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Deterministic dynamic causal modeling (DCM) for fMRI data is a sophisticated approach
to analyse effective connectivity in terms of directed interactions between brain regions
of interest. To date it is difficult to know if acquired fMRI data will yield precise estimation
of DCM parameters. Focusing on parameter identifiability, an important prerequisite
for research questions on directed connectivity, we present an approach inferring if
parameters of an envisaged DCM are identifiable based on information from fMRI data.
With the freely available “attention to motion” dataset, we investigate identifiability of
two DCMs and show how different imaging specifications impact on identifiability. We
used the profile likelihood, which has successfully been applied in systems biology, to
assess the identifiability of parameters in a DCM with specified scanning parameters.
Parameters are identifiable when minima of the profile likelihood as well as finite
confidence intervals for the parameters exist. Intermediate epoch duration, shorter TR
and longer session duration generally increased the information content in the data and
thus improved identifiability. Irrespective of biological factors such as size and location of
a region, attention should be paid to densely interconnected regions in a DCM, as those
seem to be prone to non-identifiability. Our approach, available in the DCMident toolbox,
enables to judge if the parameters of an envisaged DCM are sufficiently determined by
underlying data without priors as opposed to primarily reflecting the Bayesian priors in a
SPM–DCM. Assessments with the DCMident toolbox prior to a study will lead to improved
identifiability of the parameters and thus might prevent suboptimal data acquisition. Thus,
the toolbox can be used as a preprocessing step to provide immediate statements on
parameter identifiability.
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INTRODUCTION
Connectivity analyses of fMRI data are noninvasive tools to inves-
tigate interactions within a network of brain regions (Smith,
2012). Application of connectivity analysis methods has become
more prevalent in a clinical context as diseases are being concep-
tualized as network disorders (Rowe, 2010; Seghier et al., 2010;
Grefkes and Fink, 2014) and it has also become more feasible,
as a wide variety of connectivity techniques along with their
implementation in toolboxes is available. On the one hand, func-
tional connectivity in task or resting state fMRI data (Biswal
et al., 1995, 2010; Lowe et al., 1998; Van de Ven et al., 2004;
Calhoun and Adali, 2012) can be investigated e.g., by corre-
lating the time series of activated regions, though interpreta-
tion toward causality is limited here (Stephan, 2004). On the

other hand, the application of effective connectivity methods
such as Dynamic Causal Modeling (DCM; Friston et al., 2003)
provides insights into the causality of interactions between
certain brain areas (Friston, 2011; Stephan and Roebroeck,
2012).

As the assessment of effective connectivity using DCM
becomes more and more widespread (Friston, 2011), the pub-
lication of guidelines for DCM (Stephan et al., 2010; Kahan
and Foltynie, 2013) has greatly facilitated its employment—for
application-oriented studies, see e.g., (Rowe et al., 2010; Deserno
et al., 2012; Scheller et al., 2013 and Seghier et al., 2010), for a
review of patient studies. Nevertheless, it is difficult to determine
if a given research question can at least in principal be answered
using DCM prior to actual data acquisition.
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hypothesized that a shorter TR would enhance parameter iden-
tifiability because of overall increase in measurement precision
(Feinberg and Yacoub, 2012). Second, the acquisition of addi-
tional volumes was thought to improve identifiability as well,
while a shorter imaging session would lead to a decrease in iden-
tifiability, as less data to fit the model would then be available.
Third, we hypothesized to find certain epoch durations in block as
well as event related design scenarios specific for optimal identifi-
ability. Finally, decreased SNR was considered to diminish overall
identifiability.

RESULTS
RESULTS OF ATTENTION TO MOTION “FORWARD” MODEL
After testing the original imaging specifications of the forward
model, all parameters proved identifiable, i.e., showed CI bound-
aries as depicted by the blue line which crosses the red line
twice (Figure 2). Nevertheless, several of these parameter CIs
were relatively broad (see e.g., original settings in TR = 3.22 s
subplot of Figure 2), implying that the true parameter value
cannot be determined with high precision. By shortening TR,
testing different epoch durations as well as by increasing session
duration, we sought to shrink these CIs to enable more reli-
able statements about the respective parameters. Effects of such
variations are described in the following paragraphs. The whole
identifiability assessment could be achieved within reasonable

computing times. For the models chosen in this report, we
needed 5 h on average for all parameters in a cluster computer
environment.

