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Reducing Motor Variability Enhances
Myoelectric Control Robustness Across

Untrained Limb Positions
Simon A. Stuttaford , Matthew Dyson , Kianoush Nazarpour , and Sigrid S. G. Dupan

Abstract— The limb position effect is a multi-faceted
problem, associated with decreased upper-limb prosthesis
control acuity following a change in arm position. Factors
contributing to this problem can arise from distinct
environmental or physiological sources. Despite their
differences in origin, the effect of each factor manifests
similarly as increased input data variability. This variability
can cause incorrect decoding of user intent. Previous
research has attempted to address this by better capturing
input data variability with data abundance. In this paper,
we take an alternative approach and investigate the
effect of reducing trial-to-trial variability by improving the
consistency of muscle activity through user training. Ten
participants underwent 4 days of myoelectric training with
either concurrent or delayed feedback in a single arm
position. At the end of training participants experienced
a zero-feedback retention test in multiple limb positions.
In doing so, we tested how well the skill learned in a
single limb position generalized to untrained positions.
We found that delayed feedback training led to more
consistent muscle activity across both the trained and
untrained limb positions. Analysis of patterns of activations
in the delayed feedback group suggest a structured change
in muscle activity occurs across arm positions. Our results
demonstrate that myoelectric user-training can lead to the
retention of motor skills that bring about more robust
decoding across untrained limb positions. This work
highlights the importance of reducing motor variability with
practice, prior to examining the underlying structure of
muscle changes associated with limb position.
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I. INTRODUCTION

MULTI-ARTICULATING active hand prostheses are
most commonly controlled with muscle activity

recorded by electromyography (EMG) sensors placed on the
surface of the residual limb [1]. The information over a
window of EMG data can be extracted and mapped to a
prosthesis output [2]. Depending on the control scheme, this
can be done with either biomimetic or physiologically distinct
muscle activity [3]. Surface EMG has numerous advantages,
chiefly it is non-invasive, and requires similar muscle effort
to natural movement [4], which has made it ubiquitous across
control schemes. However, this means that all control schemes
also share the weaknesses of the approach. One challenge
of using EMG is that it is a non-stationary stochastic signal
- its statistical properties change over time [2]. Multiple
environmental and physiological sources contribute to this
nonstationarity e.g electrode conductivity or muscle fatigue;
for a summary, see [5]. Transient EMG property changes
can frequently occur during everyday activities, leading to
unpredictable prosthesis control. Unintended activations of
the prosthesis can lead to dropped items or require users
to contract repeatedly until they achieve the correct grasp,
fatiguing them. Limb position has been identified as one
factor that can impact the properties of the detected EMG
signals [6].

The limb position effect is a factor related to changes
in arm posture that negatively affects myoelectric pattern
recognition classification accuracy [7]. The effect is quantified
by the rate at which intended grasps are decoded incorrectly
by the classifier.1 This phenomenon is often discussed as
being comprised of several physiological and environmental
factors which combine to increase the total variability of the
input data [5]. Input data variability refers to the statistical
properties of the sampled and quantized representation of
the signal acquired by a surface EMG sensor, that captures
the muscle activity signal but can be impacted by numerous
sources of noise, and is typically passed as input to a pattern

1We use specific definitions for essential terms in this manuscript. Terms
are introduced with bold type and italics are used for the definition.
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recognition system. Environmental factors are those that arise
from contextual changes acting on the system. Whereas
physiological factors include those brought about by biological
or bio-mechanical reasons. Environmental factors are generally
easier to diagnose and solve with better hardware design,
whereas physiological factors are often more challenging as
they can be uncorrectable by nature. Some examples of
physiological changes that affect input data variability are;
muscle excitability, subcutaneous muscle displacement, and
motor variability. The latter is defined as the variability
inherent in the motor system, induced by central circuits
during motor planning and by the motor periphery during
execution of motor tasks.

Fluctuations of muscle excitability can cause changes in
the perceived sense of effort and force production for a given
level of EMG [8], [9]. This is important because it can
cause EMG signal property changes for muscle contractions
that are perceived to be consistent, leading to unpredictable
prosthesis response. In essence, the variability of the input
data induced by muscle excitability depends on several
instantaneous factors, making it difficult to predict [10]. Such
factors include muscle length during passive movement [11],
preemptive or tonic contractions [12], [13], and the static
positions of upstream proximal joints [14], [15], [16], all of
which are common during activities of daily living.

