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Voluntary movement is hypothesized to rely on a limited number of muscle synergies, the recruitment
of which translates task goals into effective muscle activity. In this study, we investigated how to
analytically characterize the functional role of different types of muscle synergies in task performance.
To this end, we recorded a comprehensive dataset of muscle activity during a variety of whole-body
pointing movements. We decomposed the electromyographic (EMG) signals using a space-by-time
modularity model which encompasses the main types of synergies. We then used a task decoding

and information theoretic analysis to probe the role of each synergy by mapping it to specific task
features. We found that the temporal and spatial aspects of the movements were encoded by different
temporal and spatial muscle synergies, respectively, consistent with the intuition that there should a
correspondence between major attributes of movement and major features of synergies. This approach
led to the development of a novel computational method for comparing muscle synergies from different
participants according to their functional role. This functional similarity analysis yielded a small set of
temporal and spatial synergies that describes the main features of whole-body reaching movements.

Human motor control has been hypothesized to rely on a limited set of building blocks, termed muscle synergies,
motor primitives or more generically modules'~’. A key assumption of this hypothesis is that, in order to gen-
erate and execute movement, the central nervous system (CNS) selectively codes motor task parameters via the

* activation of certain muscle synergies®’. In other words, the brain is assumed to control a small set of task-related

. variables and trigger low-dimensional motor commands which take the form of synergy activations'®!". This

: combined recruitment of muscle synergies gives rise to patterns of muscle activity that are necessary for the
accomplishment of the desired motor task'>!>. Importantly, understanding how task parameters are actually
encoded within the muscle synergy framework would provide useful insights into the hierarchical organization of
human motor control®!'*!>. In this study, we develop a computational approach to probe the encoding of various
movement features from distinct muscle synergies and investigate whether the type and shape of muscle synergies
relates to the spatiotemporal characteristics of the investigated set of movements.

To this aim, we collect a remarkably large electromyographic (EMG) dataset (30 muscles) during performance
of a rich set of whole-body goal-directed movements (72 distinct point-to-point movements), which allows us
to investigate the dependence of modular structures on various task features. We then characterize the modular
structure of the recorded muscle activity using a modularity model that separates the spatial and temporal aspects
of muscle patterns. More precisely, we use a space-by-time decomposition which hypothesizes the existence of
invariant temporal and spatial synergies that are combined by scalar activations to execute the desired movement
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on each trial'®". In this model, temporal synergies represent stereotypical temporal activation profiles that are
shared across muscles whereas spatial synergies represent fixed balances of muscle activity at any point in time.

Importantly, here we link the modular decomposition to its functional role, i.e. task performance, by ask-
ing what task information is carried by each one of the identified synergies (spatial or temporal). Conceptually,
this bridges two different views on muscle synergies, i.e. the building-block approach! with the task-dynamic
approach'®. In practice, to quantify the information about the task contained in the identified synergies, we
employ a multivariate decoding and information theoretic analysis'®-2!. Unlike previous work which assessed
the task discriminative power of a complete modular decomposition'®?>?*, here we aim to evaluate the decoding
ability of each synergy independently. Hence, by mapping each synergy to a specific task parameter, we dissect its
functional role and quantify its distinct contribution to task performance.

We then capitalize on this approach to compare synergies between different subjects based on their functional
role as represented by the task parameters they encode rather than their muscle activation profile which may vary
significantly across subjects?*%". The core idea behind this method is that synergies which are different in muscle
composition or temporal profile, can be clustered as similar if they relate to the same task parameters, i.e. they
can be considered as functionally equivalent if they have similar roles in task performance. Such considerations
of motor equivalence trace back to foundational studies in motor control>!%?, Here our computational method
draws upon this conceptual work in conjunction with recent analytical developments in muscle synergy identi-
fication from EMG signals'®**** and the assessment of synergy decompositions in task space!®!*!82231 Hence,
we propose a novel functional similarity analysis that serves to cluster functionally similar synergies across indi-
viduals. We identify a small set of temporal and spatial synergies that have complementary task coding functions
consistently across subjects and experimental sessions. On the whole, our study provides a detailed analytical
account and interpretation of the functional significance of spatial and temporal muscle synergies.

Results

In the following, we first identified the temporal and spatial muscle synergies that underlie the generation of mus-
cle activation patterns during whole-body pointing. Then, we assessed the encoding of task parameters from the
space-by-time synergy activations and investigated whether this modular scheme reflects the desired task-specific
motor behavior in single trials. This analysis also characterized the functional role of each synergy with respect
to the performed movement and related the function of each synergy with the muscles it activates. Finally, we
examined the functional similarity of the extracted synergies across subjects and determined a small set of spatial
and temporal synergies whose single-trial activations encode complementary task parameters and describe the
muscle activity that is necessary for the distinct representation of the whole-body pointing movements.

Space-by-time modular decomposition of muscle activity. We recorded muscle (electromyographic -
EMG) activity from 30 muscles spanning the whole body while four participants performed point-to-point move-
ments between all pairs of 9 targets placed on three vertical bars (B1-left, B2-middle, B3-right) on three different
heights (top, middle, bottom) - see Fig. 1 for an illustration of the experimental setup. We then applied the sSNM3F
algorithm to the (pre-processed) EMG recordings of each participant to extract a space-by-time representation
of the single-trial muscle activity during performance of the 72 distinct whole-body pointing movements defined
in the experimental protocol. We found that the EMG patterns of all four participants were composed of four
temporal synergies (K=4), whereas a different number of spatial synergies was identified across participants (E1:
N=4,E2: N=6,E3: N=7,E4: N=5). To evaluate the plausibility of the resulting space-by-time decompositions,
we quantified a) how well they approximate the original EMG recordings and b) how well they discriminate in
single trials the 72 performed movements. We found that the identified decompositions achieved on average
across subjects (mean £ sem) a VAF value of 68 == 5% and decoding performance of 86 + 1%. Importantly, these
space-by-time decompositions carried all the movement discrimination power afforded in the modular space
as no statistically significant gain (p < 0.05) in decoding was obtained when adding more (spatial or temporal)
synergies. We also refer to*? for a thorough decoding performance comparison of the obtained space-by-time
decompositions with non-modular representations of the recorded EMG signals.

The temporal synergies of the space-by-time decomposition are time-varying patterns of muscle activity rep-
resenting the stereotypical temporal profiles of activations shared across muscles. The four temporal synergies
extracted from the data of an example participant are shown in Fig. 2A. Each synergy represents a burst of muscle
activity and the four bursts are consecutive in time spanning the whole movement duration. The first temporal
synergy is active at the time of movement onset suggesting that it partly comprises tonic muscle activity that sta-
bilizes the participant’s posture while pointing to the starting target and the last temporal synergy is active after
the end of the movement suggesting that it partly comprises tonic muscle activity that stabilizes the participant’s
posture while pointing to the end target. The other two synergies consist of bursts of muscle activity during the
transient part of the movement, thus they primarily comprise phasic muscle activity.

The spatial synergies are vectors of muscle activity levels representing fixed balances of muscle activations at
any point in time. The five spatial synergies of the example participant are shown in Fig. 3A. Each synergy com-
prises activation of muscles over the entire body including upper and lower limbs and both hemibodies. Hence,
the extracted spatial synergies do not separate specific body parts which suggests that they represent functional
groupings of muscle activations rather than purely anatomical constraints or couplings resulting from cross-talk
from neighboring muscles in EMG recordings. In particular, the first spatial synergy comprises activations of
muscles spread across the body primarily in the left hemibody. The second synergy activates primarily upper
leg and trunk muscles in the right hemibody, the third and fourth synergies activate mainly postural lower leg
muscles (in the right hemibody for the third synergy, in the left hemibody for the fourth synergy) as well as upper
body and arm muscles, and the fifth synergy activates primarily muscles of the right (dominant) arm.
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Figure 1. Experimental task and EMG recordings. (A) Illustration of the experimental protocol. Placement

of the nine targets on three supporting bars (B1, B2, B3, three targets on each vertical bar) is based on the
subject’s height (shown as percentages in figure). Subjects performed point-to-point movements between all
pairs of targets (a total of 72 movements) and repeated each movement 30 times. (B) Raw muscle activation data
(normalized to the maximal activation of each muscle) of three trials in which the example subject performed

a horizontal leftward movement (P1-P3), a vertical downward movement (P1-P7) and a diagonal leftward and
downward movement (P1-P9). The recorded EMG activity of 30 muscles, normalized in amplitude (across the
whole experiment for each muscle), are plotted from time #, — 0.1 sec to time t,,,;,4 0.1 sec. Raw EMG recordings
are shown in gray and filtered EMG signals, which are input to the synergy extraction algorithm, are shown in
black. ¢, and t,,; (shown as dotted vertical lines) are the movement onset and offset times.

