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ABSTRACT

The ultimate neural signal for muscle control is the neural drive sent from the spinal cord to muscles. This neural
signal comprises the ensemble of action potentials discharged by the active spinal motoneurons, which is
transmitted to the innervated muscle fibres to generate forces. Accurately estimating the neural drive to muscles
in humans in vivo is challenging since it requires the identification of the activity of a sample of motor units
(MUs) that is representative of the active MU population. Current electrophysiological recordings usually fail in
this task by identifying small MU samples with over-representation of higher-threshold with respect to lower-
threshold MUs. Here, we describe recent advances in electrophysiological methods that allow the identifica-
tion of more representative samples of greater numbers of MUs than previously possible. This is obtained with
large and very dense arrays of electromyographic electrodes. Moreover, recently developed computational
methods of data augmentation further extend experimental MU samples to infer the activity of the full MU pool.
In conclusion, the combination of new electrode technologies and computational modelling allows for an ac-
curate estimate of the neural drive to muscles and opens new perspectives in the study of the neural control of

movement and in neural interfacing.

1. Introduction

Skeletal muscles are multiscale structures composed of individual
units called motor units (MUs). A MU comprises a motoneuron (MN) and
the muscle fibres it innervates (Heckman & Enoka, 2012). The neural
drive to muscle refers to the ensemble of action potentials discharged by
the active MN population and transmitted to the muscle fibres (Farina
et al., 2014a). At the muscle-scale, the neural drive is seen as the com-
pound neural control signal from the MN pool, which is received by the
macroscopic muscle actuator. Therefore, at the muscle-scale, the neural
drive represents the sum of the MNs’ discharge activities, which is
commonly mathematically described as the temporal cumulative series
of MNs’ discharges. The neural drive at muscle-scale is commonly
filtered at frequencies up to 4-to-10 Hz (Farina & Negro, 2015; Enoka &
Farina, 2021) because the dynamic response of muscles has small
bandwidth.

The intensity of the neural drive is determined by the number of
active MNs (recruitment) and their firing rates (rate coding). The

* Corresponding authors.

recruitment and rate coding dynamics of the MN pool are determined by
the amplitude of the net excitatory synaptic drive the MNs receive and
on the intrinsic excitability of the MNs, which is influenced by neuro-
modulatory inputs (Lee et al., 2003; Heckman & Enoka, 2012; Binder
et al., 2020; Avrillon et al., 2023a). In response to a rising net excitatory
synaptic drive, the MUs are recruited sequentially in order of size
(Henneman’s size principle; Henneman, 1957; Henneman, 1981),
starting with the smallest MUs (small MNs, low rheobase and force
thresholds for recruitment, low generated forces). Human MU pools
include many low-threshold MUs and few high-threshold MUs following
an exponential continuous distribution (Feiereisen et al., 1997; Van
Cutsem et al., 1998; Fuglevand et al., 1993; Duchateau & Enoka, 2022;
Caillet et al., 2023a). The smaller MUs usually attain higher discharge
frequencies (De Luca & Hostage, 2010) and undergo a more rapid ac-
celeration of the firing rate at recruitment and a more pronounced rate
limiting than larger MUs (Lee and Heckman, 1998; Bennett et al., 1998;
Binder et al., 2020; Avrillon et al., 2023a).

The neural drive to a muscle determines the force the muscle
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produces. The muscle fibres build cellular force based on the frequency
of discharged action potentials they receive from their innervating
active MNs (Heckman & Enoka, 2004). The muscle aggregates the force-
generating dynamics of the active MUs into a macroscopic pulling
muscle force that is transmitted to the skeletal system. By modulating
the recruitment and rate coding dynamics of the MN pool, the central
nervous system voluntarily controls the muscle force (Milner-Brown
et al., 1973; Van Cutsem et al., 1998; Enoka & Duchateau, 2017).
Accurately estimating the neural drive to muscles allows for advanced
neuromechanical investigations of the neural control strategy of muscle
contraction and movement, thus advancing our understanding of how
neural control signals are associated to muscle forces and behaviour (e.
g., D’Avella & Bizzi, 2005; Powers & Binder, 2001; Hug et al., 2023,
Powers & Heckman, 2017; Binder et al., 2020). In the establishment of
human-machine interfacing, accurate estimations of the neural drive at
MU-scale offer the possibility to directly exploit biological signals for the
robust and intuitive control of assistive exoskeletons (Jung et al., 2021)
and neuroprostheses (Farina et al., 2017; Farina et al., 2021). In clinical
applications, the direct observation of the discharge activity of large
populations of MUs finds applications in the diagnosis, monitoring and
pathoetiological resolutions of neuromuscular disorders, such as spinal
muscular atrophy (Kelly et al., 2023), amyotrophic lateral sclerosis
(Bashford et al., 2020), and/or tremor (Puttaraksa et al., 2022), that
primarily affect motor neurons and lead to an altered discharge activity
of the MN pool, including changes in firing patterns, decreased MU
recruitment, reduced MU action potentials amplitude, and increased
fasciculations. Accurately estimating the neural drive to muscle in
humans in vivo is however challenged by the difficulty of identifying the
firing activity of full MU pools (Fig. 1, (Farina & Holobar, 2016; Avrillon
et al., 2023a)), or of MU samples that are representative of the full MU
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pool (Fig. 1, first column).

This review presents modern electrophysiological and computa-
tional methods that allow us to accurately estimate the neural drive to
muscle, i.e., the discharge activity of the full MU pool, at least in some
muscles and in constrained laboratory conditions. First, we describe
electrophysiological methods of surface and intramuscular high-density
electromyography (EMG) acquisition and decomposition for identifying
experimental samples of MUs that are representative of the full MU pool.
The latter condition implies that a sufficient number of MUs is identified
and that the identified MUs have recruitment thresholds that follow a
physiological continuous exponential distribution, with more low-
threshold units than high-threshold units (Fig. 1, second column).
Then, we review computational methods of data augmentation that
provide reliable estimates of the discharge activity of the full MU pool
from limited experimental samples of discharging MUs (Fig. 1, third
column). Finally, we apply these electrophysiological and computa-
tional methods to representatively demonstrate the accurate control of a
MN-driven neuromuscular model of a MU pool.

2. Properties of MNs and MUs, and representative MU samples

It is currently not possible to experimentally detect the activity of full
pools of active MUs in humans. Therefore, the neural drive to muscle is
commonly inferred from limited samples of experimentally observed
MUs. These samples must be representative of the active MU pool for
accurate estimations of the neural drive. In this section, we will review
the distribution of MN and MU properties across the pool, with special
emphasis to their interrelations and their contribution to the neural
drive. This discussion will be relevant to better specify the issue of
representativeness of MU samples and to later explain how data
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Fig. 1. Identification and estimation of the discharge activity of the active motor unit (MU) pool with electrophysiological and computational methods to
estimate the neural drive to muscle in humans in vivo. The subplots in the first row display an exemplary pool of 400 MUs. Each MU is represented by a circle
with a size schematically representing the MN size and therefore the MU’s force recruitment threshold, following a physiological exponential distribution across the
MU pool (given in Fig. 2). The MU population is here ranked from left to right and bottom to top in increasing order of recruitment thresholds. Here, 75% of the MU
pool is recruited and 25% of the MUs are not active (first row: light grey circles). A sample of active MUs and their discharge activity (first row: red hollow circles;
second row: plain red circles) can be identified in humans in vivo from the decomposition of high-density EMG signals. The MU samples commonly identified in this
way (first column) are usually small and over-represent high-threshold MUs (large diameter circles). Therefore, these MU samples are usually not representative of
the MU pool. Increasing the number and the density of EMG electrodes (second column) allows the identification of more MUs, especially low-threshold MUs,
yielding MU samples that are more representative and that provide a more accurate estimation of the neural drive to muscle at the muscle-scale. Computational
methods of data augmentation allow the estimation of the discharge behaviour of the MUs not identified experimentally (first two columns: dark grey plain circles,
third column: green hollow and plain circles) and fully describe the neural drive to muscle. Adapted from data in the tibialis anterior muscle at 30% maximum

voluntary contraction force by Caillet et al., (2023a,2023b).
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augmentation methods can infer the activity of non-observed MUs from
representative samples of observed ones.

