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Accurate decoding of movement intent from muscle signals is essential for dexterous prosthetic control. While
motoneuron discharge decomposition provides a promising approach, most studies are confined to proof-of-
concept demonstrations due to the lack of robust, dexterous control strategies, and the complexity of systems
involved. Here, we present a motoneuron discharge-driven interface that integrates wireless recording of high-
density surface electromyography, real-time motoneuron spike train decomposition, continuous multi-degree-
of-freedom (DoF) motion decoding in a prosthetic system, enabling simultaneous and proportional myoelectric
control in real-world settings. We validated this system with six trans-radial amputees across a series of functional
multi-DoF tasks. The proposed interface achieved accurate and robust control of three-DoF wrist and hand move-
ments, outperforming conventional myoelectric methods in task efficiency. Furthermore, the interface requires
only single-DoF calibration data, minimizing user training burden. This study represents the practical demon-
stration of motoneuron-driven interfacing in end-user applications, highlighting its translational potential for

clinical adoption.

INTRODUCTION

Dexterous and natural control of upper-limb prosthetic devices
hinges on accurately decoding human motor intentions and con-
verting them into actionable commands (1). Myoelectric interfaces,
which rely on surface electromyography (sEMG) signals, are the
most widely used due to their noninvasiveness and ability to capture
muscle activation patterns (2, 3). Early myoelectric interfaces relied
on threshold-based methods to distinguish muscle activity, enabling
simple control of a few prosthetic motions (4). Adopting machine
learning models enables prediction of motor intentions based on
time or frequency-domain features extracted from sEMG signals (5)
and has demonstrated strong performance in hand gesture recogni-
tion and force estimation (6-8). Myoelectric interfaces have ad-
vanced rapidly and been commercially implemented in prosthetic
control in recent years, yet still struggle to achieve simultaneous and
proportional control (SPC) (9), where concurrent and continuous
decoding of multiple degrees of freedom (DoFs) movements is re-
quired to achieve natural and intuitive prosthetic control.

One major source of this performance gap is the inherent com-
plexity of sSEMG signals (10). SEMG data represent the combined
electrical activities of numerous motor units, each innervated by
motoneurons originating in the spinal cord (11). When these signals
are summed at the skin’s surface, they offer an indirect and nonsta-
tionary glimpse into the precise neural commands that drive muscle
contraction. The statistical features extracted from sEMG signals are
often insuflicient to capture the complexity and dynamic nature of
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motor control (12). For example, while time-domain and frequency-
domain features can effectively classify discrete gestures, they lack
the resolution to enable fine motor adjustments or SPC over multi-
ple DoFs (13, 14). In addition, a large sample size of training data is
typically required to achieve competitive results (15, 16).

A promising alternative is to decompose the SEMG signals into
motoneuron discharges (17), which provides a direct representation
of neural drive. Motoneurons in the spinal cord form the final com-
mon pathway for sending neural commands to the muscles. When
these neurons discharge, they trigger activation in respective motor
units, giving rise to the muscle activity that SEMG sensors detect
(18). By extracting individual motoneuron discharge patterns rather
than analyzing their summed electrical signals, a far more direct
representation of the neural drive responsible for muscle contrac-
tions can be obtained, thereby improving the functionality and
intuitiveness of prosthetic devices (19-21). Advances in SEMG de-
composition techniques have made it feasible to extract individual
motoneuron discharge trains (MNDTs) from surface recordings
(22-25). Such an approach holds the potential to surpass conven-
tional feature-based strategies, as it inherently targets the source of
muscle activity, the spinal neural command, rather than its aggre-
gated manifestation on the skin. Several studies have highlighted the
superiority of motoneuron discharges over traditional sSEMG fea-
tures for gesture recognition and continuous movement estimation
(26-30). For instance, decoding these discharges has facilitated
more accurate predictions of finger forces and joint torques (31-34),
which are crucial for prosthetic control systems that require real-
time adaptation to dynamic tasks and user intentions.

In the past decade, motoneuron discharges have been explicitly
applied in myoelectric control, and they are proposed as a promising
solution for intuitive neural interfacing, providing a strong founda-
tion for motoneuron-based prosthetic control (2, 17, 25, 29). How-
ever, limited by the challenges of modeling multi-DoF movements
and high computational resource requirements (2, 35), previous
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studies mainly focused on proof-of-concept demonstrations in
myoelectric control (17, 29), where only theoretical investigations or
tightly controlled experiments were conducted (36, 37). This gap
arises primarily from the challenge of embedding recording, decod-
ing, and control modules into a compact prosthetic system. In addi-
tion, decoding motoneuron signals from residual limb muscles
poses further challenges, including maintaining signal quality under
varying conditions and translating the decoded information into
functional prosthetic control (38).

In light of these considerations, the present work aims to bridge
the gap between laboratory research and practical prosthetic control
by introducing a motoneuron discharge—driven interface that inte-
grates wireless high-density sSEMG acquisition, real-time MNDT
decomposition, and movement intent decoding into a prosthetic
system. On the basis of the actual conditions of amputee end-users,
we have integrated and optimized the neural-discharge-driven mo-
tion decoding methods, socket fabrication, electrode placement
strategies, and control algorithms. The real-world applicability of
the proposed interface was validated in real-time prosthetic manip-
ulation experiments with six trans-radial amputee participants.

Results demonstrated that our approach offered a direct and effi-
cient pathway to achieve SPC of up to three DoFs (two DoFs of
wrist and one of grasping) and surpassed traditional myoelectric
interfaces.

RESULTS

The structure of the motoneuron discharge-driven interface was il-
lustrated in Fig. 1. In brief, high-density sSEMG signals were record-
ed from the residual muscles using three electrode grids, totaling 96
channels. The SEMG signals were wirelessly transmitted to a host
laptop and then decomposed into MNDTs. The identified MNDTs
were mapped to activations of multi-DoF movements and translat-
ed into control commands for the prosthetics. The hardware system
for the interface is detailed in the supplementary data (fig. S1). To
evaluate the interfacing performance of the proposed system, we re-
cruited six trans-radial amputee participants to perform functional
tasks (Table 1). Before functional validation, we analyzed motoneu-
ron activity in the residual limb muscles (Fig. 2) and calibrated the
control interface in a virtual test (fig. S2). Then, two experiments
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Fig. 1. Overview of the neural discharge-driven human-machine interface. (A) The prosthetic control system. High-density SEMG signals were recorded from residual
muscles using three electrode grids and transmitted wirelessly to a laptop, where the motoneuron activities were decoded and translated to control commands for the
prosthetics. (B) The interface provides access to the output from the spinal cord, MNDTSs, as schematically represented by the colors from each grid. The discharge trains
were decoded by blind source separation during a sequential 3-DoF movement. (C) The neural discharges were mapped to activations of three DoFs, and used to control

the prosthetics to finish daily tasks as in (D).
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Table 1. Participant characteristics. Dash entries indicate nonapplicable conditions.