Functional role of temporal muscle synergies. We next investigated what aspects of the task are
described by the activation of temporal synergies. To this end, we performed decoding analyses, i.e. we used the
activation coefficients combining each temporal synergy with all spatial synergies to decode task parameters
and plotted the results in the form of confusion matrices. The decoding results for the temporal synergies of the
example subject (E4) are shown in Fig. 2B where each column shows the confusion matrix of a different temporal
synergy and each row the decoding of a different task parameter.
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Figure 2. Task coding function of temporal muscle synergies. (A) The four temporal synergies extracted
from the single-trial EMG data of an example subject. The four synergies are successive in time covering

the full movement duration. (B) Confusion matrices illustrating how well each one of the four temporal
synergies (organized in rows) can discriminate the starting point (top), direction (middle) and endpoint of the
movement. (C) Percentages of correctly decoded trials (% correct) and percentages of the information about
each one of the three “temporal” task parameters (starting point, direction and endpoint) carried by the four
temporal synergies.
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Single-trial activations of the first temporal synergy characterize the movement starting point (P1, ..., P9, 60%
correct decoding - chance level is 11% for all 9-wise discriminations performed in this section and 1.61 bits of
information - 51% of the maximum information that is 3.17 bits, see top left confusion matrix in Fig. 2B) as they
discriminate the height from which the movement started (78% correct decoding on average, 0.91 information
bits out of 1.59 bits maximum information for 3-wise discriminations, i.e. 57% of the maximum information, see
Fig. 2C) and the starting bar (1, 2 or 3, 73% correct decoding, 0.59 bits - 37% of information). Bottom starting
targets were more reliably discriminated than middle and top (98% vs 70% and 68% respectively). The second
temporal synergy also describes the starting target (66% correct decoding, 1.81bits - 57%) as well as the move-
ment direction (45% correct decoding, 0.89 bits - 30%, maximum information is 3 bits for this 8-wise discrimina-
tion). Hence, the second temporal synergy characterizes the movement initiation (starting target and direction)
and more specifically whether the subject moved their arm upward, downward or stayed at the same height (70%
correct decoding, 0.49 bits - 31%) and whether they moved leftward, rightward or stayed at the same bar (57%
correct decoding, 0.27 bits - 17%). In particular, this synergy contributes most to the discrimination of upward
movements (76%) and rightward movements (82%). The third temporal also contributes to the discrimination of
the movement direction (39% correct decoding, 0.79 bits - 50%) by discriminating mostly the downward move-
ments (72% correct decoding) from all others. It also distinguishes partly the end target (47% correct decoding,
0.95bits - 60%), though the end target is decoded best by the fourth temporal synergy (68% on average, 76%
correct decoding of end height, 78% correct decoding of end bar, 1.84bits - 58%).

Taken together, these results suggest that the four temporal synergies of muscle activity correspond to four
different phases of goal-directed voluntary movement. Thus, this specific temporal structure of muscle activity
serves to convey complementary task information in time in order to characterize the movement evolution from
the starting point to the endpoint.

Functional role of spatial muscle synergies. Following the functional characterization of the temporal
synergies, we performed a similar decoding analysis in the spatial dimension to investigate which task parameters
are encoded by the activations of spatial synergies. We determined the functional role of each spatial synergy and
then examined whether this function is consistent with the biomechanical function of the muscles each synergy
activated.

SCIENTIFICREPORTS| (2018) 8:8391 | DOI:10.1038/s41598-018-26780-z 4



www.nature.com/scientificreports/

A S1 S2 S4 S5

0.2 04 0.4 0 0.2 0.4 0.2 0.4

o
N

0.4

o
o

i

22
I
2

1

g MI JH - Hw :
H'H|M'ﬁ“'ﬁu'“ i

JUIH|H3{ Tk UT 1

o8]

C

) % correct
Start height s Decoding

oT |
2 50
O
<B

0

TMB
Decoded Vertical direction

Information
00,

% correct
wu o
(=} (=}
% of information
w

o

=)

0

S1 S2 S3 S4 S 0'S1°S2°S3 54 S5

00

O W0

071752 53 54 S5

u
| - |
] |
S D

End height

% correct .
w1
o
% of information
w1 o
o o

0'S1'S2 S3°54 S5

(e

00

!- !E 0
TMB
1 23

Horizontal direction

--
-

End bar

Vertical dimension

o <

% correct

«
E
% of information
«n S
o o

S1 52 S3 S4 S5 0'S1'S2 'S3 S4 S5

Start bar

-
o
=1

% correct
w1
?
% of information
wn
<]

o

100

WN =

05152535455 S152 S3 54 S5

[
i<}

% correct
o
;
% of information
o
=]

0

N
o
=

o

0'S1°s2 S3 54 S5 S152 S3 54 S5

100,

e
o
=3

Horizontal dimension

% correct
o
?
% of information
a
S

05152 S3754 S5 0’5157 53 5455

Figure 3. Task coding function of spatial muscle synergies. (A) The five spatial synergies extracted from the
single-trial EMG data of an example subject as vectors of muscle activation levels. Each of the five synergies
comprises muscles from the whole body and both hemobodies (left hemibody muscles shown in white and right
hemibody muscles in black). (B) Confusion matrices illustrating how well each one of the five spatial synergies
(organized in rows) can discriminate task parameters describing the vertical dimension of movement (top

three rows - starting height, vertical direction and end height) and task parameters describing the horizontal
dimension of movement (bottom three rows - starting bar, horizontal direction and end bar). (C) Percentages
of correctly decoded trials (% correct) and percentages of the information about each one of the “spatial” task
parameters carried by the five spatial synergies.

Unlike temporal synergies that characterized all temporal task features in distinct movement phases, activa-
tions of each spatial synergy described a distinct subset of spatial task features in the entire movement duration.
In particular, we identified spatial synergy activations that explain differences in the vertical dimension of move-
ment (the first, second and fifth synergies shown in Fig. 3A) and others that explain differences in the horizontal
dimension (the third and fourth synergies shown in Fig. 3A). Activations of the first spatial synergy discriminate
mainly the height of the starting and end target (64% correct decoding and 0.56 bits - 36%, 62% correct decod-
ing and 0.30bits - 19% respectively- Fig. 3B,C, chance level for percent correct decoding is 33% and signifi-
cance level is 36.5% for all 3-wise discriminations in this section). As this synergy activates muscles in the left
(non-dominant) hemibody; it likely serves for maintaining posture and equilibrium when the subjects pointed to
the respective targets. Starting height and the vertical direction of motion are also distinguished using the second
spatial synergy (70% and 69% correct decoding; 0.63-40% and 0.52 bits - 33% respectively), while the fifth spatial
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Figure 4. Hierarchical cluster trees and the corresponding functional similarity matrices for the temporal
muscle synergies (A) and the spatial muscle synergies (B) across all subjects. Synergy T, , represents the bth
temporal synergy (S for spatial synergies) of subject a. Color-coded branches of the hierarchical trees represent
highly similar synergies that are clustered together. Synergies are clustered based on the correlation of their
confusion matrices. Pairwise correlation of the confusion matrices of synergies i and j is shown as entry (i, j) of
the functional similarity matrix (see color-coding of similarity matrix regions and synergy labels).

synergy characterizes the vertical dimension of motion, i.e. starting and end heights and vertical direction (75%,
76% and 65% correct decoding, 0.68 bits - 43%, 0.73 bits - 46% and 0.40 bits - 25% respectively). The two latter
synergies activate different sets of muscles in the right hemibody (primarily upper leg-trunk muscles and upper
body-arm muscles respectively), thus they likely contribute complementarily to the production of motion in the
vertical dimension. Recruitment of the third and fourth spatial synergies encodes the task parameters relating to
the horizontal dimension of motion, i.e. starting bar (62% and 62% correct decoding, 0.38 bits - 24% and 0.32 bits
- 20% respectively), horizontal direction (66% and 62% correct decoding, 0.49 bits - 31% and 0.39 bits - 25%
respectively) and end bar (63% and 68% correct decoding, 0.34 bits - 21% and 0.35bits - 25% respectively). The
third spatial synergy activates mainly left lower leg and right lower body muscles and these activations discrim-
inate bar B3 from the two other bars and the rightward direction of motion from the two other directions (see
corresponding confusion matrices). Equivalently, the fourth spatial synergy comprises activations of right lower
leg and left lower body muscles and discriminates bar Bl and the leftward direction of motion (see corresponding
confusion matrices).

We also investigated how well the spatial synergies discriminated the temporal task parameters and vice-versa.
This served as a direct comparison between temporal and spatial synergies in order to dissociate their respective
functional roles. We found that considerably less spatial (temporal) task information was carried by temporal
(spatial) synergies (for comparison, spatial synergies carried 0.79 to 1.19 bits about the starting target, 0.52 to
0.66 bits about the movement direction and 0.48 to 1.29bits about the end target).

Opverall, similarly to the temporal synergies, the spatial synergies serve distinct motor functions that can be
explained in terms of their muscle composition. In contrast to the temporal synergies that relate to temporal task
features, the structure and shape of the spatial synergies relate task parameters pertaining to the spatial dimension
of motion (either vertical or horizontal) over the full time-course of movement. Importantly, when combining
all spatial and temporal synergies, sufficient task information is conveyed to allow unequivocal characterization
of the movement performed on each trial (for the example subject 85% correct decoding and 5.38 bits across the
72 pointing movements, i.e. 87% of the total information afforded by this set of movements which is 6.17 bits).

Functionally similar muscle synergies across subjects.  After characterizing the modular organization
of muscle activity for the example subject, we examined whether the same structure holds for the muscle activity
of all four participants we tested. Thus, we aimed to identify functionally equivalent spatial and temporal syner-
gies across participants, i.e. synergies whose activations distinguished the same task parameters. To achieve this,
we implemented a clustering procedure to group the extracted synergies of all participants based on the similarity
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Figure 5. The three clusters of temporal muscle synergies (TC1, TC2, TC3 shown in rows) identified by our
functional similarity clustering approach. (A) The average (+sem) profile of muscle activation of the temporal
synergies belonging to each cluster. (B) The confusion matrix of all 72 movement directions (averaged across
cluster members) for each cluster. (C) Confusion matrices of three task parameters describing fully three
movement phases (beginning, transient phase and end of movement) that are encoded by the three clusters

of temporal synergies (TC1, TC2 and TC3 respectively). Reported values on the bottom-left corner of each
confusion matrix represent information values in bits and as percentages of the maximum information and
values on the top-right corner represent percentages of correctly decoded trials (% correct). Matrix entries
surrounded by black lines indicate common confusions.

of their movement decoding confusion matrices (see Materials and Methods - Synergy selection and clustering -
Clustering based on functional similarity and Fig. 7 for details).

We found three clusters of temporal synergies and three clusters of spatial synergies. Figure 4A,B shows the
hierarchical trees obtained from the hierarchical clustering algorithm as well as the functional similarity matrices
for the temporal and spatial synergies respectively (clusters are color-coded). As can been seen in the similarity
matrices, the clustering algorithm grouped synergies with high similarity (correlation between confusion matrix
entries).