2.1. The electrophysiological properties of a MN are inter-related

The input-output function of MNs, i.e., the transformation of net
excitatory synaptic current into firing activity, is MN-specific. Indeed,
the firing behaviour of a MN depends on its set of intrinsic electro-
physiological properties. The MN-specific electrophysiological proper-
ties are inter-related with each other for each MN (Henneman, 1981;
Burke, 1981; Binder et al., 1996; Powers & Binder, 2001; Kernell, 2006;
Heckman & Enoka, 2012), as it can be quantified with mathematical
equations that express each property as a function of the others (Table 4
in Caillet et al., (2022a)). According to these relations, the higher the
value of current recruitment threshold in a MN, the greater the MN’s
global membrane capacitance and axonal conduction velocity, while the
MN have smaller input resistance, afterhyperpolarization period, and
membrane time constant. Besides, recent findings (Avrillon et al.,
2023a) show that low-threshold MNs have a higher initial acceleration
of firing rates, stronger rate limiting, and a more pronounced hysteresis
than high-threshold MNs, because of MN-specific neuromodulatory in-
puts. Also, low-threshold MNs usually reach higher discharge rates than
high-threshold MNs (onion-skin scheme (De Luca & Hostage, 2010)).
Combined, these results indicate that the input-output function of MNs
is MN-specific and each active MN contributes in a unique way to the
neural drive to muscle.

2.2. MN and muscle fibre properties are correlated

The current recruitment threshold and force recruitment threshold of
a MU are positively correlated, as indirectly demonstrated from separate
measurements of current thresholds, torque recruitment thresholds,
twitch torques, and tetanic forces in human and other mammal muscles
(Heckman & Enoka, 2012; Caillet et al., 2022a). Furthermore, Caillet
et al., (2022a) reported significant correlations between the tetanic
force, twitch force, or innervation ratio of a MU and the axonal con-
duction velocity, input resistance, or current threshold of its innervating
MN in cats and rodents. Therefore, the electrophysiological properties of
a MN are also correlated with the properties of the muscle fibres it in-
nervates. Notably, the early-recruited low-threshold (in current or force)
MUs are activated at low forces before the higher-threshold (in current
or force) MUs, that have large number of muscle fibres and therefore
produce high forces. MN and MU properties are also quantitively
correlated to MN and MU size (Caillet et al., 2022a), so that larger MNs
and MUs have higher (current and force) recruitment thresholds (Hen-
neman’s size principle (Henneman, 1981)).

2.3. Distribution of MU thresholds

The inter-related properties of MNs and MUs are distributed
continuously across the MU pool’s recruitment range in mammals and
do not cluster into discrete groups, as reviewed previously (Heckman &
Enoka, 2012) and demonstrated with density histograms for several MN
and MU properties (Caillet et al., 2022a; Duchateau & Enoka, 2022).
Moreover, the force and current recruitment threshold properties of
MUs are exponentially distributed (Fuglevand et al., 1993; Heckman &
Enoka, 2012; Duchateau & Enoka, 2022; Caillet et al., 2022a), with
many low-threshold MUs and few high-threshold MUs in the MU pool.
Exponential distributions of force recruitment thresholds F* were sys-
tematically observed in human muscles, including the human Tibialis
Anterior (TA) (Feiereisen et al., 1997; Van Cutsem et al., 1998), masseter
(Goldberg & Derfler, 1977), brachial biceps (Kukulka & Clamann,
1981), hand muscles such as the adductor pollicis (Kukulka & Clamann,
1981; Duchateau & Hainaut, 1990; Dengler et al., 1988) and first digital
interosseous (Stephens & Usherwood, 1977; Dengler et al., 1988;
Duchateau & Hainaut, 1990), and forearm muscles, such as the extensor
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carpi radialis (Romaiguere et al., 1989; Riek & Bawa, 1992) and
extensor digitorum communis (Monster & Chan, 1977; Riek & Bawa,
1992). Of note, these studies might however report imprecise de-
scriptions of the distribution of threshold properties across the full MU
pool because they identified only a small fraction of the investigated MU
pools (samples of 12 + 10 MUs were identified per muscle and partici-
pant and merged, often without prior normalization, into sets of 81 + 82
MUs for groups of 7 + 9 participants). This limitation was recently
addressed for the TA and Vastus Lateralis (VL) muscles (Avrillon et al.,
2023a) when extensive samples of up to ~200 MUs were identified per
muscle and subject over the full recruitment range (TA: 129 + 44 MUs
per participant, 895 MUs for 8 participants; VL: 130 + 63 MUs per
participant, 911 MUs for 8 participants). These extensive samples of
unique MUs were obtained by iteratively tracking samples of identified
MUs across eight contractions between 10 % MVC and 80 % MVC, which
ensured identifying large MU samples for each recruitment range. The
resulting distributions of force recruitment threshold F* in the human
TA and VL muscles are reported with density histograms and scatter
plots in Fig. 2. They are, to the authors’ knowledge, the most compre-
hensive descriptions of full MU pools currently proposed with electro-
physiological methods for human muscles, and likely provide a reliable
description of the full MU pool’s distribution of threshold properties.
From the scattered threshold distributions, continuous recruitment
curves may be derived. As for the other investigated muscles (unpub-
lished results based on the data provided in the afore-mentioned
studies), the experimental F data points in Fig. 2 were better fitted
with a linear-power relationship than with an exponential function,
although the terminology ‘exponential distribution of recruitment
thresholds’ is maintained in the following for simplicity. The fitted
functions in Fig. 2 captured the threshold distribution with negligible
error (r? > 0.97, p < 0.001, and 0.7 + 0.8 % MVC absolute error in
average across participants, up to 3.9 + 2.8 % MVC absolute error for
highest-threshold MUs and 1.9 + 1.4 % MVC elsewhere). Smoothing the
inherent variability in the measured MU recruitment thresholds with
continuous fits is expected to have negligible effect on the methods
discussed in this review, both in the assessment of representative MU
samples and in the data augmentation methods discussed later. Indeed,
in Fig. 2, the change in recruitment threshold value between consecutive
MUs is negligible and adequately captured by a continuous function (0.4

+ 0.5 % MVC increase in average across participants, up to 1.2 + 0.7 %

MVC between the highest-threshold consecutive MUs and 0.8 + 0.5 %
MVC elsewhere). In fact, smoothing the scattered experimental mea-
sures may yield a more accurate description of the full pool, which
samples the recruitment range with a higher numerosity of MUs than
obtained experimentally and plotted in Fig. 2. Of note, ranking MUs by
increasing recruitment thresholds disregards any recruitment dynamics
diverging from the robust orderly recruitment scheme (Henneman,
1981), like task-specific mechanisms or reversal mechanisms occurring
during rapid contractions (reviewed in Heckman & Enoka (2012)).
According to the cited literature and Fig. 2, MU recruitment curves
are subject-specific. The distribution of MU recruitment thresholds is
also muscle-specific and varies between muscles. For example, half of
the MU pool is recruited below 10 % MVC in hand muscles (Duchateau &
Enoka, 2022) against 25 % MVC in the TA and VL muscles (Fig. 2,
(Enoka & Fuglevand, 2001)). Also, the recruitment range of MU pools is
muscle-specific, as the MUs of hand, forearm, and lower limb or
masseter muscles are recruited up to 30-35 % MVC (Duchateau &
Hainaut, 1990), 50 % MVC (Kukulka & Clamann, 1981), and 70-90 %
MVC (Fig. 2, (Goldberg & Derfler, 1977)), respectively. In conclusion,
human muscles have more low-threshold MUs than high-threshold MUs,
with a continuous exponential distribution of recruitment thresholds
and in proportions that are subject- and muscle-specific. When assessing
the representativity of a MU sample and its exponential distribution of
thresholds, it is important to use for comparison recruitment curves from
the same muscle or muscle group as the investigated MU pool to account
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Fig. 2. Continuous distribution of motor unit (MU) force recruitment thresholds F across the MU pool of two human muscles. The experimental data was
obtained by Avrillon et al., (2023a), where extensive samples of unique MUs (40-200 in a single participant, >800 for eight participants) were identified over a wide
range of contraction intensities (10 % to 80 % MVC) for the tibialis anterior and vastus lateralis muscles. The density histograms report for a single participant (green
bars) and for the cohort of eight participants (black bars) the percentage of identified MUs (x-axis) with respect to their measured force recruitment threshold Fth in
percentage of the maximum voluntary contraction (%MVC) force (y-axis). Grey error bars report the dispersion between participants (one standard deviation). Bins
are 4 % MVC-wide. An exponential distribution is observed; many MUs have low recruitment thresholds and few MUs have high recruitment thresholds. The scatter
plots report for a single participant (light grey data points) and for the cohort of eight participants (black bars, dark grey data points) the relationship between the
force recruitment threshold F% (in %MVC, y-axis) of a MU and the rank (in %, x-axis) it occupies in the identified MU pool, ranked in ascending order of recruitment

