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Synergistic Upper-limb Functional Muscle
Connectivity using Acoustic Mechanomyography

Carlos Sebastian Mancero C., Ravi Vaidyanathan*, and S. Farokh Atashzar*

Abstract— Functional connectivity is a critical concept
in describing synergistic muscle synchronization for the
execution of complex motor tasks. Muscle synchronization
is typically derived from decomposition of intermuscu-
lar coherence (IMC) at different frequency bands through
electromyography (EMG) signal analysis, which potentially
limits out-of-clinic applications. In this investigation, we
introduce muscle network analysis to assess the coordi-
nation and functional connectivity of muscles based on
mechanomyography (MMG). We focus on a targeted group
of muscles vital for activities of daily living (ADLs) in
the upper-limb. Functional muscle networks are evaluated
for ten able-bodied participants and three upper-limb am-
putees. Muscle activity was acquired from a custom-made
wearable armband of MMG sensors placed over four su-
perficial muscles around the forearm (flexor carpi radialis
(FCR), brachioradialis (BR), extensor digitorum communis
(EDC), and flexor carpi ulnaris (FCU)) while participants
performed four different hand gestures. Muscle connectiv-
ity analysis at multiple frequency bands shows significant
topographical differences across gestures for low ( < 5Hz)
and high (> 12 Hz) muscle activation frequencies as well
as observable differences in coherence between amputee
and non-amputee subjects. Results demonstrate MMG can
be used for the analysis of functional muscle connectivity
and mapping of synergistic synchronization of upper-limb
muscles in complex movement tasks. The new physiolog-
ical modality provides key insights into neural circuitry of
motor coordination. Findings further offer the concomitant
outcomes of demonstrating feasibility of MMG to map mus-
cle coherence from a neurophysiological perspective and
providing a mechanistic basis for its translation in human-
robot interface.

Index Terms— Biomechanics, muscle networks, coher-
ence, functional connectivity, mechanomyography (MMG).
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[. INTRODUCTION
A. Functional Connectivity

Congruous coactivation and coordination of groups of
muscles are centrally controlled by the nervous system for
the execution of functional motor tasks. A theory strongly
investigated in the last decade is that the central nervous
system (CNS) simplifies this complex task by controlling
coordinative neural functions, or synergies, as opposed to
individual muscles [1]. Neurophysiological studies have shown
that the musculoskeletal system and the nervous system work
collectively to coordinate the activation of muscle synergies
to execute complex functional motor behaviors [2]-[4]. The
functional synergistic synchronization implies a common neu-
ral drive identified using intermuscular coherence (IMC) [5].
This method seeks to characterize the spectral synchronization
of the common neural drives to groups of muscles. While
classical analysis of synergies (e.g., those achieved by applying
non-negative matrix factorization to EMG signals) represents
the low-frequency basis of coordination in neuromuscular
control, coherence analysis captures full-spectrum functional
connectivity and synchronous control between muscle pairs,
which can be summarized using metrics rooted in graph theory.

Historically, coherence analysis has been implemented to
process electroencephalography (EEG) brain activity to corre-
late functional connectivity between different regions of the
brain [6]. More recently, it has been proposed to investigate
functional connectivity between brain and muscle activity
(i.e., corticomuscular coherence (CMC)), through mapping of
synchronization between EEG and electromyogram (EMG)
recordings [7] [8] [9]. Furthermore, modulations of neural
input to muscle groups in broader frequencies have been
investigated using intermuscular coherence and the concept
of muscle networks [5], [10]-[13]. Muscle network analysis
is a novel toolset proposed to estimate functional connectivity
between muscles. This is accomplished through the isolation
of key characteristics of the neural drive of muscle synergies
which enable the CNS to simplify functional control via
synchronous muscle activation. Boonstra [10], for example,
investigated lower-limb connectivity (synchronous activation)
of muscles over a range of frequency bands during various
postural tasks. In another study, Laine [14] isolated coherence
between three-hand muscles (first dorsal interosseous, abduc-
tor pollicis brevis, and flexor digitorum superficialis) through
analysis of muscle activation during two precision pinch
tasks. Both of these studies found systematic task-specific
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Fig. 1.