Participant Side Gender Age (amputation) Residual limb Own prosthesis Frequency Experienced

of use myo-control
1 Bilateral, right Male 39 (15) Medium 2 DoF Daily High

tested

S R|ght e 45(15) e Long P
o T 71(18) i
W R|ght S 34(6) i
o R|ghtMa|e30(2) Med|um2DoFSeIdomH|gh
o R|ght e 42(20) S Da|ly B

were performed to validate the control performance of the 2-DoF
and 3-DoF functions: cylinder arrangement (Fig. 3) and foam ball
placement (Fig. 4). Video recordings of all experiments are provided
in the Supplementary Materials. Movie S1 presents the results of the
virtual experiment before prosthetic use. Movies S2 to S4 illustrate
task examples from both experiments, and movie S5 showcases par-
ticipants performing daily tasks.

Decoding motoneuron activities from residual muscles
Before wearing the prosthetic socket, participants underwent elec-
trode grid placement. All participants used three electrode grids for
the prosthetic control experiments. The placement of the three elec-
trode grids was determined by palpating the residual limb muscles to
ensure optimal signal quality. After electrode grid placement, the
participants donned the prosthetic socket (Fig. 2A). The connectors
of the electrode grids were routed through openings in the socket
and connected to a wireless adapter, enabling the wireless transmis-
sion of sSEMG signals to the host laptop. The sEMG signals from each
grid were individually decomposed using a motion-wise convolu-
tional kernel compensation (mwCKC) algorithm (39) to obtain the
discharge trains of motoneurons. Participants performed wrist and
hand movements before and after wearing the prosthetic sockets, in-
volving six actions in 3-DoF tasks or four actions in 2-DoF tasks
(Fig. 2B). Despite the additional load of prosthetic gravity, the sSEMG
decomposition demonstrated stable MNDT decoding. The sSEMG
decomposition yielded 76 + 29 MNDTs during 2-DoF tasks and
109 + 43 MNDTs during 3-DoF tasks without prosthetics (Fig. 2D).
When participants wore prosthetic sockets, the numbers of decoded
MNDTs were 79 + 20 and 99 + 26 for 2-DoF and 3-DoF tasks, re-
spectively, which showed no significant difference from those with-
out prostheses. The accuracy of the decoded MNDTs was evaluated
using an indirect metric, the pulse-to-noise ratio (PNR) (40). Across
all tested conditions, the average PNR value was 30.4 + 1.1 dB, indi-
cating high reliability and accuracy in decoding motoneuron dis-
charge activity (40). Further analysis of motoneuron firing rates
indicates that the overall firing frequency remained within a similar
range across control stages (fig. S3).

Following decoding, motoneurons were grouped on the basis of
their firing correlations. The grouping involved calculating firing-
rate profiles and paired correlation coefficients for the decoded
motoneurons, followed by clustering with a consensus clustering
algorithm (41). Without wearing the prosthetic socket, motoneurons
decoded during 2-DoF tasks were grouped into 13 + 4 clusters,
while motoneurons from 3-DoF tasks were grouped into 17 + 7
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clusters (Fig. 2F). With the prosthetic socket, the clustering yielded
a slightly increased average of 14 + 4 clusters for 2-DoF tasks and
18 + 3 clusters for 3-DoF tasks, reflecting the impact of additional
muscle activation on the grouping process. The detailed decomposi-
tion and clustering results are shown in the Supplementary Materials
(table S1). After clustering the MNDTs, the cumulative firing rates
of each group were calculated and mapped to movement activations
with a multiple linear regression (MLR) model. Before wearing the
prosthetic socket, participants performed targeted achievement
control (TAC) tasks in a virtual environment to validate the map-
ping process (36). The results of this virtual test, including SEMG
decomposition and real-time interaction, are shown in the Supple-
mentary Materials (table S2, fig. S2, and movie S1), which confirm
the model’s effectiveness in translating motoneuron activity into re-
liable action control.

Experiment 1: Cylinder arrangement

After the TAC test, participants performed a cylinder-arrangement task
that required the SPC of two DoFs using the prosthetics (pronation/
supination and hand closing/opening). Participants were instructed
to complete a series of cylinder arrangements in this experiment.
Two rows of pegboards were used, with one row holding five cylinders
(Fig. 3A and movie S2). The participants were instructed to sequen-
tially transfer each cylinder to the mirrored position on the opposite
side of the other pegboard. The participant simultaneously activated
two DoFs to transfer the cylinder, and the MNDT method accu-
rately reflected the movement activations (Fig. 3, B and C). The pre-
dicted activation levels for each DoF were mapped to the prosthetic
joint velocities, such that higher activation levels corresponded to
faster movements. During cylinder transfers, the velocity and posi-
tional changes remained synchronized and smooth, validating the
effectiveness of the proposed method in achieving SPC. In addition
to velocity-based control, position-based control was explored, in
which amputees were required to maintain contraction to control
the prosthesis’s reaching and holding at designated positions or
angles (fig. $4). On the basis of feedback from participant 1, position-
based control was more fatiguing during task execution. The follow-
ing experiments were conducted using velocity-based control.

