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Although motor imagery is widely used for motor learning in
rehabilitation and sports training, the underlying mechanisms are still
poorly understood. Based on fMRI data sets acquired with very high
temporal resolution (300 ms) under motor execution and imagery
conditions, we utilized Dynamic Causal Modeling (DCM) to determine
effective connectivity measures between supplementary motor area
(SMA) and primary motor cortex (M1). A set of 28 models was tested
in a Bayesian framework and the by-far best-performing model
revealed a strong suppressive influence of the motor imagery condition
on the forward connection between SMA and M1. Our results clearly
indicate that the lack of activation in M1 during motor imagery is
caused by suppression from the SMA. These results highlight the
importance of the SMA not only for the preparation and execution of
intended movements, but also for suppressing movements that are
represented in the motor system but not to be performed.
© 2007 Elsevier Inc. All rights reserved.
Introduction

Motor imagery is of significant clinical importance as there is
strong evidence that it is beneficial in motor learning (Yaguez et
al., 1998; Yue and Cole, 1992) and is therefore commonly used in
sports training (Atienza et al., 1998; Brouziyne and Molinaro,
2005) as well as motor rehabilitation following stroke (Sharma et
al., 2006). Accordingly, neuronal representations of motor
execution (ME) and motor imagery (MI) have been studied
extensively using brain imaging methods including functional
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magnetic resonance imaging (fMRI), positron emission tomogra-
phy (PET) and electrophysiological measurements including
magnetoencephalography (MEG) and subdural recordings (for a
short review, see, e.g. Dechent et al., 2004; Lotze et al., 1999).

Overall, it has been shown that ME and MI activate similar
(Jeannerod, 1994) or at least partially overlapping networks
(Gerardin et al., 2000). Some areas of the brain have consistently
been shown to be involved in both tasks, most notably the pre-
motor cortex (PMC) and the supplementary motor area (SMA),
whereas data on the primary motor cortex (M1) during motor
imagery are still controversial. Some fMRI studies have shown
consistent activation of M1 during MI (Lotze et al., 1999; Porro et
al., 2000, 1996) while others have shown either a transient
activation of M1 at the beginning of the task (Dechent et al., 2004)
or no participation of M1 at all (Binkofski et al., 2000; Hanakawa
et al., 2003).

Since the majority of studies of MI have focused on the extent
of brain activation, information on motor system interaction is still
limited. A promising approach for characterizing neuronal net-
works is based on “effective connectivity” between network
components, defined as the influence of one neural system over
another (Friston et al., 1995). Assessment of effective connectivity
measures provides the unique opportunity to determine if and how
activity in premotor and supplementary motor areas influences
activity in primary motor cortex during ME and MI. Connectivities
between brain regions are estimated using statistical models based
on anatomically motivated assumptions related to the basic
structure of the network (Penny et al., 2004b; Ramnani et al.,
2004). Effective connectivity methods are thus strongly hypothesis
driven. Several methods to analyze effective connectivity in fMRI
have been proposed, most prominently Structural Equation
Modeling (SEM) and, more recently, Dynamic Causal Modeling
(DCM). Originating in econometrics, the first applications of SEM
to neuroimaging data have been published in the early 1990s
(MacIntosh and Gonzalez-Lima, 1991, 1994). With regard to SEM,
on M1 in motor imagery revealed by fMRI and dynamic causal modeling,
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the BOLD response of a region at a given time is considered a
weighted sum of the BOLD response of other regions at the same
time. Hence, a source region induces an instantaneous correlation
in a target region with the strength of the correlation determined by
the weighting factor.

Contrary to SEM, the more recent approach of DCM
distinguishes between activity at the neuronal and activation at
the BOLD level (Friston et al., 2003). Most importantly,
interactions between brain regions are limited to the neuronal
level and each region generates a BOLD signal depending only on
its own activity. The BOLD signal is generated from the neuronal
activity using a biophysical model for the hemodynamic response
(Friston et al., 2000) based on the Balloon model (Buxton and
Frank, 1997; Buxton et al., 1998).

