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P R O S T H E T I C S

Restoration of grasping in an upper limb amputee 
using the myokinetic prosthesis with 
implanted magnets
Marta Gherardini1,2†, Valerio Ianniciello1,2†, Federico Masiero1,2, Flavia Paggetti1,2,  
Daniele D’Accolti1,2, Eliana La Frazia1,2, Olimpia Mani3, Stefania Dalise4, Katarina Dejanovic1,2, 
Noemi Fragapane4, Luca Maggiani4, Edoardo Ipponi3, Marco Controzzi1,2, Manuela Nicastro5, 
Carmelo Chisari4, Lorenzo Andreani3, Christian Cipriani1,2*

The loss of a hand disrupts the sophisticated neural pathways between the brain and the hand, severely affecting 
the level of independence of the patient and the ability to carry out daily work and social activities. Recent years 
have witnessed a rapid evolution of surgical techniques and technologies aimed at restoring dexterous motor 
functions akin to those of the human hand through bionic solutions, mainly relying on probing of electrical sig-
nals from the residual nerves and muscles. Here, we report the clinical implementation of an interface aimed at 
achieving this goal by exploiting muscle deformation, sensed through passive magnetic implants: the myokinetic 
interface. One participant with a transradial amputation received an implantation of six permanent magnets in 
three muscles of the residual limb. A truly self-contained myokinetic prosthetic arm embedding all hardware com-
ponents and the battery within the prosthetic socket was developed. By retrieving muscle deformation caused by 
voluntary contraction through magnet localization, we were able to control in real time a dexterous robotic hand 
following both a direct control strategy and a pattern recognition approach. In just 6 weeks, the participant suc-
cessfully completed a series of functional tests, achieving scores similar to those achieved when using myoelectric 
controllers, a standard-of-care solution, with comparable physical and mental workloads. This experience raised 
conceptual and technical limits of the interface, which nevertheless pave the way for further investigations in a 
partially unexplored field. This study also demonstrates a viable possibility for intuitively interfacing humans with 
robotic technologies.

INTRODUCTION
People affected by hand amputation suffer severe consequences in 
terms of physical and psychological well-being as a result of substan-
tial functional impairments and major changes in social life. To help 
them regain the lost functionality, bioengineers are searching for a 
human-machine interface (HMI) that allows real-time, parallel, di-
rect, and simultaneous control over multiple degrees of freedom 
(DoFs) of an artificial limb in a physiologically appropriate manner 
as well as a bidirectional flow of information. Machine learning al-
gorithms applied to surface electromyography (EMG) signals, de-
veloped by researchers for more than 50 years, are currently the 
most technologically advanced control solution clinically available 
(1, 2). Although clinically available technologies lack the restoration 
of highly dexterous motor skills equivalent to those of the human 
hand, a new spectrum of opportunities aimed at filling this gap is 
being explored by researchers. Advanced surgical techniques to un-
cover concealed control sources and develop mechanically stable at-
tachments of the prosthesis, combined with highly selective probing 
technologies and advanced control algorithms, are paving the way 
for the bionic reconstruction of amputated limbs (3, 4).

Most of the control and sensory feedback strategies available or 
proposed so far rely on the transduction/encoding of efferent/afferent 
electrical signals from/to the brain, exploiting the peripheral 
physiological structures (nerves and muscles) (5–12). We propose an 
alternative HMI that takes advantage of the physical displacement 
undergone by skeletal muscles during contraction to decode the 
user’s intention. We named it the myokinetic interface (13, 14). The 
core of the interface is a multitude of permanent magnets implanted 
through a minimally invasive procedure into the residual muscles. 
Magnet displacement induced by muscle contraction and retrieved 
through a transcutaneous magnet localizer (TML) is translated in a 
driving signal for the prosthesis (the myokinetic control interface). 
The myokinetic interface is based on implantable technologies, but 
the implanted devices do not require wireless powering or percuta-
neous wires. Compared with fully implantable electromyographic 
sensors, such as the implantable myoelectric sensors (IMESs) system 
(11), magnets exhibit reduced dimensions and, unlike IMES, which 
are sensors de facto, could serve as bidirectional communication 
channels (15). Whereas muscle electrical activity provides only an 
indirect measure of muscle force (16), magnets could enable a direct 
measure of muscle length and velocity, allowing accurate correlation 
of muscle activation to muscle force (17). Another notable solution 
proposed by Cederna and colleagues (12) is the surgical creation of 
nerve amplifiers consisting of small muscle grafts, regenerative pe-
ripheral nerve interfaces (RPNIs). Percutaneous electrodes are 
currently used to record the EMG signals from RPNIs, yet they his-
torically suffer from safety and reliability issues that compromise 
their long-term stability (18). Thus, RPNIs could benefit from the 
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development of wireless probing technologies suitable for integra-
tion inside their restrained volume. Although applicable to all forms 
of limb amputations, the myokinetic interface finds its most suitable 
clinical and scientific application in the treatment of transradial am-
putations, because magnets implanted in several extrinsic muscles of 
the forearm could potentially restore the noteworthy dexterity of 
hand movements. For the past 8 years, we extensively investigated 
the theoretical feasibility (14, 19–22) and developed the enabling 
technologies for myokinetic control (23, 24).

Here, we present a first-in-human demonstration of the myokinetic 
control interface controlling a self-contained prosthetic arm, in a tran-
sradial amputee, through a 6-week study. The outcomes from this pilot 
study were promising given its short duration: The participant was able 
to complete a series of functional tests, achieving a performance compa-
rable to that achieved using myoelectric controllers, a standard-of-care 
solution. Nevertheless, this experience also galvanizes further studies on 
the biomechanics of muscle contraction and tissue deformation; on the 
conceptual and technical limits of the proposed HMI, including its sur-
gical implementation; and on the solutions to overcome them.

