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Abstract

Peripheral nerves provide a promising source of motor control signals for neuroprosthetic devices.
Unfortunately, the clinical utility of current peripheral nerve interfaces is limited by signal
amplitude and stability. Here, we showed that the regenerative peripheral nerve interface (RPNI)
serves as a biologically stable bioamplifier of efferent motor action potentials with long-term
stability in upper limb amputees. Ultrasound assessments of RPNIs revealed prominent
contractions during phantom finger flexion, confirming functional reinnervation of the RPNIs in
two patients. The RPNIs in two additional patients produced electromyography signals with large
signal-to-noise ratios. Using these RPNI signals, subjects successfully controlled a hand prosthesis
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in real-time up to 300 days without control algorithm recalibration. RPNIs show potential in
enhancing prosthesis control for people with upper limb loss.

INTRODUCTION

Upper limb loss can markedly alter an individual’s lifestyle and impede his or her ability to
perform activities of daily living. Building a direct interface to the peripheral nervous system
could ultimately provide the best option for intuitive control of an upper limb prosthesis.
However, current peripheral nerve interfaces have limitations, which minimize their clinical
utility (1, 2). Electrodes placed within a peripheral nerve can record distinct efferent motor
action potentials but over time are susceptible to decline in signal amplitude (3, 4). Instead,
electrical stimulation has shown promise in providing tactile feedback through stimulation
of afferent sensory axons (3, 5-7). Electrodes placed around a nerve have been successfully
used in humans for improving sensory feedback for more than 2 years. These electrodes can
be used to stimulate efferent motor axons to control distal innervated muscles and afferent
sensory axons to provide patients with a sense of touch and pressure while using a prosthesis
(8). However, recording specific efferent motor action potentials is challenging because of
the small amplitude of the signals, limiting the number of independent control signals that
can be recorded (9).

Targeted muscle reinnervation (TMR) can provide multiple control signals by transferring
divided peripheral nerves in a residual limb to intact local or regional muscles. Surface
electromyography (EMG) is then used to record the efferent motor control signals (10). With
TMR, a normally innervated muscle must be partially denervated to provide a new target for
recording EMG signals from the implanted nerve. In addition, two or three nerves (median,
radial, and ulnar) may be implanted into the same target muscle (for example, the pectoralis
major muscle), making it difficult to record independent control signals from individual
nerves or fascicles. Consequently, implanted amputees can control a limited number of
independent movements (11).

To achieve both greater signal specificity and long-term signal stability, we have developed a
regenerative peripheral nerve interface (RPNI). RPNI is composed of a transected peripheral
nerve, or peripheral nerve fascicle, that is implanted into a free muscle graft (12, 13). The
free muscle graft undergoes an approximately 3-month process of regeneration,
revascularization, and reinnervation by the implanted peripheral nerve (12). This process
creates a stable, peripheral nerve bioamplifier that produces high-amplitude EMG signals,
which could be used to control a prosthetic device (14-17). In addition, RPNIs have been
shown to prevent and treat neuroma pain and phantom pain after amputation (18-20). To
date, more than 200 patients have been implanted with RPNIs for the prevention and/or
treatment of neuroma pain and phantom pain. Here, we show that RPNIs, implanted in
participants with upper extremity limb loss, actively produced RPNI muscle contractions
during volitional phantom finger movement. In addition, we successfully recorded
independent efferent motor action potentials from RPNIs, which provided real-time
prosthetic finger control up to 300 days without recalibration of the control algorithm.
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RESULTS

Clinical description and creation of the RPNI in upper limb amputees

Initially, seven participants with upper extremity amputations and symptomatic neuromas
elected to undergo RPNIs for the treatment of their neuroma pain and phantom pain and also
elected to participate in a study involving the temporary placement of percutaneous fine
wires into their RPNIs for prosthetic control (see Materials and Methods). After one to two
sessions of fine wire implantation using needles, three participants opted to drop out of the
study because of the pain caused by the needles. The remaining four participants are
presented below. A 3 x 1.5 x 0.5-cm muscle graft was harvested from a healthy native donor
muscle. For all participants mentioned below, free muscle grafts were harvested from their
ipsilateral vastus lateralis. The distal end of a transected peripheral nerve in the residual limb
was then sutured into the muscle graft. This created an enclosed biologic peripheral nerve
interface. This procedure was then repeated to provide the desired number of RPNIs (Fig.
1A), which was different in each of the four participants because of unique aspects of their
amputation.

Participant 1 (P1) is a 45-year-old male who sustained a left proximal transradial
amputation. He was recruited 16 years postoperatively with severe, persistent neuroma pain
that was inadequately treated using traditional techniques. In 2016, the patient underwent
excision of his ulnar, median, and radial nerve neuromas at the level of his antecubital fossa.
An intraneural dissection of the median, ulnar, and radial nerves was performed to isolate
individual nerve fascicles. We then implanted the end of each divided nerve fascicle into a
separate muscle graft. Four RPNIs were created on the median nerve, three RPNIs on the
ulnar nerve, and two RPNIs on the radial nerve (Fig. 1B). After RPNI surgery, P1 elected to
undergo a temporary implantation of percutaneous fine wires to record efferent motor action
potentials from the RPNIs (Fig. 1A).