thresholds. The clouds of data points were fitted with the linear-power relationships (> > 0.97, p < 0.001) of the form f(j) = a e (b oj +cfd), where j € [0;1] (the

scale of the x-axis, in percentage, is then 100 e j %). The fitted relationships are reported for information in the inset and estimate the percentage of the MU
population recruited at a certain recruitment threshold. The parameters a,b,c, and d respectively control the scaling, the slope of the linear part, the rate of
exponential increase, and the rate of change of the exponential growth of the function. Linear-power relationships returned better fits than purely exponential and
linear-exponential functions. However, the terminology ‘exponential distribution of recruitment thresholds’ is used in this study for clarity. The relationships are
reported in the normalized space (j € [0; 1]) because of the high uncertainty in the number N of MUs in human muscles. In a pool of N MUs, these relationships can be
adapted with the j—»l%, transformation, where j becomes an integer in [1; N]. The results presented here are, to the authors’ knowledge, the most detailed available
descriptions of the MU threshold distribution in the TA and VL muscles and provide a credible description of the yet not fully decoded full MU pool. These results
serve in the following for assessing whether MU samples follow the muscle-specific exponential distribution of the full pool. It is worth noting that joint torques were
measured in Avrillon et al., (2023a); in these experiments, the ankle and knee joint torques normalized to the measured maximum voluntary torques are acceptable
indicators of the tibialis anterior and vastus lateralis muscle forces in percentage of their maximum physiological forces, respectively, hence the terminology ‘Force
recruitment thresholds’ in %MVC taken here. Indeed, the bipolar EMG signals concurrently recorded from the co-contracting agonist and antagonistic muscles did not
show significant changes in relative activation across contraction intensities (Avrillon et al., 2023a), while the net joint torque produced by co-contracting agonist
and antagonistic muscles remained constant across torque intensities, as calculated and confirmed by EMG-driven musculoskeletal estimations of the forces
developed by those muscles (see Caillet et al., (2023a) for details on the taken EMG-driven musculoskeletal approach).
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for the muscle-specificity of threshold distributions.

2.4. Representative samples of MUs

As a practical definition, a MU sample is representative of the MU
pool if the activity of the MUs of the sample retains most of the infor-
mation contained in the activity of the full pool of MUs. This implies that
a representative sample should be “sufficiently” large and with a dis-
tribution of recruitment thresholds similar to that of the full pool, i.e.,
continuous and approximately exponential. The conditions on size and
continuity are needed to avoid gaps in MU behaviour in specific
recruitment force ranges. Because of the need to represent an expo-
nential distribution, a sample of MUs is representative of the full MU
pool if it contains many more low-threshold than high-threshold MUs.
The threshold distribution of the MU sample may be compared to a
ground-truth distribution for the full pool, like the density histograms in
Fig. 2, with a Bhattacharyya coefficient Dy (Bhattacharyya, 1943) (0: no
similarity; 1: complete overlap between distributions).

In the following example, we describe a representative sample of
MUs for a human TA muscle contracting at 50 % of the maximum
voluntary contraction (MVC) force. According to recent reviews (Caillet
et al., 2022b; Duchateau and Enoka, 2022) and to the lower bound of
199 identified MUs reported in (Avrillon et al., 2023a), the TA muscle
may comprise a potentially conservative total of N = 400 MUs (reported
range: 122-550 MUs). The estimated N = 400 MUs scale the normalized
TA-specific recruitment curve in Fig. 2 (top plot) with the trans-

formation j—i, where j € [0;1]-[1; N]. The scaled recruitment curve
yields that approximately 320 MUs are recruited at 50 % of the MVC
force. In these conditions, a sample of 32 MUs (i.e., 10 % of the active
pool) would be representative of the MU pool (Dg= 1) if 10, 7, 6, 5, and
4 MUs were identified for each 10 %-MVC interval of force, as given by
the F-distribution of the full MU pool (solid curve) in Fig. 2. It is worth
noting that the estimated N = 400 and more globally Motor Unit
Number Estimation (MUNE) techniques, which have been applied to few
human muscles for which inter-subject variability is scarcely discussed,
are associated with substantial uncertainty because of specific limita-
tions associated with current MUNE techniques, such as cadaveric an-
alyses, statistical methods, spike-triggered-averaging approaches, and
adapted multiple point stimulation.

3. Estimation of the neural drive to muscle

It is currently not possible to directly observe during a motor task all
concurrently active MUs of a human muscle. Conversely, the neural
drive to muscles can be indirectly approximated by electrophysiological
features associated to its intensity, such as the amplitude of EMG signals,
or from experimental samples of observed MU activities.

3.1. Global analysis of EMG signals

The neural drive to muscles has been classically approximated from
the myoelectric activity detected with electrodes applied on the skin
covering the investigated muscle (surface EMG) or inserted into the
muscle (intramuscular EMG) (Besomi et al., 2019; De Luca, 1997; Farina
et al., 2004). In this context, recent tutorials (Merletti & Muceli, 2019;
Merletti & Cerone, 2020; Clancy et al., 2023) and consensus studies
(Besomi et al., 2020; Gallina et al., 2022) provide best practices for
optimal choice of electrode design, montage, and placement, and for
optimal EMG acquisition and post-processing. For example, the estimate
of amplitude of the surface EMG, e.g., low-pass filtered rectified EMG, is
commonly associated to the intensity of the neural drive to muscle
(Farina et al., 2014b). However, EMG amplitude provides only a crude
description of the neural drive. Indeed, surface EMG signals are influ-
enced by the volume conductor properties as well as by amplitude
cancellation, i.e., the amplitude of the interference EMG signal is less
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than the sum of the amplitudes of the MUAP trains (Farina et al., 2014b).
The amount of amplitude cancellation differs between MUs and is
greatest for small surface-recorded action potentials, which are associ-
ated with low-threshold small MUs and MUs located far from the
recording electrodes. Consequently, amplitude cancellation reduces the
contribution of some MUs to the estimate of EMG amplitude and the
magnitude of the deficit cannot be predicted or compensated (Farina
et al., 2014b). Also, the contribution of the discharging MUs to the EMG
signal amplitude is determined by the amplitude of their MUAPs as
filtered by the volume conductor and detected by the electrodes.
Consequently, the large MUs that include many fibres and the MUs that
are superficial and located close to the recording electrodes are over-
represented in the recorded EMG signals. Conversely, surface EMG
amplitude can be relatively insensitive to changes in the activity of small
low-threshold MUs or MUs located far from the recording electrodes, i.
e., deep MUs. For these reasons, the amplitude of surface EMG signals
provides a relatively poor estimate of the intensity of the neural drive to
muscle (Farina et al., 2014b). Estimates of the neural drive from the
global analysis of EMG signals are sufficient in some applications but not
in others, for example when building accurate subject-specific neuro-
musculoskeletal models of a motor task (Lloyd et al., 2023).

3.2. Samples of identified MUs from decomposed high-density EMG
signals

The combination of arrays of high-density EMG (HDEMG) electrodes
with modern source-separation algorithms enables the identification of
MU discharges in human in vivo (Holobar & Farina, 2014; Negro et al.,
2016; Farina & Holobar, 2016). Contrary to the global analysis of EMG
signals, samples of identified MUs provide a direct information on the
discharge dynamics of the decoded MU population, which is a first step
towards the identification of the neural drive to muscle. In brief, source-
separation methods identify spike trains specific to individual MUs from
the multi-unit EMG based on their characteristic MUAP shapes. Beside
source separation methods, other approaches have been proposed to
decompose the EMG signal, such as based on the detection of templates
of MUAP waveforms (De Luca et al., 2006; Nawab and Luca, 2010).
Consensus studies (Hug et al., 2021a; Gallina et al., 2022; Martinez-
Valdes et al., 2023), tutorials (Del Vecchio et al., 2020; Avrillon et al.,
2023b), open-source tools (Avrillon et al., 2023b; Valli et al., 2024) and
commercial software packages (e.g., DEMUSE: https://demuse.feri.um.
si/) for HDEMG acquisition, decomposition and/or spike train editing
are available, with ongoing research towards fully automated methods
for spike train identification (Clarke et al., 2020; Rossato et al., 2023).

