
RESEARCH ARTICLE

Incorporating gravity into synergistic control of upper limb movements using
phasic synergies with positive and negative weights

Alessandro Scano,1 Cristina Brambilla,1 Marta Russo,2 and Andrea d’Avella3,4
1Institute of Intelligent Industrial Systems and Technologies for Advanced Manufacturing (STIIMA), Advanced Methods for
Biomedical Signal and Image Processing Laboratory, Italian Council of National Research (CNR), Milan, Italy; 2Institute of
Cognitive Sciences and Technologies, Italian Council of National Research (CNR), Rome, Italy; 3Laboratory of Neuromotor
Physiology, IRCCS Fondazione Santa Lucia, Rome, Italy; and 4Department of Biology, University of Rome Tor Vergata, Rome, Italy

Abstract

Two models have been proposed to describe how motor control is affected by gravity. According to the gravity-compensation
model, accelerating and decelerating the limb through phasic muscle activations is independent of the control of gravity forces,
with tonic muscle activations counteracting gravity force. The effort-optimization model, instead, hypothesizes that muscles
exploit gravity, decreasing tonic activity to minimize effort using negative phasic EMG components. Muscle synergies have been
used for assessing motor control in neurophysiological studies, but synergistic models so far have neglected explicit representa-
tions of gravity forces. Therefore, we aimed at incorporating the pervasive presence of gravity into muscle synergies by extract-
ing synergies with negative weights to capture negative phasic EMG components. Muscle synergies with positive and negative
weights were extracted using the mixed-matrix factorization (MMF) algorithm on a set of upper limb reaching movements per-
formed by 15 healthy participants across targets in different planes designed to elicit positive and negative phasic activations.
Movements were grouped depending on the tonic components at movement onset, needed for gravity exploitation, and identi-
fied as “increasing tonic EMG” (ITE) and “decreasing tonic EMG” (DTE). ITE showed better reconstruction accuracy than DTE
when extracting five or fewer synergies. DTE exhibited more negative phasic activations and synergy weights showed more neg-
ative values. A bootstrap procedure showed that synergies extracted from ITE and DTE are different in structure, and cluster
analysis found nine clusters for ITE and ten for DTE. These results indicate that compensation and effort minimization models
can coexist within the muscle synergy framework.

NEW & NOTEWORTHY For the first time, a novel approach based on muscle synergies with positive and negative weights
allows to account for the exploitation of gravity into synergistic models. This is achieved by a synergistic controller that incorpo-
rates both simplicity, as a reduced set of synergies underlying movement and static gravity compensation (phasic and tonic syn-
ergies), and effort optimization, based on the exploitation of gravity through negative phasic components.

EMG; gravity; mixed-matrix factorization; muscle synergies; phasic

INTRODUCTION

The control of goal-directed upper limb movements
requires generating appropriate motor commands, i.e., mus-
cle activity patterns, considering task constraints and costs
but also exploiting the dynamic properties of the musculo-
skeletal system, and taking advantage of environmental
forces such as gravity (1). The generation of motor com-
mands may involve both feed forward mapping of goals into
muscle patterns and error correction based on feedback
from sensory signals or internal models (2). In both cases,
the challenging process of generating the appropriate motor
commands may be simplified by relying on muscle synergy
combinations (3). It was hypothesized that the central nerv-
ous system (CNS) simplifies the planning and production of
movement through a combination of a limited number of

spatial and/or temporal patterns (4), referred to as muscle
synergies. Muscle synergies can be identified through the
decomposition of electromyographic (EMG) signals in spatial
(5), temporal (6), spatiotemporal (3), or space-by-time (7)
motor modules. If a limited set of muscle synergies provides
an adequate basis to generate all the motor commands that
achieve a goal in the range of conditions normally encoun-
tered, the control process is simplified because it only
involves the selection of a few synergy combination parame-
ters or waveforms. Muscle synergies are often used to exam-
ine upper limb movements and to explain how the CNS
controls multijoint movements. The spatial synergy model
describes the generation of motor commands in many
muscles as the combination of task-independent muscular
weights (synergies) and task-dependent temporal activa-
tions. However, by restricting the set of motor commands
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that can be generated, muscle synergies may also fail to gen-
erate optimal solutions, e.g., muscle patterns that achieve a
goal while minimizing a cost such as effort. Thus, the CNS
may face the need to compromise between computational
complexity and optimality.

Thus, a potential major trade-off between control simplic-
ity and movement optimality in the control of upper limb
movements concerns gravity, whose effects have already
been studied in the framework of muscle synergies (8–10). A
control strategy that would simplify the modulation of the
motor commands taking gravity into account consists in
generating dynamic motor commands, required to acceler-
ate and decelerate the limb, and antigravity commands,
compensating for the posture-dependent effect of gravity on
the limb. One possible implementation of such a control
strategy relying on muscle synergies would be to use two
sets of muscle synergies: phasic synergies generating an
adequate movement trajectory irrespective of the orienta-
tion of the body in the gravity field, and tonic antigravity
synergies modulated by posture and body orientation (11).
Recently, it was demonstrated that phasic and tonic syner-
gies have specific features and structures and belong to
different synergistic dictionaries (12). If dynamic motor
commands were generated independently of gravity, seg-
regating the control of inertial and gravity forces (13), i.e., if
phasic synergies were invariant, phasic and tonic synergies
would provide a synergistic implementation of a gravity com-
pensation model. However, this compensation model could
not exploit gravity tominimize effort, as dynamicmotor com-
mands would have to change with gravity, which is impossi-
ble with invariant phasic synergies. Indeed, recent results
suggest that both humans and monkeys generate optimal
motor commands exploiting themechanical effects of gravity
tominimize effort (13). Evidence for such optimization comes
from the observation that the phasic muscle activations, i.e.,
the activation waveforms obtained by subtracting a gravity-
compensating component, present systematic negative wave-
forms, especially in antigravitymuscles. Such negative phases
are predicted by effort-optimization, as negative phasic mus-
cle activations do not compensate but rather exploit gravity
when it assists the movement. In a further study, it was also
demonstrated that negative phasic waveforms include also
information of the direction of movement, indicating that
they are tuned based on themovement (14).