Although clustering was based solely on task decoding results, the three resulting temporal clusters (blue,
green and red) contained synergies with similar activations in time (early, transient and late activations respec-
tively), which indicates that the functional role of temporal synergies is robust and highly related to their temporal
occurrence. Regarding the spatial synergies, three clusters (cyan, purple and yellow) were formed all containing
synergies across different subjects. Our clustering analysis also specified a few spatial synergies that were func-
tionally dissimilar to others (shown in black in Fig. 4) and thus were not included in the formed clusters. In the
next section, we explain the function of these excluded synergies and also analyze the task coding role of each
cluster.

Task coding function of muscle synergy clusters. We examined the composition of each cluster as well
as its functional role in movement execution. The average temporal synergies (Fig. 5A) of the three clusters were
consecutive in time, indicating that the identified clusters corresponded to three distinct temporal phases of move-
ment. The first cluster (representing the early temporal synergies) discriminated the starting target of the movement
(71£5% correct decoding and 1.90 4 0.15bits - 60 & 5% Fig. 5C-top). As shown in the confusion matrix of all
72 movements (Fig. 5B-top, corresponding colorbar is top-right), more confusions were found amongst move-
ments having the same starting target and different end targets (corresponding values are organized in the confu-
sion matrix as nine 8 x 8 squares around the diagonal indicated in black; 7% pairwise confusions on average). This
confirms the ability of the first temporal cluster to distinguish better the beginning than the remaining part of the
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Figure 6. The three clusters of spatial muscle synergies (SC1, SC2, SC3 shown in rows) identified by our
functional similarity clustering approach. (A) The average (£sem) muscle activation of the spatial synergies
belonging to each cluster. (B) The confusion matrix of all 72 movement directions (averaged across cluster
members) for each cluster. (C) Confusion matrices of six task parameters describing the spatial location of
the subject’s hand over the entire movement duration: starting bar, horizontal direction and end bar (encoded
by SC1) describing the horizontal dimension of motion and starting height, vertical direction and end height
(encoded by SC2 and SC3) describing the vertical dimension of motion. Reported values on the bottom-left
corner of each confusion matrix represent information values and on the top-right corner percentages of
correctly decoded trials (% correct).

movement (38 4% correct decoding of direction and 0.62 4 0.07 bits - 21 & 2%, 22 4 2% correct decoding of end
target and 0.13 -0.03 bits - 4 & 1%). The second cluster (representing the transient temporal synergies) decoded the
movement direction (46 +4% correct decoding and 0.86 £ 0.09 bits - 29 4= 3%, Fig. 5C-middle) but also the starting
and end target (44 4% and 45 & 6% correct decoding - 1.16 £0.19 bits - 37+ 6% and 0.89 & 0.13 bits - 28 4%
respectively). The corresponding confusion matrix of all movements (Fig. 5B-middle) shows confusions between
movements that have the same horizontal direction and endpoint and their starting locations differ only in the
height dimension (see the lower and upper sub-diagonals of the confusion matrix indicated in black, 12% confusions
on average). In particular, starting points T1, T2 and T3 (higher level) were confused as T4, T5, and T6 (middle
level) respectively and vice-versa (see Fig. 1 for target positions).. The third temporal cluster (representing the late
temporal synergies) characterized the movement end target (76 7% correct decoding and 1.71 4 0.07 bits - 54 2%
vs. 23 3% correct decoding and 0.39 4 0.03 bits - 12 4= 1% for starting target and 40 £ 5% correct decoding and
0.82£0.04bits - 28 4= 1% for direction, Fig. 5C-bottom). This cluster confused movements having different starting
points and directions but the same end target, as illustrated by the black lines parallel to the diagonal on the confu-
sion matrix (Fig. 5B-bottom, 8% confusions on average). In general, bottom targets were consistently distinguished
from the other two target heights probably because of the higher involvement of lower body muscles required for
movements from/to bottom targets.

We also note that, although percent correct decoding of all 72 movements by each temporal cluster is not very
high (22 £+ 5% for TC1, 41 4= 3% for TC2, 33 £ 2% for TC3), a high amount of task information is carried by the
three clusters (2.78 - 0.24 for TC1, 3.56 +0.17 for TC2, 3.5240.06 for TC3 corresponding to 45 £ 4%, 58 3%
and 57 £ 1% of the total task information respectively). This finding derives from the fact that confusions are ste-
reotyped and clustered depending on the cluster’s functionality (as indicated by the black areas in the confusion
matrices in Fig. 5), which translates into higher task information (see Materials and Methods - Quantifying task
information for details).

With regard to spatial synergy clustering, the three clusters consisted of muscle activations in the whole
body (Fig. 6A, top three panels). The first cluster activated mainly a) leg and lower body muscles that serve for
side-to-side rotation and b) upper body and arm muscles that serve for arm movement (Fig. 6A-top). Consistent
with the muscles’ function, this spatial cluster contributed to the horizontal dimension of the movement, i.e.
starting bar, horizontal direction and end bar (62 £ 5%, 60 £ 4% and 59 & 5% correct decoding; 0.37 +0.08 bits
-234+5%, 0.3440.08bits - 21 4= 5% and 0.25 £ 0.04 bits - 16 = 3% respectively, Fig. 6B,C-top). In support of this
claim, bar B3 on the participant’s left, which involves the largest body rotation, was decoded more accurately
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Figure 7. Schematic illustration of our computational approach comprising three steps: decoding, functional
similarity analysis and clustering. We input the single-trial activations of each of the N muscle synergies to a
linear decoding algorithm that predicts which of the R movements was performed on each trial We plot the
decoding results in the form of R x R confusion matrices. Each entry of the confusion matrix D(j, j) represents
the fraction of trials on which movement i was decoded as j. Then we compare the confusion matrices of

all synergies by computing their pairwise correlations and summarizing them in a N x N lower triangular
functional similarity matrix. Finally, we use a hierarchical clustering algorithm to group functionally similar
synergies onto C distinct clusters.

than the other two bars (73% on average), whereas bar B2 in front of the participant, which requires the smallest
body rotation, was decoded incorrectly more often (43% on average). Regarding the second cluster, its average
muscle activations spanned the whole body almost uniformly (Fig. 6A-middle). This cluster mainly served to
decode the vertical direction of movement, i.e. starting height, horizontal direction and end height (64 £ 3%,
60+ 1% and 63 4% correct decoding - 0.49 % 0.06 bits - 31 4-4%, 0.32 £ 0.04 bits - 20 £ 3% and 0.40 & 0.08 bits
- 254 5% respectively, Fig. 6B,C, middle). We found higher discriminability for the bottom targets (75% on
average), whereas the other two heights were more often confused with each other (36% pairwise confusion
on average). These confusions were partly resolved by the the third cluster that comprised activations of upper
leg and trunk muscles (Fig. 6A, third row from top) and discriminated the top starting targets from the mid-
dle ones (77% correct decoding of top starting targets, 69 & 3% correct decoding of starting height in general,
0.5440.07 bits - 34 +-4%) and same height movements from the upward movement direction (70% correct
decoding of same height movements, 59 & 3% correct decoding of vertical direction in general, 0.36 +0.08 bits -
23 4 5%, Fig. 6B,C-bottom).

Our clustering analysis also identified 5 spatial synergies (from the two subjects having larger sets of spa-
tial synergies) that bore no functional similarity to any other. When investigating the task relevance of these
synergies, we found that they related poorly to the task at hand (1.37 £ 0.33 bits, i.e. 224 5% of the total task
information - 134 3% correct decoding). and did not exhibit a strong relation to any of the considered task
parameters (<0.15bits and <50% correct decoding for all 3-wise discriminations). We then examined the muscle
composition of these spatial synergies to gain more insights about the biomechanical function of the muscles they
comprise. We observed that they activated primarily a) upper body and arm muscles that serve for raising or low-
ering the right arm, which is a common feature of all pointing movements considered here and b) activations of
muscles in the left hemibody that probably do not pertain to phasic muscle activity for task accomplishment but
rather tonic activations shared across movement directions for maintaining posture and equilibrium. Activations
of these subject-specific synergies, though not informative about the task, are useful for the construction of gen-
uine muscle patterns in order to perform this set of movements.

In sum, our task-level analysis uncovered three temporal and three spatial muscle synergies that summarize
the composition and the functionality of individual participants’ synergies. These temporal (spatial) synergies are
consistently formed across subjects in order to describe the temporal (spatial) features of the task and, when taken
together, they characterize the motor task at hand.

Discussion

In this study, we linked temporal and spatial muscle synergies to task parameters and derived a task representation
intepretation of modular muscle activity in a whole-body pointing task. Our approach relied on the design of a motor
task comprising a large number of distinct movements (72) coupled with the use of a computational scheme for the
single-trial analysis of synergy activations. This methodology allowed us to assess how individual muscle synergies
relate to the main features of the task at hand. Our findings indicate that motor signals, as inferred from EMG data, have
a low-dimensional structure based on the combined activations of a) temporal synergies that encode distinct move-
ment phases (initiation, transient and termination) and b) spatial synergies that encode distinct 3-dimensional spatial
directions between initial and final positions. Crucially, both types of synergies capture complementary, not redundant
nor irrelevant, aspects of the task that are essential for the characterization of the performed movement over time and
space. Finally, by introducing a novel functional similarity analysis, we identified a small set of temporal and spatial
synergies that, despite differences in their activation profiles, had synergistic functional roles in movement execution
consistently amongst participants. The significance of these results is discussed in what follows.
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From task parameters to muscle activations and vice-versa. Our findings are compatible with a
hierarchical organization of motor signals for the production of muscle patterns that are effective in task space, as
suggested in several works'®*3-%. The analyses we proposed here describe a direct link between the task and mus-
cle levels of such a hierarchical scheme'>*”, In this framework, the CNS converts task-level movement goals/
parameters to activation coefficients in synergy space during movement planning. During movement execution
the reverse mapping is performed by the CNS, i.e. synergy recruitment gives rise to the construction of genuine
muscle patterns adequate to accomplish the task at hand®. Hence, spatial and temporal muscle synergies may
represent the pivot of such a hierarchical neural control structure in which higher-level brain circuits operate on
task-related variables®*® and lower-level circuits construct full muscle activities by combining descending motor
commands with reflex contributions to effectively produce movements!'®4!.