Variation of TR
We were able to obtain identifiable parameters across most
simulated TR values. Though TR was simulated in 0.5 s incre-
ments between 1 and 3.5 s, we chose to depict a subset of changes
in parameter identifiability only (Figure 2). Plots of remaining TR
values are displayed in Supplementary Material (Supplement 1).
As expected, a short TR of e.g., 1 s leads to an overall shrinkage
of CIs. Most prominent changes in parameters’ CIs could be
observed in connections concerning the A-matrix of the DCM
state equation. Modulatory as well as exogenous inputs (B- and
C-matrices) already had relatively narrow CIs in the original
setting—see subplots for “Photic,” “Attention,” and “Motion” in
Figure 2. When testing TR = 6.44 s, i.e., twice the original TR,
we observed non-identifiabilities for the parameters of the con-
nections leading to V5 and also for the modulating exogenous
inputs of the B-matrix. Interestingly, the self-connection of V5
is consistent with zero as the profile likelihood approaches the
threshold in the negative range on the one side and crosses in
the positive range on the other side. Therefore, this connec-
tion might not exist. From the point of systems theory, this
connection should exist as an inhibitory mechanism to prevent

FIGURE 2 | Assessment of different TRs (1, 2, the original 3.22 and

6.44 s) for the “forward model.” The parameter value used for the
simulation is shown as a green vertical line. The blue line corresponds
to the profile likelihood. The red horizontal line illustrates the
χ2-quantile to a significance level of 1 − α with α = 5%. The parameter
is identifiable if the blue line crosses the red line twice, i.e., if
boundaries on confidence intervals exist. The respective connection is
described below the individual profile likelihood plot with the respective

parameter value range. The y-axis depicts the χ2-value of the model fit
(see definition of χ2 in Section “Parameter Estimation”). This value
describes the residual information of the data which cannot be
explained by the model alone e.g., noise or residual information due to
an improper model. Note that x-axis range can change across subplots
to enable full depiction of confidence intervals, while the scaling does
not change. For the mean confidence interval mCI we gained values
0.22, 0.29, 0.61, ∞ for a TR of 1 to 6.44 s, respectively.
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run-away excitability and to model the decay of activity (Friston
et al., 2003; Stephan, 2004). Based on this data, the existence
and strength of this connection could not be decided when a
TR of 6.44 s is chosen. For all other practically non-identifiable
parameters, an upper or lower bound excluding zero is apparent.
These connections do exist in this scenario, but the parameter val-
ues have huge error bars in one direction. For TR = 6.44 s there
are parameter regions apparent where the profile likelihood sud-
denly jumps to very high χ2(θ)-values. In these cases a parameter
regime is reached where the time series diverges and optimizing
the other parameters cannot counterbalance the fixed parameter
value.

Variation of session duration
Based on the original experimental run of 19.32 min (i.e., 360
acquired volumes), we changed session duration to determine
the number of volumes necessary for overall parameter iden-
tifiability, while TR and epoch duration kept the values of the
original study. As already stated above, all parameters were identi-
fiable in the original setting with 360 acquired volumes, therefore
this scenario is not depicted anew (see Figure 2). It is evident
from Figure 3 that halving the session duration (i.e., 180 acquired
volumes) does not suffice to obtain identifiable DCM parameters.
Several CIs either lack an upper or lower bound, i.e., the pro-
file likelihood does not cross the threshold twice (Figure 3). In
terms of the above-introduced non-identifiability terms, these are
practical non-identifiabilities, which can be resolved by acquir-
ing a sufficient number of volumes, while the envisaged DCM
itself does not need to be modified. A change toward identifia-
bility of all parameters can already be observed with 270 volumes.

When increasing the number of volumes beyond 360, a further
narrowing of CIs on parameter estimates could be observed but
not perceivably beyond 540 acquired volumes (please refer to
Supplementary Material (Supplement 1) for plots of 630 and
720 acquired volumes). For a session duration of 540 times
TR the mean CI even increases slightly, though not consider-
ably.

