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Fig. 6. An example of kinematics from a single trial of an individual participant. (A) index-to-thumb (grip aperture; solid
line) and index-to-wrist (hand aperture; dashed line) Euclidean distances across time. (B) wrist velocity profile across time.
Shaded regions indicate phase segmentation, as computed by a classification algorithm on wrist velocity profiles, with
color gradient representing temporal progression: reaching phase (dark to light blue), grasp phase (no background), and
back movement phase (light to lighter blue). (C) 3D positions of thumb (red), index (green), and wrist (blue) throughout a
trial. The moment of the trajectory in which the participant virtually touched the target is indicated with a black circle.

instantaneous hand (finger) motion has little or no impact
on signal intensity within the gray matter; in only one par-
ticipant (S4), we observed hand-motion-related artifacts in
frontal and parietal areas in both hemispheres. Instead, the
amount of instantaneous arm motion induced larger arti-
factual signals, with an increased displacement correlated
with heightened activation of temporal, parietal, and fron-
tal areas in five out of seven participants. To quantify such
artifactual effects, we computed the percentage of vari-
ance of the BOLD time course—adjusted for all the other
confounds modeled in the design matrix—explained by
instantaneous arm and hand (finger) motion. This analysis
was performed over six representative regions of interest
defined in each participant around the activation peaks in
the “Move” > “No Movement” contrast. The amount of
variance explained by instantaneous arm and hand motion
ranged from 0.37% to 1.21% across regions and partici-
pants (Supplementary Table S2).

In conclusion, we found evidence of a direct but limited
artifactual effect of only arm motion on the BOLD signal. It
is important to note that, under specific circumstances,
this artifactual signal may well correspond to true motor
activity: for example, in the case of a relatively prolonged
movement starting slowly and slowly accelerating, the
temporal profile of the frame-wise displacement regres-
sors proposed here may be positively correlated to some
extent to the canonical hemodynamic response function,
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making it hard to fully dissociate task-related neural activ-
ity from instantaneous motion. This may be the case of
the fronto-parietal results shown in Figure 5 for participant
S4. For these reasons, and for the relatively small amount
of variance caught in most participants, we argue for cau-
tion when using this approach for “cleaning” the data
depending on the speed and duration of movements.

3.4. Kinematic results

Figure 6 shows an example of kinematic data for a typical
reaching trial, showing the temporal profile of arm veloc-
ity and grip aperture and the automatic parsing of reach-
ing, grip, and back-movement phases.

The reaching movement started on average 624 ms
after the visual cue onset (average across seven partici-
pants; s.d. = 85 ms) and lasted on average 789 ms
(s.d. =166 ms). The grip phase lasted on average 1132 ms
(s.d. = 625 ms), while the back-movement phase lasted
1040 ms (s.d. = 232 ms). Grip aperture measures showed
significant differences between power and precision
grips. The minimum grip aperture was 45 mm (across-
subject average; s.d. = 6.7) when performing a power
grip and 72 mm (s.d. = 14) when performing a precision
grip (t, = 5.44, p = 0.002). Hand grip measures showed
larger differences, with a minimum aperture of 122 mm
(s.d. = 28) when performing a power grip versus 162 mm
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(s.d. = 12) when performing a precision grip (t, = 4.244,
p = 0.005). This difference reflects biomechanical proper-
ties of each grip type, where wrist-to-index distance is
maximal with open hand, intermediate during precision
grip, shorter during power grip, and minimal with closed
hand (Fig. 2D, E). In precision grip, the index finger flexes
primarily at the metacarpophalangeal joint (knuckle),
while the distal and proximal interphalangeal joints remain
relatively extended, optimizing fine motor control. In con-
trast, power grip involves progressive flexion of all finger
joints as the entire hand closes around the object, creat-
ing maximum contact surface and grip strength through
distributed force across multiple joints.

The principal component analysis conducted on a set
of 28 kinematic measures extracted from each trial
(including distance traveled, maximum and average
velocity, curvature index, and maximum deviation of the
wrist and the index trajectory in the reaching and back-
movement phases, duration of the reaching and back-
movement phases, and minimum, maximum, and
average grip and hand aperture during the grip phase)
identified 7 factors based on parallel analysis, explaining
7-13% of total variance each, and 75% in total. Interest-
ingly, these factors explained in a partially independent
way the variance of the reaching and back-movement
phases and the grip, with independent components rep-
resenting the arm/hand velocity and the distance traveled
in the two phases, the grip/hand aperture, and the trajec-

S1 S2 S3

A. Move Invisible > No Movement

S4

tory curvature (see Table 1). Component loadings are
shown in Supplementary Table S1.

