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Abstract

We assessed the ability of four transradial amputees to control a virtual prosthesis capable of nine
classes of movement both before and after a two-week training period. Subjects attended eight
one-on-one training sessions that focused on improving the consistency and distinguishability

of their hand and wrist movements using visual biofeedback from a virtual prosthesis. The
virtual environment facilitated the precise quantification of three prosthesis control measures.
During a final evaluation, the subject population saw an average increase in movement completion
percentage from 70.8% to 99.0%, an average improvement in normalized movement completion
time from 1.47 to 1.13, and an average increase in movement classifier accuracy from 77.5%

to 94.4% (p < 0.001). Additionally, all four subjects were reevaluated after eight elapsed hours
without retraining the classifier, and all subjects demonstrated minimal decreases in performance.
Our analysis of the underlying sources of improvement for each subject examined the sizes and
separation of high-dimensional data clusters and revealed that each subject formed a unique and
effective strategy for improving the consistency and/or distinguishability of his or her phantom
limb movements. This is the first longitudinal study designed to examine the effects of user
training in the implementation of pattern recognition-based myoelectric prostheses.
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[. Introduction

Myoelectric prosthesis control has been accomplished with threshold-based direct and
proportional control methods for several decades [1]. In direct control, a single electrode
is responsible for monitoring muscle activity at a particular location in order to control
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a single prosthesis action. Proportional control is an extension of direct control in which
the prosthesis action can be performed with variable velocity based on the amplitude of

the detected electromyography (EMG) signal. While these methods may be adequate for

a single-degree-of-freedom prosthesis, the increasing capabilities of commercially available
prosthetic hands and wrist devices cannot be intuitively controlled using the direct and
proportional control paradigms. Many researchers have turned to pattern recognition as a
means of analyzing multi-channel myoelectric signals in order to provide more intuitive
control of advanced prostheses.

A. Pattern Recognition for Myoelectric Prostheses

Pattern recognition approaches to myoelectric prosthesis control vary widely in their
implementation, but the set of problems addressed by classification algorithms remains
relatively fixed. Myoelectric signals are processed, signal features are extracted,

and classification decisions are made. In pattern recognition of myoelectric signals,
misclassification can arise from changes in user effort or intention as well as one of many
external factors. Such factors include motion artifact, electrode shift or lift-off, variable limb
position, muscle fatigue, and electrode/skin contact [2]-[4]. We can avoid some of these
external factors by conducting a controlled experiment in a virtual environment in order to
better associate classification error with the subject’s muscle activity (Fig. 1). Using a virtual
prosthesis capable of every natural arm movement allows subjects to practice movements
that no commercially available prosthesis can currently perform. A reasonable goal for
classifier reliability is to provide predictable, uninterrupted use of a pattern recognition-
controlled prosthesis that spans a standard workday lasting 8 h. Extending the reliability of
a classifier might be possible through adaptive classification methods [5], but we investigate
here whether or not prosthesis user training as defined in [1] can by itself play a significant
role in extending the reliability of a static classifier.

Most modern classification techniques are capable of achieving impressive and nearly
equivalent results when using the same robust features [6]. Linear discriminant analysis
(LDA) is among these high-performing techniques, and its ease of implementation and low
computational overhead make it one of the more attractive choices for real-time, closed loop
models and embedded devices [7]. In this study, we use an LDA classifier to better associate
improvements in subject performance with the effects of subject training rather than the
sophistication of the classifier.

B. Role of Subject Training in Classifier Performance

The central question this study seeks to answer is whether an individual can significantly
improve his or her real-time control of a pattern recognition-based virtual prosthesis through
repeated user training. Numerous EMG pattern recognition experiments have focused on
algorithmic variations and novel classification techniques [8]-[15], but to date no other
longitudinal study demonstrating subjects’ ability to learn pattern recognition control has
been published. Classifiers are often evaluated using able-bodied and amputee subjects who
provide myoelectric signal data over a period lasting at most a couple of hours. Comparing
one study to another can be difficult due to small sample sizes and the uniqueness of

each amputee participant. There is perhaps even greater significance in the amount and

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2023 September 12.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Powell et al. Page 3

type of feedback provided to study participants. Many classifiers are evaluated offline
and do not provide the subject an opportunity to learn better control. In this wide range
of pattern recognition experiments, the subjects may be completely naive or perhaps
routine research volunteers with extensive exposure to EMG pattern recognition research.
Short experiments with naive subjects are not reflective of the targeted prosthesis-using
population. Amputees, however, interact daily with a prosthesis, so demonstrating that
acceptable performance is achievable through user training shifts the focus of pattern
recognition research from classifier sophistication to the development of patient training
protocols and the implementation of pattern recognition-based prostheses. Studying user
training also highlights the significance of testing advances in algorithms and control
schemes using well-trained subjects. Assessing the effects of external factors in an untrained
subject would group both the subject’s inconsistencies and the variable of interest into a
single, inseparable joint effect. While hardware and environmental factors will certainly
limit the effectiveness of a pattern recognition-based prosthesis, we must first address the
source of the greatest variability: the user.