3.3. Classic limitations of EMG decomposition

Current source-separation algorithms tend to identify the MUs with
the largest MUAPs within the EMG signal (Farina & Holobar, 2016). As
high-threshold MUs have the largest innervation ratios in the MU pool
(see Fig. 2 in Caillet et al., (2023a)), decomposition techniques tend to
favour the identification of the higher-threshold MUs. Therefore, by
usually over-representing high-threshold over low-threshold MUs, the
identified MU samples are likely not representative of the MU pool, as
they do not follow an exponential distribution of recruitment thresholds
(i.e., a greater proportion of low-threshold MUs over high-threshold
MUs). In addition to this bias, it is usually difficult to identify large
samples of MUs. With surface grids of 64 electrodes and/or intramus-
cular arrays of 40 electrodes, high-yield decomposition typically iden-
tifies samples of 5-40 MUs per muscle per contraction (Del Vecchio
etal., 2020; Hug et al., 2021b; Muceli et al., 2022). This is still a limited
portion of the MUs in human muscles that are typically hundreds to a
few thousands. For these reasons, it is challenging to identify, with
current EMG recording and decomposition techniques, MU samples that
accurately estimate the neural drive to muscle (Fig. 1, first column). For
example, Caillet et al., 2022b computed the neural drive at the muscle-
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scale with publicly available datasets of few identified MUs (i.e., 14-32 Avrillon et al. (2023a)). Fig. 3 reports the density histograms (blue bars)
MUs), that over-represent higher-threshold with respect to lower- of the MUs identified with three grids of 4-, 8-, and 12-mm IED and 256,
threshold MUs. The predicted neural drive, that was calculated as the 64, and 35 electrodes.

low-pass filtered (10 Hz) cumulative spike train and validated against Increasing the electrode density gradually revealed early-recruited
the normalized recorded joint torque as previously proposed (Farina & MUs that were not identified with lower-density grids. For example,
Negro, 2015), substantially underestimated the true neural drive in the up to 32 % (range: 6-44 %) of the MUs identified with the densest grid
regions of low forces. Solutions to this problem are discussed in the (256 electrodes, 4-mm IED) were early-recruited MUs (i.e., in the first
following. half of the active MU pool), against only 11 % (range: 0-24 %) when
using grids of 12-mm IED. Importantly, relatively more early-recruited
3.4. Dense surface EMG grids of electrodes MUs were identified than late-recruited MUs when increasing elec-
trode densities. Increasing the total number of electrodes, either by
Increasing the density and number of surface EMG electrodes yields increasing the grid size or electrode density, gradually revealed MUs
larger and more representative samples of identified MUs (Fig. 1, second that were not identified with fewer electrodes. Notably, the number of
column). Specifically, dense grids of surface EMG electrodes allow to identified MUs doubled with 256 electrodes (4-mm IED and 36 cm?)
better identify low-threshold MUs, while increasing the number of sur- against 64 electrodes (4-mm IED or 8-mm IED), reaching 56 + 14 MUs
face EMG electrodes allows to identify greater number of MUs. This was and 45 + 10 MUs for contractions up to 30 % and 50 % MVC,
recently demonstrated by Caillet et al., (2023b), who showed decom- respectively.
position of EMG signals recorded from the TA muscle with surface grids Increasing the electrode density, the size of the grid, and/or the
of 256 electrodes and 4-mm interelectrode distance (IED), as well as six number of electrodes improved the spatial sampling (e.g., IED < 5 mm to
grids of lower size, electrode density, and number of electrodes. The avoid spatial aliasing (Afsharipour et al., 2019)) of the action potential
conclusions on electrode number and density were confirmed with waveforms. As a consequence, the pulse-to-noise ratio of the spike trains
computational simulations and with an ultra-dense grid of 2-mm IED in of the small MUs and MUs far from the recording sites increased, better
the same study (Caillet et al., 2023b), as well as for the VL muscle separating sources from the additive noise in the mixture model of the

(unpublished results obtained from the publicly available data by EMG signal and enabling their accurate identification (Caillet et al.,

Increasing electrode density
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Fig. 3. Estimation of the neural drive to muscle from populations of discharging motor units (MUs). The data and results were obtained in Caillet et al.,
(2023a,2023b). EMG signals were recorded from the tibialis anterior muscle with three grid configurations of increasing electrode density (from left to right: grids of
12-mm, 8-mm, and 4-mm interelectrode distance involving 35, 64, and 256 electrodes, respectively) during trapezoidal contractions up to 30 % maximum voluntary
contraction (MVC) (first row) and 50 % MVC (second row). Samples of MUs were identified from the decomposition of these EMG signals. The histograms report the
density distribution of the MUs across the recruitment range in 5 %-steps. The distribution of experimentally-identified MUs is reported with blue bars according to
their measured force recruitment thresholds F* (in %MVC). The similarity of these experimental threshold distributions with the ground-truth distribution given in
Fig. 2 is assessed with the calculation of the Bhattacharyya coefficient Dg in [0; 1]. Dg = 1 suggests that the MU sample is representative of the exponential dis-
tribution of thresholds of the full MU pool. The distribution of the reconstructed MU pool is reported with red bars according to the MUs’ current recruitment
thresholds (rheobase) Iy, (in percentage of the maximum theoretical value for I;). Here, Iy, is predicted from the MN size S, that is estimated by the data augmentation
method (see next section for details) as Iy, = 3.8 @ 108 e $252 (Caillet et al., 2022a). The histograms were normalized to the total number of MUs in each configu-
ration. The experimental neural drive was estimated from the samples of identified MUs (dotted blue traces, Neural Drive — Identified MUs). The neural drive was also
estimated from the discharge activity of the artificial full pool population of N = 400 MUs (solid red traces, Neural Drive — Full MU pool), that was generated from the
experimental MU samples with computational methods (Caillet et al., 2022b) (see next section for details). In all cases, the neural drive was obtained by summing the
binary spike trains of the available MUs and low-pass filtering the resulting cumulative spike train. The resulting neural drives (in arbitrary units) were normalized to
the average computed value over the plateau of force (Caillet et al., 2023a, 2023b). The normalized neural drives were validated in the normalized space against the
measured TA force (Farina & Negro, 2015; Enoka & Farina, 2021) (solid dark trace, see text for details on the validation).
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2023b). It is worth noting that the beneficial effects of high spatial
sampling and the rate at which additional MUs were detected with
higher number of electrodes decreased when the grids became very
dense (<4-mm IED), in which case the MUAPs detected by adjacent
electrodes were highly correlated (coefficient of correlation of 0.98 at 2-
mm IED) (Caillet et al., 2023b).

As a result, the densest grids of electrodes returned samples of
identified MUs that spanned across the complete recruitment range,
approaching the physiological exponential distribution of recruitment
thresholds necessary for accurate neural drive estimation (see top-
middle and top-right density histograms in Fig. 3, blue bars).
Conversely, the grid with 12-mm IED revealed few of the active low-
threshold MUs recruited during the first half of the muscle contrac-
tion. Moreover, increasing the number of electrodes helped identifying
MUs for each interval of recruitment thresholds. Therefore, the MU
samples derived with higher electrode density and number of electrodes
were more representative of the full pool, with systematically increasing
Bhattacharyya coefficients Dy between the threshold distributions of the
full pool (estimated in Fig. 2) and of the MU sample (see Fig. 3). The
neural drive to muscle was consequently better estimated, as displayed
in Fig. 3 and demonstrated by Caillet et al., (2023a). For example, the
low-density grid of 35 electrodes returned an inaccurate estimate of the
neural drive (top-left subplot in Fig. 3) with sudden jumps and drops
over the interval of recruitment threshold where no MUs were identi-
fied, and underestimation in the regions of low forces where the low-
threshold active MUs were not identified. Conversely, more accurate
estimates of the neural drive were obtained with the dense grid of 256
electrodes (top-right subplot in Fig. 3).

3.5. Dense intramuscular EMG arrays of electrodes

High-density arrays of intramuscular electrodes based on thin-film
technology have also been proposed (Muceli et al., 2015, 2022; Chung
et al., 2023). Like surface EMG, the number of identified MUs increases
with the number of intramuscular recording sites. Negro et al. (2016)
automatically decoded 20 + 3 (up to 24) MUs in the TA muscle from 16
to 32 intramuscular recording sites at forces ranging from 10 to 30 %
MVC, while Muceli et al. (2022) automatically decoded 31 + 5 (up to
40) MUs when using 40 channels at 30 % MVC, and up to 67 MUs with
80 channels. Source-separation algorithms might detect relatively more
low-threshold MUs from intramuscular EMG than surface EMG, as
intramuscular EMG is not subject to the filtering and attenuating effects
of the subcutaneous and skin layers and has higher signal-to-noise ratio
than surface EMG (Besomi et al., 2019). It remains to be investigated
whether the MU samples identified with intramuscular high-density
arrays of electrodes are representative of the full MU pool. Impor-
tantly, intramuscular arrays of electrodes can identify the activity of the
deep MUs that cannot be detected from surface EMG. Measurements
may therefore combine surface and intramuscular arrays of electrodes to
detect separate MU populations in difference portions of the muscle
(Muceli et al., 2015). Therefore, concurrently recording EMG signals
from dense and large surface grids of electrodes and multiple intra-
muscular high-density arrays of electrodes targeting different pop-
ulations of deep MUs can increase the experimental yield of MUs and the
identification of a strongly representative sample of the MU pool (Negro
et al., 2016; Muceli et al., 2022).

