditionally, multiple plausible network configurations
based on the regions identified in the GLM are created and
compared (K. Stephan et al., 2010). For each, a biophysi-
cally grounded artificial network is generated, and a signal is
traversed through it over time according to the experimental
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conditions as inputs representing the different neural states
(schematically depicted in Figure 1). The weights associ-
ated with each connection within the network are adjusted
in an effort to generate a predicted time-series of neural ac-
tivity for each region, which should optimally match the ob-
served time-series. The different network configurations lead
to slight differences in timing of the activity relating to the
conditions, reflecting the timing dynamics of the network.
The generated model should therefore capture the timing of
activity in different regions better when the network configu-
ration resembles the actual underlying network best. Factor-
ing in complexity, in the model comparison, the model con-
figuration that best fits the observed data is considered to be
the winner, and supports that model’s structure as representa-
tive of actual structure in the brain.

The aforementioned approach assumes that the selection of
regions included in the model is based on a strong experimen-
tal effect. While this is a common and appropriate method,
alternate approaches to modelling cognition take a top-down
approach, and to be implemented in DCM, require the inclu-
sion of regions which are driven by theoretical considerations.
In that instance, a strong experimental effect in the data which
DCM can fit different models to might not always be present
for all regions.

The Common Model of Cognition
One example of a theory-driven model that has been in-
vestigated using Dynamic Causal Modeling is the Common
Model of Cognition (CMC). The Common Model of Cog-
nition (CMC) was proposed as a sparse, high-level, con-
sensus model that aims to capture the common elements
across nearly five decades of cognitive model research (Laird,
Lebiere, & Rosenbloom, 2017). The model identifies five
functional modules (Perceptual, Motor, Working Memory,
Procedural Memory, and Long Term Memory), localizes each
in a particular brain region, as shown in Figure 2 and posits
a network of connections that represent the flow of informa-
tion between them. As such, the CMC is intended to serve
as a common-ground framework for cognition across a wide
variety of modalities and domains.

Figure 2: The Common Model of Cognition (CMC)

(a) The CMC Schematically (b) The CMCs Mapping

Previous research has validated the CMC on various tasks
using Dynamic Causal Modeling (Stocco et al., 2021; Steine-

Hanson, Koh, & Stocco, 2018). The pathways posited by the
CMC and its resulting network were compared to models us-
ing plausible alternate networks between the same regions.
While the selection of the five regions is theory-driven, and
does not always equate to the regions showing the strongest
peaks in the experimentally-based contrasts, the General Lin-
ear Model was still used to confirm that there were detectable
differences between conditions in all regions which DCM
could fit to.

Traditionally, it is assumed that the observed signal in the
regions is strong enough for DCM to fit a representative pre-
dictive signal, and the fit is not directly tested. For DCM,
it is not necessary to have a perfectly fitting prediction for
the model to be valid, but if no effect of the observed signal is
captured at all, the required aspects of timing to determine the
best-fitting model cannot be captured either. While the Gen-
eral Linear Model being applied to the regions of the CMC
does provide some detectable difference, it remains unclear
whether the effect in the observed data is sufficient in strength
to fit a meaningful prediction to it.

This research examines the fit of the individual regions
when applying DCM to the Common Model of Cognition,
and explores subject- and region-specific differences, provid-
ing deeper insight into what it means for a complex model
to fit complex data, highlighting important challenges when
interpreting high-level results, and balancing the contribution
of theoretical frameworks and the limitations of a technical
method.

Methods
Data
The following analyses were conducted on task-fMRI data
from the Human Connectome Project (HCP) (Van Essen et
al., 2013), focusing on a subset of 100 subjects participating
in the Social Cognition task (Wheatley, Milleville, & Mar-
tin, 2007). The analysis was conducted in line with previous
research on the CMC (Stocco et al., 2021).

Measuring Regional Fit
The BMS results capture differences in overall model fit, but
this metric is derived by combining the regional fits of all
regions included in the model network. These fits are not
usually examined individually, but because the CMC selects
regions using their theorized importance to the model and not
their known signal differences, comparing the predicted sig-
nal for each region to the extracted observed signal allows
for a closer examination of this top-down approach. Namely,
exploring the underlying patterns of regional model fit ad-
dress questions like: Are there regions that consistently show
a poor fit across subjects? Do some subjects show an overall
better or worse fit? And lastly, are there recurring patterns of
well-fitting regions in subjects which are more prevalent than
others, and might therefore impact and skew the model fitting
and comparison procedure?