Consistent with this framework, electrophysiological and neuroimaging evidence has demonstrated that higher
levels of the nervous system encode abstract motor representations®**>%, In particular, in line with our findings,
higher-order motor areas have been shown to carry independent yet interacting representations of the spatial and
temporal movement features. These representations may serve as a modular feature-separating storage that allows
flexible recombination and efficient encoding of complex motor behaviors*#*. Then, the output of the cortical hier-
archy, i.e. the primary motor cortex, has been shown to coordinate relevant actions*-*°. At a lower level of the motor
system, neural circuits in the brain stem and spinal cord have been suggested as a neural basis for coding the mod-
ules that are activated by descending commands from supraspinal areas possibly combined with sensory impulses
from afferent pathways®'~*’. Finally, at the muscle activation level, motor unit decomposition of EMG activity has
shown that synergistically activated muscles are controlled primarily by a shared neural drive’®.

We also note that the modular organization identified in the present complex whole-body movements likely
differs from physiological modules that are hardwired in the spinal systems and activate distinct limb effec-
tors”*-%1. Here, the spatial and temporal synergies describe coordinated muscle activity across multiple limb
effectors and body parts, thus they might represent tightly managed cross-effector coordination of more basic
spinal motor modules. The coupling of several muscles across limbs as shown in the spatial synergies and the
temporal succession of muscle activations indicated by the temporal synergies might be a motor structure that
the CNS implements in order to map the fundamental modules onto motor goals and reduce the dimensionality
of the control problem.

Task-relevance of extracted temporal and spatial muscle synergies. The novelty of our results
lies in the characterization of the extracted temporal and spatial synergies in terms of the movement features
they account for. We found that certain task parameters could be discriminated by means of a single spatial or
temporal synergy (or few synergies), unlike the usual approach that takes into account the ensemble activation
of all synergies to deduce task characteristics such as motion direction?***¢3, Crucially, this shows that some task
parameters are not only described by complete synergy combinations but may be coded by the synergy itself. In
particular, the distribution of activation patterns across muscles (spatial modularity) was shown to map to the
motion spatial features (e.g. upward vs. downward and leftward vs. rightward directions), which is compatible
with the directional tuning observed in previous studies!®®*-¢. Similarly, the distribution of activation patterns in
time (temporal modularity) was shown to map to the motion phases suggesting that successive motor commands
are generated and sent to adequate groups of muscles to transition from a starting point to an end point®**67-71,
Thus, our findings may be taken as evidence that space-by-time modularity constitutes a meaningful rep-
resentation of muscle activity that carries the main temporal and spatial information of the task in a principled
and concise way as follows. Temporal synergies segment the course of movement so as to convey the crucial infor-
mation about the initial/final postures and the transient impulses to accelerate or decelerate the body towards the
target. Temporal synergies with an early burst are distributed to the spatial synergies necessary for maintaining
posture, followed by other temporal synergies relevant for the transient movement features (horizontal/vertical
directions), and temporal synergies with later bursts specify more finely the characteristics of the motor goal
such as the final posture’>”3. In space, modular motor signals are distributed across muscles in the entire body to
serve functions varying from static prerequisites, such as maintaining equilibrium at an initial or final posture,
to dynamic prerequisites, such as accelerating the body towards some spatial location in order to reach a desired
target®474, This temporal and spatial organization potentially provides a sophisticated modular motor signaling
system that is at least effective in the characterization of essential task features. We speculate that this modular
structure may be the outcome of developmental or learning processes’ that transform habitual motor patterns
into temporal and spatial motor building blocks that conform to the structure of the underlying movements.

Clusters of functional muscle synergies. A corollary of the current study is the proposal of a “functional
similarity” approach aiming to cluster synergies from different subjects that have similar functional roles as rep-
resented by the task parameters they encode. A similar approach, termed representational similarity analysis
(RSA), has been proposed for quantifying similarity between representations of visual objects using brain imag-
ing’®”7. In the EMG dataset we analyzed here, similarity of the activation profiles of the extracted synergies was
very high for the temporal synergies across subjects (0.92 average correlation) but relatively low for the spatial
synergies (0.52) which may be explained by physical discrepancies (muscle sizes, skin conductance etc.) and
kinematic differences between participants or as an outcome of human development as different synergies may
be learned by different individuals depending on their motor preferences’®. Also, across-subject variability in
the reflex-mediated contributions to EMGs may have played a role in the different number of spatial synergies®.
More generally, muscle synergy variability across individuals has been a strong concern in behavioral neuro-
science and neuro-rehabilitation’-#2. This observation motivated the necessity of new methodologies to assess
synergy similarity across humans and enhance personalization of treatments. We observed that although the
extracted spatial synergies may be different in shape (low activation similarity), they may have similar functional
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roles?”. Thus, we proposed computing the “functional similarity” of the synergies, i.e. similarity between their
confusion matrices, which in effect uncovered a few clusters of synergies that share the same task coding function
despite shape differences. This novel approach opens up new perspectives for matching synergies of different
individuals, which may find useful applications in therapeutic and rehabilitation research.

In practice here, for the temporal synergies, the identified functional similarity clusters appear to correspond
well to temporal activation clusters with the additional advantage that functional similarity clustering indicated
that the two middle/transient temporal synergies should be merged into a single cluster. Such a finding can-
not be obtained if we cluster synergies based on activation similarity, which groups the two transient syner-
gies into separate clusters because they have different activation timings (yielding 4 temporal custers in total).
The identified 3-dimensional representation of muscle activations in time is also consistent with previous stud-
ies demonstrating a tri-phasic pattern of muscle activity during voluntary motion varying from single-joint to
whole-body movements®-%. With respect to the spatial synergies, the low activation similarity we noted above is
also observed in the high variability of the average muscle activations of the three spatial clusters (see error bars
in Fig. 6A), indicating that spatial synergies belonging to the same cluster may have different muscle activation
ratios. Nevertheless, these synergies share the same functional role for all individuals performing this motor task.
We also note that if we cluster spatial synergies based on their activation similarity (see* for an illustration of the
spatial synergies of all subjects), we obtain 7 or more clusters (depending on the cutoff threshold), a much higher
dimensionality than the one obtained with the proposed functional clustering.

Limitations and future work. A limitation of the proposed approach is its applicability to the decoding of
discrete task parameters only. In fact, decoding the full time course of kinematic or kinetic signals from synergy
activations, which entails extending our decoding method to deal with continuous task variables, would provide
further support for the effectiveness of the modular decomposition. However, in this study the time courses of
kinematic and kinetic signals as well as the movement speed constitute motor choices made by the participants.
Hence, we preferred to restrict our analysis to task parameters that were imposed to the participants by the exper-
imental protocol and were thus identical across them such as start/end targets and overall motion directions.
Nevertheless, the joint analysis of muscle activations and kinematic or kinetic data constitutes an interesting
direction for future research. Concerning movement speed, results from previous work on planar arm reaching
movements showed that varying the speed instructions (i.e. including different speed conditions) did not alter the
structure of the identified modular decomposition or the task decoding scores’®. To test this here, we applied the
space-by-time decomposition to EMG datasets containing a) only the slowest trial and b) only the fastest trial of
the example subject (E4) for each task. The extracted synergies showed significant similarity to the synergies
extracted from the full dataset of E4 and to each other — average similarity between the two sets of synergies (high
vs. low speed) was 7 = 0.99 for the temporal synergies and 7 = 0.83 for the spatial synergies (all ps < 0.01).
Although more experimental work is required to test this, movement speed variations are expected to yield vari-
ations in muscle activity levels and consequently in the activation coefficients but would not affect the task coding
role of each muscle synergy. In particular, we predict that results regarding initial and final postures would remain
unaltered as they mainly relate to tonic muscle activities, but direction is likely to be harder to decode as speed
decreases due to the lower signal-to-noise ratio of EMG signals at lower movement speeds.

A second limitation is that the method does not account for all the variance in the recorded EMG data. The
pre-processing of the signals and the approximate nature of the decomposition ineluctably leads to some loss
of information. Reducing this loss would require including higher frequency variations in the modular rep-
resentations. Here, the low-pass filtering combined with the subsampling of the EMG waveforms likely limits
the temporal/phase resolution of the temporal decomposition even though more temporal synergies could be
extracted to get a finer temporal resolution. Also, currently the proposed temporal decomposition assumes fixed
temporal synergies with no temporal or phase variability parameters. To assess the effect of these limitations
of our approach on the signal approximation and task discrimination quality, we repeated our analysis a) after
increasing the low-pass threshold to 5, 10 and 20 Hz and b) on trial-averaged EMG data using a space-by-time
decomposition that includes time shifts for the temporal synergies. We found that the decoding performance of
the decompositions obtained when using higher low-pass filters did not change significantly whereas the VAF
gradually decreased with higher low-pass filtering thresholds and increased when time shifts were included. This
indicates that these filtered temporal variations did not contribute significantly to the description of task differ-
ences although they were useful for the better approximation of the EMG recordings. However, capturing higher
frequency variability may be necessary for the decoding of the full time course of movement trajectories or finer
parameters of the underlying movements. In fact, it has been shown that the phase of temporal synergies contrib-
utes to trajectory control in vertebrates”"%” as well as human balance control®%,

In sum, this study introduces a computational approach for the functional characterization of muscle syner-
gies derived from EMG data, which may be a useful tool for the analysis of muscle synergy decompositions in task
space. Although existing modularity models and the relevant analysis techniques provide a descriptive account of
muscle activity and its relation to the task at hand, we suggest that further theoretical and experimental work will
be required to a) assess the potential neural basis of modularity and b) unify the modularity hypothesis with other
motor control theories such as the optimality and the equilibrium point hypotheses®!33390-%,

Materials and Methods

Experimental procedure. Subjects. Four healthy right-handed participants (E1, E2, E3, E4, 2 males,
aged =253 old, height =1.72 4 0.08 m, weight = 70 &= 7kg) with no history of neuromuscular disease volun-
tarily participated in the experiment. The experimental protocol was approved by the Dijon Regional Ethics
Committee and conformed to the Declaration of Helsinki. Written informed consent was obtained by the subjects
following guidelines of the Université de Bourgogne.
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Task. Participants executed whole-body point-to-point movements in various directions at a self-selected pace.
In brief, the experimental protocol (detailed in*?, and illustrated in Fig. 1) specified 9 targets on 3 vertical bars.
Each bar had 3 targets on different heights determined based on the participant’s height. Participants stood bare-
footed and performed pointing movements between all pairs of targets (i.e. a total of 72 different pointing move-
ments or “tasks”) using the index fingertip of their dominant right arm. The left arm as well as the rest of the body
were not constrained.