3.6. Selecting optimal subsets of the identified MUs

While it is possible with modern approaches to increase the number
of experimentally identified MUs and favour to some extent the identi-
fication of low-threshold MUs, as discussed above, the distributions of
these experimental samples are rarely matching the muscle-specific
exponential distribution of MUs in the full pool (Dp coefficient system-
atically below 1.0 in Fig. 3). It is possible to select optimal subsets of the
identified MUs to match the full pool distribution. To do so, we are using
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the threshold distributions in Fig. 2 as ground-truth representations of
full MU pools. As a reminder, these distributions were derived from
extensive populations of identified MUs but are associated with a certain
degree of uncertainty, considering that the full pool was not decoded.
According to Fig. 2, a TA muscle contracting at 30 % MVC has a third of
its active MUs recruited below 8 % MVC, another third between 8 and
18 % MVC, and another third between 18 and 30 %MVC (Fig. 2), i.e.,
following a 33 %-33 %-34 % split of the pool of active MUs over these
three 0-8, 8-17, and 17-30 % MVC recruitment ranges. Conversely, the
64-electrode grid returned, for the group of participants in Caillet et al.,
(2023b),a10 £ 5% — 26 4+ 10 % — 64 + 10 % split of identified MUs
over those three recruitment ranges. This indicates that the higher-
threshold MUs in the 18-30 % MVC range are over-represented. As
expected, the 256-electrode grid returned a more balanced 16 + 9 % —
26 + 8 % — 58 + 16 % split, although the higher-threshold MUs were
still over-represented (Caillet et al., 2023b). To address this limitation, it
is possible to select an optimal MU subset of the identified MU sample,
that is more representative of the MU pool, by discarding some of the
identified MUs that fall into the recruitment threshold ranges that are
over-represented. The selected optimal subsets would better estimate
the neural drive to muscle than the original samples of identified MUs.
This approach by optimal subsets proved beneficial in dexterous
human-machine interfacing (Yeung et al., 2023), for example.

To illustrate this approach, we analysed here 500,000 random
combinations of subsets of the MU samples identified in Caillet et al.,
(2023b), without repetitions within and between subsets, and with more
than 15 MUs. The 200 combinations of MUs that best estimated the
neural drive at muscle-scale (according to a weighted combination of
normalized coefficient of determination and root-mean square error)
were extracted. On average, the optimal subsets of MUs followed a 25 +
2% — 29 + 3 % — 46 + 3 % distribution over the three defined
recruitment ranges, when the original MU sample was obtained with the
256-electrode grid. A similar 23 + 3 % — 30 + 2 % — 49 + 4 % split was
achieved by the optimal subsets of the 64-electrode grid. In one
participant, for whom many low-threshold MUs were identified (top-
right quadrant in Fig. 3), the optimal subset achieved a close-to-
theoretical 30 %-32 %-38 % split. Those optimal subsets (closer to the
theoretical 33 %-33 %-34 % split than original samples) better esti-
mated the neural drive to muscle than the original MU samples by
effectively discarding a portion of the over-represented higher-threshold
MUs and retaining the identified lower-threshold MUs. This method by
optimal subsets however reduces the available experimental data and
impoverishes our direct experimental observation and understanding of
the dynamics of neural control strategy in humans in vivo. The discarded
experimental data may rather be used to infer the activity of the non-
identified active MUs, as we will discuss later.

3.7. Limitations of state-of-the-art recording and decoding methods

Despite the recent improvement discussed above, experimental ap-
proaches for the identification of representative samples of MUs still
present several limitations. First, experimental MU decoding is mainly
limited to isometric and static contractions but other force trajectories
more representative of daily-life contractions should be investigated.
New computational approaches are emerging to address challenges
related to muscle-grid shift and changes in muscle geometry that affect
the spatial sampling of the MUAP waveforms and identify individual
MUs in quasi-static (Oliveira & Negro, 2021) and dynamic (Glaser &
Holobar, 2018; Kapelner et al., 2019; Yokoyama et al., 2021) tasks.
Second, the identification of many low-threshold MUs is not always
possible. For example, very few low-threshold MUs were identified in
Caillet et al., (2023b) during high-force contractions, even with the
densest grids of electrodes (similar results are obtained at high forces by
the intramuscular dense arrays). Consequently, inaccurate estimations
of the neural drive were obtained for high-force contractions, irre-
spective of the electrode density, in the regions of low forces where very
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few low-threshold MUs were identified (Fig. 3, bottom row). The per-
centage of identified low-threshold MUs is also highly subject-specific,
with a high disparity of results reported between subjects (Caillet
et al., 2023b). It is likely muscle-specific, although no significant dif-
ference was found between the TA and VL muscles (Avrillon et al.,
2023a), and gender-specific, as fewer low-threshold MUs are usually
identified in females than males using non-invasive methods (Jenz et al.,
2023). To ensure the identification of many MUs over the full recruit-
ment range, one can track identified MUs across multiple contraction
intensities. For example, Avrillon et al. (2023a) applied this method
with the 256-electrode montage over the TA (VL) muscle of 16 partici-
pants for eight contractions between 10 % MVC and 80 % MVC, and
identified samples of 129 + 44 (130 + 63) unique MUs per subject and
muscle, the density distribution of which displayed the physiological
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4. Computational augmentation of experimental MU samples

Although MUs can be identified over the full recruitment range in
some conditions, including many low-threshold MUs and approaching
representative depictions of the full pool (Fig. 3B, C), it remains
impossible to experimentally detect the activity of full pools of active
MUs, i.e., to experimentally identify the neural drive at the MU scale. To
address this limitation, computational methods of data augmentation
(Caillet et al., 2022b; Ornelas-Kobayashi et al., 2023) have been recently
developed to derive reliable estimates of the discharge activity of the full
MU pool from a limited sample of identified MUs (Fig. 1, third column).
An open-source implementation of the approach proposed by Caillet
et al., 2022b is publicly available at https://github.com/ArnaultCAILL
ET/Caillet-et-al-2022-PLOS_Comput_Biol.

exponential tendency (black bars in Fig. 2) typical of the full MU pool.
4.1. Methods of experimental data augmentation

Caillet et al., 2022b proposed a computational data-driven method
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Fig. 4. Computational method for reconstructing the discharge activity of the full pool of motor units (MUs) from a limited sample of experimentally-
identified MUs (Caillet et al., 2022b). (A) In this example, the spike trains of 81 MUs were identified from the decomposition of high-density EMG signals (256
electrodes, 4-mm interelectrode distance, 36 cm?, see Fig. 3) recorded during a trapezoidal isometric contraction of the tibialis anterior muscle up to 30 % maximum
voluntary contraction (MVC). (B) The 81 identified MUs (red circles) are mapped with an index i € [1; N into the MU pool of N = 400 MUs, fully schematized here,
according to their measured force recruitment threshold F. The grey circles denote MUs that were not identified experimentally. The exponential increase of the
MUs’ force recruitment thresholds F™ across the MU pool (given in Fig. 2) is schematically represented from left to right and bottom to top by circles of increasing
diameters. (C) The MN Common Membrane Current, common to all modelled MNs, is derived from the Common Synaptic Input to the MU pool following a procedure
detailed in main text. The Common Synaptic Input is inferred from the discharge activity of the 81 identified MUs. (D) The Common Synaptic Input drives a revisited
leaky-integrate-and-fire model of motoneuron (MN), the electrophysiological properties (e.g., input resistance R, membrane capacitance C) of which are all
mathematically related to the size of the MN S, i.e., the total MN membrane surface area, according to a framework of mathematical relationships between inter-
related MN-specific properties derived elsewhere (Caillet et al., 2022a) and discussed in Section 2.1. (F) For each of the 81 identified MUs, the MN firing behaviour is
predicted by the LIF model and the difference between model-predicted and experimental MN discharge frequencies is minimized by (G) calibrating the MN-specific
size parameter S. (H) The discrete S-distribution is fitted, resulting in a continuous distribution for the S parameter. The resulting continuous distribution of MN-
specific electrophysiological properties (E) scales a pool of N = 400 MN models (I), that transforms the Common Synaptic Input (C) into the discharge activity of
the full MU pool (J). It is worth noting that the method presented here, which considers a single common input driving a group of MNs, may be extended to multiple
groups of MNs (e.g., MN clusters in a MN pool (Hug et al., 2023)), modelled as separate cohorts of MN LIF models and receiving specific common membrane currents
that would be estimated separately.
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that uses the physiological information of a sample of identified MUs to
computationally estimate realistic discharge activities (i.e., spike trains)
for the remaining non-identified MUs. This method is briefly described
in the following and is applied in Fig. 4 with an input sample of 81 MUs
identified from surface HDEMG signals (Fig. 4A).