3.5. Brain activation induced by reaching-to-grasp
movements

The whole-brain trial-design GLM results are shown in
Figure 7 on the surface reconstructions of each of the
seven volunteers. When compared with “No Movement”
trials, movement execution devoid of visual feedback
increased activity in bilateral parietal reach- and grasp-
related areas (MIP, AIP), extending to the supramarginal

Table 1. Principal components extracted from kinematic

analysis.

Component Variance % Name

1 13.19 Arm velocity (reaching and
back-movement phases)

2 12.36 Distance traveled by arm and
hand (reaching phase)

3 9.78 Distance traveled by arm and
hand (back-movement phase)

4 9.67 Arm and hand velocity (reach-
ing phase)

5 10.49 Arm and hand velocity (back-
movement phase)

6 11.89 Grip and hand aperture

7 7.41 Trajectory curvature

Total 74.79

S5 S6 S7

Fig. 7.

Individual brain activation maps for seven participants during the two movement conditions. (A) Regions

with significantly greater activation during reach-to-grasp movements without visual feedback of the moving hand
(“Move invisible” > “No Movement”). (B) Regions with significantly greater activation during reach-to-grasp movements
with visual feedback (“Move Visible” > “No Movement”). Each column represents individual-level analysis from one
participant. Statistical parametric maps are displayed on the individual surface reconstruction, thresholded at p < 0.001

(uncorrected).
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S1 S2 S3

A. Kinematic Modulation: Move Invisible

S4

S5 S6 S7

Fig. 8. Effect of the kinematic properties of the reaching-to-grasp movements on the movement-related activation of
the seven participants (S1-S7). For each participant, an inflated dorsal view of their surface reconstruction is shown,
with regions showing a significant (p < 0.05 corrected for false discovery rate at the cluster level, with a cluster-forming
threshold of p < 0.001 uncorrected) overall modulatory effect of seven kinematic principal components on the brain
activation during movement trials without (A) or with (B) visual feedback. The components were extracted from a group-
level principal component analysis performed on a wide set of kinematic measures (see section 2.6.).

gyrus, and in the pre-SMA (p < 0.001). Only in the left
hemisphere, contralateral to the moving hand, we
detected activity of somatomotor areas encompassing
PMd, M1, and S1, and extending to the medial bank
(SMA) (Fig. 7, top row). Performing a reach-to-grasp
movement with visual feedback additionally activated
bilateral occipital and visual processing regions, includ-
ing area MT+ and the intraoccipital sulcus, as well as
SPL, IPS, and PMd, bilaterally (Fig. 7, bottom row). This
is expected, as visual areas (i.e., MT+, intraoccipital sul-
cus) likely transmit visuo-spatial information to parietal
reaching system regions (SPL), then to frontal motor
(PMd) areas through the superior longitudinal fasciculus |
(SLF 1), creating a visuomotor control loop that enables
adaptive movement within the novel virtual context.

3.6. Modulation of brain activity induced by
kinematic properties of reaching-to-grasp
movements

The overall effect of the seven principal components
extracted from the original set of kinematic measures
revealed widespread significant modulations across dis-
tributed brain regions (Fig. 8), with substantial interindi-
vidual differences observed across parieto-frontal
networks and crucial contributions from occipital areas.
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Taken together, key regions showing significant para-
metric modulation included the angular gyrus (AG), the
posterior intraparietal sulcus (pIPS), the primary somato-
sensory cortex (S1), the middle frontal gyrus (MFG), area
V6, and MT+. Although the small sample of the current
study prevents strong statistical analyses, a tendency of
enhanced modulation by kinematic properties of the
reaching-to-grasp movements on the activity of poste-
rior parietal and frontal regions during the “Move Invisi-
ble” condition compared with the “Move Visible”
condition emerges. This may be explained by the fact
that the “Move Invisible” condition relies more heavily on
effector-based control mechanisms than visually guided
movement. This differential pattern demonstrates that
our approach successfully captures the impact of
condition-specific kinematics on brain activity, highlight-
ing the ability to differentiate parametric modulations
across experimental conditions.