A synergistic controller generating motor commands
through the combination of phasic and tonic synergies might
also predict such negative phases in the phasic activation
waveforms. The concept of synergies with negative weights
has been introduced when extracting simultaneously phasic
and tonicmuscle synergies frommuscle activations for reach-
ing (11) and phasic synergies from phasic waveforms (15).
Although the decomposition of muscle activation patterns
into phasic and tonic synergies represents a gravity-com-
pensation mechanism, phasic synergies need not to be
gravity-invariant and they may be optimized to minimize
effort, thus also implementing an effort-optimization
mechanism. Negative weights in phasic synergies offer
the advantage of a trade-off between complexity (lower
number of control signals) and optimization. A model in
which tonic muscle synergies compensate for gravity in
static conditions, and phasic muscle synergies exploit

gravity in dynamic conditions through negative weights
canceling phasic components extends the effort-optimiza-
tion model to synergistic control. In this case, the effort
optimization is done in the synergy space rather than the
muscle space.

The algorithmmost commonly used for synergy extraction
is nonnegative matrix factorization (NMF) (16). It assumes
constraints of nonnegativity of all the data variables used as
input and thus cannot be used tomodel negative phasic com-
ponents. Recently, the mixed-matrix factorization (MMF)
algorithm (17) has been introduced. MMF extends the applic-
ability of the NMF, factorizing multivariate data with a mix-
ture of constrained and nonconstrained variables, and
without the constraint of orthogonality of the extracted syner-
gies (as in principal component analysis). TheMMF algorithm
has been originally developed to investigate multidomain
synergies, including both non-negative data (such as EMG
envelopes) and intrinsically unconstrained data (such as artic-
ular angle acceleration). For example, kinematic-muscular
synergies were extracted constraining only the EMG data to
be non-negative, whereas kinematic data were unconstrained,
in both upper limb (17) and hand graspmovements (18), show-
ing that synergies with negative loads can be extracted.
However, MMF can be also applied to solely unconstrained
data. It follows that the factorization of unconstrained data
has relevant application for the analysis of EMGwaveforms in
movement-related phasic EMG signals when postural tonic
EMG activity is removed (12).

In a recent study (13), the MMF algorithm was applied for
the first time to extract spatial muscle synergies on phasic
EMG activations with negative components. Although the
study included only five participants performing reaching
movements, the study demonstrated that the MMF algo-
rithm is suitable to extract synergies with negative weights.
In that preliminary work, more negative weights were found
in movements from the periphery to the body with respect
to movements from the body to the periphery. The negative
components are hypothesized to be related to the exploita-
tion of inertial forces of the dynamical system (19) and of the
gravity force to reduce muscle activity (13), showing that the
CNS reduces muscle effort by exploiting the gravity force
and the inertial characteristics of the system.

In this study, we investigated whether the extraction of
phasic synergies with negative weights can enhance the
comprehension of the physiological mechanisms of gravity
exploitation, by incorporating it into a synergistic model. To
do so, we compared the number and structure ofmuscle syn-
ergies extracted from two distinct groups of hand move-
ments differing on the availability of tonic components that
could allow them to exploit gravity through negative phasic
waveforms. In our dataset, this subdivision corresponded
almost perfectly to the separation of the movements accord-
ing to their direction. The first group included movements
from the body to the periphery of the workspace (tonic com-
ponent increasing during the movement, i.e., not available
at the beginning of the movement) and the second group
included movements from the periphery to the body
(decreasing tonic components, i.e., tonic component avail-
able at the beginning of themovement, and thus a condition
in which gravity can be exploited). Since these movements
are performed with the assistance of gravity or against it, we
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hypothesized that phasic synergies would differ between
such groups and they may underlie different control strat-
egies implemented with a combination of phasic and tonic
controllers, incorporating gravity into muscle synergies for
the first time.

MATERIALS AND METHODS

Participants

Fifteen right-handed healthy subjects (42 ± 18 yr old),
without neurological or musculoskeletal impairments,
participated in the study. All participants gave their writ-
ten informed consent, all procedures were approved by
the Ethical Committee of the Italian Council of National
Research (CNR Ethics), and the experiments were con-
ducted in accordance with the Declaration of Helsinki.

Signal Recording and Analysis

Participants performed 10 repetitions of point-to-point
reaching movements, following the protocol used in previ-
ous studies (20, 21), starting from a reference point (R)
toward targets placed in multiple locations. Participants
were asked to perform the movement rapidly and each
movement (considering from R to the target and going back
to R) lasted �1 s or slightly lower. The reference point was
located on the subject’s thigh and was selected by the user in
a comfortable position. The targets were placed in a circle
with center O and were labelled as eight cardinal directions
[north-east (NE), east (E), south-east (SE), south (S), south-
west (SW), west (W), north-west (NW), north (N)]. The R point
was always at a lower height with respect to the targets. The
circle lay on one of four planes: frontally with respect to the
participant (frontal plane), vertically on the left side (left
plane) and on the right side (right plane) of the participant,
and horizontally above the participant (up plane), as shown
in Fig. 1.

Seven retroreflective markers, placed on the fifth dorsal
vertebra (D5) and the seventh cervical vertebra (C7), acro-
mion, right elbow epicondyle, styloid process of the ulna,
and twomarkers placed on the pointer that each participant
held in their hand were used for kinematic recordings.
Kinematic data were used for identifying the onsets and off-
sets of each movement phase, based on the velocity profile
of the wrist marker. The wrist marker was considered for the
signal segmentation and the onset and the offset of the
movements were computed when a predefined threshold
was exceeded (5% of the maximum absolute velocity of the
wrist). Surface EMG probes were positioned according to the
SENIAM guidelines (22) for recording the activity of 16