As our protocol specified a large number of experimental conditions and we also wished to employ a
single-trial analysis, we aimed to record a large number of trials for each participant. Thus, we asked each partici-
pant to perform the experiment in two separate sessions in consecutive days. On each session, subjects performed
15 repetitions of each movement (30 repetitions in total), which resulted in a total of 72 x 30 = 2160 recorded
trials per subject. Our aim here was to obtain high statistical power for our single-trial analysis, for this reason
we chose to collect more data from a relatively small number of subjects (pooling trials from two sessions) rather
than have more participants perform fewer trials. Nevertheless, when considering the EMG data of each record-
ing session separately (8 datasets in total), we obtained qualitatively very similar findings, thus hereafter we will
present the results obtained from the analysis performed on the full EMG data of each subject (pooled across
sessions). Given the small number of participants, we will not perform statistical comparisons at the population
level, instead we will report results for individual subjects.

EMG recording and preprocessing.  We recorded the activity of 30 muscles by means of an Aurion (Milan, Italy)
wireless surface EMG system. The skin was shaved before electrode placement, and abraded softly. EMG elec-
trodes were placed symmetrically on the two sides of the body on the following muscles: tibialis anterior (Ta),
soleus (So), peroneus (Pe), gastrocnemius (Ga), vastus lateralis (V1), rectus femoris (Rf), biceps femoris (Bf),
gluteus maximus (Gm), erector spinae (Es), pectoralis superior (Ps), trapezius (Tp), anterior deltoid (Da), pos-
terior deltoid (Dp), biceps brachii (Bb), triceps brachii (Tb). Before the experiment, participants were asked to
perform isometric muscle contractions while EMG signals were monitored in order to optimize recording quality
and ensure that EMG recordings were not contaminated by cross-talk from neighboring muscles. Reliability of
recordings and possible detachments of EMG sensors were assessed by visually checking the signal amplitude of
the recorded muscles to identify abnormal changes across trials. These movement artifacts were visually removed
by discarding the associated trials (<2% of the total number of trials). We simultaneously recorded the 3D posi-
tion of a retroreflective marker (diameter =20 mm) placed on the right index fingertip of the subjects using an
optoelectronic measuring device (Vicon Motion System, Oxford, UK) at a sampling frequency of 100 Hz. The
recorded finger kinematics were low-pass filtered (Butterworth filter, cut-off frequency of 20 Hz) and numerically
differentiated to compute tangential velocity. We defined movement onset (f,) and end (t,,,;) times as the times
between which the fingertip velocity superseded 5% of its maximum and restricted our analysis to the interval
(t,— 100 ms, t,,,) of EMG activity?’. These movement-related EMGs for each trial were first high- pass filtered
(20Hz) and then digitally full-wave rectified and low-pass filtered (Butterworth filter, cut-off frequency of 3 Hz,
zero-phase distortion®®) and normalized to 1,000 time steps. A final waveform of 50 time steps was then obtained
by using trapezoidal integration of the latter signal on a uniform temporal grid. The EMG signal of each mus-
cle was then normalized in amplitude by dividing each single-trial muscle signal by its maximal value attained
throughout the experiment. For each subject, we finally formed an EMG matrix of (50 time steps X 30 muscles)
in rows and 2160 trials in columns consisting of all the movement-related EMG activity (rectified and filtered) of
the 30 muscles for all recorded trials. This matrix was used as input to the modular decomposition algorithm to
characterize the spatial and temporal structure of muscle activations for this set of movements. Figure 1B shows
both raw and filtered EMG signals for three movement directions: P1-P3 (leftward movement from top right to
top left), P1-P7 (downward movement from top to bottom on the right side), and P1-P9 (diagonal movement
from top right to bottom left).

Space-by-time modular decomposition of muscle activity. Space-by-time decomposition model. 'We
used a tensor decomposition®”?® with non-negative constraints'®® to decompose the single-trial EMG signals
into spatial and temporal synergies. This modularity model'® represents muscle activity as a linear combination
of separate but concurrent spatial and temporal synergies combined in single trials by scalar coefficients.

According to the space-by-time factorization, a single-trial muscle pattern M' € RZ;XM can be written as a
three-factor multiplication (T and M being the number of time frames and muscles, respectively):

M~ wAW Viell, L] 1

where W, € ]RerK is a matrix whose columns are the temporal synergies, W, € ]Rf *M s a matrix whose rows are
the spatial synergies and the matrix 4/ — (a,"l,')lgiﬁ x includes all single-trial activation coefficients. The parame-
1<j<N

ters K and N correspond to the number of temporal and spatial synergies respectively and are free parameters of
the decomposition model. Note that the matrices W, and W, are inferred from all trials and thus are shared across
trials (i.e. independent of any particular trial), and constitute the invariant temporal and spatial synergies and A’
are the trial-dependent activation coeflicients combining the synergies in order to perform each individual
movement.

Variance accounted for (VAF). To assess how well the space-by-time decomposition reconstructed the original
EMG recordings, we computed the Variance Accounted For (VAF) by the decomposition®. VAF is a measure of
goodness of fit and is defined as the total approximation error divided by the total variance of the dataset:
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The total approximation error is computed as the squared Frobenius norm (||.|) of the difference between the
original muscle activity and its approximation by the space-by-time decomposition and the total variance of the
dataset is the squared Frobenius norm of the difference between the original muscle activity and the mean EMG
activation across all trials (m).

Synergy extraction. To identify spatial synergies, temporal synergies and single-trial activation coefficients from
the recorded muscle activity, we applied sSNM3F, a NMF-based synergy extraction algorithm. sNM3F imple-
ments the space-by-time decomposition, i.e. identifies spatial and temporal components as well as activation
coeflicients that describe the performed movements'¢. The advantage of NMF-based decompositions over other
dimensionality reduction methods (e.g. PCA, ICA) is that they restrict the extracted synergies and activations
to be non-negative, which makes them physiologically relevant for EMG signals as muscles cannot be activated
“negatively”. We also used a supervised version of this algorithm incorporating task constraints (i.e. labelling
each trial with the task (1, ..., 72) that was performed during the trial) in the synergy extraction method (named
DsNM3F") and found qualitatively very similar results. Thus, in the following we present and analyze only the
synergies identified by sNM3FE.

We input the preprocessed EMG matrix (see above) of each subject to sNM3F and extracted K temporal
synergies, N spatial synergies and K x N x L activation coefficients to describe the EMG activity underlying exe-
cution of the movements under consideration. The numbers of spatial and temporal synergies (K and N respec-
tively) are free parameters of the algorithm, thus we varied K=1, ..., 10 and N=1, ..., 10 and computed the
decomposition for all the 100 possible (K, N) pairs. To overcome convergence to local minima, for each (K, N) we
ran the algorithm 50 times using random initializations of the parameters and selected the output that gave the
lowest reconstruction error. We then used a decoding analysis to determine the smallest set of synergies capturing
all task and trial variations of the data (see Synergy selection and clustering).

Decoding analyses. Task parameters. Our experimental design specified 9 targets placed on 3 different
heights of 3 vertical bars (see 0 for an illustration), which defined 72 distinct pointing movements. Each of these
movements can be fully described by the starting target (P1, ..., P9) and end target (P1, ..., P9) of the corresponding
movement. Alternatively, each movement can be fully characterized by the bar on which the starting target lies (1,
2, 3) together with the height on which the target is placed (top - T, middle - M, bottom - B) and the corresponding
bar (1, 2, 3) and height (T, M, B) of the end target. Other parameters describing features of the performed movement
are a) the vertical direction and b) the horizontal direction of the movement, i.e. a) whether the subject had to move
towards the left (L), towards the right (R) or stay on the same bar (S) and b) whether they had to move upwards (U),
downwards (D) or stay at the same height (S). Taken together these parameters define the movement direction in
the 3-dimensional task space which takes 8 distinct values: up-left (UL), up-same (US), up-right (UR), same-left
(SL), same-right (SR), down-left (DL), down-same (DS), down-right (DR). In sum, to describe task differences, we
used the following set of task parameters: starting point, starting bar, starting height, direction, horizontal direction,
vertical direction, end bar, end height, end target, and finally the full movement direction (1, ..., 72).

To characterize separately the temporal and spatial dimensions of the task at hand, we defined two group-
ings of the task parameters. The first grouping carried the temporal information of the task and consisted of
parameters describing: a) the beginning of the movement (starting target, bar and height), b) the transient move-
ment phase (direction, horizontal direction and vertical direction) and c) the movement end (end target, bar and
height). The second grouping carried the spatial information of the task and consisted of parameters describing:
a) the horizontal dimension of movement (starting bar, horizontal direction, end bar) and b) the vertical dimen-
sion of movement (starting height, vertical direction, end height) independently of the timing. We then aimed to
assess which of these task parameters may be encoded by the single-trial synergy activations and which synergies
carry information about the temporal and the spatial task features. To do this, we quantified how reliably recruit-
ment of each synergy can be mapped onto each task-related parameter as described below.