The performance of the proposed MNDT-driven prosthetic con-
trol strategy was compared with three conventional SEMG-based
methods: nonnegative matrix factorization (NMF) (42), MLR (1),
and pattern recognition (PR) (26). The efficiency of task com-
pletion was compared between different control methods and partici-
pants (Fig. 3E). The two-way analysis of variance (ANOVA) revealed

30f13

9202 ‘0 snbny uo AlisieAlun Buo ] ceir rybueys e H10'adus 198 Mmm//:sdny Wwou ) papeojumoq



SCIENCE ADVANCES | RESEARCH ARTICLE

A
Palpation Stick grids Wrap bandage =~ Wear prothesis socket Connect adaptors
B
' Grid 1
0.5 Grid 2
I i ; Grid 3
0 (25~185) (225~38 ) (425~585) (625~78s) (825~98 ) (1025~118 s)
C Wrist extension wrist flexion Pronation Supination Hand closing Hand opening
100f
80
@
% 60t
40r
20r
0 20 40 60 80 100 120
Time (s)
D E 33 F 3
e
! 25
150 [ 327 - n
2 - T 3 -
"0 Eﬁ 2 B ;| ot HB
= o)
) Z L 2
O
(T I :
50 | 4 1 29 n 10 | H n
1 1
G Grid 1 Grid 2 Grid 3 ) .
3 DoF 2 DoF without prostheses 2 DoF with prostheses
2 DoF 3 DoF without prostheses 3 DoF with prostheses
0 50 100
MU number

Fig. 2. Results of decoding motoneuron activities during the calibration process. (A) Fitting process for the amputee subject consisting of attaching the electrode
grids, wearing the prosthetic socket, and connecting the sEMG signal acquisition device. (B) Average motor unit action potential (MUAP) waveforms and root mean square
(RMS) activation maps of SEMG signals for each movement. The average MUAP waveform for each movement is obtained by summing and normalizing all MUAPs decom-
posed during that movement. The RMS activation map is generated by computing the RMS value of the sEMG signals at each electrode channel over the duration of the
movement. The electrode positions reflect the actual spatial distribution of the electrodes. The execution sequence of movements includes wrist extension, wrist flexion,
pronation, supination, hand closing, and hand opening. (C) Example MNDTs decomposed from a calibration phase. Scatters in each line indicate the discharge timings
from a motoneuron. (D to F) The decomposition results during the 2/3-DoF movements and with/without prostheses, including the number of decomposed MNDTs, PNR,
and the number of clusters. (G) The number of MNDTs decoded from each grid.
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Fig. 3. Results from experiment 1: Cylinder arrangement. (A) lllustration of cylinder arrangement. In each trial, participants were required to transfer five cylinders from
distant jacks to the opposite side of the close ones. (B) Example MNDTs decomposed in real time during a trial. The motoneurons are clustered into nine groups, distinct
in different colors. (C) The velocity and position of the two DoFs of the prosthetic limb are represented in blue and red, corresponding to DoF1: hand closing (+)/hand
opening (=) and DoF2: wrist pronation (+)/wrist supination (), respectively. The dashed lines and solid lines represent the velocity and position of a certain DoF, respec-
tively. (D) Chronophotography showing a participant performing the cylinder-arrangement test using the MNDT-based model with velocity control strategy. The time axis
at the bottom corresponds to the time in (B) and (C). The data are from participant 1. (E) The time required to transfer five cylinders is displayed. The performances of the
MNDT-based method and the other three SEMG-based methods (NMF, MLR, and PR) are shown separately for each participant (one panel each). Symbols (x, s, and sx)

indicate the significant difference between groups with a level of (0.01 < P < 0.05),

significant main effects of method (P < 0.01), and participant
(P < 0.001), and a significant interaction effect (P < 0.01). When
analyzing performance within each participant, completion times
for different control strategies varied greatly across participants. For
participant 1, the task completion times using the MNDT, NME, and
MLR methods were significantly better than those of the PR method,
demonstrating the superior efficiency of the SPC. For participant 2, the
MNDT method outperformed the other two SPC strategies, and par-
ticipant 2 also adapted well to using the PR method for control. For

Chenetal, Sci. Adv. 12, eaej0245 (2026) 31 July 2026

(0.001 <P <0.01),and (P < 0.001), respectively. n.a. stands for not applicable.

participant 3, the NMF method was significantly worse than the other
three methods, while no significant differences were observed between
the remaining methods. For participants 4 and 5, two control strategies
failed to complete the tasks. Among the remaining three control strate-
gies, the MNDT method required less time to complete the task than
the others. For participant 6, the completion time of the MNDT method
was significantly less than that of the other control methods. Overall,
despite the significant individual differences, the MNDT method
demonstrated high efficiency and stability in the two-DoF tasks.
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Fig. 4. Results from experiment 2: Foam ball placement. (A) lllustration of the 3-DoF foam ball task. In each trial, participants were required to pick up three balls one
by one from the table and transfer them to the target position. (B) The total number of ball drops for each model in both 2-DoF and 3-DoF tasks, with data representing
the average across participants. (C) The completion time of each trial in the 3-DoF task. The upper part shows a half-violin plot, while the lower part shows a box plot.
Performances of the MNDT-based method and the other three SEMG-based methods (NMF, MLR, and PR) are shown separately for each participant. (D) The completion
time of each trial in the 2-DoF task. In the 2-DoF tasks, additional tests were conducted at the upper (U), middle (M), and lower (L) arm positions. The completion times for
each participant at the three arm positions were pooled together. (E) The completion time of tasks in three arm positions. Symbols (x, s, ss) indicate the significant
difference between groups with a level of (0.01 < P < 0.05), (0.001 < P <0.01), and (P < 0.001), respectively. n.a. stands for not applicable.
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Experiment 2: Foam ball placement

Following the cylinder arrangement experiment, participants were
instructed to finish a 3-DoF control task, where they transferred three
foam balls from the table to the target area and aligned the arrow on
each foam ball by performing wrist extension/flexion, pronation/
supination, and hand closing/opening simultaneously (Fig. 4A). The
control strategies were similar to those in the cylinder arrangement
test but adapted to 3-DoF tasks. The control efficiency, as indicated
by the completion time of the 3-DoF task, was compared between
participants and control methods (Fig. 4C). The two-way ANOVA
identified significant main effects of method (P < 0.001) and partici-
pant (P < 0.001), while the interaction was not significant (P = 0.242).
Overall, the MNDT method demonstrated superior performance
over the other three schemes (P < 0.001). For three participants, the
MNDT method exhibited significantly less completion time. In addi-
tion, the MNDT method had the most concentrated distribution of
task completion times across repetitive trials. In contrast, other meth-
ods exhibited greater instability, sometimes causing the ball to fall off
(Fig. 4B). Among the four methods, the MNDT method resulted in
the fewest instances of the ball falling off, indicating the most stable
and reliable control performance. The examples of the 3-DoF control
tasks in experiment 2, including MNDTs, prosthetic commands,
and chronophotography, are shown in the Supplementary Materials
(fig. S5 and movie S3). For participant 1, we further analyzed the stag-
es during which SPC occurred and calculated the proportion of each
movement combination among all SPC occurrences (fig. S6 and ta-
ble S3). Two dominant 3-DoF simultaneous control patterns, hand
opening with pronation/extension and hand opening with pronation/
flexion, were identified most frequently when reaching targets on
the left. While simultaneous control reduced task completion time
compared to sequential control, participants tended to switch to
sequential control for supination-involved motions due to their
higher difficulty, demonstrating the system’s adaptive flexibility in
control mode switching.