P2 is a 72-year-old male who presented with a sarcoma on his right upper extremity. In
2018, he underwent a glenohumeral amputation, and RPNIs were created for neuroma
prevention. An intraneural dissection of the median, ulnar, and radial nerves was performed
to isolate individual nerve fascicles. Two RPNIs were created on each of the median, ulnar,
and radial nerves, and one RPNI was created on the musculocutaneous nerve and one on the
axillary nerve (Fig. 1C).

P3 is a 30-year-old male who sustained a traumatic amputation of the right hand, resulting in
a right wrist disarticulation. He was recruited 2 years after his original injury with severe,
persistent symptomatic neuromas of the median, ulnar, and dorsal radial sensory nerves. The
pain limited his ability to wear his prosthesis. In 2015, P3 underwent resection of his
median, ulnar, and dorsal radial sensory nerve neuromas in his distal forearm. One RPNI
was created on each of these nerves (Fig. 1D). He elected to undergo implantation of
indwelling bipolar electrodes in 2018, under a Food and Drug Administration investigational
device exemption (fig. S1A).

P4 is a 53-year-old female who developed a urinary tract infection, leading to septic shock
and acute renal failure. Her treatment was complicated by an intravenous extravasation of
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calcium into her right hand and forearm, leading to tissue necrosis and requiring a partial
hand amputation. Her residual hand became progressively more contracted with limited
active and passive range of motion of the interphalangeal (IP), metacarpal phalangeal, and
wrist joints. In 2017, she underwent a voluntary distal transradial amputation. One RPNI
was created on each of the median and radial nerves, and an intraneural dissection of the
ulnar nerve was performed to create two RPNIs (Fig. 1E). One year after the RPNI surgery,
P4 elected to undergo implantation of indwelling bipolar electrodes (fig. S1B).

Observed muscle contractions of the RPNI

Two participants (P1 and P2) with RPNIs created above the elbow (that is, no long flexors or
extensors of the fingers or wrist remain) were evaluated with ultrasound, and their RPNIs
were observed to contract during phantom finger movements. Participants were asked at the
beginning of each behavioral task whether they could move the fingers of their phantom
limb. In this situation, the RPNIs were observed contracting during movement of the
phantom fingers. Figure 2 shows sonograms with RPNI contractions highlighted according
to the anatomical movement that was observed under ultrasound.

Specifically, P1’s median nerve RPNIs are located near the short head of the biceps brachii,
proximal to the elbow with no finger-related musculature remaining. These median nerve
RPNIs, identified by ultrasound, demonstrated independent contractions during attempted
thumb IP and index finger proximal IP (PIP)/distal IP (DIP) joint flexion of the phantom
limb (movie S1). Specifically, median RPNI 1 contracted for thumb flexion, whereas median
RPNI 2 to RPNI 4 and a subsection of RPNI 1 contracted for index finger flexion (Fig. 2A).
These contractions were associated with minimal movement of the surrounding tissue. At
this level of amputation, these were anatomically anticipated movements associated with the
median nerve (table S1).

P1’s ulnar RPNIs were located near the long and medial heads of the triceps brachii. The
bulk of RPNI 1 and RPNI 2 contracted during volitional small finger PIP/DIP joint flexion
of the phantom hand, whereas a subsection of both RPNIs contracted for thumb movement
(Fig. 2A and movie S2). These movements were also anatomically expected as the ulnar
nerve innervates muscles controlling small finger and thumb movements. A small subsection
of the ulnar RPNI did appear to undergo small but visible contractions during volitional
index finger movement. This was anatomically unexpected but may be due to P1’s 16-year
period without a hand, making certain volitional movements difficult to generate
independently.

Unlike P1, P2 underwent an amputation at the shoulder level where the functionalities and
segregation of the hand’s median, ulnar, and radial nerves are mixed and undefined.
Nonetheless, RPNI contractions were still observed during finger-related movements. In
particular, two RPNIs were unambiguously identified because of their sutures near the
lateral side of the right pectoralis major. With some variation in amplitude, they contracted
during thumb carpometacarpal (CMC)/metacarpophalangeal (MCP)/IP joint flexion, index
PIP/DIP joint flexion, and middle, ring, small finger PIP/DIP joint flexion (Fig. 2B and
movie S3). These RPNI contractions, seen in two participants missing finger-related
musculature, suggest that nerves carrying efferent motor action potentials controlling finger
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functionality successfully reinnervated the RPNIs, allowing P1 and P2 to have volitional
control over their phantom hand.

To perform a statistical comparison of the RPNIs to the surrounding tissue, we evaluated
mean pixel intensity within the RPNIs versus the surrounding tissue (Wilcoxon rank sum
test). Overall, P1’s median RPNI 1 and ulnar RPNI 1 and RPNI 2 had a significant change in
mean pixel intensity than the surrounding tissue during thumb and small finger flexion,
respectively (P< 0.001 for both comparisons). For index finger flexion, median RPNI 1
contracted more than the surrounding tissue (£ < 0.001), whereas observation of median
RPNI 2 to RPNI 4 demonstrated smaller contractions and had mixed pixel changes (table
S2).