Decoding task parameters.  The single-trial activation coeflicients of the space-by-time decomposition may rep-
resent the motor commands that recruit spatial and temporal synergies and encode their level of activation in
individual trials. Specifically, the activation coefficient ail, ; represents the relative amplitude of temporal synergy i
in the muscles defined by spatial component j on trial L. If a particular temporal/spatial synergy exhibits different
activation strengths depending on a particular task parameter, these differences will be reflected on the values of
the activation coeflicients AL. Thus, the activation coeflicients can be used as the single-trial parameters that relate
each synergy to the movement performed in each trial or any of the task parameters characterizing each trial'®.
Hence, to test if the space-by-time synergy recruitment allows decoding task parameters, we employed a
single-trial classification analysis that used as parameters the activation coeflicients AL. In particular, we used a
linear discriminant analysis (LDA) in conjunction with a leave-one-out cross-validation and quantified decoding
performance as the percentage of correctly decoded trials*.

To characterize the functional role of each synergy, we predicted the task parameter values on each trial from
the synergy activations. To compute the decoding performance of each temporal (spatial) synergy, we used as input
to LDA the N (K) activation coefficients combining it on each trial with the N spatial (K temporal) synergies. These
analyses allowed us to a) tease apart the contribution of each temporal/spatial synergy to the decoding of each task
parameter, b) determine the synergies that account for the temporal and the spatial aspects of the task and c) evaluate
whether the assumed space-by-time modularity is compatible with unequivocal task characterization.
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Confusion matrices.  To illustrate which task parameters are discriminated reliably and which are typically con-
fused, we reported decoding results in the form of confusion matrices?'. The values on a given row i and column
j of a confusion matrix D(i, j) report the fraction of trials in which we decoded a value j of a task parameter while
the actual value of this parameter in that trial was i. Hence, the confusion matrices illustrate not only the percent-
age of correctly decoded trials but also the distribution of decoding errors, thereby showing which combination
of parameters tend to be confounded. To gain more insights about the functional role of the spatial and temporal
synergies with respect to task performance, we plotted separate confusion matrices for all synergies and task
parameters. Unless otherwise stated, for each synergy we present confusion matrices of the task parameters that
it discriminated best.

Quantifying task information. ~ Synergy activations may carry information about the task at hand by means other
than just reporting the most likely value of each task parameter (quantified by % correct decoding). For example,
given the activation of a specific synergy, some values of a task parameter may be utterly unlikely and others very
likely?!. Thus, to include these aspects of task information in our assessment of the task coding function of each
synergy, we computed for each task parameter and synergy the mutual information I(T; T?)'°! between the rows
and columns of the corresponding confusion matrix. In other words, I(T;T?) is the mutual information between
the actual value of the task parameter and the one predicted by the decoding algorithm given the synergy activa-
tions and is defined as follows:

P(t, tP)
I(T; TP) = S P(t, tP)log, ———

where ¢ is the actual value of the task parameter, # is the value predicted by the decoding algorithm, P(¢) is the
probability of task parameter ¢, P(t, #) is the confusion matrix, i.e., the joint probability of predicting # when the
actual value is t, and P(#) is the probability of predicting # across all values of the task parameter. Information
is measured in bits. Every bit of information reduces the overall uncertainty about the task by a factor of two.
Perfect knowledge about the task parameter from the synergy activations gives maximum mutual information of
log, V, where V is the number of distinct values that the task parameter takes. Thus, we report information values
both in bits and as percentages of the maximum information for each task parameter. We computed information
values using the Information Breakdown Toolbox!?. To eliminate the upward bias of information measures due
to limited sampling, we used the Panzeri-Treves (PT) bias-correction method!%*1%4,

Importantly, as noted above, this information measure is sensitive not only to the percentage of correctly
decoded trials but also to the distribution of errors in the decoder, i.e., how task parameter values are confused.
For a given % correct value, more information can be obtained if incorrect predictions are concentrated into
clusters around the correct stimulus rather than distributed randomly!%>1%.

Synergy selection and clustering.  Selecting the number of synergies. 'We employed the decoding anal-
ysis described above to identify the most compact and task-discriminating space-by-time decomposition. We
increased gradually the numbers of temporal and spatial synergies extracted (K, N respectively) and decoded the
motor task performed on each trial for each N x K-dimensional decomposition. The optimal number of synergies
was then selected as the step at which adding any supplementary synergy did not give any significant gain in task
decoding performance (p > 0.05). To assess the significance of decoding performance, we employed a permuta-
tion test where we randomly shuffled the coefficients corresponding to the added component (while the distri-
butions of all other coefficients were unaffected) and computed decoding performance [?>%, for more details].

Clustering synergies based on their functional similarity. 'We propose a novel method for clustering synergies
across participants based on their functional similarity as revealed by the task decoding analysis. Typically in
motor modularity studies, synergies are clustered using as criterion their activation similarity, i.e. temporal
(spatial) synergies belong to the same cluster if they have similar temporal activation profiles (muscle activa-
tions)'6222%6107 However, several factors, including individual idiosyncracies, motor choices and physiological
differences in synergy formation, may lead to different muscle groupings and/or temporal activations, whereas
the underlying synergies may have the same functionality with respect to task performance. Potential causes of
these differences are physical discrepancies amongst participants (different muscle sizes, skin conductance etc.)
as well as diversity in movement kinematics. Furthermore, the idenitified synergies may be the output of the
recruitment of different (though motor equivalent) assemblies of fundamental physiological motor units that
drive cross-limb actions. In such case, some of the extracted synergies may have dissimilar muscle activity com-
positions but similar functional roles in terms of the effective accomplishment of the task. Hence, here we propose
clustering synergies of the same type (spatial or temporal) across participants based on whether they allow decod-
ing the same task features. The core idea of this approach is that although synergies may be different in shape (low
activation similarity), they should be grouped together if they decode the same task parameter.

In the following, we present the clustering of spatial synergies, but the same procedure was followed also
for clustering the temporal synergies. A schematic representation of this “functional similarity” clustering
approach is given in Fig. 7. First, using the LDA approach we described above, for each spatial synergy of the
N spatial synergies we computed the 72 x 72 confusion matrix showing how well it decodes the 72 performed
movements. Then, as similar confusion matrices reveal similar coding of task parameters, we grouped synergies
using as clustering measure the similarity of their confusion matrices. We reshaped each confusion matrix as a
5184-dimensional vector and computed the correlation coefficient (r;;) between all such pairs of vectors (corre-
sponding to pairs of temporal synergies) across all pairs of participants. This procedure yielded an N x N lower
triangular matrix, each entry of which represents the functional similarity of each pair of synergies. Then, using
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r;; as distance measure, we input all synergies from all participants to an agglomerative hierarchical clustering
algorithm!%. The algorithm created a hierarchical cluster tree from all synergy pairs (Matlab function “linkage”
with the “complete” distance method, i.e., using as distance between two clusters the furthest distance between all
pairs of objects across the two clusters'®®). The hierarchical trees obtained for the temporal and spatial synergies
are shown in Figure 4-top. To form clusters, we used a ‘cutoft” value of 0.6 (0.5 for the temporal synergies). Visual
inspection confirmed that these cutoffs split the respective trees into well-separated tree ‘branches.

We represented each resulting cluster by the average of all synergies belonging to it. Subsequently, we exam-
ined whether each cluster contained synergies that had a distinct functional role. To do this, we computed the
average confusion matrix of all synergies belonging to each cluster for decoding all task parameters. By means of
the average confusion matrices, we determined the task parameters that are reliably decoded as well as the ones
that are typically confused by each cluster.

Data availability. All data are available upon reasonable request.