muscles of their dominant upper limb and trunk: erector spi-
nae (ES), teres major (TM), infraspinatus (IF), lower trapezius
(LT), middle trapezius (MT), upper trapezius (UT), deltoid
anterior (DA), deltoid middle (DM), deltoid posterior (DP),
sternocostal head of pectoralis major (PT), triceps long head
(TL), triceps lateral head (TLa), biceps long head (BL), biceps
short head (BS), pronator teres (PR), and brachioradialis
(BR). EMG signals were high-pass filtered with a cutoff fre-
quency of 20 Hz, rectified and low-pass filtered with a cutoff
frequency of 5 Hz (23, 24). EMG signals were segmented
based on the kinematics and, in each movement phase,
including intervals of 200 ms before the movement onset
and after the movement offset, to capture the EMG activity
before the kinematic onset and after reaching the target, due
to the electromechanical delay between EMG activation and
movement execution (25). Movement phases were aligned
on the kinematic onset and resampled at 100 equally spaced
time samples, so that all epochs had the same length.
Movements of all the repetitions of all planes were concaten-
ated in the samematrix, and each EMG channel was normal-
ized to its maximum value across all movements. In our
analysis, we considered only the phasic component of the
EMG, i.e., the component responsible for acceleration and
deceleration of the limb, which was estimated by subtraction
of the tonic component required to maintain a static posture
against gravity from the whole EMG signal. The tonic com-
ponent was modeled with a linear ramp, considering a con-
stant activation level of the muscle before and after the
movement, with a linear ramp between the two constant
activation levels. The postural EMG initial activity (premove-
ment) and final activity (postmovement) of each muscle
were estimated as the average of the EMG in the 200 ms
before the onset of the movement and in the 200 ms after
the end of the movement. We considered both the forward
phases, that is the movement from the reference position to
the target, and the backward phases, from the target back to
the reference position.

Grouping of Movements by Tonic EMG Analysis

As noticed in our previous work (15), phasic negative com-
ponents are mainly present in movements where the EMG
tonic component decreases during movement phase. In fact,
the availability of tonic EMG at movement offset is the pre-
requisite for the exploitation of gravity. Therefore, we
grouped movements based on their features: increasing or
decreasing of tonic EMG components inmost of themuscles.
We quantified the slope of the tonic ramp as the difference
between the final value and the initial value of the ramp of
each movement. Then, the slopes were averaged across

Figure 1. Experimental setup. Targets
were placed frontally with respect to the
participant (frontal plane), vertically on the
left side (left plane) and on the right side
(right plane) of the participant, and hori-
zontally above the participant (up plane).
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repetitions and across muscles. Finally, the slopes were aver-
aged across participants. Movements with a positive mean
slope were clustered as increasing tonic EMG (ITE) move-
ments, whereas movements with a negative mean slope
were clustered as decreasing tonic EMG (DTE)movements.

Synergy Extraction and Clustering

Spatial synergies and temporal coefficients were extracted
from the phasic data for each subject separately for ITE and
DTE movements. For synergy extraction, we used the MMF
algorithm (17, 26). MMF is based on a gradient descent
update rule that decomposes the EMG signal in a combina-
tion of n spatial synergies wi shared across all movement
directions, and corresponding time-varying activation coeffi-
cients ci(t) specific for each direction of motion. The quality
of reconstruction R2 of the original signal was defined as 1 –
SSE/SST (27), where SSE is the sum of the squared residuals,
and SST is the sum of the squared differences with the mean
EMG vector. The algorithm was repeated 20 times and the
solution achieving the highest R2 was considered for
the analysis. The procedure was performed by increasing
the order of factorization from 1 to 16 (number of EMG
channels) and the number of synergies was identified as
the lowest order of factorization that achieved R2 > 0.80.
Synergies from all participants were grouped with k-means
clustering algorithm to reduce them to a limited repertoire of
invariant synergies shared by subjects and evaluate their vari-
ability (28). The clustering procedure was repeated 200 times
with new initial cluster centroids estimates (chosen uniformly
at random) with the same number of clusters and the best
result, identified as the one with the lowest sum of Euclidean
distances of each element in the cluster to the centroid (mean
synergy), was selected. The number of clusters increased from
themaximumnumber of synergies obtained from the partici-
pants until all the synergies from the same participant were
assigned to different clusters. The clustering procedure was
performed for forward and backwardmovements separately.

Outcome Measures and Statistics

We selected a set of outcome measures to describe how
incorporating gravity affects available synergies during
movements that are performed in favor or against gravity.
First, the goodness of the reconstruction R2 was compared
between ITE and DTE synergies by fitting a linear mixed-
effects model (29). After testing for normality using the
Kolmogorov–Smirnov test both R2 distributions, R2 was
modeled as follows:

R2 ¼ 1 þ nsyn � dataset þ ð1jsubjectÞ
where dataset (ITE/DTE) and number of synergies (nsyn)
were fixed effects with interaction, nsyn was defined as a cat-
egorical variable, and subjects were included as random
effects on intercept. The level of significance (a) was set at
0.05.

Then, since we hypothesized that synergies extracted
from ITE and DTE datasets might be different, we wanted to
quantify the level of difference between the two sets of syn-
ergies. To determine if the synergy composition of ITE and
DTE was different, we used a bootstrap procedure similar to
the one used in previous studies (12, 30). The aim of the

procedure is to quantify if the misalignment between two
subspaces spanned by two synergy sets (in this case, syner-
gies extracted from ITE and DTE datasets) due to the differ-
ence in synergy structure is significantly larger than the
misalignment due to noise. The non-zero principal angles
(31) between the subspaces spanned by the two synergy sets
were used as a metric for quantifying the misalignment
between the subspaces spanned by the synergy sets. First, a
bootstrap distribution of principal angles between synergies
extracted from random subsets of repetitions of ITE and
DTE movements was constructed. In this way, the differen-
ces related to the effect of noise generating unstructured var-
iations in each repetition were estimated for each dataset.
The bootstrap procedure was repeated 50 times for each par-
ticipant to compute the distributions and separately for ITE
and DTE. Specifically, for each subject, and for each dataset,
10 repetitions of each movement phase were randomly
divided into 2 subsets of 5 repetitions, and the same number
of synergies obtained with ITE and DTE were extracted from
the 2 corresponding subsets. The principal angles between
synergies extracted from the two subsets were computed
using singular value decomposition (31). Then, combined
principal angle distributions between synergy sets extracted
from the two datasets were computed with the following pro-
cedure. For each iteration, the principal angles obtained
from the bootstrap procedure were used to construct ran-
domly two new subspaces (one for ITE and one for DTE) by
rotating each subspace from a common base according to
random samples of the principal angles. The principal angles
between the two new subspaces were computed (combined
principal angles). The bootstrap procedure was repeated 50
times for each subject and a distribution of combined princi-
pal angles was computed. The number of distributions was
equal to the number of extracted synergies of that partici-
pant. The angle representing the 95th percentile (h95) of the
distribution of each principal angle was taken as the refer-
ence. The number of reference angles was equal to the
number of synergies of the participant. Therefore, a set of
reference angles was computed for each participant.