The spatial relationship between muscle and sensor is not
always static. Bio-mechanical changes can cause subcutaneous
muscle displacements relative to the surface electrode [17].
Certain postures or contractions may elicit changes in muscle
geometry, including length, diameter as well as the relative
orientation of muscle fibres [18]. These factors can, at best,
alter the detected EMG features for a given muscle [19] and,
at worst, record activity from a different muscle entirely [20],
[21]. Thus, different signals can arrive at a sensor for identical
contractions.

Since the execution of human movement is highly over-
actuated, several redundant degrees of freedom may be
involved for a single coordinated movement [22]. This inherent
motor abundance means there are multiple solutions for the
same task goal [10], [22]. Therefore, seemingly identical
movements may have different representations in the muscle
domain. Observed differences in muscle activation between
repetitions of the same movement can be partly attributed
to this sensorimotor equivalence. While this trial-to-trial
variability has both positive and negative connotations with
regard to motor performance [23], it is likely to have primarily
negative consequences for the robustness of prosthesis control
in the short-term. Inter-repetition or trial-to-trial variability
is the variability between instances or repetitions of the
same intended movement. In motor learning literature, trial-
to-trial variability is often used to quantify motor variability.
In pattern recognition literature, inter-repetition variability
typically defines the within-class statistical properties of a
class.

Unlike the previously mentioned physiological factors, it has
been demonstrated that motor variability can be lessened with
practice. The reduction of which is often associated with
skilled performance [23]. Training users to produce more

Fig. 1. Possible impacts of limb position on the parameters of the input
data. Points correspond to data from a single movement class. Lines
correspond to decision boundaries generated by a classifier trained in
a single position. Three possible changes due to differences in limb
position, ∆, to the input data are depicted: mean, µ; variance, σ2; or
a combination of both. (a) Data cluster before and after a change in
arm position. (b) Less variable data cluster before and after a change
in arm position. Note that the size of the perturbations induced by
limb position changes are the same in both cases, but the number of
misclassifications decreases in (b).

consistent muscle activity is an attractive option as it offers a
low-cost solution for assisting in reducing the variability of the
input data. As prostheses do not yet provide real-time feedback
on the state of the user’s control signals, it is important for
prosthesis users to produce skilled behavior in the absence
of feedback. This is commonly referred to as retention of
skill. While, previous research has shown that users can adjust
their muscle activity to counter induced perturbations in a
myoelectric task space [24], [25], long-term motor-learning
literature suggests that these skills may not be retained when
the feedback is removed, as users may become reliant on the
immediate visual cues [26], [27], [28], [29], [30], [31], [32],
[33], [34], [35], [36]. Considering this context, it is worth
noting that previous research on the limb position effect has
not accounted for myoelectric ability, as no skill retention has
been shown prior to testing. Therefore, previous results may
be less certain that observed changes were due to limb position
or due to trial-to-trial variability.

Our previous work demonstrated that appropriate myo-
electric training led to the retention of skilled performance
when external feedback was withdrawn [36]. In terms of
motor control theory, we hypothesise that this occurs due to
increased reliance on the forward (predictive) model leading to
refinement of motor commands and hence skilled performance.
Figure 1 illustrates our hypothesis of how reducing motor
variability through myoelectric training may help reduce the
negative effects of limb position changes on prosthesis control
performance. Implementing myoelectric training before people
receive their prosthesis, and optimizing the training paradigm
for retention, would allow them to produce muscle patterns
with reduced trial-to-trial variability the moment they start
using their prosthesis, leading to better control acuity.

The goal is to minimize the input data variability by
reducing trial-to-trial variability via user practice. In essence,
this equates to achieving greater class separability by reducing
within-class variability. In this way, more tolerant decision
boundaries could be drawn around a tighter cluster of input
data, such that a perturbation is less likely to cause the



STUTTAFORD et al.: REDUCING MOTOR VARIABILITY ENHANCES MYOELECTRIC CONTROL ROBUSTNESS 25

incoming input data to lie outside the desired decision
boundary. With this approach, we share a similar goal to
approaches in the machine learning domain, which have
attempted to capture the variability induced by limb position
by collecting more exemplar training data to enhance the
decision boundaries. We would like to clarify that we do not
expect this method to address the full limb position problem.
Ideally, user training would work in tandem with existing
methods to improve system robustness.