References
1. Bizzi, E., Cheung, V. C. K., d’Avella, A., Saltiel, P. & Tresch, M. Combining modules for movement. Brain Res Rev 57, 125-133
(2008).
2. Bernstein, N. The Coordination and Regulation of Movements. (Pergamon Press, Oxford, 1967).
3. Tresch, M. C,, Saltiel, P. & Bizzi, E. The construction of movement by the spinal cord. Nat Neurosci 2, 162-7 (1999).
4. dAvella, A, Saltiel, P. & Bizzi, E. Combinations of muscle synergies in the construction of a natural motor behavior. Nat Neurosci
6, 300-308 (2003).
. Giszter, S. E. Motor primitives - new data and future questions. Current opinion in neurobiology 33, 156-165 (2015).
6. Flash, T. & Bizzi, E. Cortical circuits and modules in movement generation: experiments and theories. Curr Opin Neurobiol 41,
174-178 (2016).
7. Bizzi, E., Mussa-Ivaldi, F. A. & Giszter, S. Computations underlying the execution of movement: a biological perspective. Science
253, 287-291 (1991).
8. Todorov, E., Li, W. & Pan, X. From task parameters to motor synergies: A hierarchical framework for approximately-optimal
control of redundant manipulators. ] Robot Syst 22, 691-710 (2005).
9. Safavynia, S. A. & Ting, L. H. Sensorimotor feedback based on task-relevant error robustly predicts temporal recruitment and
multidirectional tuning of muscle synergies. Journal of neurophysiology 109, 31-45 (2013).
10. McKay, J. L. & Ting, L. H. Optimization of muscle activity for task-level goals predicts complex changes in limb forces across
biomechanical contexts. PLoS Comput Biol 8, €1002465 (2012).
11. Safavynia, S. A. & Ting, L. H. Task-level feedback can explain temporal recruitment of spatially fixed muscle synergies throughout
postural perturbations. ] Neurophysiol 107, 159-177 (2012).
12. Ting, L. H. Dimensional reduction in sensorimotor systems: a framework for understanding muscle coordination of posture. Prog
Brain Res 165, 299-321 (2007).
13. Latash, M. L., Scholz, J. P. & Schoner, G. Toward a new theory of motor synergies. Motor Control-Champaign- 11, 276 (2007).
14. Alessandro, C., Delis, I, Nori, F, Panzeri, S. & Berret, B. Muscle synergies in neuroscience and robotics: from input-space to task-
space perspectives. Front Comput Neurosci 7,43 (2013).
15. Lockhart, D. B. & Ting, L. H. Optimal sensorimotor transformations for balance. Nat Neurosci 10, 1329-1336 (2007).
16. Delis, I, Panzeri, S., Pozzo, T. & Berret, B. A unifying model of concurrent spatial and temporal modularity in muscle activity. J
Neurophysiol 111, 675-693 (2014).
17. Delis, I, Panzeri, S., Pozzo, T. & Berret, B. Task-discriminative space-by-time factorization of muscle activity. Frontiers in human
neuroscience 9 (2015).
18. Saltzman, E. & Kelso, J. Skilled actions: a task-dynamic approach. Psychological review 94, 84 (1987).
19. Weiss, E. J. & Flanders, M. Muscular and postural synergies of the human hand. ] Neurophysiol 92, 523-535 (2004).
20. Brochier, T., Spinks, R. L., Umilta, M. A. & Lemon, R. N. Patterns of muscle activity underlying object-specific grasp by the
macaque monkey. ] Neurophysiol 92, 1770-1782 (2004).
21. Quian Quiroga, R. & Panzeri, S. Extracting information from neuronal populations: information theory and decoding approaches.
Nat Rev Neurosci 10, 173-85 (2009).
22. Delis, I, Berret, B., Pozzo, T. & Panzeri, S. Quantitative evaluation of muscle synergy models: a single-trial task decoding approach.
Front Comput Neurosci 7, 8 (2013).
23. Delis, L, Berret, B., Pozzo, T. & Panzeri, S. A methodology for assessing the effect of correlations among muscle synergy activations
on task-discriminating information. Front Comput Neurosci 7, 54 (2013).
24. Hug, E, Turpin, N. A, Guével, A. & Dorel, S. Is interindividual variability of EMG patterns in trained cyclists related to different
muscle synergies? Journal of Applied Physiology 108, 1727-1736 (2010).
25. Freére, J. & Hug, F. Between-subject variability of muscle synergies during a complex motor skill. Frontiers in computational
neuroscience 6,99 (2012).
26. Guidetti, L., Rivellini, G. & Figura, F. EMG patterns during running: Intra- and inter-individual variability. Journal of
electromyography and kinesiology: official journal of the International Society of Electrophysiological Kinesiology 6, 37-48 (1996).
27. Danna-Dos-Santos, A., Shapkova, E. Y., Shapkova, A. L., Degani, A. M. & Latash, M. L. Postural control during upper body
locomotor-like movements: similar synergies based on dissimilar muscle modes. Experimental brain research 193, 565-579 (2009).
28. Feldman, A. G., Goussev, V., Sangole, A. & Levin, M. E. Threshold position control and the principle of minimal interaction in
motor actions. Prog Brain Res 165, 267-281 (2007).
29. Tresch, M. C., Cheung, V. C. K. & d’Avella, A. Matrix factorization algorithms for the identification of muscle synergies: evaluation
on simulated and experimental data sets. ] Neurophysiol 95,2199-2212 (2006).
30. d’Avella, A. & Tresch, M. C. Modularity in the motor system: decomposition of muscle patterns as combinations of time-varying
synergies. In Dietterich, T. G., Becker, S. & Ghahramani, Z. (eds) NIPS, 141-148 (MIT Press, 2001).
31. Alessandro, C., Carbajal, J. P. & d’Avella, A. A computational analysis of motor synergies by dynamic response decomposition.
Frontiers in computational neuroscience 7 (2013).
32. Hilt, P. M., Delis, I, Pozzo, T. & Berret, B. Space-by-time modular decomposition effectively describes whole-body muscle activity
during upright reaching in various directions. Frontiers in Computational Neuroscience (2018).
33. Saltzman, E. Levels of sensorimotor representation. Journal of Mathematical Psychology 20, 91-163 (1979).
34. Saltzman, E. L. Dynamics and coordinate systems in skilled sensorimotor activity. Mind as motion: Explorations in the dynamics of
cognition 149-173 (1995).
35. Kelso, J., Southard, D. L. & Goodman, D. On the nature of human interlimb coordination. Science 203, 1029-1031 (1979).
36. Kelso, J. S., Southard, D. L. & Goodman, D. On the coordination of two-handed movements. Journal of Experimental Psychology:
Human Perception and Performance 5,229 (1979).

wu

SCIENTIFICREPORTS| (2018) 8:8391 | DOI:10.1038/s41598-018-26780-z 15



www.nature.com/scientificreports/

40.
41.
42.
43.
44.
45.
46.
47.

48.
49.

50.

51

53.

54.
55.

56.

57.
58.

59.
60.

61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.

75.
. Kriegeskorte, N., Mur, M. & Bandettini, P. A. Representational similarity analysis-connecting the branches of systems neuroscience.

77.
78.

79.
80.
81.

82.

. Tresch, M. C. A balanced view of motor control. Nat Neurosci 10, 1227-8 (2007).
. Diedrichsen, J. & Kornysheva, K. Motor skill learning between selection and execution. Trends Cogn Sci 19, 227-233 (2015).
. Ting, L. H. & McKay, J. L. Neuromechanics of muscle synergies for posture and movement. Curr Opin Neurobiol 17, 622-628

(2007).

Loeb, G., Brown, I. & Cheng, E. A hierarchical foundation for models of sensorimotor control. Experimental brain research 126,
1-18(1999).

Chhabra, M. & Jacobs, R. A. Properties of synergies arising from a theory of optimal motor behavior. Neural Comput 18, 2320-2342
(2006).

Graziano, M. The organization of behavioral repertoire in motor cortex. Annu Rev Neurosci 29, 105-134 (2006).

Graziano, M. S. A. Ethological action maps: A paradigm shift for the motor cortex. Trends Cogn Sci 20, 121-132 (2016).
Kornysheva, K. & Diedrichsen, J. Human premotor areas parse sequences into their spatial and temporal features. Elife 3, €03043
(2014).

Kornysheva, K., Sierk, A. & Diedrichsen, J. Interaction of temporal and ordinal representations in movement sequences. J
Neurophysiol 109, 1416-1424 (2013).

Desmurget, M. et al. Neural representations of ethologically relevant hand/mouth synergies in the human precentral gyrus. Proc
Natl Acad Sci USA 111, 5718-5722 (2014).

Overduin, S., d'Avella, A., Roh, J., Carmena, J. & Bizzi, E. Representation of muscle synergies in the primate brain. The Journal of
neuroscience: the official journal of the Society for Neuroscience 35, 12615-12624 (2015).

Leo, A. et al. A synergy-based hand control is encoded in human motor cortical areas. Elife 5, 13420 (2016).

Overduin, S. A., d’Avella, A., Carmena, ]. M. & Bizzi, E. Microstimulation activates a handful of muscle synergies. Neuron 76,
1071-1077 (2012).

Overduin, S. A., dAvella, A., Carmena, J. M. & Bizzi, E. Muscle synergies evoked by microstimulation are preferentially encoded
during behavior. Front Comput Neurosci 8, 20 (2014).

. Hart, C. B. & Giszter, S. F. A neural basis for motor primitives in the spinal cord. J Neurosci 30, 1322-1336 (2010).
52.

Saltiel, P., Wyler-Duda, K., D'’Avella, A., Tresch, M. C. & Bizzi, E. Muscle synergies encoded within the spinal cord: evidence from
focal intraspinal nmda iontophoresis in the frog. ] Neurophysiol 85, 605-19 (2001).

Roh, ], Cheung, V. C. K. & Bizzi, E. Modules in the brain stem and spinal cord underlying motor behaviors. ] Neurophysiol 106,
1363-1378 (2011).

Levine, A. J. et al. Identification of a cellular node for motor control pathways. Nat Neurosci 17, 586-593 (2014).

Rathelot, J.-A. & Strick, P. L. Subdivisions of primary motor cortex based on cortico-motoneuronal cells. Proc Natl Acad Sci USA
106, 918-923 (2009).

Feldman, A. G. & Levin, M. E Spatial control of reflexes, posture and movement in normal conditions and after neurological
lesions. Journal of human kinetics 52, 21-34 (2016).

Delis, L., Chiovetto, E. & Berret, B. On the origins of modularity in motor control. ] Neurosci 30, 7451-7452 (2010).

Laine, C. M., Martinez-Valdes, E., Falla, D., Mayer, E. & Farina, D. Motor neuron pools of synergistic thigh muscles share most of
their synaptic input. The Journal of Neuroscience 35, 12207-12216 (2015).

Giszter, S. F, Mussa-Ivaldi, E. A. & Bizzi, E. Convergent force fields organized in the frog’s spinal cord. ] Neurosci 13, 467-91 (1993).
Mussa-Ivaldi, F. A., Giszter, S. E. & Bizzi, E. Linear combinations of primitives in vertebrate motor control. Proc Natl Acad Sci USA
91, 7534-7538 (1994).

Caggiano, V., Cheung, V. C. K. & Bizzi, E. An optogenetic demonstration of motor modularity in the mammalian spinal cord.
Scientific reports 6, 35185 (2016).

d’Avella, A., Portone, A., Fernandez, L. & Lacquaniti, F. Control of fast-reaching movements by muscle synergy combinations.
Neurosci 26, 7791-7810 (2006).

Semprini, M. et al. Biofeedback signals for robotic rehabilitation: assessment of wrist muscle activation patterns in healthy humans.
IEEE Transactions on Neural Systems and Rehabilitation Engineering 25, 883-892 (2017).

d'Avella, A., Fernandez, L., Portone, A. & Lacquaniti, F. Modulation of phasic and tonic muscle synergies with reaching direction
and speed. ] Neurophysiol 100, 1433-1454 (2008).

Muceli, S., Boye, A. T., d’Avella, A. & Farina, D. Identifying representative synergy matrices for describing muscular activation
patterns during multidirectional reaching in the horizontal plane. ] Neurophysiol 103, 1532-42 (2010).