To verify that these contractions had associated EMG, we recorded from these RPNIs using
percutaneous fine wires. P1, but not P2, elected to have these wires inserted. The bipolar
wire electrodes have a 1-mm distance between contacts to record from a localized area of
the RPNI. Here, we observed clear EMG spikes associated with thumb movements in
median RPNI 1, with a signal-to-noise ratio (SNR) of 4.62, and for small finger movements
in ulnar RPNI 1 and RPNI 2 (mean SNR = 3.80) (Fig. 2C). This suggests that these RPNI
grafts amplify efferent motor nerve action potentials, actively contract, and generate EMG
signals similar to residual muscle.

In P3 and P4, who had RPNIs in their distal forearm, ultrasound was used to easily locate
the RPNIs (fig. S2). However, because of the motion of the surrounding innervated residual
muscles, dedicated RPNI movement was difficult to isolate because of the contractions and
conformational changes of the adjacent innervated residual muscle.

Surgically implanted indwelling bipolar electrodes

P3 and P4 elected to undergo implantation of indwelling bipolar EMG electrodes. In these
patients, we evaluated the ability of the RPNIs to amplify efferent motor action potentials
and to provide these motor control signals long term. In both participants, large amplitude,
anatomically appropriate motor control signals were recorded from the indwelling RPNI
electrodes (7= 2,3).

P3 had one median RPNI and one ulnar RPNI, whereas P4 had a single median RPNI and
two ulnar RPNIs. EMG envelopes for six different phantom limb movements are shown in
(Fig. 3). The averaged peak-to-peak amplitude for the most preferred movement on the
RPNIs was 2.77 = 0.660 mV with an SNR of 102 and 501 + 145 pV with an SNR of 36.1 on
P3’s median and ulnar RPNIs, respectively (fig. S2, A and B). Likewise, P4’s median nerve
RPNI had an average peak-to-peak amplitude of 579 + 209 uV (SNR = 19.1), ulnar nerve
RPNI 1 had an amplitude of 334 + 80.9 pV (SNR = 15.6), and ulnar nerve RPNI 2 had an
amplitude of 501 + 164 uV (SNR = 28.3) (fig. S2, C and D). These electrodes had a larger
spacing between the bipolar contacts (10 mm) than the percutaneous fine wire electrodes (1
mm). The more accurate surgical targeting of the bipolar indwelling electrode into the RPNI
may account for the larger amplitude efferent motor action potential signals compared with
P1.
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RPNI signal recording specifically identified physiologically correct motions from each of
the peripheral nerves in both participants. As expected, there was minimal median nerve
RPNI signal detection during small finger flexion (Fig. 3, A and B). For the ulnar nerve
RPNIs, RPNI activation appropriately occurred during flexion of the phantom thumb,
whereas minimal activation occurred during index finger flexion. In addition, the ulnar nerve
RPNIs activated for finger abduction/adduction; anatomically, these finger motions are
exclusively controlled by the ulnar innervated intrinsic muscles of the hand (Fig. 3, A and
B). The split ulnar grafts in P4 had different activation patterns. Ulnar RPNI 2 was more
strongly activated during finger abduction/adduction and thumb CMC/MCP joint motion
than ulnar RPNI 1 (Fig. 3B). These findings suggest that efferent motor action potentials can
be recorded using RPNIs from individual nerve fascicles, each of which may have distinct
and unique motor control signals.

Real-time myoelectric prosthetic control

The observed high-amplitude RPNI signals and unique activation patterns suggested that
these signals would be useful for prosthetic hand control. We first evaluated this possibility
using a pattern recognition approach (see Materials and Methods), testing whether RPNI-
generated signals could discretely predict hand postures. Using a simple naive Bayes
classifier trained with only RPNI signals, we were able to decode five different finger
postures in each subject, both offline and in real time (Fig. 4). When the classifier was
trained with both RPNI signals and residual muscle signals (see Materials and Methods), we
were able to decode four different grasping postures (fig. S3). During real-time control, P3
was able to control the virtual thumb opposition and flexion, as well as small finger flexion,
finger adduction, and resting hand postures with 100% accuracy (Fig. 4A and movie S4). P4
was able to control the ring finger, thumb flexion, small finger, finger abduction, and resting
hand postures with 94.3% accuracy (Fig. 4B and movie S5). In addition, each subject was
able to control fist, pinch, point, and extend fingers with 100% accuracy (fig. S3, A and B,
and movie S6). Offline decoding alluded to these high-accuracy, real-time predictions in
both participants (Fig. 4, C and D, and fig. S3, C and D). The majority of movements were
selected quickly, with the fastest motion selection times, or the times between EMG onset
and the classifier’s prediction, less than 0.3 s (Fig. 4, A and B). P3 and P4’s averaged motion
selection time across all movements were 0.172 + 0.105 and 0.234 + 0.0894 s, respectively
(means * SD; table S3).

We next tested whether P3 and P4 could voluntarily modulate the RPNI signals to
continuously control the finger position of the virtual hand’s thumb. Using a regression
approach (see Materials and Methods), we asked each participant to hit 2-cm spherical
targets placed along the virtual hand’s range of motion. P3 and P4 acquired targets with 100
and 96.3% accuracy on day 0, respectively. To test P3 and P4’s performance across time, the
algorithm’s parameters trained on day 0 were reused across multiple days, up to 300 days
for P3 and 97 days for P4. On the last day, P3 and P4 were still able to acquire targets with
high accuracy, 100 and 96.4%, respectively (Fig. 5, A and B, and movies S7 and S8). In
addition, extraction of single motor units from P3 and P4’s median RPNIs showed signal
amplitude variability from day to day, +17.2 and £6.63%, respectively, but no observable
decreasing trend in amplitude (Fig. 5, C and D). Previously, we found similar signal
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variability, which affected RPNI motor performance in nonhuman primates (14). In this
study, however, we did not observe a change in motor performance in either subject.

