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In Vivo Neuromechanics: Decoding 
Causal Motor Neuron Behavior with 
Resulting Musculoskeletal Function
Massimo Sartori1, Utku Ş. Yavuz  2 & Dario Farina  3

Human motor function emerges from the interaction between the neuromuscular and the 
musculoskeletal systems. Despite the knowledge of the mechanisms underlying neural and mechanical 
functions, there is no relevant understanding of the neuro-mechanical interplay in the neuro-musculo-
skeletal system. This currently represents the major challenge to the understanding of human 
movement. We address this challenge by proposing a paradigm for investigating spinal motor neuron 
contribution to skeletal joint mechanical function in the intact human in vivo. We employ multi-muscle 
spatial sampling and deconvolution of high-density fiber electrical activity to decode accurate α-motor 
neuron discharges across five lumbosacral segments in the human spinal cord. We use complete 
α-motor neuron discharge series to drive forward subject-specific models of the musculoskeletal system 
in open-loop with no corrective feedback. We perform validation tests where mechanical moments 
are estimated with no knowledge of reference data over unseen conditions. This enables accurate 
blinded estimation of ankle function purely from motor neuron information. Remarkably, this enables 
observing causal associations between spinal motor neuron activity and joint moment control. We 
provide a new class of neural data-driven musculoskeletal modeling formulations for bridging between 
movement neural and mechanical levels in vivo with implications for understanding motor physiology, 
pathology, and recovery.

Motor function in humans and animals is accomplished via neural control of muscle contractions that generate 
interaction forces throughout the skeletal system1,2. Motor function may be voluntary, take place at the level below 
awareness or, in the case of a reflex, it may bypass the brain3. It may emerge from a set of hardwired, in-born 
motor programmes4 or as a result of learning, refinement, and adaptation process5–8.

Motor function emerges from the neuro-mechanical interplay taking place in the composite 
neuro-musculo-skeletal system2,9. Spinal motor neurons are recruited to elicit mechanical forces that enable us 
to physically interact with the environment. Despite the extensive knowledge we have on neural microstruc-
ture function, we have little understanding of its causal association with the mechanical forces it provokes10. For 
example, the neural basis for accurate control of muscle fiber contraction and mechanical force steadiness are still 
debated11,12. Although musculoskeletal joint mechanical characteristics (i.e., moment13, loading14, stiffness15,16, 
damping15) are determined by underlying neuromuscular function3,17, establishing cause-effect relations between 
the neural and mechanical levels is an open challenge18. A central characteristic of motor control processes is 
state dependence. The mechanical function emerging from neural commands is dependent upon the states of the 
neuro-musculo-skeletal system. Even if it was possible to record neural function concurrently with the resulting 
mechanical function in a specific condition, this would only determine a correlation that would not be valid in a 
different condition (i.e. underlying different states), and would therefore be not causal17.

Neurophysiological analysis gives insights into the neural processing underlying human motor function, i.e. 
the generation of synaptic input ultimately converging to spinal motor neuron pools and recruitment of the 
innervated muscle fibers. This analysis alone, however, does not fully explain the mechanical significance and 
purpose of the observed neuromuscular mechanisms as it mostly focuses on the neural-side of the system not 
fully accounting for the form and function of musculoskeletal-side1,2.
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The contribution of individual muscles to joint actuation has been previously studied by modeling a finite 
set of neuromuscular reflexes19 or by using a priori defined optimization criteria, e.g. minimal squared muscle 
activation sum or metabolic cost of transport. Modeling formulations based on networks of spiking motor, sen-
sory, and inter-neurons were also recently used for explaining the control of single-joint musculoskeletal models 
during postural tasks20,21. However, an individual’s neuro-musculo-skeletal function (i.e., neuronal interaction, 
muscle fiber recruitment, musculoskeletal force production) highly varies across motor tasks22–24, pathology25–28, 
or training29,30, with variations occurring among individuals31 as well as within the same person23,24. Therefore, 
although current theoretical models provide a valuable starting point for the computational investigation of 
motor function, they are limited in reproducing an individual’s neuro-musculo-skeletal processes across different 
conditions (i.e. tasks, training, or pathologies). An alternative approach is thus needed.

Here we propose a paradigm to study human motor function at the interface between in vivo neurophysiology 
and biomechanics10. We propose a novel technique for probing the mechanical forces elicited by the activity of 
spinal motor neuron pools displaced across five lumbosacral segments of the human spinal cord. We apply this 
paradigm to a large repertoire of isometric ankle joint moment control tasks performed at different contraction 
efforts and joint angular positions. During these tasks, we decode spinal motor neuron activity and concurrently 
reconstruct the multi-muscle force patterns elicited in the control of ankle moments.

The ability of decoding the activity of large motor neuron pools potentially provides access to the synaptic 
input converging onto these pools32, thus opening new avenues for understanding the organization and connec-
tions in higher spinal neural networks. The breakthrough with respect to current theoretical models (not driven 
by neural signals) is that our proposed approach enables decoding subject-specific motor neuron strategies across 
any condition (i.e. task, pathology, training) from muscle fiber electrical activity, with no direct need for creating 
numerical models of spinal neuronal networks. Importantly, this is done in a purely open-loop way, i.e. with no 
closed-loop corrective mechanism that compensates for moment prediction errors. In our proposed formulation, 
joint moment estimates are therefore purely contributed by in vivo motor neuron activity. This opens new avenues 
for understanding neuro-mechanical causalities in human movement and the alterations caused by impairment33, 
with potentials for establishing novel treatments.

Results
Subjects seated on a dynamometer and were instructed to perform isometric ankle plantar-dorsi flexion con-
tractions at seven levels of maximal voluntary contraction (%MVCs) repeated at three ankle joint angles (Fig. 1, 
Methods Section). We established an interface with the human nervous system by employing multi-muscle spa-
tial sampling of high-density muscle fiber electromyograms (HD-EMG, Figs.1–2). This involved more than 250 
recording sites over seven leg muscles (Methods Section). We decomposed the muscle fiber HD-EMG to open 
a window into α-motor neuron activity and to its distribution across the rostrocaudal axis of the spinal cord 
(Figs 3–5). We then established a neural data-driven musculoskeletal model that was scaled and calibrated to 
each subject (Fig. 6, Methods Section)34. The subject-specific model was validated on the ability of translating 
motor neuron discharges into the resulting net ankle joint moments (Figs 7,8, Supplementary Video S1)34. This 
was done in an open-loop way (i.e. no closed-loop corrective mechanism) on unseen trials that were not used for 
calibrating the model internal parameters (Fig. 6E, Methods Section). Results showed that the proposed formula-
tion could synthetize realistic neuro-mechanical processes (i.e. highly non-linear) involved in the joint moment 
control task (Fig. 7, Supplementary Video S1). Remarkably, results also showed that our proposed paradigm ena-
bled revealing direct associations between modulations in spinal motor neuron activity and joint moment control 
(Figs 5 and 8). This confirmed the possibility of observing the link existing between the neural and mechanical 
function in vivo in the intact human. This Section presents quantitative results across all stages of the analyses.

Decoding the net neural drive to muscles. Figure 2 depicts soleus muscle fibers HD-EMGs recorded 
during a 30% MVC trial performed at anatomical ankle angular position. The figure shows how the interferent 
HD-EMG was decomposed into its neural (i.e., motor neuron discharges) and peripheral components (i.e., mus-
cle fiber action potentials). In this depicted trial, we could decode a total of 20 motor neurons active between 
48% and 89% of the trial cycle. For all subjects and trials, the proposed sampling and decoding method always 
detected on average >10 motor neurons per muscle. The largest motor neuron populations were decoded from 
the soleus (13 ≤ size ≤ 29) and tibialis anterior (12 ≤ size ≤ 26). Smaller populations were decoded from the gas-
trocnemius medialis (3 ≤ size ≤ 17), gastrocnemius lateralis (2 ≤ size ≤ 12) and peroneus group (5 ≤ size ≤ 14). 
Single motor neuron discharge rates (DRs, Eq. 1) were always within physiological ranges, i.e. ≤ 44.4 pulses per 
seconds (pps) in all conditions35. Absolute ranges of variations (i.e. highest and lowest observed rates for a sin-
gle motor neuron) were similar for single motor neurons controlling the tibialis anterior (3.3 ≤ DR ≤ 40.3 pps), 
soleus (3.9 ≤ DR ≤ 40.1 pps), peroneus group (5.9 ≤ DR ≤ 42.7 pps) and gastrocnemius medialis (4.6 ≤ DR ≤ 44.3 
pps) whereas the lower bound for DR was greater for the gastrocnemius lateralis (9.7 ≤ DR ≤ 44.4 pps).