To define the number of shared and different synergies,
the principal angles between the subspaces spanned by ITE
and DTE synergies extracted from the ITE and DTE datasets
were computed. A principal angle was obtained for each syn-
ergy extracted, and each angle was compared with the corre-
sponding h95 of the combined principal angle distribution.
Synergy structures were considered different if the principal
angles were higher than the corresponding h95 computed
with the bootstrap procedure. The difference between the
number of shared and different synergies between subspaces
was tested with a paired-sample t test.

RESULTS

EMGwaveforms for phasic and tonic components of a rep-
resentative participant are illustrated in Fig. 2 for frontal and
left plane and in Fig. 3 for right and up planes.

In movements from the reference position to the target,
phasic waveforms are mostly positive bursts related to accel-
eration and deceleration of the limb, with a typical biphasic
structure in most of the cases (32). Since the movements
are performed against gravity, positive phasic activity of

GRAVITY INTO MUSCLE SYNERGIES

J Appl Physiol � doi:10.1152/japplphysiol.00779.2024 � www.jappl.org 115

Downloaded from journals.physiology.org/journal/jappl (155.253.252.196) on July 1, 2025.

http://www.jappl.org


muscles is needed and it increases for upward movements,
especially for muscles responsible for shoulder elevation. In
movements from the target to the reference position, phasic
EMG consists mainly in negative bursts reflecting a reduc-
tion of tonic activity to exploit gravity. In Table 1, the means
and standard deviations across participants of the tonic
ramp slope is reported for all the planes.

The mean tonic ramp slope was positive for all the planes
in all the movements from the reference position to the tar-
get point [0.104 (0.035)], whereas it was negative in the
movements from the target point to the reference position in

all the planes [� 0.077 (0.029)]. Therefore, movements from
the reference position to the target were grouped into the
ITE group and movements from the target to the reference
position were grouped into the DTE group. All the following
analysis will be performed for the two groups separately and
the results will be compared. Synergies and temporal coeffi-
cients achieved with the MMF algorithm with R2 threshold
of 0.80 are shown in Fig. 4 for ITE and in Fig. 5 for DTE
movements for a representative participant.

Synergies reflect the EMG profiles and synergies extracted
from ITE movements (Fig. 4) have mainly positive loads.

Figure 2. Phasic (blue) and tonic (red) EMG
components during movement phases
(frontal plane, top and left plane, bottom).
Direction of movements is reported in
rows; muscles are reported in columns. BL,
biceps long head; BR, brachioradialis; BS,
biceps short head; DA, deltoid anterior;
DM, deltoid middle; DP, deltoid posterior;
ES, erector spinae; IF, infraspinatus; LT,
lower trapezius; MT, middle trapezius; PR,
pronator teres; PT, pectoralis; TL, triceps
long head; TLa, triceps lateral head; TM,
teres major; UT, upper trapezius. Data are
from subject 01.
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Indeed, W1, W5, and W6 show almost all positive loads, and
W2 andW4 have negative activations for deltoids and trape-
zii. Synergies extracted from DTE movements (Fig. 5) are
instead characterized by many negative loads, with the
exception ofW3 andW4 that have almost all positive loads.

The mean R2 across subjects is reported in Fig. 6 for both
ITE and DTEmovements.

The linear mixed-effects model analysis indicated that
the “dataset type” had significant interaction effects on
the R2 from number of synergies 1 (P < 0.001, b ¼ �0.079)
to 5 (P ¼ 0.018, b ¼ �0.028). Therefore, the reconstruction

quality of the ITE and DTE dataset was different for the
numbers of synergies that are commonly used in the liter-
ature. The mean number of extracted synergies at R2 >
0.80 was 5.7 ± 0.7 for ITE movements and 6.7 ± 0.9 for DTE
movements.

Results of the bootstrap procedure are reported in Table 2.
Principal angles computed between increasing and decreas-
ing tonic EMG subspaces were compared with the principal
angles obtained in the bootstrap procedure and synergies
with angle over the h95 were considered as different, whereas
synergies with angle lower than h95 were considered as

Figure 3. Phasic (blue) and tonic (red) EMG
components during movement phases
(right plane, top and up plane, bottom).
Direction of movements is reported in
rows; muscles are reported in columns. BL,
biceps long head; BR, brachioradialis; BS,
biceps short head; DA, deltoid anterior;
DM, deltoid middle; DP, deltoid posterior;
ES, erector spinae; IF, infraspinatus; LT,
lower trapezius; MT, middle trapezius; PR,
pronator teres; PT, pectoralis; TL, triceps
long head; TLa, triceps lateral head; TM,
teres major; UT, upper trapezius. Data are
from subject 01.
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shared. There is not a unique trend across participants since
some participants showed a larger number of different syn-
ergies than shared synergies, whereas others had almost the
same number of shared and different synergies. However, it

is clear that the synergy spaces in ITE and DTE are different;
the number of synergies that are different between subspa-
ces is significantly higher than the number of shared syner-
gies (P¼ 0.04).