The effect of arm position on prosthetic function was also tested
(Fig. 4, D and E). Participants were instructed to place the balls onto
the horizontally aligned target points on the foam board at three arm
positions (upper, middle, and lower). Participants only performed
2-DoF control (wrist extension/flexion and hand closing/opening)
without ball rotation to reduce the experimental burden. The data
used to calibrate the model were recorded at the middle arm posi-
tion. The task completion times for the 2-DoF task, which combines
data from three positions, are presented in Fig. 4D. The two-way
ANOVA revealed a significant interaction effect between partici-
pants and methods (P < 0.001), as well as significant main effects of
method (P < 0.001) and participant (P < 0.001). Furthermore, to
assess the effect of arm position on performance (Fig. 4E), separate
two-way ANOVAs were conducted for each method, with partici-
pant and arm position as factors. For the MNDT and NMF methods,
significant main effects of participant and arm position, as well as a
significant interaction, were observed. For the MLR and PR meth-
ods, the main effect of participant and the interaction were signifi-
cant, whereas the main effect of arm position was not significant.
Because the interaction term was significant, follow-up analyses were
performed within each participant to further examine the effect of
arm position. In the 2-DoF tasks, the MNDT method remains the
optimal choice, as no other method significantly outperformed it in
completion time across all scenarios. When using the MNDT method,
all participants, except participant 2, showed no significant differences

Chenetal, Sci. Adv. 12, eaej0245 (2026) 31 July 2026

in task completion times across the three positions. In contrast, other
methods were influenced by position, with most participants taking
longer to complete when switching positions. For certain meth-
ods, specific positions even caused the control strategies to fail (e.g.,
participant 1 with MLR and participant 2 with PR). The MNDT
method generally resulted in lower overall completion times among
all participants, indicating that it offers robust control across differ-
ent arm positions. An example of the 2-DoF task is illustrated in the
Supplementary Materials (fig. S7 and movie S4).

DISCUSSION

Upper-limb prosthetics represent a canonical challenge in human-
robot interaction. To address this, our study introduces a motoneu-
ron discharge—driven interface that successfully achieves SPC of
prosthetics. The results demonstrated the superior performance of
the motoneuron discharge-based control across both 2-DoF and 3-
DoF tasks, highlighting the advantages of the MNDT-based method
in efficiency, accuracy, and robustness, particularly for tasks that re-
quire the SPC of multiple DoFs. Following a simple calibration step
involving single-DoF movements, users were able to simultaneously
control multi-DoFs of the wrist and hand. The MNDT-based con-
trol strategy exhibited notable advantages in both 2-DoF and 3-DoF
tasks, especially in the latter. Performance varied across participants
in multi-DoF control experiments, with some participants complet-
ing the tasks using all control strategies but with significantly longer
completion times for NMF or MLR methods. The failure of NMF in
some participants likely stemmed from the functional and distribu-
tional limitations of residual limb muscles, which hindered the
extraction of sufficient information about the coordination of an-
tagonist muscles. Similarly, the MLR method struggled with stabili-
ty and precision as the number of DoFs increased, making it difficult
to extract reliable activation information for each DoF and, in some
cases, failing to achieve functional control in 3-DoF tasks. These re-
sults underscore the robustness of the MNDT-based control strate-
gy, which consistently achieved efficient task performance regardless
of task complexity or participant variability. While this study focused
on three DoFs (pronation/supination, wrist flexion/extension, and
hand closing/opening), the proposed MNDT-based control strategy
is extensible to other joints and movements. The system does not
rely on task- or muscle-specific assumptions for motoneuron de-
coding or movement mapping, making it a general neural interface
capable of accurately decoding efferent neural activity and move-
ment intentions.

Prior work has made valuable advances in the neural interfacing of
prosthetics, such as proof-of-concept demonstrations of MNDT’s in-
teractive performance in offline, virtual experiments (36) or mixed
virtual/socket-attached demonstrations (29). Building on these ef-
forts, the present study proposes an MNDT-driven interfacing frame-
work that enables SPC of up to 3 DoFs. Furthermore, this study
focuses on demonstrating the practicality of motoneuron-based con-
trol for prosthesis-wearing amputees. We integrated SEMG acquisi-
tion, MNDT decoding, and control methods into the prosthetic
socket, thereby validating the feasibility and superiority of MNDT for
prosthetic control from the end-user perspective. The methodological
refinements in hardware include signal acquisition manner, socket
ergonomic design, and electrode positioning. In addition, the training
protocols, control strategies, and scaling factors had to be optimized
to accommodate amputee users. These advancements collectively
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facilitate the clinical translation of motoneuron-driven interfacing
into functional prosthetic applications. PR methods are frequently
used in multi-DoF prosthetic control and have been demonstrated to
be a straightforward and effective approach (43, 44), as also confirmed
by the findings of this study. However, because of the inherent charac-
teristics of PR methods, they cannot activate multiple DoFs simulta-
neously as a human hand does, generally resulting in lower control
efficiency than SPC strategies. In contrast, the proposed method en-
abled the SPC of three DoFs by interpreting neural discharge signals,
allowing participants to perform operational tasks more naturally and
dexterously. Results showed that the MNDT-based method achieved
a higher SPC proportion compared to the other methods, demon-
strating the substantial potential of MNDT in human-machine inter-
action applications such as prosthetics.