Figure 2A,B shows how single motor neuron spike trains were combined to form the cumulative spike train. 
This was used to compute the total motor neuron firing, i.e. the total number of discharges over time from the 
decoded population of α-motor neurons innervating a muscle, providing a direct indication of neural activity 
in the spinal cord. As detailed in the Methods Section (Eq. 2), we mapped total motor neuron firings onto the 
lumbosacral segments of the human spinal cord along the rostrocaudal axis. Figure 3 visualizes ipsilateral spinal 
segments activity in the transition from 20% to 30%MVC. During the plantar-flexion part of the task, spinal 
cord sacral segment activity increased from 96.4 pps (20% MVC) to 106.3 pps (30% MVC, Fig. 3). During the 
dorsi-flexion part of the task, spinal cord activity was substantial in the lumbar segments increasing from 57.6 pps 
(20% MVC) to 70.6 pps (30% MVC, Fig. 3).

The total motor neuron firing provided a direct estimate of the net neural drive produced by the nervous sys-
tem in the control of a muscle, i.e. the ultimate neural code transduced by musculotendon units into mechanical 
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Figure 1. Linking between the neural and mechanical levels of motor function. Subjects perform a large 
repertoire of isometric ankle plantar-dorsi flexion contractions. High-density electromyograms are recorded 
and decomposed into the temporal events at which the underlying motor neurons discharged, thus opening 
a window into the central nervous system. This is done for seven major muscles spanning the ankle joint 
(see Methods Section). The decoded motor neuron discharges are directly used to control a subject-specific 
model of the musculoskeletal system. This enables reconstructing the net ankle moment over time, without 
knowledge of the experimental values (i.e. blinded validation) and without closed-loop feedback mechanism 
for compensating prediction errors (i.e. open-loop formulations). In this way, the predicted moment is purely 
contributed by motor neuron-controlled multi-muscle contractions acting on the skeletal system.

Figure 2. Separating the interferent electromyogram into its central and peripheral components. (A) High-
density electromyograms (HD-EMGs) visualized for 13 out of 64 channels located in the middle column 
of a 13 × 5 electrode grid. This signal is recorded from the soleus muscle during a 30% maximal voluntary 
contraction performed with ankle joint at neutral position. (B) Experimental ankle plantar-dorsi flexion 
moment (continuous curve) depicted synchronously with soleus HD-EMG (A) and the decoded motor neuron 
discharge events (spike trains). (C) The interferent HD-EMG (A) is decomposed into motor unit (MU) action 
potentials (peripheral component) and motor neuron spike trains (central component, discrete spikes in B). 
Spike trains are combined together to form the cumulative spike train, i.e. an accurate estimate of the net neural 
drive produced by the nervous system in the control of a muscle. The decoded neural drive is subsequently used 
as part of the neural data-driven modeling formulation (Figs 3–5).
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force. We observed substantial modulations in this measure across muscles and conditions. In the transition 
from 20% to 90%MVC, the total motor neuron firing increased from 278.6 ± 95.6 pps to 374.4 ± 118.5 pps for 
the tibialis anterior, 34.6 ± 8.9 pps to 42.2 ± 34.1 pps for the peroneus tertius, 38.6 ± 5.8 pps to 214.8 ± 123.5 pps 
for the peroneus longus/brevis, 92.4 ± 17.7 pps to 122.7 ± 113.4 pps for the gastrocnemius lateralis, 44.3 ± 8.0 pps 
to 184.6 ± 122.1.6 pps for the gastrocnemius medialis, and 208.0 ± 19.9 pps to 268.9 ± 99.2 pps for the soleus. 
Figure 4 shows total motor neuron firing profiles for each muscle, averaged across all subjects in the transition 
from 20% to 30%MVC.

The discharge patterns we detected were highly accurate for all reported motor neurons as demonstrated by 
the threshold we imposed on the pulse-to-noise ratio (PNR) metrics in the HD-EMG decomposition (Methods 
Section)36. The PNR was always ≥0.9 for all the decoded motor neurons and contraction levels, thus assuring 
decomposition reliability, as we previously demonstrated36. This showed that we could detect accurate modu-
lations of the net neural drive to muscles across force levels and joint angles. Whether the derived neural drive 
estimates were biomechanically relevant was addressed in the next two Sections.

Associations between spinal motor neuron and joint mechanical function. Given the strong 
neuro-mechanical interplay in movement generation, we assessed whether we could reveal direct associations 
between modulations in decoded motor neuron activity and experimental joint moments37. This analysis further 
proved the reliability of the decoded spinal motor neuron activity (as analyzed in the previous section; PNR ≥ 0.9) 
and supported its biomechanical relevance.

Results showed that across all subjects, angles and %MVCs, the modulation of total motor neuron firing 
was a predominant mechanism of net joint moment control. Shape modulations in time-varying experimen-
tal moments mimicked those observed in neural activations derived from cumulative spike trains (Eq. 3, 
Fig. 5). We used the coefficient of determination R2 to compute shape similarity across all 207 validation tri-
als (min ≤ mean ± std ≤ max) between net ankle dorsi-flexion moment and the neural activation generated 

Figure 3. Spatiotemporal patterns of ipsilateral α-motor neuron activity in the spinal cord. (A) Multi-muscle 
spatial sampling of high-density electromyograms (HD-EMGs) provides access to high-dimensional data-
streams of muscle fiber electrical activity via 256 EMG channels simultaneously. Colormaps represent the 
HD-EMG root mean square value over the electrodes of the grids used for recording. (B) The HD-EMG is 
decomposed to determine cumulative spike trains of the motor neurons innervating selected musculotendon 
units, including tibialis anterior (tibant), peroneus tertius (pertert), brevis (perbrev), and longus (perlong), 
gastrocnemius lateralis (gaslat) and medialis (gasmed), and soleus (sol). The instantaneous discharge rates 
(pulses per seconds) of the cumulative spike trains are mapped onto the rostrocaudal axis of the spinal cord 
lumbosacral segments, i.e. L4–5 and S1–3. The multiple spinal segments innervating a single muscle are 
visualized via curved lines connecting a lumbosacral segment to the resulting cumulative spike train to the 
muscle. The α-motor neuron-dependent lumbosacral segments activity is visualized using a color scale via 
a filled contour plot (Methods Section). (C) Motor neuron spike trains drive forward an open-loop subject-
specific musculoskeletal model. This reveals how the spinal cord output layers generate the neural drive to 
muscles to enable ankle joint mechanical moment control across different forces (%MVC).
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by the motor neuron cumulative spike train produced in the control of each muscle. This was high for the 
dorsi-flexing muscles (Fig. 5), including the tibialis anterior (0.88 ≤ 0.97 ± 0.02 ≤ 0.99) and the peroneus ter-
tius (0.71 ≤ 0.93 ± 0.06 ≤ 0.99). Likewise, theR2 between net ankle plantar-flexion moment and motor neuron 
activation was high for all plantar-flexing muscles (Fig. 5), including the soleus (0.91 ≤ 0.97 ± 0.01 ≤ 0.99), per-
oneus longus/brevis (0.74 ≤ 0.96 ± 0.03 ≤ 0.99), gastrocnemius medialis (0.89 ≤ 0.96 ± 0.02 ≤ 0.99) and lateralis 
(0.85 ≤ 0.97 ± 0.02 ≤ 0.99). A visual representation of these mechanisms is depicted in Fig. 5B and in Fig. 7, where 
distinctive joint moment modulations, even those particularly rapid (i.e., see 30% MVC condition in Fig. 5B), 
were directly represented in neural activation profiles.