In DCM, connectivity values represent time scales at which
regions interact, with higher values indicating shorter interaction
times and hence stronger connections. This is in stark contrast to
SEM where connection implies instantaneous correlation between
two regions. In addition to interactions between regions, DCM
allows for external stimuli to influence regions, either directly or
by modifying the connections between regions. Hence, DCM does
not require a partitioning of the acquired data according to the
context (e.g. motor execution and imagery) as is the case with
standard SEM. Different conditions are reflected by modified inter-
regional connections caused by some external factor.

DCM has been shown to yield results comparable to SEM when
applied to the same set of data (Penny et al., 2004b). Additionally,
the more sophisticated DCM has already been successfully applied
to a number of different neuronal networks, e.g. face perception
(Fairhall and Ishai, 2007) or functionality of callosal connections
(Stephan et al., 2005), and was thus selected for the study
presented here.

So far, effective connectivity methods have rarely been applied
to the human motor system. A single study estimated networks for
motor execution, visual and kinesthetic motor imagery using SEM
(Solodkin et al., 2004). During kinesthetic MI, subjects “mentally
simulate the movements associated with a kinesthetic feeling of the
movement” (Solodkin et al., 2004), whereas in visual MI, a visual
representation of the movement is formed. Visual MI is therefore
sometimes referred to as a third-person process (Dechent et al.,
2004). Conventional analysis revealed largely overlapping areas of
activation, especially for ME and kinesthetic MI (Solodkin et al.,
2004). However, the connectivity strengths within the two
networks were different. Among other changes, the connection
from SMA to M1 acted enhancing during ME but strongly
suppressive during MI.

Here, we specifically aimed to investigate the interactions in the
human motor system during ME and kinesthetic MI using very
high temporal resolution fMRI to appropriately capture the
dynamics of the hemodynamic response. Of particular importance
was the question whether SMA-M1 connection strength is
suppressed during motor imagery as might be expected from
recent studies in patients with SMA lesions following stroke
(Sumner et al., 2007) and consistent with the previous study of
Solodkin et al. (2004). This study extends on the previous study of
Solodkin et al. (2004) in two important ways. Firstly, using DCM
methods, we are able to examine effective connectivity within the
motor system using an event-related fMRI paradigm to separate
preparation and execution phases of the motor task. By using high
temporal resolution fMRI, we examined the precise time course of
the hemodynamic response during the preparation and readiness
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NeuroImage (2008), doi:10.1016/j.neuroimage.2007.11.040
phase and during the execution or imagery of the finger sequence
movement, consistent with our previous studies (Cunnington et al.,
2002, 2003). Secondly, we incorporated full feedback loops into
the DCM models to examine whether motor execution or imagery
involves any feedback from M1 to the SMA, as well as the
expected input from the SMA to M1.

As data quality and sensitivity are key issues in modeling, fMRI
data subjects were scanned at 3 T. A set of 28 different models
connecting SMA and M1 with stimulus-related inputs was
constructed and tested for the best performing model based on a
method using Bayes factors (Penny et al., 2004a).

Materials and methods

Subjects

Eight young healthy subjects (four male, mean age 26 years)
without known history of neurological, psychiatric or movement
disorder participated in this study and gave written informed
consent prior to the experiment. All were right-handed according to
the Edinburgh inventory (Oldfield, 1971) and the study was
approved by the local ethics committee.