Figure 3 shows the difference between an informative and
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Figure 3: Time-Series Prediction vs. Observed vs. Average

(a) Example of an Informative Prediction

(b) Example of an Uninformative Prediction

Notes. Example time-series of ROIs. The blue, solid line represents
the observed data. The red, dotted line represents the predicted sig-
nal according to the DCM. The green, dashed line represents the
mean of the observed signal.

uninformative prediction within a region over time. Figure
3a shows a prediction, shown by the red line, which gener-
ally follows the dynamics of the recorded signal, shown in
blue, and suggests that the model that produced the predic-
tion is doing a good job of capturing the related brain ac-
tivity. By contrast, the predicted signal in Figure 3b is al-
most completely flat, and does not differ significantly from
the mean activity, and seems unlikely to have been produced
by a model that represents the underlying mechanisms which
would help discern the temporal dynamics of the region.

These kinds of quality judgments of a predicted signal can
be made easily by eye, but to systematically explore predic-
tions across subjects and tasks, a measure needs to be defined
that quantifies how well the predicted signal of each region
in the DCM of an individual subject fits the observed BOLD-
signal in their fMRI data. A simple measure of this can be
calculated as:

r(t) = abs(o(t)− p(t))

With r(t) representing the residuals of the observed signal
o and the predicted signal p at time t. We can recover the
average deviation rm of the predicted signal from the observed
signal throughout the session by averaging the residuals of all
time points T .

rm =
∑

r
t=1 abs(o(t)− p(t))

T

The goal of DCM is not to fit the prediction as accurately
as possible, with Bayesian priors constraining model com-
plexity. However, a complete lack of effect from conditions
in a region means that the data does not provide any tempo-
ral information for DCM to determine the region’s temporal
dynamics and therefore effective connectivity.

A good point of comparison whether DCM was capable of
predicting the signal better than “random” is to check whether

its prediction fits the observed data better than just predicting
the mean of the observed signal.

rmean(t) = abs(o(t)−mean(o))

By applying a one-sided t test between the residuals over
time we can check if the prediction by DCM is any better than
predicting the mean of the observed data, and therefore, if any
experimental effect has been captured at all. It does not check
how strong this effect is, or how accurately it fits the observed
data overall, as this should not necessarily be optimized by
DCM due to its Bayesian constraints. Applying this metric
to all subjects on all regions, we can deduce which regions
have been able to provide any fit to an experimental effect for
the different participants. This does not indicate whether any
temporal dynamics have been correctly captured, but instead
if it was possible to capture them from the respective region’s
experimental effect at all.

Figure 4: BMS Expected Probabilities CMC vs. Alternates

Notes. Models reported: (1) CMC; (2) Hierarchical 1; (3) Hier-
archical 2; (4) Hierarchical 3; (5) Hub Prefrontal Cortex; (6) Hub
Procedural; (7) Hub Temporal; see Stocco et al. (2021) for full de-
scriptions of the alternate architectures.

Model Comparison Replication
To ensure comparability with previous DCM research, after
the initial model fitting, the model comparison conducted by
Stocco was repeated on the data used in this study. Bayesian
Model Selection was applied to the fit of the Common Model
of Cognition as compared to the previously used alternate net-
work structures. As expected, the Common Model of Cog-
nition outperformed alternate structures in regards to overall
model fit, as visible in Figure 4. The CMC models created
in this process were used as a basis for the regional analyses
performed in the following.
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Figure 5: Residual Distributions per Region in the CMC

Results
The fit of the predicted BOLD signal to the observed signal
between regions was assessed by examining the distribution
of the residuals across subjects, as shown in Figure 5. For
comparison, predicting the mean of the signal for each region
would yield residuals of about .791, as indicated by the red
vertical line. The fit varies strongly between regions: Per-
ception shows a clearly superior fit to the mean prediction at
.65, whereas Procedural Memory performs poorly, with the
residuals not fitting much better than predicting the mean,
with a mean residual of .786. Long-Term Memory exhibits
a similarly bad fit with mean residuals of .779, though its
skewed distribution suggests that DCM predicts the data well
for some of the subjects. Both Working Memory and Mo-
tor show an intermediary fit (mean residuals of .737 and .75
respectively), fitting noticeably worse then perception, but
much better than Procedural and Long-Term Memory.