Predicting net joint moment from the neural drive to muscles. We then assessed whether our pro-
posed neural data-driven modeling method (Fig. 6) could translate discrete cumulative spike trains derived from 
high-dimensional sets of motor neurons (on average 56.7 ± 10.2 across all muscles) into multi-muscle coordi-
nated force profiles that could reconstruct experimental joint moments over all subjects and conditions in a 
blinded open-loop way. Figure 7 shows the individual non-linear neuro-mechanical transformations underlying 
net joint moment estimates as computed by the proposed method, i.e. from motor neuron discharges to modu-
lation of musculotendon kinematics (i.e. fiber and tendon length), from coordinated multi-muscle moments to 
net ankle moment generation. Supplementary Video S1 further visualizes how input motor neuron spike trains 
were translated into output musculotendon force for the soleus muscle during a 20% MVC task at 10 degrees 
of ankle dorsi-flexion. The net joint moments could be well estimated directly from motor neuron discharges 
across a total of 207 validation trials performed by all subjects across the tested conditions (51.7 ± 5.6 validation 
trials per subject, Fig. 8, Methods Section). The computed similarity metrics between predicted and experimental 
moments were the coefficient of determination R2, the root mean squared error normalized to the root mean 
squared sum of experimental values (NRMSE), as well as the Chebyshev 90% confidence intervals for both R2 
and NRMSE (Methods Section). These metrics ranged between 0.13 ≤ NRMSE ≤ 0.58 and 0.82 ≤ R2 ≤ 0.99 with 
Chebyshev maximal expected errors represented by R2 = 0.88 and NMRSE = 0.57 (Fig. 8). Of the 207 performed 
estimates, 97% had R2 > 0.9 and 87% had NRMSEs < 0.4, across all tasks and subjects (Fig. 8). The average values 
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Figure 4. The neural drive to muscles. Total number of pulses per second (pps) discharged by the population 
of motor neurons decoded across two levels of percentage maximal voluntary contraction (%MVCs). Discharge 
profiles are computed from motor neuron cumulative spikes trains (CST, Eq. 1) for all investigated muscles 
including: tibialis anterior (tibant), peroneus tertius (pertert), peroneus longus and brevis (perlong), soleus 
(sol), gastrocnemius lateralis (gaslat) and gastrocnemius medialis (gasmed). The 0% denotes the onset of the 
dorsi-flexing phase while the 100% denotes the completion of the plantar-flexing phase of the task. Data are 
reported for the ankle anatomical angular position. Within each graph values are averaged across all validation 
trials and subjects, with depicted profiles reflecting the first standard deviation band.



www.nature.com/scientificreports/

6Scientific RepoRts | 7: 13465  | DOI:10.1038/s41598-017-13766-6

were distributed toward low-range NRMSEs (i.e., 0.3 ± 0.02) and high-range R2 (i.e., 0.96 ± 0.03) values (Figs 5B 
and 8).

Results confirmed that the proposed method was superior at predicting time-varying joint moment shape 
modulations than the most advanced methods available to date based on interferent high-density EMGs recorded 
using bi-dimensional grids of electrodes (Fig. S1). The R2 between experimental moment and the moment con-
tributed by motor neuron discharges ranged between 0.87 ≤ R2 ≤ 1, with average values of R2 = 0.97 ± 0.01. When 
joint moments were predicted using linear envelopes derived from the interferent HD-EMGs, similarity ranged 
between less favorable values 0.67 ≤ R2 ≤ 0.98, with consistently lower average values of R2 = 0.92 ± 0.05 (Fig. S1). 
The information on motor neuron activity extracted from HD-EMG deconvolution enable to causally bridge 
neural activation to mechanical function, which was our primary hypothesis, and proved to be superior to the use 
of global HD-EMG features.

Overall, results confirmed that the proposed paradigm (HD-EMG spatial sampling, motor neuron decoding 
and neuro-mechanical modeling) enabled probing the in vivo mechanical forces actuating biological joints as a 
function of sampled spinal motor neuron pools, despite these pools representing only a subset of all active motor 
neurons.

Discussion
We presented a paradigm to study human motor function at the interface between neurophysiology and biome-
chanics. This reveals how spinal motor neurons elicit mechanical forces at the musculoskeletal level in vivo in the 
intact human. It comprises two main components. The first is a neural interface that provides access to α-motor 
neuron activity across the spinal cord lumbosacral segments (Fig. 3). This is realized via multi-muscle spatial 
sampling and deconvolution of the electrical activity of muscle fibers innervated by α-motor neuron axons. The 
second is a subject-specific neural data-driven musculoskeletal modeling formulation. This enables translating in 
vivo motor neuron discharges and residual background activity into accurate estimates of the resulting mechani-
cal function elicited in human biological joints.

We demonstrated the possibility of decoding hundreds of motor neuron discharges (Fig. 4) from multiple 
muscles concurrently and use them, in a biomechanically meaningful way, for the accurate computation of result-
ing joint moments (Figs 7–8) across an extensive repertoire of muscle contractile conditions, i.e. seven %MVCs 
repeated at three joint angles. Importantly, this was done purely in an open-loop way, i.e. motor neuron discharges 

Figure 5. Normalized muscle activation and joint moment profiles. (A) Square of the Pearson product moment 
correlation coefficient (R2) between reference ankle joint moments and activation profiles derived from 
motor neuron cumulative spike trains (Eq. 3, see Methods Section). Activation profiles are normalized to vary 
between 0 (i.e. no muscle recruitment) and 1 (i.e. maximal muscle recruitment, Methods Section). Similarity 
is computed during the dorsi-flexion phase for the tibialis anterior (tibant) and peroneus tertius (pertert) and 
during the plantar-flexion phase for the peroneus longus, peroneus brevis (perlong), soleus (sol), gastrocnemius 
lateralis (gaslat) and gastrocnemius medialis (gasmed). Downwards and upwards triangles represent R2 absolute 
minimal and maximal values respectively. Vertical lines represent R2 standard deviation ranges. Values are 
derived across all trials and subjects. (B) Representative joint moment profiles including reference moments 
(black curve) and motor neuron-contributed moment (red curve). Second and third row graphs report tibant 
and sol motor neuron cumulative spike trains (red vertical lines) and resulting neural activation profiles (grey 
curves, Eq. 3) highlighting that neural activation shape is well mimicked by net reference moment shape. The 
0% denotes the onset of the dorsi-flexing phase while the 100% denotes the completion of the plantar-flexing 
phase of the task.

http://S1
http://S1


www.nature.com/scientificreports/

7Scientific RepoRts | 7: 13465  | DOI:10.1038/s41598-017-13766-6

Figure 6. Schematics of the neural data-driven musculoskeletal modeling formulation. The model (A–D) is 
initially calibrated offline (E). Then, it takes experimental knee and ankle joint angles and spinal motor neuron 
cumulative spike trains (CSTs) as input and computes all transformations that lead to musculotendon force 
and ankle joint moment production. The muscle activation component (A) converts motor neuron CSTs into 
neural activation/deactivation profiles using a second order recursive system (Eq. 3). This is summed to the 
residual interferent electromyogram component not decomposed into CSTs (see Methods Section) to recover 
the muscle twitch response and further processed via a nonlinear transfer function to compute the resulting 
muscle activation (Eq. 4). The musculotendon kinematics component (B) synthetizes subject-specific three-
dimensional paths of musculotendon units (MTUs) using a set of MTU-specific multidimensional cubic 
B-splines. Each B-spline computes MTU length and moment arms as a function of the input joint angles. The 
MTU dynamics component (C) solves for the dynamic equilibrium between muscle fibers and series elastic 
tendons in the production of net MTU force. It employs a Hill-type muscle model informed by MTU length 
and muscle activations from the previous two components. The joint dynamics component (D) transfers 
MTU forces to the skeletal joint level using MTU moment arms. In the offline calibration component (E), 
initial nominal parameters are repeatedly refined, as part of a least-squares optimization procedure, so that 
the mismatch between model’s predicted joint function and the experimentally recorded joint function is 
minimized. After calibration, the entire estimation procedure runs in open-loop without measurement-driven 
error compensation.