RESULTS
Clinical implementation
The participant was amputated at the distal third of the left forearm 
(nondominant side) after a traumatic event that had occurred 5 months 
before their enrollment and started using a myoelectric prosthesis 
1 month before receiving the implant. Preliminary clinical assessments 
(ultrasound imaging and needle EMG) ensured the absence of moder-
ate to severe degrees of muscle fibrosis in nine forearm muscles and al-
lowed us to identify the optimal set of muscles to receive the implants on 
the basis of the observed displacement and muscle function in addition 
to ease of insertion. The participant could activate the digits of the phan-
tom hand, as confirmed by corresponding activations in the extrinsic 
muscles observed with ultrasound. Six cylindrical (2-mm radius and 
height), axially magnetized neodymium magnets coated with medical-
grade parylene C were implanted in three target muscles (two magnets 
per muscle), namely, the flexor carpi ulnaris (FCU), the extensor digito-
rum (ED), and the flexor pollicis longus (FPL) (Fig. 1). Before surgery, 
target muscle sites were marked with a skin pen under ultrasound guid-
ance while the participant was asked to activate each muscle. The surgi-
cal procedure was performed under local anesthesia and deep sedation 
in the operating theater. The magnets were inserted in pairs per muscle 
belly, in the proximal (FCUp, EDp, and FPLp) and distal (FCUd, EDd, 
and FPLd) portion of the muscle, and were separated by a minimum 
distance of 3 cm to prevent migration because of magnetic attraction/
repulsion. Small incisions less than 2 cm were performed on the 
target sites. Nonmagnetic tweezers were used to manipulate the mag-
nets, which were implanted in the target site enclosed in a cube of 
Spongostan, an absorbable hemostatic gelatin sponge used to control 
bleeding during surgical procedures, to minimize the surrounding tis-
sue reaction and mobilization. The implantation site in the target muscle 
was verified under ultrasound sterile guidance. Fibrin sealant was in-
jected at the implant site, and intradermal suturing with absorbable 
threads was performed on the skin incision. Wounds were covered with 
a standard bandage and were desutured on the 10th postoperative day. 
The entire surgical procedure (from incision to sutures) lasted for 
1.5 hours. Periodic ultrasound imaging throughout the implanta-
tion period (10 repetitions of three different movements) was used to 
monitor the displacement of single magnets over time. The latter 

revealed a stable average displacement of 0.5 and 1 mm, in FPLp and 
FPLd, respectively, induced by thumb flexion, in both the longitudi-
nal and transverse muscle plane (Fig. 1, A and B). An average dis-
placement of 1 mm was induced by ulnar deviation on FCUp 
(longitudinally and transversely) and FCUd (longitudinally), where-
as an average displacement of 0.5 mm was measured for FCUd in the 
transverse plane. The extension of the four digits led to a marginal 
increase in displacement in EDp and EDd in the weeks after implan-
tation, ultimately reaching an average value >1 mm.

Because these measures were restricted to a two-dimensional 
(2D) space, a complete description of the magnet displacement 
could only be derived from the localization output, which showed a 
maximum displacement above 6 mm achieved by FPLd during wrist 
supination (fig. S1). During the 6 weeks, the pain associated with the 
phantom limb (R score) increased from ~8 before surgery to ~10 
after surgery but gradually decreased to a score of ~5 at completion of 
the study, according to the McGill Pain Questionnaire (25). The par-
ticipant described the pattern of pain as “continuous” and the phan-
tom limb as “telescoping.” The participant could only feel the magnets 
by pressing on the skin with the nonamputated hand, experiencing 
no discernible presence or discomfort from the implants otherwise. 
The participant seamlessly continued to use his myoelectric prosthe-
sis at home during the whole implantation period.

After 6 weeks, the magnets were explanted in the theater under lo-
cal anesthesia and deep sedation. Surgical access areas were even small-
er than those performed for the implantation procedure because the 
magnets did not migrate from the implantation site. Magnets were re-
moved under ultrasound intraoperative guidance. Intradermal sutur-
ing with absorbable threads was performed. The duration of the explant 
was 1.5 hours. The magnets did not cause any type of reaction in the 
surrounding tissues, with the exception of one that had not retained the 
Spongostan wrap around it. Intraoperative biopsy of a small piece of 
reactive tissue was performed, and the anatomical-pathological result 
confirmed a low-grade granulomatous inflammation. The remaining 
tissues were healthy.

Signal characterization
Candidate control inputs for the myokinetic controller were varia-
tions of the poses (position and orientation) relative to each pair of 
magnets, from the relaxed to the contracted state in the muscles 
(contraction shift). These control inputs were retrieved by sampling 
the magnetic field produced by the magnets, using a grid of 140 sen-
sors distributed over the implantation sites within a prosthetic sock-
et, and solving the inverse problem of magnetostatics (14).

A real-time tracking task aimed to assess the dynamic perfor-
mance of the HMI and quantify the effective independence of the 
implanted muscles demonstrated, however, an imperfect separability 
of the three myokinetic channels (Fig. 1C). When the participant was 
instructed to perform nonfatiguing movements corresponding to a 
prevalent activation of each of the three implanted muscles (FCU, 
FPL, and ED), only the contraction shifts associated with FCU (~1 mm 
median) and FPL (~2.6 mm) were independent, with the elbow ex-
tended. However, such a pattern could not be observed when the el-
bow was flexed. The flexion/extension of the elbow also affected the 
absolute pose of the magnets and the distance between all pairs of 
magnets in the relaxed state of the muscles (Fig. 1D). For example, 
when going from 0° to 70° of elbow flexion, the distance at rest (re-
laxed muscle state) between FPLp and FPLd decreased by ~2 mm, 
whereas for ED, it decreased by a maximum of ~12 mm (Fig. 1D).
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Fig. 1. Clinical implementation and signal characterization. (A) Mean (solid/dashed lines) and SD (shaded area, 10 repetitions) of the displacement of each magnet 
from its position at rest prevalent activation of each of the three implanted muscles (namely, thumb flexion for the FPL, ulnar deviation for the FCU, and four-digit exten-
sion for the ED, derived through periodic ultrasound imaging throughout the implantation period). Stable patterns of displacement were found both in the longitudinal 
and the transverse muscle plane. (B) Example frame extracted from a video acquired with the ultrasound probe in the transverse plane of the FCU. The frame captures the 
magnet implanted distally in the muscle. (C) The boxplots represent the contraction shifts relative to each magnet pair in the same muscle, caused by ulnar deviation (UD), 
radial deviation (RD), and wrist extension (WE), with both extended and flexed elbow. Boxplots contain data extracted from three repetition of each movement, discarding 
the transient. (D) Mean (solid line) and SD (shaded area) of the displacement for each magnet (variation from the position at rest), and between each magnet pair in the 
same muscle (variation from their distance at rest), caused by elbow flexion/extension. Specifically, rest refers to the position of the individual magnets (distance between 
magnet pairs) corresponding to 0° of elbow flexion. Curves were derived from five repetitions of elbow flexion/extension performed by the participant while matching 
three different sinusoidal waves (6-, 4-, and 3-s periods). (E) Distance between FPLd and FCUp while matching sinusoidal waves (above) and sequences of steps (below) by 
performing wrist pronation and supination, with both extended and flexed elbow. The graphs show that the distance at rest between the magnets was affected by the 
elbow movement (dashed line).
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On the contrary, wrist pronation and supination movements 
captured using the poses from FPLd and FCUp demonstrated a high 
degree of controllability, because the participant could finely modu-
late the signal when matching sinusoidal waveforms on a PC screen 
(Fig.  1E). These signals also demonstrated a good signal-to-noise 
ratio (SNR), given that the contraction shifts associated with volun-
tary contractions were considerably larger than those observed in 
other magnet pairs (Fig. 1, C and E). Last, these signals showed good 
robustness against elbow angle, because similar contraction shifts 
were observed at different elbow angles (Fig. 1E). For example, 
when the participant supinated the wrist at ~50% maximum volun-
tary contraction, a maximum contraction shift of 3 mm was mea-
sured with the elbow extended, whereas a maximum of 4.5 mm was 
reached with the elbow flexed at 80°.