Experimental paradigm

Measurements were performed on a 3 T Medspec scanner
(Bruker Biospin, Germany) using gradient-recalled EPI. Four axial
slices with a thickness of 5 mm (1 mm gap) were acquired with a
matrix of size 64 by 64 voxels, a TE of 40 ms and a TR of 300 ms.
Nominal in-plane voxel size was 2.96 by 2.96 mm. Slices were
positioned to cover the primary motor cortex (M1) and the
supplementary motor area (SMA). A very short TR of 300 ms was
chosen to ensure appropriate coverage of the hemodynamic
response to reveal subtle changes in signal dynamics. As a
consequence of limited brain coverage, the study was restricted to
SMA and M1 and the connections in-between. Two experimental
runs of about 7 min each were acquired, each run consisting of
twelve trials. In every trial the subjects listened via headphones to a
voice that counted down from “10” to “0” and back to “5”.
Subjects were asked to closely attend to the countdown and
perform a brief right-hand finger movement as soon as they heard
“0”. The movement consisted of pressing buttons on a small panel,
first with the index finger, then the middle finger, and again with
the index finger. Subjects were instructed to perform these
movements as rapidly as possible. Following each trial, there
was a pause of 18 s which ensured a complete return of the
hemodynamic response to baseline. Accordingly, each trial lasted
33 s resulting in a total of 1320 images for each run. In the second
run, subjects were instructed to imagine the same finger movement
as described above instead of executing it. Subjects were explicitly
told to prepare for this task as if they were executing the
movement. These two conditions will be referred to motor
execution (ME) and motor imagery (MI) and define the stimulus
condition or context. The order of ME and MI was balanced across
subjects, and both conditions were trained outside the scanner until
subjects reported confidence in performing ME and MI.

Data analysis

Data sets were slice timing corrected in SPM (http://www.fil.
ion.ucl.ac.uk/spm/) and were 2D-realigned using FSL (http://www.
on M1 in motor imagery revealed by fMRI and dynamic causal modeling,
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fmrib.ox.ac.uk/fsl/) to ensure that all four slices were available for
analysis and spatial smoothing with an isotropic Gaussian kernel
(FWHM=6 mm) was applied. Regions of interest (ROIs) for the
SMA and M1 were defined individually based on the results of
SPM analyses of the motor execution data sets thresholded with an
FWE-corrected p-value of 0.05. In all subjects, two clear activation
clusters were revealed: one cluster on the left precentral gyrus, the
other rostral to the paracentral lobule, representing M1 and SMA
ROIs, respectively. ROIs were also normalized to MNI-space, and
SMA ROI volume fractions anterior and posterior to the vertical
Fig. 1. (A) Acoustic countdown from “10” to “0” is represented by a rectangular
represented by a rectangle of 1.5 s length. (C) EXEC input is present only durin
Preprocessed BOLD signals in M1 (E) and SMA (F) averaged across subjects are s
shown only for every fifth data point.
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line through the anterior commissure were retrieved in order to
assess percentage SMA-proper coverage. Mean M1 and SMA
stereotactic coordinates were also obtained.

BOLD signal time courses were extracted for each subject and
each stimulus condition. Each time series was rescaled to a percent
change scale based on a mean baseline level extracted from the first
10 data points (3 s) that preceded each countdown. After the
rescaling, each signal was high pass filtered leaving only
components with a frequency equal to or higher than the stimulus
frequency. For each region, the time courses during ME and MI
signal of 10 s duration. (B) At “0”, movement execution/imagery occurs,
g motor execution. (D) IMAG input is active only during motor imagery.
hown as mean±standard error. Note that for reasons of clarity, error bars are
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were concatenated per subject and region. These signals were then
averaged across subjects to yield an average signal for M1 (Fig.
1E) and SMA (Fig. 1F), respectively, forming the basis for
effective connectivity analysis.

Effective connectivity

DCM is described as an input-state-output model where inputs
are represented by experimental factors as determined by the
stimulus paradigm. Outputs are the BOLD signals of all regions
incorporated in the model. DCM allows three different types of
interactions that may influence the neuronal activity of a region: (1)
a region can exert influence on another region (which is basically
the essence of effective connectivity), (2) stimuli can directly
influence the activity of a region and (3) experimental factors (e.g.
attention) can modulate the strength of a connection between two
regions. The parameter estimation is incorporated in a fully
Fig. 2. The seven basic model classes are displayed. Connections that were constant
connections that identify the context. Black dashed arrows reflect feedback connect
either the EXEC or the IMAG stimulus. Furthermore, models were estimated with an
28 different models (see also Fig. 3). (For interpretation of the references to colour
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Bayesian estimation scheme (Friston, 2002; Friston et al., 2002)
that allows to estimate not only the expected connectivity value for
a certain connection but also its variance. Hence, connectivity
values can be tested for their significance.