lI. Methods
A. Equipment Setup

With no skin preparation, each transradial amputee subject wore a compressive silicone
cuff on the muscle belly of his or her residual forearm. The cuff was embedded with 3/8-
in-diameter stainless steel dome electrodes with snap connectors (Liberating Technologies
Inc., Holliston, MA). The cuff was equipped with 16 total electrodes arranged in eight
bipolar pairs with 2-cm spacing. All electrode pairs were uniformly spaced circumferentially
around the silicone cuff. The electrodes were aligned to run parallel to the longitudinal
axis of the subject’s arm (Fig. 1). An additional Norotrode 20 electrode (Myotronics

Inc., Kent, WA, USA) was placed on the subject’s olecranon and was connected as a
reference electrode. The electrode pairs were differentially connected to Otto Bock EMG
amplifiers (MYOBOCK, Otto Bock Healthcare, Minneapolis, MN, USA) modified for
remote amplification. Amplifier outputs were connected to a desktop computer through

a 16-bit data acquisition card (PCI-6040E, National Instruments, Austin, TX, USA) via

a custom-made electrical isolation board and an 1/0 connector block (SCC-68, National
Instruments, Austin, TX, USA). EMG signals were acquired at a sampling rate of 1 kHz.

During training sessions, subjects faced a computer screen and were presented visual

cues that showed a robotic prosthesis in various hand and wrist positions alongside a
corresponding textual cue (Fig. 1). The nine total movements included the following: hand
at rest (R), hand open (HO), hand closed (HC), index finger point (IP), fine pinch (PI),
forearm pronation (PR), forearm supination (FS), wrist flexion (WF), and wrist extension
(WE). The virtual prosthesis was a model of the Modular Prosthetic Limb as constructed at
the Johns Hopkins University Applied Physics Laboratory [16] and was visualized using the
Musculo-Skeletal Modeling Software package known as MSMS [17]. This virtual prosthesis
was animated to perform decoded movements by moving each controllable joint toward

a target joint angle associated with the decoded movement. The movement rates of each
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joint were fixed for this experiment and approximated the movement rates of commercially
available prostheses.

B. Classification Method

EMG signals were preprocessed using a 30-300 Hz third-order Butterworth filter, and

the features were calculated for 200-ms analysis windows with a 175-ms overlap between
successive windows. The LDA classifier utilized three extracted features calculated for each
of eight channels of acquired EMG data. The features included the mean of the absolute
value, the waveform length, and the variance [18].

C. Experiment Protocol

Four transradial amputees each attended 10 1-h sessions over the course of three weeks.

The study consisted of a preliminary testing day, eight training days, and a final testing

day. Only transradial participants were recruited for this study. All study candidates reported
manageable levels of phantom limb pain. Had any interested candidate reported severe and
persistent phantom limb pain, he or she would have been excluded due to the anticipated
fatigue and pain such a subject would likely experience while repeatedly making residual
and phantom limb movements.

1) Preliminary Pattern Recognition Testing (Day 1 of 10): The purpose of the first
day was to collect preliminary EMG data and to establish a baseline of performance prior

to extensive user training. Once the electrodes were connected, the subject was asked to
perform the following three tasks.

1) Train: The subject trained a movement classification algorithm by using his or her
residual limb to mimic cues on a computer screen for the duration of each cue (Fig. 1).

Each presented cue was visible for 4 s and then turned red for a final fifth second to alert

the subject to the pending cue change. All movements were shown in a random order three
times each for a total time of 2 min and 15 s. Training data was recorded during this phase in
order to construct a classifier.

2) Explore: The subject explored the virtual prosthesis environment by attempting all
trained movements and watching how the trained virtual prosthesis reacted to the subject’s
muscle signals. The goal of this exploration was to determine an optimal phantom limb
position that reliably produced the desired virtual prosthesis action.

3) Evaluate: A study team member evaluated the subject’s control of the virtual prosthesis
by randomly presenting cues for the trained movements and measuring various indicators of
subject performance. Each presented cue was visible for 6 s and then turned red for a final
seventh second to alert the subject to the pending cue change. Subjects were instructed to
attempt to achieve and hold the desired virtual prosthesis position for the duration of the cue.
The cued positions were final positions such as a fully opened or closed hand; there were

no intermediate positions. Holding the position required the subject to continuously provide
muscle signals corresponding to the cued movement. Relaxing caused the virtual prosthesis
to return to a rest position.
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The preliminary recording consisted of a 1-h familiarization and evaluation session. Before
obtaining the first test set, subjects became familiar with the task by performing the above
steps several times with smaller movement subsets.

