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ABSTRACT

Assessing the validity of motor unit potential trains (MUPTSs) obtained by decomposing a needle-detected
electromyographic (EMG) signal is a crucial step in using these trains for quantitative EMG analysis. In general,
for MUPT validation a train is assessed using the shapes of its motor unit potentials (MUPS) and the motor unit
firing pattern it represents. Here, two methods to assess the validity of a given MUPT using its MUP shape
information are presented. These methods are based on the gap statistic and jump algorithms presented for
estimating the number of clusters in a dataset. They evaluate the shapes of the MUPs of a MUPT to determine
whether it represents the activity of a single MU (i.e. it is a valid MUPT) or not. Evaluation results using both
simulated and real data show the gap statistic method is more accurate than the jump method in correctly
categorizing a train. The accuracy of the gap static method was 92.3% for simulated data and 93.8% for real data
while accuracy for the jump method was 88.3% and 91.0%, respectively. The results are encouraging and suggest
that using these methods can improve EMG signal decomposition results, and facilitate automatic MUPT
validation.

Keywords: EMG signal decomposition, motor unit potential train, motor unit potential wave shape, motor unit
potential train validation, cluster validation.

1 INTRODUCTION
An electromyographic (EMG) signal is simply the superposition of the electrical activity detected by an electrode
of the motor units (MUs) that are active during muscle contraction. A motor unit is a single a-motor neuron, its
axon and all the connected muscle fibers. MUs are repetitively active during sustained voluntary contraction and
generate trains of motor unit potentials (MUPs), each of which is called a motor unit potential train (MUPT).
Therefore, an EMG signal is the summation of MUPTs and when detected using suitable electrodes reflect the
characteristics of the muscle from which it was detected.

Recent development in computer technology, signal processing and pattern recognition techniques have
provided researchers and engineers with opportunities to develop new techniques for extracting valuable
information regarding a contracting muscle from an EMG signal detected from this muscle. One of these
techniques is EMG signal decomposition which is the process of resolving a composite EMG signal into is
constituent MUPTs. This is implemented by employing digital signal processing and pattern recognition
techniques in four steps: signal preprocessing, signal segmentation and MUP detection, feature extraction,
clustering of detected MUPs, and supervised classification of detected MUPs [1].The first step is to remove
background noise and low-frequency information from the detected EMG signal, to shorten the duration of MUPs
and decrease MUP temporal overlap, and to sharpen the MUPs and increase discrimination between them. The
second step is to section the signal into segments containing possible MUPs that were generated by active motor
units and contribute significantly to the detected EMG signal. The detected MUPs are represented by a feature
vector in the third steps and finally are sorted into MUPTSs using clustering and/or supervised classification
techniques. The obtained MUPTSs provide information regarding the temporal behavior and morphological layout
of the generating MUs. This information can assist with the diagnosis of various neuromuscular diseases and the
study of motor unit control, and lead to a better understanding of healthy, pathological, ageing or fatiguing
neuromuscular systems [1-5]. However, this is achieved only when this information is valid. In fact, before using
decomposition results and the MUP shape and MU firing pattern information for either clinical or research
purposes the validity of the extracted MUPTSs needs to be confirmed. Although many EMG signal decomposition
methods have been developed, automatic validation of the extracted MUPTS has not been investigated in detail.
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To date, a decomposition-created MUPT is evaluated qualitatively by an expert operator using the shapes and
occurrence times of the MUPs assigned to the train [1,5,6]. MUP shape-based validation of a MUPT is conducted
by assessing the raster/shimmer plots of the MUPs assigned into this train to determine if their wave shapes are
consistent or not. In fact, if the shapes of the MUPs assigned to a given MUPT are consistent, one can conclude
that this MUPT represents the MUPs of a single MU and is valid; otherwise it is an invalid train. Firing pattern-
based validation of a MUPT is made by evaluating its inter-discharge interval (IDI) histogram [1] and the
instantaneous firing rate of the corresponding MU versus time. The MU discharges corresponding to a valid
MUPT occur at regular intervals, while an invalid MUPT that does not represent the activity of a single MU and
contains many false positive errors will have large variations in its firing rate plot and will not have a Gaussian
like IDI distribution. A train is considered valid if it satisfies both temporal and shape criteria.