To develop an MNDT-based neural interface, two critical com-
ponents are essential. The first one is SEMG decomposition, which
enables noninvasive access to MNDTs from residual muscles. sSEMG
signals are complex mixtures of action potentials from thousands of
motoneurons and are inherently nonstationary. This complexity is
particularly pronounced in the forearm, where overlapping muscles
produce mixed sEMG signals, making it challenging to extract DoF-
specific information with traditional SEMG features. By decompos-
ing MNDTs, we could isolate the neural source signals driving
muscle activity, thereby providing more accurate neural drive infor-
mation. Unlike conventional sEMG features, these MNDTs provide
a microscopic view of neural drive, enabling a direct approach to
decoding human movements. The key distinction of this work from
prior research lies in its focus on real-world prosthetic use, where
the muscle distributions and motion execution capabilities of ampu-
tees vary observably with their residual limb conditions and training
history. Furthermore, the integration of electrode arrays within the
prosthetic socket introduces unique challenges for sSEMG decompo-
sition due to electrode compression and gravitational effects. To
overcome these limitations, we explored a task-segmented sSEMG
decomposition strategy that enhances decoding of MNDTs (26).
Whereas existing studies involving amputees or patients with tar-
geted muscle reinnervation typically identify fewer than 50 discrim-
inable motoneurons (38), our approach demonstrates both high
efficiency and stability in motoneuron decoding. This improvement
highlights the proposed method’s potential to capture detailed neu-
ral activity in practical applications.

After decoding the MNDTs, the next challenge was mapping
these discharges to prosthetic control commands. Prior work estab-
lished a direct one-to-one relationship between motoneuron groups
and movements based on their discharge timing (45). However, for
wrist and hand movements, where muscle activation overlaps across
multiple DoFs, most motoneurons are activated across multiple
movements, making it difficult to establish a direct mapping for
more than three movements (45). To address this, we adopted a
discharge correlation-based motoneuron grouping approach (36),
which calculates motoneuron firing rates and correlations, followed
by clustering using a consensus clustering algorithm. The cluster-
based framework demonstrated considerable robustness against po-
tential instabilities in the decomposition process. As validated by
simulations of random motoneuron loss (fig. $8), the control system
maintained high performance even with the loss of ~10% of moto-
neurons. As each cluster contains multiple motoneurons, the loss of
a few MNDTs only causes a minor reduction in the cumulative spike
train (CST) firing rate of that cluster, ensuring the stability in online

Chenetal, Sci. Adv. 12, eaej0245 (2026) 31 July 2026

control. For newly recruited motoneurons during task execution, we
did not consider them due to the lack of mature solutions currently
available. Nevertheless, some studies have attempted to address these
issues (46), and these decoding approaches are not incompatible with
our proposed neural-driven interfacing framework, further demon-
strating its potential for further refinement and enhancement. Nota-
bly, the proposed motoneuron-driven control interface requires only
minimal training. Before executing multi-DoF tasks, amputees were
merely familiarized with the experimental protocol and the TAC test.
Following prosthesis donning, model calibration was achieved solely
through single-DoF motion sequences, with a total training duration
of under 2 min. This exemplifies a key advantage of our neural
interface: rapid calibration via ultra-brief data acquisition, which
prominently reduces user training burden and enables immediate
postdonning functionality.

The MNDT method consistently outperformed conventional
controllers among all trans-radial participants in both experiments 1
and 2. Notably, participants who achieved high-level performance on
one task with MNDT tended to show similarly strong performance
on the other, indicating robustness and predictive consistency across
tasks. Furthermore, the MNDT approach demonstrated superior sta-
bility across upper, middle, and lower arm positions compared to
traditional methods, which exhibited measurable performance vari-
ations with positional changes. The stability and robustness are likely
attributable to the motoneuron-level neural drive extraction, which
is less affected by intersubject variability and residual limb conditions
compared with classic approaches. By contrast, the performance of
NMF-, regression-, and PR-based controllers varied substantially
across participants and tasks, reflecting their lower generalizability.
In addition, no clear association was found between prior myoelec-
tric control experience and task performance. All participants were
equally unfamiliar with the simultaneous hand-wrist control para-
digm and received standardized familiarization training, minimizing
the influence of prior experience in the present study. It should be
noted that the order of the four methods in each experiment was
random. The four control models appeared in different positions
across participants, which reduce the risk of systematic bias (table S4).

A limitation of the proposed control interface is that the compu-
tational module has not yet been integrated into the prosthetic
socket. Given current computational complexity and hardware ca-
pabilities, achieving onboard decomposition and analysis remains
challenging. However, with ongoing advancements in hardware ca-
pabilities, full integration is not a fundamental barrier. In addition,
specialized protocols for SPC evaluation were adopted in this study.
Other standardized assessments, such as the clothespin relocation
testand ACMC, would be implemented in the future and strengthen
the practicability of the proposed interface.

In conclusion, this study demonstrated the feasibility and superi-
ority of the proposed motoneuron discharge-driven interfacing
framework in end-user applications. By integrating high-density
SEMG recording, decomposition, mapping, and control modules,
six amputees achieved in vivo real-time measurement of moto-
neuron discharges and SPC of up to three DoFs of an upper-limb
prosthesis. The results provide a clear foundation for neural discharge-
driven control to enhance prosthetic functionality and clinical transla-
tion for end-user applications. Furthermore, this interface serves as
a platform technology with direct applicability beyond prosthetics,
including exoskeletons, rehabilitation robotics, and human-virtual
environment interactions.
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MATERIALS AND METHODS

Participants

We recruited six participants with trans-radial amputations whose
characteristics relevant to this study are reported in Table 1. The
participants had no prior neuromuscular disorders. They were in-
formed about the experimental procedure and signed informed
consent forms before participation. The experimental protocols and
informed consent forms were approved by the ethics committee of
Shanghai Jiao Tong University (approval number E20240248I).

Experimental setup

SEMG recording

In the experiments, SEMG signals were recorded with three flexible
electrode grids. The placement of the grids differed across individu-
als and corresponded to the activation of residual muscles. Before
electrode placement, the participants were instructed to perform
wrist and hand movements, and the activation areas were ensured
by palpation. Each grid comprises 32 electrodes (8 X 4, 3 mm diam-
eter, GRIOMMO0804, OT Bioelettronica, Italy) with a 10-mm inter-
electrode distance in both directions. The grids were pasted on the
skin surface by a 1-mm-thick double-adhesive foam with holes cor-
responding to the electrode locations. The skin-electrode contact
was facilitated by conductive paste. The electrode grid was connect-
ed to a Muovi probe, which collected sEMG signals from 32 chan-
nels and wirelessly transmitted them to a synchronization station
(MuoviPro, OT Bioelettronica, Italy). The synchronization station
was connected to a laptop, where the SEMG signals were decom-
posed and analyzed. The sEMG signals were sampled at 2000 Hz
and A/D-converted with a 16-bit resolution.