These patterns were stable throughout the 6-week period, show-
ing no significant linear or monotonic trend, in agreement with the 
outcomes of the periodic ultrasound measures (fig. S1). Stability was 
also confirmed by the absence of notable patterns resulting from 
voluntary contraction or elbow movement throughout the implan-
tation period.

Self-contained prosthetic hand
We developed a self-contained prosthetic hand that integrated all 
the functional components, including a TML, battery, robotic 
hand, and self-suspending socket (Fig.  2). As anticipated, the 
TML retrieved the poses of the implanted magnets, via numerical 
solving methods fed with the magnetic field sampled by a grid of 
140 sensors distributed over the implantation sites, within the 
socket. The poses of the magnets were thus used as inputs for a 
control system [either a speed direct controller or a pattern rec-
ognition controller (26)], also implemented in the TML, that de-
coded the user’s intention by sending the appropriate commands 
to the hand.

For comparison with standard-of-care solutions, the week before 
the surgery, we fitted the participant with a two-state amplitude 
modulated myoelectric controller and administered the same func-
tional tests used to evaluate the prosthesis under myokinetic con-
trol. For the hand, we used the Mia research hand (by Prensilia Srl), 
an instrumented, human-sized, multi-articulated, versatile robotic 
hand that enabled palmar, precision, and lateral grasps.

Direct control
The characterization of the signals helped create a model for an op-
timized direct control strategy, finely tuned to the observed contrac-
tion shifts and artifacts caused by elbow flexion. According to this 
model, the TML mapped the contraction shift induced between 
FPLd and FCUp during supination and pronation of the wrist to the 
opening and closing of the robotic hand, respectively (Fig. 3A). Be-
cause FPLd and FCUp got closer during supination and moved away 
during pronation, a positive and a negative thresholds were set to 
detect the participant’s intention to open and close the hand, respec-
tively. The control input granularly captured the degree of muscle 
contraction (Fig. 1A), and thus proportional control could be imple-
mented by linear mapping to the corresponding speed of hand 
opening/closing. Once the target position was reached, it was main-
tained without the requirement to keep muscle contraction.

To avoid unwanted hand activations because of elbow artifacts, 
we implemented an enable/disable switch by setting a threshold on 
the slope of the distance at rest between EDp and EDd; in other 
words, no drive signal could be sent to the hand if this threshold was 
exceeded (Fig.  3B). New control inputs were reenabled after the 
slope remained below the threshold for at least 400 ms.

Pattern recognition
The TML used a three-class (hand opening, hand closing, and resting) 
pattern recognition controller using linear support vector machines 
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Fig. 2. The myokinetic prosthetic hand. (A) The user’s motor intention travels from the brain to the muscles through the efferent neural pathways, inducing muscle 
deformation. (B) Magnetic field sensors sample the magnetic field generated by the implanted magnets and transmit the acquisitions to an embedded computing unit. 
(C) An iterative numerical solver retrieves the poses (position and orientation) of the six magnets by modeling the sensed magnetic field as a superimposition of mag-
netic dipoles. (D) The candidate control inputs are computed from the retrieved poses as the distances and relative angles between all magnet pairs. (E) The control inputs 
are interpreted through a direct or pattern recognition control strategy and translated into commands for the robotic hand.
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(SVMs) with a one-versus-all approach and a majority voting post-
processor (three of five classifications). This pattern recognition algo-
rithm was a viable alternative to direct control given that different 
voluntary contraction patterns (wrist pronation, supination, and 
rest) resulted in linearly separable clusters in terms of distances and 

relative orientations between magnet pairs. However, although this 
separation was stable within a single fitting/donning of the prosthesis 
(intracluster radii, <0.5 mm; intercluster distances >1 mm), it was 
not across multiple donnings (Fig. 3C). Hence, it was necessary to 
retrain the model after each new donning of the prosthesis.
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Fig. 3. Direct control signals and workflow and pattern recognition training data, online and offline results. (A) The contraction shift between FPLd and FCUp 
(drest − d) during supination (SU) and pronation (PR) of the wrist was mapped to the opening (drest − d < th2) and closing (drest − d > th1) of the robotic hand. Proportional 
control was implemented by linear mapping to the corresponding speed of the robotic hand. (B) Direct control strategy. An enable/disable switch was implemented by 
setting a threshold, th3, on the slope of the distance at rest between EDp and EDd (ΔdED/Δt), to counteract elbow artifacts. If the elbow was not moving (ΔdED/Δt < th3), 
direct control was implemented according to (A). d indicates distance; V, velocity; and t, time. (C) In intradonning data, contraction patterns related to PR, SU, and rest 
resulted in linearly separable clusters in terms of distances between magnet pairs. This held true across multiple sessions (S1 and S2), that is, across acquisitions performed 
before and after asking the participant to repeatedly move the elbow. On the contrary, cluster separation was unstable across multiple donnings. Dots represent samples 
derived from the steady-state phase of 5-s contractions, repeated three times per movement. (D) The motion test had completion rates of 100% when the SVM was trained 
to discriminate RD and SU, both with the arm in a fixed position (RD-SUsteady) and with the arm reaching six different target positions (RD-SU). In this latter case, when 
retrained with two sets of five classes (RD-SU-ME-UD and RD-SU-HC-UD, where ME is middle finger extension and HC is hand closing), the SVM yielded completion rates 
of 77 or 98%, respectively, although with an increase in completion time. (E) When assessed offline, the pattern recognition approach could discriminate up to 16 classes 
with accuracies greater than 94% for all movements and equal to 77.5% for resting. Misclassifications consisted mainly in individual finger movements recognized as rest-
ing. Actual classes (from up to down): palmar, lateral, and precision grasp; hand opening; wrist flexion and extension; wrist pronation and supination; radial and ulnar 
deviation; index and thumb flexion; thumb opposition; middle and little finger flexion; and resting.
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The SVM trained with three classes (radial deviation, supination, 
and resting) and was assessed in real time via a virtual test [similar 
to a motion test (27)] while the participant wore the prosthesis with 
the arm in a fixed position or with the arm reaching six different 
target positions (fig. S2), yielding completion rates of 100% and 
maximum completion times of 1.25 and 3 s, respectively (blue and 
green curves in Fig. 3D). The same virtual test was repeated by train-
ing the SVM with two sets of five classes—radial deviation, supina-
tion, middle finger extension, ulnar deviation, and resting—and the 
previous set with hand closing in place of middle finger extension. 
These two models were assessed while reaching six target positions 
and yielded completion rates of 77 or 98%, respectively, and maxi-
mum completion times of 4.05 or 6.35 s (red and yellow curves in 
Fig. 3D). Because such maximum completion times included the 
time to reach the target position, and (by definition) the 1-s hold 
period, these outcomes suggest that in most of the cases (~70%), the 
patient executed the trial and reacted to eventual misclassifications 
very quickly (less than 300 ms of overhead time).