Examining the details of modulatory effects of specific
kinematic properties on specific brain regions goes beyond
the scope of the present study, as it would require a much
larger sample and perhaps a more formal definition of the
specific kinematic measures to include. However, Supple-
mentary Table S3 reports detailed regression coefficients
for each principal component in the six individually defined
ROlIs described above.
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4. DISCUSSION

This study introduces MOTUM, a novel system enabling
real-time motion tracking during fMRI, integrated with
immersive virtual reality. Our proof-of-concept experi-
ment demonstrates that MOTUM effectively overcomes
long-standing limitations in the neuroimaging of natural-
istic motor behaviors, without compromising data quality
or experimental control.

Traditional neuroimaging experiments have struggled to
balance ecological validity with methodological rigor. Real-
world actions are typically constrained or simulated using
impoverished setups that strip away the complexity of nat-
ural movements. MOTUM addresses this gap by allowing
participants to perform realistic, goal-directed actions—
such as reach-to-grasp movements—within a virtual
environment that mirrors real-life scenarios, all while simul-
taneously collecting high-resolution neural and kinematic
data. Despite the physical constraints of the MRI bore and
potential issues with marker visibility, the system achieved
robust motion tracking of arm, hand, and finger move-
ments. Participants viewed and interacted with the virtual
environment through a first-person avatar and reported
strong feelings of agency and ownership, underscoring the
quality of embodiment even in the absence of haptic feed-
back or physical object interaction.

A key concern in any movement-based fMRI para-
digm is the potential for motion artifacts, mainly due to
head displacement. Here, we found that reaching move-
ments led to a modest increase in head motion, which
remained well below critical thresholds, with only 0.1% of
volumes exceeding the conventional task-fMRI threshold
(FD > 0.5). This minimal data loss confirmed high signal
quality and preserved adequate statistical power for our
analyses, which also controlled for FD variance. We also
evaluated the moment-by-moment hand and arm dis-
placement effect on brain activity. While we did not find
strong evidence of brain activity correlating with hand
motion, arm displacement correlated with heightened
activation of temporal, parietal, and frontal areas. We
controlled for these sparse effects by regressing out hand
and arm displacement in the following analyses.

A groundbreaking application of MOTUM is the possi-
bility to disentangle the effect of kinematic movement
properties on brain activity. Previous fMRI studies aiming
at the same goal relied on contrasting conditions or per-
forming repetition suppression analyses on the brain
activity recorded during trials where a preset grip type or
movement speed was required (e.g., Di Dio et al., 2013).
Therefore, they did not investigate the natural, subtle
trial-by-trial variation of the kinematic properties of the
movements the participants performed. By providing
continuous motion tracking of participants’ movements,
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MOTUM can pave the way to new possibilities. As a proof
of concept in the present paper, we extracted latent
dimensions of kinematic variation using principal compo-
nent analysis (PCA). We showed that these modulate
brain activity across sensorimotor and visuomotor net-
works. In particular, the AG, the pIPS, S1, MFG, area V6,
and MT+ activity were modulated by kinematic move-
ment properties.

While we did not focus on specific kinematics and
their correlates in this analysis, our approach demon-
strates that it is possible to identify specific impacts of
individual kinematic principal components on movement-
related activity. For instance, previous studies have
shown that movement velocity specifically affects motor,
premotor, and superior parietal areas (Di Dio et al., 2013;
Ferraina et al., 2009), while grip aperture selectively influ-
ences areas such as the left alPS, which scales with
object size and grip type (Davare et al., 2007; Grol et al.,
2007; Lehmann & Scherberger, 2015). Our methodology
provides a framework that could capture such specific
kinematic—neural relationships within a more comprehen-
sive analysis of movement dynamics. Although prelimi-
nary, our results also point toward a different effect of
kinematic movement properties on brain activity depend-
ing on the context, specifically, in our case, the absence/
presence of visual feedback. While this has been previ-
ously hypothesized based on behavioral data (Jakobson
et al., 1991), the lack of human research with high-spatial
resolution techniques such as fMRI makes this question
worthy of further investigation. In particular, the AG, the
pIPS, S1, MFG, area V6, and MT+ activity were modu-
lated by kinematic movement properties. Overall, the
activations we detected are widespread across the
dorso-lateral and dorso-medial streams for grasping and
reaching. While we did not aim at investigating them as
separate movements, our results support the view of cor-
tical streams for visuomotor actions as dynamical path-
ways involved in multiple functions, depending on the
contextual and experimental demands (Galletti & Fattori,
2018).