Figure 7. The neuro-mechanical processes underlying joint moment control. Open-loop translation of input 
motor neuron cumulative spike trains (CSTs) into output joint moment. This involves the conversion of discrete 
CSTs (red vertical lines in left-hand graphs) into continuous muscle activation profiles (Eq. 4), which are then 
used to determine time-varying fiber lengths, pennation angles, tendon lengths, net musculotendon unit 
(MTU) forces and moments. MTU-specific moments produced by the coordinated multi-MTU function are 
summed up to compute the resulting net moments contributed about the ankle plantar-dorsi flexion degree of 
freedom. The CST-derived joint moment (red curve) is compared for validation with reference values (black 
curve) derived from dynamometer readings. The neuro-mechanical steps are reported for all modeled MTUs: 
tibialis anterior (tibant), peroneus tertius (pertert), peroneus longus (perlong), peroneus brevis (perlprev), 
soleus (sol), gastrocnemius lateralis (gaslat) and gastrocnemius medialis (gasmed). Data are depicted for a 
representative trial performed at 30% of maximal voluntary contraction (%MVC) with the ankle join at 10 
degrees of dorsi-flexion.
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were blindly converted into joint moments with no closed-loop mechanism that compensated for prediction 
errors. The remarkable aspect is that the approach revealed a direct causal association between modulations in 
motor neuron activity and modulations in joint moments (Figs 3, 5 and 7). This is an important mechanism at the 
basis of human and animal motor function5,37,38, which emerged from our proposed neural data-driven model-
ling formulation, thus supporting the validity of the approach. Accurate open-loop moment estimates across all 
conditions and subjects (over 207 validation trials) could only be obtained if the underlying neuro-mechanical 
modelling transformations (i.e. multi-muscle HD-EMG sampling, discharge decoding, multi-muscle coordina-
tion, net joint moment production, Fig. 7, Supplementary Video S1) well reflected the actual physiological pro-
cesses of each subject. This achievement required addressing challenges, including the concurrent recording of 
large HD-EMG data streams (>250 channels) simultaneously from multiple muscles and the accurate separation 
of the interferent fiber electrical activity into its neural (motor neuron discharges) and its peripheral component 
(muscle fibers action potentials) as well as the creation of physiologically accurate neural data-driven musculo-
skeletal formulations that captured the subject-specific anthropometry and non-linear transformations between 
neural input and mechanical force output.

The innovative focus of the proposed procedure is the ability of combining high-density EMG spatial sam-
pling, decoding and modeling in a single formulation. This represents a novel way to process interferent HD-EMG 
signals and obtain accurate estimates of the neuro-mechanical information it contains, i.e. causal motor neuron 
firing patters linked to mechanical forces. Furthermore, this offers a paradigm shift in the current field of muscu-
loskeletal modeling34. Due to the indirect way in which the interferent bipolar EMG relates to muscle force gen-
eration and due to the difficulties in interpreting it for large muscles, current approaches cannot reveal the neural 
determinants of mechanical force production, a fundamental problem our proposed paradigm directly addresses. 
Current modeling formulations define neural activation to muscles as the intensity of single-channel EMG lin-
ear envelopes, i.e. differential signal from a bipolar electrode pair, rectified, filtered, and amplitude-normalized3. 
Because the interferent EMG is generated by the spatio-temporal convolution of thousands of motor neuron dis-
charges, the temporal and spatial resolution of the linear envelope is described by a random process, which may 
introduce discrepancies with its physiological counterpart, i.e. this process is inherently biased by the transfor-
mation of a frequency-domain feature (i.e., motor neuron firing) into an amplitude-domain feature (i.e., linearly 
filtered rectified EMG intensity). In contrast, motor neuron discharges provide unbiased information, i.e. they 
reflect the exact physiological process underlying muscle activation and the actual way mechanical function is 
coded and modulated at the spinal level, as visualized in Fig. 3. The innovative focus is that, within our formula-
tion, muscles become biological amplifiers of the spinal neural output and musculoskeletal modelling becomes 
the dynamical process that translates decoded neural discharges into mechanical force.

Results showed that the decoding of motor neuron discharges was accurate as determined by performance 
metrics computed during the decomposition process (PNR ≥ 0.9). This enabled accessing a large number of 
motor neurons (on average 56.7 ± 10.2 decoded neurons across seven muscles), which displayed a variety of 
firing behaviors across muscles and %MVCs (Figs 3–5). This also provided a challenging environment for testing 

Figure 8. Predicted and reference joint moments. Net ankle plantar-dorsi flexion (AFE) moments performed at 
different percentages of maximal voluntary contraction (%MVC) forces and at three angular positions including 
the anatomical position (Anatomy), 10 degrees dorsi-flexion (Dorsi) and 10 degrees plantar-flexion (Plantar). 
The reported joint moment profiles are the reference dynamometer readings (black curve) and those predicted 
using motor neuron spike trains (red curve). These are relative to the first band of standard deviation computed 
from all 207 validation trials performed by all subjects. The 0% denotes the onset of the dorsi-flexing phase 
while the 100% denotes the completion of the plantar-flexing phase of the task.

http://S1
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whether the neural data-driven model could operate as a function of the diverse motor neuron firing trends. 
Results showed that the proposed neural-data driven modeling method could consistently translate the diverse 
motor neuron firing behaviors into accurate predictions of net ankle moment (Fig. 8). Remarkably, this was 
possible during 15 unseen %MVCs conditions (i.e. not used for model parameter identification, see Methods 
Sections), which demonstrated the ability of extrapolating beyond calibration conditions. This proves that the 
approach truly synthetized the underlying neuro-mechanical transformations and did not merely learn to fit 
input to output data in a specific instance. This gives confidence that the sampling and decoding can extract 
motor neuron populations that are biomechanically relevant despite representing only a part of the actual pool 
recruited in the human and that the proposed neural data-driven model provides a realistic representation of 
each subject’s neuro-musculo-skeletal function (Fig. 5). Our results showed the superiority of the proposed par-
adigm in predicting joint moment fine modulations with respect to the current state of the art methods based on 
interferent EMGs. The shape of net ankle plantar-dorsi flexion moment directly mimicked the shape of motor 
neuron-dependent neural activation profiles across all conditions, including those underlying particularly fast 
moment modulations (Fig. 5). Overall, results proved that our proposed neuro-mechanical modeling approach 
enabled deriving estimates of the mechanical forces elicited in multiple muscles by large pools of motor neurons 
with the highest fidelity (Figs 5, 7 and 8).

Future work will investigate whether our proposed methodology can extrapolate, not only across unseen 
%MVC conditions (Fig. 8), but also across time scales. Current traditional methods based on EMG linear 
envelopes are affected by changes in underlying action potential shape and amplitude across experimental ses-
sions (i.e. due to electrode placement, electrode-to-skin impedance, etc.), thereby inducing variability in the 
overall EMG envelope. The ability of decomposing the EMG into motor neuron discharges has the potential 
to relax these constraints, i.e. the underlying spike trains are dimensionless and likely to be less affected by 
electrode-induced biases, provided that a sufficiently number of motor neurons is decoded. This may open the 
way to neuro-musculo-skeletal models that need to be scaled and calibrated once for all per subject. Our results 
showed the ability of linking motor neuron discharges and resulting joint moments during high-effort tasks (i.e. 
70–90%MV) underlying fast (i.e. near-ballistic) muscle contraction. Future work will investigate the ability of 
translating the current approach to motor tasks that underlie highly dynamic contractions and a larger repertoire 
of muscle short-stretch cycles, i.e. including locomotion with muscle fibers operating eccentrically and concen-
trically over larger ranges of their force-length-velocity dependency.