In addition to the differences in mean residuals across re-
gions, there is a clearly visible variance between subjects in
how well the respective predictions fit.

Table 1: Significant Subjects per Model per Region

Model Motor LTM Perc. Proc. WM Avg.
CMC (Dir) 45 5 94 9 54 41.4
H1 39 7 97 6 49 39.6
H2 42 5 97 5 48 39.4
H3 43 10 97 4 58 42.4
Hub PFC 42 6 95 7 53 40.6
Hub Proc. 40 6 96 9 56 41.4
Hub Temp. 43 10 97 6 55 42.2
Average 42 7 96.1 6.6 53.3 41

Notes. The number of subject (from a set of 100) whose predicted
signal was significantly better than the mean prediction in each
region of the CMC, compared to the six alternate structures from
Stocco et al. (2021).

As noted, the goal of DCM is not to maximize the fit of

individual regions, but to maximize fit within the constraints
imposed by the Bayesian Priors. However, for the experimen-
tal condition acting as an input to have an effect on model
fit in a specific region, there must be at least some kind of
detectable signal present. To determine whether the DCM
predictions outperformed the mean predictions, t-tests were
conducted comparing the two time-series for each region in
each participant’s model.

The results, summarized in Table 1, show that across mod-
els, for the vast majority of subjects, DCM predicts Percep-
tion significantly better than the mean. For Working Memory
and Motor, this is true for about half of the subjects. In con-
trast, only a small minority of subjects achieve a significant fit
for both Long-Term Memory, as well as Procedural Memory.

Figure 6: Distribution of Significant Regions per Subject in
the CMC

The substantial deviation in how well different regions fit
raises the question of how the fit of regions is distributed
across subjects. Therefore, the number of regions of interests
with significant fits for each subject was examined.

As shown in Figure 6, only 2 subjects have DCM models
with significantly-better-than-random fits on all five regions.
An additional 6 subjects show significant fits for 4 out of the
5 regions. This means that for 92% of the subjects, their best
fitting DCM model consists of three or less regions achieving
significant fits (28 subjects with 3 significant regions, 29 with
2, and 31 with only 1 significant region). For 4 subjects, none
of the regions achieved significant fits.

The unequal distribution of significant regions has implica-
tions for the combinations of significant regions more and less
prevalent in subjects. Figure 7 shows the probability of each
region being significant for subjects with a certain number of
significant regions. If subjects have three or fewer significant
regions, as is the case for the vast majority of subjects, these
are most commonly a combination of the same three regions:
Perception, Motor, and Working Memory. Only rarely will
Long-Term Memory or Procedural Memory be significant in
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Figure 7: Order Effects of Regions in the CMC

these cases. These regions typically only become significant
for the minority of subjects with four or five significant re-
gions, in which case the three aforementioned regions are sig-
nificant as well.

Discussion
Traditionally, task-based Dynamic Causal Modeling is ap-
plied to networks among regions which show a strong ex-
perimental effect in the task. However, regions which do not
exert a strong effect can still be involved in the cognitive pro-
cessing of the task, and can be relevant or even necessary for
a complete model of brain networks. If the observable differ-
ence between conditions, and therefore states, in the data is
too small or nonexistent, DCM cannot capture the temporal
dynamics of the respective region and cannot extract its re-
lation to other regions. In its traditional setup, the quality of
temporal dynamics in the General Linear Model is commonly
assumed to be sufficient to be captured, and therefore the re-
gional fit of the predicted signal is not usually investigated.
Here, using a theory-driven setup with only some effect in
the General Linear Model present, we demonstrate that the
regional fit in the DCMs of the Common Model of Cogni-
tion, is often not capturing the observed signal well, even if
the overall model fit strongly outperforms all other network
configurations. Indeed, it was found that there were signifi-
cant issues with the regional fit, specific to some regions and
subjects.