The pattern recognition approach was also capable of discrimi-
nating up to 16 classes offline (including grasps, independent digit 
flexion, and wrist movements) with the arm in a single position, 
with accuracies greater than 94% for all movements and equal to 
77.5% for the resting class (Fig. 3E). Errors mainly stemmed from 
the misclassification of classes corresponding to independent digit 
flexion movements as the resting class and vice versa.

Functional outcomes
The participant was able to complete functional tests commonly 
used to assess the dexterity of upper limb prostheses with both 
direct (MAG-DC) and pattern recognition (MAG-PR) controllers, 
using the implanted magnets (Fig. 4A and table S1). The myoelectric 
hand fitted before the surgery was also used to complete the func-
tional tests for comparison (EMG-DC). In the Southampton Hand 
Assessment Procedure (SHAP), the participant achieved an index of 
function of 38 with the MAG-DC and of 52 with both the MAG-PR 
and the EMG-DC controller (MAG-DC in movie S1). The Minnesota 
Manual Dexterity Test (MMDT; placing only, three repetitions) yielded 
completion times of 807 s for the MAG-DC, 747 s for the MAG-PR, 
and 531 s for the EMG-DC controller. The clothespin relocation 
task (CRT) was completed in 52.84 s with the MAG-DC, 48.65 s 
with the MAG-PR, and 40.46 s with the EMG-DC controller, con-
sidering a cumulative completion time for upward and downward 
trials (MAG-PR in movie S2). The bimanual activity test (BAT), ad-
ministered by a physiotherapist, showed that the limb fitted with the 
prosthesis under MAG-PR and EMG-DC control was equally inte-
grated into bimanual activities (Fig. 4B). The pick and lift test (PLT) 
revealed improved motor coordination when using the MAG-PR 
compared with that when using the EMG-DC or MAG-DC control-
ler. This outcome is corroborated by significantly lower (P < 0.001) 
temporal delays achieved with the MAG-PR compared with the 
other controllers, indicating the time interval in which the grip force 
reached 50% of the load force, and by a smoother increase in the 
grip force (Fig. 4C and fig. S4). According to the NASA Task Load 
Index (NASA TLX) questionnaire, the three controllers demanded 
similar (and generally low) physical and mental workloads (Fig. 4D).

Last, and anecdotally, the participant was able to perform a broad 
range of activities of daily living requiring fine movements, like ma-
nipulating fragile objects (an egg and a plastic glass) while moving 
the limb in space, extracting pills from a blister pack, or tying their 

shoes, with both DC and PR (EMG-DC and MAG-PR in movie S3 
and MAG-PR in movie S4).

DISCUSSION
This study presents the clinical implementation of a self-contained 
myokinetic hand prosthesis controlled in real time in a transradial 
amputee. Implanted magnets and a transcutaneous magnetic local-
izer embedded in the prosthetic socket allowed for wireless, safe, 
and stable monitoring of muscle contractions over a 6-week study, 
clinically demonstrating the viability of this approach for the control 
of bionic hands. The closest study is that by Moradi et al. (28), who 
recently reported on the implantation of single magnets in three 
flexor forearm muscles of a transradial amputee in conjunction with 
a tendon transfer technique to increase magnet movement range 
and independence. The authors could demonstrate the clinical via-
bility of the approach, albeit presenting only bench tests and mostly 
offline outcomes. Taylor et al. (29) also contributed to this idea by 
implanting pairs of magnets in a turkey animal model and demon-
strating that multimagnet localization is more precise in close prox-
imity to magnetic field sensors, even more than fluoromicrometry.

Although the minimal invasiveness of the implantation proce-
dure led to a short surgery and recovery time, it also led to subopti-
mal placement of the magnets. Ultrasound examination showed that 
the implants were located just below the muscle fascia and not in the 
muscle belly. Thus, even if a displacement of more than 5 mm was 
observed preoperatively in all target muscles, only FPLd had enough 
independence and an SNR high enough to implement direct control 
(fig. S1). Nevertheless, given that it was possible to decode motor in-
tentions from the displacement of the magnets also using direct con-
trol, we demonstrated that myokinetic control can be modeled, with 
no need to resort to nonexplainable approaches, and that this solu-
tion is stable (fig. S1). Given this, it stands to reason that the avail-
ability of multiple independent control channels could allow parallel 
control over multiple movements, as the outcomes of the motion test 
and offline classifier suggest (Fig. 3, D and E), although this possibil-
ity could not be investigated in the present study. Restricted magnet 
displacement and elbow-related noise limited accurate recognition to 
only three classes during functional tests, preventing full exploitation 
of the dexterity of the robotic hand. In addition, for all controllers, 
the grasp type was predetermined by the experimenter, and thus the 
participant could not switch grasps during functional test execution. 
Nonetheless, the successful performance in functional tests with re-
sults not dissimilar to those of myoelectric controllers, a standard-of-
care solution, suggests that the system is readily learnable, that is, 
intuitive, supporting the assumptions made in conceiving the myoki-
netic interface, the achievement of physiological control (14).

The technicalities associated with the mechanical disturbances 
did not result from the displacement of the socket relative to the skin, 
as expected (21), but from the movement of the elbow. Although not 
explicitly anticipated, the observed tissue displacements, on the or-
der of a few millimeters, did not appear unexpected in retrospect, 
considering the elastic properties of muscle tissues (Fig. 1D). Con-
trary to what one would expect, elbow movements had a similar 
effect on the magnet pairs independently from the origin of the 
muscles (humerus for the FCU and radius for the FPL). This suggests 
that other factors, such as neighbor muscle deformations or socket-
induced loadings, had a primary role in movement-related arti-
facts, which, however, were largely mitigated by the application of 
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differential measurements in the FPL and FCU, achieving distur-
bances below 2 mm (Fig. 1D). This result implies that movement 
artifacts could be neglected by implementing rejection strategies 
akin to differential measurements in case an enhanced surgical 
insertion of the magnets enables larger contraction shifts because of 
voluntary activations. However, because elbow-induced displace-
ment was of the same order of magnitude as that caused by volun-
tary contraction in this case, it posed a problem for direct control 
that was solved through the enable/disable switch based on the elbow 
speed. Differently, the ED muscle, especially in its proximal segment, 
was severely affected by the physical folding of the socket during 
elbow flexion, which amplified the mechanical disturbance on the 
implanted magnets up to 25 mm. The 6 weeks available for the study, 
combined with the number of planned tests, did not allow us to 
manufacture a better socket; hence, we had to drop EDp and EDd as 
potential control signals. This inconvenience suggested that in future 
studies, the implant sites should also be identified by considering 
socket constraints or that the socket design should be revised to re-
duce the system footprint, as discussed in the following paragraph.