The experimentally identified MUs are first indexed (i € [1;N]) in
the full pool of N MUs, according to their recorded recruitment threshold
value F and a typical muscle-specific F-distribution across the MU
pool (e.g., Fig. 2). Then, the common drive responsible for the discharge
activity of the identified MUs is estimated (Fig. 4C). To do so, the neural
drive is first computed from the experimental spike trains (as the low-
pass filtered cumulative spike train) and is then linearly associated to
the common synaptic input (i.e., the net excitatory synaptic influx
common to the MN population) in arbitrary values (Farina & Negro,
2015). The single-compartment LIF models with current synapses used
in Caillet et al. (2022b) do not describe the nonlinear transformation of
common synaptic input into dendritic activity. Therefore, as a modelling
simplification, the total dendritic membrane current responsible for
spike generation was directly piecewise-linearly scaled from the com-
mon synaptic input with physiological values of MN current recruitment
threshold, taken from Caillet et al., (2022a). Some physiological dy-
namics resulting from the missing nonlinear transformation, such as the
firing rate saturation, were captured by phenomenological parameters
added to the LIF model. To stress this modelling simplification and avoid
confusion, the total dendritic membrane current hence modelled was
renamed ‘Common Membrane Current’ (in nanoAmpere, Fig. 4C). Then,
the method determines, for each identified MU, the set of MN-specific
electrophysiological properties that best explain its observed discharge
activity. These properties (i.e., membrane time constant, input resis-
tance, current recruitment threshold) are the parameters of a single-
compartment leaky-integrate-and-fire (LIF) model of the MN (Fig. 4D).
Those inter-related properties are entirely determined by the MN size
parameter S, i.e., the total MN membrane surface area, as direct result
from the discussion in Section 2.1 about the mathematical inter-relation
between MN properties (Fig. 4E, (Caillet et al., 2022a)). The calibrated
LIF model transforms the Common Membrane Current (Fig. 4C) into a
train of discharge events. After calibration of the size parameter S
(Fig. 4G), the MN-specific LIF model minimizes the root-mean-square
difference between experimental and LIF-predicted filtered discharge
frequencies (Fig. 4F). Next, the scatted pairs {i;S;} (black crosses in
Fig. 4H) of MN index i (Fig. 4B) and calibrated parameter S; (Fig. 4D-G)
are fitted with a continuous function (red solid trace in Fig. 4H). The
resulting S-distribution, to which the previously-introduced mathemat-
ical relationships are re-applied (Fig. 4E), determines the continuous
distributions across the MU pool’s recruitment range of the MN elec-
trophysiological parameters of the LIF model. Finally, the discharge
activity of the full pool of active MUs is predicted. A population of N LIF
models of MNs (Fig. 4I) is scaled with the continuous distributions of
MN-specific electrophysiological properties derived in the last step. The
digital twin of the full pool of N MUs transforms the Common Membrane
Current into a physiologically plausible estimation of the discharge ac-
tivity of the full pool of active MUs (Fig. 4J).

Ornelas-Kobayashi et al. (2023) proposed a computational method
similar in some steps to that of Caillet et al., 2022b, applied to a 15-
parameter single-compartment conductance-based model with four
ion-gating channel types (Cisi & Kohn, 2008). This model of MN is more
physiologically accurate than the LIF model shown in Fig. 4D, however
it is substantially more complex. As ion-gating channel-related param-
eters are difficult to measure in mammals (Bondarenko et al., 2004;
Fohlmeister, 2009), Ornelas-Kobayashi et al. (2023) kept 12 MN pa-
rameters generic and constant, as in the original model (Cisi & Kohn,
2008), and identified the three remaining parameters with separate
calibration routines. Consequently, the sets of MN parameters were not
inter-related and were only partially MN-specific in that study, contrary
to those derived in Fig. 4. Conversely, when MN-specific parameters are
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inter-related (like in Fig. 4E), a single calibration procedure is sufficient
for accurate MN-specific predictions.

In conclusion, depending on the objective of the study, a trade-off
must be found on MN model complexity. When reconstructing the full
MU pool for estimating the neural drive to muscle, reconstructing the
comprehensive exponential distribution of the MU recruitment thresh-
olds is of critical importance, as achieved in Caillet et al., 2022b (red bar
histograms in Fig. 3). Conversely, in Ornelas-Kobayashi et al. (2023), the
trapezoidal contractions of very short ramps, where all active MUs are
recruited over short 0.5-to-2-second periods, prevent from investigating
the recruitment activity of the MU pool and are unfit to assess the dis-
tribution of the reconstructed full pool of MUs across the recruitment
range. In many applications, detailing the physiological mechanisms
responsible for firing action potentials is not necessary, as long as the
predicted spike trains are accurate. In such cases, the flexibility of simple
LIF models for receiving distributions of MN-specific inter-related MN
parameters (Fig. 4D,E) is more suitable for accurately reconstructing the
MU pool activity, while additional MN modelling complexity is not
warranted and may become a limiting factor due to the increased
number of independent parameters to identify via optimization
approaches.

The two reconstruction methods described above are currently the
only methods in the literature that drive a computational model of MN
pool with motoneuronal data that is obtained experimentally. MN pool
models of varying complexity were previously proposed (Fuglevand
etal., 1993; Cisi & Kohn, 2008; Dideriksen et al., 2010; Dideriksen et al.,
2011; Negro & Farina, 2011; Watanabe et al., 2013; Farina et al., 2014a;
Potvin & Fuglevand, 2017), although they were tested and driven with
artificial inputs, inputs from interneurons, or feedback systems.

4.2. Estimation of the neural drive to muscle

The full pool of artificial MUs obtained with the reconstruction
method summarised in Fig. 4 (Caillet et al., 2022b) always provides a
more accurate estimate of the neural drive at the muscle-scale than the
original experimental sample of identified MUs (red solid traces versus
blue dotted traces in Fig. 3). This was demonstrated with 23 MU samples
identified from EMG signals recorded from the TA and VL muscles with
grids of varying electrode densities in eleven subjects performing trap-
ezoidal contraction forces at up to 30 % and 50 % MVC ((Caillet, 202.3)
and unpublished results obtained from the publicly available data by
Avrillon et al. (2023a)). The higher accuracy in estimating the neural
drive at muscle-scale is partially explained by the exponential distri-
bution of recruitment thresholds obtained for the full pool of N artificial
MUs (histograms of Fig. 3, red bars). Of note, the predicted quasi-linear
S-distribution shown in Fig. 4H nonlinearly transforms into an expo-
nential distribution of current recruitment thresholds I; with the
mathematical relationship I,«xS%52 (Caillet et al., 2022a).

The full pool of artificial MUs provides a comprehensive description
of the neural drive at the MU-scale, by estimating the discharge activity
for each active MU of the pool. The pool of artificial MUs is a realistic
digital twin of the full pool of MUs when the chosen value of N (MU pool
size) is of the same order of magnitude as the MUNE value for the
investigated muscle, despite its substantial uncertainty as discussed
previously. Importantly, the estimates of MU discharge activity are ac-
curate; this was demonstrated with a leave-one-out cross-validation (i.
e., each data point is sequentially held out as a validation set while the
remaining data is used for training, assessing the model’s generalization
performance) that confirmed the accuracy of the estimated discharge
activity for each of the identified MUs (Caillet et al., 2022b). Moreover,
the discharge activity of the reconstructed pool is compatible with other
physiological laws like the onion-skin strategy (De Luca & Hostage,
2010) (Fig. 4J), regardless of the quality of the input MU sample. This
accuracy in replicating physiological dynamics is achieved because the
method relies on physiologically-realistic mechanisms. Namely, the
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framework of mathematical relationships between inter-related MN-
specific properties (Fig. 4E) ensures MN-specificity and maintains the
parameters and predictions of the LIF model within physiological
bounds defined by the available experimental data. Therefore, the
method ensures obtaining a physiological distribution of the MN prop-
erties across the fully reconstructed MU pool consistent with Henne-
man’s size principle (Henneman, 1981). For these reasons,
reconstruction methods, such as that described in Fig. 4, are powerful
tools for accurately describing the neural drive to muscle both at the
MU-scale and the muscle-scale from limited samples of experimentally
observed MUs.