In this study, we tested how well the retained myoelectric
ability, acquired in a single position, generalized to untrained
limb positions. We trained two groups of users over 4 days;
one group retained their myoelectric skill, observed throughout
training, during zero feedback retention tests. While the other
group was highly accurate with instantaneous feedback, they
did not retain this skill in the absence of feedback. Significant
differences were found in the limb position effect between
the high-retention and low-retention groups. Our research
indicates that, if trial-to-trial variability can be lowered for
a single arm position, the variability of the input data across
other arm positions is also diminished. This suggests future
research should exploit motor learning-based training prior to
attempting to address the limb position effect.

II. METHODS

A. Participants
Ten limb-intact participants (2 female, 8 male) with no

known neurological or motor disorders took part in the study.
All participants provided written informed consent before
participating in the study, and ethical approval was granted
by the local committee at Newcastle University (ref: 20-DYS-
050). All participants had previously taken part in a 4 day
myoelectric control experiment [36]. Data presented in this
paper was acquired at the end of day 4 and on day 22.

B. Experimental Setup
Participants stood 2 m in front of a 55-inch screen (Philips

Q-Line DBL5530QL), with their elbow flexed at a 90◦

angle and their wrist in a neutral position. Eight EMG
sensors (Trigno Quattro, Delsys, USA) were placed around
the right forearm. Two electrodes were placed on the extensor
carpi radialis (ECR) and flexor carpi radialis (FCR), located
through palpation. The remaining six electrodes were placed
equidistant between these electrodes. The inertial measurement
unit (IMU) sensor was placed distally on the forearm. IMU
data was acquired at 74 Hz, while EMG data was acquired
at 2000 Hz and band-pass filtered between 20 and 450 Hz.

The muscle signals were smoothed using the mean absolute
value (MAV) with a window length of 750 ms. The muscle
estimation was updated at 100 Hz. As this update rate exceeds
the refresh rate of the display, the participant received the
visual biofeedback in the shortest possible time frame. EMG
from the sensors placed on the ECR and FCR muscles were
used to control the task. To normalize EMG estimates, the
accompanying channels were calibrated for each participant.
The calibration was performed on MAV filtered EMG data,
y, and took place on day 1 of the experiment presented

in [36]. The procedure consisted of the collection of baseline
EMG activity, yr , and activity representing a comfortable
contraction, yc. All subsequent tasks utilized the normalized
muscle activity level, y̌, for each channel:

y̌ = (y − yr )/(yc − yr ). (1)

Calibration of IMU data was performed prior to each session
and was repeated within the session if signal drift was detected.
During the calibration, participants were asked to position their
hand to nine different positions while holding their elbow in
the same position. A 3 × 3 grid of ∼45◦ rotations around
the elbow representing the positions is presented in Fig. 2(a).
After participants moved into position, quaternion data was
collected and stored as a reference for the experiment. During
the experiment, participants were shown where to move by
highlighting the accompanying place on the grid. A filled
circle on the grid denoted the current arm position. The
displayed position was set to the nearest orientation stored
during calibration. Positions shown in Fig. 2(b) were included
in the testing protocol.

C. Experimental Protocol
During the experiment, participants were prompted to move

their arm to a specific position, after which they performed the
myoelectric control task, previously described in [36]. Briefly,
participants controlled the position of a cursor within a 2-D
interface which was divided into four target areas. The position
of the cursor was based on the normalized muscle activity level
of the ECR and FCR. The lower boundary of the interface is
defined by y̌ = 0.3, while the upper limit is reached with
y̌ = 1. The targets were presented when participants were at
rest. Trials included consecutive move and hold periods that
each lasted 750 ms. For a given trial, the score was determined
by the amount of time the cursor was within or in contact with
the target during the hold period.

Three feedback conditions were included in the experiment:
• Concurrent feedback: During the trial, the cursor position

reflects the normalized muscle activity in real-time.
The score was presented after the trial was completed
(Fig. 2(e)).

• Delayed feedback: The cursor was invisible during the
trial. At the end of the hold period, the trajectory of the
trial cursor was presented to the participant at the rate
it occurred. The score was presented after the trial was
completed (Fig. 2(f)).

• Zero feedback: No feedback of the cursor position was
provided, and no score was presented after the trial.

1) Initial Performance: Testing the limb position effect
requires a baseline measurement, allowing for the interpreta-
tion of the performance over different positions. Therefore,
participants learned the control task in position P5, with
their elbow flexed at a 90◦ angle and their wrist in a
neutral position. Results of this motor learning experiment are
presented in [36].