We hypothesized the need to retrain the pattern recognition 
model to be partly caused by a variable/unpredictable deformation 
induced by the socket on the soft tissues in multiple donnings, 
affecting the input feature space. In addition to that, different 
donnings, as well as arm swelling due to day-long usage, likely caused 
millimetric changes in sensor placement relative to the implanted 
magnets, which possibly led to a different convergence point of the 
localization algorithm. Similarly, a slight sensor-to-magnet shift 
occurred during intradonning acquisitions after repeated elbow 
movements. This led to minor socket movements and the formation 
of intraclass-shifted data clusters, although the classes remained 
separable (Fig. 1C). Further investigation of these factors should 
lead to strategies to improve the robustness and generalization of 
the control algorithms.

Results obtained with the PLT, especially with the MAG-PR, sug-
gested a good integration of the prosthesis in the sensorimotor con-
trol loop of the participant, although the control on the grip force 
was poor, because this force did not reach a plateau after object lift-
ing (Fig. 4C). Yet, the improved motor coordination achieved with 
the MAG-PR compared with the EMG-DC controller was demon-
strated by a temporal delay approaching that of participants without 
physical impairment and an approximately constant ratio between 
grip and load force (30) (Fig. 4C). The MAG-DC controller was per-
ceived as slower and less responsive compared with the MAG-PR 
because of the elbow-controlled switch, as evidenced by a higher 
temporal delay (Fig. 4C). As mentioned above, we propose that sub-
stantial improvement to this issue could be achieved by implanting 
the magnets in muscle sites enabling higher displacement, in other 
words, higher SNR. Yet, the higher motor coordination achieved 
by the MAG-PR suggests that there is large room for improvement, 
especially considering the limited timeframe of this study. In this 
context, conveying relevant sensory feedback through physiological 
channels would potentially refine dexterity and support the integra-
tion of the artificial limb in performing functional tasks. Notably, by 
triggering remote vibrations in the magnets using an external stimu-
lator, we could potentially activate proprioceptive muscle receptors 
or mechanoreceptors in the muscles or skin, thus eliciting natural 
kinesthetic and vibrotactile sensations. If these strategies are ef-
fective, the myokinetic interface would be able to provide the user 
with bidirectional direct communication with the prosthesis, like the 

natural hand. The use of untethered vibrations to elicit intracorpo-
real sensations was investigated during this study using a bench de-
vice developed and characterized in previous studies (15), and the 
outcomes of feedback experiments are being investigated in a sepa-
rate study.

This clinical implementation provided important guidelines for 
future studies, including a better understanding of the actual pros 
and cons brought by this approach. First, there are key aspects to 
consider in the recruitment process: Optimal candidates should 
have a recent amputation, trained and nonatrophied muscles, no fi-
brosis or denervated areas, and a relatively long stump. These are all 
factors that allow for larger displacement of residual muscles and 
thus contribute to increasing the SNR for control. Although they 
appear to be restrictive inclusion criteria, many new surgical tech-
niques are becoming available for residual limb treatment that may 
improve muscle mobility and access to independent muscle pat-
terns. Among these, we cite targeted muscle reinnervation (TMR), 
which creates novel control sources by grafting severed nerves from 
the stump into surrogate muscles (31). We already suggested the op-
portunity to merge TMR with the myokinetic interface (32), and 
hence, reinnervated muscles exhibit a large displacement during 
contraction and distinguishable activation patterns after different 
movements. Combination with different surgeries readily translates 
into combination with other amputation levels, for example, gleno-
humeral amputations with TMR or transtibial amputations treated 
with the agonist-antagonist myoneural interface (33), that could be 
achieved by embedding the system electronics in the chest and leg 
suspension system, respectively. Furthermore, a proper redesign of 
the hardware of the TML, such as reduced dimensions of the sensor 
boards to match the socket curvature, would allow for reduction of 
the system footprint, which could be housed in a less bulky and 
more flexible enclosure around the stump. If combined with ad-
vanced suspension systems like osseointegration (9, 10), exploiting 
nonferromagnetic implants, this solution would substantially im-
prove user comfort, thus addressing a major factor contributing to 
prosthetic abandonment (34). In this case, the system electronics 
could be housed in smaller and lighter frames (such as bracelets) to 
be worn around the residual limb. Last, the transition to chronic 
implants will require the development of coating solutions for the 
magnets that provide adequate robustness and durability.

Synthetizing all these factors and assuming improved placement 
of the magnets inside the muscles, the myokinetic interface holds 
the potential to reveal unique signals related to specific phantom 
limb movements, allowing achievement of natural and sophisticated 
control strategies. Although alternative noninvasive solutions like 
sonomyography (35, 36) have been proposed for the monitoring of 
muscle displacement, the myokinetic interface holds the potential to 
enable a higher level of selectivity and functionality, akin to the en-
hanced performance demonstrated by implantable electrodes with 
respect to surface ones in EMG control (9). A comparison between 
the performance of the myokinetic interface and that of commer-
cially available pattern recognition controllers remains to be as-
sessed. For example, single muscle movements could be used to 
control the speed of corresponding movements in the robotic hand; 
for instance, the displacement measured in the thumb flexor could 
proportionally drive the flexion of the robotic thumb. Complement-
ing this, the delivery of feedback through remote vibration would 
allow the user to provide relevant sensory feedback which, albeit 
non-somatotopically matched and not entirely natural, would allow 
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the user to build an internal model of the motor task and because of 
this to grasp in a predictive feedforward fashion. To conclude, the 
results achieved in such a short period of time suggested the poten-
tial of the myokinetic interface to restore long-sought natural motor 
control in people who have lost their limbs.

MATERIALS AND METHODS
Study design
All surgical and experimental procedures were carried out at AOUP 
(Azienda Ospedaliero Universitaria Pisana) Hospital. The study 
protocols were carried out in accordance with the Declaration of 
Helsinki. The study was approved by the Ethical Committee of 
AOUP and the national competent authorities. Before obtaining a 
signed informed consent, the participant was informed about the 
nature and possible consequences of the study, and eligibility was 
checked against the study inclusion/exclusion criteria. Consent to 
publish identifiable images of research participants was obtained 
from the participant and notified to the competent authorities.

The participant then underwent preoperative clinical evaluations 
to assess the functionality of the residual muscles in terms of con-
traction capabilities and eventual presence of fibrotic tissue or muscle 
atrophy. Nine residual muscles were preliminary evaluated, namely, 
pronator, flexor carpi radialis, FCU, flexor digitorum superficialis, 
flexor digitorum profundus, extensor carpi radialis, ED, brachiora-
dialis, and FPL. All of them were eligible for implant, and consequently, 
target muscles were selected on the basis of the complementarity of 
their functions: a flexor muscle (FCU), an extensor muscle (ED), 
and a muscle actuating the thumb (FPL).