Table 1. Means and standard deviations (in brackets) of the slope of the tonic ramp across participants

Tonic Ramp Slope

RfiO RfiNE RfiE RfiSE RfiS RfiSW RfiW RfiNW RfiN

Frontal 0.097 (0.034) 0.120 (0.037) 0.089 (0.032) 0.068 (0.028) 0.058 (0.031) 0.068 (0.032) 0.093 (0.036) 0.122 (0.041) 0.132 (0.044)
Left 0.088 (0.043) 0.141 (0.045) 0.120 (0.037) 0.079 (0.028) 0.051 (0.038) 0.045 (0.036) 0.066 (0.044) 0.094 (0.042) 0.128 (0.047)
Right 0.098 (0.026) 0.112 (0.029) 0.075 (0.033) 0.051 (0.029) 0.060 (0.029) 0.081 (0.018) 0.117 (0.023) 0.146 (0.034) 0.144 (0.031)
Up 0.120 (0.047) 0.105 (0.040) 0.124 (0.037) 0.170 (0.050) 0.180 (0.065) 0.171 (0.051) 0.131 (0.041) 0.106 (0.042) 0.101 (0.039)

OfiR NEfiR EfiR SEfiR SfiR SWfiR WfiR NWfiR NfiR

Frontal �0.060 (0.030) �0.089 (0.032) �0.065 (0.026) �0.043 (0.025) �0.037 (0.025) �0.044 (0.029) �0.067 (0.031) �0.092 (0.037) �0.110 (0.041)
Left �0.059 (0.041) �0.110 (0.044) �0.094 (0.039) �0.060 (0.030) �0.034 (0.033) �0.030 (0.035) �0.046 (0.037) �0.072 (0.039) �0.102 (0.045)
Right �0.061 (0.021) �0.085 (0.023) �0.056 (0.017) �0.037 (0.016) �0.037 (0.019) �0.054 (0.022) �0.083 (0.025) �0.108 (0.035) �0.116 (0.038)
Up �0.083 (0.034) �0.081 (0.034) �0.094 (0.035) �0.128 (0.047) �0.136 (0.058) �0.126 (0.047) �0.097 (0.040) �0.082 (0.036) �0.079 (0.035)

All planes and both movements from the reference position to the target and from the target back to the reference position are reported.

Figure 4. Phasic spatial synergies and temporal coefficients achieved with MMF for ITE movements. Data are from subject 01. EMG, electromyographic;
ITE, increasing tonic EMG; MMF, mixed-matrix factorization.
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The results of the clustering procedure are reported in
Fig. 7 for both ITE and DTEmovements.

In ITE movements, synergies were divided into 9 clusters
with 6 to 13 synergies in each: 13 synergies in W6; 11 syner-
gies in W3 andW9; 10 synergies in W5; nine synergies in W1,
W4, and W8; 8 synergies in W2; 6 synergies in W7. W6, W7,
and W9 are almost all positive; W3, W4 and W5 had mainly
positive weights with some negative contributions; W1, W2,
andW8 showedmore negative weights. InW1, the weights of
biceps and forearm muscles were negative compared with
positive ES and LT weights. W2 was negative for trapezii and
deltoidmuscles and positive for biceps and forearmmuscles.
W3 was characterized by the positive activations of DA and
DM. InW4, DM, DP, and triceps muscles were positively acti-
vated with a small negative contribution of UT. W5 was

characterized by positive weights for UT, DA, biceps, and
forearm muscles, and negative weights for triceps and PT.
W6 showed the activation of trapezii, deltoids (DM and DP),
and triceps muscles. W7, instead, was characterized by the
activation of PT. W8 was fully negative with trapezii, DM,
PD, and triceps muscles. In W9, UT, DA, and IF were posi-
tively activated.

In DTE movements, synergies were divided into 10 clus-
ters with 5 to 14 synergies in each: 14 synergies inW7; 13 syn-
ergies in W4; 11 synergies in W1 and W3; 10 synergies in W1,
W6, and W9; 9 synergies in W10; 7 synergies in W8; 5 syner-
gies in W5. W1, W3, andW6 were fully negative; W4, W5, W7,
andW8 had both positive and negative weights; W2, W9, and
W10 showed mainly positive weights. W1 showed negative
activations of almost all muscles, except for ES and TM. In

Figure 5. Phasic spatial synergies and temporal coefficients achieved with MMF for DTE movements. Data are from subject 01. DTE, decreasing tonic
EMG; EMG, electromyographic; MMF, mixed-matrix factorization.
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W2, deltoids (DM and DP) and triceps muscles were posi-
tive, whereas inW3, the samemuscles were negatively associ-
ated with negative weights of ES and TM.W4 showed positive
weights for LT and MT with negative deltoid muscles. W5
showed almost all negative weights like UT, DA, and biceps
muscles with the positive activation of BR. W6was fully nega-
tive, characterized by TM, IF, and trapezii muscles. W7 was
mainly characterized by positive weights of IF, MT, and UT;
W8, instead, showed positive weights of TM, BR, and PR with
small negative weights of triceps and deltoid muscles. InW9,
biceps and forearm muscles had positive weights. Finally, in
W10, TLa, bicepsmuscles, and PR showed positive weights. In
sum, synergies for ITEmovements show predominantly posi-
tive weights, whereas synergies for DTE movements show
more negative weights.

Comparing the ITE and DTE clustered synergies, it is
evident that synergies are different and mean similarity
with the best coupling is 0.28 only. Similarities are present
in some synergies: for instance, W4 of ITE and W2 of DTE
show positive DM, DP, and triceps; W8 of ITE and W3 of
DTE have negative DM, DP, and triceps; and W9 of ITE and
W7 of DTE show positive IF and trapezii. Other synergies,
instead, have only some parts in common: W1 of ITE and
W1 of DTE have negative biceps and triceps weights, but in
DTE there are also negative weights for triceps and del-
toids; W2 of ITE has positive weights of biceps and forearm
muscles as W9 in DTE, but the other weights are different;
similar consideration can be made for W5 of ITE and W10
of DTE. Finally, some synergies are very different and can-
not be matched between the two datasets. These synergies
may be specific to the movement of the dataset. Indeed,
W3 and W6 of ITE have positive deltoids and UT that char-
acterize upward movements, whereas W7 shows PT that is
used for abduction. In DTE, instead, W4 and W8 show pos-
itive LT, MT, and TM that are characteristic of downward
movements. These results show that ITE and DTE syner-
gies are different, not only at the individual level, as
shown in Table 2, but also at the population level when
considering clustered synergies.