As people are able to adapt their muscle activity on the
millisecond scale based on biofeedback [37], we tested initial
performance during a ‘zero feedback block’. The block was
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Fig. 2. The experimental task. (a) Presented arm position widget based on inertial measurement unit (IMU) data. (b) Arm postures corresponding
to the IMU widget. Feedback of the forearm direction is relative to the screen, as reflected by the IMU widget. (c) The myoelectric task interface
(MCI). (d) A representative cursor trajectory during a trial. Thick cursor mark denotes the hold period. (e) Task timing structure denoting cues and
the move, and hold periods for the concurrent condition. (f) Task timing structure denoting cues and the move, hold and playback periods for the
delayed condition. Dashed traces correspond to the ‘blind’ control input window. Solid traces refer to the playback of the cursor’s recorded path
during the move and hold periods.

subdivided into sections, where each section was related
to a specific target and consisted of 6 trials. In the first
trial, participants moved into position P5, after which they
completed a single trial with concurrent or delayed feedback,
depending on the group condition. Then they repeated this
target in positions 2, 4, 5, 6, and 8 with zero feedback.
The positions were randomized within each run. Each block
consisted of 12 runs, 3 for each target, and the presentation
of a target for a run was randomized. At the end of day
4, participants completed 2 zero feedback blocks to test their
initial performance in different limb positions. In total, each
participant completed 120 zero feedback trials as part of the
retention test.

2) Concurrent Feedback in Different Limb Positions: A
follow up session took place after an 18 day hiatus to assess
long term permanency of the learned motor skill [36]. At the
end of the follow-up session all participants experienced
concurrent feedback and trained in multiple limb positions.
This was done for two main reasons. Firstly, to investigate the
effect of long-term exposure to delayed feedback, intended to
prevent within-trial adaptation, on the utilization of adaptive
processes within in the same task. Secondly, to assess how
well participants could adapt after extensive training in a single
position. Participants completed 4 blocks of 80 trials. Again,
targets were presented in a serialized order. The order of
presentation for each run was chosen randomly. Limb positions
were randomized within a run.

3) Statistical Analyses: Data were visually inspected for
normality and confirmed via Shapiro-Wilk tests. At the
individual block level, data did not present as normal.
Therefore, normally distributed data was not assumed and non-
parametric statistical tests were used. Although we assume the
data are non-parametric for statistical testing, unless otherwise
stated, all values reported represent the mean and standard
deviation. This was done to improve the visual informativeness
of the results because median scores for individual participants
in certain conditions rapidly attenuated to 100%. All EMG
data were inspected visually for signal artefacts. Trials which
contained significant EMG artefacts were excluded from
analyses. The mean trial rejection rate due to signal artefacts
was 0.22% ± 0.45%.

To test the influence of arm positions on muscle amplitude,
the mean muscle activity during the hold period of the zero
feedback trials was calculated for position P5 for each target.
This was then used to calculate the change of the average
muscle activity in the other limb positions for each target.

III. RESULTS

After completing single-position testing on day 22, all
participants experienced four concurrent feedback blocks,
whilst keeping their arm positioned in different postures.
Fig. 3 shows the average performance from the first and last
of these blocks. Participants significantly improved their score
across new limb positions after four blocks of concurrent
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Fig. 3. Learning to counter the limb position effect with concurrent
feedback. Box plots correspond to the mean scores across all
participants. Only untrained arm position trials are included. Centroid
lines, medians; solid boxes, interquartile ranges; whiskers, overall
ranges. Dashed lines correspond to individual participant mean scores.
Asterisks denote level of statistical significance (Wilcoxon signed-rank,
p < 0.01.)

Fig. 4. Baseline retention between groups. Zero feedback scores
across limb positions pre-multi-position training. Bars represent the
mean. Error bars represent 95% confidence intervals. Asterisk refers
to significant differences (p < 0.05).

feedback training (First, Mdn = 0.71; Last, Mdn = 0.90;
Wilcoxon signed-rank, p < 0.01). No significant differences
were found for comparisons between groups on the first or
last concurrent feedback blocks.