Variation of epoch duration
Different epoch durations referring to either event-related or
block design scenarios were tested for parameter identifiability
characteristics. Potential event-related designs with epoch dura-
tions of 1, 3, and 5 s were assessed (see subplot for 1 and 3 s in
Figure 4). As the original experiment was a blocked design, the
remainder of Figure 4 shows such a scenario with epoch dura-
tions of 15, 20, and 30 s, the latter being marginally shorter than
the original setting of 32.2 s. As can be concluded from compar-
ing the original setting in the rightmost subplot of Figure 2 to the
30 s subplot of Figure 4, even a small decrease of epoch duration
improves parameter identifiability. The results show that for this
model and these design parameters, a decrease in epoch duration
improves identifiability. Furthermore, the event-related scenarios
with 1, 3, or 5 s yield the best results with regards to identifia-
bility, though identifiability decreases for the modulatory inputs
“Attention” and “Motion” in the 1 s scenario (mCI = 0.32 for
an epoch duration of 1 s and mCI = 0.22 for 3 s). Thus, short
to intermediate epoch durations rather than tenfold the TR of
the original study, seem to yield full identifiability. Nevertheless,
all parameters were equally identifiable in the original settings
(Figure 2), though with rather large CIs.

FIGURE 3 | Assessment of different session durations ranging from 180 to 540 times the original TR for the “forward model.” For explanation of the
graphs see Figure 2. The mCI were from left to right ∞, 0.58, 0.38, 0.40.
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FIGURE 4 | Assessment of different epoch durations ranging from 1 s, which is equivalent to stimulus durations of rapid event-related designs, up to

a blocked design equivalent of 30 s. The mCI were from left to right 0.32, 0.22, 0.36, 0.46, and 0.72. For explanation of the graphs see Figure 2.

Variation of SNR
To investigate the influence of different SNR on identifiability, we
also assessed an SNR of 1 within the original imaging specifica-
tions. From Figure 5 it is apparent that with a high noise level
many parameters become practically non-identifiable and hence
the mean CI is mCI = ∞. Thus, for more realistic SNR, reaching
overall identifiability seems to be more difficult. Interestingly,
again the connections leading to V5 and the modulatory inputs
“motion” and “attention” are not identifiable. Whereas most of
these parameters are still practically non-identifiable and only
have a lower or upper bound, the connection from SPC to V5
exhibits a flat profile likelihood, which comprises zero. Therefore,
no information is gained about this parameter. The connection
from V5 to V1 is consistent with zero, even though it should be
different from zero based on its real value (green line in Figure 5).
Additionally, the CI does not include the real parameter value.
Thus, even with a finite CI, no proper conclusion on the exis-
tence of this connection can be drawn. Hence, with a SNR of 1,
many parameter values cannot be identified unambiguously as
many parameters are non-identifiable or their CIs exclude the real
parameter value. However, for parameters which possess a lower
or upper CI bound, the parameters exist and the sign of their
connection strength can unambiguously be determined.

RESULTS FROM ATTENTION TO MOTION “BACKWARD” MODEL
Similar to the “forward” model, all parameters of the back-
ward model in its original specification proved identifiable,
though with rather large CIs on several parameter values as well
(mCI = 0.65 for the backward model and mCI = 0.61 for the for-
ward model). As the effect of manipulating TR, session and epoch
duration were comparable to those on the forward model, we
will only present the result of the backward model with original
imaging settings (Figure 6) and provide all other profile likeli-
hood plots of the backward model in Supplementary Material
(Supplement 2).

Importantly, one might want to manipulate more than one
acquisition parameter at the same time when adjusting data
acquisition toward full identifiability. A decrease in TR combined
with a moderate increase in session duration, i.e., the acquisi-
tion of additional 90 volumes, systematically improved parameter
identifiability of the forward as well as the backward model (result
for the backward model shown in Figure 7), such that a precise
parameter estimation should be warranted when acquiring real
fMRI data with these settings.

DISCUSSION
Taking the freely available “attention to motion” dataset as an
example, we demonstrated an approach that permits improve-
ments in fMRI data acquisition to ensure identifiability of all
DCM parameters based on the data, and a simplified DCM
model without priors. The presented DCMident toolbox oper-
ates on the profile likelihood to provide at a glance state-
ments about parameter identifiability. Hence, we addressed the
question if the data contains enough information to reliably
estimate parameters that might be of interest for a specific
research question or relies on Bayesian priors to restrict parameter
estimates.

MODEL IDENTIFIABILITY
In two three region DCMs applied to the “attention to
motion” dataset with its original MR sequence specifications, all
parameters were identifiable for a high SNR of

√
10 but often

with broad CIs. The parameters of the B-Matrix had much nar-
rower CIs than those of the A-Matrix. This is due to the additional
information provided by the exogenous modulations “Motion”
and “Attention,” specifying when experimental modulations are
present or absent.