To further increase the degree of functionality, we simultaneously controlled the thumb IP
joint and thumb CMC/MCP joints as a two degree of freedom (DOF) thumb. P3 and P4
performed the same target hitting task in these two axes, hitting eight targets with 100 and
97.2% accuracy with an average time to success of 0.987 + 0.16 and 2.83 + 0.43 s,
respectively (Fig. 5, E and F, and movie S9). As a direct comparison, P4 performed the same
task using surface EMG (see Materials and Methods), hitting targets with 78.4% accuracy
with an average time to success of 4.40 £ 0.50 s (movie S10). Surface EMG amplitude was
lower than intramuscular EMG, which may have contributed to the decrease in performance.
In addition to the virtual target task, P3 was asked to use the physical prosthesis (LUKE arm,
Deka) to touch the tip of a wand, placed at different locations, with the tip of the prosthetic
thumb (Fig. 5G). The high accuracy of the thumb control seen during the virtual task
translated well to the physical prosthesis (movie S11).

To test functional control, P3 and P4 were both fitted with a custom socket to perform
functional tasks. A one DOF index finger using signals from his flexor digitorum profundus
to the index finger (FDPI) was added to P3’s simultaneous two DOF thumb control. The
participant used this three DOF control to complete a self-paced box and blocks task (movie
S12). P3 reported intuitive control while navigating the thumb and index finger to precise
positions. Because of the weight, P4 was unable to lift the LUKE hand to complete the
functional tasks. Consequently, we used an extra small i-limb Quantum. P4 used a two DOF
control strategy built to predict thumb and small finger flexion, which were then mapped to
proportionally control key pinch and power grip. The subject successfully and sequentially
completed a trio of Southampton Hand Assessment Procedure (SHAP) abstract tasks (movie
S12). For both subjects, we quantitatively compared the predicted finger positions during the
functional tasks to offline simulated predicted positions using only recorded EMG from
implanted residual muscles. The normalized average Euclidean distance between P3’s real-
time predicted two-dimensional thumb trajectory and simulated two-dimensional thumb
position trajectory was 25.5% of the maximum range of motion during active thumb periods
(fig. S4A). P4’s real-time and simulated thumb position differed by 53.8% during active
thumb periods (fig. S4B). There was a significant difference between the original and
simulated trajectories (£ < 0.001), which suggests that the RPNI signals played an important
role in contributing to the subject’s intentional thumb movement.

DISCUSSION

We have shown in four upper limb amputees that RPNIs might be an effective peripheral
nerve interface to provide efferent motor signals for control of prosthetic devices. The RPNI
amplifies efferent nerve signals to provide favorable SNRs for high-fidelity control of both
extrinsic and intrinsic hand functions. The SNR of the recorded EMG had a mean of 4.21 in
P1,68.9in P3, and 21.0 in P4. The wide SNR gap between P1, P3, and P4 is likely due to
the smaller bipolar electrode spacing in acute fine wires (1 mm) versus indwelling EMG
electrodes (10 mm), whereas the difference between P3 and P4’s measured SNR may be due
to the period of reinnervation. P3’s nerves had an additional 2 years to reinnervate his
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muscle grafts before electrode implantation. Nonetheless, P3 and P4’s SNRs were
substantially larger for RPNIs with implanted bipolar electrodes than measured SNR in
nerve cuff electrodes or intraneural probes, whose SNR ranges from 4 to 15 (3, 9, 21, 22). In
addition, intraneural probes, such as the Utah slanted electrode array, can provide large
signals but currently run into issues of signal stability over time (4). In comparison, RPNIs
have remained a stable peripheral nerve interface for 2 years in P1, 8 months in P2, 3 years
in P3, and 1 year in P4. The chronic bipolar electrodes used in this study are similar to those
that have been previously observed to record stable EMG for up to 7.5 years (23). As P3 and
P4 remain implanted, we hypothesize that RPNI signals will continue to demonstrate
stability over the course of their implantation. Although surface electrodes recorded smaller
amplitude EMG signals than intramuscular electrodes, this does not entirely eliminate the
possibility of using surface electrodes to record RPNI signals. A modified surgery could be
performed in which the RPNIs are placed closer to the skin, allowing a greater chance of
recording higher-amplitude surface EMG signals.

With ultrasound guidance, we demonstrated that different subregions of each RPNI
contracted for different volitional movements. This is in line with the idea that the
reinnervated muscle of the RPNI will have different single motor units reinnervating distinct
portions of the free muscle graft. With surgically implanted indwelling electrodes at the
distal transradial level, we have shown that RPNl EMG activation occurred during specific
intrinsic hand movements. Together, this suggests that RPNIs are functionally selective. To
gain even greater selectivity for prosthetic control, electrodes with more recording sites
within RPNIs can theoretically provide enhanced signaling. In contrast to intraneural
electrodes, which require numerous recording sites a few hundred micrometers apart,
electrodes in RPNIs could have recording sites millimeters apart to record different efferent
motor control signals.