Prosthetics

The prosthetic system used in the experiment is a multi-DoF an-
thropomorphic prosthetic hand/wrist (SJT-7) designed and fabri-
cated by our team (47). The prosthesis has six active DoFs, including
two thumb DoFs (abduction and adduction), one index finger DoF
(flexion), one three-finger DoF (flexion), and two wrist DoFs. The
wrist extension/flexion range is (—30° to 30°), and the wrist rotation
range is (—45° to 45°). The prosthesis is equipped with Bluetooth
signal reception capabilities. During the experiment, the laptop ana-
lyzes the SEMG signals, decodes the participant’s motor intentions,
and converts them into control commands for the prosthetics. These
commands are transmitted to the prosthetic control module via
Bluetooth. Before participants wore the prosthetics, a customized
socket was fabricated for each using traditional prosthetic fitting
techniques. A plaster negative of the residual limb was created,
which was then used to form a plaster-positive mold from gypsum.
We created a single-layer socket to facilitate the placement of elec-
trode grids. After determining the positions for the electrode grids,
we made openings in the thermoplastic socket at the plug. The par-
ticipant first attached the electrode grids and wore the socket during
the fitting process. Then, the grid plugs were passed through the
openings and connected to the probe (Fig. 2A).

Experiment protocol

For upper-limb prostheses, grasping represents one of the most criti-
cal functions. While grasping in various postures, wrist DoFs adjust-
ment proves essential for both stability and flexibility. Therefore, after
considering prosthetic operation requirements and actual functional
capabilities, we selected three DoFs as control targets: hand closing/
opening, pronation/supination, and wrist extension/flexion. Before
conducting the prosthetic control, participants underwent a model
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calibration experiment, performing a series of single-DoF tasks for
each DoF involved (detailed in the “Motoneuron-based control
strategy” section). Upon completion of the model calibration, partici-
pants proceeded to control performance tests in a virtual environment,
where they controlled the movement of a cursor using multi-DoF
motions to move it to specified locations (fig. S2 and movie S1).

Considering the operational performance of the prosthetic hand
and the wrist-hand DoFs to be validated, we designed two specific
functional tasks: cylinder arrangement and foam ball placement.
These tasks mimicked natural movements and satisfied the testing
requirements. Notably, several standardized assessments exist for
evaluating prosthetic control, such as the ACMC (48), AM-ULA
(49), and the clothespin relocation test (I1). Although practical rea-
sons prevented us from adopting these standard tests, the task para-
digm we designed was inspired by them, and some task types and
metrics share similarities. Participants used pronation/supination
and hand closing/opening DoFs in the cylinder arrangement task.
Each trial involved positioning five cylinders from a distant jack
field into a close one sequentially, with the cylinders being trans-
ferred from the jack on the right/left side to the opposite one on the
left/right side (e.g., from the right-most jack in the distant field to
the left-most jack in the close field; Fig. 3A). Each participant was
required to repeat the trial five times. After completing five trials,
the control model was changed (e.g., NME MLR, and PR), and the
same tasks were implemented. The completion time for each trial
was recorded and analyzed. At the end of the experiment, the 20
tasks of online test data from four control models were saved for
further analysis. The order of control models was randomized in
each experiment (table S4).

In the foam ball placement experiment, we prioritized the 3-DoF
task of wrist extension/flexion, pronation/supination, and hand
opening/closing. In this experiment, participants faced a foam board
with dimensions of 10 cm in thickness and 1 X 1 m? in area. Nine
target points were marked on the foam board in a 3 X 3 grid arrange-
ment, with each adjacent pair of targets, both horizontally and verti-
cally, spaced 40 cm apart (Fig. 4A). The foam board was positioned
against a wall and elevated such that its central target row aligned
with the participants’ elbow height. Three small balls were placed on
the experimental table in front of the board, spatially corresponding
to the horizontal target points on the foam board. Arrow markers
were affixed to the small balls. The foam board was also marked with
arrow markers at three positions (from left to right), indicating 45°
counterclockwise rotation, no rotation, and 45° clockwise rotation
relative to the small ball. In each trial, participants were asked to
place three balls in the corresponding positions on the foam board,
ensuring that the arrows on the balls aligned with the arrows on the
foam board. The 3-DoF control tasks were completed at the top posi-
tion of the foam board. Participants were required to complete five
repetitive trials of the task for each model. The completion time for
each trial was recorded and analyzed, and a total of 20 sets of online
test data from the four models were saved.

Previous studies have shown that changes in arm position can
negatively affect the performance of the control model (I). In this
experiment, the effect of arm position was also taken into consider-
ation. Participants performed 2-DoF control (wrist extension/flex-
ion and hand closing/opening) to reduce the experimental burden.
Participants were instructed to place the balls onto the horizontally
aligned target points on the foam board at three arm positions
(upper, middle, and lower). The data recorded at the middle arm
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position were used to calibrate the control model. The total time
taken by the participants to place all three balls on the correspond-
ing target points was recorded. Each participant completed five rep-
etitions of the task at each arm position, resulting in 15 sets of online
test data for each control model. The completion times for each set
were recorded. A total of 60 sets of online test data from the four
models were saved. The experimental order for each model and arm
position was randomized.

Motoneuron-based control strategy

SEMG decomposition

SsEMG decomposition is performed in two steps. During the model
calibration phase, SEMG signals are decomposed offline using a
blind source separation method to obtain separation vectors and
other decomposition parameters. During the real-time prosthetic
control phase, the SEMG signals are decomposed online using the
preobtained decomposition parameters.

In the offline phase, a motion-wise decomposition method was
used to decompose the sSEMG signals (39). The sEMG signals from
each motion were regarded as a segment and decomposed into MNDTs
individually using the convolution kernel compensation (CKC) algo-
rithm. A brief introduction to the decomposition algorithm is given.
The sEMG signals are generally modeled as a multi-input-multi-
output system

xi(n) = Z]’,ZI 3 D0~ D), i=1,2, .., M (1)

where x; denotes the sSEMG signal from ith channel, 7 is the sample
point, 6; is the discharge train of the jth motoneuron and h;; is the
corresponding pulse response, L is the sample length of the action
potentials, w; is the additive noise signal for the ith channel, and J
and M are the numbers of active motoneurons and sEMG channels,
respectively.

