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ABSTRACT
A fundamental question in neuroscience is how different brain
areas communicate with each other. Dynamic causal mod-
elling (DCM) is a generic formalism to study effective brain
connectivity based on neuroimaging data, particularly func-
tional magnetic resonance imaging (fMRI). The interactions
between neuronal activity at different brain areas areas are
modelled as a first-order differential equation which also in-
corporates a generative model of how the neuronal activity is
transformed into the measured haemodynamic fMRI response
- the haemodynamic response function (HRF). The problem
of discriminating between different structures of connectivity
can be solved by state-of-the-art Bayesian methods, whereby
parameter estimation is followed by model selection. These
methods are computationally expensive and may converge to
parameter values that are valid only for a particular dataset.
In this thesis, the well-known multiple-model kalman filter
(MMKF) is applied in a number of different ways to per-
form model selection in an efficient manner, upon simulated
data from models with different connectivity structures. The
problem of estimating the haemodynamic response function
(HRF) is first addressed and the methodology is then extended
to the full problem of estimating the DCM. The results show
that the MMKF seems to be very accurate at choosing the cor-
rect connectivity structure between two parametrized models,
even taking into account the output non-linearity (the HRF).
In conclusion, this work provides the first demonstration of
the applicability of MMKF approaches to the problem of es-
timating effective brain connectivity based on DCM for fMRI.

Index Terms— fMRI, Dynamic Causal Modelling, Mul-
tiple Model Estimation, Kalman Filter

1. INTRODUCTION

Brain connectivity is an ill-defined concept[1]. From early
studies of brain anatomy [2], the anatomic point of view was
the center of connectivity research in neuroscience, and still
today the human brain connectivity is not completely mapped
[3]. More recently, the concepts of functional connectivity,
mathematical correlation between activity in different brain
areas, and effective connectivity, which requires causality,

have developed. The latter, in particular, has been the subject
a good amount of work (and controversy) in the neuroimaging
community in the last years[4].

There have been several approaches to modelling brain
connectivity that differ in their choice of observation equa-
tion (how brain states translate to a measured signal) and the
state equation that describes the evolution of the brain states
with time. Notably, Granger causality mapping (GCM) as an
example of a data-driven approach [5], and DCM as an exam-
ple of a model-driven (biophysically inspired) one[6]. In this
paper, the focus is on the DCM.

1.1. DCM

Dynamic causal modelling consists of a parsimonious model
- a bilinear dynamical system - where the average neuronal
activity is the state variable that represents each brain area,
and can be described by the following equation:

ż(t) = (A+
∑
j

uj(t)B
(j))z(t) + Cu(t) (1)

Here, z(t) is the vector of neuronal activity at different
brain areas, and u(t) is the vector of all inputs at time t (the
inputs are any known external stimuli that can influence
brain activity, within a controlled experiment). A has nega-
tive terms on the diagonal (natural rate of decay of neuronal
activity in each area) and the non-zero terms off-diagonal rep-
resent intrinsic communication between brain areas for the
given task. Each B controls the influence the j-th input has
on the connections between brain areas (for instance, when a
subject is told to pay attention to stimuli, certain connections
may be enhanced and others inhibited). Matrix C represents
the direct influence of stimuli on each brain area.

The activity of each brain area cannot be directly ob-
served, and a specific neuroimaging technique must be used
to obtain measures which can be realted to it. The function
that describes the measured output of the system as a func-
tion of the underlying neuronal activity is called the forward
model (it explains how observations are synthesized from the
underlying hidden neural activity, as opposed to the inverse
model, which would produce the neural activity given the
observed signal). In the case of fMRI, that is the HRF.



1.2. Estimating Effective Brain Connectivity with DCM

Estimating effective brain connectivity with DCM requires
the estimation of which models are superior to others in
explaining the data. This usually involves inversion of the
model. For this reason, techniques that deal with the in-
version of the observation model (the HRF), are important.
Apart from the one by Friston [7], alternatives have been
proposed based on the extended Kalman filter [8], sequential
Monte Carlo methods[9] and the unscented Kalman filter [10]
as well as multiple-model Set-valued observer (SVO) [11].