Fig. 4 shows multi-position retention collected on day 4.
At the end of day 4, participants completed two retention
blocks consisting of trials carried out under multiple untrained
arm positions. Fig. 4 shows data from the multiple arm
position retention blocks. There was a significant difference
for position P5 (low-retention, 0.28 ± 0.12; high-retention,
0.54 ± 0.17; p < 0.05). No significant differences were found
for positions P2 (low-retention, 0.31 ± 0.11; high-retention,
0.45 ± 0.16), P4 (low-retention, 0.29 ± 0.13; high-retention,
0.48 ± 0.15), P6 (low-retention, 0.25 ± 0.17; high-retention,
0.45±0.22), or P8 (low-retention, 0.26±0.12; high-retention,
0.51 ± 0.18).

Fig. 5 illustrates the impact of limb position on cursor
location during the retention test. The center of each ellipse is

TABLE I
AREA OF ELLIPSES REPRESENTING THE STANDARD

ERROR, PRESENTED IN FIGURE 5. VALUES ARE

FACTORED BY 4π · 10−3units2

the mean cursor coordinate during the hold period over the
zero feedback trials. The semi-major and semi-minor axes
represent the standard error of the mean for the cursor’s
location in the direction of each control muscle. In general,
the high-retention group had more consistent muscle activity in
both control sensors than the low-retention group. In addition,
the within-class variability between limb positions was lower
in the high-retention group. Table I shows the area of the
ellipses, which are proportional to the product of the standard
errors of each control sensor. Comparing the effect of each
limb position between groups shows the total variability of
the input data for the high-retention group was consistently
lower than the low-retention group for every target/class.

Fig. 5 shows that some ellipses cross target boundaries,
which represents a greater misclassification rate. For positions
in both vertical and horizontal planes relative to the torso,
there is a relatively large amount of overlap into adjacent
targets for the low-retention group. Whereas, for the high-
retention group, instances of misclassification mainly occur
in the positions located in the horizontal plane. Because
any underlying patterns within the low-retention group’s data
are more likely to be obscured by their greater trial-to-trial
variability, subsequent analyses focus on findings from the
high-retention group only.

Fig. 6(a) investigates the relative changes of ECR and
FCR muscle activity of high-retention group participants,
in different arm positions compared to position P5. Activity
of the ECR muscle increased when the elbow was flexed
in position P2 (10.8 ± 14.2%), and when the shoulder was
rotated outward in P6 (18.7 ± 9.4%), relative to P5. Whereas,
comparatively less change of ECR activity was observed for
positions P4 (−2.8±5.8%) and P8 (−0.9±8.6%). Conversely,
mean FCR activity increased when the shoulder was rotated
inwards in position P4 (13.8±1.6%), and when the elbow was
extended in P8 (5.6±14.4%), relative to P5. Whilst relatively
smaller changes were observed for positions P2 (−4.3±4.6%)
and P6 (2.4 ± 7.8%).

Fig. 6(b) shows the relative change of muscle activity across
all recording sites relative to position P5. In general, a similar
change in muscle activity occurs across recording sites for
positions P4 and P6. For both positions, the peak of the profile
occurs at sensor 1, with the trough at sensor 4. In addition,
a similar pattern of muscle activity changes can also be
observed for positions P4 and P8. Peak activity occurs between
sensors 4 and 3, respectively. Although, the standard error
across sensors for position P8 is comparatively high between
participants.
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Fig. 5. Group differences in muscle activity during the retention test. (a) and (b) show the cursor’s location across limb positions for the high-
retention and low-retention feedback groups, respectively. Plotted activity corresponds to zero feedback trials of the retention blocks. Rows refer
to arm positions located in the vertical (P2, P6) and horizontal (P6, P8) planes, relative to the torso. Position P5 is plotted across both planes for
comparison. Columns separate the goal target presented during the hold period, shown in bold. Ellipse centre represents the group’s mean muscle
activation during the hold period. Ellipse semi-major and semi-minor axes represent the standard error in the corresponding control muscle.