The mixing model, as denoted by Eq. 1, is similar to a Bayesian
linear model. As the mathematical expectation of sSEMG (x) and
discharge trains (8) are close to zero, the LMMSE estimations of the
discharge train can be written as

6=clclx

Ox “xx

2)

where Gy, = |, €, - » Cg | contains the cross-correlation vector
between each discharge train and sSEMG signals, and C,, = E(xxT)
is the covariance matrix of sEMG signals, and E denotes the math-

ematical expectation. The CKC algorithms used Eq. 2 to estimate
the MNDTs, where the G5 can be estimated iteratively using a natu-
ral gradient descent method

Cozk1 = Cozx + 1), ———x(n) (3)
G j n aej(n)

where §j is the jth discharge train estimated depending on Eq. 2 in
each iteration, [ is the learning rate, and f(t) is the cost function.

The % should be the concave even function (50), which was set as

of(t) _ .2 .
=, =t in this study.
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The single-DoF motions in the calibration dataset were decom-
posed offline using the mwCKC algorithm (39). This decomposition
was implemented individually for each electrode grid. Blind source
separation methods used for sSEMG decomposition may produce
duplicate MNDTs, with some MNDTs potentially identified twice
across adjacent grids. Two MNDTs were considered duplicates if the
agreement rate between two discharge trains exceeded 0.3, with the
MNDT of the lower PNR removed (22). The decomposition param-
eters (separation matrix and spike extraction thresholds) obtained
from the offline decomposition were used to decompose the SEMG
signals in real time by directly multiplying the separation matrix by
the sSEMG signals. The discharges were extracted from the estimated
MNDTs based on the preserved clustering centroids. The number
and identity of MNDTs are defined during calibration. Although ad-
ditional motoneurons may theoretically become active during sub-
sequent contractions, this decomposition system does not attempt
to detect new units but rather focuses on the reliable tracking of the
calibrated units, prioritizing stability and computational efficiency
in real-time applications.

Motoneuron clustering

The correlation between the smooth firing rates of motoneurons
was calculated to assess the potential presence of common inputs
among motoneurons (51). The MNDT was convolved with a 400-
ms Hanning window to obtain the smooth firing rate of the moto-
neurons during the motor task. A 400-ms Hanning window was
selected as it helps reduce the nonlinear effects between the input
and output of motoneurons, resulting in an effective low-frequency
neural drive at 2.5 Hz. The obtained firing rate was then passed
through a 0.75 Hz high-pass filter to remove the DC component. Last,
considering a time lag of —100 to +100 ms, the cross-correlation
coefficient for each pair of motoneuron firing rates was calculated,
resulting in a two-dimensional cross-correlation matrix.

Subsequently, the cross-correlation matrix, after applying a thresh-
old of 0.7, served as an indicator of prominent correlation among
the motoneurons. The performance of different correlation thresh-
olds was evaluated using offline calibration across five healthy partici-
pants (table S5). The 0.7 threshold was ultimately selected because it
yielded the highest peak correlations and fewer clusters. The 0-1
matrix (where 0 represents uncorrelated and 1 represents correlated)
served as the adjacency matrix to construct a graph. The nodes rep-
resented motoneurons, and the edges connecting two nodes symbol-
ized a significant correlation between them. Later, a multiresolution
consensus clustering approach was applied to identify the clusters
within the motoneuron network (41). As the first step in the consen-
sus clustering, the number of partitions was set to 10,000 to cover
the entire possible range of resolutions, from 1 cluster to 7 (the num-
ber of motoneurons) clusters. Second, the consensus matrix, which
is defined as the number of partitions in which each pair of moto-
neurons belongs to the same cluster divided by the number of parti-
tions in total, was computed, and the clustering method with the
Genlouvain algorithm was applied to the consensus matrix the same
times as the number of partitions in the first step (41). The second
step would be repeated several times until a unique partition is
reached.

Extraction of control commands

For each motoneuron cluster, the CST firing rate was extracted to
represent the shared neural drive (52). The CST firing rate for each
motoneuron cluster was then mapped to the activation level of each
movement using a multivariate regression model
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Ji= anzl amxm+k (4)

where y; is the activation level of the ith movement calculated by
averaging the absolute sEMG amplitudes across all channels in a
sliding window during the ith segment, n is the number of moto-
neuron clusters, and a,, and k are constants trained via least squares
fitting. The model was calibrated as follows: each participant per-
formed the required movements sequentially, with each movement
sustained for 20 s. The activation level y, for the ith movement was
calculated as the average absolute sSEMG amplitude across all chan-
nels during the ith movement segment. As to segments of other
movements, the activation level y; was set to zero. The decomposed
MNDTs were clustered into groups, and the CST feature from each
cluster served as the input x,, to the model. CST and activation fea-
tures were extracted with a window length of 300 ms and an overlap
0f 200 ms.

After calibration, the model was saved to the host computer.
During the online test, the sSEMG signals were processed, decom-
posed, and mapped to movement activation levels in real time. Neural
features were extracted every 300 ms, with a 200 ms overlap between
consecutive windows. When antagonistic movements were predict-
ed, the model would output the movement with a higher activation
level. The prosthesis is operated in speed control mode. The stronger
the activation level of a participant’s movement, the faster the pros-
thetics moved. In a relaxed state, the prosthesis does not return to a
neutral position; instead, it maintains its current position. This map-
ping is instantaneous, with an update frequency of 10 Hz, generat-
ing a new output every 100 ms. To fine-tune the control speed of the
prosthetics and minimize unintended activations, this study indi-
vidually adjusted several parameters for each motion’s activation:
the activation threshold vy, the multiplication factor «, and the speed
coeflicient p. The final velocity command delivered to the ith DoF of
the prosthesis was defined as

{ 0 oy <vy;
Y %Y 2 Y,

where the default values of y, a, and p were initialized as 0.1, 1, and
0.1, respectively. Among these, the activation threshold y was fixed
at 0.1 for all motions and not adjusted. o was typically between 0.5
and 2, and P between 0.05 and 0.3. Participants sequentially execut-
ed all motions while observing prosthetic responses. If a motion was
continuously triggered during unrelated actions, its multiplication
factor o; was reduced in steps of 0.05 until unintended activations
disappeared. Conversely, if a motion could not be performed even
when the participant exerted maximum effort, o; was increased in
steps of 0.1 until the prosthesis could reliably execute the motion.
This process was repeated iteratively until each motion could be
executed stably and accurately. Typically, the tuning process for
each motion required 1 to 2 adjustment cycles to achieve stable
performance.