The objective of this study was to analyze effective connectivity
patterns between SMA and M1. Accordingly, two regions, M1 and
SMA, were defined in the data sets and constituted the basis for
DCM analysis. Four inputs were used according to the experi-
mental paradigm. First, the acoustic countdown (CNT) from “10”
to “0” was modeled as a rectangular signal of duration 10 s (Fig.
1A). The second stimulus marked the finger tapping task (TASK)
and consisted of a 1.5 s long rectangle starting at the end of the
countdown (Fig. 1B). The third and fourth stimuli were of similar
shape as the TASK stimulus but one of them was only active
during motor execution (EXEC, Fig. 1C) and the other one was
active only during motor imagery (IMAG, Fig. 1D). These two
inputs were used to mark the context (MI or ME).
throughout all models are shown as black solid arrows. Blue arrows indicate
ions. These templates were varied in 2 different ways, with the context being
d without a feedback connection fromM1 to SMA. This resulted in a total of
in this figure legend, the reader is referred to the web version of this article.)
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As an effective connectivity method, DCM is hypothesis driven
and therefore requires an a priori model structure definition, for
which the connectivity parameters are estimated. Seven basic
model templates or classes were defined (Fig. 2). Common to all
model classes was the TASK input projecting to both regions and
the CNT input acting as a direct input only to SMA. Furthermore,
CNT modulated the strength of connection from SMA to M1.
Basically, the influence of the context (ME vs. MI) on the activity
of the regions was varied for the different templates. This provides
the opportunity to evaluate whether the stimulus condition had a
direct or a modulating influence on the network. In addition, the
source of the context dependency was varied to allow testing
whether the difference in responses during MI and ME was caused
by a suppressing or enhancing influence. The stimulus condition
was therefore defined by either IMAG or EXEC. This resulted in
14 different structures. All 14 structures were estimated with and
without feedback connection from M1 to SMA resulting in a total
of 28 models to be evaluated. The variations of the model classes
are shown in Fig. 3.

Models were compared using a method based on Bayes factors
(Penny et al., 2004a). The Bayes factor is defined as the ratio of the
evidence for two different models and provides information on
which model is better suited for the data provided. Model evidence
provides a measure on the probability that the given data can be
described based on a given model. This was approximated using
the Bayesian information criterion (BIC) (Schwarz, 1978) and the
Akaike information criterion (AIC) (Akaike, 1973). The difference
between these two criteria lies in the way complexity of the model
Fig. 3. The basic model classes in Fig. 2 were varied in four ways. As an example, m
B) or EXEC (C, D). Furthermore, the feedback connection was varied. Models were
7 model classes in this way leads to a total of 28 models estimated.
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is penalized. BIC is biased toward simpler models whereas AIC is
biased toward more complex models. A mode for comparison of
two models was adopted as suggested previously (Penny et al.,
2004a) and required the Bayes factors based on both AIC and BIC
to be in agreement in order to draw conclusions about the
performance of two models.

Results

Mean ROI volumes were 10.1±3.8 and 11.3±2.4 cm3 for M1
and SMA ROIs, respectively. MNI coordinates of mean M1 and
SMA ROI barycenters were −36, −28, 63 and 0, −5, 60,
respectively. SMA-proper quota across subjects was 75±12% of
SMA ROI.

Averaging M1 and SMA time courses across all trials and
subjects showed clear differences in M1 during MI and ME (Fig. 4).
While M1 was strongly active during ME, it showed only subtle
activation during MI. In contrast, SMA was comparably active
during both ME and MI, with slightly less activation during MI.
Furthermore, time series clearly demonstrated that activation in M1
during ME lags SMA activation.