2) Pattern Recognition User Training (Days 2—9 of 10): During user training
sessions, the subject was coached by a study team member regarding the way in which
pattern recognition algorithms decode movements. The study team member guided the
participant through a progressive training plan that added additional movements as the
subject became more proficient at controlling the virtual prosthesis. This progression was
intended to take most of the three-week study period. The training sessions resembled
the preliminary recording period. Subjects trained a movement classifier, observed the
classifier’s strength, and learned how to make it more reliable. The daily training sessions
consisted of two or three iterations of the workflow depicted in Fig. 2. Through iterative
refinement of each subject’s motions during user training, we hypothesized that subjects
would demonstrate improved control of the virtual prosthesis.

3) Final Pattern Recognition Testing (Day 10 of 10): The final testing day at the
end of the user training period resembled the first day of the study. The subjects tested the
same set of movements to observe any improvement gained in virtual prosthesis control. The
subjects tested once in the morning and then a second time 8 h later. The subjects wore the
disconnected electrode cuff between sessions in order to test the stability of the movement
classifier after one elapsed 8-h period. Subjects were instructed to complete all normal daily
activities while being cautious not to shift the cuff in any way; subjects did not wear a
prosthesis during this period. Marks were placed on each subject’s residual limb to ensure
the cuff had not moved. If obvious cuff displacement occurred, the cuff was adjusted prior to
the second session to align it with the initial position markings (affected only Subject 3). The
movement classifier was not retrained before evaluation during the second session in order
to simulate testing the workday reliability of a static classifier.

D. Training Techniques

Subjects entered the study with varying abilities to perceive and control their phantom
limbs based largely on the nature of each subject’s amputation and the elapsed time

since the amputation (see Table | for subject demographics). With each subject we first
focused on movement consistency and then transitioned our efforts to increasing movement
distinguishability. All of the study participants were unilateral amputees, which allowed
each one to gain valuable insights by first training with his or her intact limb. Training with
the intact limb exposed the subjects to the importance of muscle pattern consistency as well
as the subtle differences that may cause the classifier to choose one movement over another.
A more detailed explanation of our user training techniques appears in [19].

When consistency alone could not produce a reliably decoded movement, the confusion was
typically found in one or two pairs of movements. In this circumstance, small modifications
to one or more movements were necessary to better distinguish one movement from another.
This forced the trainer and subject to come up with a unique, personalized focus for every
movement. We adhered to two guidelines to ensure the resulting control was desirable.
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. First, we asked the subject to describe the specifics of what he or she was doing
to accomplish the movement. This ensured that the subject was aware of the
technique that was producing success and could repeat it.

. Second, we required that the phantom limb movement be related to the desired
movement. Natural, intuitive control should not be unnecessarily coupled with
unrelated movements simply because they are easily distinguished.

The trainer and amputee focused on developing natural, intuitive control that the amputee
could feel and confidently employ. In the case where a subject had no perception of a
phantom limb, he or she first performed the desired motions with his or her intact limb
and then attempted to mimic the perceived muscle contractions of the intact limb using the
residual limb.

E. Quantifying Virtual Prosthesis Control

Classification algorithms are often evaluated by comparing all decisions made to the known
class of the evaluated data. It is important to ensure that the metrics used in our application
reflect the reliability of a prosthesis to the end user. For example, an instantaneous

but fleeting correct decision has no real significance. Similarly, the effects of spurious
misclassifications may be attenuated by a majority voting [18] or velocity ramp scheme
[20]. Only a consistent, correct decision stream will see a prosthesis reach the desired end
state. The user is primarily concerned with whether or not a posture can be achieved and
whether or not that posture can be maintained. Tests and corresponding metrics that evaluate
true prosthesis control have been developed by Kuiken, et al. with the Motion Test in [21]
and Simon, et al. with the Target Achievement Control Test in [22]. We quantified our
assessment of each subject using three modified metrics stemming from these published
tests.

1) Movement Completion Percentage (MCP): MCP reflects the percentage of
movements a subject completed within the individual movement cue periods. Each cue
period started with the subject and virtual prosthesis at rest. The virtual prosthesis at all
times moved toward the current predicted movement, which did not always match the cued
movement. A movement was considered complete when the user successfully moved the
virtual prosthesis through a full range of motion such that all model joint angles were within
a small tolerance of the target position as indicated by a visual cue. The allowable tolerance
was 1.125° for each joint angle, which corresponded to the maximum angular displacement
each joint was allowed to move for each 25-ms time step. Higher movement completion
percentages indicate better performance, and the maximum score using this metric is 100%.