For comparison with standard-of-care solutions, the week before 
the implantation, we fitted the participant with a two-state amplitude 
modulated myoelectric controller. To this aim, a custom resin self-
suspending socket was fabricated. It included stainless steel elec-
trodes (Ottobock Inc.) placed above the flexor and extensor muscles 
of the wrist, providing the closing and opening of the hand, respec-
tively. The participant was administered state-of-the-art tests com-
monly used to assess the functionality of upper limb prostheses, 
namely, the SHAP, in which the participant grasps a variety of objects 
(37); the MMDT, in which the participant places a series of cylinders 
in matched holes (38); the CRT, where the participant moves three 
clothespins from a horizontal to a vertical pole (39); the BAT, admin-
istered by a physiotherapist, which assesses the degree of integration 
of the impaired limb in bimanual tasks (40). In addition, the par-
ticipant performed the PLT, a well-established procedure in motor 
control studies (41) used to assess the integration of sensorimotor 
control paradigms. The NASA TLX was administered at completion 
of the functional tests to evaluate the physical and mental workload 
(42). The McGill Pain Questionnaire was also administered to pro-
vide a quantitative measure of pain related to the phantom limb be-
fore surgery (25). Furthermore, we recorded videos of the participant 
performing activities of daily living (ADLs), including unscrewing a 
jar/bottle cap, manipulating a fragile object (plastic glass), extracting 
pills from a blister pack, slicing a soft object with a knife, holding a 
rubber ball or an egg while moving the arm in space, and tying shoes. 
These videos allowed us to qualitatively assess (i) the robustness of 
the controller against the limb movements in space and (ii) the abil-
ity of the participant to finely control the prosthesis.

The participant subsequently underwent the implantation sur-
gery, followed by a 1-week rest period that allowed the surgical 

wounds to heal. During the following 5 weeks, experimental ses-
sions to implement and assess the myokinetic control interface were 
carried out at AOUP 3 days a week. Ultrasound imaging was used 
to monitor magnet position and displacement caused by muscle 
contraction throughout the whole implantation period. Specifically, 
an ultrasound scanner (MyLab Omega, Esaote s.p.a.) was used to 
acquire videos of the FCU, ED, and FPL muscles, in both the longi-
tudinal and the transverse muscle planes, while the participant was 
performing nonfatiguing movements corresponding to a prevalent 
activation of each of the three implanted muscles, i.e., ulnar devia-
tion, four-digit extension, and thumb flexion, respectively. These 
videos were analyzed offline to retrieve the displacement undergone 
by each magnet with respect to its position at rest (relaxed muscle 
state). Regarding the implementation of the control strategy, the 
first 2 weeks were dedicated to prosthetic fitting and to the charac-
terization of the candidate control inputs and potential sources of 
disturbance. On the basis of the outcomes of this characterization, 
the last 3 weeks were dedicated to the implementation of two differ-
ent myokinetic controllers (direct and pattern recognition–based, 
see below). The evolution of the pain associated with the phantom 
limb throughout the implantation period was monitored by admin-
istering the McGill Pain Questionnaire on a weekly basis.

TML
The TML used in the study and its performance in terms of com-
putation time, power consumption, and localization precision/
accuracy were comprehensively described in our recent work (24). 
Briefly, the system included seven acquisition units (AUs), each 
hosting 20 magnetic field sensors, one geomagnetic field compensa-
tion sensor, and a microprocessor-based computation unit (CU), 
based on the i.MX RT1060 real-time processor running on an Arm 
Cortex-M7 core at 600 MHz. The AUs were arranged above the 
implanted muscles in locations empirically selected to ensure ac-
curate and stable localizations. The AUs sampled synchronously, 
meaning that readings from the 140 sensors occurred all at the 
same time instant, thus ensuring consistent measurements. Af-
ter sampling, the AUs sequentially transferred the acquisitions to 
the CU, which retrieved the poses of the magnets by feeding them 
to the localization algorithm, operating in pipeline (concurrently) 
with the AU sampling and AU-CU data transferring. The AU-CU 
rates, defined as the interval of time at which complete data pack-
ages were transmitted to the CU, were equal to ~23.6 ms, which 
coincided with the output rate of the whole system, unless the local-
ization algorithm took more time.

Akin to our previous works, the CU derived the poses of the six 
magnets by modelling the field at the ith sensor as a linear superpo-
sition of that produced by six magnetic dipoles and reversing these 
equations through numerical approximation methods. Specifically, 
the CU ran the Levenberg-Marquardt algorithm (LMA) for each 
new data package received from the AUs and considered the results 
acceptable only if the magnets were localized within a user-defined 
workspace. Such a workspace (or volume) was set at the first don-
ning of the prosthesis through a calibration procedure lasting a few 
minutes, in which the participant was asked to contract the implant-
ed muscles while moving the limb in space, e.g., bending the elbow 
and shoulder. After obtaining a comprehensive set of localizations, 
the final volumes were determined by adding a 2-cm safety bias to 
the minimum and maximum x, y, and z coordinates at which each 
magnet was localized. These volumes were subsequently stored in 
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the nonvolatile memory of the CU and used at following donnings. 
A light-emitting diode on the CU blinked green during normal use 
but turned violet when a magnet was retrieved outside of its volume, 
in which case the localization was marked as incorrect and the LMA 
was rerun until a correct localization was achieved. The violet blink-
ing informed the user and experimenters of incorrect functioning 
and the possible need to repeat the calibration.

Prosthetic fitting
After the rest week postsurgery, the participant was fitted with a 
custom-made temporary self-suspending resin socket that allowed 
free placement of a variable number of AUs on its external surface. 
As mentioned above, we empirically searched for an AU number 
and placement that ensured a stable localization of the six implanted 
magnets and found optimal localization precision (repeatability) us-
ing seven AUs placed above the implantation sites. The AU selection 
was achieved by exploiting a custom graphical interface coded 
through the processing graphical library, which displayed in real 
time the current poses of the magnets and the AUs and allowed us to 
save localization and acquisition data for further offline analysis. 
The socket could not be connected to the prosthesis, and thus it was 
used during the first two experimental weeks to characterize the 
available control signals (see below) while the final socket was being 
manufactured by a prosthetist. The latter was a custom-made car-
bon fiber self-suspending socket that integrated all TML compo-
nents in dedicated slots. Specifically, it included slots to host the 
seven AUs in the optimal selected locations and two additional 
pockets on the outer layer and accessible from the outside that host-
ed the CU and the battery used to power both the TML and the ro-
botic hand. In addition, the geomagnetic field compensation sensor 
was mounted on a nonferromagnetic stick attached on the outside 
of the prosthetic socket, away from the implanted magnets (Fig. 4A).

Signal characterization
Different datasets were acquired to investigate the candidate signals 
for control and the type and extent of potential disturbances. For 
this purpose, we developed a custom graphical user interface (GUI) 
using C# in Visual Studio (Microsoft Corporation) to instruct 
the participant to perform specific movements while acquiring syn-
chronized localization data from the TML.