Potential Causes for Fit Inconsistency Between
Regions
The individual regions in the DCM showed a wide range of
fit, with some, such as Perception, fitting much better than
others, such as Procedural Memory. There are multiple pos-
sible explanations for this, some of which relate to the quality
of the data. If, for example, the location selected from which
to extract the time-series does not correctly reflect the cogni-
tive processing attributed to it, one might end up with uninfor-
mative or misleading observed data. This is a particular risk
when regions are derived from theory, instead of from pre-
viously identified strong signals. Further, some regions are
difficult to record with modalities such as fMRI. Procedural
Memory, the worst performing region, is mapped to the Basal
Ganglia, which often poses problems for various brain imag-
ing techniques due to its small size, varying location between

individual brains, and its deep, subcortical location in the
brain (de Hollander, Keuken, van der Zwaag, Forstmann, &
Trampel, 2017; Wall, 2023). Further, they are susceptible to
vascular artifacts affecting the recorded BOLD signal, which
makes the detection of task-related neural changes more dif-
ficult. This means that even when the hypothesized region
is relevant for task processing, and when there is generally
processing to be recorded in the area, it might sill be diffi-
cult to extract a meaningful signal from a modality such as
fMRI, making the temporal dynamics difficult to capture for
DCM. Task-related changes in Perception on the other hand
were comparably easy to detect in modeling the CMC us-
ing fMRI, as perceptual processing spreads over a large area,
within which the task-related signal tends to be rather strong.

Another plausible cause relates not to issues with the data
quality, but the modality with which the data is recorded. A
region’s activity might simply not experimentally differ, even
if it is involved in the task. If the region is active regardless of
condition, without any difference between experimental con-
ditions showing in the recorded data, the temporal dynamics
cannot be captured by simply using the different conditions
as onsets for neural change.

The Role of Regions Within Larger-Scale Models
When using a tool like DCM, it is tempting to take results like
these and determine that poorly fit regions should be removed
from the overall model framework. However, this should not
be enough to ignore the theoretical reasons that a region or
component should be considered. Theoretical models may
use these regions to explain processing steps expected during
the task, and including the connections between these regions
and those that are fit well with methods like DCM may still
help to understand the network as a whole. Even more prob-
lematically, removing a region relevant for the cognitive pro-
cessing of the task might lead to a misrepresentation of the
network, causing DCM to incorrectly estimate the timing of
the cognitive stages. While these issues are particularly rele-
vant for theory-driven models, they also have the potential to
impact results for traditional contrast-derived models as well,
as a region relevant for processing might simply not show in
the contrasts and not be included in the network analysis.

But while understanding the reasons behind a region’s lack
of fit in DCM might be helpful in selecting networks for com-
parisons or interpreting results, the issue of inconsistencies in
regional fit will likely persist. Reliably detecting task-related
changes in areas like the Basal Ganglia is challenging with
most available imaging techniques, and even those that seem
more promising, like High-Field MRIs or specific pulse se-
quences (de Hollander et al., 2017), are not feasible for col-
lecting the scope of data required for this kind of general,
whole brain network analysis (Wall, 2023). Simply ignoring
the Basal Ganglia as a factor, however, is equally implausi-
ble as a path forward, given the central role it plays in many
cognitive modeling paradigms. Future investigations in this
direction, then, must balance the limitations of their method-
ologies with the demands of their theoretical frameworks. In
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the case of DCM, this includes better understanding the ef-
fects a non-fitting or badly fitting region has on the model fit
and reliability of model comparisons.

The Impact of Region Fit Inconsistencies
A primary result of these analyses was the finding that the
majority of participants had only 3 or fewer regions which
were significantly better than predicting the mean. Differ-
ences in quality between participants can be caused by dif-
ferences in either the general quality of the scans, or by the
aforementioned issues in the localization and noise of specific
regions. If DCM is only able to fit appropriately to the tempo-
ral dynamics of a subset of regions, two issues might occur.
First, there is a risk that DCM might effectively end up “ig-
noring” the other regions, with the winning model resembling
the best connectivity of only the factored in subset. Second,
while DCM is intended to compensate for model complexity,
validations of this are based on data which indeed has signifi-
cant differences in regions between experimental conditions.
There is a risk that the lack of an appropriate fit in some re-
gions might skew the fit, with a more complex model having
an advantage over a less complex one.