Regarding the estimation of brain connectivity, the typical
process based on DCM follows a two-step approach:

• A number of plausible models are proposed and the pa-
rameters of these models are estimated using a varia-
tional Bayes algorithm [12]. In the process, not only
the neural connectivity but also the forward model pa-
rameters are estimated.

• These models are assessed using Bayesian model com-
parison (BMC), and the best one is chosen.

The equations that govern this scheme are:

log p(y|m) = F (q) +DKL(q(θ) : p(θ|y,m)) (2)
F (q) = 〈log(p(θ|m) + log(p(y|θ,m)〉q + S(q) (3)

In order to perform Bayesian model inversion, the priors
for all parameters are defined and then they are estimated us-
ing Laplace approximation while maximizing F(q). Since the
Kullback-Leibler divergence is nonnegative, F(q) is a lower-
bound for the log-likelihood of the model. BMC uses these
log-likelihoods to compare models. Since a lower-bound is
used, the model comparison is not as reliable as it could be
and this is admitted as a weakness of DCM by the authors
[13].

1.3. Multiple-model kalman filter

Under measurement errors, typical state estimation tech-
niques require the exact specification of the model parame-
ters. When these are not available due to model uncertainty,
it is not possible to build a state observer through classical
estimation tools [14].

A solution which is more robust to parameter uncertainty
is the multiple-model estimation [15]. Specifically for the
case of estimating connectivity structure using DCM, given
that the underlying biology is a lot more complex, it may
just be that the neural model is too coarse resulting, among
other things in a posterior distribution of the parameters that
is clearly multi-modal. Since the standard DCM estima-
tion approach tries to estimate the optimal parameters for a
given connectivity structure by fitting a Gaussian distribution
around the maximum of the free energy, if the true posterior

distribution is actually multi-modal it may result in a loose
lower bound of the model evidence and thus compromise the
model comparison. If, on the other hand, one starts with the
assumption that several parameter configurations may be cor-
rect, these issues may be obviated and thus allow for a more
robust model selection in the context of effective connectivity
estimation.

Instead of the standard fitting of one model, several mod-
els representative of the possible (parameter) states of the sys-
tem can be used. The states of each of these models can be es-
timated by different types of observers, ranging from Kalman
filters (KFs) [16] to SVOs[17].

For the reasons above, multiple-model estimation seems
like a good idea for tackling the problem of identifying net-
work connectivity in DCM. Given the choice between several
multiple-model estimation algorithms, this thesis focuses on
the MMKF [18][19], the multiple-model counterpart of KF,
a very well studied filter, known to be the minimum variance
unbiased estimator for linear systems, which has also been ap-
plied (with modifications) extensively as a non-optimal filter
to non-linear systems.

An interesting point about the MMKF is that despite being
primarily a tool for state estimation, it inherently performs
model selection (through the probability distribution over the
set of models).

Explicitly, for an MMKF with n models - H1 · · ·Hn - if
the full data up to time k is defined as:

Y [k] ≡ {u[0] · · ·u[k − 1], y[1] · · · y[k]} (4)

The prior probability over the models must be defined
(typically a uniform distribution, if there’s no reason to be-
lieve that some regions of the parameter space are more rel-
evant a priori). All that is needed is a recursive formula that
allows the computation of the probability of each model at
time k+1 given the probabilities at time k:

Pi[k + 1] =
p(y[k + 1]|Hi, u[k], Y [k])

Z
· Pi[k] (5)

(5) is a direct application of Bayes’ rule and Z is a nor-
malizing constant.

The fundamental assumption is that one of the models in
the MMKF corresponds to the true model. In this case, the
MMKF converges to the true model given a reasonable level
of noise. However, even if the true model is not in the set
considered in the MMKF (which will happen almost surely
in a continuous parameter space), this approach still has its
merits and it will converge almost surely to the model that is
closest to the real system in terms of the measure defined by
Baram[20].