In Fig. 8, the directional tuning of themean temporal coef-
ficients is shown for each cluster and plane.

In the frontal plane, synergies are not strongly tuned to
specific directions, except C4 and C6 of ITE directed in W
and NE, and C1 and C4/C5 for DTE directed in N and NW. In
the left plane, synergies have higher directional tuned: in
ITE synergies, C1 and C6 are tuned in the NE direction, C3,
C4, and C9 in the N direction, and C7 in the NW direction; in
DTE synergies, C1 is tuned in the N direction, whereas C3,
C4, and C10 are tuned in the E direction. In the right plane,
the tuning is mainly directed in the left part of the circular
target: in ITE synergies, C4 and C9 are tuned in the N direc-
tion; C3, C5, and C6 in the NW direction; and C8 in the W
direction and in DTE synergies, C1 and C3 are tuned in the
NW direction; C4 and C5 in the W direction; and C7 in the
SW direction. Finally, in the up plane, the directional tuning
is more diffused with few exceptions: in ITE synergies, C3 is
tuned in the S direction, whereas C7 in the NW and C8 in the
W direction and in DTE synergies, C1 and C3 are tuned in the
S direction and C4 in the SW direction. In general, ITE syner-
gies show higher temporal coefficients, especially in the up
plane. Directional tuning is different between ITE and DTE
and between planes, but no strong directional tuning is pres-
ent in either ITE or DTE synergies. Weak directional tuning
may be related to the fact that movements may be similar
among directions and that the temporal coefficients were
the result of the clustering procedure and this may have
weakened the differences among directions.

DISCUSSION

Summary of the Findings

In this study, muscle synergies with positive and negative
weights were compared between reaching movements char-
acterized by increasing tonic EMG and decreasing tonic
EMG. The recently introduced MMF algorithm was used to
extract spatial muscle synergies with positive and negative
weights from phasic multichannel EMGs from 15 subjects

Figure 6. Reconstruction R2 for increasing tonic EMG (in blue) and
decreasing tonic EMG (in red) movements. Both means and standard devi-
ations are reported.

Table 2. Number of shared and different synergies
between the subspaces of ITE and DTE datasets for
each subject

Subject

Number of Synergies Shared

between Subspaces

Number of Synergies Different

between Subspaces

S01 0 5
S02 2 3
S03 4 2
S04 4 2
S05 1 5
S06 2 4
S07 3 2
S08 0 7
S09 0 5
S10 1 4
S11 3 3
S12 4 2
S13 2 4
S14 1 6
S15 3 2
Mean (SD) 2.0 (1.5) 3.7 (1.6)

DTE, decreasing tonic EMG; EMG, electromyographic; ITE,
increasing tonic EMG.
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performing upper limb reachingmovements. The concept of
negative phasic waveforms has been introduced before
emphasizing the effect of gravity on muscle activity (11, 15,
33). However, muscle synergies have been extracted on the
positive waveforms only. This is the first full study that
extracts muscle synergies with negative weights from posi-
tive and negative phasic waveforms using a comprehensive
dataset. Moreover, this approach allowed to extend the effort
optimization model to the muscle synergy domain. When
extracting muscle synergies, ITE movements showed a
higher reconstruction accuracy with respect to DTE move-
ments when using five or less synergies. Increasing the num-
ber of synergies, the reconstruction accuracy was not
significantly different. This result may be related to the
results of Chambellant et al. (14). In fact, negative compo-
nents of EMG included more information about directional
tuning and this aspect was more pronounced in downward
movements. Therefore, since DTE movements may be
more differentiated with respect to the movement direc-
tion, it follows that more synergies are needed to recon-
struct the input signal with the same level of accuracy. In
DTE movements, higher negative phasic activations were
found, especially in deltoids and in the triceps, and syn-
ergy weights showed more negative values. A bootstrap
procedure showed that synergies extracted from ITE and
DTEmovements are different in structure. Cluster analysis
found nine clusters for increasing tonic EMG movements
and ten for decreasing tonic EMG movements. Reflecting
single-subject findings, negative weights were found in
both ITE and DTE movements, but the latter showed more
negative weights.

Incorporating Gravity into Muscle Synergy Models

Negative phasic synergy weights result from the negative
phasic EMG components that are generated after removing
the tonic EMG activity from the whole EMG signal. Indeed,
the percentage of negative components with respect to the
positive ones of muscle synergies is highly correlated to the
percentage of negative waveforms with respect to the posi-
tive ones of the EMG (0.94 for ITE, 0.92 for DTE). They are
predicted by effort-optimization models. In fact, in recent
work, negative phasic muscle activation waveforms have
been demonstrated to be expected when the mechanical
effects of gravity are exploited by the motor controller to
minimize effort (13). Indeed, the negative waveforms are pre-
dicted by effort-optimization, as negative phasic muscle acti-
vations do not compensate but rather exploit gravity when it
assists the movement. Thus, the optimization model was
adopted as an alternative to the long-used compensation
model, which instead states that separated phasic and tonic
commands account for motion and gravity compensation,
respectively. In this study, to incorporate the effects of grav-
ity into a synergistic controller, we extracted synergies with
negative weights from phasic muscle activities. Phasic syner-
gies with negative weights may provide a synergistic imple-
mentation of an effort-optimization mechanism. Indeed, if
the recruitment of phasic muscle synergies with negative
weight generates muscle waveforms with negative phases
(11), they would implement a gravity exploitation mecha-
nism analogous to that of a controller optimizing effort at
the level of individual muscles. Thus, in a synergy-based
controller, effort-optimization may be achieved by the