This study also showed that the effective part of the cumulative spike train responsible for force modulation 
was in the low frequency band. This was represented via slow neural activation profiles, i.e., motor neuron spike 
trains filtered via a second-order twitch model (Eq. 3, Figs 5 and 7). The direct association found between neural 
activation and joint moment (Fig. 5) is explained by the fact that the musculoskeletal system acts as a natural low 
pass filter of the spinal segments neural output (Figs 3 and 4), a central mechanism that was properly captured 
by our paradigm (Fig. 7). The neural drive high frequency band is filtered out by the slow twitch response of 
muscle fibers triggering electrochemical transformations (i.e., calcium dynamic) and inducing limits in fiber 
action potential propagation velocity as well as by intrinsic viscoelasticity properties of muscle–tendon units. 
Previous studies have shown slow activation profiles to directly mirror the common synaptic input (i.e. com-
mon drive) projected from higher spinal neural levels down to alpha motor neuron pools32,39. In light of our 
results, this would suggest the common drive to be a prime neural mechanism in the modulation of mechanical 
function across several contraction efforts spanning both functional (i.e., 20% to 50%MVC in our study) and 
near-maximal contraction ranges (i.e., 90% MVC in our study).

This work was based on four subjects. Therefore, results may not be completely generalizable. However, this 
study aimed at developing the theoretical, experimental, and computational framework for investigating the 
neuro-mechanical interplay that regulates motor function in the intact human in vivo. This step needs to be 
necessarily taken before the framework can be systematically applied to a large population of subjects. Moreover, 
our proposed formulation enables capturing an individual’s specific anthropometry and force-generating prop-
erties, thus assuring accurate analysis of each individual subject, regardless of the sample size. This represents an 
improvement in current state-of-the-art modeling methodologies in which the recruited individuals are chosen 
to have a similar build as that of the musculoskeletal geometry model used40,41 or the model anthropometric 
properties are scaled with no identification of subject-specific activation-to-force parameters42,43. This study did 
not validate the neural data-driven model predictions at the single muscle-tendon level due to the underlying 
constraints in measuring single muscle force in humans. However, we demonstrated the ability of generating 
muscle-tendon force solutions that explain both movement neural (motor neuron discharges) and mechani-
cal (joint moments) levels. Future work will investigate the impact that the neuro-mechanical constraints we 
imposed have on the ability of probing unique multi-muscle force solutions.

In conclusion, we proposed a new paradigm for establishing a window into the human central nervous 
system and into the processes responsible for the translation of neural information into biomechanical func-
tion. We showed that we could probe the mechanical forces elicited by α-motor neurons, something central 
for investigating the role of neural connectivity between motor neuron pools in the control of biological joint 
function in vivo in the intact human. Our approach has broad applicability for decoding mechanical function 
from different sources of neural information (i.e. from spinal cord44–46, nerve47, or intramuscular48 readings) 
pioneering the way to neuro-mechanical man-machine interfaces. That is, interfaces that exploit an individual’s 
complete neuro-mechanical information for device control rather than only the underlying neural signals46,49,50. 
The translation of these methods to patients with orthopedic and neurological conditions33,46 creates unprece-
dented opportunities to study how neuro-mechanical processes are disrupted in individuals with neuromuscular 
pathologies33,51.
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Methods
Experimental Design. Experiments were conducted in accordance with the declaration of Helsinki. 
The University Medical Center Göttingen Ethical Committee approved all experimental procedures 
(Ethikkommission der Universitätsmedizin Göttingen, approval number 01/10/12). Four healthy men (age: 
30 ± 1.9 years, weight: 68.3 ± 1.3 kg; height: 184 ± 2.1 cm) volunteered for this investigation after providing signed 
informed consent.

We developed a subject-specific modeling formulation (Fig. 6) that enables accurate blinded prediction of 
leg musculoskeletal function as controlled by motor neuron spike trains decoded in vivo from the intact human 
(Fig. 2). First, ground reaction forces (GRFs) and motion capture data were recorded synchronously using 
an in-ground force plate (Bertec Co., Columbus, OH, USA, 2048 Hz) and a seven-camera system (Qualisys, 
Göteborg, Sweden, 256 Hz), respectively. A set of 18 retro-reflective markers were placed on each subject’s pelvis 
and right lower extremity13. Data were recorded during one static anatomical pose and during a set of functional 
trials for determining the right hip, knee, and ankle joints centers of rotation52.

Subsequently, a dynamometer (M3, Biodex Medical Systems Inc., Shirley, NY, USA) was used to measure 
ankle plantar-dorsi flexion angular moments and positions. The dynamometer data were recorded synchronously 
with HD-EMGs (Fig. 1). These were measured and A/D converted with 12-bit precision using a 256-channel 
EMG acquisition system (EMG-USB2, OT Bioelettronica, Torino, Italy). A set of three 64-channel and two 
32-channel flexible grid electrodes (10-mm inter-sensor distance) were used. The grids incorporated copper 
tracks on a kapton support and were applied on the skin surface by 1-mm thick double adhesive foam with holes 
in correspondence of each sensing site. The skin-grid contact was improved via conductive paste. The 64-channel 
grids were placed on the tibialis anterior, soleus and gastrocnemius medialis muscles. The 32-channel grids were 
located on the gastrocnemius lateralis and peroneus group (Fig. 3). As previously described, peroneus group 
EMG information recorded during dorsi-flexion informed computational representations of the peroneus tertius 
musculotendon unit13. EMG information recorded during plantar-flexion informed computational representa-
tions of the peroneus brevis and longus musculotendon units. This provided access to EMG information for 
a total of seven musculotendon units13. All recordings were performed in monopolar derivation and adjacent 
signals were then subtracted to obtain bipolar recordings for subsequent analysis. Interferent HD-EMGs were 
processed to derive linear envelopes and enable performance comparison with respect to our proposed approach 
based on motor neuron discharges (Eqs 1–4). In this context, HD-EMGs were averaged across all recorded chan-
nels for each muscle. The amplitude offset of the resulting residual signal was removed to achieve zero mean. The 
resulting signal was high-pass filtered (30 Hz), full-wave rectified, and low-pass filtered (2 Hz) using a zero-phase 
second-order Butterworth filter. For each subject and muscle, the resulting HD-EMG linear envelopes were nor-
malized with respect to the peak-processed values obtained from the entire set of recorded trials.

Subjects performed series of isometric plantar-dorsi flexion contractions that tracked a monitor-displayed 
reference trace. This involved reaching pre-defined percentages of maximal dorsi-flexion and plantar-flexion 
moments starting from the resting condition (Figs 1–2). Three subjects performed tasks spanning different 
%MVCs including 30, 50, 70 and 90%MVC. Each %MVC condition was performed at three ankle joint arrange-
ments including anatomical position, 10 degrees dorsi-flexion, and 10 degrees plantar-flexion. External attach-
ments were applied to the subject leg to preserve the knee joint angular position at 60 degrees. Each %MVC 
and ankle angle condition involved four trials. Each trial comprised four sequential phases including: 2s-phase 
transitioning from resting to dorsi-flexion %MVC, 2s-phase transitioning from dorsi-flexion %MVC to resting 
condition, and two equivalent phases of plantar-flexion %MVC (Fig. 2). These tasks were designed so that higher 
%MVCs underlay higher moment slopes (Fig. 2). The fourth subject performed contractions spanning a differ-
ent %MVC range, including 20, 30, 40, 50, 60%MVC. The joint moment slope for transitioning between resting 
condition and %MVC was kept constant (10%MVC/s), while the duration of each phase varied proportionally. In 
this, each trial was designed to preserve a constant moment slope across all %MVC conditions. The variable-slope 
and constant-slope trials enabled incorporating different muscle contraction strategies in the validation stage.