1.4. Organization

In the next section, the methodology for applying MMKF to
the selection of a HRF model is described and the results of



its application to simulation and empirical data are presented.
After, the methodology is extended to the selection of DCM
connectivity models and the results of simulation presented.
In the last section, the final remarks and possible future work.

2. HAEMODYNAMIC RESPONSE FUNCTION
ESTIMATION

The set of equations that comprise the HRF model is:

ṡ = εu− kss− kf (f − 1) (6a)

ḟ = s (6b)

v̇ =
1

τ
(f − v 1

α ) (6c)

q̇ =
1

τ

(
f

1− (1− E0)
1
f

E0
− v( 1

α−1)q

)
(6d)

y = V0[k1(1− q) + k2(1− q

v
) + k3(1− v)] (6e)

The HRF is the nonlinear dynamical system described by
the equations above, and relating blood flow (f) with the
blood oxygenation level dependent (BOLD) signal (y). Its
state varibles are the volume (v) and deoxyhemoglobin con-
tent (q). Friston complemented this model by expressing the
blood flow as a function of the synaptic activity (u), adding
another state variable to the system: the flow-inducing sig-
nal (s). All of these except for the flow-inducing signal are
normalized with respect to the resting state.

Estimating the parameters of the HRF is not trivial as it is
a nonlinear system, with parameter identifiability issues (due
to the number of parameters that need to be estimated from
a single-input single-output (SISO) system). The low sensi-
tivity of the output to local variation in the parameters has
been previously shown[21] and justifies an approach, such as
the MMKF, where the correct HRF is chosen from a set of
models representative of the different physiologically plausi-
ble HRFs.

Given a set of different models, all described by (6), but
with different parameter values, where the input to the system
is assumed to be known (corresponding to the fMRI experi-
ment design), the goal is to determine which one is the closest
to the true HRF.

2.1. Methods

In order to accomplish this, the MMKF will be used with
some modifications since the HRF is neither linear nor dis-
crete in time. Hence, the required adjustments are:

• (Bi-)Linearization

• Discretization

2.1.1. Bilinearization

The bilinearization was first proposed in[7], the same paper
that formulated the full model, and has been repeatedly used
since then. Defining:

x = [s, f, v, q] (7)
ẋ = F (x, θ, u) (8)
y = λ(x) (9)

The bilinear approximation to the function F can be found
by using Taylor’s formula around x = x∗ and u = 0. After
performing a variable change in x, a matrix formula can be
obtained:

x̃ ≡ [1 x]T (10)
˙̃x = Ax̃+ uBx̃ = (A+ uB)x̃ (11)

One must not forget that (6e), the output, is also nonlinear.
Since the final system may be time-varying, as the MMKF al-
lows it, its linearization proceeds in a straightforward fashion:

y =

[
λ(x) +

∂λ(x)

∂x
· x ∂λ(x)

∂x

]
︸ ︷︷ ︸

C

·x̃ (12)

The equations (11) and (12) constitute a linear continu-
ous time-varying (LCTV) system, because A, B, C and u de-
pend on time, and it is now a step closer to being suitable for
MMKF treatment.

2.1.2. Discretization

Perhaps more important than the linearization of the model is
the discretization, as this step is required to implement any
model in a digital computer. After a discretization period ∆T
is chosen, it is assumed that the continuous time-varying ma-
trices and the input remain constant during this sampling in-
terval:

A[k] = A(t) +B(t)u(t), t ∈ [k∆T, k∆T + ∆T [ ∀k (13)

One can then integrate (11) during this discretization step,
to obtain:

x̃(k∆T + ∆T ) = eA[k]·∆T︸ ︷︷ ︸
Ã[k]

x̃(k∆T ) (14)

x̃[k + 1] = Ã[k]x̃[k] (15)

The continuous output equation (12) can be directly dis-
cretized:
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Fig. 1. The output of 6 different haemodynamic response
functions to a unitary input

C[k] =

[
λ(x[k]) +

∂λ(x[k])

∂x
· x[k]

∂λ(x[k])

∂x

]
(16)

y[k] = C[k]x̃[k] (17)

It can be seen that (15) and (17) fit perfectly into the linear
discrete time-varying (LDTV) framework required by the KF,
and are thus finally in a form that allows the use of MMKF.