In previous studies, investigators have provided prosthetic control signals by interfacing with
intact muscles in the residual limb. This strategy has provided reasonable signal amplitude
and some control of a prosthetic limb in patients undergoing transradial amputations (24—
28). However, when intrinsic hand muscles and extrinsic flexors and extensors of the fingers
are absent, there is no effective way to obtain these control signals without directly
interfacing with the peripheral nerves. RPNIs have provided an alternative where directly
extracting efferent motor action potentials from the peripheral nerve is possible.
Furthermore, we did not need to transect any nerve branches to any of the residual muscles
of the upper arm and, thus, did not denervate existing muscle, as is necessary in TMR (29).

The most promising finding of intrinsic hand functionality was the ability for P3 and P4 to
control the intrinsic muscles of their thumb using both their ulnar and median RPNIs. This is
anatomically appropriate since both the median and ulnar nerves innervate several intrinsic
muscles, which assist in flexing the thumb CMC/MCP joints. Previous studies of
simultaneous control of multiple DOFs have focused on controlling the wrist and hand open/
closed (26, 28, 30). In this study, RPNIs enabled P3 and P4 to have intuitive two-axis thumb
control including thumb flexion/extension and thumb opposition/reposition. These
additional control signals combined with existing residual muscle may help gain more
dexterous control of the prosthetic hand, as many studies are limited to capturing motor
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signals from residual musculature (28, 31-35). As demonstrated during functional tasks,
continuous control of three DOFs was achieved by adding residual EMG from the FDPI
muscle. However, further testing is warranted to directly compare continuous and pattern
recognition controllers for real-world tasks. To date, pattern recognition controllers have
outperformed conventional controllers during standardized functional trials (36). This
suggests that pattern recognition controllers will still be needed until a more robust
continuous controller is developed. For future work, we plan to further explore the
capabilities of combining RPNIs with residual innervated muscles to extend control to
greater DOFs. EMG-driven musculoskeletal models have been developed for real-time,
physiologically accurate prosthesis control during functional tasks (30) but have only shown
control of two to three DOFs. We postulate that the number of residual muscle signal
sources is a limiting factor in these models and that additional signal sources from the
RPNIs could potentially increase prosthesis controllability and functionality.

In addition to prosthesis control, RPNIs have shown to be an effective technique to reduce
symptomatic neuroma pain and also prevent neuroma formation (18-20). Similar results
have been demonstrated with TMR (37), with a more recent study providing evidence that
TMR decreases phantom limb pain (38). Additional studies should compare the relative
efficacy of each technique in reducing both neuroma and phantom limb pain. Furthermore,
RPNIs may provide a potential sensory component that could bring tactile and
proprioceptive feedback to prosthetic users. Adding a sensory component would build a
robust bidirectional closed-loop prosthetic paradigm, theoretically improving motor
functionality and giving individuals a sense of embodiment (3, 8).

This pilot study has demonstrated that the RPNI technique can be a viable clinical option to
improve prosthesis control for upper extremity amputations, although limitations of the
study should be noted. Our study design did not include a direct comparison to other
surgical approaches (for example, TMR). A future study is warranted to determine whether
one approach has more clinical benefits than the other. In addition, we were limited in the
number of intramuscular electrodes that we could implant for safety reasons. This led to a
careful decision on which residual muscles to implant to provide the best prosthesis control
for the subjects. To further explore the contributions of RPNI signals at the transradial level,
future study designs should consider implanting into all relevant residual muscles to
compare prosthetic performance with and without RPNI signals.

We have demonstrated that RPNIs can be used to record efferent motor nerve action
potentials at both the intrinsic and extrinsic stages. RPNIs have shown proficiency in
amplifying motor nerve signals, enabling motor selectivity, allowing smooth continuous
control of one and two DOF thumb movements, and remaining a stable peripheral nerve
interface over time. Thus, the RPNI technique combined with a wireless recording/
stimulation device may revolutionize future clinical prosthetic technology and greatly
improve the quality of life for patients with limb loss.
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MATERIALS AND METHODS

Study design

This study investigated whether the RPNI procedure can amplify efferent nerve action
potentials to provide unique stable signals for control of one and two DOF finger prosthesis.
The experiments presented were designed to demonstrate the RPNI’s viability in human
subjects, determine the long-term stability of one DOF motor performance, and improve
volitional control of a virtual and physical hand prosthesis for functional tasks. Ultrasound
imaging and electrophysiological recordings were used to measure RPNI viability, and
virtual and physical prosthetic hand control tasks were performed to measure motor
performance. This was a first-in-human, non-blinded, nonrandomized pilot study. No power
analysis was calculated before the study. Participants were selected for the treatment of
neuroma pain or prevention of neuroma growth. Ultrasound imaging was replicated across
all four subjects, electrophysiological recordings across three subjects, and prosthesis
control tasks across two subjects. The Institutional Review Board at the University of
Michigan approved this study, and each participant provided written and informed consent.