During standing static and functional trials, both GRFs and marker trajectories were low-pass filtered (6 Hz) 
with the same fourth-order Butterworth filter. GRFs from the static pose were averaged over a 3-s time win-
dow and the resulting vertical component was used to determine each subject’s weight. During the dynamom-
eter trials, the measured moments and angular positions were low pass filtered at 2 Hz. Moments were then 
averaged over a 5-s time window during which the subjects did not exert force. Averaged data were used to 
remove the force offset from the recorded moments due to the weight of the subject’s leg and dynamometer 
mechanical attachments. Dynamometer data were synchronously recorded with HD-EMG. From the dynamom-
eter trials, two datasets were created. One was used to calibrate the neural data-driven musculoskeletal model 
and the other (fully separated from the first) for validation. The calibration dataset consisted of six trials taken 
at the lowest %MVC condition for each subject, i.e. 30%MVC trials for subjects 1–3 and 20%MVC trials for 
subject 4. Calibration datasets included two trials at ankle anatomical, 10 degrees dorsi-flexion, and 10 degrees 
plantar-flexion positions respectively for each subject. The validation dataset consisted of all remaining trials 
spanning unseen %MVC condition, i.e. 207 trials in total (see Statistical Analysis Section).

Motor Neuron Decoding and Spatiotemporal Patterns of Spinal Cord Activity. Multi-muscle 
HD-EMG spatial sampling was used to access high-dimensional datastreams of muscle fiber electrical activity. 
Sampled (2048 Hz) HD-EMGs were band-pass filtered (10–500 Hz) and decomposed to extract the discharges of 
excitation of the innervating spinal motor neurons53 using a recently developed blind source separation algorithm 
based on deconvolution48. We report only the activities of motor neurons corresponding to a threshold of 0.9 in 
the PNR performance metrics36. This ensures that all the reported discharge patterns were decoded with high 
fidelity36. Figure 2 shows how the interferent HD-EMG (soleus, 30%MVC, anatomical ankle position) was sep-
arated into its neural (motor neuron discharges) and its peripheral component (muscle fibers action potentials).
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Discrete single motor neuron spike trains decoded in the control of a muscle were combined together to form 
the cumulative spike train48. The inverse of the time elapsed between each pair of consecutive spikes was used 
to determine the discharge rate DR, i.e. the number of pulses per second generated by the motor neuron pool:

=
− −

DR
t t

1
(1)n

n n 1

where tn represents the discharge time of the nth spike in the cumulative train. The DR was smoothed using a mov-
ing average window of 500 samples. The resulting discharge pattern provides a direct measure of the net firing 
of the active α-motor neurons innervating in the spinal cord. Therefore, this was mapped onto the rostrocaudal 
location of ipsilateral (i.e. right leg side) α-motor neuron pools in the lumbo-sacral segments of the human spinal 
cord (Fig. 3) to provide access to spinal level activity. This was done based on a previously published myotomal 
chart54 describing how individual spinal segments innervate muscles. Reference segmental charts were compiled 
for all body muscles by combining anatomical and clinical data from six different sources. Functional magnetic 
reference imaging of cervical and lumbosacral segments has confirmed the anatomical localization of the pub-
lished segments55,56. Detailed information is documented in the previously published procedures55,56. This was 
employed to reconstruct the output pattern of any given spinal segment Sj from individual DR patterns:
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where nj is the number of discharge patterns corresponding to the jth spinal segment and kij is the weighting coef-
ficient of the ith muscle relative to the jth spinal segment, as reported in54–56.

The discrete cumulative spike trains from all motor neurons decoded in the control of a specific muscle was 
converted into continuous neural activation profiles via a critically damped, linear, second-order, differential sys-
tem57. This characterized the activation and deactivation dynamics in response to motor neuron discharges and 
was expressed in a discrete form using a time history-dependent, infinite impulsive response filter58:

α β β= ⋅ − − ⋅ − − ⋅ −u t x t d u t u t( ) ( ) ( 1) ( 2) (3)1 2

where x(t) is the cumulative spike train at time t, u(t) is the neural activation profile, and α, β1, β2 are the recursive 
filtering coefficients. These were constrained to obtain a filter positive stable solution and unit gain: β1 = C1 + C2, 
β2  =C1 · C2, α − β1 − β2  =1, with −1 < C1, C2 < 0. The term d is the electromechanical delay. The resulting u(t) 
was summed to residual EMGs (i.e. signal component not explained by the identified motor unit activity) to 
recover the total muscle twitch response. We refer to this as to our estimate of the neural drive to muscle. This was 
the effective neural information used for driving the musculoskeletal modeling formulation.

Neural Data-driven Musculoskeletal Modeling. First, we used the open-source software OpenSim 
to scale a generic lower extremity model of the musculoskeletal geometry to match the subject’s anthropom-
etry59. The musculoskeletal geometry model had five lower extremity degrees of freedom (DOFs) at the hip 
(flexion-extension, adduction-abduction, internal-external rotation), knee (flexion-extension) and ankle 
(plantar-dorsi-flexion), and incorporated a total of seven musculotendon units (MTUs), including soleus, gas-
trocnemius medialis/lateralis, peroneus longus/brevis/tertius, and tibialis anterior. During the scaling process 
virtual markers were placed on the generic musculoskeletal geometry model based on the position of the exper-
imental markers from the static pose and the estimated joint centers from the joint functional trials (see the 
Experimental Design Section). This procedure linearly scaled the geometry model anthropomorphic properties 
(i.e. anatomical segment length, width, depth, center of mass location, and mass moment of inertia) as well as 
MTU insertion, origin and MTU-to-bone wrapping points on the basis of the relative distances between experi-
mental markers, estimated joint centers and corresponding virtual markers.

Then, the subject-specific musculoskeletal geometry model was integrated as part of the proposed neural 
data-driven modeling formulation (Fig. 6), which comprised five main components34. The muscle activation 
component (Fig. 6A) received as input the decoded neural drive to a muscle (Eq. 3) further processed via a non-
linear transfer function to compute the resulting muscle activation:

=
−

−
a t e

e
( ) 1

1 (4)
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A
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where −3 < A < 0 is the non-linear shape factor, with 0 being a linear relationship. Muscle activation a(t) reflected 
the ensemble dynamics of all electro-chemical transformations triggered at the muscle fiber level by the motor 
neuron discharges34. The musculotendon kinematics component (Fig. 6B) synthetized the MTU paths defined in 
the subject-specific scaled geometry model (see Musculoskeletal Geometry Model Scaling Section) into a set of 
MTU-specific multidimensional cubic B-splines60. Each B-spline computed MTU kinematics (i.e. MTU length 
and moment arms) as a function of input joint knee and ankle angles60. The musculotendon dynamics component 
(Fig. 6C) used muscle activation and MTU length to control a Hill-type muscle model and estimate instantaneous 
length, contraction velocity, and force in the muscle fibers, as well as strain and force in the series-elastic tendon 
within each MTU52,61. The joint dynamics component (Fig. 6D) computed ankle plantar-dorsi flexion moments 
as the product of MTU force and associated moment arms from the MTU kinematics block.

The offline model calibration component (Fig. 6E) identified subject-specific parameters that vary 
non-linearly with individuals’ anthropometries52,61. Calibrated parameters in the muscle activation component 
(Fig. 6A) included the filtering coefficients C1, C2 (Eq. 3) and the shape factor A (Eq. 4)58. These were global 



www.nature.com/scientificreports/

1 2Scientific RepoRts | 7: 13465  | DOI:10.1038/s41598-017-13766-6

parameters that equally applied to all MTUs. Calibrated parameters in the musculotendon dynamics component 
(Fig. 6C) included two strength coefficients. These varied within (0.5, 1.5) to scale maximal isometric force nom-
inal values34,52 for all dorsi-flexing and plantar-flexing MTUs respectively. This enabled preserving physiological 
force ratios within the two muscle groups while matching an individual’s force generating capacity. MTU-specific 
tendon slack length and optimal fiber length were adjusted within ± 8% and ± 3% of their initial value to fine 
tune muscle-tendon force-length-velocity relationships. Parameters initial values were determined as previously 
described to preserve normalized values between generic and linearly scaled musculoskeletal geometries34,52. A 
simulated annealing algorithm varied parameters to minimize the sum of the mean square differences between 
the predicted and experimental joint moments calculated over all calibration trials13,52,61.