To evaluate the independence of the three myokinetic channels 
at different limb positions, the GUI showed sequences of steps that 
the participant had to match by contracting the implanted muscles 
while performing different movements. Specifically, the participant 
was asked to perform different movements expected to induce a 
prevalent activation in ED, FCU, and FPL with both an extended 
and flexed elbow. These movements were, respectively, four-digit 
extension and wrist extension for ED, ulnar deviation and wrist su-
pination for FCU, and radial deviation and wrist pronation for FPL 
(after excluding thumb flexion because the induced contraction 
shift with the prosthesis on was poor). To avoid muscle fatiguing, 
contractions were divided into steps of 3 s, separated by relaxation 
intervals of 8 s. The acquisitions were repeated multiple times dur-
ing the implantation period to assess the stability of the contractions 
over the weeks and the intra- and interday variability due to multi-
ple donnings of the prosthesis or arm swelling (fig. S1). The same 
acquisition protocol was also sporadically used to assess muscle ac-
tivation induced by other common grasps (such as palmar, preci-
sion, and lateral grasp), flexion/extension of the individual fingers, 

and ab-adduction of the thumb. The GUI temporized the activation 
and rest intervals and provided real-time feedback by displaying the 
contraction shift of three user-defined magnet pairs over the step 
sequences. At the end of each acquisition, localization data were 
saved in a text file for offline analysis.

To investigate the effect of limb movements on the distance at 
rest between magnet pairs and disentangle it from voluntary muscle 
activation, we asked the participant to move the elbow and shoulder 
following sinusoidal waves with different periods (8, 6, 4, 3, and 2 s) 
displayed on the GUI while keeping the implanted muscles relaxed. 
In particular, the participant performed elbow medial/lateral rota-
tion and elbow and shoulder flexion/extension, and the mapping 
between joint angle and localization data was obtained by concur-
rently tracking optical markers arranged on the wrist, elbow, and 
shoulder of the impaired limb through a three-camera six-DoF opti-
cal tracking system (V120:Trio, OptiTrack, US) (fig. S3). Moreover, 
to evaluate the feasibility of modulating muscle activation and cap-
turing such modulation through localization, we asked the partici-
pant to mirror the same sinusoidal waves by gradually contracting 
the implanted muscles. This exercise was performed only for the 
movements that had demonstrated sufficient SNR and robustness 
against limb movements in the sequence of steps.

This signal characterization procedure led to the identification of 
the optimal strategy and signals to implement the direct controller. 
In addition, the same GUI was also used to acquire the data for 
training the pattern recognition controller, as described below.

Direct control
After signal characterization, the contraction shift between FPLd 
and FCUd induced by wrist pronation and supination was identified 
as the optimal signal to control the closing and opening of the ro-
botic hand, respectively. In addition, the speed of the contraction 
shift between the magnets in ED was used to counteract the artifacts 
caused by limb movements, in particular by elbow flexion/exten-
sion. According to this, the controller was implemented as a four-
state machine in which the robotic hand could be in the following 
states: disabled state, i.e., no control input could be sent to the 
hand when the slope related to the magnets in ED overcame a set 
threshold, th3; opening state, when the contraction shift caused 
by supination overcame a set threshold, th2; closing state, when the 
contraction shift caused by pronation overcame a set threshold, th1; 
rest state, when none of the previous thresholds was overcome. The 
value of the distance at rest between FPLd and FCUd was updated to 
take into account slow variations caused by different factors over time 
(such as slow limb movements). Practically, two moving average 
filters with a 90-ms and a 1-s window were applied at discrete 
steps of 50 ms, in accordance with the robotic hand control fre-
quency, to update the current and magnet distance at rest, respectively. 
The difference between these two measures, i.e., the contraction shift 
between FPLd and FCUd, was subsequently compared against the set 
thresholds th2 and th3. In addition, proportional speed control was 
implemented by linearly mapping the retrieved contraction shift to 
the opening and closing speed of the hand. The GUI was used to 
tune the value of th1, th2, and th3 and to transmit the updated val-
ues to the CU, which implemented the control algorithm and sent 
the appropriate command to the hand, i.e., the degree of opening/
closing in the current grasp type (palmar, precision, or lateral).

The direct controller was assessed quantitatively by administer-
ing the same functional test used to evaluate the EMG controller 
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(except the BAT) and qualitatively by repeating the same ADLs. 
Accordingly, the NASA TLX was used to evaluate the physical and 
mental workload required to complete each functional test. Because 
of the limited timeframe of the study and the time needed to charac-
terize the signals/develop the final prosthetic socket, functional tests 
were repeated only once for each controller type (i.e., MAG-DR and 
MAG-PR, see below) during the last two implantation weeks. For 
this reason, performance achieved with different controllers (in-
cluding EMG-DR) could not be statistically compared, except for 
PLT, which involved 100 repetitions of the lifting task. A nonpara-
metric multicomparison test was applied to compare the temporal 
delays achieved using the different controllers across all repetitions. 
Specifically, because data were found to be nonnormally distributed 
according to the Kolmogorov-Smirnov test, the Kruskal-Wallis test 
with Bonferroni correction was applied.

Pattern recognition
We used an SVM classifier with a linear kernel to map the coactivity 
pattern of a muscle group associated with a virtual movement of the 
phantom limb to a corresponding movement of the robotic hand. 
More specifically, multiple classifiers were trained to selectively rec-
ognize an equal number of classes, and a one-versus-all approach 
was applied at the training stage to determine the class with the 
highest score. At testing time, the latter was determined on the basis 
of a majority voting approach, according to which the class that ob-
tained the highest score in at least three of five previous iterations 
was ultimately selected as the winner. The same GUI was used 
to acquire the data for training the models, which consisted of 
a number of individually acquired movements alternating 5 s of 
muscle contraction with 5 s of muscle relaxation (rest). To increase 
the robustness of the classifier, the movements were acquired while 
the participant kept the limb in different positions, including elbow 
extended on the side, elbow flexed at 90°, reaching forward (i.e., as 
to pick up an object on the table), and shoulder flexed at 135° (as to 
grasp an object placed on top). To train the model, the participant 
was required to perform three repetitions of each movement in each 
limb position, resulting in a retraining time of <2 min per move-
ment, akin to similar myoelectric controllers (43–45). The GUI 
temporized the contraction and relaxation phases and saved the 
output of the localization in a text file.

Subsequent offline analysis was implemented to extract 30 time 
series describing the linear and angular distances between all pos-
sible magnet pairs (15 in total, one linear and one angular for each 
pair). The angular distance was computed as the 3D angle between 
the magnetization vectors of each magnet pair. Because of a limita-
tion of the CU hardware resources, 18 (nine linear and nine angu-
lar distances) of the 30 series, corresponding to nine magnet pairs 
that showed observable patterns associated with muscle activation, 
were empirically selected for model training and testing. To ensure 
that training was performed on the steady portion of the signal, the 
central 2.5 s of the contraction and rest intervals of each selected 
time series were extracted and concatenated. The feature set was 
ultimately obtained by normalizing the median value of the sam-
ples contained in windows of 200 ms, with a 150-ms overlap. These 
features were used to train the classifiers on Matlab 2017b (Math-
Works Inc.) and subsequently derive the SVM parameters to be 
transmitted to the CU that implemented the embedded classifier. 
During real-time operation, the latter provided new predictions 
every 50 ms.