Left-side, experimental layout. While seating, participants were asked to perform four hand-gesture tasks. Hand gestures were sustained

for a period of five seconds with a five-second resting period between each contraction. A digital clock was presented to the participants to keep
track of the duration of each contraction. Right-side, the cross-section view of MMG sensor placement. Four MMG sensors were placed over the
flexor carpi radialis (FCR), brachioradialis (BR), extensor digitorum communis (EDC), and flexor carpi ulnaris (FCU) muscles.

changes and widespread connectivity of muscles at multiple
frequencies bands. While conventional muscle synergy anal-
ysis seeks to identify low-frequency coactivation bases of
muscles, functional muscle networks seek to group muscles
based on their collective spectral response, observed as the co-
modulation of multiple frequencies in EMG signals. Studies
have further demonstrated conventional synergy analysis and
functional coherence-based muscle network analysis elucidate
disparate, complementary features of muscle activation, both
of which are essential for understanding neuromuscular motor
control [10] [13]. Muscle network analysis has also been
studied in able-bodied individuals using EMG for hand gesture
recognition [15], and in stroke survivors for the analysis of
functional intermuscular connectivity alterations [16]. How-
ever, its role in compensation for neural trauma has not been
extensively explored. In particular, functional connectivity
variations linked to limb loss and how surgical amputation
alters the behavior of muscle networks during motor tasks have
not been investigated.

B. Modalities of Muscle Activity Measure

All investigations of muscle networks to date have ex-
clusively focused on the analysis of activity through EMG.
While the obvious gold standard for muscle activity mapping,
EMG signal acquisition can be challenging for isolating spe-
cific muscle activation in amputees due to variations in skin
impedance (e.g., sweat, scar tissue caused by surgery, etc.)
and robustness of signal acquisition in sockets. Mechanomyo-
graphy (MMGQG) is a myographic activity measure that detects
mechanical oscillations produced by the dimensional changes
of the active muscle fibers during a contraction [17]. MMG
has been demonstrated to contain imperative information
regarding neuromuscular parameters associated with motor
function [18]. Investigations of this modality have revealed that
spectrotemporal parameters of MMG can correlate strongly
with the motor unit activation [19]. MMG has also been
demonstrated to be a useful tool to assess muscle weakness

characteristics and muscle performance in healthy individuals
and patients [20] [21] [22]. Furthermore, MMG has been
reliably described as the mechanical counterpart giving com-
plementary information to EMG [23]. The combination of the
two signals has been shown to provide unique information
about the electromechanical characteristics of the muscles
[24]. The benefit of MMG over EMG signal acquisition relates
to the robustness to electromagnetic noises, in addition to
skin sweating and sensor-skin impedance changes, as well
as its response correlating to direct muscle movement [25].
However, MMG also suffers from a lack of established sensors
and can demand complementary motion sensing to reject me-
chanical interference [26]. It should be noted that while MMG
contains a lower information rate and less linear behavior when
compared with EMG, in the literature, MMG has attracted
a great deal of interest for practical uses where EMG may
not function as well due to the electromagnetic artifacts and
sensitivity to sensor-skin conditions.

C. Investigative Focus

Coherence analysis has been extensively studied through
surface EMG signals to investigate the connectivity of motor
neuron pools. However, the method has not been used to
determine muscle connectivity by the use of MMG. In the
present study, for the first time, we use MMG to assess the
functional connectivity between four superficial muscles in
the forearm during various hand gesture tasks. Our study
is motivated by evidence in the literature demonstrating that
the frequency spectrum of MMG contains critical information
regarding motor unit recruitment and firing rate [27] [28],
which provides a neurophysiological basis for their use in
coherence analysis.

We investigate muscle network analysis during sustained
hand gesture tasks in amputee and able-bodied human par-
ticipants. We hypothesize that muscle networks generated
from MMG signals will be task-dependent while showing
synchronized behavior at multiple distinct frequency bands,



MANCERO CASTILLO et al.: SYNERGISTIC UPPER-LIMB FUNCTIONAL MUSCLE CONNECTIVITY USING ACOUSTIC MECHANOMYOGRAPHY 3

T FCR BR EDC FCU
(<7} 70 70 100 60
_— Flexion
-g 60 60 50 Extension
o) 80 Pronation
150 50 Supination
Q2 ¥ - 0
2 N<>E 40 40
8 30 30 40
o
20 20
20
10 10
0 0 0
80 70 30
” 60 25 50
g ﬁGO 50 20 40
I
- =
S 3 40
Q. E 40 15 30
E E 30
@0 10 20
<o o0 20
10 5 10
0 0 0 0

0 10 20 30

Frequency [Hz]

40 0 10 20

20 30 40

Fig. 2. Power spectral density shown for the different muscles (FCR, BR, EDC, and FCU) for all gestures (red: Flexion, yellow: Extension, purple:
Pronation, and green: Supination). Power spectra were averaged across homologous muscles, trials, and subjects for able-bodied (top-row) and

amputee (bottom-row) participants.