Statistical Analysis. After discarding flawed trials, validation trials for all subjects involved a total of 207 
trials, i.e. 50, 48, 49, and 60 for each subject respectively. Trials were discarded when HD-EMG electrode failure 
was detected resulting in noise contamination in the recorded data. Similarity between motor-neuron predicted 
and experimental moments was calculated using the coefficient of determination (R2, square of the Pearson prod-
uct moment correlation coefficient) and the root mean squared error normalized with respect to the root mean 
squared sum of the corresponding experimental quantity (NRMSE). The 90% confidence interval was estimated 
for R2 and NRMSE using the Chebyshev’s theorem, i.e., expected interval = mean ± 3.16·std. This could be applied 
with no assumption on the normality of R2 and NRMSE distributions.

Accession codes. Data and code are available upon request.

References
 1. van den Brand, R. et al. Restoring voluntary control of locomotion after paralyzing spinal cord injury. Science 336, 1182–5 

(2012).
 2. Wenger, N. et al. Closed-loop neuromodulation of spinal sensorimotor circuits controls refined locomotion after complete spinal 

cord injury. Sci. Transl. Med. 6, 1–10 (2014).
 3. Enoka, R. M. Neuromechanics of Human Movement (Human KineticsPublishers, Inc., 2008).
 4. Dominici, N. et al. Locomotor primitives in newborn babies and their development. Science 334, 997–9 (2011).
 5. Capaday, C. The special nature of human walking and its neural control. Trends Neurosci. 25, 370–376 (2002).
 6. Burdet, E., Osu, R., Franklin, D. W., Milner, T. E. & Kawato, M. The central nervous system stabilizes unstable dynamics by learning 

optimal impedance. Nature 414, 446–449 (2001).
 7. Wolpert, D. & Diedrichsen, J. & Flanagan. Principles of sensorimotor learning. Nat. Rev. Neurosci. 12, 739–751 (2011).
 8. Matyas, F. et al. Motor Control by Sensory Cortex. Science (80-.). 330, 1240–1243 (2010).
 9. Kakei, S., Hoffman, D. S. & Strick, P. L. Muscle and movement representations in the primary motor cortex. Science (80-.). 285, 

2136–2139 (1999).
 10. Enoka, R. M. Biomechanics and neuroscience: a failure to communicate. Exerc. Sport Sci. Rev. 32, 1–3 (2004).
 11. Moritz, C. T., Barry, B. K., Pascoe, M. A. & Enoka, R. M. Discharge rate variability influences the variation in force fluctuations 

across the working range of a hand muscle. J. Neurophysiol. 93, 2449–2459 (2005).
 12. Dideriksen, J. L., Negro, F., Enoka, R. M. & Farina, D. Motor unit recruitment strategies and muscle properties determine the 

influence of synaptic noise on force steadiness. J. Neurophysiol. 107, 3357–3369 (2012).
 13. Sartori, M., Farina, D. & Lloyd, D. G. Hybrid neuromusculoskeletal modeling to best track joint moments using a balance between 

muscle excitations derived from electromyograms and optimization. J. Biomech. 47, 3613–3621 (2014).
 14. Gerus, P. et al. Subject-specific knee joint geometry improves predictions of medial tibiofemoral contact forces. J. Biomech. 46, 

2778–2786 (2013).
 15. Sartori, M. et al. Modeling and Simulating the Neuromuscular Mechanisms regulating Ankle and Knee Joint Stiffness during 

Human Locomotion. J. Neurophysiol. 114, 2509–2527 (2015).
 16. Churchill, C. B., Shahan, D. W., Smith, S. P., Keefe, A. C. & Mcknight, G. P. Dynamically variable negative stiffness structures. Sci. 

Adv. 2, 1–7 (2016).
 17. Farina, D. & Negro, F. Accessing the neural drive to muscle and translation to neurorehabilitation technologies. IEEE Rev. Biomed. 

Eng. 5, 3–14 (2012).
 18. Montgomery, K. L., Iyer, S. M., Christensen, A. J., Deisseroth, K. & Delp, S. L. Beyond the brain: Optogenetic control in the spinal 

cord and peripheral nervous system. Sci. Transl. Med. 8, 337rv5–337rv5 (2016).
 19. Song, S. & Geyer, H. A neural circuitry that emphasizes spinal feedback generates diverse behaviours of human locomotion. J. 

Physiol. 593, 3493–511 (2015).
 20. Sreenivasa, M., Ayusawa, K. & Nakamura, Y. Modeling and identification of a realistic spiking neural network and musculoskeletal 

model of the human arm, and an application to the stretch reflex. IEEE Trans. Neural Syst. Rehabil. Eng. 1–14, https://doi.
org/10.1109/TNSRE.2015.2478858 (2015).

 21. Elias, L. A., Watanabe, R. N. & Kohn, A. F. Spinal Mechanisms May Provide a Combination of Intermittent and Continuous 
Control of Human Posture: Predictions from a Biologically Based Neuromusculoskeletal Model. PLoS Comput. Biol. 10, 
e1003944 (2014).

 22. Buchanan, T. S. & Lloyd, D. G. Muscle activity is different for humans performing static tasks which require force control and 
position control. Neurosci. Lett. 194, 61–64 (1995).

 23. De Serres, S. J. & Milner, T. E. Wrist muscle activation patterns and stiffness associated with stable and unstable mechanical loads. 
Exp. brain Res. 86, 451–8 (1991).

 24. Tax, A. A., Denier van der Gon, J. J. & Erkelens, C. J. Differences in coordination of elbow flexor muscles in force tasks and in 
movement tasks. Exp. Brain Res. 81, 567–72 (1990).

 25. Besier, T. F., Fredericson, M., Gold, G. E., Beaupré, G. S. & Delp, S. L. Knee muscle forces during walking and running in 
patellofemoral pain patients and pain-free controls. J. Biomech. 42, 898–905 (2009).

 26. Fregly, B. J., Boninger, M. L. & Reinkensmeyer, D. J. Personalized neuromusculoskeletal modeling to improve treatment of mobility 
impairments: a perspective from European research sites. J. Neuroeng. Rehabil. 9, 1–11 (2012).

 27. Shao, Q., Bassett, D. N., Manal, K. & Buchanan, T. S. An EMG-driven Model to Estimate Muscle Forces and Joint Moments in Stroke 
Patients. Comput. Biol. Med. 39, 1083–1088 (2009).

 28. Dietz, V. Proprioception and locomotor disorders. Nat. Rev. Neurosci. 3, 781–790 (2002).
 29. Menegaldo, L. L. & Oliveira, L. F. An EMG-driven model to evaluate quadriceps strengthening after an isokinetic training. Procedia 

IUTAM 2, 131–141 (2011).
 30. Norton, J. & Gorassini, M. Changes in cortically related intermuscular coherence accompanying improvements in locomotor skills 

in incomplete spinal cord injury. J. Neurophysiol. 95, 2580–9 (2006).

http://dx.doi.org/10.1109/TNSRE.2015.2478858
http://dx.doi.org/10.1109/TNSRE.2015.2478858


www.nature.com/scientificreports/

13Scientific RepoRts | 7: 13465  | DOI:10.1038/s41598-017-13766-6

 31. Lloyd, D. G. & Buchanan, T. S. Strategies of muscular support of varus and valgus isometric loads at the human knee. J. Biomech. 34, 
1257–67 (2001).

 32. Negro, F., Şükrü Yavuz, U. & Farina, D. The human motor neuron pools receive a dominant slow-varying common synaptic input. 
J. Physiol. 1–45, doi:https://doi.org/10.1113/JP271748 (2016).