2) Average Movement Completion Time (MCT): All timed movements were
initiated from a rest position in order to uniformly measure the total time required for

the user to move the virtual prosthesis to the desired end state. The timer started at the
instant the user demonstrated a muscle pattern that yielded a movement decision other than
“rest,” regardless of whether or not it was the correct movement. For movements that were
eventually completed, this time measurement was then compared to the optimal movement
time as established by the model’s movement rate parameters. Since various movements
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require different lengths of time, we normalized the MCT and then averaged the normalized
MCTs across all movements. A lower normalized MCT is better, and the best possible score
is 1.

3) Post-Selection Classification Accuracy (PSCA): A final attribute of user control
over the virtual prosthesis is the stability of the decision stream after a movement has been
correctly identified. We considered all classification decisions made after the first correct
decision through the end of the movement cue. This eliminated the period considered to be
reaction time and movement onset or transition time. Higher PSCA indicates better stability,
and the maximum score using this metric is 100%. PSCA further refines the MCP and MCT
by now showing how stably a subject could maintain the desired position upon reaching it.
Note that this required the subject to continue providing EMG signals that corresponded to
the provided movement cue. In practice a subject may prefer to use the “rest” class to hold
a prosthesis in a fixed position, but for subject training purposes, we required the subjects to
hold the desired position for the duration of each cue.

In summary, this three-tiered approach focused first on whether a movement could be
achieved at all. Second, we measured the efficiency or speed with which a movement could
be completed. Finally, we measured the stability of the completed movements to assess the
subject’s overall ability to control a virtual prosthesis.

F. Statistical Analysis

The performance metrics we use to evaluate virtual prosthesis control are best evaluated
for significance using bootstrap distributions. Each metric has a limit corresponding to
perfect virtual prosthesis control, and our expectation that subjects will approach these
limits implies that the associated distributions would be skewed. Using a bootstrap
distribution allows us to compute significance for a relatively small sample size in

which assumptions of normality would be inappropriate [23]. Our test for significance

for each reported metric is implemented in MATLAB and utilizes repeated resampling
with replacement (» = 1000) to compute two bootstrap distributions approximating two
population means (i.e., MCPy,,, Versus MCPy,,,,). We then compute a statistic that compares
the two distributions by subtracting one full set of random samples from another full set
of random samples (MCPy,,,, — MCPy,,,). A p-value is computed by counting the frequency
with which the computed statistic does not support the hypothesis. For example, we
hypothesize that (MCPy,,,, > MCPy,,,). The corresponding p-value for this hypothesis is

p = count(MCPy,,,0 — MCPy,,, < 0)/n.

G. Measuring Class Separability

There were two primary goals for this study: 1) improve a subject’s virtual prosthesis
control, and 2) assess the reliability of a trained classifier after 8 h. Additionally, we hoped
to understand which strategies amputees employed that led to improved pattern recognition
control. Improvement in prosthesis control is conceptually equivalent to increasing the
separability of movement classes in the feature space of an LDA classifier. When a subject
encountered movement pairs that were not decoded with great accuracy, we focused on
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increasing the separability of those specific classes. This necessarily requires some measure
of separability to assess whether the user training was effective.

Several measures of class separability are proposed in [24] that address the distance between
class distributions, and these include the Euclidean and Mahalanobis distances as well as
Fisher’s linear discriminant ratio. Other proposed measures include the repeatability index,
separability index, and cluster size approximation using the mean of the semi-principal

axes defined in [25]. Fisher’s linear discriminant ratio compares between-class scatter to
within-class scatter [26], and this ratio is the foundation of linear discriminant analysis. To
present this ratio, we define total scatter (%), within-class scatter (=), and between-class
scatter (Z,)
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where c is the total number of movement classes, #, is the number of samples in class i, x;,
is the jth individual sample (feature vector) from class i, u is the mean feature vector for all
classes, and 4, is the mean feature vector for class i.

We now calculate a separability measure S to describe the ratio of between-class scatter to
within-class scatter

_ (%)
S =z @

An increasing value of S describes a more separable data set. This formula drives the user
training techniques we employed with the subjects in this study. As observed by Bunderson,
et al. in [25], subject training could have two objectives: increase between-class scatter
and/or reduce within-class scatter.

We hypothesized that practice alone would contribute to reduced within-class scatter,
especially with real-time feedback informing the subject of correct and incorrect

movement classification decisions. Like any motor task, focused repetition was expected

to build consistency, thus reducing the variability that a naive subject would likely and
unintentionally demonstrate. We also expected that consistency alone might not greatly
improve movement discrimination for some subjects. Prior experience suggests that visibly
different movements are sometimes quite similar in the feature space, making them difficult
to reliably decode. For pairs of movements exhibiting this quality, intentional changes to
phantom hand or wrist movements were required to separate movement pairs in the feature
space [19].
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H. Sources of Improvement

To address the question of whether user training should focus on decreasing within-

class scatter, increasing between-class scatter, or perhaps both, we consider each subject
individually using various measures of their exhibited movement class distributions. These
measures include the Fisher linear discriminant ratio, Euclidean distance, Mahalanobis
distance, and the mean of the semi-principal axes as an approximation of cluster size.