Clearly, the small sample size of our study does not
allow for sufficient statistical power to perform group
analyses and thus to determine whether the relationship
between kinematic measures and brain activity is consis-
tent between subjects in specific brain regions or idio-
syncratic for each participant. We also did not extensively
study which kinematic regressors affected which brain
areas, also because we do not pretend that our choice of
deriving such regressors is necessarily the optimal one in
terms of the relationship with brain activity. What we do
show, however, is that such relationships exist and are
replicable in most participants and conditions in the
fronto-parietal network. We argue that individual-level
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analyses are particularly valuable for capturing this kind
of relationships and should stand as the preferential
approach even with higher sample sizes.

Although our proof of concept focused on hand move-
ments, MOTUM can be readily extended to other body
parts, such as the lower limbs, which may offer even better
tracking conditions given their visibility outside the scan-
ner. This flexibility enables a broader range of real-life
actions to be studied during fMRI, including locomotion
and spatial navigation. Notably, the integration of virtual
reality provides ecological realism and the ability to manip-
ulate the environment and body representation in real time.
This feature unlocks novel experimental designs—for
instance, altering limb size or trajectory on the fly—to
explore fundamental processes such as body ownership,
visuomotor integration, and peripersonal space.

While the system is promising, some methodological
limitations must be acknowledged. We restricted partici-
pation to individuals taller than 155 cm to minimize
marker loss within the scanner bore and ensure sufficient
arm visibility. This limitation could be addressed in future
setups by implementing additional cameras on the lateral
walls of the MRI room, which would improve motion-
tracking quality by reducing marker loss and expanding
the tracked area. An additional limitation to the study is
that the reach-to-grasp task involved interaction with a
virtual—rather than physical—object, as introducing a
real object would have obstructed camera views.
Although visual feedback was provided, our setup did
not incorporate tactile or sensorimotor feedback. Future
integration with amagnetic haptic devices or physical 3D
objects (made of transparent material allowing cameras
to see through them and track the hand markers) could
help overcome this limitation by enabling feedback upon
virtual object contact.

At the same time, tactile feedback from the contact
between the participant’s hand and the kinematic glove
was constantly present, raising the possibility that this
tactile input could influence brain activation patterns
during reach-to-grasp movements. However, several fac-
tors minimize this concern in our experimental design.
First, the glove was worn consistently across all the
experimental conditions. Since any glove-related
changes in tactile feedback would be shared between
conditions, these effects are effectively controlled for
when computing statistical contrasts between condi-
tions, and any systematic neural responses related to
altered tactile input would be subtracted out in our con-
trast analyses. An additional concern related to the glove
could be a reduction of tactile sensitivity. However, our
study focuses on the role of visual feedback during
reach-to-grasp movements rather than tactile contribu-
tions, and for this sake, participants were grasping virtual
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objects without actual tactile contact. Therefore, the pri-
mary somatosensory feedback during the reaching
movements would come from proprioceptive and kines-
thetic inputs (joint position, muscle stretch, etc.), which
remain largely intact despite glove wearing.

It is important to emphasize that the primary goal of
this methodological, proof-of-concept work was not to
draw novel inferences about the neural mechanisms of
motor control, but rather to introduce and illustrate
MOTUM and to provide a preliminary overview of its
potential. Future studies could leverage MOTUM’s pre-
cise timing capabilities to conduct time-resolved or
phase-encoded fMRI analyses of different movement
phases (e.g., reaching, grip, and back movement), which
would provide additional insights into the temporal
dynamics of sensorimotor control.

In sum, we successfully implemented a unique real-
time motion-tracking system compatible with MRI. We
demonstrated its effectiveness in capturing arm and
hand movements without compromising data quality and
in allowing a high-resolution mapping of motor dynamics
onto neural data, offering the sensitivity to detect within-
subject, between-trial effects. This system enables the
investigation of naturalistic motor behaviors under con-
trolled experimental conditions, offering a powerful new
tool for motor neuroscience. MOTUM allows high-
resolution, multi-joint kinematic recording in real time,
enabling a detailed analysis of movement dynamics and
their relationship with brain activity. This opens new ave-
nues for studying motor control in ecologically valid set-
tings. Moreover, the system supports standardized,
reproducible data collection, which lays the groundwork
for cross-laboratory comparisons and collaborative
research on kinematic invariants (e.g., arm velocity)
across tasks. In conclusion, MOTUM represents a signif-
icant methodological advancement, potentially trans-
forming fMRI paradigms by bridging naturalistic motor
behavior and brain imaging in a rigorously controlled yet
flexible experimental framework.
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