
DYNAMICAL COMPONENTS ANALYSIS OF FMRI DATA

Bertrand Thirion, Olivier Faugeras

INRIA Sophia-Antipolis,
Projet Robotvis,

2004 route des lucioles, BP 93, FR-06902 Sophia Antipolis

ABSTRACT

In this article, we present a new multivariate analysis method
for the analysis of fMRI data. This method tries to capture
the deterministic structure present in the time series, using
either an autoregressive scheme or the knowledge of the ex-
perimental paradigm, so that the interpretation of the spatio-
temporal patterns is achieved in parallel with their detection.
In the spatial domain, the components are made maximally
independent through an ICA-like criterion. A global crite-
rion is derived to express the model priors as well as the
goodness of fit. The method is a priori adaptable to every
sort of experimental conditions (block or event-related de-
sign). An experiment is presented on real data to show the
potential of the method for the detection of signals, the anal-
ysis of their content as well as their localization.

1. INTRODUCTION

Multivariate analysis of fMRI data has been considered as
an exploratory or descriptive tool only, while proper infer-
ence should rather be done in a univariate framework. One
straightforward reason is the difficulty of bringing priors
into a multivariate framework: Singular value decomposi-
tion (SVD or PCA) [1] builds a linear and decorrelated rep-
resentation of the data from its covariance matrix; clustering
methods [2] sum up the data by using similarity of the time
courses or derived features; independent component anal-
ysis (ICA) [3] builds a linear model with spatio-temporal
components that are maximally independent either in the
spatial or in the temporal [4] domain. All these methods try
to summarize the structure of the data, and can be viewed as
preprocessing before another algorithm makes inference of
the data [5].

These methods can be considered as bias free, since they
impose very weak constraints on the data structure, but they
finally bring out little useful information about the data,
since they do not take into account the most important in-
formation, that is the experimental paradigm. Recently, a
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multivariate spectral method has been proposed [6], where
the information of interest is introduced as the stimulation
frequency, but this is useful for periodic paradigms only.

In this paper, we propose a new multivariate method
based on the distinction between the random/stochastic sig-
nals, and the deterministic/predictable ones. More precisely,
we try to extract spatio-temporal components that are max-
imally predictable in the temporal domain while being spa-
tially mutually independent. The predictability of a time
series may appear as a vague concept, but as in [7], one can
use a generalization of ARMA processes: the signal can be
predicted given its past values (AR model) or given the val-
ues of anexcitatory input (MA model). In a multivariate
framework, it seems appropriate to make a choice between
the two alternatives, since we want tounmixdifferent effects
present in the data.

At this step, we can propose a new interpretation of a
fMRI dataset: it appears as a dynamical system excited by
an experimental paradigm, whose law of evolution has to be
explored. This is what our algorithm intends to do.

The paper is organized as follows: in section 2 we de-
scribe our model and how we derive an algorithm to process
fMRI data. Then we present experiments on real data on
section 3, and discuss briefly the results.

2. DYNAMICAL COMPONENTS ANALYSIS

Let X(t); t = 1::T be a set of temporal data ; eachX(t) is
of sizeN and can be thought of as an image. A DCA is a
decompositionX(t) = KXk=1 Iksk(t) +N(t)
where1 � K � min(T;N); Ik are spatial components of
sizeN . 8k; sk(t) behaves as a dynamical system i.e. it
has a deterministic behavior and is indexed by a 1-D (time)
variable.N(t) is purely random noise (in the temporal domain), i.e.
it contains all the non deterministic part of the original data.



Temporal model: Eachsk(t) should behave asdynami-
cal systems; this means that their values is predictable either
given the past values (sk(t� l)l=1::L) or given the values of
the paradigm (p(t�m)l=0::M ). The most general equation
is sk(t) = F (sk(t� 1); ::; sk(t� L); p(t); ::; p(t�M))
Here, we consider the following special casesk(t) = F (xk(t))
wherexk(t) is apredictorof sk which can be eitherPLl=1 �lsk(t � l) or

PMm=0 �mp(t �m) or a combination
of the two terms.xk(t) = PLl=1 �lsk(t � l) means that the signal is au-
toregressive. This is well suited for periodic oscillators.xk(t) = PMm=0 �mp(t � m) means that the dynamics
of the system essentially reduces to a filter of the paradigm
variable. This filter can be nonlinear, ifF is not an affine
function.