Although qualitative evaluation of MUPTs does not depend on the decomposition algorithm used or the signal
decomposed, it does depend on operator experience and skill. Moreover, it is time consuming and hence cannot be
practically completed in a busy clinical environment. To overcome these issues, methods need to be developed to
automatically assess MUPT validity. Parsaei at al. [7] developed a supervised method for validating a MUPT
using its firing pattern information. In these methods, ten features of the MUPT firing pattern are extracted and
then fed to two supervised classifiers and to a linear model to determine whether they represent the firings of a
single MU or the merged activity of more than one MU, and if it is a single train whether the estimated levels of
false positive and false negative errors in it are acceptable or not. Here, automatic MUP-shape based validation of
a MUPT is explored. Two methods based on cluster validation concepts are proposed to automatically validate
MUPTSs using their MUP shape information. They evaluate the shapes of the MUPs of a MUPT to determine
whether they are consistent or not. If a train passes this test, it can be concluded that it represents the activity of a
single motor unit and hence is valid. The composition of these methods, their objectives and how they were
evaluated using both simulated and real data are presented below.

2 VALIDATING A MUPT USING MUP SHAPE INFORMATION

To convey the concept of assessing validity of a MUPT using its MUP shape information, two examples are
provided in Figure 1. The left column shows a valid MUPT and the right column shows an invalid train. The valid
train was obtained from decomposing a simulated EMG signal. The invalid train was created by merging two valid
MUPTSs. As shown, the shapes of MUPs assigned to the valid MUPT are consistent while that of the invalid train
are inconsistent. The shapes of MUPs in the invalid train are different for samples 11 to 25. The goal of
developing a MUPT validation method is to perform this assessment automatically during or after decomposition.
The advantages of using such an algorithm during EMG signal decomposition is that detecting invalid trains
during decomposition can improve decomposition accuracy by improving estimation of the number of MUPTSs,
their MU firing pattern statistics and MUP templates.

On the whole, the process of EMG signal decomposition can be considered as a clustering problem because
neither the number of MUPTS (i.e. clusters) nor the labels of the MUPs are known in advance. During EMG signal
decomposition, detected MUPs are clustered into groups called MUPTSs. Therefore, shape-based validation of a
MUPT can be considered a cluster validation problem and the decision to be made is whether a decomposition-
created MUPT represents one cluster in terms of the shapes of the assigned MUPs or not. If the MUPs of a given
MUPT are homogeneous in terms of their shapes, they will represent one cluster and hence it can be concluded
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Figure 1. A valid MUPT (left) and a simulated invalid MUPT (right).
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Figure 2. Overview of an automatic MUPT validation algorithm using its MUP shape information.
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that this MUPT represents the MUPs of a single motor unit and is valid; otherwise this is an invalid train. Figure 2
summarizes the principal steps of a MUP shape-based MUPT validation algorithm.

In this work, two algorithms based on the gap statistic [8] and the jump methods [9] have been developed for
this purpose. Both algorithms include two steps: feature extraction and cluster validation. For features extraction,
two techniques were employed. For the first feature space, 80 time samples of the MUPs filtered by a low-pass
differentiator (LPD) filter and then centered on the position of their peaks were used. The LPD filtered samples
were used instead of unfiltered samples because they discriminate between the MUPs generated by different motor
units better than the raw samples. For the second feature space, a reduced number of uncorrelated features selected
via principle components analysis (PCA) were used. The MUPs of a given train were represented by the first T
principal components that represent 5% of the data variance. Given the features extracted, the validity of the given
train was assessed using either the gap statistic or jump method.

Both the gap statistic and jump methods were mainly developed for estimating the optimum number of groups
(K) in a data set, but they can also be used for evaluating a single cluster such that they are classified as global
cluster validation methods. In general, global cluster validation methods compare two/more clustering results for
deciding which one fits the data best. For finding K in a given data set via these methods, the quality of clustering
results is measured by a criterion and then is optimized as a function of the number of clusters when the entire data
set is clustered into K groups for K=1, 2, 3,..., K*. Where and K* is the maximum possible number of clusters in
the given data set. It is clear that K will be the value of K for which this criterion is optimal. In general, the
criteria are defined based on the assumption that a cluster is compact and well separated from other clusters.
Hence, they are often defined based on the within-cluster scatter dispersion (Wg) and between-cluster scatter
variability (Bg). Wk is given by [8]:
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where m; is the sample mean for the N; members of the ith cluster.