IV. DISCUSSION

The drop in control performance following a change
in posture has challenged the robustness of myoelectric
prostheses and continues to be the focus of much research [39].
Mitigation attempts in the pattern recognition domain have
focused on acquiring high-dimensional data to provide more
tolerant decision boundaries [5]. However, these studies did
not investigate the influence of user practice prior to addressing
the limb position effect. While previous research in motor
learning-based control schemes has leveraged user learning to
counter induced perturbations in a myoelectric task space [24],
[25], there is no evidence that this can be done without real-
time feedback. In this study, we compared the impact of
limb position between two groups after long-term myoelectric

training. The group that trained with delayed feedback retained
skills which corresponded to more consistent muscle activity
during the zero feedback tests. The other group received
real-time feedback, which resulted in less consistent muscle
activity between trials. Our findings are threefold. Firstly,
delayed feedback training in a single-arm position lead
to the retention of muscle contraction patterns that bring
about more robust decoding across untrained limb positions.
Secondly, by training participants to produce more consistent
muscle activity, we could more confidently attribute observed
activation patterns to the limb position effect. Finally, our
results stress the importance of providing appropriate feedback
mechanisms during both training and real-world use of
prosthetic devices.
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Fig. 6. The effect of arm position on the high-retention group’s muscle activity. (a) ECR and FCR activity changes compared to position P5. The
location of each bar plot around the human model reflects results from the corresponding arm position. (b) Activity changes compared to position
P5 across all recording sites. (c) Stylistic representation of electrode positions around the forearm. Forearm cross section is adapted from [38]
which is in the public domain. Bars represent means. Error bars represent the standard error of the mean.

All observations of the variability in the outcome of a
motor task (and hence the limb position effect) are due
to a combination of changes that originate internally or
externally to the motor system [40]. It is important to note that
previously defined physiological factors such as crosstalk and
subcutaneous muscle displacement could also be viewed as
external factors, since they depend on the choice of recording
method or are a by-product of motor control rather than
direct contributors. While variability induced by the motor

periphery is uncontrollable, it is thought that the central
nervous system can learn and employ strategies over time that
minimize its impact [40]. This paper shows that this process
can be exploited with user-training to address the limb position
effect. Our results show that the reduction of overall motor
variability in one position transfers to untrained positions. It is
worth noting that, similar to other mitigation techniques, the
variability due to limb position remains in our data. However,
its detrimental effect on the performance of the decoder
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is reduced. Our results suggest that reducing trial-to-trial
variability may benefit grasp decoding performance, and may
enable clearer observation of systematic differences between
limb positions. We propose that this is a complementary
method to the data abundance approach used in pattern
recognition that can improve system robustness and reduce
calibration time.

The results of this paper, while derived from a motor-
learning based myoelectric task, are also informative for
machine-learning based systems. The applicability of our
results to pattern recognition are easier to interpret by
considering the targets in the myoelectric task as analogous
to decision boundaries. For classification to be robust, motor
activity must be sufficiently consistent that the EMG signal
remains quasi-stationary, i.e. within decision boundaries.
In our case, however, rather than adapting the decision
boundaries to fit user data, as is done during classifier training,
the boundaries are pre-defined and the user must learn to adapt
their input accordingly. Following this analogy, Fig. 5 illus-
trates the impact of appropriate myoelectric training on within-
class variability. When compared to concurrent feedback,
we can see that delayed feedback training in one limb position
reduces within-class variability across all limb positions.
Reducing within-class variability can, in turn, increase class
separability [41]. This is visually demonstrated in Fig. 5 by
less overlap with other targets. In the context of pattern
recognition, the difference between the low-retention and high-
retention groups suggests user training could be beneficial
for enhancing the consistency of contraction patterns and
hence improve classification robustness. Previous studies have
found that increased class separability achieved during pattern
recognition training does not necessarily transfer to prosthesis
control [42]. However, these studies did not investigate
retention. We have previously shown the importance of demon-
strating retention of myoelectric ability prior to demonstrating
transfer [36], [43].

It has been shown that some EMG features are highly
reproducible when contraction intensity is controlled by
providing external feedback, or by exerting force against
set loads [44], [45], [46], [47]. However, this is distinct
from how prosthesis users modulate muscle activity during
real-world use, as their production of force typically lacks
precise external feedback and is comparatively unconstrained.
Removing external feedback can impact the quality of EMG
and has been shown to lead to the generation of higher
amplitude patterns [48]. Our results suggest that delayed
feedback training is beneficial for improving the consistency of
contraction intensity. This improvement aids in disentangling
the observed inter-position differences, induced by a change
in arm position, from the influence of motor variability.
Thus, we can more confidently attribute observed changes
to limb position variation, rather than inconsistent muscle
contractions. Although reduced trial-to-trial variability in one
position generalized to untrained positions (Fig. 5), limb
positions in the horizontal plane produced results which
suggests a more structured change (Fig. 6). This was further
investigated by analysing changes in the recorded muscle
activity.