Electrophysiology

P1, P2, P3, and P4 participated in experimental sessions beginning 4, 8, 6, and 11 months
after RPNI surgery, respectively. Initiation of experimentation was based on patient
availability and results from previous animal work, which demonstrated that it took
approximately 3 months for RPNIs to mature and stabilize (12, 15-17). During each
experiment, ultrasound imaging was performed to identify and measure the RPNIs with the
option for participants to have guided percutaneous fine wire electrodes placed into the
RPNIs (Natus Medical P/N 019-475400). In addition, fine wire electrodes were also placed
percutaneously into available innervated muscles in the residual limb. The electrodes were
removed at the completion of each session.

After completing the fine wire sessions, P3 and P4 elected to undergo surgical implantation
of eight indwelling intramuscular bipolar electrodes (30.5 x 0.025 cm, Synapse Biomedical).
The electrodes consist of two stainless steel leads coiled in a double helix formation and
insulated with perfluoroalkoxy material. For P3, electrode implantation was performed 3
years after the original RPNI surgery and 5 years after the original amputation. One
electrode was implanted in each of the median and ulnar nerve RPNIs (fig. S1A). For P4,
electrode implantation was performed 12 months after the original RPNI and amputation
surgery. Like P3, P4 had one electrode implanted in each RPNI (fig. S1B and table S4). No
electrode was implanted into the dorsal radial sensory RPNI for either participant, since it is
a purely sensory nerve and transduces no efferent motor action potentials. A neural signal
processor (NeuroPort, Blackrock Microsystems) filtered EMG signals from RPNIs between
3 and 7000 Hz (unity gain) and recorded the signals for offline analysis. For all three
participants, EMG SNR was calculated offline. Specifically, the root mean square (RMS) of
the EMG was divided by the RMS of the electrode’s noise floor seen during rest. Peak-to-
peak amplitude was calculated by taking the difference between the maximum and minimum
EMG values. The SNR and peak-to-peak amplitude are calculated from 2 recording sessions
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with fine wire electrodes in P1, 13 sessions with indwelling electrodes in P3, and 9 sessions
in P4,

Ultrasound imaging and recording

During ultrasound experiments, a 15-6 MHz linear array ultrasound transducer (SonoSite X-
Porte) was positioned along the transverse plane of the arm to locate and measure the size of
the RPNIs in each participant. In addition, the subjects were asked to perform finger
movements with their phantom hand, and the changes in the size and shape of the associated
RPNIs were evaluated and visualized. P1 volitionally flexed and extended his phantom
thumb at a self-paced frequency of 1.5 Hz for a duration of about 13 s. Subsequently, he was
asked to move his phantom index and then his phantom small finger in a similar manner. P2,
who had a glenohumeral amputation, was asked to volitionally flex and extend his phantom
thumb, index, middle, ring, and small finger for approximately 30 s while following cued
instructions from a researcher. Each ultrasound video clip was evaluated qualitatively and
quantitatively.

To quantify the contraction of the RPNIs, frames at rest and at maximum volitional
contraction (MVC) of each video were analyzed, and the percentage difference of pixel
mean intensity (MI) and SD between frames was calculated. Using MATLAB (MathWorks),
the selected frames were segregated and labeled as rest or MVC. Subsequently, the manually
traced RPNI region was extracted from each frame, and the remaining area was identified as
the “surrounding tissue.” Similar calculations of the pixel MI and SD were taken as well as
the percent differences between frames. This metric is an indicator of how much the selected
region moved between rest and MVC. Ultrasound data were collected in two sessions in P1
and one session in P2.

Online prosthesis control

A continuous task and discrete task were conducted to measure motor performance. Each
task was split between two phases: a training phase and a decoding phase. Only P3 and P4
performed both tasks using signals from the intramuscular bipolar electrodes.

For the continuous task training phase, participants performed a bilateral mirrored
behavioral task in which finger position from their intact hand and EMG data from their
amputated limb were recorded (34). Participants donned a glove embedded with five flex
sensors (Spectra Symbol) on their intact hand to measure finger position. Using the glove,
they controlled a virtual prosthetic hand generated by MuJoCo software and followed a
visual target during a center-out target task (39). Participants followed the visual target for 2
to 5 min (~50 to 200 trials) and held the fingers of their intact hand and phantom hand
within the target for 1 s. The target color would turn green if the participant successfully
placed the virtual finger within the target radius. In addition, each trial was labeled success if
the participant held the finger within the target for 1 s. To quantify the performance, we
measured the accuracy and time to successfully acquire targets.

During this training phase, a neural signal processor (NeuroPort, Blackrock Microsystems,
Salt Lake City, UT, USA) filtered EMG signals from residual muscles and RPNIs between 3
and 7000 Hz (unity gain) and recorded the signals for offline analysis. The signals were then
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sent to xPC target where they were further filtered from 100 to 500 Hz. The real-time
computer calculated the mean absolute value (MAV) from the EMG waveform (10, 35). In
addition, the real-time computer received and smoothed the finger position data from the
glove. Both the temporal features and the finger position data were stored in MATLAB to
train a position/velocity Kalman filter, a machine learning algorithm previously shown to
effectively interpret RPNI signals for continuous prosthetic control (14). A separate
computer smoothed the stored MAV feature and finger position in successive 50-ms bins for
P3 and 100-ms bins for P4 and calculated Kalman filter matrix coefficients. Offline Kalman
filter analysis showed that the 100-ms bins gave P4 the best decoding performance. The
coefficients were then uploaded to the real-time computer for use during the decoding phase.