The gap statistic [8] method estimates the number of clusters by comparing log (W) to its expected value
(i.e., E{log(Wk)}) estimated using an appropriate null reference distribution of the given data set. Defining the gap
statistic as Gapg = E{log(Wx)} — log (W), the best value for K corresponds to the first local maximum of Gapy.
Tibshirani et al. [8] proposed two methods to generate a reference data set for the gap statistic method. In the first
method, it is sampled uniformly from the range of the observed values for each feature. In the second method, the
reference data set is also sampled uniformly but here over a box aligned with the principal components of the data.
The gap statistic method based on the first method is known as the gap/uni method and that based on the second
method is known as the gap/pc method. The former is simpler than the latter but may not be as accurate because
the gap/pc considers the shape of the cluster in generating the reference data set and hence has a better estimation
of E{log(Wx)}.

The jump method [9] applies an appropriate transformation to the curve of Wy and then determines the largest
jump in the transformed curve. The value of K associated with this jump is considered as the best value for K .
Sugar and James [9] proposed the following transformation for Wy

Wi = W )
where Y is the transformation power. A typical value for Y is d/2 , where d is the dimension of the feature space.
Defining Wi = 0, the jump index (Jk) is given by Jx = Wg — Wg_; = Wi ¥ — WiY;; K=1,2,...,K*. Given J,
K = argmaxk(Jx). The theoretical results provided by Sugar and James [9] show that d/2 is the best value for Y

only when the data has a multivariate independent Gaussian distribution. For the cases that this assumption is not
valid, they suggest trying several values of Y to find the best value for this parameter.



Table 1. The parameters and accuracy of the four methods studied for validating a MUPT using its MUP shape information
applied to simulated and real data. VasV stands for the valid MUPTSs classified as valid, Iv as Iv represents the invalid MUPTs
recognized as invalid, and Acc represents the total accuracy.

Simulated Data Real Data
Method Parameters VasV % Ivaslv% Acc % VasV% | lvaslv% | Acc %
Gap statistic - 83.0+0.4 | 98.2+0.3 90.6+0.3 89.2 98.3" 93.8
PGS B =90 92.0+0.6" | 93.3+0.3 92.740.3* 93.1 97.9 95.5"
Jump Y=3 81.5+0.8 | 90.5+0.6 86.0+0.5 87.9 94.0 91.0
PJ B=50Y=2 | 862+0.6 [ 90.4+0.6 88.3+0.4 89.1 93.7 91.4

In order to assess the validity of a given MUPT using the jump method, the train is split into K=1 to K* sub
trains using a K-means algorithm and then if max (Jx) = J;, the given train is labeled a valid train otherwise it is
labeled an invalid train. If the gap statistic method is to be used for validating this train, the same procedure will be
repeated but the gap criterion will be used for cluster validation proposes. However, it is shown that for a given
data set including compact and well separated clusters Wy decreases monotonically as the value of K increases,
but when K reaches the true number of clusters (i.e., K) this decrease becomes smoother. Thus, Gapx < Gapg
when K < K and Gapg > Gapg when K > K. In other words, if Gap, > Gap, , max (Gapg) will be equivalent to
the gap value for K=1. Consequently, since the goal is to determine whether a MUPT represents one cluster in
terms of the assigned MUP shapes or not, only Gapg for K=1 and 2 are sufficient. Therefore, for the gap statistic-
based MUPT validation, the algorithm is only run for K=1 and 2 and if Gap,; > Gap, the MUPT under question is
flagged a valid train otherwise it is classified an invalid train. This decreases the algorithms processing time and
hence makes it practical for clinical applications. For the jump-based MUPT validation, however, the algorithm
must be run for K=1,2,3,..., K* because even if J; > J, the is no guarantee that max (Jx) = J; (i.e., K=1).