It is not trivial to investigate whether and how badly fitted
regions affect the retrieval of the correct model, as there is no
access to the ground truth underlying the brain’s processing.
It is possible that a badly fitting region throws off the model
retrieval and comparison. However, it is also possible that
DCM has some resiliency if a limited number of regions are
not fitting well. For example, if a region between two regions
cannot be captured well, but the other two can, the timing ef-
fects of the badly captured region on the others can still be
sufficient for the generatively created DCM to correctly re-
trieve the best model. While this cannot be directly observed,
some indicators should be investigated.

One possible approach could be to investigate differences
of model fit between groups of subjects with well-fitting and
badly-fitting regions. The amount of well-fitting subjects in
this research was not sufficient to retrieve meaningful re-
sults, but with more balanced datasets or models, this might
be achievable. Another possible approach could be to take
a model with well-fitting regions and replace one or multi-
ple of them with badly-fitting regions, investigating the effect
this has on the model comparisons. Finally, the resiliency of
DCM could be tested using simulated data, where the ground
truth is known and any deviations in the model can be directly
examined.

In addition to investigating the role of regional fit, explor-
ing the impact of complexity could also be useful for contex-
tualizing these kinds of analyses. The slightly higher number
of connections of the CMC compared to its theory-driven al-
ternatives might have given it an advantage in the model com-
parison, due to a higher level of complexity. While the current
methods of comparison are supposed to be able to account for
this degree of difference, this assumption has not considered
how poorly fitting regions affect the effective complexity of a
model. If complexity is the determining factor of the results,

either due to the amount of overall connections, or the con-
nections from the input-areas, such as perception or working
memory, any randomly connected model with the same com-
plexity should outperform the other models as much as the
CMC does. This could be investigated by fitting randomly
connected models with the same level of complexity that the
CMC has and see if, and by how much, they outperform the
competing models relative to the advantage the CMC has.

Finally, if a region suffers from a lack of capturable dif-
ference between conditions, but is otherwise a valid repre-
sentation of the processing in the respective area over time,
DCM might simply need a different, non-experimental signal
it can fit to. This is already a standard with modeling the con-
nectivity of resting-state fMRI data (rsfMRI) (K. J. Friston,
Kahan, Biswal, & Razi, 2014), and has even been applied to
investigating the CMC using rsfMRI (Sibert, Hake, & Stocco,
2022). During resting-state fMRI scans, participants lie in a
scanner with open eyes without any task, so there is no exper-
imental input that could be used. To model the spontaneous,
resting-state related brain activity, inputs of different frequen-
cies are used for DCM, which represent the fluctuations found
in brain activity. This allows DCM to effectively fit its gener-
ative model to resting state data in a plausible way, and still
capture the underlying temporal dynamics of the networks.
Such inputs could be used for modeling an experimental task,
in addition to the task-based inputs, which are currently the
only drivers of activity considered by the model. This way,
regions showing no discernible patterns in activity related to
experimental inputs can still be fit to frequency-based fluctu-
ations in the recorded brain activity. This cannot compensate
for regions with a general lack of signal, or too much noise to
discern any signal on a frequency basis, but these challenges
do not differ from those already existent with the methods
applied in resting state fMRI. This is also true for the risk of
overfitting to patterns not related to brain activity, but rather
noise, which would apply to all models fitted to the data.

Conclusion
A close investigation of the components of an otherwise well
fitting model of brain connectivity using Dynamic Causal
Modeling reveals important inconsistencies in regional fit.
While we do not consider this to invalidate previous results, it
provides important context both for current results and future
investigations, particularly in cases where DCM is applied to
theory driven, rather than data driven networks. Several paths
forward are proposed for better understanding the effects of
poor regional fits of brain data, but we also consider these re-
sults worth discussing in a broader sense. The investigation
here is specific to theory driven network models being used to
fit brain signaling data, but there are many projects across the
wide field of cognitive science that are using similarly com-
plex methods to explore similarly complex data. Examining
the component elements of complex methods not only pro-
vides additional metrics through which to measure success,
they also provide vital context through which to interpret the
overall results.
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