1) Separability (S): Separability is a pairwise metric used to validate user training
success that stems from the Fisher linear discriminant ratio. The equation is developed in
(2). Separability is the primary indicator of expected performance.

2) Euclidean Distance (Dg): Euclidean distance is another pairwise metric used

to assess changes in the arrangement of class clusters in high dimensional space. The
Euclidean distance is calculated from centroid to centroid of every movement pair using the
following equation:

DE(“7 b) = (3

where i represents one of the » dimensions that describe the location of the centroids for
classes a and b.

3) Mahalanobis Distance (Dy): Mahalanobis distance as calculated here measures the
distance between two classes a and » with consideration given to the variance of each class
in the space between the centroids. It is a refinement of Euclidean distance that incorporates
the size and shape of class distributions. It is often used to calculate the variance-scaled
distance from a distribution to a point in space

Dut ) = (s = 1) =1ty — 1) @

where u, and y, are the mean vectors for movement classes a and 5, and X is the covariance
matrix for all data points belonging to movement classes a and b.

4) Mean of the Semi-Principal Axes (MSA): The mean of the semi-principal axes
is a measure of movement class cluster size proposed in [25]. We consider changes in
individual cluster size to represent changes in movement execution consistency. The cluster
shape is considered to be a hyperellipsoid, and its size is approximated using the product of
the singular values obtained through singular value decomposition

MSA(a) = (ﬁ a,.) ®)

i=1

where g, is the ith of » singular values obtained by decomposing a matrix of all data
belonging to movement a.
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[1l. Results

In an IRB-approved study conducted at the National Rehabilitation Hospital, Washington,
D.C., USA, four transradial amputees completed a 10-session pattern recognition study.

A. User Training Effect

Our initial objective was to gauge the effectiveness of our user training methods for
improving a subject’s pattern recognition control of a virtual prosthesis. We found
significant improvement in movement completion percentage, movement completion time,
and post-selection classification accuracy (Fig. 3). The following group means are reported
along with the p-value resulting from the bootstrap distributions described in Section I1-F.
The mean movement completion percentage for the group of four amputees improved from
70.8% t0 99.0% (p < 0.001). The mean normalized movement completion time for the group
of four amputees improved from 1.47 to 1.13 (p < 0.01). For each subject we considered
only those movements from Day 10 that were achieved at least once on Day 1 in order to
make a fair comparison. All subjects were capable of achieving between seven and nine of
the original nine movement classes on the first day. The mean post-selection classification
accuracy for the group of four amputees improved from 77.5% to 94.4% (p < 0.001). With
few individual exceptions, the group as a whole improved significantly in each measure of
virtual prosthesis control.

B. User Training Effect on Day-Long Reliability

A second objective was to consider the effect of user training on the day-long reliability

of a movement classifier (Fig. 4). We expected subjects to be able to maintain or only
negligibly decline in performance over 8 h. The mean movement completion percentage for
the group of four amputees declined from 99.0% to 95.8%, although the difference was not
statistically significant (p = 0.116). The mean normalized movement completion time for the
group of four amputees increased from 1.13 to 1.27, which proved significant (p < 0.05). All
movements were considered for all subjects because all subjects successfully achieved at
least one of each movement class in both sessions. The post-selection classification accuracy
for the group of four amputees declined from 94.4% to 91.0% (p < 0.001). The group as a
whole experienced insignificant changes in movement completion percentage after 8 elapsed
hours, but they demonstrated a statistically significant increase in movement completion
time and decline in post-selection classification accuracy. This decline in PSCA should
affect a subject’s ability to maintain a classified movement, but in practice this decline was
small enough that the sufficiently high residual classification accuracy made any emergence
of unreliability undetectable.

C. Timeline for Improvement

There is no single pace that can describe how each person progressed through this user
training study. Table 11 shows several performance milestones and the corresponding days

on which each subject reached each milestone. Subject 1 needed just one day of training to
master the pattern recognition concepts and implement them. Subjects 2 and 4 required more
time, and their progressions were gradual. Subject 3 made no significant improvements until
the seventh day, but the concepts and practiced techniques were then understood completely
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and led to near-perfect performance for the remainder of the study. Each individual’s
day-to-day performance varied while trying different techniques, but prior achievement of
MCP performance milestones gave each participant the ability to revert back to a proven
technique.