We propose to derive the best predictorxk by maximiz-
ing
QTt=1 P (sk(t)jxk(t)); indeed, we can assume that the

deviation from the prediction is not autocorrelated. Tak-
ing the log of this expression, this amounts to minimizingH(skjxk), the conditional entropy ofsk for a givenxk. This
is equivalent to maximizing the mutual information betweenxk andsk. This is made easier by starting with a linear ini-
tialization ofxk.
The choice forL andM is a compromise between goodness
of fit and model length. Here we chose a prioriL = M = 5.

Spatial model The requirement for spatial components is
that they should be maximally independent. This amounts
to considering the set of 3-D imagesIk as realization of an
unknown randomK-dimensional probability function whose
marginals are independent. In a maximum Likelihood frame-
work, its identification has been shown [8] to yield the mini-
mization of the mutual information of the marginals ; adding
a decorrelation constraint reduces the criterion to the sumof
the marginal entropies of the imagesH(Ik). Thus, the log-
likelihood of our spatial criterion is the well-known ICA
criterion : L = � KXk=1H(Ik) + 
ste
Spatio-temporal criterion Here we derive a criterion to
obtainIk andsk. We follow a ML approach. LetP (I; sjX)
be the probability of the model given the dataX :P (I; sjX) � P (X jI; s):P (I; s)
The term in the right-hand side is the probability of observ-
ing the data given the model whileP (I; s) is the probability
of observing the model. As a first step, we chooseP (X jI; s) = 1(p2��2)T TYt=1 exp (�jjX �PKk=1 Ikskjj2(t)�2 )

which amounts to assuming thatN(t) is gaussian with
mean0 and covariance�2N IN , andP (I; s) = P (I)P (s), which means that the spatio-temporal
model factorizes in time and space. We have shown in the
previous paragraph that our spatial prior yieldslog(P (I)) = �PKk=1H(Ik) + 
ste. Next it seems plausi-
ble to consider thesk as independent; thusP (s) =QKk=1 P (sk) so thatlogP (s) =PKk=1 log(P (sk)) = �PKk=1H(skjxk)+
ste,
wherexk is the optimal predictor defined above. The right-
hand side term is our prior of predictability on each signal.
Now,log(P (I; sjX)) = 
� TXt=1 jjX(t)�PKk=1 Iksk(t)jj2�2 +KXk=1 1T TXt=1 log(P (sk(t)jxk(t))) � KXk=1H(Ik)

Finally, maximizing the likelihood of the model amounts
to minimizing the functionalJ�(K) = TXt=1 jjX(t)�PKk=1 Iksk(t)jj2�2 +KXk=1H(skjxk) + KXk=1H(Ik)
subject to the constraint that theIk are orthogonal (i.e. decor-
related).

Practical implementation The algorithm is initialized with
the selection of theK first PCA components of the data,
which minimizes the residual variance term and enforces
the spatial orthogonality constraint. Then the system is op-
timized by sucessive relaxation of the three energy criteria,
and stops when a fixed point is reached. The spatial orthog-
onality constraint is enforced at each iteration.

Let us notice that it is hopeless to obtainK meaningful
time courses; but the quantity that we have defined to quan-
tify the predictability of the component, i.e.MI(sk; xk) is
a straightforward tool to select in fine the components of
interest.

3. EXPERIMENTS AND RESULTS

The data : We present an experiment on real data, which
has already been published [9].

The present analysis is reduced to one subject perform-
ing the following experiment (called fMRI2 in [9]): A vi-
sual stimulation is performed, with 4 conditions: Heading,
dimming static, dimming flow, and baseline. TheHeading
condition means that the subject views a ground plane optic
flow pattern that simulates self-motion ;dimming staticis a



control task where no self-motion is simulated, but a part of
the stimulus display is slightly dimmed, anddimming flow
is another control condition specially designed to disentan-
gle spatial and featural attention through the dimming of the
ground plane flow; during thebaselinecondition the subject
fixates without stimulation. The subject had to press a key
when he identified a Heading or control task.