2.1.3. Parameters

A set of 6 physiologically plausible HRF models are used that
display the stereotypical known features of the HRF, specifi-
cally: fast, medium or slow response with or without under-
shoot. The parameters of these models are in the table 1.

HRF ks kf τ α E0

1 0.400 s−1 0.100 s−1 2.080 s 0.320 0.340
2 0.220 s−1 0.110 s−1 2.180 s 0.320 0.340
3 0.650 s−1 0.200 s−1 0.880 s 0.320 0.340
4 0.450 s−1 0.300 s−1 1.580 s 0.320 0.340
5 0.950 s−1 0.450 s−1 0.200 s 0.320 0.340
6 0.750 s−1 0.600 s−1 0.500 s 0.320 0.340

Table 1. Biophysical parameters for the 6 HRF models con-
sidered.

For each of the models, the neuronal efficacy ε is deter-
mined depending on the experimental data (input design and
observed BOLD response) by doing a binary search on the
parameter ε, trying to minimize the absolute difference be-
tween a feature computed for the current model and the same
feature computed on the observed response.

Typically, the BOLD response is obtained as a zero mean
signal, although the haemodynamic model assumes the base-
line to be 0 and most of the signal to be above that value. This
means that the model so far presented would not fit the exper-
imental data as it is. The approach here, consists in assuming
that the zero mean signal must be shifted vertically, that is, an
offset voff must be added to the experimental data. In order
to find the best value for a given model that has response yi,
we can just minimize the sum of squared errors.

The MMKF requires an estimate of the noise in the mea-
surement model. In order to obtain this estimate, one of the
HRFs is used to filter the input for a given experiment and
the Fast Fourier Transform (FFT) [22] of the output is then
computed. By finding the bins that contain the least amount
of signal energy (up to 5% cumulatively), one can use these
to detect the frequencies where an ouput signal from the same
experiment is supposed to contain mostly noise and thus es-
timate the Signal to Noise Ratio (SNR) of other data, where
the SNR is defined as:

SNR =
µsignal

σsignal
(18)

2.1.4. Simulations

Data were simulated using the parameters of the sixth model
in table 1 and using as input signal 300s of a rectangular wave
with period 8s and duty cycle of 50%. The integration step is
0.1s but the signal is sampled to get a simulated repetition
time (TR) of 3s. These data were corrupted with band limited
Gaussian noise with three levels of standard deviation to pro-
duce data with SNR of 1, 5 and 15. All preprocessing steps
were performed as described above.

2.1.5. Empirical data

A set of empirical data from an fMRI experiment was used
to test the model. Visual stimuli lasting 18s alternated with
fixation periods with roughly the same duration, for a total
of 366s, were used. The value of TR was 3s. After pre-
processing of the raw signal, and performing the identifica-
tion of an activated voxel on the visual cortex with the usual
tools (general linear model (GLM)), its corresponding time-
series, constisting of 122 points, was used as the experimental
data (y) for the model selection procedure.

2.2. Results and Discussion

2.2.1. Simulations

Figure 2 displays the results of applying MMKF to the prob-
lem of HRF model selection when the correct model belongs
to the set of tested models. The results clearly show that
the selection is successful as model 6 is given a very high
probability at the end of the data. As expected, higher SNR
leads the method to converge faster (almost 100% after 50s



for SNR=15), but even for SNR=1, the system converges to a
probability around 90% in less than 200s. Also worth noting
is the fact that across all levels of SNR the second most likely
model (though much less than the selected one) is consistently
model 5. Inspecting figure 1 this seems natural as model 5 is
the only other model to have a time-to-peak as short as the
one featured by the correct model.