D. Individual Subject Separability Analyses

The confusion matrices in Figs. 5-8 represent subject performance on the first and last

day of the study and are useful for identifying specific movement pairs that experienced a
noticeable change in classification accuracy. We set a minimum threshold of a 1% change in
the accuracy represented by a diagonal element or the error represented by an off-diagonal
element. If any movement pair experienced such a change, that movement pair as well as the
individual movements making up that pair are considered to be of interest in the forthcoming
analysis. If no significant change occurred, we removed the associated movement pair from
the analysis as any calculated changes had no effect on user control of the virtual prosthesis.
This primarily occurred when the user had near-perfect discrimination of a movement pair
both before and after user training.

In the additional measures presented in Figs. 5-8, all possible movement pairs are shown

in the upper right portion of each matrix excluding the diagonal. White squares indicate an
improvement in the associated metric after user training. Black squares indicate a decline in
the associated metric after user training. Gray squares indicate that negligible change (<1%)
was reflected in the confusion matrices as a result of user training. All study participants
trained and evaluated the full set of movements listed in Table I1I.

E. Muscle Contraction Strength as an Indicator of Effort

Some subjects were able to improve their movement pair discrimination while bringing
classes closer together in the feature space. We consider that perhaps the subjects’
improvement in consistency allows for weaker muscle contractions to still generate reliable
results. It is likely that these weaker muscle patterns would be nearer to one another in

the feature space, perhaps all closer to the rest state than they were before extensive user
training. Excluding the rest state, we examine the eight remaining movements for any
increase or decrease in mean force used to generate the movement as a result of user
training. We propose the following as a unitless measure of total force perceived by the eight
electrode channels:

n
F,= Z f::j 2 (6)
J
where F; is the total muscle force for movement i, £, ; is the mean absolute value of all
examples of movement i as recorded by channel j during the entire evaluation session.

Movement onset can often be characterized by a burst in EMG amplitude that exceeds
the steady-state amplitude associated with the “hold” phase of a movement. One might
expect that a subject’s initial user training session might exhibit higher overall force due
to the frequent corrections the subject might make to his or her phantom limb position.
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While searching for the correct phantom limb position may lead to multiple unintended
EMG bursts in the same movement cue, Figs. 5-8 suggest that some subjects intentionally
increased the force between the initial and final sessions. Trends emerge for each subject
that tell us overall how movements changed over the course of user training. We observe
in Table IV that the individual is quite capable of discovering his or her own strategy to
become successful.

V. Discussion

A. Diversity of Subject Population

Table I highlights the differences between study participants” amputations and prosthesis
usage. The only thing these subjects had in common was a lack of prior experience
controlling a virtual prosthesis using pattern recognition. Their initial skill levels were quite
different, and yet they obtained very similar levels of control by the end of the study. This
suggests that long-term patient outcomes for pattern recognition-based prostheses cannot
be accurately estimated from a single, initial testing session. Subject 3 had a particularly
difficult time initially due to a complete absence of phantom limb sensation. Subject 3’s
left hand was amputated at the age of six months, and there was no memory or mental
model of that hand to exercise when attempting virtual prosthesis movements. Despite this
disadvantage, Subject 3 attained overall performance that was as good or better than any
other subject. Subject 2 was the only subject with no myoelectric prosthesis experience, and
understandably Subject 2 struggled initially to accurately employ different muscle groups
that had gone unused for a decade. While it did take Subjects 2 and 3 the longest to reach
100% MCP, they both eventually matched the skill demonstrated by Subjects 1 and 4. Thus,
extensive user training allowed all subjects to reach comparable performance levels.

B. User Training Benefits for Day-Long Use

This study shows that a trained subject can provide consistent muscle patterns capable

of being accurately decoded for a period of at least 8 h. This does not guarantee that
variable socket forces, changing skin or environmental conditions, or excessive muscle
fatigue will not affect classifier decisions; however, we have demonstrated that subjects
are capable of producing consistent, distinguishable muscle patterns that do not require
adaptive classification. Another benefit resulting from repeated user training in the virtual
environment was the ability of each subject to produce a highly reliable training data set
on the first try by the end of the study. Subjects were better able to respond promptly and
accurately to training cues. The consistency and distinguishability present in each subject’s
movements would allow the subject to retrain a classifier with confidence if retraining
were ever required. In this study, retraining is accomplished in less than 2.5 min; thus

our approach would provide the subject a quick and reliable fix if a pattern recognition-
based prosthesis experienced environmental changes extreme enough to make the original
classifier unreliable.