We tested the real-time performance of the classifier by imple-
menting a three-class model able to discriminate hand opening 
(trained on wrist supination data), hand closing (trained on wrist 
pronation or radial deviation data), and resting. The trained classifier 
was used to control the robotic hand and perform the same func-
tional tests (including the BAT) and ADLs carried out with the EMG 
controller and the myokinetic direct controller, including the NASA 
TLX at test completion. In addition, the real-time performance of the 
classifier was assessed with a modified motion test carried out in two 
different configurations: with the participant sitting and resting the 
arm on a support and with the participant standing and performing 
different movements in six different arm positions. The training da-
taset acquired in the first configuration included three repetitions of 
two movements, radial deviation and wrist supination. The training 
dataset acquired in the second configuration included three repeti-
tions of six movements: radial deviation, wrist supination, wrist ex-
tension, ulnar deviation, middle finger extension, and hand closing. 
The latter movements were repeated holding the arm in six different 
positions, namely, shoulder flexed at 45°, 90°, and 135°; elbow flexed 
at 90%; and reaching forward obliquely to the left and to the right 
(fig. S2). Different combinations of the movements acquired in the 
second configuration were used to train three classifiers, including 
the following classes: radial deviation and supination; the previous as 
well as middle finger extension and ulnar deviation; the previous 
with hand closing in place of middle finger extension. According to 
this, the test evaluated the feasibility of discriminating in real time a 
maximum of five classes. During the test, the participant was asked 
to wear the robotic hand to reproduce realistic loading conditions on 
the stump. In line with previous studies from the literature (27, 45), 
the motion test required 20 correct predictions within 10 s to con-
sider a motion completed. Standard metrics were used to evaluate 
the test outcomes, namely, the completion time, consisting of the 
time between the first prediction different from resting and the 20th 
correct prediction, and the completion rate, consisting of the num-
ber of completed motions over the total number of motions attempted. 
Specifically, for each trial and its corresponding completion time, we 
calculated the completion rate as the number of completed motions 
within that trial time relative to the total attempted motions. The de-
viation from the standard test was that, unlike what is generally re-
ported in the literature, the completion time also included the time 
to reach the target position from rest (that is, with the arm extended 
to the side).

Last, a larger dataset comprising up to 15 movements (plus rest), 
including grasps, wrist movements, single finger flexion/extension, 
and thumb adduction/abduction, was acquired in the third week af-
ter implantation to assess offline the feasibility of discriminating 
many classes. The participant, while seating with the socket steady 
on the armchair, repeated each movement 15 times (5-s contraction 
and 5-s rest). Accuracy was evaluated using a fivefold cross-validation 
procedure involving 12 repetitions per movement for training and 
three for testing. Resting data were uniformly down-sampled across 
the entire dataset to achieve class balance.

Statistical analysis
The acquired data were exported and processed offline in MATLAB 
2017b (MathWorks). All data are reported as mean values ± SD (un-
less elsewise indicated). The normality of data distributions was 
verified. In cases of non-Gaussian distribution, we performed two-
tailed Kruskal-Wallis tests. Post hoc correction was executed in cases 
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of multiple groups of data. The significance level was 0.05. In the cap-
tions of the figures, we report the used statistical tests/measure for 
each analysis and its result, along with the numerosity of the distri-
butions/the number of repetitions. Last, Pearson and Spearman 
coefficients were computed to assess the presence of increasing/
decreasing linear or monotonic trends resulting from voluntary 
contractions and elbow flexion/extension on magnet displacement, 
considering multiple acquisitions repeated throughout the implan-
tation period.

Supplementary Materials
The PDF file includes:
Figs. S1 to S4
Table S1

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S4
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Erratum for the Research Article “Restoration of grasping in an upper limb 
amputee using the myokinetic prosthesis with implanted magnets” by M.  
Gherardini et al.  

In the Research Article “Restoration of grasping in an upper limb amputee using the myokinetic prosthesis 
with implanted magnets” by M. Gherardini et al., an error in Fig. 2 caused some visual elements in 
(A), including the red and blue parts of the cylinders and other parts of the prosthetic socket (such as the 
prosthetic’s battery, in blue), to become obscured. The figure has been corrected, and the conclusions and other 
data in the paper are not affected.
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Restoration of grasping in an upper limb amputee using the myokinetic prosthesis
with implanted magnets
Marta Gherardini, Valerio Ianniciello, Federico Masiero, Flavia Paggetti, Daniele D’Accolti, Eliana La Frazia, Olimpia
Mani, Stefania Dalise, Katarina Dejanovic, Noemi Fragapane, Luca Maggiani, Edoardo Ipponi, Marco Controzzi, Manuela
Nicastro, Carmelo Chisari, Lorenzo Andreani, and Christian Cipriani

Sci. Robot. 9 (94), eadp3260.  DOI: 10.1126/scirobotics.adp3260

Editor’s summary
Restoration of dexterous motor control after an amputation is challenging in the field of prosthetics and often relies
on transduction of electrical signals from the brain to control bionic limbs. Gherardini et al. have now developed a
myokinetic interface involving the implantation of magnets within muscle groups of the residual limb of a transradial
amputee and a prosthesis device controlled wirelessly. Muscle deformation due to voluntary contraction was
harnessed for dexterous bionic hand control through a direct control strategy and with the aid of a pattern recognition
algorithm, enabling the user to carry out functional tasks such as picking up and grasping fragile objects as well as
tying shoelaces. —Amos Matsiko

View the article online
https://www.science.org/doi/10.1126/scirobotics.adp3260
Permissions
https://www.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Robotics (ISSN 2470-9476) is published by the American Association for the Advancement of Science. 1200 New York Avenue
NW, Washington, DC 20005. The title Science Robotics is a registered trademark of AAAS. 

Copyright © 2024 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026

https://www.science.org/content/page/terms-service

	Restoration of grasping in an upper limb amputee using the myokinetic prosthesis with implanted magnets
	INTRODUCTION
	RESULTS
	Clinical implementation
	Signal characterization
	Self-contained prosthetic hand
	Direct control
	Pattern recognition
	Functional outcomes

	DISCUSSION
	MATERIALS AND METHODS
	Study design
	TML
	Prosthetic fitting
	Signal characterization
	Direct control
	Pattern recognition
	Statistical analysis

	Supplementary Materials
	The PDF file includes:
	Other Supplementary Material for this manuscript includes the following:

	REFERENCES AND NOTES
	Acknowledgments
	AbstractOne-sentence summary: 
	Editor’s Summary