Regarding the A-Matrix, CIs were widest for the connection
strength between V1 and V5, V5 and V5, and SPC and V5, such
that all connections leading to V5 were estimated least precisely
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FIGURE 5 | Assessment of data with an SNR=1, where mCI = ∞. For
explanation of the graphs see Figure 2.

(see original experimental specifications in TR = 3.22 s sub-
plot in Figure 2). This can be further elucidated by assessing
the number of connections or parameters (Figure 1), which have
to be estimated from the time series of each node. Following
this reasoning, parameter estimations from the time series of

FIGURE 6 | Assessment of the data for the backward model with

original settings for TR, epoch duration and session duration with

mCI = 0.65. For further explanation of the graphs see Figure 2.

V1 are worse than the estimates from the time series of SPC,
as there are three parameters to be estimated compared to two.
The same rule applies to the “backward” model where only the
input to region 2 (V5) changes but five parameters still have
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FIGURE 7 | Optimizing experimental design by manipulating two

imaging specifications (here TR and session duration) at the same

time, where mCI = 0.32. For further explanation of the graphs see
Figure 2.

to be estimated from the respective time series. Therefore, if
there are one or more densely interconnected regions in a DCM,
e.g., a “central node” such as V5 in the current example, which
is connected to most of the other regions, we recommend to
carefully pay attention to its identifiability. When encountering
practical non-identifiabilities, TR, session or epoch durations
can be altered to obtain finite confidence intervals (see below).

This recommendation is independent from further biological fac-
tors relating e.g., to the size and anatomical location of a node,
which can additionally complicate parameter identifiability but
are beyond the scope of this study. Recent methodological devel-
opments allow the inversion of DCMs with a high number of
nodes (Seghier and Friston, 2013). Our framework might be
an ideal preprocessing step to such endeavors by providing a
heuristic as to whether densely connected nodes might follow
the priors in the SPM–DCM framework when they are practi-
cally non-identifiable solely based on information in the data.
Taken together, our approach can be seen as a beneficial addi-
tion to the existing SPM–DCM framework. It can variably be
applied as a preprocessing step to check identifiability before
conducting DCM analyses in SPM and can also be connected to
recent additions to DCM.

Besides the practical non-identifiability mentioned in Section
Identifiability and Non-Identifiability, additional structural non-
identifiability can occur (Raue et al., 2009, 2010). For structural
non-identifiable parameters, relations to other parameters can
be found such that these related parameters could compensate
completely for the influence of the non-identifiable parameter.
Thus, structural non-identifiabilities would display themselves as
flat lines without a minimum in the profile likelihood. They can
occur when not all state variables are observed. In this case, not
enough information exists to uniquely determine the parameter
from the data. In our work, structural non-identifiabilities did
not occur as we used a completely determined canonical hemo-
dynamic response function for the sake of computation speed.
Nevertheless, the presented toolbox could be modified by includ-
ing the more complex balloon model (Obata et al., 2004; Stephan
et al., 2007b) to fully reflect the DCM framework. However, using
the more complex balloon model might potentially lead to struc-
tural non-identifiabilities, as the hemodynamic state variables
and the exact onset of the hemodynamic response are not mea-
sured. This should be considered when modifying the presented
framework toward an implementation of a more complex region
specific balloon model.

In summary, variations of all investigated experimental design
and imaging specifications had an effect on parameter identifia-
bility (Figures 2–4). First, increasing session duration improved
identifiability but not considerably beyond 540 times the TR and
for this noise realization it even got slightly worse for 540 times
the TR compared to 450. Hence, to ensure study participants’
well-being and prevent motion artifacts, an extension of session
duration to increase parameter identifiability should be carefully
balanced.

Second, it is evident that decreasing TR and thereby increas-
ing the sampling rate improves parameter identifiability, as the
information for the parameter estimation is mainly gathered from
the slope and height of the rise of activity due to exogenous
inputs, and by increasing the sampling rate, more information
on the shape of this slope is gathered. It has been a trend to
shorten TR in fMRI research for several years and various reasons,
see e.g., (Feinberg and Yacoub, 2012; Feinberg and Setsompop,
2013; Jacobs et al., 2014). Along this line of thought, we would
recommend to reduce the number of slices and thereby TR when-
ever adequate for the research question at hand. This agrees
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