Crucially, during the countdown period of the task, the SMA
shows an early activation phase that reaches a plateau around 5 s
after countdown onset for both imagined and executed actions,
most probably related to the preparation and readiness for the
movements to be performed (or imagined). This early activity
during the readiness phase is only present in the SMA and is not
observed in M1 activity.
odel class 1 is shown with the context being defined by the IMAG input (A,
estimated with (A, C) and without (B, D) a feedback connection. Varying all
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Fig. 4. BOLD signal in M1 (A) and SMA (B) averaged across trials and subjects given as mean±standard error. During motor execution (blue), the primary
motor cortex shows significant activation whereas during motor imagery (red) the activity is only slightly increased. SMA shows activation during both ME and
MI, with only a slight decrease during MI. The two vertical lines mark the beginning and the end of the countdown. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
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Effective connectivity

Bayes factors for all 28 models are displayed in Fig. 5 (blue
symbols: AIC; red symbols: BIC). A comparison of model
estimates revealed some general trends. Although, the TASK
signal was defined to project to both regions SMA and M1, in
parallel, all 28 models indicated less influence of TASK on M1
than on SMA. Furthermore, the results clearly indicated the
necessity of a feedback connection. Introducing a feedback
connection to model classes 1, 3 and 6 significantly increased
the performance of both AIC and BIC. Performance changes in the
remaining classes (2, 4, 5 and 7) were only modest and, in general,
AIC and BIC yielded inconclusive results for these classes. The
difference in performance of classes 2, 4 and 5 as compared to
classes 1, 3 and 6 can be attributed to the slightly lower activation
in SMA during MI as compared to ME and the lack of a direct
influence of the context (IMAG or EXEC) on SMA. This resulted
in compensatory changes in the connectivity strengths, specifically
the feedback connection, yielding a poorer model performance
even with a feedback connection. Hence, removing the feedback
connection did not induce any significant changes in the
performance of the model. Model class 7 is somewhat different
compared to all other classes. In this class, there is no mechanism
(modulatory or direct) to influence M1 other than through the small
difference in activation in SMA during ME as compared to MI.
This leads to an extremely poor performance as compared to all
Please cite this article as: Kasess, C.H., et al., The suppressive influence of SMA
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other model classes (Fig. 5) that is not significantly affected by the
absence of a feedback connection.

The 28 models were evenly divided into two groups. One group
used IMAG to define the context (ME vs. MI) and the other group
used EXEC. Comparing the two groups, two main results can be
deduced. Firstly, the IMAG input always exerted a suppressive
influence on the network, reflected by the fact that the direct as
well as the modulatory connectivities related to IMAG is always
negative. In contrast, the EXEC input always shows a positive
(enhancing) effect on the network. Secondly and more importantly,
AIC and BIC showed a clear trend toward the group of models
employing the IMAG stimulus to define the context. This group of
models performed at least as well and in many cases significantly
better than the group using EXEC to define the context.

When comparing the different model classes, there is no
obvious tendency toward a direct or a modulatory influence of the
context defining signals (IMAG and EXEC) to yield the difference
in response of M1 during MI and ME. However, when the model
structure was kept constant and the direct influence of the context
on M1 was replaced by a modulatory influence on the connection
between SMA and M1, overall model performance was increased.
This result is valid for comparison of model classes 6 and 3 and for
classes 5 and 2. Employing both strategies in parallel (model
classes 1 and 4) did not yield consistently better results. This lack
of improvement might be attributed to the increased complexity of
the models.
on M1 in motor imagery revealed by fMRI and dynamic causal modeling,
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Fig. 5. Bayes factors based on AIC (blue) and BIC (red) compared to the best model (green circle) are shown. Note the logarithmic scaling on the vertical axis.
Bayes factors were calculated by dividing the evidence of the reference model by the evidence of the model to be compared. Hence, a factor greater than one
(horizontal dotted line) indicates that the reference model is better as compared to the model tested. Specifically, a factor greater than 150 represents very strong
evidence in favor of the reference model (Penny et al., 2004a). FB indicates a model with feedback connection (M1 to SMA) whereas FF reflects a purely feed-
forward model. For details on the models see text. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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With regard to performance of individual models, a single best
model was clearly identified (Fig. 6A). This model combined a
direct projection of the IMAG input to SMA with an indirect
influence of the stimulus condition on the forward projection from
SMA to M1. The Bayes factors showed that this model was by far
superior (green circles in Fig. 5) compared to all other models, i.e.
it had the highest evidence of all models using both approximation
Fig. 6. (A) Displays the best-performing model. This model reveals strong supp
comparison, (B) shows the corresponding purely direct (no modulatory influence on
feed-forward connection seen in panel A is replaced by a suppressive direct influen
in green. Connections in italic are significant (pb0.05), all others are highly signific
from TASK to SMA. All other connection strengths are relative strengths where a co
colour in this figure legend, the reader is referred to the web version of this article
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methods, AIC and BIC. In comparison to the purely direct model
(Fig. 6B), the direct suppressive influence of IMAG on M1 is
replaced by a strong modulation of the forward projection from
SMA to M1 that renders the otherwise enhancing influence of
SMA on M1 into a highly suppressive influence, resulting in active
suppression of M1 by the activity in SMA. Quantitatively, the
connection strength is changed from an enhancing 0.3 to a
ressive modulation of the feedforward connection from SMA to M1. For
the connection between SMA and M1) model. The strong modulation of the
ce on M1. Suppressive connections are shown in red, enhancing connections
ant (pb0.001). External influences are given in percent of the input strength
mmon time constant was factored out. (For interpretation of the references to
.)
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suppressing −3.02. This, in turn, causes the activation of M1
during MI to be significantly decreased as compared to ME.