Leonard, J. A., Brown, R. H. & Stapley, P. ]. Reaching to multiple targets when standing: the spatial organization of feedforward
postural adjustments. Journal of neurophysiology 101, 2120-2133 (2009).

Flanders, M., Pellegrini, J. ]. & Soechting, J. E. Spatial/temporal characteristics of a motor pattern for reaching. ] Neurophysiol 71,
811-813 (1994).

Flanders, M., Pellegrini, J. J. & Geisler, S. D. Basic features of phasic activation for reaching in vertical planes. Exp Brain Res 110,
67-79 (1996).

Ivanenko, Y. P, Cappellini, G., Dominici, N., Poppele, R. E. & Lacquaniti, F. Coordination of locomotion with voluntary
movements in humans. ] Neurosci 25, 7238-7253 (2005).

Hart, C. B. & Giszter, S. F. Modular premotor drives and unit bursts as primitives for frog motor behaviors. ] Neurosci 24,
5269-5282 (2004).

Kargo, W. J. & Giszter, S. F. Individual premotor drive pulses, not time-varying synergies, are the units of adjustment for limb
trajectories constructed in spinal cord. ] Neurosci 28, 2409-25 (2008).

Rouse, A. G. & Schieber, M. H. Spatiotemporal distribution of location and object effects in the electromyographic activity of upper
extremity muscles during reach-to-grasp. Journal of neurophysiology jn-00008 (2016).

Rouse, A. G. & Schieber, M. H. Spatiotemporal distribution of location and object effects in primary motor cortex neurons during
reach-to-grasp. Journal of Neuroscience 36, 10640-10653 (2016).

Berret, B., Bonnetblanc, F, Papaxanthis, C. & Pozzo, T. Modular control of pointing beyond arm’s length. ] Neurosci 29, 191-205
(2009).

Dominici, N. ef al. Locomotor primitives in newborn babies and their development. Science 334, 997-999 (2011).

Frontiers in systems neuroscience 2, 4 (2008).

Nili, H. et al. A toolbox for representational similarity analysis. PLoS Comput Biol 10, €1003553 (2014).

Hilt, P,, Berret, B., Papaxanthis, C., Stapley, P. J. & Pozzo, T. Evidence for subjective values guiding posture and movement
coordination in a free-endpoint whole-body reaching task. Scientific reports 6 (2016).

Ison, M. & Artemiadis, P. The role of muscle synergies in myoelectric control: trends and challenges for simultaneous multifunction
control. Journal of neural engineering 11, 051001 (2014).

Castellini, C., van der Smagt, P,, Sandini, G. & Hirzinger, G. Surface EMG for force control of mechanical hands. In Proc. IEEE Int.
Conf. Robotics and Automation ICRA 2008, 725-730 (2008).

Matsubara, T. & Morimoto, J. Bilinear modeling of EMG signals to extract user-independent features for multiuser myoelectric
interface. IEEE Transactions on Biomedical Engineering 60,2205-2213 (2013).

Khushaba, R. N. Correlation analysis of electromyogram signals for multiuser myoelectric interfaces. IEEE Transactions on Neural
Systems and Rehabilitation Engineering 22, 745-755 (2014).

SCIENTIFICREPORTS| (2018) 8:8391 | DOI:10.1038/s41598-018-26780-z 16



www.nature.com/scientificreports/

83. Danna-dos Santos, A., Degani, A. M. & Latash, M. L. Flexible muscle modes and synergies in challenging whole-body tasks.
Experimental brain research 189, 171 (2008).
84. Berardelli, A. et al. Single-joint rapid arm movements in normal subjects and in patients with motor disorders. Brain 119(Pt 2),
661-674 (1996).
85. Chiovetto, E., Berret, B. & Pozzo, T. Tri-dimensional and triphasic muscle organization of whole-body pointing movements.
Neuroscience 170, 1223-1238 (2010).
86. Flanders, M. Temporal patterns of muscle activation for arm movements in three-dimensional space. ] Neurosci 11, 2680-2693
(1991).
87. Kargo, W. ], Ramakrishnan, A., Hart, C. B, Rome, L. C. & Giszter, S. F. A simple experimentally based model using proprioceptive
regulation of motor primitives captures adjusted trajectory formation in spinal frogs. ] Neurophysiol 103, 573-90 (2009).
88. Chvatal, S. A. & Ting, L. H. Voluntary and reactive recruitment of locomotor muscle synergies during perturbed walking. Journal
of Neuroscience 32, 12237-12250 (2012).
89. Chvatal, S. A. & Ting, L. H. Common muscle synergies for balance and walking. Frontiers in computational neuroscience 7 (2013).
90. Feldman, A. G. Once more on the equilibrium-point hypothesis (lambda model) for motor control. ] Mot Behav 18, 17-54 (1986).
91. Nori, E & Frezza, R. A control theory approach to the analysis and synthesis of the experimentally observed motion primitives. Biol
Cybern 93, 323-342 (2005).
92. Todorov, E. Optimality principles in sensorimotor control. Nat Neurosci 7, 907-915 (2004).
93. Latash, M. L. Motor synergies and the equilibrium-point hypothesis. Motor control 14, 294-322 (2010).
94. Kelso, J. & Saltzman, E. Motor control: Which themes do we orchestrate? Behavioral and Brain Sciences 5, 554-557 (1982).
95. Kelso, J. S. Synergies: atoms of brain and behavior. In Progress in motor control, 83-91 (Springer, 2009).
96. Ivanenko, Y. P, Poppele, R. E. & Lacquaniti, F. Five basic muscle activation patterns account for muscle activity during human
locomotion. J Physiol 556, 267-282 (2004).
97. Kolda, T. G. & Bader, B. W. Tensor decompositions and applications. SITAM Review 51, 455-500 (2009).
98. Phan, A. H. & Cichocki, A. Tensor decompositions for feature extraction and classification of high dimensional datasets. Nonlinear
Theory and Its Applications, IEICE 1, 37-68 (2010).
99. Kim, Y. D. & Choi, S. Nonnegative tucker decomposition. In Proc. IEEE Conf. Computer Vision and Pattern Recognition, 1-8 (2007).
100. Delis, I, Onken, A., Schyns, P. G., Panzeri, S. & Philiastides, M. G. Space-by-time decomposition for single-trial decoding of m/eeg
activity. NeuroImage 133, 504-515 (2016).
101. Shannon, C. A mathematical theory of communication. Bell. Syst. Tech. ]. 27, 379-423 & 623-656 (1948).
102. Magri, C., Whittingstall, K., Singh, V., Logothetis, N. K. & Panzeri, S. A toolbox for the fast information analysis of multiple-site Ifp,
EEG and spike train recordings. BMC neuroscience 10, 81 (2009).
103. Panzeri, S. & Treves, A. Analytical estimates of limited sampling biases in different information measures. Network 7, 87-107
(1996).
104. Panzeri, S., Senatore, R., Montemurro, M. A. & Petersen, R. S. Correcting for the sampling bias problem in spike train information
measures. ] Neurophysiol 98, 1064-72 (2007).
105. Thomson, E. E. & Kristan, W. B. Quantifying stimulus discriminability: a comparison of information theory and ideal observer
analysis. Neural Comput 17, 741-778 (2005).
106. Treves, A. On the perceptual structure of face space. Biosystems 40, 189-196 (1997).
107. d’Avella, A. & Bizzi, E. Shared and specific muscle synergies in natural motor behaviors. Proc Natl Acad Sci USA 102, 3076-3081
(2005).
108. Hastie, T., Tibshirani, R. & Friedman, J. Unsupervised learning (Springer, 2009).
109. Everitt, B. S., Landau, S., Leese, M. & Stahl, D. Hierarchical clustering. Cluster Analysis, 5th Edition 71-110 (2011).

Author Contributions

LD., PH., T.P, B.B. conceived the experiments, P.H. conducted the experiments, I.D., P.H. analyzed the data.
S.P,, B.B. contributed analysis tools and provided conceptual advice. I.D. wrote the manuscript. All authors
commented on the manuscript.

Additional Information
Competing Interests: The authors declare no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
CE | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2018

SCIENTIFICREPORTS| (2018) 8:8391 | DOI:10.1038/s41598-018-26780-z 17


http://creativecommons.org/licenses/by/4.0/

	Deciphering the functional role of spatial and temporal muscle synergies in whole-body movements

	Results

	Space-by-time modular decomposition of muscle activity. 
	Functional role of temporal muscle synergies. 
	Functional role of spatial muscle synergies. 
	Functionally similar muscle synergies across subjects. 
	Task coding function of muscle synergy clusters. 

	Discussion

	From task parameters to muscle activations and vice-versa. 
	Task-relevance of extracted temporal and spatial muscle synergies. 
	Clusters of functional muscle synergies. 
	Limitations and future work. 

	Materials and Methods

	Experimental procedure. 
	Subjects. 
	Task. 
	EMG recording and preprocessing. 

	Space-by-time modular decomposition of muscle activity. 
	Space-by-time decomposition model. 
	Variance accounted for (VAF). 
	Synergy extraction. 

	Decoding analyses. 
	Task parameters. 
	Decoding task parameters. 
	Confusion matrices. 
	Quantifying task information. 

	Synergy selection and clustering. 
	Selecting the number of synergies. 
	Clustering synergies based on their functional similarity. 

	Data availability. 

	Figure 1 Experimental task and EMG recordings.
	Figure 2 Task coding function of temporal muscle synergies.
	Figure 3 Task coding function of spatial muscle synergies.
	Figure 4 Hierarchical cluster trees and the corresponding functional similarity matrices for the temporal muscle synergies (A) and the spatial muscle synergies (B) across all subjects.
	Figure 5 The three clusters of temporal muscle synergies (TC1, TC2, TC3 shown in rows) identified by our functional similarity clustering approach.
	Figure 6 The three clusters of spatial muscle synergies (SC1, SC2, SC3 shown in rows) identified by our functional similarity clustering approach.
	Figure 7 Schematic illustration of our computational approach comprising three steps: decoding, functional similarity analysis and clustering.