Figure 7. Clustering of phasic spatial synergies for the ITE (top) and DTE (bottom) movements. Gray bars represent the synergies of all the participants,
whereas the black bars represent the centroid (mean value) of the cluster. DTE, decreasing tonic EMG; EMG, electromyographic; ITE, increasing tonic
EMG.
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organization of appropriate phasic muscle synergies and the
selection of optimal synergy recruitment parameters, in the
form of synergies with negative weights. In such sense, syn-
ergies with negative weights overcome the concept of a
trade-off between control simplicity andmovement optimal-
ity in the synergistic control of upper limbmovements, sug-
gesting a mixed architecture that accounts for both effects:
simplicity, due to a synergistic architecture, and optimality,
as gravity is exploited to reduce effort. In fact, in this work,
we show that it is possible to describe the modulation of the
motor commands, hypothesizing that it relies on the imple-
mentation of phasic synergies, related to the dynamic motor
command, and tonic synergies, compensating for the posture-
dependent effect of gravity (12). Negative phasic synergies
allow to incorporate directly gravity exploitation in the phasic
controller, providing both control simplicity and movement
optimality within the repertoire of the available synergies.
The tonic activity, implementing a gravity compensation

mechanism, can be exploited by phasic negative EMG compo-
nents corresponding to the suppression of antigravity activity,
i.e., they allow for effort minimization. This view is coherent
with previous work that has shown that the integration of grav-
ity force inmotor control strategies can be related to predictive
motor control managed by intracortical mechanisms (34).
Moreover, gravity helps minimizing effort both inmovements
against it and assisted by it, resulting in negative EMG activity
in the deceleration phase of upward (against gravity) move-
ments and in the acceleration phase of downward (assisted by
gravity) movements (33). However, the effort-minimization
hypothesis had not been incorporated into synergies model
before. The MMF algorithm allowed to integrate gravity into
motor control for the first time. Indeed, the extensively used
NMF algorithm cannot account for the modulation of gravity
since it cannot decompose negative phasic components. In
contrast, with the MMF algorithm, we successfully modeled a
phasic controller that incorporates gravity overcoming the

Figure 8. Directional tuning of mean temporal coefficients in each plane (the frontal plane in blue, the left plane in red, the right plane in green, and the
up plane in yellow) of each cluster for both ITE (top) and DTE (bottom) movements. DTE, decreasing tonic EMG; EMG, electromyographic; ITE, increasing
tonic EMG.
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limitations of standard NMF approaches. In our case, the effort
optimization is done in synergy space rather than the muscle
space. Our model complements the optimization model of
Gaveau et al. (13), providing amethod for quantifying the opti-
mizationwithmuscle synergy.

Grouping of Movements according to the Role of
Gravity

Movements were classified based on the increasing or
decreasing tonic EMG computed on the slope of the linear
ramp of the tonic EMG. Movement phases with a mean pos-
itive slope across participants were considered as move-
ments with increasing tonic activity, whereas movement
phases with a mean negative slope across participants were
considered as movements with decreasing tonic activity.
Movements from a reference position close to the body to
reaching targets at the periphery of the workspace (forward
movements) and movements from the periphery to the
body (backward movements) corresponded almost per-
fectly to the ITE and DTE movements. This match was
expected due to the geometry of the experimental setup in
which the reference position was at a lower height with
respect to the targets. This setup was conceived to explore a
variety of upper limb gestures and elicit positive and nega-
tive phasic activations of muscles. In muscle synergy analy-
sis, only the forward movements are usually investigated
since they are considered functional movements that are
fundamental for daily life interaction with objects and peo-
ple. However, backward movements are also at the basis of
daily activities, such as bringing objects to the body or to
themouth. As the ITE group included all forwardmovements,
they were performed against gravity. On the contrary, back-
ward movements assisted by gravity were grouped in the
DTE. Synergies extracted from ITE and DTE were different in
structure. However, high interindividual variability was
found, showing differences in the number of synergies that
were shared between ITE and DTE. Interindividual variability
has already been studied in previous works (35) and in our
case the variability might be justified by the fact that subjects
were not constrained on predefined kinematic trajectories,
having only standardized starting and endpoints. In this way,
similar dynamic motion outputs may be achieved with the
recruitment of different muscle patterns thanks to the motor
abundance (36).

Increasing Tonic EMGMovements

In ITE movements, since the movements are performed
against gravity, the weights are almost all positive, and the
negative components are related to the exploitation of grav-
ity in the deceleration phase of the movement and the iner-
tial properties of the system. Greater positive activations are
mainly related to trunk and shoulder muscles needed to ele-
vate the shoulder in different directions. The negative acti-
vations of triceps muscles in W5 and W8 can be explained
with the exploitation of inertial forces and moments: since
the arm is thrown forward rapidly, the elbow extends with-
out the need of triceps muscles. Therefore, TL and TLa
reduce their activation, especially in the second half of the
movement. Biceps heads act as agonist muscles for flexing
the elbow in the first part of the movement and they are

positively activated inW2 andW5, whereas they act as antag-
onist muscles in the second part of the movement for decel-
erating the arm in W1 and W3. In this case, their reduced
phasic activation can be explained by considering the exploi-
tation of gravity that acts on the arm reducing its velocity,
resulting in negative weights in muscle synergies. In W2 and
W8, negative weights of trapezii and deltoids can be related
to the exploitation of the inertial properties of the system.
Indeed, when the arm is elevated rapidly, elevator muscles
can reduce their activation. W8 and W5, instead, showed
negative weights for DP, which has the role of decelerating
the movement. In this case, the reduced activity of this mus-
cle can be explained with two effects: first, the exploitation
of gravity at the end of the movement, and second, by con-
sidering that when the movement is very rapid, the CNS can
deactivate the muscles that reduce the movement speed by
not generating opposing joint torque. This mechanism is
enforced by the lack of retroaction torques from antagonists
for fine control as the movements is performed mostly in
feed-forward control at fast speed. Thus, negative weights
might be strictly related to themechanisms ofmotor control,
enhancing standard NMF-based synergistic models. Since
the same dataset was used in previous studies for extracting
positive phasic synergies (37), it is possible to compare the
results to understand the added value of considering also the
negative weights. Compared with the NMF-based results,
synergies with negative weights underlined some relations
that cannot be seen with only positive weights. Indeed, the
positive weights of some synergies correspond to the NMF-
based synergies, but they are associated with negative
weights of muscles that in NMF-based synergies are consid-
ered almost zero. For example, in W1 the ES is associated
with negative biceps activity; in W2, forearm muscles are
associated with negative trapezii; in W3, DA and DM are
linked to negative biceps. In this way, it can be possible to
determine if eachmuscle is not included in the synergy or it
is acting negatively.