The paradigm is blocked with each block lasting 10 scans.
The order of conditions is pseudo-randomized. The length
of the time series is 720 scans. Each condition is realized
during 180 scans.

Results : The only preprocessing performed on the data
was a motion correction implemented in SPM, and cen-
tering of the data. We then applied our algorithm, which
was parametered to produceK = 80 dynamic components.
To deal with the multiplicity of conditions, we simply used
each stimulus time course as regressors for the optimal pre-
dictor. The optimal combination of these regressors, gives
the relative amount of activation attributable to each con-
dition (see figure 2). After convergence one component
was consistently paradigm-related, and the other ones con-
tained either oscillating signals (autoregressive predictor) or
no signal of interest (i.e. the mutual information with the
predictor was low). In figure 1, we display horizontal views
of our spatial components that contain the regions of inter-
est. SPM F-maps of theeffects of interestobtained with
SPM were very similar (data not shown).

The areas of activations are early visual areas (1a-d),
hMT/V5+(1c-d), DIPSM/L(1e) and a dorsal premotor area(1f).

The observation of the task-related time course together
with the corresponding predictor (figure 2a) gives much in-
sight on the relative activation strength between conditions.
This is simply given by the decomposition of the optimal
predictor of the signal on the set of the time courses of the
different conditions. This relative strength is displayedin
part b of figure 2. Once again, these results confirm those
obtained in [9]: Heading condition dominates the others,
and dimming flow yields activations weaker than heading
condition but stronger than dimming static condition.

Discussion : It seems too early to draw meaningful neuro-
physiological conclusions from our method : Unlike current
methods, we do not build here a hypothesis testing frame-
work to assess our findings. This is a matter for future work.
The main advantage that is brought so far is that some usual
pre-processing steps of fMRI data analysis (e.g. detrending,
smoothing, high pass filtering), are not necessary with our
method; in spite of its intrinsically exploratory nature, it can
extract the relevant information of the dataset. As such, it
can thus be a tool to check whether sophisticated methods
do not yield artefactual responses. Its adaptability to differ-
ent experimental designs enables also to give some insight
on the content of a dataset before hypothesis testing.

(a)

(c)

(b)

(d)

(e) (f)

Fig. 1. Spatial activation map for the consistently task-
related component. The horizontal slices (a) to (h) span re-
gions where maximal activations were found, from bottom
to top of the cortex.

Another question is the advantage with respect to exist-
ing multivariate methods, especially ICA. Besides the the-
oretical advantage of orienting more properly the search of
components of interest, we have noticed that our additional
criterion and the usual ICA criterion help each other in the
optimization process, which means that the conjunction of
temporal and spatial priors is useful.
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Fig. 2. Consistently task-related time course : a) First 120
scans of the time course (continuous line) together with the
computed optimal predictor (dotted line). The correspond-
ing sequence of stimuli is (Head = Heading, Dsta = Dim-
ming Static, Dflo = Dimming Flow, Base = Baseline): Head
Dsta Dflo Base Dsta Dflo Base Head Dflo Base Head Dsta.
b) Relative activation strength of the conditions in the same
component. Heading condition yields the strongest activa-
tion followed by dimming flow and dimming static.

4. CONCLUSION

Dynamical Component Analysis is a new multivariate anal-
ysis of fMRI data, which can bring soft constraints into data
analysis. We believe that this is a well-founded way to
get more information than usual decomposition or demix-
ing methods. In particular, it seems appropriate to define

the components of interest as those that are maximally pre-
dictable; these components are precisely those that break
usual analysis hypotheses (stationarity, independence, nor-
mality). We have shown that the method brings out relevant
information on the data, without the use of the usual prepro-
cessing methods.

Besides the necessity of a more systematic tuning of
the algorithm parameters, there remains to build a statis-
tical framework to give a more precise assessment of the
obtained results.
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