3 RESULTS AND DISCUSSION
The effectiveness of the developed method was studied using both simulated and real data. In total four methods,
as listed in Table 1 were evaluated. In this Table, PGS and PJ stand for the gap statistic and jump methods when
the features used were selected using PCA, respectively.

For simulated data, 261 EMG signals each of 30s length with different levels of intensity (24-93 pps), MUP
shape stability (with jitter values from 50-150us) and IDI variability (CV from 0.10-0.45) were generated using an
EMG signal simulator [10]. These data allowed the performance relative to signal intensity, number of trains and
MUP shape variability to be studied. The simulated signals were decomposed (using the DQEMG software [11])
and the resulting MUPTS visually assessed to determine valid and invalid MUPTSs. Additional invalid trains were
generated by merging valid MUPTSs (up to 4) randomly selected from each signal. Additional valid trains were
generated by selecting valid MUPTSs with greater than 100 MUPs and randomly splitting them into sub trains of at
least 50 MUPs. In total 36000 MUPTSs (18000 valid and 18000 invalid trains) were tested. The number of merged
trains generated was 234778, but only 18000 were randomly selected to have equal class sizes. Out of the 18000
selected merged trains, 60% include MUPs of two valid MUPTSs, 30% include MUPs of three valid MUPTS, and
10% include MUPs of four valid MUPTSs. This data set was divided into 30 subsets each containing 600 valid and
600 invalid trains.

For real data, EMG signals provided by M. Nikolic of Rigshospitalet, Copenhagen, Denmark [12] were used.
These signals were detected from normal, myopathic and neuropathic muscles using a standard concentric needle
electrode during constant low level voluntary contractions. The same analysis as with the simulated data was done
on these signals. This dataset includes 3130 MUPTSs (1565 valid and 1565 invalid trains).

Before evaluating the four considered methods using the provided simulated and real data, the best values for
their user defined parameters were determined empirically using one of the thirty subsets of the simulated data
described above. In using the gap statistic method, the gap/pc was used because it outperformed the gap/uni
method. For the other methods, the values used for their parameters are listed in the second column of Table 1.

The average accuracy of the developed method in determining valid MUPTs and invalid MUPTs for both the
simulated and real data sets are summarized in Table 1. The accuracy here is defined as percentage of the number
of correctly classified MUPTs. For example, in the column presenting the results for valid trains, the accuracy
represents the percentage of the number of examined valid train labeled as valid by the studied algorithm. The
numbers given for simulated data are obtained by testing each method using the thirty different data sets described
above. For each column, in the simulated data category the best method as determined by a t-test using a 5%
significance level are indicated by *'. Based on these results, the PGS method is the best algorithm because it is



the most accurate in terms of overall accuracy and labeling valid trains correctly. In classifying invalid MUPTS the
gap statistic is the best performer, but the probability of error of this method for valid trains is high. It is 0.17 on
average which causes duplication of MUPTSs during EMG signal decomposition. The PGS method is the second
most accurate with an accuracy of 93% which is acceptable in a practical sense. The results obtained using the real
data support the conclusion drawn from the simulated data results that the PGS method is the best algorithm. All
four methods studied performed better using the real dataset than the simulated dataset because the variably of the
MUPs in the real dataset are lower than those of the simulated EMG signals and also the MUPs created by
different MUs in the real dataset are less similar than those in the simulated signals. Most of the valid trains
recognized as invalid are trains with highly variable MUP shapes caused by either high numbers of
superimpositions (for the signals with high intensity) or very high jitter (around 150ps). Therefore, the accuracy of
this method in determining valid MUPTSs will be higher for trains provided by EMG decomposition algorithms
that resolve superimposed MUPs. Most of the invalid trains that labeled incorrectly are trains with very similar
MUP shapes. Such trains are hard to assess using only shape information, but firing pattern information can assist
with label them correctly [7]. Nevertheless, the obtained results are encouraging and suggest that using these
methods can facilitate automatic validation of a MUPT extracted from a decomposed EMG signal. It can also
improve EMG signal decompoasition results, by obtaining more accurate estimates of the number of MUPTSs, and
the MUP template and MU firing pattern statistics of each MUPT.
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