To train one DOF thumb control, P3 and P4 were asked to volitionally flex and extend their
phantom thumb IP joint. P3 and P4’s decoding EMG features were extracted from the
median RPNI, and a thumb-related intact extensor muscle (extensor pollicis longus) also
implanted with an intramuscular bipolar electrode. To train two DOF thumb control, we
asked P3 and P4 to first independently move their thumb IP joint and then independently
move their thumb CMC/MCP joints (opposition/reposition). We then asked them to do
movements that required all three joints: thumb CMC, MCP, and IP joints. The decoding
EMG features used included all RPNI signals and intact extensor muscles (extensor pollicis
longus and extensor digitorum communis). Training the Kalman filter followed a similar
procedure found in Vu et al. (14). Briefly, the Kalman filter is a recursive linear filter that
tracks the state of a dynamical system over time, relying on a trajectory model and an
observation model. In the case of two DOF thumb control, the Kalman filter’s trajectory
model represents the transition of the kinematic state of the thumb at time #to time #+ 1. We
assume that the thumb state vector x; represents the position and velocity of the thumb
flexion/extension and thumb opposition/reposition.

r &)

Xp = [pOS thmbFlex > POS thmbOpp > vel thmbFlex » vel thmbOpp > 1]
The observation model represents the transformation of the current thumb state to recorded
EMG activity from the RPNIs and residual extensor muscles. Here, MAV represented the
T
|

temporal characteristics of the EMG waveform. If we let 5, = [y;.... y]", where yj s the

temporal feature of the Ath electrode, then the linear relationship between the finger state
and neural measurements is

N
-1+ Wy %)

1 (3

where A € 25 and C € RKX5 represent the trajectory and observation models. A is the
linear transformation from the previous finger state to the current finger state (the trajectory
model), whereas C is a mapping of the current finger state to the EMG temporal features
(the observation model). The predicted thumb flex and thumb opposition position from x;
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controlled the LUKE arm’s thumb flex and thumb opposition, respectively. Because the
glove did not measure thumb opposition/reposition, a real-time computer (MATLAB xPC
target) controlled the movements of the virtual thumb, and P3 and P4 were instructed to
follow along. P3 followed this protocol for the two DOF thumb training phase, whereas P4
followed this training protocol for all her one and two DOF training phases.

During the decoding phase, the Kalman filter allowed participants to volitionally control the
virtual prosthetic finger in real time during the center-out target task. The participants
performed the same task but without the data glove. The neural signal processor sent the
filtered EMG signals from the RPNIs and the extensor muscles to the XPC target where the
MAV features were calculated, smoothed, and used to decode (predict) the participant’s
volitional movement in real time. Participants used this decoder to control the virtual
prosthetic finger between 20 and 100 trials. For one DOF movements, participants were
required to hold the thumb within 2-cm targets for 1 s. During the two DOF control,
participants were required to hold within 3-cm targets for 500 ms. The physical LUKE arm
(DEKA) was used in place of the virtual prosthesis for some of P3’s trials.

During functional tasks, P3 performed a self-pace box and blocks task using a three DOF
Kalman filter, trained with signals from the median RPNI, ulnar RPNI, FDPI, extensor
pollicis longus, and extensor digitorum communis. P4 sequentially performed a trio of
SHAP abstract object tasks (light spherical, lateral, and power objects). Her two DOF
Kalman filter was trained using the median RPNI, ulnar RPNIs, and FDPI to control key
pinch and power grip on the i-limb Quantum (Ossur).

Simulated trajectories were generated by inputting EMG recorded during the functional
tasks into Kalman filters trained only on residual muscle signals (FDPI, FPL, EDC, and EPL
for P3, and FDPI and FPL for P4). The average Euclidean distance, normalized to the
maximum range of motion, was calculated to measure the difference between the real-time
and simulated trajectories. As an example for P3’s two DOF thumb, the Euclidean
dimensional space is 2 (dim = 2). The simulated trajectory, s= (51, ), represents a vector
with Cartesian coordinates of the simulated thumb position in two-dimensional space. The
original trajectory, t = (#, b), represents the original thumb position. In this plane, the
Euclidean distance (@) from sto t is given by

The distance was then normalized to the maximum range of motion allowed by the virtual
hand, which is the percentage difference between the simulated and original positions. This
step was repeated on 16 and 33 samples of simulated and original thumb positions for P3
and P4, respectively, and the average was calculated across all samples. The Wilcoxon rank
sum test was used to compare the difference between the simulated and original thumb
trajectories.

To compare the two DOF thumb performance with surface electrodes, ultrasound was used
to locate the RPNIs in P4, and gelled surface electrodes (2-cm diameter) (Biopac Systems
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Inc.) were placed within a 4- to 6-cm radius above the RPNI location. Two electrodes were
needed to create a bipolar recording. Since the two ulnar RPNIs in P4 were separated by 1
cm, one pair of surface electrodes was used to record from both ulnar RPNIs. Surface
electrodes were also placed to capture the extensor pollicis longus and extensor digitorum
communis signals.