Decreasing Tonic EMGMovements

In DTEmovements, since they were performed with grav-
ity assistance, negative weights are often found in the
extracted synergies as a result of the exploitation of gravity
to minimize effort. Indeed, only W2 and W10 have almost
fully positive weights, including deltoids, triceps, and fore-
arm muscles. The other positive weights are needed to
decrease the acceleration of the arm that is supported by
gravity, such as trapezii in W4 andW7, and trunk muscles in
W7 and W8. The negative weights, instead, represent a
decrease in muscle activations mainly related to the exploi-
tation of gravity. Indeed, movements are assisted by gravity
and, therefore, the arm is accelerated without the need of
the activation of triceps muscles in W1 and W3; of DP and
DM in W1, W3, and W4; and of LT and MT in W1 and W6.
Indeed, negative weights were present in shoulder muscles
since the shoulder joint is the most influenced by gravity. In
DTE movements, they were mainly related to the fact that
the limb was naturally accelerated by gravity without the
need of further torque from muscles. The negative weights
of muscle synergies reflect the reduced EMG activity with
respect to the one that would be recorded in static or quasi-
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staticmotion to hold the posture. Indeed, it has been demon-
strated that the CNS controls reaching movements by
exploiting the inertial dynamics of the moving arm (38),
whereas gravity is exploited in both forward and backward
phases of movement in different ways, for deceleration in
the first one and for acceleration in the second one (13).

Applications

Clinical.
In our study, we focus the analysis on the phasic EMGs
only, as already done in other studies (20, 21, 39), to better
understand the underlying motor control strategies.
Indeed, isolating the phasic EMG helps to interpret how
muscle activations are related to motion, discriminating
them from postural EMG activations. A recent study
showed that phasic and tonic synergies have inherently
different structures and that phasic synergies are more
sparse as they capture more specific motor-related activa-
tion patterns with respect to the tonic synergies (12).
Therefore, phasic synergies may also provide a deeper
evaluation of pathological motor patterns, since the tonic
activity could hide some important alteration of the phasic
patterns (40), especially in patients with impaired control
of movement coordination. For example, excessive tonic
activity may mask the components actively contributing
to movement (41), or slight motor improvements.

Moreover, negative components may reveal significant
details on the altered muscle synergies of patients that are
affected by pathologies that compromise movement coor-
dination (42). In fact, a reduction of the negative compo-
nents with respect to healthy people may indicate an
incorrect exploitation of gravity and inertial forces. It has
been shown that in patients with cerebellar ataxia, the
inability to produce torques that compensate for the
dynamic interaction torques can cause kinematic deficits
during attempted reaching (43). Moreover, patients with
cerebral ataxia seem to preserve spatial synergy structure,
but the temporal organization is altered (44, 45). Adding
negative synergy components in the assessment of this
kind of patients may allow a deeper understanding of their
motor deficit. The altered coordination patterns can be a
biomarker for the motor control damage and are usually
related to the severity of the functional impairment (46).
Rehabilitation therapy can be targeted, and motor recov-
ery can be evaluated by synergy analysis, as shown in kine-
matic synergies in which changes in synergies reflect
motor improvements (47).

Exoskeletons and devices.
This methodology can be used for a detailed evaluation of
the phasic components and how they are affected by the use
of exoskeletons or assistive devices in rehabilitation or
industrial applications. These devices are designed to reduce
the tonic components of the EMG, possibly by minimally
interfering with phasic components, to reduce muscle effort
without altering control structures. Therefore, the assess-
ment of the effects of devices and exoskeletons used for
neuro-motor rehabilitation in patients with neurological dis-
orders (48, 49) may be assessed in a more effective way by
analyzing the phasic components, identifying the neural

modification induced with neuromotor rehabilitation (47),
and verifying that the assistive device/exoskeleton is not
interfering with the phasic activity. In the industrial field,
this analysis could be useful to understand how exoskeletons
reduce tonic components in functional and repetitive
dynamic tasks (50) and to identify if there are modifica-
tions induced also in the phasic synergies that may lead to
discomfort or reduced ergonomics. Finally, synergies with
negative weights can be used for the implementation of
synergy-based control of neuroprosthesis (51), allowing to
have more information about the desired movement to
facilitate the movement classification (52).

Limitations and Future Work

In this study, we compared phasic synergies from EMG sig-
nals with both positive and negative components from for-
ward and backward movements. Although the analytical
approach and the potential applications proposed in this
work are novel, only healthy participants were included in
this study. Thus, it would be interesting to investigate how
this approach improves the understanding of the pathophysi-
ology of several neurological disorders associated withmotor
control impairments and to study to what extent healthy peo-
ple’s control strategies are preserved in patients with neuro-
logical disorders(53). Thus, future studies should include the
analysis of phasic synergies in patients with motor control
impairment. Moreover, a larger number of movement direc-
tions could be integrated into the analysis for a comprehen-
sive characterization of the human control strategies. Finally,
the phasic activity of muscles could be directly related to the
kinematic patterns of the movement, and, therefore, their
joint analysis could be investigated in future work to correctly
assess the coordination of activation patterns and to evaluate
the changes during rehabilitation (54).

Conclusions

In this study, the MMF algorithm was applied to extract
muscle synergies with positive and negative weights from
phasic EMG waveforms of 15 participants performing multi-
directional reaching movements in multidirectional targets
in four planes. Movements with increasing tonic EMG activ-
ity andmovements with decreasing tonic EMG activity were
compared. Our results showed that synergies of both data-
sets have weights with negative components, related to the
negative phasic EMG data. Negative components indicate
that the muscle has a lower phasic activation than the tonic
one, as a result of the exploitation of gravity and were incor-
porated for the first time in a synergistic model. These
results could be useful for various applications, such as in
clinical assessment of patients with abnormal tonic activity
or in the evaluation of the effects of the use of exoskeleton or
assistive devices.
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