2.2.2. Empirical data

Figure 3 shows the evolution of the probability of each model
and the fit of the best model, on the visual task empirical data.
On the empirical data, it is harder to draw conclusions as the
ground-truth is not available. However, model 3 is selected
after processing only a fraction of the data.

One must bear in mind that with experimental data the
correct model will never be in the set of models that the algo-
rithm can choose from and this may lead to indefinition.

3. DYNAMIC CAUSAL MODEL ESTIMATION

The main goal of this chapter is to determine which brain
areas have a effective connectivity during a certain task
or which connections a certain stimulus modulates. This
amounts to determining the structure of matrices A and B,
that is, which off-diagonal terms are zero.

3.1. Methods

The MMKF will again be used to select between a number
of models. This time taking into account the coupled system
defined by (1) and (6).

As in the previous chapter, (1) must be adapted so as to fit
into the MMKF. We start by obtaining a discrete-time model
that describes the dynamics in (1).

Defining F (t) = A +
∑

j uj(t)B
(j), and assuming the

inputs are continuous in the interval t ∈ [k∆T, k∆T +
∆T [ ∀k, it is possible to integrate (1) at the sampling times
on each of the intervals:

z(k∆T + ∆T ) = eF (k∆T )·∆T · z(k∆T )+ (19)

C(eF (k∆T )·∆T − I)F (k∆T )−1u(k∆T )

z[k + 1] = eF [k]·T z[k] · z[k]+ (20)

C(eF [k]·T − I)F [k]−1u[k]

In order to apply the MMKF to the full system in one
pass, the DCM and HRF are integrated into one augmented
state vector, where (for a DCM with n brain areas) the first
n entries correspond to the vector z and the state vectors for
the HRF (each with 5 elements) are stacked below. The ma-
trices of the dynamical system are assembled in a compatible
way, thus completing the definition of the LDTV that a KF
requires.
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Fig. 2. Probability of the different haemodynamic models,
when the simulated model is number 6 with (a) SNR=15 (b)
SNR=5 (c) SNR=1
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Fig. 3. Probability of the different haemodynamic models on
the visual task (a) and best fit (b)

3.1.1. Models and Parameters

In the following, the acMMKF is evaluated in the task of dis-
tinguishing between two models with different intrinsic con-
nectivity structures from [23]. They can be seen in 4 as well
as the inputs used in simulations.

Unless otherwise noted, a simulation from any model in
these scenarios consists of 200s of data generated with an in-
tegration step of 0.1s and posterior subsampling to simulate
TR=3s. For the estimation of the DCM structure, the HRF is
assumed known and it corresponds to the fourth set of param-
eters in table 1. Gaussian white noise is added to the outputs
to generate data with different SNRs. Unlike the HRF case,
the SNR is not estimated but assumed known (i.e. possibly
estimated from the signal in regions where there is no activ-
ity).

(a)
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1

Time (s)

u 1

0 50 100 150 200
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u 2

0 50 100 150 200

1

Time (s)

u 3

(b)

Fig. 4. Two models with different intrinsic connectivity (a)
and inputs used in simulation (b)

3.1.2. Known DCM Parameters

The first approach to gauge the performance of MMKF in es-
timating the underlying structure of a DCM is to generate data
from each of the (parametrized) models, and have MMKF de-
cide which one is the correct. 100 Monte-Carlo simulations
are performed – in this case the output generated is always
the same, each of the simulations only differs in the particular
realization of the noise added, for all of them SNR ≈ 1.

This is the simplest case possible, since the only difficulty
is the added noise. The nonlinearity (the HRF) is known and
one of the models that the algorithm can pick is equal to the
model that generated the data. For the known parameters, the
results are presented as box plots.