It is noteworthy that a slightly suppressive direct influence of
IMAG on SMA exists which occurs as a consequence of the lower
SMA activation during MI compared to ME. Although this
influence of IMAG on SMA is weak, it has a strong effect on the
model performance, as can be seen when the best model is
compared to the corresponding model without this connection
(model class 2 with feedback and IMAG to define the context).

Discussion

We successfully applied DCM to data on imagined and
executed actions and were able to show that the connection from
SMA to M1 suppresses M1 activity during MI. Previous studies
reported that strong activation of the primary motor cortex during
ME was significantly decreased during motor imagery (e.g. Lotze
et al., 1999; Porro et al., 2000, 1996). Our results expand on these
findings and demonstrate that this reported decrease in M1 activity
is caused by the SMA actively suppressing M1 activity during MI.

Functional activation results of our study indicated a low level of
activation within the primary motor cortex during kinesthetic MI
(Fig. 4A). This finding is consistent with previous studies suggesting
that kinesthetic imagery, but not purely visual motor imagery,
involves low-level primary motor activity (Dechent et al., 2004;
Porro et al., 1996; Solodkin et al., 2004). Our results also implicated
strong and consistent activation within the SMA during both MI and
ME. Interestingly, SMA activation was increased during the
countdown and was maintained for several seconds throughout the
readiness period prior to movement. This finding is in accordance
with previous studies suggesting that the SMAplays a key role in the
preparation and readiness for action (Cunnington et al., 1996;
Deecke, 1987). These results demonstrate that the SMA can
maintain sustained activity for several seconds prior to movement,
affirming the SMA's importance in the readiness for action.

Effective connectivity

DCM was chosen for the analysis of effective connectivity
because it was specifically developed for fMRI data analysis with
the goal of modeling neural activity separately from BOLD
responses. This is a relatively novel approach and, to our
knowledge, has not been applied to the issue of MI and ME in
the human motor system before. Our study was specifically
designed to map accurately the temporal dynamics of fMRI time
series, which was achieved by a very high temporal resolution
allowing for adequate coverage of the hemodynamic response
function from which activity at the neural level is deduced.

Some temporal activation patterns (Fig. 4) were consistently
represented throughout all models. The time lag in activation
between SMA and M1 during ME was identified to be caused by a
smaller impact of TASK on M1 than on SMA. In conjunction with
the delayed enhancing influence of the SMA on M1, this results in
a delayed response of M1. Most importantly, our results indicate
that an inhibitory influence on the motor system during MI is more
likely to be responsible for the change in activity in M1 than an
excitatory influence during ME. Also, data dynamics indicated a
complexity too rich to be captured by a simple feed-forward model.