reflecting the spectral fingerprints of the motor unit pool acti-
vation. We also aim to determine muscle network characteristic
differences between tasks and demographics. Furthermore,
we hypothesize that functional connectivity networks derived
from MMG not only show significant changes across different
hand gestures but will also show identifiable variations across
the two understudied demographics of amputee and able-
bodied participants. Graph theoretical analysis is implemented
to quantify characteristics of the network topologies and
statistically compare muscle networks across four hand-gesture
tasks and between the two demographics. The topology and
spectral characteristics of the muscle networks provide novel
insights into the neural basis of muscle synergies. Also, the
characterization of MMG-based functional muscle networks
can offer a new tool to examine the neural circuitry involved
in motor tasks.
In summary, the main contributions of this study are:

Identification of functional intermuscular connectivity be-
tween superficial upper-limb muscles, in various spectral
bands, by the use of MMG across a cohort of amputee
and able-bodied participants (ten able-bodied; three am-
putees)

Identification of different muscle network topologies for
each hand gesture.

Comparison of the characteristics of muscle network
patterns across both demographics.

Identification of alterations in muscle network character-
istics associated with amputation.

Beyond the first implementation of MMG in muscle net-
work analysis, this study is the first contrasting functional co-
modulation of amputee and able-bodied subjects. While MMG
has been studied as an alternative means of prosthetic control
surmounting well-documented challenges involved in EMG
use out-of-clinic [29], [30], aspects of its neurophysiological
basis remain unknown.

[l. METHOD
A. Participants

Ten able-bodied individuals (6 males, 4 females, mean age
26 7 years old) and three trans-radial amputees (2 males,
1 female, mean age 38 8 years old) participated in this
experiment. All participants provided their signed informed
consent before taking part in the study. All experiments were
approved by the Imperial College Research Ethics Committee
(ICREC reference: 15IC3068).

B. Experimental Design

Data collection was performed by the use of a custom-made
wearable acoustic MMG armband, described in [31]. Thanks
to the low effect that crosstalk has in the MMG signal in the
transverse direction of propagation of the mechanical waves
[32], the use of microphone-based MMG sensors, as used in
the present study, results in a robust tool for the assessment
of muscle activity. In addition, the level of crosstalk in the
MMG signal has shown to be dependent on the level of
muscle effort [33]; therefore, low level contractions of a
short span (5 seconds) resembling activities of daily living
(ADLs) were applied in this study. Experiments involved the
detection of MMG activity while participants were asked to
perform four different hand gestures, namely wrist Flexion,
Extension, Pronation, and Supination. Four MMG sensors
were placed around the forearm over the target muscles:
flexor carpi radialis (FCR), brachioradialis (BR), extensor
digitorum communis (EDC), and flexor carpi ulnaris (FCU).
The participants were asked to position their dominant arm in
a resting position while seated. Resting position is defined as
placing the arm midway in supination at the forearm with the
elbow in contact with the torso and the forearm at 90 degrees
with respect to the arm. Participants were asked to stay still
for the duration of the experiment. Prior to the experiment,
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Fig. 3. Intermuscular coherence between all muscle pairs. Coherence is shown between all muscles (FCR, BR, EDC, and FCU) for all gestures

(red: Flexion, yellow: Extension, purple: Pronation, and green: Supination).

all participants underwent a training trial which consisted of
performing sustained contractions for two randomly selected
gestures. Participants performed 5 repetitions of the first
selected gesture, and similar to the existing literature in gesture
detection [34] [35], and in motor unit activity decoding [36],
intervals of 5 seconds of rest between each contraction were
applied. After the last resting period, following the repetitions
of the first gesture, participants performed 5 repetitions of
the second gesture with similar resting intervals between each
contraction. A 10-second interval was applied at the beginning
and at the end of the trial. The training trial took 2 minutes per
participant. Participants were asked to follow a digital clock
presented on a monitor in front of them to keep track of the
timing of each contraction. Fig 1 shows an illustration of the
experimental layout. The experiment consisted of two groups
of 2 randomly selected gestures. Similar to the training trial,
performing each group of gestures lasted for 2 minutes. One
minute of rest was applied between the two groups to prevent
fatigue of the muscles. The order and grouping of the gestures
were randomized. Both able-bodied and amputee groups fol-
lowed the same experimental protocol. The experiment took
5 minutes per participant. Fig 1 shows an illustration of the
cross-section view of the forearm and the positioning of the
sensors. The non-symmetry of the sensor location illustrates
the anatomical differences between participants. Muscles were
palpated, and sensors were positioned over the target muscles.
All amputee participants are quadruple amputees and needed
to undergo amputation after sepsis. The first participant had
the amputation 8 years ago and has a high-level trans-radial
amputation on the tested limb. The participant makes regular
use of a body-powered prosthesis on a day-to-day basis and
maintains a high level of activity, including regular exercise