In general, we see that ECR activity increases when the
arm is lifted or moved outwards, while positions down or
across the body increase activity in FCR. One possible reason
for the increase in EMG relative to position P5 could be
due to shared muscle excitability patterns between certain
postures. Equally, similar patterns of subcutaneous muscle
displacements may be shared between position P2, P6 as well
as P4 and P8. Furthermore, for each pair of arm positions,
a similar pattern seems to hold for the activity profile across
all eight sensors (Fig. 6(b)). It is important to note that
the changes in activity recorded across sensors may not
directly correspond to changes in the underlying physiology.
For example, activity from a muscle can contaminate the
signal recorded by adjacent surface EMG sensors due to
crosstalk [20], [49]. Increased activity from a single muscle
can lead to a subsequent increase in the contribution of that
signal arriving at nearby sensors. It is difficult to ascertain
the contribution of muscle-electrode displacement or muscle
excitability with surface EMG sensors. In reality, both factors
may act simultaneously, and the contribution of each may
differ across positions that share seemingly similar EMG
responses. Furthermore, due to the spatial resolution limits of
surface EMG, we cannot be certain of the underlying pattern
of any induced changes.

This study intended to investigate the generalization of
myoelectric ability trained in a single arm position to
untrained positions. This was only possible because we first
conducted a retention study. This enabled greater certainty
that any observed patterns were due to limb position and
not inconsistent muscle activity. As the participants who
trained with delayed feedback reduced the variability of
their input data, we were able to show that the reduced
variability observed in one position also reduced the variability
of input data in untrained positions. Finally, we wanted
to know how correctable the perturbations induced by the
limb positions were, and thus all participants experienced
concurrent feedback at the end of the experiment. We found
that, when given concurrent feedback, both groups were able
to adapt to limb position changes. In addition, the ability to
utilize this information and counter perturbations induced by
limb position improved over blocks. This is in agreement with
existing literature [24], [25].

As the main focus of this study was to investigate if reduced
trial-to-trial variability in one position could generalize to
untrained positions, we did not set up an additional long-
term, delayed feedback, retention study. Future research should
look at the effectiveness of delayed feedback training in
multiple limb positions. Furthermore, previous research has
shown that concurrent adaptation may not transfer to real-
world control, as users would be dependent on the real-time
feedback they were trained with [26], [27], [28], [29], [30],
[31], [32], [33], [34], [35], [36]. One theory of why this
occurs is that frequent feedback may overwhelm attention
and disrupt learning processes that lead to retention. For
example, real-time biofeedback may encourage rapid ad-
hoc corrections that prevent a stable skill from forming.
Whereas, less frequent or less informative feedback might
encourage focus to shift towards proprioceptive signals as a
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source of guidance. Thus leading to retention of skill when
external feedback mechanisms are removed. This is important
to consider when reporting the performance of participants
with real-time feedback. Until prostheses widely provide high
fidelity, real-time feedback of the users’ control signals, it is
essential for motor skill to be produced in the absence of
feedback.

One limitation of this study is the exclusive use of limb-
intact participants. Previous work has found that limb different
participants’ control signals are less affected by limb position.
This is thought to be due to anatomical differences. For
example, a shorter residual limb enacts a smaller moment of
inertia during movement or limb stabilisation [50]. Therefore
less compensatory muscle activity is needed to maintain
certain postures. Anchoring of the muscle during amputation
may also contribute to reduced muscle displacement during
movement for some participants [7], [51], [52]. These
characteristics diminish the overall variability of the input
data between arm positions. Therefore, we expect our results
with limb-intact participants to reflect a more extreme case of
induced physiological perturbations. Furthermore, the findings
did not take into account the secondary effects of arm
dynamics on the loading and movement of a prosthesis
socket. Rather, this study intended to investigate the impact
of reducing the variability introduced by the nervous system
rather than environmental or contextual factors, which have
been studied previously. Moreover, this study focused on
a limited set of static movements that omitted forearm
rotation. These movements were chosen to reflect the edges
of the typical operational workspace of a prosthesis user and
to approximate the restricted level of pronation/supination
often observed in people with an amputation. Finally, it is
not immediately clear how well user training is likely
to scale to machine learning-based systems which require
high dimensional EMG data. Future work will investigate
whether user training produces comparable results in machine
learning-based systems as it does in motor learning-based
systems.
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