4.3. Current limitations and future perspectives of MU pool reconstruction
methods

Methods of experimental data augmentation for MU analysis have
some limitations and potential for further developments. First, the ac-
curacy of the neural drive estimated from the artificial full pool of MUs is
to some extent sensitive to the quality of the observed sample of iden-
tified MUs. Reliable predictions of the full MU pool activity are obtained
as long as the full MU pool is reconstructed from an experimental sample
of MUs that are identified in each region of the recruitment range
(Caillet et al., 2022b). Caillet (2023) demonstrated that as few as five
experimental MUs regularly spread across the recruitment range are
sufficient for deriving credible digital twins of the full pool and reliable
estimates of the neural drive at muscle-scale. Of note, the original MU
sample need not display an exponential distribution of thresholds for
reliable data augmentation, as the method re-captures the exponential
shape with the process in Fig. 4G, H. However, more representative
samples of experimental MUs bring complementary information to the
reconstruction process in Fig. 4G, H and yield more reliable predictions
of the full MU pool activity (see Fig. 3, top-middle versus top-right
subplots). Then, the accuracy of current data augmentation methods
remains limited when the input experimental MUs are not identified
over the full recruitment range. For example, the neural drive predicted
by the full pool of artificial MUs remains inaccurate in the regions of low
forces where identified MUs are often lacking, as discussed (bottom plots
in Fig. 3). In such cases, the reconstructed MU pools display exponential
MU distributions, contrary to the input samples of experimentally
identified MUs, but receive non-physiological Common Current Input
(Fig. 4C), that onset at the time of the earliest-recruited identified MU
and is zero until that time. Consequently, applying the data augmenta-
tion method in Fig. 4 to an experimental MU sample is meaningful for
deriving an estimate of the full MU activity, the reliability of which is
only ensured if the original sample identified MUs in each range of
recruitment.

A second limitation of current data augmentation methods is their
sensitivity to the chosen force recruitment curve, as discussed by Caillet
et al., 2022b. The properties of the recruitment curve determine the
indexing of the experimental MUs into the full MU pool (Fig. 4B), which
has consequences on the estimated continuous distribution of MN
properties across the full MU pool (Fig. 4H) and the simulated discharge
activity of the full MU pool (Fig. 4J). As the exponential shape and the
range of MU recruitment are muscle-specific, the data augmentation
methods should be applied with muscle-consistent models of recruit-
ment curves, when available. Otherwise, the recruitment curve may also
be calibrated by minimizing the difference between simulated and
ground truth (normalized isometric force trace) neural drives at muscle-
scale, as advised in Caillet et al., 2022b.

Third, the single-compartment LIF model with current synapses
proposed in Fig. 4C provides accurate predictions of MN firing behav-
iour during isometric muscle contractions but comes with intrinsic
limitations in physiological accuracy (Burkitt, 2006; Caillet et al.,
2022b; Teeter et al., 2018). For example, the LIF model of Fig. 3 de-
scribes the physiological saturation of firing rates and follows the onion-
skin scheme (De Luca & Hostage, 2010) with a phenomenological
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parameter estimated from the available experimental data. Rather,
saturation may be described with more physiological accuracy with a
single-compartment LIF model with lumped active conductances (Bur-
kitt, 2006; Caillet et al., 2022b), where the intensity of the input current
decreases with increasing membrane depolarization. Likewise, the
changes in MN discharge patterns associated with dynamic muscle
contractions may be phenomenologically captured with muscle state-
related alterations to the properties of the single-compartment LIF
model proposed in Fig. 4C. For example, rate modulation differs be-
tween concentric and eccentric contractions (Kossev & Christova, 1998;
Christova & Kossev, 2000) but also varies with contraction speed
(Desmedt & Godaux, 1978; Van Bolhuis et al., 1997). However, changes
in MN discharge behaviour between isometric and dynamics contrac-
tions rely on changes in the intrinsic properties of MNs. For example,
afferent feedback activity varies with muscle length (Pasquet et al.,
2005) following an uneven distribution across the MN pool (Heckman &
Enoka, 2012), synaptic input to the dendrites differs between isometric
and anisometric contractions (Tax et al., 1989; Van Bolhuis et al., 1997),
and the amplitude of dendritic persistent inward currents varies with
changes in limb position and joint angle (Hyngstrom et al., 2007).
Therefore, these electrophysiological mechanisms and changes in MNs’
intrinsic excitability would be more accurately captured by more
advanced MN models, such two-compartment models with dendritic
activity.

Fourth, the reconstructed full MU pools and their activity, although
realistic, only remain estimates of the true physiological process. The
predicted activity of the reconstructed pools is only validated, at the
MU-scale, for the MUs identified experimentally. This leaves room for
variation in the estimation of the other non-identified MUs, the pre-
dicted dynamics of which are only constrained by the validation of the
neural drive at muscle-scale and the afore-discussed physiological laws
implemented in the architecture of the model. Therefore, acceptable
variations in the size N of the MU pool, the shape of the recruitment
curve (Fig. 4B), the definition of the Common Current Input (Fig. 4C),
the definition of the MN-specific mathematical relationships (Fig. 4E), or
the calibration and reconstruction methods (Fig. 4F, G) may yield, for
the same input sample, different estimates of reconstructed MU pools
that return similar validation results. For example, the data augmenta-
tion method in Fig. 4 is not sensitive to the chosen value of N (size of the
full MU pool) and the neural drive at muscle-scale may be successfully
validated with reconstructed pools of physiological numbers of MUs (N
= 400 for the TA) or with reduced pools of as few as 10 MUs (Caillet
et al., 2022b). While further research should be pursued on the
numerosity of these possible multiple solutions, this limitation does not
revoke that the reconstructed pool and its activity as output by the data
augmentation method is likely to be a realistic description of the true
neural drive to muscle.

Finally, it is relevant to note that the concepts and methods presented
in this section and in Fig. 4 relates to a single pool of MN that receives
one source of common synaptic input. However, the same approaches
can be extended in a straightforward way to multiple groups/pools of
motor neurons, each receiving different sources of common input (Hug
et al., 2023). In this case, once the separate groups of MNs are identified
as each receiving common input, the MNs would be modelled by sepa-
rate cohorts of MN LIF models.

5. Neuromechanics: Predicting forces from accurate decoding of
the neural drive

We reviewed experimental and computational methods to observe
the behaviour of discharging MUs that provide accurate estimates of the
neural drive to muscle during human muscle contractions. These iden-
tification methods are of particular importance for studies that aim to
decode muscle function from neural intent, i.e. neuromechanical in-
vestigations on how the neural commands determine behaviour.
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5.1. Single-input single-output EMG-driven predictions of force

Traditionally, computational simulations of human muscle contrac-
tions are performed with EMG-driven Hill-type models of whole muscles
(Hof & Van Den Berg, 1981; Lloyd & Besier, 2003; Pizzolato et al., 2015;
Caillet et al., 2022c). In these methods, a single-actuator Hill-type
muscle model phenomenologically transforms, in a single-input single-
output strategy, the experimental EMG envelope into muscle force. This
approach is well-established (Caillet et al., 2022c¢), and has had impor-
tant applications, for example in human-machine interfacing (Sartori
etal., 2012; Ao et al., 2017; Caggiano et al., 2022; Cimolato et al., 2022).
However, as discussed above, EMG envelopes provide only a crude
description of the neural drive to muscle, so that force predictions and
neuromechanical analyses are limited with this approach. As an
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approach to analyse the effect of MU synchronization on the steadiness
of a task (Thompson et al., 2018).