We were able to identify a clear superior model among all 28
networks estimated (Fig. 6A). In this model, there is a positive
latent connection from SMA to M1. During the countdown, this
Please cite this article as: Kasess, C.H., et al., The suppressive influence of SMA
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connection is small enough not to cause activation in M1, even
considering the small enhancing influence of CNT on the
connection from SMA to M1. The enhancing connection between
SMA and M1 together with the positive influence of TASK results
in the strong activation of M1 during motor execution. This
connection becomes strongly suppressive during imagery, enough
to keep M1 from executing the task.

In a recent study, effective connectivity of the motor system was
analyzed using structural equation modeling (Solodkin et al., 2004).
The network for ME showed a weak positive influence from SMA
on M1, and during kinesthetic MI, the SMA exerted a suppressive
influence on M1. Our results are consistent with this previous study
of Solodkin et al. (2004) but also extend importantly on their work.
Our results clearly demonstrate the importance of a feedback circuit
from M1 to the SMA. Inclusion of this feedback connection was
crucial for model performance. Our model therefore suggests a
closed-loop control circuit between SMA andM1 for the preparation
and control of action. Of course, we cannot say precisely how M1
exerts influence on SMA, although it is most likely that this is via re-
entrant feedback from M1 to basal–ganglia–thalamo–cortical
circuits which link the SMA and are known to be crucial for the
initiation and control of voluntary action (Alexander et al., 1986).

Suppressive influence of the SMA on primary motor cortex

There is considerable evidence that, in some circumstances, the
SMA may inhibit activity of the primary motor cortex in order to
prevent movement execution. Anatomically, the SMAs in each
hemisphere are reciprocally connected and each projects to both
contralateral and ipsilateral primary motor areas (Muakkassa and
Strick, 1979; Pandya and Vignolo, 1971). The SMA also appears
to operate bilaterally, consistently showing bilateral activity even
for unimanual hand actions (Deecke, 1987). Indeed, recent fMRI
studies have shown the importance of interhemispheric connec-
tions from the SMA for the co-ordination of bimanual action (Seitz
et al., 2004; Stancak et al., 2003). The SMA is therefore ideally
suited to play an integrative role in co-ordinating movements of the
two limbs, simultaneously increasing excitability in appropriate
motor units for the muscles in the limb to be moved and inhibiting
activity in other motor units where movement must be suppressed
for co-ordinated action.

Support for this view also comes from studies of mirror
movements and motor overflow. Motor overflow refers to the
normal increase in excitability in homologous muscles of the
opposite limb when unimanual actions are performed (Carson,
2005; Hoy et al., 2004). In extreme cases of motor overflow,
damage to the SMA can cause overt mirror movements in which
movements of one hand are copied mirror-symmetrically by the
other hand (Chan and Ross, 1988; Goldberg, 1985; Luria, 1966)
suggesting that output of a single intact SMA to ipsilateral and
contralateral motor areas may activate homologous muscles and
thereby cause mirror movements. Under normal conditions,
however, activation of both SMAs may appropriately modulate
primary motor cortex activity, both mediating the intended action
and suppressing unintended mirror movements. Indeed, fMRI
studies of patients recovering motor function following stroke
suggest that the SMA plays a role in suppressing movements of the
ipsilesional hand during unimanual action (Butefisch et al., 2005),
while recent studies of a patient with rare restricted lesion within the
SMA suggest that the SMA mediates effector-specific suppression
of motor plans (Nachev et al., 2007; Sumner et al., 2007). Similarly,
on M1 in motor imagery revealed by fMRI and dynamic causal modeling,
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our study shows that the SMA exerts suppressive influence over the
primary motor cortex during motor imagery, when motor plans may
be formed but movement execution must be suppressed.

In conclusion, our study provides clear evidence that, as well as
preparing and readying the motor system for action, the SMA also
inhibits activity of the primary motor cortex when movement is not
to be performed. During unimanual movement, this would inhibit
movement of the contralateral hand and thereby prevent mirror
movements, while during motor imagery such inhibition from the
SMA would suppress movement execution altogether.
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