For the discrete task training phase, P3 and P4 were cued a specific posture and asked to
volitionally mirror the posture with their phantom limb. EMG data from only the RPNIs
were used to train a naive Bayes classifier. During the decoding phase, the cue hand would
instruct P3 and P4 to perform a specific posture, and they had to match it using a separate
virtual hand (Fig. 4). The accuracy of the classifier was quantified by the number of correct
predictions, whereas the speed of the classifier was measured by calculating the time
between the EMG onset and the first correct predicted output from the classifier (Azor
movement selection time).

The discrete task training phase used the neural signal processor to record EMG signals,
which were sent to the real-time computer where the MAV feature was calculated and saved
in MATLAB. A separate computer smoothed the stored MAV feature in 50-ms bins for P4,
and a sliding 50-ms window was updated every 10 ms for P3. A naive Bayes classifier was
then trained, and the matrix parameters were uploaded to the real-time computer. For the
finger postures in Fig. 4, the classifier was trained with RPNI only signals, whereas the
classifier for grasping postures in fig. S3 was trained with RPNI and residual muscle signals
(extensor pollicis longus, extensor digitorum communis, flexor pollicis longus, flexor
digitorum profundus, and flexor carpi radialis). During the decoding phase, the participants
held the cued posture in the decoded hand for 1 s to successfully complete the trial. For P4,
the online classifier outputted its prediction to the virtual prosthesis every 50 ms. For P3, the
online classifier issued a prediction every 10 ms and was required to make five consecutive
predictions before outputting the prediction to the virtual prosthesis.

Statistical analysis

Ultrasound videos, EMG, and finger position data were recorded and processed offline, and
all statistical analysis was performed using MATLAB R2018a (MathWorks). Statistical
comparisons were made using the Wilcoxon rank sum test at a significance level of a =
0.05. All shaded traces indicate means + 1 SD.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Finewire electrode insertion and anatomical illustrations of RPNI surgical creation.
(A) Hlustration of multiple RPNIs created for each available nerve. Percutaneous bipolar

hook electrodes were embedded into the RPNI muscle belly of P1 during acute sessions. (B)
P1 who had a proximal transradial amputation had nine RPNIs created: four for the median
nerve, three for the ulnar nerve, and two for the radial nerve. (C) Illustration of the creation
of P2’s RPNIs at the glenohumeral amputation level. P2 had eight RPNIs created: two each
for the median, ulnar, and radial nerves, and one each for the musculocutaneous and axillary
nerves. (D and E) Both P3 and P4 had amputations at the distal transradial level. P3 had
three RPNIs implanted, one on each of the median, ulnar, and radial nerves, whereas P4 had
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four RPNIs implanted, one on each of the median and radial nerve and two on the ulnar
nerve.
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(A) P1’s median and ulnar RPNI sonograms captured 19 months after RPNI surgery.
Encircled areas on the sonogram show which region of the median or ulnar RPNIs
contracted during cued finger movements. (B) P2’s sonogram of two RPNIs captured 8
months after RPNI surgery and motor map of active areas. (C) P1’s EMG signals (bluge)
recorded from median RPNI 1 after cued thumb IP joint movement (red dashed line), and
EMG signals (blue) recorded from ulnar RPNI 1 and RPNI 2 after cued small finger
PIP/DIP movement (red dashed line).
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Fig. 3. RPNI mean absolute value signals during six different finger movements.
(A) P3’s median and ulnar RPNI MAV signals during thumb carpometacarpal (CMC)/

metacarpophalangeal (MCP) joint flexions, thumb interphalangeal (IP) joint flexion, index
finger MCP/proximal interphalangeal (PIP), small finger MCP/PIP joint flexions, hand
abduction, and hand adduction movements. (B) P4’s median RPNI, ulnar RPNI 1, and ulnar
RPNI 2 MAV signals during thumb CMC/MCP joint flexions, thumb IP joint flexion, index
finger MCP/PIP joint flexions, small finger MCP/PIP joint flexions, finger abduction, and
finger adduction movements.
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Fig. 4. Real-time classification of finger movements.
(A and B) P3 and P4’s discrete control of thumb MCP joint (opposition), thumb IP joint

(flexion), small finger, adduction, and rest for P3, and ring finger, thumb IP joint, small
finger, abduction, and rest for P4. The fastest motion selection times are shown for each
posture. (C and D) Offline confusion matrix of the postures used in (A) and (B),
respectively. The yaxis represents the true posture, whereas the x axis represents the
predicted posture. The color map indicates the accuracy (%) of the classifier’s prediction.
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Fig. 5. Real-time continuous control of the virtual and physical prosthesis.
(A and B) Examples of P3 and P4’s real-time predicted trajectories (blue) for one DOF

thumb IP joint movement across multiple days using a one-time calibrated decoding
algorithm. The yaxis represents the percentage of flexion, 0% equals finger fully extended,
50% equals finger at rest, and 100% equals finger fully flexed. Each maize rectangle
indicates the target was successfully acquired, whereas red rectangles indicate unsuccessful
trials. The width of the rectangle represents how long the virtual target was displayed,
whereas the height represents the size of the virtual target. (C and D) Single motor units
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extracted across days from the median RPNIs of P3 and P4. Blue and shaded trace
represents mean and SD of extracted units. (E and F) Example of predicted trajectories
during real-time two DOF continuous decoding of thumb CMC/MCP/IP joint movements in
virtual space. (G) An equivalent target hitting task in physical space using the LUKE arm
(Deka).
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