3.1.3. Unknown parameters

The second approach consists of generating data, not from the
exact model depicted in the figures above, but from a model



that has the same structure but random parameters in a given
range. In this case, for each of the 500 Monte-Carlo runs,
each connection parameter is sampled from a uniform distri-
bution in the range [0.1 , 0.9], data generated with added noise
(here three levels of noise are tested, SNR ≈ 0.25, SNR ≈ 1
and SNR ≈ 10) and then the MMKF had to decide between
the two models. Each KF represented one of the models, with
parameters as close to the mid-range (0.5) as possible, while
ensuring stability. That is, with maximum input, the eigen-
values of the matrix that multiply z(t), (previously denoted as
F(t)), must respect:

max(Re(λ)) < 0 (21)

For the second and third approaches where the parame-
ters of the model are assumed unknown, results are presented
for three different levels of noise, where the SNR ranges from
0.25 to 10 and the algorithm’s performance is evaluated af-
ter a fraction of the data has been processed, as well as after
the whole data. Each of the 500 Monte-Carlo runs falls into
one of 8 bins that characterize the strength of the evidence
for model 1 vs model 2, according to the final probability at-
tributed to each by the algorithm as expressed in Table 2.

Evidence Probability of model 1
Very strong 1 [0.99, 1]

Strong 1 [0.95, 0.99[
Positive 1 [0.75, 0.95[
Weak 1 [0.5, 0.75[

Table 2. Evidence Labels

3.1.4. Influence of the input characteristics

The input signals in all of the previous simulations are fixed
and periodic. Performing the same Monte-Carlo simulations
described in the previous section, but varying the two param-
eters (period and duty cycle) of the input signal to the first
brain area, one can try to determine how they influence the
accuracy of the algorithm. The classification of the algorithm
for each set of input parameters is scored according to the
following formula:

S = #(P (X) > 0.75)−#(P (X) < 0.25) (22)

3.1.5. Unknown parameters - covering the parameter space

This third approach generates the data exactly in the same
way as the second one, but differs in the algorithm used to se-
lect the models. It does not have a one-to-one correspondence
between models in the scenario and KFs in the MMKF. In-
stead, for a given model, it generates all the possible models
where each parameter can take two values (partitionining the

Fig. 5. Box plots of the posterior probabilities for each of the
models in the intrinsic selection where the correct model is
model 2

space in three equal parts) hence a model with n connections1

generates 2n different representations in the MMKF (minus
the representations which are unstable).

This allows for a much better covering of the parameter
space, hence increasing the likelihood of the MMKF converg-
ing to one of the KFs that correspond to the correct connec-
tivity structure. In this case, 200 Monte-Carlo simulations are
done.

3.2. Results and Discussion

3.2.1. Simulations with known parameters

It is clear from Figure 5 that in almost all cases, model 2 ended
up with probability 1, which leads to an unusual box plot. In
the end, only 3 out of the 100 simulations had model 1 with a
higher probability, and in 91 of the simulations, model 2 had
a probability higher than 99%.

3.2.2. Simulations with unknown parameters

This second approach, closer to reality, exposes some of the
weaknesses of the algorithm. When data are generated from
model 1, the results in figure 6(a) seem close to perfect re-
gardless of the SNR. However, when data are generated from
model 2, figure 6(b) still reports that model 1 is widely pre-
ferred, which is incorrect.

This may mean that, since the parameters used to repre-
sent the models do not cover the parameter space adequately,
not only does data from the structure of model 1 fit those pa-
rameters, but also data generated by model 2 will fit them
in most cases. In the end, at the highest SNR and using the

1remember that in this context each connection in a model corresponds to
a parameter
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Fig. 6. Bar plots of the evidence for each model after 200s of
data when the correct is (a) 1 or (b) 2

whole data, the second approach returns at least strong evi-
dence for the correct model 64% of the time, and strong evi-
dence for the wrong model 32.5% of the time.