C. Sources of Improvement

A surprising finding in the analysis of each subject’s sources of improvement was the
range of strategies unknowingly employed by various subjects. Subject 1’s improvement
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came from a combination of increasing inter-class distances and reducing class cluster sizes
(see Fig. 5). An example of increasing interclass distances is the separability improvement
between index point (IP) and forearm supination (FS). The separability of these two classes
improved despite the increased cluster size of both movements. This is an example of
increased distinguishability. An example of increased consistency is seen between rest

(R) and wrist extension (WE). The reduced size of each class cluster led to increased
separability despite the fact that the movement pair saw a decrease in Euclidean distance
between class centroids. Subject 2’s improvement can be exclusively attributed to making
more distinguishable movements (see Fig. 6). Every single movement pair of interest saw
an increase in inter-class Euclidean distance, and every class cluster saw an increase in
cluster size. In all but one movement pair, the net result was increased separability. As
suggested in Table 1V, this assessment confirms that Subject 2’s strategy was to move the
classes farther apart. Subject 3’s improvement came from reduced cluster sizes for every
movement as well as a few increased inter-class distances (see Fig. 7). There are several
examples where the Mahalanob is distance between classes increased despite a decrease in
Euclidean distance as a result of the decreased cluster sizes. This suggests a greater reliance
on consistency than on distinguishability. As suggested in Table IV, this assessment confirms
that Subject 3’s strategy was to focus on consistency while exerting less effort. Subject 4’s
improvement was due to a balance of consistency and distinguishability efforts (see Fig.

8). The separability improvement between rest (R) and forearm pronation (PR) came from
an increased inter-class distance despite the larger class clusters. Consistency helped reduce
forearm pronation (PR) and wrist flexion (WF) confusion due to the smaller wrist flexion
class cluster even though the classes moved closer together.

Based on the observed effectiveness of each subject’s unique strategy, it is likely
unnecessary and potentially counterproductive to promote a single strategy to a subject.
The varying strategies each subject employed may largely relate to the amount of phantom
limb control the subject felt. One subject may find it easier to vary force for increased
distinguishability while another prefers more subtle variations in the individual digits of the
phantom hand. Monitoring strategy choice might be possible using the various indicators
of cluster sizes and separation during subject training, but it would be useful primarily

to investigate a negative trend. For example, two movements may have increased in
individual cluster size and moved closer together in the feature space. Increased cluster
size may simply be an indicator of increased force used during the movement. A stronger
muscle contraction should exhibit increased signal-dependent noise [27], thus enlarging
the associated class cluster. Provided that this larger cluster moves further away in the
feature space, this may still yield a positive result as observed in Fig. 6. Using this type of
information in a subject training scenario is likely too abstract to be instructive, and relying
instead on the confusion matrix produced at the end of each session provides a simple

and adequate visual explanation of both overall performance and specific areas needing
improvement.

D. The Role of Biofeedback

Because this virtual prosthesis used an LDA classifier and always moved toward the
predicted hand position, incorrect classifications did not always look like the movement
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the subject was attempting. This can be a very confusing concept initially, but each subject
learned this concept by exploring the boundaries in phantom limb space that separate
movements like open hand and close hand. Subjects then saw the importance of focusing on
achieving the correct movement rather than trying to understand why a particular incorrect
movement was predicted.

Subjects often learn best when their focus is not specifically on the mechanics of their
movement, but rather on some external object [28]. Controlling a virtual hand in real-time
allows subjects to focus on an external object and assess the effects of their own motor
movements. Movements may feel the same if the subject is focused strictly on the mechanics
of a hand or wrist movement, but interpreting the feedback of a real-time movement
decoding system allows the subject to discern the subtle differences in a way that translates
into intuitive, subconscious control of additional degrees of freedom. This feedback is either
confirmation that the desired muscle pattern was produced or proof that a different muscle
pattern was presented.

The role of a biofeedback training system for pattern recognition control of a prosthesis is
essential, and yet the supply of feedback to the user must be rationed in a way that does
not distract from the task. It is sometimes the case that the user’s attention and efforts are
more directed to addressing or responding to the feedback than to completing the intended
task [29]. Biofeedback should be informative and perhaps motivating without becoming a
distraction.

E. Future Work

Successful operation of a pattern recognition-based prosthesis will require focused user
training for nearly all potential users. This in no way implies that only the most capable
myoelectric prosthesis users are suitable candidates for pattern recognition-based prostheses.
In fact, the candidate pool for pattern recognition-based prostheses is likely much larger
than many researchers would expect. This transition may be more difficult or more time
consuming for some amputees, but this study suggests that this transition can be successfully
completed by a wide range of amputees. With a functional pattern recognition-based
prosthesis, we can extend this work with well-trained subjects to study posture effects

and other external factors. Functional user training with a prosthesis adds the realism

of maintaining control of an object versus dropping it, and such experiments will truly
quantify the effectiveness of both system training and user training. As this was a study
primarily focused on improving class separability through user training measured with
virtual prosthesis performance metrics, there is a need for task-based evaluation in a
functional environment while performing activities of daily living.