If the prosthetic response speed was satisfactory after this step,
the speed coeflicient p; was left unchanged; otherwise, it was further
tuned based on speed performance. Specifically, if a motion was dif-
ficult to perform smoothly at low speeds, 3; was decreased in steps of
0.05, whereas if the prosthesis failed to reach maximum speed, p;
was increased in steps of 0.05. This calibration procedure ensured
that for each motion, the prosthesis could be reliably controlled to
achieve both the minimum intended movement and the maximum

v, =

©)

Chenetal, Sci. Adv. 12, eaej0245 (2026) 31 July 2026

available speed. These parameters are displayed in the graphical user
interface, and the adjusted coeflicients vary depending on the mod-
el and participant.

The control framework is similar to (36), but we optimized the
electrode configuration, motion selection during calibration, position/
velocity control modes, and scaling factors, to better adapt to amputees’
requirements.

Comparison with conventional control

In this study, we selected the NMF-based, regression-based, and PR-
based controllers as benchmark methods for comparison with our
proposed approach. These controllers represent classical paradigms
in myoelectric control that have been extensively validated in the
literature (1, 26, 42). Their computational efficiency and robustness
make them well-suited for real-time applications, and they remain
among the most widely adopted strategies in current commercial
prosthetic systems (12, 53, 54).

NMF-based control

The NMEF-based control strategy models the root mean square (RMS)
features of SEMG signals as a linear combination of basic compo-
nents, as described in detail in (42). Mathematically, it represents
the sEMG signal features as

X(t) = WE(t) (6)

where X(t) denotes the RMS features from all channels with di-
mensions M X T, W is the synergy matrix with M X N dimensions,
and F(t) indicates the activation of synergies. Here, M is the num-
ber of sSEMG channels, T represents the number of time steps in the
training dataset, and N corresponds to the number of motions,
which was set at 4 for 2-DoF tasks and 6 for 3-DoF tasks. The RMS
features were extracted using a 300-ms sliding window, with a 200 ms
overlap between consecutive windows, identical to the MNDT-
based features, to ensure consistency. During training, the synergy
matrix W was estimated iteratively using the standard multiplica-
tive update rule for nonnegative NMF, which optimizes the approx-
imation of X(t) by minimizing the reconstruction error. In the
prosthetic control experiments, the control signals for each move-
ment were extracted using the pseudo-inverse matrix W+ and the
RMS features.
Regression-based control
Similar to the approach described in a previous study on dexterous
upper-limb prosthetic control (1), the regression-based control
strategy was based on MLR, which was modeled as
y; =Ko )
where y; is the activation of ith motion calculated as in Eq. 4, ® is
the RMS feature in a sliding window, and K is the parameters esti-
mated by the least-square method. The configuration of the sliding
window was identical to that of the MNDT-based method. To en-
sure consistency across channels, the RMS features were normalized
to the range of [0, 1] using min-max normalization. During online
prediction, the same normalization parameters were applied to in-
coming features.
PR-based control
The PR-based control strategy classifies the RMS features of SEMG
signals into different gestures with the linear discriminant analysis
(LDA). The combination of RMS features with LDA achieves near-
perfect classification accuracy when using high-density electrode
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arrays (26). The sliding window length for extracting RMS features
was set to 300 ms, with a step size of 100 ms. For each 20-s move-
ment segment, the central 15 s of data were extracted to form the
RMS feature set, reducing edge effects. The original feature set was
dimensionally reduced via principal component analysis, and the
resulting principal components, which retained 99% of the ex-
plained variance, were used to form the calibration dataset. During
the training phase, a hierarchical model was then used. In the first
stage, LDA was trained on the calibration dataset to discriminate
between different gesture classes. In the second stage, within each
identified class, the RMS features were mapped to an activation lev-
el by applying min-max normalization parameters estimated from
the calibration dataset, as shown in Eq. 4. In contrast to Eq. 4, activa-
tion here is computed exclusively within the temporal boundaries of
each motion segment. These normalization parameters were saved
and consistently applied during the online phase. In the prediction
phase, the LDA provided class-level identification, while the class-
specific normalization step transformed the corresponding RMS
features into continuous activation levels, which were then used as
control commands for the prosthesis.

To ensure a fair comparison, all methods were trained on identi-
cal datasets, using only the data from the calibration phase. The
MNDT method used sEMG decomposition and neural drive extrac-
tion, whereas conventional controllers (NMF-based, regression-
based, and PR-based) used the same preprocessed SEMG signals
with their respective feature-extraction and modeling procedures.

Statistical analysis

For each experiment, the data analyzed consisted of the completion
time of a single trial. We first performed a two-way ANOVA on
completion times, with method (MNDT, NMF, MLR, and PR) and
participant (S1 to S6) as factors. Considering intersubject differ-
ences, the model-based estimated means of completion times were
calculated (tables S6 to S8). Similarly, to analyze the effect of arm
position in experiment 2, a two-way ANOVA was conducted with
participant and arm position (upper, middle, and lower) as factors,
while the method factor was fixed. Each participant was further
analyzed individually. The data were first tested for normality using
the Kolmogorov-Smirnov test. Parametric tests were applied to
normally distributed data. Otherwise, nonparametric alternatives
were used. In experiment 1, either a one-way ANOVA or the Kruskal-
Wallis test was performed separately for each participant to com-
pare task completion times across the four methods (MNDT, NME,
MLR, and PR), based on the results of the normality test. The 3-
DoF tasks in experiment 2 followed the same analysis procedure
as those in experiment 1. For each participant, a one-way ANOVA
or Kruskal-Wallis test was conducted to compare task completion
times across the four methods, with five trials per method. In the
2-DoF task in experiment 2, each participant underwent two sepa-
rate analyses. First, without considering arm position, a one-way
ANOVA or Kruskal-Wallis test was performed to compare task
completion times across the four methods, with 15 trials per meth-
od. Second, considering arm position, the results were grouped by
the three arm positions (upper, middle, and lower). For each posi-
tion, a one-way ANOVA or Kruskal-Wallis test was performed for
each participant to compare the task completion times across the
four methods (five trials per condition). For all statistical analyses,
the significance level was set at 0.05.
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