3.2.3. Dependence on input

Figure 7 depicts the performance of this approach when
model 1 generates the data, depending on the input parame-
ters. It is clear that the parameters chosen initially are close
to the peak performance of the algorithm for this data, which
shows a tendency to decrease as the period of the input signal
is diminished.

In general it should be possible to perform similar a priori
studies to determine optimal input characteristics that maxi-
mize distinguishability of different connectivity models. In
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Fig. 7. Classification score for different input characteristics

practice, there has been some work on how to determine the
effect of experimental designs on activity detection or HRF
estimation using fMRI [24] and how to optimize these param-
eters [25]. Recently, there has been some work on the distin-
guishability of different HRFs in the framework of multiple-
model SVOs [26].

3.2.4. Simulations with unknown parameters - covering the
parameter space

The third approach consists of a classification task as hard as
the one in the second approach (thus more realistic than the
first one) but the algorithm is slightly modified in the expecta-
tion that it can overcome the weaknesses of the last approach.

By partitioning the parameter space, it is more likely that
one of the KF in the MMKF will be close to the model gener-
ating the data, hence theoretically making the algorithm more
robust and more capable of choosing correctly between dif-
ferent connectivity structures.

The results in figure 8(a) relative to data generated by
model 1 are worse than the ones obtained by the second ap-
proach, but still particularly good especially with the whole
data and SNR=10. On the other hand, for data generated by
model 2 in figure 8(b), the algorithm now behaves correctly,
as opposed to what happened in the second approach. Again,
the classification accuracy increases with the SNR. Notably,
with SNR=10 and using the whole data, this approach returns
at least strong evidence for the correct model 91.5% of the
time, which is strikingly better than the results of the previ-
ous approach.

3.2.5. Summary of the results for unknown parameters

In table 3 one can observe the results for unknown parameters
with both algorithms (obtained using (22)). The lower scores
for the single parameter algorithm are due to its consistent
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Fig. 8. Bar plots of the evidence for each model, with param-
eter space covering, after 200s of data when the correct is (a)
1 or (b) 2

selection of model 1 when model 2 is the correct one, and
the SNR doesn’t affect its score. For the algorithm that uses
more than one filter per model thus covering the parameter
space, the results are much better and the SNR impacts them
directly.

4. CONCLUSION

In this work, the problem of estimating effective connectivity
from fMRI data in the framework of DCM was tackled by
using MMKFs.

First, the problem of estimating the HRF had to be ad-
dressed. Bilinearization and discretization were required to
make it suitable for the MMKF. Given a set of different HRF
models, the algorithm succeeds in picking the correct one and
it can also be applied to empirical data after pre-processing.

The underlying DCM structure also needs to be dis-
cretized and then coupled with the HRF in a global state that

SNR
0.25 1 10

Single parameter 30.6 30.7 31.7
Parameter Covering 56 74.25 83.5

Table 3. Performance score (normalized to 100)

represents the whole system. The algorithm performs very
well when distinguishing between parametrized models.

When the parameters are unknown (the case where the
connectivity is tested), the algorithm performs poorly when
using a single KF to represent a connecitivity structure, but
its results are markedly better when several KFs are used for
each connectivity structure.

In summary, a new approach for the estimation of neu-
ral connectivity from fMRI based on models (DCM) is pro-
posed using multipled-model estimation techniques (MMKF)
that may be more robust to the multi-modality of the posterior
probabilities of the parameters than the classical technique.

4.1. Future Work

A comparison with DCM variational estimation followed by
bayesian model selection is required to identify further weak-
nesses/strengths of the algorithm. Several points need to be
addressed in the current form of the algorithm, such as the es-
timation of SNR, making it robust to temporal scaling in the
DCM and amplitude of the signals. A practical way of ap-
plying the algorithm without knowledge of the HRF for each
area must also be developed. Finally, finding automatic tech-
niques to design the optimal input for a given connectivity
distinction would also have interesting applications.
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