and ADLs. The second and third amputee participants had
the amputation 6 and 7 years ago, respectively, and have
distal trans-radial amputations. Both participants use a Mitt
prosthesis on average every 3-4 days for ADLs, maintaining
a medium level of activity.

C. Data Processing

The raw acoustic signals of the MMG channels were ana-
lyzed to identify the onset and the offset of each contraction.
In this study, and similar to the existing literature on gesture
detection for electromyography [37], and mechanomyography
[38], the signal was analyzed during the steady-state phase
of the contraction in order to minimize the high degree of
stochastic non-stationarity present in the transient phases. The
transient state was discarded by removing the one-second post-
onset and one-second pre-offset of the signal recorded for each
contraction. The duration of the extracted signal was validated
to ensure at least 3 seconds of a steady-state contraction.

In this work, MMG information was recorded using a
sampling frequency of 1 kHz. The literature shows that the
MMG power information resides in frequencies no higher than
120 Hz [17]. Numerous investigations have demonstrated that
the dominant frequencies of muscle sound are found in the
range of frequencies below 30 Hz [39] [40], and there is
evidence showing MMG power information at frequencies as
low as 2 Hz and as high as 118 Hz [41]. Thus, guided by the
literature, the raw MMG signal was filtered using a fourth-
order band-pass Butterworth filter in the range of 1 - 150 Hz.

Mechanomyography can be categorized as a signal with
time-varying properties with power information at multiple
frequencies. Therefore, a time-variant, frequency-selective ap-
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Fig. 4. The frequency content of the coherence spectra of all muscle combinations was averaged across subjects and decomposed into three
components using non-negative matrix factorization. The three frequency components were defined as follows: component 1: 1-5 Hz, component
2: 5-12 Hz, component 3: 12-40 Hz. Top-row, common spectral patterns extracted for each gesture at every frequency component. Different
shadings of color show the frequency ranges. Gestures are color-coded (red: Flexion, yellow: Extension, purple: Pronation, and green: Supination).
Functional muscle networks were extracted for each gesture at each of the frequency components. Muscle networks were characterized by the
extracted common frequency patterns and the weightings of those patterns in the original spectra. The weightings give the strength of the edges
between the four muscles (nodes). The mapping of the color bar and the thickness of the edges show the strength of the connections between all
muscle pairs. The size of the nodes denotes the degree of each connectivity for each muscle. Functional connectivity networks of all components

(rows) are shown for each gesture (columns) for able-bodied participants.

proach is required for its analysis. A method widely in-
vestigated in the literature for time-frequency analysis is
the Hilbert transform, a transform-based approach used for
spectral analysis of time-varying signals which has shown
to be equivalent to Fourier and wavelet analysis and from
which coupling measures such as coherence can be derived
[42]. In this way, the Hilbert transform was applied to the
filtered MMG signal to obtain the analytic representation of
the signal which was further used for the estimation of the
cross-spectrum and the power spectral density, both necessary
measures for the evaluation of intermuscular coherence.

D. Intermuscular Coherence

Intermuscular coherence is derived based on the magnitude
square of the cross-spectrum between two signals normalized
by the product of the power spectrum of the two signals (1).
Because of the normalization, IMC is confined to be between
the values O to 1. The closer the value of IMC to 1, the
more linearly dependent (correlated) are the two signals in

the frequency domain. A common problem in the estimation
of coherence is the presence of spurious coherence due to
spatial and spectral leakages [43]. In this study, in order to
minimize the presence of spurious coherence caused by the
filtering process and by the frequencies at which the spectral
power information is critically close to zero, we implement
a modified magnitude squared coherence (MMSC) method
which includes a conditional statement based on the value of
the product between the power spectrum of the two signals.
The MMSC algorithm specifically avoids spurious coherence
when the spectral information context of the signals has the
least power. MMSC and IMC are used interchangeably for the
rest of the paper. The mathematical derivation of MMSC can
be found here:
Bal'ifs, s, 1
MMSCyy = (1)
Bullits, s, <1

where,