V. Conclusion

Effective user training that utilizes real-time biofeedback is critical while learning a new
technique for prosthesis control. Subjects in this study demonstrated that this type of user
training not only leads to improved virtual prosthesis control, but it also makes classifier
reliability for at least a standard workday a likely outcome for a trained user. As hardware
and sophisticated algorithms work to address the external factors in pattern recognition

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2023 September 12.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Powell et al. Page 15

performance, we must acknowledge that the effectiveness of a pattern recognition-based
prosthesis ultimately lies in comprehensive user training. Through user training, amputees
can learn to produce the consistent, distinguishable muscle patterns necessary for robust
pattern recognition-based prosthesis control.
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Fig. 1.
Two unilateral transradial amputees (one pictured at left) and two unilateral wrist

disarticulation amputees (center, right) learned to operate a virtual prosthesis controlled by
pattern recognition. Subjects wore a silicone cuff embedded with eight electrode channels.
Subjects conducted an initial familiarization and evaluation session, eight one-on-one
training sessions, and a final evaluation session. A visual cue was provided above the virtual
prosthesis (right image) to direct the subject to move the virtual prosthesis to the indicated
hand and wrist position.
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Fig. 2.
Depicted here is the user training session workflow. A set of desirable movements was

selected, and then the subject provided initial training data for classifier construction.

The subject could then view an estimate of the classifier strength as depicted by a

confusion matrix (see Fig. 5). This information was considered as the subject explored

the virtual environment and attempted to control the virtual prosthesis to complete all
trained movements. If the constructed classifier was unreliable, immediate modification and
retraining was required. The goal of user training sessions was to reach the final step where
an evaluation took place to measure progress and reinforce any learning that occurred during
the user training session.
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Fig. 3.

Dgpicted here are the performance measures for four transradial amputees before and after

a 10-session user training study. Subjects were instructed to complete virtual prosthesis
movements in response to visual cues. Control of the virtual prosthesis was measured by the
percentage of tasked movements a subject completed (top), the time required to complete the
movements (middle), and the stability of the classification decision stream following correct
movement selection (bottom). Asterisks indicate significance (*: p< 0.05; **: p<0.01; * *
*: p<0.001).
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Fig. 4.
Depicted here are the same three performance measures as seen in Fig. 3 with 8 h elapsed

between sessions. Subjects trained and evaluated a movement classifier during the final
morning of the study. Subjects wore the electrode cuff for 8 h and were tested again
without retraining the movement classifier. Subject 3 required a small cuff realignment due
to obvious displacement of the cuff (approx. 1.5-cm shift distally) during the 8 h between
sessions. Asterisks indicate significance (*: p< 0.05; **: p<0.01; * * *: p<0.001).
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Fig. 5.

Pr%sented here are confusion matrices denoting Subject 1’s Day 1 and Day 10 evaluation
sessions. Additionally, four performance metrics are provided to explain the source of any
positive or negative changes observed in the confusion matrices. As described in Section
I11-D, white squares signify improvement in the indicated metric. Black squares signify
decline. Gray squares signify a lack of significant change in subject performance for the
movements in question.
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Subject 2’s confusion matrices and additional metrics are presented in the same manner as

Fig. 5.
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Subject 3 was the only study participant who had no phantom limb sensation at the
beginning of the study. While other subjects worked to refine their phantom limb positions
during the study, Subject 3 learned to produce distinguishable muscle signal patterns

by mimicking intact limb muscle contractions. Subject 3 achieved performance levels
comparable to the other subjects despite lacking a phantom limb. Subject 3’s confusion
matrices and additional metrics are presented in the same manner as Fig. 5.
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Subject 4’s confusion matrices and additional metrics are presented in the same manner as
Fig. 5.
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TABLE Il

Study Participant Learning Timeline

Day 1 Study Days Required to Reach Day 10

Subject
MCP  75% 90% 95%  100% MCP
1 71% 2 2 2 2 100%
2 67% 3 3 4 8 100%
3 58% 7 7 7 7 100%
4 88% 1 2 2 6 96%

Each subject’s end-of-study evaluation score was independent of previous performance, so it was possible for a subject to score lower on the final
day than the same subject may have scored on an earlier day in the study. This was the case for Subject 4.

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2023 September 12.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Powell et al.

TABLE Il

Training and Evaluation Movements

Abbreviation Hand / Wrist Movement

R Rest

HO Hand Open

HC Hand Close

IP Index Point

PI Fine Pinch

PR Forearm Pronation

FS Forearm Supination

WF Wrist Flexion

WE Wrist Extension
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