 33. Sartori, M. et al. Toward modeling locomotion using electromyography-informed 3D models: application to cerebral palsy. WIREs 
Syst. Biol. Med. e1368, https://doi.org/10.1002/wsbm.1368 (2017).

 34. Sartori, M., Llyod, D. G. & Farina, D. Neural Data-driven Musculoskeletal Modeling for Personalized Neurorehabilitation 
Technologies. IEEE Trans. Biomed. Eng. 63, 879–893 (2016).

 35. Enoka, R. M. & Fuglevand, A. J. Motor unit physiology: Some unresolved issues. Muscle Nerve 24, 4–17 (2001).
 36. Holobar, A., Minetto, M. A. & Farina, D. Accurate identification of motor unit discharge patterns from high-density surface EMG 

and validation with a novel signal-based performance metric. J. Neural Eng. 11, 16008 (2014).
 37. Ting, L. H. et al. Neuromechanical principles underlying movement modularity and their implications for rehabilitation. Neuron, 

https://doi.org/10.1016/j.neuron.2015.02.042 (2015).
 38. Courtine, G. et al. Transformation of nonfunctional spinal circuits into functional states after the loss of brain input. Nat. Neurosci. 

12, 1333–1342 (2009).
 39. Farina, D., Negro, F. & Dideriksen, J. L. The effective neural drive to muscles is the common synaptic input to motor neurons. J. 

Physiol. 592, 3427–3441 (2014).
 40. Martelli, S., Calvetti, D., Somersalo, E., Viceconti, M. & Sheffield, S. Stochastic modelling of muscle recruitment during activity 

(2015).
 41. Martelli, S. et al. Effect of sub-optimal neuromotor control on the hip joint load during level walking. J. Biomech. 44, 1716–21 

(2011).
 42. Hamner, S. R. & Delp, S. L. Muscle contributions to fore-aft and vertical body mass center accelerations over a range of running 

speeds. J. Biomech. 46, 780–7 (2013).
 43. Hicks, J. L., Uchida, T. K., Seth, a., Rajagopal, a. & Delp, S. Is my model good enough? Best practices for verification and validation 

of musculoskeletal models and simulations of human movement. J. Biomech. Eng. 137 (2014).
 44. Capogrosso, M. et al. A brain–spine interface alleviating gait deficits after spinal cord injury in primates. Nature 539, 284–288 

(2016).
 45. Minev, I. R. et al. Electronic dura mater for long-term multimodal neural interfaces. Science (80-.). 347, 159–163 (2015).
 46. Farina, D. et al. Man/machine interface based on the discharge timings of spinal motor neurons after targeted muscle reinnervation. 

Nat. Biomed. Eng. 1, 25 (2017).
 47. Navarro, X. et al. A Critical Review of Interfaces with the Peripheral Nervous System for the Control of Neuroprotheses and Hybrid 

Bionic Systems. J Peripher Nerv Syst 10, 229–258 (2005).
 48. Negro, F., Muceli, S., Castronovo, A. M., Holobar, A. & Farina, D. Multi-channel intramuscular and surface EMG decomposition by 

convolutive blind source separation. J. Neural Eng. 13, 26027 (2016).
 49. Ortiz-Catalan, M., Hakansson, B. & Branemark, R. An osseointegrated human-machine gateway for long-term sensory feedback 

and motor control of artificial limbs. Sci. Transl. Med. 6, 257re6–257re6 (2014).
 50. Ifft, P. J., Shokur, S., Li, Z., Lebedev, M. A. & Nicolelis, M. a. L. A brain-machine interface enables bimanual arm movements in 

monkeys. Sci. Transl. Med. 5, 210ra154 (2013).
 51. Borton, D., Micera, S., Millan, J. D. R. & Courtine, G. Personalized Neuroprosthetics. Sci. Transl. Med. 5, 210rv2 (2013).
 52. Sartori, M., Reggiani, M., Farina, D. & Lloyd, D. G. EMG-driven forward-dynamic estimation of muscle force and joint moment 

about multiple degrees of freedom in the human lower extremity. PLoS One 7, 1–11 (2012).
 53. Farina, D. et al. Noninvasive, accurate assessment of the behavior of representative populations of motor units in targeted 

reinnervated muscles. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 810–819 (2014).
 54. Kendall, F., McCreary, E. & Provance, P. Muscles. Testing and Function (MD: Williams and Wilkins, 1993).
 55. Ivanenko, Y. P., Poppele, R. E. & Lacquaniti, F. Spinal cord maps of spatiotemporal alpha-motoneuron activation in humans walking 

at different speeds. J. Neurophysiol. 95, 602–18 (2006).
 56. Ivanenko, Y. P. et al. Changes in the spinal segmental motor output for stepping during development from infant to adult. J. Neurosci. 

33, 3025–36a (2013).
 57. Milner-Brown, H. S., Stein, R. B. & Yemm, R. Changes in firing rate of human motor units during linearly changing voluntary 

contractions. J. Physiol. 230, 371–390 (1973).
 58. Lloyd, D. G. & Besier, T. F. An EMG-driven musculoskeletal model to estimate muscle forces and knee joint moments in vivo. J. 

Biomech. 36, 765–776 (2003).
 59. Delp, S. L. et al. OpenSim: open-source software to create and analyze dynamic simulations of movement. IEEE Trans. Biomed. Eng. 

54, 1940–50 (2007).
 60. Sartori, M., Reggiani, M., van den Bogert, A. J. & Lloyd, D. G. Estimation of musculotendon kinematics in large musculoskeletal 

models using multidimensional B-splines. J. Biomech. 45, 595–601 (2012).
 61. Sartori, M., Gizzi, L., Lloyd, D. G. & Farina, D. A musculoskeletal model of human locomotion driven by a low dimensional set of 

impulsive excitation primitives. Front. Comput. Neurosci. 7, 79 (2013).

Acknowledgements
This work has been partly supported by “the ERC Proof of Concept Grant “Interspine” (contract number 737570).

Author Contributions
Contribution to study conceptual idea (M.S., D.F.), study design (A.L.L.), data acquisition (M.S., U.S.Y.), data 
analysis (M.S., U.S.Y.), and data interpretation (A.L.L.). Manuscript major writing (M.S. and D.F.) with input from 
(U.S.Y.). Approval of final manuscript and agreement to be accountable for all aspects of the work while ensuring 
that questions related to accuracy or integrity of any part of the work are appropriately investigated and resolved 
(A.L.L.).

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-017-13766-6.
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

http://dx.doi.org/10.1113/JP271748
http://dx.doi.org/10.1002/wsbm.1368
http://dx.doi.org/10.1016/j.neuron.2015.02.042
http://dx.doi.org/10.1038/s41598-017-13766-6


www.nature.com/scientificreports/

1 4Scientific RepoRts | 7: 13465  | DOI:10.1038/s41598-017-13766-6

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

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2017

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

	In Vivo Neuromechanics: Decoding Causal Motor Neuron Behavior with Resulting Musculoskeletal Function
	Results
	Decoding the net neural drive to muscles. 
	Associations between spinal motor neuron and joint mechanical function. 
	Predicting net joint moment from the neural drive to muscles. 

	Discussion
	Methods
	Experimental Design. 
	Motor Neuron Decoding and Spatiotemporal Patterns of Spinal Cord Activity. 
	Neural Data-driven Musculoskeletal Modeling. 
	Statistical Analysis. 
	Accession codes. 

	Acknowledgements
	Figure 1 Linking between the neural and mechanical levels of motor function.
	Figure 2 Separating the interferent electromyogram into its central and peripheral components.
	Figure 3 Spatiotemporal patterns of ipsilateral α-motor neuron activity in the spinal cord.
	Figure 4 The neural drive to muscles.
	Figure 5 Normalized muscle activation and joint moment profiles.
	Figure 6 Schematics of the neural data-driven musculoskeletal modeling formulation.
	Figure 7 The neuro-mechanical processes underlying joint moment control.
	Figure 8 Predicted and reference joint moments.