To address the limitations of classic EMG-driven models, some
studies (Sartori et al., 2017; Thompson et al., 2018; Kapelner et al.,
2020) replaced the EMG envelope with a more accurate description of
the neural drive, that is the filtered cumulative spike train (fCST)
computed from discharging MUs identified from decomposed HDEMG
signals. Yet, in both the global EMG- and fCST-driven approaches, the
recruitment and discharge dynamics of the active MU pool are lumped
into a single phenomenological macroscopic neural control signal. These
single-input single-output strategies therefore maintain muscle model-
ling at the macroscopic level rather than describing the force-generating
process at the level of individual MUs. This hinders the investigation of
human neuromuscular control with computational tools.

example, because of lack of accuracy, it is not possible with this
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Fig. 5. Computational method for predicting whole muscle forces from motoneuronal spiking activity using a motoneuron (MN)-driven computational
muscle model with motor unit (MU) resolution. (A-C) In Caillet et al., (2023a), high-density electromyographic (HDEMG) signals were recorded from the tibialis
anterior (TA) muscle during isometric trapezoidal dorsiflexion. The ankle torque T and four bipolar EMG (bEMG) signals from co-contracting muscles were also
recorded. (D) The HDEMG signals were decomposed into spike trains (ST;,i € [1;81]) for 81 identified MUs in this example. (E) The discharge activity of the full pool
of active MUs (ST;,i € [1; 354])) was generated from the 81 identified spike trains with the computational method in Fig. 4. (F) A MN-driven neuromuscular model

with MU resolution transforms the spike trains derived previously (STy, STz, -+, STx) into MU forces ( MU MU f,f‘U>, that sum into the predicted whole muscle

force FM. Here, k = 81 or k = 354 whether the neuromuscular model receives the spike trains from the experimental sample of identified MUs (blue arrow) or from
the full pool of artificial MUs (red arrow). The neuromuscular model describes the activation and contraction dynamics of each modelled MU with dedicated Neural
Element (NE) and Contractile Element (CE). The passive dynamics of the parallel and in-series elastic elements (PEE and SEE) are neglected in Caillet et al., (2023a).
In this approach, the neuromuscular model receives a subject-specific MU-specific neural control. (G) A subject-specific musculoskeletal model, derived from
segmented medical images, provides further subject-specific muscle-specific architectural parameters (F), 1 ,1) to couple with the neuromuscular model. (H) The
subject-specific musculoskeletal model, the recorded ankle, and the bEMG signals recorded from co-contracting muscles are used to estimate the experimental force
Fra generated by the TA muscle (Caillet et al., 2023a). (I-J) The muscle force predicted from the experimental sample of identified MUs (ng, blue arrow and trace)
and from the full pool of artificial MUs (F%’ , red arrow and trace) are validated against the experimental muscle force (Fra, black arrow and trace).
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5.2. Motoneuron-driven models of muscle force

In response to the limitations of single-input strategies, Caillet et al.,
(2023a) developed a neuromuscular model that comprehensively de-
scribes the force-generating dynamics of individual MUs. This method is
summarised in Fig. 5. A cohort of Hill-type models transforms an input
vector of MN spike trains (Fig. 5D,E) derived from HDEMG (Fig. 5A, B)
into an output vector of individual MU forces (Fig. 5F), that sum into the
predicted whole muscle force (Fig. 5J). Models of MU pools were pre-
viously proposed (Hatze, 1978; Hatze, 1980; Fuglevand et al., 1993;
Raikova et al., 2018; Carriou et al., 2019), but all were used in combi-
nation with an artificial (not data-driven) neural drive. In Fig. 5, the
neuromuscular model receives processed HDEMG data and was tested
both with MU samples identified from HDEMG (Fig. 5B,D) and full pool
of artificial MUs (Fig. 5E) obtained with the reconstruction method
presented in Fig. 4. These approaches were tested (Caillet et al., 2023a)
for trapezoidal contractions of the TA muscle up to 30 % and 50 % MVC
with three grids of varying interelectrode distance (as in Fig. 3). An
open-source implementation of this approach is publicly available at htt
ps://github.com/Arnault CAILLET/MN-driven-Neuromuscular-Mod
el-with-motor-unit-resolution. Across all conditions, the accuracy in
predicting muscle force (Fig. 5H, I) systematically increased, especially
in the regions of low forces, with greater numbers of electrodes, denser
grids of electrodes, with the full pool of artificial MUs obtained by data
augmentation (red trace in Fig. 5J) versus the experimental MU sample
(blue trace in Fig. 5J), and at 30 % MVC versus 50 % MVC. These results
echo with the conclusions previously drawn and stress the importance of
deriving an input representative MU population, i.e., experimentally
sampling the MU pool in a representative way, for controlling MN-
driven neuromuscular models with realistic neural drive. In particular,
neglecting the discharge activity of low-threshold MUs results in
ignoring the force-generating contribution of those MUs to the whole
muscle force, that is underpredicted at low contraction intensities.
Limited samples of identified MUs (e.g., samples of 2-22 MUs used in
another model of MU pool (Gogeascoechea et al., 2023)), which likely
over-represent the activity of high-threshold MUs, are therefore unfit for
accurately controlling models of a MU pool directly. This is why in cases
of limited MU samples, the unexplained EMG residual is added to the
fCST after parameter calibration in fCST-driven approaches (Sartori
et al., 2017). As a final note, MN-driven models with MU resolution
provide a more physiologically accurate description of the force-
generating dynamics of muscles than traditional single-input single-
output EMG-driven models. The functioning of traditional EMG-driven
models relies on phenomenological non-linear transformations, like
between EMG and compound “muscle activation”, that include
phenomenological parameters that cannot be experimentally estimated
and must be calibrated to achieve prediction accuracy, usually by
matching estimated and ground truth joint moments. Parameter cali-
bration yields a risk of parameter over-fitting when the calibration set is
small and lacks a large variety of motor tasks, so that EMG-driven
models may not perform well on test sets that include different trials
of motor task (Caillet, 2023). Conversely, MN-driven models with MU
resolution may integrate parameters that have a physiological meaning
and may be measured experimentally, so that parameter calibration is
avoided. For example, Caillet et al., (2023a) proposed advanced physi-
ological models of the MUs’ activation dynamics, where changes in
action potential firing modulates the fusion of the cascading twitches of
free calcium ion concentration, calcium-troponin concentration, and
normalized MU activation. As the parameters governing these cascading
twitch models could be directly identified from recent experimental
data, Caillet et al., (2023a) proposed distributing the twitch properties
of these models across the MU pool (peak amplitude, time-to-peak, half
relaxation time) by modelling different dynamics for low-threshold and
high-threshold MUs. As a result of this physiological approach, accept-
able twitch fusion to tetanus was observed for the modelled MUs and
discussed in Caillet et al., (2023a), so that the resulting fused MU
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normalized forces, scaled with a distribution of the MUs’ maximum
forces across the MU pool derived from the literature, achieved accurate
estimations of the total muscle force without having to rely at any point
on steps of parameter calibration.

6. Conclusions and perspectives

The neural drive to muscle refers to the discharge activity of the
active motoneuron pool, i.e., to the ensemble of action potentials
transmitted to the muscle fibres and responsible for muscle force gen-
eration. The neural drive to muscles is the ultimate signal for muscle
control; its accurate estimate is necessary for establishing its physio-
logical link with the resulting muscle forces for the neuromechanical
investigation of movement. Accurately identifying the neural drive to
muscle in humans in vivo is however challenging. The MU samples
identified from decomposed EMG signals usually include relatively few
identified MUs, lack the activity of low-threshold MUs, and over-
represent high-threshold MUs, so that they are inaccurate descriptions
of the active MU pool. Here, we reviewed electrophysiological methods
to estimate larger samples of MUs that follow a physiological expo-
nential distribution across the MU pool’s recruitment range, i.e., many
low-threshold and few high-threshold MUs (Fig. 2). These improve-
ments are obtained by increasing the number and density of surface or
intramuscular EMG electrodes (Fig. 3). Then, we described how a reli-
able estimation of the discharge activity of the full MU pool can be
reconstructed with computational data augmentation methods from the
optimized — but still limited — experimental data (Fig. 4).

The accurate and comprehensive description of the neural drive to
muscle from individual motoneuronal activity finds crucial applications
in the control of neuromuscular models (Fig. 5), but also in the inves-
tigation of neural control strategies, including the study of neural syn-
ergies (Hug et al., 2023) and functional connectivity (Bracklein et al.,
2022), in clinical applications with the diagnosis and monitoring of
neurophysiological disorders (Kelly et al., 2023; Bashford et al., 2020),
or in neurorehabilitation technologies, e.g., for tremor suppression
(Puttaraksa et al., 2022), prosthetics control (Farina et al., 2017; Farina
et al., 2021), and assistive exoskeleton control (Jung et al., 2021).
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